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Vil

FUr Samuel

Mein klitzekleines Puzzleteil, damit die Welt,
in der du leben wirst, eine bessere sein wird.






Seht ihr den Mond dort stehen?
Er ist nur halb zu sehen

und ist doch rund und schon.
So sind wohl manche Sachen
die wir getrost belachen

weil unsre Augen sie nicht sehn.

Matthias Claudius






Kurzfassung

Die Anatomie der einzelnen Teile des menschlichen Herzens ist von Mensch zu Mensch
sehr unterschiedlich. Gemeinsam bilden sie ein komplexes, dynamisches System, das
seine Leistungsfahigkeit durch ein prazises biomechanisches Zusammenspiel erreicht.
Muss eins dieser Teile durch eine Prothese ersetzt werden, sollte die Prothese daher
das komplexe Zusammenspiel weitgehend erhalten, indem sie die individuelle Form so
gut wie mdglich nachahmt. Kardiovaskulare Prothesen sind bisher jedoch nicht an die
individuelle Anatomie des Patienten angepasst, da die gewiinschte Prothesenform oft
nicht direkt aus medizinischen Bildern extrahiert werden kann. Dieses kann an einer un-
zureichenden Bildauflésung liegen, wie es bei Aortenklappenprothese der Fall ist, oder
an einer pathologischen Verformung des Organs, z.B. bei einer Aortenwurzelprothese.
In diesen Fallen enthalt das medizinische Bild des zu ersetzenden Organs nur Surrogat-
informationen Uber den urspriinglichen, gesunden Zustand, d.h. die gewlinschte Prothe-
senform. Das Ziel dieser Arbeit besteht darin, diese methodische Licke zu schlieBen und
die gewlinschte gesunde Organform auf Basis der verfligbaren Surrogatinformationen
zu schatzen. Dazu wurden neuartige Methoden und Konzepte zur Synthese eines pseu-
dogesunden Zustands entwickelt. AuBerdem wurden ex-vivo Datenséatze von Schweinen
gesammelt, die Proof-of-Concept-Evaluationen ermdglichen. In dieser Arbeit konnte nicht
nur gezeigt werden, dass die Surrogatdaten ausreichend Informationen beinhalten, um
Merkmale der gewilinschten Prothesenform vorherzusagen, sondern es konnten auch
neuartige Methoden zur Synthese eines pseudogesunden Zustands entwickelt werden.
Darilber hinaus werden Ansatze zur Einbeziehung des Chirurgen in die Entscheidungs-
findung vorgestellt. Um die Hirden bei der Anwendung im klinischen Betrieb abzubauen,
wurde zusatzlich ein Ansatz zur diskreten Bildsynthese entwickelt. Dabei konnte gezeigt
werden, dass die vollstédndig datengetriebene Identifikation von typischen anatomischen
Formen sowie die Klassifikation des individuell optimalen Formtyps mdglich sind. Diese
Arbeit ist die erste zur pseudogesunden Formsynthese fir die personalisierte Prothetik
sowie die erste Arbeit zur Personalisierung von kardiovaskularen Prothesen. Da die vor-
gestellten Methoden und Konzepte nicht auf kardiovaskuldare Anwendungen beschrankt
sind, bietet sie die Basis fiir personalisierte Prothetik durch maschinelles Lernen.
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Abstract

The anatomy of the heart and its components highly varies from patient to patient. Com-
bined, they form a complex, dynamic system that reaches its efficiency through a precise
biomechanical interplay that is highly influenced by the individual shapes. Hence, if one
of these components has to be replaced, the prosthesis should preserve this complex
interplay by mimicking the individual shape as closely as possible. However, state-of-the-
art cardiovascular prostheses are not tailored to the patient’s individual anatomy. One
challenge in personalizing the shape of cardiovascular prostheses is that, typically, the
desired prostheses shape cannot be extracted from medical images of the organ at risk.
This might be due to insufficient image resolution, as it is the case for aortic valve pros-
theses, or due to a pathological deformation of the organ, e.g. in the case of aortic
root prostheses. In these cases, the medical image of the pathological organ only con-
tains surrogate information about the original, healthy state, i.e. the desired prosthesis’
shape. The aim of this work is to bridge this gap by estimating the desired healthy organ
shape based on the available surrogate information. Thus, novel methods and concepts
for pseudohealthy synthesis for personalized prosthesis shaping are developed. Addi-
tionally, ex-vivo porcine data sets were collected, allowing for proof-of-concept evalua-
tions. In this thesis, it could not only be shown that the surrogate data carries a sufficient
amount of information to predict features of the desired prosthesis shape, but also novel
methods for pseudohealthy synthesis could be developed to synthesize an image of this
desired shape. Furthermore, approaches to include the surgeon into the decision mak-
ing pipeline are presented. Since personalized tailoring of prostheses for each and every
patient comes at high financial, logistical and regulatory cost, an approach for discrete
pseudohealthy synthesis was developed. Therefore, it could be shown that the fully data-
driven identification of a set of typical anatomical shape types as well as the classification
of the individually optimal prosthesis type is possible. This thesis presents the first work
on pseudohealthy synthesis for personalized prostheses shaping and the first work on
personalizing cardiovascular prostheses in general. As the presented methods and con-
cepts are not limited to cardiovascular applications, they lay the basis for personalized
prosthetics utilizing machine learning.
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1 Introduction

The field of personalized medicine gained importance during the last years [128]. The
key idea is to accept that every body is individual and differs from other bodies, leading
to the concept of tailoring medical treatment according to these individual features [74].
Besides applications in disciplines like oncology, one prominent example of personalized
medicine is the personalized shaping of prostheses. When an organ or a part of an organ
has to be replaced, the prosthesis should ideally mimic the original, healthy state of this
organ as closely as possible to achieve optimal outcome for the patient.

Due to disruptive and promising advancements in the field of rapid manufacturing,
fast production of unique prosthesis in 3D printers becomes more and more realistic
[6], [138]. It is even possible to produce personalized 3D knitted scaffolds that can be
cultivated using tissue engineering. Other research groups focus on direct 3D printing
of biological tissue [38]. For example, it is possible to use these techniques for creating
artificial aortic valves [68] or aortic root graft prostheses [76]. Hence, manufacturing
personalized prostheses for each patient in a clinical scenario seems to be possible in
the near future.

However, state-of-the-art cardiovascular prostheses do not aim at remodeling the in-
dividual shape. While biological aortic valve prosthesis assume that the valve and its
leaflets is symmetric, which is barely the case in human [85], the shape mechanical aor-
tic valve prostheses does not resemble a native valve at all [39]. Aortic root prostheses
typically ignore the root’s substantial anatomical geometry and are shaped as tubes [39].
The only parameter of these prostheses that is chosen individually is its diameter. This
choice is either done using image processing tools to measure an optimal diameter [5]
or without any computational guidance. The latter case is specifically common for valve-
sparing aortic root reconstruction surgery, where the surgeon has to rely on his or her
experience to choose the individually optimal diameter of the aortic root prosthesis.

This limited personalization and lack of decision support tools is mainly due to the lim-
ited capabilities of assessing the desired prosthesis shape. Typically, the individual shape
of the part of the organ that should be replaced is acquired utilizing medical imaging.
From these images, the shape of the structure can be extracted using image segmenta-
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Pseudohealthy Synthesis for Personalized Cardiovascular
Prosthesis Shaping

Personalized
Pathology

Prothesis

Desired Prosthesis
Medical Image . )
Prosthesis Shape Manufacturing

Surrogate Estimated

Information Healthy Shape

Pseudohealthy Synthesis

Figure 1.1: Workflow of personalized prosthesis shaping. Typically, the desired shape cannot be
extracted from the medical image. Thus, it is proposed to only extract surrogate information
and use this information to estimate a healthy state. This process is referred to as pseu-
dohealthy synthesis. In this work, concepts and methods for pseudohealthy synthesis are
developed, aiming at personalizing cardiovascular prostheses.

tion methods. The design of the prosthesis can then be adapted to these segmentations
(see Fig. 1.1). However, this naive approach is limited as there are scenarios where the
desired shape cannot be extracted from the medical images.

In general, there are two different kinds of indications for replacing an organ or part of
an organ by a prosthesis: a structural pathology and a morphological pathology. In the
case of a structural pathology, the organ that should be replaced suffers from a change
in its structure, leading to material weakness or malfunctioning due to changes in the
biomechanical properties. One example is the calcification of aortic valve leaflets that
leads to aortic valve stenosis as the valve cannot open properly due to increased leaflet
stiffness [39]. In contrast, the shape of the organ is deformed in the case of a morpho-
logical pathology. An example for this is the pathological dilation of the aortic root due to
an aneurysm [39].



For the first case, the optimal prosthesis shape is generally assessible using medical
imaging as the prosthesis can be shaped exactly as the organ as it is observed in the
image. As long as the desired biomechanical properties are sufficient, the approach
described above is feasible. However, this only works if it is possible to acquire images
of the desired organ shape. This is a big challenge for tiny structures like the aortic
valve that consists of extremely thin material that moves very fast in the blood stream.
Imaging with classical tomographic imaging modalities like computed tomography (CT)
or magnetic resonance imaging (MRI) is not possible, and even in ultrasound imaging, a
full segmentation is only possible in a model-based way [43]. Furthermore, even if the
macro-structure of the leaflets can be assessed, the important micro-structure, i.e. the
distribution of prominent collagen fibers with a thickness in the micrometer range remains
unknown. In the second case, the desired shape is not assessible at all as the acquisition
of images showing the organ will only lead to the deformed, pathological shape. Even
with optimal imaging modalities, the natural, healthy state remains unknown.

Hence, both cases can lead to situations where the desired shape of the prosthesis
is not known. To achieve personalization, the desired healthy shape has to be estimated
based on surrogate information. This process is known as pseudohealthy synthesis,
i.e. the synthesis of a shape, typically by synthesizing an image, that is assumed to be
healthy. As one can not be sure that the shape really represents a healthy organ, it is
referred to as pseudohealthy. The term pseudohealthy synthesis was introduced by [19]
in 2016 and lead to an expansion of the field in recent years. Typically, this method is ap-
plied for segmentation, for example of lesions in the brain. Thus, a pseudohealthy image
is synthesized based on the pathological image and the difference of both images is com-
puted. If the pseudohealthy synthesis works optimally, this difference image represents
the areas affected by the pathology. However, state-of-the-art methods for pseudohealthy
synthesis are not suitable for the given problem as personalizing prosthesis shapes only
based on surrogate information poses novel challenges on sparing the patient’s individual
anatomical traits while still allowing for strong domain differences between the surrogate
information and the desired healthy shape.

The goal of this work is to examine whether personalized prosthesis shaping is pos-
sible using pseudohealthy synthesis. Thus, both cases, the structural pathology as well
as the morphological pathology, are investigated exemplarily for cardiovascular prosthe-
sis shaping. For structural pathology, the personalization of aortic valve prostheses is
assessed. Thus, the desired shape of the three individual valve leaflets should be esti-
mated based on surrogate tissue, i.e. the shape of the aortic root. In the morphological
pathology case, the personalization of aortic root prostheses is investigated where the
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Figure 1.2: Visualization of the general problem formulation for the cases of a structural and a
morphological pathology.

healthy shape is estimated based on the pathologically dilated shape of the aortic root.
Fig. 1.2 visualizes these problem formulations.

Several approaches to solve these problems focused on biomechanical modeling and
simulation of the prosthesis’ behaviour to identify the individually optimal one. However,
all these approaches suffered from very rough approximations of the complex biome-
chanical properties and were limited to only predicting specific features of the prosthe-
sis like the diameter. The identification of the individual biomechanics and the resulting
blood flow, including a qualitative evaluation of different behaviours, remains an open re-
search questions. Hence, modeling-based approaches are not capable of solving the
given pseudohealthy synthesis problem.

In recent years, data-driven approaches from the field of machine learning have devel-
oped rapidly and provide impressive results in complex pattern recognition. Deep neural
networks, generally also referred to as deep learning, revolutionized the field of computer
vision and showed unprecedented performance in nearly all areas of medical image anal-
ysis. Pseudohealthy synthesis is no exception and it could be shown that deep learning
based approaches significantly increased the quality of the results. This is mainly due
to the big advances of generative modeling using deep neural networks, e.g. using au-



1.1. RESEARCH QUESTIONS

toencoders or Generative Adversarial Networks (GANs). Hence, in this work, machine
learning based approaches are examined to solve the given problem of pseudohealthy
synthesis for cardiovascular prosthesis shaping.

This thesis presents the first work on personalized cardiovascular prosthesis shaping
utilizing pseudohealthy synthesis. The goal is to develop methods and concepts to esti-
mate the desired healthy organ shape only based on the available surrogate information
(see Fig. 1.1). As both pathological cases, i.e. the structural and the morphological one,
differ in their domain gap between the available surrogate information and the desired
healthy shape, both cases are investigated and case-specific methods are proposed. As
manufacturing prostheses in a highly individual way is already possible, the aim of this
work is to close the gap between a medical image of the patient’s pathological state and
the desired prosthesis shape. Thus, manufacturing personalized prostheses, benchmark-
ing them against state-of-the-art ones or performing clinical studies on human probands
or data is out of scope. The thesis rather focuses on methodological development and
proof-of-concept studies on ex-vivo porcine data sets.

1.1 Research Questions

Pseudohealthy synthesis and machine learning in general has never been investigated in
the scope of cardiovascular prosthesis shaping before. Therefore, the overall goal of this
thesis is divided into answering three research questions:

Q1: Is it possible to predict individual prosthesis features?
Q2: Is it possible to synthesize personalized healthy shapes?

Q3: Is it possible to identify optimal sets of general prostheses?

The research questions are consecutive and are answered for both cases, the struc-
tural and the morphological pathology, respectively. The key idea as well as the contribu-
tion of each research question is described in detail in the following paragraphs:

Q1: Is it possible to predict individual prosthesis features?

In the scope of this question, it is investigated whether the surrogate actually carries
enough information to infer information about the desired, but unknown, shape. Thus,
classical machine learning methods are trained to predict specific geometric features of
the prosthesis based on the surrogate, i.e. the surrounding tissue or the pathological

5
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shape, depending on the case of pathology. This question serves as a proof-of-concept
study to ensure that the general concept of solving the prosthesis shaping problem using
pseudohealthy synthesis.

Q2: Is it possible to synthesize personalized healthy shapes?

Based on the results of Research Question Q1, it is examined whether it is possible to not
only predict specific geometric features of the prosthesis but synthesizing the full shape.
Thus, generative models are combined with models mapping from the surrogate to the
pseudohealthy state. These newly developed models are evaluated to assess whether
pseudohealthy synthesis for cardiovascular prosthesis shaping is possible.

Q3: Is it possible to identify optimal sets of general prostheses?

Even though fully individual prosthesis shaping as examined in Q2 follows the princi-
ple of personalized medicine, it comes with huge logistical, economical and regulatory
challenges and issues. Hence, it is investigated whether a solution in between the two
extremes, i.e. full personalization and a one-size-fits-all approach, could lead to an
improved patient outcome combined with an easier translation into clinical application.
Thus, it is investigated whether it is possible to synthesize a set of optimal prosthesis
shapes in a completely data-driven way so that each patient can get one out of this set
and gets a well-fitting prosthesis.

1.2 Structure of this Work

The structure of this work follows the three research questions. At first, a rough overview
over the medical background is given in Chap. 2, followed by a presentation of the rele-
vant machine learning concepts in Chap. 3. Then, the data sets that were collected and
used within this thesis are described in Chap. 4. Based on this, three chapters present
the methodological development and proof-of-concept studies performed to address the
three research questions. Thus, Q1 is tackled in Chap. 5, Q2 in Chap. 6 and Q3 in Chap.
7. Each of these chapters follows the same structure: After a short introduction, the con-
tribution of the chapter is described, followed by an overview of related work. Then, the
research question is addressed for both kinds of pathologies, i.e. structural and morpho-
logical, in two sections. Finally, the results are wrapped up and discussed in a conclusion,
giving an answer to the research question. This structure is present throughout the three



1.3. NOTES ON TERMINOLOGY

Chapters 5, 6 and 7. Finally, the final result of the thesis is formulated and discussed in
the Chapters 8 and 9.

During his time at the University of Libeck, the author published 4 journal papers (3 as
first author, 3 under review or in revision) and 14 conference papers (12 as first author).
Therefore, parts of this work have been published previously. These publications are
referenced in a footnote in the beginning of each chapter.

1.3 Notes on Terminology

Throughout this thesis, several terms are used in a way that might appear differently in
related literature. Hence, this section aims at providing a clear framing of this potentially
ambiguous terminology.

In the following, the term agent refers to any kind of model that is capable of learn-
ing from observation. The underlying learning principle is not restricted to reinforcement
learning but could also span over e.g. supervised or unsupervised learning tasks, follow-
ing the broad definition of an agent from [116]. Please refer to Sec. 3.1.2 for details.

The aim of this thesis is to estimate anatomical shapes. A shape is represented by an
object that is visible within an image. Thus, a structure of connected pixels within a 2D
image is denoted as a shape in the scope of this thesis. Please note that this does not
restrict a shape to be represented by pixels in a 2D image, it could also consist of a point
cloud or a mesh in general.

Throughout the thesis, the performance of different models is assessed using cross-
validations, e.g. 10-fold ones. In these cases, the evaluated metric is typically given
as the average metric over all folds, together with its standard deviation. The author
is aware that a standard deviation typically requires more than ten observations to be
reliable. However, an assessment of the variance of a model’s performance regarding
different data sets is still beneficial for a profound comparison of different models. Thus,
the standard deviation is still computed and given even for small numbers of observations.
The given value can be interpreted as a rough approximation of the standard deviation
that does not aim at statistical exactness but should support the reader in analysing the
results.

7






2 Medical Background

In this chapter, the medical background of this thesis is presented. After describing the
aortic valve apparatus’ anatomy and physiology, an overview of relevant cardiovascular
implants, divided into aortic valve prosthetics and aortic root prosthetics. Thus, the med-
ical indications as well as surgical intervention methods are presented and examples of
different prosthesis types are given.

2.1 Aortic Root and Valve Anatomy and Physiology

The explanations in this chapter mainly follow [96] and [39]. The aortic root presents
the junction between the left ventricle of the heart and the ascending aorta. Its shape
is defined by three bulbs emerging from the circular root shape, the sinuses of valsalva.
From two of these sinuses arise the coronary arteries. The nomenclature of the sinuses
follows the coronary arteries as seen from a caudal view ("from above"), the sinuses are
called right-coronary, left-coronary and non-coronary sinus. The connection between the
aortic root and the left ventricle of the heart is referred to as ventriculoarterial junction.
Fig. 2.1 illustrates the aortic valve apparatus.

The most prominent structure of the aortic root is the aortic valve. It is one of the
four heart valves and prevents the blood in the aorta from flowing back into the ventricle
during the diastole, i.e. the relaxation phase of the heart after contraction. The aortic
valve consists of three semilunar leaflets that are attached to the root wall within one
sinus, respectively. The leaflets act like a passive valve as they let the blood flow through
the root during systole and, due to a higher pressure in the aorta than in the relaxing
ventricle, lie together during diastole closing the valve. Similar to the sinus nomenclature,
the leaflets are called right-coronary, left-coronary and non-coronary leaflet. The line
where the leaflet is attached to the root wall is called commissure line, while the highest
points of this line are referred to as commissure points. As these are also the points
where the commissure lines of two neighbored leaflets meet, there are three commissure
points in total. The imaginary circular line that cuts through the three commissure points
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Figure 2.1: lllustration of the aortic valve apparatus. Left: The most prominent structure is the
aortic valve that sits within the aortic root. It consists of three leaflets. Right: Sketch with
right-coronary, left-coronary and non-coronary sinus, commissure lines (red) and sinotubular
junction (blue). Adapted with permission from [39].

is referred to as sinotubular junction and marks the transition between the aortic root and
the ascending aorta (see Fig. 2.1).

The leaflets consist of three tissue layers, the ventricularis at the ventricular side, the
fibrosa on the arterial side and the spongiosa as an intermediate layer in between. While
the ventricularis and spongiosa layers are comparably homogeneous, the fibrosa features
a network of prominent collagen fibers that are thought to be the main stress bearers in
the closed state [118]. The part of the leaflets that is not attached to the root wall is
called the leaflet’s free edge. Along the free edge, there is a thick node, the nodulus
arantius. This node is the thickest point of the leaflet with a thickness of about 0.7 —
1.5 mm, depending on the age [121]. In the closed state of a healthy aortic valve, the
noduli arantii of all three leaflets lie together, forming the coaptation point. The area where
the free edges of two leaflets touch each other in the closed state is called coaptation.

Even though the aortic valve had been described as a passive structure for a long time,
modern studies have shown the complex dynamical processes within the aortic valve ap-
paratus [148], [10]. Over the phases of a heart cycle, the aortic root behaves highly
dynamically and increases its volume by up to 40%. This expansion first appears during
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systole at the ventriculoarterial junction and then propagates in cranial direction, passes
the sinotubular junction and passes on towards the ascending aorta. This supports the
opening of the valve. During diastole, the root wall shrinks back to its original size while
the pressure gradient changes due to ventricle relaxation. This causes non-laminar tur-
bulences within the three sinus’ of valsalva that press the leaflets towards each other and
hence accelerate the valve’s closing process. The large expansion of the aortic root also
alters its height, i.e. the height difference between the ventriculoarterial junction and the
sinotubular junction, as well as its relative orientation. This can be assessed by the tilt
angle between the commissure plane, i.e. the plane of the sinotubular junction, and the
plane through the ventriculoarterial junction. This tilt angle is minimal during systole to
provide a minimal flow resistance and maximal during diastole to achieve a high counter-
pressure for the backflowing blood [148]. Hence, the aortic root and valve apparatus form
a complex dynamical system that reaches its efficiency through the precise interplay of
many biomechanical components and effects [147].

2.2 Cardiovascular Implants

Despite remarkable progress in cardiology and cardiovascular surgery, five out of the ten
most common causes of death are cardiac diseases [11]. Therefore, intense research
and development in the field of cardiovascular surgery started in the early 20-th century
and has since been intensively continued. The history of cardiovascular implants dates
back to 1952 when Charles Hufnagel implanted the first valvular device in the descending
aorta to prevent regurgitation [117]. The valve replacements by artificial prostheses were
performed in 1960 by Nina Braunwald, Andrew Morrow and Albert Starr [39]. Since
then, the amount of cardiovascular implants grew steadily [11]. In the area of aortic
valve surgery, there are two surgical paradigms: Valve replacement and valve-sparing
reconstruction. As the name suggests, the native aortic valve is replaced by a valve
prosthesis in the first case. In contrast, the patient’s native valve is preserved in valve-
sparing reconstruction by remodeling the aortic root using a tubular prosthesis. Both
kinds of implants, i.e. aortic valve prosthetics and aortic root prosthestics, are described
in the following.

2.2.1 Aortic Valve Prosthetics

There are two main indications for a replacement of the aortic valve: aortic valve stenosis
and aortic valve insufficiency. If the valve’s orifice area is pathologically narrowed and
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not enough blood can flow through into the aorta, the pathology is called aortic valve
stenosis [69]. One common cause of a stenosis is the calcification of the valve leaflets,
also called senile degenerative calcific aortic valve stenosis. In this pathology, calcific
nodules settle around the leaflet tissue and increase its stiffness drastically [89]. Hence,
the leaflets cannot open properly anymore, preventing the bloodstream to flow freely
through the valve. The degenerative calcific stenosis is the most frequent cause for aortic
valve replacement [39]. Another common type of stenosis is the congenital aortic valve
stenosis. In this case, the valve only consist of two (bicuspid valvular stenosis) or, in
very rare cases, of one leaflet (unicuspid valvular stenosis) [39]. Even though the leaflets
are not suffering from increased stiffness, the pathological geometry provides a smaller
orifice area compared to a native trileaflet valve. Besides these two main pathologies,
there are several other very rare causes of aortic valve stenosis. Further details can be
found in [39].

If the valve cannot close properly anymore, the blood can flow back from the aorta
into the left ventricle. This is referred to as aortic valve insufficiency [39]. The typical
reason is a pathological dilation of the aortic root. The state-of-the-art treatment method
is valve-sparing aortic root reconstruction (see Sec. 2.2.2). However, in severe cases,
the valve cannot be spared and must be replaced by a prosthesis.

In general, there are three different types of aortic valve prosthetics: mechanical pros-
theses, biological prostheses and auto-, allo- or xenografts [39]. Mechanical prostheses
are made of synthetic materials, for example silastics or titanium. The are mainly aim-
ing at providing fast and reliable opening and closing characteristics with a long durability.
hence, the closing mechanism does not necessarily resemble the trileaflet structure of the
aortic valve. Thus, mechanical valves utilize tilting or non-tilting disc valves, caged-ball
valves or bileaflet valves [39]. While mechanical valves provide an impressive long-term
durability, the patient has to be treated life-long with anticoagulants to avoid thrombosis
and embolism.

In contrast, biological valves are aiming at mimicking the valve’s native geometry more
closely. They consist of three leaflets attached to a stent [39]. The leaflets are made
of biological tissue, typically processed bovine pericardium. A long-term anticoagulation
therapy is not necessary due to the biocompatible materials used, but the durability is
lower and the risk of follow-up surgeries is higher than for mechanical valves.

In allo-, auto- or xenografts, the valve is replaced by a purified native valve. This can
either come from an organ donor (allograft) or an animal, typically a pig (xenograft) [97].
One special case is the autograft where the implanted native valve is the patient’s own
tricuspid valve. This method is called Ross procedure [31].
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The surgical techniques for aortic valve replacement can be divided into conventional
surgery and transcatheter aortic valve implantation (TAVI) [39]. Conventionally, the valve
is implanted in an open-thorax surgery. Alternatives are minimally invasive approaches
like the hermisternotomy. Due to the high degree of freedom for the surgeon’s movement
and actions, all kind of prosthetics can be implanted following the conventional surgery.
However, an open-thorax intervention presents a high stress for the body which is specif-
ically a risk for elderly patients. Therefore, TAVI presents a minimally invasive alternative
to the conventional method. In this approach, special kinds of biological prostheses are
utilized that feature a foldable stent [3]. Initially folded, the prosthesis is brought into the
body through a vessel, typically the femoral artery, using a catheter. An alternative is the
transapical implantation where the catheter is inserted through the left ventricle [39]. The
current position of the catheter is monitored, typically using X-ray, and the stent is de-
ployed within the aortic. As the pathological leaflets remain in the root but are pressed to
the root wall by the stent, this procedure is also called valve-in-valve implantation. Specif-
ically due to the higher geometric requirements, i.e the necessity to be foldable and open
up fast and reliably, the leaflets of TAVI prosthetics are designed simple, symmetric and
only roughly follow the native aortic valve geometry. Fig. 2.2 shows examples of the
different aortic valve prosthesis types.

In recent years, important advances have been made in the field of developing tis-
sue engineered aortic valve prostheses [38]. For example, [68] implanted recellularized
aortic valves into pigs showing good in-vivo performance. Such approaches indicate the
possibility of fabricating fully personalized aortic valve prostheses in the near future.

2.2.2 Aortic Root Prosthetics

The replacement of the aortic root is necessary in the case of aortic regurgitation, i.e.
when blood flows back into the left ventricle during diastole [39]. Even though there
might be pathologies of the leaflets, e.g. perforations, that lead to regurgitation, the more
common reason is a pathological dilation of the aortic root that causes a change of the
aortic valve apparatus’ geometry. Hence, the leaflets cannot seal the valve properly
anymore. Especially patients suffering from Marfan syndrome tend to develop aortic root
aneurysms [120].

While valve replacement formerly was a typical intervention for this indication, valve-
sparing aortic root reconstruction surgery presents a promising alternative to avoid the
downsides and risks of prosthetic heart valves [39]. This kind of technique spares the
patient’'s own valve leaflets and only the dilated aortic root is replaced by a prosthesis.
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Biological Allograft

Figure 2.2: Different types of aortic valve prostheses. Examples of mechanical valves are a
caged-ball valve (Starr-Edwards), a tilting disc valve (Omniscience) and a bileaflet valve
(St. Jude Medical). Additionally, a biological valve (Edwards), a TAVI valve (Edwards) and
an allograft are shown. Adapted with permission from [39].

Besides the important advantage of sparing as much of the patient’s own tissue as pos-
sible to minimize the intervention in the complex system of the aortic valve apparatus,
there is no need for life-long anticoagulation treatment as it is the case for mechanical
aortic valve replacement [47].

There are two main approaches for valve-sparing aortic root replacement surgery: The
reimplantation technique as proposed in [32] and the remodelation technique introduced
in [124]. In reimplantation, the aortic root is cut away, the prosthesis is put over the
remaining aortic valve and all remaining structures are sewed in. In the remodelation
approach, the aortic root is cut away along the commissure lines and artificial sinus’ of
valsalva are formed by the root prosthesis. Even though this allows for a more realistic
dynamical behaviour, it was shown that the patients have a higher risk of reoperation
due to dilation of the remaining tissue below the prosthesis. Hence, the reimplantation
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Reimplantation Remodelation
Technique Technique

Figure 2.3: lllustration of valve-sparing aortic root reconstruction surgery using an aortic root pros-
thesis for the reimplantation (left) as well as the remodelation technique (right). Adapted with
permission from [39].

technique is nowadays the more common approach [39]. Fig. 2.3 illustrates the two
techniques for valve-sparing aortic root reconstruction surgery.

In clinical practice, different types of aortic root prosthesis, also called composite aor-
tic valve graft (CVQ) [7], are in use. In general, the CVGs are separated into mechanical
composite grafts, biological composite grafts and xenografts [42], [23], [33]. While bi-
ological composite grafts make use of biologically harvested materials, typically bovine
pericardium [44], mechanical composites are made of synthetic material, for example a
combination of knitted polylactic acid (PLA) and a polycaprolactone matrix (PCL) [90].
In contrast to these crafted grafts, xenografts are purified transplants from animals, for
example porcine aortic roots [88].

While it is obviously not possible to personalize xenograft prostheses, several ap-
proaches were presented to achieve a better match between the patient’s individual aortic
root shape and the prosthesis in the scope of composite grafts. In [40] and [112], the au-
thors present and evaluate mechanical composite grafts with leaflet cusps, mimicking the
sinus’ of valsalva. Even though this prosthesis matches the native root geometry more
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closely and has positive effects on the valve functionality, the cusps are not tailored to the
individual geometry but are shaped symmetrically. In [130], the authors present a pros-
thesis featuring personalized aortic cusp shapes by adjusting control points of Bezier-
curves manually to achieve a sufficient similarity between the 3D model and the original
native root. However, a lot of manual interaction is required in this approach and the
amount of introduced human bias remains unclear. Modern techniques of 3D electro-
spinning allow for the individual fabrication of PLA-composed grafts with a high degree of
freedom [15], [84]. Different kinds of these grafts have already been tested in vivo [113]
and hence have a huge potential regarding personalized aortic root prosthesis fabrica-
tion. Furthermore, it is possible to let cell cultures grow on the knitted scaffold, leading to
tissue engineered vascular grafts (TEVG) [109]. As the cell cultures are harvested from
the patient, these grafts are highly biocompatible and drastically reduce the reaction of the
immune system to the implant. A recent, concurring approach to electrospun scaffolds is
3D printing of aortic roots. In [76], the authors present first biomechanical evaluations of
a printed aortic root, where the shape was extracted from micro-computed-tomography
data of one patient. However, one remaining challenge is 3D printing the root using bio-
compatible materials with realistic biomechanical properties.



3 Basics of Machine Learning

In this chapter, the theoretical basis of machine learning is provided. First, a comprehen-
sive overview of machine learning concepts is given in Sec. 3.1. Afterwards, the machine
learning methods utilized in this thesis are presented and explained in detail, including
Support Vector Machines (Sec. 3.3), artificial Neural Networks and Autoencoders (Sec.
3.4), Random Forests (Sec. 3.5) as well as unsupervised clustering (Sec. 3.6).

3.1 Introduction to Machine Learning

As a subfield of Artificial Intelligence, Machine Learning refers to adapting a model ac-
cording to observations, also called data, so that predictions can be made for unobserved
and hence unknown data points [116]. The adaption of the model is called learning or
training. This section presents an attempt to integrate all kinds of machine learning into
one unified model for an introductory purpose.

In general, machine learning algorithms can be divided using two different perspec-
tives: the task perspective and the agent perspective. Both perspectives will be presented
in detail in the following paragraphs.

3.1.1 Task Perspective

Two different coordinate spaces are relevant in machine learning: the data space D and
the feature space X. The data space contains the observations of raw data, which could
be for example images, short sequences of speech, written texts or sensor data. This
data can be given in any format and dimensionality. In contrast, the feature space con-
tains abstract features describing the data. Each dimension of the feature space corre-
sponds to one feature of the data that, in the ideal case, carries a lot of information about
the data distribution. The dimensionality of the feature space might be much lower than
the one of the data space. Hence, each data sample from the data space is represented
by a point in the feature space, and each point in feature space describes a potential
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Figure 3.1: Nomenclature of machine learning algorithms: the task perspective.

data sample. As an example, one might think of the data space as a collection of land-
scape photographs, where each of the photographs is one data sample. One feature to
describe this data set is the number of trees in an image. Hence, the feature space is
one-dimensional and each photograph is represented by one point in this space, where
the position of this point corresponds to the number of trees in this individual image. It
is important to note that neither the mapping from data to feature space nor the mapping
from feature to data space is unique. There might be a lot of very different images that
show two trees.

Fig. 3.1 visualizes the nomenclature of different machine learning methods for the
task perspective. The problem of defining a good feature space is called representation
learning. The goal is to identify a mapping that converts the data into a space where each
dimension is a feature describing the data, i.e. that carries information on the data dis-
tribution. In many approaches, this step was carried out by a human expert who defined
sufficient features for the specific data set based on previous knowledge. This procedure
is called feature selection and brings the advantage of fusing existing knowledge with
data-driven learning. However, with the advances in the field of deep learning, feature
selection has been more and more replaced by representation learning using deep neu-
ral networks. Details can be found in 3.4. Note that two different notations of the feature
space are used within this thesis: A feature space point is denoted as x if the features
were identified manually and it is called z if the feature description was derived using
representation learning.
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Finding a mapping from the feature to the data space is known as generative modeling.
Here, the goal is to synthesize data only based on a given feature vector, i.e. one point
in feature space. Typically, previous knowledge of the data distribution plays a key role
in generative modeling. Following the example from above, a generative model could be
capable of synthesizing a realistic image of two trees only based on the information that
there should be two trees. Once again, generative modeling is not unique but usually
seen as a probabilistic model. Hence, it is assumed that each feature vector leads to a
distribution of data in the data space.

A sufficient feature space lays the basis for multiple tasks. If the data samples belong
to different categorical classes, e.g. {cat,dog}, a classification aims at finding a separat-
ing line between these classes in feature space. The goal is that this line partitions the
feature space in two parts were each point within one part belongs to the class cat and
all points in the other part to the class dog. In contrast, it might also be that each data
point is not assigned to a categorical class but a real number, e.g. a temperature value.
The task of fitting a function into the feature space that approximates all values known
from the data points and allows for inter- and extrapolation is called regression. A third
application occurs if no label is assigned to the data points at all, neither categorical nor
real value. Then, the aim of the algorithm is to divide the data points into distinct sets of
similar points that form one class, also known as cluster. This process is called clustering.

In general, all tasks that are solved using machine learning can be classified into
one of the presented tasks: representation learning, generative modeling, classification,
regression or clustering.

3.1.2 Agent Perspective

In general, each machine learning model can be interpreted as an agent. An agent
interacts with its environment by receiving information about the environment via sensory
inputs, called perception, and manipulates it using actuators, called action [116]. The
core of the agent is the mapping from a perception to the action it should perform, i.e.
the decision making. In general, this step is called the performing element, but to align
the notation with current machine learning literature, it is also called model in the scope
of this thesis. For some learning paradigms, the agent does not interact with the full
environment during training, but only with a small subset of it. This subset is called
training environment. One can imagine the training environment as a data set of finite
size. A model can be trained on this data set, but the set cannot represent the full variety
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Figure 3.2: Sketch of an intelligent agent and its interaction with the environment.
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of data samples that arise from the underlying real distribution. Fig. 3.2 visualizes an
agent that interacts with its environment.

