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Background and objective: Mechanical ventilation causes adverse effects on the cardiovascular system.
However, the exact nature of the effects on haemodynamic parameters is not fully understood. A recently
developed cardio-vascular system model which incorporates cardio-pulmonary interactions is compared
to the original 3-chamber cardiovascular model to investigate the exact effects of mechanical ventila-
tion on haemodynamic parameters and to assess the trade-off of model complexity and model reliability
between the 2 models.
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Methods: Both the cardio-pulmonary and three chamber models are used to identify cardiovascular sys-
tem parameters from aortic pressure, left ventricular volume, airway flow and airway pressure measure-
ments from 4 pigs during a preload reduction manoeuvre. Outputs and parameter estimations from both
models are contrasted to assess the relative performance of each model and to further investigate the
effects of mechanical ventilation on haemodynamic parameters.

Results: Both models tracked measurements accurately as expected. There was no identifiable increase
in error from the added complexity of the cardio-pulmonary model, with both models having a mean
average error below 0.5% for all pigs. Identified left ventricle and vena cava elastances of the 3-chamber
model was found to diverge exponentially with PEEP from identified left ventricle and vena cava elas-
tances of the cardio-pulmonary model. The r% of the fit for each pig ranged from 0.888 to 0.998 for
left ventricle elastance divergence and from 0.905 to 0.999 for vena cava elastance divergence. All other
identified parameters showed no significant difference between models.

Conclusions: Despite the increase in model complexity, there was no loss in the cardio-pulmonary model’s
ability to accurately estimate haemodynamic parameters and reproduce system dynamics. Furthermore,
the cardio-pulmonary model was able to demonstrate how mechanical ventilation affected parameter
estimations as PEEP was increased. The 3-chamber model was shown to produce parameter estimations
which diverged exponentially with PEEP, while the cardiopulmonary model estimations remained more
stable, suggesting its ability to produce more physiologically accurate parameter estimations under higher
PEEP conditions.

© 2022 Elsevier B.V. All rights reserved.

1. Introduction

Mechanical ventilation is a critical support for many patients in
ICU. Positive-end expiratory pressure (PEEP) is used to maximise
alveoli recruitment for increased blood oxygenation. However, ex-
cessive PEEP is dangerous and can cause lung damage [1]. Elevated
levels of PEEP also cause an increase of pressure in the thoracic
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chamber, where the heart and vena cava are located. This rise in
intra-thoracic pressure (ITP) is known to decrease cardiac preload,
and thus, decrease venous return, ultimately reducing both the
stroke volume (SV) and stressed blood volume (SBV) of the system
[2-4].

SBV is defined as the total pressure-generating blood volume
in the circulation and describes the volume contributing to tissue
perfusion. Recently, SBV has been shown to be a potential index
of fluid responsiveness as it is a major determinant of the mean
systemic filling pressure (MSFP) and thus, venous return, making
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it a potentially important diagnostic tool [5]. However, clinically
determining the SBV of a patient is a highly complex and dan-
gerous procedure, involving multiple cardiac arrests and fluid infu-
sions, and is clearly not a clinically viable diagnostic procedure [6].
Therefore, accurate model based or other surrogates are required if
SBV is to be used as an index of fluid responsiveness.

Several lumped parameter models have been presented, most
commonly the 6 and 3-chamber models [7-11], as reviewed in
[12]. While simple, identifiable models have proven successful at
capturing the fundamental system dynamics of the CVS and es-
timation of total SBV. However, they do not typically include the
pulmonary system or the impact of ventilation. Instead they rely
on the effects of the pulmonary system to be contained in the left
ventricle and vena cava pressure waveforms. Given the complex re-
lationship mechanical ventilation has on the CVS, the ability to di-
rectly account for its effects could prove important in reliable pa-
tient state estimation and in using SBV as an index of fluid resus-
citation.

