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Abstract— Short term cardiovascular responses to pos-
tural change from sitting to standing involve complex
interactions between the autonomic nervous system that
regulates blood pressure, and cerebral autoregulation that
maintains cerebral perfusion. We present a mathematical
model that can predict dynamic changes observed in
beat-to-beat arterial blood pressure and middle cerebral
artery blood flow velocity during postural change from
sitting to standing. Our cardiovascular model utilizes 11
compartments to describe blood pressure, blood flow,
compliance and resistance in the heart and systemic
circulation. To include dynamics due to the pulsatile nature
of blood pressure and blood flow, resistances in the large
systemic arteries are modeled using nonlinear functions
of pressure. A physiologically based sub-model is used
to describe effects of gravity on venous blood pooling
during postural change. Two types of control mechanisms
are included: (i) Autonomic regulation mediated by sym-
pathetic and parasympathetic responses that affect heart
rate, cardiac contractility, resistance, and compliance. (ii)
Autoregulation mediated by responses to local changes
in myogenic tone, metabolic demand, and concentration

of carbon dioxide (CO,) that affect cerebrovascular re-
sistance. Finally, we formulate an inverse least squares
problem for parameter estimation and to demonstrate that
our mathematical model is in agreement with physiological
data obtained from a young subject during postural change
from sitting to standing.

Keywords: Cardiovascular system; Mathematical
modeling; Cerebral blood flow; Gravitational effect;
Autonomic regulation; Cerebral Autoregulation



. INTRODUCTION

Orthostaticintolerancedisorders,which are common
in every age, are dif cult to diagnoseand treat. Typi-
cally, thesedisorderswhose clinical manifestationsn-
clude dizziness,syncope orthostatichypotension falls,
and cognitive decline are a result of several biological
mechanismsTo develop better stratgjies to treat and
diagnoseorthostaticintolerance,it is importantto un-
derstandthe underlying mechanismdeading to these
disorders.One of the main mechanismsnvolved is the
short term cardiovascularregulation of blood ow to
the brain, which include both autonomicregulation and
cerebralautorgulation. The overall goal of this work
is to develop a mathematicalmodel that can predict
dynamicsin obsenredcerebrablood o w andperipheral
blood pressuralata,andto proposemechanismshatcan
explaintheinteractionbetweerautonomiaegulationand
cerebralautorgulation.To this endwe have developeda
mathematicainodelthatcanpredictthesetwo regulatory
mechanismsTo validatethe model we comparemodel
predictionswith arterial nger blood pressurepss , and
middle cerebralarteryblood o w velocity vac, measure-
mentsfrom a young subject.

Upon standingfrom a chair, blood is pooledin the
lower extremitiesdueto gravitationalforces.As aresult,
venous return is reduced,which lead to a decrease
in cardiac stroke volume, a decline in arterial blood
pressureand an immediatedecreaseof blood ow to
the brain. The reductionin arterial blood pressureun-
loadsthe baroreceptorfocatedin the carotidand aortic
walls, which leadsto parasympathetiavithdraval and
sympatheticactivation through barore ex-mediatedau-
tonomicregulation. Parasympathetiwvithdraval induces
fast (within 1-2 cardiaccycles) increasesn heartrate,
while sympatheticactivation yields a slower (within 6-8
cardiaccycles) increasein vascularresistanceyascular
tone,cardiaccontractility anda furtherincreasen heart
rate [4], [7], [37]. Simultaneouslycerebralautorgula-
tion, mediatedby changesn CO,, myogenictone,and
metabolicdemandleadsto vasodilationof the cerebral
arterioles[2], [18], [34], [38].

Our mathematicaimodelincludestwo sub-models(i)
a cardiovascularmodel that can predict blood pressure
andblood o w velocity during sitting (fort 60 sec.),
and (ii) a control modelthat canpredictautonomicand
cerebralregulatory mechanismgluring posturalchange
from sitting to standing. Both sub-modelsare based
on the same closed-loop compartmentalmodel with
11 compartmentghat representhe heartand systemic
circulation. Our previous work [27], [29] also used
compartmentamodelsto describethe dynamicsof the

cardiovascularsystem.The modelin [27] usedan open-
loop model(the 3-elementwindkesseimodel)to analyze
dynamicsof cardiosascularcontrol. This model used
arterialblood pressureneasuredn the nger asaninput

to predict model parameterghat describedynamicsof

cerebral vascular regulation for young people. These
parametersvere obtainedby minimizing the error be-

tween computedand measuredniddle cerebralarterial

blood ow velocity. Consequentlyno equationswere

usedto describepossiblemechanism®f the underlying
regulation. To further advancethis study we recently
developeda 7 compartmentaklosed-loopmodel, that

can predict the dynamics obsened in the data. This

model did not rely on an external input, but included
a modelthat describethe pumpingof the left ventricle.

In addition,the 7 compartmentaimodelincludedsimple

equationsthat describethe short term regulation. This

model was able to accuratelypredict dynamicsof both

cerebralblood o w velocity and arterial blood pressure
during sitting (for t < 60 sec.)andstanding(for t > 80

sec),aswell asthe meanvaluesduringthetransition(for

60 < t < 80 sec.),but it wasnot ableto predictdetailed
dynamicsduring the transitionregion. Furthermorewe

werenot ableto obtainadequatelling of theleft ventri-

cle. To obtaina more accuratemodelwe developedthe

11 compartmentamodel describedn this work, which

overcomelimitations of the 7 compartmentamodel as
describedbelow.

To obtain adequate lling of the left ventricle we
addeda compartmenthat representghe left atrium. In
the 7 compartmentamodel we usedthe blood pressure
in the upper body to validate the model againstdata,
which are measuredin the nger. The pulse pressure
(systolic minus diastolic pressure)n the upperbody is
toowide andvery sensitve to parametechangesHence,
to improve our model we includeda compartmenthat
representthearteriesin the nger. In addition,we added
two small compartmentgthat representthe aorta and
vena cava. Thesecompartmentsvere primarily added
to improve model simulation stability. In summary the
improvementgiscusse@bove have led to theadditionof
4 additionalcompartmentsi-urthermorethe 7 compart-
mentalmodelwasnot ableto predictpulsepressureeg-
ulation immediatelyfollowing standing.To compensate
for this we have modeledresistancef the large arteries
using nonlinearfunctionsof pressureFinally, to obtain
accuratewidening of the blood o w velocity, a feature
thatour 7 compartmentamodelwasnot ableto predict,
we devised an empirical model of autorgulation,anda
physiologicalmodelthat can predictpooling of bloodin
lower extremities,dueto effectsof gravity.

A large body of work that describe cardiosascular



control modeling, e.g., [10], [11], [12], [30Q], [44] is

basedon predictionsof meanvaluesfor arterial blood

pressureandcerebralblood o w velocity. Consequently
these models can not predict the pulsatile dynamics
of the cardiovascularsystem. These models use opti-

mal control to minimize the deviation betweensome
obsened quantity (e.g., arterial blood pressure)and a
given set-point. While this stratgyy can provide good
parameterestimatespptimal control modelsdo not de-
scribe the underlying physiologicalmechanismsOther
modeling stratgies have beenproposedn the work by

Melchior [19], [20] and Heldt [8], who devise pulsatile
modelsthatincludepulsatility, autonomiaegulation,and
effects of gravity. The latter was doneby changingthe
referencepressureoutsidethe compartmentsHowever,

thesemodelsdo not include effects of autorgulation.
Oneway to modelthe effect of autorgulationis to let

the cerebreascularresistancebe a function of time as
suggestedy Ursino [39]. However, this work doesnot
include the effects of autonomicregulation.

