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Abstract

Lumped parameter approaches for modelling the ceadmular system typically have many parameters of
which a significant percentage are often not idiatie from limited data sets. Hence, significaattp of the
model are required to be simulated with little @bereffect on the accuracy of data fitting, as wed
dramatically increasing the complexity of parameigentification. This separates sub-structures ofremo
complex cardiovascular system models to createuehigdentifiable simplified models that are oneotte with

the measurements. In addition, a new concept @npeter identification is presented where the chamgehe
parameters are treated as an actuation force ifgedaback control system, and the reference oigpiaken to

be steady state values of measured volume andupeesthe major advantage of the method is that when
converges, it must be at the global minimum sottiasolution that best fits the data is alwaystbu

By utilizing continuous information from the art@fpulmonary pressure waveforms and the end-diadtoie,

it is shown that potentially, the ventricle volungenot required in the data set, which was a requént in
earlier published work. The simplified models casoadct as a bridge to identifying more sophistitat@rdiac
models, by providing an initial set of patient sfieqarameters that can reveal trends and intenagtin the
data over time. The goal is to apply the simplifraddels to retrospective data on groups of patitmtselp
characterize population trends or un-modelled dyearwithin known bounds. These trends can assist in
improved prediction of patient responses to cardiaturbance and therapy intervention with potdigtemaller

and less invasive data sets. In this way a morgtmmodel that takes into account individual patieariation

can be developed, and applied to the improvemecamfiovascular management in critical care.

Keywords : Model-based cardiac diagnosis ; Cardiovasculatesys Integral-based parameter identification ;
Pressure waveform ; ECG ; Intensive care unit

1. Introduction

In critical care, cardiovascular dysfunction candasily misdiagnosed due to incomplete informatod the
complexities involved, leading to premature disgeaor non-optimal treatment [1-3]. It is also a onajause of
increased length of stay and death [4,5]. Demamctifitical care is growing dramatically severelyfeating
healthcare delivery [6-8]. The overall goal of thésearch is to use computational cardiac modelsetter
aggregate available clinical data in an intensiaee aunit (ICU) into a more readily understood pbiggical
context for clinicians. The computational models ba used to reveal non-linear dynamics and intierscthat
are not readily apparent in the data.

A major difficulty faced with cardiovascular modelj in general, is the level of detail these modgtscally
include. For example multi-scale modelling appr@&achutilizing finite elements have successfully akpd
complex behaviour of the heart [9-11]. Althoughstpaper does not seek to compare to finite elemerday
way, it does represent the extreme case where kdogelof complex geometry of blood vessels (e.gnfam
MRI scan) is required as well as many parametexisate not typically available in an ICU settingrthermore,
the main problem with methods requiring an MRlefated to the cost, since interpretability has bezaquite
standard. Hence the application itself puts a camgton the models used. For example in an ICl@y meal-
time feedback (<5 min) is required. Typical finiteraent models can require hours or days running saper
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computer, which is not always available. Hencergeagap exists between the computational resulthexe
detailed models and real-time clinical utility.

Lumped parameter models (LPM) are a common appraachirimizing complexity in the cardiovascular
system [12-16] but there are still many paramdterslved. Thus typically, only small subsets of frerameter
set can be identified (e.g. [14]), even thoughfthlemodel is run each time to match patient das.a result, a
majority of the parameter set has to be fixed gupstion values, so that a significant amount ofadyics in the
model may not be reflective of individual patieesponses. There also may be significant interati@ween
the identified small subset and the rest of theehtitht prevents a consistent characterizatioracdmeters. For
example a more complex model would have a sigmifigadifferent transient response and settling tiroe
steady state. Furthermore, the time to steady statevary considerably depending on initial comahi, which
in critical care are never fully known since a eatis condition can regularly change rapidly. Tinésient
variation would make parameter identification maddficult and less reliable, as well as increasing
computational requirements that may limit real-tipatient specific application at the bedside.

This paper presents a different approach, by fiestetbping simplified, fully identifiable, patientpscific

models, that are based around the clinical datdaée in an ICU. Interactions between identifieargmeters
over time, and for different patients and interi@mé can be then analyzed to build more complerity the

model as required, to predict observed patient lgmamic responses. Hence these models essentalhs a
bridge to identify complex physiological behavidarlCU patients. In the simplified models, patiespiecific

dynamics are only considered if they can be unigidgntified from the given data. This modellingnstraint,

allows any un-modelled dynamics to be consistentgracterized over all patients. Due to the singaif
structure of these models, it is then possiblentyee the primary geometric effects of given inpatameters
on the output, thus simplifying parameter idenéfion.

Note that the word identifiability referred to hése'practical identifiability" with respect to rs® and modelling
error, which can currently only be tested numelycgl7,18]. General identifiability theory [19,20¢fers to the
ideal case of perfect knowledge of the system aedsorements, which does not guarantee that pamsncate
be identified uniquely in practice. Hence, thisdstwiews identifiability from the perspective ofettfinal
application. Also note that the models developeel anly created for purposes of simplifying paramete
identification of the full model on retrospectivatd. The issue of forecasting measurements andresp in the
future to guide therapy is not addressed in thjgepaThis task would likely be more appropriate domore
physiologically complete model and is left for freglinvestigations.

A key goal in this paper is to demonstrate how fiein dynamics of a given CVS model can be simply
identified from measured retrospective data. A ceammethod of modelling the CVS is by a series abtit
chambers connected by resistors with a time varglagtance. This approach has been well developgd an
validated in the literature [12-16] so it servesaagood starting point to test the methods and eqaiscin this
paper. The specific baseline model structure censdl is a six chamber cardiovascular model inclydin
ventricular interaction and inertial effects thatshbeen previously developed [16] and validatedlimical
animal trials [21-24]. However, note that the apmto is general and could be applied to any candiadel
structure.

