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Summary

Aortic stenosis (AS) is a pathological narrowing of the aortic valve, leading to an

increased load on the heart. Surgical aortic valve replacement (SAVR) therapy is

the current gold standard for treatment. Transcatheter aortic valve implantation

(TAVI) has shown to be a minimally invasive alternative for SAVR, especially for

those patients who are ineligible for surgical intervention. However, TAVI success

rates are still sub-optimal: 20% of patients report similar or decreased health con-

ditions post-intervention.

A possible reason for poor outcome post-intervention in TAVI could be misdiagno-

sis of AS. Current guidelines on the treatment of AS are focused mainly on Doppler

ultrasound measurements, from which the pressure drop and aortic valve area

are derived.1 Misdiagnosis can occur because current treatment guidelines are

simply insufficient to accurately determine the effect of the stenotic valve on the pa-

tient’s health. While the current treatment criteria are sufficient for most patients,

patients classified using these criteria as severe AS can be asymptomatic. The re-

verse is also true, as so-called ”low-flow low-gradient” AS can still benefit from valve

replacement therapy. Furthermore, these criteria can suffer from discordant grad-

ing. From an engineering perspective, it makes more sense to assess AS severity by

quantifying its impact on a patient’s haemodynamics. This can be done by creat-

ing a mathematical model capable of representing the patient in his diseased state

and performing an in silico valve replacement procedure. In this thesis we pro-

pose a model framework to predict haemodynamic changes after TAVI. The model

consists of a left ventricle, aortic valve and systemic afterload, and utilises only

clinically available measurements to represent patient haemodynamics. By using

a data assimilation approach, the framework is also able to incorporate measure-

ment and optimization uncertainty, which is then propagated to generate predic-

tions with a quantified level of uncertainty.

Another aspect of potential misdiagnosis is the difference between the rest and ex-

ercise state of a patient. A recent study showed that the clinical criteria obtained at

rest extrapolate poorly to an exercise state, even thoughmost symptoms occur only

during exercise. This is most likely due to the variability of aortic valve area (AVA)

under different haemodynamic loads. A major determinant of pressure drop and

AVA variability is the presence and distribution of calcification inside the leaflets

1It should be noted that most literature refers to pressure gradients rather than pressure drops.
This is a misnomer used by the medical community. Pressure drop is a more accurate term, as a
pressure gradient describes the pressure difference per unit of distance.

v



and aortic annulus, however, their exact contribution is not fully known. In this

thesis, we explore the concept of physical valve models to include calcifications,

which are used to investigate the behaviour of these valves under different flow

conditions. Using these physical valve models, we were able to show that not only

the degree of calcification but also the spatial distribution of calcifications signifi-

cantly contribute to the variability of the aortic valve area and pressure drop under

different flow conditions.

We will show the application of the proposed modelling framework and the AVA

variability of the physical valve models to patient data. Using this framework, the

proposed model is able to replicate measured patient haemodynamics and supple-

ment these with in silico data to calculate the power generated by the left ventricle

(PLV) and the power that is subsequently delivered to the circulation (Pcirc). By

calculating the ratio Pcirc/PLV we can determine left-ventricular efficiency and the

power loss due to the stenotic valve. Furthermore, by determining this ratio for

both rest and exercise states, we might be able to distinguish between patients

who require intervention and who do not.

Finally, poor outcome post-intervention in TAVI could also be due to procedural

complications, most notably paravalvular regurgitation. This occurs when the

stent of the prosthesis does not create a complete seal with the aortic annulus, e.g.,

due to calcifications, an incorrect prosthesis size or lack of operator training. The

physical replicas of stenotic aortic valves as presented in Chapter 2 allow for easier

evaluation of the stenotic valve and better procedural planning, possibly reducing

the prevalence of procedural complications. Furthermore, physical valve models

can be used as a training device for new operators. We demonstrate the possibili-

ties of using a mock circulatory loop to simulate a TAVI procedure. Valve geometry

was obtained during the creation of the physical valve models and mock circula-

tion behaviour was tuned to the patient using the modelling framework presented

earlier. Using this set-up, the full TAVI procedure was simulated: from device po-

sitioning, rapid pacing, valve deployment and device retraction, to post-op evalua-

tion. Model-based treatment planning adds the benefits of more detailed, patient-

specific preoperative data, and may thus further improve intervention outcome in

TAVI procedures.

vi
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1.1. Aortic Stenosis | 3

1
1.1 Aortic stenosis

The aortic valve is the valve between the left ventricle (LV) and the aorta (Fig. 1.1

A), and ensures that blood ejected from the LV does not regurgitate, maintaining

directionality of blood flow. Aortic stenosis (AS) is defined as a pathological nar-

rowing of the aortic valve, and is the most common of all valvular heart diseases

in developed countries (Carabello and Paulus, 2009). According to the Cardiovas-

cular Health Study, it is primarily a disease of the elderly, with a prevalence of

approximately 2% in the population over 65 years of age (Fried et al., 1991). There

are three main forms of aortic stenosis: rheumatic, bicuspid and calcific stenosis

(Figure 1.1 B). In rheumatic AS, leaflets are thickened due to inflammation, lead-

ing to scar formation thickening the leaflets. Rheumatic AS is considered rare in

developed countries (Carabello and Paulus, 2009), but is still prevalent worldwide

(Baumgartner et al., 2017b). Bicuspid AS is a congenital defect, where two leaflets

are fused into a single leaflet, leading to a reduced opening area. Finally in calcific

AS, calcium deposits form due to mechanical stress the valve endures over many

years (Carabello Blase A., 2013) or endothelial injury (Kleinauskienė and Jonkai-

tienė, 2018).

Inmost patients, AS originates from aortic sclerosis (O’Brien Kevin D., 2006), which

is present in over 25% of people over 65 years of age (Stewart et al., 1997). In aor-

tic sclerosis, a lesion develops inside the leaflets, which leads to an inflammation

response (Olsson et al., 1994a; Otto C M et al., 1994; Olsson et al., 1994b).

Figure 1.1: A - schematic overview of the heart. Adapted from Eric Pierce, Wikimedia Com-

mons. B - Morphologies of aortic stenosis. From left to right: A healthy aortic valve, opening and

closing fully. In rheumatic AS leaflets are thickened due to an inflammation reaction. In calcific

AS leaflets are thickened and local calcium deposits significantly affect leaflet motion. Bicuspid

AS is a congenital defect, effectively fusing two leaflets. In all cases, the maximal opening area is

reduced, increasing cardiac load. In some cases leaflets do not fully close, leading to regurgitation.

Adapted from Baumgartner et al. (2017b).
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Figure 1.2: Pressure tracings of a healthy and stenotic valve. In a healthy valve (left), ventric-

ular pressure (red) does not vastly exceed aortic pressure (blue) during ejection. Maximal and

mean pressure are therefore relatively low. In a stenotic valve (right), left ventricular pressure

vastly exceeds aortic pressure to ensure sufficient ejection. This increased left ventricular pres-

sure induces hypertrophic remodelling of the LV until decompensation occurs, ultimately leading

to death.

Figure 1.3: Expected survival rate of calcific AS. Aortic stenosis devolves from aortic sclerosis,

which is most oftenwithout symptoms. AS the disease progresses, survival rates remain relatively

stable until the onset of severe symptoms, after which survival rates decline rapidly. Adapted from

Carabello and Paulus (2009).

Inflammation leads to degradation of the extra-cellular matrix (Edep et al., 2000;

Soini et al., 2001; Kaden et al., 2003), lipid deposition (O’Brien Kevin D. et al., 1996;

Walton et al., 1970; Olsson Margareta et al., 1999) and finally, calcification (O’Brien

Kevin D., 2006; Mohler Emile R. et al., 2001). Calcium deposits inside the valves

are present in the form of hydroxyapatite (Anderson, 1983; Mohler Emile R. et al.,

2001), which is more commonly found in bone. Calcifications are considered de-

generative, and the extent of lesion calcification correlates with disease progres-

sion (Bahler et al., 1999).
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1
As the degree of calcification increases over time, aortic valve area during ejection

decreases, increasing the resistance of aortic valve. An increased aortic valve re-

sistance increases the left ventricular pressure needed to ensure sufficient ejection

(Figure 1.2). This in turn increases the cardiac work needed to maintain homeosta-

sis, which is achieved by hypertrophic remodelling of the LV (Dweck et al., 2012;

Carabello Blase A., 2013). This process endures until decompensation occurs (Chin

et al., 2014; Musa et al., 2018). This can also be seen in the survival rate of patients

with aortic stenosis. Aortic sclerosis presents few symptoms and little immediate

danger to the patient, also known as the ’latent period’. However, after severe

symptoms occur such as angina (chest pain), syncope (fainting) and heart failure,

life expectancy is drastically reduced (Figure 1.3). This indicates that, once severe

symptoms occur, intervention is required. The intervention of choice for these pa-

tient is valve replacement therapy, which will be described in more detail in the

following section.

1.2 Trans-catheter Aortic Valve Implantation

The current gold standard for AS treatment is valve replacement therapy, often in

the form of surgical aortic valve replacement (SAVR) (Baumgartner et al., 2017a).

Surgical intervention entails opening the chest cavity, rerouting the circulatory sys-

tem through a cardiopulmonary bypass (heart-lung) machine, removal of the calci-

fied leaflets and placement of a prosthesis. This prosthesis can be either mechani-

cal or biological, depending on the age of the patient, disease nature and comorbidi-

ties (Applegate et al., 2017). Due to the invasive nature of SAVR, a significant portion

of patients is ineligible for this procedure, for instance due to frailty. Introduced in

2002 (Cribier et al., 2002), TAVI is a minimally invasive alternative valve replace-

ment therapy. The TAVI valve is connected to a metal stent, which is crimped onto

the end of a catheter (Figure 1.4A). This catheter is then inserted via a small inci-

sion in the groin, through the major arteries inside the stenotic valve. The valve

is then expanded (either via a balloon, or self-expanding), pushing the calcified

leaflets aside. A correctly placed valve forms a complete seal, and the placed valve

functions as a healthy valve, significantly lowering aortic valve resistance.

In recent years, TAVI has been expanding to lower-risk, younger and less symp-

tomatic patients (Cahill et al., 2018). Invariably, this has broadened the diversity of

patients eligible for valve replacement therapy, meaning patients often suffer from

comorbidities and/or generally declining health due to age. Even though TAVI is

minimally invasive, patients still undergo general anaesthesia and require rehabil-

itation (Butter et al., 2018).
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Figure 1.4: TAVI is a minimally invasive alternative to surgical intervention in aortic stenosis.

Retrieved from Edwards.com. A - An Edwards SAPIEN 3TM balloon expandable valve. The valve

is connected to a nitinol stent, which is expanded inside the aortic valve to create a complete

seal, replacing the native, calcified valves. Image courtesy of Edwards Lifesciences Corporation.

B - A schematic overview of a TAVI procedure. Top, left: The valve is crimped onto the end

of a catheter, which is inserted via a small incision in the groin. Top, right: the crimped valve

is placed inside the stenotic valve. Bottom, left: the balloon is inflated, expanding the stented

valve and pushing away the calcified leaflets. If placed correctly, the stent forms a complete seal.

Bottom, right: Once the stented valve is placed and clinicians are content with the placement,

the delivery device is retracted and a new valve is successfully placed. Stills from the procedural

animation, courtesy of Edwards Lifesciences Corporation.

Furthermore, patients are at risk of procedural complications such as infective en-

docarditis (Mylotte et al., 2015; Sinning and Grube, 2015), paravalvular regurgi-

tation (Stähli et al., 2013), conduction problems (Karyofillis et al., 2018; Mangieri

et al., 2018), clotting (Sondergaard et al., 2017; Yanagisawa Ryo et al., 2019) and

more (Aranzulla et al., 2016). This means that, while TAVI is a successful treatment

for AS, overtreatment should be avoided. Furthermore, up to 20% of patients re-

port similar, if not decreased physical health at a one year follow-up study (Ussia

et al., 2019). However, if AS is left untreated, it will lead to heart failure and high

rates of mortality (Perera et al., 2011; Strange et al., 2019). It is therefore imperative

that AS is diagnosed correctly and found to be the main determinant of a patient’s

symptoms.
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1
1.3 Clinical guidelines: current and future directions

Figure 1.5: ContinousWave Doppler Ultrasound images of flow across the aortic valve. From

these measurements, AS is graded.

Current clinical guidelines are based predominantly on Doppler ultrasound assess-

ments of flow across the aortic valve (Figure 1.5). This can either be in the form of

direct measures such as peak jet velocity, or derived measures, such as mean pres-

sure drop or aortic valve area (AVA) (Nishimura et al., 2014). According to these

measures, patients are subdivided into mild, moderate or severe AS (Table 1.1).

However, there are some downsides to these guidelines. The first is discordance

in grading, where a patient with a measured AVA ≤ 1.0 cm2, indicating severe AS,

may also have a peak jet velocity below 4 m/s, indicating moderate AS. Discordant

grading occurs in 30%of patients (Minners et al., 2008; Berthelot-Richer et al., 2016).

The second is thatmost of thesemeasures are dependent on a relatively healthy left

ventricle, able to generate the pressure drop necessary to be graded accordingly.

Table 1.1: Grading Aortic stenosis severity according to clinical guidelines.

Mild AS Moderate AS Severe AS

Vmax [m/s] 2.0-2.9 3.0-3.9 ≥ 4.0
Mean pressure drop [mmHg] 30-40 40-49 ≥ 50
AVA [cm2] ≥ 1.5 1.5-1.0 ≤ 1.0
AVAi [cm2/m2 BSA] ≥ 1.0 0.6-0.9 < 0.6
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Figure 1.6: Pressure drop (inaccurately referred to as pressure gradient) vs. flow across the

aortic valve, as measured by Johnson et al. (2018). During their experiments, pressure drop and

flow were measured at rest, and two traditional valve models were used to extrapolate rest data

to exercise induced by dobutamine infusion: a linear resistor and a quadratic orifice model. Their

results show that these traditional models perform poorly - instead finding a wide, patient specific

variety of valve pressure-flow relationships.

A good example is the low flow, low gradient patient, who may have a haemody-

namically significant stenosis but is unable to generate the pressures to be graded

as such. Finally, a major downside is the paradox that AS grading is based on mea-

surements at rest, while most symptoms occur during exercise.

Current guidelines have slightly expanded this to include ejection fraction (EF) and

stroke volume index (SVi) (Baumgartner et al., 2017a). Patients with a preserved EF,

i.e. ≥ 50% are recommended to undergo low volume dobutamine echocardiogra-

phy to induce flow normalization, then AVA is re-evaluated. Patients with an AVA >

1.0 cm2 during dobutamine are assigned ’pseudosevere’, and are treatedmore con-

servatively. In addition, the presence of flow reserve (increase of stroke volume >

20%) has prognostic implications, since it is associatedwith better outcome (Monin

et al., 2003; Levy et al., 2008). Patients with an EF < 50% are typically elderly, often

with a small ventricle with marked LV hypertrophy (Hachicha et al., 2007; Clavel

et al., 2012). Diagnosing AS in these patients is often challenging due to discordant

grading (Rosa et al., 2018), and could potentially benefit highly from alternative AS

grading.
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An important publication with respect to the lacking clinical guidelines is the work

of Johnson et al. (2018), who showed that valve behaviour measured during rest

extrapolates poorly to valve behaviour during exercise (Fig 1.6). They did so by first

optimising traditional pressure-flowmodels (linear and orifice) to patientmeasure-

ments at rest and generating a pressure-flow curve. Then, exercise was simulated

through dobutamine infusions and mean pressure drop and flow were recorded.

Comparison of the expected pressure-flow curve to patient data showed that tra-

ditional models were poor predictors for pressure-flow behaviour stenotic aortic

valves under exercise conditions. They therefore introduce the so-called Stressed

Aortic Valve Index (SAVI), is inspired by the Fractional Flow Reserve (FFR) intro-

duced in 1996 (Pijls et al., 1996). SAVI is defined as the ratio of maximal aortic pres-

sure to ventricular pressure atmaximal flow rate, induced by dobutamine infusion.

In addition to severe AS cases, this SAVI framework has also shown that moderate

AS patients display non-trivial pressure-flow behaviour (Zelis et al., 2020). This

leads us to believe that AS grading should be re-evaluated.

1.4 Current objectives and outline of this thesis

As stated previously, AS severity is graded mostly on the local effects of the valve

alone, during rest. From an engineering perspective, it makes more sense to assess

stenosis severity by the impact of the stenotic valve on a patient’s haemodynamics

as a whole. For instance, a patient suffering from low-flow, low-gradient AS may

not reach pressures required to be graded as severe, but could still benefit from

valve replacement (O’Sullivan and Wenaweser, 2014). The aim of this thesis is to

find additional and/or alternative metrics which better distinguish those patients

who will benefit from treatment from those who do not, thereby reducing over-

and undertreatment of aortic stenosis.

In Chapter 2, we will introduce the mathematical framework required to cal-

culate any new haemodynamic indices, including predicted uncertainty. In this

chapter, we will introduce the formulation of the 0D model, which is necessary

for describing the measurable haemodynamics of an AS patient, calculating new

haemodynamic metrics and predicting post-intervention haemodynamics. Then,

the 0D model is optimised with data clinically available using a data assimilation

approach: the Unscented Kalman Filter. This approach incorporatesmeasurement

and model uncertainty, and results in uncertain parameter optimisation. After op-

timisation to the patient in the diseased state, a TAVI procedure is simulated and

changes in haemodynamics are predicted. In this chapter, we show it is possible

to solve the inverse problem and find the ’true’ parameter values, using only data

available clinically. However, these test-cases only consider a patient during his

rest state and assumes an orifice model for pressure and flow across the aortic

valve, which was challenged recently (Johnson et al., 2018; Zelis et al., 2020).
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In Chapter 3, physical valve models are used to further explore the behaviour of

a stenotic aortic valve under differing levels of exercise. Geometries of the stenotic

valves were segmented from CT data, and transformed into moulds which were

then filled with silicone rubber. Two variants were made for each valve: one

including and one omitting calcifications, made from plaster. The valve models

were then submitted to patient-specific flow curves, and pressure drops were mea-

sured, which were used to further explore the relationship between calcium ge-

ometries, AVA and pressure-flow curves of a patient’s stenotic valve. Valve models

and patient data showed similar pressure-flow behaviour, although significant dif-

ferences between valves including and omitting calcifications can be found. Fur-

thermore, this chapter suggests an explanation for the non-trivial pressure-flow

relationships found in the patient data.

In Chapter 4, the mathematical framework of Chapter 1 is extended to integrate

the AVA variability found in Chapter 2, and is applied to patient data of Johnson

et al. (2018). Using the valve description, the 0Dmodel was able to describe patient

haemodynamics during rest and exercise states, as well as supplement measured

haemodynamics with new information, the power generated by the left ventricle

and the power received by the circulation, as well as the ratio of the two, which we

define as the power transfer ratio ηAV. This chapter shows that the power transfer

ratio is highly heterogeneous between patients, but often dependent on the haemo-

dynamic load applied.

