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Abstract
Graph Neural Networks (GNNs) have emerged as a powerful tool for analysing
non-Euclidean data, such as meshes, which are crucial in medical imaging115

for modelling anatomical structures. This thesis explores the application
of GNNs in shape classification tasks across neuroimaging and cardiac
imaging domains, emphasising their potential for computer-aided diagnosis
and disease detection. A comparative analysis of convolutional layers and
node features demonstrates that Fast Point Feature Histograms (FPFH), a120

pose-invariant descriptor, significantly enhance GNN performance and gen-
eralisation to out-of-distribution data, simplifying preprocessing pipelines by
eliminating the need for mesh alignment.

In neuroimaging, biological sex classification serves as a proof-of-concept
task, with findings extended to Alzheimer’s disease classification. Further125

investigations highlight the importance of model inspection to understand
feature embeddings and encoded biases, revealing that test accuracy alone
is insufficient for model selection. The fusion of imaging and shape features
extracted from MRI improves predictive accuracy for clinically relevant tasks
such as brain age regression and Alzheimer’s disease classification. Ex-130

plainability frameworks integrating multi-level insights provide transparency
in model decision-making, addressing limitations of existing methods. How-
ever, these findings highlight the need for further clinical validation.

The thesis also extends GNN applications to cardiac imaging by automat-
ing aortic segmentation and mesh processing pipelines. A proposed deep135

learning-based registration approach outperforms traditional methods, en-
suring high-quality vertex correspondence across meshes while preserving
geometric features. Statistical shape analysis using Principal Component
Analysis (PCA) quantifies healthy aortic shape variability and identifies cor-
relations between shape modes and demographic or functional parameters.140

Overall, this work establishes robust methodologies for leveraging GNNs in
medical imaging, offering insights into architectural choices, preprocessing
strategies, and interpretability frameworks that advance both neuroimaging
and cardiac imaging applications.
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Chapter 1

Introduction
This thesis begins by introducing the foundational concepts and motiva-
tions driving this research: Chapter 1 and Chapter 2. Then, in Chapter 3,395

we list the imaging datasets used in the studies presented in the succeeding
chapters. In Chapter 4, we explore the application of graph neural networks
(GNNs) in medical imaging, starting with a comparative study to investigate
how different design choices impact model performance and generalisa-
tion, providing key insights for practitioners. Chapter 5 extends this analysis400

by emphasising the importance of model inspection, specifically examining
the effect of graph convolutional submodels and mesh registration on fea-
ture learning in brain shape classification. Building on this, Chapter 6 ex-
plores the fusion of shape and imaging features for brain age prediction and
Alzheimer’s classification, demonstrating improved prediction accuracy by405

combining shape embeddings from a GNN with appearance features from
Magnetic Resonance (MR) scans. Chapter 7 delves into model explain-
ability to understand which parts of the input graph influence model deci-
sions. In Chapter 8, we address the challenges of applying GNNs to aortic
MR images by developing a robust segmentation and mesh reconstruction410

pipeline. Finally, Chapter 9 presents an advanced deep learning approach
for mesh registration, demonstrating its superiority in establishing accurate
correspondence across subjects, and providing a foundation for morpholog-
ical studies, followed by the shape analysis of the aorta, which is presented
in Chapter 10.415
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1.1. Motivation Introduction

1.1 Motivation
The rapid advancement of medical imaging technologies has revolutionised our abil-
ity to visualise and analyse complex anatomical structures. This progress has opened
new avenues for understanding human physiology, diagnosing diseases, and develop-420

ing personalised treatment strategies [153]. However, the increasing complexity and
volume of medical imaging data present significant challenges in terms of interpreta-
tion and analysis [119]. Traditional methods of image analysis often fall short when
dealing with the intricate, three-dimensional nature of anatomical structures, particu-
larly when attempting to capture subtle variations that may be indicative of disease or425

individual differences [221].

In recent years, deep learning techniques have shown remarkable success in various
domains of medical image analysis, from segmentation to classification tasks [196].
Among these techniques, Graph Neural Networks (GNNs) have emerged as a par-
ticularly promising approach for analysing non-Euclidean data such as 3D shapes as430

meshes, which are commonly used to represent anatomical structures. GNNs offer
a unique ability to capture both local and global structural information, making them
well-suited for tasks involving complex geometries and topologies [106, 117].

Despite their potential, the application of GNNs in medical imaging, particularly in the
analysis of anatomical shapes, is still in its infancy. There is a pressing need for com-435

prehensive studies that explore the effectiveness of different GNN architectures, node
features, and training strategies in the context of medical shape analysis. Moreover,
the interpretability of these models remains a significant challenge, hindering their
widespread adoption in clinical settings where transparency and explainability are cru-
cial.440

This thesis is motivated by the need to bridge these gaps in knowledge and methodol-
ogy. By conducting extensive comparative analyses, investigating fusion approaches,
and addressing interpretability challenges, we aim to advance GNN-based medical
shape analysis. Our work spans both neuroimaging and cardiac imaging domains,
demonstrating the versatility and potential of these techniques across different anatom-445

ical structures and clinical applications.

Furthermore, we are driven by the potential clinical impact of these advanced ana-
lytical methods. Improved shape analysis techniques could lead to earlier and more
accurate disease detection, better understanding of anatomical variations in healthy
populations, and more personalised treatment planning.450

Through this research, we hope to not only advance the technical aspects of medical
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image analysis but also to pave the way for more widespread adoption of these tech-
niques in clinical practice. By addressing key challenges in the field, from architectural
choices to model explainability, we aim to increase the confidence of clinicians and
researchers in using GNN-based approaches for medical shape analysis, ultimately455

contributing to improved healthcare outcomes.
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1.2. Research aims and thesis outline Introduction

1.2 Research aims and thesis outline
This research utilises several large-scale neuroimaging datasets, including UKBB,
CamCAN, IXI, and OASIS3, as well as the E-HVols, a cardiac dataset from the Aswan460

Heart Centre (AHC). These diverse datasets allow for comprehensive analysis across
various anatomical structures and clinical conditions, allowing testing for the gener-
alisation and robustness of our methods. A detailed description of these datasets is
presented in Chapter 3.

Despite the growing popularity of GNNs in medical image analysis, comprehensive465

studies comparing different GNN architectures and methodologies in this context are
lacking. Our comparative study from Chapter 4 provides valuable insights into the most
effective approaches for shape classification and regression. This study aims to equip
practitioners with a deeper understanding of the current state-of-the-art approaches
for applying GNNs to medical shape analyses.470

Understanding the inner workings of GNNs is crucial for their practical application in
medical contexts. This is particularly important when using the extracted features for
downstream tasks such as fine-tuning, domain transfer, or multi-modal approaches.
Therefore, in Chapter 5, we investigate the impact of modelling choices on feature
learning characteristics, emphasising the importance of looking beyond test accuracy475

to identify potential biases and non-discriminative features.

While exploring the evolution of Convolutional Neural Networks (CNNs) and GNNs, it
has become apparent that combining graph and image-based features would build on
both strengths. Most fusion models combine different imaging modalities, but combin-
ing graph and image-based features from the same modality has not been explored.480

We investigate the potential of combining features extracted from ResNet and our de-
veloped graph-based model in Chapter 6. This fusion approach aims to enhance the
performance of either model alone.

A significant limitation of GNNs, like many deep learning models, is their lack of in-
terpretability. Chapter 7 addresses this limitation by comparing different explainability485

configurations to provide insights into the decision-making process of our models. By
enhancing model transparency and interpretability, we aim to uncover potential phe-
notypical biomarkers that could provide novel insights to clinicians.

To extend the application of our methods to cardiac imaging, Chapter 8 focuses on
automating aortic segmentation from MR images using the E-HVols dataset. We de-490

velop a custom data pre-processing pipeline that emphasises maintaining consistent
image orientation across the entire dataset.
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Chapter 9 presents a comprehensive pipeline for processing and analysing aortic
meshes extracted from medical imaging segmentation. We compare various registra-
tion methods, including traditional approaches and a proposed deep learning method,495

to establish accurate vertex correspondence across meshes.

In Chapter 10, we conduct a comprehensive analysis of aortic shapes reconstructed
from MR images. We use Principal Component Analysis (PCA) to quantify healthy
shape variability and investigate correlations between shape modes and demographic
or functional parameters. We also compare the predictive performance of linear re-500

gression models using PCA modes to our bespoke GNN model.

This thesis concludes with a summary of our findings, their implications for medical im-
age analysis, limitations and potential future research directions in Chapter 11.
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1.3 Contributions
505

Multi-Graph Architecture Model: Designed a model to utilise multiple struc-
tures as subgraphs. We compared two configurations: a shared submodel that
learns generalised representations from all subgraphs, and a non-shared sub-
model, where each subgraph has its own submodel learning subgraph-specific
representations.

Model Inspection Pipeline: Developed a pipeline to demonstrate the importance
of identifying which model choices extract the best discriminative features despite
overall model performance. This identification is critical when using extracted fea-
tures for downstream tasks.

Fusion Model: Fusion models often use different imaging modalities but not dif-
ferent data representations. Therefore, we investigated a fusion model combining
image-based and graph-based features.

Model Explainability Methods: We introduce a calibration-aware, perturbation-
based framework for GNN explainability in our multi-graph model. By integrat-
ing subgraph-level perturbations, our method captures both local and global de-
pendencies. We also analysed node importance scores generated by GNNEx-
plainer across-subject consistency to identify population-level biomarkers and
within-subgraph critical nodes to pinpoint localised drivers. Both methods yield
complementary results, underscoring the need for clinical validation.

Comprehensive Shape Analysis Framework:

• Compared state-of-the-art segmentation models for segmenting the thoracic
aorta from MRI.

• Developed a custom pipeline for surface reconstruction from the segmented
images while maintaining a fixed number of nodes and establishing correspon-
dence across all aortic shapes in the dataset.

• Constructed an Atlas and identified key shape variations using Principal Com-
ponent Analysis (PCA).
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Chapter 2

Background
This chapter presents the foundation for the methods we developed, which will be pre-530

sented in the next chapters. Under the clinical background, section 2.1, we first present
common imaging techniques and what information can be extracted from these differ-
ent imaging modalities for clinical assessment or diagnosis. A simple description of the
anatomical structures we will later study throughout this thesis is also presented in this
section. Section 2.2 gives an overview of common tasks that can be performed on the535

extracted data from images. Section 2.3 lists the current state-of-the-art models used
for medical image segmentation and how to represent the segmented data in a non-
Euclidean space, as explained in section 2.4. Geometric deep learning approaches
to analyse data in non-Euclidean space and their applications towards the aforemen-
tioned tasks are presented in section 2.5. In section 2.6, we give some background540

on mesh registration. Mesh registration is an optional step commonly used as a pre-
processing step before using the extracted shapes in further analyses. Finally, section
2.7 lists the common evaluation metrics for tasks, including segmentation, registration,
classification and regression.
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2.1 Clinical Background545

In this section, we give some neuroimaging and cardiovascular imaging background
because, as discussed in Chapter 3, more readily available datasets are available for
brain subcortical structures and less for the thoracic aorta. We, therefore, developed
and evaluated our methods using the brain datasets and then extended their applica-550

tions to the aorta.

2.1.1 Neuroimaging modalities
Neuroimaging encompasses a variety of advanced imaging techniques that provide
critical insights into the structure and function of the brain. These modalities are indis-
pensable tools in both clinical and research settings, enabling the diagnosis, monitor-555

ing, and understanding of neurological conditions.

• Magnetic Resonance Imaging (MRI) and Functional MRI (fMRI): MRI is a non-
invasive imaging technique that uses magnetic fields and radio waves to produce
detailed images of brain anatomy. It is widely used for detecting structural abnor-
malities, such as tumours or lesions. Functional MRI (fMRI), on the other hand,560

measures brain activity by detecting changes in blood flow, offering insights into
brain functions and connectivity. fMRI is particularly useful for pre-surgical plan-
ning and understanding brain activity related to cognitive tasks

• Computerized Tomography (CT): CT scans use X-rays to create cross-sectional
brain images. They are often used in emergencies to assess acute conditions565

like haemorrhages or fractures. CT is valued for its speed and ability to provide
detailed images of bone and calcifications

• Positron Emission Tomography (PET): PET scans involve using radioactive
tracers to visualise metabolic processes in the brain. This modality is particu-
larly useful for detecting areas of abnormal metabolic activity, such as epilepsy570

or Alzheimer’s disease. PET can assess brain function and detect tumours by
highlighting regions with altered glucose metabolism

• Electroencephalography (EEG) and Magnetoencephalography (MEG): EEG
measures electrical activity in the brain using electrodes placed on the scalp, while
MEG detects magnetic fields produced by neuronal activity. Both techniques are575

crucial for evaluating conditions like epilepsy and sleep disorders. MEG, in partic-
ular, provides precise localisation of brain activity, which is beneficial for surgical
planning

• Functional Near-Infrared Spectroscopy (fNIRS): fNIRS is a non-invasive method
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that measures brain activity by detecting changes in blood oxygenation. It is often580

used in cognitive and developmental neuroscience research due to its portability
and ability to monitor brain function in naturalistic settings

These neuroimaging modalities are integral to modern neurology and psychiatry, offer-
ing a comprehensive view of brain structure and function. They facilitate the diagnosis
of neurological disorders, guide treatment planning, and enhance our understanding585

of brain-behaviour relationships. By integrating data from multiple imaging techniques,
clinicians and researchers can obtain a more holistic view of brain health, ultimately
improving patient outcomes.

2.1.2 Subcortical brain structures
The human brain contains several crucial subcortical structures that play vital roles in590

various cognitive, emotional, and motor functions. The subcortical structures below
work in concert, forming intricate networks that underpin complex human behaviours
and cognitive processes, as shown in Fig.2.1.

(a) Segmented subcortical brain
structures

(b) Extracted subcortical brain
shapes

Figure 2.1: (a) A slice of a T1-weighted MR stack showing the 15 subcortical
brain structures segmented. (b) The corresponding extracted shapes as triangular
meshes.

The brain stem, located at the base of the brain, is responsible for regulating es-
sential life functions such as breathing, heart rate, and blood pressure. The left and595

right thalami act as relay centres, processing and integrating sensory and motor in-
formation before transmitting it to the cerebral cortex. The basal ganglia include the
caudate nucleus and putamen, collectively known as the striatum, involved in motor
control, learning, and cognitive functions and the pallidum, which plays a crucial role
in regulating voluntary movement. The temporal lobe includes the hippocampus, a600
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seahorse-shaped structure essential for forming new memories and spatial navigation
and the amygdala, an almond-shaped structure primarily responsible for processing
emotions, particularly fear and aggression. Lastly, the accumbens area, often called
the nucleus accumbens, is part of the brain’s reward circuit and involves motivation,
pleasure, and addiction-related behaviours.605

2.1.3 Cardiovascular Imaging Modalities
Cardiovascular imaging encompasses a range of advanced modalities essential for
diagnosing, managing, and understanding heart diseases. These techniques provide
detailed insights into the heart’s structure and function, offering invaluable information
for clinical decision-making.610

Medical imaging is indispensable for diagnosing patients with aortic diseases. Various
imaging modalities are used in the diagnosis, postoperative, and follow-up phases.
Each modality has its advantages and limitations, which are reviewed in this section.
Other modalities, like echocardiography, duplex, and intravascular ultrasound, are not
reviewed but are also used.615

• Echocardiography: This modality uses ultrasound waves to create moving im-
ages of the heart. It is widely used because it provides comprehensive data with-
out exposing patients to radiation. Transthoracic echocardiography (TTE) is the
most common type, allowing assessment of heart size, shape, wall thickness,
and valve function. Stress echocardiography evaluates heart performance under620

stress, helping diagnose conditions like coronary artery disease.

• Cardiac Magnetic Resonance Imaging (MRI): Cardiac MRI uses magnetic fields
and radio waves to produce detailed images of the heart’s anatomy and func-
tion. It is particularly useful for assessing myocardial tissue composition, detect-
ing cardiac tumours, and evaluating congenital heart defects. MRI provides high-625

resolution images and can assess myocardial viability and perfusion without ion-
ising radiation. Accurate aortic measurements can be obtained from 3D steady-
state free precision MRI of the aorta, which matches well with those from TTE
[126]. Another commonly used technique to calculate through-plane or in-plane
blood velocity is two-dimensional phase contrast MRI, which encodes velocities in630

the phase images’ pixel intensities. An extension to that is 3D velocity encoding
synchronised with ECG signal, named 4D flow MRI, providing time-resolved, 3D
velocity fields [50].
In comparison to CT, longer acquisition times are needed, and some difficulty is
present when monitoring unstable subjects. MRI is a good option for follow-up635

studies in stable patients with known aortic disease since it does not require ion-
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ising radiation or iodinated contrast [15].

• Computed Tomography (CT): Cardiac CT, including coronary CT angiography
(CCTA), combines X-ray images to create detailed cross-sectional views of the
heart and its vessels. It is a non-invasive method for evaluating coronary artery640

disease and structural heart issues. CT calcium scoring assesses the risk of heart
disease by detecting calcified plaques in coronary arteries. Multi-detector com-
puted tomography (MD-CT) reduces image acquisition time and produces images
with enhanced spatial and temporal resolution compared to single-detector CT.
The main limitation is that the subject needs to be injected with a contrast agent so645

that the images capture the agent’s arterial transit [143]. Capturing electrographic
(ECG)-gated CT images is another technique of acquiring CT images, allowing
more accurate measurements of the aortic segments and reducing artefacts re-
lated to cardiac motion [205]. Another compromising factor is the exposure to
ionising radiation, although there are ways to reduce it, but not eliminate it [44].650

• Nuclear Imaging: This includes myocardial perfusion imaging using radioactive
tracers to assess blood flow to the heart muscle. It is valuable for evaluating coro-
nary artery disease and myocardial viability. Techniques like SPECT and PET pro-
vide functional information about the heart, complementing anatomical data from
other modalities.655

• Coronary Angiography: Although invasive, coronary angiography remains the
gold standard for visualising coronary arteries. It involves using a catheter to inject
contrast dye into the coronary vessels, providing detailed images to guide inter-
ventions such as angioplasty.

These cardiovascular imaging modalities are integral to modern cardiology, allowing660

for early detection, accurate diagnosis, and effective management of heart conditions.
By integrating data from multiple imaging techniques, clinicians can comprehensively
understand cardiovascular health, ultimately improving patient outcomes.

2.1.4 Segments and branches of the thoracic aorta
The aorta starts at the aortic root, which gives rise to two major coronary arteries and665

ends by splitting into the common iliac arteries. This major vessel can be subdivided
into seven segments; the aortic root, the ascending aorta, the ascending aortic arch,
the vessel bearing arch, the aortic isthmus, the thoracic descending and abdominal
aorta [52], Fig.2.2.

Aortic Root The complex structure of the aortic root maintains a normal function under670

different hemodynamic conditions. Its components’ shape and size have a major role
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Figure 2.2: Schematic of segments and branches of the aorta.

in vortices development, leading to minimising mechanical stress on the cusps (valve
leaflets) and controlling their motion throughout the cardiac cycle [226]. It consists of
the annulus, sino-tubular junction (STJ) and sinuses of Valsalva. The junction between
the aorta and the left ventricle is the annulus. Meanwhile, the STJ is where the structure675

evolves into the tubular shape of the ascending aorta. The sinuses of Valsava form the
segment between the annulus and STJ. These sinuses have out pouches of the aortic
wall, one associated with each aortic cusp. The three sinuses are named according
to the coronary arteries originating from them; left-, right- and non-coronary sinus.
The recirculation of blood in the sinuses during systole [72, 101] is affected by the680

bulging shape of the aortic root, which is also vital for feeding the coronaries supplying
the heart [147]. The annulus forms an elliptical shape during diastole, becoming fully
circular during cardiac ejection with an area larger than that of the STJ [113, 202],
which creates a velocity gradient across the aortic root allowing blood to flow from a
larger cross-section to a smaller one [78].685

Ascending Aorta The ascending aorta starts from the aortic orifice in the left ventri-
cle and ascends to become the aortic arch from which three major vessels branch
out in order of proximal to distal: the brachiocephalic trunk innominate artery, the left
common carotid artery and the left subclavian artery [56]. The remaining segment is
then the descending aorta, which supplies blood to the lower body.690
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2.2 Common Tasks
Computational methods are usually developed to perform one or more of the tasks
below as accurately as possible. This section briefly explains these tasks, which are
often mentioned in the next chapters.695

2.2.1 Feature extraction
Feature extraction is a process of dimensionality reduction by which the initial raw data
set is reduced without losing the ability to describe the original data set accurately. It
also eliminates redundant data, speeding up the learning and generalisation steps that
will be followed in any machine learning process.700

2.2.2 Dimensionality reduction
Dimensionality reduction transforms high-dimensional data into a lower-dimensional
representation while preserving essential structures. This helps improve model effi-
ciency and prevent overfitting [48]. Two common approaches are:

Principal Component Analysis (PCA): PCA projects data into new variables (called705

principal components) that are linear combinations of the original features, capturing
the maximum variance in fewer dimensions.

Penalised Regression: Methods like ridge regression and lasso regression impose
penalties on model complexity, effectively reducing the number of variables while main-
taining predictive power.710

2.2.3 Segmentation
Segmentation is the process of assigning each pixel a label (or belonging to a class).
This is useful for applications that require high accuracy and are manually intensive
because they require pixel-level accuracy. As a result, automated and semi-automated
methods have been developed to reduce manual effort. When pixels are assigned a715

single label, the result is a mask that outlines the shape of the object in the image
being segmented (the Region of Interest).

2.2.4 Supervised Learning
Classification groups data into predefined classes. The classes are often called
targets, labels, or categories assigned to given data points. Classification falls un-720

der supervised learning, where the targets are available and provided with input data
[135].
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Regression Regression predicts a continuous variable 𝑦 based on one or more pre-
dictor variables 𝑥 [135].

Linear Regression: Assumes a linear relationship between the outcome and predic-725

tors. The equation is 𝑦 = 𝑏0+𝑏 ∗𝑥 + 𝑒, where 𝑏0 is the intercept, 𝑏 is the coefficient, and
𝑒 is the residual error. The Ordinary Least Squares method determines the weights to
minimise prediction error.

Non-linear Regression: If the relationship is not linear, polynomial and spline regres-
sion methods can be used instead.730

2.2.5 Model Selection
Model selection identifies the best combination of predictors to build an optimal pre-
dictive model. This involves comparing multiple models with different predictor sets to
select the one that minimises error [241]. Common techniques include:

Best Subsets Regression: Evaluates all possible combinations of predictors to find735

the best-performing model.

Stepwise Regression: Iteratively adds or removes predictors based on statistical sig-
nificance.

2.2.6 Unsupervised Learning
Clustering groups data points into clusters based on inherent similarities without740

predefined labels. This is useful for discovering patterns, reducing data complexity,
and detecting anomalies [144]. Common clustering methods include:

Density-Based Methods: Identify clusters as dense regions in feature space, allowing
flexible cluster shapes.

Hierarchical Methods: Form clusters in a tree-like structure, either bottom-up (Ag-745

glomerative) or top-down (Divisive).

Partitioning Methods: Divide data into clusters by optimising an objective criterion,
such as minimising intra-cluster variance.

Grid-Based Methods: Organise data into a grid structure, enabling fast clustering
regardless of dataset size.750
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2.3 Image segmentation
Image segmentation is a critical task in computer vision that involves partitioning an
image into distinct regions or objects. This process is foundational in various ap-
plications, including medical imaging, robotics, and object detection. Initially, image755

segmentation relied on classical machine learning techniques such as clustering algo-
rithms (e.g., K-means), support vector machines (SVMs), and random forests. These
methods grouped pixels into segments based on similar features like colour and tex-
ture. While adequate for simple tasks, these techniques often struggled with complex
scenes and required extensive manual feature engineering [180].760

The advent of deep learning, particularly Convolutional Neural Networks (CNNs), marked
a significant shift in image segmentation. CNNs automate feature extraction, allow-
ing for more accurate and efficient segmentation. CNN-based models have achieved
state-of-the-art performance in image segmentation [165]. They excel in capturing
spatial hierarchies in images, making them particularly suited for tasks requiring fine-765

grained segmentation. We present some selected models below.

2.3.1 U-Net
U-Net is a pioneering architecture specifically designed for biomedical image segmen-
tation. It follows an encoder-decoder structure to capture both contextual and spatial
information. The encoder captures context through downsampling, and the decoder770

reconstructs the segmentation map through upsampling. U-Net introduced skip con-
nections between corresponding layers in the encoder and decoder, preserving spatial
information (high-resolution features) lost during downsampling, Fig. 2.3. This archi-
tecture has become a standard in medical image segmentation because it can produce
precise segmentations with limited training data [172].775

Over time, U-Net’s two-dimensional design highlighted a limitation: ignoring valuable
context along the third dimension could hinder segmentation quality for 3D medical
images. To address this, Çiçek et al. expanded the U-Net’s topology to include 3D
convolutions, allowing the model to handle volumetric data better and further solidify
its relevance for biomedical imaging [34].780

2.3.2 nn-UNet
Building on U-Net’s success, nnU-Net (no-new-Net) [92] extended the concept by in-
troducing an automated, data-driven approach. Unlike U-Net, it is designed to adapt to
any medical imaging dataset without manual intervention. nnU-Net analyses the prop-
erties of each dataset, such as image size, voxel spacing, and intensity distribution,785
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Figure 2.3: U-Net architecture [172]

to tailor preprocessing, network architecture, training schedules, and post-processing
steps accordingly [93]. By dynamically configuring itself, nnU-Net eliminates manual
adjustments, making it highly versatile for imaging modalities such as MRI and CT. This
open-source framework has consistently achieved state-of-the-art performance across
diverse segmentation challenges, including the Medical Segmentation Decathlon[93].790

Moreover, a review in 2024 showed that nnU-Net’s convolution-based approach often
outperformed newer models, such as transformer-based architectures, solidifying its
reputation as a robust and adaptable tool in medical image segmentation [94].

2.3.3 TotalSegmentator
TotalSegmentator [37] extends the capabilities of nn-UNet by incorporating multi-scale795

features and attention mechanisms to improve segmentation accuracy by focusing on
relevant regions. In a single pass, it provides a comprehensive, full-body anatomi-
cal segmentation from medical images, including the brain, heart, lungs, liver, and
kidneys. Released after nnU-Net, it leverages deep learning techniques to perform
detailed segmentations while efficiently managing large-scale data, balancing high800

performance with computational efficiency.
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2.3.4 Segment Anything Model (SAM)
SAM [110] introduces a promptable interface for segmentation, where prompts can
include points, bounding boxes, or masks that guide the model in identifying regions
of interest within an image, fig 2.4.805

Figure 2.4: SAM overview [110]: image encoder outputs an image embedding
queried by input prompts to produce object masks. SAM can output multiple valid
masks and confidence scores for ambiguous prompts corresponding to more than
one object.

SAM’s architecture includes a Vision Transformer (ViT) backbone, which processes
visual features at multiple levels, enabling robust and fast segmentation of diverse im-
ages. The success of SAM lies in its ability to generalise to numerous image types
without fine-tuning, making it a powerful tool in open-world image segmentation sce-
narios, as it uses a dataset of over 1 billion masks and 11 million images.810

2.3.5 Medical Segment Anything Model (MedSAM)
MedSAM [133] adapts SAM specifically tailored for medical image segmentation tasks,
Fig. 2.5. It retains SAM’s core architecture while being fine-tuned for medical imaging
applications. MedSAM can be guided through the segmentation process using tra-
ditional point-and-box prompts, making it easy for medical professionals to interact.815

It performs well across various medical imaging modalities but may encounter chal-
lenges with highly detailed boundaries or small anatomical structures. MedSAM is
trained directly on medical imaging datasets with 1,570,263 image-mask pairs, cov-
ering 10 imaging modalities. It is trained to learn the specific features and patterns
common in medical images. While effective for general medical image segmentation820

tasks, its single-stage training approach inherits some limitations from the base SAM
model, particularly when dealing with complex medical scenarios or achieving high
boundary precision.