A new concept developed in this paper matches gigglCVS model outputs to continuous informatiofh o
arterial/pulmonary pressures and the end-diadtiioie from an ECG or the "a wave" timing from thermpahary
pressure waveform. Adding continuous pressure veawes and end-diastolic timing to current clinicatal sets

is shown to increase the diagnostic ability of tiedel and enable a more minimal data set that doesequire
maximum and minimum volume measurements. Hence,awroach adds a simple and easy measurement to
remove the need for a more invasive, difficult aoty measurement.

The new methods are rigorously tested in simulatidh noise corrupted measurements and modelliny ¢or
prove robustness. Finally, animal data is usedetoahstrate the clinical potential of these methods.

2. M ethodology
2.1. Cardiac model

The cardiovascular system model used in this papesists of six elastic chambers, as shown in Figrirkt
developed in [16], it has been validated clinic§fig-24].
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All the input parameters for a healthy human basetitate are defined in Table 1. The output paramete
shown in Table 2 [25].

For simplicity, only the differential equations asmted with the left ventricle are shown here, reh&6] has a
description of the full model.

LintQmt = H(H(Ppy — Pry) + H(Qnt) — 0.5)(Ppv — Py — RintQue) (1)

LauQﬂu = H(H(Plu - Pao) + H(Qau) - O~5)(P1u —Pao — RaUQaU) (2)

Viy = H(Qunt) Qe — H(Quv) Qv (3)
Vao = H(Qav)Qau - sts (4)
Pao = anvao (5)

Pao - Puc
Quys = ——= 6
y Ror ©)

P = e(t)Ees,luf(Vlu — Vspf) +(1- e(t))Po)lUf(eKIUf(VIU7V5Pt) - 1)+Pperi

(7)

eft) = o~ 80(t—period/2)’ 8)
H(K(t)) =0, K()<0

=1 K({)=0 ®)

In Egs. ()-(9), the parameter H(t) is the Heawsfdnction,Q,, andQmtare the flows through the aortic valve
and mitral valve of the left ventricl®,,, P,, andP, are the pressures in the aorta, pulmonary veinlaihd
ventricle, V,, is the volume in the left ventricld/y is the septum volume ar@,; is the pressure in the
pericardium. The Heaviside formulation of Eqgs. (49l 2) provides an open on pressure close on felwevaw
such that:

LaUQ.CLU =Plu —Pao—RaUQaU: th =0 (10)

Lthmt = Ppu - Plu - Rthmf: QﬁU =0 (11)

where Eq. (10) holds during ejection and Eq. (1¥)ndpfilling. Ventricular interaction is includedytmodelling
the septum volum¥s, by the following equation [16]:

e(t)Ees spt(Vept — Va.spt) + (1 — e(t)Po spe (™7t Vet ~Vouspt) _ 1)
= e(t)Ees,luft(Vlu - Vspt) + (1 — e(t))Poyluf(e)‘Iuﬁ(Viu—Vspt) _ 1)
- e(t)EeS,TUft(VT’U + Vspf) — (1 — B(t)) Po)mf(e}"ruft(vrquVspt) _ 1)

(12)

Note that, Eq. (12) is derived by setting the sepfuessure volume relationship equal to the diffeeebetween
the left and right ventricle pressures, for mormiesee [16]. Eq. (12) is solved fdg, at each time step using a
semi-analytical approach [15] for computationaiciincy.



Published in : Computer Methods & Programs in Bidin@e (2010)
Status : Postprint (Author’s version)

Fig. 1 - Six chamber CVS model with inertial effects agatnvcular interaction.
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Table 1 -Healthy human parameters
Parameters Values Units
E.o Elastance of aorta 0.6913 Hg/ml
Ry Resistance of aortic valve 0.0180 mmHg.s/ml
Lav Inertance of aortic valve 1.2189E-004 mmHg.$/ml
Ees vt Elastance of left ventricle 2.8798 Hg/ml
Rt Resistance of mitral valve 0.0158 mmHg.s/ml
Lt Inertance of mitral valve 7.6968E-005 mmHg.$/ml
Rsys Systemic flow resistance 1.0889 mmHg.s/ml
Epa Elastance of pulmonary artery 0.3690 Hg/ml
Enu Elastance of pulmonary vein 0.0073 Hg/ml
Ees.nt Elastance of right ventricle 0.5850 Hg/ml
Evc Elastance of vena cava 0.0059 Hg/ml
R Resistance of tricuspid valve 0.0237 mmHg.s/ml
Rouwv Resistance of pulmonary valve 0.0055 mmHg.s/ml
Roul Pulmonary flow resistance 0.1552 mmHg.s/ml
Ees spt Elastance of the septum 48.7540 Hg/ml
Additional parameters
Period Time of one heart beat 0.75 s
Po.uf Defines gradient of EDPVR at 0 pressur 0.1203 mmHg
Po.rvf Defines gradient of EDPVR at O pressur 0.2157 mmHg
Po.ped Pressure in pericardium at O volume 0.5003 mmHg
Po.spt Pressure in RV at 0 septum volume 1.1101 mmHg
P Pressure in the thoracic cavity -4 mmHg
Aot Parameter of the EDPVR 0.033 1/ml
Arvi Parameter of the EDPVR 0.023 1/ml
Jspt Parameter of ventricular interaction (V1) 0.435 1/ml
Jpcd Parameter of VI 0.03 1/ml
Vo.spt Parameter of VI 2 ml
Vo.pcd Parameter of VI 200 ml
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Table 2 -Healthy human outputs

