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Abstract

Fibromuscular dysplasia (FMD) manifests through subtle arterial abnormalities, which renders
the automated detection of FMD with deep learning and Computed Tomography Angiography
(CTA) particularly challenging. The present thesis investigates deep learning strategies for abnor-
mality detection in a cohort of 126 contrast-enhanced CTA volumes focused on the renal arteries.
Three complementary approaches are evaluated: (i) A baseline 3D Convolutional Neural Net-
work (CNN) that was trained from scratch for binary abnormality classification, (ii) a 3D CNN
that takes presegmented vessel mask as input, (iii) a feature-extraction framework that used Ves-
selFM, a foundation model that was pretrained on large-scale heterogeneous imaging data.

The experimental results demonstrate the reliability of CNN-based architectures in detect-
ing arterial abnormalities, even in scenarios with limited data. The utilisation of presegmenting
vessels has been demonstrated to enhance performance by orienting the model’s focus towards
clinically pertinent anatomy, thereby mitigating the risk of shortcut learning. Using VesselFm as
a feature extractor yields comparable outcomes to the baseline model, yet it demonstrates a lower
performance in comparison to a model that is trained from the beginning with presegmented
vessels.

The results of the thesis indicate a potentially beneficial application of Computer-Aided Diag-
nosis (CAD) systems in the domain of vascular imaging.
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Chapter 1

Introduction

Fibromuscular Dysplasia (FMD) is a non-atherosclerotic, non-inflammatory arteriopathy that pre-
dominantly affects renal and cervicocephalic vessels, and often presents with subtle or nonspecific
clinical findings. The condition is frequently underdiagnosed, as it is rare and poorly understood
by many healthcare providers ( , ). Many patients remain asymptomatic,
and a substantial fraction of cases are detected incidentally during imaging for unrelated indica-
tions ( , ). As a result of these challenges, the number of cases diagnosed is likely
only a fraction of the true prevalence of FMD in the general population ( ).
This is shown by ( ) that found that, in a study group of kidney donors, 6. 6% had
evidence of FMD. At the same time, FMD is associated with a spectrum of arterial abnormali-
ties, such as multifocal stenoses producing the classic string-of-beads appearance, focal stenosis,
aneurysm, dissection, ectasia, tortu051ty, and fistulae. All of these carry clinically meaningful risks
for patients ( , ). These lesions can precipitate severe
outcomes, including renovascular hypertens1on transient ischemic attacks, stroke due to cervical
artery dissection, or haemorrhage from aneurysm rupture ( , ; , ;
7 )'

FMD is primarily diagnosed through imaging modalities such as Computed Tomography
Angiography (CTA), Magnetic Resonance Angiography (MRA) ( ). CTA
is often the preferred imaging modality for diagnosing FMD due to its high spatial resolution
( , )- A rotating X-ray tube captures multiple images from different angles, which
are then reconstructed into detailed cross-sectional images of the body ( , ).
The resulting images are made up of voxels with a specific greyscale intensity, which is called a
Hounsfield Unit. Depending on the amount of radiation going through the scanned structure, the
Hounsfield Unit varies ( , ). This greyscale representation makes it pos-
sible to identify different tissues and structures within the body, including blood vessels. Today
these images are manually reviewed by radiologists to identify arterial abnormalities associated
with FMD. The goal of this work is to design a Computer-Aided Diagnosis (CAD) system that
can assist radiologists in detecting arterial abnormalities associated with FMD in CTA images.

The present thesis concentrates on deep learning-based convolution-based architectures, with
the goal of identifying different approaches to improve the detection of arterial abnormalities as-
sociated with FMD. As CTA images are three-dimensional volumes, they contain a substantial
amount of abundant information that can be utilised for the detection of arterial abnormalities
( , ). This is of significance, as it seeks to address several challenges encountered in
the field of medical imaging research. It is important to note that medical problems are unique in
nature, and as a result, datasets are frequently constrained in size. To effectively train deep learn-
ing models, a substantial amount of annotated data is required ( , ). Pretrained
foundation models try to address this challenge by leveraging large-scale datasets to learn gener-
alizable features that can be fine-tuned for specific tasks with limited data ( , )-
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In this work we try to reduce the complexity of the task by cropping the input images to a
defined region of interest around the kidneys, so that we can focus on the prevelance in the renal
arteries. In order to further refine the region of interest, an analysis of the potential advantages of
segmenting the vascular structures within that same region is conducted.

A further challenge is the heterogeneity that is present within the datasets ( , )- Con-
sequently the identification of a dataset that meets the criteria of the research and is large enough
to train deep learning models can be challenging. After filtering the available dataset for this
thesis the dataset contains only 126 CTA images. We try to address this by reducing noise and
inducing biases, by presegmenting the vessels and in another approach try to use a pretrained
model as a feature extractor.

In summary, this thesis evaluates the performance of a baseline convolution-based model for
arterial abnormality detection, investigates how presegmenting vascular structures influences de-
tection accuracy, and examines the use of a foundation model trained for vessel segmentation as
a feature extractor to further improve detection of arterial abnormalities.

1.1 Research Questions

Within this thesis, we aim to answer the following research questions (RQs):

RQ1: Are current CNN-based models able to detect arterial abnormalities? The primary
objective of RQ1 is to evaluate the performance of a convolutional architecture in detecting arterial
abnormalities associated with FMD within a defined region of interest around the renal arteries
in CTA images. To investigate this, this study trains a convolutional model with the architec-
ture proposed by ( ), from scratch to classify the presence or absence of arterial
abnormalities within the region of interest.

RQ2: Does presegmentation of vessels improve arterial abnormality detection? RQ2 aims
to investigate whether presegmenting vessels in CTA images enhances the detection of arterial
abnormalities associated with FMD. To address this question, the model used in RQ1 serves as
the baseline for comparison. While the model architecture remains the same, the input data is
modified. To presegment the vessels, the foundation model proposed and trained by

( ) is used to segment the vascular structures within the region of interest around the
renal arteries.

RQ3: Can a foundation model trained for vessel segmentation, when used as a feature
extractor, beat the performance of 3D CNN’s trained from scratch in the task of arterial ab-
normality detection? The aim of RQ3 is to explore whether using a foundation model trained
for vessel segmentation as a feature extractor can further improve the detection of arterial ab-
normalities associated with FMD. This pipeline uses the same input images as RQ1, but rather
than undergoing full training, the objective is to utilise the capabilities of a pretrained foundation
model. The VesselFM model by ( ), which was employed in RQ2 for vessel
segmentation, serves as the feature extractor within this research question. The plan is to use
the encoder component of the VesselFM model to extract relevant vessel features from the CTA
images. These features are then fed into a classifier head to detect arterial abnormalities.

Three sub-research questions, that are investigated to provide the most conclusive response to
this research question.

» RQ 3.1: Which architecture of the adapted VesselFM model performs best? This includes the
number of encoding layers, the type of head (linear or nonlinaer) and the pooling strategies.



1.1 Research Questions 3

+ RQ 3.2: Is the performance of arterial abnormality detection better when a foundation model
trained for vessel segmentation is used as a feature extractor compared to when a simple
3D convolutional network that is trained from scratch with the same input volumes?

+ RQ 3.3: Is the performance of arterial abnormality detection better when a foundation model
trained for vessel segmentation is used as a feature extractor compared to when a simple
3D convolutional network that is trained from scratch with presegmented vessels?

The subsequent sub-research questions are designed to provide clarification regarding the
foundation model’s potential and ability in the context of arterial abnormality detection. To
achieve the best possible outcomes, a robust architecture must be provided for the adapted Ves-
selFM model in response to RQ 3.1. The adapted VesselFM model is then compared with the
baseline model from RQ 1 to answer RQ 3.2, and with the model from RQ 2 to answer RQ 3.3.






Chapter 2

Clinical Background

This chapter introduces the clinical background to the thesis. First, Fibromuscular Dysplasia
(FMD) is explained, and then the arterial abnormalities associated with FMD that are included
in the dataset are presented.

2.1 Fibromuscular Dysplasia (FMD)
2.1.1 Definition and Epidemiology of FMD

As stated by ( ), EMD was first described in the context of the con-
nection between hypertension and renal disease ( , ). FMD is defined as a
nonatherosclerotic and non-inflammatory artery disease. The arteries primarily affected are the
renal arteries and the carotid arteries ( , )- The illness manifests predominantly
in middle-aged women. The underlying cause of the disease remains uncertain. However, there
have been several potential factors postulated. Genetic factors may have a role to play, given
the higher prevalence of FMD observed in specific family lines. A further potential etiology is

hormonal, as evidenced by the higher incidence in women ( , ). It has

been hypothesised that smoking could be a contributing factor, but this claim is not universally

accepted, as evidenced by the existence of studies which contradict this hypothesis ( ,
).

2.1.2 Symptoms of FMD

(2019) presented a list of symptoms associated with FMD, which are outlined be-
low: The manifestation of symptoms is contingent upon the affected artery. The clinical signs
and symptoms associated with FMD encompass a wide spectrum of manifestations, including
hypertension of varying degrees and intensity, renal artery stenosis, and abdominal bruit. The
presence of FMD in the carotid arteries has been demonstrated to be a contributing factor to the
development of various health complications, including migraine headaches, tinnitus, strokes
and dizziness.

2.1.3 Diagnosis of FMD

The precise prevalence of FMD remains undetermined. As stated by ( ), the un-
derdiagnosis of FMD is frequently observed, with a significant proportion of cases remaining
asymptomatic and being identified incidentally. As ( ) pointed out,
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( ) conducted a study that investigated the presence of FMD in potential kidney donors.
The presented study revealed that 6.6% of potential donors exhibited indications of FMD on an-
giography. It is evident that the prevalence of FMD is significantly higher than the number of
confirmed cases, a conclusion that is substantiated by the fact that the disease is often detected
incidentally. Advancements in non-invasive imaging techniques, such as CTA and MRA, have
resulted in an increase in incidental findings of FMD ( , ). Catheter-based
angiography is conventionally employed in addition to other imaging techniques for diagnostic
purposes. This approach is necessitated by the requirement to exclude other potential vascular
diseases, including atherosclerosis, monogenic and inflammatory arterial diseases (

,2021).

2.1.4 Arterial abnormalities associated with FMD

It is evident that FMD can result in a variety of arterial abnormalities. ( )
detailed in their work, there are various presentations in medical imaging caused by FMD. The
most prevalent manifestation is characterised by a string-of-beads appearance. It is important to
note that less common findings may include vascular loops, fusiform vascular ectasia, arterial
dissection, stenosis and aneurysms. As ( ) also stated, aneurysms can lead
to further complications, including ruptures and arterovenous fistulas. As stated by
( ), tortuosity has been identified as a contributing factor to arterial lesions associated with
FMD.

( ) also demonstrated, subarachnoid haemorrhage and hypoperfusion are
possible complications associated with FMD.

Stenosis

( ) defined stenosis as a narrowing or constriction of a blood vessel that reduces blood
flow. Stenoses can manifest in a variety of forms, each of which exhibits a distinct correlation
with FMD. The form typical of FMD, which is associated with the string-of-beads appearance, is
multifocal stenosis ( , ). Focal stenosis in its tubular form is also an important sign
for FMD diagnosis ( , ). The symptoms associated with stenoses are contingent on
the reduced blood flow and its location. For instance, aortic stenosis results in complications due
to the diminished blood flow to the aorta and, consequently, to the body. The resulting symptoms
include shortness of breath, fatigue and syncope ( , )-

String of beads

The most common observed sign for FMD is the string-of-beads appearance ( , )-
The string-of-beads sign is a subject which has been described in a number of different ways. As

( ) described, the phenomenon is characterised by multiple stenoses in succes-
sion. Conversely, ( ) offered a different characterisation, describing the
phenomenon as beads of a larger diameter than the vessel at the proximal point. In Figure 2.1a
the string-of-beads appearance can be seen as an example.

The definition employed in this work is that of ( ), who offered a character-
isation analogous to that of ( ) ( ) propose a definition of the
string-of-beads appearance as a result of multifocal stenoses and dilatations. String-of-beads are
predominantly located in the distal two-thirds renal artery ( , ).
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vk
(a) String of Beads (Plouin et al., 2007)

Figure 2.1: ARTERIAL ABNORMALITIES ASSOCIATED WITH FMD. In (a) the string-of-beads appear-
ance is shown.

Aneurysm

An arterial aneurysm is defined as a persistent dilatation and widening of a vessel. Aneurysms
are generally asymptomatic, but complications can arise from ruptures (Sakalihasan et al., 2005).

Dissection

As defined by Bax et al. (2022), arterial dissections are defined as sudden tears in the arterial
wall, resulting in the accumulation of blood within the arterial wall. Dissections are known to
carry a significant risk of severe complications. For instance, cervical artery dissections have been
demonstrated to result in the occurrence of strokes (Plouin et al., 2007).

Fistula

An arteriovenous fistula is defined as a direct connection between an artery and a vein without
an intervening capillary bed (Leckie et al., 2021). In younger individuals, the presence of fistulas
often goes unnoticed, as the associated symptoms are typically mild. However, as individuals
age, the symptoms tend to intensify. Coronary arterial fistulas have been demonstrated to exert a
significant physiological burden on the heart, potentially resulting in complications such as heart
attacks (Mangukia, 2012).

Tortuosity

Arterial tortuosity is defined as the presence of abnormal twists and turns in arteries. The condi-
tion has been demonstrated to be associated with hypertension and other cardiovascular patholo-
gies (Ciurica et al., 2019).

Ectasia

Ectasia is more frequently described in the context of coronary arteries (Doi et al., 2017; Mavro-
geni, 2010). Coronary artery ectasia is defined as a dilatation of an arterial segment to at least 1.5
times that of the adjacent normal coronary artery. The distinguishing factor between an arterial
aneurysm and an ectasia is that the latter involves the entire vessel. Impaired blood circulation
can result in the onset of angina pectoris or myocardial infarction (Mavrogeni, 2010).
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Rupture

As articulated by ( ) and ( ), arterial rupture may emerge as a
potential consequence of diverse arterial malformations. The clinical impact of the rupture site
is a key consideration, and can range from localised bleeding to severe complications. For in-
stance, aneurysms have been observed to rupture, precipitating haemorrhage ( , )-
This, in turn, can result in life-threatening conditions, including, but not limited to, haemorrhagic
stroke ( , )-



Chapter 3

Related work

This chapter provides an overview of recent research relevant to this work, focusing on the appli-
cation of deep learning in medical imaging. Starting with a brief history and explanation of Com-
puted Tomography (CT) imaging, the chapter then delves into various deep learning approaches
for diagnosis using CT imaging and Computer-Aided Diagnosis (CAD) for arterial diseases. A
brief discussion on inductive biases and shortcut learning is presented at the end of the chapter.
These are important concepts for understanding the limitations and challenges of deep learning
models in medical imaging, which this thesis attempts to address.