However, just selecting an action based on the current perception is not enough to call
an agent intelligent. It should rather be capable of improving its own behaviour based
on observations. It should be able to learn. Hence, each agent has an integrated learn-
ing routine that relies on some form of critic to evaluate pairs of perceptions and corre-
sponding actions, aiming to learn whether this action was helpful given the perception.
In general, all machine learning concepts can be fitted into this agent concept. How-
ever, different learning paradigms feature different settings of the agent’s learning rou-
tine. In the following, the learning paradigms supervised learning, unsupervised learning,
semi-supervised learning, weakly supervised learning and reinforcement learning are
presented in the scope of the agent perspective.

In supervised learning, a finite training data set (x1,y1), (x2,¥2) - .., (Xn,yn) Of input
vectors x; and corresponding outputs y;, ¢ = 1,...,n is given. This can be interpreted
as a training environment with which the agent interacts during training. The given y acts
like a supervisor that tells the agent for each performed action whether it was the right
one or not. Hence, the agent can learn to satisfy the supervisor on as many perceptions
from the training environment as possible, aiming at mimicking the supervisor’s decisions
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as close as possible. The agent can be deployed to the full environment, i.e. it can decide
on an action even for perceptions that were not part of the training environment. But a
supervised agent is not able to improve in the full environment when no supervisor is
present to rate its decisions.

The scenario is quite similar for unsupervised learning. Once again, the agent only ob-
serves a training environment, but in contrast to supervised learning, there is no external
supervisor that rates the quality of decisions. This relates to a training environment where
only a set of perceptions x;,...,x, is given. In this setting, the agent has to define the
critic functionality on its own. However, the training is still performed within a finite training
environment. When the agent is deployed in a real environment, no further improvement
is achieved.

There are also some hybrid approaches, e.g. semi-supervised learning and weakly-
supervised learning. In the semi-supervised setting, the agent receives the critic from a
supervisor only for a limited number of observations, while it has to use its own critic func-
tionality on all other ones. For the weakly-supervised learning, the agent does receive
critic from a supervisor, but this critic is not completely reliable. Hence, the agent expects
noisy criticism and therefore can react to it. However, both approaches are specific or
hybrid forms of the previously mentioned supervised and unsupervised agents.

In contrast, the agent directly interacts with the full environment in reinforcement learn-
ing. Once again, the agent defines the critic of performed perception-action-pairs on its
own. However, it is capable of improving within the full environment, making open-end-
learning possible. Additionally, the agent features another element within the learning
part: a problem generator. This element adds curiousness by formulating new prob-
lems autonomously and proposing experiments for the model to perform. This allows
the agent to assess whether novel actions provide a better reward for a given perception
than already known ones. Hence, the reinforcement learning agent gives the highest
flexibility and the most advanced learning methods, but it is also harder to define and
the restrictions of other agent types, e.g. supervised methods, might be an advantage in
safety-critical application scenarios like medical decision making.

In general, all machine learning algorithms can be classified into one of these learning
paradigms and interpreted as an agent. Hence, each of the numerous machine learning
models that have been proposed over the decades can be categorized and clustered
within the framework of the task and the agent perspective.
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Overfitting Underfitting Good Balance

Figure 3.3: Visualization of the bias-variance-tradeoff. If the model’s variance is too high, it is
prone to overfit to the data (left). In contrast, if the variance is too low, the model is not
capable of grasping relevant patterns (middle). An optimal fit can only be found when the
tradeoff between bias and variance is sufficient (right).

3.2 Overfitting and Generalization

Typically, at least in the case of supervised and unsupervised learning, machine learning
models are trained on a finite data set, the training data. The aim of machine learning is
to adjust all model parameters in such a way that the model generalizes well [116]. This
means that the model is not only capable of providing good performance on the training
data but also on unseen samples. However, providing minimal error on the training data
does not lead to the best generalization but actually might decrease the generalization
performance as the model only focuses on learning the specific training data points with-
out deriving general decision rules. This effect is known as overfitting. With increasing
model capacity and flexibility, the risk of overfitting rises as the training data is almost al-
ways affected by noise or outliers. Hence, the model should be regularized to not capture
each tiny bit of variance present in the training data but rather to focus on the general
patterns. However, this implies the risk of ignoring quite important parts of the variance
that is necessary for decision making on unseen data, which is called underfitting. The
problem of finding a generalizing model that does neither overfit nor underfit is one of
the biggest challenges in machine learning. This challenge is also known as the bias-
variance-tradeoff. Fig. 3.3 visualizes this problem.

One possibility to asses the generalization performance of a machine learning model
is k-fold crossvalidation [116]. Within a crossvalidation, the available data is divided into
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Figure 3.4: Visualization of a crossvalidation, exemplarily given for five folds. The data set is split
up into five folds of different size. Then, the model is trained on four of them and evaluated
on the fifth one. This procedure is repeated, each time using a different fold for testing.

three data sets: training data, validation data and test data. The model is trained on the
training data, while the validation data can be used to optimize hyperparameters of the
model. One typical example is stopping the training of a neural network after a specific
number of epochs when the error on the validation set rises, indicating overfitting. After-
wards, the performance of the trained model is then assessed by applying it to the test
data and comparing the predicted results with the ground truth. Hence, the generalization
performance on unseen data can be approximated.

In a classical k-fold crossvalidation, this procedure is repeated & times so that each
data point was part of the test data once. A typical value would be £ = 10. Hence,
10 % of the available data would serve as test data while the other 90 % could be split up
into training and test data. Note that a validation set for tuning hyperparameters can be
drawn from the training data set within each fold. An alternative is the so-called k-fold
Monte Carlo crossvalidation. Here, the data split within each fold is independent, i.e. it is
not controlled in how many folds one data point serves as a training or a test data point.
Instead, the training, validation and test sets are drawn randomly from the available data
within each fold. Compared to classical crossvalidation, this approach might give rise to
statistical errors, but it allows to assess the model’'s performance on an arbitrary number
of folds.
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3.3 Support Vector Machines

A Support Vector Machine (SVM) is a machine learning model for classification. The
main idea is to optimize the model for generalization capability by finding the separating
hyperplane with the largest distance to the observed training data points. This hyperplane
is called the maximum-margin separating plane. In addition, SVMs utilize the kernel trick
to deal with nonlinear classification problems. The first version of SVM was presented in
[17]. The explanation in this thesis roughly follows [41].

3.3.1 Classification

The SVM is designed for supervised training, so it can be assumed that a data set with
(x1,y1), (xX2,92) ..., (Xn,yn) is given. The data set consists of n data points with m fea-
tures, respectively. Hence, x; € R™ i = 1,...,n contains the features of the i-th data
point while y; € {-1,1},i = 1,...,n is the known label. It is important to note that
this label notation implies a binary classification with two possible output classes, 1 and
—1. Further information on mutliclass SVM, i.e. SVM classification with more than two
classes, can be found in [70].

The aim is to find a hyperplane that separates the points into the two classes, i.e.
where all points of label 1 lie above the hyperplane and all points of label —1 lie below the
hyperplane. Note that this is only possible if the data set is linearly separable. The kernel
trick for dealing with non-linearly separable data sets will be presented after explaining the
linearly seperable case. The desired hyperplane follows the general hyperplane equation

wix+d=0, (3.1)

where w € R™ and d € R are the parameters of the hyperplane and 0 represents a vector
of dimension m filled with zeros. It is important to note that the term w'x + d describes
the distance of the point x to the hyperplane defined by w and d, while the sign of the
result describes on which side of the hyperplane the point lies. By setting the distance to
zero, 3.1 describes all points that lie on the hyperplane.

The key idea of the SVM is to define the optimal separating hyperplane as the separat-
ing plane that has the largest distance to the closest data point. This assumption directly
follows from the concept of generalization where it can be assumed that the training data
set only shows a specific part of the real variance. To be as robust as possible to test
data that is more spreaded than the training data, the distance between the closest train-
ing data point and the hyperplane, also referred to as margin, should be maximal. This
always leads to a symmetric margin, i.e. the margin is identical for both classes. The
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Figure 3.5: A visualization of the classification hyperplane (red) identified by maximizing the mar-
gin.

maximization of the margin can be formulated as an optimization problem as described
in the following paragraphs. Fig. 3.5 visualizes the classification hyperplane and the
margin.

It can be shown that the distance between the hyperplane and the closest data point is
given by HvlTn Hence, the maximum margin can be found by minimizing the denominator
of this fraction. However, not only the maximum margin should be taken into account. It
is important to make sure that the training data is separated and classified correctly, i.e.
that all training samples lie on the right side of the hyperplane. Hence, each datapoint
poses a constraint on the optimization problem:

minimize ||w]|
w (3.2)
subject to  y;(wx; +d)>1,i=1,...,n.

The definition of the constraints arises from the canonical representation of the margin
(see [41]. This means that if the hyperplane seperates the data correctly, w can be scaled
in a way that the margin is exactly 1 or —1, respectively. Hence, the data points of class 1
that are closest to the hyperplane have the distance 1 and all other points have a higher
positive distance. Vice versa, all data points of class —1 have —1 or a higher negative
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distance. To enforce that all points are classified correctly, all points should fulfill the
following conditions:
wix; +d> LVx;ly; =1

r (8.3)
w x; +d < —-1Vx;ly; = —1.

As y is defined to have either the value 1 or —1, these conditions can be combined to
the constraint given in 3.2.

Even though the optimization problem stated in 3.2 could be solved to find the maxi-
mum margin separating plane, a transformation to the dual optimization problem brings
several advantages, including the support vector extension, the applicability of kernels
and the possibility to define efficient solvers like the SMO algorithm [129]. Hence, the
problem is reformulated to match the definition of a quadratic program (QP):

1
minimize ~—w'w
w 2 (3.4)
subject to y;(wx; +d) >1,i=1,...,n.

Note that both objective functions share the same minimum and hence, both problems
have the same solution. But by formulating the problem as a QP, it is possible to utilize
Lagrange-duality to derive the dual problem:

n 1 n
max(ilmize E o — 5 E yiyjaian;er
i=1 ij=1

n
subject to Z yioy; = 0,
i=1

aiZO,izl,...,n.

The variable of this dual problem is the vector & € R™ that contains the Lagrange
multipliers «;, ¢ = 1,...,n. Each of these Lagrange multipliers corresponds to one data
point and has a special property: if the datapoint matches the constraint with slack, i.e.
if the distance to the separating hyperplane is not 1 or —1, the corresponding « is zero.
Hence, the only nonzero «; correspond to the data points that are closest to the hyper-
plane which is typically only a small subset of the training data set. These data points are
called support vectors and gave the SVM its name.
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Figure 3.6: Using the kernel trick, the SVM cannot only be applied to linear classification (left) but
also to nonlinear classification problems (right).

After solving the optimization problem 3.5 and retreiving the optimal Lagrange multi-
pliers o*, the parameters of the hyperplane can be computed as

n
W = Yio; X4
=1

d* = —+> yiixix;, j€{l,...,n}.
Yi =

Until now, it is only possible to classify linearly separable data sets correctly by optimiz-
ing the parameters of a hyperplane. However, it is also possible to learn nonlinear classifi-
cations using SVM by utilizing kernel functions (see Fig. 3.6). The basis of this idea, also
referred to as the kernel trick, is that for every data set, there is a high-dimensional space
in which this data set is linearly separable [116]. Hence, after mapping the data to this
high-dimensional space, the problem is solvable with the linear SVM. But the only thing
that needs to be computed in the high-dimensional space is the scalar product between
data points xZij. And this scalar product can be calculated by a kernel function.
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A kernel function & is a function that computes the scalar product between two points
x,z from the input space X after mapping the data to a higher-dimensional space using
the mapping F:

E:XxX—R (3.7)
k(x,z) = (F(x), F(z).)

Whether a function is a kernel can be validated using Mercer’s Theorem [41]. By using
a potential kernel function k£ and a set of data points x1, ..., x,, it is possible to compute
the kernel matrix K, also called Gram matrix, as

K = (Kij)ij=1,.n) (3.9)

with
Ki,j = k(Xi,Xj). (310)

If this kernel matrix is symmetric and positive semi-definite, k is a kernel and can be
used to compute the scalar product in a high-dimensional space. It is important to note
that the mapping F' remains unknown and is not even unique. Hence, the kernel trick
offers an extremely efficient way of solving the problem in a higher-dimensional space.
Using kernels, the SVM problem becomes

n n
. 1
maximize E =g E yiyjoioik(x;, x;)
i=1 ij=1

- 3.11
subject to Zyiai =0, ( )

=1

OziZO,i=1,...,n

and the resulting hyperplane can be computed as

n
W = yiOéi X;
i=1

d” = yi +Zyiaik(xiaxj), je{l,...,n}.
I =1

(3.12)

Over the years, many kernels were presented for applying SVMs to different tasks and
data sets. In the scope of this thesis, two kernels are relevant: The linear kernel kj;pcqr
and the gaussian radial basis function (RBF) kernel kgpr. The linear kernel does not
induce a mapping and computes the scalar product in the original feature space:

klinear (X7 Z) = XTZ (31 3)
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Figure 3.7: SVM classification using hard margin (left) and soft margin (right). By allowing mis-
classifications, a higher margin can be reached even though outlier are present in the data
set.

Hence, using the linear kernel, the SVM learns a linear classification utilizing a hyper-
plane. In contrast, the RBF kernel is capable of highly nonlinear classification [129]:

_ Clx =2l e o2
krpr(x,z) = exp Tz )= exp ( ~yllx — z|| ) (3.14)
with
S (3.15)
7T 902 '

The hyperparameter ~ gives control over the flexibility of the model. A high value
leads to a very flexible model that is prone to overfitting, a small value tends to underfit
the data. The optimal choice of v is highly depending on the data set and is one challenge
in training an SVM in practice.

3.3.2 Soft-Margin SVM

One important disadvantage of the SVM formulation in 3.11 is that the model is not ca-
pable of ignoring outliers. Even few outliers might lead to very small margins or models
that tend to overfit as the constraints must not be violated. Hence, the method is also
called hard-margin SVM. In contrast, in the so-called soft-margin SVM, slack variables
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&, i =1,...,n are introduced to the primal problem 3.4 to allow for violation of the con-
straints:
minimize 1WTW +C i &
w 2 =1 Z
, (3.16)
subject to  y;(wx; +d)+& >1,i=1,...,n,

§& > 0.

In the constraints, the slack variables allow for distances smaller than 1 and hence al-
low that points lie within the margin or even on the wrong side of the hyperplane. However,
the sum over all violations is added to the objective function. Hence, the optimizer aims
at finding a good balance between a large margin and a smooth, generalizing model. Fig.
3.7 visualizes the difference between hard- and soft-margin SVM. The hyperparameter
C' gives control over this balance. For high values of C, smaller margins are accepted
to ensure that no point violates the constraint. For small values, the model tries to find
a large margin even if some points are misclassified. The optimal choice of C' is highly
task-specific and presents one challenge in applying SVMs to a practical problem.

In the dual formulation of the soft-margin SVM, C becomes an upper bound of the
Lagrange multipliers:

n

n
- 1
maxamlze E ai—i E yiijéiOéjk(Xian)
i=1 i,j=1

~ 3.17
subject to Zyiai =0, ( )

1=1
0<a; <C,i=1,...,n.

Similar to the hard-margin case, kernels can be used to achieve nonlinear mappings.

3.3.3 Regression

The concept of SVMs cannot only be used for classification but also for regression prob-
lems. This extension is called Support Vector Regression (SVR) and is based on similar
principles. However, the label y € R is now a continous real value. Hence, the aim of
SVR is to find a line that optimally fits the given data tuples (x1,y1), (X2,¥2) - - -, (Xn, Yn)-
Once again, this problem can be formulated as a QP:
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Figure 3.8: Visualization of a Support Vector Regression (left). All data points laying within the e-
tube are counted as perfectly fitted without errors. Data points outside the tube are penalized
depending on their distance to the tube £ or £’. This leads to the SVR’s e-insensitive loss
function (right).

R -
minjmize  Sw'w + C’Z; (& +&)
subject to  y; — (wx; +d) < e+ &, (3.18)
(wx; +d) —y; <e+&,
51)57{20’7’: 15"'5”’

The constraints imply that the difference between the prediction wx;+d and the ground
truth y; is smaller than a specified value €. As errors can occur in positive and negative
direction, i.e. over- and underestimating the value y;, both cases are included as a con-
straint for each data point. Similar to the soft-margin SVM, the slack variables ¢; and
&) are integrated to allow for violations of this constraint, while the number of violations
is controlled by the parameter C. The hyperparameters ¢ and C should be optimized
according to the task and the data set. Their choice presents a typical challenge in ap-
plying SVR to real-world problems. Fig. 3.8 visualizes the penalization in Support Vector
Regression in dependence of the hyperparameters.
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Similar to the SVM, the SVR problem stated in 3.18 can be transformed to its dual
formulation using Lagrange duality:

n

1
maximize — — Z (o; — Oég)(Oéj - a;')X;er
a, a/ 2 7'7]:1
n n
—e Z(ai +al) + Z yi(og — al)
i=1 i=1 (3.19)

n
subject to Z(ai —a}) =0,
i=1

0<a,al) <C, i=1,...,n.
As each data point poses two constraints, there are Lagrange multipliers «’ in addition

to a.. After solving the optimization problem, the corresponding parameters of the line can
be computed as

n

W= (af — of")x; (3.20)
=1
yj+ > yilal — aé*)x;rxj +e, o;€(0,0), je{l,...,n}

d* = '
yi+ i vila) —af)x[x;—e, o €(0,0), je{l,...,n}.

(3.21)

Once again, the only computation that needs to be done in the feature space is the
scalar product between data points. Hence, kernels can be used:

1 n
maximize — = g (i — af)(aj — o) k(x4, x;5)
/ 2 J
a, i,j=1
n n

(3.22)

This allows the SVR model to learn nonlinear functions from the training data.
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Figure 3.9: Visualization of a perceptron. The inputs are weighted by their individual weight and
the sum of the result is computed. Then, the value of this weighted sum is compared to the
threshold 0, leading to a binary classification. Note that the comparison to the threshold is a
special kind of activation function o.

3.4 Neural Networks

Artificial Neural Networks (NN) follow the approach to mimic biological information pro-
cessing in human brains. As the name suggests, a neural network consists of many small
units, the neurons, that are connected to a network-like structure. Even though a single
neuron’s information processing capabilities are limited, neural networks showed impres-
sive performance in pattern recognition and learning from high-dimensional data [86].
In contrast to biological neural systems that consist of physical objects, NN are mathe-
matical approximations of these systems and consist of blocks of program code, forming
virtual networks of virtual neurons. The key idea behind NN training is to adjust the pa-
rameters in such a way that the prediction error for a given training data set gets lower.
In this chapter, the theoretical framework of NN is presented. After describing the basic
structure as well as the general learning strategy, specific types of NN architectures that
are relevant in the scope of this thesis are presented in detail. An introductory overview
can be found in [86], while [48] provides a deeper description of neural networks.
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3.4.1 From Perceptrons to Feed-Forward Neural Networks

The explanations in this section mainly follow [100] and [106]. The smallest unit of a
neural network is the mathematical model of a neuron, also called perceptron. The per-
ceptron has several inputs x4, ..., z.,,z € R and one weight w1, ..., w.,,w € R assigned
to each of these inputs. The information processing is performed by taking the weighted
sum over all inputs and apply an activation function o to the result. The computed value
of the activation function is the output y of the perceptron. For classification, the activation
function could be a step function with the step at 0. Then, the perceptron output can be
computed as

(3.23)

yza(iwixi+d

) 1 wyz;+d>0
=1

0 wix; +d<0.

Fig. 3.9 shows a sketch of the perceptron’s structure. If the output values 1 and 0
correspond to two different classes, a binary classification is possible using the above
formula. It is interesting to note that this formulation directly relates to a separating hy-
perplane: The weighted sum with the added bias d defines a line like w'x + d = 0.
Using the step function with threshold 0, the perceptron computes whether a data point
x = (z1,...,2,) lies on one side of this hyperplane or the other’.

It is possible to adjust these parameters in such a way that all samples from a given
data set are classified correctly. This is achieved via an iterative update of the weights,
also known as the perceptron algorithm.

The perceptron itself is quite limited in its data processing capabilities. Specifically,
the formulation in 3.23 constraints it to learning a linear classification using a separating
hyperplane. Hence, the perceptron is not capable of dealing with non-linearly separable
data. However, it is possible to link multiple perceptrons together to improve the data
processing capabilities. This leads to a network of perceptrons, a neural network. In this
context, the perceptrons are also called neurons.

The single neurons can be connected in different ways. One possibility is to stack mul-
tiple neurons in parallel to form a layer. Then, multiple layers can be stacked sequentially
to form a Multi-Layer Perceptron (MLP). Fig. 3.10 exemplarily shows the architecure of an
MLP with two hidden layers. In the MLP, the first layer is called input layer, the last layer is
referred to as output layer and the intermediate layers are the hidden layers. Each neuron
in the hidden layers and the output layer is connected to the output of every neuron in the

"There is plenty of literature that introduces the bias term d as a threshold S, where S is the step
position in the activation function. The formulation in 3.23 was chosen due to its nice analogy to separating
hyperplanes and SVM (see 3.3). Both notations can be transferred into each other by setting d = —S [106].
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Figure 3.10: Architecture of a multilayer perceptron (MLP) with five inputs, two hidden layers with
12 neurons each and three outputs.

preceding layer, while each neuron in the input layer is connected to all input variables
x1,...,Tm. 1he output of the MLP is the output of the last layer. Hence, the number of
neurons in the output layer is the desired dimensionality of the target y. Due to the type
of connections, the MLP is also called fully-connected and it is counted to the class of
Feed-Forward Neural Networks. This means that the information within the network flows
constantly from the input to the output layer without any back-loops or cycles. Note that
there are plenty of network architectures that utilize such kind of backward connections,
for example Hopfield Networks or Recurrent Neural Networks (RNN). For details, see
[116].

The neurons in an MLP rather use a different activation function ¢ than a single per-
ceptron. Besides the higher informative value of continuous outputs instead of the binary
perceptron output, a step function is not convenient for training the MLP as described in
the following. Additionally, nonlinear information processing can be integrated by using a
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nonlinear o. Typical activation functions that are also relevant in the scope of this thesis
are linear, sigmoid and Rectified Linear Unit (ReLU) activation:

Olinear(V) = v
B 1
C l4e—v

Usigmoid(’/) (3.24)

oReLU (V) = max(0,v).

Another important activation function is the softmax activation. In contrast to the ones
presented in 3.24, the softmax function is not applied within one neuron but across all K
neurons in one layer, typically the last layer of the network, and is defined as:
exp z;

Osoftmax (2)i = =K
ijl exp 2;

i1=1,..., K. (3.25)

Thus, the outputs of all neurons in the layer are transferred into a probability distribution
where the sum over all outputs is one. This is a useful property to solve classification
tasks as softmax output of each neuron corresponds to the probability of one class. By
applying an argmax operation, the most probable class can be identified. It should be
noted that an MLP in this form is not a bayesian system per se and hence, the values
only represent an approximation of a true probability.

The basic idea of training an MLP is to adjust the weights of the network in such a way
that the prediction error decreases. Thus, the accuracy of the prediction § compared to
the ground truth y is computed using an error function £, also called Loss Function. As
the weights of all neurons influence this loss value, the loss function depends on each
weight w and each bias d in the network. Hence, the network training can be formulated
as a gradient descent on the loss function regarding the individual weights.

To compute the gradient of the loss function regarding each individual weight and bias,
backpropagation is used. Even though first versions of this algorithm were around before,
it was made popular in 1986 by [114]. As the name suggests, the key idea is to propagate
the prediction error backwards through the network. Hence, the algorithm consists of a
forward pass to compute the activations in each neuron and the value of the loss function
and a backward pass to propagate the gradient backwards using the chain rule.

Let w;k denote the weight of the connection from the k-th neuron in the (I —1)-th layer
to the j-th neuron in the i-th layer (see Fig. 3.11). Similarly, dé- and aé. refer to the bias and
the activation of the j-th neuron in the i-th layer. Furthermore, a weight matrix w' and an
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Figure 3.11: Nomenclature within an MLP, given for two subsequent layers (I — 1) and [.

activation vector a’ are introduced that contain all weights or activations of the neurons in
the I-th layer:

(wh)je = why, (3.26)
(al); = d’. (3.27)

Then, the activation of the j-th neuron in layer [ that contains K neurons is

K
= (S 4t 529
k=1
while the activation of the whole layer can be computed as?®
al = o(wla'™t + d) (8.29)

with a® = x, where z is the input data.

Given a data tupel (z,y), the activation in each layer of the MLP can be computed
using 3.29 iteratively, starting with the first layer. This is called forward propagation and
represents the first step of the backpropagation algorithm. After propagating the activa-
tions through the network, the output of the last layer is the predicted value 7 that can be
compared to the ground truth using the loss function £(y,y). Hence, the error in each
neuron of the last layer L can be computed as

5f = ——0o'(r}) (3.30)

2Note that the notation in 3.29 implies a vectorized computation of the activation function o, see [106] for
details.
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with

S
I
] =

whpap "t + dh. (3.31)

B
Il

1

In matrix form, the error 5% of the last layer is
st =vaLodh) (3.32)
with
rf = wlal=! + ¢, (3.33)
where ® is the Hadamard-product. The vector r! is called the weighted input of the
[-th layer.

Based on this error term in the last layer, the error in the preceding layer can be
computed recursively using the chain rule:

oL
ot = == 3.34
J 87’5 ( )
K I+1
=3 o 39
P ary, ﬁrj
K I+1
or
=3 TZ(S,Q“. (3.36)
k=1 J

Hence, the influence of each neuron on the prediction error can be calculated through-
out the whole network. After backpropagating these errors, the partial derivatives of the
loss function regarding the weights and biases of the network are given as

-1l
— = 0 3.37
aw‘lj’k ak 7 ( )
e

With these gradients, it is possible to perform a gradient descent to adapt the weights
and biases in order to minimize the loss function value. Hence, one important condition
on the loss function is that it is differentiable.

Typically, the gradient descent is performed in a stochastic way, i.e. the gradients are
not computed for one data pair (x,y) but for a set of data points, the so-called batch or
mini-batch. This improves the robustness of the optimizer and speeds up the training
process.
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3.4.2 Convolutional Neural Networks

As the name suggests, Convolutional Neural Networks (CNNs) follow the idea to integrate
a convolution of the input data with kernels into the structure of a neural network. As
the convolution of a signal with a kernel is a well-known approach to extract features
from the signal and the values of the kernel are weights within the network, CNNs are
capable of autonomously extracting features that are relevant for the given problem. While
the concept was already presented in 1989 by [87], the breakthrough of CNN began in
2012 with the impressive performance of AlexNet in the ImageNet image classification
challenge [83]. The explanations in this section follow [48].

As mentioned above, the key idea is to perform a convolution operation within a neural
network. A convolution of a signal x(¢) with a Kernel K is defined as

s(t) = /w(a)K(t —a)da = (% a)(t). (8.39)

The result of the convolution s(t) is also referred to as feature map. If the input is a
two dimensional image I with P x @ pixels, the discrete convolution becomes

P Q
p=1q=1
Fig. 3.12 shows the convolution of an input image with a kernel to receive a feature
map. It is important to note that most programming libraries implement CNNs using
cross-correlation, which is equal to a convolution with a flipped kernel:

P Q
S(i,4) = (T K)(i,5) =YY I(p, ) K(i +p,j +q). (3.41)
p=1q=1

To align with these libraries and the literature, 3.41 will be denoted as convolution in
the scope of this thesis.

In classical signal processing or image analysis, the convolution of the input signal or
image with a filter kernel is widely used to extract features. The values in the kernel relate
to the feature that should be found: The value of the resulting feature map at a specific
position gives information on the similarity between the corresponding image region and
the kernel. However, designing feature kernels manually typically requires a lot of prior
knowledge of the task and the given data. The key idea of CNNs is to introduce a type
of layer into a feed-forward neural network that performs a convolution of the input with a
specified kernel, while the values of the kernel are weights of the network. Hence, these
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Figure 3.12: Convolution of an image with a filter kernel. The feature map is computed by calcu-
lating the weighted sum of the kernel with the corresponding image region.

weights, i.e. the kernel, is trainable according to the loss function. Therefore, CNNs are
capable of extracting features that are relevant to solve the given problem completely
data-driven.

In practice, this convolution within the structure of a neural network is achieved using
three concepts: sparse interactions, parameter sharing and equivariant representation
[48] which are explained in the following.

Sparse interaction means that in contrast to the MLP, neurons in a convolutional layer
are not connected to all neurons of the previous layer, but only to a small part of them. In
the case of two dimensional image analysis, one neuron would be connected to a small
region of the input image, for example a 3 x 3 region. Note that the neuron performs the
weighted sum of its inputs. If the weights of the neurons are interpreted as the values
of a kernel, each neuron implements the computation of the weighted sum between the
small image region and the kernel for one position.

Parameter Sharing connects this effect to a full convolution operation. Each neuron in
one convolutional layer is connected to one input region and hence compares this region
to a kernel specified by its individual weights. This is visualized in Fig. 3.13. Parameter
sharing means that all these neurons are sharing the same weights. Hence, all image
regions are compared to the same kernel and the layer performs a convolution of the
input with a kernel defined by the shared weights of the neurons. The output of the layer
is a feature map describing the activation of the filter kernel at a specific position of the
input. Note that each neuron still applies an activation function o to the result of the
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Fully Connected Convolutional

Figure 3.13: Connectivity between subsequent layers. While each neuron in a fully-connected
layer is connected to each neuron from the precedent layer (left), each neuron in a con-
volutional layer only receives input values from a small region of the previous layer (right),
exemplarily shown in 1D with a kernel size of two.

weighted sum. Hence, the output of a convolutional layer is the computed feature map
after applying the potentially non-linear activation function to it.

Equivariance relates to the property of a function that a specific change that is applied
to the input is similarly observed at the output. Convolutional layers are equivariant to
translations, i.e. if the input is translated in a specific direction, the feature map is trans-
lated the same way. This property is very useful in image processing as the feature map
does not only provide information on the feature activation but also on the location of it
within the input image.

Architecture of Convolutional Neural Networks

Even though there are many possibilities to create a CNN, a typical CNN architecture
emerged over the years [86]. One prominent example of this architecture is the VGG-16
network [132]. Besides convolutional layers and fully connected layers as known from the
MLP, two other kinds of layers are used: pooling layers and flatten layers. Pooling layers
implement a size reduction by statistically summarizing nearby inputs. This means that a
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Figure 3.14: Principle of the max pooling operation, exemplarily shown for a pooling size of 2 x 2.
From each 2 x 2 region, only the maximum value is kept, resulting in a dimensionality
reduction.

certain region of the input is reduced to one value that summarizes all information in this
region in a meaningful way. One prominent example is max pooling [150] that gives back
the maximum of all values in the specific input region (see Fig. 3.14). Pooling operations
have two advantages. First, they reduce the size of the data and, hence, the size of the
following network layers. This is specifically important for high-dimensional data like high-
resolution images or even image volumes. Second, pooling enforces invariance regarding
small translations. Together with the general equivariance of convolutional layers, the
network not only cares for the rough location of a feature to preserve relative positions of
objects in the input image, but also cares whether a feature is there instead of giving the
exact position on a finer scale. This combination provided impressive results in various
applications of CNNs [86]. Typically, pooling applies to small input regions, e.g. 2 x 2.

Flatten layers perform a simple operation that simply converts a multi-dimensional
input into a one-dimensional vector. Hence, a flatten layer does not change the input
values but vectorizes it. A flatten layer can transform the output of a convolutional or
pooling layer to a form that can serve as input for a fully-connected layer.

The typical architecture of a CNN for image classification can be separated into two
parts: the feature learning part and the classification part. The first part is the feature
learning part where features are extracted from the input image using convolution. Typ-
ically, multiple convolutions are stacked in parallel within one convolutional layer. This is
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Figure 3.15: Typical architecture of a CNN. At first, meaningful features are extracted using con-
volutional layers and pooling. After a flatten operation, fully connected layers predict the
output based on these features.

due to the fact that the aim is not to extract only one feature but a whole set, e.g. 64
features. Hence, the output of a convolutional layer is a stack of feature maps. After
this convolutional layer, another convolutional layer might follow. Its inputs are the fea-
ture maps from the previous layer. The different feature maps are interpreted as further
dimensions of the input data, also referred to as channels. Such a sequence of convo-
lutional layers is typically followed by a pooling layer. It is also possible to apply pooling
after each convolutional layer. The sequence of multiple convolutional layers and pooling
operations can be interpreted as the feature learning part of the CNN architecture. At its
end, a flatten layer marks the transition to the classification part. This part consists of a
typical MLP that is connected to the flatten layer. Fig. 3.15 shows such a typical CNN
architecture.

The structure of a CNN resembles the typical machine learning pipeline where mean-
ingful features are extracted from the raw input data and based on these features, a
classifier tries to distinguish the data into several classes. The huge advantage of CNNs
is that the features do not have to be selected manually but can be learned implicitly by
the model.
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3.4.3 Autoencoders

Autoencoders are a special kind of architecture to achieve representation learning with a
NN. The main goal is to find a low-dimensional representation z € R¢ of the data x € R™
with d <« m that carries a lot of information of the original data. This is achieved by
mapping the input to itself throughout the autoencoder while the architecture has a bot-
tleneck with very few neurons. The activation in this bottleneck refers to z and by forcing
the autoencoder to reconstruct the original input image from these few values, the bot-
tleneck representation z becomes highly descriptive of the data x. Hence, autoencoders
are often used to identify sufficient features that can be used by other learning methods.

An autoencoder consists of two subnetworks: The encoder enc : R™ — R¢ and the
decoder dec : R? — R™. The encoder maps from the input data to the low-dimensional
representation while the decoder reconstructs the original data from this representation:

N
I
o

ne(x) (3.42)
dec(z) = dec(enc(x)), (3.43)

M
Il

where x is the output of the autoencoder and, hence, an estimation of the input x. Even
though the encoder and the decoder network might appear quite different, the decoder
network typically follows the mirrored architecture of the encoder. Fig. 3.16 shows the
architecture of an autoencoder.

Note that d < m is not a necessary condition for autoencoders in general. There are
also variants with d > m, which is specifically important for learning sparse representa-
tions [48]. In the scope of this thesis, only the case d < m is relevant, also referred to
as undercomplete autoencoders. In image or signal processing, convolutional encoder
architectures are common. In this case, the decoder performs a deconvolution operation
[101].

3.4.4 Variational Autoencoders

A special form of autoencoders are variational autoencoders (VAE). The main difference
to classical autoencoders is that the VAE assumes the autoencoder to be a variational
model p(z,x), leading to a probabilistic view on the data. VAEs were introduced first by
[81].

As the model is assumed to be variational, the encoder and decoder functions be-
come the distributions pen.(z|x) and pse. = p(x|z). The representation z is also called
latent representation or latent space. It is assumed that each data sample x;,i =1,...n
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Figure 3.16: Architecture of an autoencoder. The input is propagated through the encoder, passes
the low-dimensional bottleneck layer and is reconstructed throughout the decoder. The
activation of the neurons in the bottleneck layer span the latent space, i.e. the identified
representation.

is represented in the latent space as a gaussian with mean p; € R¢ and variance X; € R,
Hence, each data point has a probabilistic representation with a specific variance. To map
from the latent space to the data space, the decoder samples from the gaussian distribu-
tion and reconstructs a data point based on this sample. Additionally, it is enforced that
the mixture of all encoded data points in latent space approximates a gaussian distribu-
tion as well. Hence, the loss function of a VAE is given by

Svae - E(logpdec(X|Z)) - Dkl(penc(Z|X)deec(z))7 (344)

where Dy, is the Kullback-Leibler-Divergance [81]. It is important to note that training a
feed-forward neural network with integrated sampling from the latent sample distribution
N (u;, ;) is not possible in a straight-forward way. Hence, [81] introduced the reparame-
terization trick. The key idea is that the sampling is not done directly in latent space, but
from a gaussian distribution A(0,I), where 0 € R? is a vector of zeros and I € R%*9 is
the identity matrix. The result of this sampling is then multiplied with 3; and p; is added
afterwards. This procedure provides the same result as sampling from A (u;, 3;) but al-
lows for backpropagation through the whole VAE. Details can be found in [37]. Fig 3.17
visualizes the concept of the reparameterization trick.

