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Translational Cardiovascular Modeling:
Tetralogy of Fallot and Modeling of Diseases

Radomír Chabiniok, Kateřina Škardová, Radek Galabov, Pavel Eichler, Maria
Gusseva, Jan Janoušek, Radek Fučík, Jaroslav Tintěra, Tomáš Oberhuber, Tarique
Hussain

Abstract Translational cardiovascular modeling (TCM) combines clinical data with
physiologically and biophysically based models of the heart, vessels or circulation,
while aiming to contribute to diagnosis or optimal clinical management. Models
of heart mechanics and electromechanical models are applicable when assessing
ventricular function, contributing to planning of optimal intervention. During a pe-
rioperative period or acute exacerbation of heart failure, close to real time running
models can be coupled with signals monitoring cardiovascular physiology. Blood
flow assessed by combining phase contrast magnetic resonance imaging with flow
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models can contribute to the decision about a possible intervention e.g. on heart
valves or large vessels. Furthermore, advanced imaging and image processing con-
strained by biophysical models allows for the study of distinct patterns, which could
contribute to early detection or mapping a disease progress. In this chapter we
demonstrate applicability of some TCM methods on tetralogy of Fallot (TOF) –
the most common cyanotic congenital heart disease. A number of already existing
modeling techniques can be applied on the cohort of TOF. Likewise, some novel
techniques developed specifically for the group of TOF patients could serve in some
other pathologies. This whole approach leads to an acronym TOFMOD, standing for
Tetralogy of Fallot and Modeling of Diseases.
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1 Introduction

Translational cardiovascular modeling (TCM) plays a crucial role in extending high-
fidelity engineering models into real-life clinical applications. It represents a novel
multi-disciplinary approach, which brings the opportunity to address clinical prob-
lems not sufficiently solved by current techniques and contributes into advancing
healthcare of pathologies involving cardiovascular system. As reviewed in [1], the
components of TCM are: (1) physiologically and biophysically based models of the
heart, flow in vessels or circulation; (2) acquisition and processing pipelines for
clinical data; (3) means of creation of personalized models (i.e. model-data fusion);
and (4) translation of patient-specific modeling into patient care, contributing to
diagnosis or optimal clinical management.

We will present TCM through the application into one particular disease named
tetralogy of Fallot (TOF). TOF is a disease, for which several TCM techniques can be
combined: for instance, assessment of myocardial functional state can be performed
by employing models of heart mechanics; planning of cardiac resynchronization
therapy can be assisted by using electromechanical heart models; advanced imaging
and image processing constrained by biophysical models allow to study distinct
patterns in TOF patients; and assessment of narrowing of a pulmonary artery branch
and possible indication for an intervention (e.g. stenting) can be facilitated by using
large-vessel flow models. This chapter presents some of these techniques.

1.1 Tetralogy of Fallot

Tetralogy of Fallot is a common congenital heart disease. It accounts for 7-10% of
all congenital heart diseases. If untreated, it would lead to death in infancy. During
the embryologic phase, the aorticopulmonary septum (dividing the cardiac outflow
channel into aortic and pulmonary outflows [2]) is deviated anteriorly causing the two
outflow arteries – pulmonary artery (PA) and aorta (from the right and left ventricle,
respectively) – to be of different size (narrower PA and wider proximal aorta). As
depicted in Fig. 1(b), this causes (1) narrowing of the right ventricular outflow
tract (RVOT) and PA; (2) the aorta overriding both left and right ventricular outflow
tracts (therefore blood from both ventricles can enter the aorta); (3) ventricular septal
defect (VSD); and (4) hypertrophy of the right ventricle (RV), which compensates the
RV working against high afterload (due to the stenosed RVOT). Additionally, TOF
patients often suffer fromother associated defects, out ofwhich stenosis of a branch of
the PA (left or right pulmonary artery, LPA, RPA) is common. Mixing of oxygenated
and deoxygenated blood entering the aorta from the LV and RV, respectively, causes
a typical bluish color of the skin, the so-called cyanosis, and TOF represents the
most common cyanotic congenital heart disease. The four classical symptoms of
this blue baby syndrome (la maladie bleue) were described by the French physician
Etienne-Louis Arthur Fallot in 1888 [3].
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(a) Normal heart (b) Tetralogy of Fallot (TOF) (c) Complete surgical repair
(rTOF)

Fig. 1 Schematics of normal anatomy of heart and large vessels and of tetralogy of Fallot.

Complete surgical repair of TOF (rTOF) is usually performed during the first
year of life. It consists of repairing the VSD and increasing the size of the RVOT and
PA, as depicted in Fig. 1(c). The correction of the PA stenosis (causing the initial
pressure RV overload and RV hypertrophy), often made by using a transannular
patch, typically disrupts the function of the pulmonary valve and causes a pulmonary
regurgitation (PR), i.e. “leaking pulmonary valve”. RV is then chronically volume
overloaded.Moreover, even after the repair of tetralogy of Fallot, some rTOF patients
suffer from a residual stenosis of the RV outflow tract (RVOT). This eventually leads
to a combinedRVvolume and pressure overload. The chronic volume overload causes
RV remodeling in the sense of RV dilatation and the chronic pressure overload leads
to the hypertrophy of the RV myocardium [4]. The hearts of rTOF patients often
have electrical activation abnormalities either as a consequence of the surgical repair
or developed in the remodeled heart. The right bundle branch block (RBBB) – i.e.
a block in the main electrical conduction pathway, which normally allows a rapid
transmission of electrical activation throughout RV [5] – is common. It causes a
dyssynchrony in the activation and contraction (a delayed activation and contraction
of the RV free wall), which decreases cardiac efficiency [6]. Malignant ventricular
arrhythmias (e.g. ventricular fibrillation) lead to sudden cardiac death and are the
most common cause of death after the repair of TOF [7].

To avoid uncontrolled RV remodeling and even to allow the RV to reverse remodel
back to normal size, the patients undergo later in life a pulmonary valve replacement
(PVR). PVR would ideally be performed as late as possible (intervention needs to be
repeated throughout life as the lifespan of the implanted valve is 5-10 years [8]), but
before irreversible changes of the myocardium or before a significant electrophysi-
ology event takes place [9, 10, 11]. The optimal timing is crucial both for the initial
PVR as well as for the subsequent replacements of the implanted valve [12, 13].

Additionally to the RV-related issues, rTOF patients are known to suffer from LV
failure earlier than in normal population. The reason for the LV involvement in TOF,
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which is classically considered as a “right heart disease”, is not entirely clear. Both
mechanical (e.g. dyssynchrony in contraction) as well as humoral factors (which can
lead e.g. to an increased tissue stiffness of both ventricles [14]) may be involved and
modeling has the potential to shed light on some of them.

