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Abstract

Background: Physics-based cardiovascular models are only recently being considered
for disease diagnosis or prognosis in clinical settings. These models depend on param-
eters representing the physical and physiological properties of the modeled system.
Personalizing these parameters may give insight into the specific state of the indi-
vidual and etiology of disease. We applied a relatively fast model optimization scheme
based on common local optimization methods to two model formulations of the left
ventricle and systemic circulation. One closed-loop model and one open-loop model
were applied. Intermittently collected hemodynamic data from an exercise motiva-
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hemodynamic data were collected for each participant at the start, middle and end of
the trial. We constructed two data sets for the participants, both consisting of systolic
and diastolic brachial pressure, stroke volume, and left-ventricular outflow tract velocity
traces paired with either the finger arterial pressure waveform or the carotid pressure
waveform.

Results: We examined the feasibility of separating parameter estimates for the indi-
vidual from population estimates by assessing the variability of estimates using the
interquartile range. We found that the estimated parameter values were similar for the
two model formulations, but that the systemic arterial compliance was significantly
different (p < 107%) depending on choice of pressure waveform. The estimates of
systemic arterial compliance were on average higher when using the finger artery
pressure waveform as compared to the carotid waveform.

Conclusions: We found that for the majority of participants, the variability of param-
eter estimates for a given participant on any measurement day was lower than the
variability both across all measurement days combined for one participant, and for the
population. This indicates that it is possible to identify individuals from the population,
and that we can distinguish different measurement days for the individual participant
by parameter values using the presented optimization method.

Keywords: Cardiovascular modeling, Model personalization, Lumped-parameter
models, Parameter variability
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Background

Cardiovascular disease is a leading cause of loss of quality of life and premature death
worldwide [1]. Although much of the pathophysiology is known, cardiovascular dis-
ease typically progresses over several years before detectable, and then often severe,
symptoms emerge. Furthermore, subsequent prediction of the cardiovascular response
and determining the benefits of early intervention remain challenging. Computational
modeling has been proposed, by several engineers and researchers, to improve early
detection and treatment of cardiovascular disease [2—4]. These models parallel similar
applications in engineering. However, one of the main issues in medical applications
is the estimation of model parameter values representing an individual patient (model
personalization) [4].

Previous research has shown promising results for personalizing cardiovascular
models [5-12] or predicting intervention effects in settings of localized cardiovascular
disease and critical care [13, 14]. In this work, we investigated the application of such
models as a tool for monitoring of the left ventricle and systemic circulation in appar-
ently healthy adults at risk of developing cardiovascular disease. The parameters of
hemodynamic models represent mechanical properties of the heart and blood vessels,
such as contractility, compliance, and resistance, and their estimation can be seen as
low-level phenotyping. Longitudinal monitoring of subtle changes in individual hemo-
dynamics may provide means for early detection of novel risk factors and cardiovascu-
lar disease progression, which may otherwise be ignored or undetected. Furthermore,
hemodynamic modeling may be used to predict changes to a given stimuli to determine
the best course of treatment.

Various approaches for personalizing cardiovascular models have been demon-
strated [5-12]. We focused on an approach for improving screening of apparently
healthy adults at risk of cardiovascular disease in clinical practice. In this context,
we identified three main factors influencing the choice of model and personaliza-
tion method. First, we considered the cardiovascular physiology of interest which was
defined by targeted model outputs such as central blood pressure, ventricular and aor-
tic blood flow. Second, the objective of widespread hemodynamic monitoring limits the
feasibility of acquiring detailed anatomical data on vascular networks, and thus, we con-
sidered which data may be available in a realistic clinical setting. We focused on models
and personalization methods that can be accomplished from widely available non-inva-
sive clinical measurements, such as echocardiography and continuous blood pressure
monitoring. Third, we considered model performance in terms of precision, accuracy,
and predictive power. A main consideration was that increased model complexity may
give a better representation of underlying mechanisms, but requires more data to con-
strain the additional parameters [3, 15]. Another consideration, of relevance to clinical
practice, was the computational complexity and time cost of evaluating more sophisti-
cated models. Indeed, increased model complexity becomes particularly problematic in
the personalization process as computational demands for estimation of personalized
parameters can increase. Additionally, a more complex model with more personalizable
parameters increases uncertainty in model outputs [3]. We investigated two effectively
minimal models of the cardiovascular system consisting of lumped parameter repre-
sentations of the left ventricle and the systemic circulation in a closed- and open-loop,
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respectively. In summary, the minimal approach in this work was motivated by the car-
diovascular physiology of interest, the limited clinical data, and the long-term goal of
enabling personalized predictions in clinical practice without a large additional burden
to the patient and healthcare provider.

In this work, we developed a computationally efficient approach to personalize two
minimal models based on numerical optimization to adapt the model outputs to meas-
ured data. Our approach is presented as a computationally cheaper method compared
to more complex global methods. Simultaneously, we used an ensemble of estimates to
account for uncertainty in the initial parameter estimates. We evaluated this modeling
and personalization approach with available data from 25 individuals, with initially low
physical activity levels, participating in a pilot study investigating the effects of physical
activity self-monitoring on blood pressure. The participants were given advice on how
much physical activity they should aim to engage in over the course of 12 weeks while
monitoring their activity by wrist-worn heart rate sensors. Clinical measurements of
blood pressure, volume, and flows were acquired at the beginning, middle, and end of
the intervention period to detect potentially non-linear parameter changes. This study,
similarly to the work of [16], investigates the change of parameters throughout an inter-
vention period, which could give more insight into progression of disease or therapy.
However, Audebert et al. focus on a parameter in response to disease progression in rats,
while we monitor exercise as hypertension therapy in humans.

Our primary objective was to find personalization methods which could reliably esti-
mate model parameter values specific for each participant and measurement day. Our
evaluation of the parameter estimates used the relative variability of individual param-
eter estimates in comparison to the variation of parameter estimates for all participants.
To this end, we express variability as the interquartile parameter range normalized by
the median and refer to it as the interquartile range (IQR). Furthermore, we evaluated
the consistency in parameter estimates from the closed- and open-loop models and
using various pressure waveforms. The model output of primary interest was the cen-
tral aortic pressure wave for monitoring of medical conditions such as hypertension. In
summary, this study investigates the feasibility of using lumped parameter models with
different data to detect personalized changes in model parameters after 6 to 12 weeks of

exercise.

Method

In this work, we used data on brachial arterial pressure, finger arterial pressure, pulse
wave velocity (PWYV), and volumetric flow in the left-ventricular outflow tract (LVOT)
before and after 6 and 12 weeks of physical activity.

Study design, setting, and participants

Personal Activity Intelligence (PAI) is a personalized and relative metric of exercise
frequency, duration, and intensity based on heart rate monitoring and an accumulated
score of > 100 PAI/week is associated with higher cardiorespiratory fitness and lower
cardiovascular mortality [17, 18]. We used data from a pilot randomized controlled trial
to assess whether a 12-week intervention with PAI monitors increase physical activity
and reduce 24-h ambulatory blood pressure in adults with elevated blood pressure [19].
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A secondary aim of the trial was to collect data for computational models describing
cardiovascular remodeling of physical activity. The data provided varied opportunities
for personalizing models, and this work outlines our approach for model personaliza-
tion. The trial was approved by Regional Committee on Medical and Health Research
Ethics of Norway (Identifier: 2019/1084) and preregistered on clinicaltrials.org (Identi-
fier: NCT 04151537).

Data collection
All hemodynamic measurements were collected at pre- (baseline), mid- (6 weeks), and
post-intervention (12 weeks), denoted 1, 2, and 3 as superscripts in the formulations,

respectively.

Physical activity monitoring

To assess physical activity level at baseline and during the whole 12-week intervention
period, all participants were provided a wrist-worn heart rate monitor without a dis-
play (LYNK2). The monitor automatically processed raw heart rate data to an aggre-
gated weekly PAI score. The baseline period lasted one initial week directly before the
intervention period. Twenty-six initially inactive participants (< 50 PAI/week based
on self-reported physical activity) with elevated blood pressure (systolic > 130 mmHg
and/or diastolic > 80 mmHg) were randomized 1:1 to an active intervention or passive
control. Participants in the active intervention were provided with a mobile application
for self-monitoring of PAI score and were instructed to obtain and maintain > 100 PAI/
week. Participants in the passive control were recommended to follow the World Health
Organization’s physical activity guidelines of 150 min of moderate intensity or 75 min of
vigorous intensity activity or any combination thereof per week [20].

Blood pressure recordings

Brachial and finger pressure were measured with non-invasive cuft-based devices. Bra-
chial pressure measurement yielded momentaneous measurements of systolic and dias-
tolic blood pressures, while the finger pressure measurements provided continuous
waveforms.

Brachial pressure was recorded in two ways. First, brachial pressure was assessed in
the sitting position with an automatic blood pressure monitor (TangoM?2, SunTech Med-
ical Inc) at the test station, which is from this point on referred to as office blood pres-
sure. Second, brachial pressure was measured with a 24-h ambulatory blood pressure
monitor (Oscar 2 model 250, SunTech Medical Inc), which is abbreviated to ABPM. We
used the average systolic and diastolic blood pressure during waking hours in the data
analyses.

Finger arterial pressure was measured in the left lateral recumbent position using
Finometer PRO (FinaPres) for 4 of the participants and Non-Invasive Blood Pres-
sure Nano (FinaPres) for the remaining participants. We synchronized all finger artery
recordings with LVOT flow obtained with echocardiography.
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Echocardiography

All participants underwent three full echocardiographic assessments (Vivid E95, Ving-
Med). Velocity flow trace in the LVOT and stroke volume (SV) from the left ventricle
were the considered most relevant measurements. Traces of LVOT flow was synchro-
nized with finger pressure for at least three heart cycles. The first cycle was assumed to
be less prone to noise and extracted as the sample cycle. We converted the velocity trace
as the volumetric flow in units of milliliters per second (mL/s) to be compatible with
the model formulation. Stroke volume was computed from 4D measurement of the left
ventricle which was automatically segmented to determine SV and averaged over multi-
ple heart cycles using EchoPAC (GE Healthcare). Stroke volume was used to rescale the
LVOT flow cycle integral such that the cycle sample corresponded to the volume meas-
ured in 4D, which we have assumed to be a more accurate and stable measure of the SV
as it was automatically averaged over multiple heart cycles.

Applanation tonometry

Pulse wave velocity was acquired by applanation tonometry (SphygmoCor CvMS v9,
AtCor Medica). The PWV was estimated by monitoring the carotid and femoral pres-
sure waves and computing the time of pulse propagation from the ventricle to the two
points. Uncalibrated pressure cycles are reported as an image with marker points for
each QRS complex. We extracted carotid pressure waveforms from the tonometry
traces. The cyclic waveform data points were digitized using WebPlotDigitizer [21]. We
used carotid and finger pressure waveform data for our model optimizations as continu-
ous blood pressure data have been shown to give better estimates than using momenta-
neous measurements using synthetic data [22].

