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“The important thing is to not stop questioning.
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Abstract

Medical Imaging, which allows for the non-invasive assessment of biological tissues, is a rapidly
growing health care service that has evolved from a diagnostic tool to a platform for
personalized precision medicine. Computerized Tomography (CT), which is a commonly
obtained imaging study worldwide, utilizes X-ray radiation to differentiate tissues based on
density differences. More complex imaging studies are obtained based on the clinical question to
supplement the CT. Image overutilization, which is the acquisition of medical images that have
minimal impact on patient care and increasing global inequities due to the cost/availability of

medical imaging services are significant problems that need to be addressed.

One possible solution would be to maximize the amount of clinically relevant information
extracted from routine CT images using machine learning approaches. Recent developments in
machine and deep learning have provided a powerful set of tools for the automated and complex
analysis of medical images. Leveraging these techniques, it is possible to develop algorithms
capable of learning from human annotations or paired images. These methods can also be

applied to large datasets to minimise human input and to enable the rapid scale up of analyses.

In this thesis, I hypothesize that Non-Contrast CT images contain higher-order information to
differentiate tissue anatomy or pathology without the need of intravenous contrast agents or
radioactive tracers. 1 further hypothesized that such higher-order information enables
stratification of disease progression without the need of additional imaging studies. I focus on
two pathologies, abdominal aortic aneurysms (AAA) and Head and Neck Squamous Cell
Carcinoma (HNSCC) as demonstration of feasibility. The methods described in this thesis can

be applied to other pathologies and will be poised to disrupt clinical pathways in the future.
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List of Abbreviations

Maximum thickness of the Outer Wall Structure (OWS) within the
AOWS aortic aneurysm. May include the thickness of the intra-luminal
thrombus (ILT) - used to synthesize AAA shapes (Section 4.2.4)

Wall thickness of the aortic aneurysm. If AWall = AOWS, then the
AWall AAA does not contain an ILT component — used to synthesis AAA
shapes (Section 4.2.4)

1,2, or 3-Dimensional — Characterizes the spatial dimensions of the
calculated metrics used to evaluate the congruence between the

1,2 3-D
4 OF predicted and ground truth (GT) AAA shapes (Section 4.2.15, 5.3.5,
and 6.3.2-3)
AAA Abdominal Aortic Aneurysm — Abnormal and progressive ballooning

of the infra-renal Aorta. This pathology is the focus for Chapter 4 — 6.

Anteroposterior — Common and standardized direction to measure the
AP, APD size of the aneurysmal sac. Maximum AP diameters (APDs) from
serial scans were used to calculate aneurysmal growth (Section 6.2.3)

Attention-Gated U-Network — Deep learning network used for
segmentation of the aorta/AAA from both non-contrast and contrast-
enhanced CT images. Model Performance was compared against that
of the generic 3D U-Net (Sections 4.2.7-8)

Attn U-Net

Data augmentation, via non-linear transformations, was used to
artificially increase the training dataset size for aortic/AAA
segmentation. This was used to maximize deep learning performance
(Section 4.2.6).

Area under the Receiver Operator Characteristic (ROC) curve is a
AuROC quantitative assessment of classifier performance for a particular task
(Section 5.3.2, 6.3.4, 6.3.6, 7.3.3-4, and 7.3.5.2)

Becquerel — ST derived unit of radioactivity. Used to capture the
Bq initial radiation dose secondary to radioactive tracer (FDG) injection
(Section 7.2.2)

Coronary artery disease develops when the major blood vessels that
CAD supply the heart become damaged and is a key component of a
patient’s past medical history (Section 3.1)

CD Average Euclidean Distance Deviation (between centrelines) — Metric
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used to compare the difference between calculated centrelines derived
from predicted and GT AAA shapes. (Section 4.3.7-8).

Contrast-Enhanced CT. CT imaging following IV contrast injection.
CECT Intravenous iodinated contrast increases the apparent density of blood
and is usually introduced to enhance visualization of vasculature.

Convolutional Neural Network. Foundation of deep learning
CNN architectures, which consist of multiple layers that transform the
input using various pre-defined methods

Con-GAN Conditional-Generative Adversarial Network

Computerized Tomography, an imaging modality whereby a 3-D

CT volume is constructed from multiple 2-D X-ray images. Voxel
intensity within the image are in Hounsfield Units (HU) and The
intrinsic contrast between tissues is dependent on tissue density.

Coefficient of Variation, statistical measure of the relative dispersion
Ccv within a data set (ratio of standard deviation to the mean, Section
4.2.15, 4.3.1)

Cycle-Generative Adversarial Network - Deep learning network used
for cross-modality image transformation problems (Chapter 4 and
Chapter 6). Performance was compared against that of Conditional
GAN (Section 5.3.3)

Cycle-GAN

Sgrensen—Dice score — Metric used to assess the congruence between
DICE two segmentation masks (ex. Prediction vs Ground-truth). Also used
as the loss function to train DL segmentation models (Defined in

Section 4.2.9).

DICE score metric to assess the segmentation accuracy of the

DICEc Combined Aorta (Lumen + OWS). Both Lumen and OWS are
represented as one entity (Section 4.3.3-4,9; 5.3.3-4)

DICE score metric to assess the segmentation accuracy of only the

DICE
! Inner Lumen (Section 4.3.3-4,9; 5.3.3-4)
Digital Imaging and Communications in Medicine — Common format
DICOM for medical image storage. Images were obtained, de-identified and
stored in this format.
DL Deep Learning is a branch of Machine learning that employs artificial
neural networks to complete complex and difficult tasks.
Dy Maximum aneurysmal diameter within the aortic aneurysm. Includes
ax

the thickness of the intra-luminal thrombus (ILT), if present, and the
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DNeck

DT

eGFR

FDG

GAN

GT

Ht

HNSCC

HU

ICC

ILT

aortic wall (AWall). Is used to synthesize AAA shapes (Section 4.2.4)

Proximal Neck diameter of the aortic aneurysm. Includes the aortic
wall thickness (AWall) and is used to synthesize AAA shapes
(Section 4.2.4)

Decision Tree. Expert-based classification algorithms used to classify
aortic side branches by artery. Three decision trees were created and
a majority voting system was used to combine outputs (Section
4.2.14, 4.3.6).

Estimated Glomerular Filtration Rate is a value that characterizes a
patient’s kidney function and is a key component of a patient’s
current medical status (Section 3.1)

2-[fluorine-18|fluoro-2-deoxy-d-glucose is the radioactive tracer used
during Positron Emission Tomography to capture regions of increased
metabolic activity.

Generative Adversarial Network — Family of Deep learning networks
used for cross-modality image transformation problems (Chapter 4
and Chapter 6). Cycle- and Conditional- GANs were evaluated.

Ground Truth. All model predictions are compared against the GT to
assess model performance. GT for the aortic segmentation (Chapter
4) and image transformation (Chapter 5) were the manual
segmentations and the contrast-enhanced CT, respectively.

Height of the aortic aneurysm - used to synthesize AAA shapes
(Section 4.2.4)

High Pass Decomposition Filter (Wavelet Transforms) — used in
image processing to selectively emphasize High-frequency image
details within an image input (Sections 5.3.2, 7.3.3-4)

Head and Neck Squamous Cell Carcinoma is a cancer that often
develops from the mucosal epithelium in the oral cavity, pharynx and
larynx. Paired PET-CT imaging was obtained in patients with
advanced HNSCC and served as the dataset for Chapter 7.

Hounsfield Unit — unit prescribed to each voxel within a CT image, to
describe its density or attenuation coefficient.

Intraclass correlation coefficient is a descriptive statistic used to assess
the consistency, or conformity of measurements made by multiple
observations or observers (Section 4.3.2)

Intra-luminal Thrombus is a blood clot that forms within the growing
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IQR

ITube

IV

LDA

LOG

MA3RS study

MAE

MRI

MRMR

NCCT

NFI

aneurysmal sac. Most commonly, it is visualized following IV contrast
injection in CT. It is believed to play a role in AAA growth and
progression.

Interquartile range — a descriptive statistic used to represent the
spread of data between the 75" and 25 percentile.

X-Ray tube current is an image setting that affects the energy and
number of electrons released during CT image acquisition (Section
5.2.6.3)

Intravenous — method of contrast and radioactive FDG tracer
injection prior to CECT and PET imaging, respectively.

Low Pass Decomposition Filter (Wavelet Transforms) - used in image
processing to selectively emphasize Low-frequency image details
within an image input (Sections 5.3.2, 7.3.3-4)

Linear Discriminant Analysis is a statistical method to find a linear
combination of significant features that separates the input data into
two classes/events (Sections 6.3.4.1-2)

Laplacian of Gaussian using a defined sigma is an edge enhancement
filter that emphasizes areas of grey level change within the input
image. Low and high sigma emphasizes fine ((grey level change over
short distances) and coarse features (grey level change over large
distances)

MRI in AAA to predict Rupture or Surgery Study — An ongoing
prospective observational multicentre cohort study of 350 patients
with diagnosed AAA to monitor aneurysmal growth /progression
(Section 3.2).

Mean Average Error - Metric used to assess the congruence between
two sets of results.

Magnetic Resonance Imaging, an imaging modality using magnetic
fields and radio waves to generate images.

Minimum Redundancy, Maximum Relevance algorithm is a Feature
Selection algorithm in MATLAB used to capture features that are
integral for a particular classification task.

Non-Contrast CT - This is identical to a CT; however, it draws
attention to the fact that IV contrast was not introduced (vs. CECT).

Non-Fusiform Index is a 3-D shape index that describes the deviation
of the aneurysmal sac from an ideal fusiform shape.
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National Health Service is the umbrella term for the health care
NHS system within the UK. All images obtained from the Oxford cohort
were obtained from consented patients within the OUH-NHS system.

Oxford University Hospitals is the local health care network operating

OUH within the NHS.

OWS or Outer Wall Structure is the combination of the intra-luminal
thrombus (ILT), if present, and outer wall within the abdominal

OWS or OW  region of the aorta. The two components are not easily
distinguishable due to CT image resolution. OW is the outer wall of
the aorta within the thoracic aorta.

Oxford Abdominal Aortic Aneurysm study is a prospective study
OxAAA study designed to longitudinally examine the natural progression of AAA
disease.

PACS Picture archiving and communication system

Peripheral arterial occlusive Disease develops when the peripheral
PAOD blood vessels become damaged and is a key component of a patient’s
past/current medical history (Section 3.1)

Principal Component Analysis is used for dimensionality reduction. It
PCA is performed by constructing principal components to obtain lower-
dimensional data while preserving the data’s variation (Section 6.2.4).

Positron Emission Tomography is an imaging modality that relies
PET upon the detection of gamma ray pair emitted from the decay of an
injected radioactive tracer.

Spearman correlation coefficient is a numerical measure (-1 — 1) that

r
describes the statistical relationship between two variables.
Radius of Curvature is a geometric feature calculated from adjacent
RC points along the aortic centreline as a measure of local curvature. The
smaller the RC, the greater the local curvature (Section 6.2.3.2)
RMSE Root Mean Square Error - Metric used to assess the congruence

between two sets of results.

Receiver Operator Characteristic Curve is a representation of
ROC curve classifier performance for a particular task over a sensitivity range.
(Section 5.3.2, 6.3.4, 6.3.6, 7.3.3-4, and 7.3.5.2)

Region-of-Interest describes a sub-region within the larger CT image
ROI with the relevant pathology (ex. the segmentation pipeline first
identifies the ROI with the Aorta and uses that ROI for high-
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SD

SMA

SUV

TCIA

Thor

Ul

resolution segmentation, Section 4.2.11, and 4.3.4).

Standard Deviation - a descriptive statistic used to represent the
spread of data.

Superior Mesenteric Artery — one of the six major side branches
originating from the descending aorta (Section 4.3.6)

Standard Uptake Value are the pixel values of a PET image that are
standardized by patient weight, radiation dose and the interval
between injection and imaging (Section 7.2.2).

The Cancer Imaging Archive — Online resource with publically
available imaging and clinical datasets. This database was used to
identify the HNSCC dataset utilised in Chapter 7.

Thoracic — anatomical region bounded superiorly by the neck and
inferiorly by the diaphragm. Contains the ascending and descending
aorta along with the aortic arch (Section 4.2.12)

Undulation Index is a measure of the degree of surface irregularity
and asymmetry and was used as an indicator to predict aneurysmal
growth (Section 6.2.3.3).
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1.1 Motivation

Medical imaging is an important disruptive technology that provides clinicians insight into the
intrinsic properties of biological tissues and allows for the non-invasive delineation,
characterisation, and assessment of the target tissuel. It is a rapidly growing health care service
that has evolved from being primarily a diagnostic tool to a platform that is integral in

delivering personalized precision medicine?.

The most common large-device imaging modality both in the UK and worldwide is non-
contrast Computerized Tomography (CT)3*. This modality visualizes internal structures by
monitoring the attenuation of X-Rays as they pass through tissues of different density, within
the patient. Hardware and software advancements have allowed for the rapid acquisition of a
larger region-of-interest from multiple orientations while reducing the radiation dosage delivered
to the patients™®. Similarly, post-processing and 3-dimensional visualization algorithms can help

provide a patient-specific understanding of the diagnosed pathology®.

In certain cases, additional imaging is obtained when a unique visualization is required and
is often the standard of care. When treatment of an artery is being considered and a detailed
view of the arterial anatomy is required, a CT study with intravenous iodinated contrast is
obtained. On the other hand, when staging a malignancy obtaining a positron emission
tomography (PET) study, which captures the metabolic activity within the region-of-interest, is

required.

However, these imaging studies are associated with a variety of disadvantages that prevent
universal implementation. Contrast agents are injected intravenously and are nephrotoxic in
patients with a decreased baseline renal function or concomitant chronic kidney disease’. Specific
staging criteria and protocols, endorsed by the American College of Radiology, are applied for
patients undergoing contrast-enhanced CT imaging, based upon the patient’s Glomerular
Filtration Rate (eGFR), to minimize the burden on the kidneys. Similarly, both studies increase
the radiation dosage to the patient and can cause significant patient discomfort. Additionally,
these imaging modalities are also expensive and require specialist training that are associated

with alarming global inequities®.
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Additionally, overutilization of medical imaging is an increasing health care concern. Few
studies have highlighted that 20-50% of imaging procedures fail to impact patient outcome and
therefore cause an “unnecessary” burden to both health care systems and, more importantly, to
the patient®?. One method to limit image overutilization is to maximize the amount of clinically
relevant information extracted from each imaging study. This would ensure that additional

imaging would only be obtained when necessary.

Here, we investigated if non-contrast CTs, which are currently of minimal clinical value in
efficiently differentiating soft tissue components, could be used to stratify disease severity and
improve clinical management. Furthermore, focusing on non-contrast CTs would allow for the
use of previously obtained or ‘historic’ medical images. This can be a means to accumulate large
data cohorts for model optimization. Highlighting the value of non-contrast CTs could help
optimize patient surveillance protocols and medical imaging infrastructures within health care

systems, reduce image overutilization and the total per-patient radiation exposure.

1.2 Contribution

The contribution of this thesis is a series of algorithms that allow for the extraction of higher-
order features from non-contrast CT imaging studies. These features can subsequently be used
to monitor and optimize clinical management. In this thesis, I focus on two specific pathologies,
Abdominal Aortic Aneurysmal (AAA) disease and Head and Neck Squamous Cell (HNSCC)
Carcinoma as paired imaging (non-contrast and contrast-enhanced CTs for AAA and non-
contrast CT and PET for HNSCC) is obtained for both diseases. A description of the datasets

and the methods used for de-identification and curation are detailed in Chapter 3.

First, and as described in Chapter 4, an automatic region-of-interest detection and 3-D
segmentation pipeline was developed to extract the pathological aorta in AAA patients from
both non-contrast and contrast-enhanced CT images. While there are previous studies that
investigate semi-automatic and automatic segmentation methods for aneurysms from contrast-
enhanced CTs, this is the first time that such a segmentation pipeline has been used to extract
the pathological aorta/aneurysm from non-contrast CTs. This approach was trained and

independently validated to establish its utility as a post-hoc analysis tool.
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Image transformation methods were developed, as described in Chapter 5, to investigate the
ability to visualize anatomic features in a non-contrast CT that are commonly only visible
following contrast injection. This is the first time such an image transformation has been
performed and clinically evaluated. In the aortic aneurysm, this would include the blood flow
lumen and the pathological thrombus or blood clot, if present. Obtaining insight into the
aneurysmal structure and morphology without the need for intravenous contrast has the

potential to improve the patient experience while maintaining the current standard of care.

Subsequently, these deep-learning-based tools were used to derive a 3-D volume of the
pathological aorta, which serves as the basis to derive higher-order features to predict clinical
outcome (ex. aneurysmal growth), as described in Chapter 6. This thesis describes a novel
collection of geometric features, which are independent of demographic features, that
characterize the pathological aneurysm and are predictive of aneurysmal growth. Successful
models, trained and optimized using the internal imaging cohort, were evaluated against an

external validation cohort.

Finally, in Chapter 7, I extended the methods beyond abdominal aortic aneurysms. I
implemented image transformation methods to investigate if tumour tissues, with elevated tracer
uptake, from patients diagnosed with Head and Neck Squamous Cell Carcinoma could be
distinguished in a non-contrast CT image. These machine and deep learning methods, similar to
that observed in Chapter 5, highlight for the first time the ability to simulate clinically-accurate
PET-like outputs from non-contrast CTs inputs. This suggests that the methods optimized in
this thesis for the incorporation of non-contrast images into the clinical pathway can be

translatable to similar pathologies.

1.3 Publications Derived from thesis

Much of the work contained in this thesis has been published during the duration of my DPhil.
Additional investigations and completed future work are currently being prepared for

subsequent publication.

The automatic high-resolution aortic segmentation pipeline from both non-contrast and
contrast-enhanced CTs was published in the Annals of Surgery (2020) and is subject to

international patent filing (W02021038203A1). The work presented there included the analysis
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from only 75 patients within the Oxford Abdominal Aortic Aneurysm (OxAAA) Imaging cohort.
A 3-fold cross-validation approach was used with a data split of 50 and 25 between training and
validation. The derived 3-D AAA shapes were evaluated using 1% and 2" order metrics against
manually segmented AAA shapes. It did not include the independent validation cohort of 200

patients within the expanded OxAAA imaging cohort.

The non-contrast to contrast-CT image transformation pipeline in patients diagnosed with
AAAs was published in the Annals of Surgery (2021)! and is subject to international patent
filing (W02021038202A1). This publication evaluated the transformation capacity of multiple
deep generative networks on not only the aortic aneurysm but also the aorta’s major side
branches. The simulated results were evaluated both technically and clinically. Unlike the more
complete analysis described in this thesis, the publication did not include the regional
classification (aortic lumen vs. thrombus) based on radiomic features. This was completed to

obtain some mechanistic insight into the deep learning networks.

Using geometric features derived from aortic aneurysms to predict aneurysmal growth was
also published in the Annals of Surgery (2020)'? and is subject to priority patent filing within
the UK (RTA/P299591GB). This publication utilized the retrospectively curated OxAAA
imaging cohort to identify certain geometric features that not only characterized the aneurysmal
shape but were also predictive of growth as a categorical (“Slow” or “Fast”) or continuous
outcome. However, it did not incorporate the characterization of the aneurysmal shape using
principal component analysis or validation of the growth prediction models on an independent

validation cohort that comprise the original contribution described in this thesis.

Finally, the non-contrast to PET image transformation task described in detail Chapter 7,
has been submitted for publication and is subject to international patent filing

(PCT/GB2021/051141).
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1.4 Originality and Individual Role

Generally, all image segmentation, transformation, feature extraction, and machine/deep
learning model optimization and validation are my individual, original work. Clinical study
design, patient recruitment, clinical image acquisition/curation were performed by the clinical
collaborators. Validation of image segmentation methods were also performed with the help of

clinical collaborators. Specifically:

Chapter 3: Clinical collaborators designed the overarching OxAAA study and acquired the
Non-contrast and contrast-enhanced CT images that created the multiple OxAAA imaging
datasets (OxAAA-IMG-I — IV). Pierfrancesco Lapolla (PS) was integral in retrospectively
identifying AAA patients that (1) underwent elective repair of AAAs and (2) provided written
consent to use their current and previous clinical data (ex. medical images) for research purposes
during the consent process for surgery. Following identification, he collected and curated the

OxAAA imaging cohort that was used extensively in this thesis.

The MA3RS imaging dataset was curated by the ongoing prospective multicentre
observational cohort MAR3RS study organized by the University of Edinburgh!®. This dataset

was kindly provided for model validation in Section 6.3.6.

Finally, the head and neck cancer dataset is a cohort of paired PET/CT Images from four
different institutions in Quebec, Canada'?. The complete dataset was made publicly available
via The Cancer Imaging Archive (TCIA) at http://www.cancerimagingarchive.net. This dataset

was used extensively in Section 7.

Chapter 4: The methods developed in this chapter were used to automatically segment the
diseased aorta (with abdominal aortic aneurysms) and its associated side branches from the
curated non-contrast and contrast-enhanced CT images. With collaborators, I used publicly
available software to manually segment the CT images. PL and Natesh Shivakumar (NS), both
members of the larger OxAAA study, helped with the inter-observer variability assessments of

the manually annotated segmentations.

Independently, I designed and implemented a multi-step pipeline using deep learning

methods for the automatic region-of-interest detection and segmentation of both the aortic
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lumen and the pathological aneurysm. I expanded this method to capture and classify the aortic
side branches. I then evaluated the utility of this pipeline by (1) validating the accuracy of
automatically-extracted measurements and (2) comparing clinically relevant measurements

extracted from the model predictions and against that from the manual segmentations.

Chapter 5: The methods developed in this chapter focused on optimizing the non-contrast to
contrast-enhanced CT image transformation task using machine and deep learning methods. PL
and NS helped with the initial proof-of-concept experiments by visually inspecting and
evaluating the registration accuracy between Non-contrast and contrast-enhanced CT axial

slices in Section 5.2.4.

Independently, 1 optimized and evaluated multiple methods for this image transformation
task. I used (1) random forest methods to extract the radiomic signatures between visually
indistinct regions within the aortic aneurysm from a non-contrast CT image and (2) deep
learning generative algorithms to simulate a contrast-enhanced visualization. I, then, evaluated

this simulated pseudo-contrast images for both technical and clinical accuracy.

Chapter 6: Collaborators were primarily involved in collecting and curating the CT imaging
cohorts used for both growth prediction model training, optimization and validation. Specifics

involving the study datasets are found in detail within Sections 3.1 and 3.2.

Independently, 1 extracted geometric features that characterize and capture the aneurysmal
shape from the derived segmentations; applied regression to generate predictive models from the
derived feature sets; evaluated the optimized models on an independent validation cohort. Jorge
Corral Acero, a fellow DPhil student working under Dr. Grau, provided significant guidance on

regression model optimization.

Chapter 7: This chapter focused on optimizing the non-contrast CT to PET image
transformation task using both radiomic and deep learning methods. Clinical collaborators
assisted with the manual segmentation of metabolically-active tumor regions. Joel Ward, a

clinician within the ENT surgical service, was integral in segmenting the Thyroid tissue. This
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segmentation served as a control to the metabolically-active tumor tissue within the radiomic

experiments.

I used (1) random forest methods to extract the radiomic signatures between regions of
negligible, low and high FDG uptake on a non-contrast CT image with a focus on malignant
tissues and (2) deep learning generative algorithms to simulate a PET-like visualization. I, then,

evaluated this simulated pseudo-PET images for both technical and clinical accuracy.

1.5 Authorship

I am the sole author of this thesis document and produced all included tables and figures.
Figures that have been included my publications are referenced within their respective captions.
Critique, proofreading, and comments were provided by Dr. Regent Lee, Prof. Vicente Grau,
Prof. Ashok Handa, Pierfrancesco Lapolla, Natesh Shivakumar, Raman Uberoi and Joel Ward.

All errors and omissions are my own.
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2.1 Increasing role of medical imaging in clinical care

The intrinsic properties of biological tissues vary spatially and temporally secondary to
structural and functional changes, including those caused by disease and disability'®. These
properties are often captured by medical imaging and permits the accurate and non-invasive
delineation, characterization, and assessment of the targeted diseased tissue. As a result, medical
imaging is an important technology that is actively used in clinical practice to aid in decision
making. Over the years, this disruptive technology has evolved from being primarily a diagnostic
tool to a platform that is vital for personalized precision medicine!®. Furthermore, medical
imaging has allowed millions of persons to avoid invasive and costly procedures by (1) yielding
definitive diagnostic information, and thereby by removing the need for surgical repair or (2)

enabling minimally-invasive surgical alternatives.