De Bournonville et al. [13] presented a cardio-pulmonary model
combining 2 separate, clinically validated models of the cardiovas-
cular and respiratory systems. The model reproduced the effects
of mechanical ventilation on the CVS. However, while the study
demonstrated the impact of PEEP on haemodynamic parameters, it
did not demonstrate whether the added model complexity signif-
icantly improved the simulation of cardiovascular measurements.
In particular, the parameter estimation process and identifiability
were not addressed, so there is no assessment of the impact of
the combined model on the value and trends of haemodynamic
parameters as PEEP and other MV settings change. Thus, its identi-
fiability and clinical utility are unknown, particularly in contrast to
the simpler original, uncoupled, but clinically validated, 3-chamber
cardiovascular model alone.

While model-based decision support is an emerging field [10],
cardiovascular decision support for fluid administration to improve
SBV and avoid excessive fluid administration is an important clin-
ical area which has not been well-studied [12]. Excessive fluid ad-
ministration also significantly impacts lung mechanics and func-
tion, and thus mechanical ventilation. The inter-relationship be-
tween cardiovascular system management and pulmonary system
management is thus stronger, and both need to be accounted for
in any decision support so their model-based management can be
jointly achieved and optimised. This paper directly examines these
clinically driven modelling interactions.

This study uses a 3-chamber minimal CVS model and a com-
bined cardio-pulmonary model with cardiovascular measurements
from a preload reduction manoeuvre (RM) performed on 4 pigs
to address these issues and delineate the impact on model per-
formance and parameter identification. The study also integrates a
new driver function developed by Davidson et al. [14] to remove
the need for left ventricular pressure measurements which are not
usually available in a clinical setting.

2. Methods
2.1. Cardiovascular system model

The CVS model is a highly simplified lumped parameter model
comprising of three chambers representing the left ventricle, aorta
and vena cava. The chambers are connected by 3 flow resistances,
which represent the output, input, and systemic resistance (Ro, R;
& R¢). The input and output valves of the ventricle chamber are
represented by diodes, which prevent flow for a negative pressure
gradient. This simple model ensures theoretical identifiability and
maximises practical identifiability [15], which elude more com-
plex and detailed models [12,16]. The model schematic is shown
in Fig. 1.
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Fig. 1. Three chamber CVS model.

The chambers representing the aorta and vena cava are passive
chambers [9], their pressures are thus defined:

Pa(t) :Ea(t)vs,a(t)? (1)

Pvc(t) = Evc(t)vs,vc(t)v (2)

Where Py, and P, represent aortic and venous pressure, Vs qo
and Vs yc represent the stressed volume of the aorta and vena cava,
and Eg and Eyc represent aortic and venous elastance.

The left ventricle contracts during each heartbeat making it an
active chamber. Left ventricle pressure is thus defined using time
varying elastance as a driver function [7]:

Py (t) = e(t)E Vs 1 (1) 3)
where e(t) is the driver function of the left ventricle derived from
Davidson et al. [14].

The flow into each of the chambers is modelled using Ohm’s
law. The systemic flow is thus defined:

Pa(t) — Puc(t)
TR @

The input and output flows to the left ventricle are controlled
by valves preventing flow across a negative pressure gradient.
These flows can be represented using piecewise functions:

Q(t) =

Ph/(t)—Pua([) P t Pa t

Q(t) = { R, hw(t) > Pao(t) (5)
0 else
Pe®-P,®) p P

Qi(t) = { R; ve(£) > Py (£) (6)
0 else.

The rate of change of stressed volume for each chamber is given
by the difference of input and output flow:

Vs,aa(t) = Qo(t) - Qc(t) (7)
Ve () = Qe(t) — Qi(t) (8)
Vo () = Qi) — Qo(t) 9)

The CVS is a closed system and its total rate of change of vol-
ume is zero, yielding:

Vi () + Vi (t) + Vi us(t) = 0 (10)

Integrating Eq. (10) gives the constant stressed blood volume
for the system, V; 3:

Vs,3 = Vs,lv + Vs,a + Vs,vc (11)
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Fig. 2. Single chamber RS model.