Data preprocessing
The data preprocessing described in this section and the data analyses described in the
subsequent sections were executed in Python (Version 3.9).

Finger pressure

Arterial finger pressure was synchronized to the LVOT flow signal to the precision of
the closest heart beat for all three aortic flow measurement locations. The flow data were
interpolated to match the time points of the pressure recording to ensure the same fre-
quency and enable applying a standard numeric solver to the paired data. The pressure
cycle was rescaled to match ambulatory blood pressure to use the finger pressure wave-

form as a proxy of more central waveforms.

Tonometry traces

The tonometry traces were of varying quality and we assessed all cycles manually before
determining which to include in the analyses. The waveforms were assessed visually and
discarded if they were obviously distorted, lacked any signs of the dicrotic notch plateau,
or did not represent complete heart cycles. The remaining cycles, each representing a
heartbeat, were normalized to a uniform scale, averaged, and subsequently scaled to
match ambulatory blood pressure. The cycle lengths were averaged to estimate the heart
rate, and the final pressure cycle was standardized to this heart rate.
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Pressure and flow waveform alignment
None of the collected pressure and flow waveforms were collected at the same sam-
pling rate which was required by the chosen estimation algorithm. Matching time
points ensures equal weighting of the two waveform signals due to number of con-
tributing residuals in an optimization context. When pairing flow and the finger pres-
sure signals, the heart cycle was determined by identifying the distance between start
of upstroke for the first flow cycle and to the next start of upstroke. These time points
were then used to extract a corresponding pressure cycle from the continuous pres-
sure recording. The flow signal was linearly interpolated to match the time points of
the finger pressure. For the carotid waveforms, the data with the largest mean inter-
point distance in time had their measurement points rearranged to be evenly distrib-
uted over the corresponding heart cycle. Afterwards, both pressure and flow signals
were interpolated to the new uniformly distanced time points. The number of total
data points for the flow and carotid pressure waveforms were often comparable and
therefore the number of total discretized points were not changed considerably in
most cases due to interpolation. All pressure measurements were linearly rescaled
so that the maximum and minimum of the waveform matched the ambulatory blood
pressure systolic and diastolic values. However, in a single set of measurements the
ambulatory blood pressure was missing and office blood pressure was used instead.
In both cases, the flow cycle length in time was rescaled to have the same heart
rate as the pressure sample, and to have the same SV as recorded in 4D echocardi-
ography mode. In cases where 4D SV were missing, we used the SV calculated by
EchoPac from the LVOT flow. All pressure and flow cycles were aligned to start at
systolic upstroke.

Models

In this work, we applied two models of the left ventricle and systemic circulation. One
closed-loop model in which the venous pressure and volume was estimated as a model
prediction and one open-loop model which assumed fixed venous pressure and left atrial
pressure. The parameters chosen for personalization in our models are shown in Table 1.

Closed-loop model
The simplified closed-loop model used for personalization has been presented by
Bjordalsbakke et al. [22], and is based on similar models by Segers, Smith and Stergio-
pulos et al. [2, 23-26]. An illustration of our version of the model is provided in Fig. 1.
The closed-loop model is described by a system of differential equations characterizing
the behavior of the stressed volumes of the ventricle, arteries, and veins. All flows were
computed as the pressure gradient across resistances between the model compartments.
Each separate compartment was modeled using a linear relationship between pressure
and volume. See “Model equations” section for the full mathematical model description.

Open-loop model
The open-loop model formulation is identical to the closed-loop model, except that

the venous compartment is removed. This means the venous compliance parameter
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a) Left ventricular _ Aortic pressure, P,(t)
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, Systemic arterial
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pressure, P, (t)

b) Left ventricular . Aortic pressure, P,(t)
pressure, Py(t)
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|

Systemic venous
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Fig. 1 aThe closed-loop, lumped parameter model of the left ventricle, systemic arteries, and veins. b

The open-loop lumped parameter model of the left ventricle and systemic arteries. The circuit equivalent
formulation of the models are depicted with the pressures and most of the mechanical parameters used to
describe the systemic circulation. The venous compartment is volumeless and only partially described in the
open-loop model. Adapted from Bjgrdalsbakke et al. [22], and used under CC-BY 4.0

is replaced by a fixed venous pressure value, which in turn means that the total
stressed blood volume parameter fluctuates. The model is identical to the one used
by Stergiopulos et al. [24], but we set the constant venous pressure to Py, = 6.0
mmHg, which is a value within the range of a normal central venous pressure (CVP)
[27, 28]. See Fig. 1 for an illustration of the model. Additional details of the math-

ematical description can be found in “Model equations” section.

Model output

The model outputs such as pressure and flow are denoted as y(¢,0) to emphasize
that each output varies with time ¢ and the parameter vector 6. From these model
predictions, estimates of clinical measurements can be derived. The model predic-
tions were computed numerically using SciPy’s implementation of the 4th-order
Runge—Kutta (RK4) method to integrate the differential equations [29]. The model
was solved for 10 heart cycles, and the tenth cycle was taken as the model prediction.
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Table 1 The closed-loop model parameters are listed with their corresponding symbols and units.
The same parameters are used to describe the open-loop model except for Cs, and Vior

Symbol Description Unit
Cao Systemic arterial compliance ﬁLHg
Cov Systemic venous compliance ﬁ
Emax Maximal left ventricular elastance %’[‘9
Emin Minimal left ventricular elastance mm[‘@
Rmv Mitral valve resistance mm'g s
Rsys Total peripheral resistance %HLQS
T Heart period S

tpeak Time of peak ventricular elastance S

Viot Total stressed blood volume mL
Zao Characteristic impedance of the aorta mmHg s

ml

Parameter estimation
The inference method for the parameters was based on a local optimization method,
similar to the work outlined in [22]. We preferred a local optimization method as it is
most feasible to apply to routine screening in clinical practice as global methods often
demand higher computational costs. The SciPy implementation of the Trust-Region
Reflective Algorithm (TRRA) was chosen as it supports the use of bounds for differ-
ent parameters [29], which can constrain the parameter space to more physiologically
realistic parameters.

Both models take a vector of parameters # and generate outputs y(f,#) at time
point k. A real measurement at the same time point can be described as being com-
posed by this model output and other terms of the form

¥ =yt 0) + Ex, (1)

where Ej is a measurement error or noise. However, to infer the parameters which
reproduce a measured set of data, a problem on the form

6= arg min (@) (2)

must be solved. Here, ] is a cost function which characterizes the optimization problem.
In this work, we focused on non-linear least squares optimization.

The TRRA is dependent upon a set of initial parameter guesses # where the ith compo-
nent of the vector is 6;. We found personalized parameter estimation by applying the TRRA
in a five-step procedure. In short, the procedure can be described as follows:

1 Use the TRRA to make 30 parameter estimates from 30 different sets of initial
guesses.

2 Take the initial parameter guess which yields the lowest cost function value estimate
and create a new uniform distribution centered on these parameter values.

3 Make 20 new initial guesses based on the best previous guess and produce 20 new
sets of estimates, we call this set of parameters @jstep2.
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,d,k
ltereq» Where k

denotes the kth filtered estimate, and p refers to participant, while d represents pre-,

4 Make a selection based on the best cost function values from Step 3, G)g

mid-, and post-intervention measurement days encoded as 1, 2, and 3.
5 Compute the final parameter estimate as the mean of the estimates from Step 3, such
that 674 = Nik >k epk Ny is the number of remaining estimated parameter

mean,i filtered,i*

vectors in @2 4 after filtering.

filtere

To find the best parameter estimates, guesses for each component of the parameter vec-
tor were sampled from a uniform distribution with a lower bound 6}4y,,; and upper bound
Bupper,i- Consequently, we sampled the initial parameter guesses in Step 1 as

0; = u(elower,i! eupper,i): (3)

where U(a, b) is a continuous uniform distribution, with upper and lower bound a and
b. Thirty sets of initial parameters sets were sampled and used to optimize the cost func-
tion J(#). In Step 2, the initial parameter guess resulting in the optimization with the
smallest cost function value was taken as a new reference set @i, to sample 20 more
guesses, in Step 3, from a uniform distribution with limits 10% below and above the

components of the reference parameter set as in
0; = u(o'ggmin,i: 1~1'9min,i)' (4)

This procedure resulted in multiple sets of estimated parameters 6 which in Step 4 were
filtered by only accepting the results with a cost function value smaller than or equal
to the mean value of the 20 optimized parameter sets from Step 3. Lastly, in Step 5, the
mean of the selected parameter sets were taken as the final parameter estimate for par-
ticipant p on measurement day d, élryr,lﬂelan‘

The cost function was designed to adapt the model to the pressure and flow waveforms,
SV, and ambulatory blood pressure. If we let ;" denote the measured pressure and Py,
denotes the model output aortic pressure at time point k, while Q;” and Qi denote the aortic

flow, then the cost function can be expressed as

N m 2 m 2
PL‘ —Pao,i N an,i*an,z’
J@) =3 (het) 4 N (G e
i
7.5*N? Pgys—Psys 2 P —Pgia 2
T 02 {( }(p,sys ) T ( de_dia ) (5)

752N2 | [ svm—sv')? 1(6.0-MVP 2
+ +
402 Ksy 9 ’

Kmvp

Here, N is the number of time points in the waveform sample, Py and Py, are the sys-
tolic and diastolic values of the pressure waveform, SV is the SV corresponding to the
area under the flow waveform, and the m superscript denotes a real measurement. SV
as determined by the model is the SV calculated as the maximal change of volume in
the left ventricle throughout the final heart cycle. The final term constrained the mean
venous pressure (MVP) computed by the model to approximately 6 mmHg, which is a
value within the range of a normal central venous pressure (CVP) [27, 28]. The model
only models the P, which is the averaged pressure of all veins and is not actually tied

to a vein in particular. We calculate the mean value of the pulsatile Pg, signal to create
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the mean venous pressure indice MVP. We thereafter approximate the MVP indice to
be equal to the CVP as this influences ventricular filling, and the is the model concept
most closely related to CVP. All constants K are scaling constants with a magnitude sim-
ilar to a reference level for the different measurement types. For further details, settings,
and bounds for the optimization routine, see Optimization algorithm details. The cost

function was identical for both models, except for the final venous pressure term, which

7.52N? 2.52N?
402 402

tuned to assign more weight to the pressure extrema values and clinical indices as these

and

was not applicable to the open-loop model. The weights were manually
are particularly important in clinical settings, and perhaps also more likely to express
cardiovascular remodeling. The number 40 was chosen as a reference scale since the
number of data points in the carotid waveform and LVOT flow signals were usually close
to this number before interpolation.