2.3.6 SAM2
SAM2 [162] builds upon SAM by introducing capabilities for handling video and dy-825

namic image sequences, addressing the demand for real-time segmentation in appli-
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Figure 2.5: MedSAM [133]

cations like autonomous driving and video-based object tracking. In SAM2, segmen-
tation can be guided with one prompt per sequence, allowing users to set a single seg-
mentation prompt that the model applies across an entire video or image sequence,
thus minimising the need for repetitive manual intervention. SAM2 retains the versa-830

tility of SAM but is optimised for sequence-based data, with a refined attention mech-
anism that tracks and adjusts segmentation targets across frames. This improvement
enables SAM2 to maintain spatial and temporal consistency in segmentations, making
it particularly effective for applications that rely on tracking objects or features through
time-lapse or live-feed data 2.6.835

Figure 2.6: SAM2 overview [162]: Segmentation prediction for each frame
is based on the current prompt and previously observed memories. Videos are
processed in a streaming manner, with the image encoder analysing one frame
at a time while referencing memories from past frames of the target object. The
mask decoder, which may also use input prompts, generates the segmentation
mask for the current frame. Finally, a memory encoder converts the prediction
and image encoder embeddings (not shown in the figure) for future frame use.

2.3.7 MedSAM2
MedSAM2 [134] further extends the capabilities of SAM and MedSAM to cover 3D
imaging and time-series medical data, such as ultrasound scans and real-time moni-
toring. Key features include “One-Prompt Segmentation,” enabling a single prompt to
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be applied consistently across multiple frames or slices, which is particularly beneficial840

for monitoring anatomical changes over time, fig. 2.7.

Figure 2.7: MedSAM2 [134]

This model also employs self-supervised learning and domain adaptation for improved
performance across various imaging modalities and datasets. Its architecture includes
fine-tuning the image encoder and mask decoder while freezing the prompt encoder
to prevent overfitting, alongside advanced preprocessing and data augmentation tech-845

niques to accommodate the variability in medical images.

Additionally, MedSAM2 introduces a sophisticated two-stage training strategy that markedly
improves its performance over its predecessor. It implements adapted prompt fine-
tuning in the first stage, enhancing the model’s ability to interpret and respond to user
inputs. The second stage focuses on advanced prompt-label pair adaptation, leading850

to more precise and reliable segmentations.

The model excels in complex segmentation tasks, including boundary delineation and
small structure identification. It also demonstrates superior generalisation across dif-
ferent medical imaging modalities and protocols, achieved through efficient training
data utilisation and dynamic prompt sampling.855
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2.4 3D Data representation
Deep learning owes its popularity to the availability of large training datasets, the de-
velopment of computational resources such as GPUs, and its success in extracting
lower-dimensional representations of Euclidean data. This stands in various domains,860

including medical imaging. 3D data representations can be Euclidean, such as im-
ages, videos and text or Non-Euclidean, such as Point Clouds, Graphs and Meshes,
Fig. 2.8. The latter can be of complex shape, represented by a variable size of un-
ordered nodes or points and possibly a different number of node neighbours, making
it more difficult to apply operations such as convolution on a graph than on an image865

[222], as we will see in the next section 2.5.

Figure 2.8: 3D Data Representations [2] Diagram shows an overview for the
types of 3D data representation

2.4.1 Euclidean
Euclidean representations preserve their grid-structured data by having a common
system of coordinates. In this category, the main 3D data representations are descrip-
tors, projections, RGB-D data, volumetric data and multi-view data, Fig. 2.8.870

Descriptors describe geometric or topological characteristics of the 3D shape includ-
ing surface, texture, etc. or a combination [104] [237]. They are often referred to as a
signature of the 3D shape that can be used to compare different 3D shapes. To better
represent a 3D shape, descriptors can be combined with a learning-based model to
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extract more hierarchical, distinctive features. Descriptors can be further categorised875

into local or global depending on what they describe, also based on whether the nature
of the captured geometric information is intrinsic or extrinsic [2].

• Intrinsic descriptors are measured without leaving the surface, independent of ex-
ternal references. This could be measuring lengths and angles of vectors in the
tangent space. The metric of a surface fully determines intrinsic quantities like880

geodesic distances. The Laplacian is, for example, an intrinsic operator. It is also
worth mentioning that Gaussian Curvature is intrinsic; it compares the circumfer-
ence of a geodesic circle to that of a circle in the plane with the same area and it
is commonly known as the product of the two principal curvatures k1(x), k2(x) at a
point x [217].885

• Extrinsic descriptors treat a surface as an object embedded in the Euclidean space.
The aforementioned principal curvatures are extrinsic as they are the eigenvalues
of the rate of change of the surface normal (its derivative) [217].

3D descriptors can be divided into two categories: signatures and histograms, which
are illustrated in Fig. 2.9. Signatures describe the 3D surface neighbourhood of a cer-890

tain point, called support, using an invariant local Reference Frame. One or more
geometric measurements are then measured and encoded for each point of the sup-
port. Although this method is highly descriptive, errors in the definition of the local
Reference Frame, or perturbations, can modify the resulting descriptor. Histograms
describe the support by creating histograms which encode local topological entities,895

such as mesh triangle areas or vertices, for instance, according to a certain quantity
(normal angles, curvature, etc.). For example, the histogram could show the num-
ber of vertices with the same normal angle. Histograms are considered more robust
compared to signatures but lack the descriptive power of signatures [176].

Projections The outcome of projecting 3D data into 2D space is a 2D grid with specific900

features, encapsulating key properties of the original 3D shape. Common methods are
projecting 3D data into the spherical and cylindrical domains [25] [188]. Such projec-
tions are invariant to rotations around the principal axis of the projection. This makes
3D data processing easier due to the Euclidean grid structure of the resulting projec-
tions and takes advantage of the extensively researched learning models. However,905

for tasks involving dense correspondence, projections are not optimal due to the loss
of information caused by the projection operation [191].

RGB-D images often come from RGB-D sensors, e.g., Microsoft’s Kinect. It is a com-
bination of an RGB image and its corresponding depth image. RGB-D data are simple,
cheap and yet effective representations for 3D objects to be used for different tasks910

”such as recognition, pose regression, scene reconstruction, and correspondence”
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Figure 2.9: The two main categories of 3D descriptors: signatures and histograms
[176].

[2].

Multi-view images are generated by projecting 3D objects to multiple 2D views. Su
et al. [193] succeeded in using multi-view images and a novel pooling operation for
3D shape recognition. However, just like projections, it suffers from loss of informa-915

tion.

Volumetric; voxel grids and octrees The corresponding representation of pixels in
2D images are voxels in 3D. Voxels have a regular structure, which makes them suit-
able for CNNs and yields strong performance. Their main disadvantage is that they
require high memory and calculation costs when the volumetric resolution is high. This920

limitation imposes a trade-off between memory consumption and quality because re-
construction quality critically depends on the grid resolution [76]. To address this, Oc-
trees [198] are used by sparse voxel-based methods to represent the 3D object. Octree
representations significantly reduce memory costs, but they still rely on the resolution
of leaf nodes of octree to express fine details. Octrees are not easy to implement in925

learning-based approaches because their structure is inherently disconnected as the
tree structure changes with occupancy.
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2.4.2 Non-Euclidean
Unlike Euclidean data, there is no common system of coordinates, vector space struc-
ture, or shift-invariance. As a result, for tasks like recognition or correspondence,930

processing such data would usually be on a global scale, learning the features of the
3D object as a whole.

Point Clouds are easily obtained from 3D scanners. Notably, they are of irregular
structure, making it hard to use with deep learning methods until Qi et al. introduced
PointNet and PointNet++ for 3D classification and segmentation, using pooling opera-935

tions that are order independent. ”However, learning from irregular point clouds is still
challenging and their method can only produce relatively coarse geometry.[76]”

Meshes are made up of points called vertices, pairs of vertices are connected via
edges, and these make up small triangles called faces. To model a collection of 3D
shapes, usually, one can be used as a template by which other shapes follow the same940

connectivity as that of the template. This would result in having a shape collection that
is a deformation of a template shape.

”Advantages of meshes over other shape representations should not be over-
looked. Compared to voxels, meshes are more compact and better suited to rep-
resenting finer surface details. Compared to points, meshes are more controllable
and exhibit better visual quality - Lin Gao, et al. 2019 [60].”

Graphs 3D meshes or point clouds can also be presented as graph-structured data
where the nodes of the graph correspond to the vertices of the mesh or points. Graph-
based networks generate edges that represent the connectivity between these ver-945

tices. Graphs can be directed or undirected [2]. A graph-based network looks like Fig.
2.10. Feature learning can be performed in a spatial or spectral domain, which will be
further discussed in the coming section 2.5.

Figure 2.10: Illustration of a graph-based network [77]
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2.5 Geometric Deep Learning
950 Geometric Deep Learning (GDL) is a term that encompasses deep learning methods

designed to process data in non-Euclidean domains, specifically focusing on graphs
and point clouds. GDL extends deep learning principles to handle irregularly structured
data where the relationships between data points are not uniform or grid-like. Although
seemingly new, this field has a rich history in deep learning development, particularly955

accelerated by the advances in CNNs.

The key challenge in GDL lies in adapting neural network operations, particularly con-
volutions, to these irregular structures. Unlike image data, where pixels are arranged in
a uniform grid with fixed neighbourhoods, non-Euclidean data presents varying num-
bers of neighbours and irregular connectivity patterns. This fundamental difference960

has driven the development of specialised architectures and techniques.

The field has evolved rapidly since the first GNNs were proposed in 2005 [70]. Re-
searchers have developed two main branches of solutions: methods for processing
graph data and approaches for handling manifold data, particularly 3D point clouds.

2.5.1 Point Clouds965

Point cloud processing methods are designed to handle the unique properties of 3D
data, such as its unordered structure, irregular distribution, and varying densities.
These methods share the common goal of extracting meaningful features for tasks like
object detection, segmentation and classification. They can be broadly categorised
into point Multi-Layer Perceptron (MLP)-based, convolutional, graph-based, and hier-970

archical approaches, emphasising different learning methods from spatial and geomet-
ric relationships in point clouds. Focusing on segmentation and classification tasks,
we selected some of the significant models from each category to get an understand-
ing of how these approaches work, but more comprehensive surveys can be found
here [77, 117, 160, 209].975

PointNet [155] is a pioneering MLP-based model that independently processes point
clouds by learning features for each point, then aggregates these features using a
symmetric max-pooling function to ensure permutation invariance. Its architecture
comprises three key modules: a Spatial Transformer Network (STN) to identify im-
portant points, an RNN that treats the point cloud as a sequential signal and is trained980

to be invariant to the order of the points, and a max-pooling operation to aggregate the
point features, maintaining permutation invariance. However, one major drawback of
PointNet is its inability to capture local geometric structures, as it aggregates all point
features globally, losing fine-grained shape details.
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To address this limitation, PointNet++ [156] introduced a hierarchical approach by985

grouping points into local neighbourhoods and applying feature extraction at multiple
scales. This design enables the model to capture local and global geometric features,
significantly improving performance on complex shapes. However, the increased ar-
chitectural complexity results in higher computational costs, especially when handling
high-resolution point clouds.990

Building on the idea of relational feature modelling, Dynamic Graph CNN (DGCNN)
[218], the first graph-based method for point clouds, dynamically constructs local graphs
in feature space. The key operation in DGCNN is EdgeConv, a graph convolution oper-
ation applied to each local neighbourhood, enabling the model to capture relationships
between points dynamically at each layer. The k-nearest neighbour (k-NN) graph is995

recalculated during each iteration, allowing the model to learn evolving relationships
between points throughout training adaptively. However, it also introduces computa-
tional overhead, slower training times, and higher memory requirements, particularly
for dense point clouds.

PointCNN [120] was among the first to bring the convolutional paradigm to 3D point1000

clouds without relying on voxelization or projecting onto 2D planes. This innovation
opened the door for further development of convolutional methods such as KPConv
[201], which is used for fine-grained segmentation, and FPConv [125] for classification.
Additionally, MinkowskiNet [32] and SparseConvNet [71] focus on segmentation and
classification, leveraging sparse volumetric representations to optimise memory and1005

computation.

PointGCN [239], another graph-based model, operates by constructing graphs on the
point cloud and applying graph convolutions to capture both local and global point
relationships in a more efficient manner than earlier models like DGCNN.

More recently, PointNeXt [157] revisited the hierarchical principles of PointNet++ and1010

modernised them with efficient training techniques, achieving state-of-the-art results in
point cloud processing. Similarly, hierarchical methods like RandLA-Net [85] employed
random sampling and attention mechanisms to efficiently process large-scale point
clouds, offering a balance between computational efficiency and performance.

Emerging trends in this field include transformer-based architectures like Point Trans-1015

former [242], which uses self-attention to capture global and local dependencies and
hybrid methods that combine point-based, graph-based, and grid-based representa-
tions for better performance and generalisation. However, challenges such as com-
putational efficiency, handling noisy or incomplete data, and achieving robust gener-
alisation across diverse datasets remain open areas for future research.1020
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2.5.2 Meshes and Graphs
Mesh and graph-based processing methods are specifically designed to handle struc-
tured 3D data, such as triangular meshes or graph-like representations, which en-
code a shape’s geometry and topology. These methods aim to extract meaningful
features for segmentation, classification, and shape correspondence tasks. They build1025

on the principles of GDL, leveraging the connectivity information inherent in meshes
and graphs to learn representations that capture local and global geometric proper-
ties. Meshes can be easily represented as graphs, section 2.4.2. Thus, the models
proposed for graphs can be used for meshes. Still, the opposite is not always possible
because mesh-based methods often rely on geometric properties and assumptions1030

(e.g., vertex positions, face normals) that do not exist in general graphs. This asym-
metry makes graph-based models more versatile and applicable across different data
domains. Therefore, we will talk about graph-based models in depth in the next sec-
tion.

Meshes are particularly well-suited for tasks requiring explicit geometric details, such1035

as shape analysis, segmentation, and deformation. MoNet [138] introduced a Gaus-
sian mixture model to define local coordinate systems on non-Euclidean domains,
enabling convolution-like operations on meshes for tasks such as segmentation and
correspondence. Building on the idea of adapting traditional convolutions to irregular
structures, PolyCNN [66] mapped mesh surfaces to planar domains using seamless1040

toric covers, allowing the application of standard CNN operations to surfaces, which
proved effective for classification and segmentation tasks.

MeshCNN [80] marked a significant advancement by introducing edge-based con-
volutional operators, focusing on learning edge features rather than vertex features.
This approach improved mesh-based segmentation and classification by preserving1045

mesh connectivity and geometric details. Similarly, methods like SpiralNet++ [69], and
FeaStNet [208] took advantage of mesh structures by leveraging the ordering of local
neighbourhoods for feature aggregation. These models are well-suited for learning
geometric features from 3D shapes, enabling effective segmentation, correspondence
and classification.1050

More recently, SubdivNet [86] leveraged mesh subdivision to create multi-resolution
representations, enabling the learning of geometric features at varying levels of detail.
This approach improved the model’s capacity to handle meshes of varying complex-
ities while maintaining computational efficiency. Emerging trends also include inte-
grating self-attention mechanisms, as MeshTransformer [124] demonstrated, which1055

captures both local and global dependencies across mesh structures, highlighting the
growing interest in transformer-based architectures for mesh processing.
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2.5.3 Graph Neural Networks
Graph Neural Networks (GNNs) extend the operation of Convolutional Neural Net-
works (CNNs) to non-Euclidean data, making them ideal for graphs and meshes.1060

CNNs slide a kernel over a Euclidean grid (image) to extract local features, while GNNs
extract information from a node’s neighbourhood in a graph [222]. Unlike images,
graphs have complex topologies, variable node orders, and numbers of neighbours,
making convolution more challenging. GNNs address these challenges by employ-
ing permutation-invariant functions to aggregate information for graph-level tasks like1065

classification. Message passing, the foundation of most GNN variants, involves (1)
assigning a feature vector to each node, (2) aggregating neighbourhood information,
and (3) updating node feature vectors [65]. This process is expressed mathematically
as:

ℎ
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𝑖
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ℎ
(𝑘)
𝑖
, 𝛾

(
{ℎ(𝑘)

𝑗
| 𝑗 ∈ 𝑁 (𝑖)}

))
where ℎ is a feature vector (embedding), 𝑖 is the central node that aggregates infor-1070

mation, 𝑗 is the neighbouring node in layer 𝑘. 𝜎 and 𝛾 are the update and aggregate
functions.

A general design pipeline for a GNN model is illustrated in Fig. 2.11.

Figure 2.11: GNN model pipeline [245]

GNNs can be further categorised into four types: Convolutional Graph Neural Net-
works (ConvGNNs), Recurrent Graph Neural Networks (RecGNNs), Graph Autoen-1075

coders (GAEs) and Spatial-temporal Graph Neural Networks(STGNNs) [222], as shown
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in Fig. 2.12. However, this section will focus only on ConvGNNs.
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Figure 2.12: Types of GNNs [222]
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It is important to revisit some graph theories that will help us understand GNN
model components, specially the spectral filtering methods of ConvGNNs.

For simplicity, “spectral” means it can decompose a signal, image, audio or graph
into a sum of wavelets or graphlets (simple elements). For instance, the Fourier
Transform can represent any signal as a sum of sine and cosine waves of different
frequencies. A common property is that decomposition produces simple elements
that are orthogonal. However, with graphs, “spectral” implies eigen-decomposition
of the graph Laplacian.

Graph Laplacian Matrix, has three forms [24]:

• Combinational 𝐿 = 𝐷 − 𝐴, where 𝐷 is the degree matrix (a diagonal matrix)
storing the degree of each vertex, meaning the number of edges attached to it
and 𝐴 is the adjacency matrix.

• Symmetric Normalized 𝐿𝑠𝑦𝑚 = 𝐷1/2𝐿𝐷1/2

• Random Walk Normalized 𝐿𝑟𝑤 = 𝐷−1𝐿

The graph Laplacian shows in what directions and how smoothly heat is transferred
across a graph if we start with some “potential” in a specific node. No transfer
occurs between nodes if an edge does not connect them, and the transfer is smooth
when there is no sudden change in values among neighbours.

Eigen-Decomposition of L [24] Recall the convolution theorem that states that
convolution in the spatial domain is multiplication in the frequency domain. Apply-
ing the Fourier Transform on graphs is not as trivial as with signals to transform
them to the frequency domain. For signals, Discrete Fourier Transform (DFT) is
applied to the signal by multiplying it by a DFT Matrix (a transformation matrix, ba-
sis). For graphs, eigen-decomposition is needed to obtain the basis. Therefore,
Eigenvectors U (basis) of the graph Laplacian L and Λ the eigenvalues of L are
obtained as follows:

𝐿 = 𝑈Λ𝑈𝑇

The Eigen-decomposition of a graph Laplacian extracts subgraphs, clusters (com-
munities) of nodes and mainly unsupervised learning tasks, whereas eigenvalues
encode information regarding graph connectivity.

Below are the steps that need to be taken to design a GNN model, shown in Fig.
2.11:

1. Set Graph Type [245]:1080
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Graphs can be directed, meaning the edge connecting a pair of nodes has a
direction, or it can be undirected, resulting in an undirected graph.

Also, Nodes and edges can be of the same type, making a homogeneous graph
or of different types, making a heterogeneous graph.

At last, if input features or graph structure change over time, the graph is dynamic.1085

2. Add GNN Layer components:

• Sampling Module GNN models aggregate messages for each node from its
neighbourhood in the previous layer. The size of neighbours grows exponentially
with the network’s depth. To overcome this “neighbour explosion”, sampling is
needed. Another advantage of using a sampling module specially with large1090

graphs, is to reduce storage and processing overhead of all neighbourhood in-
formation for each node when performing propagation. There are three kinds of
graph sampling modules: node, layer, and subgraph sampling [245].

• Convolution Operator Existing ConvGNN methods will fall under spectral or
spatial filtering methods. The main difference between the two categories is the1095

filtering method employed and how locally processed information is combined.

Spectral Filtering Methods define convolutions as spectral filtering, which
is implemented as the multiplication of signals on the graph with eigenvectors of
the graph Laplacian matrix.

Spatial Filtering Methods define operations e.g. convolution and pool-1100

ing in spatial domain. Usually, convolution is implemented by MLP over spatial
neighbours, and pooling generates a coarsened graph by aggregating informa-
tion from neighbouring points. Node features, such as colours, can be made of
coordinates and intensities from a 3D scanner. Geometric attributes between a
pair of points are usually set as the edge features.1105

Spectral vs Spatial It is feasible to design a new graph signal filter, hence
a new ConvGNN with a spectral model due to its theoretical foundation. How-
ever, spatial models are preferred over spectral models due to efficiency, gener-
ality, and flexibility issues; see Table 2.1.

• Skip Connection There are two orthogonal design views of a GNN: the num-1110

ber of layers or the network’s depth and aggregation size. Increasing the depth
(k layers) makes each node aggregate more information from neighbours that
are k-hops away, achieving better results. However, there is a tradeoff, as this
may degrade the GNN’s performance due to propagating noisy information from
an exponentially increasing number of neighbourhood nodes. On the other1115
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Table 2.1: Spectral vs Spatial methods [222]

Spectral Spatial

Efficiency

less efficient, need to perform
eigenvector computation or

handle the whole graph at the
same time

more scalable to large graphs
as convolutions are performed

in the graph domain via
information propagation -

performed in a batch of nodes

Generality

graph Fourier basis does not
generalise well to new graphs.
Any perturbations to a graph

change its eigenbasis

graph convolutions performed
locally per node, where weights
can be shared across different

locations

Flexibility limited to undirected graphs

operates on edge inputs,
directed graphs, signed graphs
and heterogeneous graphs as

they can be fed into the
aggregation function

hand, designing a shallow network and increasing aggregation may cause over-
smoothing because nodes would become more similar and require high compu-
tation and storage costs [249]. Therefore, adding skip connections is important
to make GNN models deeper without compromising performance [24].

• Pooling Module A pooling layer usually follows a convolutional layer to extract1120

more general information from nodes or get high-level subgraphs or graphs.
However, graphs hold rich hierarchical structures that are important, specially
for node-level and graph–level classification tasks. Therefore, it is common to
design hierarchical pooling layers on graphs. Two kinds of pooling modules exist:
direct and hierarchical [245].1125

3. Design the loss function [222]
It is based on the type of task and the training framework.

Task Type:

• Node-level such as node classification, node regression and node clustering.
Similar to section 2.2, node classification predicts a class/label for each node1130

so that they are categorised. Node regression involves predicting a continuous
value for a node. Node clustering aims to group similar nodes together, forming
clusters. RecGNNs and ConvGNNs can extract high-level node representations
using information propagation/graph convolution. End-to-end node-level tasks
can be performed by GNNs, with a multi-perceptron or a softmax layer as the1135

output layer.
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• Edge-level Involve edge classification and link prediction, which require the
model to classify edge types or predict whether an edge exists between two
given nodes and possibly the strength of the connection.

• Graph-level includes graph classification, regression and clustering. GNNs are1140

often combined with pooling and readout operations to obtain a compact repre-
sentation on the graph level.

Training frameworks:

• Semi-supervised learning is often used for node-level and edge-level classifi-
cation. The training input has only a few nodes labelled; the remaining majority is1145

unlabelled. For testing, the model is expected to predict the labels for unlabelled
and unseen new nodes.

• Supervised learning is often used for graph-level classification, and the training
input is labelled data.

• Unsupervised learning is often used for graph embedding and node clustering.1150

The model is expected to find patterns from unlabelled data.
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2.6 Mesh Registration
Mesh registration is the process of aligning two or more meshes into a common coor-
dinate system. It is a fundamental task in many applications, such as medical imaging,1155

computer vision and 3D modelling. Registration methods can be broadly categorised
into rigid and non-rigid methods, with some hybrid approaches combining elements of
both.

Point cloud registration is more common and is therefore often used for mesh regis-
tration by which the template mesh topology is used for registered point clouds given1160

correspondence has been established.

What does ”establishing correspondence across meshes” mean? For exam-
ple, this step is often a prerequisite to applying PCA, as we will demonstrate in
chapter 9. It means rearranging the order of the points in a point cloud or a mesh
so that the first vertex from one subject’s point cloud would be at the same anatom-
ical location as the first vertex in any other point cloud from any other subject in the
dataset. That way, when we average all point clouds, we get the mean shape,
allowing us to perform PCA to visualise in 3D the top modes of variation.

Registration methods can be referred to as coarse (global) if an initial transformation
is unavailable and fine (local) otherwise. Either method can follow a one-stage or a
two-stage workflow. The one-stage approach attempts to predict the transformation
between two cloud points in an end-to-end fashion without explicitly establishing the1165

correspondence. Meanwhile, the two-stage approach involves determining correspon-
dence before estimating the transformation. Four steps are commonly used for deter-
mining correspondence: (1)keypoints detection, (2)feature description, (3)descriptor
matching (nearest neighbour) and (4)outlier detection.

Common notions:
- Correspondence set 𝐾: A set of point pairs (𝑝, 𝑞) where 𝑝 belongs to the source
𝑃 and 𝑞 to the target 𝑄.
- Transformation 𝑇: A function applied to 𝑝 in the form 𝑇 (𝑝) = 𝑠𝑅𝑝 + 𝑡, where 𝑠 is
the scaling factor, 𝑅 is the rotation matrix, and 𝑡 is the translation vector.
- Objective function 𝐸 (𝑇): Measures the alignment quality between transformed
source points and target points.
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2.6.1 Rigid Registration1170

Rigid registration entails that the registered object undergoes transformations limited to
rotations and translations without any deformation. Therefore, it preserves distances
between points after registration. A proposed taxonomy for rigid registration methods
is shown in Fig. 2.13 from a recent review paper [132].

Umeyama’s Algorithm [206] is a classic approach to solving the least squares prob-1175

lem for rigid registration. It computes the optimal translation, rotation, and scaling be-
tween two sets of corresponding points. The method minimises the following objective
function over a correspondence set 𝐾:

𝐸 (𝑇) =
∑︁

(𝑝,𝑞)∈𝐾
∥𝑇 (𝑝) − 𝑞∥2

This algorithm is effective when accurate correspondences are established.

ICP - Point to Point [150] aligns two point clouds 𝑃 (source) and 𝑄 (target) itera-1180

tively:

1. Correspondence finding: Apply the current transformation 𝑇 to 𝑃 to align it with
the target point cloud𝑄 and associate each transformed point𝑇 (𝑝) with the nearest
point in 𝑄.

2. Transformation update: Minimize the objective function 𝐸 (𝑇) defined over the1185

correspondence set 𝐾 to refine 𝑇 :

𝐸 (𝑇) =
∑︁

(𝑝,𝑞)∈𝐾
∥𝑇 (𝑝) − 𝑞∥2 =

∑︁
(𝑝,𝑞)∈𝐾

∥(𝑅𝑝 + 𝑡) − 𝑞∥2

This process iteratively reduces the point-to-point distances between 𝑃 and 𝑄.

ICP - Point to Plane [30] extends the point-to-point ICP by leveraging surface nor-
mals for better alignment on structured surfaces. The objective function minimises
the squared distances between transformed source points and planes defined by the1190

normals of their corresponding target points:

𝐸 (𝑇) =
∑︁

(𝑝,𝑞)∈𝐾
((𝑇 (𝑝) − 𝑞) · 𝑛𝑞)2

where 𝑛𝑞 is the normal vector at 𝑞 in the target cloud.