In practice, VAE have the huge advantage of providing a smooth latent space. This is
due to the fact that all data points form one cluster in latent space as they form a gaussian
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Figure 3.17: Visualization of the reparameterization trick. Instead of sampling from the distribution
predicted by the encoder (left), the sampling is done from a gaussian distribution with a
mean of zero and a variance of one. The sampled point is then scaled by the predicted
variance and added to the predicted mean. This allows for applying backpropagation to
train the model.

distribution and that during training samples around each data point are used for back-
propagation. This implies an implicit constraint on the decoder that points that lie close
together in latent space should lead to similar reconstructed data. Hence, interpolation in
latent space becomes possible, making VAEs an often used approach for data synthesis
([71], [144], [122)).

3.5 Random Forests

Random Forests (RF) were introduced by [20] and are a machine learning method based
on the concept of decision trees. Due to the small number of parameters and the strong
statistical properties, they were shown to perform robustly in numerous applications. The
following explanations mainly follow [64].

The Random Forest is based on decision trees. These are representations of the
training data in a tree structure, allowing for a simple classification. Each node of the
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tree describes a test on the input data, e.g. a threshold test. The branches that descend
from this node represent the possible results of the test. The leafs represent the output
value that can be assigned to the corresponding input data, i.e. the classification result.
Hence, a decision tree implicitly partitions the feature space into regions with the same
output, where all partition borders are lines orthogonal to one dimension. This is due
to the threshold test on one feature within each node. The tree can be built using the
training data, so that the threshold values of the individual nodes are adapted to the data.
This corresponds to the training of a decision tree.

A Random Forest consists of a set of different, decorrelated decision trees. The in-
dividual trees are built on random subsets of the training data set. For this purpose, a
random sample is drawn from the number of training data points to build a single tree,
and the tree is trained based on this sample. Furthermore, only a random subset of the
features is used during this training process, such that different trees are trained in dif-
ferent feature spaces, each of which represents a subspace of the entire feature space.
This decorrelation procedure is also called bootstrapping [64].

Due to bootstrapping, the output of the trees differ for the same input data. The final
prediction is determined as a majority vote, i.e. the output that is provided most frequently
is the result of the classification.

Random Forests are not limited to classification but can also be applied to regres-
sion. Therefore, the majority vote is replaced by an averaging operation to combine the
prediction results of all individual trees.

The advantage of Random Forests lies in their simplicity. There are only few param-
eters that have to be chosen by the user, which is why Random Forests often achieve
good results without strong adaptation to the individual problem [64]. Moreover, both lin-
ear and nonlinear predictions are possible using the same method. On the other hand,
a Random Forest’s prediction can be computed very efficiently, since the construction of
decision trees does not require a large amount of computational power.

3.6 Clustering

The term clustering refers to a problem class within unsupervised learning. Given data
points x1,...,x,,x € R™, the aim is to find clusters in the data set that divide the data
into classes [116]. As the problem is unsupervised, no labels for the data points are
known. Hence, the method’s output should be a partitioning of the feature space into
several clusters as well as an assigned cluster label for each data point. In the scope
of this thesis, two typical clustering approaches will be relevant: k-means-clustering and
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Gaussian Mixture Model (GMM) clustering. Both methods are presented in detail in the
following paragraphs.

3.6.1 k-means Clustering

The idea of the k-means-algorithm is that each cluster of data points should have a
center and that this center should lie in the centroid, i.e. the mean average, of all data
points belonging to the respective cluster. Hence, the computation is straight-forward:
the feature space is divided into a set of & clusters, defined by their cluster center. Each
data point is assigned to the cluster with the closest distance. Then, the cluster centers
are adjusted iteratively to approximate the centroid of their cluster. The below description
follows [100].

First, the k cluster centers p1, ..., ux, p € R™ are initialized randomly. These centers
represent clusters where each one represents one class of data. After initialization, each
datapoint x;,;: 7 = 1,...,n is assigned a class label ¢; depending on the closest cluster
center:

c; = argmin; ||x; — ujHQ, i=1,...,n. (3.45)

After assigning the data points to the cluster centers, each cluster center is moved to
the center of its cluster points, respectively:

1 )
D BEF RN (3.46)

J OJEQJ‘

where Q; is the set of indices of the data points assigned to the cluster j. The steps
described in 3.45 and 3.46 are repeated until the cluster centers do not move anymore.

The k-means algorithm is an easy yet robust algorithm for clustering. However, the
choice of the optimal value of & might be challenging for unknown data. Additionally, the
distance metric in 3.45 is error prone in high-dimensional spaces or on non-flat manifolds
[100].

3.6.2 Gaussian Mixture Models

Gaussian Mixture Models provide a probabilistic approach for clustering a data set. The
key idea is to explain the data by a mixture of gaussian probability distributions. By
maximizing the expectation, these gaussians can be adapted so that the resulting mixture
has the highest probability to lead to the given data set when n data points are sampled
from it. The description in this paragraph mainly follows [116].
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In the GMM approach, the data is assumed to be sampled from a mixture distribution
with & components where each of these components is a gaussian distribution. Hence,
the mixture distribution is given by

Zp p(xle = ) (3.47)

—Z% (x|, ), (3.48)

where x € R™ is a data point, ¢ denotes the component, 1; and X; are the mean
and variance of the j-th component and =; is the weight of this component. Hence,
the parameters of the GMM are the component weights 7;, means x; and variances
¥, 7 =1,..., k. These parameters can be optimized using the expectation maximization
(EM) algorithm on given training samples x3, ..., xy,. The algorithm consists of two steps:
The E-step and the M-step [116]. In the E-step, the probability p;; = p(c = j|x;) of the
i-th data point being generated by the j-th component is computed for each data point.
For the computation, bayes theorem is utilized with p(c = j) = 7;:

pji = mp(Xile = 7). (3.49)

Additionally, the number of data points assigned to component j is denoted as n; with

nj=> i (3.50)
=1

Based on these probabilities, also referred to as expectation, the model parameters
can be updated in the M-step. This update implicitly maximizes the log likelihood of the
data. the update of the parameters is computed as

= X4
— Z Lﬁ (3.51)
Pai(xi — ) (xi — )"
IFRE Z i J 2 (3.52)
J
T — % (3.53)

The two steps of the EM algorithm are repeated iteratively until convergence is reached.

Using this algorithm, GMMs become a clustering tool with a broad theoretical basis from
bayesian theory. However, it is possible that one component only covers one data point,
leading to a variance close to zero and a likelihood that goes to infinity. Another issue is
the merging of two components that share the same mean and variance. Both problems
challenge the clustering algorithm, especially in high-dimensional feature spaces.
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4 Data Acquisition and Preprocessing

Training and evaluating methods for pseudohealthy synthesis require sufficient data sets.
For the case of structural pathology, the model should estimate the shape of the individual
valve leaflets based on the shape of the surrounding tissue, i.e. the aortic root. Hence,
a setup for aortic root imaging as well as another one for leaflet imaging is necessary.
For the case of morphological pathologies, the aortic root shape should be estimated
based on a dilated root shape. Thus, the setup for aortic root imaging is sufficient. Fig.
4.1 visualizes the data sets necessary to develop and evaluate pseudohealthy synthesis
methods for both pathological cases.

In this chapter, the acquisition of these data sets is described in detail. First, the gen-
eral methodology of the data acquisition is presented in 4.1, including the processing of
fresh hearts, the setups used for acquisition as well as data preprocessing methods. After
that, the specific collection of the data sets for both cases using the presented methods
is described in 4.2 and 4.3. Finally, possible sources of errors as well as limitations of the
data set’s validity are discussed in 4.4. A compact overview of the data set nomenclature
can be found on page xxi.

Contribution

To the best of the author’s knowledge, the data sets collected in the scope of this thesis
are unique. In the case of a structural pathology, the collected data set presents the first
and only one containing not only high resolution leaflet images but also 3D ultrasound im-
ages of the aortic root. Hence, it is the only data set available to evaluate pseudohealthy
synthesis methods for personalized aortic valve prosthesis shaping. Comparable data
sets only contain high-resolution images of the valve leaflets [118], [36], while the size of
these data sets is still smaller than the on of the leaflets-only data set D" collected in
the scope of this study. Regarding a morphological pathology, the data set presented in
this thesis is the largest one available. The only comparable data set was collected by [1]
using the same dilation method. However, only eight roots were examined in this study,
while the data set used in the scope of this thesis contains 24 aortic roots.
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Data Acquisition for Pseudohealthy Synthesis
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Figure 4.1: For both pathological cases, it is necessary to know the surrogate information as well
as the desired healthy shape of each data sample. Hence, for the structural pathology, the
aortic root shape as well as the shape of its leaflets are required. For the morphological
pathology, the aortic root shape has to be known in a pathologically dilated as well as in its
native, healthy state.

4.1 Methodology of Data Acquisition

In this thesis, pig hearts were used as a well-established animal model instead of hu-
man hearts. The cardiac anatomy of a pig is very similar to the human one [30]. This
specifically holds for the aortic root region as well as the aortic valve apparatus which
is of interest in this study. This is supported by the fact that porcine aortic valves are
even used as xenoprosthetics for aortic valve replacement in humans [39]. Therefore,
the porcine aortic root and valve are commonly used for cardiovascular research [118],
[1], [10].

The fresh porcine hearts were bought at the slaughterhouse, so there are no ethical
issues to declare. Directly after the purchase, the hearts were cleaned and frozen for
later use to reduce biomechanical changes to a minimum. For each data acquisition
experiment, one heart was defrosted in a water bath of room temperature over night.
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Figure 4.2: Aortic root extraction. At first, the aorta is cut below the aortic arch and the coronary
arteries are exposed (a). Then, the aortic root is cut out of the left ventricle and the coronary
arteries were tied up (b). To extract the leaflets, the root was cut vertically in between the
right-coronary and non-coronary sinus (c).

4.1.1 Aortic Root Imaging

As the aortic valve apparatus consists of very thin structures that move quite fast in the
blood stream, imaging the aortic valve and root is challenging in classical volumetric
modalities like CT or MRI. Due to its high resolution, the low costs and the wide applica-
bility, transesophageal echocardiography (TEE) became the gold standard for assessing
the aortic valve apparatus [39]. As the name suggests, the small ultrasound probe is
located in the tip of an endoscope that is conducted into the esophagus of the patient.
The aim of the aortic root image acquisition was to mimic this examination while allowing
for all necessary manipulations of the aortic root shape.

Aortic Root Extraction At first, the aortic root was extracted from the porcine heart.
Thus, the aorta was exposed and cut away right caudal of the aortic arch. Then, the
coronary arteries that originate from the left- and right-coronary sinus were exposed for
about 2 cm and cut there. Afterwards, the aortic root base was cut out of the left ventricle
and the root was extracted from the heart. After cleaning and cutting away unneeded
material, the coronary arteries were tied up closely to avoid flow through them. The
result was an extracted aortic root with a functioning aortic valve inside. Fig. 4.2 (a-b)
shows photos of the extraction steps.
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Figure 4.3: Setup for ultrasound imaging. Left: Sketch of the setup with mounted aortic root
(1), TEE probe (2), water pump (3), an overflow for a constant water level (4) and adjustable
height of the overflow to control the pressure (5). Right: Photograph of the setup. Adapted
from [62] © 2016 IEEE.

Setup 1 As mentioned above, the aim was to mimic a TEE examination. This implies
three key features the setup had to provide: The aortic root should be put under phys-
iologically realistic pressure to assure a normal morphology, the TEE probe should be
mounted roughly in parallel to the ascending aorta and both, the root and the probe,
should be located in a medium that allows for ultrasound imaging.

Hence, the setup consisted of a water bassin in which the aortic root and the probe are
located. The walls of the bassin were lined with foam to reduce sound echo artifacts. The
aortic root was attached to a vertical tube filled with water. Hence, the column of water
inside the tube created a pressure on the aortic valve, forcing it to close. The tube was
mounted on a holder with adjustable height and featured an overflow back to the bassin.
A pump constantly filled the vertical tube with water from the bassin, leading to a constant
water level at the overflow even in the case of leakage in the aortic root. By adjusting the

"The setup described in this paragraph has been developed by the author in the scope of his master
thesis [53].
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height of the overflow, the pressure could be controlled. To reduce the amount of air
bubbles in the ultrasound image, the pump and overflow tube were separated from the
rest of the bassin using foam. Additionally, the bassin walls were lined with foam to reduce
sound echos. Fig. 4.3 shows a sketch as well as a photograph of the setup.

The setup mimics a static scenario, i.e. there is no simulation of a pumping heart.
Instead, it is assumed that the imaging takes place during the diastole when the aortic
valve is closed. Besides allowing for a less complex setup, this assures that important
features of the valves functionality can be assessed, e.g. the coaptation height or the
height difference between the coaptation and the commissure plane. The conversion
between the pressure units mmH g and mmH,O is given by

1mmHg =~ 13.595 mmHO. (4.1)

Hence, to achieve the typical diastolic blood pressure of around 80 mmH g, the height
difference between the overflow and the aortic roots coaptation plane was adjusted to
108.7 cm.

3D Imaging For 3D imaging of the aortic root, a TEE probe was mounted in the bassin
such that the aortic root was within its field of view, mimicking a realistic TEE examination
(see Fig. 4.3). Throughout all measurements, the ultrasound images were taken in a
aperture angle of 40° and a depth of 10 ¢m. Two different ultrasound setups were utilized:
a GE vivid 7 station with a 6T TEE probe and a GE vivid E95 station with a 6VT-D TEE
probe. While the the 6VT-D is a matrix array probe and is capable of providing 3D vol-
umetric images, the 6T probe is limited to provide 2D images but features a rotatable
transducer. Hence, in the latter case, a further postprocessing step was necessary to
generate volumetric images. Using the 67" probe with the GE vivid 7 station, a sequence
of 2D images was acquired while continuously rotating the imaging plane from 0° to 180°.
Assuming a constant rotational velocity and hence angle steps between consecutive im-
ages, the current angle of each image within the sequence could be assigned by linearly
interpolating the angle over the image indices. Given the 2D images and their corre-
sponding acquisition angle, the data was interpolated on a 3D cartesian grid, resulting in
a 3D volumetric image of the aortic root. It should be noted that this procedure results in
a spatial dependency of the image resolution. Pixels in the outer regions of the volume
have a lower resolution as the ones close to the rotational axis due to higher interpola-
tion errors. Therefore, the aortic root was placed in the middle of the 2D image to avoid
inaccuracies in the relevant image regions.
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4.1.2 Leaflet Imaging

With an average thickness of 1.75 — 150 um [102], the aortic valve leaflets and specifi-
cally their inner structure of collagen fibers is barely visible in classical medical imaging
modalities. Hence, the leaflets are extracted from the heart and assessed in an ex-vivo
state.

Leaflet Extraction At first, the aortic root was extracted from the heart as described in
Sec. 4.1.1. Then, the root was cut vertically in between the right-coronary and the non-
coronary sinus without harming the leaflets. Hence, the root could be unrolled and the
three leaflets were assessible (see Fig. 4.2). Then, the individual leaflets were cut off the
aortic root wall along the commissure line. Special care was taken to follow the natural
commissure line as close as possible. To prevent the extracted leaflets from drying out,
they were preserved in individual containers in an isotonic saline solution (9 NaCl g/1).

Setup To obtain high resolution images of the valve leaflets, a setup was utilized that
has previously been developed in the Clinic for Thoracic Surgery, University Hospital
Schleswig-Holstein, Germany, in the group of Dr. Michael Scharfschwerdt [123]. The
setup was initially designed to examine bovine pericardium based on blue light transmis-
sion. This thesis presents the first approach to examine the aortic valve leaflets with such
a technique.

The three leaflets of one valve were spread on an optical diffusion plate. Special
attention has been paid to the preservation of the natural shape with minimal deformation.
The plate was backlit with blue light (470 nm) using LEDs and a camera (Canon DS
6041) was mounted in a fixed distance above this plate, allowing to take a photograph
of the scene. The diffusing plate provides homogeneous illumination. The blue light
is absorbed in collagen tissue, resulting in a high contrast of the leaflet and its inner
structure. Specifically, the prominent collagen fibers on the leaflets are clearly visible.
Fig. 4.4 shows a sketch of the setup as well as a raw leaflet image exemplarily.

Preprocessing The data acquisition was followed by a preprocessing pipeline. Aiming
at a suitable, unified representation of the leaflets, the steps of this pipeline are described
in the following. First, the images were cropped manually to extract images of the single
leaflets. Each image was converted to grayscale (ranging from 0 to 255) and inverted,
resulting in an image corresponding to a thickness profile. To avoid noise around the
leaflet, a mask was created. For this purpose, the background pixels were set to 0 using
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Figure 4.4: Leaflet imaging. Left: Sketch of the imaging setup with blue light source (1), diffusing
plate (2), leaflet (3) and camera (4). Middle: Raw leaflet image. Right: Leaflet image after
preprocessing. Adapted from [60].

thresholding. To avoid holes in the segmentation due to very thin areas of the leaflets,
the segmentation thresholds were adjusted manually for each image, ranging from 158
to 168. Afterwards, the leaflets were centered by translating the center of mass to the
image’s mid point and by manually rotating the leaflet so that the commissure points
were vertically aligned. Finally, the images were downsampled to a size of 128 x 64 pixels
with a resolution of 0.34 ;ZZZ- An example of a preprocessed leaflet image can be found
in Fig. 4.4.

4.2 Data Acquisition for Structural Pathology

To examine the case of structural pathology, several data sets were acquired in the scope
of this thesis. To answer the research questions, it is necessary to collect the aortic root
shape as well as the shape of the individual leaflets from each examined heart. Addi-
tionally, to ensure the synthesis of realistic leaflet images, a broad data set of healthy
leaflet shapes is helpful to train generative models. In total, three data sets were col-
lected, where two contained the aortic root shape as well as the leaflet shapes and one
consisted of leaflet shapes only.
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4.2.1 Acquisition Workflow

As mentioned above, three data sets were collected. The acquisition workflow slightly
differed between them, hence the workflows are presented individually for each data set
in the following paragraphs.

Initial Data set with Root and Leaflet: Dy The first data set contains the shape of the
aortic root as well as the shape of the corresponding leaflets of ten porcine hearts. At
first, the root was extracted and 2D ultrasound images were acquired using the GE vivid7
ultrasound station with the 6T probe and 3D volumes were computed as described in
Sec. 4.1.1. Then, the leaflets were extracted from the root and images of them were
acquired. This data set was used to validate that the prediction of leaflet features is
possible based on the aortic root shape in the scope of answering research question Q1.

Broad Data set with Root and Leaflet: Dg To address the research questions Q2 and
Q3, the data set Dy is limited in its expressiveness. Not only does it consist of ten hearts
only, but also does the 6T ultrasound probe provide a lower image quality compared to
the 6VT-D probe, especially in combination with the 3D volume computation that might
lead to further distortions (see Sec. 4.1.1). Hence, a second data set was collected
using the 6VT-D probe and the GE vivid E95 station. This set contains the aortic root
shape as well as the leaflet shapes of 30 hearts. Thus, the roots were extracted and 3D
ultrasound volumes were acquired. Then, the leaflets were extracted and images of them
were taken. This data set was used to address the research questions Q2 and Q3.

Data set with Leaflet only: D2"* In the scope of pseudohealthy synthesis, generative
models have to be developed that ensure the synthesis of realistic healthy shapes. As
this thesis follows a data-driven approach using machine learning, a vast data set of
healthy leaflet shapes is desired to cover a maximum of realistic shape variances. Hence,
another data set was collected that only contains leaflet shape images of 56 hearts. In
this data set, no information on the aortic root shape is present. Thus, the aortic roots
were extracted from the hearts and the leaflets were directly cut out, followed by imaging
of them. This data set was used in the scope of answering the research questions Q2
and Q3. As the data set can only be used for learning representations of the leaflets, it s
also referred to as auxiliary data set.
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4.3 Data Acquisition for Morphological Pathology?

To examine the case of morphological pathology, the aortic root shape is of interest in
two states, namely the healthy and the pathological state. The evaluation of different
pseudohealthy synthesis methods requires that both states are known for each heart
sample so that the healthy ground truth is available. Hence, a data set was used that
contains 24 porcine aortic roots in the healthy as well as an artificially dilated, i.e. a
pathological, state.

4.3.1 Acquisition Workflow

First, the aortic root was extracted from the heart and 2D ultrasound images were taken
using the GE vivid7 ultrasound system and the 6T probe. From these images, a 3D vol-
ume was computed as described in Sec. 4.1.1. This image represents the healthy state.
Then, the aortic root was artificially enlarged to simulate a pathological dilation due to
an aneurysm. Thus, a vertical cut was performed in each sinus, respectively. In each
of these cuts, a diamond-shaped patch was sued in. The patches consisted of porcine
aortic material to ensure realistic biomechanical properties. The sewing procedure was
performed by trained personel from the Department of Cardiac Surgery, University Hos-
pital Schleswig-Holstein, Germany. During the procedure, the root was regularly mois-
turized using isotonic saline solution (9 NaClg/I) to prevent the tissue from drying out.
Due to this additional tissue, an enlargement of the three sinuses and hence, a dilation
of the root was achieved. After this procedure, another ultrasound image was acquired,
representing the pathological state. Hence, both states are known for each heart. This
workflow was applied to 24 hearts, resulting in 48 ultrasound images that form the data
set D). Fig. 4.5 exemplarily shows one root in the healthy and the manually dilated, i.e.
pathological, state.

Training generative models on 3D data is computationally expensive. Hence, a 2D
subset of this data set was created. Thus, from each volume, the 2D slice image showing
the commissure plane of the root was extracted manually. The commissure plane refers to
the horizontal cut through the aortic root that shows all three commissure points. Previous
studies showed the high information content of this image plane on the aortic root shape
[56]. Accordingly, the data set D, contains 2D slice images of all 24 valves in the healthy
and the pathological state, respectively, in total 48 2D images.

2The data set described in this paragraph was collected by the author in the scope of his master thesis
[53].
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Healthy Pathological
State State

Figure 4.5: Aortic root in the native, healthy state (left) and after manual dilation to simulate a
morphological pathology (right). The diamond-shaped patches are encircled in red. Adapted
from [62] ©2016 IEEE.

4.4 Discussion

A data set is always just a sample and, hence, can only grasp a part of the variance
present in the real world. In this section, limitations of the presented data set’s expres-
siveness will be discussed. First, limitations of the general methodology, including the
setups, are discussed, followed by reviewing the ones arising from the acquisition work-
flows.

In addition to the error-prone 3D reconstruction from 2D images, the ultrasound imag-
ing setup involves several potential sources of errors. By extracting the aortic root from
the heart and pressurize it isolatedly, it might take a slightly different shape than in its
native surrounding. Additionally, the speed of sound within the water in the bassin differs
from the average one in the human body that is used during the ultrasound image com-
putation process, leading to depth-dependent distortions. However, as all images and
measured geometric features are compliant with literature values, these effects can be
neglected. Another issue arising during ultrasound imaging were air bubbles in the field
of view that were challenging for further image analysis. Especially during the assess-
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ment of manually dilated roots, many bubbles were present due to insufficiencies. While
an insufficiency of the valve validates the success of the manual dilation to simulate a
pathology, many air bubbles were induced by the stream through the valve. By applying
image filtering methods, e.g. thresholding, the influence of these air bubbles was reduced
to a minimum.

During the process of leaflet imaging, cutting the leaflet off the aortic root wall was
challenging as the junction between leaflet and wall was not always easy to identify.
Additionally, the manual spreading of the leaflets on the illuminated plate might be a
source of error regarding the shape assessment. Although special care was taken during
cutting and spreading, errors cannot be ruled out. However, it can be assumed that these
errors are normal distributed and no bias towards a specific leaflet shape is introduced.

While the process of adding diamond-shapes patches into the aortic root wall is a
common method for simulating pathological aortic root dilation [1], the resulting deforma-
tion should not be entitled as realistic. Even though the patch material was taken from
the same aorta, a natural aneurysm with a year-long progression will result in a different
shape.

Even though the data collection procedure is prone to errors at different stages, the
collected data sets are unique and present the first or largest data sets of its kind, re-
spectively. Hence, the procedures used within this thesis present the state-of-the-art for
ex-vivo scenarios. Additionally, it is important to not that the focus of this work is on
methodological development in the field of pseudohealthy synthesis. Therefore, the data
sets should be realistic enough to allow for reliable proof-of-concept studies. An assess-
ment of clinically relevant accuracies with a translational value is out of scope for this
thesis. Therefore, the data sets do not have to meet the claim of reproducing the real
clinical conditions as close as possible. Hence, the collected data sets are sufficient for
this thesis.
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5 Predicting Individual Prosthesis

Features!

In this chapter, research question Q17 is investigated aiming at the estimation of geometric
key features of the prosthesis based on the surrogate:

Q1: Is it possible to predict individual prosthesis features?

The goal is to show that the information given by the surrogate is sufficient to predict
features of the desired shape. Hence, a positive answer to this question could serve as
a proof-of-concept for the general concept of pseudohealthy synthesis for cardiovascular
prosthesis shaping. Fig. 5.1 visualizes the approach for investigating the research ques-
tion Q1. The research question is investigated separately for both pathological cases.
The investigation of Q17 for structural pathologies is described in Sec. 5.2, for morpholog-
ical pathologies it can be found in 5.3. For the latter case, two different approaches are
followed to address Q17 in a paired as well as in an unpaired data scenario. These sec-
tions are followed by a conclusion to answer the research question based on the results
of the experiments performed for both cases.

'Parts of this chapter were published in:

[55] J. Hagenah, T. Evers, M. Scharfschwerdt, A. Schweikard and F. Ernst, A Support Vector Regression-
Based Data-Driven Leaflet Modeling Approach for Personalized Aortic Valve Prosthesis Development.
2018 Computing in Cardiology Conference (CinC), 2018:1-4, (2018)

[62] J. Hagenah, E. Werrmann, M. Scharfschwerdt, F. Ernst and C. Metzner. Prediction of individual
prosthesis size for valve-sparing aortic root reconstruction based on geometric features. Annu Int
Conf IEEE Eng Med Biol Soc. 2016. 2016:3273-3276. (2016) ©2016 IEEE

[61] J. Hagenah, M. Scharfschwerdt, A. Schweikard and C. Metzner. Combining Deformation Modeling
and Machine Learning for Personalized Prosthesis Size Prediction in Valve-Sparing Aortic Root Re-
construction. Functional Imaging and Modelling of the Heart. FIMH 2017. Lecture Notes in Computer
Science, 10263:461-470. Springer, Cham. (2017)
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Is it possible to predict individual prosthesis features?
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Figure 5.1: General approach investigated to answer research question Q1. Geometric features
are extracted from both, the surrogate data as well as the desired healthy shape. Then, a
regression model is trained to predict geometric key features of the prosthesis.

5.1 Related Work

Most approaches for cardiovascular prosthesis surgery planning are based on biome-
chanical simulations, typically achieved using the finite elements method (FEM) [152].
The core idea of these approaches is to model the blood flow as well as the mechanical
behaviour of the aortic root and valve as realistic as possible, including the fluid-structure-
interaction (FSI). Using such a model, it is possible to simulate the behaviour of the aortic
valve apparatus for different prosthesis shapes that are integrated into the model. Hence,
it allows for pre-operative assessment of the hemodynamics and closing behaviour of the
valve regarding different kinds of prostheses. However, modelling the aortic valve appa-
ratus is highly challenging as all components are mutually dependent and influence each
other [119]. Additionally, the biomechanical properties are complex to describe. While
the aortic tissue model of [67] provides adequate results for the aortic root, the leaflets
biomechanics are highly nonlinear and are not fully understood yet. This is mainly due
to the strong influence of the prominent collagen fibers at the surface of the leaflets on
its biomechanical characteristics. Even though [63] could show the importance of model-
ing these characteristics, the estimation of the fiber distribution remains very rough and
coarse.



5.1. RELATED WORK

For planning valve-sparing aortic root reconstruction, i.e. the morphological pathology
case, one example of such a simulation-based approach is the work of [99] that focuses
on the behaviour of specific geometric features during pathological dilation of the aortic
root to identify an optimal prosthesis shape match. In contrast, [51] aimed at simulating
the stress and strain within the leaflets during the cardiac cycle while [85] simulated the
deformation of the aortic root.

In the case of structural pathologies, the aim of a biophysical simulation is to assess
the characteristics of the system, e.g. the blood flow pattern, for different kinds of valve
prostheses or surgical decisions in a virtual intervention. One example is [16] where the
optimal orientation of a prosthetic valve was evaluated using simulation results. In recent
years, several approaches were proposed to plan transcatheter aortic valve implantation
(TAVI) procedures using FEM simulations [52], [18]. As this minimally invasive technique
requires a higher degree of navigation, the planning tools mainly focus on the optimal
location and orientation of the prosthesis.

The few approaches that utilize machine learning aim at extracting features from the
image that are visible. Hence, they can be interpreted as image processing tools to
reduce manual annotation steps rather than shape prediction methods. For example, the
authors of [5] extracted the diameter of the aortic annulus from CT images using deep
learning to identify the individually optimal diameter of a TAVI prostheses.
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5.2 Structural Pathology

In the case of a structural pathology, the research question Q7 aims on the question
whether it is possible to predict geometric features of the individual aortic valve leaflet
shapes based on information given by ultrasound images of the aortic root. One promi-
nent key feature of the leaflet is its commissure line, i.e. the curved line where it is
attached to the aortic root wall. The commissure line already contains much information
about the whole leaflet shape. Additionally, in contrast to the coaptation, it is barely visible
in the ultrasound images, so a prediction only based on information of the surrounding
tissue can be assured. Fig. 5.2 visualizes the investigation of research question Q7 for
the case of a structural pathology. In addition to to providing a proof-of-concept for pseu-
dohealthy synthesis, the results of this section also have a clinical value. As described
above, modeling the biomechanical properties of the aortic valve apparatus in a person-
alized way is very challenging and many key properties, like the stiffness of the leaflets,
remains uncertain. Therefore, from a the machine learning approach could present an
interesting and model-free alternative to simulation-based approaches.

Contribution

In this section, to the best of the author’'s knowledge, the first approach for data-driven
prediction of personalized prosthesis features in the scope of a structural prosthesis is
presented. Together with Sec. 5.3, it also presents the first application of machine learn-
ing for aortic valve shape estimation and the first attempt of personalized aortic valve
prosthesis shaping in general.

5.2.1 Leaflet Contour Line Prediction

In this study, geometric features are extracted from the ultrasound images and a Support
Vector Regression (SVR) model is trained to find a mapping between these features and
the commissure line of the corresponding leaflets. As the commissure line is extracted
from the planar leaflet images as a part of the leaflet’s contour, it is also called contour line
in the following. Fig. 5.3 visualizes the basic idea of the contour line prediction approach.

Feature Extraction In this study, the data set Dy is used. It consists of aortic root
images of ten hearts as well as their corresponding valve leaflets. As described above,
the leaflet shape feature that should be predicted is the commissure line. This leaflet
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Is it possible to predict individual prosthesis features
in the case of a structural pathology?
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Figure 5.2: Approach to investigate research question Q17 in the case of a structural pathology.

contour line was extracted using an automatic workflow. First, the leaflet was segmented
using thresholding (¢ = 0.63, corresponds to a gray value of 160), followed by a closing
operation to improve the segmentation result. The structural element was circular with a
radius of 30 pixels. Finally, the leaflet contour was extracted using the Canny algorithm for
edge detection [24]. For a more general description of the contour line, it was transformed
to polar coordinates with its origin in the nodulus arantius, i.e. the point on the leaflet’s
free edge where it touches both other leaflets (see Fig. 5.4). Hence, the commissure line
can be represented as a set of discrete points in the 2D image.

The data set Dy allows for the derivation of an intelligent system to estimate the map-
ping of the geometric key features extracted from the ultrasound images to this commis-
sure shape. Thus, the aim is to find a mapping F; for each leaflet i € {1, 2,3} with

Fi(¢,x) — p, (5.1)

where ¢ is the angle of the polar contour coordinate system, p is the radius in this
system and z € {X;(i), X2(7), X3(i), X4(i)} is a vector containing a set of individual ge-
ometric key features extracted from the ultrasound images. Thus, the leaflet contour line
can be estimated for a discretized grid of angles depending on the curved valve shape
represented by z. The parameter i is the leaflet index and indicates whether the right-
coronary (i = 1), non-coronary (¢ = 2) or left-coronary (i = 3) leaflet shape is predicted.
In this study, four different sets of key feature descriptions were examined to analyse the
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Figure 5.3: Approach for leaflet contour line prediction. The data set contains 3D ultrasound im-
ages as well as 2D leaflet images from ten porcine hearts. While the leaflet contour line is
described in polar coordinates to allow for easy parameterization, geometric key features are
extracted from the aortic root. Then, an SVR model is trained to learn a mapping from these
geometric key features to the corresponding contour line. Adapted from [55].

influence of different features on the problem of personalization. The new features S; and

K; were defined as

Sy =51+ 52+ S3
Kt :Kl + K2 -+ K3.

(5.2)

Sy is the sum of all free edge lengths while K, is the sum over the commissure dis-
tances. Hence, these new features allow an estimation of the valve’s overall size. By
division through them, a feature can be scaled to this size approximation. Accordingly,
the four examined sets of geometric key features were defined as
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Figure 5.4: Leaflet contour line extraction. The contour is identified using Canny edge detection.
Then, the points in this line are transformed to a polar coordinate system, where the origin is
the nodulus arantius. Adapted from [55].

. (5.3)
X3(i) = H(Etl)’ 0(;2) : Kz}
L [03i,1) 0(i,2) K;
X4(Z) _{ St ) St ’I(t}’

where i is the leaflet index, K is this leaflet's commissure distance and 6(i,j), j €
{1,2}, is the j-th free edge length of the leaflet i. Fig. 5.5 visualizes the extracted
geometric key features as well as the leaflet notation.

The four key feature descriptions differ in their complexity. Due to the small number
of samples, low dimensional descriptions were tested. While X; (i) only takes one of the
leaflet’s free edge lengths into account, X, (i) considers both free edge lengths to ensure
a better representation of the leaflets’ shearing. By division through S;, the key features
were scaled according to an estimate of the valve’s size. In addition, the commissure
distance of the leaflet is included in X3(:) and X4(¢) to measure the general span of the
leaflet. In this case, the absolute distance (X3(i)) as well as the distance scaled to the
sum of commissure distances (X4(i)) were examined.
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06i,1)

0(i,2)

Figure 5.5: Geometric feature extraction. Based on the three commissure points P, P, and Ps
and the coaptation point P,, the key features can be calculated for each leaflet (left). The
nomenclature of 6 follows a general leaflet nomenclature (right). Adapted from [55].

Model Definition and Training The mapping F; was estimated using Support Vector
Regression (SVR) [133] with an RBF kernel. The implementation was done utilizing the
LIBSVM library [25]. To ensure that asymmetric geometries can be estimated, three
different models were trained predicting the shape of one specific leaflet, i.e. the left-
coronary leaflet, the right-coronary leaflet and the non-coronary leaflet, respectively. The
SVR parameters C' and ¢ as well as the kernel parameter + have a strong impact on the
model’s accuracy and its generalization performance. Hence, they were optimized using
a grid search method (C € [0.01,1000],e € [0.01,1],v € [1,1100], discretization: 100
steps, respectively). 10-fold-crossvalidation was performed, i.e. the model was trained
on nine valves and evaluated on the last one by predicting its shape and comparing it to
the ground truth. This leave-one-out approach was chosen to address the small size of
the data set to maximize the number of training samples.