Previous optimization of parameters for the closed-loop model using aortic pres-
sure and flow shows that Emin, Rmy and Z,, are among the most challenging param-
eters to estimate in synthetic data produced by the model itself with Gaussian noise
[22]. These three parameters were found to be least sensitive to aortic pressure when
applying a sensitivity analysis to the model. In the parameter optimization routine
used, these parameters were therefore not prioritized for attempted personaliza-
tion. The remaining parameters in Table 1 were chosen for estimation, except for T
which was estimated directly from the waveform cycle lengths. Despite the low sen-
sitivity value, Z,, was included for optimization since initial attempts at optimizing
the model to real data indicated that this improved the model’s ability to recreate the
pressure waveform during systole. For the open-loop model, the same parameters
were personalized as for the closed-loop model, except for Vio¢ and Cgy. The mitral

valve resistance was fixed to be R, = 0.02mn:{g S, Emin was fixed to 0.055 or 0.06

depending on whether or not the systolic pressure was below 140 mmHg, see Optimi-
zation algorithm details for further details.

All model output waveforms incorporated in the cost function were aligned with
pressure and flow data by enforcing that the model outputs always started at begin-
ning of systole. No single parameter determines the start of systole in the model, so
this was done by translating the waveforms in time until they started at the correct

value.

Post-processing of parameter estimates
All computed parameters were normalized by body surface area (BSA) computed as

BSA — /| Height - \X/elght' (©)
3600

All participants had height and weight measured at pre-intervention, while weight was
also measured at mid- and post-intervention and BSA updated accordingly. All param-
eter estimates, except for tpeak> have been BSA indexed as a normalization to account
for variations in body size for parameters, which may be assumed to be body size
dependent.
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Due to noisy or missing data or missing synchronization data, we could not compute
parameters for all study participants. Thus, we defined two data sets, both included the
LVOT flow trace converted to volumetric flow, the ambulatory blood pressure values
and stroke volume. The first data set included the finger pressure waveform scaled by
ambulatory blood pressure and synchronized with the LVOT flow cycle, while the sec-
ond data set included the averaged carotid pressure waveform scaled by ambulatory
blood pressure paired with the LVOT flow cycle.

The data sets based on finger pressure had 50 eligible measurements across all partici-
pants and measurement days, while the carotid pressure had eligible 62 measurements.
For finger pressure, 9 participants could be identified at all three measurement days,
whereas 14 participants were identified for carotid pressure. Seven of these participants
had eligible measurements for both pressures. The total number of unique study par-
ticipants in the data set was 25 when counting all data sets where all three measurement
days were not present. For all eligible participants, and for both models, we estimated
Emaxs Rsys» Caos Epeaks Zao- For the closed-loop model, Csy and Vi were also estimated.

The variability within estimates for each individual participant and the population as
a whole were assessed by computing the interquartile range and dividing by the median
value. In this manuscript, we refer to this as the interquartile ratio (IQR):

0i,75% — 0i,25%

IQR = , 7)

i,median
where the 25% and 75% subscripts refer to the corresponding percentiles. The means for
the parameters over all participants and all measurement days were computed to also
assess if there were differences in estimates between model formulations and pressure
waveforms.

We used IQR to assess estimate variability in three different contexts. First, we inves-
tigated the variability in estimates for single participants on any measurement day, for
which we calculated the IQR based on the set of estimates Ogjiereq yielded from a single
set of raw data, i.e., a given participant on a given measurement day. The median IQR for
these estimates was found, and the first and third quartiles were interpreted as a meas-
ure of variability in the IQR for each participant on any measurement day. We computed
the IQR for all eligible participants whether they had 1, 2 or 3 available measurement
days. We refer to this as the “Single day IQR”.

Second, the variation across an individual over all measurement days d was assessed
for each individual p. The three estimated sets Ogjtereq resulting in parameter estimates
éfr;ian’ ép,z
of parameters @’a’u days containing the best optimized parameter estimates across all

3 o .
mean> and 0 ... for each participant p were combined to make one common set

measurement days for each individual. Only participants whose parameters could be
estimated for all 3 days were included. For each participant, the IQR was computed
based on the set G)I:U days’ and afterwards the median IQR and first and third quartiles

were determined. We named this quantity the “Multiple day IQR”
2

Third, we computed the final parameter estimates émean

for all participants on all
measurements days and subsequently collected these in a set for which we computed

the IQR value. This IQR value was interpreted as the variability in parameters across the
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population and across all measurement days. All participants were included, and this
IQR measure is referred to as the “Population IQR” This quantity is not presented with
standard deviations as it is a single value characterizing the study population. All three
IQR analyses were repeated for both models and the data sets with pressure waveform
measured in either the carotid artery or finger artery.

Other methods for estimating model parameters

The arterial parameter estimates from the personalization could be compared to esti-
mates made with more traditional methods to estimate these. Arterial compliance can
be estimated by

. _sym

ao ™ ppim’ (8)

where PP is the brachial artery pulse pressure as a proxy for more central pressure. Simi-

larly, the vascular resistance can be estimated by

_ MAP™

sys ™ W: (9)

where CO is cardiac output and MAP is mean arterial pressure calculated as the mean of
the pressure waveform scaled with brachial pressure.

Quality of waveform optimizations

To assess whether the estimated model parameters could recreate the waveforms and,
especially, the other indices included in the cost function accurately, we examined the
unscaled residuals between model predictions and data. Instead of listing each residual
for every participant and measurement day, we assessed the mean absolute value of
residuals on each measurement day for both data sets and model formulations sepa-
rately. The model outputs used to compute the residuals are the outputs based on the

final parameter set based on the averaged parameters from the best optimization sets,
Apd
mean,i’

Summary

From a pilot randomized controlled trial on self-monitoring of physical activity, blood
pressure and echocardiography data for initially inactive adults were available. We
implemented a closed- and open-loop model of the left ventricle and systemic circu-
lation in Python, and optimized these using local methods to paired data of pressure
and flow waveforms, including SV. Pressure waveforms collected by non-invasive fin-
ger pressure measurement and carotid applanation tonometry were paired with aortic
flow data and applied to parameter estimations for the trial participants. We computed
the variability in estimates for each individual and the population as whole using our
definition of the IQR and assessed how well the parameters of participants and possible

parameter changes could be resolved from the population.
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Results

The results in this section are based on analysis of parameter estimates for individuals
over multiple measurement days (model personalization). We computed estimates for
both a closed- and an open-loop model, but added an additional dimension in doing so
for two different data sets including either the carotid or finger pressure waveforms.

Parameter estimate variability in individuals compared to the population
The IQR as defined by equation (7) was calculated for the variation in estimates for the
population given either the finger pressure or carotid pressure waveform. Similarly, the
IQR scores for all individuals across all measurement days were expressed by the median
IQR and variation presented as the first and third quartiles. The IQR values were calcu-
lated for both the closed- and open-loop models and the results are shown in Figs. 2 and
3, respectively. Figures 2—5 display the IQR for several model parameters and outputs.
The IQR is unitless, but otherwise the units used are the same as in Table 1 for model
parameters, only BSA indexed, and hence divided by m? unless otherwise noted. Only
fpeak is not BSA indexed.

The IQR was computed for different model outputs which are shown in Figs. 4, 5,
for the closed- and open-loop models, respectively. All pressures Psys, Pgia, PP (pulse
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Fig. 2 The interquartile ratio (IQR) computed for the parameters of the closed-loop model. The “Single day
IQR"which is based on the median IQR values for the estimates for single individuals on any measurement
day are included. The whiskers indicate first and third quartiles. The variation in individuals over all
measurement days are displayed as "Multiple day IQR". The final parameter estimates for all individuals in the
different data sets yield the “Population IQR".“F"indicates the data set with finger pressure waveform, and “C"
indicates the data set with the carotid pressure waveform. The IQR refers to the difference between the upper
and lower quartiles divided by the mean parameter value. Emay is the maximal left-ventricular elastance, Cyo is
the systemic arterial compliance, Rsys is the total peripheral resistance, tpeak is the time of maximal ventricular
elastance, Z;, is the characteristic aortic impedance, Viqr is the total stressed blood volume, and Cqy is the
systemic venous compliance

=== —————




Bjordalsbakke et al. BioMedical Engineering OnLine (2023) 22:34 Page 14 of 35

14

1.2

1.0

0.8

IQR, -

0.6

0.41 i I I
0.21 I i
0.0

[ |
Emax Cao Rsy
Model parameters
1 Single day IQR Multiple day IQR HEl Population IQR
m C N F

1o Il

tpeak o

Fig. 3 The interquartile ratio (IQR) computed for the parameters of the open-loop model. The “Single day
IQR" which is based on the median IQR values for the estimates for single individuals on any measurement
day are included. The whiskers indicate first and third quartiles. The variation in individual participants over

all measurement days are displayed as “Multiple day IQR". Final parameter estimates for all individuals in the
different data sets yield the “Population IQR".“F"indicates the data set with finger pressure waveform, and “C"
indicates the data set with the carotid pressure waveform. The IQR refers to the difference between the upper
and lower quartiles divided by the mean parameter value. Emay is the maximal left-ventricular elastance, Cyo is
the systemic arterial compliance, Rsys is the total peripheral resistance, tpeak is the time of maximal ventricular
elastance, and Z, is the characteristic aortic impedance

pressure), MAP (mean arterial pressure) and MVP (mean venous pressure) are measured
in units of mmHg. Stroke volume SV is given in mL, while stroke work SW is expressed

in mmHg-mL.

Parameter estimates compared between different data sources

The mean parameter values scaled by BSA were compared for the different pressure
waveforms (finger and carotid) and for the closed- and open-loop models. The results
are displayed as mean values with standard deviations in Fig. 6. There are minor differ-
ences between the estimate averages, especially between model formulations. The open-
loop models have on average a marginally lower Ep,ax than the closed-loop model. The
estimate differences are larger between the different waveforms, where for example the
Cyo estimates are on average higher for the finger pressure waveform than the carotid
pressure waveform.

Figure 6 contains the results from the complete case analysis of both models and pres-
sure waveforms. We also picked the 47 paired samples where both pressure waveforms
were available for the same participant and compared the means in Table 2. The func-
tion ttest() from the Pingouin Python library version 0.5.1 was used to perform a paired
sample t-test and compute the mean difference and 95% confidence interval between
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Fig.4 The interquartile ratio (IQR) computed for model outputs generated by the closed-loop models, each
model instance optimized for one individual. The “Single day IQR"is based on the median IQR values for the
model outputs from the variation in parameter estimates for single individuals on any measurement day.

