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Abstract

Coronary artery disease is the leading cause of death worldwide. To treat patients
with such disease, clinicians need to identify the affected vessel(s). However, this analysis
is cumbersome and costly. Automatic coronary artery extraction may assist experts in
this task. Current state-of-the-art approaches achieve good results but do not address
the difficulties found in the most complex cardiovascular systems. Current methods
do not extract the complete artery in the complex population, due to locally similar
non-arterial structures. To tackle this issue, we propose to employ geometrical deep
learning methods on raw output graphs to differentiate between artery and other blood
vessels or structures resembling blood vessels. We hypothesize that such techniques can
outperform the state of the art by utilizing non-local information, such as geometry.
To this end, we developed Graph U-NET II, which consists of graph convolutions, node
pooling layers, and skip connections. We have found that, on our test set of 50 patients,
our best ensemble method achieves an overlap with the reference data of 87.0 %.
Moreover, it achieves a recall on the positive class, or sensitivity, of 86.0 %. In terms
of overlap, our method exceeds the state-of-the-art graph agnostic approach (87.0 %
vs. 80.4 %). However, our method does not outperform the state of the art in terms of
sensitivity (87.1 % vs. 86.0 %). These results indicate a more clinically relevant model
compared to the state of the art, due to the substantial increase in overlap.
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1 Introduction

Cardiovascular diseases are one of the most deadly diseases worldwide [22], among which
ischemic heart disease is the most frequent [21]. Along with other tools, Coronary Computed
Tomography Angiography (CCTA) scans enable experts to determine the cause of and solutions
to such diseases. To partially relieve the experts of this cumbersome analysis of evaluating the
medical state of the arteries, we propose to automatically extract the arteries from the scans.
We use the methods of Wolterink et al. [49] to propose a new approach for a fully automatic
extraction method. Schaap et al. [35] define fully automatic extraction as requiring no human
interaction.

For the task, we utilize 200 CCTA scans of patients, where the coronary arteries have been
manually labeled by experts. There are multiple ways to extract the arteries from the scans,
where we will use a tracking-based approach using deep learning. Tracking-based approaches
in artery extraction methods use seed points to start a sequential extraction in the CCTA
scan, where in each step a new centerline point of the artery is determined. For coronary
artery tracking methods, deep learning techniques are currently the state of the art [34]. In
our approach, we combine these tracking-based methods with geometrical deep learning, to
create a fully automatic extraction method. We use a pipeline of convolutional neural networks
(CNNs) by Wolterink et al. [49] to extract the centerlines of coronary arteries from the CCTA
scans. The coordinates of these centerlines describe the locations of image patches. Patches
are small segments from the scans containing information about the blood vessel, such as a
center and a radius. To evaluate an approach, reference markers were placed on each CCTA
scan by experts for comparability. These reference markers together create the reference tree.
As measurement metrics, we apply overlap and sensitivity, e.g. recall on the positive class.
To achieve a high sensitivity on the reference tree, the method has been configured to be
oversensitive by Hampe et al. [16] and it extracts on average over 87.17 % noise. Noise in this
case can be any extracted patch unrelated to the coronary arteries, which can be veins or other
objects resembling vessels. To identify this noise, the current state of the art uses local patch
information to determine if the data is related to the cardiovascular system [49] [34]. This task
is complicated, as many other structures share representative qualities with the arteries, thus
causing many false positives produced by the tracking method. Thus, the objective presents us
with a binary classification task. Locally restricted data may not provide enough information to
a model to differentiate between arteries and vessels, due to the local resemblance of arteries
with veins. Furthermore, calcified or even stenosed arteries that may feign the end of an
artery. Thus, assessing a longer sequence of patches may be beneficial to determine the label
of the patches, as geometric information is only represented on a more global level. In previous
works, the local information was insufficient, which led to the requirement of all segments
being connected to the Ostia. The Ostia are the origins of the two main arteries that spring
from the aorta.

To address this potential shortcoming of local information, where single centerline points are
too ambiguous to determine a label, we leverage the graph structure in the arteries using
geometrical deep learning. In state-of-the-art local information approaches, connectivity with
the Ostia is required to avoid other blood vessels to be confused with the arteries. Our approach
allows us to drop the requirement of connectivity with the Ostia, as the disjointed segments



can yield enough information to determine whether it represents an artery or noise. We create
a graph structure of image patches by presenting the patches as nodes and their connectivity
as edges. Other approaches have investigated the use of the field of geometrical deep learning
in coronary artery segmentation, such as Wolterink et al. [48], who aim to detect stenoses in
the arteries using Graph Neural Networks. Hampe et al. [17] determined the type of coronary
artery using Graph Attention Networks. Hampe et al. [16] introduces graph neural networks as
a classification method after centerline point extraction, to separate the arteries from noise.

In this thesis, we bring new approaches to this task, by employing different methods from
the field of geometrical deep learning. In the field of geometrical deep learning, the non-
euclidean data relations are used to train models that can learn from these relations between
data points [5]. For this purpose, we developed a modified node pooling layer, based on Edge
Pool [8], called Cluster Pool. We use both Edge Pool and Cluster Pool to create a modified
Graph U-NET structure by Gao and Ji [15]. We have observed that our modification of Graph
U-NET vyields better F-scores for node predictions on our data set than the original method by
Gao and Ji [15]. The structure of the resulting trees is more suitable for manual error correction,
as removing redundant parts takes less effort for the expert than adding in missed segments.
Furthermore, the structure contains less irrelevant data, allowing for easier interpretation of
the data.

With our geometrical deep learning approach to coronary artery extraction, we make the
following contributions:

e We introduce Graph Neural Networks to the work by Wolterink et al. [49] to create a
new approach to a fully automated process [35], aimed to improve performance in terms
of sensitivity and overlap.

e We created a new node pooling layer, Cluster Pool, based on Edge Pool [8] that allows
the pooling of nodes using graph component analysis.

e We contribute a modified Graph U-NET [15] structure, called Graph U-NET II, with
our new layer making it more efficient at creating node representations for our node
classification task.

e We created an approach that works on a local level (node) to determine segments in
the artery tree. These segments are difficult to determine due to mistakes made by the
tracker, such as missing bifurcations or tracking beyond the end of an artery.

In our experiments, we have found that Graph U-NET Il achieves a sensitivity of 86.0 % and
an overlap of 87.0 % on the test set compared to the reference trees. We show that this is
competitive with state-of-the-art approaches and presents a substantial improvement in terms
of overlap.

For this thesis, the new operators were developed in Python. The source code is available at the
Github Repository (https://github.com/thijssnelleman/CoronaryArteryDetection).
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2 Background and Approach

Cardiovascular diseases are the leading cause of death globally, causing nearly 18 million deaths
each year [22]. Among these diseases is ischemic heart disease, which causes the heart muscles’
effectivity to be reduced as the coronary arteries supply the muscles with a lessened amount
of blood, due to coronary stenosis. Coronary stenosis, i.e. narrowing of the coronary arteries
due to the formation of an atherosclerotic plaque [26], presents a serious risk to the patient’s
wellbeing. At the stenosed coronary artery, there is a risk of full occlusion of the artery. Heavily
stenosed or occluded arteries may lead to myocardial infarction. Myocardial infarction is a
condition that may lead to acute death or heart failure [46]. Ischemic heart disease was the
number one cause of death in 2019, accounting for 13 % of deaths worldwide [21] [47].

In order to diagnose patients with these anomalies, experts typically use Coronary Computed
Tomography Angiography (CCTA) [38]. These scans use a contrast agent, injected into the
patient’s blood to make the coronary arteries visible during the scanning procedure. The
scan produces an analysis of the patient’s heart, by creating a three-dimensional image. This
procedure is timed with the patient’s heartbeat and breath, as this will otherwise cause motion
artifacts in the image. Both of these factors can introduce noise, causing the resulting data
to be subject to loss of quality in the representation of the patient's cardiovascular structure.
Thus a robust approach is required to deal with these challenges.

Using this information, experts attempt to determine the cause of a patient's symptoms and
determine a strategy to reduce the chance of occlusion of the coronary artery, to avoid my-
ocardial infarction and other possible complications. One solution, for example, is to place a
coronary stent during a percutaneous coronary intervention procedure. The stent is a small
metallic tube that aims to counteract stenosis by increasing blood flow in the artery. To de-
termine whether a patient must undergo coronary intervention, the expert analyses the CCTA
scan to estimate the extent and location of the coronary disease. This is a time-consuming
and costly process that reduces the amount of patients a trained clinician can assist. The
number of experts able to conduct such an analysis is limited and the quality of the analysis
is paramount to the patient’s wellbeing.

One notable possibility to increase both the throughput of experts as well as the quality of
analysis is to enable machine learning to assist them in their objectives. The first step toward
automating this process is to extract the coronary arteries from the 3D CCTA scan. This step
was approached in the work of Wolterink et al. [49]. When the coronary artery centerlines
are extracted, the resulting structure can then be easily represented in a three-dimensional
structure to an expert for analysis, thus avoiding the cumbersome search in CCTA scans for
the cardiovascular system. Furthermore, this structure can also be automatically analyzed for
anomalies which can then be presented to an expert for verification [45] [25].

2.1 Data

In this work we use data extracted from CCTA scans acquired by several scanners from various
companies. The general construct of acquiring these images is the same. Each patient is in-
jected with an iodine-based contrast agent in their bloodstream. This material is then exposed



Figure 1: Representation of the directional sphere used by Wolterink et al. [49]. On the left,
the distribution of directions is represented on a sphere. On the right, the distribution over the
directions is visualized. The darker section of the sphere represents the minimum requirement
of the 60° angle in order to be considered for the next step of the direction, to avoid the tracker
from going backwards. Image from Wolterink et al. [49].

to x-rays in the scanner, which causes a visual reaction. Afterward, a three-dimensional repre-
sentation is reconstructed. The presence of the iodine illuminates the blood, which allows for
visual identification of the patient’s coronary arteries in the CCTA scans. In our work, the first
step toward automating this identification process is to extract the scan sections representing
any kind of blood vessel.

