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Abstract

Patients that have received endovascular aneurysm repair (EVAR) surgery regularly
undergo computed tomography (CT) scans to monitor the placement of the inserted
stent. The process of analyzing these 3D volumes is, however, di [cullt and requires
specialized expertise. To improve the detection of complications, new clinical proce-
dure has been developed to diagnose loss of seal, a common complication of EVAR
surgery. The protocol consists of three steps: centerline definition, identification of
stent ends, and measurement of the seal zone length. This project aims to employ
a machine learning (ML) based approach to CT analysis in order to diagnose loss
of seal, with annotations from the described protocol. The aim is achieved by pre-
dicting the seal zone length through a novel sequential approach, and a baseline.
The sequential approach consists of two models in sequence, where the intermediate
output is the stent endpoint locations. In order to use ML methods, a dataset of
143 patients and a total of 399 CTs was curated from unprocessed clinical data.

The results indicate that detecting the three stent endpoints with a transformer-
based model is a promising first step towards diagnosis and could potentially auto-
mate one step in the clinical protocol. Regression of the seal zone length was, on
the other hand, unsuccessful with the current model architecture and it was deemed
a far more complex task. Several improvements could be made as future work, such
as utilizing a transformer-based model for seal zone regression and predicting addi-
tional intermediate labels. The sequential approach has potential, but some steps
could be tweaked to reach an accurate and generalizable method.

Keywords: Machine Learning, EVAR, Seal Zone, CT Analysis.

iv



Acknowledgements

We want to give special acknowledgment to our supervisors for their seemingly tire-
less dedication to this project. To begin with, we would like to thank Jennifer,
for constantly being available on Slack to answer our technical questions. Further-
more, the project would have been dead in the water if not for her restarting the
remote work computer whenever we accidentally ran out of memory. Hakan was a
cornerstone of the project, providing expert-knowledge as the basis of this thesis.
We would like to give additional appreciation to Hakan and his team of specialists
for supplying annotations at a wrist-breaking pace. Finally, we are thankful for
the collaboration between the supervisors at and outside our meetings, which has
kept the project progressing smoothly. It has been truly inspiring working in such
a dedicated, passionate team.

A small thanks to the Division for Computer Science at the University of Gothenburg
for providing our makeshift o [ce’land tea.

Saga Frisell & Kristo [enl Gustafsson, Gothenburg, June 2025



List of Acronyms

Below is the list of acronyms that have been used throughout this thesis:

Vi

Al

AUC
CT
CNN
DICOM
EVAR
FCNN
ML
MLP
ROI

Avrtificial Intelligence

Area Under the Curve

Computed Tomography
Convolutional Neural Network
Digital Imaging and Communications
Endovascular Aneurysm Repair

Fully Convolutional Neural Network
Machine Learning

Multi-layer Perceptron

Region of Interest



Contents

Introduction 2

1.1 RelatedWork . . . . .. .. .. . . . . e 3
1.2 AIM e 4
1.3 Limitations . . . . . . . . . 5
Background 6

2.1 Medical Background . . ... ... ... ... .. ... .. 6
2.2 Deep Learning for Medical Images . . . . . .. .. .. ... ...... 8
Methods 16

3.1 General Approach . . . . . . . . . . .. .. 16
3.2 Patient Data and Annotations . . . . . . ... ... L. 17
3.3 DataProcessing . . . . ... ... .. ... 18
3.4 Implementation Details . . . . ... ... ... ... .......... 22
35 Models . . . . . 22
3.6 Training . . . . ... 28
3.7 Performance Metrics and Evaluation . . ... ... .......... 29
3.8 Usage of Large Language Models . . . . ... ... ... ....... 30
Results 31

4.1 Data Selection & Splits . . . . . . .. ... 31
4.2 Full-volume seal zone length regression . . . . . ... ... ...... 31
4.3 Full-volume Stent Endpoint Detection - MLP Head . . . ... .. .. 34
4.4 Full-volume Stent Endpoint Detection - Transformer Head . . . . . . 40
4.5 ROI Seal Zone Length Regression . . . . . .. ... .. ........ a7
Discussion 50

5.1 Datasetcuration . . . . . .. .. .. ... 50
5.2 Data Selectionand Split . . . .. ... ... ... ... ... ... 51
5.3 Endpoint centering as a preprocessingstep . . . .. .. ... .. ... 51
5.4 Comparison of the two models for endpoint detection . . . .. .. .. 52
5.5 Baseline model architecture for regression compared to detection . . . 53
5.6 Endpoints as Indices in the Volume . . . . .. ... ... ....... 53
5.7 E ectiveness of the Sequential Approach . . . . ... .. ... .... 54
58 Futurework . . . . . .. 54



Contents

6 Conclusion 59

A Appendix 1: Evaluation plots [l



1

Introduction

Abdominal aortic aneurysm is characterized by the aorta widening just below the
kidneys and aects 2-3% of men aged 65-70 in Europe and the US [1]. When
the disease progresses, the widening of the blood vessel walls can lead to a fatal
rupture. A standard treatment, either preventative or immediately after rupture,

is endovascular aneurysm repair (EVAR). The treatment is performed by delivering
the components of a stent through openings in another blood vessel, expanding at
the placement site. Once positioned, the stent is anchored in non-diseased blood
vessels above and below the aneurysm through friction and small metal hooks [2],
[3]. EVAR is preferred to open surgical repair as it is less invasive and has a lower
30-day mortality rate, but the rate of post-procedural complications is high, between
16% and 30% [2] [4].

The stent graft redirects the blood ow by excluding it from the aneurysm, thereby
reducing pressure and eliminating ow. Complications arise if ow is restored in
the aneurysm, which may lead to new ruptures [3]. Due to the associated risk,
patients who have received EVAR are surveilled post-operatively to detect stent
anomalies, mainly by computed tomography (CT) imaging. While regular screening
Is standard practice, a study has shown that as many as 30% of treatment failures
are undetected, and there is an overall lack of expertise at most hospitals [5].

The follow-up procedure is ine ective in preventing serious complications after EVAR
since it focuses on the secondary and late e ects of EVAR failure [6]. These sec-
ondary e ects include aneurysm expansion and blood lling the aneurysm sac, called
an endoleak, shown in Figure 1.1. Increasing evidence shows that focusing directly
on stent graft sealing zones is more e ective as a preventive follow-up method [6].
Loss of seal is a direct precursor of aneurysm rupture after EVAR. Additionally, pa-
tients with loss of seal have a rupture risk that approaches the risk of an untreated
aneurysm. ldenti cation of loss of seal therefore allows for targeted preventive treat-
ment.
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Figure 1.1: |lllustration of the EVAR stent and the endoleak complication.

To standardize loss of seal diagnosis, a new clinical procedure has been developed to
analyze CT images of post-EVAR patients, allowing earlier re-intervention [4]. The
analysis consists of three steps: characterizing the stent centerline, nding the end-
ings of the stent, and measuring various parameters of the stent, including the seal
zone length. This method, developed by Sandstroet al., will henceforth be refered

to as the protocol. Although the protocol o ers valuable insights for diagnosis, it is
time-consuming, requires specialized expertise to be followed appropriately, and is
only available at a few hospitals.

