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1

Summary

Cardiovascular diseases remain a major global health challenge, affecting a growing
number of individuals and contributing significantly to mortality. This highlights
the need for non-invasive, widely accessible diagnostic and monitoring tools to better
assess cardiovascular function. In my dissertation, I explore the potential of person-
alized pulse wave propagation modeling – a mathematical approach that simulates
blood flow and pressure waveforms in the arterial system – to estimate clinically rel-
evant cardiovascular parameters based on non-invasively recorded peripheral pulse
waveforms. I present three studies that apply this modeling framework in different
clinical contexts, demonstrating its versatility and potential utility.

In the first study, I developed a personalized pulse wave propagation model to
estimate stroke volume (SV) and other cardiovascular parameters, and performed its
initial validation in 14 healthy subjects and 35 patients with chronic kidney disease
(CKD). Using radial artery pressure waveforms recorded non-invasively via applana-
tion tonometry, I fitted a 0-1D pulse wave propagation model to each individual’s
data. The model-derived SV estimates demonstrated good correlation with the re-
sults obtained from bioimpedance cardiography, indicating that this approach may
enable non-invasive assessment of cardiac function in CKD patients. This study ad-
dresses the challenge of routine monitoring of cardiovascular status in this high-risk
population.

The second study focused on patients with severe traumatic brain injury (sTBI),
a population that often requires vasopressor therapy to maintain adequate organ per-
fusion. In this study, I explored whether the values of cardiovascular parameters
derived from a personalized pulse wave propagation model could predict adjustments
in vasopressor (norepinephrine) dosing in sTBI patients. Using non-invasive pulse
wave recordings from multiple peripheral sites (wrists and ankles) obtained via an os-
cillometric device in 25 patients, I fitted a detailed 0-1D cardiovascular model to each
patient’s data. The personalized parameters were then incorporated into machine
learning models to predict changes in norepinephrine dosing over the next 24 hours
after the measurement. The results demonstrated that including the parameters de-
rived from pulse wave propagation model improved prediction accuracy compared to
using standard clinical variables alone. This highlights the potential of personalized
modeling to inform individualized treatment strategies for critically ill patients.

The oscillometric measurements used in the second study involved inflating cuffs
on multiple limbs to suprasystolic pressure, which can influence hemodynamics, par-
ticularly in patients with impaired cardiovascular regulation. This observation led to
the third study, where I investigated the hemodynamic effects of simultaneous multi-
limb oscillometric cuff inflation using a pulse wave propagation model. By extending
the 0-1D model to account for peripheral arterial occlusion caused by cuff inflation,
I simulated the impact of single- and multi-limb cuff inflation on central and periph-
eral hemodynamics. The simulations showed that while single-limb cuff occlusion
had minimal effects on central hemodynamics, four-limb cuff occlusion significantly
increased mean arterial pressure and blood flow in the carotid artery. Sensitivity
analyses identified key cardiovascular parameters that influenced these responses,
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and simulations incorporating inter-patient variability demonstrated that the magni-
tude of hemodynamic changes depends on baseline cardiovascular properties. This
study provides valuable insights into the systemic effects of simultaneous multi-cuff
measurements, particularly in patients with impaired cardiovascular regulation.

Together, these studies demonstrate the potential of personalized pulse wave prop-
agation modeling as a non-invasive tool for estimating cardiovascular parameters in
diverse clinical contexts. The findings suggest that this approach can potentially en-
hance cardiovascular assessment in CKD patients, guide vasopressor dosing in sTBI
patients, and provide insights into the hemodynamic effects of multi-limb cuff infla-
tion. While further validation of the proposed models in larger cohorts is necessary,
this dissertation establishes a foundation for integrating personalized pulse wave prop-
agation modeling into clinical practice, with the ultimate goal of improving patient
outcomes through enhanced cardiovascular monitoring and management.
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Streszczenie

Choroby sercowo-naczyniowe stanowią poważne globalne wyzwanie zdrowotne, doty-
kające coraz większą liczbę osób i powodujące znaczną śmiertelność. Istnieje zatem
potrzeba opracowania nowych, nieinwazyjnych, łatwo dostępnych narzędzi diagno-
stycznych i monitorujących, które pozwoliłyby lepiej oceniać funkcjonowanie układu
sercowo-naczyniowego. W mojej rozprawie doktorskiej badam potencjał modelowania
propagacji fali pulsu – podejścia matematycznego, umożliwiającego symulację prze-
pływu krwi i przebiegu fal ciśnienia w układzie tętniczym – do szacowania klinicznie
istotnych parametrów sercowo-naczyniowych na podstawie obwodowych fal pulsu re-
jestrowanych w sposób nieinwazyjny. Przedstawiam trzy publikacje, w których zasto-
sowałem tę metodę modelowania w różnych kontekstach klinicznych, wykazując jej
wszechstronność i potencjalną użyteczność.

W pierwszym badaniu opracowałem spersonalizowany model propagacji fali pulsu
pozwalający na oszacowanie objętości wyrzutowej serca (ang. stroke volume, SV) i in-
nych parametrów sercowo-naczyniowych, który został przetestowany u 14 zdrowych
osób i 35 pacjentów z przewlekłą chorobą nerek (PChN). Dla każdej osoby dopasowa-
łem hemodynamiczny model 0-1D, wykorzystując nieinwazyjne przebiegi fal ciśnienia
tętniczego zarejestrowane na tętnicy promieniowej za pomocą tonometru aplanacyj-
nego. Oszacowania SV otrzymane na podstawie modelu wykazały dobrą korelację
z pomiarami referencyjnymi uzyskanymi za pomocą kardiografii bioimpedancyjnej, co
wskazuje, że podejście to może umożliwić nieinwazyjną ocenę funkcji serca u pacjen-
tów z PChN. Prezentowane badanie może stanowić odpowiedź na wyzwanie związane
z rutynowym monitorowaniem zdrowia układu sercowo-naczyniowego w tej populacji
wysokiego ryzyka.

Drugie badanie skupiało się na pacjentach z ciężkim urazowym uszkodzeniem mó-
zgu (ang. severe traumatic brain injury, sTBI), populacji, która często wymaga terapii
lekami wazopresyjnymi (zwiększającymi ciśnienie krwi) w celu utrzymania odpowied-
niego ukrwienia organów. W badaniu tym analizowałem, czy wartości parametrów
sercowo-naczyniowych uzyskane za pomocą spersonalizowanego modelu propagacji
fali pulsu mogą posłużyć do przewidywania zmian dawkowania wazopresora (norepi-
nefryny) u pacjentów z sTBI. Na podstawie zapisów fal tętna zarejestrowanych oscy-
lometrycznie u 25 pacjentów w czterech miejscach (na nadgarstkach i kostkach) dopa-
sowałem szczegółowy model układu sercowo-naczyniowego 0-1D do danych pochodzą-
cych od poszczególnych pacjentów. Spersonalizowane parametry sercowo-naczyniowe
zostały następnie wykorzystane w modelach uczenia maszynowego w celu przewidy-
wania zmian dawkowania norepinefryny w ciągu następnych 24 godzin po pomiarze.
Wyniki wykazały, że uwzględnienie parametrów oszacowanych za pomocą modelu
propagacji fali pulsu poprawiło dokładność przewidywań w porównaniu z wykorzy-
staniem wyłącznie standardowych zmiennych klinicznych. Wskazuje to na potencjał
wykorzystania spersonalizowanego modelowania propagacji fali pulsu do opracowy-
wania zindywidualizowanych strategii leczenia pacjentów w stanie krytycznym.

Pomiary oscylometryczne zastosowane w drugim badaniu obejmowały pompowa-
nie mankietów oscylometrycznych na czterech kończynach do poziomu ciśnienia prze-
kraczającego ciśnienie skurczowe krwi. Taki zabieg może wpływać na hemodynamikę,
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szczególnie u pacjentów z zaburzeniami regulacji sercowo-naczyniowej. Stanowiło to
motywację do mojego trzeciego badania, w którym ekspolorowałem skutki hemody-
namiczne jednoczesnego napompowania mankietów oscylometrycznych na kilku koń-
czynach. Aby uwzględnić niedrożność tętnic obwodowych spowodowaną zaciśnięciem
mankietów, rozszerzyłem odpowiednio rozważany wcześniej model układu sercowo-
naczyniowego 0-1D. Następnie przeprowadziłem symulację wpływu napompowania
mankietów (na jednej lub wielu kończynach) na hemodynamikę centralną i obwo-
dową. Symulacje wykazały, że podczas gdy okluzja tętnic pod mankietem na jednej
kończynie ma niewielki wpływ na hemodynamikę centralną, jednoczesna okluzja tęt-
nic pod mankietami na czterech kończynach znacznie zwiększyła średnie ciśnienie
tętnicze i przepływ krwi w tętnicy szyjnej. Ponadto analiza wrażliwości pozwoliła
zidentyfikować parametry sercowo-naczyniowe, które miały kluczowy wpływ na takie
zmiany. Co więcej, symulacje uwzględniające zmienność międzyosobniczą wykazały,
że wielkość zmian hemodynamicznych wywołanych napompowaniem mankietów za-
leży od wyjściowych wartości parametrów sercowo-naczyniowych. Badanie to dostar-
cza cennych informacji na temat ogólnoustrojowych skutków jednoczesnych pomiarów
wielo-mankietowych, zwłaszcza w populacjach szczególnie z upośledzonymi mechani-
zmami regulacji sercowo-naczyniowej.

Podsumowując, przedstawione badania pokazują potencjał spersonalizowanego
modelowania propagacji fali pulsu jako nieinwazyjnego narzędzia do szacowania pa-
rametrów sercowo-naczyniowych w różnych kontekstach klinicznych. Wyniki badań
sugerują, że podejście to może usprawnić ocenę układu sercowo-naczyniowego u pa-
cjentów z PChN, pomóc w doborze dawki leków wazopresyjnych u pacjentów z sTBI
oraz dostarczyć informacji na temat hemodynamicznego wpływu jednoczesnego na-
pompowania mankietów na wielu kończynach. Chociaż konieczna jest dalsza wali-
dacja zaproponowanych modeli na większych grupach pacjentów, niniejsza rozprawa
stanowi podstawę do prowadzenia dalszych badań nad spersonalizowanym modelo-
waniem propagacji fali pulsu w celu poprawy wyników leczenia pacjentów poprzez
udoskonalone monitorowanie układu sercowo-naczyniowego.
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Chapter 1

Introduction

1.1 Motivation

According to the World Health Organization, cardiovascular diseases (CVDs) are the
leading cause of death worldwide, accounting for approximately 20 million deaths
annually and representing nearly one-third of all global deaths [1]. Common CVDs
include coronary artery disease, heart failure, arrhythmias, and peripheral artery
disease [1]; Figure 1.1 illustrates global causes of death in 2019, highlighting the con-
tribution of CVDs [2]. It is predicted that in the coming decades, the incidence of
CVDs will rise [3]. The main factors responsible for this phenomenon are: changes
in the age structure of the population, unhealthy lifestyle choices and persistent in-
equalities in access to healthcare [3, 4]. Without significant advances in prevention,
diagnosis, and treatment, the growing burden of CVDs could overwhelm healthcare
systems [3].

Patients with chronic kidney disease (CKD) are at particularly high risk for devel-
oping CVD [5, 6]. CKD is characterized by a gradual loss of kidney function, leading
to the accumulation of waste products of metabolism and fluid in the body [7]. Glob-
ally, CKD affects more than 850 million people (about 11% of the population) and its
prevalence increased by 33% between 1990 and 2017 [5, 8]. The elevated risk of CVD
in CKD patients arises from both traditional risk factors (such as hypertension and
diabetes) and non-traditional factors (including inflammation and vascular calcifica-
tion) [5]. In advanced stages of CKD, cardiovascular complications, including heart
failure, arrhythmias, and sudden cardiac death, account for approximately 40-50% of
all deaths [9]. Thus, the high prevalence of CVDs in patients with CKD, especially
in later stages of the disease, is a major contributor to increased mortality in this
population [10, 5].

Of particular concern during treatment of CKD patients who require hemodial-
ysis (HD) is that during HD, the rapid removal of fluid may overburden the body’s
compensatory mechanisms, leading to significant hemodynamic changes, such as in-
tradialytic hypotension [11]. Therefore, continuous non-invasive monitoring of car-
diovascular function during HD may help prevent complications and improve patient
outcomes.

While continuous monitoring of cardiovascular function is not yet routinely used
during HD, it is the standard of care in other settings, particularly in patients in
intensive care units, such as those with severe traumatic brain injury (sTBI). Gen-
erally, traumatic brain injury (TBI) is defined as damage to brain function due to
external forces [12] and is one of the leading causes of death and disability world-
wide [13, 14]. TBI affects an estimated 50–60 million people annually [14], with an
increasing trend [15]. Severe TBI represents a subset of TBI cases, characterized by
more significant brain damage, requiring intensive medical intervention and long-term
rehabilitation [16]. In order to prevent secondary brain injury, maintaining adequate
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Figure 1.1: Global causes of death in 2019. Data extracted from [1] and [2].

cerebral perfusion in sTBI patients is of utmost importance [17, 18]. This requires
precise regulation of systemic blood pressure, typically achieved through administra-
tion of vasoactive drugs (mainly vasopressors) that alter the tone of small arteries
and arterioles by constricting or dilating them [19]. Proper dosing of these drugs
requires monitoring of the patient’s cardiovascular state and is usually challenging
due to the variability in individual responses to various drugs and the complexity of
the underlying pathophysiologies [20, 21, 22].

While sTBI represents an acute, rapidly evolving condition [17], CKD and CVD
exemplify chronic, progressive changes in cardiovascular properties. In all these
scenarios, thorough cardiovascular assessment is important but remains difficult to
achieve. Understanding the patient’s cardiovascular state in quantitative terms en-
ables clinicians to make more informed decisions. Interventions such as fluid resus-
citation, vasopressor administration, or mechanical support depend critically on dy-
namically changing cardiovascular parameters. Some of them are routinely measured
in clinical practice, especially in intensive care units.

1.2 What parameters are routinely measured to monitor

cardiovascular function?

A variety of hemodynamic parameters are routinely used to monitor the cardiovas-
cular status of patients. One of the most commonly assessed parameters is the heart
rate (HR) [23, 24], which reflects the number of heartbeats per minute. HR is a
simple yet informative cardiovascular risk factor in both the general population and
specific groups, such as patients with hypertension [25], chronic heart failure [23], or
arrhythmias [26]. It is typically measured non-invasively using manual measurements,
oscillometric devices, or electrocardiography (ECG) [27].

Another fundamental cardiovascular parameter is arterial blood pressure (BP),
which quantifies the force of blood exerted on the arterial walls [28]. It is typically
reported as two values: the systolic blood pressure (SBP), representing the pressure
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during cardiac contraction, and diastolic blood pressure (DBP), indicating the pres-
sure during cardiac relaxation [27]. Elevated BP, particularly sustained hypertension,
is a major risk factor for the development and progression of CVD [29, 30]. BP is also
essential for identifying hypotension – one of the major complications in patients un-
dergoing hemodialysis (HD) [31], those with severe traumatic brain injury (sTBI) [32,
33], and septic patients [34].

Other measures of blood pressure are pulse pressure (PP) and mean arterial pres-
sure (MAP). PP is defined as the difference between systolic blood pressure (SBP)
and diastolic blood pressure (DBP), and can predict the risk of cardiovascular events
such as stroke or myocardial infarction [35, 36]. MAP is particularly important in
intensive care settings, as it represents the average pressure in the arteries throughout
the cardiac cycle and is a critical determinant of tissue and organ perfusion [34, 37].
MAP is often estimated using the empirical formula DBP + 1

3
(SBP − DBP ) [38],

although its accuracy is debated [39, 40]. Blood pressure is usually measured non-
invasively with a sphygmomanometer or an automated oscillometric device [27] and
is expressed relative to ambient atmospheric pressure [28]. When continuous mea-
surements are needed (as in patients with sTBI), it can be measured invasively via an
arterial catheter [27] or, when high accuracy is not crucial, using various non-invasive
continuous measurements techniques [41].

Beyond HR, and BP measurements, several additional hemodynamic parame-
ters are important for monitoring and assessing the patient’s cardiovascular status.
Although clinically significant, many of these require advanced or expensive measure-
ment techniques. Notable examples include stroke volume (SV) and cardiac output
(CO). SV quantifies the amount of blood ejected by the left ventricle with a single
heartbeat, reflecting the heart’s pumping efficiency. CO represents the total volume
of blood pumped by the heart per minute and is typically approximated as the prod-
uct of SV and HR. For a more objective assessment of cardiovascular function, the
cardiac index (CI) is frequently used; CI normalizes CO to body surface area [27, 42].
The stroke volume index is defined analogously [42]. Unfortunately, the most accu-
rate methods for measuring SV and CO are either invasive (e.g., thermodilution via
a pulmonary artery catheter [43]) or require expensive equipment (e.g., cardiac mag-
netic resonance imaging) or qualified personnel (e.g., for echocardiography). Although
bioimpedance cardiography offers a non-invasive and relatively affordable alternative,
its accuracy remains a subject of ongoing research [43, 44].

Another clinically relevant parameter is systemic vascular resistance (SVR), also
known as total peripheral resistance (TPR), which quantifies the resistance that the
heart must overcome to pump blood through the circulatory system [45]. Its value
may be estimated by dividing the difference between MAP and central venous pressure
(CVP) by CO [46]. SVR provides insight into vascular tone and the overall state of
the cardiovascular system. For instance, SVR is crucial for assessing blood vessel
narrowing (vasoconstriction) and widening (vasodilation), and thus, it may guide
vasopressor therapy [45]. On the other hand, CVP plays an important role in assessing
right ventricular function and is typically measured invasively via a central venous
catheter [47, 48].

Ejection fraction (EF) is another key indicator of cardiac function, representing
the percentage of blood ejected from a ventricle during contraction [49]. The left ven-
tricular ejection fraction (LVEF) is especially important, as it is used to classify and
assess the severity of heart failure [50, 51]. The most common method for measuring
LVEF is echocardiography [52, 53], although cardiac magnetic resonance imaging also
provides an accurate and non-invasive assessment. Invasive cardiac catheterization
can be used in selected cases [54, 55].



10 Chapter 1. Introduction

Many of the parameters discussed above require measurement using invasive pro-
cedures, expensive imaging equipment, and well-qualified personnel, and are therefore
typically available only in intensive care units or specialized cardiology centers. These
limitations motivate the development of non-invasive, assessment methods. Pulse
wave recordings are particularly attractive in this context: they are relatively easy to
acquire and contain rich information about arterial and cardiac function. This infor-
mation can be leveraged to estimate cardiovascular parameters that would otherwise
be inaccessible at the bedside.

1.3 Information about the cardiovascular system status
contained in the arterial pressure waveform

The human cardiovascular system is a closed network of blood vessels comprising two
interconnected circuits: the systemic circulation, which delivers oxygenated blood
from the heart to organs and tissues, and the pulmonary circulation, which directs
deoxygenated blood to the lungs for gas exchange. Periodic ejection of blood from the
left ventricle into the systemic circulation (with period T = 1/HR) generates arte-
rial flow, characterized by the propagation of pressure waves (and associated changes
in vessel volume and diameter), commonly referred to as pulse waves. These waves
travel along the arterial tree, which is composed of tapered vessels and multiple bifur-
cations [56]. The shape and characteristics of pulse waves is complex, influenced by
various physiological and pathological factors within the cardiovascular system [57].
A thorough analysis of the pulse waveform (i.e., a graphical representation of the pulse
wave over time) holds significant promise for improving the diagnosis and monitoring
of CVDs [57, 58].

At a very basic level, the pulse waveform P (t), representing pressure as a function
of time, can be characterized by its maximum and minimum values, which correspond
to SBP during ventricular ejection and DBP at the end of diastole, immediately before
the next ventricular contraction. The PP reflects the amplitude of the pulse wave.
Additionally, the shape of the pulse waveform allows for determination of MAP, which
can be calculated as the time-averaged integral 1

T

∫
T

0
P (t) dt [59]; see Figure 1.2 for

more details.
One of the key factors influencing the propagation of the pulse wave is the elasticity

of the vessel walls [60]. Arteries vary significantly in both wall properties and size.
Large arteries, such as the ascending aorta or common carotid arteries, typically have
diameters ranging from 10 to 25 mm [56]. These vessels are highly elastic, allowing
for a large stretch during systole and subsequent recoil during diastole [61]. Smaller
arteries, with diameters between 0.1 and 10 mm, and arterioles, with diameters less
than 0.1 mm, exhibit reduced elasticity and increased resistance to blood flow [61,
56].

Large elastic arteries play a crucial role in dampening the pulsatile output gener-
ated by the heart, allowing for continuous blood flow even during diastole, when the
heart is not actively pumping. The increase in pulse pressure observed toward the
peripheral arteries (see Figure 1.3A) results from changes in arterial compliance (a
measure of vessel elasticity). As a consequence, peripheral systolic and pulse pressures
are usually higher than central aortic values [62]. The elastic properties of arteries
also determine the speed at which the pulse wave propagates, known as pulse wave
velocity (PWV) [60, 63]. In healthy individuals, PWV typically ranges from 4 to
10 m/s in the aorta and large arteries, but it can be significantly higher in cases of in-
creased arterial stiffness (i.e., reduced elasticity) [63, 64]. The carotid–femoral pulse
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Figure 1.2: Schematic representation of a typical peripheral arterial pressure waveform,
illustrating key features such as systolic blood pressure (SBP), diastolic blood pressure (DBP),
pulse pressure (PP) and mean arterial pressure (MAP).

wave velocity (cfPWV) is considered the gold standard for assessing arterial stiff-
ness [65] and serves as an independent predictor of cardiovascular risk [66]. cfPWV
is calculated by dividing the distance between the carotid and femoral measurement
sites by the transit time of the pressure wave between them [63]. Figure 1.3 provides
a schematic overview of pulse wave propagation in the arterial tree and illustrates the
cfPWV measurement.

As pulse waves propagate through the arterial tree, they encounter changes in ves-
sel geometry and mechanical properties that generate wave reflections and backward-
traveling waves. These reflections occur at sites of abrupt changes, such as bifur-
cations, sudden diameter variations, or transitions between arterial segments with
differing wall stiffness. Consequently, the recorded pulse waveform represents a com-
plex superposition of the forward-traveling wave and multiple reflected waves [60,
69].

Importantly, the reflected waves depend on the downstream vascular tone: their
timing and amplitude depend not only on geometric discontinuities but also on distal
vascular properties such as systemic vascular resistance (SVR) and arterial compli-
ance. Arteriolar beds determine SVR and thus influence MAP. Changes in MAP
affect arterial wall distension and effective stiffness (arteries stiffen when stretched),
which in turn modify PWV and the pattern of wave reflections. As a result, shifts
in peripheral resistance or arterial stiffness produce immediate, coupled changes in
waveform morphology and timing [70, 63]. Clinically relevant interventions that alter
vascular tone (such as vasopressor administration) have both direct effects on MAP
and indirect effects on reflected waves and PWV, together shaping the observed pe-
ripheral pulse waveforms [71, 63, 72].

In summary, the pulse wave is much more than a simple indicator of heart rate; it
is a rich physiological signal that may provide a comprehensive view of cardiovascular
health. Subtle changes in pulse wave morphology, including the timing of the reflected
waves, can be crucial for both diagnosing and monitoring cardiovascular conditions.
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Figure 1.3: Schematic representation of pulse wave propagation in the arterial tree.
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its shape and amplitude as it encounters vessels with different geometry and wall properties.
(B) Carotid–femoral pulse wave velocity (cfPWV) is estimated by measuring the transit time
of the pulse wave between the carotid and femoral arteries and dividing the distance by this
time. Figure based on [67, 68].

Accurate recognition of these characteristic waveform alterations requires reliable and
precise measurement techniques.

1.4 How to measure and decipher pulse waves?

Pulse wave measurement methods range from highly invasive to fully non-invasive
techniques, with varying degrees of accuracy and clinical applicability. The gold
standard remains the direct intra-arterial catheterization, which provides high-fidelity
recordings through insertion of a pressure transducer into an artery [73, 74]. The
transducer converts the blood motion into electrical signals, which are then sent to a
monitor [75]. This method allows also for continuous pressure monitoring [76], but is
relatively expensive and carries risks such as thrombosis (blood clot formation) and
infection [77].

One of the most widely used non-invasive techniques of pulse wave recording is ap-
planation tonometry. This technique involves a pressure sensor (a tonometer), which
is applied externally to superficial arteries (such as the radial or carotid artery). Dur-
ing the measurement, the pressure sensor is gently pressed against a superficial artery
to flatten (“applanate”) the vessel wall. The tonometer then records the pressure
transmitted through the flattened arterial wall, reconstructing the arterial pressure
waveform [58]. The accuracy of applanation tonometry depends on proper sensor
placement and adequate contact pressure [78]. When performed correctly, it can
provide high-fidelity waveforms that closely approximate intra-arterial pressure [79].
However, it requires operator skill and experience to ensure reliable results. Figure
1.4A shows an example of a commercially available applanation tonometer device
(SphygmoCor, AtCor Medical, Australia).

An oscillometric method is another non-invasive technique for recording pulse
waves. This method employs a blood pressure cuff to record pulse waveforms at
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Figure 1.4: Exemplary devices for non-invasive pulse wave measurements (recordings): (A)
an applanation tonometer device (SphygmoCor, AtCor Medical, Australia), (B) an oscillo-
metric cuff-based device (AngE, SoT Medical, Austria).

specific cuff pressures. The measured oscillations correspond to variations in cuff
pressure caused by pulsatile changes in arterial volume beneath the cuff (partially
attenuated). When the cuff pressure is close to diastolic BP level, the recorded
waveform provides a reasonable approximation of the shape of the arterial volume
pulse wave [80, 81]. An example of device employing this method is the AngE system
(SoT Medical, Austria), shown in Figure 1.4B.

Another non-invasive method of recording pulse waves is photoplethysmography
(PPG). In this technique, a light-emitting diode (typically infrared or green light)
illuminates the skin (e.g., on a fingertip), and a photodetector measures changes
in blood volume by detecting variations in light absorption by blood in the skin
vessels. The pulsatile component of the PPG waveform reflects the peripheral pulse
(volume) waveform morphology, enabling analysis of features such as pulse width,
pulse area, and dicrotic notch [82]. PPG is inexpensive and convenient but susceptible
to motion artifacts, filtering effects, and influences of tissue optical properties [82].
Interestingly, more and more research is focusing on advanced signal processing and
machine learning techniques to enhance PPG-based measurements [83, 84, 85].

The volume-clamp method is also a non-invasive, continuous monitoring tech-
nique that uses an inflatable finger cuff with infrared PPG to estimate arterial volume
changes. The cuff applies variable pressure to maintain a constant arterial volume
under the cuff, allowing for continuous reconstruction of the arterial pressure wave-
form [86, 87]. However, this method is sensitive to patient movement. It can also
be difficult to obtain an accurate reading in patients with severe vasoconstriction,
peripheral vascular disease or distorted fingers due to arthritis [88].

To extract clinically relevant information from the recorded pulse waveform, a
special analysis is required. One of such analytical methods is Pulse Wave Analysis
(PWA) [89]. PWA leverages peripheral pulse waveforms to estimate central blood
pressure (cBP), i.e. the pressure in the aorta, via generalized transfer functions
(GTF) [89, 90]. A GTF is a mathematical model that characterizes the relationship
between the shape of the peripheral pressure wave and the central pressure wave [91].
Figure 1.5 illustrates the schematic of analysis of the aortic pressure waveform from
the radial artery waveform using a GTF.

Assessing cBP is clinically important, as multiple studies suggest it is a supe-
rior predictor of cardiac morbidity and mortality compared to peripheral BP [92,
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ventricular ejection time (LVET).

93]. However, the use of GTFs has limitations, particularly in certain populations,
such as patients with chronic kidney disease (CKD), in whom their accuracy may be
reduced [94].

One commonly derived parameter of the aortic waveform is augmentation pressure
(AP), which quantifies the increase in central blood pressure (cBP) caused by the
reflected pressure waves. Closely related to AP is the central augmentation index
(AIx), a normalized measure that expresses AP as a percentage of pulse pressure.
Elevated AP and AIx generally indicate increased arterial stiffness and a higher risk
of CVD [95, 96, 97].

Another clinically relevant metric is the subendocardial viability ratio (SEVR),
which is defined as the ratio of the area under the central pressure waveform during
diastole (Diastolic Pressure Time Index; DPTI) to the area under the waveform dur-
ing systole (Systolic Pressure Time Index; SPTI) [98], see Figure 1.5 for more details.
Higher SEVR values indicate better myocardial perfusion and a more favorable car-
diac oxygen supply-demand balance, while lower SEVR values suggest a mismatch
between supply and demand, which can serve as an early indicator of myocardial
ischemia (insufficient blood flow to the heart muscle) [99].

From the aortic waveform we are also able to estimate the left ventricular ejection
time (LVET) – the duration of the systolic ejection phase, i.e., the time interval
between the opening of the aortic valve (characterized as the onset of the rapid
upstroke of pressure in the aorta) and its closing (characterized by the dicrotic notch
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in the pressure waveform) [100]. Prolonged LVET are observed in patients with
significant aortic stenosis, whereas shortened LVET may be seen in conditions such
as non-treated hypertension [101]. This parameter has also utility as an independent
predictor of heart failure [102]. For a visual summary of the aortic waveform-derived
parameters see Figure 1.5.

Overall, based on its shape and propagation characteristics, the pulse wave may
allow for the monitoring of physiological and pathological changes in the cardiovas-
cular system. Currently, there are many methods for non-invasive pulse wave mea-
surement, which offer the possibility of an accessible but also advanced analysis of
the pulse waveform. Is it possible, then, to extract additional clinically relevant infor-
mation from the pulse wave? Given the complexity and physiological importance of
pulse wave dynamics, mathematical modeling of pulse wave propagation has emerged
as a powerful tool to deepen our understanding of cardiovascular function, interpret
measurements cardiovascular parameters that are difficult to measure directly.

1.5 Pulse wave propagation modeling as a tool to deci-

pher pulse waveforms

1.5.1 What is 0-1D pulse wave propagation modeling?

Before delving into the specifics, it is important to understand the concept of pulse
wave propagation modeling. This approach aims to represent the vascular system as
a network of arterial vessels and use differential equations to simulate how the pulse
waves propagate, reflect, and change their shape as they travel through the arterial
network. These models are typically based on one-dimensional (1D) formulations
of mass, momentum and energy conservation in large and medium arteries, coupled
with lumped-parameter models that characterize small arteries and arterioles. This
enables realistic modeling of wave propagation dynamics with relatively low compu-
tational requirements. Historically, the first one-dimensional models were developed
in parallel with early lumped-parameter models [103, 104], but their practical appli-
cation became feasible only with the advent of digital computing. As computational
resources became more accessible, the use of 1D models in cardiovascular research
increased significantly.

Pulse wave propagation models are based on several assumptions that simplify the
complex nature of the circulatory system. The arterial network is usually depicted as
a tree of branching arteries, with each branch representing a large artery (segments
of aorta or conduit arteries), with two or three levels of bifurcation, while excluding
small arteries and arterioles [105, 106, 107, 108]. Vessels are assumed to be slightly
tapered, distensible tubes with axisymmetric, circular cross-sections.

Blood is a non-Newtonian fluid, meaning its viscosity is not constant but depends
on the shear rate (the shear-thinning property). This behavior is particularly impor-
tant in very small vessels (< 200µm) and under conditions of low shear stress [109].
However, in large arteries, where shear rates are typically high, blood can be approx-
imated as a Newtonian fluid with constant viscosity [110]. Therefore, in 1D models,
blood is often modeled as an incompressible, Newtonian fluid with constant density
and viscosity.