2.2 Coronary Centerline Extraction

Wolterink et al. [49] describe a deep convolutional neural network model, trained towards
detecting and extracting patches of CT scans deemed relevant using the lumens’ intensity
of the contrast fluid. The task presented to the CNN was as follows: Given a 19 x 19 x 19
voxel input patch, determine the orientation and the radius of a coronary artery at the given
patch. Wolterink et al. [49] argue that although the increase of input size would yield more
information for the CNN to base its decisions on, this has a counterproductive effect due to
the increase of irrelevant input which makes the learning of descriptive representations harder.
By keeping the information more local, the model is thus able to generalize more to the task
at hand, instead of being misled by irrelevant data.

The possible directions of the artery are presented as a classification problem, rather than a
regression over angles, to allow for multiple directions to be yielded. A regression in multiple
angles would be problematic, as centerline points vary in the amount of directions to be
regressed. To transform this problem from regression into classification, a subset of all possible
directions is represented as classes distributed over a sphere. The direction with the highest
value in the probability distribution over the sphere is selected as a continuation for the tracker.
To avoid the tracker moving backward through the blood vessel, only directions with an angle
less than 60° are considered. The directional sphere is visualized in Figure 1. The last output
node yields a regression value, which represents the vessel's radius at the given point.

To ensure generalization to the task as well as robustness in the model, Wolterink et al.
[49] explicitly produce translated training samples, where the authors adjusted the coordinates
outside of the labeled reference trees, as to demonstrate negative samples. This is to give the
model the opportunity to see a situation where it is “off track” from the arteries. An example
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(a) Without off-centerline training (b) With off-centerline training

Figure 2: Two results of centerline extractions. On the left, we see the result of a model that
has not been trained with off-sample examples. On the right, is the result of a model that has
been supplied with randomly translated samples. Image from Wolterink et al. [49].

demonstrating the necessity of these translated samples can be seen in Figure 2.

The CNN tracker requires seed points, or starting points, in the CCTA scan to initialize the
tracking. In order to fully automate this process, the paper suggests using another CNN model
with a likewise architecture that extracts seed points from the CCTA scan. Although the
paper ranks third in publicly evaluated methods, only being outperformed by Friman et al.
[14] and Schaap et al. [36] in terms of overlap and accuracy in the MICCAI Coronary Artery
Challenge (CATO08), this can be a completely independent and automatic process, whereas the
two previously mentioned papers require both start and end points of coronary arteries to be
indicated manually. This makes it an important stepping stone toward completely automatic
extraction of the complete coronary artery tree from CCTA data using convolutional neural
networks.

Wolterink et al. [49] present their results with leave-one-patient-out cross-validation. Per pa-
tient, they have used experts’ opinions on the image quality as well as the calcium score to
outline two impactful biases to the quality of the model. The calcium score indicates the
medical condition of the patients and the increase will result in less visible or harder to track
arteries. The calcium causes plaque on the artery wall, thus narrowing the vessel and decreas-
ing blood flow and a lower lumens intensity. The results are evaluated in four metrics, of which
total overlap with the reference data is most relevant. The results on the CAT08 test-set show
quite varying results, although there is a correlation between the image quality and/or calcium
score and the resulting metrics. The CNN model achieves on average a total overlap (OV)
of 93.7 %. This indicates that the model makes precise predictions, e.g. generates few false
positives. The clinically relevant overlap (OT) is higher, yielding 97.0 %. The metrics are fully
defined by Schaap et al. [35].

They trained and verified the quality of their work on various CCTA data sets, both public
and private, such as the CAT08 from Schaap et al. [35] and an internal data set, consisting
of 50 CCTA scans acquired at the University Medical Center of Utrecht. In the latter data
set, an expert manually indicated for each scan markers along the visible main arteries and
side branches of coronary arteries, separated by approximately 10mm. The markers include a
measurement of the radius of the vessel which varied from 0.45mm to 3.51mm.
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Figure 3: A flow chart of the proposed solution to the problem. The CCTA is used as input
for three separate CNNs, the outputs of two are used as input for the third [49]. Then, the
produced centerlines are processed using a set of rules [17]. This serves as the input for our
model, which will detect which piece of data is part of the cardiovascular system, thus producing
the reconstruction of the coronary artery tree.

2.3 Coronary Artery Centerline Tree Construction

The data yielded by the CNN model from Wolterink et al. [49] contains a vast proportion of
noise, as per design. In general, about 87 % of extracted centerline points are not related to
the coronary arteries. This is due to two main factors. First of all, the model sensitivity for
our data set has been increased to minimize the loss of coronary artery data. In contrast to
the work of Wolterink et al. [49], we use 400 seed points to start tracking instead of 200.
Furthermore, seed points have an increased minimum distance of 3mm instead of 1mm, to
reduce the number of redundant seed points. This effectively also leads to more seed points.
This is to increase the sensitivity of the output when compared to the expert reference labeling;
By increasing the number of relevant seed points, we look to extract as much of the reference
tree as possible, at the cost of extracting a substantial amount of false negative centerline
points in the process. Thus a certain amount of present noise can be interpreted as inevitable.

Secondly, the model has no understanding of the geometrical graph structure that the arteries
represent, which leads to the absence of global features of the arteries, such as orientation,
geometry, and their positioning in the tree. Arteries always form a graph tree structure, where
blood will flow from the aorta around the heart. We can use the centerline points to reconstruct
these, where each point will be presented as a node, and the edges indicate whether two patches
are in a sequence in the same vessel. Since the method by Wolterink et al. [49] already extracts
entire centerlines, it is rather straightforward to create a graph component from a centerline. In
order to combine centerlines that are connected through a bifurcation, the overlap of the two
centerlines was measured and combined to form one graph, where each node is unique [17].

2.4 Proposed Solution

In Figure 3 the full pipeline of our method is shown. First, three CNNs from Wolterink et al. [49]
are used to generate the centerlines. Afterward, they are combined into a, possibly disjointed,
graph [17]. Then the work from this thesis is used to filter out any noise, to create the graph
representing the coronary arteries. This pipeline turns the work from Wolterink et al. [49] into
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a new fully automated method, requiring no human intervention, that aims to reduce the
number of false positives.

The data set that was extracted for our method, was acquired by executing the pipeline from
Figure 3 up to the "Disjointed graph from combined centerlines” step. These graphs are
compared against the reference trees annotated by experts, using the definitions from Schaap
et al. [35], to determine the ground truth labels for the training of models in this thesis.
Nodes, or centerline points, that are within the artery radius of a node in the reference tree
are marked as true, otherwise false. We recorded a sensitivity of 91.2 % on the reference tree
and an overlap score of 95.4 % with the reference tree on the acquired data set. Since our
method does not take in any information except for this data set, as we can see in Figure 3
for example the CCTA scan does not serve as an input to our model, the sensitivity score will
serve as an upper limit for our model. This is because we do not acquire any new data points
in this step, but only filter false positives from the tree.

11



3 Related Work

First, we will look into other works that aim to solve similar problems with machine learning
on coronary artery data. Secondly, we will review works within the field of geometrical deep
learning, to explore applications of graph-structured data. Finally, we will look into the field of
hyperparameter optimization that automatically optimizes hyperparameters and architectures
of models and algorithms.

3.1 Structural Anatomy Classification

In this section, we will review two papers related to coronary artery extraction and classification.
First, we will look at the work of Salahuddin et al. [34], where the authors present the state-
of-the-art methods for automatic coronary centerline extraction. Secondly, we will review the
paper by Hampe et al. [17], where they present graph attention networks (GAT) for coronary
artery classification.

3.1.1 3D Convolutional Neural Networks for Automatic Coronary Centerline
Extraction

Salahuddin et al. [34] proposed AuCoTrack, a three-phased pipeline to automatically extract
the coronary arteries from CCTA scans. The three phases, or modules, are compromised of the
following steps: First, the authors employ two 3D convolutional neural networks (CNN), named
Direction and Bifurcation Classification Network (DBC-Net) and Stop Patch Classification
Network (STC-Net), to extract the patches in the CCTA that contain parts of the coronary
arteries. This is used for the third phase, called tracker, to extract the centerlines of the arteries.
The tracker is initialized at the two Ostia of the aorta, which are also obtained automatically,
thus creating a fully automated extraction method. This thesis most closely relates to the
STC-Net, since in our work we aim to determine whether a patch is deemed to be containing
the coronary artery. The approach in this thesis is distinctive from theirs due to the usage of
geometrical deep learning, since we aim to leverage the geometrical structure of the arteries,
whereas they apply another CNN to a local patch using only local features. Later on in this
thesis, we will compare our results to theirs.

The first question that comes to mind when reviewing their phases is why the authors decided
to create two separate tracking CNNs: One for bifurcation and direction prediction (DBC-
NET), and one to determine whether the patch is part of the arteries at all (STC-NET). The
input to both networks is the same (image patch), yet one outputs two values, the direction
classification and bifurcation probability, and the other only the artery probability. This could
be due to the labeling of centerline points that do not belong to the coronary arteries, as it
could be problematic that they do not have any direction nor bifurcation labels.

Another question of interest is that of automatic Ostia detection, as it is the main contributing
factor by Salahuddin et al. [34] to differentiate between a semi-automatic and automatic
method [35]. Salahuddin et al. [34] refer to this as “Model-Based Segmentation” method
described by Ecabert et al. [11]. Ecabert et al. [11] propose a method to automatically fully
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segment the heart, consisting of the four chambers, the myocardium, and the great vessels [31].
In our work, based on Wolterink et al. [49], we apply separate CNNs to indicate possible seed
points for the network, as shown in Figure 3. They aim to only extract two seed points (Ostia),
to track and detect bifurcations from there, whereas our method does not detect bifurcations
but instead looks for multiple seeds and merges the structure into a tree afterward. Our method
has a clear advantage with the increased amount of seed points in terms of sensitivity but does
yield a significant amount of false positives thus decreasing the overlap with the reference tree.

The STC-Net from Salahuddin et al. [34] is aimed to detect the end of an artery, which can be
fairly ambiguous [34]. The ambiguity does not only spring from inter-rater variability, as experts
may judge differently from one another, but also local centerline points may suffer different
degrees of calcification in patient's arteries and thus feign the end of an artery. Where our
work goes beyond theirs is the impact of severely calcified or stenosed arteries on the tracking
method. A heavily calcified or stenosed artery may feign the end of an artery. To overcome
this, we propose in Section 2.3 to substantially increase the number of seed points and that
can yield a disjointed graph. A disjointed segment that is still considered part of the coronary
arteries can not be detected in the work of Salahuddin et al. [34], while possible with our
method.