3.1 CT imaging

3.1.1 The history of Computed Tomography (CT)

The first medical image to be created without the use of invasive procedures was developed by
Rontgen in the late 19th century. The discovery of the X-ray was accidental, while working with
cathode rays. The first image was then taken of his wife’s hand, famously while wearing the wed-
ding ring. Following Rontgen’s discovery, the capacity to observe the interior of the human body
without the necessity of dissection was realised ( , ). Fluoroscopy, real-time X-ray imag-
ing, was further developed for the purpose of visualising dynamic processes within the human
body. The administration of iodine-based contrast media is frequently employed to enhance the
visibility of blood vessels and organs during diagnostic imaging procedures. The utilisation of
angiographic imaging facilitates the identification of abnormalities within arteries by a physician.
The most significant impediment associated with X-rays is the fact that the resulting images are
two-dimensional projections. In the period spanning 1967 and 1968, Godfrey Hounsfield under-
took a significant re-evaluation of the field of medical three-dimensional imaging. The concept of
a three-dimensional object was defined by the author as a stack of two-dimensional slices. It was
on the basis of this theory that Hounsfield and his team proceeded to develop prototypes and the
first working machines. Subsequent developments in the field of medical imaging, as evidenced
by the advent of CT scans, have led to numerous advancements and contributions, including
the introduction of PET scans. This advanced imaging modality has the capacity to reveal both
anatomical and metabolic activity within the body, thus providing valuable insights into various
physiological processes ( , ).
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3.1.2 CTA imaging

The advent of CT Angiography (CTA) in the early 1990s has led to its widespread utilisation as
a non-invasive angiographic modality. The tool is employed in a variety of clinical scenarios,
encompassing arterial malfunctions such as aneurysms, dissections, and the other abnormalities
delineated in Section 2.1.4. The emergence of CTA can be attributed to significant advancements
in technology, particularly those aimed at overcoming the most significant constraints. Longitu-
dinal anatomical coverage is defined as the extent of the body or organ system imaged along the
patient’s long axis ( , )-

CTA is ordinarily carried out using helical CT acquisition, in which the X-ray tube rotates con-
tinuously while the patient table advances, thus enabling volumetric coverage of the vasculature
within a single breath hold ( ; , ). The acquisition of op-
timal imaging results necessitates the synchromsatlon of the CT acquisition with the arrival of the
iodinated contrast bolus, thereby ensuring uniform vascular enhancement. Two primary strate-
gies are delineated in the following discourse: the test bolus technique, which involves the admin-
istration of a minute contrast injection to ascertain circulation time, and automatic bolus tracking,
a process in which recurrent low-dose monitoring scans detect contrast arrival and initiate the
full acquisition process ( , ; , ). It is acknowledged that
vascular motion, particularly that originating from the beating heart, has the potential to compro-
mise the quality of the image. Consequently, ECG gating is frequently employed as a technique to
mitigate this effect. In the context of retrospective ECG gating, continuous data acquisition occurs
throughout the cardiac cycle, with images reconstructed at the desired phase. However, it should
be noted that this approach increases radiation exposure. In contrast, prospective gating initiates
X-ray exposure exclusively during predefined diastolic intervals, thereby reducing the dose while
preserving diagnostic image quality ( , ; , )-

3.2 Deep Learning for Diagnosis with CT Imaging

Several approaches and network architectures have been proposed to automate image interpre-
tation, reduce radiologists” workload, and improve diagnostic accuracy.

( ) analysed deep learning algorithms with the goal of automating gout de-
tection, as eventhough colour coding the crystals automatically manual work is still necessary.
Two different architectures were tested, a convolutional neural network (CNN)-based SegRes-
Net and a transformer-based SwinUNETR. The CNN-based SegResNet model outperformed the
transformer-based SwinUNETR model in thier work.

( ) developed a segmentation model for the kidneys and kidney stones from CT
scans. In order to train the model, three distinct annotated CT scan datasets were used. The three
datasets under consideration were non-contrast computed tomography (NCT), corticomedullary
CT (CTC) and enhanced CT of excretory (CTE). The kidney stone itself was detected most effec-
tively with the ResU-Net. In the case of the remaining two image types, the ResU-Net and the 3D
U-Net demonstrated analogous results and exhibited superior performance in comparison to the
SwinUNETR. Following the segmentation process, the three image types are then combined with
a proposed registration method. The registration method employed is of particular interest, as it
was designed to align images of differing types, given the variability in the positioning of kidneys
across different images and image types. The registration method has been adopted from the ITK
( , ). The registration method is comprised of six primary components: the
fixed image, the moving image, the metric, the interpolator, the optimizer, and the transform.
The programme utilises the segmented images as an input, and calculates the extent to which the
fixed and moving images differ. The registration process was instrumental to the authors, as the



3.3 Deep learning for CAD of Arterial Diseases 11

alignment of the kidneys was instrumental for the alignment of the inner structures of the kidney
and therefore important to detect kidney diseases.

The focus of the work of ( ) were kidney diseases, and the recent progress and
future prospects of these diseases were summarised. In the context of segmentation, the authors
once more made reference to a variety of models, which are, once again, based on convolution
and U-Net. It is noteworthy that ( ) hypothesises that deep learning models
will enhance diagnostic capabilities in the future. However, a number of challenges must be
addressed. A significant challenge in this regard pertains to the substantial volume of data and
its distribution that is necessary for the training of these models. Another challenge in deep
learning is the variability in patients, image modalities and image acquisition protocols.

Overall, the reviewed works demonstrated that deep learning can significantly enhance the
accuracy and efficiency of CT-based diagnostics. However, while promising, these methods also
face challenges related to data availability, generalizability, and variability in imaging protocols.
Building upon these findings, the next section focuses on CAD approaches specifically targeting
arterial diseases.

3.3 Deep learning for CAD of Arterial Diseases

Computer-aided systems and deep learning techniques for the detection and analysis of arterial
diseases aim to improve the automated identification of vascular abnormalities such as stenosis,
plaque, and aneurysms using CTA data.

( ) developed a convolutional neural network (CNN) model for the automated
detection and classification of stenoses and plaque in neck and head CTA’s. The radiologist was
assisted by artificial intelligence in the final analysis of the CTAs, with the objective of ensuring
the quality of the training data. The subjects of the study had access to a dataset of considerable
size, specifically 3,266. This can be regarded as a substantial dataset within this particular domain.
The model utilised in their work was divided into two distinct components. The model incorpo-
rates both a two-dimensional ResU-Net and a three-dimensional ResU-Net. The 2D model was
utilised for segmentation and stenosis detection, while the 3D model was employed for plaque
classification. A centre-line extraction algorithm to enhance the lumen segmentation outcomes.
The trained algorithm demonstrated a high degree of agreement with the expert on stenosis de-
tection, plaque classification and diameter stenosis.

Building on these advancements, subsequent research has extended deep learning applica-
tions to different aspects of arterial disease characterization. In a related study, ( ) also
worked on deep learning models for arterial abnormalities. In their work, the researchers concen-
trated on the quantification of plaque and stenosis in the coronary arteries. In their work,

( ) also consider a model with convolutional layers. The model incorporated a ConvLSTM
with two branches. Each individual branch of the network was equipped with its own feature
extractor and a segmentation head. In one such branch, a ConvLSTM was employed to extract
features from the current cross-section and five adjacent sections. In the other branch, a DenseNet
block was utilised for the extraction of features from the current vessel cross-section. In this study,
long short-term memory (LSTM) layers were utilised as a substitute for 3D convolutions. Due to
the recurrent structure of LSTMs, the model is capable of capturing information from adjacent
slices while maintaining its focus on the current slice. In this manner, three-dimensional con-
text is captured without the elevated computational expense associated with three-dimensional
convolutions. The outputs of both branches were then combined using an attention head. The
dataset is of a smaller size than the one utilised by ( ), yet it is nevertheless substantial,
with a sample size of 921 patients. The findings were consistent with those of experts in the field,
thereby underscoring the efficacy of deep learning models in supporting medical professionals in
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the diagnosis and risk assessment of arterial abnormalities.

( ) aimed to construct a segmentation model for abdominal aortic aneurysms
(AAA) with a comparatively limited dataset of 73 abdominal CTAs and utilised a 2.5D CNN as
their architecture. Following the segmentation of the aorta into the lumen and thrombus, the
diameter of the aorta was measured in order to detect aneurysms. The methodology for measur-
ing AAA diameters was improved by building upon the research group’s previous work, which
included the description of the segmentation architecture ( , ) and the mea-
surement of aortic diameter ( , )- The model under consideration combines three
single-view U-Nets, for the axial, sagittal and coronal view, with a final multi-view integration
phase. The integration phase combines the three segmentation outputs through the implemen-
tation of a simple averaging approach. In comparison with a two-dimensional approach, the
two-and-a-half-dimensional convolutional neural network (2.5 CNN) incorporates greater spa-
tial context. However, it requires less training data than a fully three-dimensional CNN, thereby
enabling the utilisation of more complex architectures. The aorta is segmented and categorised
into regions, with the aim of adapting the aneurysm diagnosis depending on the region. The
cropped aorta is subjected to a process of automatic extraction of a centreline from the lumen.
It is important to note that, with all of the information available, the diameter can be calculated.
Should the diameter be higher than the threshold diameter, then the patient is defined as aneurys-
mal. The lumen segmentation process was successful, with a DICE score of 0.89 being attained.
Similarly, the thrombus segmentation process yielded a notable result, achieving a DICE score
of 0.93. Cases with larger diameters (> 30mm) were all detected, which demonstrates that the
method can achieve high sensitivity for clinically relevant AAAs, even with a limited dataset.
The diameter measurement was satisfactory, however, the authors posited that its enhancement
could be achieved through integration with thrombus volume data. This, however, necessitates
the acquisition of a more substantial dataset.

( ) presented a series of methodologies for the segmentation of tubular
structures in adults, and subsequently applied these methodologies to a paediatric dataset. The
emphasis of the study was on the analysis of abdominal visceral Contrast-Enhanced CT (CECT)
images in cases of renal tumours. In their analysis, the vesselness filters were identified as a po-
tential method for this purpose. In ceCT images, vessels are characterised by a specific geometric
structure (tubular) and exhibit high levels of brightness, attributable to the use of contrast injec-
tion. The aforementioned features are utilised to compute a Hessian matrix. The Hessian matrix
is a statistical term denoting the change in image intensity surrounding a voxel. The 3 x 3 matrix
consists of the second derivatives of the image intensity I(z, y, z).

Each term in the Hessian matrix signifies the manner in which the brightness undergoes a
transformation in two distinct directions, operating in a concurrent fashion. For a vessel-like
structure, ( ) asserts that, simultaneously, one eigenvalue is negligible, sig-
nifying minimal alterations in intensity along the vessel’s axis. Concurrently, the remaining two
eigenvalues are substantial and negative, indicating pronounced intensity variations across the
vessel’s walls. In order to reduce noise, it is possible to employ a Gaussian filter prior to the use
of the Hessian matrix. Another method presented in their work is that of rule-based methods.
For the purpose of illustration, the authors cite the work of ( ) as a case study of
a rule-based method. ( ) utilised the observation that vessels are distinguished
in ceCTs to segment the vessels. It has been demonstrated that this method is not universally ap-
plicable, due to the fact that vessels do not exhibit equivalent levels of contrast during all phases
of the vessel analysis. ( ) proceeded to analyse deep learning methods for
vessel segmentation. The efficacy of these deep learning methods in vessel segmentation is well-
documented. It has been posited by a model that a notable model for this work is the nnU-Net
( , ), as elucidated in Section 4.1.3. It is evident that the majority of the afore-
mentioned approaches utilise a convolutional neural network (CNN)-based architecture, with a
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particular emphasis on U-Net-based (see Section 4.1.2) architectures.

( ) extended the segmentation task to include the detection of anoma-
lies. The proposed end-to-end framework, designated Dr-SAM, is intended to facilitate the seg-
mentation, diameter estimation, and anomaly detection of angiography images. The Segment
Anything Model (SAM) is utilised for the purpose of segmentation ( , )- This
model is a highly effective tool for the execution of image segmentation tasks. The subsequent
stage in their pipeline involves the estimation of vessel diameter, which is then followed by the
implementation of histogram-driven anomaly detection. As the segmentation of vessels has been
comprehensively described, the diameter estimation was the primary focus of this study. As with
other documented works, the diameter is taken as the basis for anomaly detection. In addition
to aneurysms (i.e. dilatation of vessels), ( ) also attempts to detect stenoses
(i.e. narrowing of vessels). In order to enhance the efficacy of detection, clustering is employed to
reduce potential noise and focus the detection process at a local level. The diameter is measured
and then used as the basis for the decision regarding the anomaly, with the aid of a previously
extracted centreline.

In summary, recent research demonstrates substantial progress in the application of deep
learning and CAD for vascular analysis. Despite notable improvements in segmentation accu-
racy and anomaly detection, there remain challenges related to data standardization, model inter-
pretability, and clinical integration. In the context of detecting arterial abnormalities, the predom-
inant approach involves the measurement of vessel diameter as a primary metric for identifying
such abnormalities. However, it is important to note that not all abnormalities can be detected
through diameter measurements alone.

3.4 Shortcut learning and Inductive biases

There are some important concepts to consider when it comes to the distributions and features
that deep learning models learn, namely shortcut learning and inductive biases.

( ) identified shortcut learning as one of the underlying issues affecting the performance of
many deep learning models. ( ) explained in their work that deep neural networks
tend to learn easier features instead of semantic features. Shortcuts are decision rules that per-
form well on training data but fail to generalise to more challenging scenarios, such as those
encountered in the real world ( , ). This behaviour must be kept in mind when
developing deep learning models, particularly when working with CT scans, where the point
of interest may be very small in comparison to the total amount of information included in the
volume.

( ) emphasised the central role of inductive bias in machine learning, highlighting
that learners must select a hypothesis space large enough to encompass good solutions yet small
enough to ensure reliable generalisation from limited data. Traditionally, such biases are intro-
duced manually through expert knowledge about the task. ( ) recently
argued that, given a finite dataset, many solutions may perform equally well on the training dis-
tribution. Therefore, successful generalization requires additional assumptions or preferences to
be built into the learning system. These inductive biases, implemented through model architec-
ture or training design, guide the learner to prioritise certain solutions over others, potentially
leading to better generalisation beyond the observed data distribution.