During the past decade, imaging services have grown about twice the rate of other medical
technologies /services (laboratory procedures and pharmaceuticals)!®. This rapid integration of
medical imaging into clinical care is linked with recent technological advances involving image
acquisition, reconstruction, post-processing and visualization. Optimization of the image
acquisition hardware has allowed for the rapid/simultaneous acquisition of a larger region-of-
interest (ex. whole body) from multiple planes/orientations (ex. coronal, sagittal planes) while
reducing the radiation dosage delivered to the patient!. Subsequently, 3D reconstruction
algorithms in-built within the imaging module allow for the efficient conversion of acquired
image projections (2-Dimensional, 2D) to an accurate 3D representation of the region-of-interest
in the form of a 3D DICOM arrayS. Post-processing and visualization can then be used not only
to diagnose but also to obtain a patient-specific understanding of the diagnosed pathology. Two
of the largest growing imaging modalities, not only in the UK but also worldwide, are
Computerized Tomography (CT) and Positron Emission Tomography (PET) imaging.

2.1.1 Computerized Tomography (CT) Imaging

According to the Diagnostic Imaging Dataset Statistical Release published by the NHS,
Computerized Axial Tomography (CT) scans accounted for “15% of all imaging tests reported
in England between September 2018 and September 2019, with approximately 0.47 million scans
being performed each month!?. Similarly, CT imaging is the most commonly obtained study in

the EU and the US, with ~80-85 million scans being performed each year3*.
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Mechanistically, a CT operates by using an X-ray generator that rotates around the patient
along with an X-ray detector, opposite to the x-ray source. As the X-rays pass through the
patient to the detector, they are attenuated differently by various tissues, based on tissue
density!. The resulting distribution is then processed internally using a form of tomographic
reconstruction, which produces the 3-D cross-sectional image set that is then interpreted by
clinicians. The pixel values within the reconstructed CT are displayed according to the mean

attenuation of the local tissue on the Hounsfield Unit (HU) scale’.

2.1.2 Computerized Tomography Imaging with Intravenous Contrast (CECT)

In certain cases, intravenous (IV) iodinated contrast is injected to enhance the intrinsic tissue
contrast between regions that are difficult to differentiate on the non-contrast CT (NCCT)
image. This is the most commonly used contrast agent overall”. Injected into the vascular
lumen, IV iodinated contrast increases the density and thus the attenuation of blood with which
it mixes”. On the reconstructed 3D DICOM array, the vasculature appears bright adjacent to
darker soft tissues. This is especially important when treatment of an artery is being considered

and a detailed view of the arterial anatomy is required.

However, Contrast-enhanced CTs (CECTSs) are associated with several disadvantages!19.
Contrast media have been associated with hypersensitivity reactions (HSRs), with a recent
study suggesting that 16.8% of contrast-related HSRs (incidence: ~1.0%) to be classified as
moderate to severe. Similarly, these agents are nephrotoxic in patients with a decreased baseline
renal function or concomitant chronic kidney disease!”. In both instances, modified contrast
injection protocols are widely being applied with the aim of minimizing the risk of adverse
reactions.

2.1.3 Positron Emission Tomography (PET)

Positron Emission Tomography (PET) is an imaging modality that can be used to visualize
abnormal metabolic activity. This is especially important in biological tissues that do not appear
pathological based on their morphology?. In the UK, approximately 200,000 paired PET-CTs
are performed annually with an annual increase of 14-16%. It is a widely adopted clinical tool
for the diagnosis, staging and follow-up for a variety of malignancies (pulmonary nodule?!,

melanoma??, head and neck squamous cell carcinomal®? etc). It provides clinicians with a semi-
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quantitative representation of the tissue’s metabolic activity and can be used to guide further

treatment20:24.25,

Functional PET-imaging is based on the detection of photons released when injected
radionuclides are metabolized in tissues?®?®. This modality takes advantage of the differences
between tumour and healthy tissue physiology. The hallmarks of such malignant tissues are
rapid proliferation/angiogenesis, increase in size, local invasion, and distant metastasis?®®. At the
molecular level, malignant cells have increased glucose utilization due to an upregulation of
enzymatic activity. As a result, injection of a glucose-based radionuclide, 2-[fluorine-18]|fluoro-2-
deoxy-d-glucose (FDG), can be used to identify these abnormal metabolically-active tissues. The
rate of uptake of FDG into malignant tissues has been shown to be proportional to its metabolic
activity?. However, unlike glucose, FDG is not fully metabolized and becomes trapped within

active cells. This accumulation of FDG is what is observed in a PET image.

PET images are obtained alongside a NCCT images to enable the localization of areas of
increased metabolic activity with their underlying anatomic structures. Co-registering functional
(PET) and anatomic (CT) information improves clinical confidence in decision making and is

common practice??7:28,

2.2 Overutilization of medical imaging is an increasing health care concern

A substantial component of the growth of medical imaging services within clinical practice is
due to its overutilization for both diagnosis and image-guided therapy!6??. The definition of
overutilization, in this instance, is the acquisition of additional medical images that have
minimal impact on patient care or patient outcome?’3°. Some publications have suggested that
20-50% of imaging procedures fail to provide additional information to improve patient welfare
and were deemed ‘“unnecessary’”™®. Additionally, an increase in medical image acquisition is
linked to an increase in average per-person radiation dosage®3!. This was observed by a 7.1-
factor increase in the per-person radiation dosage between 2006 and 19803132, There are many
causes of overutilization in medical imaging including the underlying health care system (e.g.
fee-for-system), lack of comparative effectiveness research between imaging modalities®?34 poor
adherence to image appropriateness criteria®®, referring physicians®0, patient request’, and

duplicate imaging studies.
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2.3 Potential solutions to limit medical image overutilization

Methods to limit image overutilization and reduce the radiation dose to the patient are to (1)
improve the collaboration and communication between all relevant groups and (2) maximize the
amount of clinically-relevant information extracted from each imaging modality. The latter
requires comparative effectiveness research to refine appropriateness criteria for each imaging

modality and to clearly delineate disease practice guidelines.

One existing solution is to implement post-processing methods to decipher clinically-relevant
information from obtained medical images. These methods can be broadly characterized into (1)
radiomic and (2) geometric evaluation of the region-of-interest from medical images. Deep

learning techniques are commonly used for region-of-interest isolation to automate this process.

Given that NCCTs are the most common type of large imaging modality (vs MRI and
PET)?483% and are commonly obtained alongside both contrast-enhanced CT and PET studies,
we investigated if they could provide information normally only obtained from the other imaging
modalities. Currently, these NCCTs are of limited clinical value and their ability to stratify

disease severity and improve clinical management has never before been investigated.

Furthermore, focusing on NCCTs would allow for the use of previously obtained or ‘historic’
medical images to predict disease progression and clinical outcome. This can be used to
accumulate large data cohorts for training/ validation during model optimization. Highlighting
the value of NCCTs could help optimize patient surveillance protocols and medical imaging
infrastructures within health care systems, reduce image overutilization and total per-patient

radiation exposure.

2.4 Organ Isolation from medical images is required for feature extraction

A common pre-requisite for both radiomic and geometric-based approaches is a robust
segmentation method to isolate the 3D-region-of-interest from the medical image®*4. This is
even more essential when focusing on NCCTs. Manual segmentation approaches are labour-
intensive and are susceptible to bias/errors that may confound the analysis®’. Semi-automatic
segmentation methods are more common and implement a combination of threshold-based**? or
region-growing® based approaches. Both methods take advantage of the original pixel

relationships within the region-of-interest to try and separate it from surrounding tissues and
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structures. The former defines a fixed threshold, above which is the region-of-interest
(foreground) and below which is the background. The latter is an adaptive method which
expands the segmentation into adjacent regions of similar pixel distributions*3. These methods
can only work for structures that contain a HU distribution that is different from surrounding
tissues (ex. to isolate the IV contrast in a contrast-enhanced CT). On the other hand, automatic
segmentation methods usually employ machine or deep learning models to rapidly isolate the
region-of-interest?’. The benefit of these models are that (1) they can be trained to isolate
volumes irrespective of HU distribution (ex. both non-contrast and contrast-enhanced CT
images), and (2) they do not require complex user input. This is an active area of research, and
the results are organ- and pathology- dependent. The segmentations derived from each method

need to be evaluated and corrected by a trained clinician to ensure accuracy.

2.5 Integration of deep learning in medical imaging improves clinical utility

In medical imaging, the implementation of sophisticated deep learning algorithms has been
heralded as the greatest disruptive technology in recent history*. The primary driver for this
integration was the need to improve clinical decision algorithms and decrease clinician error
rates®®. The most commonly quoted applications of DL in medical imaging are for object
segmentation (delineation of organ/lesion boundary), object classification (ex. determine clinical
severity of organ/lesion), multimodal image coregistration (non-rigid warping of a target image
to ensure anatomic matching to a reference image) and image transformation (converting one

image type to another to visualize intrinsic features)46-49,

DL employs artificial neural networks, which are built using thousands to millions of nodes

475051~ As the number of layers increase so too does the

arranged in a pre-defined set of layers
complexity and richness of the final model output; having more layers has been shown to
increase test time accuracy?’. The general architecture of the implemented DL networks is
dependent on the prescribed task (ex. object segmentation or image transformation). Each node
receives information from other nodes and its outputs at each node are weighted. During model
training, the DL network minimizes the difference (error) between its final output and the

reference (ground truth) by iteratively modifying its internal weights. The trained model is then

evaluated against a smaller data set (testing) to assess its accuracy and robustness. Although
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many of these DL, models indicate performance at or above the level of a trained clinician, they
require vast amounts of diverse data and an advanced infrastructure to be robust, viable and

applicable within the clinic*447.

2.6 Radiomic extraction from medical images allows for personalized
medicine

Radiomics is a methodology coined by Lambin et al.? that transforms pathological medical
images into mineable high-dimensional data that can eventually be used to monitor and predict
clinical outcome. It is a quantitative and reproducible-method to calculate pixel-based
relationships involving intensity and distribution (“texture”) within a pre-defined region-of-
interest that can be integrated into clinical decision support systems to improve medical decision

making?1°.

Many radiomic methods have been previously validated to rapidly calculate
quantitative features from a variety of medical images such as computerised tomography (CT)??,
magnetic resonance (MR)? and/or positron emission tomography (PET)?354. These methods are
most commonly used in cancer-based imaging to potentially obtain information complimentary
to other pertinent data (ex. clinically-obtained, treatment-related, genomic/genetic information
and/or pathological data). It attempts to characterize the region-of-interest (ex. tumour)
through image-based features that may provide insight into its phenotype (ex. cancer severity,
stage/grade) and the surrounding microenvironment!>. Many clinical studies have investigated
the impact of integrating radiomics-derived features with other clinically-relevant features for
clinical-decision making and its potential and impact have been repeatedly confirmed5-56,

However, many limitations exist that prevent the immediate integration of radiomics into

154657 Radiomics methods require (1) standardized high-quality image

the clinical pipeline
acquisition protocols between different scanners/institutions that minimizes the technical
differences between the obtained images, (2) large, curated image databases across multiple
institutions with a diverse array of disease phenotypes for both model training and validation
and (3) powerful computing resources for simultaneous radiomic feature extraction, clinical

feature integration and clinical decision-support model training. Although the infrastructure to

allow for immediate prospective analysis of radiomic methods is lacking, many institutions
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contain large repositories of retrospectively-collected ‘historic’ imaging data. This can be used to

provide insight into whether such methods can increase the personalized delivery of medicine.

2.7 Geometric analysis (3D) provides unique insight into disease
progression

Geometric analysis focuses on the 3D shape characterization of the pathological region-of-
interest and is independent of its underlying pixel/HU distribution. Similar to radiomic
methods, this analysis deconstructs the region-of-interest into features that can then be used to
predict clinical outcome (ex. disease progression) and has been employed for a variety of
pathological conditions®®%. There is well-documented evidence that vascular geometry has a
major impact in blood dynamics and in the origin and development of vascular disease (ex.
atherosclerotic aneurysms, cerebral aneurysms) secondary to the hemodynamic forces on the
vascular wall’®6!, Therefore, the study of vascular geometry with regards to a particular
pathology can provide insight on the hemodynamic triggers for disease pathogenesis and/or
progression. Directly investigating these triggers, as opposed to the geometric features, is a
computationally intensive ordeal that is not feasible in a larger scale study%. In the case of
cerebral aneurysms, which is a localized dilatation of the cerebral arterial wall, a collection of
geometric features describing its size and shape are predictive of aneurysmal rupture risk®6!,
These easily-derived features act as surrogates for specific flow parameters and are amenable for

inclusion in larger scale studies.
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2.8 Hypothesis and Aims
2.8.1 Study Objectives

In this thesis, I investigate the role of Non-contrast CT imaging in the disease progression of
two specific pathologies, Abdominal Aortic Aneurysmal (AAA) disease and Head and Neck
Squamous Cell (HNSCC) Carcinoma. For these pathologies, current guidelines require obtaining
more intensive rounds of imaging including a CT with IV contrast or PET images, which are

used in conjunction with the NCCT for clinical decision making.

2.8.2 Hypothesis

The hypothesis of this thesis include:

1. Non-Contrast CT images contain sufficient information to differentiate visually indistinct
soft-tissues and to stratify disease progression without the need to obtain additional or
more intensive imaging studies. Here, I focus on two pathologies, AAA and HNSCC.

2. Machine learning methods facilitates the extraction of higher order information from

NCCT images.

2.8.3 Aims
The aims of the study include:

1. Train a deep-learning-based method for the automatic segmentation of the
aneurysmal aorta and its side-branches from non-contrast and contrast-enhanced

CT images and assess its clinical accuracy (Chapter 4).

2. Employ a radiomics and deep-learning based approach for the simulation of

clinically-appropriate contrast-enhanced CTs from NCCTs (Chapter 5).

3. Develop a model to predict abdominal aortic aneurysm growth and progression

using 3D geometric indices extracted from aneurysmal volumes (Chapter 6)

4. Employ a radiomics and deep-learning based approach for the simulation of
clinically appropriate Positron Emission Tomography (PET) maps from NCCTs
(Chapter 7).
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The primary objective of this thesis was to investigate if NCCT images contain sufficient
information to stratify disease progression. Current stratification methods involve obtaining
more intensive rounds of imaging (ex. with intravenous contrast (CECT) or with a radioactive
tracer (PET)) for clinical decision making. In this thesis, I focus on two specific pathologies,
Abdominal Aortic Aneurysms (AAA) and Head and Neck Squamous Cell carcinoma (HNSCC)
as paired imaging is obtained for both diseases. This chapter introduces and explores the

datasets that will be used to tackle each of the objectives detailed in Section 2.8.

3.1 Imaging Cohorts from the OxAAA Study (OxAAA-IMG)
CT imaging data from patients with diagnosed AAA was acquired from the ongoing Oxford

Abdominal Aortic Aneurysm (OxAAA) study. The study received full regulatory and ethics
approval from both Oxford University and Oxford University Hospitals (OUH) National Health
Services (NHS) Foundation Trust (Ethics Ref 13/SC/0250). Generally, this study is a
prospective study designed to longitudinally examine the natural progression of AAA disease.
Details regarding the OxAAA study cohort and recruitment process have been published. Each
patient gave written consent for the utilization of clinical images collected during the routine

clinical management pathway for research analysis.

In addition, we utilised the clinical database (Oxnet Janus), which prospectively registered
patients who underwent elective repair of AAAs at the John Radcliffe Hospital, Oxford, UK.
During the consent process for surgery, patients gave written consent for the utilisation of their
clinical data (including images) for utilisation by research with ethics and regulatory approval.
Medical records of all non-emergency infra-renal AAA repairs (open or endovascular repair)
from 1st of Feb. 2009 to 30th June 2018 were examined to identify patients who gave consent

for utilisation of their clinical data for research.

As part of the routine pre-operative assessment for AAA, a NCCT of the abdomen and a
CECT of both the chest and abdomen were performed. CECT images were obtained following
contrast injection in helical mode with a pre-defined slice thickness of 1.25 mm. NCCT images
included only the abdominal aorta and were obtained with a pre-defined slice thickness of 2.5

mm. Paired images were anonymised within the OUH PACS system before being downloaded
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onto the secure study drive. These images formed the OxAAA-IMG cohort (n = 275 patients,
Fig. 1)

A.

OxAAA-IMG-I
Dataset

OxAAA-IMG-I
Dataset

59

275

Dataset N Dataset Implementation

Sections Model Training + Optimization of the Automatic AAA Segmentation
4.2.1-4.2.14 | Pipeline (3-fold Cross-Validation)

OxAAA-IMG-I | 75
Sections Model Training + Optimization of the Non-Contrast to Contrast

5.2.1-5.2.7 | Image Generation Pipeline (3-fold Cross-Validation)

Fig. 1: Defining the OxAAA Imaging Cohorts used in this thesis. This cohort comprised of NCCT
and/or CECT images obtained from patients (n = 275) diagnosed with Abdominal Aortic Aneurysms
(AAA). This cohort was divided into 4 datasets. The OxAAA-IMG-I dataset comprised of imaging data
from 75 patients and were used for model training and optimization used in Sections 4 and 5.
Subsequently, OxAAA-IMG-II dataset comprised of the remaining 200 patients and were used as an
independent dataset for model validation (Chapters 4 and 5). OxAAA-IMG-III dataset was a subset of
102 patients from the larger cohort of 275 patients with prospectively collected demographic data (A.).
This was used in Section 6.3.1 to evaluate the relationships between the demographic features and
extracted biomarkers. Finally, OxAAA-IMG-IV dataset comprised of imaging data from 192 patients with
serial CT scans (B.) that could be used to calculate AAA growth (Section 6.2.1).
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3.1.1 Defining the OxAAA-IMG-I dataset
From this OxAAA-IMG cohort of 275 patients, CT imaging data from 75 patients (NCCT and

CECT) were randomly selected for model training (Fig. 1). This sub-cohort was used to train
and optimize the methods for Aortic/AAA segmentation (Section 4.2.4 - 4.2.11), aortic side-
branch segmentation and classification (Section 4.2.12-4.2.13), and Non-Contrast-to-Contrast
CT image transformation (Section 5.2.6). A 3-fold cross-validation approach was applied with this
cohort to maximize the images used for model evaluation. For each fold, the testing cohort
consisted of a unique set of 25 patients and the training cohort consisted of the remaining 50
patients.

3.1.2 Defining the OxAAA-IMG-II dataset

The remaining 200 patients (NCCT and CECT) were introduced as an internal validation
cohort (Fig. 1) to evaluate the trained and optimized models (Aortic/AAA segmentation —
Section 4.2.15, Aortic side-branch segmentation/classification - Section 4.2.15 and Non-Contrast-
to-Contrast Image Transformation - Section 5.2.8). Table 1 highlights the similarities between
the two imaging datasets derived from the DICOM header information or image.

Table 1: Image cohort comparison: (1) OxAAA-IMG-I: used for model
training, n = 75 and (2) OxAAA-IMG-II used for model validation, n = 200.

OxAAA-IMG-I Dataset OxAAA-IMG-II Dataset P-
(n = 75) (n = 200) value
= - T 10R0
2k Pe“ergll]le HU [95% -1009 [-1006 -1021] -1008 [1007-1012] | 0.48
r Mean HU [95% CI] -562.6 [621.1 -515.3] -579.4 [617.2-536.6] | 0.32
Q[ 7ath Percentile [95% CI -76.5 [83.3 -47.8] 804 [90.8 -574] | 0.22
. ——
Q | Standard Dg‘l]‘atm [oa% 188.6 [464.0 497.2] 103.3 [483.15009] | 0.10
= :
& | Voxel Length [05% C1] 0.82 mm [0.770.84] 0.84 mm [0.80 0.86] 0.62
£ | Voxel Height [95% CIJ 0.82 mm [0.770.84] 0.84 mm [0.80 0.86] 0.62
8 Voxel Thickness 1.25 mm 1.25 mm -
KiloVoltage Peak (KVF) 120 120 -
Exposure Time [95% C1| 454 [369.2 518.8] 4842 [380.3 520.0] | 0.42
X-Ray Tube Current 2153 [123.3 445.7] 279.1 [14024374] | 0.46
(mA)
| b Pem‘gﬁe T 233 -1004 [-957 -1012] ~986.7 [993.4 096.7] | 0.09
=
o Mean HU [95% CI] 558 [-522.4-601.1] 5513 [586.5 -506.3] | 0.63
= | 75th Percentile [93% CI] 528 [-66.0 -39.6] -46.6 [61.9-312] | 030
3 Standard Dé‘l’lmm‘m [95% 4767 [472.0 488 4] 483.0 [4784480.3] | o037
£ | Voxel Length [%5% CT] 0.82 mm [0.740.84] 0.81 mm [0.77 0.86] 0.59
S | Vosel Height [95% CT] 0.82 mm [0.740.84] 0.81 mm [0.77 0.86] 0.59
g' Voxel Thickness 2.5 mm 2.5 mm -
z KVP 120 120 -
Exposure Time [95% CIJ 447.3 [425.2 455.] 4522 [428.3 4655 | 0.63
X-Ray T(K)cme“ 353.2 [218.8 409.4] 357.1 [202.7515.2] | 0.49
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3.1.3 Defining the OxAAA-IMG-III dataset — Subset of Imaging Data with

Demographic Information
In the OxAAA-IMG-III cohort, 102 participants were prospectively recruited to the OxAAA
study at the time of surgery (Male n= 99; Females n= 3). All imaging studies used within this
cohort were found within the larger OxAAA-IMG cohort (Fig. 1A). This purpose of this cohort
was to assess the correlation between the extracted image biomarkers and patient
demographic/clinical characteristics (Section 6.3.1). Demographic information was recorded from

each patient, which were matched to the pre-operative CT scan.

For this prospective cohort, the median age at the time of consent was 72 (IQR: 67-79) years
old. The majority were ex-smokers (67%) and 24% were current smokers. A history of
symptomatic atherosclerotic arterial disease was prevalent in this group (ischaemic heart
disease: 32%; peripheral arterial occlusive disease: 16%; cerebral vascular disease: 12%). The
majority of participants reported a prior diagnosis of arterial hypertension (73%) and
hypercholesterolemia (60%). However, these were well controlled by long term pharmacological
therapy [anti-hypertensive(s): 67%, statin: 73%, anti-platelet(s): 46%|, as reflected by their
controlled mean arterial pressure (102 + 13 mmHg) and overall normal cholesterol profiles
[median = 3.8 mmol/L (IQR 3.2-4.6), lower than 5.2 mmol/L in 82% of participants| at the
time of recruitment. Sixteen percent of the participants reported a history of diabetes mellitus,
and 27% had chronic kidney disease with eGFR<60. Baseline demographic data from the
prospective cohort (n=102) are presented in Table 2. Median AAA size within this cohort was

63.0 mm with an interquartile range from 58.0 to 72.5 mm.

3.1.4 Defining the OxAAA-IMG-IV cohort - Subset of Patients with Growth

Measurements

This arm consisted of 192 AAA patients from the OxAAA imaging cohort with at least 1
historic CT scan conducted greater than 8 months prior to the pre-operative scan (Fig. 1B).
This enabled the calculation of ‘prospective’ growth data using the baseline scan. The remaining
83 patients did not contain a historic CT scan and could not be used to calculate aneurysmal
growth. In this study, the historic CT scans could either be a NCCT or CECT imaging study.
Median AAA size and median follow-up time within this cohort was 54.5 mm (interquartile

range, IQR of 48.0 to 60.0 mm) and 2.0 years (IQR of 1.0 - 3.7 years), respectively. Similarly,
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median aneurysmal growth (AMax Diameter /A time, yrs) was 3.7 mm/yr with an interquartile

range of 2.5 to 5.0 mm /yr.

Table 2: Summary of participant demographics at the pre-

surgical assessment (OxAAA-IMG-III dataset)

All Participants

(n = 102)
Male (%) 99(97)
Age at Consent (Median/IQR) 72 (67-79)
Height (£SD) 1.75 £ 0.08
Weight (Median/IQR) 81.9 (74-90.2)
BMI (Median,/IQR) 26.8 (24.3-28.7)
MAP (£SD) 102.2+ 12.8
Current Smoker (%) 24 (24)
Past Smoking Hx (%) 68 (67)
Never Smoked (%) 13 (13)
CAD Hx (%) 33 (32)
Coronary Intervention (%) 26 (23)
PAD History (%) 16 (16)
Cerebral Art. Disease (%) 12 (12)
HTN History (%) 74 (73)
Hypercholesterolemia (%) 61 (60)
Tot. Cholesterol (Median/IQR) 3.8 (3.2-4.6)
HDL (Median,/IQR) 1.1 (0.9-1.3)
LDL (Median,/IQR) 1.5 (0-2.3)
TG (Median/ IOR) 1.2 (0.8-1.6)
Diabetes (%) 16 (16)
HbA1C (Median/IQR) 5.6 (5.4-3.9)
Diabetes - Oral /Insulin (%) 12 (12)
CKD - eGFR < 60 (%) 28 (27)
Creatinine (Median,/IQR) 86.5 (73.3-101.3)
Beta-Blockers (%) 32 (31)
ACEI/A2RA (%) 36 (33)
Aspirin (%) 47 (46)
Thienopyridine (%) 9 (9)
Ticragrelor (%) 3(3)
Anticoagulant (%) 12 (12)
CCBs (%) 13 (42)
Diuretics (%) 22 (22)
Gastro-restraint (%) 31 (30)
Steroids (%) 7(7)
Statins (%) 74 (73)
AAA Diam (Median/IQR) 63 (38 - 72.3)
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3.2 Imaging Cohort from the MA3RS Study

Our growth prediction models were validated using an independent cohort obtained from the
ongoing MRI in AAA to predict Rupture or Surgery (MA3RS) study!®. The MA3RS study is an
prospective observational multicentre cohort study of 350 patients with diagnosed AAA in three
centres across Scotland!®. The purpose of this study was to investigate a novel magnetic
resonance imaging (MRI) technique for the ability to identify aneurysmal inflammation and
expansion. All AAA participants of this study were monitored for aneurysmal expansion over 2
years using either CECT or ultrasound surveillance!®. Of the 350 patients, 146 patients were
excluded as AAA follow-up was performed using only ultrasound measurements and 15 patients
were excluded as baseline CT/CECT images were not documented/available. Finally, 41
patients were excluded as AAA intervention was performed prior to the second scan. As a
result, CECT images from 148 of the 350 patients were used to validate the trained growth

prediction models.