3.1.2 Graph Attention Networks for Segment Labeling in Coronary Artery
Trees

Hampe et al. [17] presented a Graph Attention Network to determine the anatomical labels
of the coronary arteries [31]. They use the semi-automatically extracted trees from CCTA
scans based on the work ofWolterink et al. [49]. The derived graph is reduced in terms of
nodes by aggregating linear node segments in the tree to become one node. This leads to a
simplified representation of the tree structure. This makes sense since the labeling task between
bifurcations can not differ due to the definition in the anatomical reference standard [31].
Finally, the graph is translated into a line graph G = (V,£) s.t. the edges £ in the original
graph became the new nodes ) to create a node labeling task.

A graph neural network is applied for the classification task, using a special type of graph
convolution called Graph Attention Networks [44]. This network employs attention layers for
nodes, to determine given a node V;, the relevance of a node V;'s features toward node Vi if
V; and V; are in each others neighborhood. They achieve an average F;-score of 92.4 % over
all segments and patients. Although the task is significantly different from this work, binary
classification versus multi-class for example, the data, and its relations are the same but the
labels are different. The authors show that the anatomical structure can be leveraged by a
graph neural network to represent the internal relations of the coronary arteries, which is the
shared objective between our work and theirs.

3.2 Geometrical Deep Learning

In order to leverage the graph structure to create a representation of a node and its neighbor-
hood, we will use Graph Convolutions [6] and have seen the application of Graph Attention
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Layers [44] in this domain [17]. In this section, we explore related methods that use the tree-like
graph structure our data set represents.

3.2.1 Directed Acyclic Graph Neural Networks

Thost and Chen [43] presents a Message Passing layer for directed acyclic graphs. Message
passing in Graph Neural Networks entails the concept of updating a node’s features n; based
on its neighborhood’s features. Thost and Chen [43] suggests an alternative method to pass
this information by leveraging the partial order that directed acyclic graphs represent compared
to regular graphs, thus making not all neighbors equal.

In regular message passing, all nodes are processed in parallel, e.g. the graph representation
at G, is used to create the next graph iteration G;., for every node in the graph. This means
that each node uses the nodes from the previous iteration to create the next. In directed
acyclic graph neural networks (DAGNN), the authors use the partial order of the graph to
propagate information through the graph. This partial order yields a sequence of updates so
that the impact of each node’s neighborhood on the node itself can be determined using
the updated neighborhood in the graph G, instead of G;. This brings the advantage that a
node's representation is updated with the most recent information. The sequential manner of
their work is both an advantage and a disadvantage, whereas the computational speed is at a
disadvantage. The approach does not allow for complete parallel computation, as we cannot
calculate the features of a current node and a succeeding node at the same time.

Coronary arteries create an acyclic graph where a direction can be synthesized: The flow of
blood with Ostia as roots is the most straightforward interpretation. However, it is not a
completely logical interpretation when reviewing it as a node's neighborhood, as its prede-
cessors describe a node's locality just as much as its successors. This creates a bi-directional
interpretation of the graph. To make use of this, the authors suggest alternating the directed
graph representation G to an inverted graph G where each edge has been reversed. This work
could be relevant to ours due to this shared underlying graph and the possibility of alternating
the direction of the graph. The depth of our graphs could reduce the propagation of infor-
mation between roots and leaves, which could have a possible negative impact as this could
produce less informative node representations. Furthermore, the gaps in our graph produced
by the tracker can severely prohibit the propagation of information, as this yields many small
segments with their own roots.

3.2.2 Edge Contraction Pooling for Graph Neural Networks

Diehl [8] presents a pooling layer to pool nodes by singular edge relations. This was originally
proposed in Diehl et al. [9]. It aims to enable GNNs to generalize over simplified graph rep-
resentations by reducing certain node clusters to singular nodes, to improve performance on
classification tasks using graph or node representations. The general idea behind this is that
graphs can contain closely related node clusters that yield a better graph representation when
combined.

To determine which edges in a graph should be contracted, they calculate an edge score based
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on the features of the two participating nodes. The highest scoring edges are contracted until
half of the nodes have been clustered. Each cluster can only contain two nodes at maximum.
When nodes are clustered, the cluster features are calculated as an addition of the nodes’
features with the edge score as a factor. Later on, when nodes are unpooled, this factor
is reverted. The operator can be injected into existing frameworks. The authors show their
results in comparison of with and without this operator and show a significant increase on the
Cora [29], CiteSeer [40] and other benchmarks for five different architectures.

Since our graphs have many node sequences that can be reduced for better interpretation, the
method by Diehl [8] is very applicable to this work. Not only does it yield better graph and node
representations, but it also allows to revert a pooling step, later on, thus making it available for
node classification tasks. The learned grouping, or clustering, of nodes, is particularly sensible
for our task, as the node sequences have hidden segments produced by the tracker, such as a
wrongly tracked artery or tracking beyond the end of an artery. Later on, we will explore the
limitation of the two-node maximum for clusters.

3.3 Hyperparameter Optimization

Hyperparameters control the learning procedure and the architecture of the model. A human/expert-
based approach, or manual search, to discovering the right hyperparameters for a method
tends to have some form of grid search which has been shown to perform worse than random
search [3]. The field of automated hyperparameter optimization aims to reduce the workload

of experts and yield better algorithm configurations.

Differential Evolution Hyperband Awad et al. [1] present Differential Evolution Hy-
perband, an HPO method. DEHB is a successor to Bayesian Optimization Hyperband [12].
Awad et al. [1] show that DEHB achieves a stronger and more robust final performance, es-
pecially for more high-dimensional problems. The latter is important, as the hyperparameters
of state-of-the-art algorithms are many, creating high-dimensional search spaces.

The method is built of two parts: Differential Evolution, a population-based evolutionary algo-
rithm, and Hyperband, a successive halving strategy that distributes its bets over the population
with increasingly higher budgets. The Differential Evolution generates a population of hyper-
parameter configurations and uses mutation, crossover, and selection operators to create new
generations. To produce a new generation, for each specimen a mutation with a difference
vector is generated with three random parents. Selection is based on an objective function
and performed by successive halving. An important modification the authors made is that the
mutation step does not select from the population but a separate parent pool.

In the work of Awad et al. [1], the authors show the performance of the algorithm on Re-
inforcement Learning methods such as Proximal Policy Optimization [39] on the Cart Pole
environment as well as on Neural Architecture Search benchmarks [50] and Hyperparameter
Optimization benchmarks.

This method not only offers more robust results than its predecessor but also a great speedup
in wall-clock time. It is also a model-free optimization method, as no probabilistic modeling
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is done to determine the next generation of the population. This reduces latency between
generations. As the models we aim to use can be rather expensive due to their number of
parameters and complex layers, this method offers an alternative to manual search. Not only
can it reduce the workload of the expert, but also better hyperparameters. The exploration of
the hyperparameter space conducted by the algorithm can then be used as an argument of its
relative quality: The more attempts the method has had to review the search space the better
the argument is that the found hyperparameters are near optimal.
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4 Methods

In this section, we will describe the methods and algorithms we will use to train our models.
In Section 4.1, we will look into the training techniques in general for the models, such as
the loss function and regularization methods. In Section 4.2 we look into two methods that
will serve as graph agnostic baseline methods. In Section 4.3 we describe various operators
and introduce new operators from the geometrical deep learning domain. In Section 4.4 we
describe the architectures of our models based on the operators described in Section 4.3.

4.1 Method Training Techniques

In this section, we will describe training techniques for our models. Section 4.1.1 describes the
loss function and optimizer for our neural networks. Section 4.1.2 describes the regularization
techniques we will use to prevent overfitting on the training set for our neural networks. In
Section 4.1.3 we describe our approach to determine the optimal threshold for a model.

4.1.1 Loss and Optimization

Loss functions evaluate how well an algorithm performs on a given data set. In this thesis, we
measure binary cross-entropy loss [51] to calculate the loss between the prediction and the
ground truth distribution. The formula is shown in Equation 1.

1

N
LBCE - _N ' Z |:yn ' logyn + (1 - gn) : 10g(1 - gn) (1)

n=1

In Equation 1 y, denotes the class label for item n, ¢, the predicted label for item n. To
reduce the impact of the extreme class imbalance, we have weighted the loss in favor of the
positive class with a factor 4 which was selected through manual optimization from the range
of [1, 8] determined from Table 3 based on the class imbalance.

For all neural networks, we employ the Adam optimizer from Kingma and Ba [23], selected
for its known speed, general quality, and robustness. The Adam optimizer is an extension of
stochastic gradient descent that combines the advantages of AdaGrad [10] and RMSProp [33].

4.1.2 Dropout and Weight Decay

To prevent overfitting and thus improve the generalization of our models, we use dropout and
a form of L2 regularization, also known as weight decay [24] [42]. Dropout refers to ignoring,
or “dropping out”, certain neurons in a network with a probability p. This is to reduce the
inter-dependence of neurons in a network, to counter overfitting. In weight decay, a penalty is
calculated for the weights and added to the loss function. This is to penalize the size of the
weights in a network and is calculated as W, = X - Y7 w?, where X is the factor determining
the impact of the weights on the loss.
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4.1.3 Precision-Recall Curve

It is important to determine the right threshold to use for our model's output probabilities,
as this can have a major impact on the performance of our model. The precision-recall curve
describes, given a ground truth and a set of corresponding probabilities, the impact of shifting
a threshold on the precision and recall metric. When visualized, it illustrates the trade-off
between these two metrics. We calculate the precision-recall curve over the positive class since
we optimize on the positive class Fi-score. We then calculate the Fi-score of every precision
and recall combination as Equation 5 and determine the highest Fi-score. The threshold
corresponding to this F-score is then selected as the optimal threshold. We determine this
value on the validation set, and not on the training set, to avoid overfitting.

4.2 Baselines

As baseline methods for our task, we will use graph-agnostic methods, e.g. methods that
only take in single nodes and their labels to train. This is to show the effectiveness of the
nodes’ features and demonstrate the impact of the use of the edges of the graph later on. We
have selected two baseline methods, XGBoost for its widely known capabilities and Multi-layer
Perceptron as a neural network baseline. The motivation for these baselines are described in
detail in their corresponding sections.