The whiskers indicate first and third quartiles. The variation in the best optimized sets of model outputs from
individuals over all measurement days are displayed as “Multiple day IQR". The model outputs based on the
final parameter estimates for all individuals in the different data sets yield the “Population IQR” “F"indicates
the data set with finger pressure waveform, and “C"indicates the data set with the carotid pressure waveform.
The IQR refers to the difference between the upper and lower quartiles divided by the mean parameter value.
Psys is the systolic aortic pressure, Py is the diastolic aortic pressure, SV is the stroke volume indexed by body
surface, PP is the aortic pulse pressure, MAP is the mean arterial pressure, MVP is the mean venous pressure,
and SW is the left-ventricular stroke work

finger and carotid pressure [30]. The difference between sample means was found to
be statistically significant for both models, see Table 2. The paired sample differences
for arterial compliance C,, were computed and the 5th, 25th, 50th, 75th and 95th per-
centiles were presented to give an indication of the distribution of differences not being
extremely asymmetrical. For the closed-loop model these percentiles were —0.005, 0.233,
0.430, 0.575, and 0.771, respectively, while for the open-loop model they were 0.035,
0.186, 0.380, 0.538, and 0.709 in units mL / (mmHg-m?). The paired samples mean C,,
estimates were 1.275 and 0.876 for the closed-loop model with the finger pressure wave-
forms and carotid pressure waveforms, respectively. Similarly, for the open-loop model
the finger pressure-based sample mean was 1.221, while the carotid pressure-based sam-
ple mean was 0.860. Paired t-tests for other parameters can be seen in the supplemen-
tary materials.

Comparison of arterial parameter estimates to other estimation methods
To assess the credibility of arterial parameter estimates, we compared model estimates
to more conventional estimation techniques for Cy, and Rgys as expressed by equations
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Fig. 5 The interquartile ratio (IQR) computed for model outputs generated by the open-loop models, each
model instance optimized for one individual. The “Single day IQR"is based on the median IQR values for the
model outputs from the variation in parameter estimates for single individuals on any measurement day.
The whiskers indicate upper and lower quartiles. The variation in the best optimized sets of model outputs
from individuals over all measurement days are displayed as “Multiple day IQR". The model outputs based on
the final parameter estimates for all individuals in the different data sets are used to compute bars labeled as
the “Population IQR" “F"indicates the data set with finger pressure waveform, and “C"indicates the data set
with the carotid pressure waveform. The IQR refers to the difference between the upper and lower quartiles
divided by the mean parameter value. Pss is the systolic aortic pressure, Py, is the diastolic aortic pressure,
SV is the stroke volume indexed by body surface, PP is the aortic pulse pressure, MAP is the mean arterial
pressure, and SW is the left-ventricular stroke work

(8) and (9), respectively. Figs. 7-8 show the results for the parameter comparisons in
scatter plots for the closed- and open-loop models, respectively. The Pearson correlation
coefficient (r) was calculated for all comparisons as shown in Table 3. The correlation
coefficient and confidence intervals were found by the corr() function in the Pingouin
Python library. Estimates for Rsys had a high degree of correlation to the other estima-
tion method, while C,, showed a moderate amount of correlation. While both models
yielded similar results, the measurement location for the pressure waveform does affect

the results for Cy, reducing the correlation.

Quality of optimization results

Closed-loop model

The quality of model optimization was assessed by the unweighted percentage errors of
the measurements in the cost function (equation (5)). The results are shown in Table 4,
for estimates based on the carotid and finger pressure waveforms for all measure-
ment days separately and collectively. The upper and lower quartiles for the percent-
age errors along the data points of the pressure and flow waveforms were computed,
and the median values for these quartiles across all participants at different choices of
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Fig. 6 The mean parameter estimates, and standard deviations, for all individuals in the different data
sets. These results originate from estimates made for the closed-loop (“CL") and open-loop (“OL") models,
respectively. “F"indicates the finger pressure waveform, and “C" indicates the data set with the carotid
pressure waveform. The y-axis represents model parameters and units listed in Table 1 as BSA indexed values,
with the exception of fpeak Which is given in units seconds, s. Emay is the maximal left-ventricular elastance,
Caois the systemic arterial compliance, Ry is the total peripheral resistance, fpeak is the time of maximal
ventricular elastance, Z,o is the characteristic aortic impedance, Vior is the total stressed blood volume, and Cgy
is the systemic venous compliance

measurement days are given in the table. Typical examples of the quality of waveform
fits can be found in Figs. 9 and 10. The worst optimized samples according to cost func-

tion value can be found in Figs. 11 and 12.

Open-loop model

The quality of model optimization were assessed by the unweighted residuals of the
clinical indices in the cost function (equation [5)] in Table 5, for estimates based on
the carotid and finger pressure waveforms for all measurement days separately and
collectively. Waveform percentage error quartiles and their median value across all
participants are given in the table, equivalently as for the closed-loop model. Typical
examples of the quality of waveform fits can be found in Figs. 13 and 14. The worst

optimized samples according to cost function value can be found in Figs. 15 and 16.
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Fig. 7 The scatter plots of closed-loop model parameter estimates for total peripheral resistance Rsys (top
panels) and arterial compliance C4o (bottom panels), compared to estimates from conventional methods,
using the data sets with the carotid (left panels) and the finger pressure (right panels) waveforms. Model
estimates are on the x-axes, while conventional estimates are on the y-axes

Table 2 Mean arterial compliance G5, parameter values averaged over different samples of
measurements for both model formulations and choice of data set. The p-value and 95% confidence
interval (Cl 95%) are obtained by a two-tailed t-test for paired data comparing the mean parameter
values using the finger and carotid pressure waveforms, respectively, within the same model

Model

Samples Mean C3o W/ Mean C3o W/ 95% Cl for p-value
finger pressure carotid pressure mean difference
[mL/(mmHg:m?)]  [mL/(mmHg-m?]  [mL/(mmHg-m?)]
Closed-loop Mixed 1.28 091 - -
Closed-loop Paired 1.28 0.88 [0.33,0.47] p < 10e—14
Open-loop Mixed 1.23 0.90 - -
Open-loop Paired 1.22 0.86 [0.29,0.43] p<10e—13
Discussion

The variation in parameter estimates for individuals were consistently smaller than the
variability in the same parameters for the whole study population, as shown in Figs. 2
and 3. Consequently, this study shows that it is possible to estimate the model parame-
ters for individuals and separate them from parameters of other individuals in the popu-
lation for the presented estimation heuristic.

The estimates for Cg,, and Vot were subject to the most variability in the popula-
tion regardless of using the pressure waveform from the carotid or finger artery for the
closed-loop model. However, for the open-loop model Ep oy, Cao, and Z,, were the most
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Fig. 8 The scatter plots of open-loop model parameter estimates for total peripheral resistance Rsys (top
panels) and arterial compliance Co (bottom panels), compared to estimates from conventional methods,
using the data sets with the carotid (left panels) and the finger pressure (right panels) waveforms. Model
estimates are on the x-axes, while conventional estimates are on the y-axes

Table 3 Correlation coefficients for parameters estimated by the local optimization approach
compared to estimates from more conventional methods. Hence, the correlations are found
between C;o and G, for arterial compliance, while Ry versus Ry yield the correlation for peripheral
resistance. The p-value and 95% confidence interval (95% Cl) was obtained by a two-tailed t-test

Parameter Model Pressure Correlation p-value 95% Cl
waveform coefficient, r

Rsys Closed-loop Finger 0.990 p < 1.0e —41 [0.98, 0.99]
Rsys Closed-loop Carotid 0.994 p < 1.0e — 59 [0.99, 1.00]
Rsys Open-loop Finger 0.987 p < 1.0e—39 [0.98,0.99]
Rsys Open-loop Carotid 0.988 p < 1.0e — 50 [0.98,0.99]
Cao Closed-loop Finger 0.601 p<10e—5 [0.39,0.75]
Cao Closed-loop Carotid 0.864 p<10e—18 [0.78,0.92]
Cao Open-loop Finger 0.647 p<10e—6 [0.45,0.78]
Cao Open-loop Carotid 0.852 p<10e—17 [0.76,0.91]

The scatter plots of these variables can be seen in Figs. 7 and 8

variable parameters, but the variability was similar in all three parameters. This study
indicates that the estimates using the carotid pressure waveform are more or equally sta-
ble for the individual than using the finger pressure waveform, as seen in Figs. 2 and
3. This same pattern is not as apparent in the open-loop model, which may be due to
either the parameter space having fewer dimensions or the altered model structure
itself. Figures 4 and 5 show that the estimates for the individual had low variation, which
was far smaller compared to the population IQR. This suggests that high variability in
some model parameters, such as venous compliance, does not affect model outputs
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Fig. 9 The model-optimized pressure curve based on the mean of the best parameter estimates for the
individual is shown with the raw data to which it is optimized for a participant. The model predictions are
based on the final averaged parameter estimate for each participant. This is an example of a typical waveform
fit for the closed-loop model and the carotid pressure waveform
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Fig. 10 The model-optimized pressure curve based on the mean of the best parameter estimates for the
individual is shown with the raw data to which it is optimized for a participant. This is an example of a typical
waveform fit for the closed-loop model and the finger pressure waveform

80

substantially. IQRs calculated for the closed-loop model using carotid pressure exhibits
very little variability for the individual, indicating that in a majority of cases there is a
well-defined local or global minimum which the optimization algorithm chooses. For
the same results using finger pressure, there is a higher level of variability, which indi-
cates that a single minimum is harder to obtain in this case.