To further simplify the mathematical formulation, it is necessary to assume a spe-
cific blood velocity profile. The most commonly used profiles are parabolic (Poiseuille)
and flat [60, 106].

A comprehensive description of blood flow relies on the set of three main equations:
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• governing equation for blood motion, typically derived from a reduced form of
the Navier–Stokes equations;

• the continuity equation, which arises from the incompressibility of blood and
ensures mass conservation within each arterial segment;

• an equation describing the interaction between blood pressure and vessel wall
deformation.

Proper boundary conditions are essential for accurate pulse wave propagation
modeling. At vascular bifurcations, most models enforce continuity of pressure and
conservation of mass, ensuring physically consistent wave transmission and reflec-
tion [111, 107]. In addition, some approaches incorporate energy losses resulting
from vortex formation at these vessel junctions [106, 111, 112].

Several approaches are used for the outflow boundaries (i.e., the terminal ends of
the vascular tree), including pure resistance models [113, 114], 3-element Windkessel
models [105, 115], and structured tree models that approximate the impedance of
the downstream vasculature [106, 116]. These models are intended to represent small
arteries and arterioles, which are normally not included in the 1D model of the arterial
tree [117].

Inflow boundary conditions, (i.e., conditions describing the blood flow from the left
ventricle to the arterial system), are often defined using phenomenological functions
independent of downstream conditions [118, 119, 120]. Alternatively, more advanced
approaches use time-varying elastance models based on Suga’s and Sagawa’s work
from the 1970s [121, 122], which account for the left ventricular contraction dynam-
ics [108, 123, 124].

For simplicity, venous return and pulmonary circulation are generally omitted,
although models that include them also exist in the literature [125, 126].

Figure 1.6 presents a schematic representation of an exemplary 0-1D pulse wave
propagation model, illustrating the key components within the cardiovascular system.

1.5.2 Personalization of the models

One of the key strengths of 0–1D pulse wave propagation models is their ability to
be relatively quickly personalized for individual patients, in contrast to more com-
plex higher-dimensional models. By adjusting selected model inputs such as vascular
geometry, HR, or inflow boundary condition, these models can account for inter-
individual variability. Such personalization increases the clinical relevance of the
models, enabling more precise cardiovascular assessment and tailored therapeutic
guidance for diverse patient populations.

The equations describing pulse wave propagation models are governed by a range
of parameters, including those characterizing the elastic properties of arterial walls,
the resistance and compliance of peripheral vascular beds, and cardiac function. To
tailor a model to a specific patient, some authors scale the dimensions of the entire
vascular tree or adjust the length of the ascending aorta according to the patient’s
height [127, 128, 119, 129]. However, such adjustments are often insufficient for full
personalization, particularly in the presence of cardiovascular pathologies. To esti-
mate the values of model (patient) parameters that are unavailable or impossible to
measure, one can formulate an inverse problem: given the measured data (correspond-
ing to a certain model output, such as a pressure or flow waveform), the objective is
to identify the set of model parameters that best reproduce the observed data.

To achieve personalization of a pulse wave propagation model, some researchers
use pulse waveform measurements [127, 128, 119]. An objective function is defined,
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Figure 1.6: Schematic representation of an exemplary 0-1D pulse wave propagation model.
The cardiovascular system is represented as a network of one-dimensional arterial segments
(large arteries) connected to the inflow boundary condition (e.g., a phenomenological function
describing the blood outflow from the left cardiac ventricle) and outflow boundary conditions
(e.g., 3-element Windkessel models connected to the end of the modelled arteries). P denotes
pressure and Q denotes flow.

and optimization methods are applied to minimize the error between the measured
and model-predicted waveforms. The optimization process iteratively adjusts the
non-fixed model parameters to reduce the discrepancy between the simulation out-
put and the data. As a result, personalized parameter values are obtained, enabling
more accurate model-based hemodynamic assessments and estimation of physiological
quantities that are not directly accessible through standard clinical measurements.
These may include vessel wall stiffness, peripheral resistance, compliance, or cardiac-
related parameters such end-systolic left ventricular elastance. However, the success
of this approach depends on data quality, parameter identifiability, and the choice
of optimization algorithm, all of which must be carefully considered in clinical ap-
plications. Conducting a sensitivity analysis is considered good practice, as it helps
identify the model parameters with the most significant influence on the given model
outputs.

An important aspect of 0–1D modeling is its modularity, which allows for inte-
gration of additional compartments into the cardiovascular system representation or
additional model features, for example, modeling the venous return system [125], the
cerebral autoregulation [130], or even the impact of external devices such as pres-
sure cuffs [131]. Such model extensions may enhance the model’s ability to simulate
complex physiological and clinical scenarios.
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1.5.3 Previous studies on fitting the models to measured pulse wave-
forms

Personalized pulse wave propagation models are increasingly recognized as powerful
tools for simulating and understanding cardiovascular dynamics. Traditionally, model
personalization has relied on manual adjustment of selected model parameters, such
as parameters describing vessel geometry as well as inflow boundary conditions based
on measured physiological data [108, 129]. However, only a limited number of stud-
ies (typically involving small groups of volunteers) have directly fitted pulse wave
propagation models to recorded pressure or flow waveforms.

Poleszczuk et al. developed a subject-specific one-dimensional pulse wave prop-
agation model, personalized by adjusting six key parameters, including wall stiff-
ness coefficients, cardiac output, time of peak blood ejection, and terminal resis-
tance/compliance scaling factors, to fit radial pressure waveforms recorded via appla-
nation tonometry in 20 healthy volunteers [128]. A two-stage optimization process
was used to find optimal values of the aforementioned parameters, combining particle
swarm optimization with a gradient-based method. This framework enables enhanced
cardiovascular assessment and simulation of virtual patient scenarios [128].

Zhang et al. introduced a personalized hemodynamic modeling framework that
combines a 0-1D cardiovascular model with the Levenberg–Marquardt optimization
algorithm to estimate individual pressure and flow waveforms in the brachial and
carotid common arteries [119]. The study involved 62 healthy volunteers aged 20–70
years, in whom brachial arterial pressure waveforms were measured using the volume-
clamp method, and stroke volumes and artery diameters were measured using ultra-
sound. Subject-specific arterial stiffness parameters were estimated using inverse op-
timization. Validation demonstrated that the model accurately estimates individual
pulse waveforms.

Hao et al. proposed a subject-specific approach for estimating central hemody-
namics by combining a generalized transfer function (GTF) with a 0-1D cardiovas-
cular model [132]. To address the large number of uncertain arterial parameters, a
two-step sensitivity analysis was performed: first, the Morris method identified the
parameters with the highest impact on the shape of the peripheral (brachial and
radial) pressure waveforms, followed by the adaptive sparse generalized polynomial
chaos expansion (agPCE) for uncertainty quantification. Model personalization was
achieved using simulated annealing to minimize the error between the measured and
estimated peripheral aortic pressure waveforms. The method was validated in 26 pa-
tients who underwent cardiac catheterization, and its performance was compared with
conventional GTF approach. The proposed method reliably estimated central aortic
waveforms and pressures, outperforming standard GTF method.

Liu et al. developed a non-invasive method for estimating left ventricular pressure
waveforms in patients with coronary artery disease by integrating a single-fiber ven-
tricular model, diode-like heart valves, and a 0-1D arterial tree model [133]. Model
personalization was achieved through a two-step process: first, the Morris sensitivity
analysis identified a crucial subset of 16 model parameters - including ventricular
activation and contractile element properties, valve resistances, arterial diameters,
wall stiffnesses, and peripheral Windkessel resistances/compliances. Next, differential
evolution optimization was applied to fit the model to patient data. Validation was
performed using aortic pressure waveforms recorded invasively (via cardiac catheter-
ization) in 32 patients with suspected coronary artery disease [133].

In another patient-specific study, Poleszczuk et al. applied pulse wave propaga-
tion modeling to identify cardiovascular risk characteristics in hemodialysis patients,
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aiming to address the limitations of traditional pulse wave analysis [127]. Model per-
sonalization was achieved similarly as in their previously discussed study [128]. The
model was validated in a cohort of 35 anuric prevalent hemodialysis patients and
32 healthy volunteers.

Pulse wave propagation models also enable the estimation of waveforms other
than pressure, such as flow waveforms. In some studies, mathematical models are
personalized using flow waveforms measured by Doppler ultrasound.

For example, in the study by Zhang et al. [134], a personalized 0–1D cardiovascu-
lar model was developed to simulate the hemodynamic effects of enhanced external
counterpulsation (EECP). The model integrates a 1D pulse wave propagation through
arteries, a 0D lumped-parameter representation of veins and capillaries, and a single-
fiber heart model, further coupled with an EECP module. Clinical ultrasound data,
including flow waveforms from the carotid, femoral, and brachial arteries, were col-
lected from 22 volunteers both at rest and during EECP. A two-step sensitivity analy-
sis was performed to identify key model parameters, which were then optimized using
simulated annealing to construct subject-specific models. Validation demonstrated
high agreement between the simulated and measured flow waveforms.

In another study [135], researchers applied one-dimensional hemodynamic mod-
eling to investigate the effects of intracranial internal carotid artery stenosis on ex-
tracranial blood flow patterns, aiming to develop a non-invasive diagnostic approach
for early stenosis detection. Personalization was initially achieved by adjusting mul-
tiple patient-specific parameters, including stroke volume, heart rate, and arterial
diameters at key locations (carotid, vertebral, and aortic segments), as well as steno-
sis geometry derived from magnetic resonance angiography images. Subsequently,
three cardiovascular parameters (elastic modulus, peripheral resistance, and periph-
eral compliance) were optimized using the Levenberg–Marquardt algorithm to fit
the model’s predicted internal carotid artery flow velocity waveforms to the actual
Doppler ultrasound measurements for each patient. Validation was performed in a co-
hort of 52 patients with varying degrees of intracranial internal carotid artery stenosis
and 24 control subjects.

Despite the aforementioned studies, integrating personalized hemodynamic mod-
eling into routine clinical practice remains challenging. Nevertheless, there is growing
recognition of the potential clinical benefits these models may offer. Further research
is needed to validate pulse wave propagation models across diverse populations and
clinical scenarios, ensuring their reliability and utility in real-world settings.

1.6 Aim of this study and research hypotheses

Pulse wave propagation modeling has emerged as a promising tool for extracting car-
diovascular information from non-invasive measurements. Recent approaches, par-
ticularly those involving personalized pulse wave propagation modeling and direct
fitting of pulse waveforms, aim to improve the accuracy and reliability of cardiovas-
cular assessments. These methods also enable the estimation of key hemodynamic
parameters, such as arterial stiffness and vascular resistance, using data collected
non-invasively. However, only a limited number of studies have applied these models
to specific patient populations, and the topic remains insufficiently explored.

My dissertation aims to address this gap by developing personalized pulse wave
propagation modeling approaches that leverage non-invasive measurements to en-
hance cardiovascular assessment and guide therapy. I focus on two underrepresented
patient populations in pulse wave research: patients with chronic kidney disease
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(CKD) and those with severe traumatic brain injury (sTBI). By applying and vali-
dating these models in these patient groups, my work seeks to provide new insights
into patient-specific hemodynamics and support more individualized clinical decision-
making.

1.6.1 Hypotheses

Based on the characteristics of my research, I formulated the following hypotheses:

(H1) A pulse wave propagation model, after calibration with peripheral pressure
waveforms recorded non-invasively using applanation tonometry, can be used
to estimate heart function parameters in both healthy individuals and patients
with altered cardiovascular status.

(H2) A pulse wave propagation model can approximate arterial pulse waveforms
recorded simultaneously at multiple locations using the oscillometric technique.

(H3) Cardiovascular parameters estimated through personalization of a pulse wave
propagation model may be used for prediction of vasopressor dosage adjust-
ments in patients with severe traumatic brain injury.

(H4) A pulse wave propagation model can be used to assess the hemodynamic effects
of peripheral arterial occlusions due to oscillometric cuff measurements.

1.6.2 Research questions

To address the research aims and test the hypotheses, I formulated the following
research questions:

(H1Q1) How can a pulse wave propagation model be efficiently coupled with a time-
varying left ventricle elastance function model?

(H1Q2) How do the values of stroke volume estimated based on pulse wave prop-
agation modelling compare with the values obtained using bioimpedance
cardiography?

(H2Q1) Which parameters of a pulse wave propagation model should be adjusted
to fit the model to four peripheral pulse waveforms (recorded on wrists and
ankles)?

(H2Q2) Can a pulse wave propagation model approximate pulse waveforms recorded
oscillometrically from four peripheral sites (wrists and ankles)?

(H3Q1) Do the values of cardiovascular parameters estimated from pulse wave prop-
agation modeling allow for predictions of vasopressor dosing adjustments in
patients with severe traumatic brain injury?

(H3Q2) Are the above-mentioned predictions better compared to predictions based
on standard hemodynamic parameters and patient characteristics?

(H4Q1) How can a pulse wave propagation model be adapted to simulate peripheral
arterial occlusion due to oscillometric cuff measurements?

(H4Q2) What are the local and central hemodynamic consequences of a single-limb
oscillometric cuff measurement?
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(H4Q3) What are the local and central hemodynamic consequences of multi-limb
oscillometric cuff measurements?

(H4Q4) Are the central hemodynamic consequences of multi-limb oscillometric cuff
measurements similar in different subjects?

In Chapters 2–4, I refer to specific hypotheses and research questions while dis-
cussing three publications attached to the dissertation: [A1], [A2], and [A3]. The
Chapters are titled after the respective publications.
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Chapter 2

Publication [A1]: Non-invasive
assessment of stroke volume and
cardiovascular parameters based
on peripheral pressure waveform

2.1 Summary of the study

In the clinical setting, cardiac stroke volume (SV) is commonly estimated using
echocardiography or invasive methods such as thermodilution during cardiac catheter-
ization [43]. However, these techniques can be costly and require special equipment
and trained personnel, and therefore are not suitable for routine use. Less invasive
approaches, such as non-invasive bioimpedance cardiography, also require dedicated
devices and skilled operators, but their accuracy can be limited [136, 137]. There-
fore, there is growing interest in developing new non-invasive methods for estimating
SV and other parameters of cardiac function. One promising approach uses pulse
wave propagation models that simulate blood flow and pressure dynamics in the ar-
terial system. By calibrating such models with non-invasively recorded peripheral
pressure waveforms, it is possible to infer central hemodynamics, including left ven-
tricular outflow and parameters describing cardiac function. Recently, Bikia et al.
personalized a pulse wave propagation model using the measured pulse wave veloc-
ity, and brachial systolic and diastolic blood pressures, reporting promising results in
estimating cardiac output and central systolic pressure [138]. To our knowledge, no
previous studies have validated model personalization for SV estimation in patients
with altered cardiovascular status, using the peripheral pulse waveform to inform the
model.

In the first publication included in this dissertation, I present a non-invasive
method to estimate SV and other cardiovascular parameters from peripheral pres-
sure waveforms recorded by applanation tonometry (SphygmoCor, AtCor Medical,
Australia); see also Figure 1.4 in Chapter 1.4. With this study, I aimed to address
the first research hypothesis (H1) outlined in Chapter 1.6:

(H1) A pulse wave propagation model, after calibration with peripheral pressure wave-
forms recorded non-invasively using applanation tonometry, can be used to es-
timate heart function parameters in both healthy individuals and patients with
altered cardiovascular status.

In my research, I built upon a 0-1D cardiovascular model previously applied by
Poleszczuk et al. [127, 128]. To address the above hypothesis, I needed to develop
a more advanced representation of left ventricular function and perform a detailed
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comparison of SV estimates derived from the model with those obtained via another
method. Therefore, I formulated two specific research questions (H1Q1, H1Q2), as
outlined in Chapter 1.6:

(H1Q1) How can a pulse wave propagation model be efficiently coupled with a time-
varying left ventricle elastance function model?

(H1Q2) How do the values of stroke volume estimated based on pulse wave propagation
modelling compare with the values obtained using bioimpedance cardiography?

To address these questions, I first integrated a time-varying elastance represen-
tation of left ventricular function into the one-dimensional pulse wave propagation
model previously developed by my Advisor [127, 128] (H1Q1). The used left ventricle
model, originally part of a lumped cardiovascular system model, is based on the work
of Ottesen et al. [124]. My objective was to implement this formulation within the
0-1D pulse wave propagation model, replacing the earlier phenomenological formu-
lation derived from another study by Olufsen [118]. Unlike simpler cardiac ejection
models [119, 118], this model provides a more physiologically accurate representation
of ventricular contraction as a time-dependent process. It achieves this by coupling
the left ventricular elastance function with the aortic root pressure computed within
the 0-1D pulse wave propagation model. This integration enables simulation of the
interaction between cardiac function and arterial hemodynamics. Additionally, the
lumped-parameter formulation of the left ventricle model offers a computationally
efficient way to represent the complex dynamics of the left ventricle, making it well-
suited for parameter estimation based on non-invasive measurements (H1Q1).

Next, I personalized the model using radial artery pressure waveforms recorded
with an applanation tonometer from 14 healthy volunteers and 35 anuric, maintenance
hemodialysis (HD) patients. For each HD patient, the waveforms were recorded four
times per dialysis session: approximately 15 minutes before the start, after the start,
before the end, and after the end of the session. These recordings were conducted dur-
ing two HD sessions following both longer and shorter interdialytic breaks, resulting
in a total of 280 measurements. Selected cardiovascular parameters, including the
maximal left ventricular elastance (Emax) and peripheral vascular resistance, were
estimated using a two-step parameter optimization procedure that minimized the
difference between the measured and simulated radial pressure waveforms.

For each subject, SV was then estimated using the simulated flow in the ascend-
ing aorta (addressing H1Q2) and compared to values measured using bioimpedance
cardiography (PhysioFlow, Manatec Biomedical, France). The model-derived SVs
showed moderate correlation with bioimpedance-based values in both the control
group (r = 0.57, p < 0.05) and the HD cohort (r = 0.58, p < 0.001), although, on
average, the SV values estimated by the model were approximately 34% lower than
those measured by bioimpedance cardiography in both groups.

It is important to note that bioimpedance cardiography, while less burdensome
than echocardiography for repeated evaluations during HD sessions, may not pro-
vide fully accurate measurements [136, 137], and hence the observed bias in the
model-estimated SVs may be related to the reference measurements. Additionally,
discrepancies between the bioimpedance- and model-estimated SVs could arise from
inaccuracies in pulse wave measurements used for model calibration. Although ap-
planation tonometry is considered a relatively reliable method for capturing pressure
waveforms, it is highly dependent on the operator technique and is sensitive to move-
ment artifacts, which can compromise signal quality. Indeed, due to the poor quality
of some recordings (both SV and pulse waveforms), I had to exclude 136 out of the
280 recordings from the analysis (see Fig. S3 in the Supplementary Materials).
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The results of this study highlight the potential of non-invasive pulse wave prop-
agation modeling for assessing SV in HD patients. By calibrating the model to pe-
ripheral pressure waveforms, which are relatively easy to obtain, this approach offers
a promising alternative for cardiovascular assessment. To the best of my knowledge,
this is the first study to utilize the shape of the pulse waveform for model calibration
to estimate SV, and to apply this method in both healthy individuals and a specific
patient group. Nevertheless, further validation against gold-standard techniques, such
as thermodilution, is required to fully establish the accuracy of this methodology.

The mathematical model developed in this work is available in my public GitHub
repository: https://github.com/kwolos/PWA_public. The data used for the analysis
can be found at https://zenodo.org/record/8131393.

2.2 My contributions

I am the first author of this publication, responsible for the conceptualization, method-
ology, software implementation, validation, investigation, formal analysis, and first
draft writing. I developed the mathematical model by integrating the time-varying
elastance function into the existing one-dimensional pulse wave propagation frame-
work. Furthermore, I conducted the simulations and analyses comparing the model-
derived stroke volume estimates with bioimpedance cardiography measurements. Ad-
ditionally, I prepared all figures and tables presented in the article and supplementary
materials.

2.3 Author contributions

The conceptualization of the study was discussed collaboratively with my Advisors,
Prof. Jan Poleszczuk, and Dr. Leszek Pstraś. Methodological discussions involved
Prof. Małgorzata Debowska and Prof. Wojciech Dąbrowski, while Prof. Dąbrowski
and Prof. Dorota Siwicka-Gieroba oversaw the collection of medical data used in
the study. The manuscript underwent review and revisions by my Advisors and
Prof. Debowska.

2.4 Publication

https://github.com/kwolos/PWA_public
https://zenodo.org/record/8131393




RESEARCH ARTICLE

Non-invasive assessment of stroke volume
and cardiovascular parameters based on
peripheral pressure waveform

Kamil WołosID
1*, Leszek Pstras1, Malgorzata Debowska1, Wojciech Dabrowski2,

Dorota Siwicka-Gieroba2, Jan Poleszczuk1

1 Laboratory of Mathematical Modeling of Physiological Processes, Nalecz Institute of Biocybernetics and
Biomedical Engineering, Polish Academy of Sciences, Warsaw, Poland, 2 Department of Anesthesiology

and Intensive Therapy, Medical University of Lublin, Lublin, Poland

* kwolos@ibib.waw.pl

Abstract

Cardiovascular diseases are the leading cause of death globally, making the development

of non-invasive and simple-to-use tools that bring insights into the state of the cardiovascu-

lar system of utmost importance. We investigated the possibility of using peripheral pulse

wave recordings to estimate stroke volume (SV) and subject-specific parameters describing

the selected properties of the cardiovascular system. Peripheral pressure waveforms were

recorded in the radial artery using applanation tonometry (SphygmoCor) in 35 hemodialysis

(HD) patients and 14 healthy subjects. The pressure waveforms were then used to estimate

subject-specific parameters of a mathematical model of pulse wave propagation coupled

with the elastance-based model of the left ventricle. Bioimpedance cardiography measure-

ments (PhysioFlow) were performed to validate the model-estimated SV. Mean absolute

percentage error between the simulated and measured pressure waveforms was 4.0% and

2.8% for the HD and control group, respectively. We obtained a moderate correlation

between the model-estimated and bioimpedance-based SV (r = 0.57, p<0.05, and r = 0.58,

p<0.001, for the control group and HD patients, respectively). We also observed a correla-

tion between the estimated end-systolic elastance of the left ventricle and the peripheral

systolic pressure in both HD patients (r = 0.84, p<0.001) and the control group (r = 0.70,

p<0.01). These preliminary results suggest that, after additional validation and possibly fur-

ther refinement to increase accuracy, the proposed methodology could support non-inva-

sive assessment of stroke volume and selected heart function parameters and vascular

properties. Importantly, the proposed method could be potentially implemented in the exist-

ing devices measuring peripheral pressure waveforms.

Author summary

With a growing number of people suffering from cardiovascular diseases (CVD), it is

extremely important to develop non-invasive methods that could quickly and comprehen-

sively assess the condition of the cardiovascular system. Hemodialysis (HD) patients are
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particularly prone to CVD, but studies aimed at developing new techniques for non-inva-

sive assessment of cardiovascular parameters are typically based on healthy subjects. We

set out to investigate the possibility of using peripheral pressure waveforms to estimate

stroke volume (SV) and selected parameters of the cardiovascular system in both healthy

subjects and HD patients. To that aim, we developed a mathematical model of pulse wave

propagation coupled with an elastance-based model of the left-ventricular function. The

validity of the model has been assessed using bioimpedance-based SV estimates from both

healthy subjects and HD patients. We believe that the proposed model-based procedure,

subject to further validation and improvements, could serve as an auxiliary tool for evalu-

ating SV. In addition, it enables estimation of selected cardiovascular parameters, some of

which, as we have shown, appear to be related to known pulse wave-derived parameters.

Introduction

Chronic kidney disease (CKD) is a long-term decrease in kidney function characterized by its

progressive nature, lack of a definitive cure, and high morbidity and mortality. It is relatively

common in the general adult population, particularly among individuals affected by diabetes

and hypertension [1]. Prevalence of CKD is estimated at 13.4% globally and its incidence is

expected to rise in the future [2,3]. About 50% of patients with CKD stage 4 or 5 have a cardio-

vascular disease (CVD), with approximately 40% to 50% of all deaths in this group being

attributed to CVD [2]. CVD risk factors in patients with CKD include, among others, vascular

calcification, inflammation, hypertension, or diabetes [2]. Furthermore, nearly half of patients

with heart failure suffer from CKD [4] and a long-term decrease in cardiac output or stroke

volume may indicate progression of heart failure, which can decrease kidney perfusion and

lead to kidney failure [5,6]. Non-invasive methods of assessing the patient’s cardiovascular

health can be an important aid in understanding the CKD-related mechanisms behind CVD,

predicting hemodynamic response to various treatments, or creating personalized treatment

plans. Moreover, non-invasive assessment of stroke volume in end-stage CKD patients receiv-

ing dialysis treatment could potentially help in assessing the fluid overload in such patients

and prescribing an adequate and safe dialysis treatment. It could also be used for categorizing

dialysis patients based on their intradialytic hemodynamic changes [7]. For these reasons, it is

critically important to develop easy-to-use and non-invasive methods of assessing the patient’s

cardiovascular condition.

In recent years, personalized cardiovascular mathematical models of various complexity have

begun to play an increasingly important role in the assessment of the state of the patient’s car-

diovascular system [8–13]. Coupled 0-1Dmodels are a good compromise between the simplicity

of lumped models and the complexity of multidimensional models in the case when one is inter-

ested in describing the whole-body circulation. In this type of reduced-order modeling, the

pulse and flow wave propagation are described using a one-dimensional bifurcation tree reflect-

ing the largest arteries in the body, on which the flow equations are imposed. In such models,

the lumped parts typically explain the behavior of the peripheral arteries and the work of the

heart. The size of the modeled system, as well as the parameters describing the heart and the vas-

culature (i.e. peripheral compliance, resistance, etc.) are subject-specific and should be estimated

for a given patient. To personalize a model, one needs to collect (preferably non-invasively)

patient data corresponding to the model outputs and then to adjust the model (i.e. optimize the

model parameters), so that its outputs match gathered data as closely as possible. A proper opti-

mization method, combined with appropriately assigned initial values of the parameters to be
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optimized (e.g. based on patient size, age, gender, etc.), should minimize the difference between

the model outputs and patient data, providing the final estimates of patient-specific values of

those parameters, thus making the model personalized. Depending on the application and the

details of the model, various approaches to model personalization may be used.

For instance, in the study by Zang et al [14] a 0-1D model describing 55 main arteries

(defined previously in the works of Stergiopulos et al. [15] and Olufsen et al. [16]) was person-

alized by scaling the artery lengths and diameters according to subject height and a cluster-

dependent scaling factor, followed by minimizing the error between the measured and simu-

lated peripheral pressure waveforms using the gradient-based optimization algorithm. In the

study by Bikia et al. [11] a model based on a more detailed bifurcation tree with 103 arteries

(defined previously by Reymond et al. [17]), was personalized by: 1) adjustments of the arterial

tree based on age, gender, height, and body surface area; 2) using a gradient-based optimiza-

tion procedure to minimize the error between the measured and computed cardiovascular var-

iables such as systolic and diastolic blood pressure, and carotid-femoral pulse wave velocity.

Carson et al. [18] used a two-tier optimization procedure involving adjustments of parameters

such as peripheral resistances, compliances, blood volume, and arterial cross-sectional areas to

fit the model to the measured systolic and diastolic blood pressure, pulse wave velocity, as well

as peak systolic and end-diastolic blood flow velocity.

Once the model is personalized, the resulting set of subject-specific parameters can provide

deeper insight into the patient’s condition without the use of invasive measurements [9–

11,19]. However, to our knowledge, not many of such studies have been conducted in patients

with chronic diseases such as CKD, who, as already mentioned, are particularly prone to CVD.

In our previous papers, we have investigated whether a 0-1D model could reproduce appla-

nation tonometry recordings of pressure waves from the radial artery in healthy subjects and

hemodialysis (HD) patients [10,19]. We also performed a detailed study on whether the car-

diovascular risk factors for HD patients, such as arterial stiffness, could be derived from the

measured pressure waveforms [19]. In the present paper, we extend our previous study by

investigating if the measured pressure waveform can be used for a detailed heart function

assessment, including stroke volume (SV) estimation. We use a similar 0-1D model as before

i.e. the model based on the aforementioned commonly-used 55-element arterial tree and a

3-element Windkessel model at the terminal ends of the arteries. However, we decided to use a

different boundary condition describing the inflow of blood to the arterial tree, which in the

present study is based on the elastance function of the heart. To validate the model-based esti-

mates of SV, we used bioimpedance cardiography measurements (PhysioFlow, Manatec Bio-

medical, France) performed simultaneously with peripheral pulse waves recordings.

Results

Reproduction of the measured pressure waveforms

After subject-specific personalization (calibration) of the model (see Fig 1 for a graphical repre-

sentation of the calibration process), our pulse wave propagation model was able to reproduce

the pressure waveforms recorded in the radial arteries with satisfactory accuracy in most cases.

Exemplary model simulations after data fitting are presented in Fig 2, whereas all cases are pre-

sented in the S1 File. Additionally, S1 Fig shows exemplary model outputs at different locations

in the arterial tree (i.e. flow and pressure waveforms). For the control group, the average mean

absolute percentage error (MAPE) between the measured and fitted pressure waveforms (for

all available data points) was 2.8%, whereas for HD patients it was 4% (see Fig 3 for more

details). The average MAPE for the measurements performed during HD after a long interdia-

lytic break (i.e. 3 days) was slightly lower compared with that obtained for the measurements
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performed after a short, 2-day break (3.8% vs. 4.2%; difference not significant), see Fig 3b. The

worst (highest) MAPE values were obtained for the measurements conducted after the end of

HD (average 4.9% for all HD sessions, 4.4% for the sessions after the long interdialytic break,

and 5.5% for the sessions after the short interdialytic break; difference not significant).

Fig 1. Simplified workflow of the study. For each measured pressure waveform, model personalization (calibration) was performed. An iterative optimization
procedure was employed to tune the values of parameters describing the function of the heart (i.e. Emax–maximal value of the elastance function, and tm–time to the
onset of constant elastance) as well as terminal compliances and resistances (Sc and SR, respectively) that would minimize the error between the measured and
simulated pressure waveform in the radial artery. After model personalization, the model-simulated blood flow waveform in the ascending aorta was used to estimate
stroke volume (SV). Finally, model-estimated and reference SV values have been compared.

https://doi.org/10.1371/journal.pcbi.1012013.g001
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Stroke volume estimation

For the control group, the Pearson correlation coefficient between SVs estimated by the bioim-

pedance cardiograph and those estimated using our model was r = 0.57 (p = 0.032), see the

scatter plot in Fig 4a. For HD patients, the correlation coefficient for all measurements was

Fig 2. Exemplary model simulations of the pressure waveform in the radial artery (upper panels) and the corresponding blood flow waveform in the ascending
aorta (lower panels) in four subjects: Two HD patients and two subjects from the control group.

https://doi.org/10.1371/journal.pcbi.1012013.g002

Fig 3. The quality of model fits: Mean absolute percentage error (MAPE) between the measured and model-simulated
pressure waveforms in the radial artery for (a) control group and (b) HD patients. For HD patients, the results are divided
based on either the length of the interdialytic break before the HD session (a long, 3-day break vs short, 2-day break) or the time
of the measurement (before/after the start of the HD session and before/after the end of the session).

https://doi.org/10.1371/journal.pcbi.1012013.g003
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r = 0.58 (p< 0.001), with r = 0.56 and r = 0.59 for the measurements performed after the short

and long interdialytic break, respectively (p< 0.001 in both cases; see Fig 4b for the scatter

plots). The correlation coefficients were similar regardless of the time of measurement during

the HD session, with the only exception for the measurements performed before the end of

HD session after a long interdialytic break, where the correlation was higher (r = 0.75,

p< 0.001), although only after excluding one clear outlier, see S2 Fig.