While the complete surgical repair increases the life expectancy from a few years
to many decades up to normal life expectancy [15], the rTOF patients must undergo
regular follow up exams and their clinical management is still facing limits for
example in:

1. Optimal timing of PVR
2. Optimal indication and timing of stenting of a stenosed branch pulmonary artery
3. Optimal management of electrophysiological (EP) disorders including atrial ar-

rhythmias, ventricular arrhythmias and prevention of sudden cardiac death
4. Preventing left- and right-sided heart failure

These items represent some of the challenges of current clinical care. In next
sections, we demonstrate some paths in which TCM can contribute to clinical man-
agement of rTOF patients. In Section 2 we show how can TCM be applied during
assessing ventricular function either at regular follow up exams when detailed clin-
ical data are available (Secs. 2.1 and 2.2), or in a perioperative period or acute
exacerbation of heart failure, while coupling fast running models with continuously
acquired signals monitoring cardiovascular physiology at operation theatre or inten-
sive care unit (ICU, Sec. 2.3). Section 2.4 demonstrates some paths of including the
models in the assessment of a long-term cardiac performance. Section 3 presents
the pulmonary right ventricular resynchronization in congenital heart diseases, as
for rTOF. Physiological and physical knowledge, the so-called “model a priori”, can
be incorporated into advanced imaging and image processing techniques. Section 4
presents some examples in which model-constrained image processing allowed to
study some distinct patterns of TOF. Those could represent initial signs of early-
stage heart failure or be associated with a disease progress. Section 5 shows the
steps towards coupling flow models with clinical data to overcome some physical
limits of the imaging techniques. Section 6 further discusses various aspects of the
clinical modeling for rTOF patients and shows some connections between this par-
ticular congenital heart disease and models for general population and acquired heart
diseases. Section 7 concludes this chapter.

2 Ventricular mechanics and its biomechanical modeling

Coupling image data with biophysical models allows to estimate the biophysical
properties of the heart and vascular system. Such quantities are not directly measur-
able from the image and pressure data but are accessible via constitutive relations
and equilibrium equations (see reviews [16, 1] and references therein). Moreover, the
physical character predisposes the biophysical models to predictivity. In this section,
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we provide a more detailed look on some of these techniques which can be applied
in rTOF patients.

2.1 Assessment of right ventricular mechanics in rTOF patients

In Section 1.1 we explained that rTOF patients suffer from a chronic PR or RVOT
obstruction leading to a volume or pressure overload of their RV. The patients
undergo PVR and the procedure needs to be repeated approximately every 10 years.
It is therefore of utmost interest to predict when the pathological remodeling of
RV is approaching an irreversible state and suggest to perform the intervention
immediately, or defer it and suggest a suitable timing for the next follow up exam.

While the current works and clinical guidelines focus on the direct measures taken
from image data (typically ventricular volumes and transvalvular flow, performed by
imaging techniques), the underlying mechanism of the chronically overloaded tissue
undergoing pathological remodeling is unknown.

Gusseva et al. hypothesized in [17] that accessing directly mechanical properties
of the heart in rTOF patients will provide additional metrics which may better
stratify the PVR-responders vs. non-responders. A biomechanical model of single
heart cavity developed by Caruel et al. [18] was used. The preload was imposed
from the measured pressure data in diastole. The heart model was connected to a
Windkessel model of circulatory system (lumped-parameter model representing the
circulation by a combination of resistive and capacitive elements in the analogy
to electrical circuit [19]). The schematics of the model is shown in Fig. 2(a). The
geometry and kinematics of the ventricle are reduced to a sphere with the inner
radius ' and wall thickness 3. The constitutive mechanical laws were preserved as
in the full 3D heart model described in [20] and [21]. The model was adjusted into
a patient-specific regime. This allowed to plot RV pressure-volume (PV) loops for
every patient pre- / post-PVR (see example on Fig. 2(b)). In addition, the patient-
specific models allowed to access the parameter of RV contractility, i.e. the active
stress developed in each sarcomere unit.

The myocardial contractilities prior to and after PVR for 20 patients included
in study [17] are plotted in Fig. 3(a) and the estimate of RV stroke work (an area
encompassed within the PV loop) in Fig. 3(b). Thanks to the valvular component
(a system of diodes with forward and backward resistance, 'RVOT

for and 'RVOT
back , re-

spectively, see Fig. 2(a)) the model allowed to study an independent effect of PR
and RVOT obstruction on ventricular mechanics. Light blue and purple circles in
Fig. 3 demonstrate pre- and post-PVR contractility (stroke work) for patients with
predominantly high PR and RVOT obstruction, respectively. Fig. 3 shows a system-
atic trend of a decrease of RV contractility and stroke work observed immediately
after deploying the valve. The lower inotropic (contractility) level would be more fa-
vorable with respect to the energy need of the myocardium, while the heart would be
still providing an adequate cardiac output into the circulation (in fact, even 20-50%
higher than during the chronic PR, which is in line with experimental data by Lurz
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Fig. 2 Schematics of the heart model coupled to the circulation system (a) and an example of
model-derived pressure-volume loops prior to and after pulmonary valve replacement (PVR) (b).
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Fig. 3 Study estimating contractility and stroke work of right ventricles in 20 patients with repaired
tetralogy of Fallot prior to (colored circles) and after pulmonary valve replacement (empty circles).
PR: pulmonary regurgitation; RV: right ventricle; RVOTO: RV outflow tract obstruction.

et al. [22]). Moreover, the pre-PVR models revealed lower levels of contractility
(and stroke work) in patients with predominant PR suggesting that ventricles are
likely to adapt better to a long-term exposure to valvular regurgitation than to RVOT
obstruction, which is also discussed in study [17].

This example shows that biomechanical modeling has the potential to contribute
into personalized intervention by enhancing the ability to predict RV performance
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after PVR. This represents a way to baseline and track the RV performance over time,
and allows for clinicians to make more informed decisions about PVR in patients
with rTOF.

2.2 Early-stage heart failure assessment

Heart failure (HF) is the syndrome in which the heart is not able to pump a sufficient
amount of blood to cover metabolic needs of tissues. The HF patients suffer from
symptoms such as shortness of breath, cough, palpitations or dizziness. Early-stage
HF is characterized by HF symptoms present only under more than ordinary physical
activity (class I-II according to the NewYorkHeart AssociationNYHA, see Table 1).
The assessment of early-stageHF therefore requests performing a clinical examunder
physical exercise.

Class Objective Assessment
I Patient with cardiac disease but without any limitations in physical activity
II Comfortable at rest, ordinary physical activity results in fatigue, palpitations,

dyspnea or anginal pain
III Comfortable at rest, but less than ordinary physical activity results in fatigue,

palpitations, dyspnea or anginal pain
IV Symptoms of HF may be present even at rest
Table 1 New York Heart Association classification for the heart failure (NYHA).