The model is thus made up of a total of 7 parameters; 3 elas-
tances (Egq, Ejy. Eyc), 3 resistances (R¢, R, Ro) and the total stressed
blood volume of the system, V; 5.

2.2. Respiratory system model

The respiratory system model is a clinically validated lumped
parameter model made up of a single chamber to represent the
lungs connected to a mechanical ventilator [1,17-22], as shown in
Fig. 2. Airway flow is represented using Ohm’s law:

Q) = o) P©)

where Poy is the airway pressure supplied by the ventilator, Py,
is the lung pressure and Rgy is the airway resistance. The lung is
represented as a passive chamber, and the lung pressure can thus
be defined:

Plung(t) = Ersvlung(t) + PEEP (13)
where Vj, is the lung air volume and Eys is the respiratory system
elastance. Lung volume is determined by integrating airway flow:

PEEP
Ving(£) = / Quw(t)dt +

rs
Airway flow and pressure, and lung volume are provided by the
ventilator. Substituting Eq. (13) into Eq. (12) yields airway pres-
sure:

Paw(t) = RawQaw (t) + ErsViyng (t) + PEEP (15)

Linear regression can identify the parameters Ry, and Es from
measured ventilator data.

(12)

(14)

2.3. Model coupling

The model coupling in this work is based on [13]. The CVS and
RS models are coupled by thoracic pressure, the pressure exerted
within the thoracic cavity due to the expansion of the lungs dur-
ing mechanical ventilation [2-4]. The model schematic is shown in
Fig. 3.

Thoracic pressure (P,j,) is calculated from the respiratory system
model:

Pth (t) = Ewallvlung(t) (16)
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Fig. 3. Coupled cardiopulmonary model. The thoracic cavity is represented by
the dashed line and exerts intra-thoracic pressure, P, on the vena cava and left
ventricle.

Table 1
Parameter Summary.

Parameter Parameter Description

E, Aortic elastance

E, Left ventricle elastance

Eye Vena cava elastance

R¢ Systemic resistance

R; Input resistance

Ro Output resistance

Vis Total stressed blood volume
Eyan Chest wall elastance

where the wall elastance Eq = Ers — Ejyng. Substituting Eq. (14)
into Eq. (16), thoracic pressure can be expressed:

Pun(t) = EyanVe(£) + PEEP 221 (17)
rs

where P, (t) is the thoracic pressure and V.(t) is the tidal volume,

[ Qaw(t)dt.

The left ventricle and vena cava are located within the thoracic
cavity and are directly influenced by ITP. However, the aorta is
not located within the thoracic cavity and is not directly exposed.
Therefore, the CVS model equations for venous and left ventricle
pressure are updated:

Pvc = Evcvs.vc(t) + Pth(t) (18)

Py (t) = e(O)EVs 1y (£) + Pn (€) (19)

The final cardio-pulmonary model has a total of 8 parameters
to identify, as summarised in Table 1.

2.4. Driver function model

Using the time varying elastance from Eq. (3), the driver func-
tion of the left ventricle can be defined:

P, (t
e(t) — IU( )
Vi (£) = Vi
where Vj, is the unstressed volume in the left ventricle. The driver
function is used to drive the cardio-pulmonary model and contains

crucial information pertaining to the cardiac cycle. However, mea-
surements of left ventricle pressure and volume are not available

(20)



J. Cushway, L. Murphy, J.G. Chase et al.

Meas
= = = Model

Meas
= = = Model

0.8

v \
1 1
1 1
1 1
| 1
1 1
1 ]
1 d
| 1]
1 "
{ 1
1 1]
1 il
1 ]
1 i
1 n
1 |
] |l
1 \}
1 \}

0.6 1 06f
] ] '
2 z |
a a |
0.4 1 oa4f

1

1

1

"

0.2 1 o2t

0 0.5 1 0 0.5
Time (s) Time (s)

Computer Methods and Programs in Biomedicine 220 (2022) 106819

1 " 1 "
Meas Meas
= = = Model = = =Model
0.8} 1 08 ]
0.6 1 06 ]
o ]
2 2
a a
0.4 4 0.4 ]
0.2 j 4 0.2 J
0 - 0 -
0 0.5 1 0 0.5 1

Time (s) Time (s)

Fig. 4. Measured and modelled driver functions for each pig. From left to right, the plots represent the driver function of Pig 4, 6, 7 and 8 respectively.

in the ICU, as they are highly invasive. Thus, a modelled equivalent
based on the work of Davidson et al. [14] is employed. This model
recreates the pressure and volume waveforms from other available
clinical measurements and simple physiological assumptions.