Median AAA size for the MA3RS dataset was 53.4 mm (IQR of 48.4 - 59.1 mm). A
secondary CT imaging study was obtained 2 years after the initial study and AAA growth was
calculated. Median aneurysmal growth was 2.0 mm/yr with an interquartile range of 1.0 to 3.1
mm/yr. The similarities and differences between the OxAAA-IMG-IV and MA3RS study
cohorts are highlighted in Fig. 2.
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Fig. 2: Comparison of the OxAAA-IMG-IV and
MA3RS study datasets. AAA growth rates between the
two studies were statistically different (p < 0.001).
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3.3 Imaging cohort of patients with Head and Neck Cancer

The final chapter of my thesis focuses on the NCCT to PET image transformation task
(Chapter 7). The methods optimized here are similar to that used for the NCCT to CECT
image transformation task (Chapter 5). Here, we employ machine-learning methods to extract
information from NCCT images that are correlated with uptake of the radioactive tracer, FDG
in malignant tissues. We extend this concept to simulate clinically appropriate PET maps from

NCCT images.

A collection of paired FDG-PET and CT images of 298 patients with diagnosed head & neck
squamous cell carcinoma (HNSCC) was prospectively recruited from four different institutions in
Quebec, Canada. Valliéres et al.!4 utilised this clinical cohort to investigate the impact of
radiomic methods for the risk assessment of tumour progression. The complete dataset was
made  publicly  available via  The  Cancer Imaging  Archive (TCIA) at
http: //www.cancerimagingarchive.net. Details of this study, including patient characteristics
and clinical outcomes for each of the patients, are as published and also available through the

TCTA repository.

All 298 patients underwent routine treatment management (radiation — 48, 16%; chemo-
radiation — 252, 84%). Imaging was obtained within a median of 18 days (range 6 — 66) prior to
the start of treatment!®. At the time of imaging, the median patient weight was 75 Kg (range —
43 -142 Kg) and the median dosage of FDG injected was 1.65 x 108 Bq (range — 3.81 x 108 —
31.82 x 10%). Additionally, the median duration between injection and scan time (At) was 1.80 x
10*s (range — 1.04 x 10* — 3.01 x 10%).

The median follow up time after treatment was 43 months (range — 6 -112 months). Of the
298 patients, 45 patients developed locoregional recurrence, 40 patients developed distant
metastasis and 56 patients died. Additional information regarding the patient cohort
characteristics can be found within the previously published data documentation®. This cohort

was used extensively in chapter 7.
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4.1 Introduction

A computerised tomography (CT) scan uses multiple X-ray measurements to provide a non-
invasive visualisation of internal structures. Since the invention of the first commercially-
available CT scanner in 19724 the use of CT for the diagnosis and disease management is
extensively embedded in modern medicine. Visualisation of vasculature on a routine CT is
challenging as vessels have similar radio-densities (measured in Hounsfield Unit, HU) to adjacent
soft tissues. Injection of intravenous contrast enhances the radio-density within the vessel,
enables its visualization and permits rapid segmentation. The produced CT angiogram (CECT)
is routinely utilised to for diagnosis. On the other hand, vascular segmentation from NCCT
images is a time-intensive and challenging task. Such methods are not readily available to

clinicians.

Furthermore, pathological changes, present in the lumen, vessel wall or a combination of
both, impede automatic segmentation. In the example of abdominal aortic aneurysms (AAA,
abnormal ballooning of the aorta) (Fig. 3a, red arrow), a thrombus is adherent to the
aneurysmal aortic wall (Fig. 3b, red arrow points toward the AAA) in >90% of cases®.
Existing methods to segment these CECTs are unable to consistently extract the thrombus and
the complex thrombus-lumen interface with accuracy. As such, no automated and standardized
methods exist to assess aneurysmal diameter (Fig. 3c) or thrombus volume. These are vital

pieces of clinical information used in the care of AAA patients.

B.

thrombus

routine CT scan CT scan with
(NO contrast) injection of contrast

Fig. 3: Axial slice through an abdominal aortic
aneurysm (AAA) from a NCCT and CECT image".

Prior to the advent of deep learning (DL), vascular segmentation methods incorporated

traditional tools including edge detection and/or mathematical models. These methods are
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complex, difficult to execute and are poorly generalizable. In the early 2000s, image-based DL
methods became more approachable, given significant improvements in hardware. Convolutional
neural networks (CNNs), which are the foundation of DL architectures, consist of multiple
layers that transform the input using various pre-defined methods (convolution, non-linear
activation, pooling, etc). The derived high-level abstractions are then extracted by fully
connected layers. Finally, the weights of each neural layer and by extension the model are
optimized during training®7. In recent years, many groups have strived to identify

improvements to this conventional approach.

One well-known architecture for biomedical image segmentation is the U-Net%. This model
employs skip connections between layers, which serve to integrate the spatial and contextual
information, to assemble a more precise output. Furthermore, these methods, which were
initially limited to 2D, have been applied to 3D images to fully utilize spatial information%6-68,
However, due to memory limitations, many 3D U-Net methods utilise down-sampled input
images. This input size may not have enough resolution to represent its diverse anatomical
variety. This is especially relevant when evaluating structures with variation that can only be
captured at higher resolutions®%. Additionally, most methods are not automatic and require

complex user input.

In this study, a modified U-Net architecture was implemented to achieve high-throughput,
automated segmentation of pathological vessels (AAA) in CT images acquired with or without
the use of IV contrast. In CECT images, our method enables simultaneous segmentation of
both the outer wall structure (OWS) and lumen to enable characterisation of pathological
contents. Here, OWS is the pathological component within AAA and is the combination of the
intra-luminal thrombus (ILT), if present, and the aortic outer wall. The model’s efficacy was
demonstrated by segmenting the thoracic and abdominal aortic regions. Clinical relevance of the
trained models was extensively evaluated. Finally, an iterative active contour algorithm was
used to expand the CECT-derived segmentations into its side branches. This allowed for
evaluation of not only the pathological aortic aneurysm but also its relationship with its major

aortic side branches.
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4.2 Methods

4.2.1 Curation of CT images from a clinical cohort

Chest and abdominal CT images from 275 patients (OxAAA Imaging Cohort, OxAAA-IMG)
were acquired through the ongoing Oxford Abdominal Aortic Aneurysm (OxAAA) study. Full
details regarding ethics approval, and image acquisition are detailed in Section 3. As part of the
routine pre-operative assessment for AAA, a NCCT of the abdomen and a CECT of both the
chest and abdomen were performed. This collection was divided into two cohorts: (1) OxAAA-

IMG-I dataset: Seventy-five patients were randomly selected and were used for pipeline training

and optimization and (2) OxAAA-IMG-IT dataset: paired NCCT and CECT images from the

remaining 200 patients served as an internal validation cohort to evaluate the performance of

the developed methodology.

4.2.2 Manual Segmentation of CT Images (Defining the Ground Truth data)
In the CECT, both the aortic lumen and OWS were segmented from the aortic root to the iliac

bifurcation using the ITK-Snap segmentation software™ by trained clinicians. Semi-automatic
segmentation of the aortic lumen was easily achieved using region-growing by manually
delimiting the target intensities between the contrast-enhanced lumen and surrounding tissue.
Segmentation of the wall was performed manually by drawing along its boundary using the
previously obtained inner lumen as a base. Removing the lumen from the larger segmentation
results in a mask highlights the OWS (aortic wall + intra-luminal thrombus (ILT), if present).
In the NCCT image, the aorta was manually segmented. These segmentations served as the

ground truth (GT) when evaluating model performance.

Clinicians trained to segment NCCT and CECT- images included researchers, radiologists
and/or vascular surgeons involved with the OxAAA study. All collaborators have extensive
experience in interpreting CT-image data and were subsequently trained to use ITK Snap
segmentation software to capture the aortic segmentation. The derived segmentations were

extensively validated (Sections 4.2.3, 4.2.4) before model training and optimization.

Axial CECT images depicting the ascending thoracic (yellow arrow), descending thoracic
(blue arrow), and abdominal (red arrow) aortic regions are shown in Fig. 4a-b. The latter is

aneurysmal and contains crescentic layers of thrombus. Fig. 4c displays the cross-section of the
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abdominal aorta (red arrow) in the NCCT scan. Fig. 4d-f, show the CT images with the

overlying manual segmentations. 3D volumes derived from the manual 2D segmentations are

depicted in Fig. 4g-h.

4.2.3 Validation of Data Extraction Methods

All subsequent steps involve the evaluation of either manual- or model- derived segmentations
to assess their clinical accuracy. Therefore, it was essential to develop an evaluation pipeline
that is both accurate and robust. In order to achieve this, sample aortic aneurysms were
simulated using mathematically-derived expressions for its centreline and the diameter profile
along the volume. Clinical metrics were calculated from these generated volumes using multiple

methods to compare accuracy.

Fig. 5 highlights methods to vary the diameter profile along the developing aortic volume.
Diameter profiles for the lumen and combined aneurysm, initially proposed by Finol et al
(2002)™, are dependent on the AAA neck (Dyec) and max diameter (Dpus), and height of the
aneurysm (Ht). Additional inputs include both thickness of the aortic wall (AWall) and

maximum thickness of the outer wall structure at Duar (AOWS).
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CT Angiogram (3D Recon.) H. Non-Contrast CT (3D Recon.)

Fig. 4: Manual Segmentation of CT Images (CECT/Non-Contrast). A-F. Axial Slices obtained
from a CECT and NCCT scan with overlaying manually segmented labels. The lumen is illustrated in
red and is typically surrounded by the outer wall in green. In the abdominal region, the green label
includes the intra-luminal thrombus, if present. G-H. 3D-reconstructed volumes representing the
aortic lumen (red) and wall structure (green), which contains the intra-luminal thrombus, are generated
from the masks'".
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Fig. 5: Diameter Profiles in Simulated Aneurysm Volumes. A. Aneurysm and Luminal
diameter profiles were constructed using five input parameters, as indicated on the example
aneurysm. Four diameter profiles with increasing Din. are constructed using Equations 1 and 2.
AOWS is equivalent to AWall for all constructed volumes. B. Generation of four 3-D AAA
volumes was performed by constructing circular planes along the aortic centreline with a diameter,
as defined by the diameter profile. Shapes illustrated in red and green indicate the inner lumen and
OWS, respectively. The OWS is thicker and is more apparent in simulated AAA shapes in Fig. 7.

The equations for the lumen and AAA diameter profiles are indicated below:

Dytax — AOWS) — (Dpoer. — AWall 2smxz\ W Eq.

LumenDiameter(z) = 2 * <( Max ) 4( neck )> * [1 + sin (( i ) _5> ] + (Dpeck — AWall) Iq
D —D, 24T %7 T Eq.

AAADiameter(z) = 2 * (”“"f"“") * [1 +sin (( i ) - 5) ] + Dyeck 2(]

If AOWS is equivalent to the AWall, then the OWS of the aneurysm is entirely composed of
the aortic outer wall. Four diameter profiles from a combination of parameters (Increasing Dsaz)
are illustrated in Fig. 5b. The aneurysmal volumes were generated from the diameter profiles

by constructing circular planes with a defined diameter, along the aortic centreline.
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The aortic/aneurysmal centreline (7(z)) was derived using Eq. 3 and is a function of the
amplitude (A) and the height of the aneurysmal sac (Ht). The greater the amplitude, the greater
the degree of curvature and the smaller the radius of curvature (inverse of curvature) within the
centreline. Radius of curvature was calculated between each set of three points at 1 mm
increments along the centreline using Eq 4. In this analysis, the centrelines for the lumen and
OWS were identical. Although, this is a rare clinical scenario, this was sufficient as the primary

goal for this experiment was to evaluate the data extraction methods used for aortic aneurysms.

r(z) = . Zrt*z Eq.
<Asm( Hi )> 3
I ()] Eq.

Radius of Curvature =

lIr'(2) x r"(2)|] 4

Fig. 6a highlights how the minimum radius of curvature of the aortic centreline varies with
increasing amplitude (A). Four volumes with increasing amplitude and consequently decreasing

radii of curvature are illustrated in Fig. 6b.

Varying both lumen/AAA diameter profiles and the curvature of the aortic centreline
captures a great deal of variability associated with aortic aneurysm morphology as seen in Fig.
7. 150 volumes were generated using five Diytax (45mm, 50mm, 55mm, 60mm, 65mm), 5 AOWS
(3 mm, 5 mm, 10mm, 15mm, 20mm) and 6 centrelines with increasing amplitude (Omm, 10mm,
20mm, 30mm, 40mm, 50mm). Dneck, height of the aneurysmal sac and AWall was kept

consistent at 25 mm, 150 mm and 3 mm.

Maximum diameter in planes orthogonal to the centreline, volume and surface area of each
of these aneurysms were derived mathematically and compared against the outputs derived from
MATLAB’s in-built functions. Correlation coefficient analysis and Bland-Altman plots were
constructed to display the overlap between measurements. The utility of the Bland-Altman plot
in describing the differences between two sets of measurements is detailed and illustrated on a
simulated data set within the appendix (Section 8.1, Sup Fig. ). This is a common method of
comparison used in this thesis. Root-Mean-Square error difference was used to assess the

similarity between diameter profiles.



4. Aortic Segmentation from CT with or without IV Contrast 55

A. Standard Curve: 8. [
1000 @ Centreline Amplitude
o vs. Min. RC
5 800
©
C
S5 600
O
o
o 400-
=
T 200 &
o
o et N\ i \
0 20 40 60 80 100 A: 0 10 30 50
Amplitude ROC: Inf 228 77 46

Fig. 6: Varying the curvature of the aortic centreline. A. Standard curve illustrating the
relationship between Amplitude of the aortic centreline (defined by Eq. 3) and minimum radius of
curvature (RC, calculated by Eq. 4). B. Generation of 4 Aneurysmal volumes (Daax = 45, Dxea = 25,
H = 150 mm, AWall = 3 mm, AOWS = 3 mm) with centrelines increasing in amplitude (highlighted
in blue in Fig. 6A).
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Fig. 7: Mathematically-derived AAA shapes using multiple input parameters. A subset of 27
volumes from the generated 150 shapes are illustrated. This subset was generated using a combination
of 3 DMax (45 mm, 55 mm and 65 mm), 3 centreline amplitudes (0 mm, 20 mm, 40 mm) and 3 AOWS
(3 mm, 10 mm and 20 mm). All other input parameters (Ht, Dneac and AWall) were kept consistent.
This method provides the ability to generate a diverse range of synthetic AAA volumes.
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4.2.4 Assessment of intra- and inter- observer variation of manual segmentation

All patients within OxAAA-IMG-I dataset were used for intra- and inter-observer variability

evaluation. This evaluates the validity of the manual segmentations. For the intra-observer
assessment, manual segmentation was performed for the second time by AC after a gap of 2
weeks. For the inter-observer assessment, trained clinicians (NS or PL) performed the
segmentations independent of the primary observer. The intraclass correlation coefficient (ICC)
was calculated for the intra-/inter- observer analysis to assess the consistency of inner lumen
and OWS segmentations. Additionally, clinical metrics were calculated from each set of
segmentations. Bland-Altman analysis was performed to compare the extent of differences in
clinical metrics between the segmentations. A full description regarding the extracted clinical
metrics can be found in section 4.2.15.

4.2.5 Data augmentation

To diversify the training set, CT images and their corresponding segmentations were augmented
using divergence transformations. These augmentations employ non-linear warping techniques to

manipulate the image in predefined locations. Each image within OxAAA-IMG-I dataset was

augmented 10:1 to obtain a total of 825 post-augmented scans. Fig. & illustrates an axial slice
augmented 10 times. The impact of these non-linear data augmentations for AAA segmentation
was evaluated alongside model selection. During model training, images were further augmented

in 3D using random rotation (0-15°), translation and scaling (0.7 - 1.3).

Original Augmentations

as PR

*
Fig. 8: Data Augmentation of Axial Slice with Aortic Aneurysm. Axial slice (Original) is
augmented 10:1 using divergence transformations'.
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4.2.6 U-Net Architecture

In this study, a variation of the U-Net was used for the aortic segmentation pipeline (Fig.
9a)5859_ Tts general architecture consists of two components: the contraction and expansion path
(Fig. 9b). The contraction path (red) extracts information to capture the context of the input
at the expense of losing spatial information. This is followed by an expansion path (green),
where the size of the image increases to produce a predictive binary mask. The lost image detail
is restored using skip connections and is merged via concatenation. This integrates the spatial

and contextual information to assemble a more precise prediction of the aortic structure.

4.2.7 Attention Gating to strengthen U-Net Performance

An attention-gated 3D U-Net was evaluated for the segmentation of the aneurysmal aorta.
Attention gates utilize information extracted from the coarse scale to filter out irrelevant data
exchanged via the skip connections before the concatenation step. The output of each attention
gate is the element-wise multiplication of input feature-maps and a learned attention coefficient
[0 — 1]. Given the goal to simultaneously predict the location of the aortic lumen and wall
structure, multi-dimensional attention coefficients were used. These coefficients were determined

7 which is more accurate than multiplicative addition ™. The

using additive addition
integration of attention gates for the purpose of pancreatic segmentation has produced superior
results when compared to that of prior models®. A similar attention mechanism was
investigated in this study for aortic segmentation. The performance of this modified U-Net
architecture against that of a generic 3D U-Net for segmentation of the aneurysm with and
without data augmentation was compared during model selection. Training parameters utilized

in this experiment are highlighted in Table 3. Fig. 9b illustrates the 3D U-Net architecture

with attention gates utilized in this study.
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4.2.8 Loss Function to evaluate Model Performance

The DICE score was used to quantify model performance at each step. This metric evaluates the

similarity between two binary images (A and B) and is defined as follows:

DICE (A,B) =

2|AN B
|Al+|B|

Here, this index equals twice the number of elements common to both binary images (2*True

Positives) divided by the total number of elements in both images (2* True Positives + False

Positives + False Negatives). This similarity quotient ranges between 0 and 1.
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Fig. 9: Aortic segmentation pipeline for the simultaneous detection of the aortic lumen, and outer wall
structure. A. Pipeline training required manual segmentation, 2D/3D-data augmentation and pre-processing of
both CECT and NCCT images. Aortic ROI detection is coordinated by U-Net A for CECT images and U-Net
D for NCCT images. This is followed by aortic segmentation and is coordinated by U-Net B+C for CECT
images and U-Net E for NCCT images. B. The base architecture for this pipeline is a 3D Attention-based U-

Net'.
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4.2.9 Aortic Segmentation Pipeline: Image Pre-Processing

Following data augmentation, all 825 CT images from 75 patients (284,624 CECT axial slices,

145,320 NCCT axial slices, OxAAA-IMG-I dataset) were pre-processed. Pre-processing steps
included isotropic voxel conversion and down-sampling by a factor of 3.2 (512 x 512 x Zinitial/(;)
2> 160 x 160 x Zginal/(r) : Zt = Zi / 3.2). Here, Zi and Zs represents the number of axial slices
within the study series before and after pre-processing. The down-sampled images were only
used for aortic detection. The higher resolution images were used for aortic segmentation.

4.2.10 Aortic Segmentation Pipeline: Aortic ROI Detection

Attention U-Nets A and D (Atin U-Net A, D, refer to Fig. 9) were trained to segment the
aorta from these decreased resolution, isotropic CECT and NCCT images, respectively. These
architectures were trained using fifty randomly-selected patients (Folds 2+3) and evaluated on

the remaining 25 patients (Fold 1 of 3, OxAAA-IMG-I dataset). Aortic bounding boxes were

generated from the model predictions. Two bounding boxes were generated from the CECT
image (1. Thoracic [Thor.] and 2. Descending/Abdominal Aorta [AAA|) and one was generated
from the NCCT image (1. Descending/ Abdominal Aorta [AAA]). The ROIs derived from the
bounding boxes served as the input data for aortic segmentation. Zrner or Zaaa represent the
number of axial slices within the thoracic aorta and descending aorta/AAA ROIs, respectively.

All subsequent U-Nets (Attn U-Nets B,C and E) were trained using the entire OxAAA-IMG-I

dataset (75 patients, 825 augmented images). This was done to expose the DL models to the
diverse and complex aortic/aneurysmal morphology.

4.2.11 Aortic Segmentation Pipeline: Aortic Segmentation

U-Nets B and C (Attn U-Net B + C, refer to Fig. 9a) were trained on the CECT ROIs to
simultaneously segment the aortic lumen and OW regions of the thoracic and OWS of
abdominal aorta, respectively. U-Net E was trained on the non-contrast ROIs and was tasked to
segment the abdominal aorta. For all 3 U-Nets, 3-fold cross-validation experiments were
performed with a data-split of 50:25 patients between training and testing cohorts for each fold

(OxAAA-IMG-I dataset). Each fold consisted of 550 post-augmented images from 50 patients for

training. The testing cohort consisted of 25 pre-augmented images from 25 patients (testing
cohort). There was no overlap between the train/validation and testing cohorts. Table 3

delineates all the U-Nets trained and evaluated in this study along with their learning
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parameters, which were optimized individually. Model training was performed simultaneously on

a workstation with 2 11gb NVIDIA RTX 2080 TT graphics cards.

Table 3: U-Nets trained for model selection and the segmentation pipeline with learning parameters.

Model  Epochs Learning Weight Ba.tch Task Implementatio
Rate Decay Size n
Model Selection
U-Net 1 1.0 * 1073 1.0 * 106 2 - -
e 000 0 * 10 0* 10 Multi-Class AAA Attn U-Net vs U
AT 000 107109 L0* 105 2 Segmentation et for AAA
U-Net ' ' E Segmentation
Aortic Segmentation Pipeline
Attn S At01:ct‘1c ; Aortic ROI
600  LO*10% 1.0%100 2 cOmETRAtion O Detection
U-Net A low-resolution (Contrast)
isotropic CECT
Multi-Class Aortic
Arch Segmentation Aortic
Attn . .
750 1.0 * 10 1.0 * 10 2 from high- Segmentation
U-Net B . .
resolution isotropic (Contrast)
CECT
Multi-Class
Descending Aorta
Aortic
Att
" 1000 1.0 103 1.0 * 10© 2 - AAA Segmentation
U-Net C Segmentation from
. . . (Contrast)
high-res. isotropic
CECT
Attn S AtOTJ_IC ; Aortic ROI
600  1.0*10% 1.0 * 10 P egmentation trom Detection
U-Net D low-resolution (Non-Contrast)
isotropic NCCT
Aortic ;
Attn Segmentation from Aortic
1000 1.0 * 103 1.0 * 10 2 : : Segmentation
U-Net E high-resolution (Non-Contrast)
isotropic NCCT
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4.2.12 Semi-automatic segmentation of the aortic side branches from CECT images

The output of the aortic segmentation pipeline is a 3D-shape that captures the inner lumen and
pathological OWS in patients diagnosed with abdominal aortic aneurysms from the aortic root
to the iliac bifurcation. An active contour technique (snakes), which is an iterative region-
growing image segmentation algorithm (# of iterations = 50), was implemented in MATLAB to
expand the automatically-derived AAA segmentation into its aortic side branches. At this stage,
the expanded shape was assessed for quality control and any errors in segmentation were
manually adjusted. Branches were then isolated from the main aortic volume and classified
based on branch artery using an expert-based classification system. Fig. 10. Illustrates this side-

branch segmentation supplement to the main aortic-segmentation pipeline and was

developed /optimized using the OxAAA-TMG-I dataset.