4.2.1 XGBoost Classifier

In 2016 XGBoost was presented by Chen and Guestrin [7]. The XGBoost classifier is a gradient
boosted ensemble tree method, that creates multiple decision trees during training time, and
the final prediction is the sum of probabilities over all the trees. The decision trees are evaluated
such that a new tree in the forest reduces the loss when combined with the previous tree. Thus,
the method is able to learn from its previous mistakes. The loss between these steps is reduced
by using gradient boosting [13]. To improve upon this existing method, Chen and Guestrin
[7] present Extreme Gradient Boosting, which employs more advanced techniques to allow the
model to fit better to the data, such as second partial derivatives and regularization.

We have opted to use this method because of its widely known capabilities in many practi-
cal problems [2], including the competition website Kaggle, where in 2015 out of 29 winning
solutions 17 of these used XGBoost [7]. Furthermore, its short training time and few hyper-
parameters to optimize make it an easily applicable method.

4.2.2 Multilayer Perceptron

The multilayer perceptron (MLP), also known as a fully connected neural network, is the stan-
dard and most widely known type of artificial neural networks [27]. MLPs are fully connected
neural networks with one or more hidden layers and use a non-linear activation function in
their neurons. MLPs are able to model non-linearly separable data. We use MLPs as a baseline
to show the impact of the more complex neural networks later on.
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Activation Functions As our activation functions in the hidden layers of any neural network
we selected the Rectified Linear Unit, or ReLU [28] which is defined as f(x) = max(0, x).
This activation function has been shown to be a very effective activation function in deep
learning [37]. ReLU does not cause any gradient problems as its classical counterpart the
sigmoid activation function when x > 0. The sigmoid activation function runs into disappearing
gradients as the function saturates at zero and one for high negative and positive values,
respectively. The ReLU activation function is also very computationally efficient, as it takes
only one comparison to calculate the result.

The sigmoid activation function is used in our model as the output layer's activation function,
as we use a single output node for binary classification [30]. The sigmoid activation function

is defined as f(z) = p—
e x

4.3 Graph Neural Network operators

In graph neural networks, the aim is to leverage the graph structure to better represent the
nodes or the graph itself. We make use of a message-passing framework to do so. In short, this
means that a node’s representation is an aggregation of the combination of its neighborhood's
features. When applied sequentially it allows the features of one node to flow into and beyond
its own neighborhood, thus passing on its information around the graph. Note that a node’s
neighborhood is unordered: It is thus important to define a permutation invariant aggregation
function when combining a node’s features with its neighborhood.

In this section, we will first describe graph convolutions. Then we will describe two pooling
operators that allow the reduction of the size of the graph. Graph convolutions enable the
network to have a receptive field. Pooling operators aim to reduce the size of the graph,
thus making the receptive field much larger. Finally, we will describe three architectures that
combine these methods together to create five types of models.

4.3.1 Convolutional Layers

We use the graph convolutional layers from Bruna et al. [6] to share the node information
with its neighborhood. The graph convolutions by Bruna et al. [6] are a special case in the
message-passing framework, namely, graph attention networks [4]. In message-passing, nodes
send “messages” containing their features to their neighbors. Then, each node combines its
features with the information received from its neighbors through a permutation invariant
aggregation function. The messages of the connected nodes are then fed to a linear layer to
create a learned representation of a node’s neighborhood.

Each convolutional layer in a network thus allows node information to travel “one hop": Each
node shares its features with its neighborhood, and if applied sequentially, each step in the
sequence allows the information to travel one neighborhood further. However, in our case,
we have a very sparse adjacency matrix, as shown in Table 3, thus allowing information in
the graph to travel to many neighborhoods beyond its own would require many convolutional
layers. For example, the maximum segment length, a linear sequence of nodes, in Table 3 is
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192 nodes. This means that, if the first and last node in this segment were to directly exchange
information through convolutions, we would require 192 convolutional layers.

4.3.2 Graph Pooling Operators

Node pooling operators allow graph neural networks to reduce the number of nodes in the
graph to create a more global representation of the graph. In our work, we selected the Edge
Pooling operator because it learns which nodes to pool together based on the node features.
Furthermore, it has a reverting pooling operator, which is a soft requirement when dealing
with our node labeling task.

In theory, we could proceed with the task on a reduced graph, however, the more the variance
of labels within a cluster, the less well we are able to perform the task in these clusters.
By unpooling the graph, and returning to the original structure of the input, the nodes are
separated and can be individually classified by the model, solving this limitation. An illustration
of this can be seen in the appendix, in Figure 22.

Edge Pooling To determine which nodes are to be pooled together in a graph, the Edge
Pooling operator assigns a score to each edge using the formula in Equation 2 [8]. Based on this
edge score, a selection procedure is executed to determine which edges are to be contracted.

s(e;;) = softmax(Fj)i +0.5, 7= | o(vkllv)) (2)
keN;

In Equation 2, a score s(e;;) is defined over an edge e;; using function s(e;;). We create a
vector 7; for node j by concatenating the output of network ¢ for all other incoming edges
k € Nj in the neighbourhood N; of node j [4]. In Equation 2 ¢ is a learned function that
defines a score given the concatenated input features of two nodes vy||v;. The softmax function
is applied to vector 7; and the edge corresponding to node i is selected. Thus we have applied
a node-local softmax for edge ¢;; based on node j. Finally, 0.5 is added to all scores to avoid
a division by zero issue later on. Furthermore, the authors state that this addition helps with
the backpropagation in their work [8].

Using the input graph as G = {V, £}, we calculate the edge score s(e;;) for every edge e;; in £.
The aim here is to, based on these scores, reduce the number of nodes by 50 % by placing them
in clusters together. This results in a fixed proportion, in contrast to other pooling operators
such as Top-k pooling [15]. As we give preference to higher scoring edges, the scores are first
sorted from high to low. Then, we loop through the scores. An edge is contracted if neither
of the participating nodes is already in a cluster and the number of nodes pooled is less than
half. This is an important rule in Edge Pool: No cluster can contain more than two nodes in
a layer. We then pool the clusters into nodes by using Equation 3.

CF(eij) = s(eiy) - (vi +v;), v =v; = CF(ey)/s(ei) (3)

In Equation 3, we define the calculation of a cluster’s features CF(e;;) over an edge e;;, as
each cluster can only contain two nodes. The new node's features, which are formed from the
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cluster, are defined by adding the node feature vectors v; and v; together element-wise and
multiplying them by their edge score s(e;;). To revert this clustering step, or unpooling, we
define in Equation 3 a second equation. There, we state that to recreate node features of v;
and v;, we take the new node’s features C'F'(e;;) and divide them by the original edge score
s(e;;). Note that this operator makes the two nodes v;, v; indistinguishable from one another.
Furthermore, it is this division operator that must refrain from using any edge score equal to
zero.

In the construct Edge Pool, each cluster of nodes can only contain 2 nodes. This limitation
may not be a logical choice for our problem, since the segments we wish to detect in our graphs
may be longer than two nodes. Thus we developed a modification to this pooling operator,
called Cluster Pool which is one of the contributions of this thesis.

Cluster Pooling The cluster pooling method eliminates the premise of edge pooling where
an edge can only be contracted if both of the participating nodes are not already in a cluster.
This is desirable for our task, as we aim to pool longer segments of the graph together that
are strongly related. This leads to a few alterations in the process.

We calculate the edge scores as before using Equation 2. We select the top quantile of ¢ edges
E" C & that corresponds to half the nodes |E’'| = |V|/2. These selected edges create a new
subgraph G’ = {V,&’}. Since this new subgraph only has the edges we want to contract,
we can detect the graph components to determine the clusters [19], denoted here as Graph
Component Detection or GCD for short. This algorithm’s complexity is linear in the number of
nodes, O(|V]). We calculate the components ¢ of the new subgraph G’ using this algorithm,
where clusters are defined as a set of edges £, C &',

To calculate the cluster’s features, we make an adaption for multiple edges in Equation 4.

CF(E) = sley) - (vi+vy) (4)

eijché

In Equation 4, we define the features of a cluster £, as a summation over the edges in the
subset ¢;; € £.. For each edge, we multiply its edge score with the element-wise addition node
features v;, v;. This construct is based upon the fact that, if each cluster &, consists of only one
edge, the edge pool operator is executed. The entire process is summarized in Algorithm 1.
The unpooling operator in the cluster pooling operator is simplified in comparison to edge
pool, as we assign each participating node the cluster's features as v; = v; = CF(&)).

4.4 Graph Neural Network Architectures

In this section, we will discuss the various proposed architectures that we have constructed
using the techniques described in Section 4.3.
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Algorithm 1 Cluster Pooling Algorithm

Require: V: set of Nodes, &£: set of Edges, s: function of Equation 2

S ={s(e):Vee &}

q = topQuantile(S, |V|/2)
={e:Vee & s(e) > q}

Clusters = GCD(V, ")

Veusters = {CF(E) : VE! € Clusters}
={v:Vv e V,v ¢ Clusters}

Vout =V'U Vclusters

Sout =¢£ \ &

return Vyue, Eout

> Graph Component Detection [19]
> Eq. 4
> Update the graph nodes

Input

(a) An illustration of the Graph Convolutional
Neural Network architecture. Here, GCN denotes
a graph convolutional layer, and FN denotes a fully
connected layer. Skip connections are shown with
dotted lines.

Input

-::Label"_:-

(b) An illustration of the Graph Convolutional
Pooling Neural Network. GCN denotes graph con-
volutional layer, Pool denotes either an Edge Pool
or Cluster Pool layer, Unpool denotes the rever-
sal of a pooling operator and FN denotes a fully
connected layer. Skip connections are shown with
dotted lines.

Figure 4: Two of the architectures constructed from our operators. In Figure 4a we see an
architecture with convolutional layers and fully connected layers. In Figure 4b we see an archi-
tecture employing pooling operators as well. Both architectures include skip connections with

dotted lines.



4.4.1 Graph Convolutional Neural Networks

We use the graph convolutional layers to create a Graph Convolutional Neural Network for
our experiments. The architecture consists of four convolutional layers followed by two fully
connected layers. This creates a neighborhood of four hops, entailing that each node can
gather information from up to four hops away. Furthermore, we also created skip connections
to concatenate each layer's output to the input. The architecture is illustrated in Figure 4a.