Description Output

Vi Volume in left ventricle 111.6/45.6 ml

Y Stroke volume 66.0 mi

CcO Cardiac output 5.28 1/min
Pvmax Max Ry 119.1 mmHg
Pao Pressure in aorta 116.5/79.0 mmHg
Vi Volume in the right ventricle 112.1/46.1 ml
Pvmax Max By 26.2 mmHg
Ppa Pressure in the pulmonary artery  25.7/7.8 mmHg
Pov Pressure in the pulmonary vein 2 mmHg
P.c Pressure in the vena cava 2 mmHg

Fig. 2 - (a) The left ventricle-systemic system simplified ho@® The right ventricle-pulmonary system
simplified model.
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2.2. Simplified model

Simulation has shown that the pressure in the podémoveinP,,, and the pressure in the vena cByatypically
vary in this model by only approximately 0.5mmHgeow cardiac cycle [26]. ThuB,, andP,. are essentially
close to constant. P,,andP,. are held constant for the model of Fig. 1, andn@rar interactiorVy, and the
pressure in the pericardiuR).qare set to zero, both the left and right systemthefCVS can be separated.
However, note that the stroke volumes of the Iat eght ventricles would be the same in the messulata.
Therefore, since the identification algorithm wouhdtch the left and right ventricle models to thédad there
still remains an inherent coupling between theesyst

The assumptions of, = 0, andP,q = 0, are made primarily as an initial mathematgiaiplification to the
model and to introduce modelling error to testriieustness of the derived methods. In all cases;nieasured
data" used in this paper, includes both ventriciiggraction and pericardium dynamics. Physioldgicdahe
pressure in the pericardiui,4 is typically close to zero, but can increase sigaiitly with pericarditis,
although it still only contributes up to about 2%¥deft ventricular pressure [27,28]. Ventriculataraction can
have significant effects on the right ventriclet has less of an effect on the left ventricle [29].

Significant simulation studies have shown that gesnn the inertancés, andL,, in Fig. 1 and Egs. (1) and (2)
do not significantly effect parameter identificatif26]. The parameter Po.iu/ has also been showmate a
limited effect [26] and for discrete data is typigadentified to be close to 0 [21]. Therefarg,, L., andPy ¢ 2®
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set to 0. The resulting two models are shown in Ejgvhere the direction of the left ventricle-syste system
has been reversed from Fig. 1 to illustrate thelaiities.

Replacing the input/output parameters:

LV Input parameters = {Ppus Ees)h;f, Eae, Rint. Rav, Rsysy Pyc}

13
LV Output parameters = {Qm¢. Py, Vi, Qav, Pao, Qsys} (13)

in the left ventricle-systemic system of Fig. 2¢adh the parameters:

RVInputparameters = {PUC, Ees)wf, Epa, Rec, Rpy, Rpub Ppu} (14)
RV Outputparameters = {th, Py, Vry, Qpu, Ppa, me}

the right ventricle-pulmonary model of Fig. 2(b)istained.

A final addition is to create an extended drivendiion e(t) to reduce the modelling error causedhgyabove
simplified model assumptions. The new driver funttiand the model differential equations for the left
ventricle-systemic system of Fig. 2(a) are defined.

The left ventricle-systemic system of Fig. 2 (a) barmodelled:

Viy = H(Qune) Qe — H(Qaw) Qv (15)
> Pao - Puc
Pao = anH(QaU)QaU - an (?) (16)
sys
Ppy — Py
Qe = 22—~ (17)
mt
Py, — Pao
Quy = 22 (18)
Pp = e(t)Ees,lvalu + Py (19)
P -P
enew(t) = W (20)
lv, full

whereP,, andP,. are held constant. The parametes, andV,, w are defined to be the full model outputs of
Fig. 1 from a healthy human parameter set with arthieeat period of 0.75 s. Hence Eq. (20) represant
population driver function, which could be scaledépresent different heart beats. However, thpeskbauld be
altered as required to capture individual patiehtsobtain the model equations for the right veterpulmonary
system of Fig. 2(b), the parameters of Eq. (1Bds. (15)-(20) are replaced by the parameters of12g.

2.3. Healthy and disease state comparisons

To model a diseased human, the following set ofrpater changes are made from Table 1:

1 1
Ray = 4Ray, Rmt — 4R, Ees,luf - EEes,luﬁ Rgys — iRsys
(21)

The changes in Eq. (21) are used as an initial matieal validation of the simplified models in F@&. rather
than a physiologically realistic study of the afiai mechanisms involved in cardiac dysfunction. deer, a
halving of contractilityEe ,sand systemic resistané®,sis not too unrealistic for septic shock, or myaiiam
infarction with the addition of a vasodilator [38]3 Furthermore, valvular stenosis can be simuldigdan
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increase in the resistances of the aortic and mitkves [30,32,33]. The disease states in Eq. {&i)ld of
course be unlikely to occur all at once, but ivesrto provide an initial test of the methods.

2.4, Unique parameter identification

The parameter identification method presented iexd@nsion of the concept developed in [21,26]. Teaiin
[21,26] is to set up an iteration between a linleast squares optimization and a forward solutishich is
partly based on a Picard iteration [34]. This appfois therefore distinctively different from othietegral
formulations like the modulating function approg@3] which does not iterate and is therefore noedaly
suitable for the discrete data and high non-lifiearipresent in this application. Furthermore, @S model of
Fig. 1 typically requires many iterations to comgeito steady state, which is highly dependent enirftial
conditions. Therefore, the standard method of mueal regression [36], is not suitable, as it i® to
computationally intense and can often result iralaninima. In this section the method of [21] igrsficantly
improved by avoiding the requirement of a contirmiwalume profile, which is typically not known. &udition
the number of forward simulations and the compoitati requirements for each iteration are dramdgical
reduced.