A secondgroup of models has describedparts of
the control system without validation against experi-
mental data, e.g., [5], [19], [20], [21], [31], [32], [35],
[40], [41], [42], [43]. Thesemodelsuseda closed-loop
compartmentatiescriptionof the cardiovascularsystem
combinedwith physiologicaldescriptionsof the control.
While thesemodelscan provide qualitative analysisof
the systemthey cannotbe usedfor quantitatve compar
isonswith data.Furthermoremostof the modelsin the
secondgroup describethe effects of autonomicregula-
tion without including the effects of cerebralautoreyu-
lation. In contrast,our model includesboth autonomic
andcerebreascularegulationsandprovidesquantitatve
comparisonswith physiologicaldata.

Il. MODELING BLOOD PRESSURE AND BLOOD FLOW
VELOCITY

A. A Compartmental Model for the Cardiovascular Sys-
tem

Our cardiovascularmodel is basedon a closed-loop
model with 11 compartmentsThis model is designed
to predict blood pressureand volumetric blood in the
left atrium, the left ventricle, aorta,venacava, arteries
and veins in the upperbody, the lower body, and the
head,aswell as arteriesin the nger, seeFig. 1. Each
compartmentrepresentsll vesselsin areasof similar
pressureHence,in its simplestform the systemiccircuit
couldconsistof onearterialcompartmenthigh pressure)
and one venous compartment(low pressure).In our
model,we include5 arterialcompartmentgand4 venous
compartments.

The 11 compartmentslepictedin Fig. 1 arechosernto
ensurethat the level of detail in the modelis adequate
to describethe complex dynamicsobsened in the data
and at the sametime not too comple to be solved
computationally Four compartmentghat representhe
upperbody and the legs are includedto model venous
pooling of blood and sympatheticcontraction of the
vascularbed. Two compartmentshatrepresenthe brain
areincludedto model effects of cerebralautoregyulation
andto enablemodelvalidation againstcerebralarterial
blood ow velocity measurementsOne compartment
that representghe nger is includedto enablemodel
validationagainstarterialblood pressuraneasuredh the
nger. To determinecardiacoutput and venousreturn,
two compartmentsare included to representthe aorta
andvenacava. Finally, to obtaina closed-loopmodelit
is necessaryo include a source(the heart) that pumps
blood throughthe system.Consequentlytwo compart-
mentsare includedto representhe left atrium andthe
left ventricle. Our previous work [29] only includedthe
left ventricle, but without an atriumit is not possibleto
obtainadequatelling of the heart.

The major systemnot includedin our model is the
pulmonary circulation. Addition of compartmentghat
representhe pulmonarycirculationwould requiremore
parameterswhich would increasethe computational
compleity. Instead,the pulmonary circulation is rep-
resentedas a resistanceébetweenvenacava and the left
atrium.

To study dynamicsof postural changefrom sitting
to standingit is not importantto know how blood is
distributedamongvariousinnerorgans.Hence theupper
body is simply representedby an arterialand a venous
compartment.Each compartmentis representecby a
complianceelement(inverseelasticity) and is separated
by resistanceto ow. The designof the systemiccir-
culationwith arteriesand veins separatedy capillaries
provides someresistanceand inertia to the volumetric
o w rate.In our modelwe include effects of resistance
betweencompartmentdut neglect effectsdueto inertia.
The major resistanceto ow is locatedin peripheral
regions betweencompartmentsthat representarteries
and veins. Compartmentghat representlarge conduit
vesselsare also separatedy resistanceshat represent
the overall resistanceof the compartmentResistances
betweenconduit vesselsare very small comparedwith
the peripheralresistances.

The descriptionof blood pressureandvolumetric o w
ratein a systemcomprisedof compliantcompartments
(capacitors)and resistorsare equialent to that of an
electrical circuit, see Fig. 1, where blood pressurep
[mmHg] plays the role of voltage and volumetric o w
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Fig. 1. Compartmental model of the systemic circulation. The model contains 11 compartments. 5 compartments represent systemic arteries
(the brain, upper body, lower body, aorta and the finger), 4 compartments represent the systemic veins (the brain, upper body, lower body,
and vena cava), and 2 compartments represent the left atrium and left ventricle. Since the pulmonary system is not included, the systemic
veins are directly attached to the left ventricle. Each compartment includes a capacitor to represent the compliant volume of the arteries
or veins. All compartments are separated by resistors representing resistance of the vessels. Furthermore, the compartment representing the
left ventricle has two valves (the aortic valve and the mitral valve). Following terminology from electrical circuit theory, the flow between
compartments is equivalent to electrical current and the pressure inside each compartment is analogous to voltage. Resistors R [mmHg
sec/cm3] are marked with zigzag lines, capacitors C' [cm3/mmHg] are marked with dashed parallel lines inside the compartments, while
the aortic and mitral valves are marked with short lines inside the compartment that represents the left ventricle. The abbreviations are la
left atrium, lv left ventricle, av aortic valve, mv mitral valve, a aorta, au arteries in the upper body, al arteries in the lower body, aup
peripheral arteries in the upper body, alp peripheral arteries in the lower body, ac cerebral arteries (in the brain), acp peripheral cerebral
arteries, af finger arteries, a fp peripheral finger arteries, vl veins in the lower body, vu veins in the trunk and upper body, v vena cava,

and vc cerebral veins.

rate q [cm?/sec] plays the role of current. To compare
our model with data we assumethat the diameter of
the middle cerebralartery remainsconstant,such that
blood ow velocity can be obtainedby scaling volu-
metric blood ow by a constantfactor that represents
the areaof the vessel.Recentmeasurementsf middle
cerebralartery diameterby magneticresonancémaging
(MRI) combinedwith transcraniaDopplerassessmeruif
cerebralblood o w velocity have demonstratedhat the
middle cerebralartery diameterdoesnot changedespite
large changesn cerebralblood o w velocity elicited by
stimuli suchas lower body negative pressureand CO,
changed36].

To predict blood pressureand blood ow in and
betweerthe compartmentsve baseour modelon volume
conseration laws [41]. Blood pressureand volumetric
blood o w canbe found by computingthe volume and
changeof volumefor eachcompartmentThe equations
that representhe arterial and venouscompartmentsre

similar. For eachof thesecompartmentshe stressedol-
umeV = Cp [cm?] (volumepumpedout duringonecar
diaccycle), whereC [cm3/mmHg]is the complianceand
p [mmHg]is thebloodpressureThe cardiacoutputfrom
the heartis given by CO = H Vg oke [cM®/sEC], Where
H [beats/sec]s the heartrate and Vs oxe [cMP/beat]is
thestroke volume.For eachcompartmentthe netchange
of volumeis given by
dv

Pin

gr =0 Gus A= Pout . 1)
whereq [cm®/sec]is determinedanalogouslyto Kirch-
hoff's currentlaw andR is theresistancéo o w. Several
compartmentshave more than one inow or out ow.
For example,the compartmenthat representhe aorta
has 3 outows (Qout = Gaf + Gau + Gac) While the
compartmentthat representvena cava has 3 in ows
(Gn = Gt p + Quu + Qvc), SeeFig. 1.

To model the left ventricle as a pump, the position
of the mitral and the aortic valves must be included.



During diastolethe mitral valve is openwhile the aortic
valve is closedallowing bloodto enterthe left ventricle.
Then, isometric contractionbegins, increasingthe ven-

tricular pressureOnce,the ventricularpressuresxceeds
the aortic pressurethe aortic valve opens, propelling
the pulse wave throughthe vascularsystem.Note, for

healthy young people, both valves cannotbe open si-

multaneously To incorporatethe stateof the valves we

have modeledthe resistance$R,, andR,,, seeFig. 1)

asfollows

Ry = min (Ry + ~20P =P 5000 ) ;

where v = mv;av. This equationresult in a large
resistancgland no o w) while the valve is closedand
a small resistance(and normal ow) while the valve
is open. The minimum value is introducedto avoid
numericalproblemsdueto large numbers.

A systemof differential equationss obtainedby dif-
ferentiatingthe volume equationV = Cp andinserting
1), i.e.,

dv. _dp dC
at - Cdt o Par
The circuit in Fig. 1 givesriseto a total of 9 differential
equationsin dp=dt, one for each of the arterial and
venouscompartmentsFor the two compartmentghat
representhe atrium andthe ventricle, differential equa-
tions are kept as dv=dt. For thesetwo compartments,
blood pressureis computedexplicitly as a function of
volume, seenext section.A completelist of equations

canbe found in the Appendix.