Fig 5 presents the Bland-Altman plots comparing the model-estimated and bioimpedance-

based SV values in both control and HD groups. Since the differences in SV from the two

methods were not normally distributed in the HD group (Shapiro-Wilk test statistic: 0.98,

p< 0.05), a logarithmic transformation of the data was performed [20] (Shapiro-Wilk test sta-

tistic: 0.991, p = 0.52).

Estimation of cardiovascular parameters

Table 1 presents the average values of the estimated subject-specific parameters and their

standard deviations. The first two parameters are related to the elastance heart model of the

left ventricle, while the last two describe the properties of the terminal vascular beds, (see

also Fig 6 to compare).

Table 2 shows the comparison between the mean values of the cardiovascular parameters

estimated in HD patients for the measurements performed after the long vs short interdialytic

break. This comparison is shown in two versions: first, for the available data from all four mea-

surement moments during HD, and second, for the measurements taken only before the start

of HD (to exclude the impact of the dialysis itself). In both cases, when paired measurements

were taken into account, no statistically significant differences were observed with regard to

the length of the interdialytic break.

Fig 4. Comparison between the model-estimated (computed) stroke volume (SV) and bioimpedance-based (measured)
SV values for (a) control group and (b) HD patients (data shown separately for the HD sessions after a long and short
interdialytic break). Solid and dashed lines represent linear regression, and 95% confidence intervals, respectively.

https://doi.org/10.1371/journal.pcbi.1012013.g004
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Correlations with PWA-derived indices

The SphygmoCor device, which was used for peripheral pressure waveform recordings, per-

forms also the so-called Pulse Wave Analysis (PWA), which is a non-invasive method of

assessing the state of the cardiovascular system. The PWAmethod relies on a generalized

transfer function that allows reconstruction of the central pressure waveform from that

recorded in the radial artery. Thus, the device also returns parameters characterizing the

peripheral and central pressure waveforms, such as the augmentation index. To determine

whether the model-estimated SV and the cardiovascular parameters tuned in our model fitting

procedure are somehow related to the indices derived by SphygmoCor and the general patient

characteristics (age, height, weight), we calculated the Pearson correlation coefficients between

those values and presented them in the form of a heatmap, see Fig 7.

Discussion

We presented a model-based methodology for estimating SV based on the pressure waveform

recorded in the radial artery. We observed a moderate correlation between the SV estimated

by our model and that obtained from bioimpedance cardiography in both healthy subjects and

Fig 5. Bland-Altman plots comparing the stroke volume estimated by the model versus estimated using
bioimpedance cardiography (PhysioFlow) for (a) control group and (b) hemodialysis patients.Dashed horizontal
lines represent the 95% limits of agreement, straight horizontal line represents the mean difference. Before plotting, the
data have been logarithmically transformed. SD denotes standard deviation.

https://doi.org/10.1371/journal.pcbi.1012013.g005

Table 1. Summary of the estimated patient-specific values of the model parameters for hemodialysis (HD) patients and control group. The data are shown as means
and standard deviations (SD).

Parameter Unit HD patients Control group

Mean SD Mean SD

Emax Maximal systolic value of elastance function mmHg/ml 3.13 1.27 2.56 1.06

tm Time to the onset of constant elastance s 0.57 0.09 0.56 0.05

SR Scaling factor of terminal resistances - 1.66 0.71 2.02 0.75

Sc Scaling factor of terminal compliances - 10.18 4.34 11.89 4.39

https://doi.org/10.1371/journal.pcbi.1012013.t001
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HD patients (Pearson correlation coefficient of around 0.6). However, our model-based esti-

mates of SV were generally lower than those obtained from bioimpedance cardiography,

which may be either due to the limitations of our model or due to imperfectly recorded periph-

eral pressure waveforms to which our model was fitted, or due to inaccuracy of the reference

(bioimpedance-based) SV values (or a combination of the above). For instance, in some cases

PhysioFlow provided SV values that could be considered unrealistic (e.g., values over 150 ml,

see Fig 4b and S2 Fig). The model, on the other hand, operates on physiological parameters,

such as the maximum left-ventricular volume (properly scaled for the given patient), and thus

is unable to provide such unrealistically high values of SV. Nevertheless, ignoring the cases

with questionable reference data (SV over 150 ml) did not significantly affect the correlation

coefficients.

PhysioFlow employs neck and chest electrodes to measure changes of the thorax impedance

induced by pulsatile blood flow generated by the heart, thus enabling the estimation of SV.

Compared to the well-established echocardiography, bioimpedance cardiography is less

Fig 6. Box-plots for the estimated cardiovascular parameters in the hemodialysis (HD) and control groups. The
description of parameters and their units are provided in Table 1.

https://doi.org/10.1371/journal.pcbi.1012013.g006

Table 2. Summary of the estimated values of the cardiovascular parameters in hemodialysis (HD) patients depending on the length of the interdialytic break before
the studied HD session (a long, 3-day break vs a short, 2-day break). The data are presented as means (± standard deviation).

Parameter Unit All measurement moments1 Before Start2

long break short break long break short break

Emax mmHg/ml 2.99±1.13 2.89±1.24 3.43±1.06 3.44±1.24

tm s 0.58±0.09 0.58±0.09 0.58±0.06 0.58±0.08

SR - 1.57±0.65 1.77±0.75 1.51±0.50 1.71±0.91

Sc - 10.93±4.70 10.49±3.99 11.82±4.17 11.41±4.66

1) the results combine data from all moments of measurements, i.e. before and after the start of the HD session and before and after the end of the session, but limited to

cases for which the data for the given patient and the given moment of measurement was available for both HD sessions (i.e. paired data only)
2) the results refer to measurements performed before the start of the HD session but limited to cases for which the data for the given patient was available for both HD

sessions (i.e. paired data only)

https://doi.org/10.1371/journal.pcbi.1012013.t002
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demanding when cardiovascular parameters need to be evaluated multiple times during an

HD session [21]. Echocardiography, which uses ultrasound waves to obtain images of the

heart structure and function must be operated by a qualified clinician. Given that in our study

for each HD session we needed four reference measurements (estimations) of SV performed

over the span of approximately 4 hours, we decided, therefore, to use PhysioFlow, which did

not require qualified personnel and hence was much easier and cheaper (the electrodes were

attached to the patient before the HD session and were kept on for the whole session). A disad-

vantage of this approach is the aforementioned possible inaccuracy of bioimpedance cardiog-

raphy in estimating SV–even though some studies report good accuracy of this method,

including in HD patients, both at the beginning and at the end of HD [21,22], there are also

studies that questioned it in certain groups of patients, such as anemic or pediatric patients

[23,24].

The Bland-Altman analysis presented in Fig 5 showed that there was no relation between

the differences and the means of the logarithmically transformed SVs obtained from the

model and PhysioFlow. For HD patients, the mean difference of the log-transformed SVs was

-0.41. The antilog of this difference gives a dimensionless ratio of 0.66, with the relatively wide

95% limits of agreement equal to 0.30 and 1.42. Thus, the model-based estimates of SV were,

Fig 7. Correlation matrix between the parameters estimated by the model (Y axis) and cardiovascular parameters or indices derived by SphygmoCor
(X axis) for (a) control group of healthy subjects and (b) hemodialysis patients, * p< 0.05, ** p< 0.01, *** p< 0.001. CSV–computed stroke volume,
BMI–body mass index, PSP–peripheral systolic pressure, CSP–central systolic pressure, PDP–peripheral diastolic pressure, CDP–central diastolic pressure,
CAI–central augmentation index, CAP–central augmentation pressure, PAI–peripheral augmentation index, CESP–central end-systolic pressure, PESP–
peripheral end-systolic pressure, PF SV–stroke volume estimated by PhysioFlow.

https://doi.org/10.1371/journal.pcbi.1012013.g007
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on average, 34% lower than the bioimpedance-based values from PhysioFlow, with approxi-

mately 95% of results being up to 42% higher and up to 70% lower than the reference values.

Bikia et al. used a similar model but with a more advanced arterial bifurcation tree to esti-

mate the cardiac output (CO) and central systolic blood pressure, based on brachial systolic

and diastolic pressure (brSP, brDP) and carotid-to-femoral pulse wave velocity (cf-PWV) [11].

Their approach is based on the assumption that the parameters describing arterial compliance,

total peripheral resistance, and maximal blood flow from the left ventricle may be unambigu-

ously estimated from brSP, brDP, and cf-PWV. When they adjusted their model to match

brSP, brDP and cf-PWV obtained with SphygmoCor, they achieved a relatively high correla-

tion between the model-estimated CO and the reference CO obtained using 2–D transthoracic

echocardiography (r = 0.73), although they studied healthy subjects only (n = 20).

Since HD patients have a very high rate of cardiovascular morbidity and mortality [2,25],

similar research in these patients is of utmost importance. Therefore, in our study, we sought

to investigate whether a model-based estimation of SV is possible when based on data from

HD patients, whose hemodynamics may be impaired due to both CKD and HD treatment.

The main difference between our approach and that of Bikia et al. [11], is that we used the

entire shape of the peripheral pressure waveform measured by SphygmoCor to inform the

model. To our knowledge, no such study has been conducted to date.

The factors leading to the increased incidence of CVD in HD patients are complex and not

fully understood [26]. Mathematical models may help explain these relationships. Subject-spe-

cific models can allow for an in-depth analysis of the physiological state of the patient using

only non-invasive diagnostic tools. In particular, non-invasive estimation of stroke volume or

left-ventricular end-systolic elastance, Emax, can provide useful information about the condi-

tion of the heart. The scaling factor SR, in turn, may shed some light on the level of peripheral

resistance, which is mainly influenced by the resistance of small arteries and arterioles. Track-

ing changes in the aforementioned parameters for a given patient could help in the early detec-

tion of CVD or in the monitoring of CVD progression, and hence it could improve treatment

outcomes.

The analysis of correlations between parameters obtained from our model and those

derived by SphygmoCor showed that, for both HD and control groups, there was a significant

correlation between the maximal (end-systolic) elastance (Emax) and systolic pressure (both

central and peripheral) and between Emax and the end-systolic pressure estimated for the cen-

tral pressure waveform. Emax is generally load-independent (just a little dependent on the arte-

rial load) and is determined by cardiac muscle contractility and ventricular wall mass [27]. It is

often approximated by the slope of the line connecting the top-left corners of the cardiac pres-

sure-volume loops [27]. In some studies, the authors underlie that this relation is more curved

than straight, which suggests that Emaxmay be dependent on the pressure and volume of the

left ventricle [28,29]. This in turn may explain the correlation that we observed between the

end-systolic elastance and systolic pressure. Interestingly, in HD patients we observed a mod-

erate correlation between Emax and diastolic pressure (both central and peripheral) that was

not present in the control group. Moreover, we observed a low positive correlation of Emax

with weight, height or BMI in HD patients, and no such correlations in the control group.

Limitations

Mathematical modeling of complex systems, such as the cardiovascular system, typically

involves many simplifications and thus limitations. In our previous study, we have mentioned

the possible limitation related to the fact that our model does not account for the presence of

an arteriovenous fistula, which may influence the model-derived parameters [19]. Another
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limitation is related to the selection of parameters tuned in the optimization procedure, while

leaving other parameters fixed. Moreover, in our model, we consider only the work of the left

ventricle, with the pressure in the left atrium fixed at a constant level, which makes it impossi-

ble to take into account the Frank-Starling mechanism. Furthermore, an important limitation

of our study is the possibly low reliability of some of the reference SV values obtained with

PhysioFlow in HD patients. Transthoracic bioimpedance methods are cheap, non-invasive,

and relatively easy to use. However, some studies challenge the accuracy of PhysioFlow, e.g., in

patients with chronic anemia [23] or pediatric patients [24]. To properly validate our model,

future studies should ideally use gold-standard invasive methods for SV estimation, such as

the direct Fick method. Also, a more in-depth sensitivity and identifiability analysis should be

performed to potentially improve the selection of parameters to estimate.

Materials andmethods

Ethics statement

The study was approved by the Bioethical Committee at the Medical University of Lublin

(Poland), and informed verbal consent has been obtained from all subjects. Our study was per-

formed in accordance with the Declaration of Helsinki and all applicable regulations.

Study subjects

We studied two groups: 1) the control group consisting of 14 healthy subjects, 2) the HD

group, consisting of 35 anuric, prevalent hemodialysis patients, i.e. patients with end-stage

renal disease, monitored during two standard HD sessions: after a long (3-day) and a short

(2-day) interdialytic break, i.e. the time since the previous HD session. All HD patients had

arteriovenous fistulas. None of the patients were diagnosed with CVD at the time of the study.

For more detailed information on the studied HD patients, please see our previous work [19]

and Table 3.

Measurements

The pressure wave measurements were performed by one trained clinician (on the non-fistula

arms in HD patients) using applanation tonometry (SphygmoCor, AtCor Medical, Australia).

The results were calibrated with the systolic and diastolic blood pressure measured oscillome-

trically at the brachial artery (Omron M3, Omron Healthcare, Kyoto, Japan). Based on the

“operator index” of the SphygmoCor device, we excluded from the analysis all low-quality

recordings (according to the manufacturer’s user manual, the results are acceptable when the

operator index is� 80).

Table 3. Characteristics of the study subjects. Data are reported as means ± standard deviation. The data reported for hemodialysis (HD) patients were assessed after
the mid-week HD hemodialysis session.

Unit HD patients Controls

N = 35 N = 14

Gender % (male) 43 43

Age years 61.2 ± 14.3 45.3 ± 12.0***
Height cm 167.9 ± 9.4 171.2 ± 6.8

Weight kg 72.2 ± 19.9 77.4 ± 13.2

Ethnic origin % (white Caucasian) 100 100

*** p < 0.001; Mann-Whitney test

https://doi.org/10.1371/journal.pcbi.1012013.t003
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For each subject from the control group, one to three measurements were taken, and the

measurement with the best operator index was selected for further analysis. For the HD group,

in each patient, 8 recordings of the pressure waveform in the radial artery were performed.

The waves were recorded about 15 minutes before the start, after the start, before the end and

after the end of two HD sessions, and took about 2 minutes each, see Fig 8. In 18 patients, the

measurements were performed in the morning (HD starting around 7 AM), 13 patients had

the measurements taken during the midday session (HD starting around 12PM), and the

remaining 4 patients were measured in the evening sessions (HD starting around 6 PM). For a

given patient, both studied HD sessions (i.e. after the long and the short interdialytic break)

were performed at the same time of day.

The measurements of SV were performed using a non-invasive impedance cardiograph

(PhysioFlow, Manatec Biomedical, France), according to the manufacturer’s protocol. The

measurements were taken simultaneously with the pulse wave recordings. The quality of the

obtained data was evaluated based on the “signal quality” index recorded by the device during

the measurement procedure. Each bioimpedance measurement took about 2 minutes. We

averaged the SVs obtained during this time, after excluding all measurements with the signal

quality index not exceeding 90 on a scale from 1 to 100. According to the manufacturer, the

respiratory component of the chest impedance signal is filtered out and should not affect SV

estimation [30]. More detailed description of the measurement methodology can be found in

[31] During all measurements the patients were lying motionless in the supine position.

The data for HD patients were divided according to the duration of the interdialytic break

(a short vs long break, i.e. a two-day vs three-day break since the previous HD session), and by

the moment of measurement (before the start, after the start, before the end, and after the end

of the HD session), see S3 Fig.

Analyzing measurements performed at different times during moments of dialysis treat-

ment is justified by hemodynamic changes occurring during HD. Initiating an HD session typ-

ically leads to a decrease in arterial blood pressure and workload on the heart. This is

attributed to the reduction in the volume of blood in the body, as part of it is redirected to fill

the extracorporeal tubing and the dialyzer (assuming that the priming fluid is discarded and

not infused to the patient). Typically, all further reductions in blood volume due to removal of

Fig 8. Graphical summary of the timeline of measurements in HD patients.Measurements of the pulse wave in the
radial artery were performed in 35 HD patients at 4 time points during two HD sessions (after a long and a short
interdialytic break). In the control group the measurements were performed at one time only.

https://doi.org/10.1371/journal.pcbi.1012013.g008
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the excess fluid in the dialyzer, result in additional reduction in the ventricular afterload, until

a relatively steady state is achieved towards the end of the session (assuming no hypotensive or

hypertensive episodes). The final phase of a dialysis session involves the return of blood from

the extracorporeal circuit to the body, which increases the intra-body blood volume, having

the opposite effects on the heart and pulse wave compared to the pre-dialysis procedure [19].

The duration of the interdialytic break, on the other hand, may be related to the level of car-

diovascular risk–the longer the break, the higher the risk, which may be due to greater changes

in fluid and electrolyte balance, acidity levels, or arterial wall parameters [32]. Given the ongo-

ing debate on the mechanisms behind increased cardiac mortality rates following a three-day

interval break [32], it seems desirable to investigate how cardiovascular parameters correlate

with the duration of the interdialytic break.

The cardiovascular model

We propose a one-dimensional bifurcation arterial tree model consisting of 55 compliant

arteries coupled with zero-dimensional boundary conditions representing the downstream

vessels. The bifurcation tree represents the most important arteries in the human body and has

been frequently used to analyze the hemodynamics of the human cardiovascular system

[10,14,16,33]. We assumed that blood is an incompressible, Newtonian fluid, flowing with a

parabolic velocity profile through axisymmetric elastic cylinders that taper along their length.

The equations describing the blood flow and pressure were derived by integrating the incom-

pressible longitudinal components of the Navier-Stokes equations over the vessel cross-sec-

tional area. To close the system and ensure the uniqueness of the solution, we included the

following state equation:

P x; tð Þ � P
0
¼ f xð Þ 1�

A
0
x; tð Þ

A x; tð Þ

� �

ð1Þ

which relates the blood pressure P (at distance x and at time t) to the cross-sectional area A of

the vessel (A0 is the cross-sectional area of the vessel at the nominal pressure P0). In the below

equation, we define the elasticity function of the arteries analogously to how it was done by

Olufsen et. al. [16],

f xð Þ ¼
4

3
k
1
þ exp �k

2
r
0
xð Þð Þ þ k

3
ð Þ; ð2Þ

where parameters ki are global, i.e., the same for each artery and

r
0
xð Þ ¼ rin

rout
rin

� �x=L

; ð3Þ

describes the vessel’s tapering at the nominal pressure P0 with rin, rout being the proximal and

distal radii of the artery, and L–the length of the artery. At the distal ends, as an outflow bound-

ary condition, we consider the 3-element Windkessel model, which may be expressed by the

following formula describing the relation between the terminal flow Qend and pressure Pend
[34],

R
1
R

2
CT

dQend tð Þ

dt
¼ R

2
CT

dPend tð Þ

dt
þ Pend tð Þ � PTð Þ � R

1
þ R

2
ð ÞQend tð Þ; ð4Þ

where, R1, R2 are the proximal and distal resistances, respectively, CT is the total compliance of

the terminal vascular branch, PT is the reference terminal pressure. It was assumed, that R1/RT

= 0.2 [35], where RT is the total resistance of the terminal vascular branch (R1 + R2 = RT,). The
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values of RT, CT were taken from [36]. The 3-element Windkessel model is directly connected

to the 1D model using the “ghostpoint” method, described in [9,37].

We assume that there are no blood leakages or energy losses at the vessel junctions, which

are all characterized by mass conservation and pressure continuity equations:

Qend;p ¼ Qin;d1
þ Qin;d2

; and Pend;p ¼ Pin;d1
¼ Pin;d2

; ð5Þ

where p denotes the parent vessel and d1, d2 are the daughter vessels. In reality, there may be

some loss of energy at the bifurcations due to the formation of vortices. However, it was

shown that assuming pressure continuity is a good approximation for the considered system

[15,16,38].

In our previous study, we used a phenomenological inflow boundary condition to describe

the work of the heart, as previously proposed by Olufsen [36]. In the present study, to validate

the model-based estimations of stroke volume (SV), we decided to use a more accurate

description of the aortic inflow based on the elastance function of the left ventricle [39]. For

simplicity, we decided not to modify our model of the cardiovascular system by including the

arteriovenous (AV) fistula for HD patients. As shown in our previous work, the pulse wave

analysis (PWA) is not significantly affected by the presence of an AV fistula, which has only a

little effect on the radial-to-aortic transfer function [19].

Because we do not model the venous return to the heart, it is sufficient for the inflow

boundary condition to consider only the left-ventricular function. According to the work of

Suga et.al. [40] and Danielsen and Ottesen [39], the relation between the pressure in the left

ventricle Plv and ventricular volume Vlvmay be described by the following equation:

Plv ¼ Elv tð Þ Vlv � V
0

ð Þ ð6Þ

where V0 is the volume of the left ventricle at the zero transmural pressure and Elv(t) is a time-

varying elastance function of the left ventricle, which can be approximated by the following

formula

Elv tð Þ ¼ Emin 1� � tð Þð Þ þ Emax� tð Þ ð7Þ

where

� tð Þ ¼
a sin

pt

tm

� �

� b sin
2pt

tm

� �

for 0 � t < tm

0 for tm � t < T

8

>

<

>

:

: ð8Þ

The parameters Emax and Emin are the maximal (systolic) and minimal (diastolic) values of

the elastance function, T denotes the heart period, and tm–the time until the onset of constant

(minimal) elastance. The parameters a and b describe the shape of Elv function, see S4 Fig for

an exemplary plot of the elastance function.

During the isovolumic relaxation phase, both valves in the left ventricle are closed. The

pressure in the left ventricle Plv decreases according to the formula (6), until it is lower than

the pressure in the left atrium (Pla, constant in our model), that is when the mitral valve opens

and the ventricular filling begins. The flow between the left atrium and left ventricle Qla is

described as follows:

dQla

dt
¼

1

Lla

Pla � Plvð Þ �
Rla

Lla

Qla; ð9Þ

where Lla is an inertia term and Rla denotes ventricular filling resistance caused mainly by the
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viscous properties of the blood. Simultaneously, the volume of the left ventricle increases,

according to the formula

dVlv

dt
¼ Qla: ð10Þ

Once the volume Vlv is greater than the maximal volume of the left ventricle, the mitral

valve closes (which implies that Qla returns to 0) and the isovolumic contraction begins.

During this phase, both the mitral and aortic valves are closed and the ventricle contracts,

which implies that the pressure in the left ventricle increases. When Plv > Pa, where Pa is the

root aortic pressure, the aortic valve opens, and the heart starts to eject blood into the ascend-

ing aorta. The flux between the left ventricle and aorta, Qlv, is given by a formula similar to (9),

dQlv

dt
¼

1

Llv

Plv � Pað Þ �
Rlv

Llv

Qlv; ð11Þ

where Pa is taken directly from the 1D model of the arterial tree. Concurrently, the volume Vlv

decreases:

dVlv

dt
¼ �Qlv: ð12Þ

During the aortic valve closure (which begins at time t*), some blood flows back to the left

ventricle (negative Qlv). We allow for a certain volume of the backflow Vb , before the complete

closure of the aortic valve. When the backflow volume Vb given by

Vb ¼
R t

t∗ jQlvj; t > t∗ ð13Þ

exceeds Vb , the aortic valve closes, which implies that Qlv = 0, and the cycle repeats.

The above equations and conditions fully describe the blood flow in the modelled system.

The governing equations of the blood flow in the 1D domain were solved using the Lax-

Wendroff scheme [41]. The inflow and outflow boundary conditions were connected to the

1D model using the “ghost point” method [9,37]. The inflow boundary condition was solved

iteratively, i.e. after solving the equations of the 1D model, the elastance model of the left ven-

tricle used the computed pressure, Pa, from the root of the ascending aorta. Then, using the

Runge-Kutta scheme, Eqs (6)–(12) were solved. At this point, we had information about the

outflow from the left ventricle and the cross-sectional area at the root of the ascending aorta.

In the same iterative step, using the explicit Euler method, we solve Eq (4) characterizing the

outflow boundary conditions.

Parameter estimation procedure

The bifurcation tree we use describes the vascular system for a 175 cm tall man. To personalize

the vascular domain for a given subject, we multiply the lengths of all arteries, along with their

proximal and distal lumen radii by the scaling factor S defined as the ratio of the subject height

to the default height of 175 cm. Because the values of the resistances and compliances of the

terminal branches depend on, among others, the size of the vessels, we also scale their default

values by 1/S3 and S3 respectively, similarly as done in our previous studies [10,19]. The

parameters k1, k2 and k3, which describe the stiffness of arteries were taken from the work of

Olufsen [36]. The distending pressure P0 from the Eq (1) was set at the level of 97 mmHg [15].

In the elastance model of the left ventricle [23] the initial end-systolic left ventricular volume,

Vlv, was set to 120 ml and then scaled by S3. In a similar manner we scaled the volume of the

left ventricle at zero pressure, Vo with the default value of 15 ml. The values of the heart
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resistances and inertances, (Rlv, Rla, Llv, Lla) as well as the values describing the shape of the ela-

stance function (a, b, Emin) and the assumed volume of the backflow, �Vb , were taken from [39]

or assumed. All aforementioned parameters remain constant in our model, and their values

can be found in the S2 File.

Parameter estimation was carried out in two steps. In the first step, we used the meta-heu-

ristic Particle Swarm Optimization (PSO) method [42]. The optimization started with 15 parti-

cles (a swarm), each representing a different combination of the values of the four patient-

specific parameters being estimated. Then, these particles iteratively explored the search space

to find a near-optimal solution (i.e., to minimize the error function). In our case, we set up 10

iterations, during which, in simple terms, the position of each particle was modified based on

its own best previous position and based on the best previous position within the whole

swarm, looking for the global minimum of the error function. In the second step, the best set

of parameter values obtained with PSO served as the starting point for the gradient-based algo-

rithm (GBA) [43,44], complementing and refining the previous optimization method.

The following parameters were estimated: the scaling factor of terminal resistances SR, the

scaling factor of terminal compliances, SC, maximal systolic elastance, Emax, and tm denoting

the time to the onset of constant elastance. The rationale behind the choice of these parameters

is presented in the S2 File.

The model fitting procedure was analogous to the one used in our previous studies [10,19]

but with a different error function. We defined the objective function as the sum of squares of

differences between the parameters of the Fourier series expansion of the measured and

model-simulated pressure waveforms. More precisely, for each measured and simulated pres-

sure waveform in the radial artery, we approximated the first six parameters of the following

sine-cosine Fourier series expansion, thus obtaining the following time-dependent signals:

signal �
a
0

2
þ
X

6

i¼1
an cos

2pt

T
þ bn sin

2pt

T

� �

; ð14Þ

where T is the heart period, and then for each case we defined the following 13-element vec-

tors:

c ¼ a
0
; a

1
; . . . ; a

6
; b

1
; . . . ; b

6
½ �: ð15Þ

The error function was defined as follows:

err ¼
X

13

i¼1
cs;i � cm;i

� �2

; ð16Þ

where subscripts s andm denote simulation and measurement, respectively. The optimization

procedure involved minimizing that error by changing the values of the four selected model

parameters. A simplified workflow of the study is presented in Fig 1. The number of analyzed

harmonics has been chosen arbitrarily and represents a compromise between the accuracy of

the pulse wave representation and the complexity of the objective function; S5 Fig presents

some examples of Fourier-transformed pressure waveforms for healthy subjects and HD

patients.

Statistical methods

Statistical dependence between in vivo data and the model-estimated parameters was mea-

sured using Pearson correlation coefficient (r). Statistical differences between the paired data

were investigated using the Wilcoxon signed-rank test. Statistical significance was set at the

level of p = 0.05. To verify normal distribution of differences between the measured and
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estimated SV, the Shapiro-Wilk test was performed. The accuracy of model-simulated pressure

waveforms (with respect to the recorded waveforms) was assessed by mean absolute percent-

age error (MAPE). The regression lines were plotted with 95% confidence intervals.

Conclusions

We investigated the feasibility of using a patient-calibrated 0-1D model of the systemic circula-

tion to estimate SV. The preliminary validation of the model in a group of 35 HD patients and

a control group of 14 healthy subjects showed that the model was able to reproduce the pres-

sure waveforms recorded non-invasively in the radial artery with satisfactory accuracy in most

cases and that the model-based estimates of SV are correlated with the reference bioimpe-

dance-based SV estimates. However, the model seems to underestimate SV in both HD

patients and healthy subjects. This may be at least partly an apparent result, given the possible

inaccuracy of the reference bioimpedance measurements. If more accurate reference measure-

ments confirm that the model does, indeed, underestimate SV, this could be due to: 1) limita-

tions of our model, 2) too few fitted parameters of the model, or 3) a combination of the above

factors. To fully and properly validate the model, a larger study should be conducted with a

more accurate, gold-standard reference method for estimating SV, possibly with a larger num-

ber of model parameters to be fitted, selected after a more in-depth sensitivity and identifiabil-

ity analysis.

Supporting information

S1 File. Supporting materials. The file presents simulated vs measured pressure waveforms in

the radial artery.

(PDF)

S2 File. Supporting materials. The file presents the rationale behind the choice of model

parameters to be fitted, a sensitivity analysis, as well as justification that the selected parameters

uniquely determine the pulse wave.

(PDF)

S1 Fig. Exemplary outputs from the model at various locations of the arterial tree. The pre-

sented model outputs (i.e. blood pressure and flow rate waveforms) were obtained using the

baseline values of all model parameters (see S1 supplementary materials), for a 175 cmman

with a heart rate of 75 bpm.

(PNG)

S2 Fig. (a) Pearson correlation coefficients between the model-estimated (computed) SV

and the SV measured using bioimpedance cardiography for HD patients (additionally

divided into groups of measurements depending on the duration of the interdialytic break

before the studied HD session and the moment of measurement during the HD session).

(b) Scatter plots of model-estimated (computed) and bioimpedance-based SV values for

HD patients corresponding to different moments of measurement. Correlations were com-

puted after removing the outlier from the Before End group.

(PNG)

S3 Fig. Sankey diagram of the study dataset collected in HD patients. 136 cases were

excluded from the analysis due to missing or clearly erroneous data or due to low quality of

the recorded applanation tonometry or bioimpedance signals in accordance with the manufac-

turer’s instructions (SphygmoCor “Operator index”< 80 or PhysioFlow “Signal Quality”<

90). The remaining cases were divided according to the length of the interdialytic break before
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the studied HD session (a short, 2-day break vs a long, 3-day break) and according to the time

of measurement during the HD session (before start, after start, before end and after end of

the HD).

(PNG)

S4 Fig. Left-ventricular elastance function according to Eqs (7) and (8). Emax–maximal sys-

tolic elastance, Emin–minimal (diastolic) elastance, T–heart period, and tm–time to the onset of

constant (minimal) elastance.

(PNG)

S5 Fig. Exemplary pressure waveforms recorded in the radial artery by SphygmoCor along

with their transformations into Fourier series with 6 harmonics. Results are presented for

two healthy subjects and two HD patients and normalized against time, T–heart period.