4.4.2 Graph Convolutional Pooling Networks

We use the graph convolutional layers and the pooling operators to create Graph Convolutional
Pooling neural networks for our experiments. Using these layers, we created an architecture
consisting of a convolutional layer, followed by three pooling layers, followed by three convo-
lutional layers. Afterward, the three pooling steps are reversed and two fully connected layers
are applied. There is a skip connection from the input two the fully connected layer, as well as
two skip connections from the third pooling layer to the third and fourth convolutional layer.
The architecture is illustrated in Figure 4b.

4.4.3 Graph U-NET 11

Gao and Ji [15] present a geometric deep learning variant of U-NET [32]. U-NETs have
shown to be a very effective architecture for medical imaging data [41]. U-NETs employ an
encoder-decoder architecture, where the data is first downsampled to a more global structure,
and afterward upsampled to allow the global structure to flow into the local structure. A
distinctive element of U-NET's are the skip connections: After each up-sampling step, the
original information present before the downsampling is concatenated to the output. This yields
for each local element both a local and global representation of the element. The advantage
of these dual representations caused by the skip connections is that each element now both
describes itself and its position in the global structure thus making it easier to distinguish
compared to taking only either representation. In the paper by Gao and Ji [15], the authors
describe a graph-based variant, that allows up- and downsampling of graphs in terms of nodes
and edges. They make use of a modified graph convolution layer inspired by Bruna et al. [6]
and a new graph pooling layer, gPool, to represent the operations in the original U-NET. In
each layer of the architecture, a convolutional layer is applied followed by a pooling layer. This
is the downsampling phase, to create a more global structure of the graph. Afterward, the
graph is upsampled by using unpooling operations and convolutional layers in between. The
upsampling reconstructs the graph to its original size, and by using the skip connections, each
node has both a global and a local representation.
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Figure 5: An illustration of Graph U-NET II. Here we show an architecture of depth 2, but
this can be generalized to any depth. The GCN squares indicate convolutional layers, the Pool
hexagons indicate pooling layers using either Edge Pool or Cluster Pool. The Unpool layers use
information from the pooling layers indicated by the dashed line. The dotted lines indicate skip
connections, which are applied from the convolutional layer before a pooling step and after the
corresponding unpooling step. The input is skipped to the final layer as well.

The gPool operator adaptively selects a proportion of nodes from the graph to form a sub-
graph as top-k node selection. They show that their method exceeds state of the art on node
classification benchmarks such as Cora [29], Citeseer, and Pubmed [40]. Even though their
results show the architecture is able to outperform the state of the art on benchmark data sets,
in our preliminary results we found the Top-K Pooling method [15] to be unsuitable for our
problem. This could be explained due to the fact that it only removes certain nodes, but does
not propagate information from or to these removed nodes. Thus, we opted to replace it with
the previously described pooling layers, Edge Pool and Cluster Pool. Furthermore, we have
added skip connections between each layer, to preserve the learned representations in different
sampling steps. We have found the original node features quite descriptive when manually
reviewing the data set, such as their coordinates, and thus opted to concatenate the input
features to the output of the first convolutional layer, to maintain this information. Finally,
for simplicity, we used the original convolutional layer from Bruna et al. [6]. This yields our
modified Graph U-NET Il architecture which is shown in Figure 5.
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5 Experimental Setup

In this section, we will describe the methods we use to evaluate our models. In Section 5.1
we will discuss the metrics used in our experiments to measure the quality of the models. In
Section 5.2 we describe the training and validation setup we use to determine the performance
of each method.

5.1 Metrics

We evaluate each model using the Fi-score on the positive class, due to the high-class imbal-
ance as demonstrated in Table 3. The F;-score and its components are calculated using the
formulas of Equation 5.

p-r TP TP

F:2' = - - _
! v+ PT1PyFEP " T TPYFEN

(5)

In Equation 5, p and 7 are the precision and recall, respectively, and TP, FFP, and FN
stand for True Positive, False Positive, and False Negative, respectively, entailing the outcome
of prediction compared to the ground truth. We also present the precision-recall curve, to
demonstrate the impact of the threshold that is used to transform the probabilities into binary
classes. An important advantage of the precision-recall curve (PR curve) is that it is not
affected by the class imbalance, as neither precision nor recall takes into account the True
Negatives which would be over-represented in our case.

Neighbourhood Probability Difference We also measure the difference in probabilities
between neighboring nodes. This is to indicate how smooth the predictions change over the
nodes in the graph and to demonstrate the impact of the neighborhood on the representation
of the nodes. This is calculated over each edge, by &; = |p; — p;| where p; and p; are the
probabilities of nodes 7, j involved in edge &;;. We only consider edges that are part of a
graph component where at least one node either has a ground truth label as true or one
node is predicted as true. These components are considered difficult and are thus important
to show the impact of the neighborhood on its representation, as local features will likely not
be sufficient on their own. Furthermore, as the negative labels are overrepresented in our data
set, these would reduce the variance artificially as many negative labels are relatively easy to
detect.

Reference Tree Metrics In order to compare our results against the state of the art,
we require methods to compare the output trees from our models to the reference trees. In
contrast, the previously discussed metrics are measured in quality on the data set that was
generated as output from Wolterink et al. [49], as described in Section 2.4, to measure the
performance of the geometrical deep learning methods. These metrics will serve to directly
compare against the reference trees, to demonstrate the performance of the entire pipeline.
From the work of Schaap et al. [35], we take two well-known metrics in the field of coronary
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artery extraction. We use the sensitivity metric to determine how much of the reference artery
tree has been extracted. As a second metric, we take overlap, to determine how well the
predicted tree and the reference tree overlap. In these metrics we use the following terms:
T PM, the true positives in the predicted trees, T'PR the true positives in the reference trees,
F'P the false positives in the predicted trees, and F'N, the false negatives in the reference
trees.

TPR

TPR+FN 13%]
Overlap The measurement overlap between the reference tree and the predicted tree. This

differs from the Fi-score as it takes in both the positives and negatives on the reference trees
TPR+TPM 135]

TPM+TPR+FN+FP

Sensitivity The sensitivity is calculated over the reference tree as:

as well as the predicted trees. This is calculated as

5.2 Training and Validation

k-fold cross validation To validate each method, we use k-fold cross-validation. We
partition the training set in k sections, where in k folds each section serves once as the
validation set. This validation set is used to validate the model's performance as well as to
determine the threshold that leads to an optimal Fi-score by calculating the precision-recall
curve. At the end of each fold, the model parameters are restored to the epoch, e.g. iteration
step, with the highest F;-score on the validation set. Followingly, this model is tested on the
test set thus generating k evaluations on the test set. We present the mean and standard
deviation of the scores as the model’s performance on the task, to demonstrate the model's
average performance and the variation between the folds.

Model Ensembling k-fold cross validation yields ten models and thus ten labels on the
test set. However, to enable the application of our method and to evaluate the metrics of
Section 5.1 we require one set of labels to compare e.g. one model. Therefore we will use the
ensemble of models to produce one classification of the test set. We will consider the sum
of votes for both classes, and select the majority vote as the final label. This is because we
want to preserve the threshold that has been determined for each model, whereas averaging
the probabilities would also require the averaging of thresholds. In case of a tie, we select the
positive class, as we are interested in keeping as much of the positive class as possible.
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6 Experiments

In this section, we will evaluate the results produced by the methods described in Section 4.
We evaluate each method with 10-fold cross-validation. A proprietary data set of 200 patients
were made available for this thesis. The data was annotated by experts from the Amsterdam
Medical Center but remains private as the data is not owned by the Amsterdam Medical
Center. Of these 200 patients, 50 were randomly selected for the test set. The remaining
150 patients are used for cross-validation. Information on the distributions of patients can be
found in the appendix, in Table 3. In Section 6.1 and Section 6.2 we compare the results to
the ground truth on the output trees from Wolterink et al. [49]. In Section 6.3, we compare
these results and evaluate the best output to the original reference trees.

It would be more cumbersome for experts to manually add arteries that are missing in the
output trees than to remove them, and as our work looks to relieve experts we will evaluate
the performance of our methods using two Fi-scores. First, we will look at the achieved Fi-
score. Secondly, we will also measure the Fi-score at 95.0 % recall. This latter score is an
indication of clinical relevance for experts: We aim to extract as many of the coronary arteries
from the graph, and experts can not make a proper analysis if too few of the arteries remain in
our representation resulting in a counterproductive approach. The threshold of 95.0 % recall
has been agreed upon by domain experts from the Amsterdam Medical Center.

For each method, the given hyperparameters such as learning rate and dropout values were
manually optimized.

6.1 Graph Agnostic Baselines

First, we will evaluate the graph agnostic methods, to analyze the separability of the labels
when the graph structure is not taken into consideration by the classifying method hence each
node is treated as a separate sample.

6.1.1 XGBoost

We trained the XGBoost classifier with one hundred estimators with a thousand leaves and
evaluated the model on the validation set with the area under the PR curve. The results on
the test set are depicted in Figure 6.

In Figure 6, the precision-recall curve is shown. The curve is smooth but with a steep decline
when approaching 100 % recall. As a result of this, the difference between the achieved F;-
score of 0.7903 + 0.0013 and the F;-score at 95.0 % of 0.5630 is substantial, deviating
22.73 %. The distribution of Fi-score as obtained by 10-fold cross-validation shows a small
standard deviation between the folds. This indicates that the F;-score presented here shows
that there is little variance in the algorithm’s performance, demonstrating the robustness of
XGBoost. However, even though the area under the curve is high and the variance between the
folds is low, the Fi-score at 95.0 % recall is relatively low, thus indicating the limited clinical
applicability in practice of this approach.
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Figure 6: The XGBoost precision-recall curve averaged over ten folds on the test set. The
achieved Fy-score is 0.7903 4 0.0013, and the Fi-score for 95.0 % recall 0.5630.

AN

(a) A segment of the XGBoost model’s labels on  (b) A segment of the XGBoost model’s probabili-
subject 2. Green indicates true positive, red false ties on subject 2. Red indicates approaching nega-
negative, yellow false positive, and blue true nega- tive label, green approaching positive label. White
tive. indicates a fifty-fifty split.