=0n  Oout: (2)

B. Ventricular and Atrial Contraction

Atrial andventricularcontractionleadsto anincrease
in bloodpressurdrom low valuesobsenedin thevenous
systemto high valuesobsenred in the arterial system.
Our model is basedon the work by Ottesen[6], [33].
This model predicts atrial (pj) and ventricular (py)
pressureas a function volume and cardiacactivation of
the form

P = Pia; Piv:
3
The parametera [mmHg/cn?] is relatedto elastance
during relaxationand b [cm®] representsolumeat zero
diastolic pressureg(t) [mmHg/cn?] representgontrac-
tility, andd [mmHg] is relatedto the volume dependent
and volume independentomponentsf the developed
pressureThe activation function g(t), which is de ned
over the length of one cardiaccycle, is describedby a

polynomialof degree(n; m): g(t) = f (t)=f (tp) with
fn( f)m
m+n
n"mm [mm]
0 <t

0 t

(=1 "

(4)

T:

T [sec] is the duration of the cardiac cycle, t
mod(t; T) [sec], (H) [sec]denoteshe onsetof relax-
ation,H = 1=T [1l/sec]denoteghe heartrate,n andm
characterizeéhe contractionand relaxationphasesand
Pp is the peakvalueof the activation. The ability to vary
heartrateis includedin the isovolumic pressureequation
(3) by scaling time and peak values of the activation
function f . The time for peakvalue of the contraction,
tp [sec], is scaledby introducinga sigmoidal function,
that dependon the heartrate H, of the form

t,=t —(t tm); 5
p m‘|‘H_|_ (tm m) %)

where representthemedianand representthesteep-
ness,andt,, [sec]andty [sec] denotethe minimum
andmaximumvalues respectiely. The peakventricular
pressurg, [mmHg] is scaledsimilarly usinga sigmoidal
function of the form

P =Pm + 5 (PM Pm); (6)
where representghe medianand representsthe
steepnesspm [mMmHg] and py [mmHg] denote the

minimum and maximumvalues,respectiely.

Finally, the time for onsetof relaxation is modeled
by N
n-+m
i to(H): (7)

This equationis obtainedby recognizingthat the time
for peak pressurety, is relatedto the parameter in
the isovolumic pressuremodel (3). Initial valuesfor all
parametersvereobtainedfrom the work by Ottesenand
Danielsen[33]. In this work, parameterswere based
on caninedata. To obtain humanvaluesfor the young
subjectstudiedin this work, we identi ed parameters
during our model validation. Resulting parametersan
be foundin Tablel.

C. Nonlinear Resistances

To our knowledge, previous modeling contrikutions,
discussedn the introduction,assumehat during steady
state(duringsitting,fort 60 sec.)thesmallresistances
betweencompartmentshat representarge conduitves-
selsare constant.Neverthelessfrom the theory of uid
mechanicdt is well known that the resistancedepends
on theradii of the vesselsandthat the radii themseles
dependon the correspondingransmuralpressure.



Rest. Initial | Optimized | Heart | Initial | Optimized
Comp.
Rayv 0.030 0.1149 ay 0.0003 0.0009
Ray 0.072 0.1853 by 5 4.9122
Ra 0.087 0.0043 Cy 6.4 6.9100
Ras 0.183 0.5456 dy 1 0.8310
Rac 0.409 0.3177 Ty 2 3.6659
Raup 1.565 1.8565 my 2.2 1.7369
Raip 6.522 7.5854 W 9.9 11.0201
Rapt 17.5 17.8953 | 6, 0.951 0.9213
Racp 6.696 7.0838 Ny 17.5 17.6658
Rmv 0.007 0.0164 Oy 1 1.1560
Ry 0.033 0.0368 tmv 0.186 0.1310
Ryy 0.001 0.000 tm v 0.280 0.2305
Ry 0.174 0.1193 DPmev 0.842 1.1074
Ryc 0.957 1.2875 Pmev 1.158 1.2385
Ca 0.084 0.0732 aa 0.002 0.0002
Cau 0.6160 0.7255 ba 5 4.1074
Ca 0.940 0.9881 Ca 6.4 6.4325
Chaf 0.174 0.2353 da 1 1.1668
Clac 0.159 0.0892 Na 1.9 1.9501
Cy 2.931 2.5181 Ma 2.2 1.9767
o 15.276| 15.4531 | v, 9.9 10.8595
Cy| 6.038 6.2778 0a 1 1.9998
Cyve 2.847 2.3007 Na 17.5 16.5386
da 1 2.1152
fact 0.1415 0.2079 tma 0.186 0.2487
o 1.4287 2.3220 tM a 0.280 0.3560
Pm:a 0.842 1.0065
DM a 0.990 1.2100
TABLE |

STEADY STATE PARAMETERS BEFORE AND AFTER OPTIMIZATION. RESISTANCES [MMHG SEC/CM®] ARE USED IN EQUATION (1),
COMPLIANCES [CM3/MMHG] IN EQUATION (2), AND HEART PARAMETERS ARE USED IN EQUATION (3).

Our investigationhas shavn that such dependencies dicts the resistancaéo ow [14] as

areimportantto includein regionsthatrepresentessels

with large diametersand high blood pressure(in the
large arteries),while they are lessimportantin regions
of low blood pressure(in the venoussystem).Further
more, these “passive” changesin diametersare also
negligible in regions with small vessels(in the small
arteriesand arterioles)where autonomicresponsesare
active anddominatethe changein vesseldiametersOur
previous work [29] did not include nonlinear arterial
resistancesnd as a result we were not able to obtain
asufciently wide pulsepressurémmediatelyfollowing
posturalchangefrom sitting to standing.

To modelnonlinearitiesfor theseresistanceswe base
our derivation on Poiseuilles law. For o w in a cylinder
with circular cross-sectionahrea, Poiseuilles law pre-

81

R=—3

whereR [mmHg sec/cnd] is theresistancer [cm] is the
radiusof thevesseland [mmHg sec]is theviscosityof

blood, and! [cm] is the length of the cylindrical vessel.
Assumea constantiength of the vesselthen

%/ rdl v2/| p?% (8)

The rst relationcomesfrom Poiseuilles law, thesecond
can be obtainedby assuminga x ed lengthl, andthe
third by assumingthe validity of the pressurevolume
relationV = Cp. In the compartmentainodeldiscussed
above each compartmentlumps a number of vessels
togetherand as a result we do not have ary specic
information about r. The relationshipin (8) implies
that the resistancds inversely proportionalto pressure



squared For real arteriesand veins, the resistancewill
have maximum and minimum values.Hence,we have
chosento model this nonlinear relation using a sig-
moidally decreasindgunction of the form
k

Rm)ka2|é + Rm; 9)
whereRy [mmHg sec/cnd] and R, [mmHg sec/cni]
are the maximum and minimum valuesthat the resis-
tancescan have, p [mmHg] is the blood pressurédn the
compartmenthat precedethe resistancdin our imple-
mentationthe actualblood pressureoscillatestoo much
andasaconsequencdor numericalstability, we basethe
predictionof R onthecorrespondingneanarterialblood
pressurgd(t) [mmHg]), resultingressitancean be seen
in Figure2. As shawn in Fig. 3 the meanarterialblood
pressureoscillateswith the samefrequeng but with a
smalleramplitudethanp,. k representshe steepnessf
the sigmoid,andthe parameter , is calculatedo ensure
that R returns the value of the controlled parameter
found during steadystate.For k = 2, the slope of the
sigmoid approximateshe relationin (8). However, the
relation in (8) is only valid for a steady ow. Blood
o w in arteriesis unsteadyandthe o w througha given
vesseldependson the stateof the vessel.Consequently
asshawvn in Tablell, we shouldnot expectthatk = 2.