Fast Global Registration (FGR) with RANSAC [246] combines feature-based match-
ing with RANSAC to estimate a robust initial transformation 𝑇 :
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1. Feature Extraction: Compute FPFH for points in 𝑃 and 𝑄, capturing local geo-1195

metric properties.

2. Feature Matching: Establish correspondences by nearest-neighbour matching in
the FPFH space, linking points in the source and target that share similar local
geometric properties.

3. Initial Transformation Estimation with RANSAC:1200

• Random Subset Sampling: Randomly select subsets of correspondences from
𝑃 and 𝑄 to form a temporary sample set 𝐾sample and compute candidate trans-
formations 𝑇 .

• Inlier Evaluation: Apply 𝑇 to all points in 𝑃 and count inliers based on a distance
threshold:1205

𝑇∗ = arg max
𝑇

∑︁
(𝑝,𝑞)∈𝐾

1(∥𝑇 (𝑝) − 𝑞∥ < threshold)

where 1(·) is an indicator function that counts a point pair as an inlier if the
distance between 𝑇 (𝑝) and 𝑞 is below the threshold.

• Maximising Inliers: Repeat the sampling and inlier evaluation steps to find 𝑇∗,
the transformation with the highest inlier count, best aligns 𝑃 and 𝑄.

2.6.2 Non-Rigid Registration1210

Non-rigid registration allows for deformations, making it suitable for cases where the
source and target meshes undergo shape changes. Unlike rigid registration, it incor-
porates an elastic component to account for non-linear deformations, allowing trans-
formations such as scaling, shearing, and bending. However, the added flexibility
increases the degrees of freedom, making the optimisation process more challenging.1215

Coherent Point Drift (CPD) - Affine Registration [142] is a probabilistic point set
registration method that models the source point cloud as a Gaussian Mixture Model
(GMM), with the target points treated as observations drawn from this GMM. It moves
the source points coherently, ensuring that nearby points move together smoothly while1220

aligning to the target, like flowing in a consistent drift. This probabilistic framework en-
ables CPD to handle both rigid and affine transformations by maximising the likelihood
that the observed points correspond to the source point distribution.

• Objective Function: CPD minimises the Negative Log-Likelihood of the GMM, con-1225

strained by an affine transformation:
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𝐸 (A, t) =
𝑁∑︁
𝑖=1

log
𝑀∑︁
𝑗=1

exp

(
−
∥A · p𝑖 + t − q 𝑗 ∥2

2𝜎2

)
,

where A is an affine transformation matrix, and 𝜎 is a variance parameter.

• Expectation-Maximisation (EM) Optimisation:
E-Step: Assigns probabilistic correspondences between source and target points,1230

estimating which source points likely correspond to which target points.

M-Step: Updates the transformation parameters 𝐴 and 𝑡 by maximising the maxi-
mum a posteriori (MAP) estimation and aligning the source with the target.

2.6.3 Deformable Registration1235

Permits local deformations while preserving spatial coherence It allows for complex,
non-linear transformations, making it suitable for registering structures with significant
shape differences.

CPD - Deformable Registration [142] extends affine CPD by allowing non-rigid de-1240

formations through spatial smoothness constraints. Points in the source can ”drift” to
match the target while preserving local coherence using a regularised displacement
field.

• Objective Function: The deformable CPD model includes an additional regularisa-
tion term to prevent unrealistic deformations, enforcing smooth transitions between1245

neighbouring points:

𝐸 (W) =
𝑁∑︁
𝑖=1

log
𝑀∑︁
𝑗=1

exp

(
−
∥p𝑖 + GW − q 𝑗 ∥2

2𝜎2

)
+ 𝜆Tr(W𝑇GW),

where W is the displacement field, G is a Gaussian kernel defining spatial relation-
ships between points, and 𝜆 is a regularisation parameter.

1250

• EM Optimisation:
E-Step: Probabilistically assigns correspondences between source and target points.
M-Step: Updates 𝑊 to minimise alignment error while enforcing smoothness, al-
lowing the source to deform non-rigidly.

Thin Plate Splines (TPS) [18] is another popular method for deformable registra-1255

tion, particularly effective for smooth deformations and is computationally efficient for
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moderate-sized datasets. TPS represents deformations as combining a global affine
transformation and a localised warping function. It employs closed-form solutions for
small datasets but often requires iterative solvers for larger problems.

The objective function minimises the bending energy of the deformation, which is mod-1260

elled as:

𝐸𝑇𝑃𝑆 =

𝑁∑︁
𝑖=1

∥q𝑖 − (A · p𝑖 + t +𝚽K)∥2 + 𝜆Tr(K𝑇𝚽K),

where:

- A is the global affine transformation.
- K is a kernel matrix computed based on the radial basis function.
- 𝚽 is the weight matrix for non-affine deformation components.1265

- 𝜆 controls the regularization to prevent overfitting.

2.6.4 Deep Learning Approaches
Deep learning-based point cloud registration methods leverage neural networks to au-
tomate alignment by learning transformation parameters between source and target1270

point clouds. These methods can be grouped in different ways, as shown in Fig. 2.14
from a recent review paper [238].

Supervised methods rely on ground-truth transformations or correspondences dur-
ing training, using loss functions that compare predicted and true transformations. For
example, 3DRegNet [145] employs a compact architecture with convolutional and fully1275

connected layers to efficiently predict rotation and translation. Innovations like FINet
[224] and DetarNet [31] decouple rotation and translation estimation, with FINet pro-
cessing them in parallel and DetarNet solving them sequentially. Despite their accu-
racy, these methods heavily depend on extensive labelled datasets, making them less
practical in real-world applications.1280

Unsupervised methods avoid the need for ground-truth labels by minimising discrep-
ancies between features or point clouds. Correspondence-free approaches, such as
PPF-FoldNet [45] and UGMM [88], focus on global alignment by using loss functions
like the Chamfer Distance to measure bidirectional discrepancies between point clouds
or Gaussian mixtures. Correspondence-based methods, such as CEMNet [98] and1285

RIENet [187], refine alignment by estimating reliable correspondences and introduc-
ing specialised losses, including neighbourhood consensus and spatial consistency
losses.
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Figure 2.13: Taxonomy of point cloud rigid registration methods [132]
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Figure 2.14: Taxonomy of deep learning based Point Cloud Registration
methods, denoted as PCR in the figure [238]
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2.7 Evaluation metrics
1290 Evaluation metrics that can be used to assess the methods used for tasks described

in section 2.2 and for mesh or point cloud registration methods from section 2.6 are
presented below.

Evaluating segmentation quality: Given 𝐴, the predicted segmentation set (e.g.,
the set of voxels or points labelled as part of a specific class by the model) and 𝐵, the1295

ground truth segmentation set (e.g., the set of voxels or points belonging to the same
class in the ground truth annotations).

• Mean Accuracy: Accuracy is computed as the ratio of correctly classified pixels
for that class to the total pixels of the same class in the ground truth. Then, the
average of per-class accuracies is calculated as:1300

Mean Accuracy =
1
𝐶

𝐶∑︁
𝑐=1

True Positives𝑐
True Positives𝑐 + False Negatives𝑐

where 𝐶 is the total number of classes (or labels).True Positives𝑐 is the number of
correctly predicted pixels for class 𝑐 and False Negatives𝑐 is the number of pixels
belonging to class 𝑐 in the ground truth but missed in the predictions.

• Mean Intersection over Union (mIoU): measures the overlap between the pre-
dicted and ground truth regions for a given class. First, IoU is calculated for each1305

class or label, and then the average is computed across all classes:

IoU =
|𝐴 ∩ 𝐵 |
|𝐴 ∪ 𝐵 | =

True Positives
True Positives + False Positives + False Negatives

• Precision: Measures the proportion of correctly predicted positives out of all pre-
dicted positives:

Precision =
True Positives

True Positives + False Positives

• Recall: Measures the proportion of actual positives correctly identified:

Recall = True Positives
True Positives + False Negatives

• Dice score: Also known as the F1-score in segmentation contexts, the dice score1310

measures the overlap or similarity between two segmentations (e.g., predicted and
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ground truth regions):
Dice score =

2|𝐴 ∩ 𝐵 |
|𝐴| + |𝐵 |

The Dice coefficient is symmetric, meaning the order of 𝐴 and 𝐵 does not matter.
This implies that the dice score will be the same if an object in the image is “under”
or “over”-segmented by the same amount.1315

• Mean Average Precision (mAP): Computed as the area under the precision-recall
curve for each class, then averaged over all classes.

• Volumetric and Surface-Based Metrics: These metrics measure similarity and
distances between segmented volumes or surfaces, reported per class label. There-
fore, these are also used to assess mesh registration by replacing 𝐴 and 𝐵 by the1320

sets of deformed (Vdeformed) and target (Vtarget) vertices.

– Dice score and IoU: Same as above, dice measures the similarity between two
meshes.

– Mean Surface Distance (MSD): first, the surface distance 𝑆𝐷𝑎, 𝐵 between point
𝑎 on surface 𝐴 and surface 𝐵 is calculated as the minimum of the Euclidian norm1325

for all the points 𝑏 on surface 𝐵. This finds the closest point on 𝐵 to the point 𝑎:

𝑆𝐷𝑎,𝐵 = min
𝑏∈𝐵

∥𝑎 − 𝑏∥2

Then, the total surface distance 𝑆𝐷𝐴𝐵 between 𝐴 and 𝐵 is calculated as the sum
of the surface distances for all points in 𝐴. Note that the distance is not assumed
to be symmetric, therefore, the surface distance 𝑆𝐷𝐵𝐴 needs to be calculated
from 𝐵 to 𝐴:1330

𝑆𝐷𝐴𝐵 =
∑︁
𝑎∈𝐴

𝑆𝐷𝑎,𝐵

Finally, the Mean Surface Distance, which is the average closest-point distance
between surfaces 𝐴 and 𝐵 is obtained by taking the mean over all 𝑁𝐴 points in
𝐴:

𝑀𝑆𝐷𝐴,𝐵 =
1
𝑁𝐴

𝑆𝐷𝐴𝐵

– Root Mean Squared Error (RMSE): A distance metric that emphasises larger
errors and quantifies the average deviation between corresponding points as1335

𝑅𝑀𝑆𝐸𝐴,𝐵 =

√√
1
𝑁𝐴

∑︁
𝑎∈𝐴

(
min
𝑏∈𝐵

∥𝑎 − 𝑏∥2

)2
=

√︄
1
𝑁𝐴

∑︁
𝑎∈𝐴

𝑆𝐷𝑎,𝐵
2

– Hausdorff Distance (HD): represents the maximal surface distance calculated
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between the surfaces A and B. This quantity is not necessarily symmetric.

𝐻𝐷𝐴𝐵 = max
𝑎∈𝐴

𝑆𝐷𝑎,𝐵

Assessing shape classification model performance: Mean accuracy, precision
and recall are commonly used, defined the same as above and ROC curves as in
Fig. 2.15.

Figure 2.15: AUROC [159]

1340

Assessing shape regression model performance: Regression models are com-
monly evaluated using metrics that quantify their predictive accuracy.

• Mean Absolute Error (MAE) measures the average magnitude of errors in pre-
dictions, given by

MAE =
1
𝑛

𝑛∑︁
𝑖=1

|𝑦𝑖 − 𝑦̂𝑖 |,

where 𝑦𝑖 is the actual value, 𝑦̂𝑖 is the predicted value, and 𝑛 is the number of1345

samples.

• coefficient of determination (𝑅2), which assesses the proportion of variance ex-
plained by the model:

𝑅2 = 1 −
∑𝑛
𝑖=1(𝑦𝑖 − 𝑦̂𝑖)2∑𝑛
𝑖=1(𝑦𝑖 − 𝑦̄)2 ,

where 𝑦̄ is the mean of the actual values. Higher 𝑅2 values and lower MAE indicate
better model performance.1350
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Chapter 3

Datasets
This chapter provides an overview of the image acquisition and pre-processing meth-
ods used to create the datasets for the studies in the succeeding chapters. Section1355

3.1.1 to Section 3.1.5 detail the acquisition protocols and metadata available for each
dataset: UKBB, CamCAN, IXI, OASIS3 and E-HVols, spanning a variety of MRI scan-
ners and protocols across healthy and diseased cohorts. Section 3.2 describes the
pre-processing pipeline applied to align these datasets, including skull stripping, bias
field correction, and segmentation. However, a custom pipeline was developed for the1360

E-HVols dataset presented separately in chapters 8 and 9. Lastly, Section 3.3 intro-
duces the graph representation of segmented structures, detailing the node features
and edge attributes used to analyse shape information, which is used for all datasets,
including the E-HVols.

1365
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3.1 Image acquisition and meta-data

3.1.1 UK Biobank (UKBB)
T1-weighted images of healthy volunteers were collected at the UKBB imaging cen-
tre using a 3T Siemens Skyra scanner with a 32-channel receiver head coil. Images1370

were acquired following the 3D MPRAGE protocol; R=2, TR=2000ms, TE=385ms,
TI=880ms; FOV=208x256x256mm; 1mm isotropic; Duration 4minutes 54s. This dataset
was used for training our models because it is the largest of all our datasets. It consists
of 13,749 samples, 47 % females, and the mean age of the volunteers is 61 years,
ranging from 44 to 73 years old.1375

3.1.2 Cambridge Centre for Ageing and Neuroscience
(Cam-CAN)

All subjects were scanned at the Medical Research Council Cognition and Brain Sci-
ences Unit in Cambridge, UK, using a 3T Siemens TIM Trio scanner equipped with a
32-channel receive head coil. T1-weighted images used were acquired following the1380

3D MPRAGE protocol; TR=2250ms, TE=2.99ms, TI=900ms; FA=9 deg; FOV=256x240x192mm;
1mm isotropic; GRAPPA=2; TA=4mins 32s. Cam-CAN has 652 samples, of which
51% are females, with a mean age of 54, ranging from 18 to 88 years old.

3.1.3 Information eXtraction from Images (IXI)
All individuals participating were scanned at the Guy’s Hospital using a 1.5T Philips1385

scanner, Hammersmith Hospital, which used a 3T Philips system, and the Institute of
Psychiatry, which used a GE 1.5T system. The following were the acquisition param-
eters: TE = 4.603ms, TR = 9.813ms, spatial resolution = 0.94 × 0.94 × 1.2mm3 in
T1-weighted images. IXI has 563 samples, of which 58% are females, with a mean
age of 49, ranging from 20 to 86 years old.1390

3.1.4 Open Access Series of Imaging Studies (OASIS-3)
We also use the OASIS-3 dataset with 716 cognitively normal participants and 318 par-
ticipants who reached various stages of cognitive decline during the study for Alzheimer’s
disease (AD) classification [112]. The cognitive status is reflected in the clinical de-
mentia rating (CDR) that accompanies the imaging dataset, with subjects receiving a1395

score of 0 for healthy, 0.5 for very mild dementia, 1 for mild dementia, 2 for moderate
dementia and 3 for severe dementia [140]. The CDR is collected in clinical sessions,
separate from the imaging sessions; meaning sessions must be ‘matched’ to get an
{image, CDR score} pair. We match the clinical diagnosis closest in time to each scan
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before filtering out samples where the absolute time difference between the scan and1400

clinical assessment is greater than 365 days. We only use one scan per subject to
avoid difficulties in assigning scans to training, validation, and testing, leaving 1,084
unique scans. We excluded 50 samples because their sex or age information was
missing. The final set of 1,034 comprises 716, 188, 111, 18 and 1 samples, for CDR
of 0, 0.5, 1, 2 and 3, respectively. We binarise CDR to 0 and 1 (for CDR scores 0.5, 1,1405

2 and 3). The average age within the final set is 72, ranging from 42 to 97. Females
constitute 55% of the final set.

3.1.5 Egyptian Healthy Volunteers (E-HVols)
Data was acquired from a cohort size of 744 subjects that have standard aortic dimen-
sions and shape. Hence, these were used for training and evaluating aortic segmen-1410

tation models in chapter 8 and for investigating different methods of mesh registration
in chapter 9. The data collected from the 744 subjects come from two groups: 625
who volunteered for the study, and the remaining had complaints that did not affect
the aortic shape. Therefore, for chapter 9, where we explore the data and run base-
line prediction models, we excluded that latter group to ensure we only study healthy1415

subjects. Out of the volunteered 625, 26 were labelled as unhealthy by the clinicians
at the AHC.

Informed consent was obtained from the self-admitted volunteers before conducting
the study. Under the Egyptian Healthy Volunteers Study E-HVol [1] – approved by
the AHC research ethics committee (20160401MYFAHC HVOL), cardiovascular imaging1420

(CMR, ECHO and ECG), next-generation sequencing (NGS) and other clinical assess-
ments were acquired, at the AHC. CMR imaging scans were performed on E-HVols
using a Siemens Magnetom Aera 1.5 Tesla MRI scanner at AHC, acquired using the
tfi3D-fs-free breathing navigator sequence. The pixel spacing and slice thickness
of the images were 2.0mm and 1.6mm, respectively.1425
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3.2 Image post-processing
The UKBB data comes pre-processed with already extracted meshes for 15 subcor-
tical brain structures1, see section 2.1.2. We apply our own processing pipeline to
Cam-CAN, IXI and OASIS-3 to match UKBB as closely as possible:1430

1) Skull stripping with ROBEX v1.22 [91]
2) Bias field correction with N4ITK3 [204]
3) Sub-cortical brain structure segmentation and meshing using FSL FIRST 4 [149].

For the E-HVols dataset, we develop a custom pipeline for segmentation and meshing
described in chapter 8 and chapter 9.1435

1Brain stem, left/right thalamus, caudate, putamen, pallidum, hippocampus, amygdala, accumbens-
area

2https://www.nitrc.org/projects/robex
3https://itk.org
4https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FIRST
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3.3 Graph representation
The extracted shapes from segmenting the images are represented by meshes as
undirected graphs composed of nodes, connected by edges forming triangular faces.

Node representation The meshes are defined by a set of nodes and edges, where1440

both can carry additional information. Nodes can encode arbitrary feature vectors,
from spatial information such as mesh coordinates to more complex, geometric feature
descriptors. In computer vision, hand-crafted features based on carefully designed de-
scriptors have been largely abandoned in the end-to-end deep learning paradigm [12].
However, in the case of shape analysis, we believe there is value in sophisticated, geo-1445

metrical feature extractors, especially when there is limited training data. We evaluate
the use of Fast Point Feature Histograms (FPFH) [174] as node features and compare
these with positional node features in the form of Cartesian coordinates and without
node features (realised by setting constant values).
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Figure 3.1: PFH calculation k-neighbourhood (left), Darboux frame definition
and obtaining angular features (right).
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To calculate FPFH features on a 3D point cloud or mesh, the following steps are
performed:
First, a Point Feature Histogram (PFH) is computed for each query point 𝑝𝑟 ; Fig.
3.1:

1. Select all neighbouring points 𝑝𝑘 inside a 3D sphere of radius 𝑟 centred at 𝑝𝑟
(k-neighbourhood)

2. For each point pair (𝑝𝑟 , 𝑝𝑘 ) in the k-neighbourhood, estimate their normals 𝑛𝑟
and 𝑛𝑘 .

3. For each pair, define a Darboux frame as:

𝑢 = 𝑛𝑟

𝑣 = (𝑝𝑘 − 𝑝𝑟) × 𝑢

𝑤 = 𝑢 × 𝑣

4. Compute three angular features:
Angle between normal 𝑛𝑘 and 𝑣 axis 𝛼 = 𝑣 · 𝑛𝑘
Angle between normal 𝑛𝑟 and point difference vector 𝜙 =

𝑢·(𝑝𝑘−𝑝𝑟 )
∥𝑝𝑘−𝑝𝑟 ∥

Angle between normal projections 𝜃 = atan2(𝑤 · 𝑛𝑘 , 𝑢 · 𝑛𝑘 )

Next, a Simplified Point Feature Histogram (SPFH) is computed for each point by
binning the (𝛼, 𝜙, 𝜃) features of its neighbours [175].

Finally, the FPFH feature at point 𝑝𝑟 combines both its own SPFH and the weighted
SPFH values of its neighbours. This weighting scheme considers the spatial dis-
tances between points, giving less influence to more distant neighbours, Fig. 3.2.
The FPFH for point 𝑝𝑟 is calculated as:

𝐹𝑃𝐹𝐻 (𝑝𝑟) = 𝑆𝑃𝐹𝐻 (𝑝𝑟) +
1
𝑁

𝑁∑︁
𝑘=1

𝑆𝑃𝐹𝐻 (𝑝𝑘 )

𝑝𝑘 − 𝑝𝑟


where:
- 𝑁 is the number of neighbours within the sampling radius 𝑟 from 𝑝𝑟 .
-


𝑝𝑘 − 𝑝𝑟

 is the Euclidean distance between points 𝑝𝑘 and 𝑝𝑟 . The weight 1

∥𝑝𝑘−𝑝𝑟 ∥
ensures that closer neighbours have more influence on the final histogram.

In our implementation, we used a sampling radius of 10mm and a maximum of
100 neighbours (i.e. k=100), which balances feature descriptiveness and computa-
tional efficiency well (unless mentioned otherwise, in the following chapters).

Nairouz Shehata Shape Analysis using GNNs 68



3.3. Graph representation Datasets

[𝛼!! , ∅!! , 𝜃!!]

𝑃" 𝑃#

𝑃$

𝑃%

𝑃&

𝑃'

SPFH FPFH

SPFH sampling radius

FPFH sampling radius

𝑃!

Figure 3.2: FPFH representation using nearby SPFH

Edge representation In addition to the node features, we encode edge attributes1450

in terms of relative spherical coordinates between two nodes. Edge attributes are
processed only within SplineCNN layers but otherwise ignored in both GCNConv and
GraphConv layers (which we will use in our comparative study in the next chapter 4),
as these can only use edge weights and not attributes.
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Chapter 41455

A Comparative Study of Graph
Neural Networks for Shape
Classification in Neuroimaging
Graph Neural Networks (GNNs) have emerged as a promising approach for analysing1460

non-Euclidean data such as meshes. In medical imaging, mesh-like data plays an im-
portant role in modelling anatomical structures, and shape classification can be used
in computer-aided diagnosis and disease detection. However, with a plethora of op-
tions, the best architectural choices for medical shape analysis using GNNs remain
unclear.1465

We conduct a comparative analysis to provide practitioners with an overview of the cur-
rent state-of-the-art in geometric deep learning for shape classification in neuroimag-
ing. Using biological sex classification as a proof-of-concept task, we compare the
performance of three alternative convolutional layers and reinforce the importance of
data augmentation for graph-based learning. We find that using Fast Point Feature1470

Histograms (FPFH) as node features substantially improves GNN performance and
generalisation to out-of-distribution data. We then confirm these results hold for a
clinically relevant task, using the classification of Alzheimer’s disease.

This chapter is based on the following publication:

Shehata, N., Bain, W., and Glocker, B. “A Comparative Study of Graph
Neural Networks for Shape Classification in Neuroimaging”. In: Pro-
ceedings of the First International Workshop on Geometric Deep Learn-
ing in Medical Image Analysis. Vol. 194. Proceedings of Machine
Learning Research. PMLR, 18 Nov 2022, pp. 160–171
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4.1 Introduction
1475 Geometric deep learning generalises classical neural network models to non-Euclidean

domains such as point clouds, graphs, or meshes [222]. It has therefore become
popular across various fields ranging from computer vision [245] and physics [189],
to healthcare topics [42] such as disease prediction [103], drug discovery [118], and
brain connectome analysis [107].1480

A recent study [177] investigated the expressiveness of mesh representations for dis-
ease classification. We complement these findings by conducting a comparative study
evaluating different GNNs to classify anatomical meshes extracted from neuroimaging
data. We propose a simple yet effective multi-graph architecture with a shared sub-
model for learning shape embeddings (see Fig. 4.1). We compare different graph con-1485

volutional layers are compared; GCNConv [109], GraphConv [139], and SplineCNN
[57]. In all cases, we observe substantial performance improvements when using
FPFH as node features, which, to our knowledge, has not been explored before. We
also investigate the effect of data augmentation, finding improvements in generalisa-
tion to data from new domains. Our findings on the proof of concept task of biological1490

sex classification are confirmed on the clinically relevant diagnostic task of Alzheimer’s
disease classification.

MRI segmentation &
3D reconstruction of
15 substructures

N meshes                             Shared Submodel Embedding FC1 FC2

Classifier

HNH

Stacked
Embedding

Select N substructures & obtain embedding

N

H
H

H

H

N

INPUT FEATURE LEARNING CLASSIFICATION

H H H

Global 
Mean 

Pooling

Figure 4.1: Proposed multi-graph architecture N is the number of meshes
(here, N=15), H is the number of hidden features (H = 32), and FC is a fully con-
nected layer.
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4.2 Mutli-graph Architecture
As the field of geometric deep learning has expanded, the architectural choices avail-1495

able to practitioners have proliferated. Here, we outline our approach in three key
aspects: the type of convolutional layer used, the number of convolutional submodels,
and the type of geometric features encoded at the node level.

4.2.1 Selected graph convolutional operators
Graph convolutional operations are analogous to Convolutional Neural Networks (CNN)1500

operations on images, respecting the additional invariants that arise in this domain,
permutation invariance being key due to the artificial ordering of nodes that arises
when representing graphs. As shown in [20], many GNNs follow a blueprint of ‘mes-
sage passing’ [65], whereby node features are updated using an aggregation on the
features of nodes in their neighbourhood, but there is significant variance in how this1505

is done. In this paper, we compare three seminal graph convolutional layers from the
literature: GCNConv [109], GraphConv [139], and SplineCNN [57]. We refer the read-
ers to the original papers for details. Existing literature has compared GCNConv and
GraphConv [139, 225], and we extend this to medical imaging.

GCNConv [109] proposed that the update and aggregate functions are combined
into one operation; the update is incorporated by adding a self-loop for a particular
node and including it in the summation, and the aggregate function is the sum oper-
ation of neighbour embedding normalised by node degrees where a weight matrix
first transforms node features. This can be described mathematically as:

ℎ
(𝑘+1)
𝑖

= 𝜎

©­­­«
∑︁

𝑗∈𝑁 (𝑖)∪𝑖

1√︁
𝑑𝑖

√︃
𝑑 𝑗

ℎ
(𝑘)
𝑗
𝑊 (𝑘)

ª®®®¬
Where:
- ℎ(𝑘+1)

𝑖
is the updated feature vector of node 𝑖 at layer 𝑘 + 1

- 𝜎 is a non-linear activation function
- 𝑁 (𝑖) is the set of neighbours of node 𝑖
- 𝑑𝑖 = 𝑑𝑖 + 1 is the degree of node 𝑖 plus one (to account for the self-loop)
- ℎ(𝑘)

𝑗
is the feature vector of node 𝑗 at layer 𝑘

- 𝑊 (𝑘) is the learnable weight matrix at layer 𝑘
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GraphConv The GraphConv layer proposed by [139] omits the normalisation step
of the GCNConv, as applying neighbourhood normalisation can reduce the ability
of GNNs to distinguish certain graph structures [139, 225]. Instead, it introduces a
simple skip-connection to increase the self-weight of each node.

