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Abstract

The opportunity to non-invasively probe the structure and function of
different parts of the human body makes medical imaging an indispensable
tool in clinical diagnostics and related fields of research. Especially neuro-
scientists rely on modalities like structural or functional Magnetic Resonance
Imaging, Computed Tomography or Positron Emission Tomography to study
the human brain in vivo. But also in clinical routine, diagnosis, screening
or follow-up of different pathological conditions build upon the use of neu-
roimaging.

Computational solutions are essential for the analysis of medical images.
While in the case of conventional photography the recorded signal comprises
the actual image, most medical imaging devices require the reconstruction of
an image from the acquired data. However, not only the image formation, but
also further processing tasks to assist doctors or researchers in the interpreta-
tion of the data and eventually in subsequent decision making, rely more and
more on automation. Typical tasks range from locating and measuring ob-
jects in a single patient, e.g. a particular organ, a tumour or a specific region
in the brain, to comparing such measurements over time between groups con-
sisting of large numbers of subjects. Automated solutions for these scenarios
are required to model complex relations of data in the presence of acquisi-
tion noise and subject variability while assuring a tractable computational
demand.

Traditionally, the development of computational algorithms for medi-
cal imaging problems focused on rule-based strategies. Explicitly defined
rules that encode the knowledge of the developer are characteristic for such
approaches. Within the last decade, this paradigm began to change and
learning-based models dramatically gained in popularity. These rely on fit-
ting a complex model to large amounts of data samples, often annotated,
which are representative for a particular problem. Instead of manually de-
signing the sought-after solution, it is ‘learned from the data’. While these
models have shown enormous potential, they also pose important questions
for method developers. How can I get hold of enough data? How much data
is enough? How can I obtain proper annotations?

This thesis comprises six studies covering the development and the appli-
cation of methods along the whole pipeline of medical image analysis. Studies
I and II propose different extensions to the method of tensor voting to make
it applicable in specific medical imaging problems. Studies III–V address the
use of modern machine learning techniques, in particular neural networks,
in the field of tractography. Notably, the challenge of obtaining adequately
annotated data samples is a topic in Study V. In Study VI, a prospective
neuroimaging study of unilateral ear canal atresia in adults is presented, cov-
ering the application of methods from data acquisition to group comparison.
Overall, the compiled works contributed, in one way or the other, to the non-
invasive extraction of knowledge from the human body through automated
processing of medical images.
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Sammanfattning

Möjligheten att från utsidan undersöka struktur och funktion hos olika
delar av människokroppen har gjort medicinsk avbildning till ett oumbärligt
verktyg i klinisk diagnostik och relaterade forskningsområden. Särskilt inom
neurovetenskap är forskarna starkt beroende av metoder som strukturell el-
ler funktionell magnetresonanstomografi (MRT), datortomografi (DT) eller
positronemissionstomografi (PET) för att studera hjärnan hos den levande
människan. Men också i rutinsjukvården bygger diagnostik, hälsokontroll el-
ler uppföljning av olika sjukdomstillstånd på avbildning av hjärnan.

Beräkningsmetoder är oundgängliga för att analysera medicinska bilder.
I motsats till konventionell fotografi, där den insamlade signalen innehåller
själva bilden, kräver de flesta medicinska avbildningsmetoder att bilden re-
konstrueras från insamlade data. Men det är inte bara bildalstringen, utan
även den fortsatta behandlingen för att stödja det efterföljande beslutsfattan-
det, som är mer och mer automatiserade. Typiska uppgifter kan handla om
att lokalisera och mäta strukturer i den enskilda patienten – t.ex. ett visst
organ, en tumör eller en del av hjärnan – eller att jämföra sådana mätningar
över tid mellan grupper bestående av ett stort antal personer. Automatisera-
de lösningar för dessa uppgifter krävs för att modellera komplexa relationer
mellan data som är behäftade med insamlingsbrus och individuell variation
utan att beräkningarna blir ohanterligt krävande.

Av tradition har utvecklingen av beräkningslösningar för medicinska av-
bildningsproblem fokuserat på regelbaserade strategier, ett arbetssätt som
kännetecknas av explicit definierade regler som omsätter utvecklarens kun-
skaper. Under det senaste årtiondet har detta paradigm börjat ändras, och
inlärningsbaserade modeller har ökat dramatiskt i popularitet. Dessa bygger
på att en komplex modell anpassas till stora datamängder, ofta försedda med
något slags anteckningar av erfarna praktiker (annoteringar), som känneteck-
nar ett specifikt problem. I stället för att manuellt konstruera den eftersökta
lösningen, blir den inlärd från data. Samtidigt som dessa modeller har en
enorm potential, ställer de utvecklarna inför viktiga frågor: Hur ska jag få
tag i tillräckligt mycket data? Hur mycket data är tillräckligt? Hur ska jag få
annoteringar av hög kvalitet?

Denna avhandling omfattar sex studier som täcker utveckling och tillämp-
ning av metoder genom hela den medicinska bildbehandlingskedjan. Studie I
och II föreslår olika utvidgningar av metoden tensorröstning för att göra den
tillämpbar på specifika medicinska avbildningsproblem. Studie III–V behand-
lar användningen av moderna maskinlärningstekniker, mer specifikt neuron-
nät, inom området traktografi (avbildning av nervbanor i hjärnan). Utmaning-
en i att erhålla tillräckliga mängder annoterade data är centralt i Studie V.
Studie VI utgör en prospektiv hjärnavbildningsstudie på vuxna med outveck-
lad inre hörselgång och innefattar tillämpning av metoder från datainsamling
till gruppjämförelser. Sammantaget har alla de ingående arbetena, på ett eller
annat sätt, bidragit till icke-invasiv generering av kunskap om människokrop-
pen genom automatiserad medicinsk bildbehandling.
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Chapter 1

Introduction

Medical imaging is an important part of clinical diagnostics and a popular topic of
research in different fields of application. Its ability to—usually non-invasively—
probe the structure or the function of different parts of the human body makes
it an indispensable tool in these scenarios. A prominent field in which the sen-
sitivity of invasive interventions is especially critical is neuroscience. Modalities
like Computed Tomography (CT), Magnetic Resonance Imaging (MRI) or Positron
Emission Tomography (PET) provide different contrasts for three-dimensional im-
ages. Relating these, directly or indirectly, to different properties of structure or
function of the human brain is the central subject in the field of neuroimaging.

An essential aspect of neuroimaging is the computer-assisted processing and
analysis of the acquired data. As opposed to, e.g. conventional photography in
which the recorded signal immediately yields the picture, the signal recorded by
medical imaging devices is often not directly interpretable as an image in the com-
mon sense. For example, in tomography, a concept in which the object of interest
is probed indirectly, the final image must be computed from several of such indirect
measurements. The formation of these images can in itself be a challenging task
and is subject to extensive research and development of well-performing algorithms.

In a clinical context, the tool of imaging usually serves the purpose to aid
decision making. That requires the extraction of particular target information, e.g.
location or size of a tumour, from an image. While this often can be done manually
in clinical practice, more and more tasks are being automatised to support doctors
in improving the efficiency and performance of their decisions. Such computational
assistance usually requires another step of processing the available image data to
obtain the target information for a specific task at hand.

Also, for research purposes, automatised solutions to collect parameters of inter-
est over several subjects are essential for large studies. Not only the optimisation of
computation time is an objective. In the synthesis of information in images of many
subjects, it is also important to assure comparability among subjects, e.g. through
spatial normalisation, while at the same time preserving individual differences in

3
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Interpretation / 
multiple subjectsd

?

Acquisitiona

Modelling / 
low-level processing

b

Analysis /
high-level processingc

Figure 1.1: Grouping of typical processing steps in the analysis of medical images.
Examples are given by steps of diffusion Magnetic Resonance Imaging tractography. a.
Acquisition of diffusion weighted images (cf. Sect. 2.2.1). b. Local modelling to obtain
fibre orientation distributions (cf. Sect. 2.2.1). c. Streamlines obtained from tractography
(cf. Sect. 2.3.2). d. Schematic of comparison of subject groups.

the investigated variable. These objectives lead to another level of computations
when interpreting or comparing acquired images within a population, especially in
a quantitative manner. Figure 1.1 shows a schematic of the described processing
steps which are typical in medical imaging.

The methodology underlying the development of the various computational so-
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lutions in medical imaging has traditionally built upon rule-based approaches. Al-
gorithms have been designed employing explicitly stated models of the targeted
problem, leading to solutions that are amenable for interpretation by the user. Re-
cently, the paradigm has started to shift towards learning-based strategies. These
rely on large amounts of data to build powerful solutions for various problems. Of-
ten, developers do not explicitly define detailed knowledge about a problem, but
instead, it is ‘learned from the data’. However, along with the enormous potential
of learning-based approaches, new questions arose. How to get hold of enough data,
how much data is enough, how to obtain proper annotations, and also data-safety,
are of central concern in many projects today.

This thesis was conducted during the time of the upcoming learning-based ap-
proaches in the field of medical image analysis. That reflects in the division of three
studies covering each of the two paradigms of classical (rule-based) and learning-
based approaches, respectively. In general, the included studies vary in many as-
pects, namely the study scope (method development or application), the underlying
methodology (classical or learning-based), the imaging modality (MRI or CT) and
even the target object (brain or blood vessels). Nevertheless, their commonality
is that they are part of the typical pipeline of processing steps of medical images
(cf. Fig. 1.1). Moreover, by that, they share the ultimate goal of the non-invasive
extraction of knowledge of the human body through imaging. This is an essen-
tial contribution to improved clinical diagnostics and research, which are of central
importance for society today.





Chapter 2

Background

In this chapter, the central concepts underlying the methodology of the appended
studies are introduced. First, we briefly describe the target objects, namely the
brain (Studies I, III-VI) and coronary arteries (Study II). Second, we give an insight
in the employed imaging modalities (cf. Sect. 2.2). Then, we detail the methods of
tensor voting and tractography, which constitute the essential topics in this thesis
(cf. Sect. 2.3.1 and 2.3.2). Finally, we conclude with a brief section on the role of
deep learning in medical image processing.

2.1 The target anatomy

In order to understand the application fields of the appended studies, it is essential
to have a basic intuition for the target objects. In Studies I and III-VI, we developed
and applied methods to study aspects of the human brain, Study II focused on blood
vessel centreline extraction showcased by the example of coronary arteries.

2.1.1 The human brain

The human brain is an essential part of the central nervous system. Its structure
can be divided into four major parts: the cerebrum composed of two hemispheres,
the diencephalon, the cerebellum and the brain stem (cf. Fig. 2.1). The tissue
in all of these is constituted by neurons, the cells of the nervous system. It is
common to distinguish different tissue types by their composition of different parts
of the neuron. The cell bodies are mostly located in the so-called grey matter (GM)
whereas a large number of myelinated axons1, i.e. the connections of neurons to
other neurons or cells, are specific to the white matter (WM). The terms GM and
WM are derived from the appearance of these tissue compositions in certain image
contrasts (cf. Fig. 2.2).

1Often, axons are also refered to as (neural) fibres.

7
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Figure 2.1: Schematic of the human brain in mid-sagittal view. It is comprised of the
four parts cerebrum, diencephalon containing thalamus and hypothalamus, cerebellum and
brain stem. The fornix and the corpus collosum are white matter structures, the latter of
which connects the two cerebral hemispheres.

Grey matter A large part of the GM is found in the cerebral cortex surrounding
the WM (cf. Fig. 2.2). Even though the cortex appears as a very homogeneous area
in different contrasts, it is composed by many regions that can be distinguished by
their structural properties, i.e. their tissue, which in turn relate to their function
in certain cognitive tasks (Genon et al., 2018).

White matter As seen in Fig. 2.2, the WM is surrounded by the GM. It contains
a large number of axons connecting neurons in different locations (regions) of the
GM. These axons are often wrapped with a sheath of myelin whose primary function
is ‘to speed conduction of the electric impulse along an axon’ (Sampaio-Baptista and
Johansen-Berg, 2017). It is for the myelin that WM appears brighter than GM in
imaging contrasts like T1w MRI.

In the same way as the GM, the WM appears to be homogeneous in T1w
images. However, it is possible to group axons with the same path into groups
of so-called bundles. Even though axons in the same bundle have a somewhat
similar shape, different bundles are expected to cross each other. This leads to
complex configurations of axons with different orientations which are suspected to
be prevalent in a major fraction of the WM (Jeurissen et al., 2013).

2.1.2 Blood vessels

As part of the vascular system, blood vessels are responsible for the transport of
blood in the human body. They exhibit a tree structure with bifurcations in which
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Grey matter White matter

coronalsagittalaxial

Figure 2.2: Example of T1w images in three image planes (axial, sagittal, coronal).
Regions of grey matter and white matter can be distinguished by their brightness. Note
that the sagittal view is placed in-between the two hemispheres and therefore large parts
of that view show the cortical grey matter.

a vessel divides into two child branches of usually smaller diameter (Fanucci et al.,
1988). In the context of Study II, we model blood vessels as tubular structures.