In our model 3 resistancesre computedas functions
of pressureR (Pau); Rac(Pa); Ras (Pa). The resistance
of the aorta Ry, could also be modeled using this
method.Initial investigationsshoved that other mecha-
nisms,e.g.,autor@ulationor autonomicregulation, may
also affect R,,. As a consequencewe have usedan
empiricalmodelto estimateR ,,, seeSectionlll-B.

R = (Ru

D. Gravitational Effect

Gravitational effects are essential during postural
changefrom sitting to standing.Considera cylindrical
vesselwith length Az [cm] and time invariant cross-
sectionalarea A [cmz], i.e., dA=dt = 0. Assumethat
thereis no velocity acrossthe vesseland that the blood
pressureis only a function position along the vessel.
Hence,dv=dr = 0, v [cm/sec]andr [cm] denotesthe
velocity andradii, respectiely, andthe volumetric o w
rate becomesq = Av [cm®/sec]. Finally, assumethat
the drag force due to viscousshearis proportionalto
g. Thus, the drag force per cross-sectionaareaunit is
proportionalto q, i.e., the drag force can be written as

RAq, whereR [mmHg s/cn?] may be interpretedas
the resistanceln steadystate,the resistanceRr is given
by Poiseuilles law

where representshe uid viscosity[23].

To derive the mathematicalmodel we proceedby
balancingnertial forceswith the dragforce,the pressure
force, and the gravitational force. The inertial force is
given by

dv d/q dqg.
M i A AZE (K) = AZE’
where = 1:055 [g/cm?] is the densityof the uid and
M [g] is the massof the uid containedin a piece of
the vesselwith length Az [cm] and cross-sectionahrea
A [cm?], seeFig. 4. Thus, Newton's secondlaw that
describedalancingof forcesgives
dq

Aza

whereg = 981 [cm/seé] is the gravitational accelera-
tion. Fromthis it follows that
dq

I—a = Pin

whereL = Az=A [1/sed] is the inertanceand Ah =
Azcos( ) = hin  hoy [cm] is the vertical difference
of the vesselinlet (at hj, wherepi, is theinlet pressure
and poyt is the outlet pressureDuring steadystate(10)
reducesto

Pout)A +Mgcos( ) RAQg;

= (pin

Pout + 9 AL  Rg; (10)

_ (pin +9 hin) (pout + 49 hout),
q= R :

Whenmodelingposturalchangefrom sitting to standing
we substitute(11) for Kirchhoff's currentlaw. Notice,
in thelimit g! 0, (11) approacheshe normalform of
Kirchhoff's currentlaw givenin (1). Also note,in the
caseof enegy conseration (R ! 0) Bernoulli's law
for steady o w is recovered;asa resultp, + ghin =
Pout + 9 hout . ThusKirchhoff's currentlaw is still valid
if we interpretp asthe hydrostaticpressurep + g h.
To capture the transition from sitting to standing,
h is de ned for the lowerbody compartmentsas the
exponentiallyincreasingfunction

h(t) iy

] T e k({t—T,—)’
where T, [sec]is the time at which the subjectstands
up, hy [cm] is the maximum height neededfor the
mean arterial blood pressurein the nger to drop as
indicated by the data,and [sec] is the lateng for
standingup. In our experiments,the subjectssits with
their legs elevated and the hand, in which pressureis
measuredjs held by a sling at the level of the heart.
Therefore compartmentshatrepresenthe heartandthe
nger are not affected by gravity. Compartmentghat
representhe brain and the upperbody are exposedto
constanthydrostaticconditions,which are neglectedin

(11)

(12)
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Fig. 2. “Passive” resistances between compartments that represent the large arteries. The top panel shows R..(t) (fitted, using (19) with
26 values, marked with stars on the figure) and the bottom panel shows R..(t) [nmHg sec/cm?] (computed using (9)). Both resistances are
depicted for 45 < ¢ < 90. Both resistances increase as a response to the decreasing pressure and then decrease to a new steady state value.
The resistances R (t) and R,y (t) [nmHg sec/cm?] are modeled similar to R,.(t) and show similar trends.
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Fig. 3. The graph shows the mean arterial pressure p,(t) (written as “pam” on the y-axis) [mmHg] for 45 < ¢ < 90. The mean arterial
pressure is computed as a continuous function by solving the differential equation in (16). Similar results were obtained for pa.(t).



Initial and optimized regulation parameters
Param. | Init. | Opt. | Param. | Init. | Opt.
Da 92.8 - | k(car ) 2.0 4.58
Pau 90.0 - | Bwm (car ) | 4 x5 11.99
TCv 10.0 18.57 | Rm(car ) oy /4 0.94
TCa 10.0 13.67 | k(Ca) 2.0 0.38
TR 5.0 23.03| Cm (Ca) | 4xCSS | 4.3 x 1072
Ts 5.0 0.076 | Cm (Ca) CSS/4 | 48 x 1074
hh 50.0 46.73 | k(Cau) 2.0 17.22
hk 3.0 3.92| Cw (Cau) | 4 x G35 1.01
0 0.4 1.26 | Cin(Cau) Cy /4 0.42
k(Ra ) 5.0 148 | k(Ca) 2.0 13.90
Ry (Ra) 10 x R} 1.69| Cm (Ca) | 4xCF 15.25
R (Ra) R$/10 | 1.1 x 1073 | Cm (Ca) CsP /4 0.82
k(Rac) 5.0 8.79 | k(Cac) 2.0 4.05
Rwm (Rac) 10 x R32 249 | Cw (Cqc) | 4 x CS 0.23
Rm (Rac) R$S/10 | 1.3 x 1072 | Cm(Cac) CE/4 | 7.0x 1072
k(Raf ) 5.0 3.83 | E(Cqa ) 2.0 81.34
Ry (Rar) 10X RS | 1.5x 107" | Cwm (Ca ) | 4 x CF 0.46
Rm (Rar ) RS /10 | 29 %1075 | Cm (Car ) /4| 1.7 x 1072
k(Raup ) 2.0 5.74 | k(Cy) 3.0 0.47
Rm (Rawp) | 4 x Rgyp 1458 Cm (Cy) | 5 xC® 15.32
R (Raup) R3p /4 0.13 | Cn (Cy) Css/5 0.52
k(Rap ) 5.0 10.57 | k(Cw) 3.0 12.90
Rm (Rap) | 10 x R, 145.19| Cm (Cw) | 5 X C$3 55.86
R (Rap) ap /10 0.41| Cnm (Cuu) Css /5 1.93
k(Rat p) 2.0 3.69 | k(Cu) 3.0 47.93
Rw (Ratp) | 4x R, 64.81| Cu (Cvi) | 5xCF 277.94
R (Rat p) at p/4 0.16 | Cm (Cw) CsP /5 0.17
E(evrr ) 2.0 4.62 | k(Cyc) 3.0 15.71
Rwm (cvir ) 4 x5 17.27| Cm (Cye) | 5 x CS 13.89
Rm (cvtr ) gy /4 1.04 | Cm (Cye) Cs3/5 0.19
TABLE Il

OPTIMIZED PARAMETERS. CONSTANTS D¢ AND Doy DENOTE PRESSURE SET-POINTS USED IN CONTROL-EQUATIONS. TIME-CONSTANTS
7; DENOTE THE TIME DELAY INVOLVED WITH THE CONTROLLED VARIABLES, PARAMETERS FOR GRAVITY DENOTE THE MAX HEIGHT
NEEDED TO OBTAIN OBSERVED PRESSURE DROP, AND A SMALL DELAY § FROM WHICH THE SUBJECTS STANDS UP. @ REPRESENTS THE
WEIGHT FOR THE EXPONENTIAL NEEDED TO COMPUTE THE MEAN ARTERIAL PRESSURE. OPTIMIZED VALUES FOR THE RESISTANCES
AND CAPACITORS INCLUDE k; THAT REPRESENT THE STEEPNESS OF THE SIGMOID, A MAXIMUM (Rar OR Car) AND A MINIMUM (R,
OR C,) VALUE. OPTIMIZED VALUES FOR Rqy AND Rgcp ARE SHOWN IN FIGS. 6 AND 2.