Examination of results presented in Figs. 2 and 3 shows that the majority of multiple
day IQRs were smaller than the population IQR. The only case this was not true was for
t

P
rate dependent which changes from beat-to-beat, hence it is not surprising that this

eak in the open-loop model using the finger pressure waveform. This parameter is heart
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Fig. 11 The model-optimized pressure curve based on the mean of the best parameter estimates for the
individual is shown with the raw data to which it is optimized for a participant. The sample shown is for
the measurement sample with the highest cost function value when compared to other participants and
measurement days. This is a waveform adapted to the closed-loop model with the carotid pressure waveform
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Fig. 12 The model-optimized pressure curve based on the mean of the best parameter estimates for the
individual is shown with the raw data to which it is optimized for a participant. The sample shown is for

the measurement sample with the highest cost function value when compared to other participants and
measurement days. This is a waveform adapted to the closed-loop model with the finger pressure waveform

parameter could experience variation over all measurement days similar to the popula-
tion IQR. The £,cq is related to the heart rate of the signal as the length of systole varies
with heart rate. Although measurements were performed in a state of rest, it is not guar-
anteed that everyone had reached their true resting heart rate on each measurement day.
For the other parameters, we saw that due to the variability in the multiple-day IQR the
standard deviations show that this variability will grow beyond the value of the popula-
tion IQR for some participants. This means that we potentially could calculate rather

large changes from one measurement day to the next. Whether this is realistic remains
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Fig. 13 The model-optimized pressure curve based on the mean of the best parameter estimates for the
individual is shown with the raw data to which it is optimized for a participant. This is an example of a typical
waveform fit for the open-loop model and the carotid pressure waveform
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Fig. 14 The model-optimized pressure curve based on the mean of the best parameter estimates for the
individual is shown with the raw data to which it is optimized for a participant. This is an example of a typical
waveform fit for the open-loop model and the finger pressure waveform

80

to be examined, but it can be hypothesized that physical activity induced changes in
model parameters larger than the population IQR are unrealistic during a 12-week clini-
cal trial. This would be unrealistic for most of the parameters, aside from £,cqx. However,
the variation in single-day IQR is far lower compared to the multiple-day IQR, in most
cases. Exceptions can be noted for Cyo, Viot, and Z,, based on finger pressure where the
first and third quartiles overlap for the multi-day and the single-day IQR. This indicates
that the single and multi-day IQR may be equally high in some participants, and that
changes in these parameters may not in many cases be trusted to be changes caused by
the data, and may be artifacts of the numerical uncertainties of the estimation method.
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Fig. 15 The model-optimized pressure curve based on the mean of the best parameter estimates for the
individual is shown with the raw data to which it is optimized for a participant. The sample shown is for
the measurement sample with the highest cost function value when compared to other participants and
measurement days. This is a waveform adapted to the open-loop model with the carotid pressure waveform
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Fig. 16 The model-optimized pressure curve based on the mean of the best parameter estimates for the
individual is shown with the raw data to which it is optimized for a participant. The sample shown is for

the measurement sample with the highest cost function value when compared to other participants and
measurement days. This is a waveform adapted to the open-loop model with the finger pressure waveform

This would especially be a challenge for detecting small changes in the individual com-
pared to the variation over the population.

The individual estimates were computed as the mean of the estimates with a cost func-
tion value lower than the mean of the final 20 parameter estimate sets, see Sect. Parame-
ter estimation. This allowed the amount of samples used in the computation of the mean
parameter estimates to vary. Furthermore, there is a possibility that choosing only the
best fitted parameter estimate provides better results in some cases. The averaging over
different solutions was chosen to account for sensitivity of the exact location of the cost

Page 23 of 35



Bjordalsbakke et al. BioMedical Engineering OnLine (2023) 22:34 Page 24 of 35

function minimum due to noise and model structure insufficiency. If, for example, noise
causes multiple smaller minima, or a displacement of the local minimum compared to
the unperturbed cost function minimum, having multiple estimates in this region and
averaging them may mitigate these noise effects. However, using the averaging proce-
dure without bounds for the problem sometimes introduced much higher variability in
the resulting solutions, and the averaging would yield parameter values which would not
recreate the data well. In contrast, with bounds, we found that the averaged parameters
provide acceptable solutions as seen in the table and figures of Sect. Quality of optimi-
zation results. The estimates for systolic and diastolic pressures are more accurate for
the finger pressure-based estimates since they were more heavily weighted due to more
data points since the finger pressure was sampled at a higher frequency than the carotid
pressure. We cannot be certain that the algorithm has found the global minimum using
this procedure, but it is also a possibility that the global minimum does not correspond
the most physiologically accurate combination of parameters. The averaging of solutions
around a local minimum gives some information about solutions that are almost as good
as the local minimum itself and may be just as physiologically viable. Should the local
minimum not be the global minimum, then it is still a minimum which provides a good
description of the data as observed in Tables 4 and 5.

In Fig. 6, it is demonstrated that the mean estimates from for the two models only
showed small differences based on choice of pressure waveform. A notable exception
was found for C,,, for which the finger pressure-based estimates were statistically signifi-
cantly higher in both model formulations. This may be explained by the finger pressure
waveform having a flatter slope during diastole. The £, was another notable exception,
which was estimated with a small difference between waveforms. As previously noted,
the corresponding heart rates of the two waveforms could be different. This could poten-
tially contribute to some variation in estimates. The paired sample t-tests between other
combinations of model formulations and pressure waveforms are shown in the supple-
mentary materials. The finger pressure was not transformed into a more central pressure

Table 4 Percentage errors between measurements and model outputs optimized using the closed-
loop model with carotid pressure waveforms. These residual statistics are computed across all
individuals, i.e. they are not grouped by individual, but by measurement day. The mean and standard
deviations of the absolute residuals are given. Py is the systolic aortic pressure, Py, is the diastolic
aortic pressure, and SV is the stroke volume, and MVP is the mean venous pressure. pWF,, and qWF,
indicates the median value across all measurements for the x™ percentile percentage error of the
waveform residuals for a single measurement (pWF, for pressure and qWF, for flow)

Pressure Meas.day Pgys Pgia SV MVP PWF750, PWF250, qWF7504
[%] [%] [%] [%] [%] [%] [%]
Carotid All 162+171 138+£136 2324238 671+£9.13 503 1.65 26.63
Carotid 1 182+16 144+134 244206 604+£774 494 1.71 22.69
Carotid 2 1954£209 163+169 292+281 87+£99 532 161 30.68
Carotid 3 084+09 10+069 134+£188 48+976 452 1.56 2552
Finger All 061+079 0724091 129+£154 34+421 552 148 25.28
Finger 1 061072 0744+£095 139+£163 415+£522 53 146 18.7
Finger 2 072+101 083+11 167+£182 374+396 565 14 303

Finger 3 047+£054 0564+06 072+£085 215+£303 574 1.79 2264
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Table 5 Percentage errors between measurements and model outputs optimized using the
open-loop model with carotid pressure waveforms. These residual statistics are computed across
all individuals, i.e. they are not grouped by individual, but by measurement day. The mean and
standard deviations of the absolute residuals are given. Py is the systolic aortic pressure, Py, is the
diastolic aortic pressure, and SV is the stroke volume. pWF,, and gWF, indicates the median value
across all measurements for the x percentile percentage error of the waveform residuals for a single
measurement (pWF, for pressure and gWF, for flow)

Measurement  Meas.day  Psys Pdgia SV PWF750, pWF250, qWF759,
[%] [%] [%] [%] [%] [%] [%]
Carotid All 099+13 107+£087 2824427 464 1.38 31.24
Carotid 1 103+1.13 1.04+£06 247 £354 427 142 30.62
Carotid 2 113+£162 125+1.16 337+£475 514 1.15 34.05
Carotid 3 071+1.04 086+£069 251+£467 466 1.72 29.65
Finger All 056+1.12 065+£133 1444+229 573 1.57 270
Finger 1 079+13 088+ 154 1954255 586 1.68 319
Finger 2 065+135 068+162 1.73+274 542 147 30.99
Finger 3 0214+013 035+£038 052+£067 546 1.78 2368

by a transfer function, as it was seen as interesting to compare the distal measurement
to the carotid waveform which is a more proximal measurement. A question for future
work is to answer whether the change in the compliance estimated using the two pres-
sure signals, will change similarly given the same stimulus.

There are no other very large differences in mean parameter estimates between the
two models. Therefore, the venous compartment in the closed-loop formulation does
not seem to affect the other model estimates to a large extent. Also, it seems like the
effect of adjusting the total stressed blood volume can be counteracted by appropriately
tuning the venous compliance. Hence, there seems to be little gain of adding these com-
partments from a parameter estimation perspective.

Two models were applied in this study. Although the closed-loop model may give
more insight into the physiology, ventricular filling and fluid distributions of different
states and individuals, some parameters could have interacted and caused difficulty in
reaching the correct minimum for the cost function in the parameter space. For exam-
ple, multiple parameters which were all influential on the ventricular filling properties
in the model could have caused optimization challenges when adapting all of them to
tune the filling properties according to the optimization data set which contained both
noise and model discrepancy. One or both of the models may be practically unidentifi-
able for the data used in this analysis, which could result from such parameter interac-
tions. Specifically, the high variability of stressed volume and venous compliance in the
closed-loop model may be the result of such a situation as a higher blood volume would
increase the pressure of the closed-loop system, while an increased compliance would
accommodate the increased volume and counteract the pressure increase. Similarly, pre-
vious work found that the aortic impedance parameter was among the least influential
parameters of the aortic pressure waveform [22]. Insensitivity can lead to practical uni-
dentifiability and thus variability in estimates of Z,, may only reflect this and not any
meaningful changes in the hemodynamic state. For the remaining parameters, we have
focused on comparing the variability in individual estimates to those of the whole group
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(Figs. 2, 3) and further compared estimated values to clinical indices to further investi-
gate the consistency of the estimates (Figs. 7, 8). A more formal practical identifiability
analysis would be beneficial, but would require a good characterization of the expected
variability in measurements and model discrepancy, and this would require same-day
repeated measurements of individuals to characterize measurement variation. Further,
a required level of precision must be specified for each parameter value. The multiple
day IQR found in this study can be interpreted as a conservative estimate of the preci-
sion achievable as the repeated measurements included are expected to correspond to
changed parameter values in many cases as the measurements are over 12 weeks while
increasing physical activity.

The estimated parameter combinations were not assessed in terms of how credible
they are to be found in real individuals aside from being bounded by values taken from
the literature. By estimating Rsys as MAP/CO and C,, as SV/PP, we found high positive
correlation between these estimates and the model-predicted resistance. However, this
was not the case for C,,, as seen in Figs. 7, 8 where the correlation was lower but still
moderately high. The Pearson correlation coefficients are shown in Table 3, and indicate
high correlation for Ry in all cases, even if the conventional method estimates are not
used for sampling initial parameter guesses for the model optimization.

We focused on using single heart beat cycles of data. The data comprised either syn-
chronized waveforms as for the finger pressure waveform and LVOT flow, or as a sin-
gle averaged waveform as for pairing the carotid waveform with the LVOT flow data.
Colebank et al. and Marquis et al. used an approach where optimization is performed
for multiple consecutive cycles at the same anatomical locations which is a convinc-
ing approach for accounting for beat-to-beat variations [6, 7], but this requires a large
amount of continuous waveform data. We did not do any analysis on the impact of using
more than one cycle of data, but previous examinations show that one cycle should be
sufficient under ideal conditions for synthetic data [22].

By scaling the waveforms by ABPM systolic and diastolic values, some of the daily var-
iability of measurements should be accounted for. While the waveform shape itself was
subject to noise, it may also have been subjected to other perturbations and daily vari-
ability through changes in, for example, respiration patterns and heart rate. These effects
should be partially accounted for in the averaged carotid waveform. The finger pressure
waveforms did not benefit from the same effect as they were not averaged, but were on
the other hand synchronized to the simultaneously recorded flow cycles.