2.2 Imaging Modalities

Most studies in this thesis (Studies I, III–VI) employ different types of MRI. Even
though the experiments in Study II included data from Computed Tomography
angiography (CTA) we do not give a detailed introduction to that modality. The
results are not specific for that modality and could be generalised to MRI data as
well.

2.2.1 Magnetic Resonance Imaging

Magnetic Resonance Imaging (MRI) comprises a collection of several imaging tech-
niques that rely on the concept of magnetic resonance. They distinguish themselves
in the targeted biophysical effect or property that they relate the acquired signal
to. In the following paragraphs, we briefly discuss this aspect for the relevant MRI
techniques in the thesis. Figure 2.5 shows an overview of these modalities together
with the employed analyses.

T1-weighted and T2-weighted imaging

Among the most commonly used image contrasts in MRI are T1w and T2w images.
These are scalar images in which the value in each voxel is a function of—among
other factors—certain tissue properties. Examples of these properties are the char-
acteristic relaxation times T1 and T2 as well as the proton density ρ (Nitz and



10 CHAPTER 2. BACKGROUND

T1w

T2w

Figure 2.3: Comparison of T1w and T2w image contrasts. GM and WM appear in
different brightness in both contrasts relative to each other.

Reimer, 1999). Depending on the employed MRI sequence in the acquisition, the
obtained image contrast might highlight the differences in one of the three parame-
ters. Thus, tissue types that differ in the highlighted parameter can be distinguished
by a different grey values in the image. Figure 2.3 shows the difference between a
T1w and a T2w image contrast. Note that the terms T1w and T2w do not refer
to quantitatively mapped tissue properties. Different MRI sequences might yield
slightly different T1w or T2w images.

Diffusion Magnetic Resonance Imaging

T1w or T2w image contrasts only yield a scalar value per voxel. Diffusion Magnetic
Resonance Imaging (dMRI), on the contrary, allows for probing tissue at subvoxel
scale to obtain more information about complex microstructure properties. This
is achieved by relating the acquired MRI signal to the diffusion process of water
molecules. The analysis of different statistical properties of this process can provide
useful information like e.g. composition and orientation of the local microstructure
of brain tissue (Minati and Wȩglarz, 2007).

For the particular use in tractography (cf. Subsect. 2.3.2) in Studies III–V, map-
ping the local orientation of groups of axons is of interest. Probing the diffusivity in
different directions allows to infer likely orientations of axons based on the assump-
tion that their organisation in the white matter results in an anisotropic diffusion
profile. It is expected to observe larger diffusivity along the orientation of axons
than perpendicularly to their extent. Most commonly, this is implemented by the
repeated acquisition of diffusion weighted images (DWIs), where each DWIi corre-
sponds to a particular spatial direction bi in which diffusion is probed. Through
this mapping of DWIs to directions, the series of acquired images can be seen as
a three-dimensional image in which each voxel is associated with one or several
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Figure 2.4: Estimation of local tissue orientation with dMRI. The series of diffusion
weighted images (DWIs) can be seen as samples of functions on S2 in each voxel (see
example on the left). Employing constrained spherical deconvolution (CSD), a fibre ori-
entation distribution function (fODF) can be estimated from the DWIs.

functions on S2 sampled at the corresponding bi (cf. Fig. 2.4 on the left).
There are different ways to model the acquired signal with the purpose to extract

the orientation of axon populations in a voxel. One of the most common ones
is constrained spherical deconvolution (CSD) which directly estimates the fibre
orientation distribution function (fODF) from the measured data (Dell’Acqua and
Tournier, 2019) (cf. Fig. 2.4 on the right). In further processing steps, it is often
assumed that each lobe of the fODF indicates the orientation of a set of coherently
packed axons.

Resting state functional Magnetic Resonance Imaging

Functional Magnetic Resonance Imaging (fMRI) builds on the relation of the MRI
signal to the function of the brain. A local increase of activity in neural cell bodies in
the GM leads to a change in oxygen consumption. The triggered increase of cerebral
blood flow usually results in an excess of oxygenation locally. This process is referred
to as the blood oxygenation level dependent (BOLD) effect. As a consequence of
the local BOLD changes, the relaxation time T2 increases accordingly (Chen and
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Glover, 2015). This change of T2, even though relatively small, can be captured
with a T2w image contrast and is the basis for fMRI.

The goal of resting state functional Magnetic Resonance Imaging (rs-fMRI) is to
infer knowledge about a concept called functional connectivity. Two regions in the
GM are assumed to be functionally connected if the time courses of their activity
are similar to each other (Bijsterbosch et al., 2017). In rs-fMRI, the BOLD signal
is used as a surrogate for neural activity and monitored over time through repeated
acquisition of MRI images in short time intervals (typically 1–4 seconds). This
results in a time series of images of the brain that allows to compare the BOLD
signal over time in different GM regions. There are different methods to investigate
the similarity of these time series in different regions (Bijsterbosch et al., 2017).
One of them is the so-called seed-based correlation analysis (SCA) that we have
used in Study VI (cf. Sect. 4.3.3).

2.2.2 Computed Tomography angiography

Computed Tomography angiography (CTA) is a technique used for image-based
analyses of the blood vessels, e.g. coronary arteries (Kirişli et al., 2013). It is
based on the injection of contrast media to highlight certain targets in the resulting
image. As in many contrast-enhanced approaches, the target objects, in this case
the blood vessels, appear brighter than the surrounding tissue (Lesage et al., 2009).

2.3 Methods for image analysis

In the context of this thesis, different methods for processing the acquired image
data have been used. While the majority is traditionally counted to the field of
neuroimaging, the application of tensor voting is not standard in this context. The
common denominator of Studies I, III–VI is the investigation of the human brain
based on MRI-based modalities. In a broader sense, Study II could also fit into this
picture, since blood vessel segmentation is also relevant in neuroimaging, and it is
also done based on MRI. Figure 2.5 provides a general overview of the analysed
objects, the employed image modalities and the analysis methods that are relevant
for this thesis. In the following sections, we present the background of the two main
methods, namely tensor voting and tractography, that were the central topic of the
developments in Studies I–V.

2.3.1 Tensor Voting

Tensor voting (TV) has been proposed as ‘a computational framework for segmen-
tation and grouping’ (Medioni et al., 2000) through a series of works during the
1990s. It is based on the tensor formalism to describe curves, surfaces and junc-
tions in three dimensions and on perceptual rules steering the local distribution
and refinement of these structures. While many of its applications have been re-
lated to computer vision (e.g. Jiaya Jia and Chi-Keung Tang (2003); Dumortier et
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Figure 2.5: Overview of imaging-based approaches to analyse grey and white matter
that have been used in this thesis. Regions of the grey matter can be identified with
a parcellation obtained from T1w and T2w images. rs-fMRI can be used to analyse
functional connectivity between different GM regions. Tractography based on dMRI is
useful to extract structures, e.g. bundles, in the WM. Note that the analysis of different
MRI modalities is not strictly separated but usually built upon combinations of these.

al. (2008); Nicolescu and Medioni (2005)), it has also been employed in a medical
context (e.g. Loss et al. (2011); Risser et al. (2008); Leng et al. (2011); Tang et al.
(1998); Christodoulidis et al. (2016)).

A useful approach to understanding the framework is the division into three
stages: initialisation in the tensor domain, voting to distribute and refine local
information, and analysis of the results after refinement in the tensor domain (cf.
Fig. 2.6). We describe each of these steps individually in the following paragraphs.

Phase 1: Initialisation One of the key components of TV is the tensor formal-
ism that is used to represent the data throughout the algorithm (Medioni et al.,
2005). As shown in Fig. 2.7a, each second-order positive semi-definite symmetric
tensor in three dimensions can be decomposed into one-, two- and three-dimensional
components called stick, plate and ball. This makes it possible to encode the local
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Figure 2.6: Tensor voting can intuitively be divided into three phases. First, image
information is encoded into tensors. Second, the tensors are distributed locally in a vot-
ing procedure. Third, the refined tensors are analysed to obtain information on target
properties.

salience of structures like curves, surfaces and junctions simultaneously in the same
tensor.

In order to initialise these tensors, it is necessary to define a mapping from the
available data to the tensor domain. Two aspects are important for this step. First,
it must be decided at which positions to initialise a tensor. Second, the shape of
these tensors must be determined. As mentioned in (Tang et al., 2000), TV is not
designed to directly process image data. A possible approach to circumvent this
problem is to preprocess an image to obtain the location of features like edges, and
use these features to initialise tensors with the appropriate shape at these locations
(e.g. Leng et al. (2011); Christodoulidis et al. (2016)). It must be noted that the
initialisation of the tensor shape can optionally be omitted since the tensor shape
can—depending on the data—be inferred in the voting stage.

Phase 2: Voting The central part of the TV algorithm is the voting step (or
‘data communication’ (Tang et al., 2000)). Considering the initialised tensors as
noisy estimates of local structure of the input data, this process aims at distributing
these estimates in a local neighbourhood. As a perceptual grouping technique, TV
is based on principles borrowed from so-called Gestalt psychology. Such principles
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are derived from the human vision which is able to recognise relevant features in a
scene even in absence of information about the context (Maggiori et al., 2015). The
voting rules that steer the distribution of the local tensor estimates are designed to
enforce these principles.

Most commonly, the voting process is defined by the specification of voting
fields, i.e. tensor fields that specify how a particular tensor, now called the voter,
is spreading information to its neighbours, referred to as receivers. To compute the
voting field of a tensor, it is decomposed into its stick, plate and ball component,
each of which generates a separate voting field. Plate and ball tensors are further
decomposed into complete sets of stick tensors and integration of the voting fields
generated by these sticks yields the respective plate and ball voting fields. That
leaves the fundamental stick voting field to be defined. Let Sq be the stick tensor
of voter q, then the vote cast to receiver p is another stick tensor SV (v,Sq) given
by

SV (v,Sq) = d(σ; lpq, κpq)Rt2
(2θpq,Sq), (2.1)

where Rt(α,S) performs a rotation around axis t by angle α and d(σ; ·, ·) is a
Gaussian decay with standard deviation σ and the other symbols are given as
described in Fig. 2.7.c. In Fig. 2.7.b, the shape of the weighting function d is shown
by plotted iso contours. For a more detailed description of the process refer to
(Medioni et al., 2005).

Finally, the output of the voting step is obtained by summation of all received
votes at each receiver location. It must be remarked that the set of receivers is not
restricted to the initialised tensors from phase 1. By distributing receivers densely
in three-dimensional space, structure estimates can be obtained with any chosen
resolution.

Phase 3: Analysis After the ‘data communication’ in the voting step the result-
ing tensors are expected to carry refined information on local structure in the data
domain. A customary analysis approach is to decompose each tensor into stick,
plate and ball component and analyse the scalar maps obtained from their partic-
ular saliency (cf. Fig. 2.7a). For example, extracting a curve in three dimensions
could be achieved by finding the locations of local maxima in the map of λ1 − λ2.
The concept of this process is indicated also in Fig. 2.6 on the right.

Since its first proposition, several extensions of the original TV framework
have been proposed. Franken et al. (2006) formulated an efficient implementation
through steerable filters. Mordohai and Medioni (2010) suggested a TV formula-
tion to be used for N -dimensional data. Moreno et al. (2011) proposed simplified
variants of TV to further improve its efficiency. In Wu et al. (2012), the proof of
a closed-form solution for the generic integral formulation underlying the voting
mechanism was presented. However, Maggiori et al. (2014) pointed out flaws in
their proof. A detailed review of relevant work can be found in Maggiori et al.
(2015).
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Figure 2.7: Tensor decomposition and stick voting. a. Decomposition of a second-
order symmetric positive semi-definite tensor in three dimensions with eigenvectors ei and
eigenvalues λi into stick, plate and ball component with respective saliency s1 = λ1 − λ2,
s2 = λ2 −λ3 and s3 = λ3. b. Isolines of the magnitude of the voting field of a stick tensor
Sq. c. Illustration of the stick vote SV (v, Sq) that is cast from voter q to receiver p. The
magnitude of SV is determined by the arc length lpq and the curvature of the osculating
circle (indicated by the dashed arc).

Despite the emphasised flexibility of the framework, some challenges remain
open (see Tang et al. (2000); Maggiori et al. (2015); Jörgens and Moreno (2015)
for reference). Among others, the applicability of TV to image data (Tang et al.,
2000) and the ability to represent intersecting structures adequately in the tensor
formalism (Jörgens and Moreno, 2015) are important topics for improvement and
are addressed in Study I and Study II.