Side-Branch
Isolation/Classification

Centerline
Extraction

Aortic Aortic Segmentation
Segmetnation (+Side Branches)

A Active Contour Segmentation (50 iterations)

B 3D Skeletonization of the Lumen

C AutomaticSide-Branch Classification L. lliacArt.

Fig. 10: Semi-automatic segmentation and classification of aortic side branches. This
supplement to the aortic segmentation algorithm uses an active-contour segmentation algorithm to
capture the origin and direction of the 6 main side-branches that evolve from the descending and
abdominal aorta. Branches were automatically classified using the spatial relationship between
branch origins (Section 4.2.13).
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4.2.13 Automatic Classification of Aortic Side Branches from CECT images

An expert-based classification method was used to classify the isolated branches from the
expanded AAA segmentation. This classification method encompassed three sets of decision
trees manually generated using expert-based observations. Each decision tree (DT) utilizes an
independent classification algorithm to classify the branches first into 3 categories (1.
Celiac/SMA, 2. Left/Right Renals, and 3. Left/Right Iliacs). The algorithms and their

assumptions for each of the DTs are highlighted in Fig. 11, Fig. 12, and Fig. 13.

Assumptions underlying DT-1 include: 1. all side-branch segmentations have iliac branches,
2. The AAA centroid is between the iliac and other branches and 3. The distance between the
Celiac/SMA  branches is smaller than the distance between the renal arteries (Fig. 11I).
Assumptions supporting DT-2 include 1. Iliacs are present only if the maximum distance
between origin points > 100 mm, 2. First origin point is classified as Celiac/SMA and 3. The
angle between the two Celiac/SMA origins and TopCent is < 30° (Fig. 12). Finally, the
assumptions underlying DT-3 include 1. Iliacs are present only if the maximum distance between
origin points > 100 mm, 2. First origin point is classified as Celiac/SMA and 3. The angle

between the 2 Celiac/SMA direction vectors are < 45° (Fig. 13).

A majority voting system was used to combine the outputs of each DT to obtain the final

output. This method was developed/optimized using 50 patients (Folds 2+3 of OxAAA-IMG-I

dataset) and evaluated on a validation cohort of 25 patients (Fold 1 of OxAAA-IMG-I dataset).

Subsequently, each of the three categories was further divided into their respective arteries using
the spatial orientation of the branch origins (1. Celiac Artery is superior to the Superior
Mesenteric Artery (SMA). 2. The origin of the left /right renal arteries are closer to the patient’s
left /right sides, respectively. 3. The origin of the left/right iliac arteries are closer to the

patient’s left /right sides, respectively.).
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Definitions

Origin Point (x,y,z) of each

branch.
Cent Centroid (x,y,z) of Aortic Shape
Ng Number of Branches
B Classified Branch Output

Distance between Celiac and
SMA Origins.

Dceliac_":.\[.—\_

Distance between Left and Right

Decision Tree -1 (DT-1)
Algorithm

B(1: Ng) = 'Renals”
IfNg > 5
B(find(Opg(: , 3) < Cent(3))) =
Op(find(B == =

Dist = DistanceMatrix(Opy):

MinDist = find(Dist = min(D));
B(MinDist) = gOEIIEIFEIY PG

D, .
renals Renal Origins.
Assumptions
1. All segmentations have |IiEIngEN TS,

Cent is between the |IEIGN e and

other branches.

The @EIEGEIWIIN origins are closer than
the Renal origns (Left /Right).

Input (Opy.) Output (DT- 1)
@ D iac snma -

7

/A
l £

Fig. 11: Side-Branch Classification using manually constructed decision tree algorithm 1 (DT -
1). Decision tree- 1 was constructed to classify the side-branches originating from the abdominal aorta
into 3 categories. The algorithm is illustrated on the top right panel. DT-1 compares the distances
between origin points. This algorithm assumes that all branches below the aortic centroid are the iliac
branches and that the Celiac/SMA origins are closer than that of the Renal arteries. An example
patient is illustrated on the bottom right panel. This output is integrated with that from the other DT's
(Fig. 12, Fig. 13) and a majority voting method is used to produce the final classifications.
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Definitions Decision Tree -2 (DT-2) Input (Opy.) Output
Algorithm (DT- 2)
Op Origin Point (x,y,z) of each Niac Identification
ts
branch. D = Dist(Op..); ~
. o . If Max(D) > 100 ,
Mod Op,. List of Opy excluding the Tliacs, Tliac_ind = find(Opee(:,3) < 0.50*Cent(3))
- if present. .
%% lliacs Present
TopCent Centroid of 2-D slice with Origin B(Iliac_ind) =
I of Branch 1. ”\IOd—O,P“ - Opes
Op(lliac_ind ) = []:
. . 15
Cent Centroid (x.y,z) of Aortic Shape e
%% No Iliacs Present
Mod_Op,. = Opye
Ng Number of Branches - pe 7/ '\l
end
B Classified Branch Qutput Celiac/SMA Identification
. D = Dist(Mod_ Op ): TopCent
Assumptions for i =2 : size(Mod_Opy.)
nl =n <TopCent, Op(1)> (f)—' gl
1 Iliacs are present if Max Distance n2 =n <TopCent, Op(i)> Os - _'3"':
) between Opts ~ 100 mm Val = norm(det([n2:n1]), dot(nl,n2) O, - 54.2
angle(i) = tan-1(Val)
9 Most superior Oy, is classified as if angle(i) < 30
- Celiac/SMA| B(i) = gERIEFSINEN
else Py
The angle (6) between the TopCent, B(i) = fRenals’
3. and the two origins is end
< 30 degrees. end

Fig. 12: Side-Branch Classification using manually constructed decision tree algorithm 2 (DT - 2).
Decision tree- 2 was constructed to classify the side-branches originating from the abdominal aorta into 3
categories. The algorithm is illustrated on the middle panel. DT-2 utilizes the angle between the origin
points and the Top Centroid (TopCent). The angle between the two Celiac/SMA branches and TopCent is
< 30 degrees. Additional assumptions for the algorithm are highlighted in the bottom left panel. An example
patient with the angle calculations is illustrated on the right panel. This output is integrated with that from
the other DTs (Fig. 11, Fig. 13) and a majority voting method is used to produce the final classifications.
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g isi - _ Output
Definitions Decision Tree -3 (DT-3) Input (Op) P
Algorithm (DT- 3)
o Origin Point (x.y.z) of each Tiac Identification =
Pts branch. D = Dist(Op); o P ~
If Max(D) > 100 Pts R\*& ,
. . . jac ind = :.3) < 0.50*Cent( \
List of Op,.excluding the Iliacs, lliac_ind = find(Opys(:.3) < 0.50%Cent(3)) e,
NIOd_OPts if present %% Iliacs Present \\
pre: ) B(Iliac_ind) = \
Mod_Op,. = Ope \ \
Bcent Centroid of each branch. Opye(Tliac_ind ) = [|: \ \ “cani
else \
\ o\
. spese
Cent Centroid (x.y,z) of Aortic Shape z’Z‘; I\é‘; "f“gpprese"‘ Branc) Centroid \t \
- —YPts ts Cent ©
o e /A
- s 4
Ng Number of Branches end [ {
Celiac/SMA Identification
. %% Create Direction Vectors
B Classified Branch Output fori=2:sie(Mod O Pto)
Direction(i,:) = n <B_Cent(i), O_pts(i)> v
d
. o @OP‘(IJ
Assumptlons for i = 2 : size(Mod_O_Pts) L/ e
nl = Direction(1.:) % Top Celiac/SMA Branch 0, %
Tliacs are present if Max Distance n2 = Direction(i.:) % Unclassified Branch ; O
1. betw: O..~ 100 Val = norm(det([n2:n1]), dot(n1,n2) p
etween pts ~ mm angle(i) = tan-1(Val)
e, -2
5 Most superior O, is classified as if angle(i) < 45 .g@ Opi(a) O, - 85.2
- B(i) = QOO Y e o, - 115.2
else e
B() - [REE
end

3 The angle (0) between the two
’ direction vectors is < 45°.

end

Fig. 13: Side-Branch Classification using manually constructed decision tree algorithm 3 (DT - 2).
Decision tree- 3 was constructed to classify the side-branches originating from the abdominal aorta into 3
categories. The algorithm is illustrated on the middle panel. DT-3 utilizes the angles between the direction

vectors of each of the branches. The angle between the two Celiac/SMA branches is < 45 degrees.

Additional assumptions for the algorithm are highlighted in the bottom left panel. An example patient with

the angle calculations is illustrated on the right panel. This output is integrated with that from the other DT's
(Fig. 11, Fig. 12) and a majority voting method is used to produce the final classifications.
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4.2.14 Assessment of model accuracy using aortic morphological features

An in-house program in MATLAB was developed to automate the measurement extraction
from AAA volumes. In addition to validating this method on the synthetic AAA shapes
(Section 4.3.2), automatically calculated measurements from GT segmentations were compared
against manually extracted measurements from the same CT images. This was accomplished to
assess the accuracy and clinical validity of the manually-segmented 3D volumes. From each
patient, measurements were obtained both along the axial plane and the plane orthogonal to
the aortic centreline. Six measurements were obtained from three slices (1. slice with the max
anteroposterior (AP) diameter, 2-3. 1 c¢cm above and below the slice with the max AP
diameter). Max antero-posterior and transverse diameters were measured in each of the three
slices. Coefficients of variation between the manual delineation and automatic methods are

reported.

In addition to the DICE score, 1-, 2- and 3-D measurements of aortic morphology were
extracted from the aorta. These were used to evaluate the clinical validity of this high-
resolution segmentation pipeline. Maximum AP diameter (1-D) along the axial plane and axial
area (2-D) of the aneurysmal region were automatically extracted from each 3-D image.
Finally, 3-D measurements included volume assessment of the lumen and OWS from CECT
images and of the total aortic volume from NCCT images. All metrics were calculated on
model predictions and GT segmentations using an in-house program in MATLAB. Bland
Altman plots and correlation coefficient analysis assessed bias and the strength of association
between the output of the DL models and the GT. Bias for all measurements was reported

along with its 95% confidence interval (95% CI).

Second-order features including lumen and OWS centrelines were calculated using an
implementation of the homotopic thinning algorithm™. Centreline deviation between model
predictions and GT annotations was calculated using 1. Average Euclidean distances and 2.
Hausdorff distance. The former calculates the distances between two closest points in the two
centrelines. On the other hand, the Hausdorff metric reflects the upper bounds of the former™.

It is the greatest distance between a point in one centreline and the closest point in the

adjacent line. Additionally, maximum diameter in planes perpendicular and orthogonal to the
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generated centrelines were extracted and compared between the ground truth measurements
and the model predictions. Root-mean-square-error and percentage deviation were used to
assess the similarity between the diameters orthogonal to the AAA centreline. This second-
order feature assessment ensures the utility of model predictions for complex

geometric/morphological analysis.

Finally, to evaluate the accuracy of the expanded aortic segmentation (Fig. 70), maximum
diameters from each of the aortic side branches was automatically calculated from the
expanded annotations and compared against measurements manually-obtained from the CT
image.

4.2.15 Evaluation of Aortic Segmentation Pipeline on an independent validation
cohort

The optimized aortic segmentation pipeline was internally validated on the OxAAA-IMG-II

dataset, which consisted of an independent set of 200 patients with paired NCCT and CECT
images (total of 29,468 pairs of 2-D images) of the abdominal aorta. This cohort was previously
described in Section 3.1. All images were manually segmented prior to model evaluation. AAA
segmentation accuracy was evaluated using both DICE score and the aortic morphological
features (Section 4.2.14). From CECT-derived segmentations, model predictions were compared
against GT using 1. Max AP Diameter (Axial), 2. Max AP diameter (Orthogonal), 3. Max
Area (Axial), 4. Lumen Volume, 5. OWS Volume, and 6. Centreline Deviations (average
Euclidean/ Hausdorff distance). Side-branch classification accuracy was investigated and
maximum branch diameters were automatically extracted from model predictions and
compared against that from the GT. On the other hand, from NCCT-derived segmentations,
model predictions were compared against GT using 1. Max AP Diameter (Axial), 2. Max AP

diameter (Orthogonal), 3. Max Area (Axial), 4. AAA sac volume and 5. centreline Deviations.

4.3 Results
4.3.1 CT Image Characteristics

Three-fold cross-validation within OxAAA-TMG-I dataset was used during training of the

aortic segmentation pipeline. CT image characteristics between the training/validation and

testing cohorts were extracted for each fold. Statistical comparison (two-tailed unpaired t-tests)
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between the training and testing cohorts for both CECT and NCCT images across all three
folds, revealed no significant differences. The CT image characteristics between the training

(folds 2+3, 50 patients) and testing (fold 1, 25 patients) are summarised in Table 4.

4.3.2 Validation of Data Extraction Methods

A total of 150 volumes were generated using a combination of Dwmax, AOWS and aortic
centrelines parameters. Dneck, height of the aneurysmal sac and AWall was kept consistent at 25
mm, 150 mm and 3 mm. A subset of these volumes can be visualized in Fig. 7. Diameter
profiles along the aortic centreline were measured and compared against that used to generate
the volumes. Root-Mean-Square-Error difference between the automatically derived and input
maximum diameter profiles for the 150 volumes was 0.81 + 0.04 mm. Fig. 14 illustrates the
correlation coefficient analysis and Bland-Altman plots for the similarity between the calculated
volume and surface area measurements against those derived automatically from the in-built
MATLAB algorithm. As seen within the Section 9.1, this is an appropriate method to compare
the differences between data sets. Volume and surface area measurements of the lumen and
OWS are similar between the two methods (negligible bias and narrow limits of agreement).
This supports the validity of the in-built data-extraction method to extract 1-D metrics (Max

Diameter along the aortic centreline) and 3-D metrics (Volume, Surface Area).

Table 4: Image characteristics within training (n = 50, Folds 2 + 3) and validation (n = 25,
Fold 1) cohorts (OxAAA-IMG-I dataset).

Training Cohort Validation Cohort

(n = 50) (n = 25) p-value

25th Percentile HU [95% CI| -1008 [-1003 -1014] -1006 [-1002 -1010] 0.42

Mean HU [95% CI] -587 [-646.1 -527.6] -568.4 [-610.2 -526.6] 0.48

75th Percentile [95% CI] -67 [-45.8 -85.8] -54.1 [-40.8 -67.4] 0.18

37 Standard Deviation [95% CI| 48.1 [475.0 493.2] 490.6 [485.1 495.9] 0.08

g Voxel Length [95% CI] 0.81 mm [0.76 0.86] 0.83 mm [0.79 0.87] 0.50

g Voxel Height [95% CI] 0.81 mm [0.76 0.86] 0.83 mm [0.79 0.87] 0.50
@) Voxel Thickness 1.25 mm 1.25 mm -
KiloVoltage Peak (kVP) 120 120 -

Exposure Time [95% CI| 434 [359.2 508.§] 474.2 [369.3 579.0] 0.50

X-Ray Tube Current (mA) 265.3 [105.3 425.7 299.1 [140.2 467.4] 0.32

25th Percentile HU [95% CI| -1009 [-1005 -1013] -1005 [-1002 -1008] 0.07

Mean HU [95% CI| -565 [-524.3 -606.7] -550.6 [-589.4 -511.9] 0.55

? 75th Percentile [95% CI| -53.4 [-39.9 -66.9] -46.8 [-62.2 -31.3] 0.49

B Standard Deviation [95% CI| 483.2 [476.0 490.0] 484.8 [479.8 489.9] 0.69

g Voxel Length [95% CI] 0.80 mm [0.75 0.85] 0.82 mm [0.78 0.86] 0.58

@] Voxel Height [95% CI] 0.80 mm [0.75 0.85] 0.82 mm [0.78 0.86] 0.58
o Voxel Thickness 2.5 mm 2.5 mm -
> KVP 120 120 -

Exposure Time [95% CI] 457.3 [435.2 467.8] 462.2 [448.3 475.0] 0.63

X-Ray Tube Current (mA) 355.6 [221.8 489.4] 367.5 [209.7 525.3] 0.49
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Fig. 14: Validation of Automatic Surface Area and Volume Measurements from Synthetic
AAA shapes. Correlation coefficient and Bland-Altman plot analysis between measured metrics (in-
built MATLAB functions) versus actual measurements (derived using the mathematical expressions
for the aneurysmal surface). The metrics include volume and surface area of the aortic inner lumen
and OWS. A very strong correlation was observed between all measurements. Bland-Altman analysis
indicated a negligible bias (blue dotted line) with narrow limits of agreement (red dotted line, < *
0.50 %).

Additional methods validation was performed by comparing measurements derived from the
GT segmentation against that derived directly from CT image. Coefficients of variation (%CV)
between manual and automatic measurements for the maximum AP and transverse diameters
along the axial plane were 0.7 £+ 0.05% and 1.1 + 0.03%, respectively. Additionally, %CV
between manual and automatic measurements for the maximum AP and transverse diameters
along the plane orthogonal to the aortic centreline were 0.9 + 0.04% and 1.4 + 0.1%,
respectively. This suggests high concordance between the manual and automatic methods and
supports the use of the automatic extraction algorithm for subsequent steps.

4.3.3 Intra- and Inter- observer variability assessment
There were strong agreements for inter- and intra- observer measurements as measured by
DICE (£SD) score and intra-class correlation coefficients from CECT and NCCT images

(Table 5). This supports the accuracy of the manual segmentations used for model training.
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Table 5: DICE scores and intra-class correlations for Intra-/Inter- operator segmentations using the images
within the OxAAA-IMG-I dataset (*p < 0.001).

DICE + SD (%) . Intra- Inter-
Region
N = 75 DICE + SD (%)  ICC  DICE£SD (%)  ICC
Inner Lumen 97.8 £ 0.1 % 1.000 * 96.8 £ 0.2 % 0.995 *
Contrast OWS only 945+ 04 %  0.981 * 93.1 £ 0.5 % 0.974 *
Entire Aorta 98.8 £ 0.2 % 0.989 * 95.1 £ 0.5 % 0.981 *
Non-Contrast Entire Aorta 97.8 + 0.4% 0.988 * 96.5 &+ 0.6 % 0.977 *

In addition to DICE score metric, aneurysm-specific metrics (1% order [1-3D] and 2"¢ order)
were extracted from the intra-/inter- observer derived segmentations. Bland-Altman analysis
comparing the GT segmentations with that of the inter-/intra- observer for both the contrast-
enhanced (Fig. 15) and non-contrast displayed considerable overlap (Fig. 16). The limits of
agreement were wider for the comparison between observers versus as opposed to the
comparison between intra- observer segmentations. This establishes the threshold for
segmentation performance in both non-contrast and contrast-enhanced CTs with regards to the

pathological aortic aneurysm.
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Fig. 15: Clinical assessment of Inter- and Intra-
the ground truth segmentations from Contrast-enhanced CT. Max AP diameter, max area, and
lumen and OWS volume were automatically extracted and compared between the segmentations via
Bland Altman Analysis. Bias (blue) and the limits of agreement (red) are illustrated in each panel.

observer-generated segmentations versus
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Fig. 16: Clinical assessment of Inter- and Intra- observer-
generated segmentations versus the ground truth
segmentations from Non-Contrast CT. Max AP diameter, max
area, and AAA volume were automatically extracted and compared
between the segmentations via Bland Altman Analysis. Bias (blue)
and the limits of agreement (red) are illustrated in each panel.
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4.3.4 Model Selection
We hypothesized that the 3D U-Net with attention gating (Attn U-Net) would outperform the

generic 3D UNet™ for segmentation of the AAA. Similarly, we hypothesized that the
incorporation of non-linear data augmentation (+ Aug) techniques would improve model

performance. Fifty patients within OxAAA-IMG-I dataset were used for model training and

optimization. The remaining 25 patients were used to test the performance of these networks for

aneurysmal segmentation.

Four networks were trained to assess the importance of data augmentation and attention
gating for aneurysmal segmentation. Fig. 17 illustrates the evolving DICE score metric for the
validation group during model training for all four networks. During the training of the Attn U-
Net with data augmentation, the overall DICE score plateaus at 95.3% after 1000 epochs (Inner
Lumen: 97.4%, OWS: 89.2%). On the other hand, the performance of the control 3D UNet with
data augmentation plateaus at approximately 91.8% (Inner Lumen: 96.4%, OWS: 87.2%). The
networks trained with the non-linear data-augmentation methods outperform networks without

the augmentation.

Inner Lumen ows
1.00-
=
W 0.751
e
o
0.50-
6 250 500 750 1000 250 500 750 1000
Epochs Epochs
3D U-Net (- Aug) . 3D U-Net (+ Aug)
Attn U-Net (- Aug) Attn U-Net (+ Aug)

Fig. 17: Attention U-Net vs 3D U-Net for AAA Segmentation. Model
performance on validation cohort during training. Four networks (Attention U-Net *
augmentation and generic 3D U-Net * augmentation) were trained for a total of 1000
epochs. Model outputs were assessed at each iteration and were compared against the
GT segmentation using the DICE metric.

Model outputs on the testing sub-cohort (25 patients) were compared against the manually

segmented GT images utilizing the DICE score metric. The results of this analysis are found in
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Table 6. Given the apparent importance of data augmentation in model performance, the

performance of the Attn U-Net (4+ Aug) was evaluated against that of the 3D U-Net (4+Aug).

The accuracy of the Attn U-Net (+Aug) in in extracting the OWS of the abdominal region
is significantly superior to that of the generic 3D U-Net (+Aug). Additionally, the results show
that the output produced by Attn U-Net (4+Aug) has a stronger correlation to the GT
segmentations for all metrics evaluated than that of the generic 3D U-Net (+Aug) (Table 6).
Similarly, the Bland-Altman plots for the attention-based U-Net (4 Aug) indicate smaller biases
with notably smaller bounds (95% confidence interval) when compared against the 3D U-Net
(+Aug) outputs (Fig. 18). Going forward the Attn U-Net (+Aug) and 3D U-Net (+Aug), will

be referred to Attn U-Net and 3D U-Net, respectively.

Table 6: Aortic Segmentation Accuracy of the Attn U-Net (+Aug) vs 3D-U-Net (+Aug).

Attn UNet vs. 3D UNet vs. Ground
Ground Truth Truth
Region DICE (+ SD) DICE (+ SD) p-value
Inner Lumen 96.8 + 1.2 % 94.4 + 1.4 % 0.76
Entire AAA 94.8 £ 0.9 % 89.5+1.1% 0.01
OWS Only 88.2 + 1.9 % 85.2 £ 1.9 % < 0.01
% Difference (&= SD) % Difference (£ SD)
Max AP Diameter 1.14+09% 3.8 +22% < 0.01
Max Axial Area 2.5+ 1.6 % 50+ 2.8% 0.01
IL Volume 0.3+09% 144+18% 0.02
OWS Volume 3.1+21% 8.8 +84% 0.01

Compared to the manual segmentation (ground truth), the difference of AP diameter as
measured by the At¢tn U-Net and 3D U-Net is 0.66 + 0.56 mm and 2.30 + 1.36 mm, respectively
(p < 0.01). The Attn U-Net architecture was able to measure the maximum AP diameter to
within < lmm accuracy in 76% (or 19/25) of the cases, as compared to the standard 3D U-Net
which can achieve this accuracy margin in 16% (or 4/25) of cases. Similar levels of accuracy
were documented when evaluating the inner lumen and OWS volumes. This rationalizes the
incorporation of the attention-gating unit into the segmentation pipeline. Example model

outputs within the test set are shown in Fig. 719 along with their respective gold standards and

DICE similarity scores.
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Fig. 18: 1-,2- and 3-D evaluation of model predictions derived from the Attn
U-Net (+Aug) and. 3D U-Net (+Aug). Intra-class correlation and Bland-
Altman plot analysis measurements obtained from the model predictions and the
GT segmentations. Bias [95% CI] within the respective models (Attention U-Net,
3D U-Net) is displayed for each measurement'.
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B. Ground Truth Prediction

Ground Truth Prediction

D

Prediction *Ground Truth Prediction

Fig. 19: Attention-based 3D U-Net outputs from two patients with the labelled GT masks
(OxAAA-IMG-I dataset). DICE scores for both the inner lumen and OWS (aortic outer wall +
ILT) predictions are indicated for each patient (A,C). Various points of discrepancy within the two
predictions are highlighted (B,D)".
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4.3.5 Aortic Segmentation pipeline: ROI selection accuracy

The first stage of the segmentation pipeline focused on aortic region-of-interest identification.
Attn-U-Nets A and D were trained and tested using 50 and 25 patients, respectfully (OxAAA-
IMG-I). These networks were tasked to extract the aortic shape from low-resolution isotropic
CT images. Both model performances plateaued rapidly after 200 epochs of training. Fig. 20
illustrates the evolving DICE score for the wvalidation group during training of these
architectures. The segmentation accuracies on the testing cohort for extracting the aortic mask
from the CECT and NCCT images were 93.4 4+ 1.2% and 88.7 + 4.2%, respectively. Applying

this network allowed for accurate aortic ROI selection on all images within the OxAAA-TMG-I1

dataset.