The possibilities of physical aortic valve models combined with a mock circulation

as a TAVI-training tool are explored in Chapter 5. The physical valve model de-

scribed in Chapter 3 is placed inside the mock circulation. The mock circulation,

which is driven by a pulsatile pump following the same ventricular mechanics of

the model in Chapter 4 is set to replicate the haemodynamics of the stenotic pa-

tients. Then, a full TAVI procedure is replicated: device positioning, rapid pacing,

valve deployment and device retraction. Finally, post-intervention haemodynam-

ics are evaluated, and shown to be similar to haemodynamics measured in the

patient.
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1
1.1 Aortic stenosis

The aortic valve is the valve between the left ventricle (LV) and the aorta (Fig. 1.1
A), and ensures that blood ejected from the LV does not regurgitate, maintaining
directionality of blood flow. Aortic stenosis (AS) is defined as a pathological nar-

rowing of the aortic valve, and is the most common of all valvular heart diseases
in developed countries (Carabello and Paulus, 2009). According to the Cardiovas-

cular Health Study, it is primarily a disease of the elderly, with a prevalence of

approximately 2% in the population over 65 years of age (Fried et al., 1991). There
are three main forms of aortic stenosis: rheumatic, bicuspid and calcific stenosis

(Figure 1.1 B). In rheumatic AS, leaflets are thickened due to inflammation, lead-

ing to scar formation thickening the leaflets. Rheumatic AS is considered rare in

developed countries (Carabello and Paulus, 2009), but is still prevalent worldwide

(Baumgartner et al., 2017b). Bicuspid AS is a congenital defect, where two leaflets

are fused into a single leaflet, leading to a reduced opening area. Finally in calcific

AS, calcium deposits form due to mechanical stress the valve endures over many

years (Carabello Blase A., 2013) or endothelial injury (Kleinauskienė and Jonkai-

tienė, 2018).

Inmost patients, AS originates from aortic sclerosis (O’Brien Kevin D., 2006), which
is present in over 25% of people over 65 years of age (Stewart et al., 1997). In aor-

tic sclerosis, a lesion develops inside the leaflets, which leads to an inflammation

response (Olsson et al., 1994a; Otto C M et al., 1994; Olsson et al., 1994b).

Figure 1.1: A - schematic overview of the heart. Adapted from Eric Pierce, Wikimedia Com-
mons. B - Morphologies of aortic stenosis. From left to right: A healthy aortic valve, opening and
closing fully. In rheumatic AS leaflets are thickened due to an inflammation reaction. In calcific

AS leaflets are thickened and local calcium deposits significantly affect leaflet motion. Bicuspid

AS is a congenital defect, effectively fusing two leaflets. In all cases, the maximal opening area is

reduced, increasing cardiac load. In some cases leaflets do not fully close, leading to regurgitation.

Adapted from Baumgartner et al. (2017b).
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Abstract 

Patient outcome in Trans-Aortic Valve Implantation (TAVI) therapy partly relies 
on a patient’s haemodynamic properties that cannot be determined from current 
diagnostic methods alone. In this study, we predict changes in haemodynamic 
parameters (as a part of patient outcome) after valve replacement treatment in 
aortic stenosis patients.

A framework to incorporate uncertainty in patient-specific model predictions for 
decision support is presented. A 0D lumped parameter model including the left 
ventricle, a stenotic valve and systemic circulatory system has been developed, 
based on models published earlier. The Unscented Kalman Filter (UKF) is used to 
optimize model input parameters to fit measured data pre-intervention. After 
optimization, the valve treatment is simulated by significantly reducing valve 
resistance. Uncertain model parameters are then propagated using a polynomial 
chaos expansion approach. To test the proposed framework, three in silico test cases 
are developed with clinically feasible measurements. Quality and availability of 
simulated measured patient data are decreased in each case. The UKF approach is 
compared to a Monte Carlo Markov Chain (MCMC) approach, a well-known approach 
in modelling predictions with uncertainty.

Both methods show increased confidence intervals as measurement quality 
decreases. By considering three in silico test-cases we were able to show that the
proposed framework is able to incorporate optimization uncertainty in model 
predictions and is faster and the MCMC approach, although it is more sensitive to 
noise in flow measurements. 

To conclude, this work shows that the proposed framework is ready to be applied to 
real patient data.
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2.1 Introduction

In aortic stenosis (AS), calcifications and thickening of the leaflets of the aortic valve

restrict leaflet motion, placing an additional haemodynamic load on the heart and

reducing cardiac output. AS is mainly a disease of the elderly, with a prevalence

of approximately 2.5% in the population ≥ 65 years of age (Nkomo et al., 2006).

The most effective form of treatment for AS is valve replacement, where the sur-

gical option is currently the gold standard (Baumgartner et al., 2017a). However,

the transcatheter aortic valve implantation (TAVI) procedure provides a minimally

invasive alternative that is gaining traction (Durko et al., 2018). During the TAVI

procedure a stented valve is placed over a balloon on the end of a catheter and

inserted via the groin. Once inside the stenotic valve, the balloon is inflated and

the valve is placed. TAVI is considered when invasive surgery is not an option, e.g.,

due to patient frailty.

Current treatment criteria are mainly based on the evaluation of the peak jet veloc-

ity and mean pressure drop across the valve, determined via Doppler ultrasound

and a simplified Bernoulli equation (Baumgartner et al., 2017a). While sufficient in

many cases, these criteria have some drawbacks. First, these criteria assess steno-

sis severity but suffer from discordant grading in 30% of patients (Berthelot-Richer

et al., 2016). Second, AS graded as severe via these criteria could also be asymp-

tomatic (Manning, 2013; Lancellotti et al., 2018). Third, the rise of TAVI procedures

haswidened the range of patients eligible for valve replacement procedures, mean-

ing that co-morbidities will play a larger role in treatment planning. Finally, physi-

cal health after a clinically successful procedure is reported to remain unchanged

or have decreased for approximately 20% of patients at 12-month follow-up (Ussia

et al., 2019). This leads us to assume that alternative diagnostic measures for TAVI

treatment should be investigated.

Mathematical physics-based methods have been applied to gain insight into the

pathophysiology of the cardiovascular system since as early as the 1890s (Otto,

1899), and are maturing to the point where model-based clinical decision support

may be feasible (Min et al., 2015). From an engineering perspective, identifying

the effect of a restrictive valve replacement on certain haemodynamic parameters

which characterize a patient (e.g. cardiac work, stroke volume) seems the most in-

tuitive predictor of a successful outcome and could possibly discriminate between

a successful and unsuccessful treatment prior to intervention. This could be done

by creating a patient-specific circulation model which includes the heart with a

stenotic valve and the systemic circulatory system. The total circulation model is

formulated by selecting a model that is able to describe the underlying change

in haemodynamics observed in literature, namely increased stroke volume, in-

creased cardiac output (Sorajja et al., 2018), decreased left ventricular pressure

and increased aortic pressure (Perlman et al., 2013).
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Figure 2.1: Model complexity vs. model response accuracy. Simple models suffer from a high

model framework error, whereas complex models suffer from a high epistemic uncertainty due to

the large number of input parameters required, so there exists a trade-off (adapted from Hanna

(1988)).

Model input parameters are then adapted such that the model reflects the patient

in the pre-intervention state. Then, a virtual “surgery”, i.e. reducing the valvular

resistance to a healthy level, is performed and the model is used to calculate the

post-intervention relevant haemodynamic parameters. The difference can then

be quantified, and used to inform the clinician on the impact of the intended treat-

ment. For example, if the difference in these relevant haemodynamic parameters

is deemed insufficient, a clinician could choose to refrain from intervening inva-

sively and instead focus onmedical treatment. However, model-based, patient spe-

cific predictions still face a major challenge: how to handle inaccuracy in model

predictions.

The response accuracy of a model prediction depends on model error and model

uncertainty, represented graphically in Figure 2.1. Briefly, model error pertains

to the known discrepancy between a model and the physical reality, for instance

due to choosing a reduced form of governing equations or simplifying boundary

conditions. Model error can be reduced by increasing the complexity of the model,

at the cost of increasing the number of model input parameters. Model uncer-

tainty describes the fact that any physical problem is not completely predictable

due to uncertainties within the system we are trying to model. We distinguish be-

tween two types of model uncertainty, namely aleatory and epistemic uncertainty

(Oberkampf et al., 2002). Aleatory uncertainty is the natural randomness in the

system we are trying to model. Epistemic uncertainty describes the uncertainty

due to information which is theoretically knowable, but unavailable.
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Oberkampf et al. (2002) provide the following examples:

” ... little or no experimental data for a fixed (but unknown) physical parameter, a range

of possible values of a physical quantity provided by expert opinion, limited understand-

ing of complex physical processes, and the existence of fault sequences or environmental

conditions not identified for inclusion in the analysis of a system.”

Aleatory and epistemic uncertainties are handled by quantifying input parameters

not as scalar values, but as probability density functions or frequency distribu-

tions, and propagating them through the model to produce an uncertain outcome,

via Monte Carlo (Homma and Saltelli, 1996), or more sophisticated methods such

as stochastic collocation (Xiu, 2007; Sankaran and Marsden, 2011) or polynomial

chaos expansion (Sudret, 2008; Blatman, 2009; Blatman and Sudret, 2010a).

Generally, a more complex model reduces the model error but the output uncer-

tainty increases due to the increased number of model input parameters needed.

In clinical practice, it is difficult (if not impossible) to assess all model input parame-

ters for a patient, as the number and types ofmeasurements are limited. Therefore,

it iswise to prioritise those parameterswhich have the highest impact on themodel

output of interest. This is usually done using variance-based sensitivity analysis, us-

ing Saltelli’s Monte Carlo method (Homma and Saltelli, 1996) or polynomial chaos

expansions (Sudret, 2008; Blatman, 2009; Blatman and Sudret, 2010a). The total set

of model input parameters θtot can then be divided into two subsets: the set of pa-

rameters to be optimised θopt and the remaining parameters θrem. The parameters

to be optimised have the highest impact on the model output of interest and their

uncertainty should therefore be assessed patient-specifically. The remaining unim-

portant parameters θrem ⊂ θtot can then be set to values within their uncertainty

range, obtained from literature or heuristically.

However, not all model parameters can be measured directly. This requires us to

solve an inverse problem or to utilise some numerical optimisation scheme. Gener-

ally, parameters are learned via model calibration, i.e., minimising some objective

function which relates model outputs to measured data. This will result in a set

of optimal parameters where the cost is minimal, while parameters near these op-

timal parameters will likely perform similarly in reproducing the measured data

(Vrugt et al., 2003). Obtaining probability distributions of these optimised param-

eters requires more sophisticated methods, such as Bayesian estimation (Vanlier

et al., 2012; Schiavazzi et al., 2016) or Monte Carlo-Markov Chain (MCMC) meth-

ods (Gallagher and Doherty, 2007; Boulange et al., 2017). The main drawback for

these methods is the computational cost, as they require many evaluations of the

forward problem. Recently, data assimilation (DA) techniques have been applied

to the personalisation of cardiac models (Chabiniok et al., 2016; Pant et al., 2016).

The advantage of DA techniques is that they provide a framework for explicitly

accounting for all sources of uncertainty (Smith et al., 2013).
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Table 2.1: The 15 haemodynamic changes of interest, determined in cooperationwith interven-

tion cardiologists from the Catharina Hospital in Eindhoven. These parameters were chosen as

they describe the the general cardiac performance of the patient, the current criteria of a success-

ful intervention and new theoretical parameters. The change in these parameters is determined

by significantly reducing the aortic valvular resistance and propagating the obtained uncertain

input parameters.

Haemodynamic parameter Abbreviation Units Expected change

Cardiac output qCO L/min Increase
Ventricular end diastolic volume VLV, diastole mL Unchanged
Ventricular end systolic volume VLV,systole mL Decrease
Stroke volume Vstroke mL Increase
Ejection fraction EF - Increase
Maximum ventricular pressure derivative (dpLV/dt)max mmHg/s Decrease
Systolic aortic pressure pAo,systole mmHg Increase
Diastolic aortic pressure pAo,diastole mmHg Increase
Mean aortic pressure pAo,mean mmHg Increase
Maximum aortic valve pressure drop ∆pAV,max mmHg Decrease
Mean aortic valve pressure drop ∆pAV,mean mmHg Decrease
Ventricular stroke work WLV J Decrease
Circulatory stroke work WCirc J Increase
Stroke work loss Wlost J Decrease
Stroke work loss ratio Wlost/WLV - Decrease

DA techniques also offer extensions for identifiability analyses (Baker et al., 2011).

In this work, we propose to use a data assimilation technique called the Unscented

Kalman Filter (UKF) to quantify the uncertainty of estimated parameters that are

important for the output of interest but cannot be measured. The UKF is a state

estimator, which uses a system model and multiple sequential measurements to

form an estimate of the system’s varying quantities, or states (Julier and Uhlmann,

2004). Due to its formulation, the UKF will produce an estimate of each input pa-

rameter for each time-step, which can be recombined to generate probability den-

sities for each parameter. The UKF requires significantly fewer model evaluations

and therefore computation time than traditional optimisation schemes. Further-

more, it can be used to perform a sensitivity analysis of the optimisation, showing

which input parameters are most sensitive to which measurements. This can in-

form clinicians on which measurement would need to be improved to reduce any

prediction uncertainty.

We apply the UKF to valve replacement therapy for aortic stenosis. Together with

two intervention cardiologists from the Catharina Hospital in Eindhoven, a list of

15 clinically relevant haemodynamic parameters was compiled (Table 2.1). These

parameters pertain to the general cardiac performance of the patient (e.g., cardiac

output, ventricular volume/ejection fraction and aortic pressures), to the current

criteria of a successful intervention (e.g., pressure pressure drops) and new theoret-

ical parameters (e.g., stroke work (Owashi et al., 2020)). In the event of a succesful

intervention, the load placed on the heart due to the restrictive valve is removed.
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The heart is then able to eject more blood during each beat, leading to a decreased

systolic left ventricular volume and therefore increased cardiac output, stroke vol-

ume and ejection fraction. Due to the increased flow, pressures in the aorta should

increase. There should be a significant reduction in pressure pressure drop across

the aortic valve, and therefore a reduction in stroke work loss. Ventricular stroke

work should decrease as the valve is no longer restrictive, while the cardiac work

that remains is transferred better to the circulatory system.

To predict the change in haemodynamics post-intervention we formulate a simple

0Dmodel, adapted from several sources in literature. It consists of a left ventricular

model where pressure and volume are related to myofibre stresses and strains

(Bovendeerd et al., 2006), which has already been applied to modelling of a change

in cardiac afterload (Kroon et al., 2012). The afterload is a transmission line of

three-element Windkessel models, based on Laskey et al. (1995). The pre-load is

described as a fixed pulmonary venous pressure. Finally, the valve is modelled as

a Bernoulli-type resistance, similar to the model of Mynard et al. (2012) without

leaflet dynamics. This model is able to qualitatively replicate the haemodynamic

changes that are observed directly post-intervention, i.e. increased stroke volume,

increased cardiac output (Sorajja et al., 2018), decreased left ventricular pressure

and increased aortic pressure (Perlman et al., 2013).

Wewill compare the probability distributions generated using theUKF to those gen-

erated using another suitable approach, namely theMCMCmethod, specifically the

Metropolis-Hastings algorithm (MH) (Sköld and Roberts, 2003). The MH algorithm

is extensively used in computer modelling applications due to its simplicity and

generality. It utilizes a ‘random walk’ to propose new input parameter value and

uses themodel to calculate the objective function, i.e., the function to beminimised.

If the proposed set of input parameters produces a lower objective function, the

new parameters are accepted. Otherwise, the proposed set of input parameters is

accepted/rejected using rejection sampling (Albert, 2009).

We define three in silico test cases. All measurements are clinically feasible and

are based on the work of Johnson et al. (2018). An overview of the cases is shown

in Figure 2.5. The first case is the ideal case: it has pressure measurements in the

left ventricle and aorta obtained via pressure wires, high quality left ventricular

volume obtained from ultrasound images, and mitral and aortic flow readings us-

ing Doppler ultrasound. The case has twice the input parameter noise during the

generation, and temporal resolutions of the pressure readings are reduced. Finally,

the third case has the same input noise as the second case, but lacks direct left ven-

tricular pressure measurements. Instead, ventricular pressure is estimated based

on Doppler measurements and the Bernoulli equation. For each case, parameters

are optimised with varying degrees of uncertainty, using both the UKF and MCMC

method.
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The valve replacement is simulated in silico, and uncertain parameters obtained

are propagated using adaptive sparse generalised polynomial chaos expansion (as-

gPCE). Finally, the change in 15 relevant haemodynamic parameters (Table 2.1) and

their respective uncertainties are compared.

2.2 Methods

2.2.1 Mathematical Model

Figure 2.2 shows the lumped circulation model used in this study. In this model

the left ventricle is modelled as a thick-walled sphere, with muscle fibres running

in the tangential direction (Bovendeerd et al., 2006). By assuming that stretch and

stress are homogeneous inside the ventricular wall, global properties (volume and

pressure) can be related to myofibre stress and strain. Specifically, the pressure

inside the ventricle is related to the stress experienced by the muscle fibres and

the ratio of cavity and wall volume, i.e.,

pLV =
1

3
(σf − 2σr) ln (1 +

VW
VLV

). (2.1)

Here, σf and σr are the stresses in the fibre and radial direction, respectively, while

VW and VLV represent the ventricular wall and cavity volume. Fibre stretch λf can

be derived from the cavity volume VLV, unloaded cavity volume VLV,0 and wall

volume VW , as given by

λf =

(
VLV + VW

3

VLV,0 + VW
3

) 1
3

. (2.2)

After the assumption of incompressibility, it holds that

λr = λ−2
f . (2.3)

Figure 2.2: Lumped circulation model used in this study. The pre-load is described as a fixed

pulmonary venous pressure. The heart model relates ventricular pressure and volume via myofi-

bre stress and strain (Bovendeerd et al., 2006). The valve model is based on Mynard et al. (2012),

omitting valve leaflet dynamics. The systemic circulation is based on Laskey et al. (1995), as it

has already been applied to aortic stenosis severity assessment.
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The stress experienced by the fibres are split into an active and passive component:

σf = σa,f + σp,f . (2.4)

A simple, non-linear constitutive law is used to describe the passive stress-stretch

behaviour in the fibre and radial direction:

σi =

{
σ0,i (exp (ci (λi − 1))− 1) for λ ≥ 1

0 for λ < 0
. (2.5)

Subscript i denotes the passive fibre or radial component, since material parame-

ters σ0,i and ci differ for each component, due to anisotropy. The active component

σa,f is dependent on contractility c, sarcomere length ls, time since activation ta

and sarcomere shortening velocity vs:

σa,f = cσarf(ls)g(ta)h(vs), (2.6)

with

f(ls) =

{
0 for ls < ls,a0
ls−ls,a0
ls,ar−ls,a0 for ls ≥ ls,a0

, (2.7)

g(ta) =

 1−
cosh

(
tsharp

(
2ta
tmax

−1
)
−1

)
cosh

(
tsharp

)
−1

for 0 ≤ ta ≤ tmax

0 fortmax < ta < 1
, (2.8)

with

h(vs) = 1− vs
v0
. (2.9)

Here, ls,a0 represents the sarcomere length in the unloaded state (VLV = VLV,0),

while ls,ar and σar denote the fibre stress and sarcomere length in the reference

state. Time tmax denotes the ratio between contraction duration and duration of a

single heart cycle T0, while tsharp governs the shape of the contraction curve. Note

that the description of the activation curve differs from that of Bovendeerd et al.