A decrease in exercise tolerance in rTOF patients is frequent. There are a number
of possible causes: extracardiac (such as an increased RV afterload e.g. due to the
RVOT obstruction, branch pulmonary artery stenosis, pulmonary pathology, etc.),
or intracardiac (e.g. limitation of myocardial perfusion or of chronotropic response),
[23]. The extra- and intracardiac causes can be combined, as e.g. in the chronically
increased afterload, requiring the ventricle to develop a higher active stress, i.e.
to work chronically on a higher inotropic (contractility) level [5]. As presented in
Section 2.1, accessing the tissue contractility requests employing a biophysicalmodel
of heart. Quantifying the contractility at rest and during physical exercise (which can
be replaced by a pharmacological stress test) allows to assess the so-called contractile
reserve (i.e. the level to which the contractility can increase in a given patient).

In [24], Ruĳsink et al. performed a quantification of pharmacological stress exams
in a group of patients born with a single ventricle. Their ventricles were surgically
adjusted to serve as a pump for systemic and pulmonary circulations connected in
series, by redirecting the main systemic veins (superior and inferior venae cavae)
directly into the pulmonary arteries (the so-called total cavo-pulmonary connection
known as the Fontan circulation [25]). Exercise intolerance is a relatively common
early symptom of the failure of the single ventricle, and conventional methods
used in clinics such as echocardiography or magnetic resonance imaging (MRI)
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Fig. 4 Estimated contractilites at rest and under dobutamine test in 9 Fontan patients (FP) and 2
biventricular control cases (CC).

are often unable to define the actual causes of the onset of the failure. Simultaneous
cardiac catheterizationwithMRI at rest and under pharmacological stress (simulating
the exercise) has great potential to distinguish the actual cause of the intolerance.
However, the complex physiology of the Fontan circulation, and large inter-individual
variations makes it difficult to obtain direct conclusions from these investigations,
even though having such rich datasets.

Employing a combined cardiac and circulatory model (similarly to Section 2.1)
allowed for an enhanced diagnostic assessment of pathophysiological exercise re-
sponses in patients with Fontan circulation. Fig. 4 reveals that the myocardial con-
tractility values in Fontan patients were normal at rest. There was a good contractile
reserve in most patients. The increase of contractility in three patients (marked as
FP 7, 8, 9 and CC 1, we recall Fig. 4) was, however, limited. The low contractile re-
serve in these patients could be the cause of their early-stageHF. Good correlations of
model-derived myocardial contractilites and periphery vascular resistance with their
measured clinical surrogates depicted in Fig. 5 validate the modeling framework.

The work by Ruĳsink et al. [24] demostrates that modeling can provide valuable
additional information to the current diagnostic assessment of Fontan patients. This
work paves the way for the translation of the model-accessedmyocardial contractility
and contractile reserve into other cohorts of patients, such as rTOF.

2.3 Model-augmented monitoring during the perioperative period or
in the ICU

Real-time (or close to real-time) biomechanical models allow for coupling with
monitoring data during general anesthesia (GA) or in the ICU. Direct analysis of the
arterial pressure or cardiac output may be challenging in complex clinical situations.
Patient-specific biomechanical modeling allows to simulate ventricular PV loops
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Fig. 5 Model estimated quantities vs measurements. Left: Model-derived distal Windkessel resis-
tance ('3) versus measured vascular resistance at rest. Right: Model estimated contractility versus
measured ventricular max dp/dt (i.e. the usual clinical surrogate of myocardial contractility). Figure
used from [24] under the Creative Commons Attribution (CC BY) license.

and obtain functional indicators of the cardiovascular system, e.g. resistance of the
circulatory system or myocardial contractility, evolving throughout GA or during the
stay at ICU.

In [26], Le Gall et al. described a proof-of-concept study of applying biomechan-
ical models to augment hemodynamic physiological monitoring. Patient-specific
biomechanical models of heart and vasculature were created for 45 patients under-
going GA. While aortic pressure and flow were used to set up the patient-specific
models, those then allowed for a quantitative assessment of heart function in each
individual patient. The validation was conducted on a group of 4 patients, who un-
derwent a combined MRI and pressure catheter procedure. Fig. 6(a) compares the
PV loop generated by the model with the measured ventricular pressure and volume
and demonstrates validation of the approach. Fig. 6(b) shows the model-derived PV
loop of a patient under GA during hypotension and how the PV loop changed after
administering the vasoactive drug norepinephrine and Fig. 7 shows the quantitative
changes of physiology accessed thanks to modeling.

Work [26] by Le Gall et al. demonstrates the application of biophysical mod-
els built for individual patients to estimate PV loops and cardiovascular functional
indicators using data, which are available during GA. Moreover, the predictive capa-
bility of the biophysical models representing the cardiovascular system of individual
patients builds the foundations for a pro-active use in optimal clinical handling of
complex situations (e.g. assistance in clinical management of septic shock).

Both increasing the insight in pathophysiology and proposing a possible ther-
apeutic intervention could be helpful in newly discovered diseases. For instance,
there is currently a limited knowledge about Multisystem Inflammatory Syndrome
in Children (MIS-C) known also as Pediatric Inflammatory Multisystem Syndrome-
temporally associated with SARS-CoV-2 (PIMS-TS). It is a serious condition, which
is associated to the SARS-Cov-2 virus and appearing typically 2-4 weeks after the
exposure to the coronavirus, while the COVID-19 disease may pass only with mild



Translational Cardiovascular Modeling: Tetralogy of Fallot and Modeling of Diseases 11

0 40 80

0

40

80

120

Ventricular Volume (mL)

V
en

tr
ic

ul
ar

P
re

ss
ur

e
(m

m
H

g)

Patient 2
(Fontan circulation)

0 40 80

0

40

80

120

Ventricular Volume (mL)

Patient 4
(Tetralogy of Fallot)

Measurement
Simulation (ascending)
Simulation (descending)

(a) Validation PV loops (b) PV loop at hypotension vs. after
administering vasoactive drug nore-
pinephrine

Fig. 6 Cardiacmodeling coupled withmonitoring signals. Figure used from [26] under the Creative
Commons Attribution (CC BY) license.

symptoms [27, 28]. Model-augmented cardiovascular monitoring could be of a di-
rect benefit in this life-threatening condition during the acute stage at ICU and also
during the long-term clinical follow up of patients. Both were demonstrated in a
study by Waugh et al. [29], see Fig. 8. The patient-specific models of 8 patients
allowed to access the cardiovascular physiology of MIS-C patients at ICU to dis-
tinguish between the cardiac and vascular component of their cardiovascular shock
state. Secondly, the study demonstrated cardiac recovery 2-4 weeks after discharge
from ICU, supporting the optimistic scenario that the heart is fully recovering within
a month.