DICE (%)
§ L
DICE (%)

0.00 — Acrta

IIJ 2CIID 460 5&0 CII ZIIlIJ 460 BI’)U
Epochs (U-Net A) Epochs (U-Net D)

Fig. 20: Training paradigm of the Attention-based U-Nets for
Aortic ROI detection from CECT images (A) and Non-Contrast
(B). Attn U-Net A was trained for 600 epochs on down-sampled
isotropic CT images. A. Attn U-Net D was trained for 600 epochs on
down-sampled isotropic non-contrast images'’.

4.3.6 Aortic Segmentation Pipeline: Aortic Segmentation accuracy

Following ROI selection, 3-fold cross-validation was used to train the final segmentation models.
Fig. 21a illustrates the evolving DICE score metric for the validation group during training of
these architectures. Consequently, Fig. 22a displays the performance of Attn U-Nets B and C
on the ability to segment CECT images via the DICE score metric. The inner lumen DICE
accuracy is comparable between the thoracic and the abdominal aorta regions. However, OWS
DICE accuracy is lower in the thoracic aorta compared to the abdominal aortic region. This is
primarily because the thoracic aorta is mostly devoid of ILT and in most cases is a thin circular

‘ring’ surrounding the lumen. Slight differences in this segmentation result in a relatively larger
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proportion of error, as compared to the abdominal region

proportionally less due to ILT presence.
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Fig. 21: Training paradigm of the Attention-based U-Nets for Aortic Segmentation from
CECT and Non-Contrast images. A. U-Nets B and C were trained on the contrast-enhanced
ROIs detived from U-Net A — thoracic Aorta and descending aorta/ AAA ROIs to simultaneously
segment the lumen and OWS (labelled on each plot) B. U-Net E was trained for 1000 epochs on the
non-contrast ROIs derived from U-Net D to segment the aortic aneurysm as a singular label
(labelled as AAA). A 3-fold cross-validation approach was used this training step (OxAAA-IMG-I).
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Fig. 22: DICE accuracy of model predictions from CECT/NCCT
images compared against ground truth (GT) segmentations. A. DICE
scores for the CECT-derived segmentations are divided based on the non-
overlapping ROIs (Thoracic Aorta [U-Net B] and Abdominal Aorta [U-Net
C]). Scores for the lumen, Outer wall structure (OWS, £ ILT) only and the
combined aortic region are calculated. B. DICE scores for the non-contrast-
derived segmentations of the combined aortic region are calculated for the

descending aorta/ AAA only [U-Net E]".
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For NCCT images, 3-fold cross-validation (OxAAA-IMG-I dataset) was utilized to train Attn U-

Net E (Fig. 21b). Fig. 22b displays the performance of Attn U-Net E to segment NCCT
images via the DICE metric. The aortic segmentation pipeline for a patient within the test

cohort compared against GT annotations is illustrated in Fig. 23.

Ground Truth UNet A (Aorta) UNet B (Aortic Arch) Prediction Ground Truth
[160x 160 x 158] [160x 160 x 158] [160 x 160 x 305] [512x512 x510] [512x512 x 510]

Lumen: 94.7%
OW: 78.8%
Combined: 95.5%

UNet C (Dec Aorta + AAA)
[144 x 144 x 205]

Lumen: 97.2%
Aorta: 89.2% OWS: 91.2% Lumen: 95.3% OWS: 86.3% Combined: 93.2%

Combined: 94.6%
Fig. 23: Aortic segmentation pipeline (Attn UNets A — C) for a patient within the testing
cohort. Attn UNet A identified the aortic structure from down-sampled images and was the basis
for thoracic and abdominal/AAA aortic ROI detection. Attn UNets B + C identified the lumen and
OWS predictions for their indicated region. Region predictions were combined and compared
against GT to assess overall accuracy'’.

4.3.7 Aortic Segmentation Pipeline: Side-Branch Segmentation and Classification

Accuracy

An iterative region-growing image segmentation algorithm was implemented in MATLAB to
expand the AAA segmentation into its side branches. Branch centrelines were isolated and were
classified into 3 categories based on branch arteries (1. Celiac/SMA, 2. Renal Arteries, 3. Iliac
Arteries) using the developed classification algorithm. These decision trees were developed using

the OxAAA-TMG-I dataset (training: 50 patients, validation: 25 patients). Fig. 24a displays the

classification accuracy of each of the decision trees on the validation cohort. The classification

accuracy combining all three DTs via majority voting was superior to that using each DT alone.
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Fig. 24b-d illustrate three examples within the validation cohort along with the classifications

designated by each DT.

A. Classification Accuracy C. Branches Method 1 Method 2 Method 3
Validation Cohort (n=25, Fold 1) . G N N B
Decision-Tree-1 80.0% ol “g.::__ \ \
Decision-Tree-2 88.0%
Decision-Tree-3 92.0%
Majority Voting 96.0%
B. Branches Method1 Method2  Method 3 LY A A A
9 ) ] ] ‘ ’
P ( ( ( Correct Incorrect Correct
Origin Pts D. Branches Method 1 Method 2 Method 3
- s L . \‘ #/_’, \ J_’, \
- ’ - - _0q 1 JEEN P
Incorrect Correct Correct
. Celiac/SMA Art. l_l L/R Renal Art. . L/R lliac Art. Incorrect Correct Correct

Fig. 24: Classification of Aortic Side Branches based on branch artery. (A.) A multi-decision
tree approach was used to classify the branch centrelines in 3 categories. Subsequently, a majority
voting method was used to consolidate the predictions. (B-D.) The classification results for three
example patients are illustrated.

4.3.8 Assessment of aortic morphology from CECT-derived segmentations

Maximal AP diameter (r, = 0.99, P < 0.001) and cross-sectional area (r, = 0.98, P < 0.001)
derived from model predictions of CECT images were very strongly correlated with manually
derived measurements (Fig. 25a-b). The variability in diameter measurements was < 1.5 mm
(1.2 £ 0.80%). Inner lumen (rp = 0.98, p< 0.001) and OW (rp = 0.78, p< 0.001) volumes of
the thoracic aorta, derived from the output of U-Net B, were strongly correlated with those
obtained from the GT annotations (Fig. 25c-d). The variability in the OW volume
measurements (12.40 + 8.10 %) were noticeably greater than for the lumen (3.90 + 2.64 %) in
the thoracic aorta. This is inherently linked with its thin circumferential distribution in the

thoracic aorta.

Inner lumen (rp = 0.99, P < 0.001) and OWS (r, = 0.97, P < 0.001) volumes from the
abdominal aorta, derived from the output of U-Net C, were very strongly correlated with
manually-extracted volumes (Fig. 25e-f). In this case, the OWS variability in the abdominal

region (5.50 £ 3.01 %) is lower than that in the thoracic aorta (Table 7). Model predictions of
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the thoracic (U-Net B) and the abdominal aorta (U-Net C) from four patients in the testing

cohort alongside their GT masks are shown in Fig. 26a-b.
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Fig. 25: Correlation-coefficient and Bland-Altman Plot analysis for aortic morphological
measurements from CECTs. 1-D (Max AP Diameter of AAA - A), 2-D (Max axial area of AAA -
B), and 3-D (Lumen/OW volume of Thoracic Aorta — C-D, and lumen/OWS volumes of the
Abdominal Aorta - E-F) measurements derived from model predictions were compared against
those derived from the GT. This analysis was limited to volumes extracted from CECT images.
Spearman correlation coefficients (r,) and p-values are indicated on the graphs.
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Fig. 26: Model predictions from Contrast (A-B) and Non-Contrast CT (C) Images. Thoracic
(A) and abdominal (B) aortic regions from CECT images and the abdominal region from NCCT
images (C) are displayed alongside labelled GT masks. Lumen and OW/OWS volumes, when
available, are indicated next to each segmentation. DICE scotes for the lumen (red), OW/OWS
(green) and the combined aortic predictions are indicated for each patient. The difference in
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centrelines derived from the lumen masks are indicated as average Euclidean distance deviation (CDy.
+ SD)".

Furthermore, the similarity in the lumen and OWS centrelines generated from the model
predictions and GT annotations is highlighted in Table 7. Centreline deviations within the
thoracic aorta are greater than those observed within the abdominal aorta. This may be due to
the difficulty in delineating the border between the aorta and branching arteries within the
thoracic region. Model-derived segmentations of these outlets may affect centreline properties
greater than other metrics. However, the average Euclidean distance deviation is less than 2 mm
for the thoracic aorta in 89% of cases (67/75) and for the abdominal aorta in 92% of cases

(69/75).

Table 7: Clinical assessment of segmented volumes from CECT and NCCT images.

% Diff o Diffe o Ditr
% Difference e Difference o Difference
CECT (+ SD) (+ SD) NCCT (+ SD)
Max AP Diameter - 120 + 0.80 % [Max AP Diameter 167+£1.10%
Max Axial Area - 296 +245% Max Axial Area 3.60 £3.02%
Lumen Volume 3.90 +£ 264 % « 2.90 + 2.60 % «
AAA Vol 1.67 + 1.10 9
OW or OWS Volume 12.40 £ 8.10 % j 5.50 + 3.01 % olume ::‘ %
& Deviation ~ Deviation ~ Deviation
s ) (Euclidean LR (Euclidean LIS (Euclidean
< - Distance, &= SD = .. |Distance, &+ SD = . | Distance, = SD
o ’ ) o CQ
Centreline T 2 . . ! Z 0.85 + 0.52 mm < =
D © 1.07 £ 0.67 mm = . =
Lumen ev. 5 a g a Centreline s E?. 1.94 + 1.00 mm
Hausdorff < = 2.54 £+ 1.98 mm Deviation = ’ ’
. = 260 +202mm | § g
Dist. —g ’g
Centreline ] o]
OW or Dev 1.64 + 0.80 mm < 1.04 + 0.57T mm Hausdorff <
: Distance 3.58 + 2.08 mm
OWS Haﬁ?i‘"ff 2.84 £ 1.59 mm 273 + 1.73 mm

Note: OW is the aortic outer wall within the thoracic aorta. OWS is the combination of the aortic
outer wall and ILT, when present, within the pathological abdominal aorta.

The generated centrelines allow for the automatic calculation of max AP diameter along
planes orthogonal to the aortic centreline. The resulting diameter profiles between ground truth
and predictions were compared and showed a RMSE of 1.45 4+ 1.65 mm, which is equivalent to
a percentage difference of 2.3 + 1.1 %. Fig. 27a illustrates two examples of AAAs with planes
orthogonal to centreline. These planes were used to generate the re-aligned or straightened view
of the AAA. Corresponding DICE scores and average Euclidean distance deviations between
centrelines are indicated. Maximum diameter profiles along the aneurysmal sac are illustrated

for both ground truth and model predictions.



4. Aortic Segmentation from CT with or without IV Contrast

85

Max Diameter Orthogonal to

A. Ground Truth Prediction - -
Aortic Centerline
. 60
//\ /\\ E 404 A\
8 3 s s o \
& oy < 2 s
— = ~— Ground Truth
(7] —— Prediction
w 0 T T T T T T 1
Y | 0 25 50 75 100 125 150 175
g s Axial slices along AAA
<_t DICE: 94.3% CD: 0.94+ 0.63mm RMSE: 0.92 + 1.08 mm  %-Diff: 1.8+ 2.0%
C 80+
S 0 / \ .
< X /\\/ ; £ e0-
< A G E_
< // 8 S / S S OE s
! £ 8 [ g &= »
X‘\ é § (“ E )l _é:. s 20-/
N ‘\‘ ; = —— Ground Truth
\.\ 2 0 T T T T IV Pr.ldlc"oln 1
XN \ 0 20 40 60 80 100 120 140 160
Axial slices along AAA
DICE: 93.5% CD: 1.27+ 0.30 mm RMSE: 0.91+1.20mm %-Diff:1.5+2.2%
B Ground Truth Prediction Max Diameter Orthogonal to
Aortic Centerline
2 : 80
p ;f 60
/ 5
— /. 5 2 / § g oE 40
%) == = 2 { = 2 ok
) £ g L £ 8 <
o0 < ) < g F 204
© X \ X \ = —— Ground Truth
E o ) X ! o — Pred|ction
- 2 I N \ o 2 5 75 100 125 150
L 4 pee S
g & - b Axial slices along AAA
] DICE.: 94.2% CD: 1.56+ 0.72mm RMSE: 1.13 + 1.25 mm %-Diff: 1.6 + 2.2 %
c e —_—
8 . 80+
1 / / \ N
g ‘ / _— £ 60
2 q. ::
~— _‘_6 f § ; E g 40
< g g g <=
< c c = x 20+
< I‘; < i | < 2 g — Ground Truth
) i J 0 — Prediction
. \"_ W 0 20 40 60 80 100 120 140 160
i ¢ ; Axial slices along AAA
DICE,: 95.8% CD: 0.92 + 0.68 mm RMSE: 1.06 + 1.48 mm %-Diff: 2.112.0%

Fig. 27: Maximum AAA Diameter profiles along planes orthogonal to AAA centerline.
Profiles were generated from ground truth and model predictions of AAA shapes derived from
contrast-enhanced (A) and non-contrast (B) CT images. The perpendicular planes were used to
generate the re-aligned or straightened views of AAA. Corresponding DICE scores, average
Euclidean distance deviations between centerlines, RMSE and %-difference of diameter profiles are

indicated’.
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For all size aortic side branches, maximum diameters from the derived segmentations were
similar to the manually-obtained measurements. This is highlighted in Table 8. These results
support the clinical strength of this segmentation pipeline from CECT images to evaluate not

only the aortic/AAA shape but also its side branches.

Table 8: Evaluating the maximum diameters of the aortic side branches from segmentations against
manually-derived measurements.

Max Branch Celiac Left Renal 11::1%11131 Left Iliac
Diameter Artery Artery Artery Artery
Mean (Automatic) 8.4 £ 3.0 8.6 +£ 3.2 6.2 + 3.2 6.7 £ 2.9 152 + 2.8 14.9 + 2.6
Mean (Manual) 8.5+ 3.1 8.3 +3.0 6.6 + 3.7 70+25 15.0 + 3.1 148 +£ 2.4
MAE 1.5 + 0.3 mm 1.2+ 1.0 mm 16+09mm 15+10mm 14+10mm 1.2+ 1.1 mm
P 0.94 0.35 0.14 0.19 0.77 0.64

4.3.9 Assessment of aortic morphology from NCCT-derived segmentations

Maximal AP diameter (r, = 0.99, P < 0.001), cross-sectional area (r, = 0.99, P < 0.001) and
volume (r, = 0.99, P < 0.001) measurements extracted from the model predictions of NCCT
images are very strongly correlated with those derived from the GT segmentations (Fig. 28).
The variability in extracting these measurements from NCCT-derived segmentations is like that
of CECT-derived annotations (Table 7). Model predictions from two patients within the
testing cohort are illustrated in Fig. 26c. The resulting diameter profiles between ground truth
and predictions were compared and showed a RMSE of 2.11 + 1.32 mm, which is equivalent to
a percentage difference of 2.8 + 2.1 %. Fig. 27b illustrates two examples of AAAs with planes
orthogonal to centreline. This study shows for the first time the ability to segment the

aneurysmal aorta from NCCT images at a level comparable to a human observer.
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Fig. 28: Correlation coefficient and Bland-Altman plot analysis for
aortic morphological measurements from NCCTs. 1-D (Max AP
Diameter of AAA - A), 2-D (Max axial area of AAA - B), and 3-D (Total
volume of AAA - C) measurements from model predictions were compared
against those derived from GT. This analysis was limited to segmentations
extracted from NCCT images. Spearman correlation coefficients (r,) and p-
values are indicated on the graphs'.
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4.3.10 Assessment of Aneurysm morphology on an independent validation cohort
(OxAAA-IMG-II Cohort)

The aortic segmentation pipeline was internally validated on the OxAAA-TMG-II dataset,

which consisted of an independent set of 200 patients with paired NCCT and CECT images
(total of 29,468 pairs of 2-D images) of the descending and abdominal aorta. AAA
segmentation accuracy from both NCCT and CECT images is highlighted in Table 9 and was
similar to that previously observed. DICE score accuracy of the OWS volume of the aortic

aneurysm was slightly higher than that observed with the OxAAA-IMG-I dataset. The %

differences between GT and model prediction measurements for both the CECT and NCCT
images were similar, supporting model robustness (Table 9). Bland Altman analysis for both
CECT and NCCT measurements display similar bias and limits of agreement to those obtained

with the previously obtained (OxAAA-IMG-I dataset, Fig. 29).

Table 9: AAA Segmentation Accuracy on the OxAAA-IMG-II dataset (n = 200).

Inner Lumen =
OWS -
Combined 95.7 + 0.7%

Inner Lumen 97.5 + 0.6%
OWS 92.0 + 4.2%
Combined 96.3 £ 0.7%

Max AP Diameter 1.1+08% Max AP Diameter 15+14%
Max Axial Area 30+£30% Max Axial Area 36+44%
Lumen Volume 1.14+09%

AAA Volume 23+£16%

OWS Volume 344+£31%

Abdominal Aorta / AAA

0.7+ 0.7 mm
2.2 4+ 2.1 mm
1.1 £ 0.66 mm

28+ 1.2 mm

Centreline Dev. Centreline

Hausdorff Dist.
Centreline Dev.

Hausdorff Dist.

Abdominal Aorta / AAA

Deviation

Hausdorff
Distance
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Fig. 29: Bland-Altman Plots evaluating the accuracy of the segmentation model in
extracting the aneurysmal/AAA shape from the validation cohort (OxAAA-IMG-II). These
images comprise the independent validation cohort and were used to validate model performance.
A. From CECT images, maximum axial diameter, maximum axial atea, and lumen/OWS volumes
were extracted automatically from model predictions and compared against measurements obtained
from the GT segmentations. B. From NCCT images, maximum axial diameter, maximum axial area
and AAA volume were extracted from model predictions and compared against that obtained from

GT segmentations. Bias and Limits of Agreement are indicated in each comparison.
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Following semi-automatic segmentation of the aortic side branches, branch -classification
accuracy was assessed using the expert-based classification algorithm on the CECT-derived
aneurysm segmentations. Decision Trees 1 to 3 classified the branches with an accuracy of
83.5%, 93,9% and 96.9%, respectively. Majority voting of the DTs output increased
classification accuracy to 98.4%. Maximum branch diameters were extracted from the classified
segmentations and were compared against manually-obtained measurements. Mean absolute
error was calculated between the diameter measurements and no statistically significant

differences were observed for all six aortic side branches (Table 10).

Table 10: Maximum Diameter of the aortic side branches from the CECT-derived segmentations
on the OxAAA-IMG-II dataset.

Max Branch Celiac Left Renal ﬁfl}}:l Left Iliac
Diameter Artery Artery Artery Artery
Mean (Automatic) 8.2+ 21 8.5+ 23 6.8 +2.5 7.0 £ 2.2 14.7 £ 3.0 147 £ 2.9
Mean (Manual) 84+ 14 8.2+ 1.3 6.7+ 1.3 6,9 + 14 144 £ 23 14.6 £ 2.2
MAE 1.9 £ 0.8 mm 1.4 £ 0.9 mm 17£10mm 13£09mm 1.6+1.0mm 1.6+ 1.0 mm
P 0.55 0.14 0.88 0.28 0.54

4.4 Discussion

This study describes a fully automatic and high-resolution algorithm able to extract the aortic
shape from both CECT and NCCT images at a level superior to that of other currently
published methods """, High accuracy of our segmentation pipeline was supported by the DICE
score metric between model predictions and ground truth annotations for both the thoracic and
abdominal aorta. However, this metric, which evaluates the similarity between two binary
images by evaluating the extent of pixel overlap, has its limitations. In cases of small volumes,
minimal changes lead to lower DICE score percentages. This is especially true in the OW region
of the thoracic aorta. This region is usually a thin, circumferential ring around the aortic inner
lumen. Small variations within this small volume lead to relatively greater variability and lower
DICE scores. Concurrently, if there are small but critical errors in a relatively large volume, the

DICE score would remain elevated, but the clinical utility of the image would be diminished.
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However, this is a common way to compare the performance of segmentation algorithms across

methods.

In order to address the limitations of DICE score metric, clinical utility was demonstrated
by comparing 1% and 2"-order measurements, which are important parameters for
characterising AAA progression. Extracting max AP diameter measurements enables the
calculation of growth during surveillance and determines timing of surgery™®0. Assessing the
accuracy of diameter extraction is essential to integrate this DL platform with current methods
of AAA management. Cross-sectional area (2-D) has been shown to have the lowest variability
in assessing aneurysm change and supplements the 1-D diameter measurements 8!. Evolution of
3-D, especially thrombus volume, and 2" order indices, including centreline are linked to AAA
progression, rupture risk and the incidence of adverse cardiovascular events®?®. This automatic
method of volume extraction can be used to standardize current methods of aneurysmal disease
management and sets the foundation for subsequent complex geometric analysis. Furthermore,

the proposed pipeline can be extended to other vascular pathologies.

In addition to the AAA volume from CECT images, this pipeline allows for the
segmentation and accurate extraction of the aortic side branches. Understanding the
relationship of the AAA volume to the location and evolution of the aortic side branches is an
important consideration when preparing and planning for AAA intervention®4%. Preoperative
planning for endovascular AAA repair requires multiple measurements that involve the side
branches including 1. the distance between lowest renal artery to aortic bifurcation, 2. diameters
of the right/left common iliac arteries, and 3. diameters of the right/left external iliac arteries®.
Although this pipeline investigates the origin of each of the side branches, its sets the
foundation for more thorough investigations. A few studies have investigated the application of
3D-printing for pre-operative planning for complex AAA anatomies, especially with tortuous
neck regions, due to the current limitations in AAA visualization®®. This pipeline would generate
segmentations of not only the aorta but also its side branches that would allow for
comprehensive visualization and can be used to computational fluid dynamics modelling to

understand the intrinsic fluid perturbations within the aneurysmal sac.
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Prior to the advent of machine-learning approaches, AAA segmentations were performed
using intensity-based semi-automatic algorithms (e.g. level-sets, active shape models and graph
cut methods) 778688 Their primary drawback was the failure to accurately detect the
aneurysm’s outer boundary as its intensity is like that of adjacent structures. Although these
models may provide good results, there are significant limitations that prevent clinical
implementation. These methods are semi-automatic and require significant model optimization.
Furthermore,  these  methods require complex  user-input (ex.  prior  lumen
segmentations/centrelines) and are highly data-set dependent 7"%6. The latter limits model

robustness and generalizability.

Recently, DL methods on CECTs have been proposed to tackle this problem without
encountering many of the limitations of their predecessors. Variations on Deep Belief and U-net
based networks have been used to segment the infra-renal region of the aorta 788,
Unfortunately, many of these networks are limited to 2-D inputs (axial CT slices), which may
fail to appropriately capture the aneurysm’s 3D geometry. The accuracy and reproducibility of
these models is like that of earlier methods as they are trained and validated on small data sets.
Lopez-Linares et al. recently proposed a Holistically-Nested Edge Detection (HED) network
trained in both 2D and 3D that out-performs currently available methods in both pre- and post-
operative AAA segmentation . However, this method is limited to single-class segmentation of
the aneurysmal wall and performs poorly with small aneurysms and those with a small

thrombus burden.

Current CNN architectures can capture semantic contextual information by generating a
coarse feature-map grid through iterative down-sampling of the input. Features on this coarse
map represent location and relationship between structures/tissues at the organ level. However,
these architectures struggle to capture small target objects with increased shape variability. This
is especially important for pathological vascular cases. Integrating attention gates, which is
commonly used in natural image analysis and classification tasks, into this architecture has
shown promise in focusing on target structures without the need for additional training%?. These
attention gates can suppress predictions in irrelevant background region and can be trained
simultaneously with the underlying network using standard back-propagation methods. The

strength of this attention-based U-Net has been documented on the segmentation of abdominal
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structures®’; however, its role in aortic segmentation has never before been evaluated. Its
superior segmentation performance for aneurysmal segmentation rationalized its incorporation

within the full aortic segmentation pipeline.

This is the first time a DL method is used to isolate the aorta/AAA from a NCCT scan.
This allows for the extraction of complex morphological information from non-contrast images.
Furthermore, the same methodology underpinning this work can be extended to enable

automatic segmentation of other structures with or without the use of IV contrast agents.

Although CECTSs provide unique insight into aneurysm morphology and the vascular tree, it
is not without its disadvantages. Administration of contrast requires needle insertion, which is
associated with multiple complications including inadvertent arterial puncture and contrast leak
from veins causing skin irritation/damage. Additionally, contrast agents are nephrotoxic in
patients with a decreased baseline renal function or concomitant chronic kidney disease’. Given
that a large sub-cohort of patients with aortic aneurysmal disease may have diagnosed renal
disease, this study highlights the necessity to re-evaluate the role of NCCT imaging for the

management of aneurysmal disease.