Chapter 4

Technical Background

4.1 Network architectures - Foundational concepts

In this section we will introduce important architectural concepts that lay the foundation for this
work. We will first introduce Convolutional Neural Networks (CNNs), its layers and components
in Section 4.1.1. Thereafter, we will present U-Net in Section 4.1.2 and NNU-Net in Section 4.1.3.
In this section the focus is on the underlying components of the final architectures used in this
work. These concepts are essential to understand the final architectures used. The final adapted
architectures used in this work are presented in the methods Chapter 6.

4.1.1 Convolutional Neural Networks, its layers and compo-
nents

Deep learning methods have enhanced the complexity and precision of image tasks, including
classification, detection, and segmentation ( , ). CNNs represent a class of Deep
Learning (DL) networks of significant importance to the field of computer vision ( , )
In the standard configuration, CNNs are typically configured to accept a 3D matrix as input for
a 2D image. The three dimension configures as rows, columns and three channels (RGB colour
channels). CNNs underwent further development to enable the handling of higher-order tensors,
which in turn facilitated the management of three-dimensional images (W, ). CNNs remain
feed-forward networks, however they have benefitted from enhancements that are integral to
their success in the field of computer vision. Local connections, in which neurons do not connect
to all subsequent neurons, have been shown to facilitate the preservation of localised information
in images. In addition to the emphasis on local information, the utilisation of down-sampling
and dimensionality reductions serves to incorporate global information into the deeper layers (

,2022).

Input

The first part of CNNs is the input layer, which stores the voxels of the 3D images (
, 2015).

Convolutional layer

The convolutional layer represents the most substantial component of CNNs (Wu, ). The
following concepts are of particular importance in the convolutional layer: the kernel, stride, and



16 Chapter 4. Technical Background

padding. As this work utilises volumetric (three-dimensional) data, the ensuing exposition of
these concepts is provided in the context of three-dimensional images. The subsequent definition
is based upon the explanations provided in the work of ( )-

It is proposed that the input to the {-th layer shall be defined as a fourth-order tensor.

X(l) c RC(Z)XDU)XHU)XW([) (41)

where C'V) denotes the number of input channels, and D, H®, and W represent the spatial
depth, height, and width of the input volume, respectively. A convolutional kernel, if consisting
of one filter is likewise a fourth-order tensor. However, a convolutional layer contains C!*1) such
filters, one for each output channel, so the full convolutional kernel is a fifth-order tensor:

K e RC(HUXC(”XkDXkHXk:W. (42)

When the kernel is overlaid on the input tensor at spatial position (d, h, w), the convolution out-
put at that location for one output channel is obtained by computing the sum of elementwise
products across all input channels and spatial positions. Strictly speaking, this operation corre-
sponds to cross-correlation, since the kernel is not flipped along any dimension. Although deep
learning libraries typically refer to this operation as “convolution,” its implementation follows
the definition of cross-correlation rather than true mathematical convolution ( , ).

C(l) kp—1kg—1kw—1

Yanw = Z Z Z Z Xi,l)d—&-i,h-&-j,w+k Keij k- (4.3)

c=1 i=0 ;=0 k=0

This operation is repeated as the kernel moves across the spatial dimensions (D, H, W) of the
input volume with a defined stride s, thereby generating a three-dimensional feature map. The
stride s specifies how many voxels the kernel shifts at each step along the spatial dimensions.

It is generally accepted that multiple kernels are applied in parallel, thus producing several
output channels. These channels then combine to form the output tensor of the layer.

The 3D convolution operation facilitates the extraction of volumetric features, capturing spa-
tial dependencies not only in height and width but also along the depth dimension. It is notewor-
thy that such operations are particularly well-suited to medical imaging tasks, where the input
data frequently consists of volumetric structures such as magnetic resonance or computed tomog-
raphy scans represented as three-dimensional tensors ( , )-

Pooling layer

Typically positioned between two convolutional layers, the pooling layer is designed to achieve
shift-invariance. A reduction in the resolution of the feature maps enables a transition from local
information in the early layers of the CNN to the extraction of more abstract features in the deeper

layers ( , ). Consequently, the pooling layers perform spatial down-sampling of the
input feature maps. There are two well-known pooling operations: Max Pooling and Average
Pooling ( , ). Following, we will again adapt the explanation of ( ) to three-

dimensional data.
Let the input to the [-th pooling layer be a fourth-order tensor

X0 ¢ RCYxDW xH® xW (4.4)

where C(!) denotes the number of channels, and D, H®), and W) are the spatial dimensions.
Typically, the pooling layer divides each channel into non-overlapping subregions of size pp x
pH X pw, optionally separated by a stride (sp, su, sw). The output tensor
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Figure 4.1: COMPARISON OF POOLING METHODS. Comparison of different pooling methods tested in
RQ 3.1 by ( ). (b) is Max Pooling, (c) is Average Pooling and (d) is combining both Max and
Average Pooling. (a) shows the original feature map.

O] (1+1) (+1) (1+1)
Y(l+1) c RC xD x H xW (4'5)

Within each subregion, the pooling operation maps all elements to a single output value according
to a specified aggregation function. Defined here max and average pooling the two most common
pooling operations:

Max pooling;: Yc(ljhl )w = max x0 ; ; (4.6)

0<i<pp,0<j<pm,0<k<pw O *Pdthsmhti swuwtk

pp—lpu—1pw—1

(+1) _
Average pooling: Y, ; ., = PDOPHDW ; ]z; z:: cst+z suh+j, sww+k’ (4.7)

Max pooling selects the maximum value within each local subregion of the input, preserving the
most dominant activation and thereby emphasizing strong local features. The process of average
pooling involves the calculation of the mean value within each subregion, resulting in a repre-
sentation of the input features that is both smoother and more generalised. In this manner, each
pooling operation summarises a local spatial neighbourhood into a single representative value.
As Max pooling selects the most prominent features, information about less dominant features is
lost. Average pooling, on the other hand, retains more information about the overall feature dis-
tribution, but may dilute the impact of strong features. Therefore (2023) investigated the
performance of both pooling methods concatenated (Concat(Avg,Max)). In Figure 4.1 the differ-
ent pooling methods are illustrated. The results indicated that depending on application scenario
one method may outperform the other.

Fully connected layer

It is a common practice to place fully connected layers at the end of CNNs. The neurons of a fully

connected layer are interconnected with all neurons of the preceding layer ( ,
)-
The adapted definition (Wu, ) presents as follows: The output of the layer is computed as

MCS I OMO) (4.8)
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where WO € RN >N denotes the weight matrix. Each output element 3"

K3
influenced by all input elements of x(V).
In this sense, each output neuron aggregates information from all spatial positions and chan-
nels of the input feature maps.

is therefore

Fractionally-Strided Transposed Convolution for Upsampling Layers

Transposed convolution, often referred to as fractionally-strided convolution, is an upsampling
operation that increases the spatial resolution of a feature map by performing the mathematical
transpose of a standard convolution. ( ) explained this operation in the context
of “deconvolutional networks”, where it is used to reconstruct higher-resolution representations
from lower-dimensional feature maps. In contrast to standard convolution, which aggregates
information from a local neighborhood to produce a single output value, the transposed convolu-
tion distributes each input value across a larger output region according to learned kernel weights
( , ). This viewpoint allows the operation to be interpreted as reversing the forward
convolutional mapping, making it well-suited for decoder architectures, generative models, and
semantic segmentation.

Dropout Layer

As large models tend to overfit with a small amount of input data ( ) proposed
dropout. Dropout works by randomly removing neurons during training so that co-adaptation
between units is prevented and overfitting can be mitigated.

Normalisation

As distributions of each layers inputs change during training, as the parameters of the previous
layers change, training a Deep Neural Network (DNN) can be difficult. To mitigate these chal-

lenges ( ) proposed to integrate normalisation into model architectures.
Normalisation stabilizes distributions of activations, improves gradient flow and enables faster
training ( , ). Within this thesis Batch normalisation (BN) and Layer normal-

isation(LN) are used.

Batch Normalisation simply normalizes layer inputs using each training mini-batch to fix the
means and variances of layer inputs so that training becomes faster. This also enables strong
regularization effect, but it depends on batch statistics ( , )-

Layer Normalisation normalizes all of the summed inputs to the neurons in a layer on a sin-
gle training case so that the normalisation does not introduce any new dependencies between
training cases and works the same in training and testing ( , )-

Activation Functions

Activation functions introduce non-lineatity in neural networks ( , ). Activation
functions used in this thesis include Rectified Linear Units (ReLU), Leaky ReLU (LReLU) and
Gaussian Error Linear Units (GeLU).

The ReLU activation funciton is mathematically given by ( ):

) ) T T
A — max (w(z)TI7 0) _Jwir, wit e >0, (4.9)
0, else.



4.1 Network architectures - Foundational concepts 19

31 — GEW
RelU
— ELWU

-4 -3 -2 -1 0 1 2 3

Figure 4.2: ACTIVATION FUNCTIONS. Visual representation of the activation functions used in this
thesis.

( ) next defined an alteration LReLU like this:

A = ma (w(i)Tx o) wz, wz >0, (4.10)
f— X 5 pr— . .
0.01w®Tz, else.

In both equations, 2 denotes the input vector, w®) is the weight vector of neuron i, w7z is the
pre-activation (the weighted sum of inputs), and h(¥) is the resulting activation

( ). The difference between ReLU and LReLU is that ReLU outputs zero for all negative inputs,
while LReLU allows a small non-zero slope for negative inputs so that the unit can still learn even

when the pre-activation is negative.

( ) introduced a further activation function. They defined it like
this: .
z
GELU(z) =2P( X <z)=z®(zx)=z = [1+erf[ —|]|. 4.11
(z)=zP(X <z)=2P(x)==z 5 [ er (\/5>} (4.11)

The GELU activation weights inputs by their value, rather than gates inputs by their sign as in
ReLUs (z 1;%0), so instead of turning negative inputs off like ReLU or Leaky ReLU, it smoothly
scales each input by the probability ®(z) that a standard normal variable is less than z, giving the
deterministic form GELU(z) = = ®(z) ( , )-

A visual comparison of the three activation functions can be seen in figure Figure 4.2, created

by (2023).

Residual Connections

Residual connections, introduced by ( ) work by taking the original input = and
adding it back to the output of a few stacked layers. The stacked layers learn to approximate a
function F(z), and the shortcut connection adds the input z to produce the final output F'(z) +
x. This is implemented through shortcut connections that skip one or more layers. Residual
connections make very deep networks easier to optimize and allow them to gain accuracy from
increased depth, although extremely deep models can still overfit ( , ).

4.1.2 U-Net

( ) first introduced this architecture for biomedical image segmentation. As
illustrated in Figure Figure 4.3(a), the U-Net architecture is displayed. The architectural design
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Figure 4.3: U-NET AND 3D U-NET. In (a) the U-Net architecture developed by
( ) is shown and in (b) the 3D adaption of ( ) U-Net architecture is shown.

comprises two fundamental components: a downsampling (contracting) element and an upsam-
pling (expansive) element. During the process of downsampling, repeated convolutional layers
are employed at each stage, followed by ReLU and max-pooling. In the course of the upsampling
process, an up-convolution is employed at each stage. This is then followed by concatenation,
two additional convolutions, and ReLU. In the final stage of the process, a 1x1x1 convolution is
employed to map each feature vector to the desired number of classes. Between the downsam-
pling and upsampling path there is a bottleneck, which consists of two convolutional layers with
ReLU activations. Moreover, skip connections are utilised for the purpose of concatenating fea-
ture maps from the downsampling path to the upsampling path ( , )- This
architectural design has been demonstrated to yield favourable outcomes with a limited number
of annotated images and a reasonable training time ( , )-

( ) conducted a review of medical image segmentation. To this day, U-Net and
its derivatives remain the most widely employed architectures for medical image segmentation
( , )- The architecture under discussion has achieved a high level of utilisation,
and this has resulted in a variety of adaptations of its initial design ( , )-

The 3D U-Net was first introduced by ( ). In Figure Figure 4.3(b), the 3D
U-Net architecture is presented. It is evident that the architectural design of the 3D U-Net is
analogous to that of the 2D U-Net, with all operations having undergone adaptation to the three
dimensions. The primary motivation for this three-dimensional adaptation is that medical images
can be volumetric in nature and consequently, a model designed to segment these images should
also be capable of handling volumetric data.

4.1.3 NNU-Net

In the biomedical imaging domain imaging modality, image size, voxel spacing and class ratio are
different from task to task ( , ). Creating a model that can adapt to these different
tasks was the main motivation for the NNU-Net architecture for ( )-

Based on the original U-Net architecture by ( ) and on its three dimen-
sional adaption by ( ), ( ) created a framework that can adapt to
differences in tasks and can configure itself automatically. They used three parameter groups for
this purpose. They used three parameter groups for that purpose. These were fixed parameters
that remained constant for all tasks, such as the structure, Dice + Cross Entropy loss, and leaky
ReLu. The second group comprised rule-based parameters, which are defined as heuristic rules
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to enable instant adaptation to the dataset and other factors.

The second group consists of rule-based parameters. These are defined using heuristic rules
so that the model can instantly adapt to dataset characteristics and other influencing factors. For
example, batch size and patch size are chosen based on GPU memory limitations or on the image
downsampling strategy, which itself depends on voxel spacing.

The third group comprises empirical parameters, which are learned during training. These
include elements such as post-processing strategies.

The result is a model that configures itself based on the dataset and task at hand and can
eliminate the trial and error configuration of models. This includes the architecture, preprocess-
ing, training and postprocessing and can therefore adapt to different tasks within the biomedical
domain ( ,

4.1.4 Mednet and its 3D CNN architecture

Mednet is a deep-learning framework developed by ( ) and

( ). The development of this technology was initiated with the objective of facilitating the
creation of medical imaging models in 2D or 3D, utilising a variety of network architectures. The
package is openly available.