Comparison to Existing Model For a better interpretation of the model accuracy, the
geometric leaflet shape model of Sievers et al. [131] was evaluated to analyse its capabil-
ity of reproducing personalized leaflet shapes. In this model, the contour line is modelled
by adding three circle sections with different radii. The ratio of these radii was derived
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Figure 5.6: Accuracy of predicting the leaflet contour line for all four feature descriptions, given
as the average symmetric contour distance (ASCD) between the prediction and the ground
truth, averaged over all folds. Adapted from [55].

empirically 2. The model creates symmetric leaflets, hence, each leaflet is meant to span
around the same compartment of the aortic root, which is one third of the root circumfer-
ence. To reach personalization, the radii were scaled in the scope of this study according
to the commissure distance K; of the specific leaflet 7,7 € 1,2,3. This results in three
individually shaped leaflets that span the entire circumference. It is important to note that
the geometric model of Sievers et al. does not aim for personalization in its native form
and that the individual scaling was introduced in this study. However, due to the lack of
personalized prediction models in general, the comparison gives a hint on the accuracy
of the proposed SVR-based approach.

Results and Discussion The data-driven model was evaluated for the four different key
feature descriptions on all ten heart valves for each leaflet, respectively, resulting in 30
predictions per model. Fig. 5.6 shows the average symmetric contour distance (ASCD)
for each examined feature space. The scaling of the features to measures of the valve’s
size (X3, X4) clearly improves the prediction accuracy. A combined geometry description
using the leaflets’ free edge lengths and the commissure distance in this scaled represen-
tation (X4) provided the smallest errors. Therefore, the following predictions were based
on this feature space.

2The exact model from [131] is confidential due to commercialization. Hence, no further details can be
given in the scope of this thesis. Arising questions should be directly addressed to the authors of [131].
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Table 5.1: Prediction accuracy of the two evaluated models for each leaflet type. All values given
as the average symmetric contour distance in mm.

Sievers et al. Data-driven Model

Left-coronary 2.77+0.84 0.69 +0.23
Right-coronary  2.96 +0.73 0.64 +£0.31
Non-coronary 2.65 +0.70 0.414+0.48
Mean 2.21 £0.56 0.61 +£0.33

Additionally, the data-driven model with the optimal feature space and the model of
Sievers et al. were evaluated on the data set. Table 5.1 shows the prediction accuracy
of both models for all three leaflets as well as the mean prediction accuracy. While the
error of Sievers et al’s approach lies above 2 mm, the data-driven model can predict each
leaflet’s geometry with an error of less than 1 mm. Fig. 5.7 shows sample predictions for
both models.

The results show that the geometric model of Sievers et al. is not capable of repro-
ducing patient-specific leaflet shapes. This indicates that current models for heart valve
prosthesis are still far from optimal. In contrast, the data-driven model provides good
approximations and clearly outperforms the existing model. Hence, it could be shown
that estimating the individual leaflet shape based on ultrasound image data is possible.
Additionally, a feasible representation of the valve’s shape based on four anatomical land-
marks was found and it could be shown that personalized estimation of the leaflet shapes
can be performed even based on this simple geometric description. In both approaches,
the non-coronary leaflet can be modelled with the highest accuracy. This could be due to
the fact that this leaflet is more likely to be symmetric, while the right- and left-coronary
leaflets are more likely to appear sheared, i.e. the nodulus does not lie in the middle of
the leaflet’s free edge.

Due to several manual interaction steps, it is possible that the data set is biased (see
Sec. 4.2). The first possible reason could be inaccuracies in the manual landmark iden-
tification in the ultrasound volume images, though the results indicate that the manual
geometry description worked accurately. Automatic identification based on image recog-
nition could eliminate these errors. A second source of error in the data set is due to the
manual spreading of the single leaflets on the illuminated plate. Positioning errors will
affect the assessed leaflet contour shape. Hence, the sample size should be increased
to statistically minimize this error. Additionally, this bigger data set could increase the ac-
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Sievers et al. Data-Driven

Figure 5.7: Example shape prediction (dark green) of the method from Sievers et al. (left) and
the proposed data-driven model (right), together with the ground truth (light green). Adapted
from [55].

curacy of the learning algorithm. However, it could be shown that even with such a small
data set, sufficiently accurate prediction of the leaflet’s contour line are possible. Another
focus of future work could be the optimization of the learning method, aiming at an im-
plied smoothing of the contour. Furthermore, a correlation of the estimations of the three
different leaflet shapes could increase the accuracy due to the geometric dependency
between the leaflets.

This study presents the first method to assess features of the planar shape of the
aortic valve leaflets based on ultrasound imaging of the surrounding aortic root. It was
shown that the developed model outperformed a modified, geometric model from Sievers
et al. regarding the accurate prediction of the leaflets contour line and that acceptable
prediction accuracies can be reached. Hence, the results indicate that the aortic root
carries a sufficient amount of information on the shape of the leaflets and can therefore
serve as surrogate information in a pseudohealthy synthesis algorithm for personalized
aortic valve shaping.
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5.3 Morphological Pathology

In the case of a morphological pathology, it is necessary to predict geometric key features
of the healthy root based on the dilated state of it. For this proof-of-concept study, the aim
was to estimate the healthy root diameter. This feature has a huge clinical impact as the
most common aortic root prostheses are tube-shaped. Hence, the diameter of the tube is
the only parameter that can be estimated patient-individually. If this mapping is possible,
it can be assumed that the dilated state still carries enough information to estimate the
original, healthy shape.

This section is divided into two approaches, Direct Feature Estimation in Sec. 5.3.1
and Deformation Modeling in Sec. 5.3.2. The Direct Feature Estimation approach uses
feature based regression that is derived in a supervised way. However, this requires a
paired data scenario, i.e. a set of corresponding pathological and healthy samples for
model training. With clinical data, this is hard to achieve and hence, the significance
of this study is limited. To overcome this issue and evaluate the capability of predicting
healthy features in an unpaired setting, the Deformation Modeling approach is presented
that does not rely on paired data. Fig. 5.8 visualizes the approaches to investigate
research question Q1 for the case of a morphological pathology.

Contribution

To the best of the author’s knowledge, this section presents the first approaches for data-
driven prediction of personalized prosthesis features in the scope of a morphological
pathology. The direct feature estimation approach proposed in Sec. 5.3.1 is the first
application of machine learning for aortic root shape prediction as well as for its person-
alization. Furthermore, Sec. 5.3.2 presents the first approach to model the aortic valve’s
deformation during aortic root dilation in a parameterized way. Additionally, it presents a
novel concept for fusing this hand-crafted modeling with machine learning for cardiovas-
cular surgery planning.
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Figure 5.8: Approaches to investigate research question Q7 for the case of a morphological
pathology.

5.3.1 Direct Feature Estimation

The main idea of this approach is to describe the root and valve geometry by a small set
of geometrical properties, called features. The pathological dilation of the aortic root is a
change in these features, as well as the reconstruction of the original aortic root shape
during surgery. Hence, a functional relationship between the features of one valve in its
dilated and in its healthy state can be assumed. By estimating this mapping, it is possible
to predict the healthy features of a valve based on its dilated features. Thus, the surgery
planning can be described as a learning problem, which can be solved using supervised
machine learning algorithms.

The full 3D data set D, was used for assessing the aortic root geometry. In this ini-
tial study, the features are the three commissure distances K, K» and K3, where K;
corresponds to the right-coronary, K to the left-coronary and K3 to the non-coronary
leaflet (see Fig. 5.5). The commissure distances are the distances between the com-
missure points, respectively, while the commissure points are the highest points where
the leaflets are attached to the aortic root wall. This feature space definition was chosen
for two reasons: First, the commissure points are easy to identify in the ultrasound im-



/6

Predicting Individual Prosthesis Features

ages. Secondly, the diameter of the aortic root can be approximated by the diameter of
the circumcircle of the triangle formed by the three commissure distances. Hence, given
the predicted healthy commissure distances, it is easy to calculate the optimal prosthesis
size based on these features.

The commissure points were manually identified in the 3D image of each valve in
the healthy and the dilated state, respectively. Additionally, the corresponding aortic root
diameter was calculated for the valves in the healthy state. The result is a data base
with the commissure distances in healthy and dilated state of 32 valves and the optimal
prosthesis diameter of each valve as ground truth. Fig. 5.9 shows the distribution of
commissure distances within the data set for healthy and pathologically dilated valves.

Prediction Model As mentioned before, the surgery planning can be described as a
learning problem. Its goal is to learn the mapping from dilated to healthy features of one
valve based on the data base described above. This learning problem can be solved
using Support Vector Regression (SVR). A detailed description can be found in 3.3.

To identify the optimal regression model, two different kernels were examined: the
linear kernel as a robust, linear model and the radial basis function (RBF) kernel as a
flexible, non-linear one. The kernel functions are given by:

linear: K(z,2') =z *a’
(5.4)
RBF: K(z,2') = ¢ VeI,

Additionally, different dimensions of the feature space were tested, i.e. 1D and 3D.
In the 1d approach, each healthy commissure distance is estimated based on its corre-
sponding dilated commissure distance. This provides an easy model. On the contrary
in the 3D approach, the estimation of each healthy commissure distance is based on all
three dilated commissure distances. Hence, dependencies between the different features
can be considered in the model. The different models were evaluated using a 4-fold cross
validation. The implementation was done using the library libsvm [25].

Obviously, there are some parameters of the SVR method, namely ¢, C and, if the
RBF kernel is used, . e defines the weighting of the distance between every known point
and the fitted curve. The regularization parameter C' controls the trade-off between a flat
curve and an exact fit. If the RBF kernel is used, ~ regulates the flexibility of the function.
The parameters are optimized using a grid search approach [13]. For this purpose, the
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Figure 5.9: Distribution of commissure distances for all three leaflet types, given for the healthy
and pathologically dilated valves. Adapted from [62].

SVR is performed on a set of different parameter combinations. The parameter set that
provides the minimal prediction error is treated as the optimal parameter set.

In total, four different models are tested and compared, distinguishable by their kernel
and their feature space dimension. The parameters are optimized for every model. Two
kinds of errors are obtained: The mean error of the predicted prosthesis diameter and the
matches. The continuous metric matches lies between 0 and 1 and is a relative value de-
scribing the number of valves which prosthesis diameter was predicted correctly divided
by the number of all valves in the test set. As the commonly used prostheses are pro-
duced with even-numbered diameter values, the diameters were rounded appropriately.

Robustness Test Aortic root prosthesis size prediction suffers from high interpatient
variability. Therefore, the optimal model was tested for robustness against high feature
variance in the training set and the prediction set, respectively. For this purpose, the
data base was divided into three subsets, T', P and Py. Pout was filled with outliers, i.e.
one quarter of the valves in the data set that show the highest feature difference to the
median. The set P contains another quarter, the set T' a half of the data base. Both of
them were filled randomly from the cleaned data base. On these sets, two experiments
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Figure 5.10: Accuracy of predicting the optimal prosthesis diameter regarding the number of out-
liers in the trainings data set, i.e. depending on the training data set’s variance. The mean
diameter error is given in mm while matches describes the relative amount of diameters
predicted correctly within a 2mm error tolerance. This relates to the available prosthesis
shapes that are manufactured in diameter steps of 2mm. Adapted from [62].

were performed. To examine the ability to predict diameters of valves with quite different
geometry than the valves in the test set, a model was trained on set 7. With this model,
the valve diameters of P and the valve diameters of P, ; were predicted. To investigate
the influence of the feature variance in the training set, the model was trained on T and
the valve diameters of P were predicted. After that, single samples in T were replaced by
samples of Py, inducing a gradually increase of the feature variance in the training set.
Each replacement was followed by a prediction of the valve diameters of P.

Results and Discussion Four different models were compared using cross validation.
Table 5.2 shows the results of this comparison. The 1D feature space provides better
results than the 3D feature space. The RBF kernel with 1D feature space achieves the
smallest diameter error and the best matches value. For robustness examination, two
experiments were performed. The comparison between the prediction of P and Py
based on the training set T' showed that the mean diameter error of P is smaller than the
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Table 5.2: Comparison of different models. The mean diameter error is given in mm, matches is
given as relative value between 0 and 1.

Kernel Features Mean Diameter Error Matches

linear 1d 1.03 0.47
3d 10.19 0

RBF 1d 0.95 0.63
3d 2.76 0.34

error of Pyt by a factor of 2.4. Fig. 5.10 depicts the increasing prediction accuracy in
dependency of the increasing feature variance of the training set.

The constructed data base shows large variances across all three features, which
means that individual aortic root geometries drastically differ. This confirms the assump-
tion that a satisfactory estimation of prosthesis sizes has to be based on individual param-
eters and highlights the value of this thesis. Furthermore, it can be seen that in the dilated
state on average commissure distances increase for all three features. This affirms that
the approach of artificially dilating the aortic roots as proposed in 4.3 reproduces aortic
root dilation as it might be found in human patients.

Comparing results from the four different models shows that calculating a predic-
tion model for each dimension separately, clearly outperforms the three-dimensional ap-
proach, regardless of the kernel function (see Table 5.2). Furthermore, it was observed
that the RBF kernel produces slightly more accurate predictions in the 1D scenario and
drastically better predictions in the 3D scenario. This is probably due to the fact that, the
RBF kernel is more flexible than the linear kernel, which is especially important when a
3D prediction model is calculated. As expected, the differences in prediction accuracy
are also reflected in the ratio of matches, which is also highest for the 1D model using
an RBF kernel. Overall, the majority of aortic root diameters can be predicted correctly
using the proposed approach, despite the high variability of the commissure distances
within the data set.

As explained before, two tests were performed in order to investigate the robustness
of the approach. First, it could be observed that the prediction accuracy dramatically
decreased with an increase in feature variance in the test set. This is expected and
probably due to the fact that, if the training data set is too homogeneous in comparison
to the test set, the model overfits. This might imply that the prediction model needs to be
trained on a data base that sufficiently represents the individual variability of aortic root
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geometries. Second, it could be observed that the prediction accuracy can be improved
by introducing more variability into the training data set. This shows that, indeed, the
prediction accuracy of the approach can be improved by using a training data set that
is more representative of the true distribution of aortic root geometries. A downside of
the proposed approach is the need for paired training data as the SVR is trained in a
supervised way.

Conclusion Inthis section, a novel SVR approach was presented for the prediction of the
individual prosthesis size for valve-sparing aortic root reconstruction based on ultrasound
images. It could be shown that this approach can accurately predict geometric features
and prosthesis diameters from only three geometric features extracted from the patholog-
ical ultrasound data. Furthermore, the investigations show that special emphasis should
be given to the creation of the training data set, which should reflect the inter-subject
variability seen in aortic root geometries. These results highlight the high variability of
aortic root shapes and emphasizes the need for personalized prosthetics.

Hence, it could be shown that the pathological aortic root carries a sufficient amount of
information to estimate the individual healthy shape of the root. However, the prediction
method proposed in this section is limited to a paired data scenario.
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5.3.2 Combining Deformation Modeling and Machine Learning

As mentioned above, the Direct Feature Estimation approach relies on paired data sam-
ples of pathological and healthy shapes. This limits the clinical applicability as paired
data is typically harder to collect. Hence, another approach was developed to investigate
the sufficiency of information in the pathological image for pseudohealthy synthesis in an
unpaired scenario.

The purpose is the introduction of a hybrid approach combining simplified aortic root
deformation modeling and machine learning. It is inspired by the surgeon’s decision
making process, avoids biomechanical uncertainties and minimizes the demand on the
underlying data base. Once again, the full 3D data set D,; was used for evaluating this
approach.

The proposed method is inspired by the surgeon’s decision making process. This
process can be separated into four steps:

1) Obtaining the patient’s individual dilated aortic root geometry
2) Estimation of the valve geometry if it would be attached to a prosthesis
3) Rating the correspondence between the resulting geometry and a healthy behaviour

4) If the rating was good enough, the optimal prosthesis size is found. Otherwise,
repeat with decreasing prosthesis size until geometry is rated as healthy

The proposed approach implements the single steps of this decision making pipeline
(cf. Fig. 5.11). In the following, these steps are explained in more detail.

Aortic Valve Deformation Modeling The aim of this step is to model the deformation of
the aortic valve geometry in correspondence to a change in the root diameter. The pro-
posed method utilizes strong simplifications of the aortic valve geometry and behaviour.
Thus, it is assumed that the valve geometry can be described meaningful enough based
on four landmarks: the three commissure points P;, P», P; and the coaptation point P.).
The commissure points are the points where the leaflets are attached to the root wall
while the coaptation point is defined as the point were all three leaflets are touching each
other (cf. Fig 5.12). Accordingly, the individual valve geometry is given by three vectors
L1, Ly, Ly € R3 pointing from P.,., to one of the coaptation points, respectively. After
transformation to spherical coordinates with P, as the origin, the valve geometry V is
given by
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Figure 5.11: Workflow of the proposed method. The acquired morphological pathology is de-
formed incrementally according to a deformation model. The feedback function rates the
resulting geometry regarding its likelihood of corresponding to a healthy valve. While the
feedback function rates the current geometry as pathological, further deformation steps are
performed until the geometry is rated as healthy. Based on this resulting geometry, the
optimal prosthesis diameter can be computed. Adapted from [61].

Ll,'r L2,'r L3,'r
V=|Lip Loy Lsp| (5.9)
Ll,so L2,so L3:¥7

where r, 6 and ¢ are the spherical coordinates. r describes the distance to the origin,
6 is the zenith angle and ¢ is the azimuthal angle.

While the aortic root wall dilates, the leaflet size is not affected by the deformation
[126]. Hence, it can be assumed that the length of the vectors L1, L, and L3 stays
constant over all relevant deformation steps. Following this assumption, the influence of
the dilation on the valve geometry can be described as a change of the orientation of
Ly, Ly and Ls. This can be reached by varying two parameters of the spherical geometry
description of every vector: 6, i.e. the angle to the vertical axis, and ¢, i.e. the angle of
the rotation around the vertical axis (cf. Fig 5.13). Accordingly, the deformation of the
valve geometry V can be modeled as a transformation T" given as

V' =T(V, Ab1, Aba, Abs, Ap1, Apa, Aps)

Ll,r L2,r L3,r
=| Lip— A0 Layg— Ay L3g— Ab3
Li,—Ap1 Ly, —Aps L3, — Aps
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Anatomical Points Feature Decription

Figure 5.12: Anatomical points (left) and geometric features (right) extracted from ultrasound im-
ages. Note that the figure shows a two-dimensional projection of the three-dimensional
geometry. Adapted from [61].

The definition of Af; and Ayp;,i = 1, 2,3 induces different deformation models. In the
following, three models of different complexity are presented.

Homogeneous Dilation (HD): In this model it is assumed that the orientation of the plane
formed by the commissure points P, P», P53 stays constant. The change of these points
cartesian z coordinate is the same for all three points without allowing any rotation around
the vertical axis. This corresponds to a homogenous dilatation of all three sinuses, i.e.
the areas of the root wall enclosing one leaflet, and can be derived by setting

Ly, .
Af; = arccos <;(COS(L179 + Afy) —cos Ly g + cos Li’9)> —Lig, 1 =2,3. (5.7)

The two values Af, and Af; are dependant of Aéq, which is the only model parameter.
Aypj,j =1,2,3are setto 0. Hence, the HD model has only one degree of freedom (DOF).

Angle-compensated Homogenous Dilation (AHD): As mentioned above, the HD model
does not take different dilations of the sinuses into account. This can be compensated
by allowing small rotations around the vertical axis. This results in three independent
parameters Ayp;,i = 1,2, 3 within a range of +£10°. The parameters Aé;,i = 1,2, 3 are set
as in the HD model. This yields a model with four DOF.
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Simplified Valve Geometry Spherical Valve Description

Figure 5.13: Left: Simplified valve geometry, described by the three commissure points P, P
and Ps as well as the coaptation point P...,. Right: Spherical coordinate description of
the valve’s geometry. Manipulating the polar angles, different kinds of deformation can be
modeled. Adapted from [61].

Free Deformation (FD): In this model, the parameters A#;,i = 1,2,3 are decoupled.
Hence, all orientation parameters Af; and Ay;,i = 1,2,3 can change independently
within given ranges. With six DOF, the FD model offers the highest complexity of the
presented deformation models.

With this simplified valve geometry description and the defined transformation models,
parameterized, realistic deformations of arbitrary aortic valve geometries can be calcu-
lated efficiently. Biomechanical uncertainties are avoided by making simplifying assump-
tions. To evaluate the models, the dilated geometries from the data base were deformed
to match the corresponding healthy geometries as close as possible, followed by a com-
parison of the resulting root diameter with the healthy reference.

Feedback Function While the developed deformation models allow the prediction of the
valve’s geometry after a prosthesis induced deformation, there is a need for a feedback
function that rates the healthiness of an arbitrary aortic valve geometry. Since no reliable
model for such a rating function exists due to the high variability of the valve’s shape, the
use of machine learning is proposed to achieve a data-driven estimation of this complex
relationship.
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For that purpose, a suitable feature space has to be defined. Due to the description
of the valve geometry based on four anatomical landmarks, all features should be ex-
tractable from these points. Instead of using the raw point coordinates, meta-descriptors
were defined and used as features. This allows for a feature space dimensionality reduc-
tion, position- and orientation-invariant features and the integration of prior knowledge,
i.e. geometrical descriptors known to have a strong relationship to the valve’s functional-
ity.

In this study, two features were defined: % and 7. K is the mean of the three commis-
sure point distances, while « is the mean over the three angles «;,i = 1, 2, 3 that describe
the angle between the vector pointing from the i-th commissure point to its clockwise
neighbor and the vector from the i-th commissure point to the coaptation point (cf. Fig.
5.12). Ly is the leaflets free edge length, calculated as the sum over the lengths of the
three vectors L, L, and Ls. Due to the assumption that L; stays constant, the defined
features measure K and « relative to the valves specific leaflets free edge length.

Two different feedback function concepts were investigated: a binary feedback and a
continuous feedback. While the binary feedback function gives back a distinct binary flag
whether the geometry is healthy or not (classification problem), the continuous feedback
functions output is a continuous score to rate the healthiness of the valve (regression
problem).

The binary feedback function was derived from the data using a Support Vector Ma-
chine (SVM) utilizing the open-source library LIBSVM [25]. Non-linear relationships in
the data were addressed by choosing a radial basis function (RBF) kernel. The SVM-
parameter C and the kernel-parameter v were optimized utilizing a leave-one-out-method
on the training data set with an iterative gridsearch on multiple grids, ranging steadily from
coarse to fine (initial grid: 5 values within [1,1000] and [0.001,1] for C and ~, respectively,
finer grids centered around optimal parameters of coarser grid from last iteration). This
SVM model learns a separation of valve geometries in healthy and dilated ones. To pro-
vide reasonable classification results for this purpose, the training set needs to include
healthy and dilated valve geometry samples.
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Since a binary separation of valve geometries is not very realistic, a continuous feed-
back function was used additionally. This leads to a continuous healthiness score. To this
end, the feedback function was learned using a Gaussian Mixture Model (GMM) [98]:

1) For every training sample point j € [1,n], define a Gaussian distribution NV (p;, ;)

2) Set u; to the samples feature space coordinates and X; to a diagonal matrix with
the estimated measurement noise of each feature at the corresponding diagonal
entry (10% of the feature’s mean value)

3) Derive feedback function F' by superimposing these distributions with equal weight-
ing:

n

P == S Ny, 3) (5.8)

j=1
This completely data-driven feedback function combines low computation times with a
simpler and much more practical data base. The score predicted from the GMM model
corresponds to the probability of an arbitrary valve geometry to be healthy. The probability
to be dilated is included implicitly in the low score values. Hence, a training data set only
consisting of healthy geometry samples is sufficient and no dilated samples are required.

Surgery Planning The surgery planning can be interpreted as an optimization problem,
where the parameters of the deformation models should be optimized to provide the
most healthy valve geometry, i.e. the highest value of the feedback function. Hence, the
objective function is given by the feedback function and the parameters of the deformation
model are the variables. The solution space is constrained by the geometries that can be
reached by deforming the individual dilated valve geometry according to a deformation
model. The deformation model defines a trajectory in the feature space with its origin in
the observed dilated valve geometry. The optimal prosthesis size corresponds to the point
on this trajectory with maximal feedback output (cf. Fig. 5.14). The relationship between a
valve geometry and the corresponding prosthesis size is approximated by the diameter of
the circumcircle of the triangle formed by the three commissure points. In the case of the
binary feedback function, the optimal solution is defined as the valve geometry classified
as healthy with the smallest deformation, i.e. the intersection between the trajectory and
the class border.
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0.2 0.4 0.6 0.8 1 12

Binary Feedback Continuous Feedback

Figure 5.14: Visualization of surgery planning in the feature space using a binary feedback (left)
and a continuous feedback (right). In the binary case, the feedback function is visualized
as a decision boundary, while a contour plot of the feedback landscape is given for the
continuous case. The trajectory defined by the incremental deformation steps is shown as
in black. Adapted from [61].

In this initial study, the optimization problem was solved using a gridsearch method
(discretization: 0.006° for Ap; and 1;080 for Af;,i = 1,2,3). This corresponds to a valve
diameter change (i.e. change of prosthesis size) of about 0.073 mm for each step of  and
about 5.2 - 105 mm for each step of ¢. This fine discretization provides an acceptable

avoidance of local optima.

The evaluation of the surgery planning method was performed on all 24 aortic roots
using a 10-fold cross validation. During this method, optimal prosthesis diameters were
predicted for the dilated valve geometries and compared to the natural root diameter
received from the corresponding healthy geometry, serving as a reference.

Results and Discussion A fundamental assumption of the method is that the length of
the vectors L;,i = 1,2, 3 stays constant during the dilation. To confirm this statement, a
two-sample t-test (95% level of significance) on the L, derived from the healthy and the
dilated data was performed. We found no significant differences (L, : ¢t = —0.4978, p >
0.05; Ly : t = —1.1455, p > 0.05; Lg : t = —0.0405, p > 0.05). To evaluate the
consistency of the presented deformation models, they were applied to reproduce the
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Table 5.3: Evaluation of the deformation modeling approach for all combinations of the two feed-
back functions (binary and continous) and the three deformation models (HD, AHD and FD).
For each combination of feedback function and deformation model the mean prosthesis size
prediction error in mm and the number of matches in %.

HD AHD FD
. 21 % 25 % 21 %
Binary
3.36 mm 2.81 mm 4.38 mm
. 63 % 50 % 13 %
Continous
1.64 mm 1.64 mm 7.60 mm

deformation observed in the experiments. The mean errors of the predicted diameters
for all valves were 0.37 mm for HD, 0.09 mm for AHD and 0.25 mm for the FD model.

The presented deformation modeling method was evaluated on the data set aiming
on the prediction accuracy of the optimal root diameter for each dilated valve geometry
with the corresponding healthy geometry as a reference. Table 5.3 shows the mean
prediction error and the number of matches, i.e. the relative number of predictions with
an error of less than 1 mm, for all combinations of deformation models and feedback
functions. The continuous feedback combined with the HD model reaches the highest
prediction accuracy.

A comparison of the previously proposed direct feature estimation method and the de-
formation modeling method with the binary as well as the continuous feedback function
is shown in Table 5.4. Using the continuous feedback function, the deformation mod-
eling approach provides the same prediction accuracy while only healthy samples are
requested in the training phase.

The evaluation of the three deformation models shows that all models reach a mean
diameter prediction error of less than 0.5 mm. This indicates that all three models are
capable of mimicking realistic aortic root deformations. Table 5.3 shows that for the HD
and the AHD deformation model, the continuous feedback function clearly outperforms
the binary feedback. This indicates that the optimal solution does not have to be close to
the binary class border. Combining the HD deformation model with a continuous feedback
function provides the best prediction results. This might be related to the fact that the
information about the individual dilated valve geometry disappears with growing size of
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Table 5.4: Comparison of the direct feature estimation (DE) method as described in 5.3.1, the
deformation modeling (DM) with binary feedback function (AHD model) and the deformation
modeling with continuous feedback function (HD model) subject to the prediction accuracy
and the needed training data. The deformation models were chosen to provide optimal results.

Method Matches Training Data Set
Dilated and healthy valve geometry
DE 63 % S o
of each subject in training set
. Dilated and healthy valve geometries,
DM, binary 25 %
not necessarily from the same subject
DM, .
] 63 % Healthy valve geometries
continuous

the search space, which is the case with increasing DOF of the model and once more
emphasizes the advantage of simplification.

The comparison with the direct feature estimation approach shows that using a contin-
uous feedback function, the deformation modeling approach reaches comparable results
based on training data set that is simpler to collect. The collection of clinical paired data
for the direct feature estimation approach is time consuming and challenging. In contrast,
the deformation modeling method utilizing a continuous feedback function that only relies
on healthy valve geometries, which can be easily extracted from clinical TEE examina-
tions. Hence, the application of simplified deformation modeling and GMMs could push
the pre-operative planning of valve-sparing aortic root reconstruction towards clinical ap-
plication.

However, the prediction accuracy still has to be improved. One reason for the relatively
low maximal accuracy could be a biased training data set. Due to the manual identifica-
tion of the landmarks in the ultrasound images, significant observer-specific errors are
possible. Hence, an automatic valve geometry extraction could improve the method.
A more detailed study of the influence of observer errors on the predictor performance
would be interesting and relevant for future work. Additionally, the approach could be en-
hanced by a larger training data set. This would provide a more realistic representation
of the underlying distribution of valve geometries and a higher dimensional feature space
could be explored.
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Conclusion In this work, a new approach for pre-operative planning of valve-sparing
aortic root reconstruction was presented. The approach combines simplified deforma-
tion modeling with machine learning to mimic the surgeon’s decision making process
and represents a first alternative to the direct feature estimation approach. Three de-
formation models and two feedback functions were defined, evaluated and compared to
the previously described direct feature estimation approach. The results show that the
presented method provides comparable results while the demand on the training data is
dramatically decreased, taking a step towards clinical application for the prediction of per-
sonalized aortic root prosthesis sizes. Hence, it could be shown that predicting features
of the healthy shape only based on pathological shape information as a surrogate is not
only possible with paired data but also in scenarios where only unpaired data is available.



5.4. CONCLUSION
5.4 Conclusion
The aim of this chapter was to answer the research question
Q1: Is it possible to predict individual prosthesis features?

Therefore, feature-based regression approaches were developed to predict individual
features of the desired healthy shape only based on the available surrogate information.
The prediction models were trained data-drivenly by implementing SVR models with vari-
ous hyperparameters. This concept was adapted for both cases, i.e. structural pathology
and morphological pathology. In the latter case, it was proposed to interpret the predic-
tion as a deformation of the pathological shape until a model rates the resulting shape as
sufficiently healthy. This approach doe not only open up the capability of dealing with un-
paired training data but it also lays the basis for the concept of pseudohealthy synthesis
via manipulation in latent space which will be presented in Sec. 6.3.1.

In both pathological cases, it was possible to predict meaningful features of the desired
healthy shape only based on geometric features extracted from the surrogate information.
The accuracy of the prediction was acceptable in both cases and, hence, can be seen
as a proof-of-concept. Therefore, the research question can be answered with yes. In
both cases, the structural pathology and the morphological pathology, the respective sur-
rogate data, i.e. the surrounding tissue and the pathologically dilated state, carry enough
information to infer on the individual. This proves the basic assumptions of this thesis and
lays the foundation for the development of pseudohealthy synthesis methods.

Regarding the translational value of this chapter, both approaches, i.e. for person-
alized valve shaping and for personalized root shaping, are limited by only predicting
features of the desired shape. In the structural pathology case, the commissure line
of the three leaflets will barely be enough to design personalized valve prostheses and
hence, the study should be seen as a proof-of-concept that the surrogate information is
sufficient. In contrast, in the case of a morphological pathology, predicting the optimal
diameter of a tube-shaped aortic root prosthesis could be of high interest as a surgery
planning tool since estimating the individually optimal diameter remains a challenging
task in clinical practice. Therefore, a further study on a human data set should be part of
future research, where the deformation modelling approach should be followed since it is
capable of dealing with unpaired data.
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6 Synthesizing Personalized Healthy
Shapes!

In this chapter, research question Q2 will be addressed:
Q2: Is it possible to synthesize personalized healthy shapes?

In the previous chapter, it could be shown that predicting geometric key features of
the desired healthy state is possible based on the surrogate information. Hence, the as-
sumption that the surrogate information carries a sufficient amount of information about
the individual healthy shape can be considered as true. Research question Q2 addresses
the question how this information can be used to not only predict geometric features but
to synthesize complete healthy shapes. In general, this poses two core challenges: Iden-
tifying adequate shape representations and estimating the right shape within this repre-
sentation based on the surrogate information. The approaches to solve both challenges
differ for the two types of pathology considered in this work.

In case of a structural pathology, the pseudohealthy synthesis can be interpreted as
bridging a domain gap as the surrogate images as well as the target shapes are just
different kinds of information about the same anatomical structure. However, this domain
gap is substantial compared to classical domain adaptation methods as not only a differ-
ent part of the anatomical structure is shown, e.g. the aortic root instead of the valve’s
leaflets, but the surrogate information might also differ in its appearance as a different
imaging modality is utilized. In the case of a morphological pathology, the target images
as well as the surrogate information are in the same domain, but the distribution spans

Parts of this section are published in:

[58] J. Hagenah, M. Mehdi and F. Ernst. Generating Healthy Aortic Root Geometries From Ultrasound
Images of the Individual Pathological Morphology Using Deep Convolutional Autoencoders. 2019
Computing in Cardiology (CinC), 2019:1-4, (2019)

[59] J. Hagenah, M. Mehdi and F. Ernst. Fully Data-Driven Pseudohealthy Synthesis for Planning Valve-
Sparing Aortic Root Reconstruction using Conditional Variational Autoencoders. Current Directions
in Biomedical Engineering 6(3):284-287. (2020)
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Is it possible to synthesize personalized healthy shapes?

Surrogate Information Estimated Healthy Shape
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Figure 6.1: Approach to investigate research question Q2.

across healthy as well as pathological shapes. Fig. 6.1 visualizes the general approach
of investigating research question Q2.

To address these challenges, new concepts for pseudohealthy synthesis are pre-
sented for both pathological cases, i.e. structural pathologies in Sec. 6.2 and morpholog-
ical pathologies in Sec. 6.3. After describing the investigation of the research question in
these section, the results are discussed and the question is answered in a conclusion.

6.1 Related Work

In the following, the related work will be described separately for both pathological cases.
First, studies related to structural pathologies are presented, followed by a paragraph on
relevant literature on morphological pathologies.



6.1. RELATED WORK

Structural Pathology In general, dealing with data from different domains is referred
to as domain adaptation [82]. Numerous studies aimed at generalizing across different
domains [45], [72], [78]. The typical focus of domain adaptation is dealing with input data
from different domains, not to transfer an image to another domain [137].

The problem of estimating an image based on another image is called image-to-image
translation and was introduced in [73]. Typically, generative adversarial networks (GAN)
[49] are utilized to learn a distribution over the target images, conditioned by the input
image [73]. Such approaches have been applied to a wide range of topics, for example
semantic image synthesis [108], image segmentation [92], style transfer [151] or image
inpainting [110]. However, most of these methods are used in settings with a moderate
domain gap while the general objects in the input image remain unchanged in their shape.

Several studies focused on image-to-image-translation for shape deformation, aiming
at bridging a wider domain gap [107]. However, all these approaches were evaluated
on large data sets that are typically not available in clinical applications. Even though
[94] proposed a few-shot approach for image-to-image translation, the model has to be
pretrained on a large data set that is relatively similar to the small one. In [93],a framework
based on a cascaded GAN structure is presented to learn image-to-image translation
from one image pair only. However, such a model is not capable of generating the full
variance of anatomies present across patients as it is trained to fit one anatomy as close
as possible. In contrast, the framework presented in 6.2 directly models this variance by
encoding all observed anatomies into latent space descriptions.

Morphological Pathology In the field of pseudohealthy synthesis, the usage of autoen-
coders is a common approach to learn a latent description [127], [9], [141], [28]. The idea
is to train the model only with healthy data so that the decoder will ignore the pathological
part of the information given in a pathological input image and synthesizes a pseudo-
healthy state. This preserves the individuality of the healthy shape, also referred to as
subject identity [146]. However, these approaches were criticized recently as pathological
out-of-bag samples with a very different shape compared to the healthy ones may lead to
unrealistic predictions [105]. In contrast, the pathological samples are explicitly included
into the representation learning method presented in 6.3 to disentangle the pathological
variance and the subject identity.