(PNG)
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detailed arterial network model: criteria and algorithms. BiomechModel Mechanobiol [Internet]. 2014
Oct 7 [cited 2024 Feb 13]; 13(6):1303–30. Available from: https://link.springer.com/article/10.1007/
s10237-014-0574-8 PMID: 24682727

36. Anemette Sofie Olufsen. Roskilde University. 1998 [cited 2022 May 4]. Modeling the arterial system
with reference to an anesthesia simulator. Ph.D. Thesis. https://forskning.ruc.dk/en/publications/
modeling-the-arterial-system-with-reference-to-an-anesthesia-simu

37. Zhang X, Noda S, Himeno R, Liu H. Gravitational effects on global hemodynamics in different postures:
A closed-loop multiscale mathematical analysis. Acta Mechanica Sinica/Lixue Xuebao [Internet]. 2017
Jun 1 [cited 2024 Jan 11]; 33(3):595–618. Available from: https://link.springer.com/article/10.1007/
s10409-016-0621-z

38. Anliker M, Rockwell RL, Ogden E. Nonlinear analysis of flow pulses and shock waves in arteries—Part
I: Derivation and properties of mathematical model. Zeitschrift für angewandte Mathematik und Physik
ZAMP [Internet]. 1971Mar [cited 2024 Jan 17]; 22(2):217–46. Available from: https://link.springer.com/
article/10.1007/BF01591407

39. Danielsen M, Ottesen JT. 6. A Cardiovascular Model. Mathematical Modeling and Computation [Inter-
net]. 2004 Jan [cited 2022 May 4];137–55. Available from: https://epubs.siam.org/doi/abs/10.1137/1.
9780898718287.ch6

40. Suga H, Sagawa K, Shoukas AA. Load independence of the instantaneous pressure-volume ratio of
the canine left ventricle and effects of epinephrine and heart rate on the ratio. Circ Res [Internet]. 1973

PLOS COMPUTATIONAL BIOLOGY Pulse-wave based estimation of heart function parameters

PLOSComputational Biology | https://doi.org/10.1371/journal.pcbi.1012013 April 18, 2024 20 / 21



[cited 2022 May 4]; 32(3):314–22. Available from: https://pubmed.ncbi.nlm.nih.gov/4691336/ https://
doi.org/10.1161/01.res.32.3.314

41. Lax P, Wendroff B. Systems of conservation laws. Commun Pure Appl Math [Internet]. 1960 May 1
[cited 2024 Feb 15]; 13(2):217–37. Available from: https://onlinelibrary.wiley.com/doi/full/10.1002/cpa.
3160130205

42. Kennedy J, Eberhart R. Particle swarm optimization. Proceedings of ICNN’95—International Confer-
ence on Neural Networks [Internet]. [cited 2022May 5];4:1942–8. http://ieeexplore.ieee.org/document/
488968/

43. Coleman TF, Li Y. An interior trust region approach for nonlinear minimization subject to bounds. SIAM
Journal on Optimization. 1996; 6(2):418–45.

44. Coleman TF, Li Y. On the convergence of interior-reflective Newton methods for nonlinear minimization
subject to bounds. Math Program. 1994 Oct; 67(1–3):189–224.

45. Wolos K, DebowskaM, Dabrowski W, Siwicka-Gieroba D, Poleszczuk J. Pulse waveform and stroke
volume/cardiac output measurements in healthy and hemodialysis patients. 2023 Jul 10 [cited 2023 Jul
10]; https://zenodo.org/record/8131393

PLOS COMPUTATIONAL BIOLOGY Pulse-wave based estimation of heart function parameters

PLOSComputational Biology | https://doi.org/10.1371/journal.pcbi.1012013 April 18, 2024 21 / 21





  Supplementary materials for the article 1 
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parameters based on peripheral pressure waveform”   3 
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 7 

Choice of patient-specific parameters to be estimated and their identifiability   8 

Compared to our previous work (1,2), in the present study we decided to limit the number of subject-9 

specific parameters to be estimated to just four (described below), for two reasons. First, we wanted to 10 

ensure their identifiability, and second, we wanted to verify whether even such a low number of fitted 11 

parameters would allow for an assessment of patient-specific stroke volume and other parameters. One 12 

needs to remember, that the lower the number of estimated parameters, the faster the computations 13 

required to calibrate the model with data – an aspect important when thinking about future method 14 

implementation. The choice of parameters to be estimated was not a trivial matter. On the one hand, 15 

these parameters should enable a reasonably accurate fitting of the model to the recorded pressure 16 

waveforms in the radial artery. On the other hand, they should influence stroke volume (SV), the 17 

estimation of which was especially important in our study, given that this was the model output that was 18 

subject to validation. Therefore, we decided to estimate two parameters related to the time-varying left-19 

ventricular elastance, !!"#, and the time to the onset of constant elastance,"!) and two parameters 20 

related to the peripheral arterial resistance and compliance, i.e. the scaling factors for the resistances 21 

and compliances of the terminal branches of the arterial tree (#$ and #%).  22 

The choice of the ventricular elastance-related parameters (!!"# and "!) was based on the observation 23 

that the left-ventricular elastance functions normalized by the time of the peak and its amplitude are 24 

similar in healthy and diseased hearts (3). The only differences between an intact and diseased heart 25 

should be in the peak value of the left-ventricular elastance (!!"#) and the time of that peak (3). The 26 

latter is not used explicitly in our model, which is why we decided to estimate a slightly different time- 27 

related parameter used in our definition of the time-varying elastance function (see eq. (7) and 28 



supplementary Figure S6 for more details), i.e. the time to the onset of constant (minimal) elastance, 29 

"!, which we expect should be correlated with the time of the peak elastance. The remaining parameters 30 

of our elastance function, i.e. the parameter !!&', which describes the minimal left-ventricular diastolic 31 

elastance and parameters $	and &, which are mainly responsible for the slope of 	!()(")	have been 32 

assumed fixed, given the aforementioned regularity in the normalized shape of !()(").   33 

The other two parameters chosen to be estimated are the scaling factors for the terminal resistances 34 

and compliances. The former is strictly related with the systemic resistance, which results mainly from 35 

the resistance of small arteries and arterioles (4) and has a crucial impact on arterial blood pressure and 36 

therefore on the heart function, given that the heart works against the pressure at the entry to the 37 

ascending aorta. The scaling factor for the peripheral (terminal) compliances, was chosen to be 38 

estimated given that it should affect the diastolic part of the peripheral pressure waveform and therefore 39 

should enable better overall fits to patient data.  40 

In the future, the choice of the parameters for optimization should be addressed in a more systematic 41 

manner by analyzing various combinations of parameters used for model fitting and assessing their joint 42 

performance both in terms of fitting of the model to the recorded pressure waveforms in the radial artery 43 

as well as estimation of stroke volume using such a data-fitted model (while keeping the model 44 

identifiable). However, in order for such a systematic analysis to be robust, one should consider 45 

collecting more data, including additional measurement endpoints, preferably using gold-standard 46 

methods.  47 

 48 

 49 

Parameter identifiability 50 

To check if the set of the four chosen parameters can identify a pulse waveform in the radial artery, we 51 

performed an identifiability analysis based on the work of Brun et. al. (5). As the output from the model, 52 

we considered the Fourier expansion parameters of the computed pressure waveform, see equations 53 

(14) and (15) for more details.  54 

We used the finite difference approximation to compute the local sensitivity matrix ) = {,&,+} where each 55 

column ,+ represents changes in model outputs caused by a small change in the value of parameter 56 



.+ ∈ {!!"# , "!, #$ , #%} with respect to its baseline level, .,, as presented in Supplementary Table 1. 57 

For each studied parameter, we increased its baseline value by 5%, leaving all other parameters 58 

unchanged (the elements of the vector ,+ correspond to the elements of the vector 1 defined in equation 59 

(15), and 2 denotes the parameter being changed). Then, the scaled sensitivity matrix # = {3&,+} was 60 

computed as follows to obtain dimension-free sensitivity information:  61 

3&,+ =
,&,+Δθ+
6)&

, (17) 

where, according to Brun et al. (5), 7.+ should be an a priori measure of the reasonable range of .+, and 62 

the scale factor, 6)&, should have the same scale as the corresponding output ,&,+. Here we set 7.+ 	=63 

	.,, (see Supplementary Table 1), assuming that for each parameter the expected range of its values is 64 

±50%. For 6)&, we first calculated the Fourier expansion coefficients of all recorded pressure 65 

waveforms, as in equation (14), to obtain 13-element vectors as given by equation (15), and then we 66 

calculated the mean value (MV) of each element in those vectors and assigned it to the corresponding 67 

parameter 6)&. 68 

SUPPLEMENTARY TABLE 1  

PARAMETERS ΔΘ! USED IN IDENTIFIABILITY ANALYSIS 

Parameter Unit "" = $"# 

%$%& mmHg/ml 2.49a 

&$ s 0.41 

)' - 1 

)( - 1 
a based on the work of Danielsen (6)  

 69 

To assess the identifiability of a given set of parameters, we must consider the joint influence of these 70 

parameters on the model output. This can be done by checking the degree of near-linear dependence 71 

between the columns of the scaled sensitivity matrix. To that aim we calculated a collinearity index γ 72 

defined as in (5) 73 

9 = 	
1

;<=||.||/0||#?	@||
	= 	

1

AB1
, (18) 

where #? is the normalized sensitivity matrix #, @ is a 13-element vector, and B2 is the smallest eigenvalue 74 

of #?3#?. According to Brun et al., the parameters may be considered identifiable, if γ < 	20. In our case, 75 

γ	 = 	2.1. On this basis, we concluded that our model is identifiable and that the obtained solutions are 76 

unique. 77 



 78 

Sensitivity analysis 79 

We have also investigated changes in the simulated flow rate waveform in the ascending aorta and the 80 

pulse waveform in the radial artery following changes in parameter values by ±50% for !!"# , 	#% and #$, 81 

and ±10% for "!, similarly as done in (7). For "! we studied smaller changes, because 50% of the 82 

baseline value of 	"! would fall below our accepted lower bound on this parameter which was set to 83 

0.45	 ⋅ L, where L is the heartbeat period. The results of this sensitivity analysis are presented in Fig. S8.  84 

The most prominent changes in the flow rate waveforms and pulse waveforms are visible for changes 85 

in parameters !!"# and #$, particularly with regard to the vertical shifts of the pulse waveform, see 86 

Fig. S6, b and c. Increasing !!"# results in an increase of the aortic inflow, whereas the aortic inflow 87 

decreases when #$ increases. Changes in !!"# lead to changes in the maximal and total aortic inflow, 88 

whereas changes in #$ affect mainly the timing of the blood flow from the heart. Slightly less visible is 89 

the impact of "! variations, which mainly influence the shape of the pulse waveform in the systolic 90 

phase, especially with regard to the downslope of the pressure wave after reaching the peak systolic 91 

pressure, see Fig. S6. The parameter #% affects the diastolic part of the pulse waveform, although its 92 

impact is relatively small, see Fig. S6d. It allows for somewhat better fitting of the recorded pulse 93 

waveforms. However, it does not cause any noticeable changes in the flow rate in the ascending aorta.  94 

The above analysis revealed, therefore, that each of the four chosen parameters influences the shape 95 

of the pressure waveform in the radial artery and that all of them except Sc also affect stroke volume 96 

(calculated from the flow rate waveform in the ascending aorta). 97 

 98 

Fixed parameters in the cardiovascular model 99 

Supplementary Table 2 presents the parameters that are fixed in the model. The values of these 100 

parameters come mainly from the work of Olufsen (8) and Danielsen (6).  101 

 102 

Supplementary Table 2 

Fixed parameters of the model  

Parameter Unit Value Reference 

%$)* **+,/*. 0.049 (6) 

a - 0.9 (6) 



b - 0.25 (6) 

6+ ,/(8, ⋅ :*) 2 ⋅ 10- (9) 

6, :*.+ −22.53 (9) 

6/ ,/(8, ⋅ :*) 8.65 ⋅ 100 (9) 

@1 **+, 97 (10) 

B2% **+,	 ⋅ 8/*. 0.000089 (6) 

D2% **+, ⋅ 8,/*. 0.00005 (6) 

E2% **+, 7.5 assumed 

B23 **+,	 ⋅ 8/*. 0.08 assumed 

D23 **+, ⋅ 8,/*. 0.000416 (6) 

F4 *. 2 (6) 

F1 *. 15 ⋅ )/ assumed 

) is the ratio of the subject’s height to the height of the reference man (175 cm) 

 103 

 104 

REFERENCES 105 

1. Poleszczuk J, Debowska M, Dabrowski W, Wojcik-Zaluska A, Zaluska W, Waniewski J. Subject-106 

specific pulse wave propagation modeling: Towards enhancement of cardiovascular 107 

assessment methods. PLoS One. 2018;13(1):1–17.  108 

2. Poleszczuk J, Debowska M, Dabrowski W, Wojcik-Zaluska A, Zaluska W, Waniewski J. Patient-109 

specific pulse wave propagation model identifies cardiovascular risk characteristics in 110 

hemodialysis patients. PLoS Comput Biol. 2018;14(9):1–15.  111 

3. Senzaki H, Chen CH, Kass DA. Single-Beat Estimation of End-Systolic Pressure-Volume Relation 112 

in Humans. Circulation [Internet]. 1996 Nov 15 [cited 2022 May 6];94(10):2497–506. Available 113 

from: https://www.ahajournals.org/doi/abs/10.1161/01.CIR.94.10.2497 114 

4. Lax P, Wendroff B. Systems of conservation laws. Commun Pure Appl Math [Internet]. 1960 115 

May 1 [cited 2024 Feb 15];13(2):217–37. Available from: 116 

https://onlinelibrary.wiley.com/doi/full/10.1002/cpa.3160130205 117 

5. Brun R, Reichert P, Künsch HR. Practical identifiability analysis of large environmental 118 

simulation models. Water Resour Res [Internet]. 2001 Apr 1 [cited 2022 Oct 25];37(4):1015–119 

30. Available from: https://onlinelibrary.wiley.com/doi/full/10.1029/2000WR900350 120 



6. Danielsen M, Ottesen JT. 6. A Cardiovascular Model. Mathematical Modeling and 121 

Computation [Internet]. 2004 Jan [cited 2022 May 4];137–55. Available from: 122 

https://epubs.siam.org/doi/abs/10.1137/1.9780898718287.ch6 123 

7. Zhang X, Liu J, Cheng Z, Wu B, Xie J, Zhang L, et al. Personalized 0D-1D multiscale 124 

hemodynamic modeling and wave dynamics analysis of cerebral circulation for an elderly 125 

patient with dementia. Int J Numer Method Biomed Eng. 2021;  126 

8. Olufsen MS, Peskin CS, Kim WY, Pedersen EM, Nadim A, Larsen J. Numerical simulation and 127 

experimental validation of blood flow in arteries with structured-tree outflow conditions. Ann 128 

Biomed Eng. 2000;28(11):1281–99.  129 

9. Anemette Sofie Olufsen. Roskilde University. 1998 [cited 2022 May 4]. Modeling the arterial 130 

system with reference to an anesthesia simulator. Ph.D. Thesis. Available from: 131 

https://forskning.ruc.dk/en/publications/modeling-the-arterial-system-with-reference-to-an-132 

anesthesia-simu 133 

10. Stergiopulos N, Young DF, Rogge TR. Computer Simulation of Arterial Flow With Applications 134 

To Arterial and Aortic Stenoses. J Biomech. 1992;25(12):1477–88.  135 

  136 

 137 

 138 

 139 



 140 

S6 Fig. Sensitivity of the simulated flow rate waveform from the ascending aorta (left subpanels) 141 

and pulse waveform in the radial artery (right subpanels) to relatively large changes in the 142 

adjustable model parameters. a) tm - time to the onset of constant elastance of the left ventricle; b) Sr 143 

– scaling factor for the resistance of the terminal branches of the arterial tree; c) Emax - maximal 144 

elastance of the left ventricle; d) Sc - scaling factor for the compliances of the terminal branches of the 145 

arterial tree. 146 





Supplementary material 2 

 

 

Simulated vs measured pressure waveforms in the radial artery 

 

Below we show the simulated vs measured (recorded) pressure waveforms in the radial artery 

(following fi:ng of the model to each measured waveform) for all cases analyzed in the 

present study, i.e. 144 measurements in 35 HD paDents and 14 measurements in 14 healthy 

subjects (control group).  

 

 

Legend 

  

 
 

For the HD paDents, the subpanels are Dtled using the following format: 

 

[ID, interdialy<c break, <me of measurement, error] 

 

where: 

ID denotes paDent ID 

 

interdialy<c break refers to the length of break since the last HD session:   

   SB – short interdialyDc break (2 days)  

   LB – long interdialyDc break (3 days) 

 

<me of measurement refers to the exact moment of measurement during the HD session: 

   BS – measurement taken 15 min before the start of HD session  

   AS – measurement taken 15 min aMer the start of HD session  

   BE – measurement taken 15 min before the end of HD session  

   AE – measurement taken 15 min aMer the end of HD session 

 

error represents the fi:ng error, i.e. the mean absolute percentage error (MAPE) between 

the simulated and measured pressure waveforms (for all available data points) 

 

 

Example:  

The Dtle “9, SB, AS, err=2.2%” describes the case of a paDent with ID=9, with the pressure 

waveform measured during hemodialysis performed aMer a short interdialyDc break and 15 

min aMer the start of the hemodialysis session, where the MAPE between the simulated and 

measured pressure waveforms was 2.2%.  

 

For the control group, the subpanels are Dtled using the analogous but shorter format:  

[ID, error] 

 







 
 

 

 

 

 

 

Control group: 

 

 

 
 

 

  



2.4. Publication 61

Figure S1: Exemplary outputs from the model at various locations of the arterial tree. The
presented model outputs (i.e. blood pressure and flow rate waveforms) were obtained using
the baseline values of all model parameters (see S1 supplementary materials), for a 175 cm
man with a heart rate of 75 bpm.
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Figure S2: (a) Pearson correlation coefficients between the model-estimated (computed)
SV and the SV measured using bioimpedance cardiography for HD patients (additionally
divided into groups of measurements depending on the duration of the interdialytic break
before the studied HD session and the moment of measurement during the HD session).
(b) Scatter plots of model-estimated (computed) and bioimpedance-based SV values for HD
patients corresponding to different moments of measurement. Correlations were computed
after removing the outlier from the Before End group.

Figure S3: Sankey diagram of the study dataset collected in HD patients. 136 cases were
excluded from the analysis due to missing or clearly erroneous data or due to low quality of
the recorded applanation tonometry or bioimpedance signals in accordance with the manu-
facturer’s instructions (SphygmoCor “Operator index” < 80 or PhysioFlow “Signal Quality”
< 90). The remaining cases were divided according to the length of the interdialytic break
before the studied HD session (a short, 2-day break vs a long, 3-day break) and according
to the time of measurement during the HD session (before start, after start, before end and
after end of the HD).
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Figure S4: Left-ventricular elastance function according to Eqs (7) and (8). Emax–maximal
systolic elastance, Emin–minimal (diastolic) elastance, T–heart period, and tm–time to the
onset of constant (minimal) elastance.

Figure S5: Exemplary pressure waveforms recorded in the radial artery by SphygmoCor
along with their transformations into Fourier series with 6 harmonics. Results are presented
for two healthy subjects and two HD patients and normalized against time, T–heart period.
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Chapter 3

Publication [A2]: Personalized
Pulse Wave Propagation
Modeling to Improve
Vasopressor Dosing Management
in Patients with Severe
Traumatic Brain Injury

3.1 Summary of the study

As discussed in Chapter 1, severe traumatic brain injury (sTBI) requires intensive
medical care and long-term rehabilitation [16]. Arterial hypotension is a common
and serious complication in sTBI patients, often necessitating the use of vasopressors
to maintain adequate cerebral perfusion pressure and systemic hemodynamics [139].
However, determining the optimal vasopressor dosage is challenging due to the sig-
nificant variability in cardiovascular responses to various drugs among patients. This
variability can lead to under-treatment or over-treatment, both of which carry sub-
stantial risks.

Current clinical protocols for vasopressor administration are relatively general
and often fail to account for individual patient differences. Dosing adjustments are
typically made through trial and error or subjective clinical assessments, which may
not fully capture the patient’s cardiovascular status. Mathematical modeling offers a
promising solution by enabling a more personalized and precise assessment of cardio-
vascular function.

In the second publication included in this dissertation, I investigated whether
non-invasive arterial pulse wave recordings, analyzed through a physiology-based
mathematical model of pulse wave propagation, could provide patient-specific car-
diovascular information to improve vasopressor dosing strategies in an intensive care
setting. To inform the model, I used non-invasive pulse wave measurements obtained
with an oscillometric device (AngE, SOT Medical, Austria; see also Figure 1.4B),
which simultaneously record pulse waveforms from both wrists and ankles. Thus, I
formulated two hypotheses (H2 and H3, as outlined in Chapter 1.6):

(H2) A pulse wave propagation model can approximate arterial pulse waveforms
recorded simultaneously at multiple locations using the oscillometric technique.
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(H3) Cardiovascular parameters estimated through personalization of a pulse wave
propagation model may be used for prediction of vasopressor dosage adjustments
in patients with severe traumatic brain injury.

To address these hypotheses, I formulated four specific research questions:

(H2Q1) Which parameters of a pulse wave propagation model should be adjusted to fit
the model to four peripheral pulse waveforms (recorded on wrists and ankles)?

(H2Q2) Can a pulse wave propagation model approximate pulse waveforms recorded
oscillometrically from four peripheral sites (wrists and ankles)?

(H3Q1) Do the values of cardiovascular parameters estimated from pulse wave prop-
agation modeling allow for predictions of vasopressor dosing adjustments in
patients with severe traumatic brain injury?

(H3Q2) Are the above-mentioned predictions better compared to predictions based on
standard hemodynamic parameters and patient characteristics?

In this study, I employed a 0-1D pulse wave propagation model coupled with a
time-varying left ventricular elastance model, similar to the approach used in the
previous publication discussed in Chapter 2. However, an important enhancement
was the adoption of a more detailed arterial domain. The 55-element arterial tree
described by Olufsen et al. [118, 106] was replaced with a 71-element domain based
on the works of Alastruey et al. [140] and Stergiopulos et al. [105], providing a more
accurate representation of the cerebral arterial system.

To inform the model, I used non-invasive arterial pulse (volumetric) wave record-
ings obtained simultaneously from wrists and ankles of 25 patients with sTBI treated
with norepinephrine (five of whom also received dobutamine). These measurements
were performed once daily for each patient using an oscillometric method. Unlike the
typical approach of fitting the model to a single pulse waveform, this study utilized
multiple waveforms to obtain a more comprehensive picture of the cardiovascular
system.

The proposed mathematical model includes numerous parameters that describe
the mechanical properties of the heart and arterial system and the dynamics of blood
flow. To determine the most informative parameters for model fitting (H2Q1), I
conducted a comprehensive Sobol sensitivity analysis [141, 142] and parameter iden-
tification analysis (following the procedure outlined by Olufsen et al. [143]). These
analyses identified five key parameters (related to arterial stiffness, peripheral resis-
tance, and cardiac function) as having the greatest influence on the pulse waveforms.

To personalize the model, I used the Levenberg-Marquardt optimization algo-
rithm [144], which iteratively adjusted the selected model parameters to minimize
the difference between the four measured and simulated waveforms. This fitting pro-
cess was performed individually for each patient, resulting in a set of personalized
cardiovascular parameters that reflected each patient’s unique hemodynamic status
during treatment (addressing H2Q1 and H2Q2).

The quality of the model fits to the recorded waveforms was satisfactory, with
the mean coefficients of determination (R2) of approximately 0.9 for all four mea-
surement sites, indicating that the model could effectively capture the key features of
the four recorded waveforms (addressing H2 and H2Q2). The resulting personalized
parameters were then used to predict changes in norepinephrine dosing over the sub-
sequent 24 hours (addressing H3). To this end, together with Urszula Białończyk, we
developed two predictive models using machine learning techniques:
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• Full model: a model that incorporated both the personalized model parameters
and conventional clinical variables (such as patient demographics and standard
hemodynamic measurements) – addressing H3Q1.

• Simple model: a model based solely on conventional clinical variables – address-
ing H3Q2.

The full predictive model incorporating the personalized cardiovascular param-
eters achieved higher accuracy, sensitivity, and precision compared with the simple
model based solely on conventional measurements, suggesting that the pulse wave
may contain additional “information” about the patient’s cardiovascular status.

According to our findings, the proposed framework can predict the direction of
norepinephrine dose changes within next 24h with balanced accuracy of 0.85 when
trained and validated on the full dataset and 0.76 when using the leave-one-out cross-
validation, despite the known variability in vasopressor responsiveness among sTBI
patients. These results highlight the potential of combining non-invasive measure-
ments with physiology-based modeling to support more individualized and responsive
cardiovascular management in critically-ill patients. However, larger-scale validation
is necessary before these approaches can be adopted clinically. According to my
knowledge, this is the first study to demonstrate the feasibility of using personalized
cardiovascular parameters from a pulse wave propagation model to predict vasopres-
sor dosing adjustments in an intensive care setting.

The GitHub repository, which contains the implementation code of the mathe-
matical model presented in this study and the anonymized data used for calibrating
the model, can be found at: https://github.com/kwolos/STBI.

3.2 My contributions

I am the first author of this publication, responsible for the methodology and con-
ceptualization, software implementation, validation, formal analysis, investigation,
data curation, and drafting the first manuscript. I extended a previous mathematical
model by incorporating a more detailed arterial network, implemented the optimiza-
tion procedure for parameter estimation, and performed all simulations and analyses.
I also conducted the sensitivity and parameter-identification analyses to select the
most informative parameters to be used for fitting clinical data, prepared all figures
and tables, and interpreted the results.

3.3 Author contributions

The conceptualization of the study was discussed collaboratively with my Advisors,
Prof. Jan Poleszczuk, and Dr. Leszek Pstraś. Mgr Urszula Białończyk codeveloped
predictive statistical models. Besides my Advisors, methodological discussions in-
volved Prof. Małgorzata Debowska, Prof. Wojciech Dąbrowski, and Prof. Dorota
Siwicka-Gieroba. Prof. Dąbrowski and Prof. Siwicka-Gieroba oversaw the collection
of medical data used in the study. The manuscript underwent review and revisions
by my Advisors and Prof. Debowska.

3.4 Publication

https://github.com/kwolos/STBI
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Abstract 

This study investigates whether examining the shape of arterial pulse waves and fit-

ting to them a physiology-based mathematical model of pulse wave propagation can 

provide additional insights into the state of the cardiovascular system in patients with 

severe traumatic brain injury (sTBI), potentially enhancing vasopressor dosing strate-

gies. We conducted a longitudinal study on 25 sTBI patients in an intensive care unit. 

Arterial pulse waves were recorded non-invasively from wrists and ankles using an 

oscillometric method and were used to inform a 0-1D model of the arterial blood flow 

dynamics. Model-estimated, patient-specific cardiovascular parameters were then 

used in a statistical model to predict changes in the administered dose of vasopres-

sor (norepinephrine) in the next 24 hours. The model fits to the recorded pulse waves 

were satisfactory, with the coefficients of determination (R2) of approximately 0.9 and 

the differences between the measured and model-estimated mean arterial pressure 

of 0.1 ± 1.0 mmHg (R2=0.99). Except for a few patients, we found no clear association 

between the model-estimated parameters and norepinephrine dose at the time of 

pulse wave recording. Nevertheless, our predictive model achieved a balanced accu-

racy of 0.85 when trained and tested on the entire dataset and 0.76 when using the 

leave-one-out cross-validation, with 8 misclassifications among the total of 77 obser-

vations. Thus, despite the known inter-patient variability of hemodynamic response to 

vasopressors, the proposed method allowed predicting the direction of norepineph-

rine dose changes in the next 24 hours with satisfactory accuracy. Subject to further 

studies and extensive validation, our approach could inform a decision-support tool 

for optimizing vasopressor dosing on a per-patient basis.
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Authors summary 

Hypotension is a dangerous complication in patients with severe traumatic brain 

injury (sTBI), making precise control of systemic blood pressure of utmost impor-

tance. To maintain blood pressure at prescribed levels, physicians often admin-

ister vasopressors (for example, norepinephrine). In current clinical practice, the 

vasopressor dose is frequently adjusted by trial and error, guided by continuous 

monitoring of the patient’s hemodynamic state. This approach is time- 

consuming and likely sub-optimal, highlighting the need for more efficient  

methods to guide vasopressor therapy. In this study, we investigated whether 

non-invasive peripheral pulse wave recordings, combined with mathematical  

modeling of cardiovascular dynamics, could help predict changes in vasopres-

sor dosing. Our results show that by incorporating personalized cardiovascular 

parameters into a statistical predictive model, it is possible to predict - with sat-

isfactory accuracy - the direction of change (or lack thereof) in the administered 

norepinephrine dose within the next 24 hours. With further research and rigorous 

validation, this approach may support more effective vasopressor management 

using easily available, non-invasive clinical data.

Introduction

Severe traumatic brain injury (sTBI) can lead to permanent disability or death, and 

its treatment remains a challenge [1,2]. Among the many complications associated 

with sTBI, hemodynamic instability, particularly hypotension, is of utmost importance 

[3]. An abnormally low blood pressure poses a substantial risk to patients with sTBI, 

exacerbating cerebral ischemia and further compromising neurological function [4,5]. 

To avoid hypotension in sTBI patients, clinicians commonly use vasopressors, par-

ticularly norepinephrine (NE) [6] which, through various mechanisms, mainly periph-

eral vasoconstriction [7], leads to an increase in arterial blood pressure. Currently, 

adjusting vasopressor doses in critically ill patients is an iterative process based on 

observing mid- to long-term changes in vital physiological parameters such as mean 

arterial pressure (MAP) or systolic pressure (SP). According to the guidelines for sTBI 

patients, to decrease mortality and improve outcomes, MAP should be maintained 

above 80 mmHg [6], whereas SP should be maintained above 100 mmHg in patients 

aged 50–69 years, and above 110 mmHg in other patients [8]. However, such an 

iterative, often trial-and-error process might be far from optimal, carrying the risk of 

transient sub-optimal dose levels, which may lead to inadequate perfusion followed 

by hypoperfusion-related complications or to inadvertent overdosing, resulting in other 

adverse effects [9]. For instance, a study on 1093 ICU patients showed that their MAP 

was within the target range only in 43% of time (on average), while being below and 

above the target in 9% and 48% of time, respectively [10]. Therefore, there is a clear 

need to develop new tools that would help guide the process of vasopressor dosing in 

sTBI patients, to ensure the best possible treatment outcomes and minimize mortality.

Funding: JP, MD, WD, DSG and KW were partly 

supported by the National Science Centre 

(Poland), grant No. 2018/31/D/ST7/03472. 

The funders had no role in study design, data 

collection and analysis, decision to publish, or 

preparation of the manuscript.

Competing interests: The authors have 

declared that no competing interests exist.



PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1013501  September 15, 2025 3 / 17

Several approaches to the problem of guiding vasopressor dose adjustments in critically ill patients using mathemati-

cal modeling can be found in the literature. Bighamian et al. introduced a latency-dose-response cardiovascular model to 

predict MAP and other cardiovascular parameters in response to epinephrine dosing [11,12], employing phenomenologi-

cal equations with parameters personalized for both normotensive and hypotensive patients, as well as piglets. Yapps et 

al. employed a logistic regression model to predict hypotension events using data on MAP and vasopressor dosing, either 

taken from a public database (MIMIC II) or collected in surgical ICU patients [13]. Tang et al. demonstrated a model for 

MAP prediction based on current MAP, heart period, NE infusion rate, and respiratory rate [14], which was later extended 

and validated using data from septic patients [15]. Recently, Kao et al. proposed a lumped-parameter cardiovascular 

model that incorporates baroreflex feedback and a dynamic dose-response model of vasopressors, validated using data 

from piglets receiving phenylephrine [16]. Also, machine-learning approaches have been explored to predict vasopressor 

requirements in critically ill patients [17–20]. However, none of the above studies addressed patients with sTBI.