In this study, the 3D CNN architecture from the mentioned package is employed. A full
schematic representation of the architecture is provided in Figure 4.4. The architectural design
is delineated as follows:

The network has been designed for the purpose of processing volumetric medical data, and
it follows the general architectural principles of convolutional neural networks as introduced in
Section 4.1.1. The 3D CNN architecture is composed of four consecutive convolutional blocks,
each of which is followed by BN, ReLU activations, and pooling operations (see Section 4.1.1).
Normalisation and ReLU, among other activation functions, are advances in DNNs to mitigate
the problem of vanishing and exploding gradients ( , ). The first three convolu-
tional blocks are equal and the fourth block differs slightly in the the absence of a subsequent
pooling layer. Both types of convolutional blocks are shown in Figure 4.5. Each block succes-
sively increases the number of feature channels, thereby enabling the network to extract increas-
ingly abstract and high-level representations of the volumetric input data. The initial three blocks
are succeeded by Max Pooling layers. Each convolutional block incorporates residual connec-
tions. Following the fourth convolutional block Average Pooling is used as the pooling method
of choice. This process results in the generation of a single feature vector for each sample. The
resulting 64-dimensional feature representation is processed through two fully connected layers
with an intermediate dropout layer (p = 0.3) in order to mitigate the risk of overfitting. The initial
fully connected layer serves to reduce the feature dimensionality from 64 to 32, followed by a
ReLU activation. The final layer is responsible for mapping the features to the number of output
classes and producing linear logits, which are subsequently passed to a sigmoid activation during
inference.

The Mednet 3D CNN architecture offers a compact yet expressive 3D architecture that effec-
tively captures both local and global spatial dependencies in volumetric data, rendering it suitable
for detecting arterial abnormalities from three-dimensional medical images.
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Figure 4.4: MEDNET 3D CNN ARCHITECTURE. Schematic representation of the 3D CNN architecture
employed in this study designed by ( , ). The architecture consists of four convolutional
blocks with residual connections, followed by global average pooling and two fully connected layers for
classification.

4.2 Foundation models

4.2.1 The power of pretrained models

Foundation models are machine learning models that have been trained on large datasets and
are capable of performing a range of tasks ( , ). Foundation models have the
potential to improve performance in a variety of tasks within the field of medical imaging. They
can facilitate the development of accurate and robust models, reduce the need for large amounts
of labelled data and protect the privacy and confidentiality of patient data because knowledge
can be transferred without sharing patient information ( )-

One of todays most popular foundation models is Open Als GPT series ( , )-
The development of foundation models in the field of medical imaging presents a considerable
challenge, given the wide range of domains, tasks and imaging modalities involved. In the med-
ical domain, foundation models are characterised by a high degree of categorisation, as opposed
to a more generalised approach, as can be seen with Large Language Models (LLMs) like the GPT
series. The categorisation of tasks can be conducted on the basis of region, organ, or task family

( , 2024).

( ) provided a theoretical explanation for the versatility of foundation models. In
accordance with the principles outlined in their Theorem 2, a foundation model that has under-
gone pretraining on a sufficiently informative pretext task is capable of capturing the complete
structural information of its domain. This capacity enables the model to solve a wide range of
downstream tasks through the process of fine-tuning or transfer learning. This theorem is em-
ployed in the context of this study as a fundamental principle to refine a foundation model that
has been pretrained with a substantial amount of data, subsequently utilised for a downstream
task.

How much of the foundation model should be used depends on the task.
( ) showed that features extracted from earlier convolutional layers of deep networks capture
more local patterns of objects. In contrast, deeper layers produce more abstract and semantically
global representations, illustrating a fundamental trade-off when choosing which layer to use as
a feature extractor.
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Figure 4.5: MEDNET 3D CNN CONVOLUTIONAL BLOCKS. Both types of convolutional blocks used in
the Mednet 3D CNN architecture are shown. In (a) the first three convolutional blocks are illustrated, each
followed by a MaxPool3D layer. In (b) the fourth convolutional block is shown, which does not include a
subsequent pooling layer.

4.2.2 VesselFM

The foundation model used in this work is VesselFM, a model specifically designed for universal
three-dimensional (3D) blood vessel segmentation. ( ) developed VesselFM
with the objective of creating a robust, generalizable foundation model capable of accurately seg-
menting vascular structures across diverse imaging modalities and anatomical regions. Unlike
earlier segmentation foundation models such as SAM-Med3D by ( ) or MedSAM-
2 by ( ), which focused on general-purpose or modality-specific segmentation tasks,
VesselFM is explicitly tailored to the vascular domain and demonstrates superior performance in
zero-shot, one-shot, and few-shot scenarios. The strentgh of this model stems from the dataset
accumulation, where important steps were done to increase the size of the training set.

Dataset accumulation, Training and Relevance

VesselFM was trained using a supervised approach involving three heterogeneous data sources,
combining real, synthetic and generative datasets to achieve robust cross-domain generalisation.
The model was trained using three different data sources. Dy, is a large curated dataset con-
taining over 115,000 annotated 3D image patches from 23 different sources. To the knowledge of

( ) this dataset is the largest annotated dataset for blood vessel segmentation.
The annotations are on a voxel-level. To improve generalisation and zero-shot capabilities, it cov-
ers a wide variety of imaging modalities and anatomical regions of the body. Dgrang is the first
of two synthetic datasources used to train VesselFM. It is a domain-randomised dataset that was
generated using a domain randomisation strategy that was tailored for this model. The strategy
combined randomised vascular foreground geometries with generated background textures and
artefacts to produce realistic image-mask pairs. And finally Dy, is a dataset generated using a
generative model that has been trained on real vessel segmentations. This approach uses a U-Net
model proposed by (2024) called Med-DDPM, which was extended by
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Figure 4.6: VESSELFM ENCODER ARCHITECTURE. Encoder and Bottleneck of MONAI's NN-Unet
implementation (Iscnsee et al., 2021). The residual connections were left out to simplify the figure.

et al. (2025) with flow-matching capabilities.

The final training set combines all three data sources, weighted approximately as 70% Dgrand,
20% Drear, and 10% Dy This composition ensures both large-scale data diversity and anatomical
realism. VesselFM was trained on 3D image patches of size 128° using a UNet-based segmentation
backbone, optimised to preserve the connectivity and topology of vascular structures.

VesselFM introduces several innovations that make it a particularly well-suited foundation
model for vascular imaging tasks. The model achieves excellent performance across different
benchmarks in vessel segmentation tasks thanks to its data diversity and robustness, outperform-
ing other state-of-the-art models in zero-, one- and few-shot scenarios.

Architecture

VesselFM’s architecture is based on the NN-Unet architecture proposed by [sensee et al. (2021), as
implemented in MONALI. Further elaboration on NNU-Nets can be found in Section 4.1.3.

VesselFM employs a 3D NN-Unet backbone with one input and one output channel
(in_channels=1, out_channels=1), that operates in three spatial dimensions. t is characterised by
a symmetric encoder-decoder design with skip connections between corresponding layers. This
configuration ensures that fine-grained spatial details from early layers are preserved during up-
sampling. The encoder pathway is comprised of six resolution stages, with convolutional strides
configured as [[1,1,1]1, [2,2,2], [2,2,2), [2,2,2), [2,2,2], [2,2,2]]. Thisis
analogous to progressive spatial downsampling by a factor of two at each level. Figure 4.6 illus-
trates the encoder and bottleneck of the architecture

As outlined in Section 4.1.1, each stage implements convolutional kernels of size 3 x 3 x 3
with BN and LReLU. It is important to note that the number of feature channels increases with
depth, in accordance with the filter configuration [32, 64, 128, 256, 320, 320]. After
the Input Block 4 Downsampling blocks do follow. Four downsampling blocks follow the input
block. These are named Downsample 1, Downsample 2, Downsample 3 and Downsample 4. The
decoder is structurally analogous to the encoder, with upsampling layers configured with a kernel
size of [2,2,2] at each stage. Skip connections between encoder and decoder layers enable the
preservation of spatial information. The final output layer maps the highest-resolution feature
maps to a single-channel probability mask representing the vessel foreground
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4.2.3 TotalSegmentator

TotalSegmentator

TotalSegmentator is a publicly available deep learning model for comprehensive multi-organ seg-
mentation in computed tomography (CT) images. It was introduced by ( )
with the goal of providing a robust and ready-to-use tool that can segment most clinically relevant
anatomic structures without additional training. The model segments a total of 104 structures, in-
cluding organs, bones, muscles, and major vessels, and was trained on a heterogeneous dataset of
1204 clinical CT examinations acquired from routine imaging. This diversity enables the model to
generalize well across different scanners, contrast phases, anatomical coverage, and pathological
variations.

Technically, TotalSegmentator is based on the nnU-Net framework, which described in Sec-
tion 4.1.3 ( ) demonstrated reliable segmentation performance even in the
presence of abnormalities such as organ deformations, fractures, or surgical modifications.

4.3 Evaluation metrics

4.3.1 True Positive Rate and False Positive Rate

To calculate the metrics used in this thesis we need to first define the True Positive Rate (TPR) and
the False Positive Rate (FPR). We will use the definition from ( ). Given
a decision threshold 7, the TPR is computed as

B TP(7)
TPR(T) = TP() L FN() (4.12)

where TP(7) and FN(7) denote the number of true positives and false negatives obtained
when predictions greater than 7 are classified as positive. Similarly, the FPR is:

FP(7)

FPR(r) = T ING)

(4.13)

4.3.2 Threshold-dependent metrics

Accuracy

Accuracy is considered to be one of the most frequently employed performance metrics in the
domain of binary classification. The term denotes the proportion of instances that have been
correctly classified out of all those evaluated. Given a decision threshold 7, Accuracy is computed
as ( , ):

TP(T)+TN(7)

" TP(7) + FP(r) + FN(r) + TN(r) (4.14)

Accuracy (1)

where TP, TN, FP,and F'N denote true positives, true negatives, false positives, and false neg-
atives, respectively. Accuracy provides an overall estimate of a classifier’s effectiveness but does
not account for class imbalance, as it treats both classes equally regardless of their distribution.
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Recall

Recall measures how effectively a system finds all relevant items in the dataset (
, ) and is exactly equal the TPR. Recall is computed as:

Recall(t) = TPR(T) (4.15)

Recall measures a system’s ability to include relevant information in its results, representing re-
trieval completeness. While high recall is desirable, achieving it often lowers Precision, since

retrieving more items increases the likelihood of including nonrelevant ones ( p
).
Precision
Precision measures how many of the items returned by the system are actually relevant (
, ). Precision is computed as:
TP
Precision(7) = __TPn) (4.16)

- TP(r)+ FP(1)

High precision implies that most retrieved instances are relevant, meaning the system effectively
excludes nonrelevant items from its output.

F1-score
The F1 score represents the harmonic mean of precision and recall, combining both aspects of a
classifier’s performance into a single metric ( , ). It is defined as:

Fi(r) 2-TP(7) 2 Precision(7) - Recall(7) 417)

T2 TP(r)+ FP(r) + FN(t)  Precision(r) + Recall(t)

The F1 score ranges from 0 (worst) to 1 (best) and reaches its maximum when both precision and
recall are 1. As noted by ( ), F1 is independent of the number of true
negatives and therefore may provide overly optimistic estimates on imbalanced datasets.

4.3.3 Threshold-independent metrics

The evaluation of binary classification tasks can be undertaken using a variety of metrics. The se-
lection of the metric(s) to be utilised is a pivotal factor in determining the outcome of the model.
This phenomenon is particularly evident in the context of threshold-dependent metrics, where the
type of metric employed, as well as the specific threshold utilised, play a pivotal role in determin-
ing the results. In the binary classification task in this thesis, the model outputs a value between
0 and 1, which can be interpreted as the probability of the input belonging to the positive class.
The quality of the numerical results is contingent upon the decision threshold and therefore su-
perior or inferior results can be obtained ( , ). It is evident that the employment of
both threshold-independent and threshold-dependent metrics is justified in this work, with the
emphasis placed on the two threshold-independent metrics outlined in this section.

Area under the Curve (AUC)

In this work, AUC refers specifically to the Area Under the Receiver Operating Characteristic
Curve (AUROC). The Receiver Operating Characteristic (ROC) curve is a graphical representation
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of the relationship between the TPR and the FPR as the decision threshold is varied. This provides
a comprehensive assessment of the classifier’s performance. The AUC offers a single, threshold-
independent summary of performance ( , )-

The AUC is commonly estimated by trapezoidal integration,

N—-1 . .
AUC= S (FPR(i+1) - FpR(i) LERGE 1; +TPRG) (4.18)

i=1

which approximates the integral of the ROC curve without assumptions about the underlying
score distributions. The index 7 enumerates the NV sampled ROC points sorted by increasing FPR,
sothati =1,..., N — 1. Despite its slightly conservative nature, this method demonstrates robust
performance when multiple thresholds are sampled. The trapezoidal rule is a numerical method
that approximates the area under the ROC curve by summing the areas of trapezoids formed
between successive points. This provides a simple and non-parametric estimate of the integral
when the curve is defined by discrete thresholds (Yeh, )

As ( ) demonstrated, the AUC is a metric that quantifies the probability that a
positive instance will be ranked higher than a negative one when both are chosen at random,

AUC = P(zp > z,,) (4.19)

Consequently, AUC provides a probabilistic interpretation of a classifier’s discriminative ability.
It is evident that these properties contribute to the robustness of the metric, thereby facilitating
its widespread adoption in the evaluation of binary classification models ( , )-

Average Precision (AP)

Average Precision (AP) summarizes the area under the Precision-Recall (PR) curve by integrating
precision over recall. Following the formal definition of ( ), the average precision of a
scoring model is given by the integral of the precision-recall function,

1
AP :/ p(r)dr, (4.20)
0

where p(r) denotes precision as a function of recall r. Since the PR curve is evaluated at a finite
number of operating points in practice, this integral is approximated by a discrete sum (Zhu,
): N
AP = Z Precision(n) ARecall(n), (4.21)
n=1

where Precision(n) is the precision at the n-th threshold, and ARecall(n) = Recall(n)— Recall(n—
1) denotes the increase in recall. This formulation corresponds to computing a weighted average
of precisions, where the weights reflect changes in recall.

As discussed by ( ), AP is particularly informative in imbalanced
classification settings, because precision and recall depend only on the distribution of positive
examples and are unaffected by the large number of true negatives. Consequently, AP measures
how well a model ranks positive instances ahead of negative ones across all possible decision
thresholds.

4.3.4 Wilcoxon Signed-Rank Test

The Wilcoxon signed-rank test ( ) is a non-parametric paired test used to determine
whether two paired measurements differ in a systematic way.
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Given paired observations (X;,Y;) for i = 1,...,n, define the differences
di =X, - Y. (4.22)

Differences equal to zero are removed. The absolute differences |d;| are ranked from smallest to
largest, and R; denotes the rank of |d;|. Let sgn(d;) be the sign of the difference. The Wilcoxon
signed-rank statistic is then

Wr=> R, W~ =) R, (4.23)

i:d; >0 i:d; <0

where W+ and W~ are the sums of ranks corresponding to positive and negative differences,
respectively. A common test statistic is

W =min(W+,W). (4.24)

Under the null hypothesis that the distribution of paired differences is symmetric around zero,
the sampling distribution of W is known exactly for small sample sizes, and well approximated
by a normal distribution for larger n. The resulting p-value quantifies the statistical significance
of the performance difference between the two models.