2.4 Assessment of a long-term cardiac performance

An assessment of a long-term cardiac performance has been studied within a kine-
matic growth theory framework as originally proposed by Rodriguez et al. [30], and
later employed in the heart by Kroon et al. [31], and others [32, 33, 34, 4]. The
growth and remodeling of the cardiac tissue is modeled as alterations in shape and
size of the ventricular chamber in response to stress and / or strain-based stimuli.
The model hypothesizes that concentric growth (thickening of the myocardial wall)
occurs due to the stress-based stimuli (e.g. pressure overload) and eccentric growth
due to the strain-based stimuli (volume overload). A number of studies have ap-
plied kinematic growth laws on the finite element anatomical models of ventricles
to study the chronic changes of ventricular morphology in response to simulated
aortic stenosis and mitral valve regurgitation (Kerckhoffs et al. [34]), or in response
to simulated diastolic and systolic heart failure (Genet et al. [4]). In both studies
model-predicted chronic changes in wall thickness, chamber size and geometry were
in agreement with experimental data. Lee et al. [35] used the kinematic growth
concept to study the reversible growth (reverse remodeling) in human left ventricle.
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Fig. 7 Boxplots of model parameters and the results of the simulation, normotensive patients are
in green; hypotensive patients before and after administering norepinephrine are in blue and red
color, respectively. * ? < 0.05; ** ? < 0.01; *** ? < 0.001. Figure used from [26] under the
Creative Commons Attribution (CC BY) license.

The simulated response of end-diastolic pressure-volume relationship to unloading
qualitatively reproduced experimental and clinical observations. To date kinematic
growth theory is capable of predicting the consequence of growth on organ morphol-
ogy while is limited in predicting tissue-level mechanical properties (e.g. myocardial
contractility or stiffness) and micro-structural changes (e.g. apposition of collagen
fibers). Hybrid modeling approaches linking tissue-level turnover events with an
evolving organ morphology could be a way to better understand the mechanics of
growth and remodeling in physiological and pathological conditions. For example,
microstructurally oriented models such as constrained mixture theory originally de-
signed to capture mass turnover events in individual constituents of the mixture
(e.g. solid tissue) [36, 37], if applied to the heart could potentially describe e.g.
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Fig. 8 (a) Example of left ventricular PV loops in a selected patient with multisystem inflammatory
syndrome in children (MIS-C) at acute stage and during the recovery. (b) Progressive recovery of
myocardial contractility after MIS-C.

deposition/apposition of myofilaments or collagen in hypertensive ventricles. In the
field of vascular modeling a number of attempts to combine a constrained mixture
theory with kinematic growth have shown promising results in modeling the ef-
fect of elastin and collagen degradation on the development of thick-walled aortic
aneurysms [38, 39]. Patient-specific modeling approach presented in Sections 2.1-
2.3 could evaluate current-state tissue-level mechanical properties and if combined
with kinematic growth framework (or with a hybrid of kinematic growth and mix-
ture theory) it has a potential to become an invaluable therapeutic tool in predicting
long-term effects of therapies, e.g. response to PVR, and in predicting the optimal
timing for interventions, including for complex surgeries.

3 Pulmonary right ventricular resynchronization in congenital
heart disease

RV dysfunction and occasional failure are associated with a number of congeni-
tal heart lesions, most predominantly but not limited to rTOF. They are attributed
to several factors including myocardial fibrosis due to preoperative hypoxemia and
pressure overload, surgical scar and long-term post-repair volume overload caused
by pulmonary regurgitation and frequently associated with RBBB [40]. RBBB is
also the most frequent cause of electromechanical dyssynchrony in congenital heart
disease. In rTOF patients, RV electromechanical dyssynchrony resembles the clas-
sic dyssynchrony pattern incorporating an early septal contraction with RV free wall
pre-stretch followed by late free wall contraction and septal rebound stretch. It has
been associated with a decreased RV ejection fraction, mechanical inefficiency and
impaired exercise capacity [41, 42]. The dyssynchrony is hypothesized to play a
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significant role in the progress of RV dysfunction. A recently published study using
computer modeling showed that the extent of negative influence of RV dyssynchrony
may be greater than previously thought and may even overweight the pulmonary re-
gurgitation during exercise [43]. A relief of RV volume overload by PVR is thought
to reverse the pathological RV remodeling occurring due to the pulmonary regurgi-
tation in rTOF patients. However, a decreased probability of reverse remodeling has
been reported in patients with high RV end-diastolic and end-systolic volumes, low
RV ejection fraction and those with a wide QRS complex (≥160 ms) [44]. Thus,
PVR alone may not lead to the normalization of RV performance.

Cardiac resynchronization therapy (CRT) has so far been used to treat dyssyn-
chrony in the failing systemic (left) ventricle. Robust clinical data demonstrate a
favorable CRT effect on acute hemodynamics, reverse cardiac remodeling, func-
tional capacity and patient survival. Limited evidence suggests a similar CRT effect
in children and patients with congenital heart disease [45]. Clinical reports on sub-
pulmonary RV resynchronization (RV-CRT) are scarce, however. In this section we
briefly review current experience with RV-CRT in patients with congenital heart
disease.

3.1 Temporary RV-CRT

Published data show that acute RV-CRT through either RV or biventricular pacing
improves short-term hemodynamics both in children and adults with congenital heart
disease and RBBB. RV-CRT has been successfully used to treat RV dysfunction in
acute postoperative setting [46]. Pacing is applied by temporary epicardial leads
placed by a surgeon on the right atrium and the late activated free wall of the right
ventricle. RV resynchronization is achieved by atrial-triggered RV free wall pac-
ing in complete fusion with spontaneous ventricular activation to obtain a maximal
QRS duration shortening. Specific attention is paid to a complete abolition of the
broad S wave in standard lead I. The aim is to resynchronize electrically as well
as mechanically the septum and RV free wall. A commercially available external
dual-chamber pacemaker may be used. Temporary RV-CRT performed in this way
carried a significant short-term improvement of hemodynamics in children early
after surgery for TOF and may be a useful non-pharmacologic adjunct to the man-
agement of hemodynamically compromised patients. The resynchronization effect
was maximized when pacing from the area of the latest RV activation. In another
study, the temporary RV-CRT brought multiple positive effects on RV mechanics,
synchrony and contraction efficiency [47].
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3.2 Permanent RV-CRT

The use of permanent RV-CRT to treat RV dysfunction associated with RBBB seems
to be the next logical step. Unfortunately, published evidence is limited. In the first
well documented report on permanent RV-CRT in a patient late after the repair of
TOF [48] both right and left ventricular function improved significantly within 6
months accompanied by an improvement in the NYHA class as well as exercise
capacity. Data on a small series of congenital heart disease patients undergoing RV-
CRT has been presented at the HeartRhythm conference in 2018 [49] confirming
multiple positive mid-term resynchronization effects on the RV systolic function,
electromechanical synchrony and contraction efficiency.