4.5 Conclusion

In this chapter, a novel automated pipeline was developed to enable high resolution
segmentation of blood vessels (ex. Aorta and its side branches) using deep learning approaches.
This pipeline implements a modified U-Net segmentation network for two sequential stages, (1)
aortic region-of-interest detection and (2) segmentation. Aortic region-of-interest detection was
performed using low-resolution CT images to capture a bounding box region surrounding the
aorta. The aorta/AAA within this sub-region was then segmented from the high-resolution CT
using an Attention-gated U-Net. We highlight the superiority of this pipeline and the
importance of the attention gating mechanism in capturing the aneurysmal pathology by
comparing its performance (1) against a base U-Net and (2) with and without data
augmentation methods. Subsequently, we were able to automatically extract clinically relevant
metrics from the predicted segmentations of the thoracic and abdominal aortas, which can be
used within the clinic to efficiently characterize and monitor pathological progression. Finally,

this segmentation pipeline was able to capture the aorta/AAA from a NCCT image. This novel
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approach can be used to expand the clinical utility of NCCT images in the management of AAA
disease.

4.5.1 Limitations

Few limitations exist with this pipeline that need to be considered before clinical
implementation. Firstly, this pipeline has multiple steps that are completed in sequence. This is
a common method when tackling complex segmentation tasks and reduces the
hardware/computational resource requirement that is common to many DL tasks. However,
from an efficiency perspective, it requires the training, optimization and validation of multiple
models. Given that the models implemented for ROI detection and segmentation are both
modified U-Nets, it is highly likely that these networks learn similar information and can
theoretically be integrated. The performance of this integrated network (ex. high-resolution
aortic/ AAA segmentation from the entire CT image) should be comparable to our current
pipeline.

Additionally, in this chapter, we implement non-linear divergence transformations to
augment the dataset in a ratio of 10:1, prior to model training. In this instance, augmentation
was performed to generate CT images with a diverse array of AAA shapes. This is apparent in
Fig. 8 (Section 4.2.6). Of the generated augmentations, few of the generated aneurysmal shapes
are not necessarily clinically /anatomically possible, which brings into the question the validity of
the selected augmentation method. However, such an approach was used to address the
limitation of manually annotated GT data. Furthermore, in Fig. 17, we highlight the
importance of the implemented augmentation for ensuring model robustness. Future work to
address this limitation would be (1) to investigate more clinically appropriate augmentation
methods and (2) increase the number of manually-annotated GT images. Possible augmentation
techniques include systematically transforming the boundary between the aortic lumen and
OWS regions and generating NCCT/CECT 3-D images using anatomically-correct simulations

of aorta/AAA volumes using the methods highlighted in section 4.2.3.

Finally, we highlight the potential of this automatic segmentation pipeline to extract
arteries; however, we primarily focus on the clinical validation of the aortic segmentation from

the aortic root to the iliac bifurcation, with a specific focus on the aortic aneurysm. A semi-
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automatic approach was subsequently developed to extend the aortic/AAA segmentation into
its major side-branches; however, this step does require user input intended to correct the
generated segmentation. Here, future work is necessary to (1) automate this process by
incorporating deep learning methods and (2) implement rigid quality control steps to ensure

accuracy of the segmentation and the derived measurements.
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5.1 Introduction

In a computed tomography (CT) image, density variations across tissues translate to differences
in tissue attenuation and subsequent radiodensities (measured in Hounsfield Units, HU)L.
HU values are generally displayed as a greyscale, with brighter regions corresponding to higher
attenuation (e.g. bone and calcification) and conversely for darker regions (e.g. fat and air).
Where treatment of an artery is being considered, a detailed view of the arterial anatomy is
required. In the example of abdominal aortic aneurysms (AAA, abnormal ballooning of the
abdominal aorta), an intra-luminal thrombus adherent to the aortic wall within the enlarging
aneurysmal sac is present in 95% of cases 92 (Fig. 30). Given the similarities in density, these

regions cannot be readily distinguished using a conventional NCCT image.

thrombus

blood

lumen

routine CT scan CT scan with

(NO contrast dye) contrast dye

Fig. 30: Axial slice from a Computed Tomography (CT)
scan with and without the use of an intravenous
iodinated contrast agent. IV  contrast enhances
visualization of the vasculature and allows for diagnosis of

vascular pathology'".

Clear visualisation of these regions can only be achieved by injecting an intravenous (IV)
iodinated contrast agent in a CT angiogram (CECT). IV contrast increases the luminal density

1891 However,

and attenuation to distinguish the vascular tree from surrounding soft tissues
CECTs are associated with several disadvantages %19, CECTs are contraindicated in patients
with iodine allergies, as most contrast agents are iodine-based. Additional complications include

inadvertent arterial puncture by needle, contrast leak causing skin irritation/damage! and
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possibly acute kidney injury in susceptible patients'®. There is a recognised risk of complete kidney

failure in these patients, leading to renal dialysis and mortality.

We hypothesise that the raw data acquired from a NCCT be used to differentiate blood and
other soft tissues. Blood is predominantly fluid, with red/white blood cells whereas the adjacent
outer wall structure (OWS, may contain an intra-luminal thrombus) is predominantly fibrinous
and collagenous, with red cells/platelets. These individual components vary in ultrastructure
and physical density, which should reflect in different (albeit subtle) HUs on a CT scan (either in
individual HU values or in their spatial distribution/"texture"). We further hypothesised that
using deep learning (DL) generative methods, these subtle differences can be amplified to enable

simulation of contrast-enhanced images without the use of contrast agents.

In this study, we investigate the ability of Generative Adversarial Networks (GANs) for this
non-contrast to contrast image transformation task. These networks are a class of DL
architectures whereby two neural networks train simultaneously, with one network focused on
data generation (generator) and the other focused on data discrimination (discriminator).
Designed to mimic how the human brain operates, these neural networks are combinations of
simple processing nodes that are heavily interconnected. Each of these nodes performs a
mathematical operation, which are adjusted in a “training” process, to capture the underlying
relationships in the provided training data for a particular task. In this instance, these
networks compete against each other to better learn the underlying statistical distribution of the
training data. This allows for the generation of new examples from the same distribution?.
Many variations of the original GAN have been developed, including conditional GANs (Con-
GANs!') and cycle-GANs. The former learns the transformation between two paired
distributions using a pixel-to-pixel approach 4. On the other hand, the Cycle-GAN is able to
learn transformations between two distributions without the need for direct pairings between
samples”. Here, we applied these DL generative models to generate simulated CECT scans
from corresponding NCCT ones. We assessed the performance of these DL generative models

using two technical metrics (root-mean-square-error (RMSE), Sgrensen—Dice score (DICE)) and

1 Conditional GANS are usually abbreviated as CGANSs in the machine learning literature. Here, Con-GAN is used to avoid confusion with Cycle-GAN.
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four clinically important metrics (1. diameter, 2. cross-sectional area, 3. volume of the lumen

and OWS, and 4. AAA thrombus morphology).

5.2 Methodology

5.2.1 Curation of CT images from a clinical cohort

CT scans were retrospectively acquired through the ongoing OxAAA study. Details regarding
the OxAAA study have been previously published®. Each patient gave consent for the use of
clinical and imaging data for research analyses. This chapter was inspired by our attempt to
utilise historic CT scans acquired during the AAA surveillance period to discover novel
signatures of AAA growth!?, as many of these historic CT scans were non-contrast scans.

As part of the routine pre-operative assessment for aortic aneurysmal disease, a NCCT of
the abdomen/pelvis and an arterial phase contrast-enhanced CT (CECT) was performed.
CECT images were obtained in helical mode with a pre-defined slice thickness of 1.25 mm. On
the other hand, NCCT images were obtained with a pre-defined slice thickness of 2.5 mm.
Paired contrast and NCCT were anonymised before subsequent analysis. Initial investigations

and model training/optimization was performed with the OxAAA-IMG-I dataset of 75 patients

with paired NCCT and CECT images (11,243 pairs of images). The OxAAA-IMG-II dataset of

200 patients with paired NCCT and CECT images (29,468 pairs of images) was used to
validate the optimized models. Paired images were segmented using our proprietary automated
deep learning pipeline!® (Chapter 4) and aligned to ensure aortic overlap for subsequent

analysis.

5.2.2 Registration (alignment) of contrast-enhanced scans to non-contrast scans

To account for voluntary and involuntary movement by the patient between scans, it was
necessary to register (align) the contrast-enhanced images obtained to the non-contrast image
plane. In order to optimize the registration of the aorta between these two images, the segmented
volumes from the CECT and NCCT images were first registered using an non-rigid b-spline
registration program in MATLAB%. In addition to the registration accuracy calculated within the
program, the Sgrensen—Dice (DICE) score was calculated to gauge the similarity of the
moving/registered image (CECT) with the static image (NCCT). The DICE score metric was

defined as in Section 4.2.9. The resultant transformation matrix was applied to the source CECT
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image. This method maximized the registration accuracy within the aorta over other anatomical
regions.

5.2.3 Extraction, 2D sub-sampling and spatial normalization of aortic structures
from NCCT and CECT images

The segmented and registered volumes were used to extract the aortic structure within the
entire CT image series of each patient. This was done to focus the subsequent deep learning
architectures on the aorta/aneurysm and not on surrounding structures. Additionally, the 3D-
isolated aorta from both NCCT and CECT images was divided into 2D axial slices.
Subsequently, the aorta in each axial slice (512 x 512) was repositioned to the centre of that
slice (at [256,256]). This isolation, 2D-extraction and spatial-normalization was fully automated

and was performed to each pair of images to generate the dataset for training and testing.

5.2.4 Hounsfield unit sampling between AAA regions (Experiment 1)

To investigate the regional differences within an aneurysm, 100 paired axial slices within the

AAA were selected from the OxAAA-IMG-I dataset. These slices were visually validated for

registration accuracy by two blinded reviewers (NS and PL) and were sampled for the
underlying Hounsfield unit (HU) distribution at the lumen, intra-luminal thrombus and
interface locations (Fig. 31). These visually indistinct regions on the NCCT images were
identified from their paired CECT images. To account for slight discrepancies in the image
registration process, and minimise sampling errors, the thrombus (blue) and lumen (yellow)
areas were shrunk by 20% at the adjoining border. The zone between the two regions was
demarcated as the interface (red). This delineation is clearly indicated in Fig. 31b. The
average HU intensities within each region were compared using a One-way-ANOVA. As a
negative control, concentric sampling within the blood lumen in each of the NCCT images was

performed (Fig. 31c).
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Fig. 31: Axial slices from both the Contrast and Non-contrast CT scans.
Demarcated regions display the thrombus (blue), lumen (yellow) and the interface
between the regions (red). Hounsfield unit sampling of the lumen, interface and
thrombus was performed within each region. Concentric sampling within the lumen as
demarcated by the pink, magenta and purple, was used as negative control for this
experiment Hounsfield unit sampling within the lumen was hypothesized to have
minimal difference compared against that of the interface and thrombus®*

5.2.5 Regional classification of AAAs using radiomic signature (Experiment 2)

In addition to assessing the average HU intensity between AAA regions, we hypothesized that
more complex image-based features are present that are able to distinguish these visually-
indistinct regions. As a result, we sought to implement radiomics-based methods to this
problem. The field of radiomics employs advanced data-characterisation algorithms to extract
higher-order image-based features within a pre-defined region-of-interest and has been used
previously to uncover potential disease features that fail to be appreciated visually. This
experiment was essential prior to investigating the impact of DL generative networks for the
non-contrast to contrast image transformation task (Experiment 3) as it not only provides a
baseline level of performance but also may provide insight into the mechanisms of the DL

network.
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5.2.5.1 Sub-sampling of the AAA within the NCCT/CECT image

In order to investigate the radiomic signatures between AAA regions, sub-volumes with a pre-
defined volume were extracted from the entire AAA in fixed increments. Segmentation masks
from both the NCCT and CECT images were used to guide sub-volume extraction and all sub-
volumes were located entirely within the AAA volume. We hypothesized that sub-volumes of 1
cm? would be able to capture the radiomic signatures common to each region and would be
small enough to sample the entire AAA. 5 mm increments (stride) were used to minimize the
number of sub-volumes extracted from each aneurysm while allowing for sufficient overlap
between sub-volumes. Classification of the sub-volume as either lumen or OWS was determined
by the CECT-derived segmentation mask. Sub-volumes located partially in both the lumen and
OWS (ex. interface) were classified based on the whichever region was mostly represented. The
extracted and classified sub-volumes for three patients are illustrated in Fig. 32.

5.2.5.2 Radiomic feature extraction and feature selection

Radiomic features were extracted from the NCCT-derived aneurysmal sub-volumes (1 cm?).
Each sub-volume was isotropic with each voxel measuring 1 mm x 1 mm x Imm. All radiomic
features were extracted using Pyradiomics, an open-source python package®. For each sub-

volume, 18 first-order, 68 second-order and 1118 filter-based features were calculated.

First-order features consist of image-based statistics (ex. minimum, mean, median,
maximum, kurtosis, etc), which describe the distribution of voxel intensities within the defined
region of interest. On the other hand, second-order features are matrix-based features that
capture the radiomic “texture” within a defined region of interest shape/volume. Finally, filter-
based features are 1%t and 2"d-order features calculated on filtered images. This is a common
method used to extract higher-order representations of the data set. The two filtering methods
applied to the images included 1. Laplacian of gaussian (LOG) and 2. Wavelet filtering. The
former is an edge enhancement filter that seeks to emphasize area of grey level change, where a
predefined sigma indicates the degree of coarseness in the filtered image. Here, a high sigma
favours coarse textures (grey level variations over a large scale), whereas a low sigma favours
finer textures (grey level variations over a smaller scale). In this study, 5 levels of sigma were
used (o = 1,2,3,4,5) with 86 15¢/2" order features extracted for each sigma (425 - 3'4 order LOG

features). Similarly, wavelet filtering produces 8 decompositions for each input image; these
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decompositions involve applying either a high (H) and/or low (L) pass filter in 3-dimensions
(HHH, HHL, HLH, HLL, LLL, LLH, LHL, LHH). For each decomposition, 86 1% and 2"¢ order
features are extracted (680 — 3'1 Order Wavelet features). Full documentation for each of the

extracted features can be found along with the pyradiomics source code®®.

Features were ranked using the minimum redundancy, maximum relevance (MRMR)
algorithm in MATLAB. The top 25 features were selected for model training and optimization.
This algorithm was selected as it tends to efficiently parse through a large array of features to
select a subset with a high correlation to an output class and a low correlation between the
features””®8. By scaling down the feature vector, it prevents overfitting and maximizes model

interpretability, which is extremely valuable for clinical problems.

Inner Lumen OWS Both

Case A

Case B

Case C

Fig. 32: Sub-sampling of AAA shape and regional
classification. Sub-volumes (1 cm x lcm x lem) were extracted
from each AAA in 5 mm increments. Sub-volumes were classified
into either Lumen (red) or OWS (green) based on CECT-derived
segmentations. The OWS contains both the aneurysmal outer wall
and intra-luminal thrombus when present. Radiomic features were
extracted from each of the sub-volumes and classification methods
were used to decipher the signatures specific to each region.
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5.2.5.3 Random Forest Model Training and Evaluation
Three random forest models were trained for the classification of sub-volumes from NCCTs (1.

Lumen, 2. OWS). Random forests are a family of machine learning classification algorithms that
employ many individual DTs that operate as an ensemble for a particular task. During training,
the weights for each tree are fine-tuned to create an uncorrelated forest of trees whose prediction
by ensemble is more accurate than that of any individual DT. Here, each model was

trained /optimized (10-fold cross-validation) using a dataset of 50 patients (OxAAA-IMG-I

dataset) . Following optimization, the best of the cross-validation models was tested on a unique

set of 25 patients (OxAAA-IMG-I dataset). Area under the receiver operator characteristic

(AuROC) curve on the testing cohort was used to assess model performance. Additionally,
model predictions for each sub-volume were used to reconstruct a 3D representation, which was
then compared against that derived from the GT segmentation. This pipeline for one of the

three models is illustrated in Fig. 33. This pipeline is identical for the remaining two models.

Testing (n = 25) !

Non-Contrast |

|
| Non-Contrast Volume Sub-sampling (VSS) Radiomic Feature Feature
| I N (10 mm x 10 mm x 10mm) » Extraction (RFE) |—» Reduction
| mages Lumen / OWS (~1200 Features) (MRMR)
| *_[
: CTA Images GT Mask Feature Set 10-fold
| | 1%t/2°d Order Features cross-validation
_________ from NCCT + All images
(1,204 Features)

A4

Model

Images |

CTA Images GT Mask

Random Forest
Classification of
AAA region

Prediction

Prediction

A 4

3D-representation
of Classification
Results

GT

I.:u
A, vs. ]
A

Fig. 33: Pipeline for the regional Classification of AAA using higher-order radiomic features.
Three testing folds were created, each with a unique set of 25 patients from the OxAAA-IMG-I
dataset. For each fold, the remining 50 patients were used as the training cohort. Multiple 1 cm’ sub-
volumes were extracted in 5 mm increments throughout the entirety of the AAA shape from the
NCCT image. 1,205 radiomic features were extracted from each sub-volume. Within each training
cohort, 10-fold cross-validation was performed. The best of the cross-validation models was then
applied to the pre-defined testing cohort. Area under the ROC curve for the testing cohort was used
to assess classification accuracy. Classification results were used to generate a crude/down-sampled
model prediction which could be compared against that of the GT using DICE score (%0).
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5.2.6 Generative Adversarial Networks: Cycle-/Conditional-GAN (Experiment 3)
In this study, the Cycle-GAN and the conditional GAN (Con-GAN) were used for the non-

contrast to contrast image transformation task (Fig. 34). Model architectures and training

details are described in the subsequent sections.

5.2.6.1 Model Architectures: Cycle-GAN and Conditional GAN
The generator and discriminator components in the Cycle-GAN model architecture (Fig. 34a)

were explicitly defined as least-squares GAN and a 70 x 70 pixel PatchGAN, respectively”3.
The former incorporates an additional least-squares loss function for the discriminator, which in
turn, improves the training of the generative model. On the other hand, the discriminator goes
through the image pairs, in 70 x 70 patches, and is trained to classify whether the image under
question is “real” or “fake”. In addition to the cycle-GAN, a Pix2Pix-Conditional-GAN was
trained and evaluated. Unlike the cycle-GAN, conditional GANs require paired non-contrast
and contrast images, which need to be registered to ensure a pixel-to-pixel correspondence
between them. The generator and discriminator components in the conditional GAN model

architecture were identical to those used in the Cycle GAN (Fig. 34b).

Con-GAN Architecture (Non-contrast CT = Contrast CTA)

Real or
Fake?

Pseudo-Contrast
Image

Real NonContrast
Image

3-Fold

2 Networks

Nyain = ~7,500 2D images AB: NCCT = CTA

Neeer ="3,750 2D images feal n:;r;cgz"tm‘t BA: CTA 2 NCCT

CycleGAN ArchitectureSNon-contrast CT = Contrast CTA!

Reconstructed
NonContrast

Real Pseudo-Contrast
NonContrast Images
Images

Images

Real or
Fake?

Nipain = ~7,500 2D images 3-Fold
n,... ="3,750 2D images Real Contrast 4 Networks

Fig. 34: Con-GAN (A.) and CycleGAN (B.) architectures used for the
transformation of NCCT images to contrast CECT images. The former
consists of 2 networks (1 generator and 1 discriminator) and the latter consists of
4 networks (2 generators, and 2 discriminators). Each model was trained using a
3-fold cross-validation paradigm''.
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5.2.6.2 GAN models training and evaluation
A 3-fold cross-validation paradigm with a training/test data split of 50:25 patients (~7,500:

73,750 2D axial slices, OxAAA-IMG-I dataset) was employed for both networks. The Con-
GAN and Cycle-GAN models were trained with a learning rate of 2.0 * 10 for 200 epochs on
256 x 256 images centered around the aorta. For the Cycle-GAN architecture, four networks (2
generators + 2 discriminators) were trained simultaneously and various loss functions were
evaluated at each iteration to document model training. In addition to the loss metrics inherent
to the networks, an identity mapping and a cycle consistency loss functions were included to
ensure appropriate style transfer and regularization of the generator to allow for image
translation, respectively. On the other hand, two networks (1 generator + 1 discriminator)
were trained for the Con-GAN. Model weights were saved every 10 epochs and intermediate
model predictions were generated from the NCCT images within the training cohort. The
predictions were evaluated against the ground truth CECT images to assess model training.
Model performances were evaluated using two metrics: Root-Mean-Square-Error (RMSE)
and Sorensen-DICE score. The former is a commonly used metric in image transformation
tasks to assess the pixel-by-pixel difference between the simulated CECT image and the ground
truth (i.e. Paired CECT Image). The latter is a quantitative similarity assessment of regions
within sets of images”. Here, DICE; was calculated to assess overlap in the inner lumen
between the simulated pseudo-contrast and CECT images. Additionally, DICEc measures
aortic shape overlap between the simulated and ground truth images. This is a surrogate

measure to evaluate registration accuracy and GAN-induced shape alterations.

5.2.6.3 CT Image quality and GAN model performance

The NCCT images used in this study were acquired using a variety of settings (ex. x-ray tube
current, rotation time, and pitch factor) that may impact image quality. The combination of x-
ray tube current and rotation time determines the amount of incident x-ray photons, which is
strongly correlated with image quality. Given that these DL platforms utilise these images and
their pixel relationships as the basis for transformation, we hypothesised that NCCT images
obtained at greater x-ray tube currents would result in qualitatively and quantitatively better
simulated CECT images. This was evaluated by comparing patients with the best and worst

image transformations to define an optimal cut-off criterion of image quality.
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5.2.7 Evaluation of clinically important metrics using simulated pseudo-contrast

images (Experiment 4)
The following metrics were obtained from the CECT and simulated pseudo-contrast images
using an in-house algorithm in MATLAB!: 1-D measurements: maximum lumen and aortic
wall diameters; 2-D measurements: blood lumen and OWS areas; 3-D measurements: blood
lumen and OWS volumes. This in-house algorithm for the characterization of AAA volumes
was validated in chapter 4. Bland Altman plots and correlation coefficient analysis were
performed for each to assess bias and the strength of association between the output of the
GAN models and the ground truths. Bias measurements are reported along with its 95%
confidence interval (95% CI). In addition, the spatial morphology of the OWS was extracted
using an in-house algorithm in MATLAB. The general algorithm is highlighted in Fig. 35 and
involves classifying the OWS along axial planes through the AAA shape. Based on our
previous work, spatial morphology of the OWS can be categorised into seven categories (Fig.

35)%. This is an important feature used to plan surgical intervention and can influence post-

&)
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surgical outcomes?.

Classification of the Spatial Morphology of the
AAA Outer Wall Structure

(Algorithm)

for each axial slice within AAA (3D)
1. Calculate 2D Centroid
2. Divide AAA into quadrants (1-4, Clockwise)
through centroid
for each quadrant within axial slice
1. if > 1/3 of quadrant circumference is
covered,
2. else, (-) Thrombus
classify axial thrombus orientation —— —»
classify AAA thrombus orientation

Fig. 35: Regional classification of thrombus morphology. Thrombus presence was classified
into seven distinct categories (1-7) based on methods adopted from our previous work™. The
algorithm requires moving through the AAA shape and classifying the OWS within the axial slice
into 7 categories. For each axial slice, perpendicular anteroposterior and transverse lines through the
centroid divide it into 4 quadrants, labeled 1-4 in a clockwise fashion. OWS within each quadrant
was classified as ‘visible’ if it occupied = 1/3 of the quadrant circumference. This threshold was
chosen as it accounts for minimal coverage area within the quadrant, while being large enough to be
easily appraised. AAA thrombus orientation was classified by choosing the most common thrombus
classification.
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5.2.8 Evaluation of GANs on the independent validation cohort (Experiment 5)
The OxAAA-TMG-II dataset was used as an independent set of 200 patients with paired NCCT

and CECT images (total of 29,468 pairs of images) for model validation. The con- and cycle-
GAN models from each validation fold (3) were used to generate pseudo-contrast images of the
aorta/aneurysm. The outputs of each model were averaged to generate the final pseudo-
contrast images. As a result, for each NCCT image, two pseudo-contrast images were
generated: one from the averaged Con-GAN outputs and the other from the averaged Cycle-
GAN outputs. Following image transformation, CECT images were provided to assess
transformation accuracy. This was completed using the same methods and metrics as described

above.