In recent years, GANs were applied to pseudohealthy synthesis [2], [143], [136]. Even
though very realistic images could be synthesized, these approaches suffered from a
poor preservation of the subject identity as the GAN was trained to synthesize any image
inside the observed healthy distribution [146]. Even though different methods were pro-
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posed to overcome this problem [8], [73], preserving the subject identity in GAN-based
approaches remains a challenging task. In [145], a new GAN-based architecture for
pseudohealthy synthesis in a brain lesion setting was proposed. The authors used a seg-
mentation of the pathological area as additional information to disentangle the healthy
and pathological latent representation and thus preserve subject identity. However, this
approach is not applicable to a pathological dilation process, e.g. in the aortic root, where
the entire structure is affected and not just a specific region.

The concept of shape primitives presented in Sec. 6.3.1 is related to movement prim-
itives which are used in robotics to describe complex trajectories [125]. Additionally, the
mapping process to the mixture of shape primitives is reminiscent of coherent point drift
for point cloud matching, but in the method proposed in this section, the deformation is
not constrained to be affine [104].
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6.2 Structural Pathology

Despite ongoing advancements of medical imaging techniques, there are structures in
the human body that are difficult to visualize using typical medical imaging modalities like
Computed Tomography (CT), Magnetic Resonance Imaging (MRI) or Ultrasound Imaging
(US). However, knowledge about these anatomical shapes is highly relevant for clinical
decision making and intervention, e.g. for biomechanical simulations or for personalized
prosthesis shaping. One example of such a structure is the aortic valve. This valve con-
sists of three thin leaflets embedded in the aortic root that are pressed together during
diastole to prevent the blood in the aorta from flowing back into the left ventricle [39]. The
geometry of the aortic valve, i.e. the shape of its three leaflets, shows a substantial inter-
patient variability [85]. As the aortic valve and root form a complex biomechanical system
with close interaction between different anatomical structures [148], this individual geom-
etry is crucial for the correct functionality of the valve. The valve’s leaflets are extremely
thin and flutter in the blood stream, hence, imaging using typical medical imaging modali-
ties is challenging. However, knowledge about the individual geometry of the aortic valve
is necessary for many applications, ranging from heart modeling and simulation to the
development of personalized prostheses. For both applications, the leaflet shape should
be assessed in an unpressurized state to avoid stress-related deformations. Due to the
high impact of the individual valve geometry on a procedure’s outcome, a personalization
of this prosthesis would be beneficial but is currently out of scope as the desired prosthe-
sis shape is not assessible using typical in-vivo imaging modalities. Hence, the synthesis
of personalized leaflet shapes presents a promising approach for solving this problem.

In an ex-vivo setting, it is possible to extract the aortic valve leaflets and collect high-
resolution images in a planar state [118]. Such a data set could serve as a training set
for a generative model aiming at leaflet shape synthesis. An additional advantage of this
approach is that the synthesized leaflet shapes are already in a planar shape, allowing for
direct manufacturing of a prosthesis out of typical material, e.g. pericardium. However,
the shape synthesis should be tailored to the individual patient. Thus, the generative
model should receive a prior consisting of information about relevant surrounding tissue
to estimate the patient’s individual leaflet shapes. In this case, the three-dimensional
(3D) shape of the aortic root might be a sufficient prior as its geometry should be closely
related to the shape of the individual leaflet. Additionally, the aortic root is clearly visible
in ultrasound images acquired using transesophageal echocardiography (TEE).

However, the domain gap between a 3D ultrasound image of the aortic root and an
RGB image of the leaflet shape in its planar state is substantial. Typical methods for
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Is it possible to synthesize personalized healthy shapes
in the case of a structural pathology?
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Figure 6.2: Approach to investigate research question Q2 in the case of a structural pathology.

bridging domain gaps utilize adversarial training, i.e. generative adversarial networks, to
transfer an image from one domain to the other [73]. However, GANs need vast amounts
of training data to converge that is typically not available in medical imaging. Especially
for structure shape synthesis based on surrounding tissue, data collection is very time-
consuming and requires additional effort due to ex-vivo experiments. Additionally, GANs
are prone to sometimes synthesizing unrealistic images [91], which should be avoided in
the scope of medical decision support systems or prosthesis manufacturing.

In this section, a robust approach for synthesizing aortic valve leaflet shapes with the
individual aortic root shape as geometric prior is presented based on shape encoding
with autoencoders. The given problem is formalized and different ways to solve it are
presented. All these approaches are evaluated on the collected ex-vivo data set, including
a hyperparameter analysis and a comparison of the proposed approaches. Fig. 6.1
visualizes the approach for investigating research question Q2 for the case of a structural
pathology.
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Contribution

The contribution of this section is twofold. First, a novel methodology for bridging big
domain gaps that works robustly even on small data is described. As this method is not
limited to aortic valve leaflet synthesis, the methodological contribution holds the potential
to be of great interest in the medical image analysis community as well as for general
computer vision researchers. Second, the proposed method can be directly applied in
the scope of personalized aortic valve modeling, not only for prosthesis development but
also for personalized cardiac simulations.

6.2.1 Leaflet Synthesis with Geometric Prior

The key idea is to identify a generative model that is capable of synthesizing aortic valve
leaflet shapes using representation learning. Specifically, a convolutional autoencoder is
utilized to encode the whole variety of leaflet shapes into one unified representation. Au-
toencoders allow for a high flexibility during the learning process as well as for identifying
abstract representations. In comparison to conventional representation learning methods
like e.g. principal component analysis (PCA), autoencoders were shown to be more ac-
curate for a data set size of greater than 20 in the medical image analysis domain [140].
Accordingly, it could be shown that a PCA-based representation of aortic valve leaflets
only has a limited descriptive power [60].

After identifying an adequate representation, a mapping can be learned between the
surrogate information, i.e. a volumetric ultrasound image of the aortic root, and the latent
representation of the individual leaflet shapes. This mapping can be interpreted as a
mapping between the two different domains, i.e. surrogate data and target data.

Data Sets In the scope of this study, high-resolution images of the aortic valve leaflets
as well as an image of the surrounding tissue is necessary to develop suitable solu-
tions. Here, a volumetric ultrasound image of the aortic root serves as geometric prior.
Thus, the data set Dy is used that includes such paired data from 30 porcine hearts.
The size of the volumetric ultrasound images was 84 x 202 x 84 with a voxel size of
0.71mm x 0.49mm x 0.71mm. From each of these ultrasound volumes, a subvolume
was cropped out that shows the aortic root, respectively. Therefore, the commissure
plane, i.e. the horizontal slice through the aortic root that shows all three commissure
points was identified manually. The subvolume was extracted starting from the commis-
sure plane and spanning the 31 layers below. Hence, the subvolume covered 22.72 mm of
the aortic root’s height. To remove imaging artifacts and background noise, a thresholding
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was applied, setting all gray values smaller or equal to ¢ = 80 to 0. Finally, the ultrasound
images were scaled with the factor ﬁ to be in the range [0,1]. The preprocessing of
the leaflet images followed Sec. 4.1.2. In addition, the data set D& which only contains
leaflet image data is utilized as an auxiliary data set for learning representations of the
aortic valve leaflets. However, it is only used for training as the corresponding geometric

prior from surrounding tissue remains unknown.

Problem Formulation As described above, the data lies in two different spaces: The
volumetric ultrasound data space Dy C R32x128x128 gand the leaflet data spaces D} ;S
R128x64 [ ¢ {rc,lc,nc} for the right-coronary, left-coronary and non-coronary leaflets,
respectively. In addition, a latent representation Z is defined for each data space, leading
to the latent spaces Zys € R™ and Z;; C R™. Note that the existence of a shared
latent space representation for all three leaflet types, i.e. right-coronary, left-coronary
and non-coronary, is assumed. The latent space descriptions can be derived from the
data space using representation learning on the corresponding data set, respectively.
Figure 6.3 shows the different coordinate spaces and their connection.

The general goal is to synthesize the unknown personalized leaflet images 1™ €
Di%, I'* € DI, and I € D5 of one patient based on the information contained in
the patient’s individual aortic root geometry given by V' € Dys. The direct mapping
from V to I"¢, I'* and I is known as image-to-image translation and typically requires
a vast amount of training data as it is usually solved using GANs (see section 6.1). First
encoding V to its latent representation z;;s and then mapping to I7¢, I'c and 1™ is still
interpreted as image-to-image translation as the only difference is an unsupervised pre-
training of a subnetwork, which is a well-known technique in deep learning on small data
[12]. By encoding I"¢, I' and I to their latent representations 215 zlLCf, 21} € Zpy Us-
ing the encoder ¢rf, the image-to-image translation problem can be reformulated as a
regression problem where 27, z’LCf and 27} should be estimated based on the ultrasound
image data. If a decoder pr,; is known, the corresponding shape leaflet images can be
synthesized. Due to intense preprocessing of the leaflet image data, Z, ; mainly contains
shape information. Hence, predicting this latent information based on the volumetric ul-
trasound data V is referred to as shape estimation. Another option is to not only encode
the leaflet images but also the ultrasound data. It is assumed that there is a connection
between both latent spaces as they represent different parts and states of the same or-
gan. However, the difference between both latent spaces is the domain gap between the
data sets. One way to overcome this domain gap is to train a machine learning model to
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Figure 6.3: Sketch of the proposed approaches. As a direct mapping between the two data do-
mains, also called image-to-image translation, is barely possible in the given scenario, it
is proposed to encode the data to latent space descriptions using representation learning.
Then, the latent leaflet description can be predicted based on the 3D ultrasound image,
called shape estimation, or based on the latent description of the ultrasound volume, re-
ferred to as domain mapping.

map from Zy 5 to 2. Adding the encoder ¢y 5 and the decoder py ¢, a full path from an
ultrasound volume to synthesized leaflet images is given. This approach is called domain

mapping.

As described above, training an image-to-image translation model on very limited data
until convergence is a challenging task. In addition, it is likely that an adversarial model
learns the full distribution of leaflets without taking the prior information V' into account,
making the model fail in personalized shaping. Therefore, it is proposed two follow the
other two approaches, namely shape estimation and domain mapping (see Fig. 6.3).
Details on the implementation of both are presented in the following sections.

101



102

Synthesizing Personalized Healthy Shapes

<x‘4\ -

ny =16
SLIN

e

|
V

\
\
V

=
v
/
4
/
/
[l
g |

~
\

Ne = 3

Figure 6.4: Architecture of the leaflet autoencoder, exemplarily shown for n. = 3 convolutional
layers, ny = 16 filters per convolutional layer and n; = 20 neurons in the bottleneck layer.

Shape Estimation Approach The goal of the shape estimation approach is to encode
the leaflet shape, given as an image, into a latent space description and predict the
individually optimal latent shape based on a 3D US image of the aortic root. Thus, the
approach consists of two models: the leaflet autoencoder for shape encoding and the
regression network for mapping from the US image to the latent representation.

For the leaflet autoencoder, a parameterized architecture is used as shown in Fig. 6.4.
The encoder qr ¢ consists of n. convolutional layers with n filters and ReLU activation,
followed by a 2 x 2 average pooling each. Following this convolutional part, a flattening
operation and fully connected layer (ReLU activation) with as many neurons as outputs of
the last pooling layer connects the encoder with the bottleneck layer. The bottleneck layer
has n; neurons, featuring linear activation. The decoder p;; follows the mirrored encoder
architecture utilizing upconvolution and upsampling. The autoencoder was trained using
the adam optimizer, mean squared error loss and a batch size of 32 for 100 epochs.

It is assumed that there is a shared latent space description over all leaflet types,
i.e. right-coronary, left-coronary and non-coronary leaflets. Hence, the autoencoder is
trained on all three kinds of leaflets, leading to the data set Dy = D} U D’LCf U D} To
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Figure 6.5: Architecture of the regression network, exemplarily shown for k, = 4 convolutional
blocks, k. = 3 convolutional layers per block, ky = 32 filters per convolutional layer, kg = 1
fully connected layer and k,, = 100 neurons per fully connected layer.

ensure a reliable representation, the data set DZ* was added to the training data as an
auxiliary data set D%L}X, containing 168 images of leaflets from 56 valves.

For the regression network, it is proposed to use a 3D convolutional neural network
(CNN) with a VGG-like architecture ([132]). Thus, the network consists of k; convolu-
tional blocks. Each of these blocks consists of k. 3D convolutional layers with k; filters
and RelU activation. Each block is followed by a 2 x 2 average pooling layer. Behind the
last convolutional block and a flattening operation, k; fully connected layers with ReLU
activation and k,, neurons each are attached, followed by the output layer with k; neurons
and linear activation. The architecture is illustrated in Fig. 6.5. It is assumed that the
prediction of the individual shapes of the right-coronary, left-coronary and non-coronary
leaflets are independent. Hence, three regression models are created and trained, pre-
dicting one leaflet type each. The three models share the same architecture but are
trained independently.

To identify an optimal autoencoder architecture, i.e. an optimal combination of the
hyperparameters n., ny and n,;, different combinations were assessed regarding the
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Table 6.1: Combinations of hyperparameters of the leaflet autoencoder assessed during hyperpa-
rameter analysis. The optimal combination is marked in bold.

Parameter Values

e 3.4,5
nf 16, 32
ny 10, 20, 30

model’s ability to reconstruct the input image after propagating it through the model in
a grid-search approach. Thus, a 10-fold Monte-Carlo crossvalidation (80% train, 20%
test) was performed on Dy;. After training the autoencoder on the training data, the test
data was propagated through the model and the resulting reconstruction was compared
to the original image using the root mean square error (RMSE). The auxiliary data set
DY was added to the training data within each fold. Table 6.1 shows all combinations of
hyperparameters tested.

After identifying an optimal autoencoder architecture, the hyperparameters of the re-
gression network were optimized in a similar way. For multiple combinations of the hyper-
prameters ky, k., k¢, kq and k,, the model’s performance on predicting the latent shape
representation of the corresponding leaflets for unseen ultrasound images is assessed
using a 10-fold Monte Carlo crossvalidation (80% train, 20% test) on Dy and Drs. The
autoencoder was trained on the training leaflet images using the optimal hyperparam-
eters. Afterwards, all training leaflet images were encoded to the latent space and the
three regression networks were trained to predict the latent space representation of the
respective leaflet based on the corresponding 3D ultrasound image. The accuracy was
assessed by predicting the shape representation for the test US images, reconstructing
images of the predicted leaflet shapes using the decoder and comparing these predicted
images to the ground truth leaflet images, once again using RMSE. Table 6.2 shows all
hyperparameter combinations assessed in this study.

After identifying optimal sets of hyperparameters for the autoencoder and the regres-
sion networks, the performance of the shape estimation approach was analyzed. The
autoencoder and the three regression networks were trained on the training data, using
the respective optimal hyperparameters, and were applied to predict the leaflet shapes
for unseen test data. This was performed using a 10-fold Monte Carlo crossvalidation
(80% train, 20% test) on Dys and Dy s, while again D7 was added to the training data
for training the autoencoder. The predicted leaflet images were compared to their corre-
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Table 6.2: Combinations of hyperparameters of the regression network assessed during hyperpa-
rameter analysis. The optimal combination is marked in bold.

Parameter Values
Ky 3,4,5
ke 1,2,3
ks 16, 32
kq 1,2, 3
ky 50, 100, 200

sponding ground truth using four metrics: Jaccard similarity, Hausdorff distance, average
symmetric contour distance (ASCD) and RMSE. To compute the Jaccard similarity, the
Hausdorff distance and the ASCD, the leaflets were segmented in the predicted images
utilizing thresholding (¢t = 0.45, corresponding to a grayscale value of 115).

Domain Mapping Approach The key idea of the domain mapping approach is to en-
code both, the leaflet images as well as the volumetric US data, into a latent space de-
scription, respectively, and train a model to map from one latent space to the other. One
important advantage is that the dimensionality of the mapping is much smaller compari-
son to the shape estimation approach. Hence, it is possible to learn this mapping using
classical machine learning methods like Random Forests (RF) or multi-layer perceptrons
(MLP) ([1186]).

The autoencoder for the leaflet images is the same as presented in Sec. 6.2.1. To
find a representation of the US data, a similar architecture is proposed but featuring 3D
convolution and pooling. Hence, the encoder ¢;;s consists of m,. 3D convolutional layers
with m  filters, ReLU activation and followed by a 2 x 2 x 2 average pooling each. Following
this convolutional part, a flattening operation and fully connected layer (ReLU activation)
with as many neurons as outputs of the last pooling layer connect to the bottleneck layer
with m; neurons, featuring linear activation. Once again, the decoder pyg follows the
mirrored encoder architecture. Fig. 6.6 shows the architecture of the full autoencoder.

To find a mapping between the two latent spaces Zy;s and Z;f, an RF with ¢ decision
trees and an MLP with /;, hidden layers and [,, neurons in each hidden layer were evalu-
ated. For the MLP, all hidden layers used ReLU activation, while the output layer utilized
linear activation.

The optimal hyperparameters of the US autoencoder were identified in a similar way
as for the leaflet autoencoder. A 10-fold Monte Carlo crossvalidation (80% train, 20%
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Figure 6.6: Architecture of the ultrasound autoencoder, exemplarily shown for m. = 3, my = 16
and m; = 20.

test) was performed on Dygs and the reconstruction accuracy on the test data was as-
sessed using RMSE. Table 6.3 shows all evaluated combinations of hyperparameters.
For finding the mapping between the latent spaces, different values of the hyperpa-
rameters of both learning methods were evaluated. For the RF approach, the values
50,100, 150, 200, 250 were analyzed for ¢t. For the MLP approach, the values 1,2, 3,4,5 for
I, and 50, 100, 150, 200 for I,, were assessed.

After identifying optimal sets of hyperparameters, the performance of the domain map-
ping approach on predicting the individual leaflet shapes based on a 3D US image was
evaluated on unseen data. A 10-fold Monte Carlo crossvalidation (80% train, 20% test)
was performed on Dy s and Dry. Both autoencoders were trained on the training data
(including Dil}x for the leaflet autoencoder) and the training samples were encoded to
their latent space representation. Then the models to predict z;; for a given zy s were
trained. As described for the shape estimation approach, it is proposed to use three differ-
ent models, one for each leaflet type, i.e. right-coronary, left-coronary and non-coronary.
RFs as well as MLPs were evaluated for this regression, each of them using the opti-
mal hyperparameters. After training the models, the test US images were encoded using
qus, the latent leaflet representations were predicted and corresponding images were
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Table 6.3: Combinations of hyperparameters of the ultrasound autoencoder assessed during hy-
perparameter analysis. The optimal combination is marked in bold.

Parameter Values

Me 3.4,5
mf 16, 32
my 20, 100, 200

synthesized using the decoder pr;. These predicted leaflet images were compared to
the ground truth using Jaccard similarity, Hausdorff distance, ASCD and RMSE, with a
thresholding for Jaccard similarity, Hausdorff distance and ASCD (¢ = 0.45, correspond-
ing to a grayscale value of 115).

Results and Discussion At first, the results of the hyperparameter analysis are pre-
sented, followed by the performance analysis of both approaches. Afterwards, the re-
sults are discussed in detail and their impact on future research is given in an outlook
paragraph. All hyperparameters were optimized regarding a minimal RMSE. For both au-
toencoders, an architecture featuring three convolutional blocks with 16 filters each and a
latent dimension size of 20 was identified as optimal, with an RMSE of 0.0617 4+ 0.0106 for
the leaflet autoencoder and 0.0678 +£0.0200 for the ultrasound autoencoder. For assessing
the hyperparameters of the shape estimation approach, the optimal leaflet autoencoder
hyperparameters were used and the parameter combinations of the CNN mapping from
the ultrasound volume space Dy s to the latent space of the leaflet Z;; were evaluated.
The optimal architecture features four convolutional blocks with three convolutional layers
using 16 filters each, followed by a single fully connected layer with 100 neurons. This
indicates that feature extraction needs a certain degree of abstraction, but the identified
features are meaningful and can be processed with a simple classification model, i.e. a
single fully connected layer. The RMSE between the true leaflet samples in the latent
space description and the predicted ones with this architecture was 0.1331 + 0.0392. For
the domain mapping approach, the previously identified, optimal hyperparameters were
used for both autoencoders and the hyperparameter influence on the model mapping
from Zygs to Zj.q11c Was evaluated. In case of an RF regression, 200 trees were found
to perform best with an RMSE of 0.1365 + 0.0278, measured in the leaflet’s latent space
between the predicted and the true latent representation of the leaflet. Using an MLP for
domain mapping, the optimal architecture consisted of four hidden layers with 100 neu-
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Table 6.4: Accuracy of leaflet shape prediction for all methods, regarding RMSE, Jaccard simi-
larity, Hausdorff distance and ASCD. The values for the Hausdorff distance and the ASCD
are given in pixels (resolution 0.34.7%). Results are given as the mean value over all cross

validation folds, averaged over all three leaflet types, and the standard deviation.

Method | RMSE | Jaccard Hausdorff ASCD
Shape Estimation 0.1383 £0.0434 | 0.8310 +0.0679 | 6.10 + 3.39 4.03 + 9.87
Domain Mapping with RF 0.1417 4+ 0.0479 0.8230 + 0.0737 6.45 +4.29 3.10 £ 6.81
Domain Mapping with MLP 0.1482 4 0.0482 0.8060 %+ 0.0796 7.02 +4.46 2.84 +5.01

rons each, reaching an RMSE of 0.1386+0.0409. All hyperparameters that were identified
to be optimal are marked in bold in Tables 6.1, 6.2 and 6.3.

To compare the different approaches for leaflet shape synthesis, they were evaluated
in a 10-fold crossvalidation. Fig. 6.7 shows qualitative synthesis results exemplarily for
four valves drawn from a test set within one fold of the crossvalidation. In general, all
three synthesis methods are capable of providing realistic leaflet shapes in all cases. The
shape estimation approach shows vanishing inter-patient variance and tends to predict
an average leaflet for each individual. While the domain mapping approach with RF
provides a slightly higher variance, domain mapping with MLP shows the highest variance
and hence individualization performance. The latter approach is capable of following
individual shapes with relatively high accuracy in some cases, e.g. the right-coronary
leaflet of valve 1. However, all presented methods struggle in predicting atypical leaflets,
e.g. the right-coronary leaflet of valve 2.

Table 6.4 shows the results of this study regarding Jaccard similarity, Hausdorff dis-
tance, ASCD and RMSE, averaged over all folds and all leaflet types. All three methods
are capable of achieving a Jaccard similarity of over 80%, while the shape estimation
approach reaches the maximal value of around 83% coverage. This is most likely due
to the high overlap between the test leaflets and an average one. However, regarding
the contour line accuracy, the domain mapping approach provides lower ASCD values,
indicating that it outperforms the shape estimation approach regarding finer details of the
leaflet shape. As the image resolution was 0.34.7°%, the domain mapping with an MLP
achieves an ASCD of 0.97mm and hence is shown to predict the leaflet contour with
sub-millimeter accuracy, with a Hausdorff distance of 2.39 mm.

In Fig. 6.8, the ASCD is given for each method regarding the accuracy in predicting
the different leaflet types, i.e. right-coronary, left-coronary and non-coronary. The re-
sults show that all methods perform much better when predicting the non-coronary leaflet
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Figure 6.7: Qualitative results for leaflet shape synthesis with geometric prior, exemplarily given
for four valves (columns) with its right-coronary (rc), left-coronary (Ic) and non-coronary (nc)
leaflet, respectively. The rows show the ground truth, the reconstruction of the ground truth
after propagating it through the whole autoencoder, as well as the synthetic leaflets produced
by the different approaches, i.e. shape estimation, domain mapping with Random Forests
and domain mapping with multi-layer perceptrons. All four valves were drawn from the test
set of one fold of the crossvalidation.
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Figure 6.8: Accuracy of all methods depending on the predicted leaflet type, given as the ASCD
in pixels. While the left- and non-coronary leaflet can be sulfficiently predicted, the accuracy
drops for right-coronary leaflets.

shape compared to the other two leaflet shapes. This might be due to the fact that the
inter-patient shape variance is higher for the right- and left-coronary leaflets than for the
non-coronary one. Additionally, the shape estimation performs worse in predicting the
left-coronary leaflet than the right-coronary one, while both accuracy values are compa-
rable in the case of domain mapping, regardless of the regression method. This indicates
a higher robustness of the latter approach by utilizing meaningful features that describe
the aortic root geometry identified during representation learning.

Outlook The results indicate that bridging the large domain gap between volumetric
ultrasound images of the aortic root and the planar shape of its three leaflets is pos-
sible even using a small amount of data. As the domain mapping with MLP provided
personalized synthetic shapes, the ultrasound image carries enough information for this
mapping when it is combined with a proper leaflet representation. However, the relevant
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information seems to be hidden within the ultrasound image and hard to extract as the
shape estimation approach was not capable of providing adequately personalized syn-
thetic images. By encoding the images to a latent space representation, it is possible
to extract the relevant information, but still a relatively high level of abstraction is heeded
to make use of it as the optimal MLP featured four hidden layers. Accordingly, even
though the RF grasps some parts of this information, its performance lags behind the
MLP-based approach. Hence, in this scenario, the domain mapping approach with MLP
clearly outperformed the other methods. However, this might be highly task-dependent
and it is conceivable that the shape estimation method might perform better for tasks
with lower-dimensional surrounding tissue data, i.e. 2D images. A broader analysis of
the performance of the proposed methods for different applications and scenarios could
provide important insights.

Since the influence of personalized leaflet shaping on cardiac simulations or prosthe-
sis performance has barely been studied, it is not clear which quantitative value for the
accuracy of leaflet synthesis can be considered as clinically acceptable. The methods
proposed in this work present the first model to personalize leaflet shapes in a data-
driven way and hence open up possibilities for the asssessment of the influence of in-
dividual leaflet shaping, for example in a whole-heart simulation or, after fabricating a
personalized prosthesis, in a left-heart simulator setup.

This study focused solely on predicting the leaflets’ shapes. However, regarding per-
sonalized biomechanical modeling or prosthesis development, a prediction of the leaflet’s
inner structure, i.e. the distribution of the prominent collagen fibers, would also be of high
interest. The autoencoder used in this study smoothes the inner structure and focuses
on representing the general shape, which is the desired behaviour in the scope of this
work. However, the leaflet representation could be extended to also contain information
about the inner structure. Using this adaptation, the approaches described here would
be capable of predicting the full leaflet structure, i.e. the shape and the inner structure.
This highlights the flexibility of the presented framework.
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Conclusion In this section, a new framework to synthesize the shape of unknown anatom-
ical structures based on the geometry of surrounding tissue was presented by solving a
domain mapping problem. The problem was formalized and two general approaches
were proposed to solve it. In an evaluation of this framework regarding the application
of synthesizing aortic valve leaflet shapes based on volumetric ultrasound images of the
aortic root, it could be shown that the method is capable of reliably synthesizing realis-
tic leaflet shapes and that the geometric prior carries enough information to synthesize
personalized leaflet shapes when both domains are encoded into a latent space and an
MLP is used to learn a mapping between both latent spaces. This proof-of-concept study
does not only open up numerous novel applications of personalized aortic valve modeling
but also presents a transferable approach for anatomical shape synthesis with geometric
prior in a more general context.
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6.3 Morphological Pathology

Personalized prosthesis shaping often suffers from a lack of information on the optimal
desired shape. If the shape of an organ is deformed due to a pathology, the prosthesis
should ideally remodel the original, healthy shape that is usually unknown. Hence, the
choice of the optimal shape is an estimation problem where the prior information is the
individual pathological shape. For the surgeon, this estimation presents a challenging
task. One example is the optimal graft prosthesis shaping in valve-sparing aortic root
reconstruction. During this surgery, the pathologically dilated aortic root is remodeled
using a graft prosthesis, while the patient’s native aortic valve is spared and installed in
this prosthesis [32].

Consequently, the success of the surgery highly depends on the optimal choice as
the prosthesis’ shape strongly affects the functionality of the aortic valve. A patient-
prosthesis-mismatch can lead to severe complications, ranging from aortic valve insuf-
ficiency to the patient’s death [126].

However, the desired healthy shape is typically unknown. To assess this shape, pseu-
dohealthy synthesis is necessary. The term pseudohealthy synthesis was introduced in
[19] and refers to the synthesis of images that show an estimated pseudohealthy state
based on pathological information. The typical approach is to find an appropriate low-
dimensional representation of the healthy images and find a mapping from the patholog-
ical information to the corresponding healthy image’s representation. The pseudohealthy
image is then synthesized using a decoder structure. Previously published methods pro-
posed end-to-end models where the mapping between the pathological information and
the pseudohealthy image is learned jointly together with the low-dimensional representa-
tion. For example, [28] utilized the decoder subnetwork of an autoencoder to perform this
mapping, while the mapping is completely integrated into the representation learning in
the GAN-based approach of [136].

However, this approach is not sufficient for personalized prosthesis shaping. Patho-
logical out-of-bag samples with a very different shape compared to the healthy state may
lead to unrealistic predictions [105]. As inner organs like the aortic valve apparatus show
a substantial inter-patient variability not only in the healthy but also in a pathologically di-
lated state [62], the restriction to homogeneous input data is unrealistic. [146] proposed
to integrate a segmentation of the pathological area into the method to overcome this
problem. However, as a pathological dilation affects the whole aortic root, a segmenta-
tion does not benefit the method in this context.
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Is it possible to synthesize personalized healthy shapes
in the case of a morphological pathology?
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Figure 6.9: Approaches to investigate research question Q2 in the case of a morphological pathol-
ogy.

In a previous study, a GAN-based approach was assessed to solve the mapping from
pathologically dilated to healthy aortic root shapes using the data set D, [34]. Even
though several architectures, hyperparameters and model types were evaluated, none of
the GANs adequately converged to a state where a realistic aortic root shape could be
synthesized. This supports and emphasized the need for a novel, accurate and consistent
method for this case.

In Sec. 6.3.1, a novel concept for pseudohealthy synthesis in the context of per-
sonalized prosthesis shaping is presented. The problem of pseudohealthy synthesis is
reformulated as a manipulation, i.e. a translation, of the organ shape in a latent space
description. Following this approach, the representation learning and the mapping from
pathological to pseudohealthy samples are disentangled, allowing for direct control of the
model complexity and the integration of consistency constraints. In Sec. 6.3.2, an end-
to-end method using conditioned representation learning is evaluated to benchmark the
manipulation-based approach against this end-to-end one. Fig. 6.9 visualized the ap-
proaches to investigate research question Q2 for the case of a morphological pathology.
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Contribution

This section presents multiple contributions to the field. First, this study demonstrates the
first application of pseudohealthy synthesis for aortic root shaping and, hence, represents
the basis for personalized modeling and prosthesis shaping in the context of cardiovas-
cular implants. Second, a novel framework to reduce the complex image transformation
to a simple translation in latent space is presented, being the first of its kind. Third, the
concept of shape primitive described in Sec. 6.3.1 is the first method for pseudohealthy
synthesis that is implicitly constrained to avoid out-of-cluster predictions, making it highly
relevant for clinical application. Fourth, for the Fixed Translation agent as well as for
probabilistic prediction with Shape Primitives, both presented in Sec. 6.3.1, the method
does not provide a single solution but a set of solution candidates, opening up the pos-
sibility to suggest multiple options to the surgeon to pick the optimal one. Hence, the
method takes the step from a decision system to a decision support systemholding the
potential to highly increase the acceptance among surgeons substantially. Additionally,
this novel concept is not constrained to aortic root shapes but is applicable to all fields of
pseudohealthy synthesis for computer-assisted interventions.
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6.3.1 Pseudohealthy Synthesis via Manipulation in Latent Space

In this section, a novel concept of interpreting pseudohealthy synthesis as a manipulation
in a latent space description is presented. As each point in this space represents one
anatomical shape, a translation within the latent space corresponds to a manipulation of
the anatomical shape in image space. Thus, this complex deformation becomes a simple
translation that can be learned data-drivenly.

The core idea is to use a semi-supervised variational autoencoder to identify an ap-
propriate representation with distinct clusters of pathological and healthy samples. For
pseudohealthy synthesis, a new concept is introduced where deformation agents in this
latent space estimate a corresponding healthy point for each pathological input sample.
The image synthesis can be performed using the decoder network. Three different ap-
proaches are developed and proposed to define this deformation agent, ranging from
linear, fixed translation over flexible, nonlinear models to probabilistic prediction. These
approaches not only feature different levels of complexity of the mapping but also open
up dedicated possibilities for including the surgeon into the final decision-making pipeline,
bridging the gap from end-to-end decision systems to decision support systems with the
surgeon in the loop. In the following, the model construction as well as the inference
workflow is described in detail and all proposed approaches are evaluated in the setting
of planning valve-sparing aortic root reconstruction.

Methods In this paragraph, a detailed description of the proposed method is provided.
The key idea is to find a latent space representation of shapes where pathological and
healthy samples form two distinct clusters using a semi-supervised variational autoen-
coder. Then, a deformation agent is trained to predict the individually optimal healthy
shape based on the latent space description of the pathological state. Using the decoder,
an image of the predicted pseudohealthy shape can be reconstructed. It is important to
note that in this concept, the deformation agent only receives input from the latent space
while the image space remains unkown. This allows the agent to use the learned features
of the autoencoder that are known to be descriptive. In the proposed concept, the autoen-
coder and the deformation agent are trained individually and one after another instead
of in an end-to-end-manner. By disentangling representation learning and agent training,
the model can be implicitly constrained to consistently predict realistic healthy shapes.
After explaining the representation learning approach, the concept of deformation agents
in latent space for pseudohealthy synthesis is presented. Three different approaches are
proposed to define this agent, Fixed Translation, Direct Estimation and Shape Primitives.
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Figure 6.10: lllustration of the representation learning approach for pseudohealthy synthesis. The
image data is encoded to a latent space description z using a semi-supervised variational
autoencoder. In the latent space, the pathological (blue) and healthy (orange) samples are
separable. A deformation agent A (magenta) is trained to map from a pathological sample
to the corresponding healthy sample. If the concept of Shape Primitives is used, the healthy
samples are described using radial basis functions (violet, red and green distributions) and
the agent maps to their activation, respectively.

For the latter, a novel concept of shape primitives in latent space is introduced to repre-
sent shapes in a probabilistic way. In the case of a Fixed Translation or Shape Primitives
agent, it is possible to design concepts for candidate prediction to include the surgeon
into the decision making pipeline.

Representation Learning First, a suitable representation of the anatomical shapes must
be identified. A sufficient representation should contain unique mappings from image
space to the latent space and back, the generative model should be smooth in the la-
tent space to ensure realistic synthetic images and the pathological and healthy subjects
should lie in distinguishable clusters. To fulfill these requirements, a semi-supervised
variational autoencoder inspired by [80] is proposed for implicitly learning this represen-
tation. The encoder subnetwork is denoted as ¢ and the decoder as p. In addition to
the classical encoder-decoder-architecture, another branch § is added, arising from the
bottle-neck layer and in parallel to the decoder. It consists of a single classification layer
(fully-connected, sigmoid) to predict the right label, i.e. healthy or pathologic in one-
hot-encoding, for a specific point in latent space. This branch forces the representation to
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Figure 6.11: Architecture of the proposed autoencoder. In addition to the decoder, a second
branch is integrated that classifies the datapoints within the latent space into the categories
healthy or pathological. Note that the latent space is sketched as a single vector to improve
clarity. In the implementation, the latent space is a variational model described by 1 and o
utilizing reparameterization (see Sec. 3.4 for details).

make healthy and pathological samples distinguishable, resulting in two separate clusters
(see Fig. 6.10). The architecture of the autoencoder is shown in Fig. 6.11.