3.3 Towards electromechanical modeling for RV-CRT

Cardiac modeling was employed in several projects predicting the effect of CRT
on the failing LV [50, 51]. Pilot modeling study [52] demonstrates that pacing has
potential to significantly decrease valvular regurgitation also in other pathologies
– e.g. severe tricuspid regurgitation. Similar models are likely to be used in rTOF
patients [43].

RV-CRT seems to be a valuable method to treat both acute and chronic sub-
pulmonary right ventricular dysfunction and failure associatedwithRBBB in patients
with congenital heart disease. Further studies are needed to better define its role in
long-term RV failure management. Cardiac electromechanical models represent a
great potential in optimization of this treatment.

4 Model-constrained image processing

One of the key image processing tasks in the field of medical imaging is image
registration. It is defined as the process of aligning two or more images of the same
scene. It is used to deal with misalignment caused by different time of acquisition,
different scaling or different acquisition techniques. Aligning series of images taken
at different times is often the first step in any subsequent analysis. However, the
analysis of the detected misalignment itself might bear useful information. This
applies specifically in cardiac applications, where both aspects of image registration
are utilized. Firstly, aligning a given series of the cardiac images allows for estimation
of local tissue specification that is encoded in the image series. Secondly, it is used
to extract the motion of the moving organ from the image series. Features of interest,
such as time evolution of volume and torsion, are obtained by the subsequent analysis
of the detected motion.

Most image registration methods consist of defining a measure of misalignment
and its minimization. The registration methods can be divided into several groups
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based on what is taken into account in the evaluation of misalignment [53]. These
groups are: landmark-basedmethods; segmentation-basedmethods; and voxel-based
methods. In the landmark-based registration methods the alignment of two images
is evaluated based on the alignment of a finite set of voxels, the so-called landmarks,
detected on both images. The landmarks can be detected automatically or manually,
as in [54], where a landmark-based registration method is used for brain MR images.
In the segmentation-basedmethods the alignment of images is evaluated based on the
alignment of objects segmented in both images. In [55], B-spline method was used
to register segmented left ventricle contours. Finally, in the voxel-based methods,
the alignment is evaluated based on all voxels of the images. An optical flow method
is a representative of this category. In [56], the optical flow method incorporating
the image intensity constancy and gradient orientation was used for registration of
multimodal images.

Mathematically speaking, image registration is an ill-posed problem and is there-
fore often formulated as a variational problem which typically contains a data sim-
ilarity term and a regularization term. The appropriate choice of the data similarity
term is especially important when registering images obtained by different modal-
ities or if the voxel intensity evolves in time. In such cases, the similarity cannot
be evaluated based on the image intensity and more complex similarity terms are
needed. Similarity terms based on correlation [57] or terms utilizing mutual infor-
mation [58] are often employed. The regularization term deals with the ill-posedness
of the problem. Moreover, it can be used to prevent non-physiological motion of the
object. In advanced methods, the regularization term can incorporate physiologi-
cal and physical knowledge of the processed object in the form of “model a priori
knowledge”.

In this section, we show some examples of both aspects of image registration: the
extraction of motion indicators and estimation of the tissue characteristics indicators.
In Sec. 4.1, we discuss the data similarity term used for registration of MOLLI MRI
data (Modified Look-Locker inversion recovery, [59]), which are used to estimate the
tissue T1 relaxation time (tissue characterization obtained by magnetic resonance
related e.g. to assess myocardial fibrosis). In Sec. 4.2 we show the incorporation of
a mechanical model into the regularization term. Another approach of constructing
the data similarity term using directly a model of imaging technique is discussed
in Sec. 4.3. The final parts represent crucial steps in patient-specific modeling: In
Sec. 4.4 we briefly describe the problem of the fusion of clinical data and a complex
biophysical model and in Sec. 4.5 we show some directions of employing machine
learning and artificial intelligence.

4.1 Assessment of T1 relaxation time from MOLLI MRI sequence

In this section we show the approach proposed in [60] for the registration of MOLLI
MR image series. TheMOLLI sequence is used for pixel-wise estimation of the tissue
characteristics of T1 relaxation time. In the case of suboptimal breath-holding, image
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registration is needed in order to compute reliable T1 relaxation times. This holds
especially for the points adjacent to the epicardial and endocardial surfaces of the
myocardium, where the misalignment may significantly corrupt the computation of
the T1 relaxation time.

The evolution of image intensity and large changes in image contrast are the factors
that make the registration of the image series acquired by MOLLI challenging. In
order to deal with this characteristics of the sequence, a special data similarity term
was proposed by Škardová et al. in [60], based on evaluating signed-distance of
image voxels from segmented surfaces. The method requires the segmentation of
epicardial and endocardial surface of the myocardium. The data similarity term is
then based on the assumption

q(x(C), C) = 2>=BC ∀C ∈ (0, )),

where q(x(C), C) represents the signed-distance of point x from the segmented con-
tours of themyocardium. I.e., the distance of each point from themyocardium contour
was assumed to remain the same over time. This formulation allows for the use of
the voxel-based registration methods and excludes the effects of non-constant image
intensity. Since the displacement caused by suboptimal breath-holding is indepen-
dent of the frame ordering, all source images can be registered with the target image
independently. Three images from the MOLLI series with segmented myocardium
are shown in Fig. 9. The source images (1 and (2 are shown in Figs. 9(a-b), the
target image ) in Fig. 9(c). The result of registration using this method is depicted
in Fig. 10.

(a) Source image (1 (b) Source image (2 (c) Target image )

Fig. 9 Segmented epicardial and endocardial contours of myocardium of left ventricle.
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(a) Transformed source image
(1

(b) Transformed source image
(2

Fig. 10 Source images of Fig. 9(a-b) registered to target image Fig. 9(c).

4.2 Motion extraction from image data using mechanical model
constraints

A detailed extraction of motion pattern from functional cine cardiovascular MR
images (see Fig. 11) has been a challenging problem since longtime. In MRI, a
special magnetic-saturation pulse can be applied. The tissue can be saturated in a
regular pattern (typically in the form of lines or grids), with which the material points
of the myocardium can be followed. The technique is known as SPAMM (SPAtial
Modulation of Magnetization [61]) or as tagged MRI. The periodic character of the
tag lines allows to use the so-called Harmonic Phase (HARP) [62] or Sine-Wave
Modeling (SinMod) [63] analyses. Recently, an improved Harmonic Phase analysis
method was introduced by Mella et al. under the name HARP-I [64]. HARP-I has a
superior efficiency to the standard HARP or SinMod methods, as was demonstrated
in [64]. However, it relies on acquiring the tagged MR images, which is practically
difficult to do in every patient due to lengthening the MR exam.