1.1 Related Work

As an alternative to manual analysis of post-EVAR CT images, several studies have
used machine learning (ML) to train models for detecting stent complications [5],
[7]1[9]. A well-performing model by Talebi et al. focuses on endoleak detection
with a U-net-based model [5]. The authors employ a model with a 2D image-
based method where it segments the leaked blood in the aneurysm sac for each CT
slice. Endoleak classi cation is then performed slice-wise, and all predictions for one
volume are aggregated for the nal classi cation. Their method performs well with
the addition of an advanced data augmentation technique; it scores 95%, 90%, and
100% for accuracy, precision, and recall and has an area under the curve (AUC) of
99%. However, due to the limited dataset of 70 CT scans, the possibility that the
model over tted on the test data should be considered, especially since the authors
did not raise any concerns about the issue.

Another model trained to detect aneurysm endoleak in EVAR patients used a similar
method [7]. This method used a RetinaNet convolutional neural network (CNN) to
detect bounding boxes of the aneurysm in each CT slice, and a ResNet-50 CNN to
perform slice-based endoleak classi cation. The bounding boxes were aggregated
into a 3-dimensional region of interest (ROI), and the aneurysm was segmented to
calculate a few other measurements. Their model also performs well with an AUC of
94% for binary endoleak classi cation, indicating a stable and accurate approach. A

3



1. Introduction

drawback to their method is that it relies on segmentation, which is time-consuming
to create manual annotations for. While these two papers successfully employed
machine learning for EVAR complication detection, they use 2D slices, which do
not fully utilize the information stored in the three dimensions.

A recent study on Al-based post-EVAR analysis combined handcrafted and ma-
chine learning methods in a software that monitors patients over time for various
complications [8]. While the exact methods are not described, the software has
been implemented in a commercial medical device. Another successful approach
predicted the risk of various complications, including endoleak, in pre-operative 3D
CTs of patients [9]. While making a prognosis for the risk of endoleak is valuable,
the paper fails to address how to analyze post-operative CTs.

The most prominent limitation in all these papers is the type of complication they
focus on: endoleaks. Endoleak happens when blood ows outside the stent through
the residual aneurysm sac. The leakage is usually a consequence of another fault with
the stent, such as migration, breakage, or, most commonly, loss of seal. Focusing
on endoleak is easier since contrast agents can make leaking blood visible in CT
images, but detecting the complications might be delayed. Anderssenhal. recently
showed that it is possible to see loss of seal in CT images before endoleak occurs,
allowing earlier re-intervention to prevent more fatal ruptures from occurring [6].

1.2 Aim

This thesis aims to build upon the procedure developed by Anderssenal., includ-

ing data analyzed and annotated by Hakan Roos, PhD, MD, and his team, to create

a novel, machine learning-based approach for detecting loss of seal. Automating the
process of post-EVAR analysis will eventually allow more hospitals to detect loss of

seal early, even where specialized expertise is missing.

Loss of seal detection will be made by predicting the seal zone length of the EVAR
stent attachment, an important metric in determining loss of seal. The length will
be predicted using a sequential method where a model rst predicts the seal zone
locations in each CT. These locations will then de ne cropped patches used as inputs
to the nal model that predicts seal zone lengths, focusing on the relevant regions
of the CT. A simple baseline CNN that takes the whole CT scan as input will also
be used for comparison to justify the sequential approach. To use machine learning
approaches, the provided clinical data will be curated into a dataset, ensuring further
work can be done.

Finally, the aim is that the implemented ML approach should be interpretable by
medical practitioners. Interpretability improves the e ciency of medical practition-
ers' work ow and enables insight into the decision-making process.
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1.3 Limitations

Firstly, the data analyzed in this thesis has not previously been used for machine
learning approaches. Therefore, the thesis is limited by the quality and quantity
of the annotations made by the collaborating experts before the project starts. We
expect substantial time to go into processing the data to formats that allow training
the models.

Another limitation is made regarding the data. Each patient has one pre-operative
scan and three consecutive post-operative scans. Exploring temporal forecasting
Is outside the scope of the thesis, so each scan from the same patient is treated
independently, and the pre-operative CT is discarded. Additionally, the seal zone
lengths are the only measurements from the protocol considered in this project.
Furthermore, the thesis will only explore machine learning methods, neglecting any
hand-crafted or statistical approaches to image analysis.

Hyperparameter tuning will be limited in scope, since it is a time and resource-
intensive task. Therefore, hyperparameters will be chosen based on previous work
and experience. Due to limited experimentation and parameter tuning, the thesis
takes a proof-of-concept form, leaving room for further optimization.

Finally, the interpretability of the models will only be explored, given that they per-
form well. Realistically, poorly performing models are unlikely to be implemented in
healthcare work ows, so human understanding of their inner workings is irrelevant.
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Background

This chapter will cover the necessary medical and technical background to the
project. First, the medical images and the EVAR stent are described. Then, the

essential parts of utilized machine learning methods are presented, including state-
of-the-art models, data augmentation, and interpretability.

2.1 Medical Background

The medical background of the thesis are presented below, including the CT images
and their data format, as well as details regarding the EVAR stent and the medical
terminology used in this thesis.

2.1.1 Medical Image Data

Computed tomography (CT) is a reconstruction technique for X-ray images. The
X-ray images are collected in @80 eld around the patient at multiple axial lo-
cations [10]. Afterwards, computation by Itered backprojection generates a high-
contrast 3D image of the patient. The pixel intensities of the CT volume are given
in Houns eld units that are proportional to the X-ray attenuation coe cients of the
materials they represent [10]. The lowest value of 1000 represents air, between

1000and 200 represents various soft tissue and organs, and 300 to 2000 represents
bone [11]. There is no upper limit to CT intensities, but the maximum value of
common materials is around 3000. When visualizing a CT image, the lowest values
are typically black, and the highest values are white. The di erence in intensity
between di erent tissues makes CT images useful for studying anatomy and is a
common way to diagnose various diseases. A patient obtaining a CT scan can also
have contrast agents injected that illuminate the blood, making it lighter than usual
and thereby di erentiating it from soft tissue.

CT images are usually stored as slices in the Digital Imaging and Communications in
Medicine (DICOM) format, a medical image standard [12]. DICOM les contain the
actual pixel values and additional information necessary to understand and modify
the image, termed the image metadata. The information in the metadata includes
the image orientation and spacing, the patient demographics, and the scanner model
and settings.
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In the DICOM format, slice positions are given in a real-world coordinate system,
and if any annotations are made, their positions can be stored in the same coordinate
system [13]. The medical coordinate system is always placed in the same way in
relation to the patient, with each dimension as follows. Thex-axis goes from the
patient's left to right side, and the sagittal plane crosses it. The-axis goes from
the patient's front to their back, and the coronal plane is orthogonal. Finally, the
z-axis goes from the patient's feet to their head, and the axial plane crosses it. The
orientation of the planes and axes are further clari ed in Figure 2.1 below.

Figure 2.1: The anatomical planes and image axes. Source: modi ed Anatomical
Planes by CFCF licensed under CC-BY-SA-3.0.

2.1.2 Endovascular Aneurysm Repair

The stent used for endovascular aneurysm repair is made of thin polyester fabric
and a metal mesh [2]. The metal makes it highly visible in CT images as metal has
a high Houns eld value of around 3000, making it appear bright. Gold markings
are also added to some points of the stent to give it higher Houns eld values [14].

The shape of the stent graft is a tube that splits into two where the aorta divides
into the iliac arteries. Since the stent has three openings, three seal points can
fail, causing an endoleak and possible rupture. The upper seal point is called the
proximal end, and the two lower ones are called the distal ends [6]. Figure 2.2 below
shows the stent placement and its components.
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Figure 2.2: Abdominal aortic aneurysm blood vessels and stent zones. The proportions
in the diagram are not medically correct.