Figure 7: XGBoost examples on test set subject 2.
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(b) Multi-layer perceptron precision-recall curve
over 10 folds. The folds are averaged and depicted
with one standard deviation. Plotted on the curve
are the achieved Fi-score of 0.7723 + 0.0087 on
the test set, as well as the Fi-score of 0.5677 at
95 % recall.

(a) Multi-layer perceptron learning curve over 10
folds. The folds are averaged and depicted with
one standard deviation. The dashed line shows the
validation set results. The y-axis represents the F-
score for the positive class. For both lines, the best-
achieved score has been marked with a black cross.

Figure 8: Multi-layer Perceptron training and test set results.

In Figure 7 a segment of one of the folds on subject 2 is depicted. One observation to make
in Figure 7a compared to Figure 7b, is the single green node at the center. This node reflects
the relatively low threshold that has been selected for this method, averaging at 19.0 %, as
the probabilities of its neighbors are shown to be close. This indicates that the model tends
towards predicting lower probabilities. A second observation is the difference in probabilities
in Figure 7b, as the nodes differentiate substantially from colors between neighboring nodes.
The Neighbourhood Probability Difference is on average 0.0868 + 0.1800. These jumps in
probabilities can cause gaps in the output tree, which is demonstrated in Figure 7. Finally,
we see that, although the achieved F;-score of the XGBoost method is high, it does have a
low recall due to relatively few true positives. The Fi-score at 95.0 % recall is relatively low,
suggesting that shifting the threshold will not result in a clinically applicable model.

6.1.2 Multi-layer Perceptron

We use seven fully connected layers each with 128 parameters for our experiments with a
multi-layer perceptron (MLP). We spend 200 epochs of training time on each fold, where
after each 10th epoch the validation set was used to measure the performance of the model,
as well as to determine the model's corresponding classification threshold. A learning rate of
a = 5-10"* was used with L2 regularization factor of 1-10~%. The results are illustrated in
Figure 8.

The training curve of Figure 8a depicts that around epoch sixty the average best validation
score has been achieved. Both methods of regularization described in Section 4.1.2 have been
tried, and L2 regularization was selected empirically. Figure 8b shows the precision-recall curve
on the test set. We achieved on average an Fi-score of 0.7723 + 0.0087, which declines
quickly at 95.0 % recall to 0.5677. This is a decrease of 20.46 %. Although the achieved
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(b) A segment of the MLP model’s probabilities
on subject 3. Red indicates approaching negative
label, green approaching positive label. White in-
dicates a fifty-fifty split.

(a) A segment of the MLP model’s labels on sub-
ject 3. Green indicates true positive, red false neg-
ative, yellow false positive, and blue true negative.

Figure 9: Multi-layer perceptron (MLP) examples on test set subject 3.

Fi-score for the neural network model is slightly lower (1.8 %) compared to XGBoost, the
decline of Fi-score is slightly less steep in higher recall scores, increasing by 0.47 %.

Figure 9 shows an example of the MLP on test set subject 3. Here we show a dense section
of the patient, where several segments are in close proximity of one another. Figure 9a depicts
the predicted labels compared to the ground truth. The figure shows that the entire center-left
segment is not recognized as an artery until the end. In this example, the tracker made a
mistake in the center part of this segment and this needs to be removed. The probabilities of
the nodes depicted in Figure 9b demonstrate that there is little to no variation in the center-left
segment until the lower section which could be explained through graph agnosticism. In the
right section in Figure 9a, we see that in these segments the model yields a substantial amount
of errors as well, as it predicts many false positives and false negatives but the latter are close
in their probabilities in Figure 9b. Finally, the left segment in Figure 9b ends in false-negative
labels but we can see that the probabilities are decreasing smoothly. The Neighbourhood
Probability difference was measured to be 0.0777 + 0.1300, a slight decline compared to
the XGBoost approach.

The performance of these two graph agnostic baselines shows that the features of individual
nodes provide enough information to enable the achieved performance demonstrated in this
section. However, we have also seen that their results are limited and the methods struggle
when it comes to the 95.0 % recall F;-score, indicating limited applicability in clinical settings.
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Graph Convolutional Neural Network Training Data
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Figure 10: Graph Convolutional Neural Network (GCN) training and test set results.

6.2 Graph Neural Networks

In this section, we present our experimental results for the various graph neural network archi-
tectures as described in Section 4.4.

6.2.1 Graph Convolutional Neural Network

For our Graph Convolutional Neural Network (GCN) experiments, we trained a six-layer model,
four convolutional layers followed by two linear layers where for each layer the input features
were concatenated to the output of the previous layer as skip connections. The width of each
layer was set to 128 parameters. We trained the model with a learning rate of a = 2 - 107*
and an L2 regularization of 1 - 10~*. Each fold was trained for 500 epochs. The results are
depicted in Figure 10.

The training curve in Figure 10a shows in the first one hundred epochs, the validation score
is actually higher than the training score. In the middle section, they cross one another and
in the last one hundred epochs, although afterward, the increase in the training curve is not
too steep. We also see that on average, the best validation score is achieved halfway through,
suggesting that an increase in training epochs will not contribute to a better model. The
PR-curve in Figure 10b shows the results on the test set. The model achieved on average an
Fi-score of 0.8140 £ 0.0035 and an F;-score at 95.0 % recall of 0.6382. The drop between
these two is substantial, at 17.58 %.

Figure 11 depicts a segment of the model’s result on subject 4. Figure 11a illustrates the
predicted labels compared to the ground truth. We see here that both errors, false positive and
negative, occur at the end of the arteries. Furthermore, the transition of probabilities is smooth
in these areas as well, indicating a slow shift between remove and keep. The Neighbourhood
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(b) A segment of the GCN model’s probabilities
on subject 4. Red indicates approaching negative
label, green approaching positive label. White in-
dicates a fifty-fifty split.

(a) A segment of the GCN model’s labels on sub-
ject 4. Green indicates true positive, red false neg-
ative, yellow false positive, and blue true negative.

Figure 11: Graph Convolutional Neural Network (GCN) examples on test set subject 4.

Probability Difference is 0.0333 + 0.0560, which is much less compared to the XGB and
MLP results in Section 6.1, suggesting that the introduction of the graph to the problem
allows for a better representation of the node among its neighborhood.

6.2.2 Graph Convolutional Pooling Networks

In this section, we will evaluate two types of models where the architectures are almost the
same: One convolutional layer, followed by three pooling layers, three convolutional layers, and
finally two linear layers. Before the two linear layers, all pooling is reverted. There are skip
connections of the input to the first pooling layer, and the two linear layers. The output of the
third pooling layer also has a skip connection to the second and the third convolutional layer.

The difference between the two models is the type of pooling used, Edge Pooling versus Cluster
Pooling as described in Section 4.3.2. Both models were trained for 500 epochs with a 10 %
dropout on each layer. First, we will look into a GCN with Edge Pooling.

For the Edge Pooling model, we ran each fold with a learning rate of &« = 5-1075. The
results are illustrated in Figure 12. The training graph depicted in Figure 12a shows that
in the first two hundred epochs, the validation performance is on average higher than the
training performance. Later on, the two seem to merge more and in the end achieve their
best evaluations at about the same score and epoch. The increase in performance is decreased
towards the end, however, since the validation score is about the same as the training score, it
is unclear what the impact of an increase in training epochs would have. Finally, we see that
the training curve has a small area of standard deviation in comparison to the validation curve.

Figure 10b illustrates the precision-recall curve over the test results of the ten folds. The model
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Figure 12: GCN Edge Pooling training and test set results.

achieved on average an F;-score of 0.8359 4+ 0.0016 and a 95.0 % recall F;-score of 0.6655.
This is an improvement of 0.0219 and 0.0273 respectively to the results in Section 6.2.1.
The difference between the two Fi-scores is still substantial, decreasing 17.04 % between the
two. This is slightly less than the GCN.

In Figure 13 a segment of the model on a test set case is shown. Figure 13a illustrates a
segment of the model's labels compared to the ground truth. The segment shows two difficult
situations to predict: The linear segment at the top, which has some noise in its shape in the
middle, and the clustered section at the bottom, which is at the end of a correct segment.
In the top segment, we see that the model predicted the segment to end much higher in the
tree, due to this noise. The results in Figure 13b show that the predictions are a bit varying
on this part, indicating that it does partially learn this part of the problem. The model has a
restrictive cut-off, classifying many nodes with an unnecessary negative label. In the bottom
section, we see that the model performs a bit better. It correctly assesses the clustered part to
be incorrect, and its probabilities in Figure 13b are very distinctive in this case. However, the
cut-off does have some false positives but these are very few. The model has a neighborhood
probability difference of 0.0272 + 0.0609.

For the Cluster Pooling model, we ran each fold for 500 epochs with a 10 % dropout and a
learning rate of o = 5-107°. The architecture is the same as before, however, we now applied
our cluster pooling layer instead of edge pooling. The results are depicted in Figure 14.

Figure 14a depicts the training results of the GCN with cluster pooling. From about three
hundred epochs and onward the validation curve is flattening, but there is still some slight
improvement. Figure 14b depicts the precision-recall curve on the test set. It shows that the
model achieved an F;-score of 0.8313 + 0.0060 and an F;-score at 95.0 % recall of 0.6722.
The achieved Fi-score is a decrease from our previous result with Edge Pooling, declining
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(a) A segment of the GCN Pooling model’s labels
on subject 117. Green indicates true positive, red
false negative, yellow false positive, and blue true
negative.

(b) A segment of the GCN Pooling model’s prob-

abilities on subject 117. Red indicates approach-
ing negative label, green approaching positive la-
bel. White indicates a fifty-fifty split.

Figure 13: GCN with Edge Pooling examples on test set subject 117.
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(a) A segment of the GCN Cluster Pooling model’s (b) A segment of the GCN Cluster Pooling

labels on subject 5. Green indicates true positive, model’s probabilities on subject 5. Red indicates
red false negative, yellow false positive, and blue approaching negative label, green approaching pos-
true negative. itive label. White indicates a fifty-fifty split.

Figure 15: GCN with Cluster Pooling examples on test set subject 5.

0.49 %. However, the 95 % recall F;-score increased 0.67 %.