Even though the model captures the approximated aortic pressure values reasonably
well, this is a highly simplified model of the cardiovascular system with some limita-
tions. Firstly, the model is geometryless, which means that it ignores all personalizable
traits relying on spatial geometry more specific than a global compartment of vessels.
Despite this, we still observe that the model is able to capture total peripheral resistance,
extreme pressures and stroke volumes relatively well, at least when compared to con-
ventional estimation methods for the parameters and the raw data used in the cost func-
tion. Secondly, the model neglects the inertance of the vessels and combined with its
0-dimensional nature it therefore ignores potential reversal of blood flow and reflected
wave propagation. This makes the model unable to fully describe some features of cen-
tral pressure waveforms, such as the dicrotic and anacrotic notch. Thirdly, other relevant
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physiological functions which affect and regulate the cardiovascular system, such as
neural, respiratory, renal, metabolism, and gas exchange have been neglected. Any dis-
eases which are not detectable by changes in the systemic hemodynamics and the left
ventricle will not be detectable by this model. The parameter ranges that bound the opti-
mization should allow for some types of heart disease and both normal and hypertensive
ranges of blood pressure. Any disease or condition which is described by a combination
of parameters which needs to exceed one or more of these ranges may not be possible to
detect by this personalization algorithm. For the case of monitoring hypertension and
possibly related heart remodeling and disease such as heart failure, the model may be
able to capture this combined remodeling. However, this has not been investigated by
the authors and is beyond the scope of this paper. The ejection fraction (EF) of the model
is not necessarily realistic as the ventricular volume intercept is set to a volume of 0.
Consequently, if heart failure is to be detected it would likely be more reliably detected
by other measures than EF, such as cardiac output or contractility. Lastly, as the iner-
tance is neglected and valve resistances are not explicitly personalized, this model will
not account for cardiac valve diseases or leakage.

Some of the synchronized finger pressure waveforms were subject to a high level of
noise, while still retaining some characteristic waveform features. This was a drawback
for the optimization as it made it more difficult to detect changes and probably contrib-
uted to increased variability in estimates. Despite this, we observed similar mean esti-
mates for most model parameters using both finger and carotid waveforms. The only
major difference was found in C,, which can be partially be explained by the flatter dias-
tolic slope of the finger pressure waveforms. The finger pressure waveform does experi-
ence pressure amplification and distortion of the waveform compared to more central
pressures such as the carotid pressure waveform. Therefore, we may have expected to
see some differences in the mean parameters as well. In Eq. 5, the clinical indices get
additional weighting to increase their priority in the optimization scheme. If the weights
were removed the optimization procedure would be able to recreate the waveforms even
closer, but also allow larger discrepancies in the remaining terms of the cost function.
This could in turn have caused even larger discrepancies between results from the differ-
ent choices of pressure waveform, but for this investigation we chose a balance between
adaption to waveform or more clinically relevant measures such as systolic and diastolic

pressures.

Conclusion

Model personalization was performed for blood pressure and echocardiography data
collected from 25 participants in an physical activity motivational study were used for
model optimization.

Mean parameter estimates were practically equivalent across both model formulations
and for both choices of waveforms, except for a few cases. The C,, parameter was found
to have a higher value on average when estimated using the finger pressure waveform
as compared to the carotid waveform, regardless of model choice. For both models, the
estimates for arterial resistance and compliance were found to correlate at least moder-
ately well (r > 0.60) with other conventional estimation methods (Additional files 1, 2).
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Changes in pressure and flow waveforms, as well as SV are reproduced reasonably well
by both models for the estimated parameters. Using the closed-loop model did not prove
to aid the ability to resolve single participants’ parameter estimates from the model pop-
ulation compared to the open-loop model. This supports using the open-loop model for-
mulation for further efforts in personalizing the ventricle and arterial compartments of a
lumped parameter model.

Resolving parameter changes for individuals and distinguishing these changes from
the population seems feasible given the IQR values, assuming the real changes are suf-
ficiently large to not be lost in the personal estimation variability. Questions for further
research are whether or not these changes are realistic or a product of noise, insufficient
data, or uncertainty introduced in the estimation procedure. Whether the data are suf-
ficient to detect cardiovascular remodeling given the recorded exercise stimulus remains
to be investigated.

Appendix

Model equations

Closed-loop model

This subsection is largely a repetition of details described in [22]. The closed-loop model
comprised a system of non-linear ordinary differential equations (ODEs) describing the
volume state variable of the three model compartments. The dynamic elastance function
of the heart contributes a source term to the system of ODEs:

av, apP

d;a = CsaTT = leo - sts
av, ap,

dtsv =Cy dtsv = sts — Qv (10)
avy

dr Qsviv — Quvao-
The two remaining state variables, pressure and flow, are mainly modeled by linear rela-
tionships as expressed below:

Vsa = CsaPsa
Vv = CoyPsy
Py = E@)Viy + P (2)
E(t) = (Emax — Emin)e(#) + Emin
Pgo = max [Py, Ppy]
Quao = 1(B1y > Pg) 2 -

ao
Py, —
Qsviy = 1Py, > Pp) R
my
Py — Py

Qs s =
7 Rsys
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The indicator function /(x) has the value 1 when the argument x is true and 0 when x is
false. The activation function e(t) is defined as:

(t/ap)™ y 1
14 (t/ap)™ = 14 (t/ay)™’

e(r) =a x (12)
where 7 is position in the cardiac cycle between the end of the last diastolic period and
the end of the next diastolic period t = 1. The parameters 4; and #; determine the shape
of contraction and a3 and n; determine the shape of relaxation of the elastance curve and
the timing of peak elastance. The choice of values for these parameters are identical to
those of Stergiopulos et al [24]. We wrote the parameter values for 4; and a3 in terms of

. 17 . .
the ratio of 2%, and set @ = 1.672, to ensure normalization of the curve. ¢ describes
T peak

the time of peak ventricular elastance, and therefore determines when the left-ventric-
ular elastance E(f) reaches Ej . The intrathoracic pressure function Py, describes the
external pressure effects on the ventricular muscle aside from pressure gradients inside
the blood vessels and is here modeled as a constant of Py, (t) = —4 mmHg. Otherwise,
the parameters are defined as in Table 1.

The Vi,: parameter describes total stressed volume and is enforced by setting ini-
tial compartment volumes and pressures such that the total stressed volume equals
the parameter value. The model was demonstrated to conserve the volume and hence
the total blood volume will not change. The initial volumes are set according to the
equations:

Vao,O = Cyo Pao,O, and 13
Viot—Vaaoo— Vi,
PSV,O — Vit gzv lvO’ ( )

where the initial aortic pressure is set to P;,0 = 100 mmHg, and initial left-ventricular
volume is set to Vj, o = 100 mL. The initial venous pressure is denoted by P, .

Open-loop model

The open-loop model describes two compartments, the left ventricle and arteries. The
heart compartment is identical to the one described for the closed-loop model. The
state equations describing the model are as follows:

A% dP
—_— Csa 2 = Qmao — sts
dt dt (14)
avy Q Q
dt = svlv lvao-

The state variables pressure, flow and volume are mainly modeled by linear relationships
as seen here:
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Vsa = CsaPsa
Py, = E()Viy + Py, ()

E@®) = (Emax — Emin)e(®) + Emin
P,o = max [Py, Py ]

Py, —P
Quvao = I(P, > Pyg)———2 (15)
Zao
Py, — P,
Quiy = I(Pyy > Pm%
mv
Pao - PSV
sts - Rsys )

where e(?) is as defined in Equation (12), while Py, = 6.0 mmHg is now a fixed quantity.
Now the initial volumes are set as

Vao,O = Cyo Pao,O, and
Viy,o = 100 mL, (16)

where the initial aortic pressure is set to P,,0 = 100 mmHg.

Optimization algorithm details

The Trust Region Reflective Algorithm (TRRA) as implemented in SciPy ver-
sion 1.7.1 was applied for the parameter optimization procedure [29]. In particu-
lar, the implementation of the algorithm as expressed through the function scipy.
optimize.least_squares() was used. We executed this function given the arguments
below and a list of initial parameter guesses as sampled from Eq. (3). The function
specific parameters passed to the TRRA to set the accuracy of the method were set to
xtol =2.3-10716, ftol = 2.3 - 10716, gtol = 2.3 - 10~ % and diff _step = 1.0- 1073,

The uniform distributions from which the first 30 initial parameter guesses are sam-
pled were bounded by the upper and lower bounds presented in 6. For the next 20 initial
parameter guesses the sampling was made from the uniform distribution with bounds
expressed as (4). In Eq. (4), 6,in,; refers to the initial parameter guess form the first 30

guesses which optimized the solution with the minimal cost function value from that

Table 6 All model parameters that were assigned to be personalizable are listed along with their
upper and lower bounds. The bounds determine the uniform distributions from which the initial
parameter guesses are sampled

Parameter Upper bounds Lower bounds Units
Cao 3.0 0.148 %LHQ
(@ 90.0 148 mfﬁﬂ]LHg
Enox 1948 05 S
Rsys 2.963 % %}—tgs
tpeak min(0.442, T) min(0.15,0.97) s

Viot 1503. 150. mL
Zao 0.2 0.001 mmHg s

mlL
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first set of guesses. The same bounds were upper and lower limits for parameters in both
sampling distributions.

All parameters from Table 1 were sampled, except T which was always set to the heart
beat period of the given waveform, as well as Enin and Ry, which were fixed to prede-
termined values. Mitral valve resistance should be a small resistance according to Ster-
giopulos et al. [24], which we fixed it to 0.02 mmHg s/mL. The value of Emin was set
according to apparent phenotype based on blood pressure. Segers et al. estimated values
for minimal left-ventricular elastances as 0.03 mmHg/mL for normotensive people [12],
while we calculated the same parameter to be 0.034 when taken as the weighted average
over all hypertensive groups presented in their study. This value caused difficulties in
estimating the left-ventricular elastance by constantly estimating it to the lowest bound
for all participants. Therefore the value of 0.06 mmHg/mL as used by Stergiopulos was
used instead, but separation was made according to if the systolic blood pressure was
above or below 140 mmHg as was similar to the case for the estimates by Segers et al.
[12]. For systolic blood pressure below 140 mmHg, Emin = 0.055 mmHg/mL was opted
for, while we used for values above Enin, = 0.06 mmHg/mL.