The method developed by Hakan Roos and his team includes detailed measurements
of di erent parts of the stent that form the basis of loss of seal diagnosis [6]. At
each stent seal zone, multiple diameters of the blood vessel are recorded along with
the seal zone length, which is the distance that the stent is in contact with the
blood vessel wall. The seal zone length can decrease if the vessel where the stent is
anchored expands, or if the stent moves. A patient is diagnosed with loss of seal if
the measurements are no longer in line with the instructions-for-use of the EVAR
stent manufacturer.

2.2 Deep Learning for Medical Images

Deep learning is a sub- eld of ML where models have many layers conceptually
thought of as their depth, making them deep. Each layer has parameters that can
be trained towards better performance for a given task. Due to the models' depth,
they have many parameters, sometimes ranging from a couple of million to several
hundreds of billions[15]. The substantial number of parameters gives deep models
great capacity for learning patterns and other relevant information from data. The
downside is that tuning such a large amount of parameters requires a proportionally
large amount of data to train on. Otherwise, such deep models could overt the
limited data by memorizing idiosyncratic patterns or noise in the training data
rather than learning generalizable features.

One area particularly suited for the application of deep learning is computer vision.

8



2. Background

As images are complex information compositions, they can benet from higher-
capacity models. By extension, deep learning is also a good approach to medical
computer vision. However, many medical images are in 3D, increasing their infor-
mational complexity. The added complexity, in turn, necessitates higher capacity,
which is achieved through more parameters. A large amount of data would be
needed to avoid over tting and train these parameters correctly. The di culty with
obtaining large datasets is that medical data is scarce due to the protection of pri-
vate data [16]. To avoid over tting, the capacity can be reduced. But if capacity

is too low, it might cause under tting when the model lacks the means to learn
complex patterns.

2.2.1 Model Architectures

The early days of ML and neural networks started in the late 1950s and further
expanded in the 1970s and 1980s with the invention of the multi-layered perceptron
(MLP) and backpropagation[17][20]. The MLP quickly became a versatile and
robust method in the ML eld. It has seen a wide adaption ever since, with many
state-of-the-art and breakthrough implementations. In essence, the MLP consists
of several linear layers that take and transform a vector in size and element values.
An activation function is applied between layers to enable non-linearity.

Convolutional neural networks (CNN) are deep neural networks that are especially
well-adapted to analyzing images. Each convolutional layer consists of a learnable
kernel that detects speci c features in the image by convolution [21]. Using one
kernel for the entire image reduces the number of parameters compared to MLPs
while e ectively analyzing the image. Convolutions are typically followed by max
pooling and activation to reduce the image further. The output of a CNN is called
a feature map, which holds the semantic representation of the original image.

One of the most recent architectures for machine learning is the transformer. It
was rst developed for text-reading tasks to address a problem of previous language
models; they tend to forget words mentioned early in the text. The transformer
employs a method called self-attention to look at the entire sequence and make
connections between all words, no matter the distance between them. The meaning
of the input words is taken into account through learnable embeddings, and it keeps
track of their location in a sentence with positional embeddings. The transformer
can also be used for computer vision tasks by dividing an image into a sequence of
pixels or small patches. A multi-head mechanism can then be added that allows
transformers to learn varying semantic features of the input image.

2.2.2 Transfer Learning

In computer vision and other machine learning tasks involving images, transfer
learning can help achieve faster training and higher accuracy, especially when data is
limited [22]. Transfer learning consists of pretraining a model on a large annotated
dataset and reusing the model and its weights to netune on a smaller dataset. To
use transfer learning successfully, the small dataset must share some similarities with

9



2. Background

the large dataset. Unfortunately, obtaining large pretraining datasets for medical

image tasks is di cult. Popular datasets like ImageNet do not necessarily share

enough similarities with medical images to be used for transfer learning. Instead, a
large set of medical images would be preferable, but these datasets are di cult to
obtain due to the protection of sensitive data [16].

When using transfer learning, it is vital that the model can transfer its previous
knowledge to a new task. A speci c pitfall that can occur, causing transfer learning
to fall, is catastrophic forgetting. As the name implies, catastrophic forgetting occurs
when the pretrained model's parameters are trained hastily, so the knowledge gained
from the previous training is forgotten. Instead, it is replaced by knowledge from
the current training. Ideally, the new data should adapt the old knowledge to the
new domain, which can be achieved by a more careful approach [23].

2.2.2.1 Model Backbone and Head

In the area of transfer learning in computer vision, the model's architecture is some-
times divided into two main parts: a backbone and a head [24] [27]. The backbone
works as an encoder to Iter and reduce image information to a feature map. As is
inherent to images, the information in each pixel is only relevant in the context of
the neighboring values. Therefore, it is common practice to use CNNs as backbones
[27]. A popular CNN backbone for medical image analysis is ResNet [27][25]. The
architecture of ResNet is particularly advantageous due to the skip connection in
their residual units, which allows information to ow more e ectively in the model
and, therefore, speeds up learning [28].

While it is possible to use convolutions down to a nal prediction, they focus on local
patterns and usually do not provide deeper reasoning. Therefore, a head is typically
added. The head inputs the feature map and outputs the nal prediction while
recognizing complex global relationships [27]. The most standard head for CNN
backbones is the MLP with linear layers. However, the transformer has also recently
started being used as a head because of its ability to model global dependencies.
The input for MLPs and transformers has to be attened to one dimension, which
means that the size of the attened feature map is limited by the computational
capacity available.

2.2.2.2 Transfer Learning for Medical Images

Medical images of patients are typically not publicly available due to private data
protection. As a result, the number of large datasets available for pretraining is
limited but not non-existent. To address the lack of pretraining data in medical

Al research, Chenet al. created a combined 3D segmentation dataset consisting
of medical scans from 23 public segmentation challenges [25]. They designed a
model consisting of a ResNet backbone and a segmentation head pretrained with the
combined dataset, called MedNet. Pretraining was performed for multiple sizes of
the ResNet backbone, such as ResNet-10, ResNet-18, etc. All ResNet backbone sizes
have four main layers comprising several building blocks. The ResNet architecture

10



2. Background

design was inspired by Het al.'s 2D version of the model with several modi cations
and improvements [29]. The pretrained models, along with all code, were made
publicly available.

2.2.3 Landmark Detection

A common machine learning task for medical images is landmark detection, which
iIs an object detection problem where the number and the class of objects in each
image are xed [30] [32]. The goal of landmark detection algorithms is to identify
speci ¢ anatomical structures in the image, and relies on the assumption that the
structure the model searches for is always present in the image.

The earliest deep learning methods for landmark detection, published between 2017
and 2020, were based on CNNs. One successful approach by Zredreg. employed a
two-stage model that was rst trained on small 3D patches sampled from the original
data [30]. They reused the weights from the patch-based training and added a
modi ed head to get an end-to-end detection model for the full medical volume. The
model outperformed other state-of-the-art 3D detection models. Another approach
also performed the detection in two steps, rst globally with the entire image, and
then, locally with identi ed sub-images, using a fully convolutional neural network
(FCNN) [31]. The detection is done in small patches by classifying the presence of
the landmark in the patch, and regressing the distance between the patch and the
landmark. The nal prediction is a combination of the regression and classi cation
outputs.

While these early methods have been successful, they often rely on complex methods
with no available code. Therefore, a recent transformer head for landmark detection
with publically available code, Spine Transformer, could prove more useful [26].