(2006), as this formulation allows for a better approximation of the physiological

LV pressure signal shape as described in Guyton and Hall (2006). Finally, vs is the

fibre shortening velocity in the unloaded state, while cv describes the shape of the

relationship between fibre stress and sarcomere shortening velocity. Figure 2.3

shows the general shapes of the contractile functions f, h, as well as the influence

of tsharp, tmax on g.
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Figure 2.3: Active contraction functions. tsharp governs the contractile shape, tmax describes

the ratio between contraction duration and cycle time, both represented in function g. Finally the

effect of sarcomere length ls and sarcomere shortening velocity v are represented via functions f

and h.

The complex arterial network is reduced to a transmission line of 3 identical three-

element windkessel models, which describe vascular segments. They each consist

of a viscous tube resistance (R), a capacitor (C), and an inductor (L). The pressure

drop across each component is given by

∆pR = Rq, (2.10)

∆pL = L
dq

dt
, (2.11)

pC =
V

C
. (2.12)

The contribution of the pulmonary circulation is given as a constant pulmonary

venous pressure ppul. Finally, the valves are considered as non-linear Bernoulli

resistors (Mynard et al., 2012), where the pressure drop is given by

∆pV =

{
Bf q|q| for q ≥ 0

Brq|q| for q < 0
. (2.13)

with Bf and Br the resistance for forward and regurgitant flow, respectively. Fi-

nally, this leads to the following total set of equations to be solved:

LV pressure:

pLV = fsf

(
VLV,

dVLV
dt

, t, c, tmax, tsharp, VW

)
, (2.14)

LV Volume change:
dVLV
dt

= qMV − qAV, (2.15)

Mitral valve flow:

ppul − pLV = BMVqMV|qMV|, (2.16)

Aortic valve flow:

pLV −
VC,1
C

= BAVqAV|qAV|+RproxqAV + Lart
dqAV
dt

, (2.17)
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Aortic Pressure:

pAo =
VC,1
Cart

+RproxqAV, (2.18)

Vessel segment 1 volume change:

dVC,1
dt

= qAV − qC1,2, (2.19)

Flow from vessel segment 1 to 2:

VC1 − VC2

C
= RproxqC1,2 + Lart

dqC1,2

dt
, (2.20)

Vessel segment 2 volume change:

dVC,2
dt

= qC1,2 − qC2,3, (2.21)

Flow from vessel segment 2 to 3:

VC,2 − VC,3
C

= RproxqC2,3 + Lart
dqC2,3

dt
, (2.22)

Vessel segment 3 volume change:

dVC,3
dt

= qC2,3 − qper, (2.23)

and finally, flow to peripheral circulation:

VC3

C
− 0 = Rdistqper. (2.24)

Here, we refer to the total set of Equations 2.1-2.9 of the single fibre model as fsf
due to their cumbersome formulation. They are solved using the implicit Euler

method, combined with Newton-Raphson method with a fixed time-step of 1 ms.

2.2.2 Parameter optimisation

Table 2.2 shows all model inputs, and how they were assessed. The first column

contains all parameters that are estimated using the optimisation algorithm. In the

second columnall parameters that are assumed to bemeasurable or can be derived

directly from the input signals themselves are listed. It should be noted that during

the development phase we observed that non-unique and non-physiological com-

binations of c, V0, VW were often obtained during the estimation process. However,

it would be theoretically and clinically feasible to estimate the wall volume VW di-

rectly from cardiac CT images with acceptable accuracy. Therefore, we assumed

in further analyses that we also have a patient-specific wall volume estimate avail-

able. The third column shows all parameter values whichwere based on literature

andwere set to population values. Similar to the Johnson et al. (2018) cohort, valve

regurgitation is not considered. Finally, we assume that the heart at myofibre level

still functions as in a normal, healthy person. This assumption was also made by

Pant et al. (2016) and makes it possible to model cardiac function with the single-

fibre model of Bovendeerd et al. (2006), only making use of model parameters that

can be assessed on a macroscopic level.
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Table 2.2: All model parameters and their reference values of the proposed 0D model of this

study, categorised by their derivation. We assume no valvular regurgitation, and no functional

change of the cardiac tissue on a micro-scale. Reference parameters for the left ventricle were

kept at the values used by Cox et al. (2009), as were the parameters for the micro-mechanical

model. Windkessel parameters were set at the mean values reported by Laskey et al. (1995) and

pulmonary venous pressure was set to a physiological value (Guyton and Hall, 2006). Finally,

the reference value for the aortic valve resistance is approximately equal to an effective orifice

area of 1 cm2 (Mynard et al., 2012), which is classified as severe AS .

Optimised Value Units Measured Value Units From Literature Value Units

c 1 [−] VW 200 [mL] BMV,r 10 [mmHg s2 mL−2]
V0 80 [mL] tmax 0.45 [−] BAV,r 10 [mmHg s2 mL−2]
tsharp 3.14 [−] T0 0.9 [s] σar 410 [mmHg]
BMV,f 1 · 10−2 [mmHg s2 mL−2] ls,0 1.9 [µm]
BAV,f 5 · 10−4 [mmHg s2 mL−2] ls,a0 1.5 [µm]
Lart 1 · 10−3 [mmHg s2 mL−1] ls,ar 2.0 [µm]
Cart 1 [mL mmHg−1] v0 10 [µm s−1]
Rprox 0.05 [mmHg s mL−1] cv 0 [−]
Rdist 1 [mmHg s mL−1] cf 12 [−]
ppul 8 [mmHg] σ0,f 6.75 [mmHg]

cr 9 [−]
σ0,r 1.5 [mmHg]

Unscented Kalman Filter

Parameter optimisation is performedusing theUnscentedKalman Filter (UKF). The

UKF is a state estimator, used in dynamic systems where observations suffer from

white noise (Zarchan and Musoff, 2000). The dynamic system is described by a

model, which is the set of equations that describe its behaviour, i.e.,

xk+1 = F (xk,θ) . (2.25)

Here, F is the forward operator, which propagates the state vector xk at time tk
forward to time tk+1, resulting in states xk+1. In this case, the states refer to the

pressures p, volumes V and flows Q in the system:

xk = [pLV, pAo, VC,1, VC,2, VC,3, VLV, qMV, qAV, qC1,2, qC2,3, qper]
T (2.26)

and F is the time-discretised form of the set of equations that make up the math-

ematical model, with θ the set of model input parameters which determine the

behaviour of the model,

θ = [cLV, VLV,0, tsharp, BMV,f, BMV,r, BAV,f, BAV,r, Lart, Cart, Rprox, Rdist, ppul]
T . (2.27)

Note that, in this notation, θ only represents the set of input parameters which

require optimisation and omits input parameters that are measured directly or

are kept at literature values (see Table 2.2).

In a Kalman filter, states are represented as amean vector x and covariancematrix

P, where P describes the uncertainty of each state in the diagonal, as well as the

(non-normalised) correlations between each of the states.
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The states of the model are coupled to the available measurements via a linear

observation operator H ,

zk = H(xk) + ε. (2.28)

where zk is the set of measurements at time tk and ε the (assumed) measurement

noise.

Kalman filters estimate the value and uncertainty of each state by repeating two

steps, an a priori prediction and an a posteriori update. The prediction utilises the

dynamic model to propagate the estimated states xk and covariance matrix Pk to

the next time step tk+1. Figure 2.4 shows a graphical representation for a 2D prob-

lem, consisting of the states x1 and x2.

In the UKF, the propagation is performed using a deterministic sampling technique

known as the unscented transform (Ma et al., 2010). First, the mean estimate xk
and covariancematrix Pk are decomposed into a set of 2L+1 representative points,

where L is the number of states in x, also known as sigma-points. These points

are then individually propagated using the forward operator F (Eq. 2.25). Finally,

these points are then reconstructed into a newly estimated x̂k+1 and P̂k+1. Then,

the state estimates are corrected using the observation vector zk+1 weighted by

their relative uncertainties, also known as the Kalman gain, leading to the final

state estimate xk+1 and Pk+1.

To perform the optimisation, the set of model parameters θ to be optimised is re-

garded as states by extending the state vector xk and covariance matrix Pk:

xk,ext =

[
xk
θk

]
(2.29)

Pk,ext =

[
Cov (xk,xk) Cov (xk,θk)

Cov (xk,θk) Cov (θk, redθk)

]
. (2.30)

The forward operator F is extended to incorporate the new state vector xk,ext, by

adding trivial dynamics:

θk+1 = θk, (2.31)

meaning that the formulation of forward operator F transforms from Equation

2.25 to

[xk+1,θk+1]
T = F

(
[xk,θk]

T
)
. (2.32)

Finally, to constrain the parameters to be estimated to R+, for each parameter to

be estimated, the following transformation is performed:

θ = θref2
ψ, (2.33)
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A B C

FED

Figure 2.4: Visualisation of the UKF for a two-dimensional problem. The states are described

as a mean vector x and a covariance matrix P, here represented as an ellipsoid. A – The mean

vector is decomposed in to 2L + 1 sigma-points. B – The decomposed sigma-points are propa-

gated to the next time-step tk+1 using the dynamic model. C – The propagated sigma-points are

recomposed to an a priori estimate of the propagated mean vector x̂k+1 and covariance matrix

P̂k+1. D – The measurements of the states zk+1 with noise estimate ε at time tk+1 are introduced.

E - Weighted by their relative uncertainties as described via Pk+1 and R, an a posteriori mean

vector xk+1 and covariance Pk+1 are produced. F – The final estimated xk+1 and Pk+1.

where θref is a reference value for parameter θ, and ψ the parameter which is

estimated via theUKF (Pant et al., 2014). Note that θ is now log-normally distributed

rather than normally distributed. Furthermore, this alters Equations 2.29-2.31 to

xk,ext =

[
xk
ψk

]
(2.34)

Pk,ext =

[
Cov (xk,xk) Cov (xk, ψk)

Cov (xk, ψk) Cov (ψk, ψk)

]
(2.35)

ψk+1 = ψk. (2.36)

The UKF generates a parameter estimate in the form of a mean and variance for

each timestep during the cardiac cycle. The probability density P of a parameter

value ψk at time tk is given by

P (ψk|xk, σk) =
1√
2πσ2k

e
− 1

2

(
ψk−xk
σk

)2

, (2.37)

where σ2k is the variance in the corresponding diagonal element of the covariance

matrix Pk . We could obtain the probability density by recombining all probability

densities, similar to kernel density estimation. However, model parameters do not

vary when the observations z are insensitive to changes in those parameters.
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For instance, the UKF will not yield new estimates for contraction duration tmax

during diastole, as changing it has no effect on the predicted observed states. There-

fore, parameter estimates at each time-step should be weighted accordingly. This

is done by first computing the traditional non-dimensionalised system sensitivity

function:

Si,k =

(
1

zi,ref

)(
∂hi,k
∂ψk

)
. (2.38)

Here hi,k is the i-th element of the observedmodel state vector hk+1 = H(xk), where

subscript k denotes time tk . The derivative
∂hi,k
∂ψk

is computed using a finite differ-

ences method. Reference value of the measurement zi,ref is chosen to be max(zi).

The weight w of the parameter value ψk at each time-step tk is then computed as

the norm of the sensitivity function:

wk =

√∑
i

S2
i,k. (2.39)

Then, the final probability distribution is taken as the weighted average of all prob-

abilities across the cardiac cycle:

P (ψ|x, σ) =
∑
k wkP (ψk|xk, σk)∑

k wk
. (2.40)

This approach also ensures that parameters which are not identifiable are diag-

nosed during the estimation procedure, as the sensitivity function will return zero.

2.2.3 Monte Carlo Markov Chain

In Bayesian optimisation, we are interested in the posterior probability distribu-

tion p(θ|z), i.e. the probability of model input parameters θ, given the measure-

ments z. Since this probability distribution is hard to calculate directly, it is often

sampled using a Monte Carlo Markov Chain approach, where the Metropolis Hast-

ings (Metropolis et al., 1953; Hastings, 1970) is the most widely and easily applied

(Vrugt et al., 2003). Essentially, a Markov Chain is generated via a ”random walk”

through the parameter space. New steps are accepted/rejected based on the calcu-

lated probability. First, we define a sum of squares error function:

χ2 =

M∑
i=1

N∑
k=1

(zi(tk)− hi(tk|θ))2

σ2i
, (2.41)

where we assume the residuals are mutually independent and Gaussian dis-

tributed. Here, zi(tk) represents the i-th element of the measurement vector and

hi(tk|θ) the i-th element of the observed state vector, both at time tk . They are

weighted by the measurement noise σi. Assuming a non-informative uniform

prior, this leads to the following probability density (Box and Tiao, 1973):

p(θ|y) ∝ e−χ
2/2. (2.42)
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Obviously, the probability is maximal when the error function is minimal. To sam-

ple this distribution, we apply the ”random walk” Metropolis Hastings method. It

consists of three steps. First, we define an initial value θ0 and evaluate the like-

lihood P (θ0). Second, a candidate θ′ is proposed by adding a degree of Gaussian

noise:

θ′ = θ0 + ε. (2.43)

Third, P (θ′|z) is evaluated, and the acceptance probability A(θ′, θ) is determined,

A(θ′, θ0) = min

(
1,
P (θ′)
P (θ)

)
. (2.44)

If θ′ has a lower error χ2(θ′) and therefore higher likelihood P (θ′), θ′ is accepted

as the new state, i.e. θ1 = θ′. If θ′ has a higher error χ2(θ′)and therefore lower

likelihood P (θ′), a uniform random number u ∈ [0, 1] is generated. If u ≤ A(θ′, θ0),

the candidate is also accepted, i.e. θ1 = θ′. Otherwise, the candidate is rejected and

no jump is performed, i.e. θ1 = θ0. This process repeats until the required amount

of iterations is reached. Parameters will not immediately reach their equilibrium

distribution, instead this must be inferred by examining parameter traces as well

as the trace of χ2. For the MCMC algorith to work optimally, the proposed jumps

should be wide enough such that they avoid local minima and undermixing, but

small enough that proposals are still regularly accepted. We therefore update the

proposal perturbation εk via

εk = εk−1

√
1 + nacc
1 + nrej

. (2.45)

Here nacc, nrej are the number of accepted and rejected samples since the last up-

date, respectively (Jbabdi, 2019). All iterations before equilibrium are often dis-

carded before parameter probability densities are calculated, also known as the

burn in period. Finally, the parameter traces suffer fromautocorrelation, since each

set of accepted parameters is heavily correlated to the previous set of accepted pa-

rameters. Therefore, probability densities were calculated for every n-th sample,

where we varied n to be 1, 2, 5 and 10.

2.2.4 Case Generation

To test the proposed optimisation methods, three test-cases are considered. Figure

2.5 shows the workflow for the generation of measurement data for the three dif-

ferent cases. Availability of data is based on Johnson et al. (2018) and are therefore

considered clinically feasible: ventricular and aortic pressures pLV, pAo; ventricular

volume VLV and mitral and aortic valve flows qMV, qAV. Since the initial estimate θ0
should not be equal to the true estimate θtrue, a certain degree of Gaussian noise is

added:

θ0 = θtrue · N (1, 0.3) . (2.46)
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Figure 2.5: Case generation. We define the true values θ0. Then each case receives an initial

estimate of θtrue named θ0, by adding a degree of Gaussian noise. All data are generated using

the model as described in Section 2.2.1, with an additional Gaussian noise added for each time-

step. In Case 1, this parameter noise has a standard deviation of 0.05 θ0, whereas Cases 2 and 3

this standard deviation is 0.1 θ0. The only data available are those clinically feasible: ventricular

and aortic pressures pLV, pAo, mitral and aortic valve flow qMV, qAV and ventricular volume VLV.

Ventricular volume re-sampled to 25 Hz, similar to the temporal frequency of ultrasound images.

In Cases 2 and 3, the ventricular and aortic resolution is also reduced to 25 Hz. Finally, in Case 3

pLV is not directly measured, but reconstructed using pAo and qAo.

All data are generated using the model as described in Section 2.2.1, with an addi-

tional Gaussian noise added to input parameters at each time-step. To be more in

line with clinical ultrasound measurements, the temporal resolutions of VLV and

therefore the observation function H are adapted from 1 ms to 40 ms. Case 1

represents a high quality case in the Johnson cohort. All measurement data are

available and have with low measurement noise: ±5% for LV and aortic pressure,

±2.5% for LV volume and ±15% for aortic and mitral flow. Case 2 represents a

less ideal patient, all data are available but with significantly higher noise: ±10%
for LV and aortic pressure, ±2.5% for LV volume and ±25% for mitral and aortic

flow. In Cases 2 and 3, the temporal resolution of the pressure measurements is

also reduced to 40ms. Case 3 represents a less-than-ideal patient from the cohort:

data quality is similar to Case 2 and no ventricular pressure is available directly.

Instead, ventricular pressure is reconstructed using pAo and qAV.
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Figure 2.6: Comparative analyses of the performance of the more traditional MCMC method

versus the proposed UKF approach. After optimisation, the probability distributions of the input

parameters are compared, as well as the ‘true’ set of parameters. Finally, the effect of the different

distributions are compared when they are propagated to the outputs of interest.

2.2.5 Treatment prediction

The treatment of interest for this work is the transcatheter aortic valve implan-

tation (TAVI) procedure, where a stented valve is placed at the end of a catheter

and placed over the old valve. We assume that the immediate change in haemo-

dynamics by placing a TAVI device can be described in the model by significantly

reducing the forward resistance BAV,f. The probability densities obtained from the

MCMC and the UKF methods will be propagated to the outputs of interest using

adaptive sparse generalised polynomial chaos expansion (asgPCE) (Blatman and

Sudret, 2010a; Quicken et al., 2016). In short, asgPCE is ameta-modelling technique,

which utilises a set of orthogonal polynomials to describe a direct relationship be-

tween model input and outputs. It requires significantly fewer model evaluations

than traditional Monte Carlo simulations, and allows the user to evaluate the most

important parameters after prediction.
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2.2.6 Comparative Analysis

To compare the results of the traditional MCMC to the proposed UKF, there are two

moments of comparison, as shown in Figure 2.6. First, we compare the quality of

Kalman optimisation to the input data. Then, parameter distributions will be com-

pared to one another, as well as the ‘true’ set of input parameters. Since the rela-

tionship between parameter input distributions and model output distributions is

not trivial, input distributions are propagated to outputs using the asgPCE method

(Quicken et al., 2016). Finally, the resulting output distributions are compared to

investigate the actual predictive power of each method.