To reconstruct the left ventricle pressure waveform, it is as-
sumed that aortic valve resistance is negligible, implying P, = P,
during systole with some small amount of phase lag. During dias-
tole, no information about P, can be extrapolated from P,. How-
ever, the left ventricle is largely passive during diastole. Thus, the
relaxation and filling phases can be modelled as an exponential
decay and an exponential increase, respectively.

The V,, waveform is reconstructed using piecewise phase-
shifted sine waveforms in conjunction with 3 timings from the
aortic pressure wave. Three pieces of volume information are also
used: unstressed volume, end-systolic volume and end-diastolic
volumes (Vy, Ves, & V). For this study, unstressed volume was as-
sumed to be 48% of V,4. The V,,, and P, waveforms were recreated
using the model from [14]. Finally, the driver function was calcu-
lated using Eq. (20). Figure 4 shows simulated and measured driver
functions for each pig.

2.5. Output vector

Model outputs were chosen as beat-to-beat metrics, rather than
time dependent measurements. This choice is largely due to the
fact the temporal evolution of all signals is not always available or
exportable from bedside machines [7]. As such, only beat-to-beat
data, such as mean pressures and pulse pressures, are assumed to
be available.

Outputs were chosen to ensure structural identifiablility of the
model [15,23-25]. The work by Pironet gives lists of model out-
puts required to ensure structural identifiablility of the CVS model
[7,10]. The output vector in Pironet’s work is defined:

Xevs = [Pa(t), APi(t), Puc(t), APyc(t), Vi (t), SV] (21)

The pressure gradient between the left atrium and left ventri-
cle determines the flow into the ventricle during filling. However,
in the experiments performed, there were no measurements of left
atrial pressure. Pironet’s work used central venous pressure (CVP)
as a reference measurement in place of left atrial pressure. How-
ever, in between CVP and left ventricle pressure lies the pulmonary
circulation, and while CVP may be a close approximation, it is not
necessarily a physiologically accurate one. Indeed, CVP was often
found to be lower than P, (t) during all of diastole, which would

prevent ventricle filling. Therefore, due to the absence of left atrial
pressure measurements and the unreliability of CVP as a reference,
Pyc(t) and AP,c(t) were omitted from the output vector.

The coupling of the respiratory system adds an extra parameter
to identify, the chest wall elastance, E,,,;. To identify this param-
eter, a further model output is required. From Eq. (17), chest wall
elastance is directly proportional to thoracic pressure. Fig. 5 illus-
trates the effect of thoracic pressure on the aortic pressure wave-
form. The peaks of P;(t), Ps(t)max, form the outline of P, (t). Thus
APy (t) ~ APy (t)max Over one respiratory cycle is a visible condi-
tion, and thus AP;(t)max can be used to estimate E, ;. Therefore,
the final output vector employed in this study is defined:

X= [Fa(t)v APa(t)v Vh(t)s sV, APa(t)max] (22)

2.6. Parameter estimation

Parameter estimation is performed through iterative adjustment
of parameter values from a set of initial conditions to minimise an
error function.

2.6.1. Nominal parameters

A nominal parameter estimation or initial values are required.
Where possible, parameters were identified using model equa-
tions and measurements. Where measurements were unavailable,
values from literature were used. A summary of the equations for
each parameter is defined in Table 2.