The loss function L is designed as the weighted sum between the classical variational
autoencoder loss L4 as described in [81] and the classification loss in the discriminative
branch Ls as

L =aLyae+ (1 —a)Ls
=a(E(log p(X|z)) — Du(q(z|1X)]lp(2))) (6.1)

+ (1 — @) Dmse (0(E(q(2|1X))), Ytrue),

where X is the input image, yiue is the true binary label of this image (healthy or
pathological), Dy, is the Kullback-Leibler-Divergence and Dpge is the mean squared error.
The parameter o controls the trade-off between a smooth representation (Lyae) and the
separability of the two clusters (Ls).
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Deformation Agents in Latent Space After finding a sufficient representation with two
distinct clusters, the complex 3D deformation of the organ shape can be formulated as a
translation in this latent space. To this end, the concept of deformation agents in latent
space is introduced. The aim is to train an agent to estimate an optimal healthy state
based on the latent representation of the individual pathological one. Please note that in
the scope of this chapter, the term agent relies on the very broad and general definition
of an agent described in [116]. Specifically, the agent’s training routine is not fixed, so
supervised, unsupervised or even reinforcement- or adversarial-based training is possi-
ble. This open definition is important as in clinical data, the pathological as well as the
healthy shape from each patient is not necessarily known and such an unpaired data set
might make a different training routine necessary. But even in this case, the framework
stays the same. In the following, three approaches are presented to define the deforma-
tion agent: Fixed Translation, Direct Estimation and probabilistic prediction with Shape
Primitives. All three approaches feature different levels of complexity and are applicable
either in a paired or an unpaired data scenario.

Fixed Translation This naive approach assumes that a fixed translation vector, added
to the pathological sample, is sufficient as long as the vector is guaranteed to point to-
wards the healthy cluster. As this vector can be computed distribution-based as the dif-
ference between the cluster center points, no point-to-point correspondences are needed
for model construction. This makes the Fixed Translation applicable in an unpaired data
setting. Additionally, the subject identity is spared and the prediction result is implicitly
constrained to lie in the healthy cluster as long as the pathological shape lies within the
cluster of observed pathological shapes. However, the complexity is limited as the trans-
lation is not patient-dependent.

For model construction, the translation vector ¢ is computed based on the given train-
ing data. Thus, all training images Xneathy and Xpammo are encoded to compute their
d-dimensional latent representation zheathy and zpatho Using the encoder ¢q. The vector
t € R% is the difference between the center points of the healthy and the pathological
cluster. Its components can be calculated as

Nhealthy Npatho

i 1
L,m lym .
Z “healthy — N, “patho> M = 1,...,d, (6.2)
@ l

patho

1
N healthy

tm

where Npeaithy and Npatho are the numbers of healthy and pathological training sam-
tm describes the m-th component of the latent representation

ples, respectively, and z oy,
of the i-th healthy sample. The resulting ¢ serves as translation vector during inference.
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Inference on an unseen pathological image Xgatho is performed after encoding this
image to its latent space representation Zéatho' Then, the translation is a simple vector
addition:

_ Fixed Translation(ZJ ) = Zéatho +t. (6.3)

éj
healthy patho

The predicted pseudohealthy image Xﬁealthy is synthesized using the decoder p.
One important property of the agent is that it is possible to divide the translation into
S steps where after each step, a pseudohealthy candidate solution Zﬁ’;anhya s=1,...,8is

predicted:
S = 2+ ot 6.4)
Zhealthy - Zpatho + S ( '
This way, multiple candidate solutions with different levels of deformation can be pre-
dicted. This allows the surgeon to pick the optimal candidate and thus facilitates human-

in-the-loop decision making.

Direct Estimation One downside of the Fixed Translation approach is that the transla-
tion is independent of the individual pathological shape, leading to a linear deformation
model. To overcome this problem, the Direct Estimation approach is introduced to learn
a sample-dependent mapping using supervised learning. This leads to a highly flexi-
ble model that is capable of learning complex deformations. However, the model is not
implicitly constrained and unreal predictions might be possible. Additionally, due to the
supervised training routine, the approach is only applicable in paired data scenarios.

As the name suggests, the Direct Estimation agent maps directly from the pathologic
to the healthy sample in the latent space:

. Direct Estimati
Zhealthy = ADIrect Estimation (Zpatho)- (6.5)

In this study, supervised learning is utilized to derive this mapping in a data-driven
way. Hence, the construction step mainly consists of training the model based on all
given training samples, mapping from the pathological to the known, healthy ground truth
by minimizing the mean absolute error in latent space. A fully-connected neural network
model is proposed for the agent .4Direct Estimation

After encoding the pathologic image X7_, to retrieve zJ the pseudohealthy state

patho patho’
can be estimated using the already trained agent as
57 __ 4 Direct Estimation/_j
Zhealthy =A (Zpatho) (66)

and the corresponding pseudohealthy image Xﬁeanhy is computed using the decoder.
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Figure 6.12: Flowchart of the proposed method for pseudohealthy synthesis with shape primi-
tives, divided into the model construction step including the training process (top) and the
inference step for unseen data (bottom).

Probabilistic Prediction with Shape Primitives Even though the Direct Estimation agent
is capable of learning highly nonlinear mappings in latent space, the model is not con-
strained to avoid unrealistic prediction results. Hence, it is not guaranteed that the pseu-
dohealthy image resembles a realistic shape as observed in the healthy training data. To
overcome this problem, the concept of shape primitives in latent space is introduced.

The key idea of this method is to approximate the set of healthy samples in a latent
space description with a set of radial basis functions, i.e. gaussians in latent space,
called shape primitives. It is assumed that each organ shape can be constructed by a lin-
ear combination of these typical shapes, the shape primitives. This implies a probabilistic
view on anatomical shape characteristics as the linear combination of shape primitives
does not lead to a discrete point but rather to a distribution, described by the mixture of
these gaussians. For pseudohealthy synthesis, a mapping from an individual pathological
sample to this distribution can be identified using a trainable agent instead of predicting
a discrete point. From the estimated distribution, healthy candidate shapes can be sam-
pled. Fig. 6.12 illustrates the workflow for the model construction step as well as for
inference on new data. Both steps are described in detail in the following paragraphs.

After training the autoencoder and encoding all samples to the latent space, the shape
primitives can be computed. The K shape primitives are defined as gaussians AV (p, X)
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in the d-dimensional latent space. Hence, the likelihood of the i-th sample z* € R? can be
completely represented by the weight vector 7? € RX of the mixture of these gaussians:

K
P(2') =) mN (e, Zk) = Rym(we?), (6.7)
k=1

where u; and X are the mean and the covariance matrix of the k-th shape primitive
and i and X are the sets of all K means and covariances, respectively.

To identify  and X for the given data set, all healthy shape samples of the training
set are encoded to the latent space and a Gaussian Mixture Model (GMM) with K com-
ponents was fitted to this data using Expectation Maximization, in direct analogy of GMM
clustering [103]. It is assumed that the shape primitives are radial. Thus, the method can
rely on the broad and very well-established theoretical foundation of radial basis func-
tions as universal function approximators, including their robustness in high dimensional
spaces with a small number of observations [111]. Following this assumption, X is a
diagonal matrix where all diagonal entries have the identical value of v, and the rep-
resentation of the likelihood can be simplified to R, »(7*), where v is the vector of the
variances of the K shape primitives.

To compute 7 for a specific data point z¢, the idea of radial basis functions is used to
calculate the activation of this data point for each shape primitive as

i Ty,
i 7
with )
7 = exp <—0”2_“”) , 6.9)

where 6 is an additional scaling factor to control the width of the shape primitives. The
normalization of the activations ensures that all activations for one data point sum up to
one.

For mapping a pathological sample point Zéatho to the distribution of corresponding
healthy shapes P(zjqny ), the method relies on an deformation agent A that estimates

the weight vector 7¢ with

= A(zgatho). (6.10)

The agent can be trained in a supervised way on tuples (z),, 7") known from the
training data set. It is proposed to train the autoencoder and the deformation agent indi-
vidually and one after another instead of an end-to-end-manner as the shape primitives
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should be already known when the deformation agent is trained. If the shape primitives
could be varied during the training process, the regularizing effect of using them would
vanish, the risk of overfitting would increase and out-of-bag prediction would be more
probable. After training the agent, the whole model is ready for inference on unseen
data.

For performing pseudohealthy synthesis, the individual image of the pathological shape
is encoded to its latent space representation Zéathologic and the agent is used to predict the
estimated weight vector #/. Then, given the individual pathological shape, the distribution
of healthy shapes can be computed as

P <Z%ealthy‘zgatho> = RM»U (ﬁj) = RIMU <A <Zgatho>) : (6'11)

From this distribution, possible candidate shapes can be sampled. Using the decoder
network, a pseudohealthy image can be synthesized for each of these candidate shapes.
These images could be shown to the medical staff for final decision making.

Application to Aortic Root Reconstruction In this section, it is described how the con-
cept of pseudohealthy synthesis via manipulation in latent space can be applied to as-
sist the surgeon’s decision making in planning valve-sparing aortic root reconstruction
surgery. For this proof-of-concept study, the data set D,; was utilized, containing 24
roots. For each aortic root in the data set, a pathologically dilated state as well as the
corresponding healthy state are known, resulting in 48 images.

The 2D ultrasound images used in this study show a horizontal slice through the aortic
root at the height of the commissure plane as this imaging plane provided optimal results
in previous studies [56].

Model Definition In this paragraph, the definition of the network architectures as well
as the choice of the parameters used in this study will be described.

The autoencoder used in this study follows the architecture proposed in [58] and con-
sists of five convolutional layers in the encoder ¢ (8/16/32/64/128 filters, respectively, filter
size 3 x 3, ReLU activation), each followed by a pooling layer (average pooling, filter
size 2 x 2). The decoder p was the mirrored encoder architecture where the pooling lay-
ers were replaced by upsampling layers. The discriminative branch consists of a single
classification layer (fully-connected, softmax activation). In this study, the loss weight-
ing parameter « was set to a« = 0.5, so both parts of the loss function were weighted
equally. The number of latent space dimensions d was set to 12. Data augmentation was
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intentionally not applied even though the data set is small since all artificial variance in-
troduced by the augmentation would have to be encoded in the latent space. Additionally,
the definition of realistic image transformations in ultrasound images is not trivial due to
the physics of this modality.

As the Direct Estimation and the Shape Primitive approach feature a supervised agent
for learning the mapping in latent space, a multi-layer perceptron (MLP) is used for this
purpose. An MLP with i hidden layers and n neurons in each hidden layer will be de-
noted as Aj,,. The output layer has d neurons for Direct Estimation and K outputs for
Shape Primitives, respectively. While all layers use ReLU activation in general, sigmoid
activation was applied in the output layer for the Shape Primitive approach to force the
predicted weights to lie in the interval [0,1]. For Direct Estimation, the output layer has
linear activation. The adam optimizer was used for training with mean squared error loss
[86].

Evaluation Methodology The proposed method was evaluated on the given data set.
Monte-Carlo cross validation was performed with ten runs and splits of 80% training and
20% test data, where the training data was used for model construction and the test
data for inference. It is important to note that cross validation was not performed on
images, but on image pairs of the healthy and dilated state of the same aortic root. To
analyze the influence of hyperparameters of the deformation agents for Direct Estimation
and Shape Primitives on the model performance, all combinations of h € {1,2,3,4,5}
and n € {50,100} were evaluated. To further assess the influence of the number of
shape primitives in the Shape Primitives approach, each agent was evaluated for K
{2,4,6,8,10,12,14,16,18,19}, as 19 is the number of healthy samples in each training
set. To assess the accuracy quantitatively, errors were calculated in image space. A
predicted shape was decoded to synthesize an image and the root shape within this syn-
thetic image was compared to the one in the ground truth image. To achieve this, the
aortic root was segmented manually in all healthy images. For the synthesized images,
automatic segmentation was applied using thresholding (pixel grayscale value > 80 de-
fined as part of the root). Then, the segmentation of the predicted root shape could be
compared to the ground truth using the Dice coefficient [153].

For the Shape Primitive approach, the candidate prediction requires a selection step.
Since the resulting prediction is not a single shape but a set of sampled shapes from
the distribution, the decision process of a human expert using the proposed system for
surgery was simulated. Assuming an idealized expert, five candidate shapes were sam-
pled, the similarity to the ground truth was computed using the Dice coefficient and the
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best sample was taken as the final prediction. The implementation was done using Ten-
sorflow with the Keras framework [29].

Results and Discussion This section presents the results of the described experiments
and discusses advantages, limitations and future work regarding candidate prediction,
the transfer of the method to similar problems as well as the comparison of the three
agents in different scenarios.

Fig. 6.13 shows the synthesized root images for each method as well as the patholog-
ical image and the healthy ground truth. All agents were capable of synthesizing realistic
aortic root shapes, indicating that the autoencoder performs well. Specifically, the de-
coder appears to be smooth over the latent space. It even tends to predict closed root
shapes, eradicating imaging artifacts like holes in the root, e.g. in root 1 or root 6. The
Shape Primitive approach seems to provide the highest variance of predicted shapes,
while the Fixed Translation and the Direct Estimation agent tend to predict more similar
shapes for different input samples. All agents perform well in specific cases, e.g. root 2
for Fixed Translation, root 4 for Direct Estimation, root 5 for Shape Primitives with k = 2
or root 4 for Shape Primitives with k£ = 16. However, each of the agents also shows poor
performance on some samples.

The three approaches for defining the deformation agent were evaluated for various
agent architectures in a 10-fold cross validation. Table 6.5 shows the accuracy of each
method for the best agent and parameter choices, respectively. For Direct Estimation
and Shape Primitives, the worst performing hyperparameters are listed in addition. As
the Fixed Translation approach does not include any hyperparameters, only one result is
given. The highest Dice coefficient was reached by the Shape Primitives approach with
k = 2. This might be due to the symbiosis of a flexible prediction model and the implicit
constraint to realistic shapes. Apart from that, the small number of shape primitives leads
to a strong impact of the expert decision on the result as the predicted distribution spans
a big area of the latent space with such a small number of shape primitives. Hence,
the expert can choose from a wide range of different shapes. Assuming the expert to
choose optimally, this might be a decisive advantage of this agent. In contrast, the Shape
Primitives agent with & = 16 did not reach the same accuracy, but still outperformed Fixed
Translation and Direct Estimation regarding the Dice coefficient. Even though realistic
images could be synthesized and performance differences between the methods are
observable, the overall quantitative performance is not optimal. This is highly related to
the very simplistic segmentation of the aortic root in the synthesized images. A deeper
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Table 6.5: Quantitative Results of each agent as the mean over all crossvalidation folds. The re-
sults are given as the Dice coefficient between the segmented prediction and the segmented
ground truth. For the Direct Estimation and Shape Primitive approaches, the optimal (above
line) as well as the worst performing (below line) parameter combinations are given. In addi-
tion to the Shape Primitive method with K = 2, which provided the highest accuracy, K = 16
is also listed as an example with a higher number of shape primitives. For comparison, the
Jaccard similarity is given additionally for each method.

Method Dice Coefficient Jaccard Similarity
Fixed Translation 0.48 £ 0.05 0.324+0.03
Direct Estimation, A, 5o 0.494+0.14 0.32 +0.08
Shape Primitives, K = 2, Aj 100 0.58 +0.08 0.41 £ 0.04
Shape Primitives, K = 16, A; 50 0.54 £ 0.07 0.37£0.04
Direct Estimation, A3 100 0.46 £0.15 0.30 £0.08
Shape Primitives, K = 14, As 100 0.42 +0.10 0.27 £ 0.05

quantitative analysis using advanced segmentation methods might provide more insights
or even higher Dice scores.

One important observation is the performance gap between the Direct Estimation and
the Shape Primitives approach, highlighting the implicit advantages of our probabilistic
mapping. As the shape primitives’ locations are fixed in the latent space and optimized
to fit the healthy samples, the predicted distributions will always lie within the area of the
observed healthy shapes, implicitly avoiding out-of-bound-predictions. This robustness is
also observable in the lower standard deviation of the error. As the standard deviation is
also lower for the Fixed Translation approach, the higher deviation of Direct Estimation is
most probable due to the high flexibility of its prediction model.

For the Direct Estimation and the Shape Primitives approach, different combinations of
agent’s hyperparameters were evaluated. Fig. 6.14 shows the performance of all agents
regarding their number of layers, their number of neurons per layer and, for the Shape
Primitives approach, their number of shape primitives, respectively. In general, shallow
agents performed better than deeper ones and a smaller number of neurons per layer
provided higher Dice scores. This indicates that the complexity of the mapping is limited,
highlighting the performance of the representation learning as well as the usefulness of
the concept of manipulating a point in latent space for pseudohealthy synthesis. Regard-
ing the number of shape primitives, the best performance was achieved with K = 2. The
Dice score first decreases with an increasing K to a minimum at K = 8, but increases
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Figure 6.14: Results of the hyperparameter analysis. The results are given for all agents that
share a specific number of layers (a) and a specific number of neurons per layer (b) for
Direct Estimation and Shape Primitives approach, respectively. For the Shape Primitives
approach, the influence of the number of shape primitives is given as a boxplot (c).

for higher K. This effect is most probable due to the assumption that the human expert
chooses optimally. For small values of K, the shape primitives span across large areas of
the latent space and hence, the candidate samples cover a big variance. As a result, the
human expert has a strong impact on the prediction performance. This effect vanishes
with an increasing K. However, the increase of the Dice coefficient for higher values of K
indicates that the model’s prediction works well even though the human expert can only
choose from a set of candidate solutions with a smaller variance.
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Figure 6.15: Candidate predictions for the Fixed Translation approach. By not adding the full
translation vector ¢ to the pathologic sample but only a specific portion of it, different steps
along the trajectory can be synthesized from which the surgeon can choose the optimum.
Here, four intermediate steps as well as the full translation vector (columns) are given ex-
emplarily side by side with the pathological (left column) and healthy (right column) image
for two aortic roots from the data set (rows).

Candidate Prediction The possibility to predict candidate solutions for a human expert
to choose from is an important advantage of the Shape Primitives approach. Fig. 6.16
shows examples of predicted candidates. Through this procedure, the surgical planning
tool takes the step from a decision system to a decision support system, integrating the
surgeon into the loop. This might increase the acceptance of the method and could also
simplify translation into the clinic by reducing legal and ethical implications.

While the candidate prediction in the Shape Primitive approach is done by sampling
from the predicted distribution, it is possible to integrate candidate prediction in the Fixed
Translation approach as well. Thus, instead of adding the full translation vector to the
encoded pathological sample, a specific portion of it can be added and the corresponding
image can be synthesized using the decoder p. By performing this with equidistant steps
along the latent space trajectory given by the translation vector, the whole process of
deforming the root can be assessed in image space. Therefore, the current "degree of
healthiness" can be intuitively assessed by a human expert. Fig. 6.15 shows examples of
this procedure. Hence, the human expert can decide on the "level of deformation” applied
to the root by choosing the optimal step on the trajectory. While this is a completely
different candidate selection procedure than for the Shape Primitives, both methods are
capable of including human experts into the final decision while supporting them with
data-driven deformation modeling. It should be noted that this interaction step might also
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Figure 6.16: Candidate Predictions for the Shape Primitives approach. The agent does not map
to a point but to a distribution in latent space. From this distribution, candidate solutions
can be sampled. The figure shows candidate predictions for two roots (rows) for two differ-
ent values of K, respectively, alongside with the pathological image (left column) and the
healthy ground truth (right column).

introduce human errors as the surgeon might not always choose optimally. A further
study of the surgeons’ decision quality would be an interesting part of future work.

It is obvious that the simulated pathology present in the
data set does not perfectly resemble real dilation. However, the results show that the
proposed method is capable of removing this pathological dilation in the images without
explicitly modeling this pathology. The knowledge about the pathological deformation is
extracted by the autoencoder on a completely data-driven basis. Given realistic training
data, it can be assumed that the method is also capable of performing well in a clinical
setting, i.e. dealing with real pathological dilation. Additionally, the proposed concept is
not limited to planning valve-sparing aortic root reconstruction but might also present a
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Table 6.6: Comparison of the three deformation agent concepts regarding mapping complexity,
the implicit constraints, the possibility to predict multiple candidate solutions for human-in-the-
loop applications and the capability of training the agent in an unpaired data scenario.

Flexible Implicitly = Candidate Unpaired
Agent Type Mapping Constrained Prediction Data
Fixed Translation X 4 v v
Direct Estimation v X X X
Shape Primitives v v v X

promising approach for shaping prostheses for other organs. Further studies should in-
corporate an in-depth analysis of the hyperparameters for a wider range of applications.
Considering organ shapes, 3D point clouds could be an interesting alternative to the 2D
images used in this study. The proposed method could be extended to work directly on
point clouds using geometric deep learning methods [21]. As concepts for geometric
autoencoders have been proposed during the last years [135], the deformation in la-
tent space as well as the three developed agents can be directly transferred to 3D point
clouds.

Comparison of Agents The three different agents proposed in this section have differ-
ent features and advantages, providing options for different scenarios. Table 6.6 shows a
summary of the pros and cons of each approach. Due to the MLP agent, Direct Estima-
tion and Shape Primitives provide a higher flexibility.

However, this results in an unconstrained prediction for Direct Estimation while both
of the other methods are implicitly constrained to predict a realistic, healthy shape. A
substantial advantage of the Shape Primitives and Fixed Translation approaches is the
capability of predicting candidate solutions to integrate the human expert into the decision
loop. Another important feature is the capability to deal with unpaired data. This scenario
is common in clinical data sets where no ground truth is known. In this case, the Fixed
Translation approach provides a robust method to learn a prediction without the need for
paired data as the translation vector can be derived without a healthy ground truth as
long as some unrelated healthy and pathological data is available. On the other hand,
it might be possible to use long-term screening studies to observe organ shapes of one
patient in their native as well as a pathological shape. One example is the SHIP study
[75] where long-term follow-up cardiac MRI scans are available for numerous patients,
potentially including patients with specific pathologies. Hence, it might also be possible
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that a paired data set becomes available and that the more flexible and more accurate
Shape Primitives method proves to be a better choice.

In general, each of the three approaches has their characteristic strengths and weak-
nesses. However, the results indicate that if paired data is available, the Shape Primitives
approach outperforms the Direct Estimation, making it the method of choice. In an un-
paired data setting, Fixed Translation presents a good alternative. Both methods feature
a candidate prediction and an implicit consistency constraint. Hence, it can be recom-
mended to use either Fixed Translation or Shape Primitives, depending on the available
data and the desired kind of predicted candidates.

Conclusion In this section, a novel approach for pseudohealthy synthesis in the con-
text of personalized cardiovascular prosthesis shaping was presented. The problem was
formulated as a translation in the latent space of an autoencoder and three different
approaches were developed to learn this in a completely data-driven manner. These ap-
proaches were evaluated on a data set with a given ground truth, including an analysis of
the hyperparameters. Furthermore, a comprehensive comparison of the different meth-
ods was provided as well as special features for their application, e.g. the prediction of
candidate solutions for human-in-the-loop decision making or dealing with unpaired data.
This study presents a new approach to personalized prosthesis shaping and, by introduc-
ing the concept of pseudohealthy synthesis via manipulation in latent space, opens up a
new family of algorithms within the field of computer-assisted interventions.
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6.3.2 Pseudohealthy Synthesis via Conditioned Representations

Even though the concept of performing pseudohealthy synthesis using agents for latent
space manipulation gives plenty of opportunities for controlling the flexibility of the syn-
thesis, designing such an agent requires a lot of engineering and domain knowledge. As
a comparison, an end-to-end model that learns the complete pseudohealthy synthesis
pipeline implicitly would allow for easier translation and application. In addition, training
an agent in latent space in a supervised manner diminishes the possibilty of training the
model on unpaired data. One challenge in designing such an end-to-end method is to dis-
entangle the influence of the pathology on the organ shape and the individual anatomical
appearance that should be preserved.

In this section, an alternative approach for pseudohealthy synthesis of the aortic root
that does not require direct interaction with the latent space is presented. By including
a condition on the image class to produce, it is possible to direct the autoencoder to
synthesize reasonable images with specific attributes. Thus, the concept of Conditional
Variational Autoencoders (CVAE) for planning valve-sparing aortic root reconstruction is
proposed. The key idea is to condition the encoder as well as the decoder such that
the predicted latent space representation or image is pathological or healthy, respec-
tively. For pseudohealthy synthesis, a pathological image can be propagated through the
autoencoder while conditioning the decoder to predict a healthy image. As training is
performed on individual images with their corresponding label information, it is possible
to train the CVAE on unpaired data, i.e. a data set of healthy and pathological images
without correspondences.

Data Set As in the previous experiments, the data set D, is used. Thus, to keep the
end-to-end approach comparable to the previously presented latent space manipulation
method, only the 2D commissure slice is used from each volumetric image.

Model Architecture In this study, the Conditional Variational Autoencoder has a similar
architecture to the VAE used in Sec. 6.3.1. However, there is no classification layer in the
latent space. Hence, the encoder consists of five convolutional layers (kernel size 3 x 3)
followed by average pooling (kernel size 2 x 2). The decoder is obtained by mirroring the
architecture of the encoder. Furthermore, two new layers that represent the conditions
¢, and ¢, are imposed on the inputs of the encoder ¢ and the decoder p [134]. Both
conditions are defined in a one-hot encoding, where (1,0) represents a healthy and (0, 1)
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Cq

Figure 6.17: Schematic illustration of the proposed architecture conditioned by ¢, and ¢,. Note
that the latent space is sketched as a single vector to improve clarity. In the implementation,
the latent space is a variational model described by 1 and o utilizing reparameterization
(see Sec. 3.4 for details).

a pathological state. Hence, the probability distributions learned by the model are now
conditioned by ¢, and ¢, and the loss function £cvae becomes

Lovae = E(log p(X|2, ¢p)) = Dualq(2|X, cq)[[p(2]cp)), (6.12)

where X is the input image, z is its latent representation and Dy is the Kullback-
Leibler divergence. This conditioning pushes the CVAE towards disentangling individual
anatomical traits from the pathological deformation of the shape. The information on
whether the current sample is healthy or pathological is directly given in the decoder as
a condition. In addition, the latent space representation z is also conditioned to encode
two different states. Therefore, the representation becomes more independent from the
pathological state and focuses on representing individual anatomical traits. Figure 6.17
illustrates the architecture of the proposed model.

RelLU activation was applied throughout the network except in the last layer, where
Sigmoid activation was used. Similar to the architecture presented in Sec. 6.3.1, the
dimension of the latent space was set to 12. For training, the adam optimizer was used.
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Training and Inference All images in the data set were assigned their corresponding
label, i.e. healthy or pathological. During training on one image of the training batch, the
encoder as well as the decoder were conditioned by the true label of the image. Thus,
the CVAE learned the desired conditioned distribution in the latent space as well as the
conditioned generative model.

For inference, a pathological image is propagated through the model while conditioning
the decoder to generate a healthy shape. As two different conditions ¢, and ¢, are defined
for the encoder and the decoder, respectively, there are two approaches for the inference
step: Homogeneous conditioning and heterogeneous conditioning.

In the homogeneous conditioning approach, the encoder as well as the decoder are
conditioned the same. The conditions are set to

cq =(1,0) (6.13)
¢p =(1,0). (6.14)

Thus, the image is already encoded as if it would be healthy. This concept is related
to the idea of interpreting pseudohealthy synthesis as a denoising task, as it was e.g.
suggested by [127], [9] or [28]. The basic assumption is that by learning the manifold of
healthy anatomies, the model is capable of identifying the pathological deformation as an
anomaly that is removed.

In contrast, the conditions for the encoder and decoder differ in the heterogeneous
conditioning approach. While the decoder is conditioned to generate a healthy image,
the encoder is conditioned to encode the input image as pathological:

cq =(0,1) (6.15)
cp =(1,0). (6.16)

This approach follows the assumption that the latent features identified by the CVAE
carry sufficient information on the individual anatomy, independently of the pathology,
such that simply flipping the condition provides an adequate approximation of the individ-
ual healthy state.

Both approaches were evaluated using a 10-fold Monte-Carlo crossvalidation (80 %
training, 20 % test). It is important to note that the data split was performed on the aortic
roots, regardless of their state. Hence, the healthy and the pathological image of the
same root will either both be in the training or both in the test set, providing a fair and
reliable evaluation. Within each fold, the CVAE was trained on all images in the training
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Table 6.7: Quantitative Results of both approaches as the average over all crossvalidation folds.
The results are given as the Dice coefficient and the Jaccard similarity between the seg-
mented prediction and the segmented ground truth.

Method Dice Coefficient Jaccard Similarity
Homogeneous Conditioning 0.45 4+ 0.04 0.29 £+ 0.02
Heterogeneous Conditioning 0.47 +0.05 0.31 +0.03

set using the true labels for ¢, and ¢, for 350 epochs and a batch size of 12. Then,
the pathological images from the test set were propagated through the model using the
conditions given in 6.14 and 6.16, respectively. The synthesized image was segmented
using a threshold (t = 80 in a grayscale range [0,255]) and compared to the manual
segmentation of the corresponding healthy ground truth image using the Dice score.

Results and Discussion Table 6.7 shows the average Dice score over all folds. Both
methods provide a Dice score below 0.5, with the heterogeneous conditioning performing
slightly better. Qualitative results are shown in Fig. 6.18.

Overall, the CVAE synthesizes realistic and adequate aortic root images for both con-
ditioning methods. Even though the model is trained in an unpaired way and no hand-
crafted agent design is needed, the synthesis provides consistent results. In compari-
son, the heterogeneous conditioning approach qualitatively approximates the individual
healthy shape slightly better than the homogeneous conditioning approach, e.g. for root
3 or root 4. This is supported by the quantitative results, even though the difference
between both average Dice scores is small.

In comparison to the concept of agents for latent space manipulation presented in
Sec. 6.3.1, all three agent concepts outperform the end-to-end approach using a CVAE,
regardless of the conditioning method. In addition, the CVAE does not provide a reason-
able method for candidate prediction. However, the CVAE can be trained without further
modeling steps and is capable of dealing with unpaired data. Hence, it might provide a
promising alternative in settings where little to no domain knowledge is present and no
paired data is available.
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Figure 6.18: Qualitative results of an end-to-end CVAE using homogeneous conditioning and het-
erogeneous conditioning as well as the pathological input image and the healthy ground
truth.
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6.4 Conclusion
The aim of this chapter was to answer the research question
Q2: Is it possible to synthesize personalized healthy shapes?

Different frameworks were developed to achieve pseudohealthy synthesis in the case
of a structural or a morphological pathology. Within both frameworks, multiple approaches
were developed, optimized, evaluated and compared on the collected ex-vivo porcine
data sets. Based on the results of both studies, the research question Q2 can be an-
swered with yes.

In both cases, the developed methods were capable of synthesizing consistently real-
istic leaflet or root shapes and it was possible to approximate the original, healthy shape
only based on surrogate information. Even though the data sets were comparably small,
the generative models performed robustly and no out-of-bag predictions were observed.
While the developed frameworks differ for the two pathology cases, both of them have
in common that they are based on representation learning using autoencoders. This
chapter shows the power of representation learning and that a well-identified latent rep-
resentation opens up possibilities for numerous applications. In case of a morphological
pathology, it was possible to include implicit constraints on predicting realistic outputs as
well as candidate prediction methods. Despite being a novel approach in a new field, the
translational value for use in clinical applications is high. Additionally, these advantages
of the latent space manipulation approach do not come at the cost of a lower accuracy
since the method outperformed a classical end-to-end learning approach.

One important point to note is that the target accuracy necessary to ensure sufficient
prosthesis functionality or an advantage of the personalization compared to state-of-the-
art prosthetics remains unclear. Consequently, the interpretation of the quantitative re-
sults cannot be brought to a final stage based on the results presented in this chapter.
However, this work presents the first approach for personalized cardiovascular prosthesis
planning and hence lays the basis for personalized prosthesis manufacturing and testing
in physical setups. Comparing different biomechanical parameters of the personalized
prostheses and native aortic roots as well as benchmarking them against state-of-the-art
prostheses might provide new insights in the impact of personalized prostheses shaping.
The methods developed and presented in this chapter make such experiments possible
for the first time.

It should also be considered that the data sets collected and used in the scope of
this work are limited in their realism. For the structural pathology case, the ultrasound
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volume images only show the extracted aortic root without surrounding tissue and in a
static state. However, there are validated methods for detecting phases of the cardiac
cycle [46] as well as segmenting the aortic root [26], both based on transesophageal
ultrasound images. By utilizing these methods as a preprocessing, a realistic human
data set can be transferred to a similar state as the data set used in this work. However,
one challenge arises with collecting leaflet images from humans in an ex-vivo setting as
proposed in Sec. 4.2. As ex-vivo studies can only be performed with organ donors, the
individuals are typically elderly and the leaflets show a certain degree of calcification.
This might harm the spreading of the leaflets as well as the imaging procedure. Hence,
a data set should be collected with younger organ donors, which might interfere with
the need for transplants. An alternative would be to collect the leaflet shape images not
ex-vivo but in-vivo. Possible imaging modalities could be intravascular optical coherence
tomography (OCT) or high-resolution CT with manual postprocessing [43]. Even though
the leaflets would then be in their native state, i.e. curved and pressurized, it might be
easier to collect a meaningful data set of a sufficient size. The methods developed and
presented in this work can still be applied. Regarding the morphological pathology it is
obvious that the manual dilation of the roots is only a rough approximation of a realistic
pathological deformation. However, the deformation is not modeled within the method
but learned by the agent in a completely data-driven way. As the agents developed in
this chapter were capable of learning the deformation caused by manual dilation, it can
be assumed that they are also capable of dealing with realistic deformation caused by
pathology.

The methods developed in this chapter present the first approaches for personalized
cardiovascular prosthesis shaping using pseudohealthy synthesis. They lay the ground-
work for personalized shaping of aortic valve and aortic root prostheses. Furthermore,
they can be applied to personalized cardiac and cardiovascular modeling and simulation
where individual shaping plays a critical role as well. Furthermore, none of the methods
is restricted to the application in the cardiovascular domain. As all representations and
mappings are learned data-drivenly, the proposed frameworks present a promising ap-
proach for any kind of anatomical shape modeling based on surrogate information and
hence, might be of high interest within the wide field of computational anatomy.
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Prostheses!

The aim of this chapter is to answer the research question
Q3: Is it possible to identify optimal sets of general prostheses?

In the previous chapter, it could be shown that personalized shaping of cardiovascu-
lar prostheses using pseudohealthy synthesis is possible for both types of pathologies.
The presented methods allow for manufacturing prostheses specifically tailored to the
patient’s individual anatomy. This individual tailoring comes at high costs, logistical chal-
lenges and regulatory issues as the regulation of a product whose shape varies from
patient to patient remains an unclear procedure. In addition, there is no data available on
the impact of personalized prostheses on the patients’ outcome. Therefore, the accuracy
of resembling the individual anatomy that is necessary to ensure an increased function-
ality and patients’ outcome is unknown and it is possible that providing a less accurate
approximation of the individual anatomy is already sufficient. This leads to a new perspec-
tive on personalized prostheses in between full personalization and a "one-shape-fits-all”
approach as given by state-of-the-art prostheses. In this chapter, the usage of a set of
typical prosthesis shapes is proposed.

The shape of each anatomical structure shows a distribution over all individuals. The
basic assumption of the proposed approach is that there is a set of typical shapes that

'Parts of this section were published in:

[57] J. Hagenah, K. Kuhl, M. Scharfschwerdt and F. Ernst. Cluster Analysis in Latent Space: Identify-
ing Personalized Aortic Valve Prosthesis Shapes using Deep Representations. Proceedings of The
2nd International Conference on Medical Imaging with Deep Learning, in Proceedings of Machine
Learning Research 102:236-249 (2019)

[54] J. Hagenah and F. Ernst. Discrete Pseudohealthy Synthesis: Aortic Root Shape Typification and Type
Classification with Pathological Prior. Proceedings of The 4th International Conference on Medical
Imaging with Deep Learning, in Proceedings of Machine Learning Research 143:252-267 (2021)
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Is it possible to identify optimal sets of general prostheses?
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Figure 7.1: General approach to investigate research question Q3. In contrast to the previous
chapter, typical shapes are identified in an automatic typification procedure. These typical
shapes serve as prosthesis shape types out of which the individually optimal one can be
classified based on the surrogate information.

represents this whole distribution adequately. Regarding personalized prostheses shap-
ing, this means that each native shape can be sufficiently approximated by one of these
typical shapes. Even though a finite set of shape types is used, the prostheses will mimic
the patient’s original anatomy more closely than state-of-the-art prostheses where only
the diameter is personalized. This leads to a promising compromise between superior
personalization and the possibilty for serial production. While the pseudohealthy synthe-
sis methods in Chap. 6 featured continuous prediction, i.e. regression, the choice of the
optimal prosthesis shape becomes a classification of the optimal shape type, leading to
a discrete prediction.