the currentformulation. The heightdifferencerelative to
the increasedor compartmentghat representhe legs.
Consequentlyequationgor the o ws gy andg,; will be
modi ed asdescribedn (11), thatis,

+ gh
= Pau (gal gh)
al
h
G = (w+g{) Pvu.
vl

In the top equationhj, = 0 andhgy: = h, whereh is
computedusing (12). In the bottom equationh;, = h

and hout — 0

[11. MODELING AUTONOMIC REGULATION AND

CEREBRAL AUTOREGULATION

Two main controlmechanismglay a role; autonomic
regulationand cerebralautorgyulation. Autonomicregu-
lation is mediatedvia the autonomicnenoussystemand
causexhangeof resistanceén the vascularbed, com-
pliance,heartrate,and cardiaccontractility Autoregula-
tion is a local control that maintainscerebralperfusion
despite changesin systemic pressure.Autoregulation
is mediatedvia changesin myogenictone, metabolic
demandsand CO, concentration.
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g cos(¢)
= gcos(m/2 —0)
= gsin(0)

Fig. 4.

A vessel segment with cross-sectional area A [cm?] and length Az [cm]. At one end the pressure is pi» [mmHg] and at the

other end the pressure is po.: [MMHg]. The vessel is at an angle v with respect to gravity ¢ [g/cm?] and at an angle 6 with respect to the
horizontal axis. As indicated on the graph, the difference in vertical latitude is Ah = Az cos(y) [cm].

A. Autonomic Regulation

Autonomic regulation is modeledas a pressurereg-
ulation where heartrate (H [beats/sec]),cardiac con-
tractility (ca;c, [mmHg/cn?]), peripheralsystemicre-
sistance(Rayp, Rap [MmMHg sec/crd]), and systemic
compliance (Ca, Cau, Ca, Cac, Car, Cv, Cuwu, Cu,
Cvc [cm3/mmHg]) are functions of meanarterial blood
pressurep, [mmHg].

The changein the controlledparametersre modeled
usinga rst orderdifferential equationwith a set-point
function dependenbn the meanarterial blood pressure
Pa. This simple modelis able to predict the obsened
dynamics.In future work we plan to model effects of
changesn sympatheticand parasympathetitone.

dx(t)
dt

Theparametek(t) is controlled Xy (P5) IS theset-point
function,and [sec]is atime constanthatcharacterizes
the time it takesfor the controlledvariableto obtainits
full effect. Differentvaluesof wereusedfor control of
cardiaccontractility complianceandresistancesseeTa-
ble Il. As describedearlier autonomicregulationyields
increased peripheralvascularesistanceheartrate,and
cardiaccontractility Heartrateis directly obtainedfrom
data.Hence,it is not modeledusingthe set-pointfunc-
tion (13). To obtain increasedn peripheralresistances
(Raup, Raip, andR4¢ p) andcardiaccontractility (c;; and
Gv) in responséo the decreasén arterialblood pressure,

X(t) + Xctr (Pa)

: (13)

the following set-pointfunction hasbeenused:

k

2 :
Xm)p!,; I + Xm:
A sigmoidalfunction was used,sinceit displayssatura-
tion, i.e., the function hasa maximumand a minimum
valuecorrespondingo maximumdilation andmaximum
constriction of the vessels.In addition, vasculartone
is increased,leading to a decreasein compliancein
responsdo a decreasén arterialblood pressureHence,
for compliance the set-pointfunction hasthe form

Xetr (Pa) = (Xm (14)

K
ps% g+ xm
Equation(14) givesrise to a decreasingigmoidalcurve
(i.e., for a decreasingpressurethe value of X will
increse),while equation(15) givesrise to anincreasing
sigmoidalcurve (i.e., for a decreasingressurdghe value
of X¢r Will decrease)The parameters, andxy are
minimumandmaximumvaluesfor the controlledparam-
eterx(t). The parameter , is calculatedto ensurethat
X(t) returnsthe value of the controlledparametefound
during steadystateoptimization.Initial valuesof param-
etersfor k, Xm, andxy, aretaken from Danielsen[5],
seeTablell.

The above control equationsare formulatedas func-
tions of mean arterial blood pressure.However, our
model describesthe instantaneougpulsatile) pressure.
Mean valuesare computedas weightedaverageswhere

Xetr (Pa) = (XM Xm) (15)



the presentiime is weightedhigherthanthe pasttime:

Pa = Ni/ot pa(S)exp( (t s))ds:

The normalizationfactorN is introducedto ensurethat
the correctmeanarterial blood pressurds obtainedfor
pa =1, i.e.,

N:/Otexp( (t s))ds

Since our mathematicalmodel is describedby differ-
ential equations,it is more efcient to implementa
differentialequationto computethe meanarterial blood
pressureHence,we differentiate(16) to obtain

dpa _ _Pa+t Pa(t)
dt N
A similar equationis usedto calculatepy,.

(16)

1 exp( t) :

(17)

: (18)

B. Cerebral Autoregulation

Upon standing, cerebral autorgyulation mediatesa
declinein cerebrovascularresistancgRacp) in response
to the decreasdn arterial blood pressureln addition,
the autonomic system may also play a role, either
by a decreasethe cerebreascular resistancedue to
cholinegic vasodilationor by an increasethe resistance
due to releaseof noradrenalind7]. Consequentlyit is
not trivial to develop an accuratephysiologicalmodel
that describescerebralautorgyulation. Our strateyy in
this work has beento use a piecavise linear function
with unknowvn coefcients to obtain a representatie
function that describesthe time varying responseof
the cerebreascularresistanceOnce sucha function is
obtainedwe can interpret the result in terms of the
underlying physiology To obtain such a function, we
have parameterizedhe cerebraascularresistanceR acp
using piecavise linear functionsof the form

Racp(t) = > iHi(b);
i1

whereH; arethe standard‘hat” functionsgiven by
t tig,
ti tica
ti+1 t
tivr
0;

The unknawvn coefcients  will be estimatedtogether
with the other control parametergivenin Tablell. As
describedearlier we have used a similar method to

estimatethe resistanceRr ,,, which may be affected by
passve nonlinearresistancesind autonomicregulation.

(19)

tica t

Hi(t) = : t; t tj+1 (20)

otherwise

11

IV. PARAMETER ESTIMATION

Estimationof model parameterdrasbeendonein a
numberof steps.First we usedphysiologicalproperties
of the systemto determineinitial valuesfor all param-
eters and variables,see Table I. Then we solved the
steadystateproblem(withoutincluding effectsof gravity
andregulation),i.e., we solved 11 equationsof the form
(2), onefor eachcompartmentDuring steadystateall
resistancesand capacitorswere kept constant,hence
terms that involve pdC=dt = 0. Theseequationsare
combinedwith equations(3-7) that determinepressures
in theleft atriumandventricle,andequation(18) thatde-
terminesthe meanarterialpressure®, andp,,. Finally,
we estimateda constantf act usedto calculatecerebral
blood o w velocity Vacp = tacp=Ff act [cm/sec].We have
useda constantfactor sincewe assumethat the cross-
sectionalarea of the middle cerebralartery does not
changesigni cantly [36]. Theseequationsnvolve atotal
of 53 parametershatwereestimatedisingthe nonlinear
optimization method NelderMead algorithm, which is
basedon function information computedon sequences
of simplexes[13]. Estimatedparametewvaluesareshovn
togethemwith initial valuesin Tablel. To obtainthe best
possible parametervalues we usedthe following cost
function to minimize the differencebetweenmeasured
andcomputedvaluesof cerebrablood o w velocity vacp
and nger pressuregs .