2.3.2 Tractography

Tractography is the the process of generating streamlines that are locally aligned
with the estimates of WM tissue orientation obtained from dMRI. The set of re-
sulting streamlines is usually referred to as the tractogram (cf. Fig. 2.8.a for an
example) and serves as the basis for different subsequent analyses. While it can be
seen as a largely simplified model of the connectome, i.e. the full set of axons in
the WM, it must be remarked that streamlines are only virtual objects that do not
have a direct physical counterpart. Therefore, the terms ‘tractogram’ and ‘connec-
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tome’ should not be used interchangeably ‘without proper context’ (Jeurissen et
al., 2019).

To this point, tractography has shown its usefulness in different applications. As
can be seen in Fig. 2.3, common MRI modalities provide only limited information
about different structures in the WM. As opposed to that, dMRI tractography
offers the opportunity to distinguish between them (cf. Fig. 2.8.a for examples). In
particular, it is possible to directly extract certain targets like, e.g., WM bundles
(Rheault et al., 2019; Wasserthal et al., 2019). In a subsequent step, tractometry,
the bundle-wise analysis of other scalar measures along the extent of individual
streamlines, allows for the comparison of subject groups (Yeatman et al., 2012;
Cousineau et al., 2017; Colby et al., 2012) or the analysis of changes in patients
over time (Boukadi et al., 2019) in specific WM structures.

With a focus on the full tractogram, in the field of structural connectomics, the
pattern in which streamlines connect pairs of GM regions is analysed. For this
purpose, a connectivity graph is computed in which nodes are given as GM regions
and edges are obtained from the streamlines of a tractogram. Subsequently, sub-
ject groups can be compared by means of different measures extracted from this
graph (Rubinov and Sporns, 2010; Sotiropoulos and Zalesky, 2019). This method-
ology has been applied in the analysis of different pathological conditions, including
epilepsy (e.g. Gleichgerrcht et al. (2018)), multiple sclerosis (e.g. Liu et al. (2018)
or Alzheimer’s disease (e.g. Frau-Pascual et al. (2019); Pereira et al. (2018)), as
well as to assess the effect of normal aging on the brain (e.g. Damoiseaux (2017)).

Another avenue is the use of tractography in an explorative approach. Re-
searchers have used this technique to characterise WM bundles in vivo (Maffei et
al., 2018; Yeatman et al., 2014) or to investigate their hypothesised existence (David
et al., 2019). In these applications, tractography can provide supplementary in vivo
information in addition to other modalities or ex vivo approaches like dissection.

Finally, tractography can be a useful tool for brain tumour resection (Van-
derweyen et al., 2020). The visualisation of streamlines may aid neurosurgeons
planning the surgical path with the goal of preserving WM bundles during surgery
as well as possible.

Streamline generation As described in Jeurissen et al. (2019), the goal of trac-
tography is to obtain streamlines, i.e. trajectories in three-dimensional space, that
are at all locations aligned with the local WM structure inferred e.g. through fODFs
(cf. Fig. 2.8.b). Optimally, the algorithm starts at a position in the interface be-
tween GM and WM and follows a direction obtained from the local fODF for a
given step length. This procedure is iterated until the streamline terminates at a
different location within the GM. Figure 2.8.c shows a summary of this process.

During the last two decades, a variety of methods for streamline generation have
been proposed. These are commonly divided into ‘families’ of algorithms based on
their general concept (Jeurissen et al., 2019). On the one hand, local approaches
follow a step-by-step strategy to build individual streamlines. On the other hand,
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Figure 2.8: Tractogram and streamline tractography. a. Tractograms provide a way to
structure WM (top). It is possible to group streamlines into bundles (bottom). Streamlines
of the corticospinal tract (CST) together with endpoint region (in yellow) and a posterior
part of the corpus callosum (CC) are shown. b. Coronal crossection of fODFs and a
corresponding tractogram. Streamlines are locally aligned with the fODFs (in yellow).
c. Stepwise streamline generation from fODFs. Note that streamlines in a. and b.
are colored by their local orientation. Red: left–right ; blue: inferior–superior ; green:
anterior–posterior.

global methods take the whole tractogram into account when optimising the stream-
lines to match the dMRI data in the best way. In the context of this thesis, we
limit our explanations to building an intuition for local streamline tractography as
presented in Fig. 2.8 which was also the basis of Study III.

Challenges for tractography Despite more than twenty years of development,
state-of-the-art tractography pipelines have not overcome several limitations on the
way to adequately mapping the underlying WM anatomy (Schilling et al., 2019b).
Studies have identified several aspects including, among others, the cortical folding
(Reveley et al., 2015; Donahue et al., 2016; Schilling et al., 2018), position, shape or
size (Girard et al., 2014), or ‘bottleneck ’ regions (Maier-Hein et al., 2017) to impact
the generation of streamlines leading to biases in the resulting tractogram. Rheault
et al. (2020b) provide a detailed description of several open challenges for current
tractography algorithms.

In view of the identified biases in state-of-the-art tractograms, it can be expected
that a tractogram contains streamlines that are related to existing WM anatomy,
termed true positives (TPs), but also others which do not reflect any WM struc-
tures, referred to as false positives (FPs). Already in 2014, Thomas et al. argued
that ‘inferring fiber direction information from’ dMRI was ‘a complex, underdeter-
mined inverse problem that cannot be solved’ (Thomas et al., 2014). Their finding
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that this leads to effects of both, FPs and false negatives (FNs), i.e. the absence
of any streamline relating to certain WM structures, is in line with later results on
FPs (Maier-Hein et al., 2017) and FNs (Aydogan et al., 2018).

These observations led to different avenues of method development. On the
one hand, several works have focused on improving the generation of streamlines
targeting particular biases (Smith et al., 2012; Girard et al., 2014; St-Onge et al.,
2018; Rheault et al., 2019; Wasserthal et al., 2019; Wu et al., 2018, 2020). Incor-
porating prior knowledge about biological properties of WM tissue, e.g. a constant
axon diameter, directly in the core of the method has the potential to improve
tractography results (Girard et al., 2017). Further priors inspired by topology or
development of axonal connections in tractography algorithms represent promising
avenues for future directions (Innocenti et al., 2019). On the other hand, the ret-
rospective ‘cleaning ’ (or filtering) of a given tractogram by introducing a feedback
loop from its streamlines back to the acquired dMRI signal (or derivatives thereof)
has developed as a parallel line of thought (Daducci et al., 2015; Pestilli et al., 2014;
Smith et al., 2013, 2015). However, in their current form, also these methods are
confronted with open challenges on the way to ‘biologically meaningful analyses’ of
tractograms (Daducci et al., 2016).

Separating TPs and FPs Acknowledging the existence of TPs and FPs in
a tractogram, careful interpretation of streamlines obtained from tractography is
necessary. Depending on the application, either a whole tractogram, e.g. for con-
nectivity analyses, or a subset of streamlines, e.g. to analyse a particular bundle,
are the targets. Nevertheless, subsequent analyses based on streamlines usually
incorporate, explicitly or implicitly, the step of extracting parts of TPs, FPs or
even both. That means that at this point, there are a multitude of methods that,
directly or indirectly, encode information relevant for separating the groups of TP
and FP streamlines in a tractogram as outlined in Fig. 2.9.

Modeling tractogram filtering as a binary classification problem, there are differ-
ent approaches from literature that can contribute to defining the labels P (positive)
and N (negative) targeting TPs and FPs, respectively (Jörgens et al., 2020). With
these methods it is possible to build upon different criteria for extracting stream-
lines from a tractogram (cf. Fig. 2.9). Note that not all provide the same kind of
information. Some methods, like Recobundles (Garyfallidis et al., 2018), can only
extract what is known, i.e. P. Others, like ExTractor (Petit et al., 2019), only de-
fine what is implausible, i.e. N. Even others, e.g. COMMIT (Daducci et al., 2015),
optimise other criteria which are neither specific for P nor N.

This view on the problem is especially relevant for supervised ML approaches.
In order to train a model for the prediction of P and N that goes beyond the
replication of only one of these methods, it is necessary to find a way to consistently
define a label for each streamline. In Study V, we addressed the problem of defining
labels of streamline plausibility from several sources of information.
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Figure 2.9: Outline of tractogram ‘cleaning’. The ultimate goal is to separate TP from
FP streamlines in a tractogram. Several methods from literature that build upon different
criteria to group streamlines could possibly be employed to extract subsets of a tractogram,
e.g. particular bundles or anatomically uninterpretable streamlines. The three methods
underlined in blue were among the combined approaches in Study V.

2.4 Machine Learning in medical image analysis

Machine Learning (ML), especially based on deep neural networks, has shown its
success in many fields in the recent decade. Through the availability of suitable
hardware, the training of models with a large number of parameters became feasible
for a wide range of users. Nowadays, the optimisation of layered models based on
variants of stochastic gradient descent over datasets consisting of a large number
of samples is a customary approach in the field of Deep Learning (DL) (LeCun
et al., 2015). Through their ability to learn optimal representations in a data-
driven manner, especially convolutional neural networks (CNNs) have emerged as
a powerful technique.

In the context of neuroimaging, the access to annotated data is often a limiting
factor. However, various methods have been proposed for disorder classification,
survival prediction and especially for the segmentation of tissue types, anatomy,
lesions or tumours (Litjens et al., 2017). While most applications have focused on
these ‘downstream tasks‘ in the image processing pipeline, according to Zhu et al.
(2019) a large future potential lies in the inclusion of DL in tasks even closer to the
image acquisition.

Despite their success in related fields of brain imaging, the application of DL
techniques directly to the problem of tractography has been rather scarce. This
observation was the basis for the investigations presented in Study IV.



Chapter 3

Aims

3.1 Extensions of tensor voting for medical image analysis

Study I Tensor voting and vote clustering

Motivation: Tensor voting loses information in crossing regions due to the
nature of summation of second-order tensors (cf. e.g. (Schultz, 2012)). While
this might be desired in many cases (e.g. to detect junctions (Massad et al.,
2003)), for some applications retaining the orientation information might be
beneficial (Jörgens and Moreno, 2015).

Aims:

• propose and evaluate the aggregation of tensor votes by clustering in
order to retain orientation information in locations of crossing structures

• propose and evaluate a sampling approach that is robust to effects caused
by the discrete image grid in case of low image resolution relative to the
voting scale
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Tensor voting

Tractography & ML

Imaging study of UCA

Figure 3.1: Placement of the individual studies within the medical image processing
pipeline based on their content.

Study II Grey scale-based tensor voting

Motivation: The common way of applying tensor voting to image data is
to first process the data in order to extract features that are suitable as
input to the tensor voting algorithm (Franken et al., 2006; Leng et al., 2011;
Strokina et al., 2013). Other approaches include formulations that regard
image information directly within the encoding step but not during voting
(Loss et al., 2011; Moreno et al., 2012). When applying tensor voting to scalar
images these strategies could potentially have a limiting effect depending on
the way the tensor voting input is defined. We argue that it could be beneficial
to use the full image data not only in the encoding but also during the voting
step.

Aims:

• propose a problem formulation in which all image information is directly
encoded within the voting space

• evaluate and compare two alternative problem formulations
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3.2 Tractography and Machine Learning

Study III MLP-based modelling of single step prediction in streamline tractogra-
phy

Motivation: Approaches from literature that employ ML at the core of
tractography report superior performance on a synthetic dataset compared
to traditional tractography algorithms (Neher et al., 2017). However, the
overall performance as assessed by the Tractometer tool (Côté et al., 2013)
leaves room for improvement at this point. That raises the question of the
influence of particular modelling choices for ML-based approaches to stream-
line tractography.

Aims:

• assess the influence of architectural choices on local performance metrics:

– Should neighbourhood information be included in the network input
or as a post-processing approach?

– Should classification or regression be used?
– Should information on streamline ’history’ be used?

Study IV Tractography and Machine Learning: current state and open challenges

Motivation: In recent years, several ML-based tractography methods have
been proposed (Poulin et al., 2017; Wegmayr et al., 2018; Benou and Rik-
lin Raviv, 2019). However, at this point none has been established as an
alternative to traditional tractography methods in practice. This poses the
question: What are these methods capable of, what are their strengths and
limitations, and what are challenges that might inhibit the progress of the
field currently and in the near future?

Aims:

• list and assess the capabilities and limitations of machine learning-based
tractography methods proposed in literature

• list and assess available data sets and evaluation frameworks for these
methods

• identify present limitations and emphasise key challenges for the devel-
opment of the field in the future
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Study V Deep Learning-based tractogram filtering

Motivation: Despite the developments in the field, state-of-the-art tractog-
raphy pipelines produce a large amount of streamlines that are difficult to
interpret in terms of known anatomy (Maier-Hein et al., 2017). This was the
motivation for several works to extract subgroups of tractograms based on the
definition of either plausibility to relate streamlines to known anatomy (e.g.
Garyfallidis et al. (2018); Wasserthal et al. (2018)), or implausibility to relate
streamlines to characteristics that are deemed ‘anatomically uninterpretable’
(e.g. Petit et al. (2019)). However, as of today it is difficult to combine the
information obtained from different of these tools together with the goal of
separating a tractogram into only two groups of ‘plausible’ and ‘implausible’
streamlines.