Because it is based on ranks rather than distributional assumptions, the Wilcoxon signed-rank
test is robust to outliers and non-normality.
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Data

In this chapter the dataset used in this work is introduced. First the origin and the characteristics
of the original dataset are described. Then the preprocessing steps are summarised. After the
preprocessing, we will take a closer look into the input data of the models.

5.1 Data origin

The dataset used in this work is provided to IDIAP and obtained from the Service d’Angiologie -
Département coeur-vaisseaux, at the Centre Hospitalier Universitaire Vaudois (CHUV). It consists
of a lot of different types of CTA scans of patients and corresponding annotations. The dataset is
filtered and preprocessed down to a subset, which is then used for model training. These steps
are described in more detail in Section 5.3.

5.2 Data Characteristics before preprocessing

As Fibromuscular Dysplasia (FMD) is more prevalent in middle-aged women, the age and gen-
der distribution of the dataset is analysed ( , )- The dataset consists of two groups:
an FMD group comprising confirmed cases of FMD, and a control group comprising individu-
als without FMD. The FMD group consists of 42 participants, and the control group consists of
72 participants. Table 5.1 shows the gender distribution in the FMD dataset and in the control
group, which matches the expected distribution with a majority of female patients. The gender
distribution in the control group differs by only 3%, making it comparable.

Table 5.1: Gender distribution in FMD and control groups. Percentages of gender within both
groups are shown

Gender FMD (%) Control (%)

Male 33.3 36.1
Female 66.7 63.8

As can be seen in Table 5.2, the age distribution of the FMD group also matches the distribution
described in ( ). It can be observed that the control group has a more balanced
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Arterial Abnormality Types in Unnamed Data
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Figure 5.1: ABNORMALITY DISTRIBUTION AFTER PREPROCESSING. Distribution of the abnormality
types within this dataset

distribution, including a much higher percentage of young participants (13.9% and 19.3%), but a
lower percentage (16.7%) in the 50-59 age group than the FMD group.

Both distributions should be kept in mind when analysing the model results later on, as these
distributions could lead to shortcut learning. This is especially true for the gender distribution, as
the higher prevelance of the female gender may lead to biased decisions by the model.

Table 5.2: Comparison of Age distributions in FMD and control groups. Percentages of age
group is shown

Age group FMD (%) Control (%)

<18 0 0

18-29 24 13.9
30-39 9.5 19.4
40-49 31.0 31.9
50-59 38.1 16.7
60-69 9.5 6.9
>70 9.5 11.1

As the goal of this work is to detect arterial abnormalities, both groups are combined in the
preprocessing and modelling steps, as both groups contain cases of arterial abnormalities. The
preprocessing steps are explained in more detail in Section 5.3.

Figure 5.1 illustrates the distribution of arterial abnormality types present in the dataset. The
majority of cases are aneurysmal or dissecting abnormalities, indicating that the dataset is domi-
nated by conditions associated with vessel wall weakening or tear formation. Ectasia and stenosis
also occur frequently, suggesting a relevant share of dilation- and narrowing-related pathologies.
In contrast, tortuosity, rupture and fistula are comparatively rare, contributing only a small pro-
portion of the overall cases.
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Table 5.3: Comparison of Arterial Abnormality Type Distributions. Percentages of total abnor-
malities across the three datasets are shown.

Abnormality Type FMD (%) Control (%) Combined (%)

Aneurysm 21.5 21.8 21.6
Dissection 29.0 25.0 26.8
Rupture 0.9 3.2 2.2
Fistula 0.9 1.6 1.3
Tortuosity 15.0 12.9 13.9
Stenosis 15.9 12.1 13.9
Ectasia 16.8 23.4 20.3

This imbalance highlights that most available samples represent clinically common abnormal-
ity types, while rarer lesions are under-represented. As a result, the dataset composition may
bias the learning process toward frequently occurring vessel pathologies, potentially limiting the
model’s ability to recognise less prevalent abnormalities.

Furthermore, an investigation was conducted into whether the cohort origin exerts an influ-
ence on the distribution of abnormality types, prior to the implementation of preprocessing on
the dataset. This phenomenon is further elaborated in Table 5.3. The percentages of total ab-
normalities across the FMD group and the control group vary only slightly. It is important to
note that there are two key differences that should be considered. The FMD group exhibits a
4.0% prevalence of dissections, while the control group demonstrated a 6.6% prevalence of ecta-
sia. Nevertheless, these disparities are not substantial enough to justify the separation of the two
groups in the subsequent analysis.

5.3 Preprocessing

The objective of preprocessing was to generate two types of input images. One type consists of
the region of interest (ROI) CTA scans, while the other type comprises ROI vessel segmented
scans. To reach that state several preprocessing steps were necessary. To begin with, the dataset
was filtered to ensure high quality volumes. The next step was to extract the region of interest
from the CTA scans and segment the vessels. After that, a series of image processing steps were
applied to the ROI CTA Scans to prepare the volumes as inputs for training.

5.3.1 Scan Filtering

The initial step involves the conversion of CTA scans from DICOM folders to NIFTI files, utilising
the dicom?2nifti library'. It is important to note that not all scans in the dataset are suitable for
the detection of arterial abnormalities in the defined region of interest. Test scans, scans without
contrast agent and scans that did not include the ROI, namely the kidneys, were filtered out of the
dataset. The filtration of the scans ensured the acquisition of sufficient quality data for the region
of interest.

IThttps://github.com/icometrix/dicom2nifti
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» |

Figure 5.2: KIDNEY SEGMENTATION. Example of kidney segmentation using the TotalSegmentator
model by (2023). The segmented kidneys are highlighted in the CTA scan.

5.3.2 Data preperation

ROI extraction

The extraction of the region of interest was facilitated by the utilisation of the TotalSegmentator,
a model designed by ( )- This foundation model is explained in more detail
in Section 4.2.3. The CTA scans were processed with TotalSegmentator in order to extract both
kidneys. Such a segmentation is shown in Figure 5.2. A bounding box was created around the
segmented kidneys on the full CTA scan, as well as on the segmented vessel image. This was done
in order to crop the full image down to the region of interest. The cropping step is of significant
importance in order to reduce the amount of irrelevant information in the images and to focus
the model on the area where the abnormalities are located. In consideration of the fact that the
present work is concerned with arterial abnormalities and focuses on renal arteries, it was deemed
essential to incorporate the renal arteries, which extend from the abdominal aorta to the kidneys.
Consequently, the bounding box was centred on the body. The extraction of the ROl is a necessary
data preparation step to restrict the dataset to the renal artery region. It is not optimised during
training and does not represent a modelling choice.

Vessel segmentation

The vessel segmentation process was facilitated by the utilisation of VesselFM. The model is de-
scribed in great detail in Section 4.2.2. A complete CTA scan is entered into VesselFM, resulting in
a binary mask of vessel segmentations (see Figure 5.3). Following the segmentation of the vessels,
the images were cropped to the ROI by reusing the coordinates of the ROI cropped CTA scans.
The rationale behind this choice is that, despite the fact that VesselFM possesses robust zero-shot
capabilities, the input volumes for the model are maintained in a state as unprocessed as possi-
ble, thereby preserving the integrity of the original CTA. This approach ensures that the outcomes
remain uninfluenced by such preprocessing steps as cropping prior to segmenting.
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Figure 5.3: VESSEL SEGMENTATION. Example of vessel segmentation using VesselEM. The output of
the model is a binary mask
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5.3.3 Image processing

Up to this point all images persist within the same affine space as the original CTA scan. Con-
sequently, the spatial relationships are transferable between the vessel segmentation images and
the CTA scans.

Following the extraction of the ROI and the segmentation of the vessel, the images are resam-
pled to target spacing using the SimplelTK library ( , ). This step is pivotal in
standardising the physical resolution of the data, ensuring that each voxel represents an equiva-
lent size in millimetres across all images. This reduction in noisy input for the model is a crucial
aspect of the process. The target spacing has been set to (0.9, 0.9, 1.2). The process of interpolation
of each image onto the grid is then achieved by the application of SimplelTK’s ResampleImage-
Filter. Linear interpolation is applied to CTA images in order to maintain smooth transitions of
Hounsfield values. Conversely, nearest-neighbour interpolation is used for binary label or vessel
mask images with the objective of maintaining the mask binary. The original image origin and
orientation are preserved, thereby ensuring that all resampled images remain within the same
affine coordinate space as the original scans.

Subsequent to resampling to a uniform voxel spacing, each volume is additionally resized to
a predefined voxel count using trilinear interpolation. The predefined target size is set to (224,
224,160). This ensures that all images share the same dimensions required by the neural network
input. In the event of a scan being smaller than the target size, zero-padding is applied symmetri-
cally in order to match the desired dimensions, whilst preserving the image content in the centre
of the volume.

5.4 Data Characteristics after preprocessing

The dataset is slimmed down after preprocessing. Following preprocessing, the dataset comprises
126 images. This section shows how the abnormalities in the region of interest are distributed.
Furthermore, we will examine the images in more detail and their characteristics.

Figure 5.4 illustrates the distribution of arterial abnormality types after restricting the dataset
to the renal arteries through preprocessing. Compared with the overall abnormality distribu-
tion in the full cohort (Figure 5.1), notable shifts occur. While aneurysms and dissections remain
among the most frequent categories, their dominance becomes less pronounced once the analy-
sis is limited to the renal vessels. Instead, stenosis emerges as the most prominent abnormality
within the renal arteries.

Furthermore, categories such as rupture and fistula, which are already scarce in the full dataset,
disappear completely after preprocessing. It is considered beneficial that ruptures and fistulas,
which were exceedingly rare prior to preprocessing, have now been eradicated, thus ensuring
that their detection during the training phase of the model will not be hindered. Tortuosity re-
mains present, but constitutes only a minor portion of the renal-specific dataset.

In general, the restriction of the dataset to the renal artery region results in a modification of
the distribution of abnormality types. These shifts suggest that the preprocessing step reduces the
diversity of abnormality types and increases the imbalance between them. This has implications
for the composition of the training data, which may result in the model’s exposure to rare or
underrepresented categories being limited.
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Arterial Abnormality Types in Abnormalities in Renal Arteries
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Figure 5.4: ABNORMALITY DISTRIBUTION AFTER PREPROCESSING. Distribution of arterial abnor-
malities after preprocessing. All abnormalities that are not in the renal arteries, and therefore not used in

this thesis, are removed.






Chapter 6

Approach

In this chapter, we present the conceptual motivation and methodological strategies underlying
the abnormality detection pipelines developed in this work. The decision to create three dis-
tinct approaches stems from the idea of reducing noise and focusing on the relevant information
within the volumes. Arterial abnormalities associated with Fibromuscular Dysplasia (FMD) are
vessel-specific pathologies that manifest as structural alterations of the arterial system, such as
stenosis, dissection or aneurysm formation ( , ). Since these lesions are con-
fined to the vascular lumen and wall, providing models with vessel-focused representations may
reduce irrelevant information from surrounding tissues and encourage learning of vascular mor-
phology instead. The input data for all approaches consists of 3D CTA volumes cropped around
the renal arteries, as described in Chapter 5. The decision to focus on the renal arteries is moti-
vated by their clinical relevance in FMD and the sufficient number of abnormal cases available
for model training. The Region of Interest (ROI) cropping also serves to limit the input size and
computational requirements for 3D model training. Instead of inputting the full volumes, which
in most cases contain the full upper body, the models can focus on the anatomically relevant sec-
tions containing the renal arteries. Convolutional Neural Networks (CNNs) are well suited for
processing such data due to their ability to learn spatial hierarchies in three dimensions through
convolution and pooling operations (\Wu, )- In vascular imaging, these properties have been
shown to support the extraction of tubular, elongated structures and morphology descriptors

, ). However, classification from raw CTA volumes also poses the risk of
shortcut learning, where models exploit unintended cues such as scanner-dependent artefacts or
background intensity patterns ( , ). These risks and challenges motivate the explo-
ration of vessel-specific inductive biases and pretrained vascular representations in the following
approaches.

To start with, a baseline 3D CNN is trained directly on the cropped CTA volumes around the
renal arteries. This baseline serves to evaluate whether abnormality detection is generally feasable
(RQ1). In a second approach, vessel presegmentation is employed as a preprocessing step to
enforce vessel-specific inductive biases (RQ2). Finally, a third approach leverages the pretrained
VesselFM foundation model as a feature extractor to reuse vascular representations learned from
large-scale data (RQ3). As at the time of model training only binary labels (abnormality present
and no abnormality present) the training task at hand for the entire thesis is a binary classification
task.

6.1 Baseline: 3D CNN for Abnormality Detection

CTA volumes represent vessels as three-dimensional structures, and abnormalities associated
with Fibromuscular Dysplasia (FMD) manifest as local geometric alterations within the vessel lu-
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men ( , ). Convolutional neural networks (CNNSs) are particularly suitable for such
volumetric data because they learn spatial hierarchies through convolution and pooling, enabling
the extraction of morphology-relevant patterns across three dimensions ( , ;

, )- In vascular imaging, CNN-based methods have demonstrated strong per-
formance in detecting stenosis and other arterial diseases from CTA data, further supporting their
relevance to this task ( , ; , ).

In this work, a compact 3D CNN architecture following the MedNet design is used as a binary
classifier ( , )- MedNet emphasises efficient 3D feature extraction through residual
convolutional blocks while maintaining low parameter count, which is advantageous when train-
ing on relatively small medical datasets such as the 126 CTA scans available for this study. The
model operates directly on ROIs cropped around the kidneys, ensuring that the training signal
is focused on arterial areas where abnormalities occur. This baseline serves as a reference system
to assess whether CTA-based abnormality detection is feasible without enforcing vessel-specific
prior knowledge, forming the foundation for evaluating the benefits of segmentation-based in-
ductive bias and pretrained vascular representations in later sections.

6.2 Classification with Segmentation-Based Induc-
tive Bias

Although the baseline model directly processes arterial ROIs, the input still contains non-vascular
structures such as surrounding tissues, contrast variations, and scanner-specific signals. These
factors introduce variability that is unrelated to vascular pathology and may lead to shortcut
learning, where a model relies on spurious correlations instead of pathology-relevant features
( , ). Since abnormalities are confined to the vessel lumen and wall, restricting the in-
put exclusively to segmented vasculature provides a structural inductive bias toward morphology-
driven decision making.