5.2.8.1 Influence of AAA shape on GAN performance

Subsequently, the effect of aneurysmal size (as measured by maximum AAA diameter) and
aneurysm shape (fusiform vs saccular) on GAN performance was investigated. The shape of an
aortic aneurysm is described as either fusiform or saccular. The former suggests that the
aneurysm dilates on all sides of the aorta and appears uniform in shape. On the other hand, a
saccular-shaped aneurysm bulges/dilates on one side (asymmetric). Difference in AAA shape
may lead to altered hemodynamic conditions and wall stresses within the vessel and have been
shown to lead to different clinical outcomes'?!. In this study, aneurysmal shape was quantified
using the non-fusiform index (NFI), which is a 3-D shape index that describes the deviation of
the aneurysmal sac from an ideal fusiform shape. Derived from Martufi et al., the NFI is based
on luminal surface area (S) to the volume of the aneurysmal sac (V) and is compared against

that from an idealized fusiform model!2.

2

3
K‘usiform ( S )

NFI =1 —
Sfusiform V2/3

This idealized fusiform aneurysm, initially proposed by Finol et al. (2002) and used previously
in chapter 4 to generate AAA shape for methods validation, utilizes the patient-specific neck
diameter (Dpeck), maximum AAA diameter (Dmax), and height of the aneurysmal sac (Ht) and is

modelled by the following equation:

D — Dreck _(2nz ® Dyeck
frustrorm(@) = (22 |14 sin (G - 3)| + =5
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In order to investigate the role AAA size and shape on GAN performance, maximum diameter
and NFIs of AAAs were correlated against GAN transformation accuracy, as measured by the

DICE score accuracy of the inner lumen.

5.2.9 GAN model training and evaluation for the simulation of aortic side

branches (Experiment 6)
From Experiment 5, we selected the GAN model with superior performance in simulating
aortic/aneurysmal-specific features for subsequent analyses. The training data for this
experiment consisted of 2-D axial slices centred around the aorta/AAA with surrounding tissue
present (Aortic Region-of-Interest, ROI; Fig. 36b). As a result, this generative network
was trained to concurrently simulate both intra- (aortic lumen, thrombus morphology) and
extra-aortic/AAA features (main aortic side branch origins: Coeliac artery, superior mesenteric
artery, renal arteries, and iliac arteries). Same model training (3-fold cross-validation paradigm,

n = 75 patients, OxAAA-IMG-I dataset) and evaluation parameters were utilised for this

experiment. Branch capture rate was calculated for each artery to quantify the ability of the
GAN to identify /transform the aortic side branches. Maximum aortic side branch diameter was
obtained from both the contrast-enhanced and the simulated pseudo-contrast CT images for the
six major branches originating from the descending/abdominal aorta (1. Coeliac artery, 2.
Superior Mesenteric Artery, 3-4. Left/Right Renal Arteries, and 5/6. Left/Right Iliac Arteries).
Mean average error (MAE) between measurements was reported for each branch. Student t-
testing was performed to assess for statistical significance. Model performance was validated

using the OxAAA-IMG-II dataset.
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Experiments 2-4

Non-Contrast

Contrast

Experiment 5

Fig. 36: Input data for the GAN architectures. A. For experiments 2-4 (Cycle-

GAN vs Con-GAN), the input data consisted of 240*240 mm images (256 x 256
pixels) centred around the aorta with all surrounding structures removed. This
allowed for the GAN to only focus on the AAA transformation. B. For experiment
5, the input data consisted of 135%135 mm (144 x 144 pixels) images centred around
the aorta. Extra-aortic structures including side-branches were not removed. This
allowed the GAN to focus also on the transformation of adjacent structures.

111



5. AAA Morphology visualization without IV Contrast 112

5.3 Results

5.3.1 HU intensities differ between regions of a AAA in NCCT images

There are discernible differences between the HU frequency distributions of each region (Fig.
37b). Average HU intensity in the NCCT images differed significantly between all three regions
(blood lumen vs thrombus, blood lumen vs interface and interface vs thrombus) for all patients
assessed. Fig. 37b demonstrates the significant differences in HU intensities between the
thrombus and lumen for eight axial slices obtained from one patient. Furthermore, the blood

lumen /thrombus interface also differed significantly from the other two regions, indicating a

gradual change from lumen to the thrombus. As a comparison, no significant HU differences were

observed following concentric sampling within the lumen (Fig. 37c-d).
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Fig. 37: Axial slices from both the Contrast and Non-contrast CT scans. A.
Demarcated regions display the thrombus (blue), lumen (yellow) and the interface
between the regions (red). B. Hounsfield unit sampling of the lumen, interface and
thrombus with histograms displaying the frequency of HUs within each region.
Analysis at each axial slice was performed and showed differences in HU intensity
between the lumen, interface and thrombus regions. C. Concentric sampling within
the lumen as demarcated by the pink, magenta and purple, was used as negative
control for this experiment D. Hounsfield unit sampling of the lumen at multiple
locations indicated minimal difference in HU intensity"".
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5.3.2 Radiomic signatures can be used to classify AAA regions from a NCCT
In addition to average HU intensity, we hypothesized that the aortic lumen and OWS, of a

AAA from a NCCT image display differences in radiomic signature that can be deciphered and
used for classification. Anisotropic NCCT images with AAAs were re-sampled to have isotropic

dimensions (voxel dimensions: 1 mm3). From 75 patients (OxAAA-IMG-I dataset), 86,411 sub-

volumes (1 c¢cm?) were extracted from the AAA volume. Sub-volumes were then classified based
on location within the AAA into two categories: 1. Lumen (n = 58,936) and 2. OWS (n =
27,475). Three testing folds were created, each with a unique set of 25 patients. The remaining
50 patients for each fold were used for model training and optimization. The training/validation

and testing splits for each model are illustrated in Table 11.

Table 11: Sub-volume splits for each of the three folds during random
forest model training/ testing (Regional Classification of AAA using
Radiomic Signatures, OxAAA-IMG-I dataset).

Train/Validation Cohort

Fold-1 (n = 50) Test Cohort
(n = 25)
Train Validation
Lumen 27,742 11,890 19,304
OWS 13.252 5,679 8,544
Total 40,994 17,569 27,848
Train/Validation Cohort
Fold-2 (n = 50) Test Cohort
(n = 25)
Train Validation
Lumen 27,707 11,875 19,354
OWS 11.836 5,072 10.567
Total 39.543 16.947 29.921
Train/Validation Cohort
Fold-3 (n = 50) Test Cohort
(n = 25)
Train Validation
Lumen 31,053 13,320 14,574
OWS 15.009 6,433 6.033
Total 46,062 19,753 20,607
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1%t and 2"order features from the NCCT-derived sub-volumes were extracted. Feature
reduction (MRMR algorithm) was performed on the training cohort within each fold to produce
three sets of 25 features. These features were then used to train 3 independent random-forest
models using a 10-fold cross validation paradigm. The performance of the best performing model
for each fold was then applied to the previously defined testing cohort. Model performances on
the testing cohorts are illustrated in Fig. 38a. The top five features from each model, in terms
of feature importance, are highlighted in Table 72. Model predictions for each sub-volume were
reconstructed into a 3-D segmentation mask, which was then compared against that of the
ground-truth. The average DICE: metric between the inner lumen segmentation derived from
the random-forest model classification and that of the ground truth was 88.0 + 12.8%. Three
examples of 3D reconstructions from each of the three models are illustrated in Fig. 38b along
with their respective DICE: accuracy. The produced reconstructions are at a lower resolution
than the CECT-derived segmentations, as each sub-volume is 1 ¢cm? with a stride of 5 mm. The
visualizations generated through this method are able to differentiate visually-indistinct regions
of a NCCT using 1% and 2" order radiomic features and sets the foundation for DL generative

methods.



5. AAA Morphology visualization without IV Contrast 115

A Regional Classification of AAA B Outputs
(ROC-Gievee) Model 1~ Model 2 Model 3
| | //———’ 7
0.9 11 <
=
—
11 #H
<
g 1| B
; :
o 1 &
= ]
B
o .
=0 ]
g :
— Model AuROC || &
= S
B — Model 1 (ng. = 25) 0.90 -8
R Model 2 (. = 25) 0.87 &
0.2 0.4 0.6 0.8 1
. DICE; = 91.1%|  85.3% 87.2%
False positive rate

Fig. 38: Random forest model performance for the regional classification of AAA. 1" and 2™
otrder radiomic features were extracted from the defined sub-volumes. The Minimum redundancy,
Maximum relevance (MRMR) algorithm in MATLAB was used to reduce the feature set to 25
features. Three models were trained/optimized (10-Fold Cross-validation) using a training dataset of
50 patients (Table 11). Model performances was evaluated by measuring the area under the ROC
(AuROC) curves on the testing datasets (n = 3), which each consisted of 25 unique patients. B.
Model predictions were used to construct a down-sampled segmentation mask of the AAA and were
compared against that derived from the ground truth using DICE accuracy of the inner lumen (red).
Three predictions, one from each model, are visualized alongside their respective ground truth
segmentations. The results support the ability to differentiate visually-indistinct regions using 1* and
2" order radiomic features.
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Table 12: Most important 1% and 2™ Order radiomic features for regional
classification of AAA (for each trained/optimized model) along with feature

importance (range: 0 = 1; 0 — not important, 1 — very important).

Features Importance
LOG (o = 3.0 mm) -2* Order (GLDM) 0.12
Dependence NonUniformity ;
— LOG (o = 2.0 mm) -1* Order 0.09
= 10*® Percentile '
g Wavelet (LLL) — 1°* Order
EO 90" Percentile Uil
LOG (o = 5.0 mm) -1* Order 0.07
Maximum !
NCCT (Original) — 1% Order 0.06
Median ;
Features Importance
LOC (o = 3.0 mm) -2°¢ Order (GLDM) 0.13
Dependence NonUniformity ;
e LOG (o = 2.0 mm) -1% Order 0.09
S 10** Percentile '
'-8 LOGC (o = 4.0 mm) -2°¢ Order (GLSZM) 0.08
E SizeZoneNonUniformity ;
NCCT (Original) — 1** Order 0.07
Median e
LOG (o = 5.0 mm) -1°* Order 0.07
Maximum ;
Features Importance
NCCT (Original) — 1** Order 0.14
90" Percentile :
P LOG (o = 3.0 mm) -2* Order (GLDM) 011
< Dependence NonUniformity '
i, LOG (o = 2.0 mm) -1* Order
EO 10*® Percentile L
Wayvelet (LLL) — 1¥ Order 0.05
90" Percentile a
LOG (o = 5.0 mm) -1¥ Order 0.05
Maximum o
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5.3.3 Generative Models can simulate contrast images using non-contrast images.

During training of the generative algorithms, the RMSE between the simulated pseudo-contrast
images and ground truth (CECT) images decreased with each epoch (training cycle) to plateau
at 3.8 £ 0.8 and 3.9 + 0.6 for the con-GAN and cycle-GAN, respectively. Similarly, the DICE;
increases with epoch duration to plateau at 91.8 + 0.6% and 92.0 + 0.4% for the con-GAN and
cycle-GAN, respectively. Fig. 39 indicates the RMSE and DICE scores for the images
generated from the testing cohorts across the three folds using both GANs (n = 11,243 images,

75 patients, OxAAA-IMG-I dataset). A per-patient transformation accuracy was derived by

grouping the 2D-axial images and their respective DICE scores by the patient. With regards to
DICE;, the median performance of the Cycle-GAN is greater than that of the Con-GAN. Of
note, there were multiple overlaps between the outliers below the 10 percentile of cycle-GAN
and Con-GAN (6/7) networks. This suggests that there may be image properties inherent to

this subgroup of NCCTs leading to decreased transformation accuracy.
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Fig. 39: Transformation accuracy within the OxAAA-IMG-I
cohort. A. Box Plots of Averaged DICE scores per patient for the
lumen (DICE;) and the combined aortic mask (DICEc)
segmentations. Segmentations are derived from model (Cycle-
GAN/Con-GAN) predictions. Individual data points outside the 10-
90" percentile are highlighted. B. RMSE/DICE scores of generated
pseudo-contrast axial images''.
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5.3.4 CT Image quality affects NCCT Transformation Accuracy
Comparing the image properties of the NCCT scans below the 10*® percentile and above the 90

percentile highlighted one key difference with regards to the x-ray tube current (Itune) used
during image acquisition (Fig. 40). Scans obtained with lower It values produced images with
poor transformation accuracy. Subsequently, a threshold criterion of above the 15" percentile of
Tiuve was implemented. This equated to a selection criterion of images obtained with Itupe > 80
mA. Apart from tube current, there were no observable differences between other CT
acquisition parameters (Mean £ SD) for the two subsets of cases. Notably, no difference was
observed in spiral pitch factor (Excluded: 1.08 4+ 0.17, Included: 1.10 + 0.18, p = 0.42), slice
thickness (Excluded: 2.5 mm, Included 2.5 mm, p = 1.0), and total collimation width (Excluded:
35.9 + 8.2, Included: 34.2 + 9.3, p = 0.33).
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Fig. 40: Increased DICE score variability in NCCT images obtained with low X-Ray tube
currents (mA). Patients (n =0) with the lowest reconstruction accuracy (A, Tube Current: 73.3 *
3.67 mA) are compared against those (n = 6) with the highest reconstruction accuracy (B, Tube
Current: 546.3 + 64.7 mA). X-ray tube currents for the NCCT images are shown accordingly'".
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Exclusion of these 12 patients (Ituwbe < 80 mA), resulted in improvements in RMSE, and in
DICE: for both generative models (Fig. 41). DICEc scores remained unaffected by this
exclusion. The blood lumen generated from the Cycle-GAN bears a closer resemblance to the
ground truth image as compared to that generated by the Con-GAN, as reflected by the
superior DICE; scores. On the other hand, DICEc scores were identical for both sets of model
predictions. This is apparent in Fig. 42, which illustrates paired CECT/NCCT axial slices
alongside their Pseudo-Contrast images from six different patients. The segmented aneurysm
shape for each of these patients is illustrated in Fig. 43. Correspondingly, the inner lumen areas
and thrombus volumes derived from the cycle-GAN model outputs are better approximations to

those derived from the ground truth compared to that of the con-GAN.

A.
1.0
0.9_ 3-!.:.! " :
X
< 0.8- T,
€3] See
8 .
A 0.7-
0.6
n — 63
0.5 | | |
Con-GAN Cycle-GAN Con-GAN Cycle-GAN
Lumen Combined
B. n=63 Con-GAN Cycle-GAN
RMSE 3.1 +26 3.0+ 24
- Inner 85.7 +£ 104 % 6.1 + 122 %
Q
S Comb. 949 + 43 % 954 + 4.0 %

Fig. 41: Transformation accuracy of the refined cohort. A. Box
Plots of averaged DICE scores per patient within the refined cohort
(Iwbe > 80 mA, n = 63) for the lumen (DICE;) and the combined
aortic mask (DICEc) segmentations. B. Overall RMSE and DICE
scores of pseudo-contrast images from NCCT images obtained at
>80 mA'.
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Fig. 42: Pseudo-Contrast images generated using the Con-GAN and
Cycle-GAN architectures from 6 different patients alongside their
respective NCCT and CECT axial slices. Using the CECT axial images as
GT, RMSE and DICE scores for the inner lumen (DICE;)and combined aorta
(DICE,) are calculated??.
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Fig. 43: Segmented AAA shapes generated from the Con-GAN and Cycle-GAN
architectures. AAA shapes from 6 patients, the same as seen in Figure 6, are displayed alongside
their respective segmentations from NCCT and CECT images. DICE;, DICE. and lumen/thrombus
volumes are calculated and displayed for each aneurysmal region''.
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5.3.5 Cycle-GAN outperforms Con-GAN in simulating contrast CT images based
on the measured clinical metrics

Evaluation of aneurysm morphology is useful in defining the biological behaviour of an AAA
during the natural history of the disease™81:83:95:103  Measurements derived from the two GAN
models' outputs were compared against those obtained from the ground truth (GT).

1-D measurements: The Cycle-GAN model is better at approximating the maximum lumen

diameter than the Con-GAN model (Fig. 44a). On the other hand, both models have similar
strengths in determining the outer vessel wall diameter (Fig. 44b). Maximum inner lumen and

outer vessel wall diameters extracted from the model outputs correlated strongly with GT

measurements (Cycle-GAN, p = 0.85 and 0.99, p <0.01; Con-GAN, ¢ = 0.83 and 0.98, p <0.01).

2-D measurements: The Cycle-GAN model again performed better than the Con-GAN model

(Fig. 44c-d). Thrombus area in each axial slice as determined by the Cycle-GAN and Con-
GAN models is on average 9.3 + 11.5% and 9.4 + 12.2% different from GT measurements.

3-D measurements: The Cycle-GAN better approximates the 3D- lumen and thrombus volume

measurements than the Con-GAN (Fig. 44e-f). Lumen volumes derived from both models
(Cycle-GAN: o = 0.84, p < 0.01; Con-GAN: p = 0.82, p < 0.01) and thrombus volumes (p =
0.86, p < 0.01) from the Cycle-GAN correlated strongly with the manually derived

measurements.

Pseudo-contrast images within the aneurysmal region produced by Cycle-GAN (Fig. 45a) had
an OWS classification accuracy of 93.5%, which outperforms that produced by the generative
images of the Con-GAN model (85.7%, Fig. 45b). Examples of the discrepancies between the

models are illustrated in Fig. 46 and Fig. 47.
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Fig.

dimensional volume assessment (E-F) of generated images.

44: One-dimensional diameter (A-B), two-dimensional area (C-D) and three-

Bland-Altman plots and

correlation-coefficient analysis comparing the measurements of generated images compared against
those derived from ground truth segmentations. Measurements derived from Con-GAN and Cycle-

GAN outputs are illustrated in grey and black, respectively. Spearman
indicated on the graphs (p < 0.01 for all comparisons)"’

correlation coefficients () are
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Fig. 45: Confusion Matrices comparing OWS regional classifications between generated
OWS segmentations derived from Model Outputs
(Con-GAN(A), and Cycle-GAN(B)) were classified into seven categories as per Fig. 35 and

images and ground truth segmentations.

evaluated against that determined by the ground truth segmentations
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Fig. 46: Points of discrepancy between the Con-GAN and Cycle-GAN
Models. Axial images of four patients within the OxAAA-TMG-I dataset are
displayed where the Con-GAN fails to properly classify the OWS. However, the
Cycle-GAN is able to propetly classify the OWS. Corresponding x-ray tube
currents and DICE scores are highlighted within each panel'’.
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Fig. 47: Failure of both generative models. Axial images of three patients within the
OxAAA-IMG-I datasetare displayed where both models fail to properly classify the OWS.

Corresponding tube currents and DICE scores are highlighted within each panel''.
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5.3.6 Similar GAN performance is observed within the validation cohort (OxAAA-
IMG-II cohort).

Of the 200 independent cases, 35 were subsequently excluded as they were obtained at tube

currents <80 mA (n=25) or at unknown tube currents (n=10). RMSE between the generated
Pseudo-contrast and CECT images for the 165 patients (Cycle-GAN: 4.2 £+ 3.8 and Con-GAN:
4.2 + 3.7) were similar to that observed in the training set. DICE accuracy of the inner lumen
again showed superior performance of the Cycle-GAN (84.1 4+ 7.2%) when compared against
that of the Con-GAN (83.2 + 7.7%). Extracted 2- and 3-D measurements from this refined
testing cohort further supported the finding that the Cycle-GAN is superior at simulating CECT
images of the AAA.

As a post-hoc analysis, we compared the GAN performance between the excluded cohort
(n=35) and the rest (n=165). Area and volume measurements of the AAA lumen/thrombus
derived from NCCT images obtained at >80 mA were closer to measurements derived from GT
annotations than the excluded cohort (p < 0.001 for all comparisons, Table 13a-b).
Additionally, Pseudo-contrast images within the aneurysmal region produced by Cycle-GAN had
an OWS classification accuracy of 90.6%, which outperforms the one produced by the generative
images of the Con-GAN model (83.8%). This further supports the use of tube currents as a

criterion to assess the quality of DICOM data for analysis.

Table 13: Ground truth CECT images vs. generated CECT images of the validation cohort. Of the 200 cases,
35 met the exclusion criteria (tube current < 80 mA) as described in the manuscript''.

Cycle-GAN
Ground-Truth A. Conditional-GAN B. Cycle-GAN C. Y .
vs (expanded Aortic ROI)
Generated CTA Excluded Included P Excluded Included P Excluded Included P
(n=35) (n=165) value (n=35) (n=165) value (n=3%5) (n=165) value
DICE (%) 700£183% 832=77% <0.001 70.4 £20.9 % 84.1+72% <0.001 | 78.8+149% 84.6+00 % 0.01
z Pixelby Pixel 45+38 42437 0.41 19+42 42+38 0.32 4325 41+23 0.19
g g comparison
2 E Max Lumen . 5 - - -
= B . 124 85 52+62 <0.001 104 £75 4.6 +£6. <0.001 99+10.1 46+55 <0.01
g = Diameter (mm)
=
-
-
g MaxOuter 18+17 15+16 0.46 1216 1117 0.56 1512 1210 0.46
&~ Diameter (mm)
E Lumen Area 512+£246 % 251 =152 % <0.001 412 £33.9 % 241138 % <0.001 | 46.2+359% 22.1 =159 % <0.001
@
-
ﬁ Lumen Volume |456+299 % 221 =186 % <0.001 333 +£26.9 % 19.1 +17.8 % <0.001 |(343+246% 17.1+158% <0.001
[=]
X ILT Volume 362+£222% 262 +240 % <0.001 26.0 £28.2 % 224 +£234 % <0.001 | 28.0+302% 199 =169 % <0.001
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The role of aneurysmal size (maximum AAA diameter) and shape (NFI) was compared against
Cycle-GAN performance. Fig. 48a-d illustrates four aneurysms alongside their respective 'ideal'
fusiform shape. Aneurysms with a predominantly fusiform shape had lower NFIs compared to
those aneurysms with a predominantly saccular shape. This supports the classification of
aneurysm shape using NFI. Both AAA size and NFI had no significant impact on
transformation accuracy as assessed by DICE score of the inner lumen from the Cycle-GAN
(Fig. 48e). This suggests that the trained Cycle-GAN do not have an implicit AAA size or

shape preference.

5.3.7 Cycle-GAN can simulate extra-aortic/AAA features including aortic side
branches.

Given that the Cycle-GAN generated superior results against that of the Con-GAN, we trained
a Cycle-GAN to identify an expanded ROI surrounding the aorta. This concurrently simulates
both intra- (aortic lumen, thrombus morphology) and extra-aortic/AAA features (major
abdominal aortic side branches). Despite the expanded input data size (i.e. more information to
'learn' from), its ability to extract intra-aortic/aneurysmal features are comparable to the
previously trained models (smaller ROI / less information to 'learn' from) (Table 13c). Fig.
49 illustrates generated pseudo-contrast images alongside their respective CECT and NCCT

images for four patients within the OxAAA-IMG-II dataset. Branch arteries arising from the

aorta are visible in all patients. Table 14 highlights capture rate and maximum diameters for
each branch, obtained in a blinded fashion, from pseudo-contrast CT and its corresponding

CECT within the OxAAA-IMG-II dataset. There is no difference between the diameter for all

six major aortic side branches measured using the CECT (GT) or the pseudo-contrast CT

(derived from the NCCT images).
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Fig. 48: Influence of AAA Size and Shape on GAN Performance. A-D:
Four abdominal aortic aneurysms from the validation cohort alongside their
respective idealized fusiform models, generated using patient-specific AAA
maximum/neck diameters and height of aneurysmal sac. NFIs, a surrogate
measure of AAA shape, are displayed for the 4 patients. E. Impact of AAA
size (Max Diameter) and shape (NFI) on Cycle-GAN transformation accuracy
(DICE score of Inner Lumen) on the OxAAA-IMG-I dataset'".
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Fig. 49: Pseudo-Contrast CT images are displayed alongside their respective Contrast and Non-

Contrast CT Images for four patients.

Arrows indicating the branch arteries (Celiac artery, Superior

Mesenteric Artery, Renal arteries, and Iliac arteries) and the intraluminal thrombus are highlighted wherever
visible. Aortic segmentations including the side branches are generated from both the CECT (gold standard)
and the Pseudo-Contrast CT and DICE scores comparing the segmentations are displayed''.
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Table 14: Diameter measurements of aortic side branches from CECT and Pseudo-contrast CT images.

Total Celiac Me:;i'eric Left Renal  Right Renal Left Tliac Right Tliac
(n = 163) Artery Artery Artery Artery Artery Artery
Branch _ _ _ _ _ _

ranc 163/165 164/165 159,165 161/165 163/165 162/165

Capture Rate ! ! ! ! ! !