2.2.3.1 Spine Transformer

One recent approach to 3D object detection utilized a transformer head for detecting
vertebrae in 3D imaging scans [26]. The authors implemented a ResNet-50 back-
bone with a transformer head and trained it to detect vertebrae with a varying
eld of view. The head comprises one encoder and one decoder, each with multi-
head transformers, making it a relatively simple architecture, see Figure 2.3. The
image retains its spatial information despite being attened with learnable posi-
tional embeddings. The embeddings are added to the input before the encoder and
the decoder. The addition necessitates that the hidden dimension of the position
embedding is proportional to the number of input channels by a factor of three.

11



2. Background

Figure 2.3: Architecture of the Spine Transformer, image retrieved from [26] and
slightly modi ed.

The layers that make up the encoder and decoder consist of combinations of multi-
head self-attention, adding and normalization, and feed-forward layers [33]. Since
transformers converge slowly, Ta@t al. also added a skip connection, which runs

parallel with the transformer section and consists of a single linear layer. The output

of both is combined before the last linear prediction section. The skip connection
allows information and gradients from the backbone to be more prominent during

the forward and backward pass, which speeds up training signi cantly.

Instead of using bounding boxes for each target, the authors transformed the an-
notations into spheres. Each sphere was de ned by four valueéx;y; z;r), where
the rst three values are the 3D coordinates of the sphere's center point, andis

its radius. To make the detection invariant to the number of vertebrae visible in
an image, a binary classi cation of the presence of each human vertebra was added.
Detection loss is applied exclusively to spheres classi ed as present in the image.

The authors also implemented three detection loss functions, the rst being the error
between the predicted and true coordinates, and the second the intersection over
union. The third loss function was the error between the true and predicted relative
distances between the vertebrae, termed edge loss, givenlhyge in equation 2.1
below:

pair; = jjvi  Vizjji;, fori=0;L::0n  Lvi =[Xy; V2] 2 R3:

2.1
péﬁri O W%epjjy; fori=0;1:::;n 1;0i=[x0i;y0i;zoi]2R3; 2.1)

1 o X2 .
Leage= ———(jpairy  pdiryj + jpair, , pdir, 1j+2  jpair,  pdinj):

i=1

Above, v; is the sphere's center point for the i'th vertebra represented by itg, vy,
and z coordinate, and¥; is the corresponding predicted center point, pairis the

12
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distance between the i'th vertebra sphere and its neighbor, angéir, is the same
distance but for the predicted spheres. A weighted sum of the coordinate absolute
error losses, bounding box loss, and edge loss de nes the nal loss.

2.2.4 Data Augmentation

Data augmentation is a common strategy to increase data variability, help machine
learning models generalize better, and reduce over tting [34]. In medical applica-
tions, augmentations can also combat the problem of small datasets by simulating
the addition of more data [35]. When the augmentations are added to the training

data, variations are introduced to help the model focus on the right parts of the

image by becoming more invariant to background noise.

The simplest and most common data augmentation techniques for medical images
are transformations of the original data such as intensity transforms, scaling, and
elastic deformations [34]. A subcategory is a ne transforms, which includes all
spatial transforms that preserve parallelism, including rotation, translation, scaling,
and cropping of images. Any a ne transform can be de ned by

x

°x® 28-11 ap &z fty s 2X3
§y _ §a21 ay Qs tyz §yz
VA dz1 dgz2 8.33 t, VA
1 1

0 O

where x%y° and z° are the positions ofx;y and z after being transformed by the
ane transform. In the a ne matrix, ty, ty, andt, control the translation, and a;
controls the rotation and scaling [36]. The above equation can also be applied to the
spatial coordinates of annotations when a ne transforms are applied to augment
images. However, since the a ne transform can introduce changes to the coordinate
grid of the image, an interpolation strategy is required. Garceat al. performed a
systematic review and found that 64% of studies that perform machine learning with
medical images use a ne transforms during training [34].

Another common data augmentation technique is noise addition, where noise such
as Gaussian or salt and pepper is randomly added by changing pixel values [35]. An
important consideration when using a ne and noise-adding transforms is that they
create highly correlated images; therefore, the model cannot generalize beyond the
training population.

2.2.5 Interpretability

Using 3D medical images as input to diagnostic models, such as classi ers or regres-
sors, can be dicult. Due to the large size and complexity of the images and the
small datasets available, convolutional networks risk focusing on background noise
instead of properly learning the relevant features [37]. This behavior can lead to

13
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over tting, which makes it essential to understand how the model makes its pre-
diction. However, the black-box nature of deep learning models means they are
challenging to interpret and understand in the decision-making process [38]. A way
to increase awareness of the prediction process is to make the model reason more
like an expert would. When radiologists analyze images for diagnostic purposes, the
task is often broken down into subtasks. The strategy of creating smaller tasks can
be imitated in machine learning through sequential learning.

2.2.5.1 Sequential Learning

Sequential learning refers to using multiple machine learning models in a sequence,
where each model in some way uses the output from the previous model. The
models in the sequence can be chosen to perform di erent subtasks before making
the nal diagnosis. Sequential learning can also be referred to as cascaded learning
or multi-stage learning.

A few papers have been found that employ sequential learning as a way to increase
accuracy when diagnosing medical images [39] [41]. Most of them utilize a segmen-
tation model as a part of the sequence, since this isolates the anatomical region of
interest and removes all irrelevant background. One successful approach to analyz-
ing the aortic root chose a sequential method where the rst model detects a region
of interest on a low-resolution image [39]. The high-resolution ROI then becomes
the input to succeeding models in the sequence.

2.2.5.2 Methods of Interpretability

A potential secondary bene t to sequential machine learning methods is that they
can increase understanding of the model. Within machine learning, the concept of
understanding is called interpretability, which is "an attempt to explain the decision-
making process of deep learning models in a way that is understandable for the end-
users" [42]. Interpretability is especially important when implementing deep learning
in clinical practice, as understanding the model can increase trust in its diagnostic
capacity. The General Data Protection Regulation (GDPR) requires transparency
of decision-making algorithms, which applies to arti cial intelligence (Al) [43].

Salahuddin et al. describe nine interpretability methods, one of which is concept-
learning models [42]. Here, the models predict a few high-level clinical concepts, and
then the nal diagnosis is predicted using these concepts as input. While concept-
learning e ectively creates transparency, specialists must identify and annotate con-
cepts for initial prediction. It is more time-consuming than just annotating the
diagnostic of interest. To address these concerns, other interpretability methods
have been developed to explain black-box models after they have been trained, or
post-hoc [42].

Post-hoc explanations are relatively easy to create, as they rely on the gradients of
outputs with respect to di erent layers. Explaining post-hoc is especially useful for
iImage-based models as gradients can be visualized in the input image to determine
which regions are most relevant for the model's prediction [42]. The heatmaps
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created by post-hoc explanation are generally given the umbrella term attribution
maps. One of the simplest ways to calculate an attribution map is by saliency, where
the gradient of one of the outputs is calculated with respect to each input pixel [44].
The saliency map thus represents what parts of the image the model focused on
the most for a particular output, and is a way to localize essential features for the
model's prediction [38]. It is important to note that the attribution maps do not

o er any insights into how they contribute to the predicted output [42], so the
explanation can only provide limited insights.
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Methods

In this chapter, the methods for data curation, processing, and augmentation are
presented. Further, model architectures for the di erent learning tasks are intro-
duced. Finally, the evaluation metrics used for assessing the performance of the
models are described.