Genet et al. [65] described a novel motion tracking based on image registration,
while imposing mechanical constraint of equilibrated gap regularization – the so-
called equilibrated warping1. It has been shown to successfully track the motion not
only in the tagged MR images but also to extract global torsion in standard cine
MR images [66]. The LV torsion in rTOF patients was previously studied, however,
poor reproducibility was observedwhen using standard clinical commercial software
[67]. In [68], Castellanos et al. successfully employed the equilibrated warping in
rTOF patients. In this work, the authors aimed to demonstrate that assessing the LV
torsion in a robust and reproducible way has the potential to contribute to an earlier
detection of heart failure.

1 The implementation is available from: https://gitlab.inria.fr/mgenet/dolfin_dic
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(a) Cine MRI: end-diastolic image (b) Cine MRI: end-systolic image

(c) Tagged MRI: end-diastolic image (d) Tagged MRI: end-systolic image

Fig. 11 Short axis views of cine MRI and tagged MRI.

4.3 Motion extraction from image data using model of imaging
modality

In this section we discuss extracting motion from medical image series by using a
model of the imaging modality. In [69], such an approach is employed to register
2D tagged MR images. This method uses a geometrical model of the segmented
object that is to be registered and also the imaging model. For each setting of the
geometrical model, the imaging model can be used to generate synthetic images. We
look for the mapping that best matches the synthetic and acquired images.

The imaging model used by Škardová et al. in [69] includes the 2D tagging
and artifacts caused by a limited image spatial resolution. The image registration is
regularized by the equilibrated warping, as described in [65, 66]. We remark that
the proposed method could be applied also for other medical imaging modalities.
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More effects could be considered, including complex artifacts given by the imaging
method, e.g. if a very high acceleration of data acquisition is used. An efficient
processing of such data has the potential to reduce the overall scanning time. This
could substantially assist in some challengingMR acquisition such as cardiovascular
MRI exam during physiological exercise [70].

4.4 Model-data fusion

Advanced image processing constrained by a model gives an opportunity for a fast
and reliable extraction of motion from image data. This is important in stratifying
patients (e.g. as presented in Sec. 4.2).Moreover, the acquired and processed data can
be incorporated into truly biophysical models in the sense of the third component
of TCM (as listed in the introductory Section 1) – data-model fusion. The topic
of assimilating clinical data into a complex biophysical model was reviewed by
Chapelle et al. in [71]. The correction of model by data leads to increasing the
patient-specificity of the models, as presented e.g. in [72, 73]. The biophysical
character then allows to estimate some clinically relevant parameters contributing to
a detailed description of physiology state. The parameters obtained thanks to fusing
a model with data are represented for instance by passive tissue stiffness [74, 75, 76]
or contractility [77, 78, 79] for the heart tissue. For large vessels, Young’s modulus
or relative pressures were estimated in [80, 81, 82], to give some examples. Such
model-accessed parameters are expected to be included in clinical studies of a larger
scale in the near future.

4.5 Data-driven strategies for image analysis

Recently, with an increasing availability of large amounts of medical image data,
data-driven approaches have become more frequently used in multiple classes of
medical image analysis. As examples can serve pattern recognition, segmentation
and registration. The data-driven methods learn patterns directly from image data,
therefore in principle, no mathematical model is needed. In practice, data-driven
methods can be used alone or in combination with a mathematical model, if a model
with an appropriate level of detail and expressiveness is available.

However, with the purely data-driven methods, problems with robustness and
interpretability (which are key qualities in many medical applications) might arise.
This could occur mainly for deep learning methods – neural networks with tens or
even over hundreds of layers. Both approaches – model-based and data-driven – are
compared in [83] in terms of robustness, accuracy, interpretability and explainability.

As was mentioned in the beginning of Section 4, the model-based image regis-
tration methods usually incorporate a data-similarity term and regularization terms.
Recently, data-driven methods for learning transformation parameters by minimiz-



Translational Cardiovascular Modeling: Tetralogy of Fallot and Modeling of Diseases 21

ing traditional cost functions using neural networks have been presented. These
methods can be divided into two groups: supervised – for which a set of registered
images with known transformation parameters is available – and unsupervised – for
which transformation parameters are learned directly form input image data. The
supervised methods include for example a Spatial Pyramid Network (SPyNet) [84],
a convolutional neural network (CNN) based method for optical flow estimation.
Similarly to traditional optical flow method, SPyNet incorporates spatial resolution
pyramid to bypass estimating large displacements. In [85] CNN based method for
multimodal registration of T1 and T2-weighted MR images of brain was presented.
The unsupervised methods based on CNN include [86], used for registration of brain
MR images or [87] used for cardiac MR images.

Similarly, in image segmentation the data-driven methods learn the information
about the shape and intensity distribution of a segmented object from the image data.
Even early approaches using simple voxel-wise intensity features, for example the
support vector machines (SVM) based method [88] and k-nearest neighbor classifier
[89], were successfully used for brain segmentation. In classical machine learning
approaches, the most effective methods are based on decision forests [90], which
allow to incorporate larger feature vectors, as they perform feature selection and
learning at the same time. Today, most of the successful segmentation methods are
based on neural networks, specifically CNNs [91].

5 Large-vessel flow modeling

Phase-contrast magnetic resonance imaging (PC-MRI) [92] is used to assess the level
of valvular stenosis or regurgitation [93]. PC-MRI is based on the fact that the phase
shift of the MR signal after applying a bipolar gradient is linearly proportional to the
velocity of the moving spins in the image. The linearity of the phase shift is valid
only under the assumption of laminar flow and the measured flow is underestimated
if the level of turbulence is above a certain level [94]. There exist research MR
sequences specifically designed for turbulent flow (see e.g. [95, 96, 97]). However,
they are currently not a part of standard clinicalMR packages and cannot be therefore
routinely used. Furthermore, they would substantially lengthen the MR exam, which
would complicate their clinical deployment.

To reduce the limitations of standard PC-MRI, the imagingmethod can be coupled
with a biophysical model of flow, in the sense of Section 4.4. The model can lead to a
correction of data, e.g. of the underestimation of velocity in turbulent flowmentioned
above. While some parts of the vessel geometry may be inaccessible to imaging, due
to e.g. the presence of vascular stents as illustrated in Fig. 12, the computational flow
dynamics (CFD) model constrained by the data measured before and after the stent
has the potential to contribute to detecting the possible re-stenosis of the stented
vessel segment.