The unknown patient specific parameters, denotatiat,are optimized for the left ventricle are detin
X= {Ppm Ees,luf: Eao, Rmt. Rav, Rsys} (22)

The parameteP,. in Eqg. (13) is assumed known, since it would bentb from either identifying the right
ventricle system, or by direct measurement of #@ral venous pressure, which is common in an éinercare
unit.

There are six unknown parameters in Eq. (22) to éetified in the model of Fig. 2(a). Therefore, theasured
maximum/minimum left ventricle volume and aorticegsure can only uniquely identify four of these
parameters. However, the timing of the mitral vatlesure corresponds to the end of the atrial egtitn
which can be detected by the end of the P wavenaiextrocardiogram (ECG) [25]. Alternatively, sirtbe left
and right atriums contract close to simultaneousig, mitral valve closure can also be calculatednfthe "a
wave" in the central venous pressure waveform [Biig central venous pressure is commonly measuritein
ICU.

These observations demonstrate an important congbfth is to utilize features from physiological wedorms
to improve identifiability without having to explity model the effects. The pressure in the pulmgnain Py,
or the filling pressure of the simplified modelfify. 1(a) corresponds to the left ventricle pressatrthe mitral
valve closure. Henc®,,can be estimated by the formula:

Ppy = Py(ta2). tgz = time of mitral valve closure (23)

A further important feature available is the maximgradient or inflection point in the ascendingtiagoressure
wave. The parameter which has a significant effecthe maximum aortic pressure gradient is thestasce in
the aortic valveR,,. Define:

(Raw) = Pao,true(tinﬂect) — Pao true(tmin)

(24)
P ao,approx(tinﬂect) — Pao approx (tnin)

wherePg approx@Nd Py e are the simulated and "measured” aortic presstyigs$s the time of minimum aortic
pressure antsect IS the time of maximum aortic pressure gradient. (24) is an approximation to the ratio of
the maximum gradients d,, approx 10 Paotrue @Nd iS used to avoid having to differentiate toetia pressure
which may be noisy. Simulation has shown that téablea in Eq. (24), changes inversely proportionaRQ
with all other parameters held at their nominalreal Specifically, iR,, increases by a factor of 2, with all other
parameters fixedga approximately reduces by a factor of 2, with a orde magnitude less effect on the
maximum and minimum volumes/pressures. This resofivates an approximation R

. Pao,approx(tinflect) — Pao,approx(tmin) R (25)
) _ Jold
av.approx Pao,tru@(tinﬂECt) — Pao true(tmin) o
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However, for Egs. (23) and (25) to be valid apprations, toP,, and R,,, the approximation®, approx @and
Pao,approxN€€d to be as accurate as possible. The solutipoged, is to first ensure that the maximum/minimum
simulated volumes and aortic pressures are prgcisatched to the measured values for given in{tait
essentially arbitrary) estimatesi®f, and R,. At the end of this optimizatiof®,, and R, are updated using Egs.
(23) and (25).

Simulation has shown that increasing the paramé&iglg and R, separately by factors of 2 decrease the mean
volume, and stroke volume by factors close to 2.tii@nother hand, increasing the parameter&fpand Ry s
proportionally increase the pulse pressure diffegeand the mean aortic pressure. These resultyvatotihe
following definitions:

E Vlu,min,approx + Vlu,max,approx E (26)
es,luf, approx — es luf old
.app Vlu,min,tme + Vlv,max,tme f
SVC{
PProx
Rint approx = (Tm) Rontowa (27)
PPtrue
an,approx = Eo.o,old (28)
PP approx
Pao max, true + Pao hin, true
Rsys,approx = — Rsys,old (29)
Pao,max,appmx + Pao,min,approx

ConsideRyapproxin EQ. (27). Integrating Eq. (17) over one heart lyezids:

period
(Ppu - Plu,true)

S Vtru e

Rmt,tme = (30)

For a giverP,,, let R, be the current estimate Bf; .o With corresponding approximatio Py, and SV to Py e
andS\V\,.e Therefore:

period =
fo (PPU - PlU)

Rt = S (31)
Dividing Eq. (30) by Eq. (31) vields:
Rt true _ 5% « OpeTiOd(P pv —P lv,tme) ( 32)
Rt SVtrue féaeriod (Pou — Pu)

Assuming thaPy, is much closer t®, yycthan 5V is to S\fe it follows that:

sV
S Vtrue

Rt true = Rmt: X (33)

Therefore, Eq. (27) also follows from an integrainfatation of Eq. (17) over one heart beat periodirAilar
approach (not shown) can be used to derive Eqgs. (8)and (29).

Note that an alternative approach would be to stade approximate wavefolvy, S0 thaSV = SV, then
evaluate the ratio of the integrals in Eq. (32). ldeer, evaluating Eq. (32) directly, which is effeety the
method of [21], relies on approximating the contins left ventricle wavefornv,, throughout the heart beat,
which can introduce errors. In prior work [21], thstimates and the accuracy of convergence oftedren
reasonable starting waveform shapes, and in soses a#id not converge satisfactorily without someiumad
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intervention. The method of Eqgs. (26)-(29) only rieesl discrete data and is similar to proportioreeddback
control. That is, these parameters can be considerbe the actuation force that controls the esfee output,
which is the measured volumes and pressures. Tigalifference is that instead of applying a forecegortional

to the difference between the reference and aotutplt, the force is proportional to the ratio loé reference to
actual output. Specifically, the parameters in E86)-(29) continually change until the ratios ar&veh to one
and is thus fully automatic.

Fig. 3 - Parameter identification algorithm for Fig. 2(a).

Step 1 Choose arbitrary set of input parameters includipgndR.,

Step 2 Simulate model of Equations (15)-(20)

Step 3 Compute approximations & s Rn, Eao @ndRsysfrom Equations (25)-(28).
Step 4 Simulate model of Equations (15)-(20).