3.1 General Approach

Two overarching methods were chosen to perform a rst proof-of-concept for pre-
dicting loss of seal in CT scans: a baseline and a sequential method, presented in
Figure 3.1. The goal of both approaches was to diagnose an abdominal CT scan
of a patient who has received EVAR surgery with loss of seal. The straightforward
approach to diagnosing loss of seal is binary classi cation, but another predictor was
chosen as it would be more interpretable from a medical perspective. The protocol
developed by Hakan Roos and his team, which the thesis relies on, identi ed the
seal zone length as most important in determining the loss of seal. Therefore, the
seal zone length at the three stent endings was chosen as the nal prediction target
in both approaches. If at least one of the seal zones is shorter than a specied
threshold, the patient can be diagnosed with loss of seal by rule-based classi cation
according to the same protocol. However, the nal rule-based classi cation will not
be implemented in this thesis.

With seal zone length prediction as the goal, the most straightforward machine
learning approach, the baseline, is to employ a regression model that predicts three
seal zone lengths from each CT volume. However, the complexity of the problem
likely exceeds the capabilities of such a simplistic model. A second approach is
therefore proposed that employs well-tested machine learning methods, and reduces
the input size for the regression model. This approach consists of a detection model
that localizes the stent endpoints, which are used to de ne three smaller regions
of interest surrounding the stent seal zone. The smaller region of interest (ROI)
patches are then passed to a regression model, similar to the baseline, to predict
each seal zone length. The sequential approach is inspired by the one presented by
Kruger et al. [39]. The detection of the stent graft endings also imitates the same
step performed by specialists when following the protocol by Hakan Roos.
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Figure 3.1: Overview of the machine learning methods implemented in the thesis.

3.2 Patient Data and Annotations

The data used for the thesis comes from the national registry of vascular disease,
called Swedvasc. Ethical approval has been obtained through the Swedish Ethics
Board of Approval with registration number 508-14, which means this project is
also covered. The patient data could only be accessed on an authorized Chalmers
computer to ensure the thesis follows ethical research.

The patients that receive EVAR surgery usually obtain a CT scan before and after
surgery, then yearly for monitoring. Each CT used in this project is from one of
three follow-up examinations after EVAR surgery: 1 month, 1 year, and the last
follow-up several years later. In some cases, the patient passed away before their
second yearly scan, in which case there are fewer than three examinations. The CT
scans were annotated by specialized radiologists, including the stent's centerline and
contours at each endpoint. Two centerlines were made for each CT that start in the
aorta above the kidneys, and split into the left and right iliac arteries. There are
four contours for each CT, one at each lower stent endpoint and two at the upper
endpoint. An example of the annotations is shown in Figure 3.3. Figure 2.2 labels
the di erent blood vessels and stent components.

Each CT scan has corresponding measurements of di erent parts of the stent, made
by radiologists according to the protocol by Sandstronet al. This thesis uses only
the three seal zone attachment lengths from these measurements.
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3.3 Data Processing

This project is the rst to use the data described above for machine learning. Thus,
some processing steps had to be performed to use the CT images and the anno-
tations. The processing is described in the following sections, covering every step,
from raw data to splitting the data for training.

3.3.1 Data Inspection and Quality Assessment

Before standardizing the data, all the annotations had to be validated by check-
ing their location in the CT. The manual inspection ensured no faulty annotations
could exacerbate the learning process or mislead the model. The software program
3D slicer [45] was the primary tool used to perform these inspections. The visual
inspection con rmed that each CT had centerlines and contours with reasonable po-
sitions. Furthermore, a handful of CT volumes were excluded due to incompatibility
with the given tools; see Section 3.4.

3.3.2 Data Preprocessing

The main purpose of the CT image preprocessing was to normalize the images to
the same orientation, size, and spacing. The most common orientation was chosen
as the standard, and those with di erent orientations were rotated. Additionally, all
images were resampled using a common pixel spacing. A valugof2 2 mm was
chosen by considering the cumulative spacing distribution in each dimension, shown
in Figure 3.2. Two-millimeter spacing in each dimension meant that most pixels
were downsampled. The chosen spacing also gave a su ciently high resolution to
keep the stent details visible, according to supervisor Hakan Roos, an expert within
the eld. By resampling the images, most of them became smaller, which reduced
the computational load during training. On average, the resampled images are 18
times smaller than the original images.

Figure 3.2: Cumulative distributions of pixel spacing along each dimension of the CT
volumes.
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Data processing was also done to get the necessary annotations. For the sequen-
tial approach, presented in Figure 3.1, there is an intermediate prediction of the
stent endpoints. The true endpoints were not a part of the original annotations
but could be calculated mathematically from the centerline and the four contours.
The endpoint calculation consisted of nding the point of the centerline that was
closest to the average of each contour. Since the proximal seal zone had two contour
annotations, the average of the endpoints calculated from them was used. A visual
representation of the annotations given and the endpoints calculated is shown below
in Figure 3.3.

Figure 3.3: A visual representation of the annotations provided, where the centerline
points are blue, the contour points are red, and the endpoints calculated from the two
are green. The directions are given from the patient's perspective (i.e the patient's left
and right). The proportions of the contours and centerlines are not medically accurate.

All seal zone lengths were collected from a large data sheet containing all the stent
measurements according to the protocol. Depending on whether or not the stent
extends beyond the inner iliac artery at the distal seal zones, the measurement would
be written in one of two columns.

3.3.3 Recentering and Normalization

To further reduce and standardize the size of the images, the CTs were all cropped
and centered around the stent using the positions of the endpoints. More speci cally,
the midpoint between the highest and lowest endpoints was calculated. Then, the
coordinate of the midpoint became the image's center point after cropping, meaning
that the same number of pixels were kept above and below the center point. The
CT was only centered in thez-direction, as this direction is where most CTs varied
in their eld of view. After cropping, the size of the images was 220, 196, and 196
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in the axial, coronal, and sagittal dimensions, respectively. Images smaller than
220 196 196 before cropping were instead padded to the specied size. The
height of 220 pixels was chosen by the length of the longest stent with a minimum

padding added both above and below. By selecting the longest stent as the height
for all volumes, some images had more padding around the stent than others. The
recentering and cropping are shown by the rst step in Figure 3.4, where the red

points are the highest and lowest endpoints, and the blue point is the midpoint.

Figure 3.4: Processing pipeline example for one CT. The three nal images represent
the di erent levels of augmentations. Since it is di cult to show in 3D, only one coronal
slice has been included. Therefore, the two endpoints have been fabricated for the
visualization, in actuality they exist in di erent planes.

Before the images were fed through the models, several transforms were applied to
standardize the CT volumes. To begin with, the voxel values were capped between

-1000 and 3000 as these were the minimum and maximum Houns eld unit values

of materials to be expected in the CTs, and values outside this range could be

considered noise. Afterward, the voxel values were normalized to min-max to get

all intensities between 0 and 1 over the dataset.

3.3.4 Data Augmentation

To encourage the model to generalize, augmentation was applied to the data set dur-
ing the training of all models. In the sections below, the volume transformations and
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the spatial transformations of endpoints are described. Finally, the augmentation
of the ROIs for seal zone length regression is presented.

3.3.4.1 Volume Augmentation

The most crucial augmentation was a random crop applied to the images such that
a total of 50, 20, and 20 pixels were randomly removed from both sides of the
axial, coronal, and sagittal dimensions, respectively. Thus, the nal size was 170,
176, and 176 in thez-, y-, and x-directions. Random cropping was performed as
compensation for the centering in the axial dimension, described in section 3.3.2,
by disbursing the distribution of the endpoint coordinates. The random cropping
thereby promotes the model to generalize to varying eld-of-views. To ensure that
the validation and test inputs had the same size without performing augmentation,
they were instead cropped evenly to remove the same amount of pixels. Cropping
evenly meant that the stent was perfectly centered for validation and test images,
while in the training set, it was translated in all dimensions.