J= 1 (ZiN:l (Vdi?i Vei)? i ity (Pa pc;i)2> n

N Vg Pd

. N2 2

(o (vl vER)T s (v ve)
M +

: +
gdia
Vd

. N2 2
(2 (el pdr)” M (R R
M pda * nee

wherev = vacp andp = pyr . Subscriptd refersto data
and subscriptc to the correspondingcomputedvalues.
In the rst two sumsi [1 : N], whereN is the

number of data points. To comparethe computedx®

and the measurek? values(x = v;p), interpolationis

usedto evaluatethe computedat the samepointsin time

wherethe datais obtained.Eachterm is divided by the

numberof points and the meanvalue of the measured
data. As showvn in Fig. 5B our model is not able to

predictsecondorder oscillations.The error dueto poor
resolution of secondorder oscillationsis of the same
order of magnitudeas the error due to poor resolution
of the maximum and minimum values. However, for

our modeling purpose,it is important to resohe the

maximum and minimum value, but it is not important
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Fig. 5.

A shows the middle cerebral blood flow velocity (vacp(t) [cm/sec]) and arterial finger blood pressure (p.s(t) [mmHg]). Both

graphs are depicted while the subject is sitting down, i.e., for 0 < ¢ < 60. B shows zoomed versions of the same plots for 29.4 < ¢ < 34.2.
During steady state, vacp(t) and p,y(t) are obtained by solving the differential equations of the form (2), the appendix lists all equations.
On all graphs, the dark lines represent the result of our computations and the underlying light grey lines represent the corresponding data.
The figure shows that our model can accurately predict blood flow velocity and blood pressure profiles while the subject is sitting. However,
as shown on the zoomed plot in B, our model is not able to capture secondary oscillations observed in the data.

to resole secondorder oscillations. To reward good

resolution of the maximum and minimum values, we

have addedfour additional sums predicting the error

betweensystolic and diastolic computedand measured
values (indicatedby superscriptssys and dia) of vacp

and pys . Due to the natureof the pulse-wave, only one

minimum and maximum value is obtainedper period,

hencei = [1 : M] whereM is the numberof periods
for 45 t 90.

After the steady state parameters(constantvalues
of all resistancesand compliances)were obtainedwe
includedall equationgthat describethe control and ran
anotheroptimizationto t parameterghat describethe
control functions. This secondoptimizationincluded27
ordinarydifferentialequations;1 1 equationsof the form
(2), two equationsof the form (18), and 14 equationsof
the form (13). Theseequationsare solved togetherwith
the heartmodel describedn equations(3-7), equations
for passve nonlinearresistanceg9), equation(12) that

determinesthe height used to calculate gravitational
pooling in the veins,andthe piecawvise linear functions
usedto parameterizeR,cp and Ray. This secondopti-
mizationgave rise to atotal of 111 parametershatwere
optimized.Fifty nine parametersare shovn in Table I
andFig. 6 and2 shaw the 52 parametersisedto parame-
terizeRacp andRay. During this secondoptimizationall
parametersound during steadystate(i.e., during sitting,
for t < 60 sec.)optimizationremainedconstant(at the
optimized values).In general,the inverse problem for
parameteestimationdoesnot provide a uniquesolution.
In addition,the optimizedparameterslependbothonthe
initial guessesnd on the optimizationalgorithm.

The differential equationsfrom our mathematical
model, (2), (13), and (18), are solved usingMATLAB' s
(The Math Works, Inc., Natick, MA) differential equa-
tionssolver“odel5s”.Initial valuesfor theresistancand
complianceparametersverefound from the distribution
of the total blood volume betweencompartmentsand
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Cerebral vascular resistance R..,(t) [nmHg sec/cm®] for 45 < ¢t < 90. The cerebral vascular resistance is computed using the

piecewise linear equation described in (19). We used 26 values (indicated by stars on the figure) to estimate the cerebrovascular resistance.
Our results show that shortly after standing, at ¢ = 60 sec., cerebral autoregulation leads to a decrease in cerebrovascular resistance. This
decrease is followed by an increase to a new steady state value slightly higher than the steady state value during sitting (for ¢ < 60 sec.).

steady state estimatesfor the pressurevaluesin the
variouscompartmentsThe blood volumedistribution is
obtainedusing the quantitiessuggestedoy [3]. Initial

valuesfor theresistanceandcompliancesverebasecbn
previously reportedvaluesfor blood volumesand ow
rateg[3], while blood pressurevalueswereobtainedrom

standarghysiologyliterature e.g.,[4]. Volumesfor each
compartmenare given by

V = Cp+ Vunstr :

whereVynstr is theunstresseslolume,i.e.,thepartof the
volumethatis not pumpedout during the cardiaccycle.
Thereforeinitial valuesfor compliancesandresistances
are calculatedby

c — Vv Vunstr;
p

R — Pin pout:
q

Theseinitial valuesaregivenin Tablel. Initial valuesfor
pressuresnd unstressedolumesaregivenin Tablelll.

V. EXPERIMENTAL DATA

Our model was validated against continuousphys-
iological data obtainedfrom a young subject during
transitionfrom sitting to standing.In particular we used
arterialblood pressuraneasurementsom the nger and
arterialblood o w velocity measurementsom the mid-
dle cerebralartery; [15]. Eachsubjectwasinstrumented
with a 3-leadechocardiograntECG) (Collins, TX, USA)
to obtain heartrate and a photoplethysmographicuff

on the middle nger of the right hand supportedat the
level of the right atrium to obtain non-irnvasive beat-by-
beatblood pressurgFinapresOhmedaCO, USA). The
middle cerebralrterywasinsonatedy placinga 2 MHz
Dopplerprobe(Nicolet CompanionWI, USA) over the
temporal window to obtain continuous measurements
of blood ow velocity. The ervelope of the velocity
waveformwasderived from the fastFouriertransformof
the Dopplersignalasdescribedby Aaslid et al. [1]. All
physiologicalsignalsweredigitized at 500 Hz (Windaq,
Dataq Instruments,OH, USA) and stored for off-line
analysis.Blood pressurereductionof approximately30
mmHg upon standingup was usedas a challengefor
cerebralautorgyulation.Subjectssatin a straight-backd
chair with their legs elevated at 90 degreesin front of
them. They were then asled to stand. Standing was
de ned as the moment both feet touched the oor.
Subjectsperformedtwo trials of a 5 minutesit followed
by standingfor one minute,and onetrial of a 5 minute
sit followed by a 6 minute stand.

VI.

Resultsfrom our modeling effort, discussedin the
previous sections,are describedbelow. First, it should
be notedthatwe wereableto obtainexcellentagreement
betweersimulationsandmeasurediata.Fig. 7 shovsthe
characteristideaturesof the measurediata.After stand-
ing up att = 60 sec.,the blood pressurgboth systolic,
diastolic, and mean values) dropped signi cantly. At
the sametime, the meanblood o w velocity decreased
during the transitionfrom sitting to standing(dark line

RESULTS
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Total Unstressed

Param. | [mmHg] | volume | [cm?3] | volume [cm3]
Pa 70.0| Va 40.0 V‘,ﬂ””s'[r 32.0
Pau 72.0 | Vau 300.0 | yunst 240.0
Pa 73.0 | Vy 233.7 | st 151.9
Pai 70.0 | Vi 80.0 | Vunstr 64.0
Pac 70.0 | Vac 70.0 | vunst 56.0
Dy 20| W 183.2 | yunstr 168.5
Pu 2.1 | Viu 1909.5 | yunst 1756.7
' 2.2 | Vy 724.6 | Vst 652.1
Puc 43.0 | Vic 391.4 | yunst 360.1
v 68.0

Via 172.0

TABLE 111

INITIAL VALUES FOR PRESSURES, TOTAL AND UNSTRESSED VOLUMES. INITIAL PRESSURES ARE ESTIMATED BASED ON STANDARD
PHYSIOLOGICAL TEXTS[4], [7]. INITIAL VOLUMES ARE ESTIMATED BASED ON THE WORK BY BENEKEN [3].
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Fig. 7.