The bounds in Table 6 were set based on many different sources in literature. The study
from Vardoulis et al. simulated a wide range of total arterial compliances [31], and we
used a similar range for our concept of arterial compliance, but it was slightly widened as
finger pressure estimates tend to have a low diastolic slope, which might indicate a high
compliance. Central venous compliance is often estimated to be 30 times the value of
arterial compliance [32, 33], and therefore, we used estimates of the venous compliance
10-30 times the arterial compliance values to make the widest range possible. For E,;;
we used the body surface area (BSA) indexed results from a study by Bombardini et al.
which estimated end-systolic elastances for patients in both disease and health to esti-
mate a wide range to use as bounds for sampled elastances [34]. For Ryys, Chantler et al.
estimated vascular resistance in groups men and women with normo- or hypertension
[35]. We considered all four groups, the group with the lowest mean value minus two
standard deviations was taken as the lowest bound, and the group with the highest mean
was used in the opposite direction to determine the highest bound. £, was bounded
using results from studies by Weissler et al. and Mertens et al., which both measured
systolic timing properties of the heart [36, 37]. Their measurements of the QS; period of
the heart ejection time determined by electromechanical considerations were taken as
and indication of how large the allowed range for £pe, should be, and hence the bounds
were determined by a technique similar to how it was done for Rsys. The lower bound
was lowered further as to accommodate an even wider range. The total stressed blood
volume bounds were estimated by taking the measurements of total blood volume from
a paper by Feldschuh et al. and applying a formula as demonstrated by Colunga et al. to
estimate the total blood volume [5, 38]. This was done by taking the total blood volume
value and estimating the total stressed volume fraction by this formula:

Viot & TBV - (0.13 - 0.27 4 0.64 - 0.18 4- 0.035 - 0.5), (17)

where the total stressed blood volume Viot is computed by assuming what fraction of the
total blood volume (TBV) can be found in the left ventricle, systemic arteries, and sys-
temic veins, and what fractions of these volumes are assumed to be stressed. The mean
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Table 7 The scaling factors K, which are used to balance and approximately normalize the terms
in the specified cost functions. MVP - mean venous pressure, p - aortic pressure waveform, pdia
- diastolic brachial pressure, psys - systolic brachial pressure, g - aortic flow, and SV - stroke volume

Symbol Value Unit
KM\/P 5.0 mm Hg
Kp 100.0 mmHg
Kpdia 80.0 mmHg
Kpsys 120.0 mmHg
Kq 500.0 mb
S
Ksy 100.0 mL

blood volumes, of the study groups examined by Feldschuh et al. [38], with the highest
and lowest mean values were adjusted by adding or subtracting 3—4 times the standard
deviations to find the widest possible range based on these data. Two standard devia-
tions gave volumes which were larger than what was expected to give reasonable results
with our model. Finally, the bounds for Z,, were based on the values reported by Segers
et al. [12], but we allowed a range 33 times wider as this was a small parameter com-
pared to the other arterial parameters. The upper range was set to ensure that it likely
would be smaller than the total peripheral resistance. The resulting parameter range also
corresponds reasonably well with the range found by Segers et al. when optimizing the
parameter to multiple data sets for a three-element Windkessel model [39].

The scaling factors used to balance the different terms in the cost functions in (5)
are listed in Table 7. The initialization for the random seed using the numpy.random.
seed() function from the NumPy libary [40], was set to be 112233 for sampling initial
parameter guesses from the distributions defined by (3) and (4).

Supplementary Information
The online version contains supplementary material available at https://doi.org/10.1186/512938-023-01086-y.

Additional file 1. Table S1. Two-tailed t-tests for parameter means using different models and pressure wave-
forms. Parameter values averaged over different samples of measurements for both model formulations and choices
of data sets. Standard deviations are presented in parentheses. The p-value and 95% confidence interval (C195%) are
obtained by a two-tailed t-test for paired data comparing the mean parameter values using the finger and carotid
pressure for the same model formulation, or using the same pressure waveform but different model formulations.
"Group”indicates which combination of model and pressure waveform is used to generate the data for the group.
“Cl"indicates the closed-loop model, and “OL" signifies the open-loop model.“-C"indicates the carotid pressure
waveform, and “-F"indicates the finger pressure waveform. The parameters included in the analysis are systemic
arterial compliance (Cao), total peripheral resistance (Rsys), time of peak elastance in the left ventricle (tpeak), charac-
teristic aortic impedance (Zao), and maximal left-ventricular elastance (Emax).

Additional file 2: Table S1. Two-tailed t-tests for parameter means using different models and pressure wave-
forms. Parameter values averaged over different samples of measurements for both model formulations and choices
of data sets. Standard deviations are presented in parentheses. The p-value and 95% confidence interval (C195%) are
obtained by a two-tailed t-test for paired data comparing the mean parameter values using the finger and carotid
pressure for the same model formulation, or using the same pressure waveform but different model formulations.
“Group”indicates which combination of model and pressure waveform is used to generate the data for the group.
"Cl"indicates the closed-loop model, and “OL" signifies the open-loop model.”-C"indicates the carotid pressure
waveform, and “-F"indicates the finger pressure waveform. The parameters included in the analysis are systemic
arterial compliance (Cao), total peripheral resistance (Rsys), time of peak elastance in the left ventricle (tpeak), charac-
teristic aortic impedance (Zao), and maximal left-ventricular elastance (Emax).



https://doi.org/10.1186/s12938-023-01086-y

Bjordalsbakke et al. BioMedical Engineering OnLine (2023) 22:34 Page 33 of 35

Acknowledgements
We would like to thank master student Kjell-Are @yen and University College Teacher Hans Olav Nilsen for preforming
the measurements from the clinical trial from which the data used in this study are collected.

Author contributions

NB wrote the main manuscript text. JS, and El contributed to and edited the main manuscript. NB performed all analysis
and created all figures with advice from all other authors. NB and JS performed the data preprocessing for analysis and
cooperated on writing the code for analysis. LH supervised the work. All authors reviewed the manuscript. All authors
read and approved the final manuscript.

Funding

Open access funding provided by Norwegian University of Science and Technology. The study is funded in full by the
hosting institution, the Norwegian University of Science and Technology (NTNU), through the Digital Transformation
Initiative.

Availability of data and materials
The data sets and code used and/or analyzed during the current study can be provided by the corresponding author
upon reasonable request.

Declarations

Ethics approval and consent to participate

The study from which the data obtained was approved by Regional Committee on Medical and Health Research Ethics
of Norway (Identifier: 2019/1084) and preregistered on clinicaltrials.org (Identifier: NCT 04151537). Written informed
consent was obtained from all participants.

Consent for publication
Not applicable.

Competing interests
The authors have no competing interests to declare.

Received: 16 August 2022 Accepted: 23 February 2023
Published online: 13 April 2023

References

1. Forouzanfar MH, Afshin A, Alexander LT, Anderson HR, Bhutta ZA, Biryukov S, et al. Global, regional, and national
comparative risk assessment of 79 behavioural, environmental and occupational, and metabolic risks or clusters of
risks, 1990-2015: a systematic analysis for the global burden of disease study 2015. Lancet. 2016;388(10053):1659—
724. https://doi.org/10.1016/50140-6736(16)31679-8.

2. ShiY, Lawford P, Hose R. Review of zero-D and 1-D models of blood flow in the cardiovascular system. Biomed Eng
Online. 2011;10(1):33. https://doi.org/10.1186/1475-925X-10-33.

3. Huberts W, Heinen SGH, Zonnebeld N, van Den Heuvel DAF, de Vries JPPM, Tordoir JHM, et al. What is needed to
make cardiovascular models suitable for clinical decision support? A viewpoint paper. J Comput Sci. 2018;24:68-84.
https://doi.org/10.1016/jjocs.2017.07.006.

4. Hose DR, Lawford PV, Huberts W, Hellevik LR, Omholt SW, van de Vosse FN. Cardiovascular models for personalised
medicine: Where now and where next? Med Eng Phys. 2019;72:38-48. https://doi.org/10.1016/j.medengphy.2019.
08.007.

5. Colunga AL, Kim KG, Woodall NP, Dardas TF, Gennari JH, Olufsen MS, et al. Deep phenotyping of cardiac function in
heart transplant patients using cardiovascular system models. J Physiol. 2020;598(15):3203-22. https://doi.org/10.
1113/JP279393.

6. Marquis AD, Arnold A, Dean-Bernhoft C, Carlson BE, Olufsen MS. Practical identifiability and uncertainty quantifica-
tion of a pulsatile cardiovascular model. Math Biosci. 2018;304:9-24. https://doi.org/10.1016/j.mbs.2018.07.001.

7. Colebank MJ, Colunga AL, King M, Schell C, Sheldon M, Kharbat M, et al. Parameter inference in a computational
model of hemodynamics in pulmonary hypertension. arXiv. 2021. https://doi.org/10.48550/arXiv.2101.06266.

8. PantS, Fabreges B, Gerbeau J, Vignon-Clementel IE. A methodological paradigm for patient-specific multi-scale CFD
simulations: from clinical measurements to parameter estimates for individual analysis. Int J Num Method Biomed
Eng. 2014;30(12):1614-48. https://doi.org/10.1002/cnm.2692.

9. PantS, Corsini C, Baker C, Hsia TY, Pennati G, Vignon-Clementel IE. Data assimilation and modelling of patient-spe-
cific single-ventricle physiology with and without valve regurgitation. J Biomech. 2016;49(11):2162-73. https://doi.
0rg/10.1016/jjbiomech.2015.11.030.


https://doi.org/10.1016/S0140-6736(16)31679-8
https://doi.org/10.1186/1475-925X-10-33
https://doi.org/10.1016/j.jocs.2017.07.006
https://doi.org/10.1016/j.medengphy.2019.08.007
https://doi.org/10.1016/j.medengphy.2019.08.007
https://doi.org/10.1113/JP279393
https://doi.org/10.1113/JP279393
https://doi.org/10.1016/j.mbs.2018.07.001
http://arxiv.org/abs/2021
https://doi.org/10.48550/arXiv.2101.06266
https://doi.org/10.1002/cnm.2692
https://doi.org/10.1016/j.jbiomech.2015.11.030
https://doi.org/10.1016/j.jbiomech.2015.11.030

Bjordalsbakke et al. BioMedical Engineering OnLine (2023) 22:34

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.
31

32.

33.

34.

35.

36.

37.

38.

Hann CE, Chase JG, Desaive T, Froissart CB, Revie J, Stevenson D, et al. Unique parameter identification for cardiac
diagnosis in critical care using minimal data sets. Comput Method Progr Biomed. 2010;99(1):75-87. https://doi.org/
10.1016/j.cmpb.2010.01.002.

. Kind T, Faes TJC, Lankhaar JW, Vonk-Noordegraaf A, Verhaegen M. Estimation of three- and four-element windkessel

parameters using subspace model identification. IEEE Trans Biomed Eng. 2010;57:1531-8. https://doi.org/10.1109/
TBME.2010.2041351.

Segers P, Stergiopulos N, Westerhof N. Quantification of the contribution of cardiac and arterial remodeling to
hypertension. Hypertension. 2000;36(5):760-5. https://doi.org/10.1161/01.HYP.36.5.760.