Figure 15 illustrates a segment of the model’s result on test set subject 5. Figure 15a shows
that in both segments, the model cuts off the ends just a bit too early. When we compare
this to the probabilities of Figure 15b, it does depict a smooth transition in these segments
from positive to negative labels. This is indicating that the model does learn the task at hand,
however, the threshold is in this particular segment too high as still a few nodes are incorrectly
classified as negative. The GCN Cluster Pool has a neighborhood probability difference of
0.0277 + 0.0537.

6.2.3 Graph U-NET II

We ran our Graph U-NET Il experiments with a depth of three, a dropout probability of 10 %,
and a learning rate of o = 5 - 10~%. The size of the hidden layers is 128. First, we will look
into Graph U-NET Il with Edge Pooling layers. In Figure 16 the results of the Graph U-NET
Il with Edge Pooling are illustrated.

Figure 16a illustrates the training curve of the model. From epoch three hundred and onward
the incline of the validation curve is flattening, achieving on average its best validation score
at about four hundred epochs. Figure 16 depicts the precision-recall curve on the test set. The
model achieved an F;-score of 0.8441 4+ 0.0027 and at a recall of 95.0 % of 0.7092. There
is much less difference between these two Fi-scores than for example in the baselines. This is
also evident in the PR curve, as it shows a much steeper curve and an increase in PR-AUC.

Figure 17 illustrates a segment of the model’s performance on test set subject 6. Figure 17a the
labels on the segments are shown. We see here that in the bottom section it has completely
failed to properly recognize an entire artery segment. At the top, we see a segment where
labeling did go correctly, and only the end was cut off a bit too soon. In Figure 17b shows
the probabilities of these segments. Here we can see that in the op segment there is a smooth
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Figure 16: Graph U-NET II Edge Pooling training and test set results.

l

(a) A segment of the Graph U-NET II Edge Pool-
ing model’s labels on subject 6. Green indicates
true positive, red false negative, yellow false posi-
tive, and blue true negative.

]

(b) A segment of the Graph U-NET II Edge Pool-
ing model’s probabilities on subject 6. Red indi-
cates approaching negative label, green approach-
ing positive label. White indicates a fifty-fifty split.

Figure 17: Graph U-NET II with Edge Pooling examples on test set subject 6.
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Figure 18: Graph U-NET II Cluster Pooling training and test set results.

transition going on and the two false negatives actually have a pretty good probability. In the
bottom segment, we see that every node that has been selected to be removed actually had
a high probability. This segment shows us how important and difficult it is to select the right
threshold. The model has a neighborhood probability difference on the test set of 0.0196 +
0.0331.

In the next section, we will evaluate the impact of exchanging the Edge Pool layers in Graph
U-NET Il with our Cluster Pool Operator. Figure 18 the results of the Graph U-NET Il with
Cluster Pooling are illustrated.

Figure 18a shows the training curve of the model. In the last hundred epochs, the training
curve and validation curve start to deviate. The best-achieved validation score is around 350
epochs. In Figure 18b the PR-curve on the test set is shown. It shows an F;-score of 0.8447
+ 0.0025. This is a very slight increase compared to the results of Graph U-NET Il with
edge pooling, only increasing the average by 0.06 %. However, the performance of this model
of an Fi-score at 95.0 % recall is 0.7220, is a substantial increase from our previous model,
improving 1.28 %. This shows that there is some merit to using this pooling operator, as it
does signal a more clinically relevant model.

Figure 19 an example segment of the model on test set subject 7 is illustrated. Figure 19a
shows a segment of subject 7 label’s compared to the ground truth. In the left section, we see
a very large proportion of false negative nodes. As we aim to extract the coronary arteries from
the data, these mistakes are very detrimental to our output. In the center section, we see three
arteries that are properly detected, with some small but acceptable mistakes towards the end.
Towards the right, we see a relatively small mistake, where a sizable end piece of the artery
was removed. If we compare these mistakes with the probabilities, as shown in Figure 19b, it
does indicate that the model does indicate for all of these false negatives that there are some
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(b) A segment of the Graph U-NET II Cluster
Pooling model’s probabilities on subject 7. Red
indicates approaching negative label, green ap-
proaching positive label. White indicates a fifty-
fifty split.

(a) A segment of the Graph U-NET II Cluster
Pooling model’s labels on subject 7. Green indi-
cates true positive, red false negative, yellow false
positive and blue true negative.

Figure 19: Graph U-NET II with Edge Pooling examples on test set subject 7.

indicators for the model, as many of the nodes do have a probability of over 50.0 %. Graph
U-NET Il with Cluster Pooling has a neighborhood probability difference of 0.0186 4+ 0.0374.
This is visualized in Figure 19b, as we see smooths transitions in almost every segment of the
tree, including the false negatives.

6.3 Comparison

In Table 1 we show the results of every model as described in Section 6.1 and Section 6.2,
separating the baselines with the GNNs with a dashed line. The best results are boldfaced.

The results of Table 1 have in general a small standard deviation. The graph neural networks
show a clear improvement in Fi-scores compared to the graph agnostic baselines. The table
shows that Graph U-Net Il with Cluster Pooling achieved the best test set performance for the
F1-scores. We also see a steady decrease in the neighborhood probability difference throughout
the methods, with exception of the GCN Cluster Pool. The Graph U-NET Il Edge Pool and
Cluster Pool methods both display the lowest neighborhood differences, indicating that the
probabilities of the nodes in the output graphs of these methods have in general smooth
transitions.

To test the significance of the difference in the performance of our methods, we have conducted
a Nemenyi test [18]. We ranked the methods by their performance, where the best-ranked
method per patient obtained rank 1, and the worst performing method in terms of F;-score
per patient obtained rank 7. As the number of data sets, we selected the number of patients
in the test set, e.g. each patient represents a data set thus yielding fifty data sets. The average
score Fq-score of the methods was used to determine their rank. The results are depicted in
Figure 20.

Figure 20 shows that there is no evidence for statistically significant improvement between
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Method Fi-score  Fi(r = 0.95) NPD
XGB 0.7903 £ 0.0013 0.5630 0.0868 £ 0.1800
MLee 0.7723 £ 0.0087 ~ 0.5677  0.0777 4 0.1300
GCN 0.8140 £ 0.0035 0.6382 0.0333 = 0.0560

GCN Edge Pool
GCN Cluster Pool

0.8359 £ 0.0016
0.8313 £ 0.0060
0.8441 £ 0.0027

0.0272 £ 0.0609
0.0277 £ 0.0537
0.0196 4 0.0331

Graph U-NET II Edge Pool

Graph U-NET II Cluster Pool  0.8447 % 0.0025 0.0186 = 0.0374

Table 1: Test Set Fi-scores of all presented models, the first column denoting the best-achieved
Fi-score and the second its standard deviation. The third column contains the Fi-score at a
95.0 % recall. The fourth column contains the probability difference between neighboring nodes
in the test set, indicating the abruptness of the change in probabilities. The dashed line separates
the graph agnostic baselines (top). The best scores are marked in bold.

D
—
1 2 3 4 5 6 7
I 1 1 1 1 1 1 1 1 1 1 1 |
Graph U-NET II CP J‘ L MLP
Graph U-NET Il EP XGB
GCN EP GCN
GCN CP

Figure 20: Nemenyi test on the results of Table 1. Here, the data sets are defined by the number
of patients in the test set e.g. 50. CD denotes the critical difference, the minimal difference
required to determine significantly different ranks, which is determined here to be 0.63. The
thick line indicates that this threshold has not been met.
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(a) The coronary artery tree of subject 1 as ex- (b) The coronary artery reference tree of subject
tracted by the pipeline. 1 as annotated by the expert.

Figure 21: An example output graph of the pipeline from Figure 3 on subject 1, where we used
an ensemble of ten Graph U-NET II Cluster Pool models as the geometric deep learning model.
Figure 21a shows the output of the pipeline, Figure 21b illustrates the corresponding reference
tree marked by domain experts.

the Graph U-NETs as well as between the two GCNs. The Graph U-NETs’ result is to be
expected, as we have seen in the results of Table 1 that the margin was slim. We also see that
the GCN with Edge Pooling is quite close to being critically different from GCN with Cluster
Pooling. In contrast, there is a substantially significant improvement between the GCN and
the graph agnostic baselines, as well as between the GCN and GCNs with pooling operators.
This suggests that there is an added value to these operators and the architecture from Graph

U-NET II.

To have some context for the quality of the results, we compare our best model to the state-
of-the-art. We use the metrics from Section 5.1 to determine the quality of the output trees
based on the reference trees. We compare our method against Salahuddin et al. [34] as both
this thesis and Salahuddin et al. [34] present fully automatic methods.

Note that the comparison to Salahuddin et al. [34] is limited: It is not possible to compare the
methods on the same data set as medical data, in general, is not public data. Furthermore,
their code is not publicly available, so reproducing their model to run on our data set is also
not easily possible. Thus we compare the results on their data set to ours directly. We have
not opted to use the MICCAI challenge data set (CAT08), as this challenge only focuses on
the four main centerlines of the coronary arteries. This is an issue, as we have focussed on
extracting the entire coronary artery tree including the most difficult cases.

We have taken our best achieving method'’s results as an ensemble model, Graph U-NET Il
with Cluster Pooling, to compare to the reference trees. This ensemble achieves an F;-score
of 86.17 % on the test set, which increased by 1.70 % compared to the average performance
of the models in the ensemble. The ensemble achieves a precision of 88.0 % on the reference
trees. The results are summarized in Table 2. An example of our full pipeline on a subject
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Metric Salahuddin et al. [34] Ours

Sensitivity 87.1% 86.0%
Overlap 80.4 % 87.0%

Table 2: Reference Tree Metrics. Sensitivity shows what proportion of the reference tree was
extracted. Overlap shows how much the predicted tree overlaps with the reference tree.

is depicted in Figure 21, where Figure 21a shows the output of our pipeline on the subject,
and Figure 21b shows the reference tree. The automatically extracted coronary artery tree in
Figure 21a indicates high performance to the reference tree of Figure 21b. A few mistakes can
be seen, such as long gaps in the center. The bifurcation of this detached centerline is also
not present, as the center-left artery is not connected.