Measured arterial blood pressure p,¢(t) [mmHg] in the middle finger (top graph), cerebral blood flow velocity vacp(t) [cm/sec]

(middle graph), and heart rate H (¢) [beats/sec] (bottom graph) for a young subject. All graphs are depicted for 45 < ¢ < 90. In the top two
graphs, the light grey lines show the time-varying values, and the solid dark lines show the corresponding beat-to-beat mean values. The
heart rate is obtained by H = 1/T', where T' [sec] is the duration of the cardiac cycle. Immediately after standing (at ¢ = 60 sec.), both
pulsatile and mean blood pressure dropped significantly, at the same time the mean blood flow velocity dropped while the pulsatile blood
flow velocity widened (i.e., the systolic value increased and the diastolic value decreased). Initially, the heart rate increased followed by a

new steady state at a higher level than during sitting.

through pulsatile velocity data). However, while both
systolicanddiastolic valuesof pressuredecreasedonly
diastolicvalue of the blood o w velocity is diminished.
The systolicvaluesremainat baselineor is evenslightly
increased.This yields a signi cant widening of the
pulsatile o w, a featuretypical for young peoplewith
normal regulatory response$15].

First, we evaluatedour models ability to reproduce
the dynamicsduring steady state (i.e., during sitting,
for t 60 sec.). We appliedinitial parametervalues
from physiological considerationsas describedabove.

Then,we tted our model (without including equations
that describeresistance®f large arteriesas non-linear
functions of pressure(9) equationsthat describeactive
control (13) and (19)) to the data-set.The duration of
the cardiac cycles was obtained from the ECG, see
Fig. 7. Simulationresultsareshavn in Fig. 5. This gure
shows that we have obtainedan excellent agreement
betweenour model and the data during steady state.
However, note that our model is not able to resohe
detailsthe secondaryoscillationsobsened within each
cardiaccycle, seeFig. 5B, afeaturethatat presenis not



includedin our heartmodel.

The secondstepin validatingour modelis to illustrate
thatwe canmodeleffectsof venouspooling after stand-
ing up. Venouspooling resultsin dramaticreductionsof
both cerebralblood o w velocity and arterial pressure,
seeFig. 8. This gure shaws that with the parameters
listed in Tables| and Il it is possibleto decrease
bothblood o w velocity and pressureTwo obsenations
shouldbe noted.First, while we did not include effects
of the control, we still see an increasein heart rate,
becausdeartrateinformationis obtainedfrom the data,
seeFig. 7. Secondgventhoughbothblood o w velocity
andpressurarops,immediatelyafterstanding(att = 60
sec.)the pulseamplitudefor bothblood o w velocity and
pressureemainvery narrow.

Next, we demonstrat¢heimpactof the nonlinearrela-
tionship betweenpressureandthe vascularresistanceof
thelarge arteriesasdescribedn Sectionll-C, i.e., we let
Ral (Pau); Rau(Pa); Rac(Pa), and Ras (Pa) be functions
of pressure.Using the samevaluesfor all remaining
parametersthe result of this simulation is shavn in
Fig. 8B. Note thatthe pulsepressureamplitudeis higher
immediately after standing (from 60 t 65 sec.)
and thus the model better representaneasuredvalues
(comparedark lines in Fig. 8A and B in the transition
region,for 60 t 65 sec.).

The third stepis to incorporateall active control
mechanismsResultsthat include effects of both auto-
nomic regulationandautorgyulationareshown in Fig. 9.
Our modelis able to predictthe changein the overall
pro le duringthetransitionfrom sitting to standing.The
only minor differenceis that the datainclude a slight
overshootin pressurewhile the subjectstandsup.

Autonomic regulation was included using a model
that predictsparametersisa function of pressureWhile
this methoddoesnot incorporateeffects of sympathetic
versus parasympathetiactivation it does include net
effects of neurogenicregulation. In future work, we
plan to develop a modelthat separatesympatheticand
parasympatheticesponses=ffectsof cerebralautoregu-
lation are modeledusing the empirical model described
in equation(19). We have choseno include 26 pointsto
representhe dynamicsof the cerebralvascularesistance
Racp, seeFigs.6. This gure shavsthatR,c, decreases
due to autorgyulation as a responseto the decreasdn
pressureFrom earlierwork [27] we expectedan initial
increasebefore the decreasehowever, the model used
in our previous work was much simplerthanthe model
usedin the currentwork. In particular the parameter
thatrepresenthe peripheralresistanceR, in [27] lumps
the peripheralresistancefrom the entire body, i.e., it
combinesRacp, Raup, Rafp, @andRap. Consequentlyit
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can be dif cult to useR, to describethe dynamicsof
the cerebroascularresistanceRr 5¢p, aswe attemptedo
doin [27].

The resistanceof the upper body R,, was also
modeledusing a piecavise linear model with unknavn
parametersas describedby (19). We expectedthat R 5,
may dependooth on autonomicregulationandbe a non-
linear passve function of pressureThis resistanceloes
follow trends predictedby remaining resistanceghat
representhe large arteries,seeFig. 2. Hence,in future
work we planto modelthis resistancausingthe passie
non-linearmodel discussedn Sectionll-C.

Finally, Fig. 10 depicts the dynamics of some of
the controlled variables.The gure shaws the arterial
resistanceR 5p, the cardiaccontractility of the left ven-
tricle ¢, andthe venouscompliancein the upperbody
Cwu- Theseresultsdo display quite different dynamics
of the threetypes of variables.In particular note that
the complianceand peripheralresistancelo not reacha
steadystateduring the 10 sec.following the transition
from sitting to standing(from 80 t 90 sec.).This
may be causedy the factthatthe dynamicsthatchange
the ventricular contractility occursover a much faster
time-scalethan changeghat affect resistancesnd com-
pliances Finally, it shouldbe notedthatthe dynamicsof
other resistancescapacitors,and atrial contractility are
similar to the parametershawn in this gure.

VI1l. CONCLUSION

In summary we have developeda 11 compartmental
modelthat can predict cerebralblood o w velocity and
nger blood pressureThis modelincludesphysiological
description of dynamicsas a responseto hydrostatic
pressurechangesobtainedduring posturalchangefrom
sitting to standing. Furthermore,our model includes
non-linearfunctions describingresistance®f the large
systemicarteriesas functions of pressure.To regulate
blood pressureand cerebralblood o w velocity follow-
ing posturalchangefrom sitting to standing,our model
includesautonomicregulationusing rst-order differen-
tial equationsregulating cardiaccontractility, peripheral
resistanceandvasculartone (compliance) Furthermore,
we have included an empirical model describing the
dynamicsof cerebralvascularresistanceValidation of
our modelagainstone dataseshoved that, by including
the mechanismslescribedabove our model is able to
reproducdhe dynamicsof blood o w velocity andblood
pressureneededo compensatéor hypotensiorobsened
during posturalchangefrom sitting to standing.