Aims:

• propose a way to combine different sources of information to group
streamlines based on their plausibility

• develop a tool that is efficient and easy to use for classifying individual
streamlines following the proposed grouping

• assess the value of different input modalities for the prediction of the
introduced grouping

3.3 Neuroimaging study of unilateral ear canal atresia

Study VI The impact of unilateral ear canal atresia on grey matter morphology
and functional connectivity

Motivation: In patients suffering from UCA, the acoustic stimulation of
the inner ear on one side is inhibited. While nowadays several treatment
options ensuring bilateral sound input exist even for early ages (Neumann
et al., 2019; Vogt et al., 2018; Leinung et al., 2017), a detailed validation of
treatment outcomes remains open. For such a validation, it is important to
assess the effect of length and intensity of acoustic stimulation on other higher
order functions of the brain. One way of investigating this is the study of the
effect of the absence of treatment in childhood in UCA patients with modern
neuroimaging tools.

Aims:

• assess differences in grey matter morphology and functional connectivity
between UCA patient group and control group



Chapter 4

Methodology

4.1 Extensions of tensor voting for medical image analysis

Studies I and II of this thesis investigated different extensions to the classical ten-
sor voting formulation and assessed them in two particular application cases of
medical image analysis. In Subsect. 4.1.1 we give a brief overview of both studies
before introducing the most important aspects of the proposed extensions of the TV
method individually in Subsect. 4.1.2, 4.1.3 and 4.1.4. For a detailed description
of the methodologies refer to the full version of the papers appended in Part II of
this thesis.

4.1.1 Study overview

Study I In Study I we propose a method, called CluTV, in order to obtain
structure estimates in locations of multiple, intersecting structures. As application
example to showcase our method we chose diffusion tensor imaging (DTI) of the
human brain. Estimating the structure of WM through DTI brings difficulties in
regions of crossing fibres which cannot be represented adequately with the diffusion
tensor model. In the paper of Study I, we described how to map the DTI data into
the input domain of TV, how to analyse the voting results in the presence of crossing
fibres (cf. Subsect. 4.1.2), how to alleviate artifacts introduced by the imaging grid
(cf. Subsect. 4.1.3) and how to apply the method in an iterative fashion.

Study II In this study we explore approaches that allow the direct application
of TV to scalar image data without the need of preprocessing. We investigate
the characteristics of two proposed formulations by the example of blood vessel
segmentation in CTA data. In the paper of Study II we introduce the formulation
of a 4D and a 3D TV method for scalar images and investigate their potential for
centerline extraction of tube-like objects (cf. Subsect. 4.1.4), e.g. blood vessels.

25
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45◦ 30◦

Figure 4.1: Grid artifact in voting of parallel, one-dimensional structure estimates. The
red ellipse shows the resulting structure estimate obtained through summation of votes
from neighbouring voxels. Voxel centers are indicated as , stick tensors as black lines,
voting paths as dotted lines.

4.1.2 Clustering of votes

Due to the fact that in TV structural information is encoded in second order ten-
sors, multiple structures that intersect each other at a particular location usually
contribute to isotropy of the resulting tensor. This can mean that the tensor is
either close to a plate (in a two-dimensional intersection) or to a ball (in a three-
dimensional intersection). Schultz (2012) proposes to address this problem by using
higher order tensors for structure representation. In contrast to that, in Study I,
we proposed to utilise spherical clustering of the received tensor votes instead of
the common tensor summation. With this approach, the tensor representation and
voting rules of classical TV remain unchanged. Additionally, the idea of clustering
can be easily applied also to plate votes, even though in Study I we only investigate
it by the example of stick votes.

In order to analyse the local stick votes, we group them into clusters and inter-
pret each cluster as a descriptor of an individual structure present at the analysed
location. For clustering, we employ the mean shift algorithm together with von
Mises-Fisher kernel functions (Kobayashi and Otsu, 2010). The first eigenvectors
of the stick tensors represent the samples to be clustered, each of which is addi-
tionally weighted by the stick saliency, i.e. λ1 − λ2 (Cheng, 1995). Since the stick
tensors encode orientation and not directions1, we use the antipodally symmetric
part of the vMF kernel which in (Moakher and Basser, 2015) is defined as

f(e1,µ;κ) = Cf (κ)cosh(κe1 · µ) , (4.1)

where e1 is a sample vector and µ is the center of the kernel. The parameter κ
determines the width of f and is a parameter of CluTV.

4.1.3 Random sampling of votes

The information that is utilised to infer structural estimates in TV is the location
of samples in R3. In the course of Study I it occurred that due to the chosen voting

1That means, v ≡ −v.
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scale (σ = 1mm) the coarse imaging grid (2mm spacing) led to undesired behaviour
in the structure estimation (cf. Fig. 4.1). In order to address this problem, we intro-
duced a two-step voting procedure in continuous coordinates while still performing
the vote analysis on voxel level. First, all votes are cast to randomly sampled po-
sitions around each voter. Second, the votes within a certain radius around each
receiving voxel center are collected and analysed with the cluster approach from
Subsect. 4.1.2. This strategy introduced two further parameters in CluTV, namely
the number of sampling points as well as the collection radius for each voxel.

4.1.4 Tensor voting for scalar input data

As expressed in Subsect. 4.1.3, the common way of applying TV to scalar image
data is to first determine the locations in which certain structural features occur
and then use these features for initialisation of TV at these locations. In Study II,
we proposed two alternative approaches which do not require preprocessing of the
image data. Instead, all image data is directly processed with these approaches.

Both approaches rely on the assumption that image locations that belong to the
same structure have similar intensities. To incorporate this in the TV formulation,
we choose to steer the voting process with the intensity difference between voter and
receiver. The central idea is that in the case of large intensity differences voter and
receiver belong to different structures and no voting takes place. We implemented
this idea in two different ways. The general concept is further explained in Fig. 4.2.

4D formulation One way to regard the image intensities is to consider a scalar
image as a three-dimensional hypersurface in a four-dimensional space. Treating
the image values as coordinates along an additional axis, an image I determines a
set of 4D points as

Ω4
I = {(x, y, z, t) ∈ R4 | I(x, y, z) = t}. (4.2)

Using the TV formulation for n-dimensional data by Mordohai and Medioni (2010),
we can directly apply TV to the point cloud Ω4

I obtained from I.
Since the features obtained from the voting process are described as tensors in

the four-dimensional space of spatial and intensity dimensions, their interpretation
is not straightforward. In classical TV, a tensor is analysed by means of its stick,
plate and ball components, i.e. a 1D, 2D and 3D feature. Extending this concept to
four dimensions, we can decompose a 4D tensor into a 1D, 2D, 3D and 4D feature. In
order to interpret these features, in Study II, we proposed to distinguish two regimes
based on the magnitude of the angle between the intensity axis and the particular
n-dimensional tensor feature. Table 4.1 shows our suggested interpretations, and
Fig. 4.2 (bottom row) outlines the concept in a simplified example.

For the detection of curve-like structures in the image data, Table 4.1 may
suggest to look either for a 2D or for a 3D feature, depending on the expected
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Figure 4.2: Principle idea of tensor voting for scalar data images. Top row: Voting
occurs between different locations with similar intensities. If the difference is too large
(determined by σI) voting is omitted. Bottom row: In the case of our 4D formulation,
the eigendecomposition of the accumulated votes aids the interpretation of the four cases
depicted in this figure. In case of normal space encoding, alignment of the first eigenvec-
tor with the intensity axis indicates similar intensities, alignment with the spatial axes
indicates dissimilar intensities.

intensity profile. Based on that, we define two curve detectors as

c3 = {x ∈ Ω3
I | arg max

i
(si(x)) = 3 ∧

∣∣∣θ(3)
I (x)

∣∣∣ < αthreshold} (4.3)

and

c2 = {x ∈ Ω3
I | arg max

i
(si(x)) = 2 ∧

∣∣∣θ(2)
I (x)− 90◦

∣∣∣ < αthreshold}, (4.4)

where si and θ
(i)
I are the saliency of the i-dimensional tensor feature and the angle

between this feature and the intensity axis, respectively, Ω3
I is the set of discrete

voxel locations in the three-dimensional image space, and αthreshold is a parameter
that determines the tolerance to angular deviations. In accordance with Table 4.1,
c3 contains curve candidates in the homogeneous intensity regime, c2 those in the
inhomogeneous regime.

For a more detailed explanation of these concepts refer to the appended paper
of Study II.

3D formulation Alternatively, instead of introducing a fourth dimension in the
voting space, the intensity differences could be regarded in terms of an additional
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Table 4.1: Interpretation of tensor shape and orientation in 4D space (3D spatial + 1D
intensity). Here, the ‘iD normal space’ is spanned by the first i eigenvectors of a tensor.
A large saliency si indicates its importance for the overall tensor shape.

Angle
θ

(i)
I

1D
normal
space

2D
normal
space

3D
normal
space

4D
normal
space

small homogeneous
volume

homogeneous
surface

homogeneous
curve

inhomogeneous
volume

large inhomogeneous
surface

inhomogeneous
curve

inhomogeneous
volume -

Gaussian leading to a decay of the weight in stick voting (cf. Eq. 2.1). This can

be easily implemented by a multiplicative factor of e−
(

∆I
σI

)2

applied to the original
weight decay.

Since with this approach the voting domain is three-dimensional, the usual inter-
pretations of accumulated tensor votes in terms of stick, plate and ball components
can be applied. Curve-like structures are expected to be detected through the 2D
feature in the case of normal space encoding.

4.2 Tractography and Machine Learning

Studies III–V of this thesis dealt with the application of neural networks in the
field of dMRI tractography. Study III and V include the development of new
methods, while Study IV is a literature review and perspective of ML approaches for
tractography. In Subsect. 4.2.1 we give a brief overview of the scope of this section
before introducing the key methodological aspects in Subsections 4.2.2, 4.2.3, 4.2.4
and 4.2.5. For more details refer to the appended versions of the corresponding
papers.

4.2.1 Overview

In recent years, the limitations of the method of tractography have been the topic
of different studies (cf. Subsect. 2.3.2). Inspired by the success of neural networks
and DL in other domains of medical imaging, researchers hope to achieve a ‘better
performance’ using these tools for tractography. This is already observable through
the increased number of papers proposing NN-based methods in this realm in the
last few years. However, as of today, none of these methods has been established as
state-of-the-art, and the potential to overcome well-known problems of tractography
remains to be shown.

In the three studies of this section we focused on different aspects of ML-
based tractography. Study III aimed at assessing the influence of different choices
for NN architecture and input data in the creation of a tractography model (cf.
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Subsect. 4.2.3). In Study IV, we reviewed the state-of-the-art of ML-approaches
for tractography and available datasets and frameworks for evaluation (cf. Sub-
sect. 4.2.2). Finally, Study V proposes a strategy for the creation of data labels (cf.
Subsect. 4.2.4), and showcases the training of an NN-based model for tractogram
filtering (cf. Subsect. 4.2.5).

4.2.2 State-of-the-art DL for tractography

The idea of applying ML as a tool for tractography is a relatively new idea and
the number of relevant publications is still rather low. However, the comparison of
the proposed methods is not straightforward. Publicly available datasets are still
scarce, and so far, there is no suitable evaluation framework that could be employed
to assess different design choices across methods.

In Study IV, we reviewed the literature of proposed ML-based tractography meth-
ods and available annotated datasets with the goal to emphasise limitations that
could inhibit the development of new ML-based methods. Based on that we de-
rive desirable properties of an evaluation framework that is suitable to compare
ML-based approaches. For our review of proposed methods, we had the following
requirements:

• The method is a supervised ML approach.

• The method is published in any of the following ways:

– in a peer-reviewed journal

– in a conference

– on arXiv (www.arxiv.org)

– on biorXiv (www.biorxiv.org).

• The method provides a model that predicts the streamline orientation. That
excludes e.g. prediction of ODFs.

The datasets that we reported fulfill the following requirements:

• The dataset comprises dMRI data and streamlines.

• For evaluation, the dataset fulfills any of the following constraints:

– Evaluation metrics are clearly defined.

– At least 50 subjects are included.

• The dataset is publicly available or mentioned in a research paper.

Note that the review considered only available sources available up until December
2019.

www.arxiv.org
www.biorxiv.org
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Table 4.2: Overview of varied ‘hyperparameters’ in our streamline prediction experi-
ments.