Hence, regarding a clinical application scenario, prostheses of all typical shape types
could be manufactured in mass production and with regulations. In the clinic, all types
can be stored in a sufficient number and when a patient needs an implant, the optimal
shape type is classified and the prosthesis can be inserted immediately. In comparison
to the continuous approach presented in Chap. 6, the translation of this procedure to
clinical application is way easier and more realistic.



7.1. RELATED WORK

In this chapter, a methodological framework for identifying a set of typical shape, re-
ferred to as typification, as well as type classification is developed and evaluated for both
pathological cases, i.e. structural pathology and morphological pathology. At first, a
method for automatically identifying a set of typical shapes, i.e. typification, is developed.
Then, based on the typification results, discrete prediction models for classifying the op-
timal shape for an individual patient type based on surrogate information are presented.
Due to its fundamental principles, the whole framework is also referred to as discrete
pseudohealthy synthesis. Fig. 7.1 visualized this approach to investigate research ques-
tion Q3.

7.1 Related Work

Most approaches for pseudohealthy synthesis use a form of representation learning, ei-
ther utilizing autoencoders [127], [9], [141], [28] or by training Generative Adversarial
Networks (GANSs) [2], [143], [136], [146]. All these approaches have in common that
they solve a regression problem, i.e. synthesizing the optimal image out of a continuous
space. In contrast, in this chapter, it is proposed to only allow a finite set of discrete
shapes, leading to a classification problem. This chapter presented the first studies on
discrete pseudohealthy synthesis in general as well as the first approaches to identify
typical aortic valve and root shapes using unsupervised clustering.

Clustering anatomical shapes has been used e.g. in the scope of image registra-
tion [149] or to identify and distinguish healthy and pathological patterns [22]. These
approaches have in common that the clustering is performed in a manually identified fea-
ture space. In contrast, the methods presented in this chapter rely on clustering in the
latent space of an autoencoder to identify typical shapes.
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7.2 Structural Pathology

Even though imaging of the leaflets is a remaining challenge due to the thin structure
and the high movement, it could be shown that an estimation of the individual planar
leaflet shapes is possible just based on an ultrasound image of the aortic root, utilizing
Support Vector Regression (see Sec. 5.2). Furthermore, in Sec. 6.2, a framework for
predicting and synthesizing the full shape of the individual leaflet based on the shape
of the surrounding tissue was presented. Hence, a personalization of the leaflet shapes
in a prosthesis is possible in general. However, a completely individual manufacturing
of personalized prostheses is unrealistic in the near future due to economical, logistical
and regulatory issues. An alternative approach for a trade-off between these issues and
a higher patient outcome would be to offer a number of specific prostheses types that
approximate the realistic distribution of valve shapes in a data-driven manner. Then,
each patient could be treated with the prosthesis type that matches his or her individual
anatomy and physiology best. This leads to a classification problem, which should be
easier to solve than the regression problem from Sec. 6.2 and presents a cost-efficient
and hence realistic way of aortic valve prostheses personalization.

In this chapter, a method is presented to perform a cluster analysis in aortic valve
leaflet shapes to identify these valve types. Thus, each cluster center is interpreted as a
typical shape and therefore represents a prosthesis shape. On challenge is that clustering
in image space where each pixel presents one dimension is not suitable due to an effect
called the curse of dimensionality [77]. In high dimensional spaces, distance metrics
are influenced by the high number of dimensions and variance in the data cannot be
incorporated in a sufficient way. Additionally, even small translations or rotations of the
valve might lead to big distances in image space, whereas the shape of the valve stays the
same. Hence, it is proposed to perform the cluster analysis in a latent space description of
the valves using representation learning. Utilizing generative modeling, the latent cluster
centers, also referred to as prosthesis shape types or typical prosthesis shapes, can be
transformed back to image space. Like this, the cluster analysis focuses on abstract,
highly descriptive features instead of pixel-wise grayscale values, while the evaluation of
the identified prosthesis shapes can be done using intuitive metrics in image space. After
this automatic typification, a type classification pipeline is developed to predict the optimal
valve prosthesis shape type based on the surrounding tissue, i.e. an ultrasound image of
the aortic root. Fig. 7.2 shows the approaches to investigate research question Q3 in the
case of a structural pathology.
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Is itpossible to identify optimal sets of general prostheses
in the case of a structural pathology?
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Figure 7.2: Approaches to investigate the research question Q3 for the case of a structural pathol-
ogy.

As described in Chap. 4, the leaflet images are distinct, i.e. each image shows one
single leaflet. Each valve shape is given by three leaflet images, respectively. Therefore,
typical valve shapes have to be identified on the basis of these three leaflet images, which
can be either done valve-based or leaflet-based. Both concepts have in common that at
first, a representation of one single leaflet image is learned utilizing an autoencoder. In
the valve-based approach, the latent space representations of all three leaflets of one
valve, i.e. the right-coronary, left-coronary and non-coronary one, are concatenated to
achieve a latent representation of the whole valve. Then, the clustering is performed
in the space of these concatenated latent representations, i.e. in a valve shape space.
Hence, for pseudohealthy synthesis, such a valve representation is predicted and the
shape representations of the individual leaflets can be extracted from it.

In contrast, in the leaflet-based approach, the clustering is directly performed in the
leaflet’s representation. Thus, the identified shape types are leaflet shapes, and one valve
consists of three individual shape types. Hence, for pseudohealthy synthesis, three shape
types are predicted for each valve that correspond to the shape of the right-coronary, left-
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coronary and non-coronary leaflet, respectively. In the following, the typification as well
as the type classification are presented for both approaches, the valve-based and the
leaflet-based approach.

Contribution

There are several contributions of this section. First, the valve-based typification study
described in Sec. 7.2.1 presents the first approach to identify typical organ shapes by
performing a cluster analysis in a latent space description. To the best of the author’s
knowledge, it also presents the first study to identify a set of typical prosthesis shapes
using clustering in general. Second, the type classification approaches presented in Sec.
7.2.1 and Sec. 7.2.2 are the first methods to solve the formulated domain gap problem in
a discrete way. Hence, they present an important extension of the framework proposed in
Sec. 6.2.1. Furthermore, this section presents the first study on identifying and predicting
a set of aortic valve prostheses shapes and thus presents a big step towards clinical
applicability of personalized aortic valve implants.
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Figure 7.3: Workflow of the valve-based typification approach. The three leaflets of one valve are
encoded and the three latent representation vectors are concatenated to achieve a latent
description of the full valve. In this valve representation, typical shapes are identified. For a
given aortic root shape, the individually optimal valve type can be classified.

7.2.1 Valve-based Typification and Type Classification

The aim of this approach is to identify typical shapes of the full valve. It is assumed that a
valve’s shape can be described by the shape of its three leaflets. Hence, each valve type
consists of three leaflet shapes. The core idea of this approach is to introduce a valve
representation that combines latent features of all three leaflets by concatenating their
latent representation vectors. In this valve representation, a clustering can be performed
to identify typical valve shapes. Fig. 7.3 visualizes the valve-based approach. The ad-
vantage of this approach is that the three leaflet shapes are assumed to be correlated,
reflecting the natural interplay between them. Hence, it can be assumed that realistic and
consistent valve shapes are identified and predicted. At first, the valve-based typification
method is presented, including an evaluation, followed by describing the valve-based type
classification.

Valve-based Typification

In this section, the identification of typical valve shapes is presented. The key idea is
to find a latent representation of the individual leaflets and concatenate three of them to
describe a full valve. In this abstract description of a valve’s shape, typical shapes can be
identified utilizing clustering.
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Data Set In this study, two different data sets were used. The valve-based typification,
i.e. the clustering of valves, was performed and evaluated on D" that contains leaflet
images of 56 valves. The type classification experiments were performed on Dg were the
corresponding ultrasound volume image of the aortic root is known. Thus, D3 was used
for representation learning and clustering and the resulting trained model was utilized to
compute the ground truth classes of the valves from Dg.

Representation Learning At first, the shape of the valve, i.e. the shape of its three
leaflets, has to be encoded into a latent representation. An artificial neural network was
trained to find a compact yet meaningful representation of one leaflet image in an unsu-
pervised manner. To this end, a convolutional autoencoder AFE is used, which is known to
be capable of encoding images with good representations in the bottleneck layer, i.e. the
latent space [66]. The autoencoder is divided into two different subnetworks: the encoder
network g : I € R128x64 _, » ¢ R™ and the decoder network p : z € R — I € R128x64
such that

AE(I) = p(q(I)) = Ireco, (7.1)

where I is an image of one leaflet, n, is the dimensionality of the latent space, i.e. the
number of neurons in the bottleneck layer, and I;eco is the predicted reconstruction of 1.

One important advantage of autoencoders is that generative modeling of images based
on latent representations is possible using the decoder part. Like this, the clustering can
be performed in the latent space while the evaluation of the clustering can be executed in
image space by propagating the latent cluster centers through the decoder. To this end, a
symmetric autoencoder with 3 convolutional layers (ConvL) with 32 filters, each followed
by a maximum-pooling layer (maxPoolL), and a fully connected layer (FCL) was used for
the encoder. In all layers, ReLU-Activation was applied. The decoder architecture was
identical but mirrored. The autoencoder was trained with mean-squared-error loss using
the adam optimizer. An illustration of the proposed architecture can be found in Fig. 7.4.

To evaluate the quality of the representation, the reconstruction accuracy of the au-
toencoder was analyzed by propagating the leaflet images through the encoder and gen-
erating an image of the resulting latent representation using the decoder. These predicted
images were compared to their ground truth using two metrics: the Jaccard similarity
dy and the Hausdorff distance dy. The Jaccard similarity measures the overlap of two
leaflets and hence evaluates the overall shape similarity:

ANB
AUB’

dj(A,B) = (7.2)
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Figure 7.4: Architecture of the proposed autoencoder model.

where A and B are the sets of nonzero pixels in the leaflet images, respectively. The
Hausdorff distance describes the maximum of the minimal distances of two contours,
measuring the detailed accurateness of the leaflet contour in the reconstruction:

dp(X,Y) =max | sup inf d(z,y),sup inf d(y,z) |, (7.3)
reX YEY yey zeX

where d is the euclidian distance and X and Y are sets of contour pixels, respectively.
Since the reconstruction accuracy is highly dependant on the network architecture, this
analysis was also performed for a more shallow (1 ConvL followed by 1 maxPoolL, 1 FCL)
and a deeper encoder architecture (5 ConvL followed by 1 maxPoolL, respectively, 1FCL)
in addition. Once again, the decoder architecture was the mirrored encoder architecture.
In this comparison, the number of latent dimensions n, was set to 20.

Furthermore, the reconstruction accuracy of the autoencoder was evaluated for differ-
ent choices of n,, ranging from 2 to 50 dimensions.

However, not only the reconstruction accuracy is important to ensure a sufficient rep-
resentation, but also a smooth decoder function is desired. Since the identified cluster
center will barely match an observed valve geometry, the reconstructed image has to
be interpolated. Smoothness of the decoder ensures that interpolations in the latent
space provide realistic images, which is mandatory for the generation of valve images
of the identified cluster centers. Two prove smoothness, the proposed architecture was
compared to two alternative methods. First, the same autoencoder was used but data
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Figure 7.5: Sketch of the proposed method. The trained encoder model is used to receive the
latent vector of each leaflet. These vectors are stitched together to represent a valve. In this
space, the clustering is performed. Afterwards, the latent representation of the single leaflets
of an identified prosthesis are extracted and the corresponding images are generated using
the decoder. Adapted from [57].

augmentation (random shearing and zooming by up to 5%, translations in any direction
with a maximum of 2.2 mm) was applied. Second, a variational autoencoder (VAE) of
the same encoder/decoder architecture was evaluated as VAEs are optimized to identify
a smooth latent space implicitly [81]. The comparison was done quantitatively regard-
ing the reconstruction accuracy and qualitatively using linear interpolation between two
points in the latent space and propagating the interpolated points through the decoder to
produce leaflet images.

Clustering The aim is to perform a cluster analysis in latent space. To this end, it is
assumed that the geometry of the whole valve can be described by the shape of its three
leaflets. Thus, the three leaflets of one valve were propagated through the trained en-
coder network to get their latent representations 27 € R":, zl¢ € R" and 21 € R"=,
where rc stands for the right-coronary, ic for the left-coronary and nc for the non-coronary
leaflet, respectively, and i = 1,...,56 describes the current valve. By concatenating the
latent vectors, a latent representation z; € R3" of the whole valve is retrieved. In this rep-
resentation, a k-means-clustering was performed, aiming at identifying k& cluster centers
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Zpros,j»J = 1,..., k that could serve as prosthesis types [95]. Even though a clustering in
the latent space is convenient, the evaluation of the identified prosthesis types in latent
space is not intuitive. Hence, the identified prostheses were transformed back to image
space using the decoder. For this purpose, the latent prosthesis representation was split
up into the three parts 2,7, ; € R"=, Z;lﬁos,j € R" and z,,, ; € R"= corresponding to
the three leaflets. These vectors were propagated through the decoder, resulting in im-
ages of the three leaflets of the prosthesis, i.e. ¢, . € R!?x04 [lc . e RI128x64 and
I .; € R'?764 These images could be compared to the images of all valves that
correspond to this cluster using the metrics described above. Hence, the mean Jaccard
similarity d ;. and the mean Hausdorff distance dy . over all valves can be computed in

dependency of the number of identified prosthesis types & as

k
g 1 1 rCc gyre c c nc ync
T = 0 >0 3 3 (00 Bg) s (I B + 0 (29 B)) 74

k
m = i Z Z % <dH (Igc7 ;ﬁos,j) + dH <I£CJI]lof"os,j> + dH (Igcv ;rcos,j)> ) (75)

where C} is the set of all images I. corresponding to the j-th cluster. Using these metrics
a set of used prosthesis types can be evaluated regarding its capability of approximating
each individual valve shape in the data set. To analyze the amount of valve prosthesis
types needed to ensure a good shape approximation, the clustering was performed for
different values of &, ranging from 1 to 56. Note that a clustering with £ = 1 corresponds
to the current clinical situation, where each patient is treated with the same prosthesis
shape and only the diameter is tailored to the patient’s anatomy. For the clustering study,
the number of dimensions of the latent space n, was set to 20.

Results of Representation Analysis The results of the experiment regarding the recon-
struction accuracy of the proposed architecture as well as of alternative architectures is
given in Table 7.1. Compared to a shallower and a deeper architecture, the proposed
autoencoder achieves the highest Jaccard similarity and the smallest value of the Haus-
dorff distance, given as the mean over all leaflets. Fig. 7.6 shows the reconstruction
accuracy in dependency of n, the number of latent dimensions. The accuracy increases
at first, but saturates at a value of about 20 dimensions. Hence, additional dimensions
have a neglectable benefit at the cost of higher challenges for the clustering algorithm.
Therefore, 20 dimensions can be seen as a good tradeoff.
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Table 7.1: Reconstruction accuracy of the proposed autoencoder (marked in bold), compared to a
shallower and a deeper architecture regarding the Jaccard similarity d; and the Hausdorff dis-
tance dy. Additionally, the influence of data augmentation as well as the usage of a variational
autoencoder is shown. The metrics are given as the mean over all leaflet images.

Architecture dj dyg [mm]
Shallower architecture 0.9272 3.17
Proposed architecture 0.9471 2.60
Deeper architecture 0.9283 3.18
Proposed AE with Data Augmentation 0.9424 2.70
VAE of same architecture 0.9423 2.74

The introduction of data augmentation as well as the use of a variational autoencoder
provide comparable results to the proposed architecture (see Table 7.1). The evaluation
of the smoothness of the different models was done qualitatively. While the VAE delivered
slightly different shapes at the leaflet tips, no relevant differences between the proposed
AE with or without data augmentation could be observed. Results are exemplarily shown
in Fig. 7.7.

Results of Cluster Identification The clustering was performed for different numbers of
clusters k. The capability of different numbers of prosthesis shape types to approximate
the individual shapes given in the data set is shown in Fig. 7.8. For low values of k, the
increase of accuracy is very steep, while it starts to flatten at a value of about 7. The
resulting prostheses are exemplarily shown for k = 3 in Fig. 7.9 .

To critically question the whole approach of the proposed autoencoder pipeline, the
clustering and evaluation routine was additionally performed regarding the image descrip-
tion using principal components. To this end, a Principal Component Analysis (PCA) was
performed on the vectorized images and the 20 most relevant components were used as
a representation. While the mean Jaccard similarity was substantially smaller compared
to the autoencoder approach, outliers in the range of up to 20mm were observed in the
mean Hausdorff distance. Detailed results of this comparison can be found in Fig. 7.10.
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Figure 7.6: Reconstruction accuracy of the autoencoder in dependency of the number of latent
dimensions n. Adapted from [57].

Discussion and Conclusion The results show that learning a feasible representation of
the aortic valve leaflets is possible using convolutional autoencoders. Due to the satura-
tion of the metrics with n, greater than 20, a good trade-off between compactness of the
representation and reconstruction accuracy can be achieved with 20 latent dimensions on
this data set. The proposed architecture delivers the best results of all compared models.
It is interesting that the usage of a deeper architecture did not lead to an increase in
reconstruction accuracy. This might be related to the fact that autoencoders do not en-
code in general and that more complex decoders are more likely to just approximate the
distribution of images without being conditioned by the latent space value [27]. Another
possible explanation is the higher number of trainable parameters on the relatively small
data set.

It could also be shown that no increase in reconstruction accuracy is achieved by
introducing data augmentation. This might be due to the small variance in the data that
is induced by the preprocessing pipeline. By accurate centering and unification, common
advantages of data augmentation become irrelevant, such as translational or rotational
invariance. Additionally, the general, rough shape of the leaflets is quite similar while
the differences are mainly given by different contour lines or detailed shape differences,
which also explains the overall high values of the Jaccard similarity. In the qualitative
smoothness identification, slight differences between the proposed autoencoder and the
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Figure 7.7: Smoothness of the autoencoder. Between leaflet 1 and leaflet 2, linear interpolation
steps were acquired in latent space and the corresponding images were reconstructed. This
was done for the proposed autoencoder without and with data augmentation as well as for
the variational autoencoder. Adapted from [57].

VAE are visible. Hence, the VAE derives a different latent representation. However, an
improvement of the reconstruction accuracy by using the VAE could not be observed.

The cluster analysis reveals the high potential of personalization. The clustering with
k = 1 corresponds to the current situation where each patient is treated with the same
valve geometry. By introducing more than one prosthesis type, the metrics for estimating
how good the shape variance can be approximated deliver much better values. Note that
the Jaccard similarity for £ = 1 is already at 0.8. This means, that the whole potential
of personalization lies within a range of a Jaccard similarity increase of 0.2. Just by
introducing three different prosthesis types, about one quarter of this personalization gap
can be closed. Likewise, the Hausdorff distance drops by 1.25mm when three prosthesis
types are used. With more than three types, the increase or decrease of the metrics is
slower, but still significant. However, this is reasonable, because a data set can always be
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Figure 7.8: Capability of reproducing all individual valve shapes given in the data set in depen-
dency of the number of prosthesis types. Adapted from [57].

approximated better the more cluster centers are used. At a number of about & = 7, the
increase appears to be approximately linear. This leads to the expected conclusion that
the biggest advantage in the trade-off between patient’s outcome and economical issues
can be achieved by introducing 3 — 5 prosthesis shape types.

In this study, only the geometric shape of the leaflets could be evaluated. Remaining
questions are the dynamical and biomechanical improvements of the valve prosthesis’
functionality achieved by the proposed personalization technique. By manufacturing the
identified prostheses, a comparison between state-of-the-art prosthesis and the person-
alized ones could be done in a left-heart simulator to analyze the impact of personal-
ization. Due to the manual processing of the porcine heart valves, deformations of the
leaflet shapes cannot be entirely avoided. However, it is assumed that these errors would
be normally distributed, hence, no systematic bias towards specific shapes should be
present in the data set. Another limitation of the study is the transferability to the human
heart. Even though the aortic valves of pigs and humans appear to be quite similar and
pig valves are already used as xenological prostheses, the direct usage of the identified
prosthesis shapes in humans should be further investigated. However, the proposed au-
toencoder model could still present a sufficient basis using transfer learning, i.e. fine-tune
the autoencoder with a very small set of human valves.

This study presents the first approach to derive prosthesis shapes via clustering in a
latent space description. Like this, the clustering focuses on abstract meta-features given
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Figure 7.9: Resulting prosthesis shapes, exemplarily shown for k = 3. Adapted from [57].

by the deep representation rather than on pixel-wise differences. This makes the concept
transferable to a lot of comparable problems in the area of personalized medicine. By
adjusting the architecture of the autoencoder, it is possible to encode very different kinds
of anatomies or images from different modalities, like 3D tomographic volumes. Hence,
the proposed method could present an important step towards personalized prosthetics.
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Figure 7.10: Capability of reproducing all individual valve shapes given in the data set in depen-
dency of the number of prosthesis type when Principal Component Analysis (PCA) is used
for deriving the latent space representation. For comparison, the number of principal com-
ponents was set to n, = 20. Adapted from [57].

Valve-based Type Classification

Based on the valve typification presented in section 7.2.1, it was examined whether it is
possible to classify the optimal shape type only based on an ultrasound image of sur-
rounding tissue, i.e. the aortic root. Thus, a leaflet representation was derived as de-
scribed in Sec. 7.2.1 based on the data set D™ and k = 3 typical valve shapes were
identified. Then, all leaflet images contained in Dg were encoded using the trained au-
toencoder and the individual shape type was computed for each of them, respectively,
using the previously calculated clustering. These clustering results serve as ground truth
labels of the data set Dg.

To extract the relevant geometric prior information from the individual ultrasound im-
age, three different approaches were assessed: 2D prediction, 2D transfer learning and
3D prediction. In all three approaches, a CNN is used to learn the classification based on
the input image information. In the 2D prediction setting, only the horizontal slice through
the ultrasound volume that shows the coaptation plane, i.e. the plane that shows the
three noduli arantii in the closed state, is used as input for the model. Similarly, in the
2D transfer learning approach, the same slice is used. However, the image is replicated
three times as simulated channels to achieve the shape of an RGB image. Then, the data
can be processed using pretrained neural networks that learned meaningful features from
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huge RGB data sets. In this study, a VGG16 architecture [132] pretrained on ImageNet
[35] is used as its features were proven to carry relevant information on the aortic root
geometry [56]. For fine-tuning, the last fully-connected layer was replaced by a freshly
initialized one. For the 3D prediction approach, the full volume served as input of a 3D
CNN. While the CNN architecture is predefined as VGG16 for the 2D transfer learning
approach, three different architectures were assessed for the other cases.

Architecture A; consists of five convolutional layers (filter size 3 x 3 or 3 x 3 x 3, de-
pending on the input dimensionality) with an increasing number of filters (4, 8, 16, 32, 64).
Each of the convolutional layers was followed by a maximum pooling layer (size 2 x 2
or 2 x 2 x 2) and three fully connected layers are attached to the last pooling layer with
512, 256 and 3 neurons, respectively. All layers use RelLU activation while the last layer
utilizes softmax activation.

Architecture A, consists of four convolutional blocks, each followed by a maximum
pooling (size 2 x 2 or 2 x 2 x 2). Each of the blocks consists of three convolutional layers
(filter size 3 x 3 or 3 x 3 x 3), where the layers in the first two blocks have 16 filters and
the ones in the last two blocks have 32 filters. Four fully connected layers are attached
to the last pooling layer with 256, 128, 64 and 3 neurons, respectively. Once again, all
layers use RelLU activation while the last layer utilizes soffmax activation.

Similarly, architecture As also features four convolutional blocks followed by a maxi-
mum pooling (size 2 x 2 or 2 x 2 x 2) each. However, each block only consists of two
convolutional layers (filter size 3 x 3 or 3 x 3 x 3) where the number of filters increases with
each block (8, 16, 32, 64). Similar to architecture A;, three fully connected layers follow
the last pooling layer with 512, 256 and 3 neurons, respectively. While the last layer uses
softmax activation, all other layers utilize ReLU activation. Fig. 7.11 visualizes the three
architectures A, A; and As.

All three approaches (2D prediction, 2D prediction with transfer learning and 3D pre-
diction) were evaluated for all relevant architecture types (architecture 1, architecture 2,
architecture 3, VGG16) on the data set Dg using 5-fold crossvalidation. To ensure a fair
training process, the training data was balanced within each fold by oversampling the
minority classes [50]. Within each fold, each of the models was trained on the current
training data, i.e. the ultrasound image input and the corresponding shape type, repre-
sented as a one-hot encoded class vector. Then, the model was used to estimate the
optimal shape types for all aortic roots in the current test set. Each model was evaluated
by assessing the classification accuracy on the test data.
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Figure 7.11: Proposed architectures for valve-based type classification.
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Table 7.2: Prediction accuracy of all three approaches for each assessed architecture, respec-
tively, given as the mean classification accuracy on the test set over all folds and its standard

deviation.
Method Architecture | Accuracy (mean + std)

A 38.29 £ 12.03 %

2D Prediction Ay 40.14 +8.26 %
Az 38.43 £ 13.96 %
2D Transfer Learning VGG16 28.29 +17.62 %
Aq 30.574+22.12 %

3D Prediction Ay 36.10 +8.12 %
Aj 29.244+12.31%

Results and Discussion All three approaches were assessed for each relevant architec-
ture using a 5-fold crossvalidation. Tab. 7.2 shows the classification accuracy for each
model. As there are three potential classes, i.e. shape types, most models provide results
in the area of guessing where an accuracy of around 33 % is expected. The maximum
mean accuracy is 40.14 % for 2D prediction with architecture A,. Neither the transfer
learning approach using pre-trained features nor the integration of 3D shape information
provides higher scores.

These results are not satisfying. As 2D and 3D input, very different architectures and
even transfer learning were assessed in this study, it can be assumed that the poor per-
formance is not due to manual hyperparameter choices but is rather systematic. Hence,
the results indicate that predicting the individually optimal valve shape type only based
on the geometry of the aortic root is not possible. This might be due to the high level
of abstraction of the shape type as it does not only contain latent space information of
one leaflet but of the combination of all three leaflets together. It should be noted that,
following the nomenclature introduced in Sec. 6.2.1, all presented type classification
approaches are shape estimation methods, while a domain mapping approach was not
evaluated. However, as the classification accuracy for the valve-based type classification
is that low and in the range of random guessing, a leaflet-based approach was followed
rather than implementing domain mapping for valve-based type classification.
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Typical Shapes Shape Description

Figure 7.12: Workflow of the leaflet-based typification approach. After encoding all leaflet, typical
leaflet shape types are identified. Note that these shape types include all three different
kinds of leaflets, i.e. right-coronary, left-coronary and non-coronary ones. For a given aortic
root shape, the individually optimal shape type can be classified for the right-coronary (rc),
left-coronary (Ic) and non-coronary (nc) leaflet separately.

7.2.2 Leaflet-based Typification and Classification

An alternative to the valve-based approach is to identify shape types of the single leaflets.
It is assumed that leaflets from all types, i.e. right-coronary, left-coronary and non-coro-
nary ones, can be described using a unified, type-agnostic shape typification model.
Hence, each valve consists of three shape types, one for each leaflet. Based on the
surrounding tissue information, i.e. the US volume image of the aortic root, each of these
types can be classified independently, leading to three classification models, similar to
the regression approach presented in Sec. 6.2.1. Since, a close anatomical relationship
between the three leaflet shapes is expected, the independence assumption introduced
by classifying each leaflet shape individually might appear unintuitive. However, it can be
assumed that each of the classification models is capable of extracting relevant geometric
information not only from one but from all three sinus of valsalvae. Since all three models
receive the same input, each classification model should be able to take all relevant
information from the US image into account, leading to correlated outputs of the three
independent prediction models. Fig. 7.12 visualizes the general concept of the leaflet-
based approach.
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Figure 7.13: Architecture of the leaflet autoencoder. Due to the previously performed hyperpa-
rameter optimization on the same data set, the architecture is identical to the one proposed
in6.2.1.

Leaflet-based Typification

In the leaflet-based typification approach, typical shapes of individual leaflets are iden-
tified in the whole variety of observed leaflet shapes. Hence, there is no distinction be-
tween right-coronary, left-coronary and non-coronary leaflets. All three leaflet categories
are merged together to identify typical leaflet shapes. Therefore, once again, a represen-
tation learning approach is used to perform clustering in a latent space description.

To make use of the maximal amount of data, the leaflet images from the data sets
D¥™* and Dg were used to identify typical leaflet shapes, resulting in 258 leaflets from
86 valves. As this data is identical to the data set used in the continuous approach de-
scribed in Sec. 6.2.1 and the developed autoencoder architecture was proven to perform
optimally on this data set, the same architecture and hyperparameters are used in this
study. Hence, the encoder consisted of 3 convolutional layers (ReLU activation) with 16
filters and followed by a 2 x 2 average pooling layer each. The number of neurons in the
bottleneck layer, i.e. the dimensionality of the latent space was 20. The decoder followed
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Figure 7.14: Jaccard similarity (blue) and Hausdorff distance (green) between test leaflet images
and their corresponding leaflet type image, respectively, averaged over all test leaflets and
folds.

the mirrored architecture. Fig. 7.13 visualizes the model’s architecture. The autoencoder
was trained for 100 epochs with a batch size of 32.

In order to analyze the capability of a set of prostheses shapes to represent the full
variance observed in the data set, a 10-fold Monte-Carlo crossvalidation was performed.
Thus, within each fold, the autoencoder was trained based on the training data, the train-
ing data was encoded to the latent space and k-means clustering was performed with
k typical shapes, i.e. cluster centers. Then, the test images were encoded and their
corresponding cluster centers were identified, respectively. These identified cluster cen-
ters, i.e. individually optimal discrete prostheses shapes, were compared to their corre-
sponding leaflet images as described in 7.2.1 regarding the Jaccard similarity, Hausdorff
distance, ASCD and RMSE. To assess prostheses shape sets of different sizes, this pro-
cedure was repeated for all different values of k € {3,4,5,...,28,29,30}. Note that the
minimal number of k¥ = 3 was chosen according to the three native leaflet types, i.e.
right-coronary, left-coronary and non-coronary.
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Figure 7.15: ASCD (blue) and RMSE (green) between test leaflet images and their corresponding
leaflet type image, respectively, averaged over all test leaflets and folds.

Results of Typification The capability of approximating all observed leaflet shapes us-
ing a set of k prostheses was assessed in image space using a crossvalidation. Fig. 7.14
and 7.15 show the Jaccard similarity, Hausorff metric, ASCD and RMSE between the test
leaflet images and their corresponding leaflet type image, respectively, averaged over all
test leaflets and folds.

As expected, the Jaccard similarity increases while all other metrics decrease with an
increasing number of typical shapes k. All metrics reach a certain degree of saturation.
This verifies the assumption that a set of leaflet shapes is sufficient to approximate all
observed leaflets adequately. Based on all four metrics, a value of £ = 15 can be identified
as optimal in terms of a trade-off between high accuracy and a small number of different
leaflet shapes. As these 15 shapes span all three native leaflet categories, each of them
are represented by five shape types on average.
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Figure 7.16: Sketch of shape estimation and domain mapping approach for the discrete case. In
the latent respresentation of the leaflet images, a clustering is performed to identify typical
shapes. Then, a mapping is learning to classify the optimal shape type of each leaflet based
on the ultrasound image, either directly (shape estimation) or after encoding the ultrasound
image to a latent space description (domain mapping).

Leaflet-based Type Classification

After identifying typical leaflet shapes, mapping is needed between the individual sur-
rounding tissue geometry and the optimal prosthesis type. This is comparable to the
pseudohealthy synthesis approach presented in Sec. 6.2.1. However, due to the discrete
typification approach, the mapping becomes a classification problem. Thus, the individu-
ally optimal leaflet shape types should be predicted based on a volumetric US image of
the aortic root. As mentioned above, each of the three leaflets is classified independently
as one class label describes the shape type of one leaflet. Therefore, the presented
method can be considered as the discrete version of the continuous pseudohealthy syn-
thesis method presented in Sec. 6.2.1. Fig. 7.16 illustrates this concept. The shape type
can be classified either directly based on the US image (shape estimation) or based on
a latent representation of it (domain mapping).
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Table 7.3: Combinations of hyperparameters of the regression networks assessed during hyper-
parameter analysis for the shape estimation approach. The optimal combination is marked in
bold.

Parameter Values
ks 3,4,5
ke 1,2,3
k¢ 16, 32
kq 1,2,3
ky 50, 100, 200

To solve the classification task, three approaches were followed that are highly similar
to the ones presented in Sec. 6.2.1: shape estimation, domain mapping with RF and
domain mapping with MLP. However, in this setting, the decision models were designed
to provide a classification instead of a continuous regression output. Details on the main
concepts behind the three approaches can be found in Sec. 6.2.1.

As mentioned in Sec. 7.2.2, the data sets used in this study are identical to the ones
used in Sec. 6.2.1. Hence, the optimal autoencoder architectures can be adopted from
the hyperparameter analysis performed in Sec. 6.2.1. Thus, both autoencoders were
parameterized by three convolutional layers with 16 filters each and a latent space di-
mensionality of 20.

Hyperparameter Analysis For the two variants of the domain mapping approach, an
analysis of the hyperparameters of the classification models was done by performing
a 10-fold Monte Carlo crossvalidation (80% training, 20% test) for each hyperparameter
combination. Within each fold, the leaflet autoencoder was trained on the training data
and the auxiliary data set D%". To obtain ground truth labels, all leaflet images of these
two data sets were encoded and k-means clustering was performed in the latent space to
identify typical leaflet shapes with k£ = 15. This number was identified as optimal in Sec.
7.2.2. Then, all leaflet images from the training and test sets were encoded and assigned
to their cluster to obtain ground truth labels. Afterwards, the ultrasound autoencoder was
trained on the ultrasound volumes from the training set. Finally, the three classification
models were trained to predict the class label of their respective leaflet based on the latent
representation of the ultrasound volume image. Note that three classification models
were trained, one for each leaflet category, i.e. right-coronary, left-coronary and non-
coronary. To assess the accuracy, the trained models were used to predict class labels
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Table 7.4: Accuracy of discrete leaflet shape prediction for all methods, regarding RMSE, Jaccard
similarity, Hausdorff distance and ASCD. The values for the Hausdorff distance and the ASCD
are given in pixels, while the resolution was 0.341%. The table shows the mean value over

all cross validation folds, averaged over all three leaflet types, and the standard deviation.

Method RMSE Jaccard Hausdorff ASCD
Shape Estimation 0.1658 4+ 0.0525 0.7828 + 0.0831 7.49 + 3.99 2.72+1.42
Domain Mapping with RF | 0.1616 - 0.0506 | 0.7917 4-0.0839 | 7.21 +-4.04 | 2.58 - 1.42
Domain Mapping with MLP 0.1711 4+ 0.0562 0.7744 + 0.0920 7.924+4.77 2.86 + 1.64

for each ultrasound volume in the test set. Then, the predicted cluster centers were
decoded and compared to the ground truth leaflet images using RMSE.

Thus, for the Random Forest with ¢ trees, all values of ¢ € {50,100, 150,200,250}
were assessed. For the MLP approach, the network consisted of [;, hidden layers with [,,
neurons each. While the hidden layers used ReLU activation, the output layer features
softmax activation to allow discrete classifications. In the scope of the hyperparameter
analysis, all combinations of [, € {1,2,3,4,5} and [,, € {50,100, 150,200} were assessed.