ℎ
(𝑘+1)
𝑖

= 𝜎
©­«

∑︁
𝑗∈𝑁 (𝑖)

ℎ
(𝑘)
𝑗
𝑊 (𝑘) + ℎ(𝑘)

𝑖

ª®¬
Where:
- ℎ(𝑘+1)

𝑖
is the updated feature vector of node 𝑖 at layer 𝑘 + 1

- 𝜎 is a non-linear activation function
- 𝑁 (𝑖) is the set of neighbours of node 𝑖
- ℎ(𝑘)

𝑗
is the feature vector of node 𝑗 at layer 𝑘

- 𝑊 (𝑘) is the learnable weight matrix at layer 𝑘
- ℎ(𝑘)

𝑖
represents the skip-connection

SplineCNN SplineCNN proposed by [57] aggregates features ℎ 𝑗 in the spatial do-
main, leveraging the local support properties of B-spline basis functions, where for
all inputs outside a known interval they evaluate to zero [152]. The continuous ker-
nel function 𝑔𝑙 , using B-spline bases, is parametrised by a fixed number of trainable
weights 𝑤𝑝,𝑙 , where 𝑙 indexes input feature maps 𝑀𝑖𝑛 and therefore the computa-
tion time is independent of kernel size. This leads to speed improvements over
comparable methods. Another key difference from other spectral methods is that
information is not only encoded in connectivity, edge weights and node features but
also in the relative position of nodes. Therefore, SplineCNN can incorporate edge
features in feature aggregation by which the kernel function 𝑔 maps pseudo coor-
dinates 𝑢(𝑖, 𝑗) (e.g. cartesian, spherical or polar node coordinates) to a scalar that
is used as a weight for feature aggregation [57]. The spatial convolution operator
for a central node 𝑖 is given by:

(ℎ ∗ 𝑔) (𝑖) = 1
|𝑁 (𝑖) |

𝑀𝑖𝑛∑︁
𝑙=1

∑︁
𝑗∈𝑁 (𝑖)

ℎ𝑙 ( 𝑗) · 𝑔𝑙 (𝑢(𝑖, 𝑗))

This can be reduced to:

(ℎ𝑙 ∗ 𝑔𝑙) (𝑖) =
∑︁
𝑗∈𝑁 (𝑖),

𝑝∈𝑃(𝑢(𝑖, 𝑗))

ℎ𝑙 ( 𝑗) · 𝑤𝑝,𝑙 · 𝐵𝑝 (𝑢(𝑖, 𝑗))
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Where:
- ℎ𝑙 ( 𝑗) is the 𝑙-th feature of node 𝑗

- 𝑔𝑙 is the continuous kernel function for the 𝑙-th input feature map
- 𝑢(𝑖, 𝑗) represents the pseudo coordinates between nodes 𝑖 and 𝑗

- 𝑁 (𝑖) is the set of neighbours of node 𝑖
- 𝑀𝑖𝑛 is the number of input feature maps
- 𝑤𝑝,𝑙 are trainable weights
- 𝐵𝑝 is the product of B-spline basis functions
- 𝑃(𝑢(𝑖, 𝑗)) is the set of non-zero basis functions for 𝑢(𝑖, 𝑗)

4.2.2 Shared versus non-shared submodel1510

Multiple subcortical structure subgraphs may be extracted simultaneously from a single
sample brain scan, but one must also choose how to utilise them. One option is to
combine them into a single multigraph per sample [27, 214]. However, it might not be
obvious how to define edges between graphs of different anatomical structures.

Alternatively, as in this study, each subgraph can either be input to a single, shared1515

GNN or multiple GNNs, with the results then combined into a sample-level output.
The approach using the single shared GNN learns from all 15 subgraphs. Here, the
weights of the graph convolutional layers are shared across brain structures. The
shared submodel approach is parameter-efficient and aims to learn generic shape
features. While the other, the non-shared GNN (also referred to as non-shared sub-1520

model), is inputting each subgraph to a separate GNN, i.e. the number of (sub) GNNs
is equal to the number of subgraphs per sample [84]. The latter approach allows each
(sub) GNN to learn structure-specific embeddings, whilst the former encourages the
GNN to generalise the learning across structures.

Initially, we tested both a single shared and structure-specific GNN submodel, finding1525

that the performance was comparable. Using a shared submodel significantly reduces
the number of parameters. Given considerations on neural networks training time
[116], cost [219], and environmental impact [192], our preliminary results led us to use
a shared GNN in this study: each brain substructure is passed to the shared submodel
to obtain an embedding. We use three convolutional layers in the submodel with ReLU1530

activations. A global average pooling layer is used as a readout layer to aggregate the
node representations into one graph embedding. These embeddings are stacked and
passed through a fully connected layer for final classification (cf. Fig. 4.1).
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N

N N

Figure 4.2: Non-shared submodel (left), shared submodel (right) Each sub-
GNN learns structure-specific embedding. Shared GNN learns from all sub-
graphs, generalising learnings across structures
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4.3 Experiments
1535 The experiments were designed to evaluate and compare three main aspects: (i) the

choice of convolutional layers for the shared submodel; (ii) the choice of node features;
(iii) the effect of data augmentation on robustness and generalisation, Figure 4.3.

H H H

Global 
Mean 

Pooling

Type of Convolution Layer 
in Shared submodel

Nodes
Edges

Type of geometric features 
encoded at the node level 

FPFH
Positional
None (constant) GCNConv

GraphConv
SplineCNN

Data Augmentation: 
random translation by 
setting a max offset

None
0.1mm
0.5 mm
1.0 mm

Figure 4.3: Aspects of comparison; choice of node features (left), data augmen-
tation by perturbing the nodes (top-right) and type of convolutional layers (bottom-
right)

4.3.1 Implementation and training
We use the Adam optimiser with a learning rate of 0.001 and the standard cross-1540

entropy loss as the classification objective function. To increase the variability of the
training data and to avoid overfitting, we employ a simple data augmentation strategy
[244]. Individual graph nodes are randomly translated by a maximum offset. We eval-
uate the effect of the strength of augmentation and test maximum offsets of 0.1mm,
0.5mm, and 1.0mm, Fig. 4.3 top-right. Given the limited amount of training data, data1545

augmentation should be beneficial for improving classification accuracy across differ-
ent datasets.

All our implementations were done in PyTorch, benefiting from the excellent PyTorch
Geometric library1. We use PyTorch Lightning2 for ease of implementation of the
model and data structures.1550

1https://pytorch-geometric.readthedocs.io/
2https://www.pytorchlightning.ai/
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4.3.2 Task 1: Biological sex classification
We use biological sex classification as a proof-of-concept task because several neu-
roimaging datasets from different sources are available for extensive testing. We use
the UKBB data for the model development, with a data split of 70%, 10%, and 20%
for training, validation, and testing. The batch size was set to 128, and all hidden fea-1555

tures were set to 32 (both for convolutional and fully connected layers). When using
SplineCNN, we set the kernel size to 5 and use the sum aggregation. The maximum
number of training epochs was set to 50. Through iterative evaluation of training curves
in TensorBoard, we determined 50 epochs as the maximum required for all models to
converge, with some architectures stabilising earlier. We retained the model with the1560

highest validation performance for the final evaluation on the test set.

Effect of node features To evaluate the effectiveness of different node features,
in our first set of experiments, we employed SplineCNN in the shared convolutional
submodel (as these performed well in the initial experimentation). We then evaluated
classification performance on the UKBB test set, Cam-CAN, IXI, and OASIS-3 using1565

constant, positional, and FPFH node features.

The ROC curves in Fig. 4.4 show that FPFH substantially outperforms other node fea-
tures on all four datasets. It is worth noting that while positional features perform well
on the in-distribution UKBB test set, these features underperform on out-of-distribution
test sets. This is due to their reliance on Cartesian coordinates of mesh nodes, which1570

do not generalise well due to differences in data acquisition. FPFH, on the other hand,
are invariant to the pose of the mesh and show much better generalisation across
datasets.

Effect of data augmentation Next, we evaluate the effect of varying strengths of
data augmentation. The maximum offset for the random node translation varies from1575

0 (no augmentation) to 0.1, 0.5, and 1.0mm. The ROC curves in Fig. 4.5 demon-
strate the benefit of data augmentation on robustness and generalisation. The best
performance is achieved using data augmentation of 0.1, which increased AUC by 4-
5% compared to not using augmentation. While data augmentation slightly decreases
the performance on the in-distribution UKBB test set, it substantially improves perfor-1580

mance on all out-of-distribution test sets, confirming the importance of adding random
perturbations to the training data.

Effect of convolution layer Finally, we evaluate the three different convolutional
layers, using FPFH as the node features and data augmentation of 0.1mm. In Fig.
4.6a, we observe similar performance for SplineCNN and GCNConv, closely followed1585
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Figure 4.4: ROC curves for sex classification comparing different node fea-
tures across the datasets UKBB, Cam-CAN, IXI, OASIS-3 using SplineCNN in the
submodel.

by GraphConv.

4.3.3 Task 2: Alzheimer’s disease classification
To confirm whether the above findings hold for a clinically relevant task, we consider
Alzheimer’s disease (AD) classification on OASIS-3 with a 70%, 10%, and 20% train,
validation, and test split. We evaluate the effect of the convolutional layer using a larger1590

amount of data augmentation of 0.5mm due to the smaller amount of training data. We
then also evaluate the effect of node features for AD classification, using SplineCNN in
the submodel for consistency with the sex classification experiments. The results are
shown in Fig. 4.6b and 4.6c. GCNConv performs slightly better than SplineCNN, with a
substantially decreased performance for GraphConv. FPFH features again outperform1595

other node features.

4.3.4 Bias analyses
We also investigated potential biases in the predictions regarding subgroup perfor-
mance disparities. To this end, we first analysed the biological sex classification model
stratified by age groups. As the training data from UKBB only covers a limited age1600
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Figure 4.5: ROC curves showing the effect of data augmentation for sex classi-
fication across domains, using SplineCNN as the shared submodel and FPFH as
node features.
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Figure 4.6: Effect of convolution layer for (a) sex and (b) Alzheimer’s disease
classification. (c) Effect of node features on AD classification. All were evaluated
on OASIS-3.

range between 44 and 73-year-old subjects, we wanted to understand whether the
performance might degrade for younger subjects. However, the results shown in Fig.
4.7a suggest that the sex classification model with SplineCNN and FPFH features
generalises well across the entire age range. Both Cam-CAN and IXI contain many
subjects in the range of 18 to 40 years. Next, we analysed whether sex classification1605

may be affected by disease status. Here, we looked at the classification performance
separately for the group of healthy controls and subjects with Alzheimer’s disease.
Again, we find no differences in the classification accuracy, suggesting that the sex
classification model generalises well (cf. Fig. 4.7b).
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Figure 4.7: Bias analysis for sex classification using SplineCNN with FPFH
features. Classification performance is stratified by (a) age groups and (b) the
presence of disease.
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4.4 Conclusion1610

This comparative study evaluated the effect of node features, convolutional layers, and
data augmentation on two different tasks and four datasets in medical shape classi-
fication with graph neural networks. We find that the use of FPFH features is highly
beneficial, substantially improving classification performance on out-of-distribution test1615

data. The FPFH features alleviate the need for data normalisation, such as mesh align-
ment, due to their pose invariance. We are not aware of earlier studies proposing the
use of FPFH in GNNs. We further find that SplineCNN and GCNConv are both vi-
able options for the convolutional layers, yielding comparable performance. We also
conclude that data augmentation is essential in GNNs, in particular, when the amount1620

of training data is limited. We find that stronger data augmentation is beneficial, in
particular for Alzheimer’s disease classification, where the training set contained less
than 800 samples. AD classification performance was overall promising, and in line
with a recent study evaluating data representations [177]. This should be confirmed
in future work on other datasets for AD classification, such as ADNI.1625

A limitation of this work is that only relatively simple data augmentation was considered
in the form of perturbing the mesh node positions. Recently, there has been work on
more advanced data augmentation techniques for graph neural networks [47], such
as removing a certain number of edges either randomly [171] or based on the GNN
predictions, adjusting the graph in an adaptive manner [28], to name a few. In future1630

work, it would be interesting to evaluate the effect of these more advanced techniques
on medical shape classification.
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Chapter 5

The Importance of Model Inspection1635

for Better Understanding
Performance Characteristics of
Graph Neural Networks
This chapter extends the comparative performance analyses from chapter 4 by high-
lighting the importance of conducting a comprehensive model inspection. Here, we1640

investigate the effect of modelling choices on the feature learning characteristics of
GNNs applied to a brain shape classification task. Specifically, we analyse the ef-
fect of using parameter-efficient, shared graph convolutional submodels compared to
structure-specific, non-shared submodels. Further, we assess the effect of mesh reg-
istration as part of the data harmonisation pipeline. We find substantial differences1645

in the feature embeddings at different layers of the models. Our results highlight that
test accuracy alone cannot identify important model characteristics such as encoded
biases related to the data source or potentially non-discriminative features learned in
submodels. Our model inspection framework offers a valuable tool for practitioners to
better understand the performance characteristics of deep learning models in medical1650

imaging.

This chapter is based on the following publication:

Shehata, N., Pic¸arra, C., Kazi, A., et al. “The Importance of
Model Inspection for Better Understanding Performance Character-
istics of Graph Neural Networks”. In: 2024 IEEE International
Symposium on Biomedical Imaging (ISBI). 2024, pp. 1–5. DOI:
10.1109/ISBI56570.2024.10635526.
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5.1 Introduction
Understanding biological sex-based differences in brain anatomy provides valuable
insights into both neurodevelopmental processes and cognitive functioning. Recent1655

strides in the field of geometric deep learning [19], particularly the advent of Graph
Neural Networks (GNNs), have revolutionised the analysis of complex, non-Euclidean
data [222] to make predictions at a node, edge, or graph-level. This allows us to treat
brain shapes as graphs, leveraging the power of GNNs to learn from complex struc-
tural anatomical data [177]. Discriminative feature embeddings can be withdrawn from1660

these models, representing brain shapes as a continuous vector of numerical features
that capture valuable structural and geometrical information for downstream prediction
tasks [14]. Techniques like Principal Component Analysis (PCA) can be used to re-
duce the dimensionality of graph embeddings for visualisation, aiding the exploration
of subgroup biases in the feature space beyond the target label. This analysis may1665

help practitioners ensure the reliability of their predictions and is particularly important
in applications where GNNs feature embeddings may be leveraged for new tasks, such
as fine-tuning, domain transfer, or multi-modal approaches.

In this study, we dissect GNN models trained under different settings for the task of
sex classification using 3D meshes of segmented brain structures. We inspect the1670

learned feature embeddings at different layers within a multi-graph neural network ar-
chitecture. Through this granular analysis, we reveal critical insights into the inner
workings of our models, identifying important effects of different modelling choices.
This research demonstrates the utility of conducting a model inspection framework as
part of model development, highlighting insights that may guide practitioners in the1675

selection of models with desired characteristics, avoiding biases, overfitting and better
understanding the driving forces behind predictions.
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5.2 Methods
5.2.1 Multi-graph neural network architecture1680

We use the same model as described in chapter 4, which is comprised of two main
components; the GCN submodel which aims to learn graph embeddings over 3D
meshes using multiple graph convolutional layers and an MLP classification head that
takes the graph embeddings as inputs and performs the final classification using two
fully connected layers (cf. Fig. 5.1).1685

The input to our models is 15 subgraphs representing 15 brain structures, extracted
from T1-weighted brain scans. We consider two approaches for learning graph em-
beddings with GCN submodels, either using a shared submodel or non-shared (please
refer to section 4.2.2 for details on shared vs non-shared submodels).

As before, in both approaches, the architecture of the GCN submodel is identical and1690

consists of three graph convolutional layers [109] with Rectified Linear Unit (ReLU)
activations. A global average pooling layer is used as a readout layer, aggregating
node representations into a single graph-level feature embedding. The embeddings
from individual structures are stacked to form a subject-level feature embedding which
is passed to the classification head.1695

Figure 5.1: Model architecture consisting of a graph convolutional network
(GCN) submodel feeding graph embeddings into a classification head with two
fully connected layers (FC1 and FC2), where N is the number of brain substruc-
tures, 15. For our model inspection, we read out the feature vectors from the GCN
submodel, FC1, and FC2.
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5.2.2 Model inspection
Our model inspection approach is focused on evaluating the separability of the target
label (biological sex, Male and Female) and data source classes (UKBB, CamCAN, IXI
or OASIS3) through feature inspection - datasets detailed in chapter 3. Each test set
sample is passed through the complete pipeline and its feature embeddings are saved1700

at three different stages: at the output layer of the GCN submodel and at the first (FC1)
and second (FC2) fully connected layers of the classification head. The dimensions of
these embeddings are, respectively, 480 (15 substructures times the hidden layer size,
32), 32 and 2. To allow for visual inspection, the feature embeddings from the GCN
and FC1 layers are inputted to a PCA model to reduce their dimensionality. The PCA1705

modes capture the directions of the largest variation in the high-dimensional feature
space, allowing us to visualise feature separation in 2D scatter plots. We randomly
sample 500 subjects from each dataset for the visualisations. Given that all the models
were trained to classify biological sex, a clear separation should be expected between
the Male and Female classes in the first PCA modes.1710
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5.3 Experiments & Results
For a thorough evaluation, we trained and tested the four models - shared and non-
shared GCN submodels, and with and without mesh rigid registration - on identical
data splits. All code was developed using PyTorch Geometric and PyTorch Lightning1715

for model implementation and data handling. We used the Adam optimiser [108] with a
learning rate of 0.001, and employed the standard cross-entropy loss for classification.
Random node translation was used as a data augmentation strategy with a maximum
offset of 0.1mm [244]. This was shown to improve performance in our previous study
from chapter 4. Model selection was done based on the loss of the validation set. Our1720

code is made publicly available1.

5.3.1 Classification performance
Figure 5.2 summarises the classification performance of the four models, showing the
ROC curves and the area under the curve (AUC) metric, reported separately for each
of the four test datasets. There are two main observations: (i) There are very few differ-1725

ences in the absolute performance across the four models. Comparing the shared vs
non-shared submodel, the AUC performance is comparable. When comparing models
with and without mesh registration, we find the generalisation gap decreases between
the in-distribution test (UKBB) and the external test data (CamCAN, IXI, OASIS3).
However, we also observe a small drop in performance on the in-distribution test data1730

when using mesh registration, compared to not using registration. A practitioner using
internal test results for final model selection may opt for using a shared submodel due
to its parameter efficiency, without mesh registration due to convenience. As we will
see next, this choice may be suboptimal as test accuracy alone is insufficient to identify
important model characteristics.1735

The similar performance between the four models, suggests that global shape patterns
rather than fine-grained local correspondences primarily drive the classification task.
The GNNs capture relational and structural information robust to small local misalign-
ments, particularly when labels correlate with global shape. Shared weights act as
implicit regularisation, focusing learning on consistent patterns across datasets. Mesh1740

registration, while aligning fine-grained correspondences, adds limited benefit when
the predictive signal is embedded in global shape differences, explaining the similar
performance observed across different configurations.

1https://github.com/biomedia-mira/medmesh
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(a) (b)

(c) (d)

Figure 5.2: Sex classification performance for four models; (a) shared and (b)
non-shared submodel without mesh registration, (c) shared and (d) non-shared
submodel with mesh registration. We observe that the generalisation gap be-
tween the in-distribution test data (UKBB) and the external test data (CamCAN,
IXI, OASIS3) closes with mesh registration. Overall, there are only small differ-
ences in performance, illustrating that test accuracy alone cannot identify varia-
tions in model characteristics.

5.3.2 Effect of using structure-specific submodels
For the models that use a shared submodel, we observe that the GCN feature em-1745

beddings are non-discriminative with respect to the target label. Separation seems
completely missing in the shared model without registration (see Fig. 5.3a), with only
weak separation in the shared model with registration (see Fig. 5.3c). The classifica-
tion heads will primarily contribute to the performance of these models. For the models
with a non-shared submodel, we find a much better separability for the GCN features1750

with and without mesh registration (cf. Figs. 5.3b, d). Here, the GCN features will
meaningfully contribute to the models’ classification performance.
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5.3.3 Effect of mesh registration
When studying the effect of mesh registration, we can clearly observe that without
registration, the GCN feature embeddings from the submodel strongly encode data1755

source, showing separate clusters for UKBB and external test data (cf. Figs. 5.3a,b).
When introducing mesh registration as a pre-processing step, we note a significant
improvement, with an almost entirely removed separation of datasets in the GCN layer
independent of whether a shared and non-shared submodel is used (Figs. 5.3c, d).
The separability of the target label in the GCN layer is well defined for the non-shared1760

submodel (Fig. 5.3d), while remaining weak for the shared submodel (Fig. 5.3c). Rigid
registration as a pre-processing step seems to not only improve the learning efficiency
of the GCN submodel, but also its ability to generalise across data distributions.
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(a) Shared submodel, without mesh reg-
istration

(b) Non-shared submodel, without mesh
registration

(c) Shared submodel, with mesh registra-
tion

(d) Non-shared submodel, with mesh reg-
istration

Figure 5.3: Effect of modelling choices on feature separability for four differ-
ent models at their GCN layer (left), first fully connected layer FC1 (middle), and
output layer FC2 (right). Models: (a,c) shared and (b,d) non-shared GCN sub-
model, and (a,b) without and (c,d) with mesh registration. For each model, we
show the separation by target label in the top row and the separation by dataset in
the bottom row. Effect of submodel: The models in (a,c) with a shared submodel
are unable to learn discriminative GCN features for the prediction task, while the
models in (b,d) with a non-shared submodel show much better task-related sep-
arability in the GCN features. Effect of registration: The models in (a,b) without
registration strongly encode information about the data source in the GCN layer.
This is much reduced for the models in (c,d) with mesh registration.
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5.4 Conclusion
1765 Our findings underscore the limitations of relying solely on test accuracy for model

selection, particularly when focusing on in-distribution test accuracy. We demonstrate
that this may lead practitioners to select models with undesired characteristics where
GCN features are non-discriminative for the prediction task and/or strongly encode
biases such as data source. Using a comprehensive model inspection, we were able1770

to identify variations in the model characteristics and better understand what drives
the final prediction (GCN submodel vs classification head). The importance of this
becomes evident when considering applications such as fine-tuning, domain transfer,
or multi-modal approaches, where GCN feature embeddings may be leveraged for
new tasks.1775

Our model inspection framework can be easily applied to other models, tasks, and
purposes. It was previously used to detect biases in chest radiography disease de-
tection models [68]. Here, we strongly advocate for the wider use of model inspection
as an integral part of comparative performance analyses. We hope that our work can
contribute to improving the reliability of model selection in all areas of deep learning1780

for biomedical image analysis.
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Chapter 6

Combining Imaging and Shape
Features for Prediction Tasks of1785

Alzheimer’s Disease Classification
and Brain Age Regression
We investigate combining imaging and shape features extracted from MRI for the clini-
cally relevant tasks of brain age prediction and Alzheimer’s disease classification. Our
proposed model fuses ResNet-extracted image embeddings with shape embeddings1790

from a bespoke graph neural network. The shape embeddings are derived from sur-
face meshes of 15 brain structures, capturing detailed geometric information. Com-
bined with the appearance features from T1-weighted images, we observe improve-
ments in the prediction performance on both tasks, with substantial gains for classi-
fication. We evaluate the model using public datasets, including CamCAN, IXI, and1795

OASIS3, demonstrating the effectiveness of fusing imaging and shape features for
brain analysis.

This chapter is based on the following publication, presented as an oral presenta-
tion at UK AI Conference 2025:

Shehata N, Piçarra C, Glocker B. Combining imaging and shape fea-
tures for prediction tasks of Alzheimer’s disease classification and brain
age regression. arXiv preprint arXiv:2501.07994. 2025 Jan 14.
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6.1 Introduction
Alzheimer’s disease (AD) is a progressive neurodegenerative disorder, leading to sub-1800

stantial memory impairment, making early diagnosis crucial [22]. Additionally, pre-
dicting brain age using MRI has become a clinically important method for identifying
imaging biomarkers associated with various neuropathologies. Many studies have
proposed brain age prediction as a means to characterise these conditions [36].

Neuroimaging, such as structural MRI, has become indispensable for diagnosis. With1805

the availability of large-scale datasets, there has been a surge in applying sophisti-
cated machine learning algorithms to enhance our understanding and prediction ca-
pabilities of neurodegenerative disease [61, 137, 234]. The complex anatomy of brain
structures necessitates sophisticated approaches to fully capture spatial relationships
and geometric properties. The advancement of automated segmentation techniques1810

[137], facilitates anatomical shape extraction from medical images. Extracted shapes
can then be represented as meshes, enabling the use of powerful GNNs for learning
geometric features. Graph neural networks (GNNs) have been increasingly applied
for disease prediction from neuroimaging data, including Alzheimer’s disease, demon-
strating the ability to model connectivity and geometric structure effectively [3, 14, 79,1815

146, 248].

CNNs have shown remarkable success in extracting meaningful features from struc-
tural MRI, contributing to regression, classification and image segmentation tasks. No-
table architectures such as ResNet, VGG and AlexNet have been particularly effective
in these applications [137]. The increasing complexity and richness of neuroimag-1820

ing data have driven the need to utilise the strengths of different imaging modali-
ties, leading to the development of multimodal fusion models [121]. Recent work
demonstrated promising results fusing imaging and non-imaging features such as
demographics, lifestyle and cognitive performance [16]. Traditionally, multimodal fu-
sion models have combined different imaging modalities (e.g., T1+T2 MRI, MRI+PET)1825

[131], and ensemble-based within-modality fusion has also been explored, where mul-
tiple deep learning models trained on the same modality (e.g., T1-weighted MRI) are
combined to enhance predictive performance for Alzheimer’s disease and MCI diagno-
sis [213]. Recent studies have proposed multi-modal GNN frameworks that integrate
imaging, clinical, and genetic data for AD diagnosis, demonstrating improved predic-1830

tive power and interpretability [3, 207, 228, 243]. Within-modality representation fusion
using different data representations from the same MRI modality, such as combin-
ing CNN features from multiple 3D angular orientations, has also shown promise for
enhancing AD classification [207]. However, the fusion of CNN-derived image em-
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beddings with GNN-extracted geometric shape embeddings—both derived from the1835

same T1-weighted MRI—for brain age prediction and AD classification remains lim-
ited. Brain age prediction has progressed from using handcrafted volumetric features
and cortical thickness [59, 62] to CNN-based pipelines that learn complex imaging
patterns [11, 36, 41, 99, 197], with multimodal MRI approaches combining structural,
diffusion, and functional imaging improving predictive power [123]. Similarly, AD clas-1840

sification literature spans traditional ML approaches with engineered features [161] to
advanced CNN methods on MRI [7, 141] and multimodal pipelines combining MRI,
PET, and clinical data [115, 194, 236].

In this chapter, we present a deep learning approach that integrates imaging features
with brain shape features extracted from structural MRI to enhance prediction accuracy1845

for brain age regression and AD classification. Our approach takes advantage of the
strengths of both image-based and graph-based DL techniques. Specifically, we em-
ploy a ResNet-18 for extracting features from the T1-weighted MRI and a multi-graph
neural network architecture for processing brain surface meshes. By combining these
complementary feature embeddings, our model aims to capture a comprehensive rep-1850

resentation of brain anatomy, potentially improving predictive performance compared
to models using either imaging or shape features alone. Our results demonstrate that
the fusion model outperforms baseline models, highlighting the potential of combining
image-based and graph-based features for more accurate predictions requiring only
standard T1-weighted scans.1855
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6.2 Imaging datasets and brain shape rep-
resentation

We use three public datasets; CamCAN, IXI and OASIS3; please see sections 3.1.2,
3.1.3 and 3.1.4, respectively for more details on acquisition and section 3.2 for the
postprocessing pipeline applied by which 15 surface meshes are extracted per subject1860

from the MR images.