Varied aspect Choices

Input data DWIs (nearest neighbour or linear interpolation):
• at center position
• within a neighbourhood around the center
previous directions, i.e. v−1, v−2

Network architecture single branch
multiple branches

Type of prediction 100, 200 or 500 classes
regression

Post-processing none
of classifications linear model over classes

directional prior
neighbourhood ensemble

4.2.3 Prediction performance of local streamline orientation

The work of Neher et al. (2018) was the first to explore the use of ML to directly
generate streamlines. While the potential of RFs for this task was clearly shown,
the reported performance still leaves room for improvement. In view of their success
in other fields, especially NNs are a natural choice to employ in the prediction of
streamline progression.

In Study III we investigate the use of MLPs for that purpose. In particular,
we aimed at investigating how different design choices regarding the NN archi-
tecture, the input data, the type of the prediction problem, as well as different
post-processing strategies influence the prediction performance of our model. In
order to assess the latter, we relied on the angular difference between the model
prediction and the ground truth streamlines from a synthetic phantom (Maier-Hein
et al., 2017). The thought behind this assessment was to isolate the effect of local
prediction errors from the problem of error propagation. These two would be mixed
in an evaluation like the tractometer tool (Côté et al., 2013). Table 4.2 lists the
investigated aspects.
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4.2.4 Combining information sources to define plausibility of
streamlines

Defining the samples and their corresponding targets for a supervised learning prob-
lem is one of the most important, yet also among the most challenging steps to
perform. In the particular problem of tractogram filtering, i.e. the grouping of
a tractogram optimally into plausible and implausible streamlines given the WM
anatomy, it could even be seen as impossible to define a ground truth in practice.
On the one hand, the class of implausible streamlines could theoretically contain
arbitrary trajectories, that means it is difficult to sample. On the other hand, any
definition of the plausible class could be either incomplete as well, e.g. missing defi-
nition of unknown bundles, or be controversial in terms of variability among human
annotators (Rheault et al., 2020a; Bayrak et al., 2019). This depicts a challenge for
any NN model that goes beyond the replication of a single available method.

In Study V, we use four different strategies that provide information on stream-
line plausibility: TractQuerier rules (Wassermann et al., 2016), a Recobundles atlas
(Garyfallidis et al., 2018), TractSeg masks (Wasserthal et al., 2018), and anatomy-
inspired filtering. Interpreting each of them as a binary classifier for the above-
mentioned problem of tractogram filtering, we propose specific deterministic rules
that define how to combine them in order to obtain one unified labeling method.
Instead of the grouping based on two classes introduced in the previous paragraph,
we define three streamline labels, namely, plausible (P), implausible (N) and unde-
fined (U). With this relaxed problem definition, we aim to circumvent the difficulties
from above. In the following, we will refer to the classification of P, N and U as the
three-class problem.

In our experiments on twenty HCP subjects, we analysed the distribution of
labels obtained from each of the four employed methods, from their direct combi-
nation into sixteen classes as well as from the proposed mapping in the three-class
problem.

4.2.5 Deep classifier for streamline plausibility labels

Training a NN model requires the definition of meaningful labels. As mentioned
above, this task is not straightforward especially in the context of tractogram fil-
tering. In Study V we utilise the proposed formulation of the three-class problem
in Sect. 4.2.4 to create a model that is able to group streamlines in a tractogram
into three groups by assigning one of the labels P, N and U to each streamline.
Such a model provides the advantage of computational efficiency as compared to
the individual application of the four underlying methods.

In our experiments, we chose a model architecture which processes different
kinds of input information per streamline—namely T1w data, a landmark-based
shape descriptor, SH coefficients of the DWIs, region labels from aWM parcellation,
as well as the streamline coordinates—in independent branches of the network. By
training models in several scenarios in which we selectively replace certain input
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values with Gaussian noise, we aim to assess the value of different input data for the
prediction performance. The latter is measured by means of accuracy, precision and
recall considering the sixteen classes, the three-class problem, and the prediction
of the individual underlying methods. Again, we trained our model on the data of
twenty HCP subjects.

4.3 Imaging-based analysis of unilateral ear canal atresia

Study VI is part of a larger project of investigating the effect of unilateral ear canal
atresia on the development of the human brain with different imaging modalities.
The results of Study VI focused on the analysis of T1w and T2w (cf. Subsect. 4.3.2)
as well as fMRI data (cf. Subsect. 4.3.3).

4.3.1 Overview

Nowadays, several treatment options exist for UCA patients. However, the valida-
tion of treatment outcomes is still an open problem. The goal of Study VI was to
investigate the effect of missing aural stimulation in childhood in UCA patients on
the brain development. This could potentially also provide valuable insights for the
assessment of different treatment methods.

In conducted study, we collected data from eighteen patients with UCA in the
age of 18–45 years with associated conductive hearing loss that had not received
treatment in terms of hearing aid or successful ear canal surgery before the age of
twelve years. For comparison, a control group of age- and gender-matched partic-
ipants was examined as well. Audiometry was employed in both groups to assure
that the hearing capability of the inner ear was deemed ‘normal’. The purpose of
this was to exclude sensori-neural pathologies of the auditory system as potential
reasons for prospective differences found in the image-based analyses.

4.3.2 Structural MRI measures

With the purpose of assessing GM differences between the two groups, we used the
software FreeSurfer to segment 34 ROIs per hemisphere based on the T1w and T2w
images using the Desikan-Killiany atlas (Desikan et al., 2006). For each ROI, we
computed the cortical volume (CV), normalised by the total intracranial volume
(Schwarz et al., 2016), and the cortical thickness (CTh).

We tested for significant differences in CV or CTh between both groups using
the Wilcoxon signed rank test. To augment the results from statistical testing, we
further assessed the value of CV and CTh in different regions measured by the
variable influence on projection (VIP). This measure was obtained from a classi-
fier which was trained before to distinguish patients from controls based on the
individual CV and CTh values of all regions.
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4.3.3 Functional MRI measures

Using SCA of rs-fMRI data, we aimed to identify GM regions that show a similar
time course of the BOLD signal, i.e. they share the same pattern of activation
over time, as regions that are known to be part of the auditory system. For that
purpose, we defined three ROIs per hemisphere located in the auditory cortex. Sub-
sequently, we obtained a correlation map for each ROI by correlating the acquired
rs-fMRI time series, averaged over all voxels in the particular region, with the time
series of each of the other voxels in the brain. Non-parametric permutation test-
ing employing Student’s t-statistic was used to compute voxel-wise p-values for the
null-hypothesis of ‘no group differences’. Finally, we extracted clusters from the
p-value maps, thresholded at 0.02, in order to locate regions of consistent group
differences.
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Results

5.1 Extensions of tensor voting for medical image analysis

5.1.1 Study I: Vote clustering and random sampling

In order to assess the capability of our method, termed CluTV, to extract orienta-
tion information of fiber populations in crossing regions, we compare our method
with the work of Schultz (2012) referred to as HOTV. Table 5.1 reports the results
for different synthetic data scenarios. We observed a similar fraction m of voxels
with a correct number of reconstructed fiber populations for both methods. The
average angular deviation per fiber population, σ∆θ, lies in a similar range as well.
However, for the example CircLine, the angular error seems to spread more for
HOTV than for CluTV.

We check the results of CluTV visually in several synthetic data examples (cf.
Fig. 5.1.a-c). As can be seen from Fig. 5.1.a, the proposed algorithm is not impacted
by the rotation of the crossing structure with respect to the image grid. Further,
it can handle crossing angles of different magnitude (cf. Fig. 5.1.a and Fig. 5.1.b).
Also the more challenging example of a circular shape can be reconstructed (cf.
Fig. 5.1.c). However, the weights of the clusters belonging to the curved structure
are weak in the center of the crossing region. These observations can also be seen
when applying CluTV to real data (cf. Fig. 5.1.d). The information from different
fiber populations can be extrapolated in the center of the depicted crossing region.
However, also the effect of weak cluster weights in the center of complex crossing
regions becomes obvious.

35
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Table 5.1: Comparison of Schultz (2012) (HOTV) and our method (CluTV) using scale
σ = 2 and one iteration.

HOTV CluTV

data set m ∆θ σ∆θ m ∆θ σ∆θ

Cross90

SNR: ∞ 1.00 1.8◦ 1.0◦ 0.99 1.7◦ 0.9◦

SNR: 15 0.96 5.9◦ 6.6◦ 0.96 4.1◦ 4.1◦

Cross70

SNR: ∞ 1.00 2.2◦ 1.5◦ 0.98 1.7◦ 1.0◦

SNR: 15 0.83 7.6◦ 7.7◦ 0.83 5.9◦ 5.6◦

CircLine

SNR: ∞ 0.97 10.5◦ 12.4◦ 0.98 6.3◦ 5.5◦

SNR: 15 0.91 14.9◦ 17.1◦ 0.84 8.0◦ 6.1◦

m: fraction of voxels with matched fiber populations compared to ground truth;
∆θ: mean angular deviation in matched voxels; σ∆θ: standard deviation of ∆θ

a. Cross90 (four iter.) c. CircLine (four iter.)

b. Cross70 (three iter.) d. Centrum semiovale (three iter.)

Figure 5.1: Sections of vMF-ODFs obtained with our method (σ = 1). a-c. Synthetic
examples with b = 1000 s/mm2 and SNR = 15. d. Coronal section of real data (b =
1000 s/mm2, 64 gradient directions, 2mm isotropic voxel size).
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Figure 5.2: Effect of noise on tensor voting results in homogeneous intensity regions.
Depicted are the average saliencies of the tensors after two 4D voting passes (ball voting,
generic voting) in a 7 × 7 × 7 neighbourhood of homogeneous intensity with additive
Gaussian noise of standard deviation σnoise = 5 (first row) and σnoise = 10 (second row).

5.1.2 Study II: Input embedding in voting space

Interpretation of 4D tensors We investigated the validity of our proposed
interpretations of the different tensor shapes in experiments on synthetic data.
Figure 5.2 shows the resulting saliencies after voting in a homogeneous intensity
region in presence of additive Gaussian noise. Depending on the chosen weight for
the intensity dimension, σI , the largest saliency value corresponds to the proposed
interpretations in Table 4.1 for a volume structure. For low, medium and high
values of σI the largest saliencies are expected to be s1, s4 and s3, respectively.
This separation depends not only on the combination of σspace and σI , but also on
the noise level in the data. It can be seen that an increase in σspace and an increase
in σnoise have reverse effects on the saliency curves in dependece of σI . Further
reported results correspond to the choice of σnoise = 5 and σspace = 4.

Figure 5.3 shows the results for a tube structure with Gaussian intensity profile
placed in an oblique way in the image volume and additive Gaussian noise (σnoise =
5). Our 4D tensor voting approach was performed with σspace = 4. As expected
from the results in Fig. 5.2, far from the tube center the volume structure is detected
by a large value of s1 or s4, depending on the value of σI . Further, at distances
close to the center of the tube, the maximum saliency is given by s3 for low σI and
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Figure 5.3: Saliency profiles si perpendicular to tube direction after two passes of 4D
tensor voting (ball voting, generic voting) with varying intensity scale σI and fixed spatial
scale σspace = 4 on tube data with Gaussian intensity profile (σtube = 4) and noise level
σnoise = 5. Distance to tube centre is indicated on the horizontal axis.

by s2 for larger σI . This is in line with the interpretations of a one-dimensional
structure as presented in Table 4.1.

Application to vessel centerline detection We investigated the potential of
the proposed 4D TV method to detect the centerline of a tubular structure quanti-
tatively on the mentioned tube example. Table 5.2 reports the performance of the
two proposed detectors (cf. Eq. 4.3 and Eq. 4.4) in terms of closeness of detected
points to the tube center (inliers and spec, see caption of Table 5.2), and angular
error of the estimated tube orientation (∆θ). As before, for low σI the targeted
shape is captured by the three-dimensional feature tensor, while for higher σI it
shows up in the two-dimensional feature. The ratio between inliers and tube candi-
dates, denoted spec, shows that both detectors identify mostly voxels that are close
to the tube center in the noisy scenario (between 70–100%). In the noiseless case,
the detected voxels spread more for both detectors, while for c2 the concentration
around the center remains higher than for c3. It can be seen, that the estimation of
local tube orientation is similar for both detectors in the absence of noise. However,
c2 is more accurate than c3 for σnoise = 5. For the quantitative evaluation of the
3D TV approach, see (Jörgens and Moreno, 2017).

We compared the proposed 4D formulation of tensor voting with the simpli-
fied 3D alternative (cf. Subsect. 4.1.4). Figure 5.4 shows the separation of image
structures in a CTA volume taken from (Kirişli et al., 2013) obtained with both
methods. Voxels that are potential vessel centerline candidates are detected as a
two-dimensional structure in both cases (column ‘2D’). It is apparent that the 3D
TV approach extracts more voxels around the center of the vessels. On the other
hand, the 4D TV method is more specific in detecting voxels only close to the
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Table 5.2: Results of tube detection for Gaussian intensity profile (σtube = 4) after
two passes of 4D TV (ball voting, generic voting, σspace = 4). Points are classified
based on detectors c3 (hom. intensity, Eq. 4.3) and c2 (inhom. intensity, Eq. 4.4) with
αthreshold = 5◦. Detected points exhibiting a distance to the tube centre of less then
2 voxel lengths are treated as inliers. The ratio between inliers and tube candidates is
denoted spec, the mean angular error between the estimated tube orientation for inliers
and the ground truth is ∆θ (in degrees).