Modeling of physiologicalresponsego standingen-
ablesa better understandingpf physiological mechan-
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Fig. 8. Cerebral blood flow velocity (va.cp(t) [cm/sec]) and arterial finger blood pressure (pqs(t) [mmHg]) for 45 < ¢ < 90. This figure
shows the effect of standing up without including active control mechanisms. A shows that both blood flow velocity and blood pressure
(dark lines) decrease due to the redistribution of volumes obtained by changes in hydrostatic pressure. This graph is obtained by solving
equations of the form (2), where gravity is included as shown in (11). B shows the effect of including nonlinear functions of pressure for
large arterial resistances as described in (9). Note, immediately after standing (from 60 < ¢ < 65 sec.) the pulse-pressure is much wider. In
both figures the dark lines represent the simulated model results while the light grey lines represent the data.
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Fig. 9. Autonomic regulation and cerebral autoregulation of arterial finger blood pressure p,s(t) [mmHg] and cerebral blood flow velocity
Vacp(t) [cmisec] for 45 < ¢ < 60. This figure shows that our model is able to reproduce data well, as before dark lines represent model
simulations while the underlying light grey lines represent the data. This graph is obtained by solving cardiovascular equations of the form
(2), including gravity as described in (11), passive resistances (9), and autonomic and autoregulatory (13) and (19). Notice, the main region,
where the model does not capture the dynamics of the data is just before returning to steady state during standing, i.e., for ¢ ~ 80 sec.
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Fig. 10. Dynamics of the controlled variables. The figure shows the peripheral resistance in the upper body R, (t) [mmHg sec/cm®], the
cardiac contractility of the left ventricle ¢;,(t) [mmHg/sec], and the compliance of the veins in the upper body C..(t) [cm®*/mmHg], for
45 < t < 90. These results are obtained by solving (13) together with equations for the cardiovascular system (2). Autonomic regulation
yields increase in peripheral resistance, cardiac contractility and vascular tone. The latter yields a decrease in compliance as shown on the
figure. The timing of the different controls vary, especially, note that the cardiac contractility changes faster than resistances and capacitors.
Regulation of the remaining resistances, contractility, and compliances showed similar responses.



imsms underlying disordersrelated to orthostatictol-

erance,e.g., orthostatichypotensionand syncope.Our

model predictsthatin the absenceof regulatory mecha-
nisms(asshavn in Fig. 8) bloodpressureandblood o w

velocity declinedupon standingup, and did not recover

to baselinein the upright position. This modelingresult
hasnot beenvalidatedagainstdata.However, similar re-

sponsehave beenobsenredclinically. For example,sus-
tainedblood pressurageductionin the uprightpositionis

seenin clinical syndromeswith orthostatichypotension
associatedwvith autonomicfailure [16], [17]. Different
etiologies and severity of autonomicfailure may lead
to differencesin pathophysiologicalresponsesduring

standingup. For example, severe peripheralautonomic
failure, suchas pure autonomicfailure or diabeticneu-
ropathy may be associatedvith orthostatichypotension
with no heart rate increment. Cerebral autorgulation
that maintainscerebralperfusionover a wide range of

pressurd25] may be presered, expandedor reducedn

orthostatic hypotension.However, cerebralblood ow

would declinewith impairmentof autorgulationand/or
when blood pressureis diminishedbelov the autorey-

ulatedrange.A transientimpairmentof autonomicand
cerebralblood o w controlis commonin young people
with vasodepressosyncope.This is associatedvith a

withdrawal of sympathetidonefollowed by a declineof

blood pressureand cerebralperfusion[9], [22], [24].

Furthermore our resultsshaw that by including pas-
sive nonlinearresponse®f resistancesn the large ar
teries we can obtain sufcient widening of the pulse
pressureamplitudeobsened immediatelyafter standing
up. This responseis immediate, and is thus not a
regulatoryresponsebut rathera purely passve response
that occurs due to the nature of the underlying uid
dynamics.n the currentwork we describedan elaborate
model for predicting effects of hydrostatic changes,
even though this model was only validatedfor sit-to-
stand, i.e., cos( ) 1. The adwantageof the model
derivedin the presentpaperis thatit may be applicable
to predict hydrostaticeffects obsened during tilt-table
experiments.This is a topic that we plan to explore
further in future work.

The main accomplishmenbf this work is that our
model describeshow autonomicregulationand cerebral
autorgyulationplay a synegisticrole in the control of ar-
terial blood pressureandcerebralblood o w velocity. In
particularit shouldbe noticedthatthe cerebrakesistance
rst decreasesthen increasesduring active standing.
This resultis different from previous ndings in [27],
thatsuggested@ninitial increaseollowed by a decrease.
However, the new result is not surprising, since the
currentstudyis performedwith a morecomple closed-
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loop model. The main advantageof the closed-loopl1l
compartmentainodel presentedn this studyis that the
cerebroascularresistanceoffers a more accuraterepre-
sentationof the brain, which doesnot include aspects
of therestof the body. For example,previouswork [27]
usedthe measureghressureasaninputandincludedonly
one compartmentHence,the peripheralresistancevas
not distinguisheetweerresistancef the body andthe
brain. Furthermore,t shouldbe noticedthat the curve
for Racp display hysteresiseffects: Immediately after
standingthe decreas®f R4p is faster thantheincrease,
obseredfor t 70 during the phasewhereblood o w
velocity is returningto its normal value. Hysteresisin
vascularesistancén responsé¢o decreasin@ndincreas-
ing pressuregnay re ect differencesbetweencerebral
and peripheral vasculaturethat accountfor time lags
betweencentraland peripheralresponseswWith normal
autorgyulation,blood o w velocity precedeshangesn
peripheralblood pressure re ecting local adjustments
to intracranialpressurd26]. In future work we planto
studytheseeffectsin moredetail, by proposinga phys-
iological model for autoregyulation, separatingeffects of
local regulation and autonomic regulation. Finally, it
should be noticed that to obtain a blood o w velocity
duringstandinghatis equivalentto sitting, theresistance
reachesa set-pointthat is higher during standingthan
during sitting.

Resultsfor parametersrepresentatie of autonomic
regulation shows that theeseparametersreact as ex-
pected: peripheral resistanceand cardiac contractility
increaseswhile compliancedecreasesseeFig. 10. As
describedn our resultsthe contractility increasesnuch
fasterthan the peripheralresistanceThis could be due
to the morerapid effectsof parasympathetiwithdraval
acting on contractility comparedo sympatheticactiva-
tion, which hasa later effect on contractility, peripheral
resistanceand compliance.In future work, we plan to
usetheseobsenationsto develop a physiologicalmodel
thatcanpredictautonomiaegulationby introducingsep-
aratemodelsof both sympatheticand parasympathetic
responses.

Finally, the optimizedparameterslependboth on the
initial estimatesand on the optimization algorithm. In
particular it should be noted that some of the maxi-
mum valuesfor the resistancesand complianceshave
large values, which are physiologically unrealistic. In
the future, more work will be done to estimatethe
unknavn parameterghatlie within physiologicalranges.
Oneapproachwould be to boundthe parametersvithin
lower andupperlimits. This would leadto a constrained
optimization problem, which is more dif cult to solve
thantheunconstrainegiroblemusedfor theinvestigation
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reportedin this paper Furthermorewe planto improve whereeachof the o ws aredeterminedusingKirchoff's

the parametelidenti cation methodso that it becomes
feasibleto usethe proposedmodel to analyzedatasets
from a larger population of people.In particular we

plan to use the proposedmodel to study the effects

of aging and cardiosasculardiseaseon autonomicand

autorgyulatory responses$o posturalchange.
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APPENDIX

The completesystemof differential equationsneeded
to describeall ows and pressuresshavn in Fig. 1
consistof 11 ordinarydifferentialequationsFor eachof
the 9 compartmentshat representhe arteriesandveins
we obtain differential equationsof the form (2). These
9 equationsare given by

d dC
Cad—?[a = O Gac Gaf Cau pad—,[a
d dC
Cau% = 0Oa Gu Gaup anTau
d dC
Cm% = Gu Gup Pag
dpar dCq
af at Oa GCafp Paf at
d dC
Cac% = Oac  Gacp pacTaC
d dC
Cvl% = Cap Qu Pu dtV|
d dC
Cvu% = G +tGup Gu Pug
d dC
Cvd—F:l = OQutGaipTdc & Pv dtv
d dC
Cvc% = Oacp O pchVC;

currentlaw. The list of o ws are given by

Gy = EIVRaV:a
W = zau pga; g
Gup = atlj:e - u
Qaip = pa'TISVI
GQafp = %
Ghop = paulz:2 acrElvc
6 - P b
" % + gh
oo PR
v p;vcp

Finally, differential equationsfor the two compartments
that representhe left atrium and ventricle are given by

dviv

dt - q'nV an
dv

dt'a — & Gn

For thesecompartmentspressuresare computedusing
the heartmodeldiscussedn Sectionll-B.
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