Interestingly, Johnston et al., who investigated the pharmacodynamics and pharmacokinetics of dopamine and nor-

epinephrine in a group of eight patients with moderate to severe head injury, found that the pharmacodynamics of NE 

seem to be unpredictable in these patients, showing no significant correlations between NE dose levels or plasma con-

centrations and MAP, cardiac index (CI), or systemic vascular resistance index (SVRI) [21]. While higher NE doses were 

generally associated with higher MAP and higher SVRI, they found no correlations between changes in plasma NE and 

changes in MAP, CI, or SVRI, which suggests inter-patient variability of hemodynamic response to NE. Therefore, it 

appears difficult to quantitatively predict the exact hemodynamic effects of increasing the dose of NE.

This apparent unpredictability of cardiovascular response to NE may stem from the fact that current methods primarily 

rely on analyzing only a few standard hemodynamic parameters, which may not be sufficient. The arterial pulse wave-

form can provide more detailed information on the status of the cardiovascular system, as it is the sum of the forward and 

reflected pulse waves, with reflections occurring wherever there is a change in blood flow, i.e., at vessel bifurcations or 

where the stiffness of the arteries changes [22]. Analysis of the pulse waveform can therefore provide additional informa-

tion about the state of the arterial system [22]. For example, it can help assess arterial stiffness and evaluate the effects of 

vasoactive drugs [23,24]. Our goal was to determine whether information obtained from personalized pulse wave propa-

gation modeling [25–29] could be useful in predicting the direction of change (or lack thereof) in the administered NE dose 

in sTBI patients.

Materials and methods

Ethics statement

The study was approved by the Bioethical Committee at the Medical University of Lublin, Poland (KE-0254/253/2020) and 

was performed in accordance with the Declaration of Helsinki and all applicable regulations. Written informed consent was 

obtained from each patient or their legal representative in case the patient was unconscious and/or under sedation at the 

time of enrolment in the study.

Study subjects

The study involved a cohort of 25 sTBI patients routinely treated at the intensive care unit; see Table 1 for group 

characteristics. Each patient was continuously monitored using a hemodynamic monitor, and based on its readings, 

especially MAP, and the patient’s overall clinical condition, clinicians manually adjusted the vasopressor doses. All dose 

changes, along with the times of those changes, were documented. All patients received NE. Five patients received 

additionally dobutamine. Due to missing data on NE dosage, we had to exclude data from 3 patients. Data from further 

2 patients were excluded due to poor quality of the recorded pulse waves. Thus, the final analysis is based on data 

from 20 patients.
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Pulse wave recordings

Arterial pulse waves were recorded once per day simultaneously on both wrists and ankles (four sites in total) using 

the AngE device (SOT Medical, Austria), which can perform simultaneous oscillometric recordings of pulse waves 

at multiple sites along with electrocardiogram (ECG); see Fig 1A for an overview of the measurement protocol. The 

device initially inflates the cuffs to 180 mmHg and records the pressure oscillations in all cuffs for 5 seconds. The 

pressure in all cuffs is then reduced by 10 mmHg and the 5-second recording is repeated. This process continues 

until the cuff pressure reaches 40 mmHg. Thus, the total duration of a single recording is about 2 minutes; see Fig 

1B for exemplary pulse wave recording. The recorded oscillations represent changes in the cuff pressure caused by 

the pulsatile changes of arterial volume under the cuff (attenuated to some extent), and hence for cuff pressure close 

to the diastolic pressure the shape of the obtained wave may be treated as relatively closely resembling the shape of 

the arterial volume wave [30,31]. After the recording, for each cuff, the device selects the 5-second fragment of the 

wave with the highest amplitude, potentially recorded at different pressure levels in different cuffs (hence at different 

times). For our analysis, we took from all cuffs the pulse wave fragments corresponding to the same cuff pressure 

level (the closest to the average level selected by the device) to analyze the waves recorded simultaneously at all 

sites. For each recording site, we then averaged all beats from the selected fragment of the recorded wave to obtain 

a single arterial volume waveform. We did not observe any significant wave profile changes following the averaging 

procedure. Such average waveforms from all four recording sites were used in the model optimization step (see 

further sections).

Note that in order to obtain the waveform that would most closely reflect the shape of the true arterial volume wave-

form, one should perform the recording with the cuff pressure kept at a level slightly below the local diastolic pressure 

(DP), since cuff pressures above DP lead to temporary occlusion of the arteries and hence lead to some distortion of the 

recorded waves [30,31]. However, at low cuff pressures, the amplitude and the overall quality of the recorded wave are 

much lower, which in some cases makes it difficult to identify individual beats and ultimately makes the averaged shape 

of the waveform less reliable (especially in patients with low pressure amplitude). Therefore, in this study, we decided to 

use the waves with the highest amplitude (as mentioned earlier), which were recorded at cuff pressure close to MAP, thus 

somewhat higher than DP. In other words, we used waveforms whose shape may differ slightly from the shape of actual 

arterial volume waves, but this enabled us to efficiently identify individual beats and hence obtain the averaged waveforms 

that could be used in our framework. Moreover, even if there was no occlusion of the arteries below the cuff, the waveform 

observed at the cuff level could still be slightly different from the actual arterial volume waveform due to the fact that the 

tissues between the arteries and the cuff (including the artery wall itself) may transmit the volume changes to a different 

extent at different pressure levels (in all cases largely attenuated).

Table 1.  Characteristics of the studied patients and administered drugs.

Unit All patients

(n = 25)

Analyzed patients (n = 20)

Male gender 18 (72%) 16 (80%)

Age years 50.5 ± 19.5 50.7 ± 20.1

Body mass kg 84.9 ± 16.6 85.7 ± 16.4

Height cm 174.1 ± 9.5 175.0 ± 9.7

Norepinephrine 20 (80%) 16 (80%)

Norepinephrine + Dobutamine 5 (20%) 4 (20%)

Data are reported as frequencies (percentages) or means ± standard deviations.

https://doi.org/10.1371/journal.pcbi.1013501.t001
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Note also that in this study, we fit the model-simulated volume waveforms from a specific artery under the cuff (e.g., 

the radial artery) to the cuff-recorded waveforms, which in fact, reflect blood volume changes not in one specific artery 

but in all arteries below the cuff (e.g., also in the ulnar artery). This is another simplification of our approach, in which we 

assumed that the shapes of the volume waveforms in the radial and ulnar arteries are relatively similar to each other, and 

hence we treated the waveform observed at the cuff level as corresponding to the volume waveform of the radial artery. 

Moreover, given the relatively low changes in the diameter of the radial artery along its length, we assume that the volume 

waveform of the fragment of the radial artery under the cuff is equivalent to volume waveforms in other parts of the radial 

artery, and hence, for simplicity, we analyze model-simulated volume waveform of the whole radial artery (similarly for the 

anterior tibial artery for the recordings at the ankle cuffs).

Fig 1.  Study protocol and exemplary oscillometric waves recorded by the AngE device. (a) During the treatment (up to 5 days) one recording of 

pulse waves was taken each day (at various times of day) using the AngE device, while the vasopressor dose was routinely adjusted. (b) Exemplary 

pulse waves recorded by the AngE device.

https://doi.org/10.1371/journal.pcbi.1013501.g001
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Other data obtained from the AngE device

In addition to recording the oscillometric waves, the AngE device also provides a number of cardiovascular parameters, 

some of which were used in our analysis. These include information on heart rate (HR) and blood pressure, i.e., systolic 

pressure (SP), diastolic pressure (DP), and mean arterial pressure (MAP), as well as parameters related to the recorded 

pulse waves, i.e., the duration of the rise in the pulse waveform from its foot to peak (‘rise time’), and the ratio of the 

duration of the rise in the pulse waveform and the duration of its fall from peak to the foot of the next wave (‘rise to fall’), 

calculated for the waveforms from each limb separately.

Pulse wave propagation model

We utilized a one-dimensional arterial network model composed of 71 main compliant arteries connected to zero-dimensional 

boundary conditions. For a detailed description of the model, please refer to our previous publications [32–34] and S1 File. 

The model simulates pulsatile blood flow and the corresponding blood pressure and volume waves in the whole modeled 

arterial tree, taking into account patient-specific characteristics, such as terminal vascular resistances, stiffness of arteries, and 

left-ventricular time-varying elastance function (LVTVE). We used the Levenberg-Marquardt optimization algorithm to minimize 

the objective (error) function by adjusting selected subject-specific model parameters. The objective function included the dif-

ferences (errors) between simulated and recorded pulse waveforms (arterial volume waveforms) in four considered locations, 

the differences between recorded (on the cuff on the left wrist) and simulated (on the radial artery) SP and DP, and a penalty 

term to penalize abnormal (unphysiological) values of the simulated stroke volume (SV), according to the following equation:

	

err =
∑

i∈(left/rightarm,left/rightleg)

n
∑

j=1
∥Vnorm,sim;i;j – Vnorm,meas;i;j∥

2

+ ∥DPsim – DPmeas∥
2
/20+ ∥SPsim – SPmeas∥

2
/20+

(

(SVsim–70)
40

)6

	 (1)

where norm, sim and meas  denote normalized, simulated and measured values, respectively, ∥·∥ is a l2-norm, n=1000 is 

the number of analyzed time points in the normalized simulated and measured arterial volume waveforms (V); see S1 File 

and Fig 2 for details (including the explanation with regard to the weights of the individual terms in our objective function).

In order to select model parameters to be optimized during the above minimization procedure, we performed a sensitivity 

analysis combined with an identification analysis. To this end, we first performed the Sobol’ sensitivity analysis [35,36] and cal-

culated the first-order sensitivity indices (for each studied parameter, at multiple time points of the cardiac cycle), which quantify 

the direct contributions of individual parameters to the given model output variability (see Sensitivity analysis section in S1 File 

for details). Then we performed a parameter identification analysis using the procedure described by Olufsen et al. [37], which 

determines the possible pairwise correlations between the selected model parameters by calculating the relative local sensi-

tivity matrix followed by the calculation of the inverse of the Hessian matrix (see Parameter identification section in S1 File for 

details). Following the above calculations, we selected five model parameters for which the analyzed outputs of the model (i.e. 

arterial volume waveforms at the considered locations as well as SP and DP) showed the greatest sensitivity and which were 

not highly correlated with each other. In particular, we selected the following model parameters: tm (time to the onset of constant 

LVTVE), Emax (maximal value of the LVTVE function), SR (scaling factor for the resistances of small arteries and arterioles), pla 
(pressure in the left atrium), and k3 (a parameter describing the stiffness of the large arteries). The values of all other param-

eters of the model were fixed at the levels taken from the literature as typical values for a 45-year-old man weighing 75 kg. 

Specifically, the values of parameters describing the stiffness of the arteries were based on a formula derived from the work of 

Olufsen et.al. [38], while the resistance and compliance parameters of small arteries and arterioles were taken from the work of 

Alastruey et al. [39]. In addition, some of the fixed parameter values were also scaled according to patient’s height. More details 

on the selection of individual parameters and their exact values, along with references, can be found in S1 File.
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Fig 2.  Overview of the personalization (i.e., patient-specific optimization) of the pulse wave propagation model. Fitting of the model-simulated 

arterial volume waveforms at four sites (wrists and ankles) to recorded waveforms by tuning selected model parameters.

https://doi.org/10.1371/journal.pcbi.1013501.g002
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Predictive model

To investigate the clinical utility of the model-derived, patient-specific cardiovascular parameters, we incorporated them 

into a statistical model to predict whether the next NE dose adjustment within 24 hours will increase the dose or not. More 

precisely, for each case (i.e., each time of pulse wave recording), we assigned one of two labels as follows:

•	 0 (negative class) - if within 24 hours from the given pulse wave measurement, there was no dose adjustment or the first 

adjustment lowered the NE dose,

•	 1 (positive class) - if the first dose adjustment within 24 hours from the pulse wave measurement increased the NE 

dose.

We used a generalized mixed linear model with a binomial link function. This model can be viewed as a logistic regression 

classifier suitable for data where the assumption of observation independence is violated. A detailed description of the method 

can be found in [40] . We considered two versions of the predictive model – a full model and a simplified model. The features 

considered in our full model included five patient-specific cardiovascular parameters obtained from fitting the 0-1D model to 

recorded pulse waves and blood pressure data (tm, Emax, pla, k3, and SR), patient characteristics (age, height, and weight), stan-

dard cardiovascular parameters measured by the AngE device (HR, SP, DP, MAP), pulse wave-related parameters provided by 

the AngE device (rise time of the recorded waveform from all four cuffs, and ‘rise to fall’ ratio of the recorded waveform from all 

four cuffs), current NE dose, and pulse wave velocity (PWV) calculated using our pulse wave propagation model (between the 

beginning of the ascending aorta and the end of the femoral artery, using the foot-to-foot method). To assess the utility of the 

parameters related to pulse waveforms (both obtained from the AngE device and estimated from our model), we also analyzed 

a simplified model that excluded these parameters and was based solely on patient characteristics, HR and blood pressure 

data, and NE dose. All features were standardized to avoid numerical problems in the process of optimizing model parameters. 

For both full and simplified models, the feature selection for the final model was performed using the step-wise procedure based 

on the Akaike Information Criterion [41]. The model performance was validated using the leave-one-out cross-validation, a suit-

able approach for small datasets [42]. A probability threshold of 0.5 was used, meaning that patients with a predicted probability 

of having an increased vasopressor dose above 0.5 were classified as belonging to the positive class.

Results

Model fits to recorded pulse waveforms

The quality of the model fits to the recorded arterial volume waveforms was satisfactory, with the mean coefficients of 

determination (R2) of 0.92, 0.91, 0.88, and 0.90 for the left arm, right arm, left leg, and right leg, respectively; Fig 3A shows 

the plots comparing all normalized model-estimated and recorded arterial volume waveforms. The model accurately esti-

mated MAP with the mean difference between the model-derived and measured values of 0.1 ± 1.0 mmHg (R2
= 0.99),  

with no dependence on the MAP level (Pearson’s r = 0.11, p-value = 0.35), see Fig 3B. An exemplary model fit to the 

recorded waveform is presented in Fig 3C; see Figs A – D in S2 File for all model fits.

Correlations between vasopressor doses and estimated parameters

After fitting the model to the recorded waveforms and blood pressure data, we compared the estimated patient-specific 

cardiovascular parameters with the NE doses at the times of pulse wave recordings. We found no correlations between 

the model parameters and NE doses neither for the entire cohort, nor for individual patients. Only in a few patients (ID =1, 

2, 4) we observed some qualitative associations between the NE doses and parameters k3 and SR, see Fig 4. Similarly, 

we compared SP and DP (both estimated by the model and measured by AngE). In this case, we also did not observe any 

correlations, except for patient ID = 6, in whom SP and DP values also increased with increasing NE dose during treatment 

(see Figs A and B in S3 File).
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Prediction of vasopressor dose change

The dataset used in our analysis consisted of 88 observations (i.e., separate pulse wave recordings) from a group of 20 

patients, among which for 77 observations we were able to assign a label 0 or 1 (the remaining observations did not have 

sufficient follow-up time of 24 hours). During the step-wise feature selection for our predictive model (full model), 10 fea-

tures were found to be associated with the target outcome; see Table 2. Notably, these features included two model- 

estimated cardiovascular parameters: pla, and Emax, that is left-atrial pressure, and maximal value of the LVTVE function, 

respectively. When trained and tested on the entire dataset, the model achieved a balanced accuracy of 0.85 (accuracy 

Fig 3.  Quality of model fits to recorded data. (a) Comparison of the recorded arterial volume waveforms and corresponding in time model-simulated 

volume waveforms, with both the recorded and simulated waveforms normalized in amplitude (n = 77). The perfect match of the two waveforms corre-

sponds to a diagonal line. (b) Bland-Altman plot comparing the measured and model-estimated mean arterial pressure for all analyzed cases (n = 77). (c) 

Typical model-simulated arterial volume waveforms (black lines) compared to the recorded (averaged) waveforms (light blue lines).

https://doi.org/10.1371/journal.pcbi.1013501.g003
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0.90). When validated using the leave-one-out cross-validation (LOOCV), the model’s balanced accuracy was 0.76 (accu-

racy 0.82). The confusion matrices for the full model trained and tested on the entire dataset or tested using LOOCV are 

presented in Table 3.

Table 2 also shows the features selected for the simplified model, which excluded pulse wave-related parameters 

(either derived from the AngE device or obtained from the pulse wave propagation model). This simplified model exhibits 

Fig 4.  Norepinephrine dose vs patient-specific model-estimated parameters k3 and SR for three selected patients. Shown are values of the 

parameters (blue dots) and norepinephrine doses (red lines). 

https://doi.org/10.1371/journal.pcbi.1013501.g004

Table 2.  The coefficients of the full and simplified models predicting norepinephrine dose changes. The features included in the presented 

models were based on the step-wise feature selection procedure using the Akaike Information Criterion.

Feature Full model Simplified model Description

Coefficient P-value Coefficient P-value

Intercept -1.82 <0.001 -2.48 0.05

Norepinephrine dose -1.80 <0.05 -2.77 <0.01

HR 4.24 <0.05 0.06 <0.01 Heart rate

Height 1.21 <0.05 0.06 0.10

Weight -0.68 0.12 -0.05 0.07

MAP – – -0.11 <0.01 Mean arterial pressure

Emax -1.48 0.09 – – Maximal value of the LVTVE function

pla -1.69 <0.05 – – Left-atrial pressure

Rise time (right wrist) 3.41 <0.01 – – Duration of the rise in the pulse waveform from the right arm (from 

foot to peak)

Rise to fall (right wrist) -1.92 0.14 – – The ratio of the duration of the rise in the pulse waveform in the right 

arm (from foot to peak) and the duration of its fall (from peak to the 

foot of the next wave)

DP -2.11 <0.01 – – Diastolic pressure measured with the left arm cuff

PWV -1.24 <0.05 – – Pulse wave velocity calculated from the model

https://doi.org/10.1371/journal.pcbi.1013501.t002
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lower balanced accuracy compared to the full model, both when trained and tested on the entire dataset (0.75) and when 

validated using LOOCV (0.67). A detailed comparison of the performance metrics of the two models is provided in Table 4.

In S4 File, we illustrated the predictions of the NE dose adjustments corresponding to all pulse wave recordings in 

all analyzed patients (the results from the full model trained and tested on the entire dataset). In some cases, despite 

the incorrect prediction, the model correctly anticipated the overall trend in dose adjustments (see patients with ID 7 

and 18). Interestingly, in the case of the patient with ID = 18, the prediction in Day 1 was a false negative (see Fig A 

in S4 File) with a very low probability value (0.02). This prediction was false because at the next dose adjustment the 

NE dose was increased; however, this dose increase was only transient, and soon the dose was decreased to much 

lower levels.

For some observations from the last day, we did not have information about the potential changes in NE dose in the fol-

lowing 24 hours. These cases were excluded from our main analysis, but we proceeded with predictions for these cases 

anyway, even if their accuracy could not be assessed. In each of these cases, the model predicted that the dose would 

remain constant or be decreased within the next 24 hours, which seems to be expected, as one would expect the patient’s 

condition to improve after 4–5 days of treatment.

Discussion

In our study on patients with severe traumatic brain injury, we explored the potential of using information extracted from 

arterial pulse waveforms (either directly or through pulse wave propagation modeling) to predict changes in NE dose 

administration that will likely be needed within the next 24 hours. We showed that knowledge of selected patient-specific 

cardiovascular parameters derived from the pulse waveforms, which are not measured during standard treatment proce-

dures, appears to be useful for predicting changes in the administered NE dose in these patients possibly providing some 

insights into the mid- to long-term effects of the current NE dose considering the current state of patient’s cardiovascular 

system, thus providing the basis for a tool that could be potentially used to guide vasopressor dosing, in particular with 

regard to adjusting the doses sooner.

Table 3.  Confusion matrices for the predictions of the full model trained and tested on the entire dataset or validated using the leave-one-out 

cross validation (LOOCV).

Entire dataset LOOCV

Predicted Negative Predicted Positive Predicted Negative Predicted Positive

Actual Negative 53 2 49 6

Actual Positive 6 16 8 14

https://doi.org/10.1371/journal.pcbi.1013501.t003

Table 4.  Metrics of performance of the full predictive model trained and tested on the entire dataset (see the confusion matrix in Table 3), 

along with the comparison with the simplified model (also trained and tested on the entire dataset).

Full model Simplified model Advantage of the full model (%)

Accuracy 0.90 0.83 7.8

Sensitivity/True Positive Rate/Recall 0.73 0.55 33.3

Specificity/True Negative Rate 0.96 0.95 1.9

Balanced Accuracy 0.85 0.75 13.4

False Positive Rate 0.04 0.05 -33.3

Precision 0.89 0.80 11.1

F1-score 0.80 0.65 23.3

https://doi.org/10.1371/journal.pcbi.1013501.t004
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Key results

The proposed statistical model predicting NE dose adjustments (full model) is based on 10 features, including three 

features derived from the 0-1D cardiovascular model (Emax, pla, and PWV) and two features computed directly from the 

recorded pulse waveform (‘rise time’ and ‘rise to fall’ ratio in the right arm). Integrating the parameters available from the 

AngE measurements with parameters obtained from the cardiovascular model optimization enhances the performance 

of our predictive model. Specifically, the model that included pulse-wave-derived features (full model), exhibited a 33.3% 

higher sensitivity (i.e., the rate of correct predictions of NE dose increases) and 13.4% higher balanced accuracy com-

pared to the model without those features (simplified model) when trained and tested on the entire dataset; see Table 4 

for more details. The markedly higher sensitivity while maintaining similar specificity is essential from our perspective, as 

accurately predicting that the vasopressor dose is likely to be increased within the next 24 hours seems to be particularly 

important when focused on preventing episodes of hypotension in sTBI patients.

All analyzed patients were treated with NE; four patients were also given dobutamine. The effects of NE include, 

among others, vasoconstriction, which leads to increased arterial stiffness [43]. In line with this, the proposed predictive 

model accounts for the model-estimated PWV, a standard marker of arterial stiffness [44]. NE also improves end-systolic 

elastance [45] and increases the heart rate [46] and systemic diastolic blood pressure [47], all of which are features of our 

full model (end-systolic elastance is described by Emax ). According to our predictive model, higher values of pla and PWV 

are associated with a decreased likelihood of requiring an increased NE dose within the next 24 h. This is not unexpected, 

given that these parameters are related to blood pressure. The fact that they were selected as predictors for our predictive 

model suggests that they may carry information on the current state of the cardiovascular system that may not be cap-

tured by standard cardiovascular parameters. Interestingly, our full predictive model does not include MAP as a predictor, 

although it is the main parameter used by clinicians to determine vasopressor dosage. However, MAP can be estimated 

from systolic blood pressure (SP) and diastolic pressure (DP) using a linear relationship, such as MAP = 2/3DP + 1/3SP 

[48], which may explain the absence of MAP and presence of DP in our full model. Indeed, during our various tests, when 

we removed SP and DP from the set of potential predictors, MAP emerged as an important predictor.

Secondary findings

We also compared the patient-specific cardiovascular parameters estimated during model optimization (i.e., k3, SR, tm, 

Emax and pla) with the NE doses. In general, we did not find any relationship between NE doses and the estimated param-

eter values. As shown in previous studies [21,49] the pharmacodynamics of NE appear unpredictable and may be due 

to patient variability. Such variability may explain the observed lack of relationship between the values of the estimated 

parameters and the administered NE doses in our cohort. However, in three patients (ID =1, 2, 4) we observed relatively 

similar patterns between NE doses and the values of two estimated parameters: k3 and SR. We believe that this was not 

coincidental and may be due to the fact that NE is responsible, among others, for the increase in peripheral resistance 

(SR is the scaling factor for the resistances of small arteries and arterioles) and arterial stiffness (k3 describes the stiffness 

of large arteries). The fact that such relationships were not observed in other patients may be due to the effects of other 

vasoactive substances, e.g., endogenous catecholamines, which can disrupt the relationship between NE dose and the 

discussed parameters [50], or due to impact of other drugs not considered in our study, or due to neural mechanisms con-

trolling vascular tone (also not considered in our study).

Other studies

The problem of optimizing the dosing of vasopressors in critically ill patients has been the subject of multiple studies. For 

predicting a patient’s condition or the required vasopressor dose, researchers mainly use standard hemodynamic param-

eters that are routinely measured during standard treatment procedures and validate their methods using data from ICU 
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patients [17–20]. In the case of mathematical models of the hemodynamic response to vasopressors, the models are 

mainly validated using data from either healthy individuals [11,12], septic patients [14,15], or animals [16]. To our knowl-

edge, however, no such predictive or modelling studies have focused on sTBI patients, and hence our study seems to 

be the first to use personalized cardiovascular parameters estimated from a pulse wave propagation model (based on 

non-invasive oscillometric measurements of arterial pulse waveforms) to be fully conducted on data from a cohort of sTBI 

patients treated with NE.

Recently, a novel approach to vasopressor dosing has been proposed by Rinehart et. al. who developed a closed-

loop controller for automatized vasopressor administration (targeting MAP) in perioperative or intensive care settings 

[51,52].This controller has been subsequently tested by Joostens et. al. in a randomized controlled study on titrating NE 

in 18 sTBI patients [53], showing that in patients in whom NE was titrated in an automatically controlled manner, MAP 

remained within the target range 96% of time on average (over the four-hour study period), as compared to only 43% 

of time in the group with standard, manual NE titration. The approach by Rinehart and Joostens, i.e., automatized NE 

titration, is entirely different to that considered in our study, and while it offers a great perspective for a fully automatized 

process of vasopressor dosing (not only in sTBI patients but in other critically ill patients or in patients undergoing surger-

ies), it requires special or modified equipment for drug titration. On the other hand, our approach could potentially lead to 

improved vasopressor dosing strategies within standard care using the existing equipment. Moreover, it is possible that 

integrating pulse wave features in a controller targeting MAP could potentially lead to even better performance of such a 

controller.

Limitations

Our study has certain limitations. First, our findings are based on relatively limited data from a small cohort of patients, 

with only one pulse wave recording per day at various, arbitrary times, unrelated to vasopressor dose adjustments 

(although despite this, our full model was able to predict with relatively high balanced accuracy (0.85) whether the NE 

dose would be increased within the next 24 hours). Second, the data to which the model is fitted is subject to error 

measurement and natural variability (especially blood pressure), and therefore it may not necessarily reflect accurately 

the current (average) state of the cardiovascular system. Moreover, although the model parameters that were fixed 

rather than adjusted appear to have little effect on the arterial volume waveforms and blood pressure, possible changes 

in many of these parameters could collectively have a non-negligible effect on the behavior of the modeled system and 

thus on the values of the estimated (adjusted) parameters, which in turn could affect the predictions in our statistical 

model. Furthermore, by adjusting the value of parameter SR, we assume that the resistance of all small arteries and 

arterioles (the terminal 0D elements in our model) changes to the same extent (in percentage terms, from their baseline 

values), which is a simplification, given that vessels in different tissues and organs may respond differently to vasoac-

tive substances (not only in terms of the magnitude of the change in their tone but even in terms of the direction of this 

change) and may be also subject to varying degrees of vascular autoregulation (e.g., in cerebral vessels, although in 

patients with sTBI cerebrovascular autoregulation is frequently impaired [54]). Also, for simplicity, in all our simulations 

we assumed intact cerebral vasculature, thus ignoring the fact that patients with sTBI will likely experience alterations in 

cerebrovascular function, which could affect the total cerebral resistance and compliance and thus could influence cen-

tral and peripheral hemodynamics, potentially affecting the results of our study. Finally, the presented approach is based 

on recording pulse waveforms at multiple locations (to account for the possible differences in peripheral pulse waveforms 

between different limbs, we chose to fit our cardiovascular model to pulse waveforms from four sites, recorded oscillo-

metrically). We want to highlight, however, that the proposed methodology could be potentially used with pulse waveform 

recorded only at a single site, thus not necessarily requiring recordings on four limbs. Moreover, one could use arterial 

volume waveforms recorded using other methods, or use arterial pressure waveforms (e.g., recorded using applanation 

tonometry).
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Conclusions and future work

This study provides a preliminary demonstration of the potential of pulse wave propagation modeling for sTBI patient 

management. Using the data collected in sTBI patients, we developed a statistical model to predict vasopressor dose 

increases within 24 hours with relatively high balanced accuracy (0.85). Including in this predictive model the patient- 

specific parameters related to arterial stiffness and heart function, estimated from the pulse wave propagation model, 

turned out to provide a higher model sensitivity compared to the model without pulse wave-related features. The proposed 

framework could be potentially used to adjust vasopressor doses not only based on the current condition of the patient (as 

is currently done) but also (to some extent) taking into account predictions of vasopressor dose adjustments that are likely 

to be needed in the future. However, it is not obvious yet how exactly the vasopressor doses could be adjusted taking into 

account the predictions of the proposed model and whether this would lead to improved patient outcomes. Moreover, here 

we proposed a model for predicting whether the vasopressor dose will be increased by clinicians within 24 hours from the 

given time (the time of recording the pulse wave and blood pressure), which can be treated only as indirect information of 

the likely future state of the patient. Ideally, a similar framework should be developed with a model predicting directly the 

future state of the patient (e.g., MAP). Future studies should investigate these aspects using more comprehensive mod-

els (with various cardiovascular regulatory mechanisms) and more data, including more frequent pulse wave recordings, 

continuous vital parameter monitoring, and data on endogenous catecholamines.
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In this supplement, we present in more detail the methods used in our study. First, we present a detailed description of1

the 0-1D cardiovascular model. Next, we describe how we selected patient-specific parameters to be used in the model2

optimization procedure. Finally, we describe the optimization procedure.3

1 The Cardiovascular Model4

The mathematical foundations of the model that we present in this section come from the work of Sterigiopulos et. al5

[1], Olufsen et. al. [2], and Ottesen et. al, [3], [4].6

1.1 Geometry of the arterial tree7

The one-dimensional arterial bifurcation tree represents 71 major human arteries, including cerebral circulation; see8

Fig A for more details. Each segment (artery) is modeled as a compliant axi-symmetric, tapering cylinder with9

impermeable walls. The geometric parameters of each segment (length L, inlet internal radius rin, and outlet internal10

radius rout) are adapted from the work of Stergiopulos and Alastruey, [1], [5], see Table A for more details. Tapering of11

a given vessel is described by the following equation:12

r0(x) = rin

(

rout

rin

)x/L

, (1)

where r0(x) denotes the internal radius of a given artery at point x at the nominal pressure P0, [2].13

1.2 Blood flow through the artery14

The presented mathematical model is based on the Navier-Stokes equations and describes the changes in flow Q(t, x),15

internal cross-sectional area A(t, x), and pressure P (t, x) along the vessel. We assume that blood is an incompressible16

fluid with constant density ρ and viscosity µ, and that the flow in the artery has a Poiseuille (parabolic) velocity profile.17

The continuity and momentum equations, derived using standard methods (detailed in [2], [3]), are given by,18

∂Q(t, x)

∂x
+

∂A(t, x)

∂t
= 0, (2)
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Fig A. Overview of the modelled arterial tree. For more information on individual arteries, see Table A.
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∂Q(t, x)

∂t
+

∂

∂x

(

Q(t, x)2

A(t, x)

)

+
A(t, x)

ρ

∂P (t, x)

∂x
=

−8πµ

ρ

Q(t, x)

A(t, x)
. (3)

Since in equation (3) the pressure appears only in the gradient, we need to add one more equation using P to ensure20

that the solution is unique. Assuming that the arterial walls are purely elastic, we can introduce the following equation,21

relating pressure to the internal cross-section of the artery [2]:22

P (t, x)− P0 = f(x)

(

1−

√

A0(x)

A(t, x)

)

, (4)
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Table A: Geometry of the modelled arterial tree and the corresponding peripheral resistances and compliances.
Length, rin and rout are provided in centimeters. Total peripheral resistance,

(

RT , 10
4 g/cm4/s

)

and compliance
(

CT , 10
6 cm4s2/g

)

are provided only for terminal arteries. L and R stands for left and right, respectively. Data adapted
from [1], [5].