Afterward, an a ne transform was applied in the form of a random rotation in the
ranges (-10,10°), (-3°,3°), and (-3°,3°) for the axial, coronal, and sagittal dimensions
respectively. Scaling was excluded in the transformation pipeline since it would
distort positions and measurements. Scaling the images means that the models
cannot reliably read the relative distances between features and pixels, complicating
the task.

Finally, some intensity augmentations were added in the form of random noise. One
type of noise added was salt and pepper, where a few pixels were randomly changed
to the highest possible value (salt) and the lowest possible value (pepper). The
probability that a pixel would become salt or pepper was 0.01. Gaussian noise was
also added randomly with a probability of 0.5, where the distribution of the Gaussian
noise had a mean of 0 and a standard deviation between 0 and 0.02. Figure 3.4 shows
an example of one image's preprocessing, cropping, and augmentation.

3.3.4.2 Label Augmentation

Two spatial transforms were applied: random cropping and a random a ne transfor-
mation. Random cropping could be performed on the point indices by subtracting
the number of lower-cropped pixels in each dimension. The a ne transform could
also be applied to the point coordinates by multiplying them by the a ne matrix.
Since the a ne matrix was implemented independently from the spatial transforms,
a validation algorithm was created to ensure that the transformed positions were
accurate. After the a ne transform, the point coordinates were no longer integers,
meaning their location was not rounded to the nearest pixel.

3.3.4.3 Region of Interest Augmentation

The regression model in the sequential approach was trained on individual ROIs.
Therefore, separate instances of the augmentations were applied to the 3 ROIs from
the same CT. The ROIs were augmented similarly to the entire volume, described
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in section 3.3.4.1. Before augmentation, the regions of interest were created as
80 80 80 pixel patches centered around each endpoint. Then, a ne rotation
was applied in the ranges (-1010°), (-3°,3°), and (-3°,3°) in the axial, coronal,
and sagittal dimensions, respectively. After that, 16 pixels or 32 mm were cropped
randomly from both sides in all dimensions to creaté4 64 64 pixel patches.

3.3.5 Dataset Split

To begin with, the dataset was shu ed to avoid any bias in the current order. Then,
the data was split into three datasets: train, validation, and test, with the respective
ratios of 78%, 12%, and 10%. If a patient had several examinations done, all of them
were put into the same dataset. Keeping the CTs of one patient together ensured
that each dataset was independently sampled, since exams from the same patient
were highly correlated.

3.4 Implementation Details

The CT scans were processed using the SimplelTK Python library [46]. All DICOM
les for one CT were loaded and aggregated into a volume. After the CTs had been
process into a common standard, they were saved as tensors.

The code for creating and training the models was implemented in Python using the
Pytorch and Lightning libraries [47], [48]. Pytorch was chosen for its versatility and
broad adoption in the ML eld, making it easy to implement publically available
models. Lightning was selected as it is built on Pytorch but additionally facilitates,
standardizes, and automates procedures for training. To begin with, a Lightning
module was created where the model and optimizer were de ned and con gured.
Then, the training and validation steps were speci ed where the loss, given inputs,
and targets are de ned. Once the lightning module has been created, it was paired
with a lightning trainer that automatically trained and validated the models, logged
prede ned metrics, and saved checkpoints and hyperparameters in a version folder.
Lightning also allowed customization through callbacks, such as early stopping, and
supported training on one or several GPUs. All in all, Lightning simpli ed the
maintenance and organization of the training, and reduced debugging signi cantly.

Image processing and augmentations were implemented partly through Torchio, a
library dedicated to processing 3D images for machine learning [49]. The implemen-
tation of the augmentations is explained further in section 3.3.4. The attribution
maps used for evaluation, described in section 3.7.2, were calculated with the Cap-
tum library [50].

3.5 Models

This section describes the architecture and other relevant details of each trained and
implemented model. All models consist of a pretrained CNN backbone and an MLP
or transformer head with slight modi cations.
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3.5.1 Baseline: Full Volume Seal Zone Length Regression

The baseline model consists of a backbone and a head. The backbone is a pretrained
ResNet-18 model trained on 23 segmentation datasets of medical images [25]. The
entire architecture is presented in Figure 3.5. The feature map that the backbone
outputs is vast and, therefore, cannot be attened and passed to the head directly.
To reduce the size of the feature map, two convolutional layers were added after
the backbone, the rst one with kernel size (2, 2, 2), stride 2, and 64 groups. The
second convolutional layer had a (1, 1, 1) kernel, only added to reduce the number
of channels further.

After being passed through the backbone, the image size was 8 times smaller, but
with 512 channels, and after reduction, the feature map was 16 times smaller and had
ve channels. The reduction allowed the feature map to be attened to a vector that
could tin GPU memory. The head consisted of a multi-layer perceptron comprised
of four layers with output sizes 256, 64, 16, and 3. The three nal outputs correspond
to the three seal zone lengths.
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Figure 3.5. Baseline model architecture that takes a CT volume as input and performs
either seal zone length regression or endpoint detection.

3.5.2 Full Volume Endpoint Detection

Two models were trained for the endpoint detection task; both had the ResNet
backbone architecture with pretrained weights but di erent heads. The two model
architectures are presented below.

3.5.2.1 Multi-Layered Perceptron Head

The rst model design was similar to the baseline approach, which consisted of an
MLP head. The four layers of the MLP had output sizes 1024, 256, 64, and nally,
9 for each coordinate of the three endpoints. Batch normalization, dropout, and
Relu activation were added between the linear layers. A reduction method was
added between the backbone and the MLP with the same convolutional layers as
the baseline, shown in Figure 3.5.
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3.5.2.2 Transformer head

The second model design combined a transformer head with the ResNet back-
bone. Since the goal of endpoint detection is similar to vertebra detection, Spine-
Transformer was used as a head with the pretrained ResNet-34 as backbone [26].
The model was implemented through the architecture available on GitHub with a
few adjustments.

To begin with, instead of predicting a sphere for each vertebra, the position of the
endpoints was predicted. Thus, the model prediction was modi ed by discarding
the radius entirely. Furthermore, the binary prediction of the presence of each point
(or sphere) was also removed, as it was assumed that the CT would always include
all three endpoints. The number of queries was set to three for the three endpoints
in each CT, 8 transformer heads were used and the feed-forward layer had 2048
outputs.

A reduction method had to be added as a 3D convolution with kernel size (2, 2,
2), stride 2, and 64 groups to pass the feature map to the transformer. Figure
3.6 shows the nal architecture used for endpoint detection, where the transformer
unit represents the encoder and decoder layers along with their associated positional
encodings. Everything in the transformer unit (see Figure 2.3) is the same as the
Spine Transformer, except for six encoder and six decoder layers instead of two of
each in the original article.
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Figure 3.6: Architecture of the endpoint detection model with a transformer head.