The extracted brain shapes are represented as graphs as described in 3.3, employing
Fast Point Feature Histograms (FPFH) feature descriptors as node features (more
on FPFH in section 3.3) because this has been proven to boost our bespoke model
performance as shown in chapter 4.1865

All meshes are aligned to a structure-specific standard orientation by performing rigid
registration using the closed-form Umeyama method [206], detailed in section 2.6.1.
One subject is selected randomly from the dataset serving as the reference mesh.
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6.3 Feature extraction & fusion
1870 Our feature extraction process employs two distinct models: an image-based model

using 3D adaptation of ResNet-18 architecture and a graph-based model utilising a
bespoke multi-graph architecture described below. Fig. 6.1 provides an overview of
our fusion model, illustrating how the two feature extraction models are integrated. The
readouts from the pooling layer of the graph-based model and from the second-to-last1875

layer of the ResNet are concatenated and passed to a linear predictor.
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Figure 6.1: Fusion model overview, consisting of image-based and graph-
based feature extractors, embeddings concatenated and passed through a multi-
layer perceptron (MLP).

Imaging features. We use ResNet-18 from PyTorch [148], with the last linear layer
removed after training from scratch on our training sets. Data augmentation consists
of horizontal flip, gamma intensity adjustment, the addition of Gaussian noise with
random parameters, and the application of a random affine transformation.1880

Shape features. To utilise all 15 brain shapes, a multi-graph architecture is designed
with a submodel for each shape. The embeddings are concatenated and fed into two
FC layers. The submodels have three convolutional layers with Rectified Linear Unit
(ReLU) activations and a global average pooling layer to aggregate shape represen-
tations [185]. Using structure-specific submodels was previously found to yield more1885

discriminative shape features [186].
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6.4 Experiments & Results
The same samples per data split in training, validation, and test sets were used con-
sistently for the image-based, graph-based models, and fusion models, ensuring a fair1890

comparison between all approaches. Implementations of the models and data han-
dling are based on PyTorch Geometric 1 and PyTorch Lightning 2. We used the Adam
optimiser with a learning rate of 0.001 and employed the standard cross-entropy loss
for AD classification and mean squared error for brain age regression.

Random node translations with a maximum strength of 0.1mm were applied as data1895

augmentation when training the graph-based models [244]. For the graph convolu-
tional layers, we compare SplineConv [57] and GCNConv [109] (also detailed in sec-
tion 4.2).

We extract the feature embeddings from three different models; the image-based
model (ResNet) and two graph-based models (SplineConv and GCNConv). The em-1900

beddings are passed through an MLP independently or concatenated for the fusion
models. Three random seeds were used to calculate the mean and standard devia-
tion of the performance.

6.4.1 Brain age regression
We split the combined dataset of CamCAN and IXI into 875 training, 97 validation and1905

243 testing samples. The age range is 18-88 years. The models are evaluated using
mean absolute error (MAE), and R2 scores. Table 6.1 shows the results over three
runs for five different models. The scatter plots in Fig. 6.2 visualise the relationship
between true and predicted ages.

Model MAE ↓ R2 score ↑

ResNet 4.391±0.005 0.889±0.000
SplineConv 7.151±0.027 0.724±0.007
GCNConv 6.734±0.035 0.741±0.005

Fusion w/ SplineConv 4.362±0.074 0.893±0.004
Fusion w/ GCNConv 4.388±0.037 0.890±0.001

Table 6.1: Evaluation metrics for brain age regression using embeddings ex-
tracted from image- and graph-based models.

1https://pytorch-geometric.readthedocs.io/
2https://lightning.ai/docs/pytorch/stable/
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Figure 6.2: Scatter plots of true age against predicted age for different brain age
prediction models.

6.4.2 Alzheimer’s disease classification1910

OASIS-3 was split into 745, 82, and 207 for training, validation, and testing, respec-
tively. The samples per class for the test set were 145 and 62.

Results are shown in Table 6.2 for the five models; the first three are from passing
the embeddings extracted from the baseline models through an MLP and the last two
are from concatenating the embeddings into an MLP. A single run for each model was1915

selected to plot the ROC curves to better compare the performance of passing the
extracted features from the standalone models with and without concatenating them
through an MLP, Fig. 6.3.

Model AUC ↑ TPR@FPR=0.15 ↑ TPR@FPR=0.20 ↑ FPR@TPR=0.70 ↓

ResNet 0.848 ± 0.018 0.656 ± 0.042 0.715 ± 0.050 0.172 ± 0.046
SplineConv 0.791 ± 0.005 0.651 ± 0.015 0.742 ± 0.013 0.162 ± 0.020
GCNConv 0.837 ± 0.019 0.629 ± 0.013 0.715 ± 0.042 0.192 ± 0.046

Fusion w/ SplineConv 0.817 ± 0.008 0.688 ± 0.020 0.758 ± 0.000 0.152 ± 0.020
Fusion w/ GCNConv 0.861 ± 0.007 0.742 ± 0.013 0.780 ± 0.027 0.121 ± 0.008

Table 6.2: AD classification results from using embeddings from image- and
graph-based models compared to fusing embeddings from both. We report the
AUC, TPR@FPR and FPR@TPR at varying performance levels. We observe
that using fused feature embeddings outperforms standalone models consistently
across TPR/FPR performance levels.

Nairouz Shehata Shape Analysis using GNNs 97



6.4. Experiments & Results Feature Fusion

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

0.0

0.2

0.4

0.6

0.8

1.0

Tr
ue

 P
os

iti
ve

 R
at

e
AD Classification Mean ROC Curves with Confidence Intervals

GCN (AUC = 0.84 ± 0.02)
Spline (AUC = 0.79 ± 0.01)
Fusion (Spline) (AUC = 0.82 ± 0.01)
Fusion (GCN) (AUC = 0.86 ± 0.01)
ResNet (AUC = 0.85 ± 0.02)

Figure 6.3: AD classification results from using embeddings from baseline mod-
els, passing them through the MLP (one FC).
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6.5 Discussion
1920 For brain age regression, we observe some improvement with fusion models, but it

remains unclear whether fusion truly adds significant value over standalone models.
The graph-based models, which extract shape features, may offer complementary in-
formation to the image-based model, but their impact is limited when combined for age
prediction (cf. Table 6.1). While in standalone, we observe better performance for GC-1925

NConv, a slight improvement is observed for the fusion model when using SplineConv.
This observation suggests that better standalone performance may not always trans-
late to better performance in a fusion model.

In contrast, we observe a substantial improvement with fusion models for AD classifi-
cation, suggesting that the fusion of imaging and shape features is beneficial for this1930

more challenging classification task. The results in Table 6.2 indicate that combining
the features leads to better performance in the critical regions of lower FPR, which is
particularly important for clinical applications. Interestingly, using AUC alone does not
fully reveal these improvements. While AUC values for the ResNet and fusion models
appear similar (0.848 vs 0.861), a closer inspection of the ROC curves shows notice-1935

able performance differences in the clinically relevant areas of low FPR. Additionally,
by evaluating TPR at fixed FPR values and FPR at fixed TPR, we see substantial im-
provements in AD classification performance using fusion models. Emphasising that
these metrics provide a more detailed understanding of the model’s behaviour in the
regions of the ROC curve that are most important for practical use. This demonstrates1940

that the fusion of imaging and shape features consistently leads to more reliable AD
classification.

The observation that SplineConv outperformed GCNConv for brain age regression,
while GCNConv was superior for AD classification, likely relates to their mathematical
properties and the nature of the prediction tasks. SplineConv uses B-spline kernels,1945

enabling smoother, continuous aggregation suitable for capturing gradual, distributed
changes associated with ageing [57]. Whereas, GCNConv uses simpler, isotropic
neighbourhood aggregation, favouring sharp, localised feature learning aligned with
the focal atrophy patterns characteristic of AD [109]. Clinically, brain ageing reflects
diffuse, global changes [166], whereas AD-related changes (e.g., hippocampal atro-1950

phy) are more abrupt and localised [96]. The choice of graph convolution should thus
align with the underlying biological processes and task objectives, guiding architecture
selection for clinical deployment.
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6.6 Conclusion
1955 By leveraging deep learning architectures tailored for different data representations,

images and shapes, we find substantially improved predictive accuracy for AD classi-
fication. Importantly, evaluating models for AD classification using ROC curves rather
than AUC alone reveals performance differences at clinically relevant classification
thresholds.1960

Future work will evaluate the model on larger and more diverse datasets and other
prediction tasks. Additionally, we plan to explore using different image modalities,
such as functional MRI, to enhance the model’s performance further. While our simple
approach of concatenating imaging and shape features showed improvements, more
sophisticated fusion methods, such as attention mechanisms or adaptive fusion, could1965

be beneficial. We also plan to interpret the contribution of each modality to the final
predictions. This could provide valuable insights into the structural changes associated
with brain ageing and AD progression.

This work may also inspire the use of different data representations in domains other
than neuroimaging. For example, prediction tasks such as the malignancy of lung1970

nodules could benefit from the fusion of imaging and shape features.
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Chapter 7

Limitations of GNN explainability
methods: A case study on sex1975

classification from brain shapes
After understanding the model characteristics in Chapter 5, the next step is to explore
how the model arrives at its decisions because it can be just as important as the accu-
racy of the decision itself, specifically for validation and clinical transparency. To do so,
it is important to identify which subgraphs of the input graph significantly influence the1980

model’s predictions. This study investigates the limitations of Graph Neural Networks
(GNNs) explainability in brain shape analysis, focusing on the example of a multi-graph
network trained on brain shapes for sex classification. We compare two approaches,
GNNExplainer and a custom perturbation-based method, to identify influential brain
substructures.1985

We propose a calibration-aware framework that integrates multi-level explanations,
combining global substructure analysis with node-specific insights to bridge granular
and systemic interpretability. Our experiments highlight key limitations in current GNN
explainability methods, emphasise the biological relevance of identified substructures,
and underscore the need for clinical validation to ensure reliable application in real-1990

world settings.

Some of the work from this chapter contributed to:

Inácio MH, Shah M, Jafari M, Shehata N, Meng Q, Bai W, Gandy A,
Glocker B, O’Regan DP. Cardiac age prediction using graph neural net-
works. MedRxiv. 2023 Apr 20:2023-04.
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7.1 Introduction
A key limitation of deep models and Graph Neural Networks (GNNs) is that they are
not easily interpretable [105, 231]. Understanding how a model makes decisions is1995

crucial in medical imaging to ensure transparency, validate predictions, and identify
clinically meaningful biomarkers [29]. This is important to ensure the model makes
the right prediction and is based on some understanding to make it robust and gen-
eralizable. In medical imaging, understanding these models can reveal undiscovered
phenotypical biomarkers to clinicians. This also enhances the model’s transparency2000

and understandability, increasing trust for clinical deployment.

To address the challenge of providing explanations for GNN predictions, several frame-
works have emerged which can be classified as gradient-based or graph-specific:

Gradient-based methods aim to quantify the importance of individual features in-
fluencing the model’s output. They are also model-aware, relying on internal model2005

parameters to identify feature contributions, revealing the relationship between the in-
put features and output predictions. The most prominent gradient-based methods are
saliency [190] and Integrated Gradients [195].

Graph-specific methods can be further grouped as perturbation-based, surrogate
models or counterfactual explanations.2010

• Perturbation-based methods such as GNNExplainer [229] and others [130, 178,
215, 223, 232] perturb the graph structure or features and measure the impact
on model predictions.

• Surrogate models [49, 87, 158, 212, 240] build interpretable models to approxi-
mate the GNN’s predictions.2015

• Counterfactual explanations [33, 97, 182] generate alternate scenarios to explain
predictions by identifying minimal changes to flip the outcome.

In addition to these three groups providing instance-level explanations, some methods
focus on global model behaviour [9, 216, 230].

All these methods use post-hoc approaches, meaning they analyse the predictions2020

of pre-trained GNNs retrospectively by training auxiliary models or applying pertur-
bations, which may fail to fully capture the original GNN’s decision-making process,
leading to incomplete or unreliable explanations [39, 89]. Furthermore, they prioritise
node- or edge-level importance (neglecting broader structural dependencies inher-
ent to biological systems), conflate structural size with importance (disproportionately2025

highlighting larger areas while overlooking smaller, clinically relevant areas), and focus
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on instance-level explanations or global patterns (failing to integrate both).

This chapter addresses these gaps by providing a more comprehensive and reliable
GNN explainability framework specifically tailored to our bespoke multi-graph archi-
tecture. To solve these issues, we propose a perturbation-based method tailored to2030

the multi-graph architecture, enabling evaluation of the systemic impact of entire sub-
graphs rather than isolated nodes and identifying critical subgraphs that node-centric
approaches overlook. The inconsistent rankings of critical substructures between our
method and GNNExplainer underscore how existing approaches fail to capture biolog-
ically meaningful dependencies, validating our critique and emphasising the need for2035

clinical validation. We reduce bias related to size by adjusting GNNExplainer’s impor-
tance scores based on the volume of substructures, which helps us identify meaning-
ful patterns regardless of size. We bridge the gap between instance-level and global
analyses by using complementary evaluations of GNNExplainer importance scores:
(1) across-subject analyses to identify population-level biomarkers and ensure gener-2040

alizability, and (2) per-substructure analyses to pinpoint localised drivers, preserving
anatomical specificity. Furthermore, we reduce bias related to size by adjusting GN-
NExplainer’s importance scores based on the volume of substructures, which helps
us identify meaningful patterns regardless of size. The inconsistent rankings of critical
substructures between our method and GNNExplainer underscore how existing ap-2045

proaches fail to capture biologically meaningful dependencies, validating our critique
and emphasising the need for clinical validation.
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7.2 Methods
We employ a perturbation-based method to assess the systemic impact of altering en-2050

tire subgraphs, providing a complementary perspective to node-centric explanations.
For node-centric explanations, we use GNNExplainer [229] to compute node impor-
tance scores, highlighting individual nodes’ influence on the model’s predictions. We
explore two key configurations in GNNExplainer: model explanation, which reveals
how the architecture makes predictions, and phenomenon explanation, which uncov-2055

ers the underlying patterns driving the predictive tasks. We propose two methods for
analysing the scores—across subjects and within a subgraph—to determine which
brain substructure is most important. We introduce additional qualitative and quan-
titative analyses to interpret and evaluate the node importance scores produced by
GNNExplainer. Qualitatively, we visualize the node importance scores as heatmaps,2060

applying colour grading to the meshes to emphasise the most significant regions con-
tributing to predictions. Quantitatively, we generate box plots to compare node im-
portance distributions across subjects and brain structures, both for raw scores and
volume-adjusted scores. These analyses allow us to investigate label-specific trends,
assess the impact of size bias on interpreting results, and provide a detailed under-2065

standing of GNNExplainer’s outputs while highlighting potential limitations, such as its
focus on node-level importance and susceptibility to size bias. In addition to analysing
node importance, we also investigate shape variation to understand how the physical
forms of these brain structures contribute to the model’s predictions.

7.2.1 Model and datasets2070

The pre-trained model for sex classification was selected based on the model inspec-
tion study from Chapter 5. The model uses GCNConv, a non-shared submodel, ap-
plies rigid registration to the meshes and is trained on UKBB, where 15 subcortical
brain structures1 from T1-weighted brain MRI data are represented by meshes as an
undirected graph composed of nodes, connected by edges forming triangular faces.2075

We then use the external Cam-CAN [181, 199] dataset for testing. Please see Section
3.1.1 and 3.1.2 for datasets’ details, respectively.

7.2.2 Substructure perturbation and model calibration
To complement GNNExplainer, we propose a perturbation-based method to evaluate
the systemic impact of individual substructures on the model’s decision-making. For2080

each substructure, perturbation involves replacing its node features with the average
1Brain stem (BrStem), left/right thalamus (Thal), caudate (Caud), putamen (Puta), pallidum (Pall),

hippocampus (Hipp), amygdala (Amyg), accumbens (Accu)
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values while retaining the original features for other nodes. Key substructures are iden-
tified by analysing the most significant probability changes after perturbation. Addition-
ally, graph-based models often produce over-confident predictions, even in uncertain
cases, making explanations unreliable [75]. Hence, we apply post-hoc model calibra-2085

tion before reporting class-wise probability changes, considering only cases where the
calibrated model made correct predictions, ensuring the reliability of the perturbation
results. We compare calibrating the model using temperature scaling, Dirichlet calibra-
tion [111] and isotonic regression [167]. This approach provides a complementary per-
spective to GNNExplainer by focusing on the systemic impact of entire substructures2090

rather than individual nodes or edges. It also addresses the issue of overconfidence
in predictions, ensuring that the explanations are both interpretable and reliable.

Figure 7.1: Perturbing the R Puta The node features of all nodes in R Puta are
replaced by their average across the whole dataset. Node features from other
substructures remain the same.

7.2.3 Complementary evaluations of importance scores
We compute node importance scores using GNNExplainer for both model and phe-
nomenon configurations. We examine the importance scores within brain structures2095

and across subjects to analyse how node importance varies, as described below. Re-
sults are visualised using box plots (see Fig. 7.2), grouped by biological sex to identify
label-specific trends.

Node importance distribution (per substructure) For each subject, calculate the
top-𝑘 importance values for each brain substructure, where 𝑘 is a percentage of the2100

total nodes within a substructure. The top-𝑘 values for each substructure are aver-
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Figure 7.2: Generating the brainstem box plot using both node importance dis-
tribution methods by averaging across subjects (left) and per substructure (right).
Crossed-out node mask values are not part of the top-k values.

aged, yielding a single score for that substructure to identify key substructures that
consistently exhibit higher importance. These scores are normalised by dividing by the
total sum of scores across all 15 brain structures for that subject. This step ensures
that the 15 scores sum to one for each subject, facilitating the comparability of impor-2105

tance scores across all subjects, mitigating the effects of subject-specific variability,
and identifying key substructures that consistently exhibit higher importance.

This method generates a vector of 15 scores for each subject (one score per brain sub-
structure), where each value corresponds to the relative importance of one brain sub-
structure. These vectors are then used to create box plots, which help identify which2110

brain structures show consistently higher importance values across subjects.

Node importance distribution (across subjects) For each node per brain substruc-
ture, the top-𝑘 node mask values across subjects are selected, where 𝑘 is a fixed
percentage of 20%, 40%, 60%, 80% or 100% where 100% means using the node
mask value from all subjects. These values are averaged across k% subjects to cap-2115

ture the general importance of nodes in that substructure. The k% subjects will differ
from one node to another, Fig. 7.2(left). This method generates a vector for each brain
substructure of a length equal to the number of nodes in that substructure, represent-
ing the relative importance of nodes. These vectors are used to create the target-label
specific box plots, describing the node importance distribution per brain substructure.2120

These plots help identify key structures where nodes consistently exhibit higher impor-
tance, offering insights into which areas of the brain are most relevant to the prediction
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task.

Visualizing node importance in 3D - node masks The outputs are stored in the
VTK format and rendered in ParaView. The visualisation highlights critical regions in2125

each brain substructure, providing insights into how specific regions contribute to the
model’s predictions. Regions that consistently show high importance scores in the
context of gender-based variations might correspond to brain areas strongly associ-
ated with the target label in the case of phenomenon explainability, or could indicate
areas where the model’s learned patterns are concentrated in the case of model ex-2130

plainability.

Volume normalisation For both methods mentioned above, instead of using the ab-
solute raw node masks, we follow the same steps using the node mask values nor-
malised to the volume of the brain substructure to which they belong. The volumes are
available as part of the metadata that comes with the used datasets, per substructure,2135

per subject. This method accounts for variations in substructure size, preventing larger
substructures from dominating the importance scores. This allows for identifying truly
influential substructures, irrespective of their size.

7.2.4 Shape variation
We applied PCA on each subcortical shape separately, allowing us to identify the most2140

prominent modes of shape variation across the test set. The number of nodes per
mesh times three for a single shape makes up the feature vector per subject 𝐹𝑠𝑢𝑏 𝑗𝑒𝑐𝑡 .
Therefore, the number of rows of the input data would be the number of meshes for that
shape in the test set, and the number of columns would be 𝐹𝑠𝑢𝑏 𝑗𝑒𝑐𝑡 . Singular Value De-
composition (SVD) was used to project this input matrix to a lower-dimensional space2145

to identify the most prominent modes of shape variation.
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7.3 Results
7.3.1 Model calibration
To ensure a reliable classification threshold at 0.5, we apply post-hoc model calibration2150

methods to our model predictions prior to pursuing our perturbation-based analysis.
We selected the combined isotropic regression and temperature scaling as they are
the closest to a perfectly calibrated model, as shown in Fig. 7.3a. We can also see
that the threshold shifted towards 0.5 after calibration with a more defined dip in the
distribution, Fig. 7.3b. After calibration, the number of correctly classified males in-2155

creased from 162 to 204 after model calibration and decreased from 318 to 300 for
females. As we are only interested in understanding how the model makes a cor-
rect prediction, we restrict both our perturbation-based analysis and the quantitative
methods for analysing GNNExplainer node masks to the subset of correctly classified
samples.2160

0.0 0.2 0.4 0.6 0.8 1.0
Mean Predicted Probability

0.0

0.2

0.4

0.6

0.8

1.0

Fr
ac

tio
n 

of
 P

os
iti

ve
s

Calibration Curves
Perfectly calibrated
Uncalibrated
Temperature Scaling
Isotonic Regression
Dirichlet Calibration
Temperature Scaling + Isotonic Regression
Perfectly Calibrated

(a) Calibration curve comparing model
calibration methods

0.2 0.0 0.2 0.4 0.6 0.8 1.0 1.2
Probability

0.0

0.5

1.0

1.5

2.0

De
ns

ity

Density Plot of Original and Calibrated Probabilities
Original Probability class_0
Temperature Scaling + Isotonic Regression Calibrated Probability class_0

(b) Density plot before and after model
calibration

Figure 7.3: Model Calibration

7.3.2 Ranking using substructure perturbation
Fig. 7.4a, shows the average change in probabilities for predicting females correctly.
We see that for predicting females L Puta and R Caud make the most significant
change in the model prediction under perturbation. In Fig. 7.4b, we see that R Thal
makes the most significant change in predictions followed by R Puta for the correctly2165

classified males subset.

The magnitude of change in probabilities for females is very low compared to those for
predicting males. This indicates that the model’s predictions for females are less sen-
sitive to perturbations than for males. After model calibration, we find that the model
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for females is more ”confident” or robust in its prediction and, hence, less sensitive to2170

perturbations. This could suggest that the model relies on different patterns in the data
to perform the sex classification task, without necessarily associating specific features
uniquely with either class.
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Figure 7.4: Difference in probabilities before and after perturbation.

7.3.3 Analysing GNNExplainer importance scores
Node Importance Distribution (Per Structure) Fig 7.5a shows that R Puta makes2175

the highest contribution towards the decision-making process of the model to predict
females by at least 0.1% more than other structures. We also see a higher variability
in R Puta’s node importance scores for predicting both males and females Fig. 7.5c
and 7.5a. As for predicting males, Fig. 7.5c shows that Brstem and R Puta are the
highest contributors.2180

Node Importance Distribution (Across Subjects) One interesting observation with
this type of averaging is that we can see more significant gaps between the averages
when using different 𝑘 percentages and relatively small variance, most evident in Fig.
7.7a. For the same node, the average importance score decreases as the number
of subjects included in the average increases, indicating that high scores (when only2185

considering the top 20%) are likely due to a few extreme values. This pattern holds
consistently across all structures. For predicting females, Fig. 7.7a shows R Puta
as the most important, followed by BrStem. Whereas Fig. 7.7c shows R Puta and
BrStem as most important for predicting males. Again, we also see a higher variability
in R Puta’s node importance scores for predicting both males and females.2190
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(f) All, normalised to volume

Figure 7.5: Model Explainability (per substructure) top-𝑘 importance values
for all nodes for sex classification. Left: Absolute importance values, showing
label-specific variations. Right: Volume-normalized importance values, reveal-
ing consistent patterns across sexes, with L Accu and R Accu as key contribu-
tors. Volume normalization mitigates size bias, highlighting substructures critical
for classification regardless of label.

Model vs Phenomenon explanations Both plots showed the same trends and mag-
nitudes with and without volume normalisation. This similarity between the model ex-
planations Fig. 7.5 and Fig. 7.7 and the phenomenon explanations Fig. 7.6 and 7.8
suggests that the importance patterns captured by the model are not arbitrary. Instead,
they reflect intrinsic patterns in the data, indicating that the model is learning genuine2195

relationships from the data, also evidenced by Fig. 7.9.

Effect of Volume normalisation Interestingly, when normalised to brain substructure
volumes per subject, we find that for both male and female prediction, R Accu and
L Accu are the most important contributors to the model’s decision-making process,
followed by R Amyg and L Amyg then R Pall and L Pall, shown in both averaging2200

methods in Figs. 7.5b, 7.5d, 7.7b and 7.7d. This suggests that these substructures
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(f) All, normalised to volume

Figure 7.6: Phenomenon Explainability (per substructure) top-𝑘 importance
values for all nodes across subjects for sex classification. left: absolute averaged
importance values, right: normalised to volume per brain substructure per subject
then averaged

play a crucial role in classification regardless of the target label, further highlighting the
benefits of volume normalisation in revealing consistent and generalisable patterns of
node importance. This means that a bigger portion of the nodes making up these
structures is important compared to structures bigger in size but having only a few2205

important nodes, such as the Brstem, which can also be seen in Fig. 7.9.

7.3.4 Label-specific shape variation
For males, we see a wider range in variability across all top three PCA modes com-
pared to females 7.10. The first mode captures high variability in the top part of the
BrStem anterior and the bottom part of the BrStem posterior, as well as both tips of2210

the L Hipp and R Hipp and the anterior tip of the L Caud and R Caud. The second
mode captures a smaller change only on the sides of the brainstem and less on the
sides of the L Amyg and R Amyg. The third mode shows variability across the entire
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(d) Males, normalised to volume
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Figure 7.7: Model Explainability (across subjects) top-𝑘 importance values
for all nodes across subjects for sex classification. left: absolute averaged impor-
tance values, right: normalised to volume per brain substructure per subject then
averaged

posterior surface and the top surface of the BrStem. The main differences between the
subcortical brain shapes in males and females are the top part of the BrStem anterior,2215

the sides of the BrStem, and the anterior tip of the L Caud and R Caud.
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Figure 7.8: Phenomenon Explainability (across subjects) top-𝑘 importance
values for all nodes across subjects for sex classification. left: absolute averaged
importance values, right: normalised to volume per brain substructure per subject
then averaged
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7.3. Results Model Explainability

(a) Model explainability mask - females (b) Phen. explainability mask - females

(c) Model explainability mask - males (d) Phen. explainability mask - males

(e) Model explainability mask - males and
females

(f) Phen. explainability mask - males and
females.

Figure 7.9: The anterior and posterior views are shown on the left and right,
respectively, for each configuration (model or phenomenon), explainability and
each subgroup. The top row is for females (a) and (b)), the middle row is for
males (c) and (d), and the bottom row is for both males and females (e) and (f).
The importance scores are colour-coded (low blue, high red) and superimposed
on the average shapes.
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7.3. Results Model Explainability

(a) Anterior

(b) Posterior

Figure 7.10: Top PCA modes and the difference between mean males and fe-
males. Please note that the colour bars have different ranges so that the variability
is visible.
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7.4. Conclusion Model Explainability

7.4 Conclusion
This study addresses the limitations of current GNN explainability methods by propos-
ing a calibration-aware, multi-level framework that addresses key limitations of existing2220

methods by aligning explanations with model confidence. Our approach investigates
model-level and phenomenon-level explanations aggregated in two different ways, as
well as our custom perturbation-based approach to identify critical brain substructures
for sex classification.