To enforce this bias, vessel segmentation masks are generated using the vascular foundation
model VesselFM ( , ), and the same 3D CNN architecture as in the baseline is
trained on masked CTA volumes. The segmentation step removes irrelevant background and
reduces input variability, limiting the hypothesis space to tubular geometries. This principle
is aligned with established Computer Aided Diagnostics (CAD) pipelines, where segmentation

commonly precedes classification or quantitative morphology estimation ( , )-
Furthermore, several vessel analysis strategies explicitly rely on segmented representatlons to
measure lumen diameter, tortuosity, or aneurysm extent ( ,

). By integrating segmentation as a preprocessing step, the classifier is encouraged to learn
morphological cues that are consistent with how these pathologies are clinically assessed, while
still operating on the same ROI-focused classification task as the baseline.

6.3 Leveraging Knowledge from a Pretrained Vas-
cular Foundation Model

While segmentation provides an explicit structural constraint, it does not guarantee that feature
extraction is optimal for classification. Foundation models offer an alternative source of prior
knowledge by learning general, domain-specific feature representations that can be reused for
downstream tasks. VesselFM is trained on diverse real and synthetic vascular data and is de-
signed to produce modality-invariant and topology-preserving vessel features ( ,



6.4 Hypotheses 39

). Consequently, it should, in theory, be capable of encoding the relevant features of the ar-
terial structures. Secondly, the model was constructed with the objective of attaining optimal
zero-shot performance on CT scans ( , ). Instead of using it only to produce
vessel masks, this research question repurposes its encoder as a feature extractor. A lightweight
classification head is placed on top of frozen VesselFM features, enabling abnormality detection
without training a full segmentation-classification pipeline from scratch.

Using a foundation model as a feature extractor and adding a classification head can be done
in various different ways and therefore also achieve different performances. This is why in this
thesis different configurative combinations are tested, with the goal to find the best performing
configuration for this task. Starting of different pooling methods, namely Max Pooling, Average
Pooling and the combination of both, are compared to each other. The two pooling methods
have shown to have different effects on the performance of a model in different scenarios and
the combination of both pooling methods has been shown to perform well in such tasks
( ). The extraction layer of the foundation model features are analysed next, because of the
existing locality vs globality trade-off ( , ). We need to ensure to keep local
information encoded, but not discard too much information model from the foundation model.
The type of classification head is also analysed. We are comparing a linear head to a nonlinear
head, because introducing non-linearity and complexity can improve model performance.

The use of pretrained models is motivated by the limited size and class imbalance of the
dataset in this work. Foundation models have been shown to require fewer labelled samples
and to generalise more robustly across data acquisitions and medical tasks ( , ;

, ). Since VesselFM learns vascular geometry and lumen continuity di-
rectly from large-scale vessel data, its encoder provides a domain-matched starting point for de-
tecting abnormalities without requiring explicit medical annotations of lesion boundaries. For
training of the classification head, the same ROI-cropped CTA volumes are used as in the base-
line approach. All of this enables a direct comparison between three sources of inductive bias:
no prior knowledge (baseline), explicit geometric bias (segmentation), and implicit pretrained
vascular representations (foundation model).

6.4 Hypotheses

Based on the design considerations described above, the following hypotheses are investigated
in this thesis:

« H1: A 3D CNN trained on CTA volumes cropped around the renal arteries can detect arte-
rial abnormalities associated with FMD.

« H2: Presegmenting vessels before classification improves abnormality detection perfor-
mance by enforcing a vessel-specific inductive bias and reducing shortcut learning.

« H3: Using VesselFM as a feature extractor outperforms training a 3D CNN from scratch
by leveraging pretrained vascular representations learned from large-scale heterogeneous
vessel data.






Chapter 7

Experiments

In this chapter, the experiments conducted to address the research questions outlined in Sec-
tion 1.1 are described in detail. The chapter begins with a description of the experimental setup,
including the dataset, hardware environment, training parameters, and evaluation metrics. Sub-
sequently, each experiment is presented in a dedicated section, detailing the objectives, method-
ologies, and configurations employed to answer the respective research questions. Finally, the
architectures of the models utilised in the experiments are described.

7.1 Experimental Setup

7.1.1 Dataset and Splits

The dataset and preprocessing is detailed in Chapter 5. Each remaining case is associated with
a binary label indicating the presence or absence of renal abnormalities and with the path to the
CTA volume (or mask).

The cleaned dataset is split into a development set (80% of the data, containing train(60%) and
validation set(20%)) and an independent test set (20%). This split is performed with stratified
sampling so that the proportion of abnormal and normal cases was preserved in both subsets.
The test set is fixed, kept seperately and is not used for any fold generation.

On the development set, we pre-compute a 5-fold partition that is reused for all experiments.
The folds are created with scikit-learn’s StratifiedKFold'. Stratification ensures that each fold
contains approximately the same class distribution as the full development set. The resulting
folds are stored once in JSON format and the same fixed splits are reused across all model training
runs. Each set contains the same distribution of abnormalities, namely somewhere between 35%
and 37% of images with abnormalities.

7.1.2 Hardware and HPC environment

The provision of the infrastructure is undertaken by IDIAP, with the objective of facilitating the
training of the models and the execution of the experiments. Experiments were conducted on
a GPU cluster that is managed by SLURM. Each job utilised a single node, equipped with one
NVIDIA H100 GPU and 32 GB of system memory.

lThiips://scikit-learn.org/stable/modules/generated/sklearn.model_selection.
StratifiedKFold.html
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7.1.3 Training Parameters

Each experiment is trained with a batch-size of 8. For the MedNet configuration, each experi-
ment is trained for up to 75 epochs and trained using the binary cross-entropy loss with logits
(BCEWithLogitsLoss). An Adam optimizer by (2017) is employed for parame-
ter updates, with optional learning rate scheduling defined within the model configuration. The
training is executed utilising the mednet train command-line interface, with multiprocessing for
data loading disabled. The classification head of the adapted VesselFM model is trained with
a maximum of 50 epochs, utilising the PyTorch Lightning framework with mixed precision (16-
mixed) and the AdamW optimiser. For both models gradient accumulation is disabled. The
results and checkpoints were automatically saved in a specified output directory. After model
training the model with the lowest validation loss during any given epoch is selected for testing.

7.1.4 Evaluation

In this section first all evalutation metrics used to analyse model performance during all experi-
ments are described. Subsequently, the comparative analysis method used to compare the results
from different experiments is explained. Since this is a binary classification task, the model can
output one of two possible predictions. For each sample, the predicted class (abnormality present
or no abnormality present) is compared with the true label. The prediction is then recorded as
either correct or incorrect depending on whether it matches the ground truth.

Evaluation Metrics

The objective of this research is to develop a model that can assist physicians in the diagnosis of
FMD by detecting arterial abnormalities. Consequently the metrics used to evaluate the models
should in combination with each other provide a comprehensive overview of the model’s per-
formance in this task. The model will be evaluated on its ability to classify whether an arterial
abnormality is present within the input image or not. The evaluation metrics used in this thesis
can be split up into threshold dependent and threshold-independent metrics. For the threshold-
dependent metrics, a classification threshold is required to convert the model’s predicted proba-
bilities into binary class labels. The threshold chosen in this work is 0.5, but can in future work be
optimised based on clinical requirements. As threshold dependent metrics, accuracy, precision,
recall and F1-score are used. The two threshold independent metrics utilised for the evaluation
of the models were Area Under the Curve (AUC) and Average Precision.

After training the models on all five folds, each of the five resulting models is evaluated on the
same independent test set. Once all evaluations are completed, the mean and standard deviation
of the test metrics across the five models are reported. This approach reduces the influence of
unusually good or bad results caused by specific training-set compositions and provides more
reliable and meaningful performance estimates. How the evaluation metrics are calculated is
further explained in Section 4.3.

Comparative Analysis

Following the calculation of the evaluation metrics for each experiment, a comparative analysis is
conducted to determine whether there are any differences in performance between models. Here
depending on the experiment there are some differences in the comparative analysis method.
For all comparative experiments, the mean and standard deviation of each evaluation metric
across all folds is reported and compared to each other. With this comparison an assesement
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of which model performs best on which metric can be made and the research questions can be
answered.

In certain cases it is possible that the mean performance of different metrics differ when com-
paring two models. For example one model might achieve a higher mean AUC, while another
model achieves a higher mean Average Precision. For this case different prioritization rules are
defined. Within this thesis the threshold independent metrics are prioritised over the threshold
dependent metrics. The reason for that is that threshold independent metrics provide a more
holistic overview of the model performance across all possible classification thresholds. A second
reason is that this work focuses on developing a model with a good overall performance. Setting
an optimal classification threshold should be done with experts and while taking clinical require-
ments into account. If the mentioned usecase arises that one model performs better on AUC,
while another model performs better on Average Precision, the model with the higher AUC is
prioritised. Even though AP is better suited for imbalance datasets, the imbalance in this dataset
is not too severe (approx. 35% positive samples). Additionally the size of the test set is relatively
small (approx. 25 samples per fold) and therefore one or two correct/incorrect classifications can
have a large impact on the AP.

Although the mean and standard deviation provide an overview of model performance, sta-
tistical testing can help determine whether differences in performance are statistically significant.
A paired test is conducted over all folds for each metric in a second step, namely a Wilcoxon
signed-rank test, so that the results from the two models being compared can be compared. In
this study, a one-sided Wilcoxon signed-rank test was used to determine whether one model per-
formed significantly better than the other, with statistical significance being reached when the
resulting p-value fell below 0.05. The results of the statistical relevance test are reported in Chap-
ter 9 to evaluate the impact of the different approaches and results. The Wilcoxon test is described
in more detail in Section 4.3.4.

7.2 Arterial abnormality detection - RQ1

For this purpose, a 3D CNN is trained, the details of which are described later in this chapter
in Section 7.5.1. The input data for this experiment consist of ROI-extracted and preprocessed
CTA scans, as described in Section 5.3. The establishment of a baseline is imperative for RQ1, as
it will serve as the foundation for the subsequent research questions. The results will be inter-
preted against a random baseline to determine the model’s capacity to learn a distribution that
can classify arterial abnormalities better than a randomized model.

The random baseline is defined in table 7.1 and was calculated based on the class distribution
of the dataset.

Table 7.1: Random baseline calculated based on the class distribution of the test set

. Random
Metric (Mean + Std)
AUC 0.500 £ 0.000
Average Precision ~ 0.346 + 0.000
Accuracy 0.500 £ 0.000
Precision 0.346 + 0.000
Recall 0.645 £ 0.000

F1-score 0.409 + 0.000
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7.3 Presegmentation of vessels - RQ2

In this experiment, the same 3D CNN architecture employed in RQ1 will be utilised. The input
data differs from that used in the baseline model created in RQ1. In the course of this experi-
ment, the vessels were also subjected to segmentation from the CTA scans. The objective of this
approach is to minimise input data and noise, thereby enabling the model to concentrate on the
pertinent sections of the CTA scans (elucidated in section subsec:vessel-segmentation). The re-
sults will then be compared to the results from the baseline model in order to answer RQ2.

7.4 Foundation model as feature extractor - RQ3

In order to achieve to answer RQ 3, it is necessary to provide responses to the three sub-research
questions. In the initial sub-research question (RQ 3.1), the optimal architecture for the adapted
VesselFM model is determined. In RQ 3.2, a comparison is made between the adapted VesselFM
model and the baseline model from RQ 1. In RQ 3.3, a comparison is made between the adapted
VesselFM model and the model from RQ 2.

In this experiment, an adaptation of the VesselFM model, as described in Section 7.5.2, will be
employed.

Optimal architecture - RQ 3.1

To ensure best possible performance of the adapted VesselFM model, various configurations of
the model will be tested in RQ 3.1. Three different configuration categories are tested. First the
optimal pooling method for this usecase is determined. Next the extraction layer of the VesselFM
encoder is varied, to test various different depths. In this thesis the Bottleneck and Downsample 4
are compared to each other. Finally, two different classification heads are tested, a linear head and
a nonlinaer head. In Figure 7.1 the two different classification heads are illustrated. The different
configurations are evaluated based on their performance on the test set using the thresholde de-
pendent evaluation metrics described in Section 7.1.4. If different configurations achieve varying
ranks on different metrics the AUC is prioritised.

Comparison to baseline model - RQ 3.2

The results of the best possible configuration from RQ 3.1 are evaluated and compared to the
results from RQ 1. This comparison is intended to evaluate the hypothesis that utilising a founda-
tion model that has been trained for vessel segmentation as a feature extractor will demonstrate
superior performance to that of a 3D CNN that has been trained from scratch with the same input
images in terms of arterial abnormality detection. The comparison metrics and method is detailed
in Section 7.1.4.

Comparison to 3D CNN trained with presegmented vessels - RQ 3.3

In RQ 3.3, a comparison will be made between the model results and those from RQ 2. Given
that the model employed to generate the vessel segmentations utilised in RQ2 is VesselFM, it is
worthwhile to investigate whether the employment of VesselFM as a feature extractor can sur-
pass the performance of arterial abnormality detection in comparison to a 3D CNN trained from
the beginning with presegmented vessels. The comparison metrics and method is detailed in
Section 7.1.4.
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Figure 7.1: LINEAR AND NONLINEAR CLASSIFICATION HEAD. In this figure the two different classi-
fication heads tested in RQ 3.1 are illustrated. In (a) the linear head is shown, which consists of a global
average pooling layer followed by a single fully connected layer. In (b) the nonlinaer head is illustrated,
which consists of a global average pooling layer followed by two fully connected layers with a ReLU activa-
tion function in between. The final output layer uses a sigmoid activation function to output probabilities
for the binary classification task.

7.5 Models
7.5.1 Mednet 3D CNN

In this study, the 3D CNN architecture proposed by Mednet is employed as one of the two archi-
tectures utilised (Giiler et al., 2024). The architecture is described in great detail in Section 4.1.4.
A key aspect of the MedNet 3D CNN configuration in this thesis is adapting the final layer to
output a single neuron, since this is a binary classification task. In this work, no modifications
were made to the architecture of the Mednet 3D CNN.

The model has been trained from scratch. This model architecture is employed on two occa-
sions in the present thesis. Initially, the model will be trained to serve as benchmark for the entire
thesis and to answer RQ 1. Subsequently, the same architectural framework will be employed,
but with presegmented vessel volumes, for RQ 2.