2.3 Results

Figure 2.7 shows the observed states generated for each model case (grey), and

their corresponding Kalman estimates (black). The quality of the observed states

(noise, temporal resolution and availability) decreases from left to right. It also

shows that, although the Kalman filter is able to filter out most measurement noise,

the difference in estimation noise is already visible in the smoothness of the esti-

mated states.
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Figure 2.7: Observed states (grey) and their Kalman estimates (black) for all three cases. The

quality of the observed states decreases in signal-to-noise as well as availability from Case 1-3,

as described in Section 2.2.4. The Kalman Filter is able to filter out most measurement noise,

although the level of noise in estimated signal increases as measurement quality decreases.
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Figure 2.8: Estimated values of the model input parameters θ, described in equation 2.27.

Results are given as confidence intervals and optimal values after convergence, for the UKF (◦)
and MCMC method (3), for all three cases.

Figure 2.8 shows the optimal value aswell as the 95% confidence intervals for each

parameter, grouped per case, using the UKF method (◦) and the MCMCmethod (3).
The dashed line represents the true input parameter values. This figure shows

that the MCMC often returns wider CIs than the UKF approach, most notably in

BMV,f, BMV,f, Cart and Rprox. However, this is not the case for V0 and Rdist in Case 1.

However, this also means that the UKF estimates differ from the true value more

often, most notably in BMV,f and Cart. Finally, the MCMC approach is unable to

identify Lart, and parameter traces quickly reduce to 0, while this is only true for

the UKF approach in Case 3.

Treatment prediction is performed by significantly reducing the forward aortic

valve resistance BAV,f and propagating the obtained input uncertainty using asg-

PCE (Figure 2.6). Figure 2.9 shows the predicted treatment outcome in the form of

a difference in haemodynamic parameters, for the UKF (◦) and the MCMC (3) with

95% confidence intervals. The dashed line represents the true difference in haemo-

dynamics. Similar to Figure 2.8, the MCMC approach produces wider CIs than the

UKF approach. However the UKF is therefore again more likely to significantly

differ from the true output value, most notably in VLV,diastole, (dpLV/dt)max, pAo,diastole
andWLV.

The sensitivities of the outputs of interest with respect to the input parameter un-

certainty can be derived analytically during the uncertainty propagation in the

form of (total) Sobol indices (Sobol’, 2001; Blatman and Sudret, 2010b).
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Figure 2.9: Estimated difference in interesting haemodynamic parameters as given in Table

2.1, after reducing the forward aortic valve resistance BAV,f significantly to simulate a successful

TAVI-procedure and propagating the uncertain input parameters. Results are presented for all

three cases, with input parameter confidence intervals determined via UKF (◦) and MCMC (3).

For the UKF approach, these Sobol indices show that the difference in VLV,diastole
and (dpLV/dt)max are mostly determined by the overestimation of BMV,f, while the

differences in the pAo,diastole and (dpLV/dt)max can be traced back to the underesti-

mation of Cart. In turn, the overestimation of BMV,f and underestimation of Cart are

mainly due to the noise levels inmitral and aortic flow, respectively. For theMCMC

approach, these Sobol indices show that the main contributors to predicted output

uncertainty are mainly due to wide confidence intervals in BMV,f, BAV,f and Cart.

2.4 Discussion

In recent years, research in cardiovascular modelling is shifting towards patient-

specific (clinical) applications (Gray and Pathmanathan, 2018). Uncertainty quan-

tification of model output is already becoming more prolific in cardiovascular re-

search (Son et al., 2018; Rodríguez-Cantano et al., 2019; Saturnino et al., 2019). How-

ever, uncertainty is often propagated from assumed input distributions, rather

than based on optimisation uncertainty, which is in turn dependent on the quality

(noise, temporal resolution, availability) to which the model is optimised.
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In this work, we have shown that the results of Kalman filter-based optimisation

can be translated into probability density estimates. These probability density es-

timates reflect the optimisation quality, which in turn can be used for model un-

certainty propagation. This approach has several advantages to other approaches.

First, as the UKF is a sequential estimator, it utilises each time-step to steer the pa-

rameters towards their final value, significantly reducing computation time which

is essential in a clinical setting. UKF-based optimisationswere performedwithin 90

seconds, while the MCMC approach took over 3 hours, both on the same desktop

PC. Secondly, the addition of the sensitivity functions can provide much needed

information during the optimisation process: which measured states contribute

most to the optimisation uncertainty.

Immediately, this requires us to address the derivation of the 95% confidence in-

tervals based on the UKF optimisation. The UKF provides an estimate for each pa-

rameter at each time-step, ideally converging to a continually improving estimate.

Following this logic, Pant et al. (2016) chose the estimated values at the last time-

step as the set of optimised parameters. However, we found that parameter traces

do not fully converge, but rather ‘oscillate’ around a final value. In a follow-up

paper, Pant et al. (2017) show amethod to estimate parameters of a cardiovascular

model with input data with varying heart rates, by extending the state vectors and

propagation model in such a way that multiple cycles can be assimilated simulta-

neously. Then, the choice of when there is a ‘final’ value becomes arbitrary, as the

end of one cardiac cycle need not coincide with the rest. A more fair choice would

then be to take into account multiple timesteps across the cardiac cycle. This leads

to another issue, as for some parameters, no information is available during parts

of the cardiac cycle. By weighting each parameter value according to their sensi-

tivity to the observed states, this problem is mitigated and a fair estimate of each

parameter is achieved.

The choice of model is vital for the quality of predictions, and should therefore be

made carefully. In this work, we did not include autoregulation mechanisms, such

as the baroreflex (Di Rienzo et al., 2009). While this will likely not impact the ability

of themodel to describe the patient in the stenotic state (Laskey et al., 1995), itmight

affect the model predictions of the post-intervention haemodynamics. However,

incorporation of these autoregulation models means additional model complexity,

whichwill significantly increase computation time in both the optimisation and un-

certainty propagation. Furthermore, the parameters which govern these autoreg-

ulation mechanisms are likely strongly correlated to the parameter values of the

Windkessel models and likely significantly harder to identify. Additionally, these

control mechanisms could be influenced during the valve replacement procedure

by the anaesthetist, to stabilize the patient. Other long-term physiological changes

such as the decrease in pulmonary pressure after TAVI (Alushi et al., 2019) were

also not taken into account, due to the lack of available data in these time-scales.
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Although the UKF approach can provide much information during the estimation

process, problems such as identifiability and non-uniqueness of solutions should

ideally be examined beforehand. e.g., using sensitivity analyses (Saltelli, 2002; Su-

dret, 2008) and identifiability analyses (Matott et al., 2009; Guillaume et al., 2019).

As minimizing computation time is essential for a clinical setting, we chose the

agsPCE approach (Blatman and Sudret, 2010a). However, it should be noted that

this approach assumes statistically independent input parameters, which is (gen-

erally) not the case. While we have not investigated the effect of this assumption

on the estimated output variance, the PCE approach could be extended to incor-

porate correlated input parameters (Li et al., 2010; Sudret and Caniou, 2013). In

the formulation of this model, the risk of a non-unique combination of cardiac pa-

rameters cLV, VW and V0 leads to unlikely and unphysiological results during the

optimisation, which is why VW was assumed to be measured using CT imaging.

Kalman filter settings such as estimated model noise Q and filter noise ε and their

results should aways be critically evaluated. Ideally, the noise of a measurement

relates directly to the SNR of the modality. However, this approach is not usable

for each measurement type. For instance, cavity volumes of the left ventricle

estimated ultrasound images can vary due to assumptions on probe placement

and inter-/intra-operator variability. Quantifying measurement for these mea-

surements can quickly become arbitrary. It is possible to choose Q and ε such

that the model and Kalman estimate nearly completely overlap, but estimated

parameters may either be unlikely or the probability distributions so wide that

model predictions are futile. The reverse is also true, where the optimised

parameters converge to a narrow distribution, but measurements and filter show

little similarity. However, this should be eliminated if the chosen model suits the

underlying mechanics, and the filter is set correctly.

Besides filter settings, this work shows that the initial guess θ0 and and P0 should

be chosen carefully (Pant et al., 2014; Zhao and Huang, 2017; Ananthasayanam

et al., 2016). We have chosen an initial guess of θ0 = θtrue · N (1, σ), and varied

0 ≤ σ ≤ 0.5. We found that σ = 0.3 was the maximal value for which the UKF

and MCMC consistently converged to the true value θtrue. Values of σ0 > 0.3 often

found other local minima or simply did not converge at all, even after more than

50 cardiac cycles.

A particular drawback is the need for time-series data, which are not always avail-

able, especially in a clinical environment. In the case of aortic stenosis, not all

of the required data are gathered during regular clinical workflow. All observa-

tions were based on the work of Johnson et al. (2018), indicating that they are at

least clinically feasible. However, Case 3 shows that even without invasive pres-

sure measurements, meaningful predictions could be made, albeit with a higher

degree of uncertainty.
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Finally, it shows that more research is required to find a model formulation which

is more easily optimised without the need for invasive pressure measurements.

2.5 Conclusion

Outcomeof Trans-Aortic Valve Implantation therapy in aortic stenosis cannot be de-

termined solely on current diagnostic methods. Model-based predicted change of

important haemodynamic parameters post-intervention could provide additional

information for clinical decision support. However, to fully inform the clinician,

uncertainty of model predictions should also be presented. This uncertainty is

mostly due to availability and noise of clinical measurements, and should thus

be incorporated in the predictive process. We present a framework which utilises

clinically feasible measurements and a lumped parameter model based on liter-

ature to predict fifteen clinically important haemodynamic parameters in aortic

stenosis patients. It employs the Unscented Kalman Filter (UKF) to optimize model

parameters with an estimated uncertainty at a low computational cost. TAVI is

simulated by significantly reducing valvular resistance, and uncertain input pa-

rameters are propagated using a polynomial chaos expansion to produce uncer-

tain model predictions. By considering three in silico test-cases we were able to

show that the proposed framework is able to incorporate optimisation uncertainty

in model predictions and is faster than the MCMC approach, although it is more

sensitive to noise in flow measurements. To conclude, this work shows that the

proposed framework is ready to be applied to real patient data.
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2.1 Intro ction

In aortic stenosis (AS), calcifications and thickening of the leaflets of the aortic valve

restrict leaflet motion, placing an additional haemodynamic load on the heart and

reducing cardiac output. AS is mainly a disease of the elderly, with a prevalence

of approximately 2.5% in the population ≥ 65 years of age (Nkomo et al., 2006).
The most effective form of treatment for AS is valve replacement, where the sur-

gical option is currently the gold standard (Baumgartner et al., 2017a). However,

the transcatheter aortic valve implantation (TAVI) procedure provides a minimally

invasive alternative that is gaining traction (Durko et al., 2018). During the TAVI

procedure a stented valve is placed over a balloon on the end of a catheter and

inserted via the groin. Once inside the stenotic valve, the balloon is inflated and

the valve is placed. TAVI is considered when invasive surgery is not an option, e.g.,

due to patient frailty.

Current treatment criteria are mainly based on the evaluation of the peak jet veloc-

ity and mean pressure drop across the valve, determined via Doppler ultrasound

and a simplified Bernoulli equation (Baumgartner et al., 2017a). While sufficient in

many cases, these criteria have some drawbacks. First, these criteria assess steno-

sis severity but suffer from discordant grading in 30% of patients (Berthelot-Richer

et al., 2016). Second, AS graded as severe via these criteria could also be asymp-

tomatic (Manning, 2013; Lancellotti et al., 2018). Third, the rise of TAVI procedures
haswidened the range of patients eligible for valve replacement procedures, mean-

ing that co-morbidities will play a larger role in treatment planning. Finally, physi-

cal health after a clinically successful procedure is reported to remain unchanged

or have decreased for approximately 20% of patients at 12-month follow-up (Ussia
et al., 2019). This leads us to assume that alternative diagnostic measures for TAVI

treatment should be investigated.

Mathematical physics-based methods have been applied to gain insight into the

pathophysiology of the cardiovascular system since as early as the 1890s (Otto,
1899), and are maturing to the point where model-based clinical decision support

may be feasible (Min et al., 2015). From an engineering perspective, identifying

the effect of a restrictive valve replacement on certain haemodynamic parameters

which characterize a patient (e.g. cardiac work, stroke volume) seems the most in-

tuitive predictor of a successful outcome and could possibly discriminate between

a successful and unsuccessful treatment prior to intervention. This could be done

by creating a patient-specific circulation model which includes the heart with a

stenotic valve and the systemic circulatory system. The total circulation model is

formulated by selecting a model that is able to describe the underlying change

in haemodynamics observed in literature, namely increased stroke volume, in-

creased cardiac output (Sorajja et al., 2018), decreased left ventricular pressure

and increased aortic pressure (Perlman et al., 2013).
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Abstract  

Background: In grading aortic stenosis (AS) severity, clinical metrics are obtained 
at  rest, while most symptoms occur during exercise. Current valve models for 
the extrapolation  of valve behaviour from rest to exercise conditions, such as the 
Gorlin equation,have been challenged by recent publications. Instead, the pressure-
flow behaviour of stenotic valves appears highly heterogeneous, and has not yet 
been fully explained. The location and and morphology of the calcification could 
explain this heterogeneity and inform the clinician on valvular behaviour during 
different haemodynamic loads without performing any form of stress-testing.

Methods: For six patients, aortic valve geometries segmented from CT data were 
cast in silicone rubber, with and without calcifications. Using a mock circulatory 
system,the valve models were subjected to patient specific flow conditions, 
while pressures inside the left ventricle and aorta were recorded. Data from the 
silicone models were analysed in accordance with the clinical study, resulting in 
characteristic pressureflow curves.

Results: Models omitting calcifications consistently underestimated valve resistance, 
while models including calcifications consistently overestimated valve resistance. 
The degree of under-/over-estimation was dependent on the spatial distribution of 
calcifications. Calcifications near the leaflet coaptation zones impacted pressure-
flow behaviourmore than calcifications towards the annulus.

Conclusions: Silicone rubber models of stenotic aortic valves are a suitable model  
to replicate patient-specific pressure-flow behaviour. The spatial distribution 
of calcifications has a significant impact on valve behaviour, which is currently 
underappreciated. True pressure-flow behaviour of the investigated valves 
appeared to lie between valve models with and without the physical calcifications, 
effectively creating an upper and lower bound for valvular behaviour.
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3.1 Introduction

Valvular disease is an ever increasing problem in our ageing population, with aor-

tic stenosis (AS) being themost prevalent. Approximately 2.5%of people≥ 65 years

of age suffer fromAS,which increases to 11.7% in people≥ 75 years of age (Stewart

et al., 1997; Nkomo et al., 2006). The current golden treatment standard is valve re-

placement, either surgical orminimally-invasive (Falk et al., 2017). However, valve

replacement is not always favourable, as 20% of patients reported an unchanged

or even decreased physical health post-intervention at 12-months follow-up (Us-

sia et al., 2019). This leads us to believe that current diagnostic criteria in the as-

sessment of AS are not fully able to discriminate between who may benefit from

valvular replacement and who may not.

Current diagnostic criteria are mainly based on ultrasound (US) imaging, such as

valvular morphology and aortic valve area (AVA), or peak jet velocity across the

valve as measured by Doppler US (Falk et al., 2017). Peak jet velocity is also used in

conjunction with a simplified Bernoulli equation to determine the pressure drop

across the valve, which provides a more quantifiable measure for the severity

of AS. The main detractor from these criteria is that they are often determined

with patients at rest, while most symptoms occur during exercise (Iung et al., 2002;

Piérard and Lancellotti, 2007). To date, guidelines do not include (e.g., dobutamine-

induced) stress-testing until a specific set of criteria are met. We believe herein

lies part of the issue. A recent study characterized stenotic aortic valves via their

pressure-flow relationships and showed that models currently applied in clinical

work flows were unable to adequately describe their findings. Instead of the tra-

ditional linear resistance or quadratic Bernoulli pressure-flow relationships, they

found behaviour which ranged from super-quadratic to sub-linear (Johnson et al.,

2018). This indicates that pressure drops deemed insignificant at rest may become

significant during exercise and vice versa. The authors attribute these non-trivial

pressure-flow relationships to the observation that stenosis geometry and there-

fore AVA is flow-dependent. However, an explanation for the inter-patient differ-

ences was not given.

We hypothesize that calcifications are a defining factor in the degree of AVA vari-

ability. Calcium deposits have a significantly higher stiffness than the surround-

ing leaflet tissue and have been associated with overall increased leaflet stiffness

(O’Brien Kevin D., 2006). We hypothesize not only the degree of calcification, but

also the location of calcifications will play a significant role in leaflet dynamics and

AVAvariability under exercise conditions. This findingwould indicate that location

and morphology of the calcium deposits are underappreciated in the assessment

of AS, as they would explain both the heterogeneity between patients as well as

extrapolate valvular behaviour at rest to exercise conditions.
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The increasing availability and decreasing cost of 3D-printing and rapid proto-

typing has made the creation of physical models a viable alternative in the re-

search of aortic stenosis (Tuncay and van Ooijen, 2019). Recent work showed

3D-printed valves were able to replicate patient haemodynamics under different

flow-conditions (Maragiannis et al., 2015), making it a viable approach to test our

hypothesis.

The aim of this study was to investigate the patient specific pressure-flow be-

haviour of patient-derived 3D-printed valves with and without calcifications and

to compare the results to the clinically measured values.