Finally, a small change was made to the length of the three positional embeddings.
The authors had de ned their lengths ad;l; 13 = Lh'f’% The lengths were rede-
ned in Equation 3.1 to enable values ot jjg4en NON-divisible by three. The sum of
the sizes had to equal ggen due to the positional embeddings' connection to the
hidden layer of the transformer. Therefore, the lengths were rede ned as

L.
l1; 1, = hlgden ;and 3= Lpiggen |12 (3.1)

Four loss functions were used to train the original Spine-Transformer, two of which

were used in this project: the L1-loss (also called the mean absolute error) of the
endpoint positions, and the edge loss for the relative distances between the points.
The intersection over union was discarded as no spheres were predicted, and the
binary cross-entropy was excluded since no classi cation (sphere present or not)
was done. Therefore, the nal loss was the weighted sum of the two remaining

loss functions. The original edge loss, presented in Equation 2.1 in Section 2.2.3.1,
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was modi ed slightly for this implementation. The pairwise distances pajrwere
modi ed by de ning them by Equation 3.2 as

pair, = jjproxal leftjj:; pair, = jiproxal rightjj,; pairs = jiright leftjjs;
proxal = [Xproxal s Yproxal s Zproxal 12 R3;
right = [ Xright ; Yright ; Zright 1 2 R;
left = [ Xieft ; Yiett ; Zieft ] 2 R®;
(3.2)

where the distance between each pair of points is calculated.

3.5.3 Region of Interest Regression Model

The second step in the sequential approach, presented in Figure 3.1, consists of a
regression model that predicts the seal zone lengths based on the reduced volume
termed the ROI. The model was the same pretrained ResNet backbone and MLP
head as the baseline architecture in Figure 3.5. The main di erence is that only
a64 64 64 subsection of the CT is used as input to predict the measurement
it contains. The length of 64 pixels in each dimension was selected as a trade-o
between informational retention and computational e ciency. The trade-o meant
that the patch was large enough to contain relevant information but small enough
to allow e cient computations during training. It was crucial to reduce the size

su ciently since the number of input volumes tripled by creating three patches
from each original CT image, which could slow down training signi cantly. An
added restriction was that the endpoints were sometimes close to the edges of the
volume, and therefore, a larger size was impossible without adding unnecessary
padding.

Since the ROI size is much smaller than the volumes used as inputs to the base-
line model, the backbone's feature map was also smaller, decreasing the need for a
reduction. Instead of reducing the feature map size, it was adequate to lower the
number of channels from 512 to 16. As a result, the region of interest regression
model had a higher resolution of its feature map relative to the input size. The
channel reduction resulted in a attened feature vector of size 8192 as an input to
the MLP head, with 1024, 256, 64, and 1 as the rest of the layer sizes. The modi ed
architecture for ROI regression is presented in gure 3.7. Each ROI was treated as
an independent input during the training process such that the model only viewed
one patch at a time. However, for e ciency reasons, all 3 ROIs from the same CT
were loaded simultaneously and included in the same batch.
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Figure 3.7: Architecture for the regression model that predicts seal zone lengths on
ROI patches.

The ROI model was never trained with predicted endpoints; instead, the prede ned
annotations were used. Training with the target endpoint was done because the
detection and measurement regression models were developed in parallel. Thus,
accurate endpoint predictions were not available until the end of the project. By
then, it had become evident that no further insight would be gained from using
predicted endpoints due to the poor performance with the annotated endpoints.
Therefore, the true endpoint locations were used as centerpoints of the regions of
interest rather than the predictions made by the detection model.

3.6 Training

The models were all trained by rst training the head and then gradually unfreezing
the pretrained backbone for ne-tuning. The unfreezing of the backbone was divided
into ve sections: the rst convolutional layer and the four subsequent main ResNet
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layers. During training, ve thresholds of the validation error were speci ed where
each part of the backbone was unfrozen. Furthermore, AdamwW was used for all
models to apply the gradient step [51]. The backbone was also given a lower learning
rate than the head to avoid catastrophic forgetting.

During training, the mean absolute error of the training and validation set was
monitored to evaluate potential over tting, under tting, or stagnation. Instead of
training for a set number of epochs, the training was halted when the validation
error stagnated, triggering early stopping. Stagnation was de ned as no decrease in
the error over a threshold number of epochs.

3.7 Performance Metrics and Evaluation

3.7.1 Evaluation Metrics

The primary evaluation metric was the absolute error between the predicted and

true values. In the sequential approach, the mean absolute error between the three
true and predicted seal zone lengths was calculated for the baseline and the nal
model. For the endpoint detection, the absolute error between the predicted and

true coordinates of the endpoints was calculated.

For the endpoint detection models, the Euclidian distance, or root square error, was
also evaluated between the predicted and true endpoint coordinates. The Euclidean
distance is de ned as

i %% (3.3)

wherey; is the true value, andy; is the predicted value. The Euclidean distance
was calculated per endpoint with thez-, y-, and x-coordinates. Since all models of
the project are regression models, thB? metric was also used for evaluationR?

is a value that ranges between negative in nity and one and indicates how well the
model ts the data. Here, one represents a perfect t, negative values represent
over tting, while values close to zero mean that the model under ts. The de nition
of R? is presented in Equation 3.4 below,

Pn )
AR 6

wherey is the mean of all ground truth values.
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3.7.2 Evaluation plots

A few evaluation plots were made using the presented metrics. One of these was a
scatter plot of the predicted values versus the true values for each input in the test
data. This kind of scatter plot was used to check for a strong correlation between the
predicted and target values. For example, these plots can aid in assessing whether
the model generally predicts values close to the target or if it tends to over- or
underpredict.

Another type of plot was Bland-Altman error plots. They were used to plot the
di erence between the true and predicted value against the true value for each
output in the test set. The Bland-Altman plots can similarly aid in nding patterns

in the error.

Saliency maps were calculated as attribution maps to interpret the regions the model
favors to make its predictions. The saliency map is the derivative of one output value
with respect to each input pixel, calculated by backpropagation [44]. The saliency
maps are three-dimensional, but to display them in 2D, a slice in each anatomical
plane was chosen based on where the target endpoint is. Since saliency maps can
only be calculated for one output, the saliency maps for predicting one endpoint's z,

y, and x coordinates were aggregated by summation. To display the saliency map,
a CT image from the test set was chosen arbitrarily for presentation in this report.

The saliency map was only included in the evaluation if the model performed suf-
ciently well on the test set. This decision was made because there is no point in
checking which regions the model takes into account if it is clear that the model has
not learned the task at hand.

3.8 Usage of Large Language Models

Large language models like ChatGPT were mainly used for troubleshooting and code
suggestions. Additionally, Grammarly was used to correct and improve grammar.
While such tools have aided the project's development, great care has been taken
to ensure that they have been used in cooperation with critical thinking and proper
academic practices. When smaller methods and code snippets have been generated
and used, they have been validated and, if needed, cross-referenced with the relevant
documentation.
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Results

This project has two primary outcomes. The rst is a new, curated dataset of
post-EVAR exams with corresponding CTs and manual annotations according to
the protocol. Second, several models are trained on this dataset with di erent
architectures and toward di erent prediction tasks.

The parameters and metrics used for training are presented for each model, along
with the evaluation results on the test set. The models are presented in the following
order: the baseline model for seal zone length regression, the model for endpoint
detection with an MLP head, the endpoint detection model with a transformer head,
and nally, the seal zone regression model with regions of interest as input.