Meiburg R, Huberts W, Rutten MCM, van de Vosse FN. Uncertainty in model-based treatment decision support:
applied to aortic valve stenosis. Int J Num Method Biomed Eng. 2020;36(10): e3388. https://doi.org/10.1002/cnm.
3388.

Conover T, Hlavacek AM, Migliavacca F, Kung E, Dorfman A, Figliola RS, et al. An interactive simulation tool for
patient-specific clinical decision support in single-ventricle physiology. J Thorac Cardiovasc Surg. 2018;155(2):712-
21. https://doi.org/10.1016/j.jtcvs.2017.09.046.

Eck VG, Donders WP, Sturdy J, Feinberg J, Delhaas T, Hellevik LR, et al. A guide to uncertainty quantification and
sensitivity analysis for cardiovascular applications. Int J Numer Method Biomed Eng. 2016. https://doi.org/10.1002/
cnm.2755.

Audebert C, Peeters G, Segers P, Laleman W, Monbaliu D, Korf H, et al. Closed-loop lumped parameter modeling of
hemodynamics during cirrhogenesis in rats. [EEE Trans Biomed Eng. 2018;65(10):2311-22. https://doi.org/10.1109/
TBME.2018.2793948.

Nes BM, Gutvik CR, Lavie CJ, Nauman J, Wislaff U. Personalized activity intelligence (PAI) for prevention of cardio-
vascular disease and promotion of physical activity. Am J Med. 2017;130:328-36. https://doi.org/10.1016/j.amjmed.
2016.09.031.

Nauman J, Nes BM, Zisko N, Revdal A, Myers J, Kaminsky LA, et al. Personal activity intelligence (PAI): a new standard
in activity tracking for obtaining a healthy cardiorespiratory fitness level and low cardiovascular risk. Progr Cardio-
vasc Dis. 2019;62(2):179-85. https://doi.org/10.1016/j.pcad.2019.02.006.

@yen KA. The effect of Personal Activity Intelligence (PAl) on ambulatory blood pressure in adults with elevated
blood pressure: a 12-week pilot randomized controlled trial [Master’s thesis]. Norwegian University of Science and
Technology; 2020. https://hdl.handle.net/11250/2782710.

Organization GWH. WHO Guidelines on physical activity and sedentary behaviour; 2020. https://www.who.int/publi
cations/i/item/9789240015128 (Visited May 2022).

Rohatgi A. Webplotdigitizer: Version 4.5; 2021. https://automeris.io/WebPlotDigitizer.

Bjordalsbakke NL, Sturdy JT, Hose DR, Hellevik LR. Parameter estimation for closed-loop lumped parameter models
of the systemic circulation using synthetic data. Math Biosci. 2022;343: 108731. https://doi.org/10.1016/jmbs.2021.
108731.

Smith BW, Chase JG, Nokes RI, Shaw GM, Wake G. Minimal haemodynamic system model including ventricular
interaction and valve dynamics. Med Eng Phys. 2004;26(2):131-9. https://doi.org/10.1016/j.medengphy.2003.10.001.
Stergiopulos N, Meister JJ, Westerhof N. Determinants of stroke volume and systolic and diastolic aortic pressure.
Am J Physiol. 1996;270:H2050-9. https://doi.org/10.1152/ajpheart.1996.270.6.H2050.

Segers P, Stergiopulos N, Verdonck P, Verhoeven R. Assessment of distributed arterial network models. Med Biol Eng
Comput. 1997;35(6):729-36. https://doi.org/10.1007/BF02510985.

Pironet A, Dauby PC, Chase JG, Kamoi S, Janssen N, Morimont P, et al. Model-based stressed blood volume is an
index of fluid responsiveness. IFAC-PapersOnLine. 2015;48(20):291-6. https://doi.org/10.1016/}.ifacol.2015.10.154.
Tansey EA, Montgomery LEA, Quinn JG, Roe SM, Johnson CD. Understanding basic vein physiology and venous
blood pressure through simple physical assessments. Adv Physiol Educ. 2019;43:423-9. https://doi.org/10.1152/
advan.00182.2018.

Debrunner F, Buhler F."Normal central venous pressure; significance of reference point and normal range. British
Med J. 1969;3:148-50. https://doi.org/10.1136/bmj.3.5663.148.

Virtanen P, Gommers R, Oliphant TE, Haberland M, Reddy T, Cournapeau D, et al. SciPy 10: fundamental algorithms
for scientific computing in python. Nat Method. 2020;17:261-272. https://doi.org/10.1038/541592-019-0686-2.
Vallat R. Pingouin: statistics in python. J Open Source Softw. 2018;3(31):1026. https://doi.org/10.21105/joss.01026.
Vardoulis O, Papaioannou TG, Stergiopulos N. On the estimation of total arterial compliance from aortic pulse wave
velocity. Ann Biomed Eng. 2012;40:2619-26. https://doi.org/10.1007/510439-012-0600-x.

Hainsworth R. The importance of vascular capacitance in cardiovascular control. Physiology. 1990;5(6):250-4.
https://doi.org/10.1152/physiologyonline.1990.5.6.250.

Rose WC, Shoukas AA. Two-port analysis of systemic venous and arterial impedances. Am J Physiol Heart Circ
Physiol. 1993;265(5):H1577-87. https://doi.org/10.1152/ajpheart.1993.265.5.H1577.

Bombardini T, Mulieri LA, Salvadori S, Costantino MF, Scali MC, Marzilli M, et al. Pressure-volume Relationship in the
Stress-echocardiography Laboratory: Does (Left Ventricular End-diastolic) Size Matter? Revista Espanola de Cardiolo-
gia. 2017;70(2):96-104. https://doi.org/10.1016/j.recesp.2016.04.038.

Chantler PD, Lakatta EG, Najjar SS. Arterial-ventricular coupling: mechanistic insights into cardiovascular perfor-
mance at rest and during exercise. J Appl Physiol. 2008;105(4):1342-51. https://doi.org/10.1152/japplphysiol.90600.
2008.

Mertens HM, Mannebach H, Trieb G, Gleichmann U. Influence of heart rate on systolic time intervals: effects of atrial
pacing versus dynamic exercise. Clin Cardiol. 1981;4:22-7. https://doi.org/10.1002/clc.4960040106.

Weissler AM, Harris WS, Schoenfeld CD. Systolic time intervals in heart failure in man. Circulation. 1968;37(2):149-59.
https://doi.org/10.1161/01.CIR.37.2.149.

Feldschuh J, Enson Y. Prediction of the normal blood volume. Relation of blood volume to body habitus. Circulation.
1977,56:605-12. https://doi.org/10.1161/01.cir.56.4.605.

Page 34 of 35


https://doi.org/10.1016/j.cmpb.2010.01.002
https://doi.org/10.1016/j.cmpb.2010.01.002
https://doi.org/10.1109/TBME.2010.2041351
https://doi.org/10.1109/TBME.2010.2041351
https://doi.org/10.1161/01.HYP.36.5.760
https://doi.org/10.1002/cnm.3388
https://doi.org/10.1002/cnm.3388
https://doi.org/10.1016/j.jtcvs.2017.09.046
https://doi.org/10.1002/cnm.2755
https://doi.org/10.1002/cnm.2755
https://doi.org/10.1109/TBME.2018.2793948
https://doi.org/10.1109/TBME.2018.2793948
https://doi.org/10.1016/j.amjmed.2016.09.031
https://doi.org/10.1016/j.amjmed.2016.09.031
https://doi.org/10.1016/j.pcad.2019.02.006
https://hdl.handle.net/11250/2782710
https://www.who.int/publications/i/item/9789240015128%20%28Visited%20May%202022)
https://www.who.int/publications/i/item/9789240015128%20%28Visited%20May%202022)
https://automeris.io/WebPlotDigitizer
https://doi.org/10.1016/j.mbs.2021.108731
https://doi.org/10.1016/j.mbs.2021.108731
https://doi.org/10.1016/j.medengphy.2003.10.001
https://doi.org/10.1152/ajpheart.1996.270.6.H2050
https://doi.org/10.1007/BF02510985
https://doi.org/10.1016/j.ifacol.2015.10.154
https://doi.org/10.1152/advan.00182.2018
https://doi.org/10.1152/advan.00182.2018
https://doi.org/10.1136/bmj.3.5663.148
https://doi.org/10.1038/s41592-019-0686-2
https://doi.org/10.21105/joss.01026
https://doi.org/10.1007/s10439-012-0600-x
https://doi.org/10.1152/physiologyonline.1990.5.6.250
https://doi.org/10.1152/ajpheart.1993.265.5.H1577
https://doi.org/10.1016/j.recesp.2016.04.038
https://doi.org/10.1152/japplphysiol.90600.2008
https://doi.org/10.1152/japplphysiol.90600.2008
https://doi.org/10.1002/clc.4960040106
https://doi.org/10.1161/01.CIR.37.2.149
https://doi.org/10.1161/01.cir.56.4.605

Bjordalsbakke et al. BioMedical Engineering OnLine (2023) 22:34 Page 35 of 35

39. Segers P, Rietzschel ER, De Buyzere ML, Stergiopulos N, Westerhof N, Van Bortel LM, et al. Three- and four-element
Windkessel models: assessment of their fitting performance in a large cohort of healthy middle-aged individuals.
Proc Inst Mech Eng. 2008;222:417-28. https://doi.org/10.1243/09544119JEIM287.

40. Harris CR, Millman KJ, van der Walt SJ, Gommers R, Virtanen P, Cournapeau D, et al. Array programming with NumPy.
Nature. 2020;585(7825):357-62. https://doi.org/10.1038/541586-020-2649-2.

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions . BMC



https://doi.org/10.1243/09544119JEIM287
https://doi.org/10.1038/s41586-020-2649-2

	Monitoring variability in parameter estimates for lumped parameter models of the systemic circulation using longitudinal hemodynamic measurements
	Abstract 
	Background: 
	Results: 
	Conclusions: 

	Background
	Method
	Study design, setting, and participants
	Data collection
	Physical activity monitoring
	Blood pressure recordings
	Echocardiography
	Applanation tonometry

	Data preprocessing
	Finger pressure
	Tonometry traces

	Pressure and flow waveform alignment
	Models
	Closed-loop model
	Open-loop model
	Model output

	Parameter estimation
	Post-processing of parameter estimates
	Other methods for estimating model parameters
	Quality of waveform optimizations
	Summary

	Results
	Parameter estimate variability in individuals compared to the population
	Parameter estimates compared between different data sources
	Comparison of arterial parameter estimates to other estimation methods
	Quality of optimization results
	Closed-loop model
	Open-loop model

	Discussion
	Conclusion
	Appendix
	Model equations
	Closed-loop model
	Open-loop model

	Optimization algorithm details

	Anchor 41
	Acknowledgements
	References