3.2 Methods

3.2.1 Valves – from CT to silicone casting

In this work, 6 patients from the cohort of Johnson et al. (2018) were selected based

on quality of the CT images, with calcifications either predominantly in the leaflets

or in the aortic root. Valve creation follows the same procedure as described by

Chapter 5 and is shown in Figure 3.1. CT images were imported intoMimics (v18.0,

Materialise, Belgium) and the LVOT, valve leaflets, calcifications and aortic root

were segmentedmanually. From the segmentation, a 3D surfacemesh is calculated,

which is subsequently smoothed and any remaining holes are filled. Finally, a

mould is designed in Solidworks (Dassault Systèmes, France) and is 3D-printed in a

hard resin (VeroWhite, Sculpteo, France)with a resolution of 600 dpi in the X,Y-axes

and 1600 dpi in the Z-axis, respectively. Valves without any calcifications are then

made by injecting an elastic silicone rubber (Ecoflex 5, Smooth-on, USA) into the

mould. Calcifications are treated similarly, except moulds are printed separately

in a rubber-like material (TangoBlack, Stratasys, Israel) for easy extraction and are

made by filling the soft rubber mould with fine grit plaster. Calcified valves are

made by placing the calcifications on the inner moulds before silicone rubber is

injected. Finally, the leaflets are separated at the coaptation zones. US images of

the aortic valve in a short-axis view during opening and closing are used to guide

the separation process.
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Figure 3.1: The workflow fromCTimages to physical valve models. A–Initial segmentation,

short axis view. B –Initial segmentation, long axis view. C –Segmented calcifications, long

axis view. D –3Dmodel of the initial segmentation, before smoothing. E –3Dmodel of the

segmentation, after smoothing. F–3Dmodel including calcifications. G–Physical model without

calcifications. H–Physical model including calcifications.
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Figure 3.2: Mock circulatory system, used to measure the pressure flow relationship of the

physical valve models. Flow is prescribed patient specifically using a servo-motor driven gear-

pump, which is connected to the aortic valve housing with a rigid tube. The valve housing is in

turn connected to the aorta, represented by a straight silicone rubber tube. The pressures in the

aorta can be tuned by varying the proximal and distal resistance of theWindkessel afterload. The

entire system is submerged in a basin, closing the loop.

3.2.2 Mock Circulation

Figure 3.2 shows a schematic overview of the mock-circulatory system which

was used to measure the pressure-flow relationship. It is a simplified version

of the set-up as described by Geven et al. (2004). Flow was generated using a

servomotor-driven gear-pump (Liquiflo 37F), which is operated using LabVIEW

software (v2014, National Instruments, USA), following the flow-profiles obtained

from Doppler Ultrasound Images. The gear pump is connected to the valve

housing via a rigid tube, which is connected to a straight silicone rubber tube

representing the aorta.The aorta connects to a Windkessel model with variable

inlet and outlet resistances, which allowed tuning of the aortic pressure waveform.

Pressures were recorded proximal and distal to the valve using P10EZ pressure

sensors (Beckton Dickinson, Sint-Niklaas, Belgium) and flow is recorded using an

ultrasonic flow probe (25 MPXL, Transonic, Maastricht, The Netherlands). Finally,

an endoscope (Olympus, Tokyo, Japan) connected to a camera (Nikon, Tokyo,

Japan) was placed inside the aorta via the proximal resistance to record images

and video of the aortic valve, from the aortic side, during experiments.
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Figure 3.3: The prescribed forward flow-signal. The shape of the curve is obtained by tracing
US Doppler signals, and is rescaled to correspond to cardiac output derived from thermodilution

measurements.

Figure 3.4: Left –Measured pressures in the LV and aorta. For each beat, ejection is defined as

the time between the crossing points of LV and aortic pressure (shaded gray). Mean pressure dur-

ing ejection is calculated, and ejection ratio teject/tcycle is used to determine mean cardiac output,

as described by Johnson et al. (2018).

3.2.3 Patient Data Processing

Patient data comprised invasive pressure measurements using high fidelity

pressure wires, cardiac output measurements using thermodilution and trans-

esophageal US images, including Doppler. To prescribe flow, the general shape and

duration of the waveform were obtained by segmenting Doppler Ultrasound im-

ages, which were subsequently scaled to achieve the measured CO measurements

(Fig 3.3).

For each experiment, approximately 100 heart cycles were acquired. Pressure and

flow data were imported into Matlab (v2019a, Mathworks, USA) and filtered using

a 25Hz low-pass filter.
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Then, to ensure an accurate comparison between the silicone valves and actual

patient data, data were analyzed in accordance with Johnson et al. (2018). For

each beat, the ejection time teject, defined as the time between the crossing points

of LV and aortic pressures, was determined and the mean pressure drop during

ejection was calculated. Then, the ratio teject/tcycle is calculated. Finally, the mean

cardiac output during ejection was calculated by dividing the measured cardiac

output by the aforementioned ratio (Fig 3.4).

3.3 Results

Figure 3.5 shows the pressure-flow relationships of the 6 selected valves, as mea-

sured by Johnson et al. (blue) and as measured inside the mock circulation includ-

ing (red) or omitting (yellow) physical calcifications. Several trends are common

across each patient and valve. First, all patients show a sub-linear pressure-flow

relationship, indicating valvular resistance decreases as flow-rates increase. Sec-

ondly, including physical calcifications increases valvular resistance, although to a

varying degree. This effect is notably less in patients 2, 9 and 11. In patients 9 and

11 calcifications are located inside the annulus, rather than in the leaflet coaptation

zones, whereas patient 2 appears to suffer from a bicuspid valve. In all cases, the

pure silicone models exhibited less resistance than the physiological valves, while

models with calcifications exhibited more resistance.
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Figure 3.5: Pressure-flow relationships measured inside the patient (blue) and as measured

inside the mock circulation including (yellow) or omitting (red) calcifications.
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Figure 3.6: A short axis view of the orifice without calcifications was obtained by inserting

an endoscope inside the aorta, which is connected to a digital DSLRcamera. As flow increases,

leaflets are pushed aside, further increasing the AVA.

Figure 3.6 shows AVA variation under differing haemodynamic loads of an exam-

ple patient. While direct planimetry is inapplicable due to the distorting properties

of the endoscope, increased AVA at higher flow rates is directly visible. This in-

crease in AVA can also be observed in the calcified valves, albeit to a lesser degree

due to the locally increased stiffness.

3.4 Discussion and limitations

Our study showed that the pressure flow relation of 3D printed valves resembled

the actual measured values quite reasonably and that calcification had an increas-

ing effect on the resistance of the aortic valve in all valves.

Since the exact contribution of calcium deposits to leaflet dynamics has not been

investigated extensively, they are not considered in the assessment of AS unless

the patient exhibits”low-flow, low-gradient”AS,with reduced ejection fraction and

without contractile reserve (Falk et al., 2017). Even then, calcium is only scored as a

percentage of covered surface areawithout including location (Pawade et al., 2015).

Clinical practice is mainly focused on potential procedural complications of calci-

fications, such as induced cardiac arrhythmias (Wendler et al., 2013;Johansson

et al., 2011) and paravalvular regurgitation (Bekeredjian et al., 2015;Thielmann

et al., 2017) in TAVI interventions.



48 | Chapter 3. Effects of spatial distribution of calcifications.

In this work, we have shown that calcifications affect the haemodynamic perfor-

mance of the aortic valve, exacerbating the effects of the already present fibrosis

reflected in the moulded thick valve leaflets in our 3D-valves.

The effect of calcifications is strongly dependent on their locations, as indicated by

our results. Patients 9 and 11, where calcifications are positioned more towards

the annulus have similar pressure-flow behaviour, regardless of the physical pres-

ence of the calcium deposits. The morphology of patient 2 was nearly bicuspid,

meaning that the valve was already restrictive regardless of calcium deposits. All

models showed the same sub-linear behaviour as observed clinically, which can

be explained by the increased AVA. This corresponds to other experimental (Mara-

giannis et al., 2015; Blais et al., 2006) and clinical observations (Bache Robert J. et al.,

1971). These observations are important, as they may explain the observations of

Johnson et al., as well as help predict the pressure-flow relationships of a patient

based purely on non-invasive data. However, a key drawback to this approach is

the relatively lowvoxel density of clinical CT images, which are known to lead to an

over-representation of calcified structures (Vliegenthart et al., 2003). Furthermore,

these structures present themselves as solid on CT, while this severely underappre-

ciates the complex microstructure (Warren and Yong, 1997; Bertazzo et al., 2013)

and therefore mechanical contribution of calcifications. However, by considering

the valves both with and without calcifications, we have effectively generated a

lower and upper bound for the pressure-flow behaviour of these stenotic valves.

Predicting the haemodynamic performance of a stenotic aortic valve based on non-

invasive data has become a more prolific research topic in recent years, mostly

using image-based numerical models (Zhu et al., 2018; Youssefi et al., 2017; Weese

et al., 2017; Hoeijmakers et al., 2019). Physical valvemodels have a few advantages

with respect to numerical models. First and foremost is the computational cost

(simulation duration) and complexity, as correctly modelling the dynamic leaflet

behaviour of a stenotic valve would involve modelling fluid-structure interaction,

as well as contact mechanics for the opening and closing behaviour. While this

approach is available in literature (De Hart et al., 2003; Loon, 2010), application

to patient specific geometries is scarce (Nicosia et al., 2003). Current research of

AS mostly assumes a rigid geometry and omits leaflet opening dynamics and com-

pliance of the aortic root. They are therefore also more sensitive to the original

image: if the image is taken when the valve is not fully opened it will result in a

more restrictive valve model. Furthermore, due to the many assumptions in the

numerical model, the physiological beat-to-beat variation might not be captured,

unless the full flow features inside the left ventricle and aorta are included in the

computation (Stijnen, 2004).

However, physical models have their drawbacks. The first and main drawback is

the limitation in material choice of the leaflets, annulus and calcifications.
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Other endeavours in 3Dprinting of stenotic aortic valves (for an overview, see (Tun-

cay and van Ooijen, 2019)) have directly printed their models in a rubberlike ma-

terial, most often Tango (Stratasys, Israel). While valves created from this material

are able to replicate AVA variability under different flow conditions, they lack the

ability to fully replicate valve opening and closing behaviour (Maragiannis et al.,

2015). Injectionmoulding of the valve geometry allowed for the use of softer mate-

rials compared to 3D printing, whichwe believe better represents physiological be-

haviour. However, injectionmoulding poses two issues. Firstly, calcifications need

to be placed inside themouldmanuallywhich could lead to sub-optimal placement.

The placement of our calcifications was examined by placing the cast rubber valve

inside of a µCT100 (Scanco Medical, Switzerland) micro-CT scanner, and compar-

ing the overlap with the original segmentation. However, we think the placement

accuracy to be high enough for our conclusions to remain valid. Secondly, it is

significantly more labour-intensive, ultimately increasing production cost.

Segmentation was performedmanually. Manual segmentation is costly and highly

user dependent. Automatic segmentationmight therefore be preferable. However,

(semi-)automatic segmentation methods of the aortic valve are available in litera-

ture for the main clinical modalities: CT (Zheng et al., 2010; Al et al., 2018; Lalys

et al., 2019), US (Pouch et al., 2013; Dong et al., 2013) and cardiac magnetic res-

onance (Queirós et al., 2019; Bratt et al., 2019; Defrance Carine et al., 2012) are

available.

3.5 Conclusion

In the haemodynamic assessment of aortic stenosis, the effect of calcium deposits

is underappreciated. Using physical valve models based on geometries segmented

from CT images, we were able to replicate the physiological pressure-flow relation-

ships, similar to those presented by the patient. By creating models with and with-

out physical calcifications, we were able to show that local changes in material

properties caused significantly altered haemodynamic behaviour depending on

the location. This means that the geometry and location of calcifications play a sig-

nificant role in valvular behaviour, especially when considering different haemo-

dynamic loads, i.e. rest and exercise. We therefore believe calcifications should

be considered in an earlier stage when assessing AS severity. Although further re-

search is needed, we think image-based physical valve models can be used to help

train clinicians and plan valve replacement procedures.
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Abstract  

Current aortic stenosis severity grading is based mainly on the local properties of 
the stenotic valve, such as pressure gradient or jet velocity. Success rates of valve 
replacement therapy are still suboptimal, so alternative grading of AS should be 
investigated.

We suggest the efficiency of power transfer from the left ventricle to the aorta, 
as it takes into account heart, valve and circulatory system. Left ventricular and 
circulatory power were estimated using a 0D model, which was optimised to patient 
data: left ventricular and aortic pressure, aortic flow and diastolic left ventricular 
volume. 

Optimisation was performed using a data assimilation method. These data were 
available in rest as well as chemically induced exercise for twelve patients. Using 
this limited data set, we showed that aortic valve efficiency is highly heterogeneous 
between patients, but also often dependent on the haemodynamic load. This indicates 
that power transfer efficiency is a highly interesting metric for further research in 
aortic stenosis, such as low-flow, low-gradient cases.
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4.1 Introduction

Aortic stenosis (AS) is a pathological narrowing of the aortic valve, e.g., due to de-

generation causing calcifications or morphological aberrations, such as a bicuspid

valve. This narrowing leads to an increased valvular resistance, requiring an in-

creased LV pressure to achieve the cardiac output required by the rest of the body.

Calcific AS is the most prominent valvular disease, predominantly in the elderly,

with a prevalence of approximately 2.5% in the population over 65 years of age

(Nkomo et al., 2006). Surgical intervention is considered the golden standard for

the treatment of AS (Baumgartner et al., 2017a), although transcatheter aortic valve

implantation (TAVI) has been gaining traction as a minimally invasive alternative

(Durko et al., 2018). With a TAVI procedure, a stented valve is placed over a bal-

loon at the end of a catheter, which is inserted via the groin. The stent is posi-

tioned inside the stenotic valve and the balloon is inflated, fixing the new valve

in place. Since TAVI only requires a small incision in the groin, it makes valve re-

placement therapy viable for patients who are too frail or otherwise ineligible for

surgical intervention. Although TAVI has achieved similar success rates to surgical

intervention (Cahill et al., 2018; Mack et al., 2019; Popma et al., 2019), they are not

yet optimal: up to 20% of patients report similar or even decreased quality of life,

meaning overtreatment poses a significant risk for this group of patients (Ussia

et al., 2019).

Current guidelines for the evaluation of the severity of AS (Baumgartner et al.,

2017a) are based mainly on direct Doppler Ultrasound measurements of the flow

through the stenotic valve (e.g., peak jet velocity) or derived with the simplified

Bernoulli equation (e.g., mean pressure drop). However, these metrics do not fully

capture the effect of the stenotic valve on thewell-being of the patient. For instance,

it is known that even AS graded as severe can remain asymptomatic for long peri-

ods of time (Manning, 2013; Lancellotti et al., 2018). Also, most symptoms occur not

in rest, when measurements take place, but during exercise. Yet, a recent publica-

tion by Johnson et al. (2018) showed that measurements at rest extrapolate poorly

to exercise conditions. This leads us to believe that alternative metrics to quantify

aortic stenosis severity are more appropriate to determine AS severity.

An interesting metric is the aortic valve’s efficiency in transferring power or work

from the left ventricle to the vascular system. The work generated by the LV is

known as stroke work (WLV), defined by the area covered by the pressure-volume

loop of the LV. Rimehaug et al. introduced the cardiac power integral (PWRi), de-

fined as the integral of the instant product of aortic pressure and flow across the

aortic valve, as a proxy for WLV. From here, we will refer to this measure as the

work received by the circulation Wcirc. In an animal study, the authors show that

this metric strongly correlates to WLV in healthy animals without aortic valve ob-

structions, under different flow conditions.



54 | Chapter 4. Model based aortic power transfer.

This suggests that it can serve as a measure for the amount of work that is inserted

into the systemic circulation. By extension, determining WLV and WCirc separately

and combining them allows us to calculate the efficiency of power transfer from

the left ventricle to the circulation through the aortic valve, i.e.

ηAV =
WCirc

WLV
(4.1)

with ηAV the power transfer coefficient of the aortic valve. In healthy subjects ηAV
will equal approximately 1, while in aortic stenosis patients this valuewill decrease

significantly. This power transfer provides a more intuitive and objective metric

than pressure drop or AVA in AS patients, since it is a relative metric, rather than

an absolute measure. This could be of significant interest in a subgroup of severe

aortic stenosis patients, the ”low-flow, low-gradient” patient. This group has a sig-

nificantly reduced aortic valve area, but lacks the cardiac health to generate high

pressure drops. However, they can still lose a significant amount of power gener-

ated by the left ventricle to the aortic valve. Furthermore, examining power trans-

fer allows us to interpret the results of Johnson et al. in a different way. Instead

of examining the pressure-flow relationship under different haemodynamic loads

(e.g., rest and exercise), the difference in power transfer might better describe the

effect of the stenotic valve on a patients haemodynamics. This metric may be able

to differentiate between patients who may benefit from TAVI treatment and those

who may not.

To test this hypothesis, the data from the cohort of Johnson et al. were re-evaluated.

However, this data-set lacks the direct measurements which enable a direct evalu-

ation ofWLV and theWCirc, namely time-series ventricular volume and synchroni-

sation of pressure and flow data. These specific parameters andmissing data must

be estimated via another method to be able to determine ηAV. We chose to esti-

mate missing data using a mathematical 0D model, which consists of a pulmonary

venous pressure, left ventricle, aortic valve and Windkessel afterload. It is based

on Chapter 2, and only requires the clinically available measurements (ventricu-

lar and aortic pressure, aortic valve flow and diastolic volume) to be made patient

specific. It is optimised using an Unscented Kalman filter (UKF), which is a data

assimilation method (Ma et al., 2010).

The aim of this study is to investigate the efficiency of the stenotic aortic valve ηAV
under different haemodynamic loads.



4.2. Methods | 55

4

4.2 Methods

A detailed description of this model and the method of optimisation overview has

been provided in Chapter 2. In this section, we will first describe any relevant

adaptations to the 0D model, data pre-preprocessing and optimisation procedure,

for this research.

4.2.1 Mathematical Model

The original model is described fully in Chapter 2, and the full set of equations can

be found in Appendix 6.3. In short, themodel describes the patient as a set of states,

namely pressures, flows and volumes. To do so, the model consists of a fixed pul-

monary venous pressure as a pre-load, a model of the left ventricle, the (stenotic)

aortic valve and a windkessel afterload (Figure 4.1). We previously assumed that

the pressure-flow relationship of the aortic valve is quadratic, even though publi-

cations have shown this is not always found in patient data (Johnson et al., 2018;

Zelis et al., 2020). Several publications have inferred that this is due to the vari-

ability of the effective orifice area under different haemodynamic loads. Hence,

we re-evaluated the valve model proposed by Mynard et al. (2012). According to

the original publication, the net pressure drop across the aortic valve ∆p can be

approximated by

∆p = BAVqAV|qAV|+ LAV
dqAV
dt

. (4.2)

ppul

MV AV

LV

BAV LAV

Rprox Rdist

Cart

Figure 4.1: The model used to infer missing and synchronisation of data to produce WLV and

WCirc, based on an earlier publication (Meiburg et al., 2020). The pre-load is described as a fixed

pulmonary venous pressure (ppul). The ventricular model relates ventricular volume and via the

stress-stretch behaviour of the myofibre (Bovendeerd et al., 2006). The valve model is based on

Mynard et al. (2012), and is expanded upon below. Finally, aWindkessel model set as an afterload

(Laskey et al., 1995) .
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Figure 4.2: We propose an adaptation of the valve model of Mynard et al.. Left - The annulus

area is no longer fixed but linearly dependent on the forward flow by varying the coefficients

which control the behaviour of annulus area as a function of flow, β0, β1. Right - The variability in

annulus area allows us to closely approximate the full range of observed pressure-flow behaviour,

from quadratic to sublinear.