σnoise = 0 σnoise = 5

detector σI inliers spec ∆θ inliers spec ∆θ

c3

0.5 124 0.19 3.68 136 0.72 14.48
1 218 0.52 3.00 149 0.89 9.93

1.5 248 0.53 3.71 143 0.89 9.61
2 200 0.71 3.38 79 0.94 9.08
3 4 1.00 0.71 6 1.00 10.83
4 0 - - 0 - -

c2

1.5 0 - - 0 - -
2 4 1.00 0.82 0 - -
3 62 1.00 1.84 8 1.00 3.35
4 141 0.72 2.66 50 0.98 4.63
5 177 0.62 3.09 123 0.9 5.44
10 231 1.00 3.06 220 0.99 4.41

centerline. However, not all are captured in the two-dimensional feature (column
‘2D’), but some also show up in the three-dimensional feature map (column ‘3D’).

Figure 5.5 shows the orientation estimates in detected voxels using 4D TV (with
detector c2) and 3D TV obtained in a few slices of the same CTA volume. As already
seen in Fig. 5.4, the 3D approach detects more voxels as centerline candidates. But
both approaches result in consistent and visually reasonable estimates of the local
vessel orientations.
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Figure 5.4: Classification of salient structures in exemplary slice of CTA data set after
two passes of 4D TV (ball voting, generic voting) and 3D tensor voting with scale σspace =
4 and σI = 5. In the i-th column only those voxels of the input data for which si is the
largest saliency map are shown. For both methods, tube candidates are found as 2D
structures (cf. Table 4.1).

a.

b. c.
Figure 5.5: Estimated orientations for detected tube candidates in CTA data (σspace = 4,
σI = 5). Results are shown for 17 subsequent slices in the area indicated in red. a. slice
8 out of 17 of CTA input data b. 4D TV (detection with c2) c. 3D TV
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Strategy v−1 only v−1 and v−2

A (NN) 4.56◦ ± 3.38◦ 3.08◦ ± 2.62◦

A (lin) 4.30◦ ± 3.26◦ 3.10◦ ± 2.60◦

B (NN) 5.05◦ ± 3.55◦ 3.90◦ ± 2.78◦

B (lin) 4.40◦ ± 3.17◦ 4.32◦ ± 2.80◦

B∗ (NN) 4.55◦ ± 3.34◦ 3.25◦ ± 2.61◦

B∗ (lin) 3.86◦ ± 3.08◦ 2.85◦ ± 2.52◦

Table 5.3: Average angular error and
standard deviation of regression-based
predictions on test data. In all experi-
ments, the widths of the corresponding
99% confidence intervals for the mean lay
in [0.05◦, 0.06◦]. The particular best re-
sult per column is marked in bold. Mid-
dle column: Including only the last step
(v−1) in the input. Right column: In-
cluding the two previous steps (v−1 and
v−2) in the input.
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Figure 5.6: Analysis of step angle between v−1 and next step in ground truth trajectory
in relation to the angular prediction error. The results are based on classification-based
networks (500 classes) trained with strategy A (lin) and subsequent processing with Pnghb.
The identity is indicated as a dashed line.

5.2 Tractography and Machine Learning

5.2.1 Study III: Prediction of local streamline orientation

In our experiments, we did not find a clear indication to favour one of the employed
architectures, or one of the interpolation approaches. However, it was clear that
when using the classification approach, the additional application of a linear model
was necessary to improve performance. The choice of a large number of classes
(500) and application of post processing of the raw classifier output could achieve
a similar performance as a regression approach. Refer to Table 1 in (Jörgens et
al., 2018) for detailed results. Adding a the last two steps was clearly improving
the performance in most evaluated settings with a regression-based network (cf.
Table 5.3).
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Table 5.4: Tractometer results. The bundle and connection (%) metrics are streamline-
oriented metrics whereas the avg. bundle (%) metrics are volume-oriented metrics

Model Bundles Connections (%) Avg. bundle (%)

VB IB VC IC NC OL OR F1

RF 23 94 52 N/A N/A 59 37 61
GRU 23 130 42 46 13 64 35 65
MLP 23 57 72 N/A N/A 16 28 26
GRU (DeepTract) 23 51 41 33 23 34 17 44

RF: Neher et al. (2017); GRU: Poulin et al. (2017); MLP: Wegmayr et al. (2018); GRU
(DeepTract): Benou and Riklin Raviv (2019); VB: valid bundles; IB: invalid bundles; VC: valid
connections; IC: invalid connections; NC: no connection; OL: overlap; OR: overreach; F1: F1
score

Figure 5.6 shows the angular error in relation to the local curvature of the
ground truth trajectories. We compare the predictions produced by a model with
architecture A (lin) with 500 classes and Pnghb, when supplying only v−1 as com-
pared to two previous steps, i.e. v−1 and v−2. One can see that in case of one
former direction the prediction error grows with larger curvature. This suggests
that the model is biased towards prediction of small angles. When adding also the
second last step direction to the input, the angular error is decreased for samples
at locations of larger streamline curvature.

5.2.2 Study IV: Review of the state-of-the-art

In our review, we identified eight different publications proposing ML-based ap-
proaches for tractography and eleven that introduce annotated tractography data-
sets. For assessing the current state of the field, a structured comparison of the
proposed methods was only possible for four out of the eight methods. All these
had in common that they report results obtained from testing on the ISMRM 2015
tractography challenge synthetic phantom. Table 5.4 summarises the reported per-
formance metrics. It is obvious that the methods differ in their strengths, which
reflects in a different ranking for each of the metrics.

Table 5.5 lists different aspects of the experimental data in which the methods
from Table 5.5 differ from each other. These differences in experimental conditions
in addition to several different design choices in the algorithms render the identifica-
tion of conclusions from Table 5.4 challenging. Based on these findings we identified
the need for a common structured evaluation approach specifying input data, data
labels and performance metrics, as a central factor to advance the developments in
the field of ML-based tractography.
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Table 5.5: Differences in employed data between selected ML-based tractography ap-
proaches. Note that only methods published before December 2019 are listed.

Method Prepro-
cessing

WM mask Training data Reference
streamlines

RF dwidenoise
+ dwipreproc

not needed HCP, 5 subj. CSD (det.)

GRU none ground truth synth., 1 subj. CSD (det.)
MLP dwipreproc N/A HCP, 3 subj. iFOD (prob.)
DeepTract N/A not needed synth., 1 subj. Q-Ball (prob.)

RF: Neher et al. (2017); GRU: Poulin et al. (2017); MLP: Wegmayr et al. (2018); DeepTract:
Benou and Riklin Raviv (2019)

5.2.3 Study V: Deep classifier for streamline plausibility labels

We analyse the distribution of labels obtained with four different strategies (cf.
Subsect. 4.2.4) in 20 HCP subjects, summarised in Fig. 5.7. Simply combining the
labels of the individual supervisor strategies results in highly unbalanced classes
(see Fig. 5.7 on the left). However, combining these classes into only three based
on their proposed interpretations (cf. appended manuscript of Study V for details)
results in a reasonable class balance (see Fig. 5.7 on the right). That enables us to
train a neural network to replicate the three-class labeling. It is worth noticing that
the classes that we identified as undesired borderline cases show a low incidence in
the data (see star-markers in Fig. 5.7).

Our trained model achieved an accuracy in the three-class problem of about
80%, while the composition classes with an accuracy of approx. 40% are more
difficult to learn (dashed lines in Fig. 5.8). We further assessed the value of the
different input modalities for the prediction of the different problems. Figure 5.8
shows that the streamline coordinates (xyz ) contain enough information to achieve
almost the same performance as the baseline model. While all other modalities
result in a worse performance, the diffusion signal (SH ) still outperforms the other
three modalities.



44 CHAPTER 5. RESULTS

nnnn
nnnp

nnpn
nnpp

npnn
npnp

nppn
nppp

pnnn
pnnp

pnpn
pnpp

ppnn
ppnp

pppn
pppp

Combination of labels

0

10

20

30

Fr
ac

tio
n 

of
 s

tre
am

lin
es

 in
 %

POS
18.08%

U
49.45%

NEG

32.47%

POS U NEG

Figure 5.7: Average number of streamlines per combination of supervisor labels and
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star marker.Right: Further grouping of the labels in the three-class problem (cf. Sub-
sect. 4.2.4) results in the distribution of the classes POS ( ), NEG ( ) and U ( ) depicted
in the pie chart. Note that the coloring of the combinations of labels in the bar chart on
the left corresponds to the grouping of the three-class problem shown on the right.
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Figure 5.8: Accuracy achieved with different model inputs. Accuracy considering sixteen
classes, three classes and averaged over individual supervisor labels are reported for the
same model architecture trained on different input modalities. Dashed lines indicate the
performance of our model using all input modalities.
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Figure 5.9: VIP values for CTh and CV in different cortical ROIs. Regions with uncor-
rected p-value of less then 0.05 are highlighted in color. ROIs are ranked by the sum of
the two VIP values and only the top 20 are shown.

5.3 Imaging-based analysis of unilateral ear canal atresia

5.3.1 Study VI: Neuroimaging study of unilateral ear canal
atresia in humans

The analysis of CTh and CV between AG and CG did not reveal significant differ-
ences in any of the investigated cortical regions. However, prior to p-value correction
accounting for multiple comparisons, certain regions showed uncorrected p-values
below the significance threshold. As shown in Fig. 5.9, some of these were also
ranked the highest in terms of their predictive value for separating AG and CG.

In the seed-based connectivity analysis, differences in functional connectivity
were only found with respect to the planum polare. Three clusters consisting of
more than 30 voxels were found close to the precuneus cortex, right middle frontal
gyrus / right superior frontal gyrus and right precentral gyrus (cf. Fig. 5.10). Note
that the largest cluster is found at the precuneous cortex which was also highlighted
by the analyses of the structural MRI data.
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Figure 5.10: Clusters (> 30 voxels) of group differences in functional connectivity to
planum polare. Activations are shown in red. Light-blue: right and left precuneus cortex ;
green: right middle frontal gyrus; yellow: right superior frontal gyrus; dark blue: right
precentral gyrus



Chapter 6

Discussion

6.1 Rule-based and learning-based models

Enabled through the recent advancements of computational architecture, and the
opportunity to create powerful models in various domains in a reasonable time,
learning-based models have gained importance. Undoubtedly, DL-based methods
have proven their potential to outperform classical rule-based methods in many
different scenarios. Along with this, how models in both categories are developed
has changed as well. This process is rooted in the different paradigms that these
two approaches follow.

In the case of rule-based models, the available knowledge about the targeted
concept is encoded in explicit rules. Designing such a model entails finding an
abstraction of a concept or an object and its formalised description is the model
itself. In other words, the generalisation of a concept is manually worked out, often
based on examples of instances of that concept. Then, in a subsequent step, this
generalisation is either adapted to a particular dataset, e.g. to calibrate specific
parameters, or tested on a dataset in order to provide evidence that the proposed
model is meaningful. It must be remarked, however, that even before the testing
phase, the rules in such a modelling process are usually supported by evidence from
experiments or deductions from knowledge about the modelled concept. All in all,
the direction of development is from general to specific, i.e. the data.

On the other hand, with learning-based strategies, the available knowledge is
carried by an often large number of instances of the targeted concept and not
expressed in explicit rules. While some choices that influence the architecture of
the learned model are taken prior to the training process, these often aim at easing
the optimisation process, and not at closely describing the targeted object. Here,
rules determine the way to obtain a model, but not the model itself. With this
approach, the goal is to find a generalisation from several specific instances. That
means the paradigm is reversed to the rule-based approach, from specific to general.

These two paradigms result in differences in the value of a model, i.e. a gener-

47
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alisation, that both eventually provide. In the case of rule-based models, available
knowledge is used in the design process and encoded in the model in the form of
rules. That means, that the model is meaningful in itself, independently of any
data samples. Even if it would not be useful to draw conclusions when used with a
particular set of (specific) samples, it is possible to argue about its validity based
on the design process. On the other hand, a learning-based model which is trained
on a particular set of data samples might not be a proper generalisation of the
targeted concept (depending on the employed data in training). The validity of
such a model can only be argued based on its application on more data samples. It
is usually impossible to extract more knowledge from the model itself, other than
from investigating input and output, i.e. it behaves in many ways like a black box.