ID Artery name Length rin rout RT CT

1 Ascending aorta 4 1.2 1.18 - -
2 Aortic arch (I) 2 1.12 1.11 - -
3 Brachiocephalic 3.4 0.62 0.61 - -
4 Aortic arch (II) 3.9 1.07 1.06 - -
5/6 Common Carotid R/L 17.7/20.8 0.25 0.25 - -
7/8 External Carotid R/L 17.7 0.15 0.14 5.43 12.70
9/10 Internal Carotid (I) R/L 17.7 0.2 0.2 - -
11/17 Subclavian (I) R/L 3.4 0.42 0.42 - -
12/18 Subclavian (II) R/L 42.2 0.4 0.24 - -
13/19 Radial R/L 23.5 0.17 0.14 5.28 3.52
14/20 Ulnar (I) R/L 6.7 0.22 0.22 - -
15/21 Interosseous R/L 7.9 0.1 0.1 8.40 0.22
16/22 Ulnar (II) R/L 17.1 0.2 0.18 5.28 3.52
23 Thoracic aorta (I) 5.2 1 1 - -
24 Intercostals 8 0.2 0.15 1.39 13.38
25 Thoarcic aorta (II) 10.4 0.68 0.65 - -
26 Celiac (I) 1 0.39 0.39 - -
27 Hepatic 6.6 0.22 0.22 3.64 5.13
28 Celiac (II) 1.0 0.2 0.2 - -
29 Gastric 7.1 0.18 0.17 5.43 3.44
30 Splenic 6.3 0.18 0.17 2.32 8.01
31 Abdominal aorta (I) 5.3 0.61 0.6 - -
32 Superior mesenteric 5.9 0.44 0.42 0.93 20.0
33 Abdominal aorta (II) 1 0.6 0.59 - -
34/36 Renal R/L 3 0.26 0.25 1.13 16.46
35 Abdominal aorta (III) 3 0.59 0.58 - -
37 Abdominal aorta (IV) 10.6 0.58 0.55 - -
38 Inferior mesenteric 5.0 0.17 0.16 6.89 2.70
39 Abdominal aorta (V) 1.0 0.54 0.52 - -
40/41 Common iliac R/L 5.8 0.37 0.35 - -
42/48 Internal iliac R/L 5 0.2 0.19 7.96 2.34
43/49 External iliac R/L 14.5 0.32 0.27 - -
44/50 Deep femoral R/L 12.6 0.26 0.19 4.79 3.90
45/51 Femoral R/L 44.5 0.26 0.19 - -
46/52 Posterior tibial R/L 32.1 0.16 0.14 4.79 3.90
47/53 Anterior tibial R/L 34.3 0.13 0.12 5.60 3.33
47/53 Anterior tibial R/L 34.3 0.13 0.12 5.60 3.33
54/55 Vertebral R/L 14.8 0.14 0.14 - -
56 Basilar artery 3 0.16 0.11 - -
57/58 Posterior cerebral (I) R/L 0.5 0.11 0.11 - -
59/60 Posterior cerebral (II) R/L 8.5 0.11 0.11 11.08 6.20
61/62 Posterior communicating R/L 1.5 0.07 0.07 - -
63/64 Internal carotid (II) R/L 0.5 0.2 0.19 - -
65/66 Middle cerebral R/L 12 0.14 0.12 5.97 11.60
67/68 Anterior cerebral (I) R/L 1.2 0.12 0.12 - -
69/70 Anterior cerebral (II) R/L 10 0.12 0.12 8.48 8.20
71 Anterior communicating 0.3 0.07 0.07 - -

where A0(x) is the artery’s internal cross-sectional area at nominal pressure, i.e., A0(x) = πr20(x), and the function23

f(x) describes the elasticity of the artery wall as follows:24

f(x) =
4

3
(k1 exp (k2r0(x)) + k3) , (5)
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where parameters k1, k2 and k3 are global subject-specific constants. Parameter k3 describes the stiffness of large25

arteries, parameter k1 describes the increasing stiffness of smaller arteries, and k2 reflects the transition between the26

large, elastic arteries and smaller, less-elastic arteries [6].27

1.3 Bifurcations28

We assume pressure continuity and mass conservation (i.e. no blood leakage) at the vessel nodes. For a discussion on29

the validity of these assumptions, see [3]. If by p we denote the parent vessel, and d1, d2 are the daughter vessels, then30

the above conditions may be expressed as follows:31

Pout,p = Pin,d1
= Pin,d2

, and Qout,p = Qin,d1
+Qin,d2

. (6)

1.4 Inflow Boundary Condition32

The inflow boundary condition describes the blood ejection from the left heart ventricle and is based on the work of33

Suga et al. [7], [8], and Danielsen and Ottensen [4]. Changes of the pressure in the left ventricle, Plv , can be described34

using a time-varying left-ventricle elastance function Elv(t):35

Plv = Elv(t) (Vlv(t)− V0) , (7)

where Vlv is the ventricular volume and V0 is the volume of the left ventricle at zero transmural pressure. According36

to [4], the function Elv(t) may be expressed as follows:37

Elv(t) = Emin (1− ϕ(t)) + Emaxϕ(t), (8)

where the parameters Emin and Emax are minimal and maximal values of the elastance function Elv(t). Function ϕ is38

defined by the following equation:39

ϕ(t) =

{

a sin
(

πt
tm

)

+ b sin
(

2πt
tm

)

for 0 ≤ t < tm

0 for tm ≤ t < T
, (9)

where T is the heart period, tm denotes the onset of constant (minimal) elastance, and parameters a and b are responsible40

for the shape of the ϕ(t). Additionally, a and b must be chosen so that maxt∈[0,T ] ϕ(t) = 1. The example of the41

simulated left ventricle elastance is shown in Fig B.42

Fig B. Left-ventricle time-varying elastance function. Emin, Emax - minimal and maximal value of the elastance
function, tm - onset of the constant (minimal) elastance, T - heart period.

The work of the left ventricle can be divided into four stages. We will begin with isovolumic relaxation. During this43

phase, the pressure in the left ventricle decreases. When Plv is smaller than the pressure in the left atrium, Pla, then the44

mitral valve opens.45

In the next phase (ventricular filling) blood flows from the left atrium to the left ventricle. This flow, Qla, is described46

by the following equation:47

dQla

dt
=

1

Lla
(Pla − Plv)−

Rla

Lla
Qla. (10)
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Parameter Lla is an inertia term, and Rla describes the resistance against the flow from the atrium to the ventricle,48

caused mainly by the viscous properties of the blood. Simultaneously, due to the inflow of blood into the left ventricle,49

Vlv increases, given by the following equation:50

dVlv

dt
= Qla. (11)

When Vlv is greater than end-diastolic volume Ved, the mitral valve closes, and isovolumic contraction begins.51

During this phase, there is no flow between the left atrium and ventricle (Qla = 0), and Plv increases. When Plv is52

greater than the pressure in the ascending aorta, Pa, the aortic valve opens, and the last phase of the cycle (ventricular53

ejection) begins.54

The flow between the ventricle and aorta is expressed by an equation similar to equation (10), namely:55

dQlv

dt
=

1

Llv
(Pla − Pa)−

Rlv

Llv
Qlv. (12)

The pressure Pa is taken directly from the 1-D model of the arterial tree. The volume Vlv decreases according to the56

following equation:57

dVlv

dt
= −Qlv. (13)

At the end of this phase, some amount of blood, Vb, returns from the ascending aorta to the left ventricle, which is58

associated with the negative value of Qlv (backflow). Vb is given by the following equation:59

Vb =

∫ t

t∗
|Qlv| , for t > t∗, (14)

where t∗ denotes the moment, when Qlv becomes negative. At the time t, when Vb > Vb we end the last phase by60

setting Qlv = 0, and then the cycle repeats.61

1.5 Outflow boundary conditions62

The outflow boundary conditions are modeled using a three-element Windkessel model [9], [10], which describes63

compliance and resistance effects of the vessels beyond the modeled terminal arteries:64

R1R2CT
dQend(t)

dt
= R2CT

dPend(t)

dt
+ (Pend(t)− PT )− (R1 +R2)Qend(t). (15)

In the above equation, R1 and R2 are proximal and distal resistances, respectively, CT is the total compliance of the65

terminal vascular branch, and PT is the reference terminal pressure. Moreover, we assume that R1/RT = 0.2, where66

RT is the total terminal resistance, and RT = R1 +R2 as in [1], [10]. Table A lists all values of CT and RT , adapted67

from [1] and [5].68

1.6 Solving the model equations69

The procedure of solving the model equationsis similar to the one presented in our previous work [11]. The governing70

equations for blood flow in the 1D domain were solved using the Lax-Wendroff scheme [12]. The inflow and outflow71

boundary conditions were integrated into the 1D model using the "ghost point" method [13], [14]. The inflow boundary72

condition was solved with the Runge-Kutta scheme, and the 3-element Windkessel models were solved using the73

explicit Euler method. The time step was set to ∆t = 2 · 10−4 s, and spacial discretization was set to ∆x = 0.5 cm74

(Courant number in radial artery for a default parameters is C = 0.016).75

2 Model parameters76

2.1 Arterial tree geometry77

The procedure of personalizing the arterial tree geometry was similar to that employed in our previous publications78

[11], [15], [16]. The default arterial tree (Table A) represents the typical arterial geometry for a 175 cm tall man. To79

personalize the arterial tree for a given patient, we multiplied all nominal artery lengths as well as internal proximal and80

distal artery radii by a scaling factor S=H/175, where H is patient’s height in cm.81

5



2.2 Blood flow and vascular parameters82

We set blood density as µ = 1.04 g

cm3 and kinematic viscosity as ρ = 0.04 cm2

s [10]. The nominal mean arterial pressure,83

P0, was set to 97 mmHg [1]. With regard to parameters describing the stiffness of the arteries (equation (5)), as in [6],84

we set parameter k2 to −13.5 1
cm

. The other two parameters (k1 and k3) were considered in the sensitivity analysis85

discussed later (see Table B for their assumed baseline values).86

2.3 Inflow boundary condition87

The blood pressure in the left ventricle, Plv, is computed using a time-varying elastance function Elv(t), see eq. (7).88

Since the shape of the left-ventricular elastance function (normalized for amplitude and time to peak) remains relatively89

constant, even in various cardiovascular diseases [17], we decided to fix the parameters describing the shape of the90

elastance function, a = 0.9 and b = 0.25, as in [4]. We assumed that the volume of blood backflow to the left ventricle91

at the end of each cycle (Vb), equals 2 ml [4]. Based on the work of Parikh et. al. [18], we determined the relation92

between the left end-diastolic volume index (LEDVi) and the age, corrected for the body surface area (BSA), calculated93

using the Du Bois formula, as follows [19]:94

BSA = 0.007184 · Weight0.425 · Height0.725. (16)

After performing linear fitting to data from [18], we obtained the following relation:95

Ved = (−0.29 · Age + 81) ·BSA. (17)

The parameters that describe the flow from the left atrium to the left ventricle (Lla, Rla) and from the left ventricle96

to the ascending aorta (Llv, Rlv, Emin, Emax and Pla) were considered in the sensitivity analysis described later (see97

Table B for their assumed baseline values).98

2.4 Outflow boundary condition99

Each terminal artery was connected to a three-element Windkessel model, describing the behavior of small arteries,100

arterioles, and capillaries downstream of the given terminal artery, characterized by the total resistance, RT and101

compliance, CT . The nominal values of these parameters for each terminal artery are presented in Table A, based on102

data from the literature [1], [5]. Similarly to other studies [11], [14], [20] these parameters are scaled globally, using103

separate scaling factors for resistances and compliances (SR and SC , respectively). The reference terminal pressure,104

PT , was set at 15 mmHg as in our previous study [16].105

3 Sensitivity analysis106

The sensitivity analysis was performed to identify model parameters with the greatest impact on the shape of the pulse107

waveform. The following parameters were analyzed: k1, k3 – parameters describing the stiffness of the artery wall in108

the state equation, Emin, Emax, tm – parameters describing the shape of the left ventricular elastance function, Rlv, Llv –109

parameters describing blood flow from the left ventricle to the ascending aorta, Lla, Rla – parameters describing the110

blood flow from the left atrium to the left ventricle, V0 – volume of the left ventricle at zero transmural pressure, Vb –111

the amount of backflow to the left ventricle, SR, SC – scaling factors for teminal resistances and compliances, Pla – the112

pressure in the left atrium, and Ved – left ventricular end-diastolic volume.113

The analysis was performed for a 45-year old 175 cm tall man with a heart rate (HR) of 75 bpm. We performed the Sobol114

sensitivity analysis, as described in [21], [22]. All computations were done using the Python library SaLiB v. 1.4.8,115

[23], [24].116

For all analyzed parameters, the initial (nominal) values were taken from the literature and the lower/upper bounds were117

set at ±50% of the nominal value, except for parameter Ved, for which individual physiological limits were defined (see118

Table B).119

To generate input data, we used a Saltelli sampler [26], which generates N · (D + 1) sets of parameter values, where D120

is the number of parameters (in our case, D = 15), and N is an arbitrary number, preferably a power of 2. The more121

sets of parameters are generated, the more reliable, although time-consuming, the sensitivity analysis. As a compromise,122

we took N = 1024, which gave us 16384 samples. For each set of parameter values, we simulated the volumetric123

pulse waves (described in more detail in the next section) in the two arms (radial artery) and the left leg (anterior tibial124

artery). We decided to use only one leg in the analysis given that the modelled arteries in the two legs are symmetrical.125

In addition, for each simulation, we also computed stroke volume (SV). To obtain a stable output of the model, we126

performed 8 seconds of simulation. We present an exemplary output in Fig C.127
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Table B: Parameters studied in the sensitivity analysis with adopted limits (±50% of the nominal values).

Parameter Unit Boundaries Nominal value Source of the nominal value

k1
g

s2·cm

[

1.5 · 106, 4.5 · 106
]

3 · 106 [25]

k3
g

s2·cm

[

4.2 · 105, 12.6 · 105
]

8.4 · 105 computed from [6], for age = 45

Emax
mmHg

ml
[1.3, 3.8] 2.5 [4]

Emin
mmHg

ml
[0.025, 0.074] 0.049 [4]

tm s [0.23, 0.68] 0.45 computed from [4], for HR= 75
Ved ml [90, 150]

∗
127 [4]

Vb ml [1, 3] 2 [4]
V0 ml [5, 15] 10 [4]

Rlv
mmHg·s

ml [0.0167, 0.0501] 0.0334 [4]

Llv
mmHg·s2

ml

[

2.08 · 10−4, 6.24 · 10−4
]

0.000416 [4]

Rla
mmHg·s

ml

[

4.45 · 10−5, 1.34 · 10−4
]

0.000089 [4]

Lla
mmHg·s2

ml

[

2.5 · 10−5, 7.5 · 10−5
]

0.00005 [4]
Pla mmHg [2.5, 7.5] 5 [4]
SR - [0.5, 1.5] 1 assumed
SC - [0.5, 1.5] 1 assumed

* individual limits were adopted to obtain physiological values

From the 8 seconds of simulated arterial volume waves, we took the data from the last 1 second sampled at 100Hz,128

excluding simulations with corrupted results. Then, we conducted the Sobol sensitivity analysis for each considered129

time point, i.e., t1, t2, . . . , t100 separately for waveforms from each limb. The results of this analysis were the first-order130

sensitivity indices S1 (computed for each studied parameter), which quantify the direct contribution of the given131

parameter to the model output variability at the given time point of the cardiac cycle. We present the results of this132

analysis in Fig. D A, C, E. In Fig. D B, D, F, we present the ranked (from smallest to largest) maximal values of S1 for133

a given limb. A simillar sensitivity analysis was also performed for SP and DP (separately for each limb) and SV. The134

S1 coefficients for SP, DP, and SV are presented in Fig E. As a cutoff point, we took the value of S1 = 0.05, i.e., we135

considered the parameters with a maximum S1 coefficient below 0.05 as having little influence on the model output.136

According to the performed sensitivity analysis, the parameters Emin, Pla, SR, tm, Emax, and k3 have the highest impact137

on the studied model outputs (i.e. the arterial volume waveform, SP, DP, and SV) and hence these parameters were138

included in the identifiability analysis.139

4 Parameter identification140

To determine possible pairwise correlations between the selected model parameters to limit the number of parameters141

involved in the patient-specific model optimization, we used the method described by Olufsen et. al., [27]. Let142

Vright arm, Vleft arm, Vleg be arterial volume waveforms in the considered peripheral locations simulated as described in143

the previous section. To check the local sensitivity of the output y ∈ (Vright arm, Vleft arm, Vleg) to the model parameters144

θ = (θ1, . . . , θ6) = (Emin, Pla, SR, tm, Emax, k3), we first determined the relative sensitivity matrix, as follows:145

S̃ =
∂y

∂θ

θ

y
, y ̸= 0, (18)

where146

∂y

∂θ
=













∂y
∂θ1(t1)

. . . ∂y
∂θ6(t1)

∂y
∂θ1(t2)

. . . ∂y
∂θ6(t2)

...
...

...
∂y

∂θ1(t100)
. . . ∂y

∂θ6(t100)













. (19)

To compute the sensitivity matrix we used the central difference approximation, with the steps equal to 0.1% of the147

nominal value of the given parameter. Then we approximated the model Hessian:148

H = S̃T S̃. (20)

Finally, we calculated the correlation matrix c, where149

cij =
Ci,j

√

CiiCjj

, (21)
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Fig C. Data processing scheme for the Sobol global sensitivity analysis. First, we generated 16384 sets of values of
15 parameters (the ranges of parameter values are shown in Table B). Then, for each set of parameter values, using the
0-1D cardiovascular model, we performed 8 seconds simulations of the arterial volume in three analyzed arteries. We
used the last second for analysis, sampling the arterial volume waves from the left and right radial artery and anterior
tibial artery at 100Hz. We labeled the successive time stamps as t0, t1, . . . , t100.

and C = H−1 (but only if det(H) ̸= 0). A pair of parameters (i, j) is correlated if |ci,j | > γ for γ → 1. Here, we150

assumed that two parameters are correlated if |cij | > 0.9. The correlations between parameters can be significantly151

affected by the values of parameters, for which we compute the corresponding derivatives in the matrix S̃. To understand152

these correlations better, we computed the coefficients cij for 150 randomly selected points from the parameter space153

defined in Table B (assuming uniform distribution of each parameter). Then, for all pairs of parameters, we plotted the154

coefficients cij on histograms; see Fig. F. For the vast majority of the generated cases, there was a significant correlation155

(> 0.9) between the parameters Pla and Emin. It is noteworthy that in 39% of cases, the correlation was observed only156

between these two parameters (i.e. |cij | > 0.9 only for the pair Emin and Pla).157

We repeated this procedure in a similar manner for SP, DP (from two arms and one leg) and SV, obtaining a similar158

relationship between Emin and Pla. Based on that, we concluded that there is a relationship between Emin and Pla, and159

hence we decided to set Emin to a fixed value of 0.049mmHg

ml
[4], and use only Pla in the optimization process. Hence,160

we decided that the patient-specific optimization of the model will be performed using the following five parameters:161

Pla, SR, tm, Emax, k3. The values of all other parameters studied in the sensitivity analysis were set at their nominal162

values as shown in Table B.163
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the S1 index computed for the left arm, right arm and leg respectively; since the values of S1 may come from different
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5 Model optimization164

As a result of solving the system of equations described in Section 1, we obtain changes in pressure P , arterial internal165

cross-sectional area A, and blood flow Q for each point of the 1D arterial domain over time. The model was fitted to166

pulse waveform data obtained from oscillometric measurements using cuffs on wrists and ankles inflated to a certain167

level of pressure (see the main text for more details). Since the pulse waves obtained by this method describe changes168

in blood volume under the cuff, the recorded pulse waveform was fitted by model-simulated changes in the volume of169

the large artery under the given cuff (e.g. radial artery) V , i.e. the wave computed by integrating the changes in the170

internal cross-sectional area A over the artery length.171

To define the error function to be minimized during the model optimization, first, we normalized in amplitude the172

recorded and computed pulse waveforms. Then, we approximated the computed waveforms at time points corresponding173

to the time points of the the recorded waveforms (obtained at 1000 Hz) and compared their differences. Our primary174

goal was to match the waveform shapes, but to ensure physiological accuracy, we also incorporated into the error175

function deviations between the diastolic and systolic pressure measured by the AngE device on the left arm (DPmeas176

and SPmeas, respectively) and that computed by the model in the left radial artery (DPsim, SPsim). Additionally, we177

included a penalty for excessively low (< 40 ml) or high (> 110 ml) stroke volumes, SVsim. Hence, the objective178
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Fig F. Histograms of correlation coefficients (cij) for each pair of the studied parameters, generated for 150
randomly selected points from the parameter space. We set the number of bins in the histograms to 20.

function was as follows179

err =
∑

i∈(left/right arm, left/right leg)

n
∑

j=1

∥Vnorm, sim; i; j − Vnorm, meas; i; j∥
2

+ ∥DPsim −DPmeas∥
2/20 + ∥SPsim − SPmeas∥

2/20 + ((SVsim − 70) /40)
6
,

(22)

where norm, sim and meas denotes normalized, simulated and measured values respectively, ∥ · ∥ is a ℓ2-norm, and180

n = 1000 is the number of time points from simulated and measured arterial volume waveforms V . The penalty terms181

are scaled by fixed values (20 or 40; for all performed fittings) in order to obtain comparable orders of magnitude for182

first sum and the other terms. The last term is defined in such a way that for SV values between 40 ml and 110 ml it is183

close to 0, whereas for values smaller or larger the penalty increases exponentially. Indeed, the values of the individual184

terms may depend on how well the first term is fitted (i.e., the poorer the fit of the normalized waveforms, the more185

significant the first term). Nevertheless, our priority was to first capture the shape of the volume waves, and only then186

the pressure values.187

To minimize the objective function (22), we used the Levenberg-Marquardt algorithm, [28]. The initial point (i.e. the188

initial values of the five model parameters being optimized) was set as a combination of parameter values corresponding189

to the minimal value of the error function amongst the randomly chosen 50 combinations from the parameter space190

defined in Table B. We present the simplified scheme of the optimization procedure in Fig. 2 in the main text.191
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PERSONALIZED PULSE WAVE PROPAGATION MODELING TO

IMPROVE VASOPRESSOR DOSING MANAGEMENT IN PATIENTS

WITH SEVERE TRAUMATIC BRAIN INJURY
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In this Supplementary Figures, we show the fits of the model-simulated arterial volume waveforms (shown in black)
to the recorded (averaged) waveforms (shown in light blue). All waveforms were normalized in amplitude. For each
patient a few cases are shown corresponding to pulse wave recordings performed on different days. For each case, four
fits are shown corresponding to four measurement sites: left arm (LA), right arm (RA), left leg (LL), and right leg (RL).
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Fig A. Model-simulated vs. recorded arterial volume waveforms
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Fig B. Model-simulated vs. recorded arterial volume waveforms
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Fig C. Model-simulated vs. recorded arterial volume waveforms
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Fig D. Model-simulated vs. recorded arterial volume waveforms
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This supplement presents changes of measured (on the left wrist cuff; shown in blue) and model estimated (on the radial1

artery; shown in orange) values of systolic pressure (SP; left column) and diastolic pressure (DP; right column) during2

the treatment. Additionally, for comparison, the dosage of vasopressors is shown (in light red).3
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Fig A. Comparison of measured SP and DP (left wrist cuff, blue) and model-estimated values (radial artery, orange)
over time during treatment. Vasopressor dosage is indicated in light red for reference (patients 1 – 10).
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Fig B. Comparison of measured SP and DP (left wrist cuff, blue) and model-estimated values (radial artery, orange)
over time during treatment. Vasopressor dosage is indicated in light red for reference (patients 11 – 20).
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Here, we present a visualization of the vasopressor doses and their adjustments during the observation period, along
with the predictions of our statistical model (full model) with regard to the changes in vasopressor dose within the
next 24 hours from the time of pulse wave recording. The numbers next to the symbols of predictions indicate the
probability assigned to the given prediction.
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Fig A. Visualization of vasopressor dosage (shown in red) and model predictions for patients 1–3. The full model’s
predictions for changes in vasopressor dose within the next 24 hours are indicated, with probabilities displayed next to
each prediction symbol. Refer to the Legend for further details.
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Fig B. Visualization of vasopressor dosage (shown in red) and model predictions for patients 4–6. The full model’s
predictions for changes in vasopressor dose within the next 24 hours are indicated, with probabilities displayed next to
each prediction symbol. Refer to the Legend for further details.

3



Day 1 Day 2 Day 3 Day 4 Day 5
Patient 7

0.00

0.10

0.20

0.30

0.40

0.50

0.55 0.02
0.32 0.19 0.02

D
o

s
e
 (
μ

g
/

k
g

/
h

)

n
o

r
e
p

in
e
p

h
r
in

e

Day 1 Day 2 Day 3 Day 4 Day 5
Patient 8

0.00

0.02

0.04

0.06

0.08

0.10

0.12

0.14

0.16 0.92 0.11 0.09 0.13

D
o

s
e
 (
μ

g
/

k
g

/
h

)
n

o
r
e
p

in
e
p

h
r
in

e

Day 1 Day 2 Day 3 Day 4 Day 5 Day 6
Patient 9

0.00

0.02

0.04

0.06

0.08

0.10

0.12

0.81
N/A 0.19 0.47 0.1 0.1

D
o

s
e
 (
μ

g
/

k
g

/
h

)

0 0

n
o

r
e
p

in
e
p

h
r
in

e

Fig C. Visualization of vasopressor dosage (shown in red) and model predictions for patients 7–9. The full model’s
predictions for changes in vasopressor dose within the next 24 hours are indicated, with probabilities displayed next to
each prediction symbol. Refer to the Legend for further details.
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Fig D. Visualization of vasopressor dosage (shown in red) and model predictions for patients 10–12. The full model’s
predictions for changes in vasopressor dose within the next 24 hours are indicated, with probabilities displayed next to
each prediction symbol. Refer to the Legend for further details.
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Fig E. Visualization of vasopressor dosage (shown in red) and model predictions for patients 13–15. The full model’s
predictions for changes in vasopressor dose within the next 24 hours are indicated, with probabilities displayed next to
each prediction symbol. Refer to the Legend for further details.
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Fig F. Visualization of vasopressor dosage (shown in red) and model predictions for patients 16–18. The full model’s
predictions for changes in vasopressor dose within the next 24 hours are indicated, with probabilities displayed next to
each prediction symbol. Refer to the Legend for further details.
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Fig G. Visualization of vasopressor dosage (shown in red) and model predictions for patients 19 and 20. The full
model’s predictions for changes in vasopressor dose within the next 24 hours are indicated, with probabilities displayed
next to each prediction symbol. Refer to the Legend for further details.
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Chapter 4

Publication [A3]: Impact of
Multi-Limb Oscillometric Cuff
Measurements on
Hemodynamics: Insights from
Pulse Wave Propagation
Modeling

4.1 Summary of the study

In this study, I addressed an important and underexplored aspect of non-invasive
cuff-based assessment of cardiovascular system, i.e., the hemodynamic consequences
of simultaneous multi-limb arterial occlusion due to oscillometric cuff inflation. Al-
though oscillometric cuffs applied to multiple limbs are increasingly used for cardio-
vascular diagnostics to estimate various vascular parameters and detect their potential
differences between body sides, their effects on central and peripheral hemodynam-
ics remain insufficiently understood. This topic is especially important given our
previous study, in which we used such an oscillometric device (AngE, SOT Medical,
Austria) to measure pulse waves and hemodynamic parameters in patients with severe
traumatic brain injury (sTBI). My goal was to determine how inflating oscillometric
cuffs on the wrists and/or ankles affects mean arterial pressure (MAP) and blood
flow in key arterial locations, especially in conditions where cardiovascular regulatory
mechanisms may be impaired or absent. With this aim, I formulated the following
research hypothesis:

(H4) A pulse wave propagation model can be used to assess the hemodynamic effects
of peripheral arterial occlusions due to oscillometric cuff measurements.

To address this hypothesis, I formulated the following research question:

(H4Q1) How can a pulse wave propagation model be adapted to simulate peripheral
arterial occlusion due to oscillometric cuff measurements?

(H4Q2) What are the local and central hemodynamic consequences of a single-limb
oscillometric cuff measurement?

(H4Q3) What are the local and central hemodynamic consequences of multi-limb os-
cillometric cuff measurements?
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(H4Q4) Are the central hemodynamic consequences of multi-limb oscillometric cuff
measurements similar in different subjects?

To address H4Q1, my first step was to extend the existing 0-1D pulse wave prop-
agation model to account for the effects of cuff inflation on selected arterial segments.
In our 0-1D arterial tree model, vessel wall mechanics are represented by a standard
elastic model relating cross-sectional area to transmural pressure [118, 106]. However,
during cuff inflation above arterial pressure, transmural pressure becomes negative
and leads to vessel collapse, which the elastic model cannot capture. To address
this, I incorporated the framework of Drzewiecki et al. [145], which combines arterial
elastic distension with the vessel collapse at negative pressures. For computational
simplicity, the relation from Drzewiecki’s study was applied only to arterial segments
under the cuff and approximated locally by scaling the standard elastic model around
the expected mean transmural pressure (for full details, see the publication). This
allowed me to preserve the structure of the original model while accounting for the
vessel collapse effects. Since this study was focused on steady-state conditions after
cuff inflation, viscoelastic effects and dynamic inflation/deflation processes were not
modeled. Instead, each simulation was run until a steady state was achieved for a
given cuff pressure, representing the worst-case hemodynamic scenario, assuming no
cardiovascular regulation. The absence of modeling of pressure regulatory mecha-
nisms (e.g., baroreflex) was justified by the fact that impairment of these functions
is common in patients with sTBI [146, 147]. In such sensitive populations, a tran-
sient increase in cerebral blood pressure may increase intracranial pressure (especially
with the common impairment of cerebral autoregulation in such patients [148]) and
therefore increase the risk of secondary injury.

The proposed model extension allowed me to model a complete arterial occlusion
caused by suprasystolic cuff pressure (i.e., exceeding systolic arterial pressure). By
simulating different cuff pressures, I obtained detailed insights into the local and
systemic hemodynamic perturbations induced by single- or multi-limb cuff inflation
(H4Q2 and H4Q3).

The model reliably captures the local hemodynamic changes induced by cuff infla-
tion: the volumetric waveforms remain almost unaffected when cuff pressure is below
systolic levels, while the cross-sectional areas of arteries beneath the cuff decrease
progressively as cuff pressure increases (H4Q2, H4Q3). Simulation results showed
that a single-limb (left wrist) occlusion had minimal impact on central hemodynam-
ics, with changes in MAP and aortic blood flow remaining below 3%. In contrast, a
four-limb occlusion increased central MAP by approximately 10% and carotid artery
blood flow by about 11%, while modestly reducing the aortic flow (H4Q2, H4Q3).