BAV represents a Bernoulli resistance:

BAV =
ρ

2A2
eff

(4.3)

and LAV blood inertance:

LAV =
ρleff
Aeff

. (4.4)

Here, leff describes the effective length of the orifice. In both equation 4.3 and

4.4, ρ represents the density of blood (ρ = 7.95 · 10-4 cm4 mmHg s-2) and Aeff the

effective orifice area of the aortic valve. The effective orifice area is represented

as a function of the minimum and maximum orifice area Aeff,min, Aeff,max and the

degree of opening of the aortic valve leaflets ζ .

Aeff(t) =
[
Aeff,max(t)−Amin,eff(t)

]
ζ +Aeff,min, (4.5)

where it holds that (0 ≤ ζ ≤ 1). The degree of opening ζ is driven by the pressure

drop across the aortic valve.

dζ

dt
=

{
(1− ζ)KV O(∆p−∆popen) if ∆p > 0

ζKV C(∆p−∆pclose) if ∆p ≤ 0
(4.6)

In the original work ofMynard et al.,Aeff,max is assumed constant, thus omitting the

time-varying term. However, the framework does allow for a variable maximum

orifice area. We therefore propose an adaptation of this valve model, where we

describe the orifice areaAeff as the product of the annulus areaAann and the degree

of opening ζ:

Aeff = Aannζ. (4.7)
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Figure 4.3: Left - US Doppler images were traced manually to find the contours of the flow

curve. Right - The contour is rescaled to correspond to CO measure using thermodilution. Mea-

surement uncertainty of thermodilution cardiac output is approximately approximately 1L, lead-

ing to the following 95% confidence intervals (CI).

We then assume that the annulus area is linearly related to the forward flow, i.e.

Aann(qAV) = β0 + β1qAV. (4.8)

Using this relationship, β0 describes the orifice area at minimal flow, while β1 de-

scribes the relative increase of orifice area as the haemodynamic load increases.

The full rationale and evidence for this assumption can be found in Appendix 6.3.

Assuming no regurgitation (Aeff,min = 0), this transforms eq 4.5 to

Aeff = Aann(qAV)ζ. (4.9)

This formulation allows us to describe the full range of pressure-flow behaviour

as found by Johnson et al., from quadratic to sublinear, as demonstrated in Figure

4.2.

4.2.2 Patient data processing

This section will describe the pre-processing of the raw, clinical data a single ’mea-

surement’ in the time-series format required by the data assimilation method. The

full set of data consist of multiple measurements, made during rest and dobu-

tamine infusion. How these are combined and assimilated simultaneously will

be described in Section 4.2.3.

Aortic valve flows

Flow signals were derived from continuous wave Doppler images and thermodilu-

tion CO measurements using a Swan-Ganz catheter (Figure 4.3). The shape of the

flowwaveform is derived by tracing the Doppler images, which is then rescaled to

correspond with the measured CO.
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Figure 4.4: Invasive pressure data, obtained using a pressure wire inside the LV and in the

aorta. Top - Raw data, obtained clinically. Bottom, left - All pressure curves are collated and

synchronised. From this data, mean and covariance at each timepoint is calculated, as well as

the mean cycle length. Bottom,right - The final LV and aortic pressure, to be incorporated in

the model optimisation.

Left ventricular and aortic pressures

Figure 4.4 shows the pre-processing for pressures obtained in the left ventricle and

aorta via pressure wires. The top graph shows pressures in the LV (blue) and aorta

(red), as measured in situ. Individual cardiac cycles are identified and synchro-

nised in time (bottom left). From this, the mean cycle length is determined. Then,

for each time-point in the cardiac cycle the mean and variance of LV and aortic

pressure are calculated. The minimal variance is assumed to be 2.5 mmHg, which

corresponds to the estimated noise of the pressure-wire.

Left ventricular cavity and wall volumes

During the rest phase, 2D TEE ultrasound images were recorded. Recordings were

imported into Matlab (R2018a, Mathworks USA) and an end-diastolic frame was

manually traced (Figure 4.5). Using Simpsons rule, 2D tracingswere converted into

an estimated 3D LV cavity volume. Most TEE images show a clear end-diastolic vol-

ume, but end-systolic volumes are often not as easily identified. Furthermore, vol-

umes were only measured during rest, not during dobutamine infusion. However,

since pulmonary venous pressure does not vary significantly during dobutamine

infusion, we assume that end diastolic volume remains constant, or at least within

the degree of measurement uncertainty. LV wall volume was obtained from the

CT images, which were segmented manually using Mimics (v18.0, Materialise, Bel-

gium).



4.2. Methods | 59

4
Figure 4.5: Left - Diastolic volume of the LV is estimated using 2D TEE ultrasound images.

Images are imported into Matlab (R2018a, Mathworks, USA). An end-diastolic frame was found

in M-mode, then the LV outline is found by segmenting the image manually. Right - Wall volume

is segmented using Mimics (v18.0, Materialise, Belgium).

Table 4.1: Set of model parameters to personalize the 0D model. Parameters are either

optimised, measured or kept at literature values. Since multiple dobutamine steps are assimi-

lated simultaneously, parameters are that directly govern the shapes of the pressure and flow

waveforms are considered measurement specific while the rest is considered general to the

experiment. Parameters governing the micro-mechanics of the sarcomere fibres are omitted, as

described in Chapter2.

Optimised Measured Literature values
General Specific General Specific General

V0 [mL] cLV [−] VW [mL] T0 [s] BMV,f [mmHg s2 mL−2]
Rprox [mmHg s mL−1] tmax [−] BMV,r [mmHg s2 mL−2]
Rdist [mmHg s mL−1] ppul [mmHg]

Cart [mL mmHg−1]
β0 [cm2]
β1 [cm2 s mL−1]

KV [mmHg−1 s−1]
leff [cm]

4.2.3 Model optimisation

Figure 4.6 shows the workflow for the optimisation of a patient who underwent

4 dobutamine ’steps’, or continuous infusion rates of respectively 0,5,10 and 20

µg/kg/min. First, all data are collated and initial estimates of model parameters

are made, as described in Appendix 6.3 Table 4.1 shows which parameters are as-

sumed specific to each dobutamine step and which are considered general to the

experiment. The initial parameters estimates are used to are needed to initialize

the model.
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Estimates derived from model states
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Figure 4.6: Full Kalman optimisation procedure of a patient undergoing up to 20 µg/kg/min of

dobutamine, as outlined by Johnson et al. (2018). All patient data as described in 4.2.2 are collated,

and initial values of model input parameters are estimated. Then the UKF is applied to all data

simultaneously, as outlined by Pant et al. (2017), producing the most likely values and confidence

intervals of measured data, with the optimal set of model input parameters. From these data both

WLV and WCirc can be derived, along with the power transfer.

Then, all dobutamine steps are assimilated simultaneously, resulting in the set of

most likely model states and optimal parameters, including their uncertainty. Fi-

nally, the most likely states are then used to determine WLV and WCirc, as well as

their ratio, for each dobutamine step.

4.2.4 Power and power transfer calculation

To determine the power generated by the LV (PLV) and received by the circulation

(Pcirc) and the efficiency of the aortic valve, first stroke work generated by the left

ventricleWLV is defined:

WLV =

∫
pLVdVLV =

∫
pLV

dVLV
dt

dt. (4.10)

The work experienced by the circulation is calculated through the cardiac power

integral, as proposed by Rimehaug et al. (2013). The cardiac power integral is de-

fined as the integral of the instantaneous product of the aortic pressure pAo and

flow across the aortic valve qAV:

WCirc =
1

1.16

∫
pAoqAVdt. (4.11)
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Note that a correction coefficient of 1.16 is added, since Rimehaug et al. report

an overestimation of approximately 16% for the WCirc with respect to WLV. For

easy calculation of the uncertainWLV andWCirc, the model was extended such that

pLV
dVLV

dt and pAoqAV were calculated for each time-step, including their respective

uncertainty. Then, as per the definition of power

PLV =WLV/tcycle (4.12)

and

Pcirc =WCirc/tcycle. (4.13)

Finally, the power transfer ηAV is calculated as the ratio of WCirc and SW, as per

equation 4.1.

4.3 Results

Figure 4.7 shows typical results of the Kalman optimisation procedure. Each col-

umn represents a dobutamine step, while each row represents a measurement

type (i.e. volume, pressure or flow). Note that for readability, only a single mea-

surement is shown per dobutamine step, whilst two are recorded and utilised for

optimisation. Patient measurements are shown in red, while optimal Kalman esti-

mates are represented in blue. After optimisation, the Kalman filtered results show

a good agreement with the measurements. This indicates that any inferred data

likely correspond well with the measured data. Figure 4.8 shows the power gener-

ated by the left ventricle (solid) and received by the circulation (dashed), with 95%

confidence intervals. Already, several key observations can be made. For most pa-

tients PLV and PCirc increase as dobutamine infusions increase. This is, however,

not the case for patients 6 and 3, who seem to experience negative effects from the

dobutamine injections. These trends are also already visible in the raw data pre-

sented in the supplementary info of Johnson et al. (2018), especially in the pressure

signals.
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Figure 4.7: Typical results of the Kalman optimisation procedure. Each column represents

a represents a dobutamine step, while each row represents a measurement type (i.e., volume,

pressure or flow). Note that for readability, only a single measurement is shown per dobutamine

step, whilst two are recorded and utilised for optimisation. Measurements and their uncertainty

are represented in red, while Kalman estimates are represented in blue. The results from the

Kalman Filter are estimates of the most likely states, as well as the corresponding uncertainty of

those estimates. These Kalman estimates can be used to infer missing data and synchronisation

in time.
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Figure 4.8: The estimated power generated by the LV (solid) and received by the circulation

(dashed), as defined by equations 4.10-4.13, for each patient. Most patients experience an increase

in PLV and Pcirc as dobutamine infusion increases. Patients 3 and 6 experienced adverse effects

from the dobutamine infusion, leading to a decrease in power rather than increase.
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Figure 4.8 shows the estimated power generated by the LV PLV (solid) and received

by the circulation Pcirc (dashed), as defined by equations 4.10-4.13. As hypothe-

sised, most patients react to dobutamine injections by increasing cardiac power,

although patient 4 seems reasonably unaffected and patients 3 and 6 experience

some adverse effects of the dobutamine infusions. Furthermore, as cardiac power

increases, so does the power in the circulation, regardless of the aortic valve effi-

ciency.

Figure 4.9 shows the estimated power transfer coefficients for all patients, for each

dobutamine step. Most patients exhibit a transfer coefficient of approximately 0.6,

although patient 1 exhibits a significantly higher power transfer at low flow rates

of approximately 0.8, while patients 3 and 7 barely reach 0.5, indicating severe re-

striction of power transfer. Furthermore, power transfer efficiency is not constant,

but flowdependent. Patients 1,7,10,14 showa decreasing efficiency as dobutamine

injections increase, while patients 2,3,5,6 seem to remain relatively stable and pa-

tients 8, 9 and 11 seem to show an increased efficiency. Patient 4 initially shows

a subtle decrease in efficiency until the final dobutamine step, where efficiency

suddenly increases. Furthermore, measurements which deviate more from the

general trend also show a significantly higher degree of uncertainty, such as the

second Restmeasurement in Patient 1 and the D30measurement in Patient 11.
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Figure 4.9: The estimated power transfer ratio, as defined in eq 4.1, including their 95% CI.

Power transfer can be constant (patients 2,3,5,6) or vary with the haemodynamic load. Some

patients show decreasing efficiency (patients 1,7,10,14), while others show increasing efficiency

(patients 8,9,11).



66 | Chapter 4. Model based aortic power transfer.

4.4 Discussion

The aim of this work was to investigate the efficiency of stenotic aortic valves ηAV
under different haemodynamic loads. To do so, we used a 0D model optimised to

patient data from the cohort of Johnson et al. (2018) to calculate the power gen-

erated by the left ventricle PLV and the power inserted into the circulation PCirc.

We found that aortic valve efficiency was heterogeneous, varying between 0.80

and 0.45. Furthermore, aortic valve efficiency is dependent on the haemodynamic

load, with 3/12 showing an increased efficiency, 4/12 showing a constant efficiency

and 4/12 showing a decrease in efficiency of power transfer. When examining the

valve model coefficients β0, β1, it appears valves that are more flexible, i.e., have a

higher β1, will show an increase in efficiency, while the opposite is true for valves

that are less sensitive to flow. An interesting note is that none of the valves included

in this study behaved like the quadratic orifice model commonly used clinically.

Current guidelines for the treatment of aortic stenosis focus mainly on absolute

measures, such as mean pressure drop or peak jet velocity (Baumgartner et al.,

2017a). While these measures might be sufficient for most cases, patients with sig-

nificant comorbidities or otherwise decreased left ventricular function might not

be able to generate these pressures. The recently introduced SAVI (Johnson et al.,

2018; Zelis et al., 2020) aims to circumvent this limitation. SAVI is a metric similar

to the FFR introduced by Pijls et al. (1996), defined by the ratio of left ventricular

to aortic pressure at maximum stress levels. Figure 4.10 shows the relationship

between the power transfer ratio ηAV and the SAVI as reported by Johnson et al.,

both at rest and at maximal dobutamine infusion.
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Figure 4.10: Correlation plots of power transfer ηAV at rest and maximal dobutamine infusion

rate vs the SAVI index, as reported by Johnson et al. (2018). Left - At rest Right - At the maximal

dobutamine infusion rate.



4.4. Discussion | 67

4

In both cases, there is a strong correlation between ηAV, with a Pearson correlation

coefficient of 0.86 and 0.78, respectively. The main difference between the SAVI

and power transfer efficiency is the fact that ηAV is weighted by aortic flow and

may therefore contain more information than the pressure signals by themselves.

Our proposed metric was derived from the work of Rimehaug et al. (2013), who

showed a strong correlation betweenWLV andWCirc in unobstructed aortic valves.

Interestingly, they report the PWR integral overestimates WLV by approximately

16%. They provide two possible causes: the first being a measurement inaccu-

racy and the second being the energy lost by the filling of the ventricle, otherwise

represented as the area below the PV-loop. We believe the first to be unlikely, as

Appendix 6.3 shows that overestimation ofWLV byWCirc is also present in a model

where the aortic valve area is representative of a healthy valve. This is likely due

to the fact that WLV does not account for the work or power provided by the left

circulation and atria during the filling of the LV, which is represented by the area

underneath the PV-loop. For the purposes of this work we assume that this 16%

overestimation is constant - although further research is needed to verify this.

One of the key components of the 0D model is the adaptation of AVA to accom-

modate changing haemodynamic loads. The original model allowed for similar

behaviour, by changing the opening/closing stiffness KV O,KV C and the degree

of stenosis Mst. However, this formulation yielded poor results, with lower

agreement between measurement and model. While our proposed formulation

improved our results, it also has its downsides. By definition, it requires at least

two separate measurements with a significantly different haemodynamic load to

properly describe the linear relationship between Aann and flow. Furthermore,

the linear relationship between orifice area and flow is likely too simplistic. In

reality, the orifice area will likely become significantly sublinear as flows increase,

since it will become more difficult to increase the opening area due to the stiffness

of the leaflets and other surrounding tissue. However, the range of cardiac output

is relatively low in these patients, meaning that within the range presented, the

AVA-flow relationship is predominantly linear.

The UKF has several advantages to traditional model optimisation schemes. First,

due to its formulation, UKF estimates are described in the form of a mean and

covariance, which can easily be interpreted as optimisation uncertainty and prop-

agated when inferring data. Second, the weighting step ensures more confidence

is placed in measurements which have a lower degree of uncertainty, while the

opposite is true for measurements with high uncertainty. Finally, since the UKF is

a sequential estimator it is significantly faster than traditional optimisation algo-

rithms (minutes versus hours). However, this is also its most significant downside,

since sequential estimators require time-series data while clinical data is often al-

ready sparse.
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An interesting extension of this work would be the incorporation of growth and/or

remodellingmodels. Most cardiac growth/remodellingmodels consider the full 3D

geometry (Lee et al., 2016), however, formulations exist for the single fibremodel as

presented here (Kroon et al., 2012; Rondanina and Bovendeerd, 2020). This could

help cliniciansmake their treatment decision not only on the patient’s current state,

but also on the likely progression of the patients cardiac health. Therefore, not only

the choice of treatment type, but also the timing of any possible intervention could

be planned.

Unfortunately, our patient pool is relatively small at twelve patients, especially con-

sidering the relative homogeneity. However, power transfer efficiency is a promis-

ing metric to describe aortic stenosis, especially considering its relationship to a

differing haemodynamic load. For the future research regarding the use of this

metric, it should be applied to a significantly larger, more diverse group of patients,

such as patients with moderate AS or patients with a bicuspid valve. Additional fo-

cus should be placed on outcome measures, to see if it can predict patient benefit.

4.5 Conclusion

In this work, we aimed to investigate the efficiency of power transfer in stenotic

aortic valves as an alternative metric more intuitive in assessing aortic stenosis

severity. While these metrics are theoretically clinically available, they were not

available in our patient cohort. Missing data and signal synchronisation were

therefore estimated using a 0D model and a data assimilation approach. Using

a limited data set, we showed that aortic valve efficiency is highly heterogeneous

between patients, but also often dependent on the haemodynamic load. Since aor-

tic valve efficiency incorporates not only pressure but also flow measurements, it

provides more information in more complex cases, such as low-flow, low gradi-

ent patients. However, due to the small number and homogeneity of this patient

group, we believe power transfer efficiency should be assessed in a larger, more

diverse group of patients to assess clinical usefulness.



  

4.1. Introduction | 53

4.1 Intro ction

Aortic stenosis (AS) is a pathological narrowing of the aortic valve, e.g., due to de-
generation causing calcifications or morphological aberrations, such as a bicuspid

valve. This narrowing leads to an increased valvular resistance, requiring an in-
creased LV pressure to achieve the cardiac output required by the rest of the body.

Calcific AS is the most prominent valvular disease, predominantly in the elderly,

with a prevalence of approximately 2.5% in the population over 65 years of age

(Nkomo et al., 2006). Surgical intervention is considered the golden standard for
the treatment of AS (Baumgartner et al., 2017a), although transcatheter aortic valve
implantation (TAVI) has been gaining traction as a minimally invasive alternative

(Durko et al., 2018). With a TAVI procedure, a stented valve is placed over a bal-

loon at the end of a catheter, which is inserted via the groin. The stent is posi-
tioned inside the stenotic valve and the balloon is inflated, fixing the new valve

in place. Since TAVI only requires a small incision in the groin, it makes valve re-

placement therapy viable for patients who are too frail or otherwise ineligible for

surgical intervention. Although TAVI has achieved similar success rates to surgical

intervention (Cahill et al., 2018; Mack et al., 2019; Popma et al., 2019), they are not
yet optimal: up to 20% of patients report similar or even decreased quality of life,

meaning overtreatment poses a significant risk for this group of patients (Ussia
et al., 2019).