Step 5 If the maximum volumes and aortic pressures arehmed within a given tolerance to data in Equation
(34), go to Step 6, otherwise go back to Step 3.

Step 6 ComputeP,, andR,, from Equations (23) and (25), If they have changgdebs than 1% go to Step 7
otherwise go back to Step 3.

Step 7 Output final solution and identified parameters

The method presented is also readily generalizabfgtameter identification of other models, by towathe
major geometric effects of each parameter on thesored data, and formulating a control systemHigs. (26)-
(29), to iterate the parameters. The specific egnatihat enable the parameters to converge a@uose model
specific, but the overall approach and conceptuding the breaking down of complex models into-sulidels
that are fully identifiable, is general.

The tests for the parameter identification metha&ddamne first in simulation with noise, and thenamimal data.

In the tests with noise, the "measured data" isrtdk be the output of the six chamber model of Eig-or the
animal experiments, the measured data is from tathf38]. In both cases:

measured data = mean Vi, SV, PP, meanPq,, Puo(f), ti2(34)

where
Vi + Vi i
meath, = wv SV = Vlu,max - Vlv,min: PP = Pao,max - Pao,min (35)
P + Poo mi . -
mean Py, = 2% = oM = ¢ = end diastolic time

) ;

The overall parameter identification method is sumired in Fig. 3. Note that there is an outer cdritvop in
step 6, which involves updatirigy, from Eq. (25). No control system updais since it is determined directly
from the left ventricle pressure wave form at thd ef the inner loop step. This outer loop Ry porox PENAVES
similarly to the inner loop governed by Eqgs. (2B9) with the constant in front &, o4 in Eq. (25) approaching
unity as the iterations proceed. When the condallst between 0.99 and 1.01, the optimization @pped,
which corresponds B,y pproxChanging by less than 1%.

Step 1: Choose arbitrary set of input parametelsiding?,,, andRav.

Step 2: Simulate model of Egs. (15)-(20).

Step 3: Compute approximations t@ g R Eao andRs,sfrom Egs. (25)-(28).

Step 4: Simulate model of Egs. (15)-(20).

Step 5: If the maximum volumes and aortic pressaresmatched within a given tolerance to data in
Eqg. (34), go to Step 6, otherwise go back to Step 3.
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Step 6: Comput®,, andR,, from Eqgs. (23) and (25). If they have changed kg than 1% go to Step 7
otherwise go back to Step 3.
Step 7: Output final solution and identified paréens.

2.5. No volume measurement

The algorithm of Fig. 3 can be readily extendedh® tase where the me&f in Eqg. (34) is removed. The
method is to let the meaw, be an extra unknown parameter and optimized aloitiy tive parameters in Eq.
(22). To account for the change in unknown pararagtaore information from the aortic pressure waxafts
used. Define:

n

ETTOT(mean VIU) = Z(Paoyappyox(ti) — PGO,U’ME(ti))Z) (36)
i=1

U1 =tmnin,  th = tin + E7)(tinf lect — tmin) (37)
n = #equally spaced time points €[tq, t,]

wheret.i, andtiee are from Eq. (25), andis on the sampling frequency of the aortic pressatbeter which is
taken to be 1kHz. The metric error is dependerthermearV,, and the point; andt, are equally spaced about
tiniect: It IS important to note that the full aortic psase waveform cannot be used in Eq. (36). The reizstirat
the model does not capture the dicrotic notch séchiteg to this part of the waveform would introduce
unnecessary error into the method. However, thdirmmous waveform in the intervat;] t] still provides
significantly extra data that can be used to idgrttie mean volume and thus the maximum/minimun lef
ventricle volumes as well.

The method starts with an approximatMfimax approxt0 the maximum volume. The approximate mean voligme
thus defined:

SV
mean Vlu,approx = Vlv,max,approx - 7 (38)

The algorithm of Fig. 3 is then applied and the reimdEq. (36) is computed. The maximum voluRignax approx
is then updated in a depth first search to minirntieeerror of Eq. (36). The method is summarizeign 4.

Step 1: Choose a value \df ax.approx @Nd determine the meaky from Eq. (38).

Step 2: Apply the method of Fig. 3 to identify,, Ry, Ecsivi Rmt Eao @NdReye

Step 3: Compute the error of Eq. (36).

Step 4: Repeat Steps 1-3 in a depth first seanth Vi, max approx Changes by less than a tolerance
percentage. Step 5: Output the final approximai@Rax approx@nd identified parameters.

Fig. 4 - Parameter identification algorithm for Fig. 2(a) twout a volume measurement, but a known stroke
volume.

Step 1 Choose a value 0¥y, approxmax@nd determine the meaky from Equation (38).

Step 2 Apply the method of Figure 3 to identiBgy, Ry, Eesvi Ry Eao @aNdRgys

Step 3 Compute the error of Equation (36).

Step 4 Repeat Steps 1-3 in a depth first search Mtihprox maxchanges by less than a tolerance percentage.

Step 5 Output the final approximatiov, approxmax@nd identified parameters
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3. Results and discussion

This section first validates the simplified modadlimpproach of Figs. 2(a) and (b), and the paraseter
identification method of Fig. 3, against simulawata from the full model of Fig. 1. Measurementseois
simulated by corrupting the simulated data withdan uniformly distributed noise. Due to the symmaeif
Figs. 2(a) and (b) only tests on the left ventrgylstem are considered. The noise is defined:

uniform noise = 5% INPq(t), 10%InsSV, 10%inty (39)

where for the end-diastolic filling timg, in Eq. (34), the 10% noise is relative to the langt time of the
diastole. The noise is made less for the pressimeg it is assumed that a catheter measures ttie pressure
waveform, which is standard in an ICU. Modellingoeris also present in the simplified models of.FAgwith

respect to the full model of Fig. 1. The model arethnds of the left ventricle-systemic system aemnttested
on clinical data from a pulmonary embolism animald®l experiment [39].