Using a local sensitivity analysis, I identified the key cardiovascular parameters
influencing the hemodynamic response to multi-limb arterial occlusion. For the four-
cuff occlusion scenario, this analysis indicated that blood pressure and mean flow in
the left common carotid artery were most sensitive to variations in the heart period,
left ventricular elastance, end-diastolic volume, left atrial pressure, and terminal arte-
rial resistance scaling factor. The global sensitivity analysis confirmed these results,
identifying the same parameters as the primary contributors to the variability in the
studied model outputs (i.e., MAP and mean flow in the left common carotid artery).
Additional simulations accounting for inter-patient variability (performed on a large
set of virtual patients with randomly adjusted values of cardiovascular parameters)
confirmed that the four-limb peripheral arterial occlusion can increase MAP by ∼10%
and mean carotid blood flow by ∼12% on average; however, the magnitude of these
changes may depend on baseline cardiovascular properties (H4Q4).
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In summary, this in-silico study contributes to a better understanding of the
systemic and central hemodynamic effects that may be induced by simultaneous cuff-
based measurements on multiple limbs in patients with impaired blood pressure reg-
ulation. To my knowledge, this is the first study to use a pulse wave propagation
model to investigate the hemodynamic consequences of multi-limb oscillometric cuff
inflation. The findings highlight the importance of considering these effects in clinical
practice, especially in vulnerable populations, and provide a foundation for future
experimental validation.

4.2 My contributions

I am the first author of this publication, responsible for the conceptualization, method-
ology, software implementation, validation, formal analysis, data curation, investiga-
tion, and original draft writing. I extended the mathematical model by integrating
the effects of arterial occlusion due to cuff inflation. I implemented the simulation
framework to analyze local and systemic hemodynamic changes induced by single-
and multi-limb cuff inflation. Furthermore, I also conducted the sensitivity analyses
to identify key cardiovascular parameters influencing the hemodynamic response to
multi-limb arterial occlusion. Additionally, I prepared all figures and tables presented
in the article and supplementary materials.

4.3 Author contributions

The conceptualization and methodology of the study were developed in collaboration
with my Advisors, Prof. Jan Poleszczuk and Dr. Leszek Pstraś, and with Prof. Mał-
gorzata Dębowska. Prof. Poleszczuk and Dr. Pstraś also provided supervision, project
administration, and guidance throughout the research. All authors contributed to the
validation and critical review of the study. The manuscript was revised and edited
with the support of my Advisors and Prof. Dębowska.

4.4 Publication
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Impact of multi-limb
oscillometric cuŢ measurements
on hemodynamics: insights from
pulse wave propagation
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and Biomedical Engineering, Polish Academy of Sciences, Warsaw, Poland

Objective: Multi-limb oscillometric cuŢ measurements can be used for
estimating various vascular parameters and evaluating side diŢerences in arterial
pulse waveforms. In this study, we conduct an in silico investigation to evaluate
the potential impact of such measurements on hemodynamics.

Methods: We employed a 0–1D model of pulse wave propagation to examine
the relationship between diŢerent levels of oscillometric cuŢ pressure applied
simultaneously at multiple sites (right above the wrists and/or ankles) and the
resulting changes in blood pressure and Ťow at selected sites in the vascular
system, assuming the absence of cardiovascular regulatory mechanisms. The
simulations included various combinations of cuŢ placements, including four
cuŢs applied simultaneously on all limbs. In addition, we conducted both global
and local sensitivity analysis to evaluate the impact of selected cardiovascular
parameters on the simulation results.

Results: In the case of cuŢs placed on all four limbs and inŤated to suprasystolic
pressure - eŢectively occluding the vessels beneath the cuŢs - our simulations
indicated an increase inmean arterial pressure (MAP) of approximately 10% in the
ascending aorta, left common carotid artery, and abdominal aorta. Additionally,
themean carotid artery blood Ťow increased by approximately 11% compared to
baseline value. In contrast, for the case with a cuŢ placed only on one wrist, we
observed a signiţcantly smaller MAP increase of only 2.5%, with a 3% rise inmean
carotid artery Ťow. Our sensitivity analysis revealed that these changes can be
mitigated by relatively small adjustments in speciţc cardiovascular parameters,
suggesting that properly functioning physiological regulatory mechanisms
should easily compensate for the cuŢ induced hemodynamic alterations.
Furthermore, global sensitivity analysis demonstrated that relatively similar
increases in MAP and mean carotid blood Ťow are expected for diŢerent
combinations of cardiovascular parameters values, indicating the robustness of
our ţndings.

Signiţcance: This in silico study suggests that multi-limb cuŢ-based
measurements may induce measurable central hemodynamic alterations if
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not counteracted by cardiovascular regulatory mechanisms. This suggests that
suchmeasurementsmay not be innocuous to individuals with some deţciencies
in cardiovascular regulation. Further investigation is warranted to verify this in
vivo and, if necessary, establish appropriate safety protocols.

KEYWORDS

cardiovascular modeling, oscillometric measurement, hemodynamics, blood pressure,
pulse wave propagation

1 Introduction

Oscillometric blood pressure (BP) measurement is a widely
used non-invasive technique, leveraging cuČ-induced arterial
occlusion and cuČ pressure oscillations to estimate systolic and
diastolic arterial blood pressure (Muntner et al., 2019). će
most common version of this method involves relatively rapid
inĘation of a cuČ wrapped around a limb (usually around the
upper arm) to suprasystolic pressure, temporarily occluding blood
Ęow in the underlying blood vessels. During subsequent cuČ
deĘation, the gradual arterial reopening generates oscillations
in the cuČ pressure that correlate with pulsatile arterial blood
volume changes (Alpert et al., 2014) and form the basis for blood
pressure estimation. While the traditional oscillometric method
uses a single-cuČ measurement with relatively continuous inĘation
and deĘation of the cuČ, devices such as AngE (SoT Medical,
Austria) utilize simultaneous multi-limb cuČ measurements with a
more stepped deĘation process and longer periods of maintaining
the cuČ inĘated for advanced cardiovascular diagnostics, especially
for estimating various vascular parameters and evaluating side
diČerences in arterial pulse waveforms. However, concurrent
occlusion of peripheral arteries in multiple limbs for longer
periods of time raises questions about hemodynamic interference,
particularly in populations with deĕciencies in cardiovascular
regulation.

Previous studies suggested that arterial occlusion using a cuČ on
one or two upper limbs can transiently aČect central hemodynamics.
Liang et al., in an in silico study (Liang et al., 2013), demonstrated
that the pulse waveform proximal to a single cuČ placed around
the brachial artery can vary signiĕcantly with cuČ pressure. Trachet
et al. also demonstrated in silico local changes in the brachial
artery pulse waveform associated with single cuČ-induced occlusion
(Trachet et al., 2010). However, none of the aforementioned in
silico studies looked directly at central blood Ęow and pressure
changes following peripheral cuČ-induced occlusions. On the other
hand, Kashyap et al. found in vivo that bilateral brachial artery
occlusion, achieved by inĘating cuČs on both arms, can lead to
changes in carotid and vertebral artery blood Ęow in asymptomatic
patients with a complete circle of Willis (Kashyap et al., 2005).
ćis underscores the potential impact of peripheral vascular Ęow
alterations on cerebral hemodynamics, which is particularly relevant
in clinical contexts where maintaining stable cerebral perfusion is
crucial. For example, cerebral blood Ęow alterations are critically
important in patients with severe traumatic brain injury (sTBI), as
they can cause secondary brain damage and negatively inĘuence
long-term outcomes (Graves et al., 2015). A key concern in
sTBI is the frequent impairment of cerebrovascular autoregulation,
which has been reported in over 70% of patients (Sviri et al.,

2009), which renders cerebral blood Ęow pressure passive and
heightens vulnerability to systemic blood pressure Ęuctuations
(Toth et al., 2016; Rangel-Castilla et al., 2008). Moreover, evidence
suggests that, in addition to changes in baroreĘex sensitivity (BRS)
occurring directly aęer brain trauma (Uryga et al., 2023), both
mild and severe TBI can lead to persistent autonomic dysfunction,
manifesting as altered heart rate variability, reduced BRS, and
impaired cardiovascular responses to physiological stressors such as
posture changes or Valsalva maneuver (Hilz et al., 2011; Hilz et al.,
2017; Hilz et al., 2016). ćese impairments have been linked to
increased morbidity and mortality in acute brain injury patients
(Hilz et al., 2015; Papaioannou et al., 2008; Sykora et al., 2016).
Additionally, studies have shown that heart rate responses to both
lowering and elevating blood pressure are depressed by propofol
anesthesia (Sato et al., 2005), which is frequently administered in
intensive care units during the days following severe brain injury to
help manage intracranial pressure.

će purpose of our study was to analyze the potential
hemodynamic consequences of multi-limb oscillometric
measurements using a physiology-based modeling approach.
Primarily, we sought to estimate the eČect of multi-site cuČ
inĘation on hemodynamic parameters such as mean arterial
pressure (MAP) and blood Ęow at various locations in the
arterial tree (with a particular focus on the central arteries),
assuming the absence of cardiovascular regulatory mechanisms.
For this purpose, we applied a previously developed cardiovascular
model of pulse wave propagation (Poleszczuk et al., 2018a;
Poleszczuk et al., 2018b; Wołos et al., 2024), which we here adapted
to simulate the eČects of oscillometric cuČs placed right above the
wrists and/or ankles.

To our knowledge, no previous in silico study has examined
the eČects of multiple cuČ-induced occlusions on central
hemodynamics. We hypothesized that occlusion of arteries at
wrists and ankles, in the absence of regulatory mechanisms, may
signiĕcantly inĘuence blood Ęow and blood pressure at other sites.

2 Materials and methods

2.1 Cardiovascular model

In this study, we utilized a previously developed and validated
0-1D cardiovascular model; for more details, see (Poleszczuk et al.,
2018a; Poleszczuk et al., 2018b; Wołos et al., 2024) and
Supplementary Material S1. će modeled arterial network consists
of 71 axisymmetric elastic vessel segments with tapered walls. Blood
was modeled as an incompressible Newtonian Ęuid with a constant
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density and viscosity. At arterial bifurcations, pressure continuity
and Ęow conservation were imposed. Blood Ęow was governed by
equations derived from the Navier-Stokes equations, describing
changes in blood Ęow, arterial cross-sectional area, and transmural
pressure over time. For the inĘow boundary condition, we used a
time-varying elastance model of the leę heart ventricle, whereas the
outĘow from the terminal arteries of our arterial tree was modeled
using 3-element Windkessel models. In Supplementary Material S1,
we present the values of all model parameters used in our baseline
simulations.

2.2 CuŢ modeling

In our 1-D model of the arterial tree, we use an elastic
model of the arterial wall to describe the relationship between
arterial cross-sectional area and transmural pressure (see
Supplementary Material S1). However, when a cuČ is inĘated to a
pressure above the arterial blood pressure, the transmural pressure
in the arteries under the cuČ becomes negative, leading to the
so-called vessel collapse (cross-sectional area approaching zero),
which cannot be described by the elastic model. To address this,
we used indirectly the model proposed by Drzewiecki et al. (1994),
which combines the model of elastic distention of arterial wall with
the model of its collapse at negative transmural pressures, thus
describing the (static) arterial cross-sectional area (A) for a wide
range of transmural pressures (PT) as follows:

A = d ln (aPT + b)
1+ exp (−cPT) (1)

where a,b,c, and d are empirical constants.
For simplicity, we used the above relationship only for the

arterial segments under the considered cuČs. Moreover, to maintain
the computational tractability of our 1-D model of the arterial
network, we did not use the above (somewhat complex) relationship
explicitly in those arterial segments, but we kept there our
standard elastic model, which for each simulation (for a given cuČ
pressure) was scaled so that it would approximate locally the above
relationship around the new expected mean arterial transmural
pressure (assuming that the transmural pressure is reduced by an
amount equal to the cuČ pressure) - see Supplementary Material S1
for further details. ćis approach allowed us to keep the original
structure of our model, while eČectively describing the arteries
under the cuČs using the appropriate (approximated) parts of the
relationship proposed by Drzewiecki et al.

Note that the Equation 1 describes steady-state conditions
of an artery, thus disregarding its viscoelasticity. However, in
our study we did not attempt to model in detail the process
of cuČ inĘation/deĘation (for which viscoelasticity would be
particularly important). Instead, we were interested only in steady-
state conditions following inĘation of cuČ(s) to a given pressure
and maintaining this pressure for some time (as, for example, in
the aforementioned AngE device). For each considered cuČ pressure
(treated as a parameter in our model), we ran the simulation until
a steady state was reached and we reported the results for that
steady state to provide an estimate of what could happen in terms of
hemodynamics in the worst-case scenario (with no cardiovascular
regulation).

In our simulations, oscillometric cuČs were modeled at four
locations: the wrists and ankles. At the wrist, we considered a cuČ
placed above the distal parts of the radial, interosseous, and ulnar
arteries. At the ankles, the cuČpressurewas applied to the distal parts
of the anterior and posterior tibial arteries.We assumed that all cuČs
were 15 cm wide (the size of the medium cuČs of the AngE device).
Given the unequal lengths of terminal arteries in the considered
cuČ locations (e.g., the anterior and posterior tibial arteries), we
assumed that each cuČ was located so that it ended at the distal
end of the longest artery. For example, with a 15 cm wide cuČ and
a 2.5 cm diČerence in length between the anterior and posterior
tibial arteries, the posterior tibial artery (shorter) was covered at
its distal end by 12.5 cm of cuČ. To ensure that cuČ pressure was
exerted only on the arterial segments directly under the cuČ (i.e.,
not along the entire length of the underlying arteries), each artery
under the considered cuČ locations was divided into two segments:
one located under the cuČ and the other before the cuČ. In the
arterial segments under the cuČs, the arterial blood pressure was the
sum of transmural pressure and the cuČ pressure (we assumed that
the cuČ pressure is transmitted entirely to the underlying arterial
segments), whereas in the preceding arterial segments and in all
other arteries in our model, the arterial blood pressure was equal
to the transmural pressure (for simplicity, we assumed the same zero
external pressure for all arteries). All simulations assumed a uniform
pressure distribution across the entire cuČ width, with the same cuČ
pressure applied simultaneously to all arterial segments covered by
the cuČ(s).

2.3 WorkŤow

For baseline simulations, we assumed parameter values
representing a 25-year-old healthy male with a height of 175 cm
(see Supplementary Material S1). First, we simulated a single cuČ
scenario (with the cuČ above the leę wrist) and analyzed the local
hemodynamic eČects of cuČ inĘation by assessing the waveforms
representing pressure and cross-sectional area in three locations in
the radial artery beneath or before the cuČ (for diČerent cuČ pressure
levels). ćen, we simulated various multi-cuČ scenarios (again,
for diČerent cuČ pressure levels) and obtained model-predicted
waveforms of blood pressure and Ęow at three central locations
within the arterial tree (in the ascending aorta, leę common carotid
artery, and abdominal artery; see Figure 1). We then compared
the simulation results obtained for diČerent cuČ pressure levels to
assess the impact of varying arterial occlusion levels for diČerent
cuČ conĕgurations. In all simulations, the same cuČ pressure (Pcuff)
was applied simultaneously to all cuČs considered in the given
scenario. We considered cuČ pressures from 0 mmHg to 150 mmHg
(in 10 mmHg steps). We did not analyze cases with cuČ pressures
above 150 mmHg, given that the results of our simulations reached
a plateau for a cuČ pressure of 140 mmHg, and higher cuČ pressures
caused numerical instability of the calculations due to the cross-
sectional area of compressed arteries approaching zero. će cuČ
pressure of 150 mmHg was 25 mmHg higher than the systolic
pressure of our baseline virtual patient, thus leading to near complete
occlusion of the arteries.
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FIGURE 1
WorkŤow of the study. The model describes pulse wave propagation in the arterial tree with cuŢ-induced peripheral arterial occlusion (above wrists
and/or ankles), assuming no cardiovascular regulatory mechanisms. The baseline model uses parameter values describing the cardiovascular tree of a
25-year-old healthy man. Arterial pressure and blood Ťow waveforms are analyzed at the indicated locations.

3 Results

3.1 Local eŢects of cuŢ occlusion

Figure 2 illustrates how inĘation of the cuČ placed above the
wrist aČects pressure and cross-sectional area waveforms at three
locations in the radial artery relative to the cuČ: 1) proximal (2 cm
before the cuČ), 2) in the middle of the cuČ, and 3) distal (at
the end of the cuČ). Similar waveform alterations were observed
for other arteries beneath the cuČ (i.e., the interosseous and
ulnar arteries).

When Pcuff remained below diastolic pressure (DP; around
80 mmHg), the pressure waveforms exhibited relatively small
changes. Signiĕcant pulse pressure waveform alterations began to
appear around Pcuff = 90 mmHg, particularly for the distal segment
of the radial artery. će arterial cross-sectional area under the
cuČ decreased with rising cuČ pressure, while the amplitude of its
pulsations peaked for cuČ pressure near MAP level (95 mmHg),
which is an expected eČect that is used in the classic oscillometric
BP measurement (Drzewiecki et al., 1994). Noticeable changes
in the arterial cross-sectional area proximal to the cuČ began to
appear once Pcuff exceeded the MAP level, mirroring pressure
waveform alterations. Virtually complete vessel occlusion (>99%
reduction in mean blood Ęow) occurred for Pcuff of 130 mmHg,
i.e., when Pcuff exceeded the systolic pressure (SP; 125 mmHg), as
evidenced by the virtually zeroed cross-sectional area waveforms
beneath the cuČ.

3.2 Central eŢects of multi-limb cuŢ
occlusion

For simultaneous four-limb total arterial occlusion (Pcuff
= 150 mmHg), our simulations demonstrated a 9.9% increase
in MAP in the ascending aorta, leę common carotid artery
(CCA), and abdominal aorta relative to baseline values (Pcuff =
0 mmHg); see Figure 3. At the same time, mean carotid artery blood
Ęow increased by 11.2% compared to baseline, while the mean
blood Ęow in the abdominal aorta and ascending aorta decreased
by 3.5% and 11.6%, respectively, relative to baseline. Similar changes
were observed for all cuČ pressure levels above the baseline systolic
pressure (i.e., above 125 mmHg).

We also performed additional simulations to assess the
impact of total arterial occlusion with other cuČ placement
conĕgurations. In Figure 3 we show the results for unilateral (leę)
wrist occlusion, bilateral wrist occlusion, and hemilateral occlusion
(leę wrist and leę ankle). Due to the relatively symmetrical structure
of our arterial model (complete symmetry in the case of the arteries
in the legs and close to symmetry in the case of the arms), right-
sided occlusions yielded analogous results. Across all analyzed
cuČ conĕgurations, a consistent trend was observed: when cuČ
pressure remained below the baseline MAP, central hemodynamic
changes were negligible. Signiĕcant changes in blood pressure
and mean blood Ęow in the analyzed central arteries began to
appear when cuČ pressure approached and exceeded the baseline
MAP (95 mmHg).
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FIGURE 2
Simulated local hemodynamic eŢects of cuŢ-induced arterial occlusion above the left wrist (in the radial artery). (A) Blood pressure and cross-sectional
area of the radial artery during one cardiac cycle simulated for diŢerent levels of cuŢ pressure in three locations of the radial artery before and under
the cuŢ, i.e., 2 cm before the cuŢ (left panels), in the middle of the cuŢ (middle panels), and at the end of the cuŢ (right panels). (B) The amplitude of
cross-sectional area pulsations of the radial artery simulated for diŢerent cuŢ pressure levels in the same three locations of the radial artery.

Upper-limb total occlusion (bilateral wrist cuČs) induced a 6.4%
increase in the abdominal aorta blood Ęow toward the lower limbs
relative to the baseline value. Conversely, leę-sided hemilateral
total peripheral occlusion reduced abdominal aorta Ęow by 1.8%
compared to baseline. će mean blood Ęow in the leę CCA
increased by 6.2% and 5.2% for the total occlusion by upper-
limb cuČs and leę-limb cuČs, respectively. ćese changes were less

pronounced than those observed during four-limb total occlusion.
Accordingly smaller changes were observed for unilateral (leę) wrist
total occlusion, which resulted in approximately fourfold smaller
changes than during the four-limb total occlusion. Speciĕcally, in
the case of single wrist occlusion, MAP in the ascending aorta,
abdominal aorta, and leę CCA increased by only 2.5% relative to
baseline, while the mean blood Ęow in the leę CCA rose by only 3%.
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FIGURE 3
EŢects of single and multi-limb cuŢ occlusions on blood pressure and blood Ťow in three arteries: ascending aorta, abdominal aorta, and left common
carotid artery (CCA). The simulations present relative changes in mean arterial pressure (MAP), systolic pressure (SP), diastolic pressure (DP), and mean
blood Ťow (Q) in the three considered arteries for diŢerent cuŢ pressure levels (Pcuff ), compared to baseline values (i.e., for Pcuff = 0). Various
combinations of cuŢ occlusions were considered. LW and RW denote the left and right wrist, respectively, and LA, RA denote the left and right ankle,
respectively. Subscripts 0 indicate baseline values.

3.3 Sensitivity analysis

To assess how changes in the values of selected cardiovascular
parameters could counteract the central hemodynamic changes
caused by the cuČ-induced arterial occlusions, we conducted a
local sensitivity analysis. Namely, we studied the sensitivity of
selected model outputs to the combined eČect of inĘating the
cuČs to 150 mmHg and changing locally the values of selected
(single) model parameters. će analyzed model outputs included
blood pressure (SP, DP, and MAP) and mean blood Ęow (Q) in
the leę CCA. We have focused on the artery supplying blood to
the brain, as blood pressure and blood Ęow in this artery may
be crucial in patients with impaired cerebral autoregulation. Each
of the studied parameters (see Supplementary Material S1 for a
list of the parameters considered in the sensitivity analysis) was
varied within ±10% of its default value (with other parameters

unchanged), and the corresponding changes in the analyzed model
outputs were expressed in relation to their baseline values. Our
analysis revealed that the two considered model outputs are most
sensitive to variations in the following cardiovascular parameters:
heart period (T), minimal and maximal leę ventricular elastance
(Emin andEmax), end-diastolic leę ventricular volume (Vlv), leę atrial
pressure (pla), and the scaling factor for terminal arterial resistances
(SR); see Figure 4.

To investigate the impact of simultaneous variations in all
analyzed cardiovascular parameters on mean blood Ęow and MAP
in the leę CCA following the four-limb cuČ occlusion, we also
performed a global sensitivity analysis for all considered parameters.
To this end, we computed ĕrst-order Sobol’ indices (Sobol′, 2001;
Saltelli et al., 2010) based on 8,000 simulations of the four-limb
cuČ occlusion (again with Pcuff = 150 mmHg) with diČerent sets of
cardiovascular parameter values sampled randomly from a uniform
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FIGURE 4
Sensitivity of selected model outputs to the combined eŢect of inŤating the cuŢs to 150 mmHg (on all four limbs) and changing the values of selected
(single) model parameters. The y-axis shows the percentage of the given model output relative to baseline value (without the cuŢs and with the
baseline parameter values). The considered model outputs (for the left common carotid artery): Q – mean blood Ťow, MAP–mean arterial pressure,
SP–systolic pressure, DP–diastolic pressure; The tested model parameters: T–heart period, Emin,Emax – minimal and maximal left ventricular elastance,
Vlv – left ventricular end-diastolic volume, pla – left atrial pressure, SR – scaling factor for resistances of small arteries and arterioles (terminal segments
of the arterial tree). Subscript 0 indicates baseline values (i.e., simulations for Pcuff = 0 and baseline parameter values).

distribution within ±10% of their default values. ćis approach
allowed us to quantify the contribution of each parameter to the
total variance in the analyzed model outputs (i.e., either MAP or
mean blood Ęow in the leę CCA following the four-limb total cuČ
occlusion). ćis analysis showed that the parameters with the most
signiĕcant impact on the studied model outputs are almost identical
to those identiĕed in the local sensitivity analysis, see Figure 5.

It is also worth noting that the magnitude of potential changes
in MAP and mean carotid blood Ęow induced by peripheral
arterial occlusion by cuČs (assuming the absence of cardiovascular
regulation) can depend on the baseline values of cardiovascular
parameters, which are naturally subject to inter-patient variability.
For instance, older individuals typically exhibit increased arterial
stiČness (Vatner et al., 2021), compared to younger individuals.
To explore this inter-patient variability, we performed another
global sensitivity analysis with 8,000 pairs of simulations (i.e., a
baseline simulation without cuČs and a simulation with cuČs on all
four limbs inĘated to 150 mmHg) using diČerent combinations of
cardiovascular parameter values randomly sampled from a ±10%
range around their default values. će histograms illustrating the
distributions of relative changes inMAP andmean blood Ęow in the
leę CCA across these 8,000 simulations are presented in Figure 6.
On average, these simulations demonstrated an approximate 10%
increase in MAP and a 12% increase in mean blood Ęow in the leę
CCA relative to baseline values.

4 Discussion

In this study, we employed a pulse wave propagation model
to investigate the hemodynamic eČects of cuČ-induced peripheral
arterial occlusion at single or multiple limbs, assuming the absence
of cardiovascular regulatory mechanisms and considering steady-
state conditions aęer inĘating the cuČ(s) to a given pressure.
While previous mathematical modeling studies have investigated

single cuČ mechanics (Liang et al., 2013; Trachet et al., 2010;
Liang et al., 2012), to our knowledge, this is the ĕrst study to
analyze the cumulative impact of simultaneous multi-limb cuČ
occlusion, as used for advanced cardiovascular diagnostics. Our in
silico study demonstrates that multi-limb cuČ-based measurements,
if not counteracted by the properly functioning cardiovascular
regulatory mechanisms, can alter MAP and the central blood
Ęow distribution. As expected, the most pronounced changes were
observed when cuČs were placed on all four limbs and inĘated
to suprasystolic pressure. Speciĕcally, we observed an increase in
MAP of approximately 10% in our baseline virtual patient and up
to approximately 14% in the analyzed cohort of virtual patients
(see Figure 6). It should be emphasized that this represents a
theoretical “worst-case” scenario, as our model intentionally did
not account for cardiovascular regulation. It is to be expected that
properly functioning regulatorymechanisms should compensate the
eČects of cuČ occlusion, as has been shown in an in-vivo study in
healthy subjects (Kashyap et al., 2005).

će proposed model seems to reliably reĘect the local
physiological responses to cuČ inĘation. As illustrated in Figure 2,
the higher the cuČ pressure, the higher the reduction in the
cross-sectional area of the arteries under the cuČ (represented by
the radial artery for the wrist cuČ scenario). Concurrently, the
maximal amplitude of the pulsations of the arterial cross-sectional
area was observed for Pcuff ≈ MAP. ćis aligns with the known
relationship between arterial compliance and transmural pressure,
with the maximal compliance occurring at transmural pressure
close to zero (i.e., when Pcuff ≈ MAP), which corresponds to the
point of mechanical buckling of the arterial wall, where buckling is
deĕned as the transition of the vessel shape form circular to non-
circular (Drzewiecki et al., 1994), although in our model we always
assume a circular cross-section of the vessels.

Regardless of cuČ conĕguration, for Pcuff values below MAP,
relative changes in blood pressure in the central arteries (compared
to baseline) were generally negligible, as shown in Figure 3. Bilateral
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FIGURE 5
Sobol’ sensitivity analysis. First-order Sobol’ indices (S1) with 95% conţdence intervals (red bars) representing sensitivity of the two analyzed model
outputs (mean arterial pressure, MAP, and mean blood Ťow in the left common carotid artery, Q) to changes in the values of selected cardiovascular
parameters (during four-limb cuŢ occlusion). The considered parameters included: SC– scaling factor for compliances of small arteries and arterioles,
tm – time to the onset of the constant left ventricular elastance, V0 – volume of the left ventricle at zero transmural pressure, Rlv – resistance against
blood Ťow from the left ventricle to the ascending aorta, Vb – volume of the backŤow from the ascending aorta to the left ventricle, Rla,Lla – resistance
and inertia terms for the blood Ťow from the left atrium to the left ventricle, respectively, Llv– inertia term for the blood Ťow between the left ventricle
and ascending aorta, k1,k2,k3- parameters describing stiŢness of the small, medium and large arteries, respectively, Vlv – left ventricular end-diastolic
volume, T – heart period, SR – scaling factor for resistances of small arteries and arterioles (terminal segments of the arterial tree), Emax,Emin – maximal
and minimal left ventricular elastance, pla – left atrial pressure.

wrist occlusion produced a slightly distinct pattern for diČerent cuČ
inĘation levels, compared to other cuČ conĕgurations: ĕrst, a minor
increase in blood pressure, followed by a slight decrease before the
main rise for higher cuČ pressures. ćis could be related to wave
reĘection and superposition eČects, which aremodulated by varying
degrees of cuČ inĘation, although, also in this case, the changes
in central blood pressure were rather negligible. For cuČ pressures
above MAP, we observed that the higher the cuČ pressure, the lower
the mean blood Ęow in the ascending aorta (up to a plateau for Pcuff
= 140 mmHg). ćis was an entirely expected eČect as peripheral
arterial occlusions increase systemic vascular resistance, requiring
the heart to work against a higher aęerload (the phenomenon
accounted for in our model), leading to a reduced leę ventricular
stroke volume and hence reduced cardiac output (assuming the
absence of cardiac regulation).će increase in centralMAP is caused
mainly by the increase in the total systemic vascular resistance but
partly also by additional reĘection of pressure waves from the cuČ
occlusion sites (see Figure 2 for these additional reĘections visible
in arterial pressure waveforms before the cuČ when the cuČ is
inĘated to high pressures). In the case with cuČ(s) on one or both
ankles, the mean blood Ęow in the abdominal aorta is reduced,
despite the increase in central MAP, which can be explained by the
increased peripheral resistance in one or both legs, respectively. In
contrast, in the case with cuČ(s) on one or both wrists, the mean
blood Ęow in the abdominal aorta is increased, because in this

case the increase in central MAP is combined with no change in
peripheral resistance of the lower body. ćis increase in the mean
blood Ęow in the abdominal aorta may seem paradoxical, given the
reduced cardiac output. ćis can be explained by redistribution of
central blood Ęow–a higher arterial resistance in the upper limbs
translates to relatively higher proportion of cardiac output being
directed towards the lower body. For a similar reason, the mean
blood Ęow in the common carotid artery increases in all considered
cuČ conĕgurations.

As already mentioned, our simulations did not account
for cardiovascular regulatory mechanisms (e.g., baroreĘex
mechanisms or cerebral autoregulation). However, this approach
may be physiologically relevant for populations with impaired
regulatory mechanisms, such as patients with severe traumatic
brain injury (Toth et al., 2016). In such patients (assuming a
signiĕcant regulatory impairment), the potential increase in cerebral
blood Ęow induced by four-limb cuČ inĘation to suprasystolic
pressure could elevate intracranial pressure, potentially leading to
secondary brain injury.