Current guidelines for the evaluation of the severity of AS (Baumgartner et al.,
2017a) are based mainly on direct Doppler Ultrasound measurements of the flow

through the stenotic valve (e.g., peak jet velocity) or derived with the simplified

Bernoulli equation (e.g., mean pressure drop). However, these metrics do not fully

capture the effect of the stenotic valve on thewell-being of the patient. For instance,

it is known that even AS graded as severe can remain asymptomatic for long peri-

ods of time (Manning, 2013; Lancellotti et al., 2018). Also, most symptoms occur not

in rest, when measurements take place, but during exercise. Yet, a recent publica-

tion by Johnson et al. (2018) showed that measurements at rest extrapolate poorly

to exercise conditions. This leads us to believe that alternative metrics to quantify

aortic stenosis severity are more appropriate to determine AS severity.

An interesting metric is the aortic valve’s efficiency in transferring power or work

from the left ventricle to the vascular system. The work generated by the LV is

known as stroke work (WLV), defined by the area covered by the pressure-volume

loop of the LV. Rimehaug et al. introduced the cardiac power integral (PWRi), de-
fined as the integral of the instant product of aortic pressure and flow across the

aortic valve, as a proxy for WLV. From here, we will refer to this measure as the

work received by the circulation Wcirc. In an animal study, the authors show that

this metric strongly correlates to WLV in healthy animals without aortic valve ob-

structions, under different flow conditions.
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Abstract 

Aims:  Pressure loss versus transvalvular flow analysis challenges physiologic
models of current aortic valve stenosis. New conceptual frameworks are needed
to explain these real-world observations.

Methods and Results: A patient-specific, 3D-printed, silicone model of a stenotic 
valve was placed inside an in-vitro haemodynamic model of the circulatory 
system. Instantaneous pressure and flow in the aorta and left ventricle were 
simulated according to measured patient specific parameters. Thereafter, a 
realistic transcatheter aortic valve was implanted (TAVI) in the model. Simulated 
post-TAVI mean pressure gradients resembled patient observations (3.7  0.7 mmHg 
vs 6.7  2.3 mmHg), but pre-TAVI measurements underestimated the pressure 
gradient (35.1  0.6 mmHg vs 45.3  1.5 mmHg).

Conclusions: Patient-specific 3D-printed stenotic aortic valve models could simulate 
baseline haemodynamics. A TAVI procedure was successfully performed on the 3D 
silicone rubber valve in a physiologic in-vitro model. Pre-TAVI haemodynamics 
in the model underestimated in-patient mean pressure gradient, whereas post 
TAVI pressure gradient was predicted correctly with the TAVI valve inside the 3D 
printed model. This study shows that these types of models could be used to study 
AS hemodynamics with the TAVI valve inside the 3D printed model. Improvements 
in the 3D-printed model, like addition of calcification and fine-tuning of the 
haemodynamic model, could further enhance accuracy of the simulation.

Chapter 5. 3D-printed stenotic aortic valve model to simulate TAVI.
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5.1 Introduction

Transcatheter aortic valve implantation (TAVI) has become awell established treat-

ment option for severe aortic valve stenosis (AS) (Falk et al., 2017). Correctly di-

agnosing severe AS, however, can be challenging in several patient subsets. Fur-

thermore, classic physiological models, like the Gorlin equation, on which current

guideline criteria for AS rely, have recently been challenged by pressure versus

flow analyses (Johnson et al., 2018). Conceptual frameworks are needed to ex-

plain these real-world observations in severe native AS and after TAVI. In recent

years, 3D printing has foundmultiple applications in clinical practice and research.

Patient-specific 3D printed silicone aortic valves offer the novel possibility to cus-

tomise diagnosis and predict TAVI benefit. We present a case of a patient-specific

3D printed stenotic aortic valve placed in an in-vitro model that mimics measured

haemodynamics. A TAVI procedure was performed on this printed model to sim-

ulate postintervention haemodynamics and to examine if in-vivo measurements

could be replicated successfully. Potentially this type of physiology-based model

could be used to customise patient care and train operators in TAVI procedures.

5.2 Methods

A patient from the cohort of Johnson et al. (2018) was selected in which pre- and

post-TAVI pressure loss vs. transvalvular flowmeasurementswere performed. The

patient was a 75 year-oldmanwith severe aortic stenosis, good left ventricular (LV)

function, and no other concomitant severe valve disease. As is routine practice,

a computed tomography (CT) scan of the aortic valve and aorta was performed

before TAVI. During the TAVI procedure, continuous pressure loss over the aortic

valve was measured with two high-fidelity pressure wires, one in the left ventricle

and one far above the aortic valve to ensure pressure recovery.

Cardiac output was measured intermittently via a pulmonary artery catheter. Us-

ingMimics (v 18.0, Materialise, Belgium), the CT scanwas used to create a 3Dmesh

of the stenotic aortic valve including calcified leaflets, aortic sinus, and part of the

LV outflow tract. A negative mould was designed in Solidworks (v2017, Dassault

Systèmes, France), and 3D printed using material jetting. The valve was finally cre-

ated by injection moulding of a soft silicone rubber compound (Ecoflex 5, Smooth-

on, USA). The valve was then placed inside a haemodynamic in-vitro model of the

circulatory system as previously described and validated (Schampaert et al., 2014).

The LV model driving the piston-pumps was tuned to patient-specific parameters

including contractility, unloaded LV volume, LVwall volume, contraction time, and

heart rate.
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A B

C D

E F

Figure 5.1: The physical TAVI procedure inside the mock circulatory system, visualised using

a high speed camera positioned inside the artificial aorta. A - The stenotic valve model, in the

closed position. The guidewire for the delivery device is already seen in place. B - The stenotic

valve at maximal opening area, indicating severe stenosis. C - The Edwards SAPIEN III is crimped

on the tip of the delivery device and positioned inside the valve. D - The balloon at the tip of the

delivery device is inflated, expanding the stent and fixing the valve in position. E - The newly

placed SAPIEN III valve. The stenotic leaflets are pushed aside and used to fix the stent in place.

F - The newly placed valve has a significantly larger opening area, restoring aortic valve function.
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Instantaneous aortic and LV pressure, flow over the aortic valve, and left and

right ventricular volumeweremeasured continuously; a high speed camera (Phan-

tom v9.0, Vision Research, Groningen, The Netherlands) positioned in the artificial

aorta filmed the stenotic valve (Figure 5.1). During the experiment, an Edwards

Sapien III valve was positioned in the aortic valve in typical fashion. After increas-

ing the artificial heart rate to 180 beats perminute and lowering the contractility to

simulate rapid pacing as in routine TAVI procedures, the valve was implanted. The

delivery device was retracted from the system after deflation (supplement video).

All data were collected and analysed using off-line software (Matlab 2018b, Math-

works, Natick, MA, USA). Systolic and diastolic LV and aortic pressure were com-

pared with real-life clinical observations (Fig. 5.2). Results are purely descriptive.

5.3 Results

Themeasured datawere averaged over six beats, both in the patient and themodel

(Fig. 5.3). Pre- and post-TAVI mean pressure gradients were 45.3 ± 1.5 mmHg and

6.7 ± 2.3 mmHg for the patient and 35.1 ± 0.6 mmHg and 3.7 ± 0.7 mmHg for the

model. Mean pressure gradients post-TAVI were 6.6 ± 2.2 mmHg and 3.6 ± 0.7

mmHg. Peak aortic to peak LV pressure gradient for the patient was 44.0 ± 0.6

mmHg and 39.5 ± 0.9 mmHg for the model. During simulated rapid pacing the

aortic flow was very low as in real life (see video supplement for full procedure).

After valve implantation the peak-to-peak gradient for the patient was 0.3 ± 0.7

mmHg and 0.8 ± 0.9 mmHg for the model.
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Figure 5.2: Left ventricular and aortic pressure curves from the patient and the model pre-

and post-TAVI.
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Figure 5.3: Model and patient mean pressure gradient, peak-to-peak pressure gradient and

cardiac output measurements pre- and post-TAVI.

Cardiac output measurements were also comparable before (3.2 ± 0.0 model ver-

sus 3.5 L/min observed) and after TAVI (4.0 ± 0.1 versus 3.9 L/min).

5.4 Discussion

Patient-specific 3D-printed valves offer a novel opportunity to simulate baseline

AS haemodynamics and can potentially serve as a physiology-basedmodel to train

TAVI implantation techniques. This is the first case inwhich key patient-specific pa-

rameters are used for a simulated TAVI procedure with real time haemodynamics.

In this case, post-TAVI hemodynamics could be accurately simulated and gave in-

sight into post-TAVI physiology. The circulatorymodel allows formore adjustments

and could potentially be used to simulate low-flow low-gradient AS or concomitant

valve disease like mitral regurgitation in future studies.

In our model, pre-TAVI measurements underestimated the mean pressure gradi-

ent and the peak-to-peak gradient compared to the inpatientmeasurements. These

pre-TAVI differences between patient and model might first be explained by limi-

tations in the 3D printing of the stenotic aortic valve and/or from inaccurate model

parameters or from tuning the model. Calcifications in real stenotic valves consist

of a dense material containing calcium, whereas in the model valve these calci-

fications were represented geometrically only, using softer material (silicone rub-

ber). This difference in material properties can potentially influence aortic valve

opening area during the cardiac cycles, and therefore influence flow patterns and

pressure gradient across the valve, as well as TAVI deployment success.



5.5. Limitations | 77

5

In a previous study, patient specific 3D-printed stenotic aortic valves were used to

measure echocardiographic gradients (Maragiannis et al., 2015). However, these

valves were printed in an open state, using a stiff material. Accurate physiology

modelling requires true leaflet movement to reproduce observed flow patterns.

Ours is also the first case in which several patient specific parameters are used

for a simulated TAVI procedure with real time haemodynamics.

5.5 Limitations

As of this moment this is a single case study and the 3D printed valve was com-

pletely made of silicone. Calcification could be printed more realistic using other

material andmight improve haemodynamic simulation and TAVI deployment. Car-

diac output was simulated accurately, however, in this instance not increased yet

to fully compare the pressure versus flow relationships found by Johnson et al..

5.6 Conclusion

The patient-specific 3D-printed stenotic aortic valve reproduced baseline gradient

and cardiac output reasonably. A TAVI procedure was successfully performed

on a 3D printed stenotic aortic valve inside an in-vitro model. This study

shows that these types of models could be used to study AS hemodynamics.

Pre-TAVI measurements could be improved with more realistic printed cal-

cifications. Future studies should deploy different patient valves, improve

material properties and also include e.g., simulation of dobutamine-induced

aortic flow increase to produce stenosis-specific pressure loss versus transvalvu-

lar flow curves. Supplementary data to this chapter can be found online at

https://doi.org/10.1016/j.ijcard.2020.04.087.
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6.1 Motivation and main findings

Current metrics in the assessment of aortic stenosis severity are based on models

of valve behaviour which are outdated (Gorlin and Gorlin, 1951; Cohen and Gor-

lin, 1972), unverified for stenotic valves and challenged by current research. Fur-

thermore, the main determinants - pressure drop and jet velocity - are highly de-

pendent on a well functioning left ventricle. Finally, guidelines characterise valve

performance at rest, while most symptoms occur during exercise. Therefore, this

thesis concerns itselfwith the finding of alternativemeasures for the grading of aor-

tic stenosis severity, using both mathematical and physical models. Furthermore,

we aimed to incorporate measurement and model uncertainty when calculating

these alternative measures, as it allows clinicians to fairly weight their informa-

tion during the clinical decision process.

To find alternative model-based measures for the grading of AS severity, several

key aspects must be considered in the development of the mathematical model on

which they are based.

1. Purpose - does the model provide information which is relevant to the end-

user?

2. Model response accuracy - howwell does the model describe the underlying

mechanics of AS patient haemodynamics?

3. Model complexity - how many model input parameters are required to tune

the model to reflect a specific patient and, more importantly, is it possible to

find all these parameterswithin reasonable accuracywith the data available?

4. Computational cost - is it possible to apply this model within clinical time-

frames?

While the first point seems trivial and is not directly the topic of this thesis, it is

an important and ongoing issue. The field of (patient-specific) cardiovascular mod-

elling is evermaturing, and is capable of computingmany outputs of interest (Hose

et al., 2019; Niederer et al., 2019; Kassab and Guccione, 2019). However, personal

experience shows there is still a great divide between engineers and clinical prac-

tice. For example, during a regular meeting between engineers and clinical part-

ners, a list of model outputs of interest was devised, at the top of which was proce-

dural death, which is an unlikely output for a 0D model. Conversely, there are still

many engineers applying models to clinical problems without a true understand-

ing of the physiological relevance or clinical application. Webelieve the biomedical

engineering community should be more aware of this issue, and refer the readers

to Huberts et al. (2018) for additional reading on the topic.
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Figure 6.1: An elephant, fitted using only four parameters, with a fifth parameter wiggling

its trunk. While the quote by John von Neumann provides an interesting anecdote, it teaches

an important value about patient specific modelling:as model complexity increases it becomes

easier to produce an arbitrary outcome.

For the remaining questions, evidently an optimal trade-off must be found. In this

thesis, themain interest is finding an alternative grading of AS, which takes into ac-

count not just the local properties of the stenotic valve, but characterises the AS pa-

tient as awhole, as AS is a disease of the valve andmyocardium (Dweck et al., 2012).

In this work, we are interested in global haemodynamic parameters of a patient,

and as such there is no need for complex 3D computational fluid dynamics (CFD)

or fluid structure interaction (FSI) models, and instead a 0D modelling approach is

suitable. Using 0Dmodels has several advantages: they are computationally cheap

(often converging in seconds), robust and have been used extensively in research,

meaning model the model is easily extended or simplified. Based on the limited

data clinically available, we chose for aminimal 0Dmodel in this thesis, comprised

of the three main components in AS: the LV, aortic valve and systemic circulation.

Using this approach, we can not only describe the behaviour of the stenotic valve,

but also the cardiac health and the response of the circulatory system. While these

do not explicitly describe any comorbidities the patient may have (e.g. hyperten-

sion or coronary heart disease), we believe that by optimising the model to patient

data we implicitly account for their impact on a patients haemodynamics.

The choice for a 0D model has its disadvantages. One particular disadvantage is

that most model parameters are not directly measurable, but instead need to be

learned via some optimisation procedure. This presents several challenges, espe-

cially with regard to the data available, which are noisy and sparse. This means

that the model cannot be too complex, so as to reduce the risk of overfitting. This

aspect is summarised well by American mathematician John von Neumann, who

was quoted as early as 1953 (Dyson, 2004), saying:

”Give me four parameters, and I can fit an elephant. Give me five, and I can wiggle its

trunk”,

which means, paraphrasing, as model complexity increases it is easy to fit mea-

sured noise as if it were real data.
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This in turn means that it is easier for a more complex model to produce any arbi-

trary outcome. Although not directly relevant to this thesis, we would like to note

that von Neumann was, in fact, correct (Mayer et al., 2010). His trunk-wiggling

elephant is shown in Figure 6.1.

In Chapter 2, we have therefore made a significant effort to overcome these is-

sues. By designing three in silico, feasible data-sets with measurements theoreti-

cally available in our clinical cohort, we were able to determine a few components

vital for the rest of this thesis. The first is that it is possible to find the true set

of input parameters for this formulation of the 0D model, using only these data.

The second is that, by using a data assimilation approach, we were able to esti-

mate the uncertainty of the optimised model input parameters. Furthermore, not

unimportantly, we were able to do so significantly faster than using other, tradi-

tional optimisation methods. Finally, we were able to show that these uncertain

input parameters can be propagated using an agPCE method to produce uncer-

tain model predictions. As such we have covered questions 3 and 4 posed earlier,

this model is not too complex to personalise, and can be personalised in clinical

timeframes. However, we did not yet answer question 2 - does it describe the un-

derylingmechanics. This chaptermade a significant assumption - the behaviour of

the stenotic valve itself. We assumed a quadratic Bernoulli-type pressure-flow re-

lationship, while the patient cohort of Johnson et al. has decidedly shown that this

assumption was unlikely to be true. An extension of the valve model was there-

fore necessary to be able to describe patient haemodynamics at rest and during

exercise.

Chapter 3 provided more insight into the behaviour of stenotic valves under dif-

ferent haemodynamic loads. Figure 3.6 shows that stenotic leaflets are likely still

deformable enough that fixed orificemodels are an unrealistic description for their

local behaviour. Instead, as the haemodynamic load increases, the leaflets and

LVOT are deformed such that the effective valve resistance decreases. This degree

of deformation is patient specific and likely dependent on multiple factors, most

notably the geometry and material properties of the leaflets, annulus and LVOT. In

this chapter, we focused on the local material properties of the leaflets and aortic

annulus, i.e., the calcifications. The flexural rigidity, i.e., the resistance to bending,

is proportional to the thickness of the leaflets to the third power, while only lin-

early proportional to stiffness. Healthy leaflets of humans > 60 years of age are

approximately 1.5 mm (Sahasakul et al., 1988), while patients in our cohort pre-

sented leaflet thicknesses of up to 6 mm, i.e. a 4-fold increase of thickness, mean-

ing flexural rigidity increases 16-fold due to thickness alone. However, the Young’s

modulus of stenotic leaflets is approximately 1.5 MPa (Hasan et al., 2014), while

the Young’s modulus of (arterial) calcium is between 1-25 GPa (Kot et al., 2011), in-

creasing flexural rigidity by 3 orders of magnitude. As such, it makes sense that

including physical calcifications would alter locally, which will in turn alter the

haemodynamic performance of the valve.
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Ultimately, the goal is to generate an accurate estimate of the local and global

haemodynamic behaviour of a stenotic valve using images alone. Research on

this topic has been done with both with mathematical (Nicosia et al., 2003; Loon,

2010; Hoeijmakers et al., 2019) and physical models (Maragiannis et al., 2015; Vu-

kicevic et al., 2017; Haghiashtiani et al., 2020), but as of yet, the complex, dynamic

behaviour of the stenotic valve has not yet been succesfully replicated. However,

we believe that the results of this chapter suggest that it may be possible, consid-

ering the continuous improvements in clinical imaging modalities, computational

power and 3D printing techniques.

The finding of the variable aortic valve area was vital in the description of rest and

exercise haemodynamics using the same 0D model in Chapter 4. This allowed

us to assimilate all measurements simultaneously, improving estimates compared

to assimilating all measurements separately. This, in turn, allowed for a better

estimate of cardiac and circulatory power, and power transfer efficiency.