2.6.2. Parameter subset

To ensure practical identifiability [15,23], a common subset of
sensitive parameters was chosen for optimisation for all pigs. The
parameters E,; and V3 are crucial for final analyses and were
thus automatically included in the final parameter subset. Sensi-
tivity and correlation analyses per the method in [7] identified a
common parameter set. The most commonly sensitive parameters
from all pigs were then identified and added to the final parameter
subset. A common parameter set was required to ensure compar-
isons between pigs were relevant.

2.6.3. Error function

The error function is a measure of accuracy for identified model
outputs. If y™f is a vector containing the Ny reference measure-
ments and y(p) is the output vector of parameter vector, p, each
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Fig. 5. Effect of thoracic pressure on the aortic pressure waveform. Aortic pressure is shown in blue and thoracic pressure in orange.

Table 2
Parameter definitions.

Parameter Parameter Definition
AP, (t)
E cor 1B
Py (t)
E max: 10
v TVIv(t) [ ]
AP ()
Eye ot (13
Py(t) = Pyc(t)
Re S 0]
R; 0.05mmHg.s/ml [11]
Ro 0.04mmHg.s/ml [11]
= Pa(t) . Pyt
Vs V(0 + 220 Be® )
Eq Eyc
E
Ewu“ %

output’s error is defined as the difference between the measure-
ment and the output:

ei(p) =y —yi(p), i e [1,N] (23)

The error function is then defined using the RMS of all errors:

(24)

2.6.4. Parameter identification

The parameter identification in this work was performed using
MATLAB'’s (The Mathworks, Natick, MA, USA) fmincon function. The
parameter subset and error function were passed as parameters.
Parameter estimation was performed for 4 pigs over 2 preload re-
duction manoeuvres each.

2.7. Experiment and data

2.7.1. Experimental procedure

The experimental protocol was approved by the Ethics Commit-
tee for the use of animals at the University of Liege, Belgium be-
tween September - November, 2015 (Reference Number 14-1726).
Eight pure Pietrain pigs were anaesthetised and mechanically ven-
tilated. Septic shock was then induced in the subjects via a single
infusion of endotoxin (lipopolysaccharide from E. Coli, 0.5 mg/kg,
infused over 30 min). Pre-endotoxin infusion, a 500 mL saline so-
lution was administered over 30 min simulating fluid resuscitation
therapy. Several PEEP driven RMs were performed on each pig both
pre- and post- endotoxin. Aortic pressure in the subjects was con-
tinually measured via a catheter with a sampling rate of 250 Hz.
P, and V;, were also continually measured at a rate of 250 Hz via
an admittance pressure volume catheter inserted into the left ven-
tricle via an apical stab.

The airway flow data for Pigs 1 and 5 gave no negative readings,
rendering the data unusable for the cardio-pulmonary model. Pigs
2 and 3 both displayed unreliable data with multiple interruptions
in the data stream and were thus also unusable for this study. The
remaining pigs (Pigs 4, 6, 7 and 8) all had usable data and were
used in this work.

2.7.2. Sections of importance

In this study, the section of particular interest was the first
RM, as all the following RMs took place post-endotoxin. The pres-
ence of endotoxin induced septic shock introduces a multitude of
additional physiological mechanisms deemed unsuitable for initial
model validation. During the initial RM, PEEP was initially set to
0cm?H,0 and incremented by 5cm2H,0 roughly each minute until
a maximum pressure of 20cm?H,0 was reached, with the excep-
tion of Pig 7 which had a maximum PEEP of 15cm%H,0. PEEP was
then set back to a baseline value of 5cm2H,0.
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Fig. 6. Identified model waveforms vs measured waveforms. Top left and right show measured and model P, respectively while bottom left and right show measured and
model V), respectively. Mean values are shown as a dashed black line, and the min and max are shown with dashed red lines.

Sections of data corresponding to each PEEP level of the RM
were annotated for all pigs. Parameter estimation was then per-
formed over the first and last five beats of each PEEP section for
all pigs.