For the shape estimation approach, the parameterized architecture presented in 6.2.1
was used. Thus, the convolutional part of the VGG-like architecture consists of k; convo-
lutional blocks. Each of these blocks consists of k. 3D convolutional layers with k; filters
and RelU activation. Each block is followed by a 2 x 2 average pooling layer. Behind the
last convolutional block and a flattening operation, k; fully connected layers with ReLU
activation and k,, neurons each are attached, followed by the output layer with k; neurons
and linear activation. Tab. 7.3 lists the assessed values for each parameter. To identify
the optimal architecture, each combination of them was evaluated.

Results and Discussion The optimal number of trees in the domain mapping with RF
approach identified in the hyperparameter analysis was ¢t = 150 with an average RMSE
over all folds of 0.1556 4+ 0.0473. The optimal average RMSE with an MLP was achieved
using I, = 1 hidden layer with /,, = 150 neurons, with a value of 0.1590 + 0.0479. For the
shape estimation approach, the optimal architecture featured k;, = 3 convolutional blocks
of k. = 2 convolutional layers with £y = 16 filters each, followed by k; = 1 fully connected
layer with k,, = 200 neurons, reaching an RMSE over all folds of 0.1534 + 0.0471.

To assess the accuracy of the methods, a 10-fold Monte Carlo crossvalidation (80%
training, 20% test) was performed for each of the three approaches using the optimal
hyperparameters, respectively. The accuracy was measured using the Jaccard similarity,
Hausdorff distance, ASCD and RMSE. Table 7.4 shows the quantitative results of all
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Figure 7.17: Average ASCD of each method, given for each of the three leaflet categories right-
coronary, left-coronary and non-coronary. The ASCD is given in pixels, the resolution was
0.34-mm
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methods, averaged over all folds. The average classification accuracy, i.e. the relative
number of correctly classified leaflet shape types in the test set, was 18.9 + 12.7% for
shape estimation, 15.0 + 15.1% for domain mapping with RF and 12.2 + 13.6% for domain
mapping with MLP. Fig. 7.17 shows the average ASCD of each method regarding each
of the three leaflet categories.

As the method is implicitly constrained to predict typical shapes, all synthesized im-
ages look realistic. In general, the predicted leaflet types resemble the native, healthy
ones well. Example predictions for the three approaches are shown in the Figures 7.18,
7.19 and 7.20, respectively. All in all, each method provides reasonable results with
Jaccard similarity values over 77 % and an ASCD below 1 mm. While the domain map-
ping approach was more accurate than the shape estimation approach, using a Random
Forest for domain mapping provided the best quantitative results throughout all metrics.
Hence, in contrast to the continuous regression approach presented in 6.2.1, the Ran-
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Figure 7.18: Qualitative prediction results of the discrete shape estimation approach, exemplarily
shown for three valves from the test set.

dom Forest seems to be superior to an MLP in the discrete type classification case. The
non-coronary leaflet is approximated with the smallest ASCD, which is probably due to
a smaller variance of its shape. In the classification scenario, the shape estimation ap-
proach performs better than in the continuous approach. It outperformed the MLP-based
domain mapping approach in all metrics.

In comparison to the continuous approach from Sec. 6.2.1, the optimal MLP architec-
ture for the discrete case is quite shallow with only one hidden layer, while four hidden
layers provided optimal results in the continuous approach. This indicates that the classi-
fication problem addressed in this study is less abstract and hence, easier to solve than
the regression problem that occurs with continuous pseudohealthy synthesis. Overall,
the classification accuracy on the test set is quite low for all three approaches with about
12 — 15%. However, it is important to note that there are 15 possible classes, so all
methods perform better than guessing randomly. Additionally, there might be ordinal re-
lationships between the classes as some shape types might be more similar than others.
Hence, by predicting a wrong but similar shape type, the prediction accuracy decreases
while the approximation of the individual leaflet shape is still fair.

In this study, it could be shown that by following a leaflet-based typification approach,
leaflet type classification is possible. The superior classification results compared to the
valve-based approach might be due to the lower level of abstraction. By training individual
classification models for each leaflet category, each model can focus on extracting the in-
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Figure 7.19: Qualitative prediction results of the discrete domain mapping approach using RF,
exemplarily shown for three valves from the test set.
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formation necessary to predict the single corresponding leaflet only, while one model has
to collect all necessary information about all three leaflets in the valve-based approach.
In addition, the leaflet shapes are encoded in the class labels in a more abstract way in
the latter approach.

In this section, a concept for automatic typification of aortic valve shapes
based on individual leaflets was developed and presented by introducing clustering in la-
tent space. Following this typification concept, models for valve type classification based
on the individual aortic root shape were proposed and evaluated. It could be shown that
it is possible to identify a meaningful representation of the aortic valve leaflets using con-
volutional autoencoders. Furthermore, the typification approach revealed typical leaflet
and valve shapes and allowed for a quantitative analysis of the number of shape types
used regarding the approximation of the whole variety of shapes using this finite set.

For the leaflet-based approach, it could be shown that it is possible to classify the
shape type only based on a geometric prior from surrounding tissue. Qualitatively, the
shape types are realistic, consistent and complementary, indicating that the typification
method performs well. The quantitative analysis of predicting the individually optimal
prosthesis revealed an adequate approximation with acceptable ranges of all metrics.
Even though the classification accuracy on the test set is comparably low, the metrics for
shape comparison are in an acceptable range. This might be due to the ordinal nature of
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Figure 7.20: Qualitative prediction results of the discrete domain mapping approach using MLP,
exemplarily shown for three valves from the test set.

this classification task: If the model predicts a wrong type with a shape similar to the cor-
rect one, the classification will be counted as false even though the shape approximation
might be sufficient.

Since type classification was not possible in the valve-based approach, it can be stated
that the leaflet-based approach outperformed the valve-based one. This might be due
to the additional layer of abstraction that is introduced in the valve-based approach by
concatenating three latent descriptions, challenging the classifier to learn the relationship
between the three leaflets implicitly. | contrast, in the leaflet-based approach, the clas-
sification models can focus on predicting one single leaflet, which seems to be a less
complex problem. It should be noted that the domain mapping approach was not eval-
uated in the scope of valve-based typification (see Sec. 7.2.1). However, as the shape
estimation models did nit perform better than random guessing in the valve-based ap-
proach, which was the case in the leaflet-based one, it can be assumed that domain
mapping with a valve-based approach will not outperform the leaflet-based method.

Overall, it could be shown that discrete pseudohealthy synthesis presents a promising
alternative to continuous shape synthesis for personalizing aortic valve prostheses. It
should be noted that the valve shape is reduced to the shape of the three leaflets, while
the stent shape is not regarded in the scope of this study. However, the stent design
might also benefit from the discrete approach as the finite number of leaflet shape types
also imply a finite number of stent shapes that can be manufactured in serial production.
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7.3 Morphological Pathology

As described above, the individual tailoring of personalized prostheses comes with high
financial, logistical and regulatory issues. In order to achieve a balance between the
benefits of personalization and a minimization of costs and regulatory issues, providing a
set of general prosthesis shape types, which cover the anatomical diversity best, presents
a promising trade off. For each patient, the individually optimal one can be predicted
from the provided set for each patient. Regarding personalized aortic root prostheses,
this might present an interesting alternative to the continuous pseudohealthy synthesis
approach presented in Sec. 6.3. Fig. 7.21 visualizes the approach to investigate research
question Q3 in the case of a morphological pathology.

In this section, a framework for fully automatic shape typification as well as type clas-
sification based on a pathological prior is presented. This concept of discrete pseudo-
healthy synthesis is applied and evaluated for personalizing aortic root prostheses for the
case of a morphological pathology. After describing the typification of healthy aortic root
shapes in Sec. 7.3.1, the classification of the individually optimal shape type based on
the pathological shape is presented in Sec. 7.3.1.

Contribution of this Section

The contribution of this section is twofold. First, to the best of the author’s knowledge, this
study presents the first approach to formulate pseudohealthy synthesis in a discretized
way aimed at aortic root prosthesis shaping. As the developed framework is not lim-
ited to aortic root prosthesis shaping, it could be applied to a wide range of organ shape
synthesis problems from a pathological prior and hence, provides a new method for pseu-
dohealthy synthesis in general. Second, there is a high clinical value of this study for the
development of personalized aortic root prostheses. The usage of a set of prosthesis
types has a high potential for translation to clinical application.

7.3.1 Aortic Root Typification and Type Classification

In this section, approaches for aortic root typification as well as for type classification
based on the individual pathologically dilated aortic root shape are presented. In contrast
to the latent space manipulation approach presented in Sec. 6.3.1, the estimation prob-
lem becomes a classification and cannot be interpreted as a deformation of the patho-
logical shape. Therefore, the classification approach presented in this section directly
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Is it possible to identify optimal sets of general prostheses
in the case of a morphological pathology?
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Figure 7.21: Approach to investigate research question Q3 in the case of a morphological pathol-
ogy.

estimated the individually optimal shape based on the pathologically dilated aortic root
shape. Thus, it is closely related to the shape estimation approach presented in Sec.
6.2.1. Fig. 7.22 shows an overview of this proposed framework.

Aortic Root Typification

The goal of the typification step is to identify a set of typical aortic root shapes that
can serve as prostheses shapes. To automate this task, unsupervised clustering of the
healthy roots could reveal these shape types. However, clustering directly in image space
is insufficient as images are comparably high-dimensional and the clustering algorithm
faces the curse of dimensionality [4]. Thus, the approach of clustering in a latent space
description is followed as presented in Sec. 7.2. Consequently, a latent representation
of the healthy aortic root images is learned using a convolutional autoencoder. After
encoding all healthy images into this low-dimensional representation, a clustering can
be performed to identify typical shapes, i.e. the cluster centers, within the latent space.
The desired shape of these potential prostheses can be synthesized using the decoder
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Figure 7.22: A sketch of the proposed method. The healthy images are encoded to a latent space

representation. Previously presented methods (cf. 6 predict this latent representation con-
tinuously (top). In contrast, we propose to perform clustering in latent space to identify
typical aortic root shapes (bottom). To compute the optimal prosthesis type for an individual
patient, the shape type is classified based on an image of the pathological state and the
corresponding image of the prosthesis can be synthesized.
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Figure 7.23: Architecture of the autoencoder, exemplarily shown for n. = 2, ny = 16 and n; = 20.

network. Thus, clustering can be performed in a meaningful representation while the
similarity between a specific prosthesis and a real aortic root can be directly assessed in
image space using typical metrics.

Data Set The data set used here was Dj;. Thus, in the scope of this study, only the
horizontal slice image through the root that shows the commissure plane, i.e. the image
plane that shows all three commissure points, is used. For these 2D images, a manual
segmentation of the aortic root shape is available for the healthy roots, making a quanti-
tative analysis more reliable. The images were resized to 96 x 96 pixels with a resolution
of 1.27.72%. The gray values were scaled to lie in the interval [0,1]. These images will be
denoted as I; and the pathological ones as I; with i = 1,...,24, respectively. The data
set was split into V;.s; = 5 aortic roots that served as a hold-out test set and 19 aortic

roots for training and validation, referred to as training images.
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Table 7.5: Examined hyperparameter values for the autoencoder. All combinations were assessed
using 10-fold crossvalidation on the training images. The optimal combination regarding the
RMSE between the original and the reconstructed image is marked in bold.

Parameter Values
T 2,34
ny 16,32
n 20, 40, 60, 80, 100, 120, 140

Representation Learning and Clustering The cluster centers, i.e. the prosthesis types,
in latent space are denoted as z, J=1,...,k where k& is the number of types. After
decoding, the synthesized image of the j-th shape type is called I5. To this end, a general,
parameterized autoencoder architecture is proposed. The encoder ¢(I), I € RY>9 with
z; = q(I;), consists of n. convolutional layers, each with n; filters, ReLU activation and
followed by a 2 x 2 average pooling. After a flattening operation, a dense layer follows
where the number of neurons is the number of outputs of the last pooling layer. Then, a
dense layer with n; and linear activation forms the bottleneck layer that outputs the latent
representation z € R". The decoder p(z) with I; = p(z;) follows the mirrored encoder
architecture using upconvolution and upsampling, where I; is the reconstructed healthy
image. Fig. 7.23 shows the architecture of the autoencoder. For training, the adam
optimizer [79], mean squared error loss and a batch size of 12 was used while training
was performed for 100 epochs.

To assess the influence of the hyperparameters n., ny and n;, several combinations
of them were evaluated regarding the performance of the resulting architecture on en-
coding and reconstructing unknown aortic root images. Thus, a 10-fold Monte-Carlo

Table 7.6: Examined hyperparameter values for the classification CNN. All combinations were
assessed using 10-fold crossvalidation on the training images. The optimal combination re-
garding the RMSE between the original and the reconstructed image is marked in bold.

Parameter Values

my 3,4,5
Me 1,2,3
my 16,32
my 1,2,3

Ma, 50,100, 150
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Figure 7.24: Example of a set of identified shape types for k = 6.

crossvalidation was performed on the training images (80% training, 20% validation) for
each combination of hyperparameters examined, given in Table 7.5. The autoencoder
was trained on the training data, the test data was propagated through the full network
and the average root mean square error (RMSE) between the output and the original test
images was computed in each fold.

After identifying the optimal architecture, the influence of the number of cluster cen-
ters, i.e. prosthesis types, on the capability of covering the full variance of observed root
shapes by a small number of shape types was examined. Following the approach pre-
sented in Sec. 7.2, k-means clustering in the latent space was utilized. Different values
of k& were evaluated in a 10-fold Monte-Carlo crossvalidation (80% training, 20% valida-
tion) on the healthy training images. Within each fold, the autoencoder was trained on
the training data using optimal hyperparameters, the training data was encoded to the
latent space and k-means clustering was performed to identify k£ shape types. Then, the
Niest test images were encoded and assigned to their respective clusters 25,7 = 1,... k.
Finally, images of the prosthesis types I¢ were synthesized by propagating the cluster
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Figure 7.25: Mean Similarity of healthy root shapes and their assigned prosthesis shapes for dif-
ferent values of k, given as the ASCD (blue, left axis) and the RMSE (green, right axis).

centers through the decoder and each test image I;,i = 1,..., Nt Was compared to
its corresponding prosthesis type image. This was performed for £ = 1,...,20 while
four different metrics for the image comparison were used: The Jaccard similarity, the
Hausdorff distance, the RMSE and the average symmetric contour distance (ASCD). To
compute Jaccard similarity, Hausdorff distance and ASCD, the synthesized prosthesis
image was segmented using thresholding (¢ = 0.31, corresponds to a grayscale value of
80) and compared to the segmentation of the test image, respectively. This holds for all
calculations of these metrics within this work.

Results of Typification and Discussion As the data set used in this study contains
paired data, a quantitative analysis is presented in addition to a qualitative analysis of the
predicted and reconstructed images of the prosthesis shapes. The presentation of the
results and their discussion is divided into typification and type classification, followed by
an outlook focusing on practical challenges aiming at clinical application.

The hyperparameter analysis revealed that an architecture with n, = 2, ny = 16 and
n; = 20 provides the best image reconstruction accuracy with an RMSE of 0.09+0.03. Fig.
7.24 exemplarily shows the synthesized images of a set of identified prosthesis shapes
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Figure 7.26: tSNE embedding of the healthy training images, separated by their respective cluster,
i.e. shape type.

with & = 3. All of them look realistic and they complement each other well, indicating that
an automatic typification of aortic root shapes using clustering in latent space is possible.
Given the optimal architecture of the autoencoder, Fig. 7.25 shows the capability of
approximating all healthy test images by their respective prosthesis in dependency of the
number of prosthesis shapes k. As expected, the RMSE decreases with increasing k.
However, the ASCD increases, indicating that, regarding the shape, a smaller number of
prosthesis types leads to better results. £ = 6 can be identified as an optimal value to
assure reasonable values in both metrics. Average results for all metrics are given in Tab.
7.7. Fig. 7.26 shows the tSNE embedding [142] of the healthy training images as well as
their identified shape type, respectively, for £ = 6. In general, the clusters are consistent
and homogeneous. However, some shape types, e.g. cluster 1 or cluster 3, only appear
very rarely, which might be due to the small data set.
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Aortic Root Type Classification

For discrete pseudohealthy synthesis, it is proposed to train a convolutional neural net-
work (CNN) to predict the individually optimal prosthesis type based on an image of the
pathological aortic root shape. As the decoder is known, it is possible to synthesize an
image of the predicted prosthesis shape. In this study, the CNN was trained in a su-
pervised way, where the ground truth label is retrieved by assigning each aortic root in
the training set its corresponding cluster in latent space. Hence, in its current form, the
method assumes that paired data is available, i.e. that for each patient in the training data
set, the healthy as well as the pathological shape is known.

Similar to previous experiments, a parameterized architecture is proposed. It follows
a VGG-like structure [132] and consists of m;, convolutional blocks, each consisting of m..
convolutional layers with m y and ReLU activation followed by a 2x2 average pooling layer.
After a flattening operation, m, fully-connected layers are following with m,, neurons each
and RelLU activation. Finally, the output layer is attached, featuring soffmax activation.
Fig. 7.27 shows the architecture of the classification model. The training was performed
using the adam optimizer, binary crossentropy loss and a batch size of 12.

The optimal architecture was identified by evaluating numerous combinations of the
hyperparameters my,, m., my, mq and m,. Thus, as for the typification, a 10-fold Monte-
Carlo crossvalidation was performed over all training images (80% training, 20% valida-
tion) for each combination of the hyperparameter values given in table 7.6. Within each
fold, the autoencoder was trained on the training data using the optimal hyperparameters
identified as described in Sec. 7.3.1. The clustering was performed as explained above
with a fixed value of k£ = 6 and the optimal cluster centers were assigned to the training
and the test images. Then, the CNN was trained on the training data to predict the op-
timal cluster center based on a pathological image. After training, the CNN was used to
estimate the cluster centers for the pathological test data and the classification accuracy
was assessed. Additionally, the healthy test images I;,i = 1,. .., Nest Were compared to
the synthesized image of the predicted prosthesis f; where j is the classification result,
respectively, once again using Jaccard similarity, Hausdorff distance, RMSE and ASCD
as metrics.

It is important to note that due to the random data splitting during crossvalidation, the
training data set is typically imbalanced, i.e. some typical shapes and hence classes oc-
cur more often than others. To overcome this class imbalancing issue, oversampling was
applied to the minority classes in the training data set so that all classes, i.e. prosthesis
shapes, are represented equally [50].
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Figure 7.27: Architecture of the classification network, exemplarily shown for m;, = 4, m, = 1,
my = 16, mq = 3 and m,, = 150.

Results of Type Classification and Discussion Based on the optimal autoencoder ar-
chitecture, the highest classification accuracy achieved during hyperparameter analysis
for the CNN was 77.5 + 17.5% with the parameters

my =4, me =1, my = 16, mg = 3 and m,, = 150. With a value of 67.1%, the classification
accuracy was slightly lower on the hold-out test data set. Table 7.7 shows the similar-
ity between the test images and the predicted prosthesis types for all four metrics. For
comparison, the latter one is also given for the typification, i.e. with an optimal prosthesis
choice. The classification accuracy indicates that the model is able to learn a relationship
between the individual pathological root and the desired prosthesis shape. Additionally,
the small difference between the classification model and the typification with optimally
assigned prosthesis types shows that the classification works robustly and that most of
the error relates to the discretization of the prosthesis shapes. The Dice coefficient for
the type classification on the test set was 0.62 + 0.17. Overall, the Jaccard similarity is
low. This is most likely due to the relatively thin aortic root wall in the images. Even if a
prosthesis approximates a root shape sufficiently, the overlap might still be quite small.
Hence, the Hausdorff distance and the ASCD might be more meaningful on this data
set. With an ASCD of around 4.5 pixels and a Hausdorff distance of around 8 pixels, the
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Table 7.7: Results of the comparison of healthy images and their corresponding prosthesis shapes
for typification (optimal prosthesis) and type classification (estimated prosthesis) with & = 6,
given as ASCD [pixel], Hausdorff distance [pizel], Jaccard similarity and RMSE. For compar-
ison, the results are also given for the continuous approach proposed in [58].

Method ASCD Hausdorff Jaccard RMSE
Typification on validation set 4.68 +4.04 1448 £8.62 0.39+£0.11 0.13+0.05
Type Classification on test set 4.48 + 2.59 8.03 £+ 7.60 0.43+0.09 0.12+0.03

Continuous benchmark on test set  24.39 +39.07 26.54+38.51 0.17+0.11 0.16 +0.01

predicted prosthesis shapes seem to fit the desired root shapes adequately. Example
prediction results can be found in Fig. 7.28. As a benchmark, the discrete approach was
compared to the continuous, regression-based approach presented in Sec. 6.3.1 utilizing
the Fixed Translation agent. The proposed method outperforms the regression model by
far. This also holds for the best agent, i.e. an agent utilizing K = 2 shape primitives, that
reaches a Jaccard similarity of 0.41+0.04. It is assumed that this is due to the implicit con-
straint to realistic and typical shape types. Hence, no out-of-bag-predictions are possible
in the discrete approach, making it more robust than the flexible regression approach.

Conclusion and Outlook

Overall, the results indicate that discrete pseudohealthy synthesis for personalized pros-
thesis shaping in the case of a morphological pathology is possible. Specifically, the type
classification seems to work adequately accurately, while most of the errors are intro-
duced by the typification. This might be due to the very small data set, as only 14 training
samples are available within each fold. A bigger data set might provide better typification
results. Hence, data collection should be an important part of future work. Additionally,
the transfer to human data is of high interest regarding clinical application.

Even though discrete pseudohealthy synthesis outperformed a regression approach
on this data set, the method is barely capable of dealing with out-of-bag samples, e.g.
shapes that are very different from the identified typical ones. For these cases, a robust
regression-based shape prediction might be a better choice.

As mentioned above, the classification method presented in this study assumes that
the model can be trained on paired training data. With an increasing number of long-
term screening studies with large cohorts, like for example the SHIP study [75], it is likely
that paired data is available for a wide range of applications. However, extending the
framework to be capable of dealing with unpaired data is an interesting research question
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Figure 7.28: Qualitative results of type classification for the test images of two random folds (a)
and (b). For each valve, the pathologically dilated shape, the predicted prosthesis shape
as well as the healthy ground truth is shown.

and should be addressed in future work. Additionally, it might be possible to generalize
from this study on the given small, paired data set to larger, unpaired ones using transfer
learning.

In this proof-of-concept study, the reliable error quantification was possible due to the
available ground truth segmentation on the 2D image slices. The presented method is
easily extendable to also work on 3D volumes by only adding another dimension to all
convolutional layers in the autoencoder as well as in the classification network. One
might also think about utilizing geometric deep learning to process pointclouds instead
of volumetric data. The framework for typification and type classification is capable of
working with such kind of data, highlighting the flexibility of the proposed approach.

In contrast to the continuous approach presented in Sec. 6.3.1, the discrete approach
in its current form does not provide candidate prediction. To integrate the surgeon into
the decision making pipeline, this could be included easily by not only classifying the op-
timal shape but for example the best three ones. This is a classical concept in computer
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vision typically used for assessing error rates in image classification tasks [115]. Another
interesting option would be to introduce ordinal classification to the discrete approach.
Thus, miclassifications would be penalized differently, depending on the similarity or dis-
similarity between the misclassified prosthesis shape and the desired one. Hence, a
wrongly classified but sufficiently similar prosthesis would be penalized less than a highly
dissimilar prosthesis. This would force the classifier to avoiding strong misclassifications
while small errors are still acceptable, resembling the nature of a discretized prosthesis
shaping approach.

In this work, the novel approach for personalized prosthesis shaping, called discrete
pseudohealthy synthesis, was adapted to the case of a morphological pathology. Thus, a
framework for fully automatic aortic root shape typification as well as a type classification
approach was developed to estimate the optimal prosthesis type for a given pathological
morphology. Furthermore, a proof-of-concept study on personalized aortic root pros-
thesis shaping was presented, including a vast hyperparameter analysis. The results
indicate that approximating the variance of natural aortic root shapes using a specific set
of prosthesis types is possible and that the pathologically dilated aortic root shape car-
ries enough information to classify the optimal prosthesis type only based on this dilated
shape. As regulatory challenges and manufacturing costs are way lower for a finite set
of typical prostheses instead of fully personalized ones, this study presents an important
step towards clinical application of personalized prosthetics in morphological pathology
scenarios.



7.4. CONCLUSION
7.4 Conclusion
The aim of this chapter was to answer the research question
Q3: Is it possible to identify optimal sets of general prostheses?

Therefore, a framework for automatic typification was developed, proposing to identify
typical shapes by performing clustering in a latent space description. Based on this typifi-
cation, classification models were presented to predict the individually optimal prosthesis
shape type. The whole framework was evaluated for the case of structural as well as
morphological pathologies.

In both cases, it was possible to identify typical shapes completely data-driven. All
typical shapes, i.e. prostheses candidates, appeared realistic and all shapes within one
set were complementary. Even though the accuracy of the classification models vary
between the pathological cases, the comparison of the predicted shapes with their re-
spective ground truths reveals a good approximation of the individual anatomy by the set
of shape types. Hence, the research question Q3 can be answered with yes: It is not
only possible to identify optimal sets of typical shapes for both kinds of pathologies, but it
is also possible to predict the individually optimal one given surrogate information on the
patient’s anatomy by introducing the concept of discrete pseudohealthy synthesis.

In the case of a morphological pathology, the discrete approach even outperformed the
continuous pseudohealthy synthesis method presented in Sec. 6.3.1 regarding the Dice
coefficient (0.62 + 0.17 vs. 0.58 + 0.08). While these area-based metrics are still higher
for the continuous approach for a structural pathology, the discrete method provided a
lower ASCD (2.58 + 1.42 vs. 2.84 + 5.01), indicating a better overall contour line fitting.
These results are surprising as a discretization of the possible shapes should lead to a
coarser approximation. However, they indicate that the classification problem is easier to
solve than the regression problem, which might be due to its nature: The classification
method is not only constrained to predict realistic shapes but also to predict shapes that
are typical. Hence, the chances to predict very poorly fitting shapes is comparably low.
As these advantages become less relevant with more observations, it is possible that the
regression-based method might outperform the discrete approach on a larger data set.
Such a comparison should be part of future work. However, the continuous approach
presented in Sec. 6.3.1 still provides relevant advantages like the possibility for candidate
prediction.

The results of this chapter show that approximating the variety of anatomical shapes
using a set of prostheses is a promising alternative to full personalization. By introducing
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a novel concept for discrete pseudohealthy synthesis, it is possible to identify an optimal
set of typical prostheses shapes completely data-driven and classify the optimal type
given a patient’s surrogate information. Due to the promising results and the lower costs
as well as regulatory challenges, this discrete method presents an interesting approach
to translate personalized cardiovascular prostheses shaping into clinical application.



8 Discussion

In the previous chapters, all research questions could be answered with yes. This chap-
ter aims at framing these results in a general context. Therefore, basic methodological
choices are discussed and limitations as well as the significance of the results are de-
scribed. Finally, the possibilities for further research that open up on the basis of this
work are presented.

Throughout this thesis, representation learning was achieved utilizing various kinds of
autoencoder models. Another classical method for describing the variety of anatomical
shapes is the usage of Statistical Shape Models (SSM). Besides their limited capabilities
of dealing with complex manifolds [65], comparative studies revealed that SSMs outper-
form autoencoders in terms of generalization only in scenarios with very small data sets
[140]. If the number of observations is greater than 20, it was shown that autoencoders
outperform all assessed SSM variants. As the clinical application of the methods devel-
oped in this thesis requires a sufficiently large data set to cover the full variety of shapes,
it can be assumed that autoencoders are the superior concept for representing anatom-
ical shapes. Hence, this thesis proposes the usage of autoencoder variants throughout
all developed methods.

It should be noted that most methods developed in this thesis were evaluated using
crossvalidation. However, in contrast to suggestions from the literature [116], experi-
ments for analyzing hyperparameters were also performed using a crossvalidation on the
full data set without a hold-out test set, with an exception in Chap. 7, where a hold-out
evaluation was performed in the morphological pathology case. Exploring the hyper-
parameters on the full data set was done intentionally to maximize the number of data
samples in the data subsets for training and evaluating the model. As the size of all data
sets used in the scope of this thesis is relatively small, this approach was necessary to
ensure reliable answers to the research questions. As stated in the introduction, the goal
of this work was methodological development. Therefore, the presented results fulfill the
role of proof-of-concept studies rather than accuracy benchmarks. As the used data sets
are sufficiently similar but still not clinically realistic, the final hyperparameters have to
be fine-tuned on clinical data anyway and the exact quantitative results are not in focus.
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Hence, the results of this work are meaningful and significant even though no hold-out
test set was used during hyperparameter optmization.

This is related to the fact that throughout the thesis, different autoencoder architectures
were identified as optimal dealing with the same data. This shows that a final judgement
of the set of hyperparameters cannot be done on these limited data sets. However, it
also highlights the robustness of the developed frameworks as adequate results could be
achieved for different kinds of autoencoders. Once again, the final set of hyperparameters
should be identified using a clinically realistic data set.

All results presented in this work were achieved on idealized ex-vivo porcine data sets.
During image acquisition, there was neither movement of the organ nor surrounding tis-
sue harming the image analysis. In addition, the manual dilation of the aortic roots to
simulate a morphological pathology is not likely to mimic a real pathological deformation
exactly. However, all approaches developed in this thesis have in common that no de-
formation or image translation is modeled explicitly. Every approach presented in this
thesis relies on data-driven learning to predict the desired healthy shape based on the
available surrogate information. Therefore, the results can be interpreted as proof-of-
concepts that the developed methods are capable of performing accurately for structural
as well as morphological pathologies. Hence, it can be assumed that they also provide
an adequate solution on clinical data of realistic pathologies.

In the case of a structural pathology, it was assumed that the shape of a valve pros-
thesis can be completely described using the shapes of its three leaflets. Obviously,
this assumption is greatly simplifying as the stent geometry has a strong influence on
the valve’s shape. However, the stent’s shape is highly constrained by the commissure
lines of the three leaflets and, hence, is implicitly learned by the presented models. Fur-
thermore, if the commissure lines can be assessed in 3D, the optimal stent shape can
be predicted from the surrogate information in the same way the leaflet shapes are pre-
dicted. Hence, the methods developed in this thesis deliver a promising approach for also
solving the stent shaping problem. One possibility of assessing the 3D commissure line
is the imaging of silicone molds of aortic roots [139].

The images of the leaflets in the data sets collected in the scope of this thesis were
acquired in a planar, unpressurized state. As several sources of stress and strain apply
to them during the cardiac cycle, they might appear with different dimensions in the col-
lected data sets than in clinical data. However, in the scope of personalized prosthesis
development, this is actually desired. If the fabrication material closely resembles the
biomechanical properties of the native leaflet tissue, the artificial leaflets deformation un-



der stress and strain will be very close to the native one. Thus, the unpressurized state
of the collected data is beneficial for developing personalized aortic valve prostheses.

The field of medical imaging keeps on advancing and, hence, it can be assumed
that imaging currently unassessible structures like the aortic valve’s leaflets might be
possible in the near future. However, the presented approaches for predicting the optimal
prosthesis shape in the case of a structural pathology are not limited to the predicting
the shape. If the latent representation is capable of encoding more detailed features, it
should be possible to predict these features as well. In the case of personalized aortic
valve prostheses, it might be possible to encode not only the leaflet’s shape but also its
micro-structure, i.e. the distribution and thickness of the prominent collagen fibers on
the leaflet. As they have a strong influence on the biomechanical behaviour of the valve,
reproducing them might be an important long-term goal. However, as the fiber’s size is in
the micrometer range, it is unlikely that it is possible to assess them using in-vivo medical
imaging in the near future. Similarly, the prediction could be performed for even smaller
structures on a microscopic scale. The only constraint is that ex-vivo data collection is
necessary and that the representation learning model should be capable of encoding
the information adequately. The methodological framework itself stays the same. This
highlights the great flexibility of the developed approaches and the relevance of the them,
even if the field of medical imaging advances.

In this thesis, it could be shown that personalized shaping of cardiovascular prosthe-
ses is possible using pseudohealthy synthesis. Thus, proof-of-concept studies provided
acceptable qualitative and quantitative results on ex-vivo porcine data sets. However, the
desired target accuracy remains unclear. Since the problem of identifying the individu-
ally optimal prostheses shape had not been solved, the field of cardiovascular surgery
lacks of personalized prosthetics. Therefore, the influence of a personalized prosthesis
on the blood flow and on the patient’s outcome in general has never been scientifically
investigated. This work presents the basis for such investigations and therefore poten-
tially for an improved quality of life for the patient. Based on the results of this work,
comparisions between native aortic roots or valves, state-of-the-art implants as well as
personalized ones can - in cooporation with a prothesis manufacturer - easily be exam-
ined in a left heart simulator setup [14]. Therefore, state-of-the-art prostheses as well as
personalized prostheses should be assessed and compared to the measurement of the
native anatomies. Such an experiment would allow for quantifying the potential superior-
ity of personalized cardiovascular prosthetics compared to classical ones. In the scope of
this experiment, it might also be interesting to compare the continuous, regression-based
approaches presented in Chap. 6 to the discrete ones proposed in Chap. 7.
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O Conclusion

In this thesis, it was investigated whether personalized shaping of cardiovascular prosthe-
ses can be achieved using pseudohealthy synthesis. Thus, the problem of estimating the
desired healthy shape only based on available surrogate information was formulated as a
pseudohealthy synthesis problem for the first time. Two different pathological cases that
lead to different prediction methods were identified and examined: structural pathology
with the example of personalized aortic valve prostheses and morphological pathology
with the example of personalized aortic root prostheses. For both pathological cases,
acquisition setups and experimental workflows to acquire ex-vivo porcine data sets were
identified and developed. The first data sets for training and evaluating pseudohealthy
synthesis methods in the scope of personalized cardiovascular prostheses were collected
for both pathological cases, resulting in five data sets in total.
Al three research questions could be answered with yes.

Q1: It could be shown that the surrogate data carries a sufficient amount of information
to predict geometric key features of the desired prosthesis shape for both patholog-
ical cases.

Q2: It could be shown that it is possible to synthesize an image of the full desired healthy
shape only based on the surrogate information for both pathological cases.

Q3: It could be shown that it is possible to identify a set of typical prostheses shapes
and that a classification of the individually optimal prosthesis type is possible.

Therefore, it can be concluded that personalized cardiovascular prosthesis shaping is
possible and that pseudohealthy synthesis presents a promising approach to solve it.
As classical methods for pseudohealthy synthesis are not sufficient for this application,
novel concepts, methods and frameworks for pseudohealthy synthesis were developed,
specifically tailored to personalized prosthesis shaping. All of them were validated in
proof-of-concept studies and showed a remarkable performance. They are the first meth-
ods to predict the shape of cardiovascular prostheses and hence present the basis for
personalizing them. The novel approach of interpreting image deformation as a transla-
tion in latent space and solving this using deformation agents presents a completely new
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concept for learning-based image deformation. The application possibilities are manifold
and range from image registration to time-critical simulations.

To increase the clinical acceptance, different approaches for including the surgeon
into the decision making pipeline were proposed and evaluated. Furthermore, the novel
concept of discrete pseudohealthy synthesis addresses the high costs and regulatory
challenges of individually tailoring prostheses for each and every patient by providing
a set of general prosthesis shapes that can be manufactured in serial production. By
proposing and proving a framework for identifying this set of prostheses in a completely
data-driven way as well as predicting the individually optimal shape type for a patient,
the possibility of translating the personalization concept to clinical application increased
significantly. Additionally, from an academic perspective, this framework presents the first
discrete approach for pseudohealthy synthesis and might be applied in a wide range of
applications.

The methodological advancements presented in this thesis lay the basis for manufac-
turing personalized cardiovascular prostheses and benchmarking them against state-of-
the-art ones. Since all pseudohealthy shape synthesis methods developed in the scope
of this thesis work model-free, their application is not limited to the cardiovascular domain.
In general, each kind of prosthesis can be personalized using the presented methods as
long as sufficient data sets are available. Therefore, this thesis opens up the new subfield
of machine learning based personalized medicine, aiming at prostheses that mimic the
patient’s original, healthy organ shape as close as possible.
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