An example of a device utilizing multi-limb oscillometric
measurements is AngE (SoT Medical, Austria), which typically
employs the following measurement protocol: initial inĘation of the
cuČs to suprasystolic pressure (180 mmHg by default), followed by
cuČ pressure reductions by 10 mmHg every 5 s, until 40 mmHg
is reached. ćis means that the cuČs may remain inĘated to
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FIGURE 6
Histograms of relative changes in mean arterial pressure (MAP) and
mean blood Ťow in the left common carotid artery (Q) following
peripheral arterial occlusion simulated for 8,000 combinations of
cardiovascular parameter values. Parameter values were sampled
within ±10% of their default values. Simulations were performed for
the case with four cuŢs placed above the wrists and ankles and
inŤated to 150 mmHg. Subscript 0 indicates baseline values (i.e.,
simulations without cuŢ occlusions).

a suprasystolic pressure for a much longer time compared to
the standard blood pressure measurement. Moreover, in clinical
practice, such a measurement protocol may be repeated for data
averaging, which could therefore lead to repeated increases in blood
pressure in patients with impaired cardiovascular regulation, with
a possible accumulation of their potentially negative eČects. On
the other hand, assuming fully functional regulatory mechanisms,
changes in the cardiovascular system initiated by the autonomic
nervous system (ANS) and the humoral system to counteract the
eČects of peripheral arterial occlusion induced by cuČ inĘation
may potentially lead to some distortion of the measurement results,
i.e., the measured or estimated parameters may not necessarily
correspond to resting conditions but may partly reĘect the
changes that occurred in the cardiovascular system in response
to cuČ inĘation. For instance, devices such as the AngE, provide
an average waveform of the recorded cuČ pressure Ęuctuations
(reĘecting Ęuctuations in blood volume under the cuČ). However,
the morphology of these waveforms could be aČected by the
activation of the ANS following cuČ inĘation. ANS controls the
heart rate, heart contractility, peripheral arterial resistance, and
venous compliance, all of which may aČect the observed waveform
morphology. Similarly, measurements of pulse wave velocity using
the time shię between waveforms recorded in wrist and ankle cuČs
may be somewhat distorted by changes in heart rate possibly induced
by cuČ inĘation, although there are conĘicting results regarding
whether the eČect of heart rate on arterial stiČness is a pressure-
independent phenomenon (Tan et al., 2018).

Our sensitivity analyses revealed that the cardiac function
parameters have the largest impact on the central hemodynamic
response to cuČ inĘation. Speciĕcally, the local sensitivity analysis
identiĕed heart period (T), maximal and minimal leę ventricular
elastance (Emin,Emax), and leę atrial pressure (pla) as the key factors
inĘuencing central blood pressure and blood Ęow following the
four-limb cuČ occlusion (as assessed in the leę CCA). će global

sensitivity analysis conĕrmed these ĕndings, highlighting pla and
Emin as the primary determinants of MAP and mean blood Ęow in
the leę CCA. ćis is because pla and Emin directly determine cardiac
output by governing the leę ventricular preload and compliance,
respectively. Since MAP is fundamentally driven by cardiac output,
these cardiac-related parameters have a dominant inĘuence on
central hemodynamics. While arterial stiČness parameters (such
as k3) also aČect central blood pressure, their impact on the
MAP is secondary. ćis suggests that during oscillometric cuČ
measurements blood pressure may be most eČectively controlled by
regulating the cardiac function.

5 Limitations and directions for future
research

ćis in silico study has several limitations. First, we assumed
the absence of any cardiovascular regulatory mechanisms (e.g.,
baroreĘex). On the one hand, this allowed us to investigate the
potential hemodynamic eČects of simultaneous multi-limb arterial
cuČ occlusion in hypothetical patients with complete cardiovascular
regulatory dysfunction. On the other hand, however, we could not
investigate the eČects of partial impairment (either underactivity or
overactivity) of all or selected regulatory mechanisms. Moreover, we
used a pulse wave propagationmodel that involves only the pulsatile
outĘow of blood from the leę heart ventricle and its subsequent
Ęow through the arterial tree, without taking into account
microcirculation, venous return, and cardiopulmonary circulation,
thus neglecting the closed-loop nature of the cardiovascular system
(in our model, the leę atrial pressure is assumed constant). ćis
means that the results of our simulations (in particular, the
observed increase in central blood pressure and carotid blood
Ęow following peripheral arterial occlusion) should be treated
only as potential short-term eČects since even in the assumed
absence of cardiovascular regulatory mechanisms, an increase in
arterial blood volume (associated with an increase in arterial blood
pressure), combined with a decrease in cardiac output (manifested
by decreased blood Ęow in the ascending aorta), should lead to
a decrease in venous blood volume and therefore a decrease in
central venous pressure, ultimately leading to a further decrease
in cardiac output, which would counteract the increase in arterial
blood pressure (in addition to the decrease in cardiac output due
to the increased aęerload, which we accounted for). On the other
hand, the decrease in the leę ventricular stroke volume caused by
increased aęerload should lead to a transient increase in the leę atrial
pressure (kept constant in our model), thus limiting to some extent
a further decrease in cardiac output, at least transiently. ćerefore,
even considering the scenario without cardiovascular regulatory
mechanisms, the prediction of the central hemodynamic eČects of
peripheral arterial occlusion is not straightforward without using a
full closed-loop model of the cardiovascular system. Furthermore,
we only analyzed steady-state conditions following cuČ inĘation to
diČerent cuČ pressure levels, thus ignoring arterial viscoelasticity
and hence disregarding the time it takes for the arteries under the
cuČs to collapse under high (suprasystolic) cuČ pressures. We did
not model the dynamic cuČ inĘation/deĘation processes or the
impact of the duration of maintaining the cuČs inĘated to a high
pressure. Similarly, we did not analyze the potential cumulative
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eČects of repeated cuČ-based measurements as is oęen the case
in clinical protocols. Finally, another limitation of our study is the
lack of validation of our cuČ occlusion model. ćerefore, in vivo
validation would be, essential to conĕrm the clinical relevance of
our ĕndings. In case these model-based observations are conĕrmed,
future studies should establish appropriate safety protocols for
multi-limb cuČ-based measurements in vulnerable populations
(e.g., in severe traumatic brain injury patients), especially with
regard to maximal time of maintaining suprasystolic cuČ pressure.
However, designing such a validation protocol requires careful
ethical consideration. One approach could involve performing the
multi-limb cuČ measurements in sTBI patients with continuous
monitoring of central hemodynamic parameters and intracranial
pressure (ICP), but instead of a rapid inĘation of the cuČs to
a pressure substantially above the systolic pressure, it would be
recommended to ĕrst inĘate the cuČs to a lower pressure (e.g.,
to a pressure equal to MAP) and then gradually increase the cuČ
pressure while closely monitoring ICP, so that the test could be
quickly aborted in the event of a dangerous rise in ICP.An alternative
protocol could involve assessing changes in central hemodynamic
parameters following multi-limb cuČ inĘation in healthy volunteers
under pharmacological autonomic blockade to temporarily and
reversibly impair cardiovascular regulation.

6 Conclusion

We used a pulse wave propagation model to assess the
short-term inĘuence of multi-limb cuČ occlusion on central
hemodynamics in the case of inactive cardiovascular regulatory
mechanisms. In such a scenario, according to our simulations,
four-limb arterial occlusion can potentially increase MAP by about
10% in the ascending aorta, leę common carotid artery, and
abdominal aorta, with concurrent central blood Ęow redistribution
(an 11.2% increase in the mean carotid blood Ęow despite an 11.6%
decrease in the ascending aorta blood Ęow). Our results suggest that
simultaneous multi-limb arterial occlusion can lead to noticeable
changes in central hemodynamics if not counteracted by properly
functioning cardiovascular regulatory mechanisms. ćis suggests
that caution should be exercised when performing this type of
measurement in patients with signiĕcant impairments in regulatory
mechanisms, although further research is required to conĕrm the
clinical relevance of our ĕndings.
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Supplementary Material 1 

1 Cardiovascular model 

Here, we provide a brief description of the mathematical model of the cardiovascular system used in 

our study. A more detailed explanation is available in our previous publications (1,2). 

1.1 Arterial tree  

The vascular tree considered in this study consists of 71 major human arteries (see Supp. Figure 1). 

The geometric properties of the considered arteries are listed in Table 1. Each arterial segment is 

defined by its length !, inlet internal radius "in, and outlet internal radius "#$%. Arterial segments are 

modeled as compliant, axisymmetric, tapering cylinders with impermeable walls. The vessel tapering 

is described by the following equation:  

 "&($) = "in '"#$%"'( (
)/+ , (1) 

where "&($) denotes the internal radius of a given artery at point $ at the nominal pressure *& (3).  
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Supp. Figure 1 Overview of the modelled arterial tree. For more information on individual arteries, 

see Table 1. 
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Table 1 Geometry of the modelled arteries and the corresponding peripheral resistances and 

compliances. Arterial length (as well as inlet and outlet internal radii (+in and +out) are provided in 

centimeters. Peripheral resistance (,,,  ./- g/cm-/s) and compliance (1,,  ./. cm-s//g) are 

provided only for terminal arteries. L and R stand for left and right, respectively. Data adapted from 

(4,5). 

ID Artery name Length  +01 +234 ,, 1, 

1 Ascending aorta 4 1.2 1.18 - - 

2 Aortic arch (I) 2 1.12 1.11 - - 

3 Brachiocephalic 3.4 0.62 0.61 - - 

4 Aortic arch (II) 3.9 1.07 1.06 - - 

5/6 Common carotid R/L 17.7/20.8 0.25 0.25 - - 

7/8 External carotid R/L 17.7 0.15 0.14 5.43 12.7 

9/10 Internal carotid (I) R/L 17.7 0.2 0.2 - - 

11/17 Subclavian (I) R/L 3.4 0.42 0.42 - - 

12/18 Subclavian (II) R/L 42.2 0.4 0.24 - - 

13/19 Radial R/L 23.5 0.17 0.14 5.28 3.52 

14/20 Ulnar (I) R/L 6.7 0.22 0.22 - - 

15/21 Interosseous R/L 7.9 0.1 0.1 8.40 0.22 

16/22 Ulnar (II) R/L 17.1 0.2 0.18 5.28 3.52 

23 Thoracic aorta (I) 5.2 1 1 - - 

24 Intercostals 8 0.2 0.15 1.39 13.38 

25 Thoracic aorta (II) 10.4 0.68 0.65 - - 

26 Celiac (I) 1 0.39 0.39 - - 

27 Hepatic 6.6 0.22 0.22 3.64 5.13 

28 Celiac (II) 1 0.2 0.2 - - 

29 Gastric 7.1 0.18 0.17 5.43 3.44 

30 Splenic 6.3 0.18 0.17 2.32 8.01 

31 Abdominal aorta (I) 5.3 0.61 0.6 - - 

32 Superior mesenteric 5.9 0.44 0.42 0.93 20.0 

33 Abdominal aorta (II) 1 0.6 0.59 - - 

34/36 Renal R/L 3 0.26 0.25 1.13 16.46 

35 Abdominal aorta (III) 1 0.59 0.58 - - 

37 Abdominal aorta (IV) 10.6 0.58 0.55 - - 

38 Inferior mesenteric 5 0.17 0.16 6.89 2.7 

39 Abdominal aorta (V) 1 0.54 0.52 - - 

40/41 Common iliac R/L 5.8 0.37 0.35 - - 

42/48 Internal iliac R/L 5 0.2 0.19 7.96 2.34 

43/49 External Iliac R/L 14.5 0.32 0.27 - - 

44/50 Deep femoral R/L 12.6 0.26 0.19 4.79 3.90 

45/51 Femoral R/L 44.5 0.26 0.19 - - 

46/52 Posterior tibial R/L 32.1 0.16 0.14 4.79 3.90 

47/53 Anterior tibial R/L 34.3 0.13 0.12 5.60 3.33 

54/55 Vertebral R/L 14.8 0.14 0.14 - - 

56 Basilar 3 0.16 0.11 - - 

57/58 Posterior cerebral (I) R/L 0.5 0.11 0.11 - - 
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59/60 Posterior cerebral (II) R/L 8.5 0.11 0.11 11.08 6.20 

61/62 Posterior communicating R/L 1.5 0.07 0.07 - - 

63/64 Internal carotid (II) R/L 0.5 0.2 0.19 - - 

65/66 Middle cerebral R/L 12 0.14 0.12 5.97 11.60 

67/68 Anterior cerebral (I) R/L 1.2 0.12 0.12 - - 

69/70 Anterior cerebral (II) R/L 10 0.12 0.10 8.48 8.20 

71 Anterior communicating 0.3 0.07 0.07 - - 

 

1.2 Blood flow  

The equations governing blood flow in the arteries are derived from the incompressible Navier-

Stokes equations, assuming constant blood density ρ and viscosity µ, and a Poiseuille velocity 

profile. These equations describe the flow rate 4($, 5), internal cross-sectional area  6($, 5), and 

transmural pressure *($, 5). A system of equations is formed with the following three equations. The 

continuity and momentum equations are derived using standard methods (3,6):  

 ∂4(5, $)∂$ + ∂6(5, $)∂5 = 0 (2) 

 

 4(5, $)∂5 + ∂∂$ :4(5, $)6(5, $); + 6(5, $)ρ ∂*(5, $)∂$ = −8πµρ 4(5, $)6(5, $) (3) 

 

The third equation describes the relationship between arterial cross-sectional area and transmural 

pressure *5, assuming the arterial walls are purely elastic (3):  

 *5(5, $) − *& = ?($) :1 − A6!())

6(9,))
;, (4) 

where 6&($) is the arterial internal cross-sectional area at point $ at nominal pressure *&, i.e., 6&($) = π"&;($), and the function ?($) describes the elasticity of the artery wall as follows:  

 ?($) = 43 DE< F$GDE;"&($)H + E=H, (5) 

where parameter E< describes the stiffness of smaller arteries, E; reflects the transition between the 

large, elastic arteries and smaller, less-elastic arteries, and E= may be interpreted as the stiffness of 

large arteries (the vast majority of arteries in our model) (7).  

1.3 Model of the cuff inflation 

To model the impact of cuff inflation on arteries beneath the cuff, we used a nonlinear relationship 

between arterial internal cross-section (Ad) and transmural pressure (*5) proposed by Drzewiecki et 

al. (8) (following its calibration, as described below): 
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 6> = I ln(L*5 + M)1 + exp(−Q*5), (6) 

where L, M, Q, and I are empirical constants. This relationship combines the model of elastic 

distention of arterial wall with the model of its collapse at negative transmural pressures (cross-

sectional area approaching zero), thus describing the (static) arterial cross-sectional area for a wide 

range of transmural pressures. 

For simplicity, we used the above relationship only for the arterial segments under the considered 

cuffs. Moreover, to maintain the computational tractability of our 1-D model of the arterial network, 

we did not use the above relationship explicitly in those arterial segments, but we kept there our 

standard elastic model (equation (4)), which for each simulation (for a given cuff pressure) was 

scaled so that it would approximate locally the above relationship around the new expected mean 

arterial transmural pressure (assuming that the transmural pressure is reduced by an amount equal to 

the cuff pressure). 

Our methodology involved the following calibration process (see. Supp. Figure 2). First, we 

calibrated the parameters L, M, Q, and I of the Drzewiecki model to closely match our standard 

elastance model of the arterial wall (as given by Olufsen (3)) within the physiological pressure range, 

i.e. the range 80-120 mmHg. This ensured alignment with our baseline model under normal 

conditions. Next, to simulate cuff inflation, we used the Drzewiecki model to predict the reduced 

arterial cross-sectional area at external pressure corresponding to cuff pressure. Then, for each 

considered cuff pressure level, we scaled the Olufsen-based elastance model, i.e., we found the 

values of parameters *?@A and R modifying equation (4), as follows: 

 *5(5, $) = *& + *?@A + R ⋅ ?($)T1 − U6&($)6(5, $)V, (7) 
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to approximate locally the Drzewiecki model within ± 20 mmHg around the estimated mean 

transmural pressure (for the given cuff pressure level). This scaling method allowed us to capture the 

nonlinear behavior of selected arterial segments during cuff occlusion while preserving the 

computational efficiency and structure of our existing 0-1D model.  

 

1.4 Arterial bifurcations 

At all modeled arterial bifurcations, we assume pressure continuity and mass conservation (i.e., no 

blood leakage). Let G represent the parent vessel and I<, I; the daughter vessels. The assumed 

conditions can be expressed as follows: 

 *out,E = *in,>" = *'(,>#   and   4out,E = 4in,>"
+ 4'(,>#

, (8) 

where in and out denote inlet and outlet of a given artery, respectively.  

Supp. Figure 2 Calibration of the arterial pressure-area (P-A) relationship to simulate cuff inflation 

(example provided for the cuff pressure \FGHH = 100 mmHg). The calibration process for a given 

artery consists of three steps: (a) calibrating the parameters of the Drzewiecki model (equation 6) to 

fit as closely as possible the default P-A relationship (equation 4, red line) in the physiological 

pressure range (i.e. the range 80-120 mmHg); (b) using the fitted Drzewiecki model (blue line) to 

predict the arterial cross-sectional area at the given cuff pressure (assuming that the transmural 

pressure is reduced by an amount corresponding to the cuff pressure), and (c) scaling the default P-A 

relationship (equation 4) to approximate locally the Drzewiecki model (green line). By \, we 

denoted transmural pressure.  
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1.5 Inflow boundary condition 

Since venous return to the heart is not modeled, the inflow boundary conditions represent the outflow 

from the left heart ventricle. This is modeled based on the works of Suga et al. (9,10), and Danielsen 

and Ottesen (11). The pressure in the left ventricle, *IJ, is described using a time-varying elastance 

function ]IJ(5):  
 *IJ = ]IJ(5)( ÎJ(5) − &̂), (9) 

where ÎJ(5) is the ventricular volume at time t and &̂ is the volume of the left ventricle at zero 

transmural pressure. According to (11), the function ]IJ(5) may be expressed as follows:  

 ]IJ(5) = ]minD1 − _(5)H + ]max_(5), (10) 

where the parameters ]min and ]max are minimal and maximal values of the elastance function ]IJ(5). 
Function _ is defined by the following equation:  

 _(5) = 	aa sin 'c55N( + b sin '2c55N ( 	for		0 ≤ 5 < 5N0		for		5N ≤ 5 < i  

 

(11) 

where i is the heart period, 5N denotes the time to the onset of constant (minimal) elastance, and 

parameters α and β are responsible for the shape of the _(5). Additionally, α and β must be chosen 

so that max
9∈[&,5]

_ (5) = 1. 

The work of the left ventricle can be divided into four stages. We will begin with isovolumic 

relaxation. During this phase, the pressure in the left ventricle decreases. When *IJ is smaller than the 

pressure in the left atrium, *IR, then the mitral valve opens. 

In the next phase (ventricular filling) blood flows from the left atrium to the left ventricle. This flow, 4IR, is described by the following equation:  

 I4IRI5 = 1!IR (*IR − *IJ) − nIR!IR 4IR . (12) 

Parameter !IR is an inertia term, and nIR describes the resistance against the flow from the left atrium 

to the left ventricle, caused mainly by the viscous properties of the blood. Simultaneously, due to the 

inflow of blood into the left ventricle, ÎJ increases, as given by the following equation:  

 I ÎJI5 = 4IR . (13) 

When ÎJ is greater than the end-diastolic volume @̂>, the mitral valve closes, and isovolumic 

contraction begins. 

During this phase, there is no flow between the left atrium and ventricle (4IR = 0), and *IJ increases. 

When *IJ is greater than the pressure in the ascending aorta, *R, the aortic valve opens, and the last 

phase of the cycle (ventricular ejection) begins.  
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The flow between the left ventricle and aorta is expressed by an equation similar to equation (11), 

namely: 

 I4IJI5 = 1!IJ (*IR − *R) − nIJ!IJ 4IJ . (14) 

The pressure *R is taken directly from the 1D model of the arterial tree. The volume ÎJ decreases 

according to the following equation:  

 I ÎJI5 = −4IJ . (15) 

At the end of this phase, some amount of blood, Ŝ, returns from the ascending aorta to the left 

ventricle, which is associated with the negative value of 4IJ (backflow). Ŝ is given by the following 

equation:  

 
Ŝ = p |4IJ|9

9∗
, 	 for	 5 > 5∗, (16) 

where 5∗ denotes the moment, when 4IJ becomes negative. At the time 5, when Ŝ > Ŝ we end the 

last phase by setting 4IJ = 0, and then the cycle repeats. 

1.6 Outflow boundary conditions 

To model blood flow in the small arteries and arterioles downstream from the terminal arteries in our 

vascular model, we use the three-element Windkessel model (12,13):  

 n<n;s5 I4end(5)I5 = n;s5 I*end(5)I5 + (*end(5) − *%WXY) − (n< + n;)4W(Z(5) (17) 

where n<, n; are proximal and distal resistances, respectively, s5 is the compliance of the given 

terminal vascular branch, and *%WXY is the reference terminal pressure. We assume that n</n5 = 0.2, 

where n5 = n< + n; is the total terminal resistance (5,14). The assumed values of n5 and s5 are 

shown in Table 1. We personalize the model by applying the scaling factors: t[  for compliances and t\ for resistances, see (15) for more details.  

2 Default Parameter Values 

For our baseline model, we employed parameter values representative of a 25-year-old male with a 

height of 175 cm. The values of these parameters are provided in Table 2.  

Table 2 Default parameter values considered in the cardiovascular model. 

Parameter Unit Nominal 

value 

Reference Studied in the 

sensitivity 

analysis 

Sampling range for 

sensitivity analyses 

(±	./%)	µ gcm=
 1.04 (13) No - 
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ρ cm;s  
0.04 (13) No - 

*& mmHg 97 (14) No - 

E< gs; ⋅ cm 3 ⋅ 10] (16) Yes [2.7 ⋅ 10], 3.3 ⋅ 10]] 
E; 1cm 

−13.5 (7) Yes [-12.15, -14.85] 

E= gs; ⋅ cm 5.36 ⋅ 10^ Computed 

for 

age=25 

from (7) 

Yes [4.82, 5.90]	⋅ 10^ 

L − 0.9 (11) No - 

M − 0.25 (11) No - 

]max mmHgml  
2.5 (11) Yes [2.25, 2.75] 

]Y'( mmHgml  
0.049 (11) Yes [0.0441, 0.0539] 

5N � 0.45 (11) Yes [0.405, 0.495] 

i 1� 
0.8 assumed Yes [0.72, 0.88] 

êd ml 127 (11) Yes [114, 140] 

Ŝ ml 2 (11) Yes [1.8, 2.2] 

&̂ ml 10 (11) Yes [9, 11] 

Ŝ ml 2 (11) No - 

nIJ mmHg ⋅ sml  
0.0334 (11) Yes [0.03, 0.037] 

!IJ mmHg ⋅ s;ml  
0.000416 (11) Yes [0.0003744, 

0.0004576] nIR mmHg ⋅ sml  
0.000089 (11) Yes [8.0 ⋅ 10_^, 9.8 ⋅ 10_^] !IR mmHg ⋅ s;ml  
0.00005 (11) Yes [4.5 ⋅ 10_^, 5.5 ⋅ 10_^] *IR mmHg 5 (11) Yes [4.5, 5.5] 
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t\ − 1 assumed Yes [0.9, 1.1] 

t[  − 1 assumed Yes [0.9, 1.1] 

*%WXY mmHg 15 (2) No - 
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Chapter 5

General Discussion and
Conclusions

5.1 Summary of Key Findings

This dissertation focuses on developing personalized pulse wave propagation models,
utilizing non-invasive measurements of arterial pulse waveforms to estimate cardio-
vascular parameters that may help elucidate the cardiovascular state of patients. To
achieve this, I introduced four research hypotheses (H1-H4) and corresponding re-
search questions (H1Q1, H1Q2, H2Q1, H2Q2, H3Q1, H3Q2, H4Q1, H4Q2, H4Q3,
H4Q4), as outlined in Chapter 1.6. All these hypotheses and research questions were
addressed in the publications included in this dissertation.

To investigate my first research hypothesis (H1), I conducted a study to assess the
feasibility of estimating stroke volume (SV) and selected cardiovascular parameters
using a mathematical model of pulse wave propagation [A1]. The study included
both healthy controls and patients with chronic kidney disease (CKD), with SV mea-
sured via bioimpedance cardiography (PhysioFlow, Manatec Biomedical, France). To
describe the left ventricular function, the previously developed model was extended
by incorporating a time-varying elastance model of the left ventricle. Personalization
of the model was achieved using radial artery pulse waveforms acquired by appla-
nation tonometry (SphygmoCor, AtCor Medical, Australia), enabling the estimation
of clinically important but difficult-to-measure cardiovascular parameters, such as
end-systolic elastance of the left ventricle. The model was able to reproduce the
recorded peripheral pressure waveforms with high accuracy and the results demon-
strated a moderate correlation between model-derived and bioimpedance-based SV in
both study groups. Furthermore, the model-estimated end-systolic elastance showed
a strong correlation with peripheral systolic pressure. These findings suggest that
peripheral pulse wave recordings may provide clinically relevant information about
SV and ventricular function, thereby supporting my first research hypothesis (H1).
This study represents a novel application of pulse wave propagation modeling, utiliz-
ing peripheral pulse waveforms to estimate SV and ventricular function in both CKD
patients and healthy individuals.

In the second publication [A2], I applied the extended pulse wave propagation
model (featuring a more detailed arterial tree, including cerebral arteries) to estimate
selected cardiovascular parameters in patients with severe traumatic brain injury
(sTBI). This patient group presents particular challenges for both, researchers and
clinicians due to frequent impairments in cerebral blood flow and the use of vasoactive
drugs, which directly affect cardiovascular and thus model parameters. Clinical data
were collected from 25 patients, including the history of vasopressor dosage and the
peripheral pulse waveforms recorded using a four-limb oscillometric device (AngE,
SoT Medical, Austria) on wrists and ankles. Prior to personalization of the model,



148 Chapter 5. General Discussion and Conclusions

a comprehensive sensitivity and identifiability analysis was conducted to identify the
parameters most relevant for data fitting. Based on these findings, a model optimiza-
tion procedure was developed and applied to personalize the model for individual
patient’s multi-limb waveform recordings. The quality of the fits was satisfactory,
which supported my second research hypothesis (H2). To test my third research
hypothesis (H3), a statistical model was constructed using both the estimated car-
diovascular parameters and routinely available clinical parameters to predict whether
the next vasopressor dose would be increased, remain unchanged, or decreased. For
comparison, a simplified predictive model was developed that relied solely on the cur-
rent vasopressor dose and routinely available clinical parameters (e.g., body weight,
height, and systolic/diastolic pressure). Incorporating model-estimated cardiovascu-
lar parameters improved the predictive accuracy compared to the simplified approach.

Simultaneous multi-limb oscillometric cuff inflation raises concerns about its po-
tential impact on central hemodynamics, especially in patients with impaired car-
diovascular regulation, which is a common complication in sTBI. To address this, I
formulated the fourth hypothesis (H4) and developed a model to investigate the effects
of simultaneous multi-limb arterial occlusion due to inflation of the cuffs [A3]. Specif-
ically, I investigated how different combinations of cuff occlusions influence central
hemodynamics. The model reliably reproduced local physiological responses to cuff
inflation. Notably, during total arterial occlusion on all four limbs (in the absence of
cardiovascular regulatory mechanisms), significant increases in mean arterial pressure
and blood flow in the left common carotid artery were observed. These findings indi-
cate that caution is warranted when performing such measurements in patients with
compromised regulatory functions. However, further research is required to confirm
these results and their clinical relevance.

5.2 Limitations and Future Perspectives

Mathematical modeling of the cardiovascular system is inherently complex. The
models developed and presented in this dissertation sought to balance physiological
fidelity with computational efficiency, enabling relatively accurate reproduction of
recorded pulse waveforms while necessarily omitting certain physiological details. As
a result, all presented studies are subject to both model-related and data-related
limitations that should be considered when interpreting the results.

A general limitation arises from the simplified structure of the proposed model
of the cardiovascular system. For instance, the model assumes a constant left atrial
pressure, which overlooks the pulmonary circulation and interactions between the
heart and the venous system. This simplification limits the ability to reflect cardiac
regulatory mechanisms, such as the Frank-Starling mechanism, which is crucial for
regulating stroke volume in response to changes in venous return [61]. Addition-
ally, the presented studies did not incorporate autoregulatory mechanisms (such as
cerebral autoregulation), which are essential for maintaining cerebral perfusion in
patients with sTBI [148]. Although there are models in the literature that account
for these phenomena, the parameters describing them are often difficult to estimate
from non-invasive measurements. Future research should consider integrating a more
detailed representation of the heart and accounting for the closed-loop nature of the
cardiovascular system to better capture these interactions and enhance the model’s
predictive capabilities of cardiovascular or hemodynamic parameters, while main-
taining computational efficiency and ensuring parameter identifiability from available
data.
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Another limitation concerns the availability and quality of input data. In the first
study ([A1] presented in the Chapter 2), pulse waveforms were recorded using appla-
nation tonometry, while stroke volume was estimated via bioimpedance cardiography.
Due to poor quality of the recorded pulse waves or poor signal quality estimated by
the device during stroke volume measurement procedure, nearly half of the data from
CKD patients had to be excluded from analysis. Furthermore, the bioimpedance
method itself has certain limitations compared to gold-standard techniques such as
thermodilution or cardiac magnetic resonance imaging, which were not feasible in this
patient group (during HD). In the second study ([A2], Chapter 3), pulse waveforms
were obtained using a four-limb oscillometric device. However, as investigated in the
third study ([A3], Chapter 4), inflation of multiple cuffs can potentially affect both
central and local hemodynamics (and therefore the peripheral waveforms), particu-
larly in patients with impaired cardiovascular regulation. Additionally, the recordings
were performed only once per day at arbitrary time points. Future protocols should
consider more frequent measurements to better capture the dynamic nature of cardio-
vascular responses to vasopressor administration in sTBI patients. In studies [A1] and
[A2], presented in Chapter 2 and Chapter 3, the number of patients and pulse wave
recordings was limited, so the presented findings should be regarded as preliminary
and require validation in larger cohorts. Finally, the third study ([A3], Chapter 4)
was purely theoretical, and the model predictions regarding the hemodynamic effects
of multi-limb cuff inflation require in vivo validation. Future research should aim to
confirm these findings in clinical settings, particularly in vulnerable to cardiovascular
disease populations.

Despite these limitations, the studies presented in this thesis highlight promising
directions for future research. Incorporating additional physiological details (such as
the venous system, pulmonary circulation, and regulatory mechanisms) should en-
hance the model’s ability to capture complex cardiovascular dynamics. This may
enable the investigation of parameters like intracranial pressure or cerebral perfusion
pressure, which are particularly relevant in patients with sTBI. Methodologically, in-
tegrating advanced machine learning techniques with traditional modeling approaches
could improve parameter estimation and predictive accuracy of cardiovascular param-
eters. Such approaches are beginning to be explored in cardiovascular modeling and
hold promise for further enhancing model performance [149, 150, 151]. Clinically, val-
idating pulse wave propagation models in larger, more diverse patient cohorts using
gold-standard measurements is essential to establish their utility in routine practice.
This would help confirm my preliminary findings and verify whether the models pre-
sented in this dissertation could effectively support clinical decision-making across
various patient populations.

5.3 Concluding Remarks

In summary, this dissertation presents three studies that collectively provide encour-
aging evidence that personalized pulse wave propagation modeling, informed by data
from non-invasive measurements, can offer a novel method for SV and other car-
diac parameter estimation in CKD patients, support vasopressor dosing decisions in
sTBI patients, and elucidate the hemodynamic effects of multi-limb oscillometric cuff
inflation. While each of the presented studies has its limitations, together they high-
light the potential of mathematical models and may pave the way for future research
to refine and validate these models for broader clinical application. Importantly,
the presented work fits within the field of biomedical engineering, as it combines
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mathematical modeling, computational simulation, and physiological measurements
to develop tools that may enhance diagnosis, monitoring, and therapy optimization.
Addressing the identified limitations and exploring the suggested future directions
will be crucial for advancing the field and realizing the full potential of personalized
cardiovascular modeling in clinical practice.
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