2.8. Analyses

Model dynamics and quality of fit were analysed by checking
the mean absolute error (MAE) of parameter estimates and by
comparison of simulated and measured waveforms. Model outputs
of the cardio-pulmonary model were compared to outputs of the
3-chamber model to analyse the effects of PEEP on model outputs.
The progression of all parameters over the RM were then analysed
and compared to expected physiological trends. The effect of tho-
racic pressure on parameter estimation was analysed by comparing
parameter progressions of the two models.

3. Results
3.1. Parameter subset selection

The 2 least sensitive parameters for all pigs were the input and
output resistances. They were left out of the final parameter sub-
set. The final parameter subset was defined:

P= [Eas Elv, Evc, RCs Vs,3s Ewall] (25)

3.2. Parameter estimation

Parameter estimation was qualified using the MAE of the error
vector for each beat. All MAE errors were found to be lower than
0.5%. Parameter estimation was also qualified by plotting simulated
waveforms against measurements to ensure model dynamics were

accurately captured. Figure 6 shows the comparison of measure-
ment and simulated aortic pressures and left ventricle volumes,
displaying their means and ranges. Figure 7 shows the effects of
thoracic pressure on both the measured and simulated aortic pres-
sure, illustrating the cardio-pulmonary model’s ability to capture
the effects of thoracic pressure on the CVS.

3.3. Effect of PEEP on SBV and SV

Figure 8 shows the progression of SBV and SV for both the 3-
chamber model and the cardio-pulmonary model. The two mod-
els result in almost identical outputs, emphasising the ability of
both models to track the left ventricular volume measurements. SV
decreases as PEEP is increased, as expected, due to the increased
pressure in the thoracic chamber, causing a decrease in venous re-
turn and thus a reduction in ventricular preload [26,27]. In healthy
patients under normal conditions, SV and SBV are expected to dis-
play a strong linear correlation [7]. The relationship between SBV
and SV of all pigs is shown in Fig. 9. As expected, the SV and SBV
are highly correlated for all pigs displaying a very strong relation-
ship between SBV and SV.

3.4. Effect of PEEP on haemodynamic parameters

Figure 10 shows the progression of parameter estimations of
both models over the RM. With the exception of Pig 8, the E,
remains relatively constant over the RM for both models, as ex-
pected, since the inherent elastance property of the vessel should
not change over the short duration of the RM. Furthermore, as
PEEP increases, the estimates of E, and E;, between the models
increasingly diverge. This divergence is expected because the 3-
chamber model cannot account for the additional thoracic pressure
applied directly to the left ventricle and vena cava.
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Fig. 11. The difference between elastance estimates from the cardio-pulmonary and 3-chamber models. The left shows identified E;, of the cardio-pulmonary model sub-
tracted from identified E;, of the 3-chamber model for all pigs. The right shows the same for E,.. Actual elastance values (*) are shown against an exponential line of best

fit (solid line).

Table 3

r2 values for exponential fit of elastance divergence.
Pig r2 of E, 2 of Eye
4 0.998 0.999
6 0.915 0.906
7 0.889 0.915
8 0.918 0.973

The nature of the divergence is illustrated in Fig. 11. The plot
shows identified elastances from the cardio-pulmonary model sub-
tracted from that of the 3-chamber model. The identified elastance
from the 3-chamber model are shown to diverge exponentially
with increasing PEEP from those of the cardio-pulmonary model.
A first order exponential was fitted to the data. The r? values for
each fit are summarised in Table 3.

Rc and E, remain relatively constant over the duration of the
recruitment manoeuvre for both models. Neither the systemic vas-
culature nor the aorta are directly affected by ITP and thus large,
immediate variations of these parameters with PEEP are not ex-
pected. Furthermore, the difference in estimations between the 2
models is much subtler than that of E,c and E;,, further demon-
strating the indirect nature of the affect ITP has on these parame-
ters.

4. Discussion
4.1. Comparison of model dynamics

Both models captured the fundamental dynamics of the CVS.
Model outputs were validated by assessing the MAE of the param-
eter estimation and by means of visual inspection to ensure reli-
able tracking of measurement data. Despite its slight increase in
complexity, there was no apparent increase in MAE of the cardio-
pulmonary model when compared to the 3-chamber model.