Our findings reveal significant discrepancies between methods, with GNNExplainer2225

emphasising BrStem and R Puta for males and R Puta for females, while the perturbation-
based method highlighted R Thal for males and L Puta and R Caud for females. The
perturbation-based method also showed that the model is less sensitive to perturba-
tions when predicting females than for males, indicating the model is more confident
with female predictions.2230

Volume normalisation, employed to mitigate size biases across substructures, further
uncovers consistent importance patterns across labels, suggesting inherent biases in
size-driven explanations. Otherwise, the results reveal label-specific patterns. Sex-
based shape differences in BrStem shown by PCA may explain its outsized role in
male predictions.2235

These learning outcomes arise because the model captures consistent, discriminative
morphological variations in these substructures that align with sex-specific patterns
in the data. However, the differences between methods occur because each method
quantifies ’importance’ differently: GNNExplainer prioritises node-level feature sensi-
tivity and is influenced by local gradients and structural size, while the perturbation-2240

based method evaluates the systemic impact of removing or altering entire substruc-
tures on predictions, which can highlight different regions critical for maintaining the
model’s confidence. Additionally, volume-adjusted analyses showed that some initial
high importance scores (e.g., R Puta) may partially reflect size bias rather than true
discriminative power, leading to different rankings once adjusted. These methodolog-2245

ical differences underscore that while all methods capture meaningful biological sig-
nals, they illuminate different facets of what the model has learned, explaining why the
stipulated outcomes differ across methods while still aligning with known sex-related
shape patterns [173].

Future studies should consider integrating and cross-validating findings across mul-2250

tiple approaches to better understand the role of specific brain substructures in sex
classification. Also, confirm findings for other tasks.
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Chapter 8

Automated Segmentation of the2255

Aorta - E-HVols
To extend the application of our methods developed for shape analysis from Chapter 4
to cardiac imaging, we investigate the use of a raw dataset of MR images collected as
part of the E-HVols study. In this chapter, we address several challenges, including the
automation of aortic segmentation from MR images and the difficulties associated with2260

using real-world datasets, which often lack the standardisation and controlled condi-
tions found in academic or publicly available datasets. To overcome these challenges,
we developed a custom data pre-processing pipeline that emphasises the critical im-
portance of maintaining consistent image orientation across the entire dataset.

Aortic shape, size, and kinematics are critical to its function. Characterising the aorta’s2265

phenotype and its determinants is essential for understanding the interrelationships
between shape, size, and function. Recent advances in medical imaging have enabled
the extraction of detailed morphological and functional data, providing a foundation for
automated analysis pipelines. These pipelines integrate state-of-the-art segmentation
models, mesh processing techniques, and statistical shape analysis to capture the2270

complexity of the cardiovascular system.
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Automated Segmentation of the Aorta

For the remainder of the thesis, we aim to address the following three objectives:

1. Automate the aortic segmentation and 3D surface extraction from cardiac MRI.

2. Establish a robust pipeline for aortic mesh processing, including registration and
statistical shape analysis, to enable precise morphological studies.2275

3. Collect complementary data such as demographics and function-related param-
eters to establish a benchmark for aortic phenotypes.

Plan of Investigation:

1. Evaluate state-of-the-art segmentation models on the E-HVols dataset.

2. Compare traditional and deep learning-based registration techniques (e.g., ICP,2280

RANSAC, CPD, and proposed deep learning methods) using metrics like RMSE,
Hausdorff distance, and Dice coefficient to ensure accurate vertex correspon-
dence and mesh quality.

3. Investigate the relationship between aortic shape, size, and function by apply-
ing Principal Component Analysis (PCA) to quantify aortic shape variability and2285

investigate correlations between PCA modes and demographics, aortic size-
related parameters and left ventricular functional variables using linear regres-
sion and our GNN models.

This chapter and the following one are based on the paper accepted for
STACOM 2025: Shehata N, Elsawy A, Nagy M, ElMahdy M, Romeih S,
Aguib H, Yacoub M, Glocker B. “A Comprehensive Pipeline for Aortic
Segmentation and Shape Analysis”.
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8.1. Introduction Automated Segmentation of the Aorta

8.1 Introduction
2290 Most research conducted on 3D aortic segmentation or shape analysis has utilised

images from CT [136, 179], with only a few studies using MRI [83] for these purposes.
Analysing MR images is more challenging compared to high-resolution CT due to sev-
eral factors, including the similarity in intensity and weak edge differentiation between
the aorta and the surrounding structures [8], as well as varying image quality and in-2295

consistent image contrast [82]. This is evidenced by the reported dice scores from the
Multi-Modality Whole Heart Segmentation (MM-WHS) Challenge, where higher dice
scores were achieved on CT images compared to those from MR [250].

In this chapter, we evaluate five state-of-the-art models to automate the segmenta-
tion of the thoracic aorta from MRI collected under the E-HVols study (see Section2300

3.1.5). We compare nn-UNet [92], TotalSegmentator [37], MedSAM2 [134], and two
variations of the fine-tuned TotalSegmentator (FT TS with frozen encoder layers and
FT TS NOFREEZING with no frozen layers).
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8.2. Automated segmentation Automated Segmentation of the Aorta

8.2 Automated segmentation
2305 In this section, we describe the process of automating the segmentation of the aorta

from CMR images using a combination of semi-automated tools and deep learning
models. The aim is to develop an efficient and reproducible pipeline for extracting
accurate aortic segmentations, which can then be used for further analysis.

Ground-truth Segmentation for Training CMR images were imported into Mimics2310

Research version 19.0 (Materialise, Leuven, Belgium) for semi-automated aorta seg-
mentation and 3D reconstruction. Labelling was performed on 200 out of 744 image
sets due to the growing dataset size and the time-consuming nature of the task. To
ensure consistency across all samples, ground-truth annotations were limited to the
descending aorta down to the diaphragm level.2315

Figure 8.1: Using Mimics for 3D reconstruction of the aorta.

DICOM to NIfTI conversion The conversion was performed using MRIcroGL which
offers a GUI based on dcm2nii 1. This was necessary to be able to use some of
the state-of-the-art models listed in section 2.3. NIfTI also anonymises the subject’s
information and takes up less disk space than raw DICOM data.

Exporting Masks from Mimics This step was carried out in two phases. Initially,2320

the segmentation results from Mimics were saved as STL files, which did not directly
provide segmentation masks. As a result, we needed to extract the segmentation
masks from these STL files. This process involved the following steps:

1. Mask Generation from STL Files: The first step was to calculate the mask
from the STL file and overlay it onto the original DICOM images. Afterwards, the2325

modified DICOM images (with the mask overlaid) were saved.

2. Binary Mask Creation: In the second step, we created a binary mask by sub-
tracting the newly saved DICOM images (which had the mask overlaid) from the
original DICOM images (without the mask). This subtraction process yielded a

1https://www.nitrc.org/projects/mricrogl
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8.2. Automated segmentation Automated Segmentation of the Aorta

binary mask, which, along with the relevant headers, was then saved in NIfTI2330

format using the Python package nibabel.

8.2.1 Image pre-processing
The images were reoriented consistently into a standard Left-Posterior-Superior (LPS)
coordinate system for fine-tuning MedSAM2 and Right-Anterior-Posterior (RAS) for nn-
UNet, as inconsistent orientation can cause the models to perform poorly. This was2335

added to the pre-processing code from MedSAM2, but for nn-UNet, this was achieved
by setting the reader to NibabelIOWithReorient in the dataset.json file, which contains
the metadata nn-UNet needed for training. Additionally, intensity normalisation was
applied by clipping outliers to their 0.5 and 99.5 percentiles and rescaling the intensity
values to a standard range of 0-255 while preserving zero values.2340

8.2.2 Model selection for segmentation inference
We evaluated five models for segmenting the aorta from MRI (please refer to section
2.3 for more information on these models): nn-UNet [92], TotalSegmentator v2.4.0
[37], MedSAM2 [134], and two fine-tuned versions of TotalSegmentator (FT TS and
FT TS NOFREEZING). FT TS involved freezing the early encoder layers during fine-tuning,2345

leveraging pre-trained feature extraction while updating the latter layers only. In con-
trast, FT TS NOFREEZING allowed all layers to be updated during training, enabling com-
plete adaptation to the dataset. We trained the models using 5-fold cross-validation on
the 200 annotated scans. The best-performing model is then used for large-scale infer-
ence and quality-controlled manual inspection. The ensemble models were evaluated2350

based on Dice score, precision, and recall.
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8.2. Automated segmentation Automated Segmentation of the Aorta

What is fine-tuning a model? Transfer learning is a technique where a model
trained on one task is reused as a starting point for a model on a second, re-
lated task. Freezing early layers is a common technique in transfer learning. It
assumes that these layers have learned general, low-level, transferable features
across tasks. This involves:

• Pre-training: A model is first trained on a large dataset for a general task.

• Knowledge transfer: The pre-trained model, with its learned features and pat-
terns, is then applied to a new, often more specific task.

• Fine-tuning: The model is further trained on the new task’s dataset, adapting
its knowledge to the specific requirements.

This approach is beneficial when the target task comes with limited data, as it lever-
ages knowledge gained from a broader dataset. Only part of the model (usually
the later layers) may be retrained, while earlier layers retain their original learned
features.

8.2.3 Quality control
The best-performing model was used to segment the remaining 544 images, which
were manually inspected as they did not have ground-truth segmentation. The image
mask pairs were superimposed and saved as GIFs to be displayed for inspection.2355
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8.3 Results
Fig. 8.2a shows a box plot comparing the performance of the five ensemble models
using precision, recall and dice score.

An example of the segmentation masks produced by each of the five models for a2360

random sample in the dataset is shown in Fig. 8.2b.
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Figure 8.2: Segmentation results.

8.3.1 TotalSegmentator
High recall with lower precision typically indicates oversegmentation. This means the
method identifies most of the target region (high recall) and includes extra areas that do
not belong to the target region (lower precision). The non-fine-tuned TotalSegmentator2365

shows this due to the difference in ground-truth segmentation. See Fig. 8.2b top row
(Ground-truth vs TotalSegmentator).

8.3.2 MedSAM2
Similarly, fine-tuned MedmSAM2, although prompt-dependent, seems to be slightly
oversegmenting, but generally performs better than TotalSegmentator in terms of pre-2370

cision and dice. Please refer to section 2.3 for more details on these models.

8.3.3 Fine-tuned TotalSegmentator
We compare fine-tuning with freezing half of the encoder layers and without freezing
any layers, referred to as FT TS and FT TS NOFREEZING, respectively, in Fig. 8.2a. We
find that both models show very similar performance across all metrics. This suggests2375
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that the freezing part of the encoder does not significantly impact the model’s perfor-
mance in this case, and that the unfrozen layers (the second half of the encoder layers
and the entire decoder) can still adapt to the specific segmentation task.

8.3.4 nn-UNet
nn-UNet was trained solely on our dataset, the E-HVols, without any pre-training. Un-2380

like TotalSegmentator, which shares a similar architecture but was pre-trained and
then fine-tuned, nn-UNet was optimised from scratch, likely accounting for its supe-
rior performance. This model showed slightly better precision, recall, and Dice scores
compared to both fine-tuned TotalSegmentator versions (FT TS and FT TS NOFREEZING),
indicating that full-layer training on the task-specific dataset yields marginal improve-2385

ments despite increased computational costs. It also yields only two outliers with dice
scores below 0.75.

8.3.5 Failed segmentation by nn-UNet - test data
Of the 544 test images, 18 were incorrectly segmented by nn-UNet, due to acquisition
problems, reducing our total dataset size from 744 to 726. The missing parts of the2390

segmentation are where the crosshairs are placed, Fig. 8.3. Most of the incorrect
segmentations were due to signal loss in the ascending aorta or aortic arch during
image acquisition, or where the images did not capture the aorta fully (e.g. case #3).
Whereas cases (#7, #8, #9 and #10) seem to be hazy.
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Figure 8.3: Failed segmentation using nn-UNet for inference.
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8.4 Conclusion2395

The E-HVols dataset includes consistent ground-truth annotations, limiting the de-
scending aorta to the diaphragm level, which influences ’pre-trained’ model perfor-
mance, as was demonstrated by TotalSegmentator. The ground-truth annotations are
different from those used for pre-training. Therefore, TotalSegmentator benefited a lot2400

from fine-tuning.

The similar performance between FT TS and FT TS NOFREEZING indicates that freezing
portions of the model allows efficient transfer learning while preserving generalisation,
maintaining a good balance between leveraging pre-trained features and adapting to
the new task.2405

Fine-tuned MedSAM2, although prompt-dependent, performed comparably to fine-
tuned TotalSegmentator, with slight degradation in precision and dice, and showing
tendencies for oversegmentation. MedSAM2 may benefit from a postprocessing mod-
ule utilising connected-component labelling to discard the extra detached blobs from
the aorta. However, this has not been pursued as MedSAM2 can not be used for2410

inference, as the ground truth is not available to be used for prompting.

Full training, as with nn-UNet, can offer slight performance gains over fine-tuned To-
talSegmentator, but it also comes with higher computational requirements and a po-
tential risk of overfitting. However, for our use case, we chose nn-UNet for its highest
average metric scores, despite the complexity of additional training.2415

This analysis provides insights into the effectiveness of transfer learning and layer
freezing in medical image segmentation tasks, showing that strategic use of pre-trained
features and task-specific tuning can yield robust results while balancing computational
resources.
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Chapter 92420

Aortic Mesh Processing and Atlas
Creation
This study presents a comprehensive pipeline for processing and analysing aortic
meshes extracted from medical imaging segmentation. The workflow encompasses2425

iso-surface extraction using the Marching Cubes algorithm and mesh post-processing
steps. Then, finally, the critical step of rigid/non-rigid registration is used to estab-
lish vertex correspondence across the extracted meshes in the dataset. We compare
the performance of various methods, including ICP (Point-to-Point and Point-to-Plane),
RANSAC with FPFH features, CPD affine and deformable registration, and a proposed2430

deep learning approach that employs a composite loss function.

We evaluate all registration methods using RMSE, Hausdorff distance, IoU, Dice coef-
ficient, and average point-to-point distance. All metrics favoured the deep learning ap-
proach, demonstrating superior performance in establishing accurate correspondence
while preserving mesh topology and geometric features. Additionally, the surface2435

extraction and mesh processing steps in the presented pipeline ensure high-quality
meshes from segmented images, promoting the use of GNNs for downstream tasks.
This comprehensive framework provides a robust foundation for subsequent statisti-
cal shape analysis and morphological studies of the aorta, with potential applications
in understanding anatomical variations and pathological conditions. We demonstrate2440

this application by studying shape variations using PCA.
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9.1 Introduction
The reconstruction and processing of 3D surfaces from medical imaging data is a criti-
cal task with applications spanning medicine, robotics, and computer vision. Accurate2445

3D surface representation demands highly resolved surfaces that are smooth, water-
tight, robust to noise, and capable of capturing fine details. Classical methods often
face limitations in scalability and preserving fine details in large or noisy datasets [54].
Recent advances in deep learning have opened new avenues for addressing these
challenges by enabling more robust and flexible 3D reconstruction and registration2450

workflows.

The reconstruction of 3D surfaces from point clouds and other forms of input data has
seen significant progress, leveraging both traditional geometric methods and modern
deep learning-based approaches. Classical algorithms, such as Poisson Surface Re-
construction [102], the Ball-Pivoting Algorithm [13], Delaunay Triangulation [17], and2455

Voronoi Diagrams [58], have been widely used for generating smooth and watertight
3D meshes. These methods rely on strong geometric priors and effectively create
surfaces that align with the input data. Other techniques [4, 6, 51] have further ad-
vanced reconstruction by addressing the relationship between surface reconstruction
and 𝜖-sampling. However, many of these approaches struggle with scalability, han-2460

dling noise, and undersampled regions, making them less suitable for reconstructing
complex or irregular shapes. Extensions like COCONE [5] and TIGHTCOCONE [46]
incorporate strategies to address surface boundaries and fill holes, but they often re-
quire additional post-processing.

What is epsilon sampling? A technique used to sample points from a 3D object
(such as a surface) in a way that ensures all key features of the surface are captured
accurately. For a cloud of points representing the surface of an object, 𝜖 refers to
a small distance threshold that helps determine how far apart points should be for
efficient sampling. The goal is to pick points spaced at least epsilon apart from
each other. This helps avoid having too many points that are too close together
while preserving important surface features. This also makes the reconstruction
process of the 3D shape more efficient.

Deep learning has emerged as a powerful alternative, offering the ability to learn di-2465

rectly from data and overcome limitations inherent to classical methods. For instance,
Groueix et al. [73] introduced a method for learning 3D surface generation by de-
forming a template mesh called the ”papier-mâché” approach. Liu et al. [127] pro-
posed a framework for meshing point clouds using intrinsic-extrinsic (i.e. geodesic-
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Euclidean) ratio guidance, demonstrating improved accuracy in reconstructing fine-2470

grained geometries. Daroya et al. [40] developed a flexible mesh generation pipeline,
emphasising adaptability to various input data types. Others incorporate meshlet
priors to improve geometric consistency [10]. Deep learning adaptations of classi-
cal methods include Deep Marching Cubes for explicit surface learning [122] and
Scan2Mesh for structured mesh generation from range scans [38]. Further, techniques2475

like POINTS2SURF and POINTTRINET refine reconstructions using local and global
structures [53, 183]. However, they often involve trade-offs between geometric and
topological precision. While Point2Mesh leverages self-priors for surface refinement
[81]. Mesh-based and graph-based approaches integrate deep learning for detection
and segmentation, such as DMNET using GNNs for surface reconstruction [235] and2480

Mesh R-CNN combining mesh generation with object detection to predict and recon-
struct 3D shapes in an end-to-end manner simultaneously [67].

These advancements demonstrate the significant progress in 3D surface reconstruc-
tion, from classical geometric methods to modern deep learning-based approaches.
However, challenges remain in ensuring scalability, robustness to noise, and the preser-2485

vation of fine details, particularly in medical applications such as anatomical shape
analysis, where precision and robustness are paramount. Please refer to Section 2.6
for background on registration.

The workflow, Fig. 9.2, involves iso-surface extraction via Marching Cubes [128], fol-
lowed by mesh post-processing to ensure uniform point cloud densities and advanced2490

registration techniques for vertex correspondence. We explore rigid and non-rigid
registration using ICP (Point-to-Point [150], Point-to-Plane [30]), RANSAC with FPFH
[246], CPD [142], and a proposed deep learning approach with PyTorch3D [164], en-
forcing topological consistency for optimised registration. A template mesh deforms to
target meshes, with template selection minimising bias. Establishing correspondence2495

(Section 2.6) enables shape variation analysis via PCA. Performance is assessed us-
ing RMSE, Hausdorff distance, IoU, Dice, and point-to-point distance (Section 2.7),
confirming deep learning’s superiority over classical methods. Our contributions en-
hance reconstruction and registration robustness, laying the groundwork for statistical
shape analysis, as demonstrated by investigating aortic shape variation using PCA.2500

The proposed surface reconstruction workflow facilitates mesh extraction from medi-
cal images, promoting GNN applications. This work tackles the challenge of accurate
vertex correspondence while preserving geometric and topological integrity, highlight-
ing the importance of leveraging traditional and data-driven approaches in advancing
medical shape analysis and understanding anatomical variability and pathology.2505
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Figure 9.1: Overview for the developed pipeline starting with extracting high
quality meshes from segmented images to applying mesh registration, followed
by PCA for shape analysis.

Nairouz Shehata Shape Analysis using GNNs 130



9.2. 3D surface reconstruction Aortic Atlas - E-HVols

9.2 3D surface reconstruction
After the aorta was successfully segmented, some additional steps were necessary to
generate a mesh from these masks. Additionally, the meshes had to be downsampled,
aligned and registered to apply PCA as will be described in the next section 9.4. These2510

steps are summarised in Fig. 9.2.
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Ball
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Mesh 
repair

Figure 9.2: Overview for 3D surface reconstruction steps following segmen-
tation. Generated using Open3D

9.2.1 Iso-surface Extraction
An accurate iso-surface is generated from the mask using the Marching Cubes Algo-
rithm that converts voxel data into a mesh, taking into account problems like partial
volume effect [64] where the object may be underestimated. The implementation by2515

scikit-image was used, and the final result was a mesh defined by a list of vertices and
faces for each mask object. A 3D mesh is represented as a collection of vertices and
faces:

M = (V, F )

where:
- V = {v1, v2, . . . , v𝑁 } is the set of vertices, V ∈ R𝑁×3.2520

- F = {f1, f2, . . . , f𝑀} is the set of faces, each defined by a triplet of vertex indices
(𝑖, 𝑗 , 𝑘), F ∈ N𝑀×3.

9.2.2 Post-processing
Each mesh generated by marching cubes was represented by a different number of2525

vertices. The meshes had a fixed number of vertices across all subjects to perform
PCA. Also, for computational overhead, downsampling was preferred. The following
post-processing steps were applied to every mesh prior to alignment and registration
(all methods).
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• Downsampling vertices the vertices were sampled to be somewhat equidistant,2530

the method is based on Poisson disk sampling [233] and the implementation by
open3d1 was used. The fixed number of vertices was set to 1000, but the method
was not robust and sometimes yielded a few more or fewer vertices than 1000.

• Estimate and re-orient normals To recreate faces after downsampling, normals
are estimated by fitting local planes to the 3D points [151] and reoriented using2535

the tangent plane propagation method, using Open3D implementation based
on the minimum spanning tree [247]. This step resolves ambiguities in local
surface orientation, preventing issues such as inward-pointing normals or holes
when reconstructing the mesh. However, a few normals may still remain pointing
inwards due to ambiguities in the local surface orientation.2540

• Reconstruct mesh from downsampled points Ball pivoting algorithm [13] im-
plemented in open3d was used to reconstruct the faces for the newly downsam-
pled points, given coherent normals. Multiple radii are used during this process
to accommodate varying point densities and ensure robust face reconstruction,
radii [0.05, 0.1, 0.2, 0.4, 0.8, 1.0 to 12.0].2545

• Mesh repair To ensure a high-quality manifold surface mesh, a mesh repair
routine was called by pymeshfix 2. This includes (1) filling holes by creating ad-
ditional faces, ensuring the mesh is watertight and does not contain any open
boundaries, (2) removing non-manifold edges, which occur when an edge is
shared by more than two faces, (3) inverting faces with incorrect normals, (4)2550

removing disconnected components and (5) removing faces with near zero ar-
eas when all three vertices are almost co-linear or too close to each other and
(6) smoothing to improve mesh quality and remove any artefacts.

• Reinstate vertices count The target vertex count is set to 1000, although slight
variations may occur due to the mesh repair steps and the stochastic nature of2555

the sampling method. Therefore, vertices were added at the midpoint of the
longest edges and were referenced by two new faces instead of the old one.

1https://www.open3d.org/
2https://pymeshfix.pyvista.org/

Nairouz Shehata Shape Analysis using GNNs 132

https://www.open3d.org/
https://pymeshfix.pyvista.org/
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9.3 Alignment and Correspondence
The alignment of the meshes is only performed once, but the registration to establish2560

correspondence between vertices of one mesh to another across the dataset was
performed twice, to a subset (𝐾 meshes) of the whole dataset for template selection
and another time for the whole dataset using the saved template from the first run;
figure 9.3.

• Alignment - Spatial normalisation Volunteers were placed in the MRI machine2565

the same way, allowing for approximate alignment of their aortas, with the z-
axis oriented along the descending aorta. This consistent positioning meant that
only translational adjustments were necessary to align the aortas precisely. To
determine these translations, we calculated the centroid of the template mesh
and then computed the displacement vector from this centroid to the centroid in2570

each subject’s aortic mesh.

Alignment involves translating the target mesh to align with the source mesh’s
centroid: T = 𝝁source − 𝝁target, Valign

target = Vtarget + T

• Template selection We registered a subset of 𝐾 = 100 meshes to an initial ran-
dom mesh from the dataset using affine Coherent Point Drift (CPD). The vertices2575

of the 𝐾 registered meshes were averaged to create a mean shape, which served
as the final template, see Fig. 9.3. This approach minimises bias toward any spe-
cific shape and provides a canonical representation for downstream analysis.

• Rigid/Non-rigid Registration to establish correspondence

The final step before performing PCA was establishing correspondence across2580

all point clouds, Sec 2.6. The primary goal is to align and deform the template
(source) mesh to match each individual (target) mesh in the dataset with vary-
ing topologies and vertex counts, ensuring consistent topology and vertex cor-
respondence post-deformation. A number of methods, some of which are rigid,
such as ICP variants Point-to-Point and Point-to-Plane [30, 150] and Fast2585

Global Registration (FGR) with RANSAC [246] and others non-rigid, such as
CPD affine registration and CPD deformable registration [142], are used as base-
line methods. Additionally, we used ICP Point-to-Plane to improve alignment
precision by fine-tuning the transformation obtained through RANSAC. These meth-
ods were introduced in section 2.6. Implementations of CPD, ICP and RANSAC2590

were used from pycpd3 and open3d, respectively. Our developed deep learning
3https://github.com/siavashk/pycpd
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Figure 9.3: Template selection, alignment and registration. (a) template se-
lection (b) how correspondence is established after registration. The same vertex
(black) is at the same anatomical location as the template across all meshes

approach utilises PyTorch3D [163]4 and is compared to the baseline methods.

These registration methods aim to establish correspondence between the source
and target points by aligning the source as closely as possible to the target. Rigid
methods achieve this through a global transformation (only translation and rota-2595

tion), while non-rigid methods like deformable CPD enable local adjustments to
achieve point-to-point correspondence. Therefore, nearest neighbour matching
is used to reorder the target points so that they align with the transformed source.
This enables the target points to follow the source’s vertex order, effectively trans-
ferring the source’s topology onto the registered target geometry. Specifically:2600

1. For each point in the transformed source (output of RANSAC, ICP, or CPD), find
the closest point in the target using a KD-tree for efficient nearest neighbour

4https://pytorch3d.org/

Nairouz Shehata Shape Analysis using GNNs 134

https://pytorch3d.org/


9.3. Alignment and Correspondence Aortic Atlas - E-HVols

search.

2. Construct a reordered version of the target mesh by reindexing its vertices
to match the source’s vertex order, thereby ensuring consistent topology2605

across meshes.

• Proposed learning-based approach
The deformation process involves optimising vertex positions to minimise a com-
posite loss function:

Ltotal = 𝑤chamferLchamfer + 𝑤edgeLedge + 𝑤normalLnormal+
𝑤LaplacianLLaplacian + 𝑤curvatureLcurvature + 𝑤IoULIoU + 𝑤diceLDice

where 𝑤 are learnable weight coefficients for each loss component, optimised2610

using log-space parameterisation to ensure numerical stability.

– Chamfer Distance measures the average closest point distance between
two point sets:

Lchamfer =
∑︁

v∈Vsource

min
u∈Vtarget

∥v − u∥2 +
∑︁

u∈Vtarget

min
v∈Vsource

∥u − v∥2

– Edge Loss enforces the preservation of mesh edges to maintain topology:
Ledge =

∑
(𝑖, 𝑗)∈E ∥v𝑖 − v 𝑗 ∥2, where E is the set of edges in the mesh.2615

– Normal Consistency ensures that vertex normals remain consistent to
preserve surface smoothness:
Lnormal =

∑𝑁
𝑖=1 ∥nsource

𝑖
− ndeformed

𝑖
∥2, where n𝑖 are the vertex normals.