3.1. Convergence of algorithm and effectivesef modelling approach

To demonstrate the fast and accurate convergenite aigorithm of Fig. 3, and to assess the suitaluf the
simplified models of Fig. 2 in describing the fullodel of Fig. 1, a healthy human is first consideréhe
parameters for a healthy human are given in TablasdlL2. In this case no noise is added so an aecura
characterization of the accuracy of the simplifieddels can be obtained. The assumed measured data is

measured data = mean Vy,, SV, PP, meanPq,, Puolt), tax  (40)

whereP,, is given as a function of time since it is contingly measured.

The left ventricle volume matches very closely te thue volume with maximum errors of 1.6% and 2.6%
during filling and ejection, and errors of 0.0001&¥d 0.00014% in the maximum and minimum volumes
respectively. Similarly, the identified aortic psese closely captures the true pressure with maxiracrors of
1.8% and 0.2% during ejection and filling, and esrof 0.0026% and 0.0015% in the maximum and minimu
aortic pressures, respectively. The error in theimam ventricle pressure is 2.1%.

For the identified parameters, the largest err@1i§% inR,, but this is largely due to the already small value.
There is also an error of 8.1% ks s which reflects the modelling error of Fig. 2 witspect to Fig. 1. These
results show that the simplified model of Egs. {(&)) is a very accurate representation of therfidtel of Fig.

1, with small errors due to modelling error.

The accurate results also provide an initial vaiatabf the parameter identification method of Figagth very
fast convergence obtained, even when starting fgigntly far away from the solution. Fig. 5 plotket
maximum volume and Fig. 6 plo&, against the number of iterations, for an initiaegs containing 300-400%
error in all the parameters. One iteration is egleint to one numerical simulation of Egs. (15)-(&®t occurs
in Step 3 of Fig. 3. The maximum volume convergealiout 10 iterations, and remains largely unafetig
changes

in Ry, whereR,, takes about 24 iterations to converge within 1¥%e Tonvergence time &%, can be reduced
by a factor of 2 by re-defininB,, in Eq. (25) by:

R P ao,approx(tinﬁect) —F ao, approx(tmin) s R ( 41)
; = old
e Pao,tme(tinﬁect) - Pao,true(tmin) e

and setting a gain of 3, as shown in Fig. 6. Inguutty, once the method converges, this impliestthatatios in
Egs. (26)-(29) must be unity, otherwise the parammet®uld keep changing. Hence, the method can nmeaeh
a local minima and must always stop at the globalmum.

Similarly accurate results are obtained for theakgd state human of Eg. (21), so these resultoashown. In
summary the parameter identification method of Bigs very fast and accurate independent of staginint,

and the simplified models of Fig. 2 closely capttive full model dynamics of Fig. 1. Importantlyetdata of
Eq. (34) is sufficient to uniquely identify all sparameters in Eq. (22). The simpler nature of Figls® means
the model simulations are dramatically faster.
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Fig. 5 - Convergence of the maximum volume using algorithRig. 3.

150 h ; . ‘
140}
l
130+ ||
120} l\
T 10} | N—" -
= 100}
x
g sor
8o}
70}
60 |
50 : : :
0 10 20 30 40 50
iteration number
3.2. Healthy and diseased human with noisee~wolume measurement

100 Monte Carlo simulations are performed on ed¢hehealthy and disease states, using the aigowf Fig.
4 with noise levels defined in Eq. (39). To optimiecuracy, a cubic smoothing spline is performedhan
noisy aortic pressure waveform using standard itt-functions in Matlab. The result is 100 pairsidéntified
parameters, which are summarized in Table 3.

The median ratios (Ees,Ivf,diseaJsEes,lvfhezlthy; Rav, diseaseRav,heaIthv I:?mt,diseasél:\)mt,healthy and Rsvs,diseaJ(RS/s,healthvare 0.48.
5.3, 4.1 and 0.48, respectively, which capture risduced contractility, increased resistances auidiced

systemic resistances as defined in Eq. (20). Theralao good separations in the 90% Cl's. NoteftraRav
and Rmt in Table 3, 90% Of all rati®y giseastRav.neaithy@Nd Ry diseastRmt.neatny Were identified to be greater than
a factor of 3 showing the method is effective a&nitifying the simulated stenosis for both the rhitnad aortic
valves. In addition, 90% of the identified maximwelumes have an error less than 11.5% and 14.7%héor
diseased and healthy human respectively. Howewaet,0b this error is due to the overestimationhaf volume
in each case. Taking the identified volumes witmpise as the "true” volumes gives 90% of all exritess than
8.7% and 12.2% respectively. Furthermore, 90% efdentified maximum left ventricle pressures hamesrror
less than 1.5% and 9.4%, for the healthy and désstases.