4.2. Model discrepancies

The results shown in Figs. 6-7 do not match measurement vol-
ume and pressure waveforms exactly. Despite having near identical

means and ranges, the shapes of modelled aortic pressure and left
ventricle volume vary slightly from their measured counterparts.

The reason for the discrepancy in volume results from obtain-
ing left ventricular volume via integration of aortic flow. While
this produces accurate measurements of SV and mean left ven-
tricular volume used by the error function, it does not provide
an accurate overall shape of the left ventricular volume wave-
form, which would closer resemble the shape of the modelled
output.

Similarly, the Dicrotic Notch in the aortic pressure is not
present in Fig. 7 as the model definition chosen does not capture
this local nonlinear behaviour given its goal is to capture system
overall system dynamics and system wide metrics such as stressed
blood volume.

4.3. Effect of MV on the CVS

Mechanical ventilation has a wide range of effects on the CVS.
It causes an increase in ITP which is directly applied to the heart
and the vena cava. As PEEP increases, so too does ITP, and, as such,
its effects on the CVS are exacerbated. Increased levels of thoracic
pressure are known to inhibit venous return, causing a reduction
in preload and ultimately a reduced CO.

As PEEP increased, measured SV decreased significantly, drop-
ping by over 60% in Pigs 4 and 8. Both models were able to suc-
cessfully track the large variations in SV as PEEP was increased.
Furthermore, the models were able to capture the strong relation-
ship between SBV and SV, as shown in Fig. 9, emphasising their
ability to accurately estimate SBV and their potential for use in
guiding fluid therapy.

Eyc remained relatively constant over the RM for 3 of the 4 Pigs.
The elastance is an inherent property of the vessel and should not
change over small periods of time in healthy subjects. However,
Pig 8 showed a large increase in Ey.. Pig 8 was diagnosed as be-
ing hypovolemic. The model relies on a linear relationship between
pressure and stressed blood volume in its passive chambers. Once
a subject becomes increasingly hypovolemic, it is possible for the
model to enter a non-linear operating range, where estimated pa-
rameters are less physiologically relevant or accurate. However, at
such low volumes, there is little diagnostic loss as there would
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have already been many available signs of such a severe condition,
such as very low blood pressure levels.

4.4. Effect of ITP on estimated parameters

The effects of ITP on the CVS can also interfere with a model’s
ability to produce accurate parameter estimations. In the case of
the three chamber model, which is unable to account for thoracic
pressure, the model is unable to separate thoracic pressure from
simulated left ventricle pressure and venous pressure. Thus, while
some parameters remain unaffected, some parameters show large
deviations compared to the cardio-pulmonary model.

As expected, estimations of SBV and aortic elastance remained
unaffected by thoracic pressure. Since blood flow through the sys-
tem remains the same for both models, it can be deduced SBV
would remain the same as well, since stressed blood volume is the
integral of blood flow in the system. If SBV in the aortic chamber
remains constant, from Eq. (1), any change in pressure results in
a direct change in elastance and vice versa. Since modelled aor-
tic pressure is not directly affected by thoracic pressure and the
stressed volume in the aortic chamber remains constant, it can be
deduced aortic elastance estimates between the 2 models should
not change either.

As shown in Fig. 10, both the left ventricle and vena cava elas-
tance estimates of the two models diverged as PEEP increased.
The divergence was found to be exponential with PEEP, as illus-
trated by Fig. 11. This outcome is expected because unlike aortic
pressure, both the left ventricle pressure and vena cava pressure
are directly affected by thoracic pressure. Measured pressures are
comprised of pressure caused by stressed volume in the chamber
and the thoracic pressure caused by MV. Since the three cham-
ber model is unable to account for thoracic pressure, it assumes
pressure measurements are caused exclusively by SBV. This neces-
sary assumption due to the model’s definition results in elastance
estimations which increase directly with PEEP. Since the cardio-
pulmonary model is able to distinguish between thoracic pressure
and pressure caused by SBV, it produces a more physiologically ac-
curate estimation of elastance, one which does not fluctuate with
PEEP.