6.2 Extensions to tensor voting for medical image analysis

Tensor voting falls into the category of rule-based methods. In particular, the
underlying voting kernel models three perceptual principles borrowed from theories
of human perception (cf. Sect. 2.3.1). In view of the abstraction introduced in the
previous section, these rules are the knowledge that is encoded in explicit rules that
compose a model for the input data given to the TV algorithm.

The main theme of Studies I and II was to propose extensions of the tensor
voting formulation for application to medical images. In Fig. 2.6 the view on
TV distinguishing between three phases was introduced. Within that abstraction,
the contributions in Study I and Study II have to be placed mainly in phase 1
(exploring different approaches of how to perform the step from image domain to
tensor domain), as well as between phase 2 and phase 3 (investigating approaches
to aggregate votes). In the following, we will discuss the findings in both studies in
view of these two aspects.

Defining the input of tensor voting In literature, different approaches have
been employed for defining the input to the method. Most commonly, TV is per-
formed in a three-dimensional space where each dimension corresponds to a spatial
direction (Medioni et al., 2000). Even though more seldomly used, it is, how-
ever, also possible to perform voting in a higher dimensional space (Mordohai and
Medioni, 2010). The choice of voting dimension is directly related to the initial-
isation in the tensor domain, since the mapping from the input (image) data to
tensors in three or n dimensions must be specified.

In Study I, we used TV in three dimensions and specified ad hoc rules to define
the initialisation in tensor domain directly from the data. Since the available data
was already present as tensors in three dimensions, this strategy can be seen as
directly interpreting the data as local structure estimates. On the one hand, the
rules determined the locations where we initialised tensors, and on the other hand,
which of the structural components of each diffusion tensor we used for that. There
are, however, alternatives to this idea. One way would be to compute structure esti-
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mates in three dimensions from the DTI data, another would be to employ isotropic
structure estimates as initialisation while proposing a distance computation in the
voting rules that takes the diffusion tensors into account. When conducting Study I,
the use of ad hoc rules was deemed to be a more straightforward approach that is
easier to implement and more closely aligned with the original TV formulation. In
order to use the mentioned alternatives, it would be necessary to make a choice
for how to define distances between positive semi-definite matrices which is not
trivial in itself. However, other difficulties encountered in Study I—grid artifact,
modelling of one-dimensional structures, sensitivity to choice of parameters—might
have been circumvented with the alternative formulations.

As a result of the experiences in Study I, it was decided to follow a different
approach for input definition in Study II. Since the available data was a scalar
image, the option to directly interpret the image data in terms of tensors as done
in Study I was not possible. Instead, we investigated two approaches that both rely
on initialisation with isotropic tensors, and account for the image data either in
form of an additional dimension in the tensor domain, or by the adjustment of the
distance computation in the voting rules as mentioned above. In Study II we argued
that the investigated ideas would be favorable over an approach based on ad hoc
rules or the estimation of image structure in a preprocessing step, since these omit
image information that could potentially help in the voting step. While we did not
perform experiments to directly assess this claim, we found that our two approaches
showed encouraging capabilities in capturing the modelled one-dimensional object,
i.e. the vessel centerline (cf. Fig. 5.4). However, to decide which of our two
proposals, or the other mentioned approaches, would be favourable depends on the
application at hand and should be evaluated based on more extensible experiments.

Aggregation and analysis of tensor votes In Study II, we used the common
approach for aggregating the tensor votes by summation of all votes ’collected’ at
a particular site. In contrast to that, the central idea of Study I was to investi-
gate clustering of received votes in order to provide the option of a more detailed
analysis of local structures in the case of junction-like cases in which the second
order tensor representation is limiting. The experiments presented in Sect. 5.1.1
clearly show that with the proposed clustering method, it was possible to resolve
crossing structures in a plausible way. This is a clear advantage over the traditional
summation approach in such cases, and this approach can also theoretically be ex-
pected to provide similar results to the summation approach in trivial cases, i.e. in
the presence of only one structure. On the other hand, no matter which clustering
method would be used, it introduces additional parameters (typically steering ei-
ther cluster size, or number of clusters). In the best case, these would need to be
optimised globally, but depending on the data at hand, it could even be required
to find the optimal parameters locally. The classical summation approach does not
depend on any parameter and is in that sense more robust. A potential hybrid
approach, where classical tensor voting summation is used first, and in a second
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refinement round, all sites with an inferred isotropic structure estimate would be
analysed with the proposed clustering approach instead, could possibly alleviate
the mentioned drawbacks.

Other limitations In general, it is arguable whether the structures of interest
in Study I are appropriately modelled as one-dimensional structures. Of course the
choice to describe local tissue structure by using a second order tensor implies that
that tissue sample has one preferred orientation. However, this does not mean that
it is best modelled by the one-dimensional structure estimate in tensor voting. In
fact, modelling structure on a voxel level as one-dimensional1, while neighbouring
voxels exhibit the same, parallel structure estimates, led to problems (cf. ’grid-
problem’ in Subsect. 4.1.3) when choosing a small voting scale σ. On the contrary,
a large value of σ (e.g. >2 voxels, i.e. 4mm) would have led to a strong prior to
continue local structure estimates in a larger neighbourhood, which might not be
the most appropriate choice everywhere in the WM.

It is interesting to see that the reported results of HOTV (Schultz, 2012) did
not seem to be impacted by the image grid as our method. This seems to be
indicated through the reconstruction of a parabolic shape and through a real data
example, even though the provided information is limited. That would indicate
that summation and analysis of higher order tensors in HOTV could potentially be
more robust against this effect. However, the effect of the imaging grid for a chosen
scale parameter in CluTV and HOTV would need to be investigated systematically
in order to draw the right conclusion.

Both Study I and Study II had the aim to showcase the proposed TV extensions
in examples of medical images. While the results in Sect. 5.1 show the capabilities
of the methods, the scope of the ’real data’ experiments is rather limited. In both
cases, the actual value for an application case remains to be shown in more extensive
experiments in a full image dataset.

In the specific case of Study I, especially the chosen example of DTI data inpaint-
ing provides room for criticism. The use of DTI for the purpose of estimating tissue
orientation brings many limitations and yields—not only in junctions—inferior per-
formance compared to other local modelling approaches (Panagiotaki et al., 2012;
Jelescu and Budde, 2017). While the low requirements on the signal acquisition in
terms of hardware and time for the diffusion tensor model might make it most fea-
sible, with modern MRI scanners the use of more sophisticated approaches of DWI
modelling becomes more common and accessible also in clinical practice. However,
those local models do not exhibit the same limitations as the diffusion tensor model
and are therefore not suitable as an application scenario for the proposed method
in Study I.

Nevertheless, the extension of the method in Study II to the actual vessel cen-
terline extraction would provide a good opportunity to apply CluTV in a relevant
application. Based on the directional estimates shown in Fig. 5.5, a second round of

1In the initialisation from the diffusion tensors, we regard only their stick component.
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tensor voting based on the proposed clustering strategy could be initialised. With
this approach the bifurcations in the vessel tree which the current approach of
Study II is not able to model appropriately (cf. Fig. 5.5), could be properly re-
solved. Additionally, the modelling of the vessel centerline as the one-dimensional
structure of interest seems to be more straightforward than in the original applica-
tion case of Study I.

6.3 Tractography and Machine Learning

Conclusions from learning-based models In view of the comparison of rule-
based and learning-based models, the results in Study III and Study V have to be
discussed with respect to the study design and in terms of their generality.

In Study III the goal was to assess the influence of different choices for network
architecture and input data measured by a local measure of prediction performance
(angular deviation from ground truth). Among all tested scenarios, clear differences
were only found for one set of input information (the two last step directions),
but different architecural choices seemed to perform equally well. Do these results
alone suffice to draw general conclusions? With the discussions in Sect. 6.1 in mind,
these findings should rather be seen as indications obtained from experiments with
limited sets of hyperparameters and data. Based on our results, we argued that the
information of the recent history of the streamline trajectory seems to be useful for
the prediction of the next step (cf. Table 5.3 and Fig. 5.6). A similar conclusion
was drawn by Poulin et al. (2017) observing that their RNN-based model performed
better than a simple FFNN approach. The fact that they used different sets of
hyperparameters in their experiments strengthens the confidence in the conclusion
that the observed effect is related to the data and not solely to the probed network
archictures. On the other hand, the data for evaluation in (Poulin et al., 2017) was
the same as in Study III, and the hypothesis should be investigated with further
data as well.

For Study V the main purpose of the trained model was to provide a compu-
tationally efficient tool that can be expected to replicate the output of four rule-
based strategies sufficiently well. However, in a separate experiment we also aimed
at assessing the influence of different input modalities on the final prediction (cf.
Fig. 5.8). In accordance with the conclusions in Study III, also here the generality
of the findings has to be carefully argued for. At this point, the reported results
rely only on a single architecture and a limited cross-validation strategy with only
five repetitions. While we intentionally fixed the set of hyperparameters and only
varied the input sources, the chosen strategy to insert random values in unused
channels could potentially have a different influence during training with different
modalities. The fact alone that different modalities have different amounts of image
data2 results in differences in the training scenario. Also here, the reported findings

2For example, a T1w image is a scalar image and has one channel, while the streamline
coordinates consist of three values per point, resulting in three channels.



52 CHAPTER 6. DISCUSSION

should be taken as indications and must be investigated further by probing a larger
set of hyperparameters as well as a larger data variety.

Comparing the results of Study III and Study V, one finds that in both cases the
spatial coordinates, representing trajectory direction (Study III) or locations along
a streamline (Study V), seem to have a higher influence on the evaluation metrics
than any other input source. Based on Fig. 5.6 (on the left) we hypothesised that
the model is biased to predicting a rather straight continuation, potentially utilising
the previous step direction. This seemed to change when providing information on
curvature as well (cf. Fig. 5.6 on the right). One could hypothesise that these
two results show a higher dependence on the directions provided than the actual
diffusion signal that makes up most input channels of the network in Study III. Also
the results presented in Fig. 5.8 indicate that using only one input modality, e.g.
T1w or DWI, does not provide enough information to achieve the same prediction
performance as when using only the streamline coordinates. Based on the reported
results from Study V and Study III, it can be hypothesised that the inclusion
of streamline coordinates could be a crucial factor for high performance in tasks
related to modeling of streamline trajectories.

Datasets and evaluation As mentioned in Sect. 6.1, when designing learning-
based models, the available knowledge is mostly encoded through the data. There-
fore, the available data samples are very important for the final model performance.
In Study IV the availability of the data (and also corresponding labels) and also a
structured and unified evaluation approach were identified as central problems in
the field of ML-based tractography. These findings were also reflected in Study III
and Study V.

As already pointed out in Study IV, the evaluation of the performance of the
trained models in Study III did not include any tractography results. The goal in
Study III was to evaluate the influence of design choices for the network architecture
and different input modalities on the performance of the final model. The direct
assessment of local angular errors of step predictions was deemed suitable as the
first step to compare the different investigated scenarios. However, ultimately, the
performance of a tractography algorithm comprising these steps is most relevant,
and the decision in favor of a certain set of hyperparameters should be taken based
on global metrics. Still, local performance metrics could provide the advantage
of better interpretability, which can help to identify the source of a unsatisfying
performance identified in terms of more global metrics.

In general, the experiments in Study III had a narrow scope. Two consequences
of basing all experiments (training and evaluation) on the realistic phantom of the
ISMRM 2015 tractography challenge (Maier-Hein et al., 2017) are the lack of sub-
ject variability and absence of real data. On the other hand, with this decision
the problem of defining a gold standard could be alleviated by relying on the pro-
vided ground truth streamlines. This trade-off is a central theme in the field of
tractography.
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In contrast to this, for Study V the data available was ample. The reasons for
limiting our scope to only twenty subjects were mainly computational considera-
tions, and the work could easily be extended. As mentioned in the manuscript, this
might be crucial especially to increase the prediction performance for the TractSeg
labels which showed a high variability in the twenty chosen subjects.

However, the main challenge, and also purpose, of Study V was the appropriate
definition of a learning problem. As mentioned earlier, the absence of a ground
truth for tractography made it difficult to define labels for the purpose of trac-
togram filtering. Even when there are several sources of information available to
define a binary label of plausibility for a streamline, it is not obvious how to best
make use of them, as seen in (Jörgens et al., 2019). Different sources might as-
sign opposing labels to a particular streamline, or the labels could simply have a
slightly different meaning. Our approach to train a neural network model to predict
the labels of different information sources separately circumvented the problem of
merging labels having a potentially negative effect on the optimisation of the ob-
jective function in training. It is interesting to see that even though we merge
labels from different sources (cf. Subsect. 4.2.4) based on a deterministic rules after
application of the neural network, it seems that some characteristics of these rules
are naturally in line with the network predictions. This is indicated by the higher
accuracy predicting three compared to sixteen classes (cf. Fig. 5.8). Still it could be
interesting to investigate if directly including additional information, like e.g. these
deterministic rules, in the formulation of the objective function would improve the
achieved prediction performance. These considerations also show that rule-based
and learning-based models are not mutually exclusive concepts.