Table 3 -Comparing the identified parameters for a healthg a@iseased human with noise from Eq. (39)

Parameters Healthy Diseased

Median 90% ClI Median  90% CI
Pov 1.7 [0.8,3.0] 3.7 [1.2,7]
Ray 0.012 [0.006,0.02] 0.064 [0.038,0.082]
Ees vf 2.3 [2.0,2.8] 1.1 [0.9,1.3]
Rt 0.015 [0.01,0.02] 0.061 [0.042,0.09]
Rsys 1.10 [1.00,1.20] 0.53 [0.49,0.58]

Eao 0.70 [0.64,0.75]  0.68 [0.62,0.75]
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Fig. 6 - Convergence of Rin the algorithm of Fig. 3 using two gains of 1 éhth Eq. (41).
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3.3. Further validation on an animal model drclinical implementation

Currently no human data is available to test théhows. Thus, to demonstrate the clinical poteritalthe
methods developed, data from a porcine pulmonarnyoism experiment is used. The main purpose of this
exercise, is to show that the methods work foredéht driver functions and with data where therghis
potential for significantly greater modelling ertbat cannot be represented by the six chamber Iaadenoise.
The data is obtained from the Hemodynamics Resebatioratory, University of Liege, Belgium. In the
experiments, a pig is injected with autologous blotwts every 2 h to simulate pulmonary embolisBi.[3

As a simple proof of concept, the left ventricledabof Fig. 1(a) and the method of Fig. 2 are aaplising
measured waveforms for one of the pigs at two fromts of 30 min and 210 min. No ECG or the central
venous pressure waveform was available, theretbheeend-diastolic filling timegy, in Eq. (34) was manually
estimated from the left ventricle volume profile.ddiver function is derived in a similar way to HG0), but
with Py, s andVy, s replaced by the measured left ventricle pressutlevalume, andPy, is set to 0, since the pig
is open chest. The resulting function is smoothetebgt squares cubic splines and normalized smt&h@&mum
point is 1 and the time interval of one heart hgdlhe healthy value of 0.75. To account for déferheart rates,

the generic shape is defined:

(1) = & ( 0.75 t) (42)

period

wherez(t)is experimentally derived from the healthy stateseveral pigs based on an average response and is
shown in Fig. 7.

To account for individual pig variations the finalv@r function is defined:

e(ty =e(at + ), 0 <t < period
tvao:min - tao,min _ tao,Wﬂininn_ﬂect,Z - tVao,mintinﬂect,l (43)

o= ,
t1'nﬂect,2 - t1'1/1_ﬂec1.“,1 tinﬂect,Z - tinﬂect,’l

wherety, minis the time of minimum aortic pressu tvaemin is the time of the minimum (or maximum negative)
aortic pressure gradient, amighect1 and tinnect2 are the first and second inflection points of éEq. (43).
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Specifically, tvaeminis well known to correspond to the minimum left treale pressure gradient (or inflection
point) which always occurs just before the dicrataich, and thus corresponds to the aortic valesuck. The
volume is approximately constant at this point, #metefore, the formula of Eqg. (20) shows that... should
be equal tc vaomin, The maximum left ventricle pressure gradient,|$® &nown to occur justbefore the aortic
valve opens, which corresponds closelt tg.i» Therefore since the volume is constant at this tpaénwell,
tinfiect,2 Should be equal tQ, min The time scaling transformation in Eq. (43) enstines the inflection points of
the driver function correspond tg, mnand veemin' as required. Egs. (42) and (43) therefore prowideay of
approximately identifying a patient (pig) specificiver function. Further clinical experiments ardhls on

humans are needed to classify to what degree afracy the driver function is required to be for quigte
cardiac diagnosis.

Fig. 7 - Experimentally derived driver functiorg(t)based on Eq. (20).
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Fig. 8 - Applying the algorithm of Fig. 3 to the pig daa) Identifying all parameters, (b) Fixing,Pand R,.
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3.3.1.

Parameter identification with knowolumes Fig. 8(a) shows the result of applyingdlgorithm of Fig.

3 on the one of the pigs at 30 min into the pulmpr@anbolism experiment. This figure is compared gpacial
case of a fixed

P,y = 2 andR,, = 0.46 in Fig. 8(b). In both cases the maximum @imum values o¥,, andP,, (hot shown)
are accurately captured, but there are errors & 84d 84% in the parametdfs; s andRy. The errors irk,,



Published in : Computer Methods & Programs in Bidin@e (2010)
Status : Postprint (Author’s version)

andRys are less than 5%. However, the paramEtgysappears relatively robust and is virtually unaféecby
chang es Py, For example iR, < 0.2, the errors dE.rare less than 10%. But these results highlight the
importance of the data set in Eq. (40) to accuwyatkdntify the model as well as finding a uniquegraeter set.

The PV curve and aortic pressure waveform correspgro the correct parameters in Fig. 8(a) aretgtbin
Fig. 9, showing a close match. Notice how the fingtd to a half of the ascending aortic pressarenatched
almost exactly. The high degree of accuracy inpeisod is due to the parameter identification metfarcing
the inflection point of the model to match the é@afiion point of the data. This result further shales power of
the method of Fig. 3 as any feature that the mofi€ig. 2(a) is capable of matching, can be prégisaptured
independent of starting point, with very fast cagesce and very minimal computation.

It has been shown that the ascending aortic wawefoflection point is a predictive factor for algse and
cardiovascular mortality in patients with chronanal failure on hemodialysis [40]. Many other sésdhave
also shown features in the continuous aortic pressaveform to help diagnose disease states ambiitor
improvements due to therapy. Therefore, this mattgllind parameter identification approach has thengial
to aggregate key clinical information and any digant correlations between parameters observethén
literature.

3.3.2. Parameter identification withotdlumes. The method of Fig. 4 with medp as an extra unknown, is
applied on two separate time periods, at 30 min BH2@ min. The results of the identified parameters a
compared to the parameters identified with therdlgm of Fig. 3, which are treated as the "truefgoaeters.