22 R. Chabiniok et al.

Fig. 12 Illustration of clinical PC-MRI examination of the bifurcation of abdominal aorta. Due to
the presence of stents, the aortic bifurcation cannot be directly assessed. A CFD simulation has the
potential to provide crucial information missing in the clinical assessment. Ao: Aorta; il-R: right
common illiac artery; il-L: left common illiac artery.

5.1 Phantom experiment

Prior to clinical usage of a numerical model of flow in vessels, it should be validated
on representative problems using in vivo or in vitro data [98]. In vivo data often suffer
from beat-to-beat flow changes, limited signal-to-noise ratio and motion artifacts
[99]. In vitro experiments, however, can be controlled in several ways. They provide
valuable information firstly for the validation of a CFD model and secondly for a
successful coupling of themodel with PC-MRI data. The CFD and experimental data
can be compared using common statistical methods applied on quantities of interest,
e.g. mean flow perpendicular to a centerline at various locations along the vessel, or
flow ratio between two ormore branches of the vessel tree [100]. Prior to comparison,
experimental data may be used to fine-tune the CFD model parameters, such as fluid
density and viscosity [100]. It can also facilitate setting a boundary condition, e.g.
whether a simple mean flow is sufficient as an input and output condition or whether
a more elaborate flow profile is needed. Or, similarly, whether a zero outlet pressure
provides sufficient results as opposed to a more precise estimate, such as 1D in silico
pressure model [100, 101]. In the following paragraphs, we provide some practical
aspects of in vitro experimenting.

Firstly, a flow rate close to the physiological regime should be achieved. A special
care must be taken to utilize a stable pump that does not experience a decrease
in power when subjected to an increasing resistance. The sources of resistance are
hydrostatic pressure (caused by the vertical arrangement of the pump andMRI table);
and the resistance of the circulatory system (causing a pressure loss). To minimize
the friction of fluid in the circulation, a hose of a large diameter and a minimum
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possible length should be used. This is limited by the amount of fluid available and
the necessity of placing the pump outside the magnetic field of the MR scanner. Any
connecting parts of the system or devices, such as a flow meter, also tend to add a
resistance. Inevitable internal friction in the fluid itself is another factor influencing
the pump performance.

PC-MR images may suffer from low velocity-to-noise ratio. This statistical error
of velocity can be minimized by prolonged scan times. Such an approach would be
often non-feasible in vivo. Not only precision but also the accuracy is a challenge of in
vitromeasurement especially with smaller vessels as they are prone to partial volume
effect. Matching the magnitude signal of vessel wall and of the fluid ameliorates this
artifact [102].

Another advantage of in vitro experiments is the precise knowledge of geometry.
Phantoms can be created from a 3D printed model using suitable silicon-based
materials [103]. The geometry of the model can then be described analytically or
obtained by using a more precise imaging modality, such as computed tomography.

Initial validation phases of a flow model can be conducted by using simplified in
vitro experiments. For instance, it may be sufficient to consider constant flow through
a rigid pipe with a valve-shaped orifice (narrowing), while using clean water as a
medium. Such example is illustrated in Fig. 13 and was used in the study by Fučík et
al. [104]. The shapes of phantom valves represent three degrees of valvular stenosis
(mild, moderate and severe). Hessenthaler et al. presented in [105] a phantom with
a non-rigid walls suitable for assessing the computational models including fluid-
structure interaction. Finally, various numerical benchmarks (e.g. [106]) can be used
to evaluate the implementation issues of models.

Fig. 13 Illustration of vertical cross section through experimental phantom and acrylic plates
mimicking the mild (Mild-VS), moderate (Mod-VS) and severe (Sev-VS) stenoses. All dimension
are in mm. The red region Ω represents the domain for the computational simulations in 3D.
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For validation of more complex flowmodels, the initial experiment can be further
modified. For instance, a pulsating flow pump can be used or the water medium
can be replaced by some blood-like fluid. There exist commercially available blood-
mimicking fluids suitable for the use in MRI. Their price may, however, be an
obstacle. Several substitutes were proposed. In [107] Campo-Deaño et al. explore
the properties of xantham gum to mimic the shear-thinning behavior and of glycerin
and succrose tomimic the elasticity. These alternatives are cheap and easy to prepare.
However, they are less convenient to work with as they are difficult to rinse off in the
case of leak and they also deteriorate with time.

5.2 Computational fluid dynamic model

Applications of CFD in cardiovascular medicine can be found e.g. in the treatment
and diagnosis of aortic or cerebral aneurysm [108], aortic coarctation [109], ves-
sel or valvular stenosis [110, 111], valvular regurgitation [112], or a description of
the aortic arch flow [113]. The CFD is usually coupled with PC-MRI [114], where
the measurement serves as the source of initial and boundary conditions for the
CFD. Classical CFD methods (such as the finite volume or finite element methods)
are widely used methods and were applied in the cardiovascular problems using,
for example, commercial ANSYS engineering software [115] or open-source soft-
ware OpenFOAM [116]. The main disadvantage of these classical CFD methods is
their substantial computational cost (for reasonable spatial and temporal resolutions)
which is a key obstacle for their application during medical examinations.

The lattice Boltzmann method (LBM) [117] can be considered as a modern
alternative to the classical numerical methods. The main advantage of LBM is
the accuracy and local nature which allows the massive parallel implementation
on computational clusters, including those with modern graphic accelerator units
(GPUs), and clusters of GPUs. LBM has been already used in a wide range of
computational problems. In [118], Fučík et al. showed the capability of LBM to
simulate fluid flow in complex fluid domains such as aortic vessels with stenosis.

In [104], Fučík et al. address the issue of underestimating the backflow by PC-
MRI. The 3D geometry was given by the geometry of the phantom with three levels
of stenosis, see Fig. 13. The inlet boundary condition was given by the flowmeasured
prior to the stenosed region. By comparing the PC-MRI measured backflow with the
simulation, excellent agreement between LBM and PC-MRI results of both forward
and backward flow for mild and moderate stenosis was observed, as depicted in
Fig.14. However, a large discrepancy occurred in the case of the severe stenosis, as
can be seen in Fig. 15. This observation can be explained by the decrease in signal
caused by the turbulence-induced accumulation of spins with different encoded
phases in one voxel during the readout period. The presented work is an essential
initial step towards combining measured data by PC-MRI with CFD model suitable
for the use in clinical workflow, allowing to enhance the interpretation of measured
data by a biophysical model.
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Fig. 14 Simulated backward flow for mild (left) and moderate stenosis (1.5T and 3TMRI systems)
confronted with the simulation by lattice Boltzmann method. The solid vertical line represents
the valve position. Each color corresponds to the flow rate on the inlet given by the measurement
ranging from physiological at rest (green) up to accelerated flow (black) representing e.g. high
exercise stress.