All in all, Study III and Study V reflect the importance—and also difficulty—
of data curation and label creation for the development of DL-based methods.
Especially in the field of medical image analysis the lack of data and the difficulty
to define or obtain learning targets from a ground truth are recurring challenges
that are difficult to address in a short time perspective. Of course, with the growing
abilities of DL-based methods in various clinically relevant tasks, the need of large
amounts of accessible, annotated data becomes more apparent and with that efforts
to create large shareable databases rise. However, this progress differs between
different communities, and in others, e.g. dMRI tractography, the challenges might
still appear a bit more severe at this moment.

6.4 Imaging-based analysis of unilateral ear canal atresia

In Study VI we followed an explorative study design. While the working hypothesis
was that differences between patient group and control group would be found in
cortical regions in terms of their volume and thickness or correlations between
functional activations, we did not detail it by targeting only specific parts of the GM
in our analyses. In consequence, the large number of actual hypotheses that were
tested (up to 68 for the region-wise volume and thickness measures) necessitated a
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correction for multiple comparisons, which in turn reduced the likelihood of finding
statistically significant differences for the analysed number of subjects.

Even though none of the reported differences were found to be statistically sig-
nificant when correcting for multiple comparisons, there is evidence that strength-
ens the belief that these observations—in Study VI referred to as trends—are not
solely due to chance. On the one hand, several of the conducted analyses showed
agreement. For instance, the right precuneus cortex showed differences in CV and
CTh, also the VIP analysis found some predictive value in these values, and the
SCA analysis resulted in a cluster of group differences in that region. On the other
hand, similar findings of group differences in relevant related pathologies were found
in literature which we could relate to our results. Together, these strengthen the
value of the reported indications. A way to formally test the findings could be to
formulate a few more complex hypotheses, based on biomedical theory and each
involving more than one structure, and then apply appropriate statistical testing.

6.5 The study scope: development and application

The studies compiled in this thesis span several methods and scopes which offers
several ways of grouping them depending on the chosen perspective. In Chapter 3,
Fig. 3.1, we considered stages along an exemplary image processing pipeline.

The individual works covered aspects in different of these stages: from touch-
ing upon aspects of the acquisition (Study IV and Study VI), over modelling im-
age information locally (Studies I–III) and globally (Studies II–V), to synthesising
subject-specific findings to extrapolate results with the aim to make a general state-
ment (Study VI). In retrospect, also an evolution from a narrow and detailed per-
spective in Study I to a more overarching perspective in Studies IV–VI can be seen.
While Studies I–III were mainly concerned with isolated and synthetic experiment
settings with the goal to understand detailed aspects of the proposed methods, in
Studies IV–VI the perspective was rather to understand the utility of the employed
methods in the targeted application. Finding the optimal balance between the two
approaches is essential to maximise the value of a particular research project.



Chapter 7

Future work

This thesis consists of studies that covered different scopes ranging from tensor
voting methods over tractography and Deep Learning to state-of-the-art processing
of medical image data in the study of pathology. The future perspectives look
different for each of the three groups, and the considerations are outlined separately
in the following paragraphs.

Tensor voting Tensor voting has been initially introduced as a unified ‘frame-
work for segmentation and grouping’ that is versatile with the potential to be
applied for various purposes. In this thesis, we proposed two particular exten-
sions in the scope of medical image analysis. However, as mentioned in Sect. 6.2,
the presented experiments are limited in their scope, and an evaluation in real
data obtained from multiple subjects would be desirable. The most promising ap-
proach might be to revisit the task of coronary artery centerline extraction and to
combine the methodological propositions in Study I and Study II, as mentioned
in Sect. 6.2. Nevertheless, the potential of advancing the state-of-the-art in this
application should be assessed before continued development in that direction. Es-
pecially given the available DL methods in that field, (Hampe et al., 2019) it is
questionable whether the exclusive focus on a rule-based method alone is most
promising. For instance, the method by Wolterink et al. (2019) follows the same
direction for a centerline extraction algorithm. However, their CNN-based classifier
is likely more robust and computationally efficient than an alternative formulation
based on tensor voting.

ML-based tractography In recent years, limits to the ability of state-of-the-art
tractography algorithms to create sets of streamlines that reflect different aspects
of the WM architecture well have been identified (Thomas et al., 2014; Maier-Hein
et al., 2017; Schilling et al., 2019b). Collections of specific problems inherent to the
characteristics of current tractography methods have been created, and their solu-
tion has been described as essential to overcome the identified performance limits
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(Schilling et al., 2019a; Jeurissen et al., 2019; Rheault et al., 2020b). With this in
mind, two separate but related directions of future work on ML-based tractography
methods are important.

On the one hand, it has been found that some limitations of current tractography
methods are inherent to their algorithmic structure, and can—with the currently
available data alone—not be resolved (e.g., the bottleneck problem (Maier-Hein et
al., 2017)). This observation is especially crucial for ML-based approaches since
they build on the assumption that all information about a particular task is present
in the available data and is, therefore, learnable. A potential strategy to address this
problem is the introduction of prior information. Examples of that are the bundle-
specific tractography approaches (Rheault et al., 2019; Wasserthal et al., 2019)
which reduce the problem complexity by targeting a set of well-defined individual
bundles. In particular, restricting the problem scope to known structures, e.g.
certain bundles, is well aligned with the view that learning-based methods should
in the first place only be expected to perform well in the domain of the training
data. Incorporating other types of information, e.g. GM and WM parcellations,
could help to enrich the data available to an ML-based tractography method further
in order to improve the contrast between structures, e.g. different bundles.

On the other hand, various choices have to be made in the design of ML-based
or NN-based models for tractography. Until today, the use of MLPs (Study III;
Wegmayr et al., 2018), RNNs (Poulin et al., 2017; Benou and Riklin Raviv, 2019),
CNNs (Jörgens et al., 2019; Zhang et al., 2019) or a graph-CNN (Liu et al., 2019)
have been proposed and investigated in the context of tractography. In the cor-
responding papers, the authors often motivate their choices based on assumptions
of how the chosen architectures might be helpful to model streamlines (either for
creation, i.e. tractography, or for classification, i.e. segmentation or filtering). De-
spite the question if any of these proposals solved the problem of tractography, it
is especially arguable if any of the hypothesised advantages of a specific kind of
architecture has ever been proven in an appropriate experimental setting. In view
of that, it would be interesting to design a study with the purpose to show that the
hypothesised mechanisms behind the advantages of specific DL-based tractography
methods actually hold. One example would be to show that a recurrent model can
encode ‘high-order dependencies between the next direction in the streamline and
all previous directions’ (Poulin et al., 2017) and would be beneficial compared to
a purely local model for that reason. Furthermore, it would be of interest, in gen-
eral, to find out if DL methods do outperform classical methods of tractography,
which—based on the ISMRM challenge experiments (cf. Study IV)—remains to be
shown.

Another question in that realm is if one can expect at all that an ML-based
tractography model can be suitable to explore new WM structures that have not
been part of the training dataset. On the one hand, it is possible to generally
exclude unknown structures from the scope of ML-based tractography methods (as
indicated above). Nevertheless, it would be meaningful to work out a theoretical
argument of how a learning-based model could be used in this context to extrapolate
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information, as well as to propose a suitable experimental setting to investigate such
a claim.

Tractogram filtering So far, the problems of creating streamlines and classi-
fying complete streamlines have only been addressed exclusively. However, since
the need for tractogram filtering only originates from unsatisfying FP rates in the
creation of streamlines, i.e. tractography, these problems are closely related. The
information whether a not yet completed streamline is plausible or not is poten-
tially valuable for a tractography algorithm, either rule- or learning-based. Such
plausibility information could be obtained from a learned filtering model. Including
it in the training process of a tractography algorithm could be useful for avoiding
the exploration of certain parts of a search, e.g. in an RL-based approach.

Unilateral ear canal atresia In Study VI, we have analysed only parts of the
available data that was acquired for the same cohort of patients and controls. The
analysis of further imaging data (dMRI) provides the potential to strengthen, but
also to challenge, the presented findings from structural and functional MRI data.

An option focusing primarily on the diffusion data in human subjects is to per-
form WM bundle-wise analyses (Colby et al., 2012; Yeatman et al., 2012; Cousineau
et al., 2017) of scalar metrics derived from the DWIs. Depending on the acquisi-
tion (b ≥ 3000s/mm

2 (Raffelt et al., 2012)), the framework of fixel-based analysis
(FBA) offers the comparison of measures like fibre density (FD) and fibre-bundle
cross-section (FC) and by that also a potentially better biological interpretability
than voxel-wise measures like FA (Raffelt et al., 2017).

The conventional way of strengthening or weakening trust in an established
hypothesis is to accumulate further evidence for or against it. In the instance
of the project in Study VI, the analysis of further collected data in the future
will contribute to the assessment of the developed hypotheses. On the one hand,
the DWI data acquired on the same cohort could be investigated driven by the
findings of Study VI. On the other hand, the analysis of data in a rat model with
a longitudinal study design offers the opportunity to assess the evidence for the
obtained hypotheses from the study of the human data. For this case, especially
the tractography-based analyses require a specialised processing pipeline due to the
different WM architecture compared to the human brain, and potential difficulties
induced by that.





Chapter 8

Conclusions

All studies comprised in this thesis shared the common topic of medical image
analysis. As outlined in Fig. 3.1, they span different parts of common steps in an
exemplary image processing pipeline. Also, their focus in terms of methodology and
contribution varied from method development (Study I; Study II; Study III; Study
V), over assessment of the state-of-the-art (Study IV) to the study of pathology
(Study VI). Their specific conclusions are detailed in the following paragraphs for
each study individually.

Study I An approach for spherical clustering of tensor votes and a strat-
egy for random sampling in continuous coordinates have been pro-
posed. We demonstrated visually that with the combination of
both proposals, TV is able to resolve crossing structures without
artifacts for data that is not aligned with the discrete image grid.
The quantitative comparison of estimated structure orientation was
comparable to an alternative TV method. This is the first proposal
to resolve orientation information in crossings while fully relying
on second-order tensor voting.

Study II In this study, two formulations of TV have been proposed for direct
processing of scalar image data without the need of preprocessing.
Both approaches have been quantitatively evaluated in synthetic
data in several parametric settings. The potential for blood vessel
centerline extraction, in particular centerline detection, orientation
estimation and bifurcation detection, has been outlined in a real
data example. This study is the first to evaluate a four-dimensional
tensor voting approach incorporating all scalar image information
in the voting step for the purpose of extracting the centerline of
tubular structures.

Study III Based on the chosen evaluation metric (angular accuracy) no ad-
vantage of the inclusion of neighbourhood information, or of a par-
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ticular interpolation approach was found. However, the results sug-
gest that a minimum number of 200 classes as well as a linear model
of the network outputs is beneficial for a classification approach.
In general, the regression model achieved a similar performance to
the best classification models. The inclusion of streamline history
through two previous streamline directions was clearly beneficial.
This study was one of the first to propose a neural network for
streamline generation.

Study IV In our review, we found eight relevant ML-based methods for trac-
tography. These methods employ an RF, a GRU, an MLP or a
CNN-like model at their core. Other distinguishing factors are
spatial and temporal context, type of input data and modelling
the problem as a classification or a regression. Further, we found
eleven datasets that feature both dMRI data and streamlines and
are in accordance with our review filters. The ISMRM 2015 trac-
tography challenge was identified as the only structured evaluation
framework used to date in order to compare ML-based tractog-
raphy approaches. However, we outlined key challenges for the
evaluation of these approaches and suggest desirable properties for
an improved evaluation of ML-based tractography algorithms.

Study V Following a detailed analysis of the properties of current meth-
ods for streamline segmentation and filtering, we introduced a de-
terministic combination of these methods to divide a tractogram
into three subgroups. These contain streamlines that are deemed
anatomically interpretable, anatomically uninterpretable or unclas-
sified, respectively. Further, we trained a neural network model
based on the data of twenty HCP subjects which is able to re-
produce the introduced classification with an accuracy of 80%. In
specific experiments, the streamline coordinates showed the high-
est prediction value, followed by the dMRI data. This study is the
first to propose a way to explicitly define streamline labels from sev-
eral supervisor methods enabling the synthesis of different methods
through training of a neural network. The sensitivity analysis of
the prediction performance with respect to different types of input
data is the first in this application.

Study VI Through the analysis of CV, CTh and SCA, we found the pre-
cuneus cortex to show differences between UCA patients and age-
and gender-matched controls. While none of these findings was
significant after multiple comparison correction, the consensus be-
tween different modalities in our study as well as relevant studies
from literature is evidence in favour of the found indications.
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