– Laplacian Smoothing minimises the Laplacian energy to smooth the mesh:

LLaplacian =

𝑁∑︁
𝑖=1

∥vdeformed
𝑖 − 1

|N (𝑖) |
∑︁
𝑗∈N (𝑖)

vdeformed
𝑗 ∥2

where N(𝑖) denotes the neighbouring vertices of vertex 𝑖.2620

– Curvature Matching computes the mean curvature at each vertex using
the Laplacian operator and matches the curvature between source and tar-
get meshes:

Lcurvature = Chamfer Distance
(
Hsource,H target

)
where H represents the mean curvature values of vertices, which can be
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approximated using the Laplacian operator as:2625

𝐻𝑖 =
1
𝑑𝑖

∑︁
𝑗∈𝑁 (𝑖)

(v 𝑗 − v𝑖)

where: - 𝐻𝑖 is the mean curvature at vertex 𝑖,
- 𝑑𝑖 is the degree of vertex 𝑖 (number of adjacent vertices),
- 𝑁 (𝑖) is the set of neighbours of vertex 𝑖,
- v 𝑗 and v𝑖 represent the positions of neighbouring vertex 𝑗 and vertex 𝑖.

– IoU and Dice Coefficient are overlap metrics evaluating the similarity be-2630

tween the deformed source and target meshes:

LIoU = 1 −
|Vsource ∩Vtarget |
|Vsource ∪Vtarget |

, LDice = 1 −
2|Vsource ∩Vtarget |
|Vsource | + |Vtarget |

The optimization aims to find vertex displacements ΔV that minimize the total
loss:

ΔV∗ = arg min
ΔV

Ltotal(V + ΔV, F ,Vtarget, Ftarget)

Using Adam Optimiser with log-space weight initialisation and a 0.01 learning
rate for weights and 1.0 for vertex displacement:2635

ΔV𝑡+1 = ΔV𝑡 − 𝜂∇ΔVLtotal

The optimisation runs for a predefined number of epochs or until early stopping
criteria are met. For each epoch:

1. Compute the total loss Ltotal with learnable weights.

2. Perform backpropagation to compute gradients: ∇ΔVLtotal.

3. Update the vertex displacements and weights using Adam optimiser.2640

4. Early stopping if there is no improvement after 200 consecutive iterations.

By deforming the template to match each target mesh, we ensure that all meshes
share the same vertex structure, which is essential for subsequent shape analy-
sis.

• Evaluation All registration methods were evaluated by calculating RMSE, Hauss-2645

dorff, IoU, Dice, and the average distance between the target and deformed
source mesh (template mesh). Details of evaluation methods can be found in
section 2.7.
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9.4 Identifying aortic shape variations
2650 PCA was mentioned in section 2.2 as a method for linear dimensionality reduction.

Here, PCA is used to identify key modes of aortic shape variation and visualise them
in 3D. The input data consists of 599 registered meshes, each represented by 1000
vertices with x, y, and z coordinates, resulting in a total of 3000 features per sub-
ject. Singular Value Decomposition (SVD) is used to project the input matrix of size2655

599x3000 to a lower-dimensional space for efficient computation.

The components are sorted in descending order of explained variance, with the first
component capturing the largest proportion of variance in the dataset. We analyse
principal components that collectively explain over 95% of the total variance. The mean
shape of the cohort is visualised as a 3D mesh, along with the shape variations corre-2660

sponding to positive and negative displacements of two standard deviations along the
first few principal components. Since the point clouds were registered before applying
PCA, we maintain the connectivity (faces) of the original template mesh to visualise the
shape variations. These varying meshes are saved as .vtk files, enabling interactive
3D visualisation in Paraview5.2665

Additionally, we compare the use of Umeyama rigid and similarity transformations [206]
to the registered meshes before applying PCA to better understand sources of variation
beyond overall size. The similarity transformation includes a global isotropic scaling
factor, allowing us to factor out the overall size effects and focus on capturing localised
shape variations. We analyse the PCA results from both transformations, examining2670

the variance explained by each principal component and the nature of the shape de-
formations. Visualising and quantifying these differences allows for a more precise
understanding of aortic shape variation in the cohort.

5https://www.paraview.org/
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9.5 Results
2675 The first set of results, presented in Section 9.5.1, evaluates the performance of the

various registration methods. Subsequently, the meshes registered using the best-
performing method are analysed using PCA, with the results detailed in Section 9.5.2.

9.5.1 Mesh registration
Rigid registration methods, such as ICP variants, RANSAC and ICP+RANSAC, showed lim-2680

itations in handling non-rigid deformations, often resulting in incomplete template cov-
erage and biased alignment. These methods are constrained by their reliance on rigid
transformations, which fail to accommodate complex anatomical variations. Their out-
lier rejection mechanisms, while intended to improve robustness, often lead to incom-
plete template coverage and biased alignment. This issue is particularly pronounced2685

in cases of partial overlap or poor initial alignment, where regions with better corre-
spondence dominate the transformation, resulting in artificial distortions or “holes” in
the final output.

When handling partial overlaps, these rigid methods prioritise locally optimal align-
ments at the expense of global geometric consistency. This is particularly evident in2690

cases of poor initial alignment, where ICP+RANSAC produces distorted transformations
due to its inability to accommodate local deformations. The observed differences post-
transformation primarily stem from incomplete or partial alignment rather than true non-
rigid transformation, resulting in regions that either closely match the target or appear
entirely misaligned due to a lack of correspondence.2695

In contrast, non-rigid approaches, including CPD (affine and deformable) and our pro-
posed deep learning-based method, demonstrated superior performance, as shown
in Figure 9.4. CPD, in both its affine and deformable variants, demonstrated better
management of global and local deformations, with the deformable variant showing
particular improvement in preserving geometric features while allowing non-rigid trans-2700

formation. Our deep learning approach, leveraging a composite loss function, outper-
formed all classical methods across all metrics, preserving geometric integrity and
achieving accurate registration. This highlights the potential of learning-based tech-
niques to address the limitations of traditional methods. The visual comparison in Fig.
9.5 reinforces these findings.2705

9.5.2 Shape analysis using PCA
Each principal component explains a percentage of the total variance present in the
cohort regarding the 3D shape of the aorta. These percentages are sorted in descend-
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Figure 9.4: Comparison of rigid and non-rigid registration methods using different
evaluation metrics
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Template Target

CPD(aff.) CPD(def.) OursICP (plane)ICP (point)

deforms into

RANSAC+ICPRANSAC

Method Avg 
dist

Haussdorf 
dist RMSE IoU Dice

RANSAC 4.29 18.82 5.48 0.17 0.29

RANSAC+ICP 2.42 7.44 2.81 0.32 0.48

ICP (point) 2.30 6.82 2.63 0.34 0.51

ICP (plane) 2.31 7.63 2.69 0.35 0.52

CPD (affine) 1.74 9.30 2.07 0.60 0.75

CPD (def.) 1.73 8.61 2.06 0.60 0.75

Ours 0.78 2.59 0.92 0.99 0.99

Figure 9.5: A random target mesh was selected to visualise how the template
deformed under each registration method

ing order to identify which mode of variation contributes the most. The percentages
are shown as vertical bars, and their accumulative sum is shown by a curve in Fig. 9.62710

and listed in Table 9.1.
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(b) Umeyama similarity

Figure 9.6: Percentage of variance explained by each principle component
and their accumulated curve

The first six modes are visualised as 3D meshes in Fig. 9.7, demonstrating the pri-
mary modes of variation. The first PCA mode captures overall size changes under
both the Umeyama rigid and similarity transformations. However, it explains a signif-
icantly larger proportion of variance—68.0% with the rigid transformation compared2715

to 22.9% with the similarity transformation, a threefold difference, Fig. 9.6 and Table
9.1. This redistribution results in subsequent modes explaining relatively more vari-
ance under the similarity transformation, with differences around twofold for modes
two to six. Despite these shifts, the interpretations of the PCA modes remain con-
sistent across both transformations for all visualised modes. These findings suggest2720
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PCA Mode variance explained
(rigid transformation)

variance explained
(similarity transformation)

Mode 1 68.0% (cumulative: 68.0%) 22.9% (cumulative: 22.9%)
Mode 2 6.5% (cumulative: 74.5%) 14.9% (cumulative: 37.7%)
Mode 3 5.5% (cumulative: 80.0%) 10.9% (cumulative: 48.6%)
Mode 4 3.8% (cumulative: 83.8%) 8.5% (cumulative: 57.1%)
Mode 5 2.9% (cumulative: 86.7%) 6.1% (cumulative: 63.2%)
Mode 6 2.2% (cumulative: 88.9%) 4.5% (cumulative: 67.7%)
Mode 7 1.5% (cumulative: 90.4%) 4.3% (cumulative: 72.0%)
Mode 8 1.3% (cumulative: 91.7%) 2.6% (cumulative: 74.6%)
Mode 9 0.8% (cumulative: 92.5%) 2.2% (cumulative: 76.8%)
Mode 10 0.6% (cumulative: 93.1%) 1.5% (cumulative: 78.3%)

Table 9.1: Variance explained by the top 10 principal components for aortic
shape analysis after applying Umeyama rigid and similarity transformations sep-
arately.

that both transformations highlight comparable aortic shape characteristics, with the
similarity transformation emphasising finer variations across multiple modes.

Below is a list of the shape or size features described by each of the first six modes,
respectively, from Fig. 9.7:

1. overall aortic size (scaling)2725

2. change in aortic arch height and width, bringing the ascending and descend-
ing aorta closer together as the aortic arch height increases, decreasing the aor-
tic arch width.

3. the orientation of the ascending aorta, tilting sideways, as can be seen across
all three views.2730

4. the relationship between aortic arch curvature and the lengthening or shortening
of the ascending aorta, which is more visible in the first two views.

5. related to the aortic arch shape but without substantial changes to the aortic
length.

6. related to minor changes in the in-plane orientation of the aortic arch in relation2735

to the ascending and descending aorta.
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Mean
Shape

Mode #1 Mode #2 Mode #3 Mode #4 Mode #5 Mode #6

(a) Umeyama rigid before applying PCA
Mean
Shape

Mode #1 Mode #2 Mode #3 Mode #4 Mode #5 Mode #6

(b) Umeyama similarity before applying PCA

Figure 9.7: The panels from left to right show the average shape in bright
red, followed by the top 6 modes of variation. The shapes after subtracting
and adding two standard deviations of each mode to the average shape (in pink
and blue, respectively). The three rows show the same shapes, just from different
viewing angles
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9.6 Conclusion
While computationally efficient and suitable for simple alignments, rigid methods show
fundamental limitations in handling non-rigid deformations. This limitation becomes2740

particularly apparent in partial overlap cases, where rigid methods often create incom-
plete or distorted transformations. The superior performance of non-rigid methods,
especially the deep learning approach, highlights the importance of local deformation
capability in achieving accurate registration.

For scenarios requiring rigid alignment, point-to-point ICP remains a reliable choice2745

over other rigid registration methods and can serve as a suitable method for coarse
alignment. However, it should be followed by more sophisticated, non-rigid methods
for final refinement. When dealing with non-rigid cases, the deep learning approach
or deformable CPD should be favoured.

We also demonstrate the effectiveness of PCA in characterising aortic shape variations2750

across a large population. The analysis revealed distinct patterns in how variance is
distributed across principal components under different transformation approaches.
With rigid transformation, the first mode dominated, explaining 68.0% of total variance,
primarily capturing global size differences. In contrast, the similarity transformation
produced a more distributed variance pattern, with the first mode accounting for only2755

22.9%, suggesting a size-independent representation of shape variations.

The cumulative variance explained by the first ten modes reached 93.1% under rigid
transformation and 78.3% under similarity transformation, indicating that a relatively
small number of principal components can effectively characterise the majority of aortic
shape variations in the population. This finding has important implications for clinical2760

applications and future research, potentially simplifying the quantitative assessment of
aortic morphology and enabling more targeted analysis of shape-based risk factors in
aortic diseases. Future work could focus on correlating these identified shape modes
with clinical outcomes and investigating their potential as predictive markers for aortic
pathologies.2765
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Chapter 10

Characterising Aortic Shape
Variability
Structural abnormalities of the aorta can impair its functionality, while functional impair-2770

ments may, in turn, induce structural changes. Moreover, variations in aortic morphol-
ogy and function may be influenced by demographic factors, underscoring the need for
a comprehensive analysis of these interrelations. To address this gap, it is essential to
characterise the aorta’s phenotype, its determinants, and its implications for function,
both in health and disease. Establishing a benchmark for aortic shape and function is2775

crucial for identifying pathological deviations.

This study presents a comprehensive analysis of aortic shapes reconstructed from
Cardiac Magnetic Resonance (CMR) images of a cohort of 599 healthy subjects. PCA
is used to quantify healthy shape variability, enabling an investigation of dominant
modes of variation. We constructed a correlation matrix to identify the relationship be-2780

tween these dominant PCA modes and target variables related to the cohort’s demo-
graphics, aortic size, left ventricular function, aortic flow, and blood pressure. These
identified strong correlations are used to define regression tasks, where PCA modes
serve as predictors for the associated target variables. We also compare the predictive
performance of these linear regression models to our bespoke GNN model.2785

This analysis establishes a benchmark for the shape of the healthy aorta and provides
insight into the factors influencing its morphological variability. This work contributes to
a more comprehensive understanding of aortic shape, size, and function by leveraging
dimensionality reduction techniques and deep learning approaches.
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10.1. Introduction Aortic Shape Characterisation

10.1 Introduction2790

Medical images encode a massive amount of information of high clinical value en-
coded in them. Hence, image analysis techniques, cardiac atlases, and computational
models are currently under active development to capture the complexity of the cardio-
vascular system. Advanced shape analysis techniques are promising for enhancing2795

patient-specific clinical applications, including surgical pre-planning, improved intra-
operative navigation, optimised medical device design, and more accurate outcome
prediction.

Traditional methods of analysing shapes involve computing hand-crafted feature de-
scriptors and extracting a limited number of predefined manual measurements. 2D2800

measurements, such as diameters from oblique images, usually recorded by experts,
can be time-consuming, irreproducible, and often not as accurate as 3D measure-
ments [221]. The literature lacks a comprehensive study analysing the 3D thoracic
aorta shape, relating its structure to function using feature learning. Instead, some re-
search relied on statistical shape modelling (SSM) for holistically analysing the aortic2805

shape [21, 74, 200]. Rodero et al. extended the application of SSM to link structure to
function [169].

Others investigated statistical approaches to predict the size of the aorta at different
locations using factors such as gender, age, and body surface area (BSA). Many re-
gression models have been studied, including linear, logarithmic, quadratic, polyno-2810

mial, and cubic functions. Linear regression models consistently emerged as the most
effective statistical approach for representing aortic dimensions [23, 154, 170]. Among
predictors, BSA demonstrated the strongest correlation with aortic dimensions in most
studies [26, 154, 170, 210, 220], though Roman et al. found age to have a higher
correlation [170]. Additionally, gender differences add complexity, with aortic root di-2815

mensions generally being smaller in women compared to men of similar age and body
size [129, 211]. Age-related changes show aortic diameters increase over time in both
genders, though rates may differ [100, 220].

The complex interplay of factors affecting aortic dimensions and shape, including BSA,
gender, age, and segment-specific variations, underscores the need for advanced an-2820

alytical approaches. Therefore, we investigate using statistical shape models, linear
regression models and our multi-graph architecture for aortic shape analysis. In addi-
tion to commonly studied factors such as age, sex, and BSA, we also include factors
related to LV function, aortic flow, and blood pressure to better understand the rela-
tionship between aortic structure and function.2825
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10.2 Methods
10.2.1 Imaging dataset and pre-processing
The aorta was segmented from the E-HVols imaging dataset (see Section 3.1.5) using
nn-UNet. Then we extracted the aortic shapes using Marching Cubes before applying2830

our 3D surface reconstruction pipeline including (1) downsampling meshes to a fixed
number of vertices, (2) recreate the surface using the new number of vertices and
(3) mesh repair including filling holes, removing non-manifold edges, smoothing and
other, please see Section 9.2.2 for details. Finally, to establish correspondence across
the dataset, we use our developed deep-learning approach presented in Chapter 9,2835

which allowed us to use PCA for identifying the anatomical modes of variation of the
aorta.

10.2.2 Target variables
Left ventricular function related parameters:
First LV mass, end-systolic volume (ESV) and end-diastolic volume (EDV) are2840

obtained by tracing the endocardium and epicardium from short-axis images of the
LV, slice by slice using Segment software (Medviso AB, Lund, Sweden), see Fig.
10.1. Subsequent parameters were derived from these measurements:

• Stroke Volume (SV): The blood volume ejected from the ventricle during systole,
calculated as the difference between EDV and ESV.2845

• Ejection Fraction (EF): The percentage of blood leaving the heart with each
contraction, computed as EF = SV/EDV.

• Ventriculo-Arterial Coupling (VAC): Represents how efficiently the heart’s pump-
ing action matches arterial resistance. It is approximated using the volume method:
VAC = (EDV-ESV)/ESV [227].2850

Pulse Wave Velocity (PWV):
PWV is calculated using Segment software (Medviso AB, Lund, Sweden), based on the
formula: PWV = Δ𝐷/Δ𝑇, (m/s) where Δ𝐷 represents the aortic path length between
the mid-aortic valve and mid-descending aorta, and Δ𝑇 is the time delay between the
pulse wave’s arrival at these levels [90].2855
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Figure 10.1: Slice from short-axis stack of the LV. Traced endocardium and
epicardium for LV function calculations
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Velocity Mapping Phase contrast MRI produces two types of images: magni-
tude and phase images, as shown in Fig. 10.2. In magnitude images, brighter
areas indicate stronger signals from the spinning magnetisation of tissue inside
the MRI scanner. This magnetisation is a vector, meaning it has both size and
direction.

The MRI scanner detects whether the signal is ahead or behind a reference oscil-
lator in the machine. The phase of the signal represents its direction, which helps
determine the direction of blood flow. This is useful because magnetic field gra-
dients can cause phase shifts, allowing MRI to encode position information [63].
The measured velocity estimates the true average velocity within a voxel, given in
cm/s, Fig. 10.2.

Figure 10.2: Magnitude and phase images from the reference scan (top row)
and velocity-sensitive scan (bottom row). Subtracting the phase images gives the
velocity map [63].

Mean flow:
A MATLAB code developed by Torii et al. [203] was used for velocity mapping. The
region of interest (ROI) was defined by manually placing points along the contour of the
aortic root cross-section for each slice. The velocities within the ROI were averaged
to obtain mean flow values.2860

Aortic size-related parameters:
A tool developed in MATLAB (MathWorks, Natick, Massachusetts) extracted aortic
sizing parameters automatically by locating nine anatomical landmarks at the annu-
lus, STJ and extreme bulging points per aortic sinus [184], Fig. 10.3. The centreline
was generated using Mimics Research version 19.0 (Materialise, Leuven, Belgium). A2865
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plane was fitted to each set of three landmarks or oriented orthogonally to the centre-
line. Then, the mesh-plane intersection contours are extracted, and a circle of best-fit
is used to estimate the diameter of the cross-section [114].

The sinuses of the aortic root are separated using cutting planes that rotate interac-
tively about the centreline of the aortic root. Sinus volumes were then calculated using2870

the 𝛼-shapes algorithm [51].

annulus dia

mid sinus
dia

STJ dia

mid Asc. dia

end Asc. dia

Desc. dia

Asc. length

Non-coronary
 Sinus (NCS)

Right-coronary
 Sinus (RCS)

Distances from centre: Bulge (mm)

Volume per sinus (mL)

Diameters (mm)

Left-coronary
 Sinus (RCS)

Figure 10.3: Size-related parameters. Left: size of the aortic root sinuses,
including volume per sinus and the distance from the centre to each bulging land-
mark. Right: Diameters recorded along the centreline using circle of best-fit a and
length of the centreline along the ascending aorta, denoted as Asc. length.

aannulus diameter, diameter at maximum bulges level (mid sinus dia), sino-tubular junction
diameter (STJ dia), diameter at mid ascending aorta (mid Asc. dia), diameter at end ascending
aorta before the first bifurcation (end Asc. dia) and diameter at mid descending aorta (Desc. dia)

10.2.3 Data exploration
To find correlations between aortic shape and available target data, we use the pro-
jections of shape data onto the top six principal components obtained through PCA.
Further details are provided in Section 9.4. We calculated a correlation matrix to ex-2875

plore the relationships between target variables and PCA modes. This matrix provides
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a visual overview of how strongly each target variable correlates with the six PCA
modes. This visualisation helps identify which PCA modes might be most relevant for
predicting specific targets.

10.2.4 Power analysis2880

We conducted a power analysis to determine the minimum sample size required for
our multiple linear regression analysis. This analysis was crucial to ensure that our
study had sufficient statistical power to detect meaningful relationships between the
predictor variables (six PCA modes describing aortic shape) and our target variables.
We based our power analysis on established guidelines by Cohen et al. [35].2885

The significance level alpha was set at 0.05 and we aimed for a power of 80%, which
are commonly accepted standards [55]. We anticipated a medium effect size, corre-
sponding to an R2 value of 0.13, which translates to a Cohen’s f2 of 0.1494 [35].

10.2.5 Linear regression & baselines
To establish a baseline, we use linear regression on projections of shape data onto2890

the top six principal components. This approach allowed us to assess the predictive
potential of each target label in a lower-dimensional space and set a benchmark for
more advanced non-linear models, e.g. our multi-graph architecture.

10.2.6 Single and multi-target prediction using our GNN
Our multi-graph architecture processes the aortic meshes to predict target variables.2895

The model uses a shared backbone for feature extraction and separate output layers
for each target variable. This design allows the model to learn shared representations
of the aortic shape while tailoring predictions to individual targets. It can handle both
single-target prediction, where one target variable is predicted per forward pass, and
multi-target prediction, where multiple target variables are predicted simultaneously in2900

a single pass.
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10.3 Experiments
We used only subjects with available target data, leading to a different number of sam-
ples per target label. Our multi-graph architecture uses the same data splits to predict2905

selected target variables as the linear regression models.

1. Cross-Validation with 5 Folds:
To ensure robust evaluation, we performed 5-fold cross-validation, splitting the
data into five equal parts. Four parts were used for training, and one was held out
for testing in each fold, rotating assignments to provide averaged performance2910

metrics and mitigate overfitting.

2. Mode combinations as features:
Each target was predicted using linear regression based on individual and com-
bined principal component projections. We tested combinations ranging from
single modes to all six principal components.2915

3. Median predictor baseline:
As a reference point, we calculated the Mean Absolute Error (MAE) for a baseline
model. This model used the median of the target values in the training set as a
constant prediction for the test set in each fold. Comparing this baseline MAE
to the linear regression MAE allowed us to assess whether our model provided2920

meaningful predictive value.

4. Comparison of Mesh Processing and Model Architectures for our GNN:
We first compare the use of the unprocessed meshes produced by Marching
Cubes versus the pre-processed meshes described in Section 10.2.1. We also
compare the use of GCNConv and SplineConv, as these have yielded better2925

performance in our previous comparative study compared to GraphConv from
Chapter 4. Due to the small dataset size, an augmentation strength of 0.5 was
used.

5. Normalization for the multi-target prediction Model:
To account for differences in scale among target variables, we normalise the2930

outputs and ground truth values using the per-batch standard deviation before
computing the Mean Squared Error (MSE) loss. This ensures that targets with
larger numerical ranges do not disproportionately influence training. These ex-
periments are repeated without normalisation to study the effect of normalisation
on model performance.2935

Model performance was evaluated using Mean Absolute Error (MAE) and R2 metrics
for each target variable.
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10.4 Results
10.4.1 Power analysis2940

Fig. 10.4 demonstrates how statistical power increases with sample size for different
effect sizes, providing a comprehensive understanding of the power dynamics in our
study design. We determined that a sample size of 98 or more is required for a medium
effect size to achieve sufficient statistical power of 0.8 at a significance level of 0.05.
This finding underscores the importance of ensuring an adequate sample size to detect2945

meaningful relationships between aortic shapes and target variables.
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Figure 10.4: Power Curves for Multiple Linear Regression. The curves show
the relationship between sample size and statistical power for small (R2 = 0.02),
medium (R2 = 0.13), and large (R2 = 0.26) effect sizes. The red dashed line
marks the desired power of 0.80, and the green dashed line indicates the minimum
required sample size of 98.

10.4.2 Target variables and PCA projections relationships
Similar patterns of correlation were observed in Fig. 10.5a and Fig. 10.5b, although
with slight differences in magnitude.

Fig. 10.5 shows that the strongest correlations (|𝑟 |>0.2) were found between two or2950

more PCA modes and age, LVM, BSA and weight, systolic blood pressure (SBP),
and mean arterial pressure (MAP) and all aortic size-related variables except for sinus
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height and mid-sinus height. These findings indicate that the aortic shape potentially
influences several target variables. This is summarised in Table 10.1.

Table 10.1: Target variables showing strong correlation (|𝑟 | > 0.2 in ≥2 PCA
modes) with shape descriptors derived from rigid and similarity registrations.

Category Target Variable Rigid Similarity

Demographics
Age ✓ ✓

Weight ✓ ✓

Height ✗ ✗

BSA ✓ ✓

LV Function

LVEDV ✗ ✗

LVESV ✗ ✗

LVSV ✗ ✗

LVEF ✗ ✗

LVM ✓ ✓

HR ✗ ✗

Hemodynamics
VAC ✓ ✓

PWV ✗ ✗

Mean flow ✗ ✗

Aortic Size (Root & Ascending)

Annulus Diameter ✓ ✓

Asc. length ✓ ✓

Mid sinus diameter ✓ ✓

Mid sinus height ✗ ✗

STJ diameter ✓ ✓

Sinus height ✗ ✗

Mid Asc dia ✓ ✓

End Asc dia ✓ ✓

Desc dia ✓ ✓

Aortic root bulge & Volume

LCS bulge ✓ ✓

NCS bulge ✓ ✓

RCS bulge ✓ ✓

LCS vol ✓ ✓

RCS vol ✓ ✓

NCS vol ✓ ✓

Blood Pressure
SBP ✓ ✓

DBP ✗ ✗

MAP ✓ ✓
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mode_1 mode_2 mode_3 mode_4 mode_5 mode_6
PCA Modes

-0.21 -0.41 0.14 0.23 -0.14 -0.12
-0.30 -0.08 -0.06 -0.05 -0.03 -0.15
-0.29 -0.01 -0.07 -0.02 0.03 -0.10
-0.25 -0.12 -0.04 -0.06 -0.07 -0.15
0.13 -0.12 0.02 0.01 -0.09 -0.03
-0.37 -0.25 -0.11 0.02 -0.06 -0.09
0.24 0.09 0.08 -0.02 -0.02 0.08
0.28 -0.01 -0.12 0.09 -0.03 0.15
-0.07 -0.08 -0.06 0.03 -0.13 -0.07
0.10 -0.15 0.08 -0.07 -0.02 0.09
-0.48 -0.34 0.02 0.13 -0.00 -0.24
-0.54 -0.31 0.22 0.32 0.06 -0.11
-0.48 -0.24 0.04 0.08 0.06 -0.27
-0.11 -0.03 -0.04 0.13 -0.02 -0.11
-0.49 -0.32 0.10 0.06 -0.02 -0.26
-0.10 -0.10 0.02 0.13 0.08 -0.11
-0.43 -0.31 0.11 0.11 -0.03 -0.28
-0.27 -0.33 0.01 0.22 -0.03 -0.12
-0.54 -0.42 0.00 0.15 0.04 -0.18
-0.42 -0.21 0.03 0.14 -0.06 -0.33
-0.28 -0.19 -0.04 0.16 0.08 -0.27
-0.41 -0.22 -0.05 0.12 0.03 -0.22
-0.30 -0.15 -0.08 0.16 0.02 -0.30
-0.24 -0.24 -0.06 0.20 0.09 -0.23
-0.36 -0.20 -0.05 0.17 0.10 -0.18
-0.19 -0.40 -0.08 -0.17 -0.27 -0.14
-0.35 -0.05 -0.01 0.06 0.09 -0.00
-0.26 -0.37 -0.07 -0.13 -0.22 -0.13
-0.26 -0.25 0.13 -0.00 0.02 0.06
-0.17 -0.15 0.15 0.00 -0.04 0.01
-0.26 -0.24 0.15 -0.00 -0.00 0.05

Correlation Matrix: Target Variables vs. PCA Modes
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mode_1 mode_2 mode_3 mode_4 mode_5 mode_6
PCA Modes

-0.25 -0.39 0.04 0.24 0.12 -0.12
-0.27 -0.09 -0.14 -0.04 -0.02 -0.13
-0.25 -0.02 -0.13 -0.02 -0.07 -0.07
-0.23 -0.13 -0.11 -0.06 0.02 -0.15
0.11 -0.11 0.04 0.01 0.10 -0.05
-0.32 -0.23 -0.21 0.04 -0.00 -0.04
0.19 0.09 0.13 -0.02 0.05 0.07
0.29 0.02 -0.08 0.08 0.04 0.17
-0.08 -0.08 -0.08 0.02 0.13 -0.07
0.09 -0.15 0.10 -0.03 0.04 0.05
-0.40 -0.34 -0.08 0.18 -0.02 -0.28
-0.53 -0.30 0.12 0.36 -0.06 -0.14
-0.39 -0.24 -0.05 0.13 -0.07 -0.31
-0.07 -0.01 -0.06 0.12 0.02 -0.11
-0.43 -0.33 -0.01 0.11 -0.01 -0.29
-0.07 -0.09 0.01 0.15 -0.06 -0.12
-0.38 -0.30 0.02 0.15 0.02 -0.33
-0.23 -0.31 -0.07 0.26 0.03 -0.17
-0.48 -0.42 -0.12 0.20 -0.08 -0.18
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Figure 10.5: Comparison of correlations between PCA modes and target vari-
ables after applying different Umeyama methods.
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Correlation coefficient r measures the strength and direction of a linear relation-
ship between two variables, ranges from -1 to 1.
Coefficient of determination R2 measures how well a regression model (which
can include multiple variables, e.g. PCA modes) explains the variation in the de-
pendent variable (target variables we are trying to predict). It tells you the proportion
of the variance in the target variable that is predictable from the PCA modes.