For the pig at 30 min, the method identifiBg;, Rys Ea andP,, with an accuracy less than 3% of the true
values, with errors of 7.6% iBes s and 18.8% irR,,. However the larger error iRy, can be attributed to the
small size of the true value f&,. The errors for the identified left ventricle volarand pressure were 4.6% and
1.0%. For the pig at 120 min, the method identifig Rs,s Eao andP,, with an accuracy less than 2% of the
true values, with errors of 5.1% ks sand 14.7% in R. These results combined with the simulated regults
the prior section suggest that the volume may reotnbeded to identify parameters, but requires duarth
validation in clinical trials. These trials would eteto use either ECG or the central pressure wawefor
calculate the end-diastolic filling time. In additi it is required to determine/define what ernord/, m.x are
acceptable for diagnosis. In summary, the simuldegd and the pig data with a manually chosen éastalic
filling time from the volume profile, prove the omept that the reduced data set of Eq. (34) withoearm
volume is potentially sufficient for identifying pemeters of the model, and warrants further ingason.

Fig. 9 - Identification results using correct parameters Fig. 8(a). (a) Pressure-volume curve, (b) Aortic
pressure waveform.
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4, Summary
Three major concepts were introduced in this paper.

» Simplified fully identifiable sub-models thabsely capture a six chamber model with ventricidgeraction,
pericardium and inertial effects.

- The models significantly reduce computationimugations.
- The models accurately predict both simulategarse and clinically measured response.

- The major idea was to decouple the sub-modeis the circulation, by changing the output parareebf the
full model into unknown input parameters for théswdels. This approach ensures, that the majorrésabf
the full model are maintained, and thus in pringipé generalizable to other model structures.

« A parameter identification method based ona@pertional feedback control system that iteratasveen a
forward solution and parameter updates until thasueed clinical data is precisely matched. The @dation
also allows any geometrical feature that the masiebpable of producing, to be precisely capturét wery
minimal computation, for example the end-diastfiliog time and maximum ascending aortic gradigdhce
the method converges, by definition of the conggatem reference input, the global minimum mustdaehed.
Therefore there can be no local minima which canmonty occur in the more traditional non-linear eggion.

» The reduction of the measured data set by inctudire removed measurements as extra unknowns in the
identification method. A fast and accurate paramieientification makes this reduction possible,haminimal
effect on computation. Results in both simulatiod alinical data suggest the maximum and minimuitnmes

are not needed for an accurate identification ef iodel, with the addition of end-diastolic fillirtgme and
continuous ascending aortic pressure.

Current models, e.g. [41,42] are good at captutrieigds in data but do not typically capture pregisantitative
pressure and volume changes, including the exaatuned valve timing and ascending aortic pressiofey

for individual patients. Of course in principal,neplex models could be made to match to any givea set.
But for limited data in an ICU setting, unique pagder identification would only be obtained if aahsubset
of the parameter set is optimized. Thus, the mgjafiparameters have to be fixed at generic valigsh are
only ever known on a population level, not for iridual patients [43-45]. Therefore, pre-determingdainics
would be assumed, which are likely wrong in fastraging critical care patients. Furthermore, a nadfit large
amount of computation is spent simulating theseadyinos from the fixed parameters, which has no tieffect
on matching a patient.

The approach in this paper is different as it omyutates the precise subset of the model thatirggtidentified
to the data. It also closely represents the coomedipg sub-model of the full model and thus stilintains all
the essential physiology. Therefore, very fast amidue parameter identification methods can beldped that
can capture virtually any desired features with imal effect on computational time, high accuracyd an
avoidance of local minima's. For example, the mdshio this paper quantitatively capture the meabsusdve
timing, where usually the qualitative trend is rgpd [42]. In addition, a patient specific drivamttion is
approximately identified, without requiring the rsased pressure volume curve [46].

Finally, the patient specific approach and the fdsntification methods in this paper, gives théeptial to
analyze clinical data in an ICU of time periods ddys or weeks with minimal computational time. The
identified parameter changes can then be analyzécha progresses, and trends and variations canrbpared
between patients. For example, population assumpbta reflex response [41,45] could be characterniziéhin
known bounds, and included in the model. Thus, tdmeept is to let the clinical data itself guide thedelling,
with only basic model structures initially assumedhe process. The resulting model assumptions dvthédn
only be used conservatively, within the uncertaintyinds found from the retrospective studies. apisroach
avoids any significant pre-assumptions on patieghaliour that may hinder accurate representatidns o
individual patient variations which are usuallyrsfgcant in an ICU. This paper therefore represemtset of
modelling and computational tools with the potdrtttamonitor and better manage the cardiovascylstem in
critical care patients.
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5. Conclusions

Two simplified models of the left ventricle-systenaied right ventricle-pulmonary systems were devedotnat
closely matched output data from a full cardiovéamcisystem model with pericardium and ventricular
interaction dynamics. The left ventricle system modgs tested in simulation with up to 10% randorifarmly
distributed noise added to the data. The modelshasvn to be uniquely identifiable with the additiohthe
end-diastolic filling time and continuous inforn@ti from the aortic pressure waveform. Furthermtive extra
data used, that is readily available in an ICU,bésth the mean volume to be added as an extra umknow
parameter with minimal effect on identifiability Ehresult has significant potential clinically, && tmean or
maximum/minimum volumes are much harder to measunere the stroke volume is relatively easy andemor
common.

The approach of breaking down the six chamber hmadel into separate uniquely identifiable models is
general in terms of decoupling parts of the cirbata This approach could in principal be appliedatoy
complex lumped parameter CVS model. In particdlagre work will utilize the simpler models to allorapid
identification of the eight chamber model [22] aatly other added dynamics as required to diagnaskaca
disease states and characterize therapy response.

The clinical and simulated results both suggestpbgntially better model-based diagnostic capgixibuld be
obtained with the addition of continuous aorticgs@e information, and either ECG or the centralousn
pressure waveform to obtain the end-diastolic timikis enhanced capability has been shown to be not
significantly reduced when removing voludg ma/Viv.min measurements. The results thus show the poteatial f
practical implementation of a model-based cardiagrbsis/therapeutics system in the ICU based adilye
measurable parameters.
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