Fig. 15 Simulated backward flow for severe stenosis (1.5T and 3T MRI systems) confronted with
the simulation by lattice Boltzmann method. The solid vertical line represents the valve position.
Each color corresponds to the flow rate on the inlet given by the measurement ranging from
physiological at rest (green) up to accelerated flow (black) representing e.g. high exercise stress.

The appropriate CFD model should reflect the correct physical properties of the
fluid in the vessels. Thus, Škardová et al. investigated in [119] three fluid models
for the blood flow through a stenotic vessel. Two models approximated blood as
a Newtonian fluid with different fluid kinematic viscosity. The third one used the
Carreau-Yasuda model [120] which is designed for capturing the non-Newtonian
behavior of blood.

The simulations based on the non-Newtonian model in three different aorta ge-
ometries with gradually increasing severities of stenosis showed that the severity of
stenosis has a non-negligible impact on fluid viscosity. Nevertheless, the fluctuation
of viscosity were small in all simulations. Thus, based on the numerical simulations,
the Newtonian approach can be applied to the fluid simulations in the geometries
of large vessels, however, with a careful choice of the Newtonian fluid viscosity.
Phantom experiments (e.g. as described in Section 5.1) with various types of fluid
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will be the next step to shed light into the most appropriate constitutive model of
blood in vessels.

6 Discussion

This chapter primarily dealt with TCM applied in congenital heart diseases. It
focused on tetralogy of Fallot after complete surgical repair (rTOF). TOF may be a
relatively rare disease, however, the regular follow up exams of patients represent a
significant cost for the healthcare system. Furthermore, the acquired data throughout
the evolution of cardiovascular remodeling provide an opportunity to address some
important clinical questions of TOF using cardiovascular models.

Sections 2-5 addressed some common issues in rTOF patients. Each topic is
typically advanced by one or a few research groups. However, in a given individual
patient, the optimal management may require several of these approaches (as well
as some additional ones) to be put together – one of the challenges of successful
clinical application of cardiovascular modeling nowadays.

While TOF represents one particular disease, a number of already existing mod-
eling techniques can be applied to the cohort of TOF. On the other hand, the novel
techniques developed specifically in the group of TOF patients could be useful for
other pathologies as well. Indeed, each challenge solved in the TOF cohort has its
counterparts in amuch larger group of acquired heart diseases. This is in line with the
TOFMOD acronym – Tetralogy of Fallot and Modeling of Diseases – as is depicted
in the schematics in Fig. 16. For instance:

1. Knowledge obtained from the optimization of PVR could possibly be translated
into a much larger cohort of the left-heart valve (aortic and mitral) pathologies
[121].

2. Optimal timing of intervention on pulmonary artery could contribute in optimiz-
ing management of pathologies affecting the aorta, head and neck aortic branches
or e.g. in the interventions for ischemic disease of lower extremities.

3. Biomechanical modeling has been shown to be feasible in the planning and op-
timization of cardiac resynchronization therapy (CRT) for failing LV in acquired
heart disease [50, 51]. This can be a starting point for the translation of CRT
modeling into the TOF cohort, for whom the therapy is focused on the right
ventricle (RV-CRT) [47].

4. Thanks to regular follow up of rTOF patients in cardiology clinic, the failing
LV or RV might be diagnosed and treated in its early stage. The diagnosis and
management of an early-stage HF could then serve also for the cohort of the
acquired heart diseases, in order to shift the management of their heart failure
into earlier stages. This has the potential to improve the current 5-year survival
rate of HF being around 45% [122].

This chapter demonstrated the potential of the biomechanical modeling ap-
proaches to assist in data handling and inform about a decease progress. To ensure
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Fig. 16 Tetralogy of Fallot and Modeling of Diseases (TOFMOD) scheme.

reliable predictions the rigorous assessment of the credibility of the model must be
included in the workflow. Namely, the quantification of the model ability to explain
the underlying mechanism must be performed in terms of verification of the nu-
merical method, validation of the biophysical assumptions of the model (a degree
to which the model is capable to represent the reality, usually performed with a
measured dataset), and uncertainty quantification [123] – a subject of the recent
research within the cardiac modeling community. When personalizing the models
(the so-called data-model coupling) the clinical data serving as input for the model
are subject to the measurement errors. Therefore, in order to correctly interpret the
model-derived predictions it is of paramount importance to understand and quantify
the sensitivity of the model outputs to the noisy input data signals. For example,
the study of Eck et al. [124] demonstrated the efficiency of stochastic mathematical
solutions, namely the polynomial chaos method (for details see [125]), to quantify
the uncertainty of the parameters of one-dimensional patient-specific blood flow
model.

The uttermost goal of precision medicine is to minimize uncertainties in the
patient management workflow. The creation of “digital twins” or “avatars” of the
patients [126] and their subsequent holistic translation into clinical practice could
be optimized via synergistic approach of combining physics-based and statistical
models. These two approaches could counterbalance limitations present in either of
them. For example, a physics-based model can be used when a solid understanding
of the biophysical system and the validation data are available (e.g. prediction of
immediate adaptation of tissue contractility in response to PVR [17]). However,
should the underlying biophysical mechanism be poorly understood (e.g long-term
tissue remodeling) or being too complex to be described by the model a statistical
approach may still be capable of identifying some predictive relations (e.g. statistical
shapemodeling to predict RV remodeling [127] or characterizing RV-LV interactions
[128] in rTOF patients). The synergistic approach was used in recent work by
Regazzoni et al. [129] to explain an unknown long-term dynamics of the aortic flow
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in hypertensive conditions. A mechanical model of large-vessel flow (capturing the
short-termphenomena)was combinedwith data-drivenmodeling approach (machine
learning) to explain the long-term phenomena.

7 Conclusion

Applying modeling methods in clinic is a very recent research topic with a number
of associated challenges. First, a relevant clinical question, which can be addressed
by modeling, must be defined. Second, the model including suitable components
and of an adequate complexity must be selected. Third, data have to be obtainable,
allowing for model personalization. When turning a model into the patient-specific
setup, the physical and physiological character of the models allows them to estimate
quantities that are hard (or even impossible) to measure in vivo, while maintaining
clinical relevance. Secondly, the predictive capabilities of suchmodels allow to assess
the action of certain therapeutic effects in silico. Both have the potential to contribute
into optimal clinical management of patients. Clinical problems requesting to employ
novel techniques typically represent rather large challenges. Combining various
multi-disciplinary approaches in a collaborative way has the potential to advance the
clinical management and can be helpful for patients.
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