4.5. Limitations

4.5.1. Simplicity of model

One of the biggest limitations of the model presented in this
work is the omission of the pulmonary circulation [10,28]. In-
deed, it is assumed the systemic and pulmonary circulations can
be treated independently for assessing SBV, which is not physio-
logically accurate. Furthermore, under normal operating conditions,
the heart experiences ventricular interactions due to the heart be-
ing enclosed in a fibrous membrane called the pericardium. The
physiological connection between left and right ventricles causes
a compressive force applied to the left ventricle when the right
undergoes filling. With only one circulation being considered this
interaction cannot be accounted for, though it is typically small
except in pulmonary embolism [29,30]. Equally, the model’s sim-
plicity ensures identifiability and is still able to capture observed
dynamics.

Another limitation of the model is the absence of the left
atrium. At the end of filling, the left atrium contracts to provide
an additional amount of blood to the ventricle. It has not yet been
shown the time varying elastance theory can be applied to the
atria as it is done to the ventricle. Other authors have developed
alternate methods to represent the atria such as the multi-scale
model [28]. However, these models use large numbers of param-
eters, rendering the model structurally unidentifiable due to the
limited data clinically available.
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A further limitation of the model is the fixing of the input re-
sistance for parameter estimation. Several studies have cited rais-
ing PEEP increases the resistance to venous return, which is linked
to reduced ventricular preload and thus reduced SV. With the
resistance to venous return fixed for parameter estimation, the
model accounts for this in other ways which means some identi-
fied parameters may not be entirely physiologically accurate. How-
ever, it is not immediately evident to what degree estimations
are affected. Sensitivity analyses performed in this study and sev-
eral others [7,8,13] found input resistance to be the least sensi-
tive parameter in the parameter estimation process, implying that
it has very little effect on overall system dynamics compared to
other parameters. Furthermore, the model is still able to accurately
capture expected trends of haemodynamic parameters. Parame-
ter trends are arguably of much greater importance as they are
more clinically relevant in assessing a patient’s response to treat-
ment than exact parameter values, which have less physiological
importance given the wide variation of parameter values among
individuals.

4.5.2. Experimental data

The study was limited by the small sample size of experimen-
tal data available. Furthermore, of the 8 pigs which underwent
the experimental procedures, only 4 produced suitable measure-
ment data for use in this study. Despite the small sample size, the
porcine data used in this study provided accurate information to
run and validate the model, including left ventricle volume, which
is not typically available in the ICU. Such animal studies are inten-
sive, time consuming, and costly, thus only few experiments are
performed. However, the quality of data available for validation is
very high, and unavailable in human subjects. Thus, this study and
data provide a foundation of work, which can be confidently built
on to investigate trends in a larger population of human subjects,
while directing it towards a clinical setting.

5. Conclusions

The work in this paper investigated the novel cardio-pulmonary
model and its ability to reproduce cardiovascular system dynamics
and physiologically expected trends over the course of a preload
reduction manoeuvre. It proved successful in reproducing overall
CVS dynamics and importantly, the effects of ITP on the CVS with-
out skewing other model parameters.

The model outputs and estimated parameters were also com-
pared to the original 3 chamber model from which the cardio-
pulmonary model was derived. Despite the increase in model com-
plexity, there was no loss in the model’s ability to accurately es-
timate haemodynamic parameters and reproduce system dynam-
ics. Furthermore, the cardio-pulmonary model was able to demon-
strate how MV affected parameter estimations as PEEP was in-
creased. The 3 chamber model was shown to produce parame-
ter estimations which fluctuated directly with PEEP, while the car-
diopulmonary model estimations remained more stable, suggesting
its ability to produce more physiologically accurate parameter esti-
mations under higher PEEP conditions.
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