7.5.2 VesselFM as feature extractor

The second architecture employed in this work is an adaptation of VesselFM (Wittmann et al,,
2025). The original model is described and shown in Section 4.2.2. In this study, the pretrained
weights of the encoder from VesselFM were utilised as a feature extractor and were kept Frozen
during the training process. On top of the frozen encoder, a classification head is added to fa-
cilitate the binary classification task of arterial abnormality detection. Different configurations
of the classification head were tested, as described in Section 7.4. The final architecture of the
adapted VesselFM model is determined based on the results from RQ 3.1 and therefore shown in
the results chapter in Section 8.3.1.






Chapter 8

Results

8.1 RQ1 - Benchmarking Arterial Abnormality De-
tection

Table 8.1 presents the results of the benchmark model trained from scratch using the 3D CNN
architecture by ( )- Across all five folds, the model demonstrates consistent per-
formance on the validation and test sets with no large deviations between folds, indicating stable
generalisation. For threshold-independent metrics, the Area Under the Curve (AUC) on the test
sets ranges between 0.824 and 0.856, while the Average Precision (AP) varies between 0.743 and
0.791. These results confirm that the model is capable of learning meaningful class-discriminative
features for arterial abnormality detection.

The benchmark model outperforms a random baseline with statistically significant margins
across all metrics (e.g. ROC AUC difference of 0.349 £ 0.018, p = 0.031). Therefore, the research
question can be clearly answered with:

RQ1: Yes, convolution-based CNN models are capable of detecting arterial abnor-
malities and perform significantly better than random prediction.

Table 8.1: Arterial abnormality detection: Train/Val/Test results for five folds for the baseline
model

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Metric Train  Val Test | Train  Val Test | Train  Val Test | Train  Val Test | Train  Val Test
AUC 0.960 0979 0.856 | 0.962 0.910 0.850 | 0.961 1.000 0.876 | 0.956 0.903 0.824 | 0.962 0.931 0.843
Average Precision | 0.945 0.972 0.813 | 0.955 0.934 0.770 | 0.938 1.000 0.791 | 0.932 0.878 0.743 | 0.951 0.932 0.754
Accuracy 0.893 0960 0.769 | 0.867 0.920 0.808 | 0.880 0.920 0.692 | 0.800 0.720 0.692 | 0.893 0.880 0.769
Precision 0.857 1.000 0.667 | 0.781 0.889 0.750 | 0.828 1.000 0.571 | 0.659 0.583 0.533 | 0.885 0.875 0.714
Recall 0.857 0.889 0.667 | 0.893 0.889 0.667 | 0.857 0.778 0.444 | 0964 0.778 0.667 | 0.821 0.778 0.556

F1 0.857 0941 0.667 | 0.833 0.889 0.706 | 0.842 0.875 0.500 | 0.783 0.889 0.667 | 0.852 0.824 0.625
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Table 8.2: Comparison between a random model and benchmark. The results of the training with
5 different folds are averaged.

Metric Random Benchmark Diff
(Mean + Std) (Mean + Std) (Mean + Std)
AUC 0.500 +0.000 0.849 £0.018 0.349 £+ 0.018
Average Precision ~ 0.346 +0.000 0.774 +0.028  0.428 £ 0.028
Accuracy 0.500 +0.000 0.746 +0.052  0.246 + 0.052
Precision 0.346 £ 0.000 0.647 £0.093 0.301 £ 0.093
Recall 0.645 +0.000 0.600 £ 0.100 0.044 £+ 0.100
F1-score 0.409 +0.000 0.633 £0.080 0.224 £+ 0.080

8.2 RQ2 - Arterial Abnormality Detection with pre-
segmented Vessels

In RQ2, the same benchmark classification model is applied, but vessel masks generated by the
VesselFM foundation model are used as presegmented inputs. Classification results are sum-
marised in Table 8.3. The presegmentation approach yields higher test performance across all five
folds compared to the benchmark without segmentation. Specifically, ROC AUC ranges between
0.824 and 0.974, and AP ranges between 0.776 and 0.958, demonstrating that vessel-focused image
representations provide a clearer and more discriminative signal for classification.

As with RQ1, the results exhibit a slight overfitting effect, reflected by nearly perfect valida-
tion scores in multiple folds. Furthermore, in contrast to the benchmark model, the performance
variability between folds is higher. This indicates that segmentation amplifies individual fold
differences, likely due to variations in segmentation quality, local vessel morphology, or class
imbalance across folds.

Therefore, the research question can be answered as follows:

RQ2: Presegmenting vessels from CTA’s before training a model does improve
model performance.

Table 8.3: Arterial abnormality detection: Train/Val/Test results for five folds for a 3D CNN
trained with presegmented vessel masks as input.

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Metric Train  Val Test | Train  Val Test | Train  Val Test | Train  Val Test | Train  Val Test
AUC 0955 1.000 0.824 | 0.997 0979 0.850 | 0.995 1.000 0.974 | 0.967 0972 0915 | 0.991 1.000 0.935
Average Precision | 0.862 1.000 0.776 | 0.995 0.967 0.840 | 0.993 1.000 0.958 | 0.960 0.958 0.869 | 0.985 1.000 0.932
Accuracy 0.893 0.920 0.808 | 0.960 0.920 0.769 | 0.947 1.000 0.885 | 0.920 0.920 0.808 | 0.933 0.960 0.885
Precision 0.812 0.818 0.700 | 0.963 0.889 0.800 | 0.929 1.000 0.875 | 0.923 1.000 0.833 | 0.897 1.000 1.000
Recall 0929 1.000 0.778 | 0.929 0.889 0.444 | 0.929 1.000 0.778 | 0.857 0.778 0.556 | 0.929 0.889 0.667

F1 0.867 0.900 0.737 | 0.945 0.889 0.571 | 0.929 1.000 0.824 | 0.889 0.875 0.667 | 0.912 0.941 0.800
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Table 8.4: Comparison between benchmark and presegmented mask models. The results of the
training with 5 different folds are averaged.

Metric Benchmark Masks Diff
(Mean + Std) (Mean 4+ Std) (Mean + Std)
AUC 0.849 £0.018 0.900 £ 0.062  0.050 £ 0.062
Average Precision ~ 0.7744+0.028 0.875+0.073 0.101 £ 0.088
Accuracy 0.746 +0.052  0.831 +0.052 0.085 £ 0.088
Precision 0.647 +0.093 0.842+0.110 0.195 + 0.140
Recall 0.600 £0.100 0.645 +0.145 0.044 +0.217
Fl-score 0.633 £0.080 0.720 £0.103 0.087 4+ 0.174

8.3 RAQ3 - Arterial Abnormality Detection with foun-
dation model backbone

8.3.1 RQ3.1 - Finding the best model configuration

To identify the optimal architecture, the performance of three design variations is compared. The
first analysis focuses on the pooling operation used in the classification head. Table 8.5 sum-
marises the results obtained using maximum pooling, average pooling, and a combined pooling
strategy, enabling a direct comparison of the effect of each approach on the overall model perfor-
mance.

Table 8.5: Comparison of pooling methods for classification head

Metric Avg Pooling  Max Pooling  Combined Pooling
AUC 0.733 +0.048 0.681 £ 0.099 0.779 + 0.049
Average Precision ~ 0.719 £0.061 0.681 +0.118 0.728 £ 0.055

The combined pooling strategy produces the highest AUC and the best AP. This pooling
method is therefore used to evaluate all subsequent configurations. The next design aspect ex-
amined is the choice of extraction layer in the foundation model. Comparing the performance of
features extracted from the bottleneck layer with those from the preceding downsampling layer
(Downsample 4) provides insights into which level of abstraction is most informative for classi-
fication. This comparison shows that using features from the downsampling layer improves the
AUC but reduces AP (see Table 8.6).

Table 8.6: Comparison of extraction layer

Metric Bottleneck ~ Downsample 4
AUC 0.779 £0.049  0.851 £ 0.016
Average Precision  0.728 £0.055  0.679 £ 0.011
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Table 8.7: Comparison of linear and nonlinear head

Metric

linear head

nonlinear head

AUC

Average Precision

0.851 £0.016
0.679 £ 0.011

0.793 £ 0.062
0.670 £ 0.068

Since the AUC is prioritised when determining the best-performing model, features extracted
from Downsample 4 are selected for the final configuration. The next analysis examines the influ-

ence of nonlinear activation on performance (see Table 8.7).

Introducing nonlinearity does not improve the model results. Therefore the final model archi-
tecture can be seen in Figure 8.1 at the end of this chapter, combining the VesselFM foundation
model as feature extractor with a classification head using combined pooling and a linear layer.

RQ3.1: The best performing model architecture includes a combined pooling method,
a linear head and takes the features from the deepest downsampling layer.

8.3.2 RQ3.2 - Comparison to Benchmark

Following the performance of the foundation model as a feature extractor is compared with that
of the benchmark model. The results are presented in Table 8.8.

Table 8.8: Comparison between foundation model as feature extractor and benchmark. The re-
sults of the training with 5 different folds are averaged.

Metric Benchmark  Foundation model Diff
(Mean + Std) (Mean + Std) (Mean + Std)
AUC 0.849 4+ 0.018 0.851 4+ 0.018 0.002 4+ 0.018
Average Precision 0.774 £ 0.028 0.679 £ 0.012 -0.095 £ 0.021
Accuracy 0.746 + 0.052 0.752 4+ 0.043 0.006 + 0.085
Precision 0.647 + 0.093 0.580 4+ 0.152 -0.067 £+ 0.202
Recall 0.600 + 0.100 0.694 + 0.079 0.094 4+ 0.090
Fl-score 0.633 4 0.080 0.533 +0.214 -0.100 £ 0.261

The results suggest that using a foundation model trained for vessel segmentation does not
improve performance compared to training a model from scratch. In certain metrics, the approach
that was evaluated in this study demonstrated a marginally improved performance in compar-
ison to the established benchmark. In all instances where the efficacy of the tested approach is
demonstrated, the standard deviation of the results may indicate a potential for outcomes that
fall short of the established benchmark. When compared with a model trained on the same input
images, most metrics remain similar (Table 8.8). Therefore, we cannot confirm the hypothesis.

RQ3.2: No, using a foundation model as a feature extractor does not improve model
performance in abnormality detection tasks compared to a benchmark 3D CNN

trained from scratch.
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8.3.3 RQ3.3 - Comparison to Presegmentation model

Finally, the performance of the foundation model as a feature extractor is compared with that of
the benchmark model and the presegmentation approach. The results are presented in Table 8.9.

Table 8.9: Comparison between foundation model as feature extractor and a model trained with
presegmented vessels. The results of the training with 5 different folds are averaged.

Metric Presegmented Vessels Masks Diff
(Mean + Std) (Mean + Std) (Mean =+ Std)
AUC 0.900 + 0.062 0.851 +0.018 -0.049 + 0.060
Average Precision 0.875 + 0.073 0.679 £ 0.012 -0.196 + 0.076
Accuracy 0.831 + 0.052 0.752 £0.043 -0.079 + 0.070
Precision 0.842 £0.110 0.580 £0.152 -0.262 +0.147
Recall 0.645 + 0.145 0.694 +0.079 -0.049 £ 0.192
F1-score 0.720 + 0.103 0.533 +£0.214 -0.186 + 0.246

The results show that a model trained on presegmented vessels performs better across all the
metrics that were measured and is therefore performing worse. Therefore, not only can we not
confirm the hypotheses, we also need to say that the opposite might be the case. The results show
that the model that achieved the best results was a simple 3D CNN that was trained from scratch
but with a presegmentation bias induced.

RQ3.3: No, a foundation model as a feature extractor does not achieve better perfor-
mance than a model trained from scratch with presegmented vessels.

After answering all three sub research questions we conclude.

RQ3: No, a foundation model as a feature extractor does not beat the performance
of 3D CNNis trained from scratch in the task of arterial abnormality detection.
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Figure 8.1: FINAL MODEL ARCHITECTURE. Final model architecture combining the VesselFM founda-
tion model as feature extractor with a classification head using combined pooling and a linear layer. The

residual connections were left out to simplify the figure.



Chapter 9

Discussion

The main objective of this thesis is to detect arterial abnormalities using CTA scans. The impact
of presegmentation and the use of foundation models as feature extractors for this use case is also
investigated. Detecting small arterial abnormalities within noisy CTA scans is challenging, as the
model must learn to distinguish subtle morphological variations between healthy and diseased
vessels. First and foremost, this thesis demonstrates that convolutional neural networks can learn
a distribution that can detect arterial abnormalities substantially better than by chance. It also
demonstrates that presegmenting vessels prior to classification provides a valuable inductive bias
that further improves model performance. Finally, the use of a foundation model as a feature
extractor is explored; however, the results show that this approach does not outperform training
a 3D Convolutional Neural Network (CNN) from scratch.

While the results are promising, limitations in the dataset and approach restrict the inter-
pretability and reliability of the findings. In the following section, we will discuss the results
obtained in this thesis, talk about the challenges and limitations, and propose future work.

9.1 Feasibility of CNN-based abnormality detection

In RQ1, a random classifier is compared with a benchmark model that has been trained from
scratch. The benchmark model is a simple 3D CNN. The results show that the trained model
learns a distribution that can detect arterial abnormalities more effectively than a random model.
At the same time, the gap between training and validation/test metrics, particularly visible in
validation AP and recall values approaching 1.0 for multiple folds, suggests a degree of slight
overfitting to the training data. However, this effect remains moderate, and performance does
not collapse on unseen data. In order to make a definitive statistical statement on the ability to
detect arterial abnormalities, a Wilcoxon signed-rank test is performed to compare the random
model with the trained benchmark model. The Wilcoxon test compares all five folds pairwise.
The Wilcoxon method is explained in more detail in Section 4.3.4

Table 9.1 shows that the results are statistically significant across all five folds, which is true
for all metrics. It is important to note here that, due to the limited dataset available for this thesis,
a statistical test with n = 5 has to be treated with caution as the sample size is very small.

To complement the results, the models from research questions 2 and 3 (presegmented ves-
sels and foundation model as feature extractors, respectively) were also compared against a ran-
dom model using the Wilcoxon test. The model trained with presegmented vessels as input also
shows statistically significant results across all metrics, also always scoring the maximum possi-
ble Wilcoxon score of 15 and p-values across the board of 0.031. For the foundation model as a
feature extractor, the results are statistically significant for the Area Under the Curve (AUC), Av-
erage Precision (AP) and Accuracy. However, for the metrics Precision, Recall and F1-score, the
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Table 9.1: Statistical comparison between a random model and benchmark on the test set with a
Wilcoxon signed-rank test.