4.1 Data Selection & Splits

Data transfer, conversion to compatible formats, quality check, and loading into
Python eliminated quite a few patients from the data. Throughout the thesis,
approximately 158 patients were provided with a median of 4 CT scans each, along
with the corresponding annotations. Manual inspection eliminated 69 CT images
because time and resource constraints made a corrective action infeasible. In this
extensive process, two main causes of elimination were identi ed. The rst cause
was when the manual centerline was not inside the stent or blood vessel. The other
cause was when the manual contours were incorrect, which was the case for a group
of patients from a speci ¢ hospital. After this inspection process, 143 patients with
a total of 399 CT scans remained in the dataset and could be used for training and
evaluation. The training, validation and test split was set to 78/12/10 %, which led

to 312, 48, and 39 CTs, and 111, 18, and 14 patients in the training, validation, and
test sets, respectively.

4.2 Full-volume seal zone length regression

The rst model trained was the baseline for seal zone length regression from full
volumes. The model training parameters, the training metrics, and the evaluation
results on the test set are presented below.
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4.2.1 Training

The parameters and metrics in Table 4.1 were chosen after limited experimentation.
This combination was selected for its training stability and performance. Further-
more, the unfreezing thresholds were regularly spaced within the range of the highest
and the lowest validation errors seen during training.

Table 4.1: Baseline model training parameters

Parameter Value

Backbone learning rate 510°

Backbone weight decay 25 10 4

Head learning rate 3104

Head weight decay 0.0025

Dropout 0.05

Unfreeze thresholds (val error) 25, 19, 16, 13, 11
Batch size 20

In Figure 4.1, the model's training process, with augmentations applied, can be
viewed until early stopping at epoch 442. The mean absolute error on the training
and validation dataset is plotted for each epoch.

Figure 4.1: Training and validation mean absolute error during the baseline regression
model's training, where the black vertical lines represent the unfreezing of each part of
the backbone.

The gure shows that the training error rapidly decreases until about epoch 100
where it continues decreasing but at a lower rate. The validation error, on the other
hand, has a lot more variation but has a decreasing trend until around epoch 300,
where the variation from epoch to epoch slows down. However, the validation error
increases slightly towards the end until early stopping sets in. This suggests that
the model starts over tting at epoch 300.
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4.2.2 Evaluation

The baseline model was evaluated by the absolute error between the predicted and
target seal zone length. The mean and standard deviation of the error are presented
in Table 4.2 based on each seal zone and aggregated over all outputs. As demon-
strated by these values, the errors are quite high suggesting that the model has not
been able to learn how to characterize the seal zone length. The error for the left
distal seal zone is higher than the other two.

Seal zone  Mean absolute error (mm)
Proximal 95 7.8

Left distal 276 149

Right distal 13.2 9.3

All 16.8 135

Table 4.2: Error between true and predicted seal zone lengths of the baseline model.

To further investigate the performance of the model, the predicted seal zone lengths
were plotted against their corresponding true values, shown in Figure 4.2.

Figure 4.2: Scatter plot of predicted and target values of the baseline model for each
seal zone, where the orange lines represent predictions equal to the target.

A few aspects can be observed in the above gure. Most importantly, in all three
plots, the predicted value is often smaller than the target. It seems that the model
is predicting a mean value with some variance rather than learning. This indicates
that the model has high bias and variance, meaning it is under- and over tting
the data. No clear relation between predictions and targets can be found, further
underlining the inability to generalize. The pattern is further exempli ed by the
Bland-Altman plots between predicted and true seal zone measurements, shown in
Figure A.1 in Appendix A
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4.3 Full-volume Stent Endpoint Detection - MLP
Head

The rst step in the sequential approach was to detect the EVAR stent's endpoints.
To begin with, the most straightforward approach was chosen for detection by adopt-
ing the baseline architecture with a pretrained ResNet-18 backbone and an MLP
head. Instead of predicting three seal zone lengths, the model predicted the 3D co-
ordinates of three endpoints, corresponding to nine values. The training parameters,
results, and the model's performance on the test set are presented below.

4.3.1 Training

The endpoint detection model with an MLP head was trained with the parameters
presented in Table 4.3. The training parameters remained the same as those of the
baseline model due to their similarities. Only the unfreeze thresholds were modi ed
since this task’s validation error was initially higher.

Table 4.3: Endpoint detection model with MLP head training parameters

Parameter Value

Backbone learning rate 510 °

Backbone weight decay 25 10 4

Head learning rate 3104

Head weight decay 25 10 3

Dropout 0.05

Unfreeze thresholds (val error) 50, 30, 20, 15, 12
Batch size 20

The model was trained for 1300 epochs with augmentations. Figure 4.3 presents the
resulting train and validation mean absolute error.

(a) Full training plot (b) Training plot with axis limits

Figure 4.3: Training and validation mean absolute error during training of the
endpoint detection model with an MLP head. The black lines show the epochs where a
layer of the ResNet backbone was unfrozen.
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The gure demonstrates that both the training and validation error decrease rapidly
at rst and then slow down after about 200 epochs. After 300 epochs, the validation
error becomes, on average, lower than the mean training error but remains higher
than the 25th percentile of the training error. The nal training error is around 8
pixels or 16 mm, and the nal validation error is around 6 pixels or 12 mm. The high
variance of the training and validation errors and the low validation errors are likely
explained by the random augmentations applied to the training data. The images
seen by the model di er signi cantly between epochs due to the random transforms.
The validation set, on the other hand, has no augmentations and is cropped evenly,
so it may be easier for the model to predict the endpoint locations in those images.

4.3.2 Evaluation

The Euclidean distance between the predicted and ground truth endpoints is pre-
sented in Table 4.4 below, where the mean was calculated for all CTs in the test
set.

Endpoint  Euclidean distance (mm)
Proxal 21.58 9.86

Left distal  20.99 10.67

Right distal 23.98 13.45

All 2218 11.40

Table 4.4. Euclidean distance between predicted and true endpoints of the detection
model with an MLP head.

The test set's Euclidean distance has a total mean of 22.18 mm, and there are
no signi cant di erences between the three points. The mean absolute error per
endpoint and coordinate is presented in Table 4.5 below.

Mean absolute error (mm)
Endpoint Z-coordinate Y-coordinate X-coordinate
Proximal 151 4.0 108 7.6 7.8 45
Left distal 108 8.8 120 108 85 55
Right distal 12.7 118 8.4 8.6 14.1 10.8

Table 4.5: Mean absolute error of predicted and target endpoint coordinates for the
detection model with an MLP head.

The errors are relatively similar between all coordinates except the z-coordinate of
the proximal and x-coordinate of the right distal endpoints which are slightly higher.
Most values have a relatively high standard deviation except the z-coordinate of the
proximal endpoint. The high error and low standard deviation could suggest a
systematic error of the model in predicting the proximal endpoint's z-coordinate.

The predicted endpoint coordinates are plotted against the true coordinates for all
test data in Figure 4.4 below. The scatter plots show that the predictions somewhat
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follow the line of perfect prediction, although a slight pattern of under estimation
can be discerned. The relatively high correlation between prediction and ground
truth suggests that the model learned the data to some degree, which is further
underlined by the R? value of 0.911. The only aspect of the data that the model
seems slightly unable to learn is the x-coordinate of the left distal endpoint, where
there is almost no apparent correlation between true and predicted values.

Figure 4.4. Scatter plot of predicted and target values of the detection model with
MLP head for each point coordinate, where the orange lines represent when predicted
values are equal to the target.

The Bland-Altman plots in Figure A.2 in appendix A further demonstrate the pat-
tern of under tting, where the mean error is always negative, especially so for the
z-coordinate of the upper endpoint.

To be able to visualize how well the model performs on the test data, a predicted
and target proximal endpoint was plotted inside its corresponding image for one test
CT. This is shown in Figure 4.5.
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