Cardiac power is a well-known and powerful cardiac metric, and has been linked

to mortality in patients with cardiac infarction (Macas et al., 2010), heart failure

(Tan, 1986; Williams et al., 2001; Bain et al., 1990). In fact, at least one study has

shown that cardiac power (CPO) < 0.6W is associated with increased risk of mor-

tality (Yildiz et al., 2017). Assuming these patients did not suffer significant aor-

tic stenosis, this means that patients experiencing a circulatory power of < 0.6W

would be associated with increased mortality risk. This finding would change the

reasoning behind AS grading. First, the power received by the circulation is graded.

If deemed insufficient, the power generated by the LV should be examined, and to

which extent the aortic valve is preventing the generated power from entering the

circulatory system. Furthermore, this chapter provides an interesting new view-

point on the findings of Johnson et al. and Zelis et al. - how these non-trivial pres-

sure flow relations influence the over-all haemodynamics of the patient. Finally,

thismetric could also be extended tomitral insufficiency, since a significant portion

of power generated by the LVwill be transferred back to the pulmonary circulation

rather than the systemic circulation.

While these findings are exciting, they do require clinical validation. Ideally, this

would be done in a study which combines key aspects of Rimehaug et al. and John-

son et al.. Similar to the work of Rimehaug et al., stroke work can be measured

using a conductance catheter placed inside the left ventricle, aortic flow using a

transit time flow meter in the aorta, and pressures in the left ventricle and aorta

using pressure wires. Then, the protocol of Johnson et al., using dobutamine infu-

sion rates to induce exercise could be used to determine cardiac and circulatory

power at different haemodynamic loads. Ideally, data would be synchronised in

time.
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Applying this protocol to the whole spectrum of aortic stenosis patients: young,

healthy patients with congenital aortic valve defects; older, healthy calcific AS and

even ”low-flow low-gradient” patients would significantly deepen our understand-

ing of the effects of aortic stenosis on the overall haemodynamic performance of a

patient. Perhaps then, this framework could be applied to clinical practice in com-

plex patients forwhom clinical guidelines are unclear. Currently, the need for inva-

sive data is a significant downside of our work. However, alternative non-invasive

measurements might also be of interest. For instance, Seemann et al. were able to

replicate the pressure-volume loops of porcine hearts, using cardiacmagnetic reso-

nance (CMR) and brachial pressures. Assuming that the pressure-flow relationship

of a stenotic aortic valve could be derived from images alone, this could be enough

information to estimate cardiac power and the circulatory power. Considering the

advances in 4D ultrasound (Rutledge et al., 2020), CMR measurements could be

replaced by echocardiography, increasing feasibility of clinical implementation.

Finally, in Chapter 5, the knowledge of all previous chapters is combined to form

a patient specific, physical model of an aortic stenosis, capable of replicating pre-

, intra- and post-intervention haemodynamics. While the incorporation of these

physical valves into clinical workflow is unlikely in the near future, we believe

this chapter shows the applicability of physical valves as a teaching tool. Creat-

ing physical valves creates a more hands-on teaching tool compared to 2D images,

commonly available during clinical procedures. It allows the clinician to physi-

cally manipulate individual components, feel the physical resistance of a leaflet

to opening and more. Furthermore, incorporating the mock circulatory system al-

lows clinician not only to train the TAVI procedure, but also experience the effects

of common procedural problems, such as paravalvular regurgitation and its effects

on the global haemodynamics of a patient.

6.2 Future Work

6.2.1 Recommendations for a follow-up study

All data of this thesis were obtained during the so-called AoS-Stress study, which

we have cited frequently (Johnson et al., 2018). This study provided a significant

amount of data unavailable elsewhere and this thesis would have been signifi-

cantly different without it. However, it is clear that it was not designed with the

work of this thesis inmind. Fortunately, due to its success, a follow-up has been pro-

posed and approved: the SAVI-AoS study (Tonino, 2020). This study will consider

100 moderate AS patients without severe concomitant valve disease, and will in-

clude the same data as the AoS-study, as well information on non-haemodynamic

performance, such as a quality of life questionnaire and a 6-minute walk test. We

believe this could be a significant contribution to the field of cardiacmodelling, as it

may allow for amore explicit link from haemodynamic models to patient outcome.
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However, we feel a few aspects of the study are perhaps underappreciated, and

could ideally be expanded upon. First and foremost would be data synchroniza-

tion during acquisition. One of the major challenges of this work was the recon-

struction of a single beat during eachmeasuring step, including allmeasured signal

types: pressure, flow and volume. This increased the uncertainty of the measure-

ments, especially when beat-to-beat variation is high. While our mathematical

framework was designed specifically to handle this measurement uncertainty, it

may hide model framework error (i.e., the inability of the model to accurately de-

scribe the underlying physical phenomenon) asmeasurement uncertainty, placing

unwarranted confidence in the model. The solution for this would be relatively

simple: keeping a log of all measurements. This was already partly in place - the

timing of thermodilution measurements were synchronized to pressure measure-

ments. Secondly, model outcomewould improve significantly with improvedmea-

surements of ventricular cavity volume. In its current form, a significant portion

of the 0D model is based mostly on the CT-based estimate of the wall volume and

a single cavity volume estimate, based on 2D US images. Ideally, this would be

expanded to three-dimensional, time-series data, obtained during dobutamine in-

fusion as well as rest.

Finally, the load-dependency of aortic valve area should be investigated further. It

is already hesitantly accepted that stenotic aortic valves do not behave like a fixed

orifice, albeit not explicitly. In a specific patient subgroup (AVA < 1.0cm2, ∆pmean

< 40 mmHg, EF < 50%, SVi ≤ 35 mL/m2), echocardiographic assessment during

dobutamine infusion is advised, which they label ’flow normalization’ (Baumgart-

ner et al., 2017a). If during dobutamine infusion the AVA exceeds 1.0 cm2, it is

referred to as pseudosevere AS. However, as far as the author is aware, AVA vari-

ability has not yet been explicitlymeasured in patients. Wewould therefore recom-

mend that at least an ultrasound based estimate of the AVA is recorded during each

dobutamine infusion step. However, as stated earlier in this thesis, ideally valve

deformation due to haemodynamic load would be estimated using non-invasive

measures only. Therefore, a full 3D image of the aortic valve in an open position,

LVOT and aortic root should be available during each dobutamine infusion step.

These images could then be segmented and used to both validate our findings, as

well as help understand the underlying mechanisms. Chapter 4 suggests leaflet

deformation, leading to an increased geometrical orifice area is a large contribu-

tor to the increase in valve area. Additionally, the valve morphology could change

from flat to a dome-shape, decreasing the resistance without changing the geomet-

ric orifice area (Gilon et al., 2002). Finally, stretching of the aortic annulus might

increase the space between the leaflets. Finally, these results should be compared

to information available without invasive measurements, at rest, such as calcium

load and distributions to find predictors of valvular behaviour.
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Figure 6.2: Schematic overview of LVremodelling and ultimately decompensation due to

AS. Increased cardiac afterload induces cellular hypertrophy to maintain wall stress. Over time,

diffuse fibrosis occurs which devolves into replacement fibrosis. Eventually, this will lead to heart

failure and ultimately, death. Adapted from (Bing et al., 2019).

6.2.2 Growth/Remodelling for intervention timing

One of the major components of treatment of AS is not necessarily the choice of

intervention, but rather the timing of intervention (Rassi et al., 2014). Figure 1.3

shows the survival rates of AS patients, which remain relatively stable until the

onset of severe symptoms, after which life expectancy declines rapidly (Carabello

and Paulus, 2009). This is mostly due to the hypertrophic adaptation/remodelling

of the left ventricle in response to the additional load (Dweck et al., 2012;Carabello

Blase A., 2013). A schematic overview of this process is shown in Figure 6.2. The

increased afterload leads to cellular hypertrophy, which maintains wall stress and

left ventricular performance (Bing et al., 2019). Over time, diffuse fibrosis occurs,

which eventually devolves into replacement fibrosis, leading to heart failure and

eventually, death (Carabello and Paulus, 2009).

Studies have shown that remodelling may occur post-intervention (Rassi et al.,

2014;Treibel et al., 2018), and can be either adverse or beneficial. It is dependent

on a number of variables, although haemodynamic load seems to be the main de-

terminant (Villa et al., 2006). This is favourable, as it suggests that post-operative

remodelling can be predicted using generic growth/remodelling laws with mini-

mal personalisation required. A publication from our own group is of significant

interest, as it utilises the same 0D formulation for the left ventricle and has shown

to lead to physiologically realistic growth/remodelling predictions, although it lacks

clinical validation (Rondanina and Bovendeerd, 2020). Furthermore, it likely does

not capture the effect of fibrosis, while myocardial fibrosis has major functional

consequences.



88 | Chapter 6. General discussion

It is the key pathological process driving left ventricular decompensation (Bing

et al., 2019), and only diffuse fibrosis is thought to be reversible (Puls et al., 2020).

Including fibrosis will clearly increase computational complexity, especially if re-

placement fibrosis is considered, since it is a local phenomenon which cannot be

captured effectively in a 0D model. Nevertheless, 0D growth/remodelling laws

could perhaps be used in the research of AS hypertrophy progression, for instance

predicting the onset of diffuse fibrosis and other milestones of irreversible remod-

elling (Yarbrough et al., 2012). However, more research is required before cardiac

growth/remodelling laws are clinically viable.

6.2.3 3D printing - current and future usage

The increasing availability and decreasing cost of 3D-printing and rapid prototyp-

ing has made the creation of physical models a viable approach in the research

of aortic stenosis (Tuncay and van Ooijen, 2019). Physical valves currently have

several advantages over numerical models. Since 3D-printed valves are tangible

objects, they are readily applicable in clinical training (Abdel-Sayed et al., 2009;

Vukicevic et al., 2017; Boll et al., 2019) and pre-procedural planning (Fujita et al.,

2015, 2017; Ripley et al., 2016) as well as device testing (Biglino et al., 2013; Abbasi,

2019). Furthermore, while the initial cost of the creation of a physical valve ex-

ceeds that of a numerical model, performing experiments is relatively quick and

inexpensive. Other research has shown 3D-printed valves were also able to repli-

cate patient haemodynamics under different flow-conditions (Maragiannis et al.,

2015), making it a viable alternative for numerical methods.

However, functional 3D printed models suffer from two significant disadvantages:

material properties and resolution. Most researchwith regard to 3D printing of car-

diac material is done using a polymer jetting approach with a rubber-like material

(Boll et al., 2019), which lacks the non-linear, anisotropicmaterial properties associ-

ated with biological tissues. Composite inks and multi-material printing methods

are an area of extensive research (Zhou et al., 2020), but are not yet developed

enough to fully mimic tissue properties, although recent advances are showing

promising results (Haghiashtiani et al., 2020). As such, we believe that 3D printed

models are a viable strategy in all aspects of stenosis treatment, from diagnosis and

treatment planning to operator training.

6.3 General conclusion

Valvular disease, andmost prominently aortic stenosis, is an increasing burden on

healthcare in Western society due to an ageing population. Transcatheter aortic

valve implantation is a promising, minimally invasive technique for surgical valve

replacement, since it is significantly less taxing for the patient.
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However, it has significantly broadened the range of patients, who would other-

wise be ineligible for valvular replacement therapy. While this is a beneficial de-

velopment, correctly diagnosing AS and predicting for this group of patients, i.e.,

elderly patients with one ormore comorbidities, is a challenge. We believe that, for

these hard to diagnose patients, it is becoming increasingly clear that traditional

statistics-based guidelines are insufficient and patient-specific treatment criteria,

which take into account more than the local valve behaviour, should be investi-

gated. The results of this indicate that a new, patient-specific criterium should at

least include two components: the variability of the aortic valve area under dif-

ferent haemodynamic loads, and a description of the stenotic valve on the entire

cardiovascular system.

This thesis shows that it might be possible to determine the variability of the aortic

valve area using only the geometry of the valve and the calciumdeposits, especially

as the quality of imaging modalities is increasing, as well as advances in computa-

tional power and 3D printing possibilities.

To achieve the second component, we introduced the power transfer coefficient

as an alternative metric for grading of AS. This metric has the potential to pro-

vide much needed additional information in complex patients, for whom current

guidelines are inadequate. Rather than assessing only the local properties of the

valve, their behaviour with respect to the entire cardiovascular system should be

examined - to which extent does the stenotic valve prevent the circulation from re-

ceiving the blood-flow it requires and will this be resolved if the valve is replaced?

With this approach, we hope to shift the paradigm of aortic stenosis severity grad-

ing. Finally, we hope that this work will contribute to making model prediction

uncertainty standard practice.
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Appendix

A. Full model and set of equations

The full set of model states is given by

x = [pLV pAo VLV qMV qAV VC qper Aeff Aann ζ]
T (A.1)

The model is solved using a Newton-Raphson method with a fixed time-step of 1

ms.

LV volume-pressure:

pLV = fsf (VLV,
dVLV
dt

, t, c, tmax, VW) (A.2)

LV volume change
dVLV
dt

= qMV − qAV (A.3)

Mitral Valve flow:

ppul − pLV = BMVqMV|qMV| (A.4)

Aortic Valve flow

pLV − VC
Cart

=
ρ

2A2
eff

qAV|qAV|+
ρleff
Aeff

dqAV
dt

+RproxqAV (A.5)

Aortic annulus size as function of flow:

Aann = β0 + β1qAV (A.6)

Leaflet opening area:

dζ

dt
=

{
(1− ζ)KV∆p if ∆p > 0

ζKV∆p if ∆p ≤ 0
(A.7)
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Effective orifice area:

Aeff = Aannζ (A.8)

Compliance volume change:
dVC
dt

= qAV − qper (A.9)

Flow to the peripheral circulation:

qper =
VC
Cart

Rdist (A.10)

B. Bernoulli Area vs flow

According to Bernoulli’s principle, the pressure-flow relationship of an orifice with

a fixed area is given by:

∆p = BAVqAV|qAV|. (B.1)

According to Mynard et al. (2012) the following relation between aortic valve area

and valvular resistance BAV exists:

BAV =
ρ

2A2
eff

, (B.2)

with ρ = 1.06g/mL the density of blood. Combining the previous equations leads to

to the following relationship between the orifice area Aeff, pressure gradient and

flow:

Aeff =

√
ρ

2∆p
qAV (B.3)

Plotting the calculated AVA versus the mean flow reveals patient data follows an

approximately linear relationship, as explained in eq B.3. Note that the linear fit

does not necessarily go through the origin. This can be explained by the fact that

patient measurements are at maximal opening area, i.e. ζ = 1. As aortic flow/pres-

sure reach zero, leaflets begin to close (ζ → 0), and the total valve area reaches

0.
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Figure B.1: Linear fits of aortic valve area as described in equation B.3.

C. Initial parameter estimates

Initial estimates for parameter values are performed in the following sequence,

for each measured cardiac cycle. Parameters which are considered general as de-

scribed in Table 4.1 are combined in the form of a mean estimate.

Direct measurements

First, cycle length T0 is estimated during the data collation procedure, as described

in Section 4.2.2. Wall volume VW was obtained by segmenting the LV wall from CT

images of the patient.
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Figure C.1: Approximation of the pressure waveform, using a least-squares approach.

General estimates
Ventricular activation and pulmonary venous pressure

The LV pressure signal is used to determine the duration of contraction and pul-

monary venous pressure. We assume that the left ventricular pressure signal can

be approximated using a squared sine and a ’flat’ region:

pLV ≈


0 if t < 0

(pmax − ppul)sin
(

t
tmax T0

)2
+ ppul if 0 ≤ t ≤ tmax

0 if t > tmax

. (C.1)

Using least-squares approach, this function is then optimized to best represent the

LV pressure waveform (Fig C.1)

Unloaded Cavity Volume and contractility

The relationship between LV pressure and volume is given by

pLV =
1

3

(
σa,f + σp,f − σr

)
ln

(
1 +

VW
VLV

)
, (C.2)

with σr the stress in the radial direction and σa,f , σp,f the active and passive stress

in the fibre direction, respectively. Cavity volume is measured at end diastole,

meaning that the active stress equals 0. Assuming end-diastolic pressure is equal

to pulmonary venous pressure leads to an initial estimate of V0.

Contractility c scales the left ventricular pressure waveform. The initial value is

estimated using by assuming maximal LV pressure can be found during contrac-

tion, but before ejection, meaning in the following values in equation A.2 to find

an estimate for maximal ventricular pressure:



p̃LV,max = fsf

(
VLV = VLV,dia,

dVLV
dt

= 0, c, t = 0.5tmax, VW

)
(C.3)

and tuning c to match the measured pLV.

Windkessel parameters

The total Windkessel resistance Rtot can be estimated by the ratio of mean aortic

pressure MAP and cardiac output CO,

Rtot =
MAP

CO
, (C.4)

and assuming a ratio of 1:9 for proximal to distal resistance:

Rprox = 0.1Rtot, Rdist = 0.9Rtot. (C.5)

The total arterial compliance is then estimated assuming the exponential decay of

the aortic pressure is found as

pAo,min = pAo,max exp

(
−τ

RtotCart

)
(C.6)

with τ the time between the maximal and minimal aortic pressure.

Valve parameters

The parameters governing orifice behaviour are fit directly to the AVA-flow rela-

tionship as described in 6.3.

D. Overestimation of SW by PWRi

We have made an example using a generalised model, assuming a healthy valve,

using the parameters given in Table D.1. Figure D.1 shows the general results. On

the left, the pressure waveforms of the LV and aorta are given. Given the low pres-

sure gradient, this would indicate that the power ratio η ≤ 1. In the middle, the

PV-loop and the area (i.e. stroke work) are shown, as well as the area underneath

the PV-loop, which represents the work of filling the LV. On the right, the PWRi is

shown. These results show that the PWRi overestimates SW by 0.05J, or approxi-

mately 5%. Considering this is a model - no measurement inaccuracy exists - the

overestimation of SW is inherent to its description. However, it also does not fully

correspond to the area underneath the PV-loop. We have therefore chosen to fol-

low themeasured data of Rimehaug et al., who showed a consistent overestimation
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Table D.1: Parameter values for a generic model to demonstrate the overestimation of SW by

PWRi
Parameter Value Units

T0 0.9 [s]
tmax 0.6 [-]
VW 240 [mL]
V0 60 [mL]
c 1.3 [-]
Rprox 0.05 [mmHg s mL−1]
Rdist 0.8 [mmHg s mL−1]

Cart 1 [mL mmHg−1]
ppul 8 [mL]
β0 4 [cm2]
β1 0 [cm2 s mL−1]
leff 3 [cm]

KV 133 [mmHg−1 s−1]
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Figure D.1: Resulting haemodynamics from an example model, parameter values are given

in Table D.1. Left - pressure waveforms of the left ventricle and aorta, with mean and maximal

pressure gradient. Middle - PV-loop, and area underneath the PV loop, which represents the

work of the pulmonary circulation. Right - the PWR integral.

of 16% in multiple animal models. However, the discrepancy between PWRi and

SW should be investigated further.
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