Improvements Our results in Table 2 on our data set show a substantial improvement
compared to the results by Salahuddin et al. [34] on their proprietary data set. We have shown
an increase of 6.6 % in terms of overlap. As overlap is a combination of sensitivity and precision,
this indicates that we have a much more precise prediction, that includes less noise. Although
there is a decrease in sensitivity, indicating that their approach extracts more centerline points
of the reference tree, our pipeline yields more usable results in practice as there is less noise
surrounding the extracted coronary artery tree. As an example, we have shown the output on
subject 1 in Figure 21, where we see that, although certain segments are missing, there is a
limited amount of noise present making it straightforward to recognize the artery tree in the
output.
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7 Discussion

In this thesis, we aimed to leverage methods from the geometrical deep learning domain to aid
in the automated extraction of the coronary arteries from CCTA scans. We used methods from
Wolterink et al. [49] and Hampe et al. [16] to extract the centerlines and reviewed various
approaches to filter out the noise these pipelines generated. To examine the effectiveness of
geometrical deep learning techniques, we compared graph agnostic baselines to graph neural
networks. We have attained increased F;-scores compared to the graph agnostic baselines and
other graph neural networks using our newly developed techniques. We achieved a best F;-
score of 86.17 % with Graph U-NET Il ensemble on our test set. The experiments showed a
contribution in performance when making use of the graph structure of the data. We have
seen a significant increase in the F; metric in Table 1 between the graph agnostic baselines and
the GNNs. We have seen that this enables the models to yield higher performance. Finally, we
also saw a steep increase in the Fi-score for 95.0 % recall, signifying substantial improvement
towards clinically relevant models.

However, there is room for performance improvement on this task. There can be many causes
of the difference between our achieved F;-scores and near-optimal F{-scores. One that we have
identified as a possible issue is the many disjoint components and edge sparsity of the graphs,
as can be seen in Table 3. As all of our geometrical deep learning methods revolve around
exchanging information using edge relations between nodes, this sparsity brings limitations, as
the information propagation GNNs is based on edges. One solution to this could have been the
detection of missed edges: In each node, there are probabilities of a bifurcation being present
through the directional vectors. This information could indicate that there is a missing section
in some direction of a node. If this information is used effectively, a less disjointed graph could
be created, thus increasing the propagation of information.

Furthermore, it is hard to make any significant statements about the added value of our Cluster
Pooling layer compared to the Edge Pooling layer. Not only did Graph U-NET Il barely improve
with the Cluster Pooling operator in its best F;-score, the regular GCN with pooling operators
actually showed decreased performance when combined with Cluster Pool. An argument for its
advantage is that the F;-score of Graph U-NET Il improved significantly at 95.0 % recall and
yielded the optimal value. However, the training curves demonstrated a faster learning curve,
that deviated substantially from the validation curve. This could indicate that there might be
some possible merit to this layer, as there might be room for more generalization. However,
this is only speculation. A better review of this operator could be conducted on benchmark
data sets, but there are indications that there is room for improvement in this operator.

Another issue could be the differentiability of stenosed and narrowing arteries. In the current
data set, we use nodes that represent patches of CCTA scans. These scans not only show
the presence of contrast fluid but also calcified arteries. This is currently filtered out by the
CNNs of Wolterink et al. [49] and not shown in the information of the node. However, to
increase distinguishability between vessels and narrowed or stenosed arteries, this information
could be key: The radius of a node could be expressed as including the plaque. Experts use
this information during their analysis of a patient, thus it does not only make sense to use this
information to extract the arteries but this plaque would also be represented in the output.
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We have seen an improvement in our pipeline on our proprietary test set, including Graph
U-NET I, in comparison to Salahuddin et al. [34] on their private data set. We achieved an
overlap of 87.0 %, an improvement of 8.6 % to Salahuddin et al. [34]. We achieved a sensitivity
of 86.0 %, which is a decrease of 1.1 % compared to the results of Salahuddin et al. [34]. This
shows that our method sacrifices sensitivity for a substantial increase in overlap, thus creating
a more clinically relevant model in comparison with the state-of-the-art method of Salahuddin
et al. [34]. There are key differences between their approach and ours, as we have adopted
geometrical deep learning methods that allowed a receptive field beyond a single node and
have shown it to be very effective whereas their work focussed on local methods.

Finally, the quality of the hyperparameters is very likely not even close to optimal. Although
many configurations have been tested in the presented experiments by employing manual
search, the search space of the parameters is vast and only a fraction can be explored through
manual optimization. We have set all hyperparameters manually, such as learning rates and
scale of loss to adjust the class imbalance. We have shown no evidence that these configurations
are optimal, and in order to do so an extensive search of the hyperparameter space should be

conducted using HPO methods such as SMAC [20] or DEHB [1].

8 Conclusion and Future Work

We investigated the problem of coronary artery extraction from CCTA scans. Specifically, we
looked for a new fully automated pipeline based on the work of Wolterink et al. [49]. Current
works make use of local information methods to determine if a centerline point is within
the coronary arteries. Instead, we aimed to make use of the graph structure in the data and
reviewed methods from the field of geometrical deep learning to detect coronary arteries. For
this purpose, we have developed new methods, a new node pooling layer, and Graph U-NET
[, and demonstrated their performance on the problem. We evaluated their performance on
the test set in terms of Fl-score on the classification task in comparison to graph agnostic
baselines and other classical GNNs.

Our results have demonstrated that there is a statistically significant improvement in Graph
U-NET Il in comparison to the other methods using a Nemenyi test [18]. Furthermore, we
demonstrated that our entire pipeline, including the Graph U-NET II, has a substantial increase
in performance in comparison to the work of Salahuddin et al. [34] in terms of overlap. However,
for the cluster pooling operator, its significance is unclear. The graph neural networks in
general significantly outperform the graph agnostic baselines and yield interpretable output
probabilities. Our best performing method, Graph U-NET Il, produced results that surpassed
Salahuddin et al. [34] in overlap, as our model achieved 84.8 % compared to 80.4 % of
Salahuddin et al. [34]. In sensitivity it scored 86.0 %, compared to 87.1 %, which is a slight
decrease. However, this comparison can be seen as an indication only, as both the method
proposed by Salahuddin et al. [34] and our methods were reviewed on proprietary data sets.
For comparability, we open-source our code in the aforementioned Github Repository.

Through the observation of samples, we have the intuition of several critical issues that may
contribute to improvement in the future, such as the sparsity of edges and the differentiability
of the data. Graph neural networks offer a valid alternative to local classification methods,
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such as convolutional neural networks, that are restricted to a single centerline point, and have
shown their values in terms of the output trees’ overlap with the reference trees.

In future work, to further enable these graph-based methods to propagate information through
the graph, missed edges or bifurcations can be detected with the directional vectors of the
nodes, as described in Section 2. This could lead to more seed points for the tracker described
by Wolterink et al. [49], which can yield either completely missed segments or reconnect the
artery to previously detected segments. The addition of extra nodes, and a more connected
graph, would allow for better propagation of information and thus lead to better models.

The models presented here have little support for the quality of their hyperparameters. The
hyperparameter settings have been selected manually and a search of the hyperparameter con-
figuration space using HPO methods has shown to lead to better results in various algorithms
and objectives [12] [1]. Furthermore, the experimentation with HPO methods on graph neural
networks would be an interesting point of research on its own.

The result for fully automatic extraction of the full coronary artery tree here has limited
comparability to state-of-the-art methods due to the lack of a publicly available data set. In
future work, creating a new challenge data set on which methods are reviewed could lead to
more comparable results for state-of-the-art approaches in coronary artery extraction.

To conclude, we have measured the effectiveness of various methods from the geometrical deep
learning domain on the task of coronary artery extraction. We have seen that these methods
offer a valuable alternative to graph agnostic approaches. We contributed new techniques to
the domain of geometrical deep learning that increased the performance of our models for the
task at hand. We have shown that the results of this thesis exceed the current state of the
art.
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Appendices

In these appendices supplementary material is included on the thesis regarding the data used
for training the models, and experiments regarding the Cluster Pooling operator.

A Data

Property Average Std. Dev Min Max

# Nodes 5344 =+ 796 3200 8942

# Edges 10798 + 1610 6478 17978
Positive Labels 669 + 159 335 1079
Negative Labels 4675 + 821 2413 8391
Segment Length 34 + 24 1 192

Edge %  0.0774 % £ 0.0120 % 0.0450 %  0.1266 %
Positive % 12.8323 % £ 3.7867 % 5.8682 %  25.7767 %

Table 3: Description of the distributions of the data set, containing 200 subjects. The ta-
ble shows the overall distribution of the number of nodes, edges, labels, length of linear node
segments and the percentage of edges of a fully connected graph.

Feature Name Range Description

X,Y,Z Coordinates [0,1]*> Node coordinates centralized around the left heart chamber
Radius [0,1] Radius of the blood vessel predicted by the tracker
Seed Net Value [0,1] Previous network probability of being an artery
Directional Vector [0,1]> Flow of blood, determined by current node and preceding
Order [0,1]  Depth in the graph
Direction entropy  [0,1]  Direction probability from tracker

—

Y

Table 4: Node Features in the data set. The coordinates and radius were normalized. The
directional vectors were normed into the range of 1. The order was normalized within each
linear segment of nodes, such that each leaf has value 1.
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Figure 22: An analysis of Cluster Pooling’s impact in Graph U-NET II on the node classification
task. What is visualized here over various training epochs, is the maximum achievable F1-score
per layer if the classification was done per cluster instead. This can be interpreted as an diluting
of the node labels, where the mixture of labels within a cluster decreases the separability of the
data. This information was used to determine an acceptable depth for Graph U-NET II on the
given problem.

B Experiments

Method a Dropout Weight Decay Width # Layers
XGBoost 0.3 N/A N/A  N/A N/A
MLP 5-1074 0.0 1-1074 128 7
GCN 2-107* 0.0 1-1074 128 6
GCN Edge Pool 5-107° 0.1 0.0 64 9
GCN Cluster Pool 5-107° 0.1 0.0 128 9
Graph U-NET II Edge Pool 5-107° 0.1 0.0 128 13
Graph U-NET II Cluster Pool 5-107° 0.1 0.0 128 13

Table 5: Model hyperparameters for the experiments from Section 6. « is the learning rate.
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