10.4.3 Linear regression models2955

The results of the linear regression models in Tables 10.2 and 10.3 show that the
same set of target variables with strong correlations as in Fig. 10.5, where correlation
coefficients |𝑟 |>0.2 between two or more PCA modes and targets also yielded high
R2 values >0.2 in the regression analysis. However, notable exceptions include LVM,
SBP, VAC and specific size-related parameters, particularly aortic root sinus dimen-2960

sions and end of ascending aorta diameter yielded lower R2 values, ranging between
0.1 and 0.2.

This discrepancy suggests that while linear regression can capture some relationships
between PCA modes and target variables, it may fail to account for more complex in-
teractions or non-linear dependencies in the data. Therefore, these results underscore2965

the need for advanced modelling techniques that capture non-linear relationships and
interactions between representations of aortic shapes and target variables, such as
GNNs.

10.4.4 Effect of mesh processing on GNN performance
Fig. 10.6a shows that the mesh registration and post-processing steps from Chapter 9 lowered2970

the AUC for the sex classification task from 0.91 to 0.88. The superior performance of raw
meshes suggests that certain geometric features critical for prediction may be smoothed out
or lost during registration and post-processing steps. Therefore, the meshes produced from
marching cubes were used to train and test our GNN models. Additionally, SplineConv was
selected for the convolutional layers because it outperformed the model using GCNConv as2975

shown in Fig. 10.6b

10.4.5 GNN performance predicting selected target variables
The GNN model’s performance for predicting selected target variables is summarised in Table
10.4. GNNs demonstrated mixed results depending on the target variable compared to linear
regression performance. For instance, GNNs underperformed significantly when predicting2980

age (𝑅2 = −0.276, 𝑀𝐴𝐸 = 6.974), BSA (𝑅2 = 0.195, 𝑀𝐴𝐸 = 0.163) and ascending aorta length
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Table 10.2: MAE and R2 for regression models using different combinations
of PCA modes after rigid Umeyama to predict available target variables

Target N Mod Comb
(Lowest MAE) R2 MAE Mod Comb

(Highest R2) R2 MAE Baseline
MAE

Age(years) 599 1,2,3,4,5,6 0.294 5.845 1,2,3,4,5,6 0.294 5.845 6.534
LVEDV(mL) 583 1,2,3,4,5,6 0.100 22.705 1,3,4,5,6 0.100 22.734 24.377
LVESV(mL) 583 1,3 0.081 12.395 1,3,6 0.086 12.406 13.032
LVSV(mL) 583 1,2,3,5,6 0.084 13.955 1,2,4,5,6 0.094 13.983 14.759
LVEF(%) 582 1,2,5 0.021 4.827 1,2,5 0.021 4.827 4.932
LVM(g) 390 1,2,3 0.160 22.165 1,2,3,6 0.164 22.177 25.088
HR(bpm) 372 1 0.018 9.057 1,3 0.019 9.065 9.353
VAC 162 1,4 0.057 0.551 1,4 0.057 0.551 0.581
PWV(m/s) 163 2,3,4,5 -0.043 0.842 2,6 -0.036 0.850 0.789
Mean flow(mL/s) 318 1,2 -0.032 17.212 1 -0.031 17.323 17.434
Annulus dia.(mm) 163 1,2,6 0.264 1.861 1,2,6 0.264 1.861 2.362
Asc length(mm) 186 1,2,3,4 0.468 4.886 1,2,3,4 0.468 4.886 6.986
Mid sinus dia(mm) 186 1,2,6 0.277 2.305 1,2,6 0.277 2.305 2.773
Mid sinus height(mm) 186 1,4 -0.070 2.554 4 -0.065 2.581 2.539
STJ diameter(mm) 186 1,2,6 0.347 1.900 1,2,6 0.347 1.900 2.451
Sinus height(mm) 186 2,4,5 -0.011 3.268 1,2,4 0.006 3.289 3.354
mid Asc dia(mm) 186 1,2,3,4,6 0.247 1.885 1,2,3,6 0.251 1.899 2.210
end Asc dia(mm) 186 1,2,4 0.142 2.525 1,2,4 0.142 2.525 2.690
Desc dia(mm) 186 1,2,3,4,6 0.446 1.500 1,2,4,6 0.450 1.515 2.168
LCS bulge (mm) 186 1,2,4,6 0.256 1.592 1,2,4,6 0.256 1.592 1.925
NCS bulge (mm) 186 1,2,5,6 0.129 1.826 1,2,4,6 0.136 1.844 1.968
RCS bulge (mm) 186 1,2,3,4,6 0.168 1.428 1,2,4,6 0.176 1.430 1.645
LCS vol (mL) 186 1,2,3,4,6 0.142 1.188 1,2,3,4,6 0.142 1.188 1.323
RCS vol (mL) 186 1,2,3,4,6 0.139 1.358 1,2,3,4,6 0.139 1.358 1.465
NCC vol (mL) 186 1,2,3,4,5,6 0.159 1.254 1,2,3,4,6 0.170 1.254 1.382
Weight(Kg) 599 1,2,3,4,5,6 0.291 10.798 1,2,3,4,5,6 0.291 10.798 13.263
Height(m) 599 1,2,4,5 0.099 0.071 1,4,5 0.102 0.072 0.078
BSA(m2) 599 1,2,3,4,5,6 0.247 0.159 1,2,4,5,6 0.248 0.159 0.189
SBP (mmHg) 158 1,2 0.015 8.860 1,2 0.015 8.860 9.625
DBP (mmHg) 158 1,2 0.026 7.370 1,2 0.026 7.370 7.763
MAP (mmHg) 158 1,2 0.048 7.637 1,2 0.048 7.637 8.430

(𝑅2 = 0.130, 𝑀𝐴𝐸 = 6.282) where linear regression achieved (𝑅2 = 0.294, 𝑀𝐴𝐸 = 5.845),
(𝑅2 = 0.247, 𝑀𝐴𝐸 = 0.159) and (𝑅2 = 0.468, 𝑀𝐴𝐸 = 4.886) respectively.

The GNN architecture demonstrated an advantage through its ability to predict multiple target
variables simultaneously in a multi-task learning setup, as shown in Table 10.5. This feature al-2985

lows shared feature learning across targets, which can potentially improve prediction accuracy
for interdependent variables while reducing computational overhead.

Interestingly, the single-target GNN model better predicted the aortic diameters compared to
the multi-target GNN model, except STJ diameter (MAE 1.894 vs 1.862). While multi-target
models provide computational efficiency and shared feature learning across interdependent2990

variables, they may sacrifice accuracy for specific targets due to shared capacity constraints
or interference between tasks.
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Table 10.3: MAE and R2 for regression models using different combinations of
PCA modes after similarity Umeyama to predict available target variables

Target N Mod Comb
(Lowest MAE) R2 MAE Mod Comb

(Highest R2) R2 MAE Median
MAE

Age (years) 599 1, 2, 3, 4, 5, 6 0.237 5.904 1, 2, 4, 5, 6 0.238 5.917 6.532
LVEDV(mL) 583 1, 2, 3, 4, 6 0.073 22.869 1, 2, 3, 4, 6 0.073 22.869 24.472
LVESV(mL) 583 1, 3, 4, 5 0.066 12.466 1, 3, 5, 6 0.066 12.513 13.014
LVSV(mL) 583 1, 2, 3, 4 0.040 13.981 1, 2, 3, 4, 6 0.055 13.984 14.819
LVEF(%) 582 1, 2, 5 0.025 4.810 1, 2, 5 0.025 4.810 4.892
LVM(g) 390 1, 2, 3, 5, 6 0.119 21.989 1, 2, 3 0.125 22.028 25.134
HR(bpm) 372 1, 2, 3 0.030 9.005 1, 2, 3 0.030 9.005 9.334
VAC 162 1, 4 0.062 0.551 1, 4, 5, 6 0.088 0.558 0.582
PWV(m/s) 163 2, 3, 5 -0.020 0.839 1, 2, 5 -0.005 0.839 0.787
Mean Flow(mL/s) 318 1, 2, 3 0.025 16.904 1, 2, 3 0.025 16.904 17.390
Annulus dia.(mm) 163 1, 2, 3, 6 0.258 1.889 1, 2, 6 0.258 1.955 2.350
Asc length(mm) 186 1, 2, 4 0.401 5.168 1, 2, 4, 6 0.409 5.178 6.885
Mid sinus dia(mm) 186 1, 2, 4, 6 0.293 2.336 1, 2, 3, 6 0.301 2.342 2.771
Mid sinus height(mm) 186 2, 6 -0.011 2.548 3, 6 -0.009 2.567 2.537
STJ diameter(mm) 186 1, 2, 3, 6 0.320 1.921 1, 2, 6 0.329 1.926 2.447
Sinus height(mm) 186 2, 5, 6 -0.019 3.260 2, 4, 6 -0.004 3.285 3.280
mid Asc dia(mm) 186 1, 2, 6 0.276 1.895 1, 2, 6 0.276 1.895 2.207
end Asc dia(mm) 186 1, 2, 3, 4, 6 0.096 2.538 1, 2, 4, 6 0.103 2.542 2.688
Desc dia(mm) 186 1, 2, 3, 4, 5, 6 0.469 1.463 1, 2, 3, 4, 5, 6 0.469 1.463 2.149
LCS bulge (mm) 186 1, 2, 3, 6 0.280 1.572 1, 2, 3, 6 0.280 1.572 1.910
NCS bulge (mm) 186 2, 5, 6 0.144 1.786 1, 2, 3, 6 0.158 1.807 1.949
RCS bulge (mm) 186 1, 2, 3, 4, 6 0.190 1.466 1, 2, 3, 4, 6 0.190 1.466 1.633
LCS vol (mL) 186 1, 2, 3, 4, 6 0.165 1.170 1, 2, 3, 4, 6 0.165 1.170 1.312
RCS vol (mL) 186 1, 2, 3, 4, 6 0.140 1365.507 1, 2, 3, 4, 6 0.140 1.365 1.453
NCS vol (mL) 186 1, 2, 3, 4, 6 0.126 1.269 1, 2, 3, 4, 6 0.126 1.269 1.375
Weight(Kg) 599 1, 2, 3, 4, 5, 6 0.258 10.710 1, 2, 3, 5, 6 0.261 10.879 13.254
Height(m) 599 1, 2, 3, 5 0.075 0.072 1, 3, 5 0.076 0.072 0.078
BSA(m2) 599 1, 2, 3, 4, 5, 6 0.226 0.157 1, 2, 3, 5, 6 0.238 0.159 0.190
SBP (mmHg) 158 1, 2 0.048 8.852 1, 6 0.058 8.968 9.566
DBP (mmHg) 158 1, 2 0.024 7.316 1, 2 0.024 7.316 7.671
MAP (mmHg) 158 1, 2 0.063 7.552 1, 2 0.063 7.552 8.576

For size-related parameters like annulus diameter (𝑅2 = 0.369, 𝑀𝐴𝐸 = 1.793), STJ diameter
(𝑅2 = 0.436, 𝑀𝐴𝐸 = 1.862) and mid-ascending diameter (𝑅2 = 0.381, 𝑀𝐴𝐸 = 1.808), GNNs
outperformed linear regression models, showcasing their ability to capture non-linear relation-2995

ships, although the improvement over linear regression is modest. The multi-target GNN model
also matched linear regression performance for mid-sinus diameter and aortic root size-related
parameters. However, the multi-target GNN model underperformed linear regression signifi-
cantly when predicting blood pressures: SBP, DBP and MAP.

These findings suggest that while GNNs excel at modelling non-linear relationships in size-3000

related parameters, their performance may be constrained by data scarcity or architectural
limitations for other target variables.
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Figure 10.6: Sex classification performance: (a) using SplineConv for post-
processed registered meshes (Reg) vs meshes produced by Marching Cubes
(MC) (b) using the meshes that came out of MC with GCNConv vs SplineConv

Table 10.4: Performance of single-target GNN models

Target Variable N GNN Linear Regression
𝑅2 MAE 𝑅2 MAE

Age (years) 599 -0.276 6.974 0.294 5.845
LVM (g) 390 0.186 21.252 0.160 22.165
BSA (𝑚2) 599 0.195 0.163 0.247 0.159
Annulus diameter (mm) 163 0.458 1.698 0.264 1.861
Mid sinus diameter (mm) 186 0.430 2.099 0.277 2.305
STJ diameter (mm) 186 0.393 1.894 0.347 1.900
mid Asc. diameter (mm) 186 0.428 1.684 0.247 1.885
Desc. diameter (mm) 186 0.568 1.337 0.446 1.500
Asc length (mm) 186 0.130 6.282 0.468 4.886
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Table 10.5: Performance of four multi-target GNN models

Target Variable N GNN Linear Regression
𝑅2 MAE Norm. 𝑅2 Norm. MAE 𝑅2 MAE

Annulus Diameter (mm) 163 0.369 1.793 0.398 1.766 0.264 1.861
Mid-sinus Diameter (mm) 163 0.331 2.308 0.336 2.309 0.277 2.305
STJ Diameter (mm) 163 0.436 1.862 0.353 2.018 0.347 1.900
Mid Asc. Diameter (mm) 163 0.381 1.808 0.437 1.734 0.247 1.885
Desc. Diameter (mm) 163 0.349 1.630 0.406 1.540 0.446 1.500
Asc. Length (mm) 163 0.266 5.776 0.282 5.662 0.468 4.886
SBP (mmHg) 158 -0.380 11.196 -0.449 11.547 0.015 8.860
DBP (mmHg) 158 -0.171 9.265 -0.195 9.426 0.026 7.370
MAP (mmHg) 158 -0.370 9.959 -0.455 10.309 0.048 7.637
LCC bulge (mm) 186 0.284 1.611 0.274 1.635 0.256 1.592
NCS bulge (mm) 186 0.270 1.699 0.239 1.778 0.129 1.826
RCS bulge (mm) 186 0.197 1.428 0.108 1.496 0.168 1.428
LCS vol (mL) 186 0.033 1.248 0.010 1.267 0.142 1.188
RCS vol (mL) 186 0.044 1.357 0.048 1.367 0.139 1.358
NCS vol (mL) 186 0.028 1.268 0.007 1.287 0.159 1.254
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10.5 Conclusion
This study explored the relationships between aortic shape, characterised by PCA modes,3005

and various clinical parameters using both linear regression models and GNNs. While linear
regression models demonstrated strong performance for certain target variables, particularly
those with linear relationships to PCA modes, GNNs showed promise in capturing non-linear
dependencies and predicting geometric parameters such as aortic diameters at different lev-
els and left ventricular mass. However, GNN performance varied across different targets, with3010

notable underperformance for variables like age, BSA and length of the ascending aorta com-
pared to linear regression, which highlights the importance of selecting the appropriate mod-
elling approach based on the target variable and the underlying relationships. A limitation of
this evaluation is that comparisons were confined to a linear regression baseline. While this
established a performance floor, it did not assess GNN performance against other non-linear3015

models, such as Random Forest or Gradient Boosting, which might better balance predictive
accuracy and computational efficiency. Such comparisons would clarify whether observed im-
provements arise from the model’s non-linearity or the graph-based representation of aortic
shape. Nonetheless, linear regression was selected due to its interpretability, widespread use
in clinical literature [23, 154, 170], and its role as a minimal benchmark for evaluating the added3020

complexity of GNNs.

One key finding was that single-target GNN models outperformed their multi-target counter-
parts for specific parameters like aortic diameters. This suggests that while multi-target mod-
els offer computational efficiency and the advantage of shared feature learning across interde-
pendent variables, they may sacrifice accuracy for certain targets due to task interference or3025

shared capacity constraints. However, the ability to predict multiple target variables from aortic
shape data has significant potential for clinical application, such as early detection of aortic
aneurysms and personalised treatment planning.

Additionally, the preprocessing of mesh data played a critical role in model performance. Raw
meshes produced by marching cubes yielded better results than registered meshes, highlight-3030

ing the importance of preserving geometric features during preprocessing.

Overall, this study underscores the potential of GNNs for modelling complex relationships be-
tween aortic shape and clinical parameters. However, further refinements in GNN architecture,
data augmentation strategies, and preprocessing methods are necessary to fully leverage their
capabilities. Future work should focus on validating these findings on larger and more diverse3035

datasets, exploring hybrid models that combine the strengths of linear regression and GNNs,
and optimising multi-target architectures to improve prediction accuracy across all target vari-
ables.
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Chapter 11
3040

Conclusions
This thesis has explored the application of advanced machine learning and geometric deep
learning techniques to medical imaging, with a particular focus on shape analysis, segmen-
tation, and morphological characterisation of the aorta. By addressing challenges in auto-
mated segmentation, mesh processing, and statistical shape analysis, we have developed3045

robust pipelines for extracting and analysing anatomical structures from medical images. In
this chapter, we summarise the main conclusions, discuss the limitations of our work, and
outline directions for future research.
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11.1 Main conclusions
3050 In Chapter 4, the use of Fast Point Feature Histogram (FPFH) as node features significantly

improved model performance and facilitated generalisation to out-of-distribution data. Since
FPFH features were pose-invariant, they eliminated the need for mesh alignment, simplifying
the preprocessing pipeline. Both SplineCNN and GCNConv were viable options for convolu-
tional layers, yielding comparable performance. Additionally, data augmentation was essential3055

in GNNs, particularly when the training dataset was limited.

Chapter 5 emphasised the importance of model inspection for understanding the performance
characteristics of GNNs. Feature inspection helped clarify what drove the final prediction,
particularly distinguishing between the contributions of the GCN submodel and the classifica-
tion head. This was crucial when feature embeddings were reused for new tasks. Analysing3060

feature embeddings also revealed biases related to data sources and the presence of non-
discriminative features in submodels. The findings indicated that relying solely on test accuracy
for model selection was insufficient.

In Chapter 6, the fusion of imaging and shape features was explored. Combining ResNet-
extracted image embeddings with GNN-derived shape embeddings improved predictive accu-3065

racy for Alzheimer’s Disease (AD) classification and brain age regression. Additionally, eval-
uating AD classification models using ROC curves rather than AUC alone provided deeper
insights into performance differences at clinically relevant classification thresholds.

Chapter 7 introduced a calibration-aware, multi-level explainability framework to address the
limitations of existing GNN explainability methods. By integrating global substructure analysis3070

with node-specific insights, the framework provided a more comprehensive understanding of
model decisions, bridging the gap between granular and systemic interpretability.

In Chapter 8, the effectiveness of transfer learning in automated aorta segmentation was
demonstrated through fine-tuning pre-trained models. The strategic use of pre-trained features
and task-specific tuning yielded robust performance while balancing computational efficiency3075

and resource allocation.

Chapter 9 presented a comprehensive pipeline for aortic mesh processing, ensuring accurate
vertex correspondence across meshes. The process included iso-surface extraction, post-
processing, and registration. A deep learning-based approach for mesh registration outper-
formed traditional methods, demonstrating superior accuracy in establishing vertex correspon-3080

dence.

Finally, Chapter 10 focused on aortic shape characterisation. Principal Component Analysis
(PCA) quantified healthy aortic shape variability and identified dominant modes of variation.
GNNs were efficient in predicting multiple target variables within a single forward pass, albeit
with a slight performance trade-off compared to predicting each target separately. Linear re-3085

gression using PCA modes yielded comparable performance to GNNs, though an exhaustive
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approach was necessary to identify the best-performing PCA mode combinations. Strong cor-
relations were found between aortic shape and parameters such as age, left ventricular (LV)
mass, body surface area (BSA), weight, systolic blood pressure (SBP), and mean arterial pres-
sure (MAP). We also found that mesh post-processing and registration slightly degraded GNN3090

performance.
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11.2 Limitations
While this thesis has demonstrated the potential of advanced machine learning and geometric
deep learning techniques for medical imaging, several limitations must be acknowledged to3095

contextualise the findings and guide future research.

While AUC served as a robust metric for comparing model architectures (Chapters 4 and
5), clinical translation requires optimising sensitivity and specificity at task-specific thresholds.
This was partially addressed in later chapters (e.g., TPR@FPR in Chapter 6, model calibra-
tion in Chapter 7), but future work should involve clinicians to define acceptable trade-offs for3100

real-world deployment, particularly for AD classification and aortic risk stratification.

One significant limitation is the availability and diversity of datasets. While representative, the
datasets used in this study were limited in size and scope. Specifically, aortic shape analy-
sis relied on a relatively small dataset that may not fully capture population-level variability or
account for differences across imaging protocols. Larger and more diverse datasets are es-3105

sential to validate the generalizability of the proposed methods and ensure their applicability
to broader clinical settings.

The data augmentation techniques employed in this work were relatively simplistic, focusing
primarily on perturbing mesh node positions. While these techniques improved model robust-
ness somewhat, they did not leverage more advanced augmentation methods that could further3110

enhance performance. For instance, recent studies have explored adaptive graph adjustments
or edge removal strategies that dynamically modify the graph structure based on predictions
or random sampling. Incorporating such advanced augmentation techniques could improve
model robustness and generalisation, particularly in scenarios with limited training data.

Another limitation pertains to the specificity of findings derived from certain tasks. For example,3115

conclusions about GNN explainability were based exclusively on sex classification from brain
shapes. Similarly, aortic shape characterisation focused solely on healthy volunteers. These
task-specific insights may not generalise to other prediction tasks or pathological conditions.
Validation across diverse tasks and datasets is necessary to ensure broader applicability.

The fusion methods employed for combining imaging and shape features were relatively ba-3120

sic, relying on feature concatenation. While this approach demonstrated promising results, it
does not fully exploit the potential of advanced fusion techniques such as attention mecha-
nisms or adaptive fusion strategies. These methods could enable more nuanced integration
of multi-modal data representations, potentially yielding further improvements in predictive ac-
curacy.3125

Computational requirements posed another challenge. Deep learning-based segmentation
and registration models, while effective, demand substantial computational resources. For
instance, full training of nn-UNet provided slight performance gains but required significantly
higher computational power compared to fine-tuned models like TotalSegmentator or Med-
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SAM2. This limits the accessibility of these methods in resource-constrained settings, high-3130

lighting the need for more efficient algorithms that balance performance with computational
cost.

Specific limitations related to aortic segmentation also emerged during this study. The E-HVols
dataset included consistent ground-truth annotations that constrained the descending aorta to
the diaphragm level. This discrepancy influenced pre-trained model performance, as demon-3135

strated by TotalSegmentator’s reliance on fine-tuning for optimal results. Additionally, Med-
SAM2 exhibited tendencies for oversegmentation due to its prompt-dependent nature; how-
ever, postprocessing modules such as connected-component labelling were not implemented
due to inference constraints tied to unavailable ground truth prompts.

Mesh processing methods also introduced limitations due to representation choices. The3140

Marching Cubes algorithm was used for iso-surface extraction, followed by mesh post-processing
steps that reduced vertex counts to 1000 per mesh. This may have resulted in information loss,
particularly in capturing fine details of mesh curvature.

Finally, this work treated anatomical shapes as static meshes without accounting for dynamic
physiological processes such as cardiac motion. For example, time-resolved cardiac MRI data3145

could provide insights into structure-function relationships critical for understanding functional
impairments in aortic analysis. Similarly, neuroimaging meshes derived from single-timepoint
MRIs may fail to capture patterns of brain shrinkage over time caused by neurodegenerative
diseases.

In summary, while this thesis has made significant contributions to advancing geometric deep3150

learning applications in medical imaging, addressing these limitations will be crucial for future
research to improve generalizability, robustness, computational efficiency, and clinical rele-
vance.
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11.3 Future work
3155 Future work should evaluate the proposed methods on larger and more diverse datasets, such

as ADNI [95] for Alzheimer’s disease classification and multi-centre cohorts for aortic shape
analysis or the German National Cohort [43]. This will help validate their generalizability and ro-
bustness across different populations and imaging protocols. Additionally, exploring advanced
data augmentation techniques for graph neural networks (GNNs), such as edge removal or3160

adaptive graph adjustments, could improve model performance, particularly in scenarios with
limited training data.

Investigating more sophisticated fusion methods, such as attention mechanisms or adaptive fu-
sion, could enhance the integration of imaging and shape features, leading to better predictive
performance. Expanding the fusion model to include additional modalities, such as functional3165

MRI or diffusion tensor imaging, could provide a more comprehensive understanding of brain
structure and function, further improving predictive accuracy. Additionally, research into GNN
explainability methods is needed to ensure the reliability and clinical relevance of these tech-
niques. Our calibration-aware framework should be extended to other tasks such as disease
classification and validated with clinical experts to confirm its clinical applicability.3170

Extending the aortic shape characterisation pipeline to pathological conditions, such as aor-
tic aneurysms or dissections, could provide insights into disease mechanisms and improve
diagnostic accuracy. Furthermore, developing more computationally efficient algorithms for
segmentation, registration, and shape analysis could enhance the accessibility of these meth-
ods in clinical settings with limited resources.3175

This thesis has demonstrated the potential of advanced machine learning and geometric deep
learning techniques for medical imaging and shape analysis. By addressing challenges in
segmentation, mesh processing, and statistical shape analysis, we have developed robust
pipelines for extracting and analysing anatomical structures. While our findings are promising,
there is significant scope for further research to address limitations and explore new direc-3180

tions. We hope this work contributes to the growing body of knowledge in medical imaging
and inspires future advancements in the field.
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Appendices3855

The GitHub repository at https:// github.com/mlnotebook/ thesis template contains
the code used in this work.
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