Metric Wilcoxon p-value Signifacant?
AUC 15 0.031 True
Average Precision 15 0.031 True
Accuracy 15 0.031 True
Precision 15 0.031 True
Recall 15 0.031 True
Fl-score 15 0.031 True

results are not statistically significant. The results for these three metrics are shown in Table 9.2.
Precision achieves a result close to the required Wilcoxon score of 15, meaning that one of the
folds does not perform better than expected by chance. Recall does not achieve good scores in
the test. On average, recall scores low over the five folds (avg: 0.694, std=0.079), compared to
the random model. In conclusion, arterial abnormalities can be detected using convolution-based
models, but the architecture impacts the statistical relevance of the results.

Table 9.2: Statistical comparison between a random model and the foundation model as feature
extractor on the test set with a Wilcoxon signed-rank test.

Metric Wilcoxon p-value Signifacant?
Precision 14 0.062 False
Recall 7 0.312 False
Fl-score 12 0.156 False

Despite the promising results, slight overfitting is consistently observed, as evidenced by near-
perfect validation performance, particularly in the recall and AP metrics. This effect likely results
from a combination of factors, including the limited dataset size and class imbalance, as well as
the possibility that the models converge towards class-conditional artefacts that are unrelated to
the underlying disease. Such behaviour is well documented in medical imaging research, where
models learn shortcuts and rely on biases that fail to generalise across clinical settings ( ,

). Consequently, performance that is better than would be expected by chance does not auto-
matically imply that the learned decision boundary is clinically meaningful or interpretable.

9.2 Segmentation as a means to enforce inductive
bias

Presegmenting vessel structures before classification provides meaningful inductive bias by re-
stricting the model’s field-of-view to regions of interest, thereby reducing the risk of shortcut
learning. Across all folds, this method shows a consistent increase in performance metrics. One
plausible explanation is that segmentation removes contextual confounders, forcing the classifier
to focus solely on vessel morphology, which is the clinically relevant feature for FMD diagnosis.
For this research question the results from the model trained with presegemented vessels was
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compared over the five folds to the results obtained with the model from RQ1 with the Wilcoxon
test. Eventhough the results are better on average for every metric, the Wilcoxon score is not
high enough to make the statemement that the results are statistically significantly better. Only
Precision can be considered statistically significant better (see Table 9.3) But also here the Wilcoxon
test was done with n=5, meaning the very small sample size has a big impact on the final results
of a statistical relevance test. The model performance is on average better over all five folds and
therefore promising. The statistical irrelevance does not only stem from bad model results, but
also from the small dataset at hand.

Table 9.3: Statistical comparison between a benchmark model and model trained with preseg-
mented vessels on the test set (5-fold CV) with Wilcoxon.

Metric Wilcoxon p-value Signifacant?
AUC 9 0.125 False
Average Precision 14 0.062 False
Accuracy 13.5 0.094 False
Precision 15 0.031 True
Recall 9 0.406 False
Fl-score 8 0.188 False

Also, the lack of statistical significance implies that segmentation alone does not fully resolve
the complexity of abnormality detection. Segmentation masks are binary. They capture vessel ge-
ometry but discard attenuation variation and wall-texture cues that might correlate with disease
presentation, which are encoded in CTA scans with Hounsfield unit. Adding them to the seg-
mentation might improve the ability to detect the arterial abnormalities. Additionally it is worth
mentioning that results are dependent on the quality of segmentation results from the preprocess-
ing step. As can be seen in Figure 5.3 VesselFM does segment vessels well, but is not a pure vessel
segmentation tool. VesselFM segments tubular structures within the CTA scan, which results in
the rib cage being included in most of the segmentations. Removing these unnecessary tubular
structures from the input images might improve the results further.

The present results therefore highlight an important trade-off: Presegmentation enforces anatom-
ical focus, but may simultaneously eliminate subtle cues present in raw imaging, if the binary
mask is used as model input.

9.3 Foundation Model as Feature Extractor

The evaluation of VesselFM as a feature extractor yields mixed outcomes. Despite the fact that
VesselFM has been trained on a range of vascular datasets and incorporates rich morphologi-
cal information, the extracted features exhibits suboptimal performance in comparison to those
obtained from training a CNN from the beginning.

9.3.1 The search for the best configuration

It is demonstrated that the configuration of the head and the final proposed model have a sig-
nificant impact on the results of the model. In order to perform a more extensive analysis of the
results, it is necessary to consider all possible combinations of the three pooling layers, the extrac-
tion layer and the linearity of the head. This approach was adopted in order to facilitate a more
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comprehensive understanding of the results. As Table 9.4 illustrates, the AUC and AP scores for
all 12 combinations are presented.

Table 9.4: AUC scores of all possible combinations for RQ 3.1

Configuration AUC Average Precision
(Mean + Std (Rank)) (Mean + Std (Rank))
linear-BN-avg 0.733 4+ 0.048 (9) 0.719 4+ 0.061 (5)
linear-BN-max 0.681 + 0.099 (10) 0.681 £ 0.118 (6)
linear-BN-both 0.779 4+ 0.049 (7) 0.728 4+ 0.055 (4)
linear-DS-avg 0.595 + 0.141 (12) 0.539 + 0.122 (11)
linear-DS-max 0.752 + 0.037 (8) 0.610 + 0.042 (10)
linear-DS-both 0.851 4+ 0.016 (1) 0.679 +0.011 (7)
nonlinear-BN-avg 0.800 4+ 0.033 (4) 0.783 4+ 0.027 (1)
nonlinear-BN-max 0.812 £ 0.062 (3) 0.733 £+ 0.054 (3)
nonlinear-BN-both 0.820 4+ 0.041 (2) 0.782 £ 0.037 (2)
nonlinear-DS-avg 0.612 + 0.094 (11) 0.472 + 0.083 (12)
nonlinear-DS-max 0.797 + 0.073 (5) 0.651 + 0.131 (9)
nonlinear-DS-both 0.794 + 0.062 (6) 0.670 £ 0.068 (8)

A thorough examination of the results presented in Table 9.4 reveals that the configuration
demonstrating the most favourable outcomes in this study and in response to RQ 3.1 may in fact
be an outlier. The optimal configuration, as determined by the AUC metric, is reported to be a
linear head that extracts features from the deepest downsampling layer (Downsample 4). This
configuration combines both pooling methods.

Combining both pooling methods appears advantageous in all configurations. However, util-
ising both a linear head and extracting features from the deepest downsampling layer is not ad-
vantageous in isolation. In this thesis, nonlinear heads have been shown to outperform linear
ones, and feature extraction from the bottleneck layer has been demonstrated to exceed the per-
formance of the deepest downsampling layer (see Table 9.4). Furthermore, it should be noted that
the configuration with the highest AUC ranking only achieves seventh place according to AP.
The configurations achieving the highest ranking according to AUC are positioned second, third
and first according to AP, respectively. These configurations all have one thing in common: they
have a nonlinear head and extract features from the bottleneck layer. This combination appears
to be the most robust according to both metrics. These inconsistent results further highlight the
challenges of using foundation models as feature extractors, indicating that an extensive hyper-
parameter search should be conducted if foundation models are to be used for this purpose.

9.3.2 Comparison to training convolutional models from scratch

This thesis demonstrates that using VesselFM as a feature extractor in combination with train-
ing a classifier head does not yield superior performance compared to training a 3D CNN from
scratch. A comparative analysis using the same dataset reveals that the foundation model ap-
proach generates comparable results to a 3D CNN trained from scratch. However, a comparison
with a model trained from scratch using presegmented vessels as input shows that the foundation
model approach produces inferior results. This finding may be regarded as unexpected given that
vessel segmentation was conducted using the same foundation model (VesselFM).

A multitude of factors may be responsible for such outcomes. Firstly, it is important to note
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that VesselFM is optimised for segmentation, not abnormality recognition. It is possible that this
discrepancy may serve to limit the relevance of the learned features with regard to the use case

under investigation in this thesis ( , ). Furthermore, the extraction of deeper fea-
tures is associated with a greater tendency for the globality of features, resulting in a loss of spatial
resolution in favour of increased abstraction ( , ). In the context of arterial abnormali-

ties, the loss of locality is detrimental due to the fact that such abnormalities frequently span only
a few voxels. Although abstract vessel embeddings are produced by deeper layers, the removal
of fine-grained morphological signatures may provide a rationale for the superior performance of
features derived from a shallower layer in comparison to those derived from bottleneck features.
An examination of the approach employed in this instance reveals the potential for enhancement.
The approach that is employed in this work utilises a single layer for the extraction of features.
Furthermore, the employment of the encoder as a feature extractor disregards the crucial function
of the decoder in U-Net architectures. The skip connections and decoder part are crucial compo-
nents of the architecture that are not utilised in this approach, resulting in significant information
loss.

A thorough examination of the outcomes and the previously mentioned factors suggests that
employing foundation models as feature extractors does not guarantee success. Nonetheless, the
results are encouraging. With modifications to the approach, for instance through fine-tuning of
the foundation model weights on the designated task or by leveraging additional information
from the foundation model architecture, enhanced results may be attainable.

9.4 Dataset-related limitations

In this section, the limitations of the dataset utilised in this thesis are examined. The enhancement
of the dataset, and consequently the underlying conditions for training models, has the potential
to yield further improvements in results.

The dataset this thesis uses introduces several significant constraints that affect both the re-
liability and the clinical interpretability of the results. The most fundamental limitation is the
absence of lesion-level annotations. In the absence of explicit labelling indicating the location and
type of arterial abnormalities, the models are only able to learn from global labels and might suffer
from shortcut learning ( , ). Consequently, the models are not necessarily trained
towards the pathology itself and may instead rely on unrelated visual patterns or proxy features
that correlate with disease status. This inadequate form of supervision has the effect of restrict-
ing interpretability and making it difficult to ensure that the model truly learns pathological cues
rather than artefacts.

The issue is further aggravated by the relatively limited sample size of 126 cases, which re-
duces statistical power. In such settings, models have a propensity to overfit to small subsets of
patients, rendering performance contingent on the data split. Furthermore, the dataset is charac-
terised by significant imbalance, with the prevalence of healthy cases exceeding that of abnormal
cases. This imbalance is shown to encourage classifiers to favour the majority class, potentially
leading to biased decision boundaries that prioritise correct identification of healthy vessels while
failing to generalise towards rare abnormal morphologies. Collectively, these limitations under-
score the significance of larger, balanced, and lesion-level annotated datasets obtained under har-
monised imaging conditions to facilitate clinically meaningful and interpretable vessel abnormal-
ity detection in future research endeavours.
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9.5 Future research directions

It is recommended that further research be conducted on the topic of arterial abnormality detec-
tion. It has been demonstrated that these abnormalities have the capacity to exert a detrimental
effect on the health of an individual. Furthermore, it is pertinent to consider whether the identi-
fication of arterial abnormalities could facilitate the diagnosis of rare diseases, such as Fibromus-
cular Dysplasia(FMD).

A pivotal step in achieving this objective entails the development of datasets with lesion-
level annotations, encompassing both abnormality types and their precise anatomical locations.
The integration of these labels into the training of models would facilitate the implementation
of lesion-level detection, segmentation, multi-task learning, or weakly supervised localisation
methods, thereby enhancing interpretability and mitigating the risk of models relying on proxy
features.

Beyond the incorporation of learned features, the integration of rule-based measurements,
including vessel diameter profiles, local curvature, and topology, has the potential to combine
the strengths of human vascular logic with deep learning approaches. The utilisation of hybrid
pipelines holds the potential to leverage explicit geometric descriptors to complement learned
representations, particularly in the context of small or subtle lesions.

Another approach that could be done is extending the presegmentation approach, by not train-
ing a standard 3D CNN, but rather try and use an architecture that is optimised for sparse data.

Extending the Region Of Interest (ROI) to other parts of the body, such as the neck, could
improve the model’s results further. The different anatomical structures of other parts of the
body can therefore help the model to be more generalisable.

Furthermore, subsequent research should investigate data augmentation strategies, as well as
more informed choices regarding feature extraction. It is hypothesised that experiments using
deeper or alternative network layers, or more complex architectures, may allow models to exploit
richer structural and intensity cues. Finally, hybrid segmentation and classification architectures
trained in conjunction have the capacity to preserve detailed geometric priors while concurrently
supporting disease classification. This may help to bridge the gap between anatomy-focused
vessel models and clinically meaningful pathology prediction.
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Conclusion

This thesis examined deep learning methods for detecting arterial abnormalities associated with
Fibromuscular Dysplasia (FMD) in CTA volumes. The subtle morphological expression of FMD-
related lesions, such as multifocal stenosis, aneurysm, dissection, and tortuosity, together with
the limited availability of annotated datasets, poses significant challenges for developing reliable
automated detection systems. Because FMD is difficult to diagnose and often underdetected in
clinical practice, a Computer-Aided Diagnosis (CAD) system capable of assisting in arterial ab-
normality detection may meaningfully support clinicians in identifying this rare disease earlier
and more consistently.

To address these challenges, three progressively more informed modelling pipelines were ex-
plored: a baseline 3D Convolutional Neural Network (CNN) trained from scratch, a 3D CNN that
uses presegmented vessel masks as input, and a feature-extraction approach leveraging the vas-
cular foundation model VesselFM. Furthermore, the analysis was restricted to a focused Region
Of Interest (ROI) around the kidneys to ephasise the renal arteries that are known to have a high
prevelance of FMD related arterial abnormalities.

The baseline model demonstrated that CNN-based architectures are capable of detecting ar-
terial abnormalities. However, the results showed slight overfitting, reflecting the difficulty of
generalising from limited training data. Introducing anatomical inductive bias by presegment-
ing vessels improved performance, as it directed the model’s attention to vessel morphology and
reduced reliance on shortcut cues. Employing VesselFM as a frozen feature extractor enabled
the model to detect abnormal patterns as well, but its performance remained comparable to the
baseline and lower than that of the segmentation-enhanced approach, indicating that directly sup-
plying vessel-specific information was more beneficial than relying solely on pretrained vascular
features.

Future research should prioritise the development of larger and more diverse datasets, par-
ticularly with lesion-level annotations that specify abnormality types and precise anatomical lo-
cations. Integrating rule-based vascular descriptors such as diameter profiles, curvature, and
topology may further enhance interpretability and model robustness. Additionally, extending
the region of interest to other anatomical areas, exploring improved feature extraction strategies,
and designing hybrid segmentation—classification models could support more generalisable and
anatomically grounded predictions.

Opverall, this thesis provides evidence that deep learning methods, especially those integrating
anatomical priors, offer a promising direction for CAD in vascular imaging. Such systems repre-
sent an important step toward supporting healthcare professionals in detecting and diagnosing
FMD more accurately and efficiently, potentially improving patient care and reducing the number
of missed cases.
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