CTA 82+13mm 85+15mm 68+13mm 67+13mm 149+26mm 148+24mm
Pseudo- 83+ 12mm 84+1%2mm 67+11mm 66+10mm 150+25mm 151 +25mm
Contrast

MAE 0.8 £ 0.5 mm 0.9 = 0.5 mm 0.7 = 0.6 mm 0.7 £ 0.5 mm 0.8 £ 0.5 mm 0.9 = 0.4 mm

P 0.69 0.21 0.36 031 0.52 0.56

5.4 Discussion

The primary objective of this study was to investigate whether there are subtle differences between
visually indistinguishable regions within the NCCT image. This was required to ensure that the
images contained the necessary information for the DL method to generate anatomically-correct
visualisations. This was achieved by comparing the HU intensity distributions between regions in
the thrombus-filled aneurysm. Visually, axial slices within the AAA appear uniform on the NCCT
image and the histograms for each of the regions (lumen, interface and thrombus) display
considerable overlap. However, average HU intensity was significantly different between all three
regions for all patients assessed and a gradual HU change was observed from the aortic lumen to
the intra-luminal thrombus. This highlights that there are differences, albeit subtle, between the
regions that can be exploited and enhanced to estimate the CECT image.

In addition to average HU intensity, the differences between these visually in-distinct regions can
be captured using 1%¢/2"lorder radiomic features. Radiomics employs advanced data-
characterisation algorithms to extract underlying pixel relationships and has been used to uncover
potential disease features that fail to be appreciated visually. Random forest models incorporating
these radiomic features were used to accurately classify sub-volumes within the aneurysmal volume
into either the aortic inner lumen and OWS, which may contain the intra-luminal thrombus. A 3-
fold method was used to maximize the images used for model evaluation as the testing cohort for
each fold consisted of sub-volumes from a unique set of 25 patients. Models were trained/optimized
using the remaining 50 patients. The most important features for this classification task were

highlighted in Table 12. These features consist of a combination of 1% and 2" order features on
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either the original or filtered NCCT sub-volume. The filters used during radiomic feature extraction
consisted of 1. Laplacian of Gaussian (edge detection filter) and 2. Wavelet modifications. These
are commonly used methods to diversify the extracted radiomic features. There was strong overlap
between these features. Crude/down-sampled segmentations (resolution — 5mm) from these
classification outputs were compared against that from the ground truth classifications using DICE
score of the inner lumen. The results suggest that radiomic differences between inner lumen, and
OWS in NCCT images can be used to visualize AAA regions and supports the validity of this
image transformation task. The generative networks likely utilise this higher-order information to
enhance its performance.

The study's secondary objective was to investigate if DL models (Cycle- and Con-GAN) could
extract the subtle differences between soft tissue components in NCCT images within the
context of AAA disease and generate CECT images. For both GANs, a 3-fold cross-validation
approach was employed during training. There was no data leakage between cohorts and the
testing cohort for each fold contained a unique set of patients. The 2-D training/testing data
was obtained by first isolating the aorta, axial sub-sampling within the volume, and centring the
aorta within the extracted 2-D slice. Isolating the aorta by removing surrounding organs and
tissues reduces the amount of noise presented to the model. Additionally, centring the aorta in
each axial 2D slice reduces the spatial variation of the aorta seen by the generative models. This
theoretically should maximise the information learned by the GAN networks for the NCCT to
CECT image transformation task. RMSE, a quantitative measure of image difference, and DICE
scores for the inner lumen and combined aortic mask were used to optimise the training
parameters. DICE accuracy of the inner lumen is an appropriate measure of transformation
accuracy as it evaluates the primary goal of the generative models.

It was apparent that CT image quality determines transformation accuracy. Exploring the
DICE: metric within the testing cohort highlighted certain patients with not only decreased
transformation accuracies but also greater DICE; variability within the aortic volume. Here, we
hypothesised that poor quality NCCT images have correspondingly poor CECT reconstruction
accuracies. Image quality and the extent of distortion ('signal to noise' ratio) of NCCT images is
directly related to the number of x-ray photons incident within the target volume!%4,

Accordingly, the number of x-ray photons is directly related to the x-ray tube current (Iiue),
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which is the rate of photon production within the x-ray tube, and CT rotation time. Given that
CT rotation time is usually constant, we reasoned that images obtained with decreased Tiube
have an increased likelihood of generating CECT images with decreased accuracy. Therefore, a
stringent selection criterion was imposed to exclude potential outliers with Itube below the 15%
percentile (<80mA). Future studies investigating the role of CT acquisition parameters (ex. slice
thickness, kVP, tube current) for this transformation task in greater detail is required to
determine the limitations of this technique.

An unexpected observation was that cycle-GAN outperformed the con-GAN. In the original
context, we hypothesised that the Con-GAN would have superior performance to the Cycle-
GAN as it is able to learn pixel-to-pixel transformations between image pairs. (This is not the
case for the Cycle-GAN as data is not introduced as paired images.) This superiority was
unexpected but can be rationalised to its underlying network architecture and the multiple
training losses (ex. cycle-consistency and identity loss terms). This interesting observation sheds
some unique philosophical insight into the nature of 'learning' by neural networks and its
similarities of human learning for this particular task. For a cycle-GAN, the neural network
learns heuristically from all images of the paired ground truth data, without being constrained
to specific pixel relationships as that of a Con-GAN. It is possible, however, this observation is
specific to the dataset utilised here.

We showed that these generative models enable the visualisation of aortic aneurysm
morphology in CT scans obtained without the wuse of intravenous contrast and that
transformation accuracy is independent of AAA size or shape. Extracting diameter
measurements is required in AAA management as it guides the frequency of aneurysm
surveillance and determines the timing of surgery™®0. 2-D cross-sectional area measurements of
the aneurysm have been shown to complement the 1-D diameter measurements as diameter
measurements can be subject to substantial interobserver variability and at times may fail to
represent the 3-D growth of the aneurysm. As a result, cross-sectional area measurements have
been shown to have the lowest variability in assessing aneurysm size 3. Evolution of 3-D indices,
especially thrombus volume, is linked to AAA progression, rupture risk and even the incidence
of adverse cardiovascular events®?®3. Assessing thrombus/OWS spatial morphology is important

for surgical planning and has been shown to influence postoperative outcomes. We have
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previously reported that the spatial morphology of native intra-luminal thrombus correlates with
the onset of type 2 endoleak, which is an adverse outcome following endovascular surgical repair
of aneurysms®. This is a task that is not possible from the original NCCT image and if
achieved, reinforces the clinical impact of using generative networks for this image
transformation task. For the first time, the results highlight the ability to assess the thrombus
regional location from the NCCT with high accuracy.

In addition, we showed that a Cycle-GAN trained on 135%135 mm (144 x 144 pixels) ROIs
surrounding the aorta is able to robustly visualise not only aortic/AAA morphology but also
extra-aortic structures, including its side branches. The accuracy of the side branch visualisation
was assessed by measuring the maximum diameter of each branch from the
descending/abdominal aorta. The results support the ability to capture this measurement with a
mean average error of ~1.5 mm (1-2 pixels). Using GANSs for pseudo-contrast CT visualisation of
the aorta/AAA, its intra-luminal thrombus as well as its side branches from a NCCT is a novel
technique and presents clinicians with a safer alternative to the routinely obtained contrast-
enhanced CECT. Future studies are required to determine its clinical utility, such as using this
alternative imaging method to plan for endovascular grafting.

This deep learning approach described here can also be applied to reconstruct other
anatomical structures (veins, solid organs, etc.) without the need for contrast administration.
Beyond the potential clinical utility, our method can be applied for research analysis. There is a
growing body of literature on the role of the intraluminal thrombus and abdominal aortic
aneurysm growth®3105106 The ability to characterise the OWS using non-contrast-enhanced CT
scans greatly expands the scope for research in this topic, without the need to subject research

participants to contrast injection.

5.5 Conclusion

Here, we present and internally validate a deep learning approach to visualise aortic aneurysm
morphology without the use of intravenous iodinated contrast agents. This experiment was
possible as paired imaging (NCCT and CECT) is commonly obtained from AAA patients during
surgical planning. We implemented a non-rigid registration algorithm to register/align the

CECT to the reference NCCT image. Initial proof-of-concept experiments on these paired and
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registered images highlighted differences in radiomic signature between different regions within
the NCCT image (ex. OWS and aortic lumen). These differences were used to simultaneously
train/optimize machine-learning (ex. random forest, Section 5.3.2) and deep learning (ex.
Generative Adversarial networks, Section 5.3.3) networks for this non-contrast to contrast image
transformation task. Multiple DL generative networks were compared (Con-GAN vs Cycle-
GAN) using both technical (ex. RMSE between the generated and GT image) and clinical
metrics. Both generative networks were able to simulate acceptable contrast-enhanced CT
images from a NCCT input, however the Cycle-GAN displayed superior results from both a
technical and clinical perspective. The random forest machine learning model highlighted an
alternative method to achieve similar results and allowed for model interpretability.
Subsequently, we identified the importance of image/scanner parameter settings (ex. tube
current) for this image transformation task and set the foundation for more comprehensive
experiments. Finally, we showed that these methods are able to transform not only the
aorta/AAA but also its major aortic side branches. This platform technique can be applied to
different anatomical structures for research and eventually clinical applications.

5.5.1 Limitations

There are few limitations within this study that need to be addressed to maximize the potential
of this disruptive technology. Firstly, this study is a retrospective study using de-identified pre-
surgical images obtained from AAA patients. These images were obtained between 2009 — 2018
and all clinical information was stripped from the DICOM headers prior to storage. Given the
lack of methods standardization with regards to acquisition, all images were obtained using a
variety of image/parameter settings. In this study, we show the importance of tube current in
image transformation quality. We claim that, like tube current, there are other image/scanner
settings that need to be optimized to ensure appropriate and acceptable non-contrast to contrast
image transformation. Additionally, the algorithms trained and validated in this chapter
incorporate imaging data obtained from a single center. There is poor representation of multiple
scanner models/types. Although these scanners are meant to be standardized and the outputs
are meant to be comparable, there are intrinsic scanner differences that distinguish the outputs
and is an active area of consideration when testing DL generative model robustness or

generalizability.
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In addition to heterogeneity associated with image/parameter settings, there is also intrinsic
patient variability that needs to be taken into consideration. For example, it was apparent that
patients with different body-mass-indices (BMI) had different levels of fat content within the
abdomen, which may impact the image quality of the aorta within the NCCT image. This is an
active area of inquiry that could not be comprehensively tackled due to the retrospective nature

of this study but needs to be clarified prior to clinical implementation.

Another limitation of this current technique is the 2-D nature of the DL generative network.
In this study, the 3D-CT image was sampled axially, and the axial images were used for model
training, optimization and validation. Axial views were selected for this analysis, instead of the
coronal or sagittal views, as the aorta/AAA displays minimal slice-to-slice variability (ex.
variation of a circle/oval). Axial slices were introduced into the DL network randomly and
independently, without any connection to adjacent slices. This significantly increased the
dataset size at the expense of losing inter-slice contextual information. Future studies involve
introducing multiple views or developing a 3-D generative algorithm for cross-modality medical

image synthesis.
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6.1 Introduction

Abdominal Aortic Aneurysms (AAA) are an abnormal degenerative condition characterized by
pathological dilatations of the abdominal region of the aorta. Clinically, an AAA is defined when
the aortic diameter is >50% of the healthy aorta adjacent to the aneurysm. The natural history
of an untreated AAA consists of progressive dilatation with eventual rupture and death. The
clinical management of AAAs consist of screening/diagnosis, regular surveillance and timely

surgical intervention by open surgical repair or endovascular stent grafting-107,

Methods for the prediction of AAA growth are considered as a priority for research in the

108

opinions of vascular and endovascular surgeons!'". Previous investigations have focused on

predicting AAA rupture risk. Various biomechanical analysis using geometric features!?:M10

111 1

(different diameter measurements), aortic tortuosity''!; morphological parameters!™ and
presence/extent of intra-luminal thrombus (ILT)!213 have been investigated to predict rupture
risk potential. Although these studies provide insight into the biomechanical stress profiles of
AAAs, they are complex and present large degrees of uncertainty that prevent -clinical
implementation. Furthermore, with the adoption of aneurysmal screening programs, public
awareness, and advanced technology for AAA detection/surveillance most AAA patients are
monitored and treated well before the point of rupture!'*. Accurate prediction of AAA growth in
patients can allow for the optimization of surveillance intervals and better inform the timing for
surgery. AAA size (maximum AAA diameter), which is commonly obtained in the clinical
setting, has been shown repeatedly to be a poor independent indicator of aneurysmal growth or
rupture potential’. Our prior work has highlighted the feasibility of AAA growth prediction

using physiological and biochemical measurements obtained from patients!6-118  These

measurements, however, require additional research steps to the routine clinical care pathway.

Computerised tomography (CT) scans are utilized extensively as diagnostic tests in medicine
and surgery. Globally around 150 million CT scans are performed each year!'120. In the
management pathway of AAAs, each patient requires one dedicated CT scan prior to surgery to
plan for the operative approach. During the small AAA surveillance period, a proportion of
these patients would have also undertaken CT scan(s) for other medical reasons. In these

patients, these historic CT scan(s) performed sometime prior to AAA surgery could serve as the
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‘baseline’ scan. The subsequent pre-operative CT scan would serve as a serial scan and enables
growth rate calculation during the time period between the two. With relevant regulatory
approval, these historic baseline CT scans can be anonymised and utilised to discover novel
features to predict future AAA growth. Machine/deep learning methods developed in Chapters 4
and 5 enable the automatic extraction of the AAA shape and set the foundation for this

morphological analysis.

As AAAs enlarge, a variety of geometrical changes are observed including altered aortic

21 and increased aneurysmal asymmetry!?2. Several of these changes result in a unique

tortuosity
non-uniform distribution of wall stress and have been hypothesized to either favour AAA growth
deceleration or increase rupture risk!?>?4, However, there is no prior literature on the prediction
of AAA growth using complex geometric features extracted from CTs. This has been examined
in the context of cerebral aneurysms. Dhar et al., investigated the use of six image-based
morphological features to predict intracranial aneurysm rupture!'?®. This study documented the
importance of vascular geometry in altering blood flow dynamics and promoting intracranial
aneurysmal rupture'?>!27. Although there are many similarities between intracranial and aortic
aneurysms, these features have not been investigated in the latter. One such parameter involved
in predicting cerebral aneurysm rupture was undulation index (UI), which captures the degree of

125126~ A highly asymmetric and/or

surface concavity and increases with surface irregularity
tortuous infra-renal region would result in an increased Ul parameter. In this regard, regions of
increased curvature (radius of curvature, RC) within the aneurysm contributes to non-laminar

fluid flow, and non-uniform wall shear stress'?®129, No prior literature has examined the utility of

undulation index (UI) or radius of curvature (RC) for AAA growth prediction.

Previous studies published through the prospective OxAAA study suggest that the intra-
luminal thrombus (ILT), which is unique to AAAs and present in >90% of cases, is biologically
active and plays a critical role in promoting AAA growth and progression®. Hence, we further
hypothesized that aneurysms with local regions of increased curvature and an increase degree of
surface undulation could indirectly affect its growth through the interaction between the altered

hemodynamic forces and the biologically active intra-luminal thrombus. In addition to this
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hypothesis-driven approach (UI and RC), we investigated if a semi-supervised method of AAA

shape characterization could be used to supplement prediction models.

6.2 Methods
6.2.1 Patient Cohort

The study was conducted as part of the ongoing Oxford Abdominal Aortic Aneurysm (OxAAA)
study (Ethics approval Ref: SC/0250/13). Details regarding the OxAAA study cohorts used in

this chapter are highlighted in Section 3.1. This study cohort consists of two arms.

The first arm consisted of OxAAA-IMG-III cohort and included participants (n = 102) from

the larger OxAAA-IMG cohort that were prospectively recruited to the prospective OxAAA
study at the time of surgery. Demographic information from each patient were matched to the
pre-operative CT scan. Height and weight of the patient were measured to calculate their body
mass index. The history of coronary artery disease (CAD) is defined as symptoms angina -+ /-
previous coronary interventions (angioplasty or bypass). The history of peripheral arterial
occlusive disease (PAOD) is defined as symptoms of intermittent claudication + /- previous
lower limb arterial intervention (angioplasty or bypass). The history of cerebral arterial disease
is defined by transient ischaemic attack or stroke. The history of hypertension, diabetes mellitus,
and hypercholesterolaemia were as diagnosed by the primary care/general practitioner. We
further measured the individual’s blood pressure, blood cholesterol profile and HbAlc level to
ascertain the effect of their pharmacological therapy. Their current medications were further

recorded (Table 15).

The second arm consisted of the OxAAA-IMG-IV cohort, which included participants (n =

192) within the larger OxAAA-IMG cohort with aneurysmal growth measurments. Here, the
clinical database (Oxnet Janus), which prospectively registered every patient who underwent
elective repair of AAAs at the John Radcliffe Hospital (Oxford, UK) was used. Each of the
patients gave written consent for the utilization of clinical images collected during the routine
clinical management pathway for research analysis. Radiology records of all non-emergency
infra-renal AAA repairs (open surgery or endovascular repair) from 1 of February 2009 to 30
June 2018 were examined. Only those patients with at least 1 historic CT scan conducted

greater than 8 months prior to the pre-operative scan were included for analyses.
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Table 15: Summary of participant demographics (OxAAA-IMG-III) at the pre-surgical
assessment and significance of spearman correlation with extracted geometric

parameters'’.
Significance of
All Participants Spearman Correlation
(n = 102) Coefficient
Diam. Ul RC
Male (%) 99(97) 0.35 0.36 0.09
Age at Consent (Median/IQR) 72 (67-79) 0.12 0.83 0.70
Height (4+SD) 1.75 £ 0.08 0.07 0.45 0.06
Weight (Median/IQR) 81.9 (74.90.2) 017 | 015 0.07
BMI (Median,/IQR) 26.8 (24.3-28.7) 0.61 0.35 0.18
MAP (+SD) 102.2 + 12.8 0.13 0.70 0.20
Current Smoker (%) 24 (24) 0.57 0.99 0.09
Past Smoking Hx (%) 68 (67) 0.97 0.48 0.59
Never Smoked (%) 13 (13) 0.65 0.34 0.44
CAD Hx (%) 33 (32) 02 | 015 0.56
Coronary Intervention (%) 26 (25) 0.63 0.41 0.88
PAD History (%) 16 (16) 0.85 0.59 0.22
Cerebral Art. Disease (%) 12 (12} 0.10 0.16 0.34
HTN History (%) 74 (73) 0.53 0.77 1.00
Hypercholesterolemia (%) 61 (60) 0.61 0.67 0.75
Tot. Cholesterol (Median/IQR) 3.8 (3.2-4.6) 023 | 0.76 0.63
HDL (Median/IQR) 1.1(0.91.3) 047 | 041 0.06
LDL (Median/IQR) 1.5 (0-2.5) 0.26 0.92 0.37
TG (Median/IQR) 1.2 (0.8-1.6) 0.49 0.65 0.66
Diabetes (%) 16 (16) 0.88 0.26 0.78
HbAIC (Median,/IQR) 5.6 (5.4-5.9) 019 | 081 0.41
Diabetes - Oral,/ Insulin (%) 12 (12) 019 | 022 0.17
CKD - eGFR < 60 (%) 28 (27) 0.15 1.00 0.96
Creatinine (Median/IQR) 86.5 (73.3-101.3) 0.19 0.07 0.74
Beta-Blockers (%) 32 (31) 0.68 0.30 0.49
ACEI/A2RA (%) 56 (53) 0.27 0.77 0.97
Aspirin (%) 47 (46) 0.83 0.89 1.00
Thienopyridine (%) 9 (9) 0.55 0.17 0.44
Ticragrelor (%) 3(3) 0.81 0.64 0.72
Anticoagulant (%) 12 (12} 0.93 0.46 0.21
CCBs (%) 43 (42) 0.13 0.64 0.34
Diuretics (%) 22 (22) 0.47 0.38 0.58
Gastro-restraint (%) 31 (30) 0.57 0.68 0.32
Steroids (%) 7 (7) 036 | 097 0.15
Statins (%) 74 ('73) 0.57 0.76 0.24
AAA Diam (Median/IQR) 63 (58 - 72.5)
UT (£SD) 0.23 + 0.08
Min. RC (Median/IQR) 35.9 (29.7 - 46.9)

Note: Participant demographics were collected at the pre-surgical assessment and were
correlated against the extracted geometric parameters of AAA diameter, undulation
index, and radius of curvature. Characteristics that follow a Gaussian/Normal
Distribution are indicated with a +. For such variables, mean = SD are presented, and
cohort differences are compared using a student t-test. For variables that don’t follow a
Gaussian distribution, median and inter-quartile range (IQR) are presented and cohort
differences are compared using a Mann-Whitney test.
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6.2.2 Automated Segmentation of CT images

AAA segmentation was performed using a proprietary automated deep learning segmentation

30, The deep learning model, detailed in Chapter 4, generated aortic/aneurysm

platform!
segmentations which were visually assessed against the source DICOM (Digital Imaging and
Communications in Medicine standard) images. Where required, further manual adjustments

were performed using the open source ITK-Snap software!3!.

6.2.3 Hypothesis-driven Feature Extraction of AAA Volumes

The geometric features included in our analyses were derived from the entire AAA and can
therefore be derived from either contrast or non-contrast enhanced CT images. All geometric
features were extracted from the above derived segmentations using MATLAB. AAA size was
measured by calculating the maximum anteroposterior diameter. Annual aneurysmal growth was
derived by subtracting the historic/baseline AAA size from pre-operative AAA size and dividing
the difference by the time duration (yrs) between scans (Annual Growth = A AAA size in mm
/(number of days lapsed between scans / 365 days)).

6.2.3.1 Maximal Anteroposterior Diameter (APD)

Maximum APD was automatically extracted from the aneurysmal segmentations using
MATLAB. For each axial slice along the aortic volume, the diameter was obtained by
measuring the maximum distance between two points on the aneurysmal boundary in the
sagittal plane. The maximum APD of the AAA was the maximum value from all axial slices.
6.2.3.2 Radius of Curvature (RC)

Radius of curvature is a centreline-based metric that captures the degree of curvature along the
centerline'®. Here, RC equals the radius of the circular arc that best approximates the curve
between a set of adjacent points. The smaller the circular arc, the smaller the RC and the
greater the local curvature (Fig. 50a). On the other hand, the larger the circular arc, the
greater the RC, and the lower the local curvature (ex. a straight line). AAA centrelines were
calculated using an implementation of the homotopic thinning algorithm'? and were subsampled
using b-spline interpolation methods based on the number of axial slices (Chapter 4.2.14). RC
was calculated for adjacent sets of triplet points and the minimum value was obtained. This

described the greatest region of curvature within the aneurysmal volume.



144

6. Geometric Features for Abdominal Aortic Aneurysm Growth Prediction

6.2.3.3 Undulation Index

Aneurysmal Ul was defined as Ul =1 — (%) 125126 Here, V is the volume of the infra-renal
abdominal aorta defined as the region between the renal arteries and the iliac bifurcation and
Vcn is the volume of its convex hull (Fig. 50b). In this instance, the convex hull of AAA is the
smallest volume that encompasses the entire region and is convex at all points. It effectively
resembles a plastic wrap attached to the inlet and stretched over the entire aneurysmal surface.

This parameter captures the degree of surface concavity and increases with surface/shape

irregularity. Conversely, a shape that is nonconcave (ex. a perfect sphere or cylinder) will have a

Ul of 0.
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Fig. 50: Radius of Curvature (RC) (A) and undulation index (UI) (B) measurements
obtained from the sample abdominal aortic aneurysm (AAA) shapes’”.

6.2.4 Semi-supervised Feature Extraction from Aortic Aneurysms

In addition to this hypothesis-driven approach, we investigated if principal component analysis
could be used to characterize the aneurysmal shape and provide additional growth predictive
capacity to that observed with the hypothesis-driven geometric features. Principal component
analysis (PCA) is a commonly-used method used for dimensionality reduction. It is performed
by projecting each data point onto a range of principal components to obtain lower-dimensional
data while preserving as much of the data’s variation as possible. In this instance, we
hypothesized that most of the diversity or variance of the aneurysmal OWS can be captured
using PCA and that the reduced principal components, which may describe a certain aspect of
the AAA geometry, may be helpful in predicting AAA growth. The advantage of this approach
that detailed in section 6.2.3 is its ability to highlight

when compared against
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features/relationships without any implicit user bias. Additionally, this framework allows for the
ability to interpret the relevant features, which is extremely valuable in the clinical setting. For
this experiment, an iterated 10-Fold optimization with shuffling (n = 100 iterations) approach
was applied using all 192 patients for model training/optimization and validation.

6.2.4.1 Reference Axis Reorientation prior to Feature Extraction (PCA)

Inherently, aortic aneurysms display high levels of variability not only in terms of geometry but
also in terms of location and extent within the infra-renal region. The goal of the PCA is to
capture this variability in meaningful principal components. However, this is complicated by the
presence of additional variability secondary to the movement of patient locations between
imaging studies. Minimization of this variability was performed by reorienting all images to the
same coordinate axis based on a fixed point. In this instance, the fixed point was selected to be
the 2D aortic centroid at the level of the origin of the celiac artery. This was selected as the
reference point as it was present in all patients, and consisted of a non-pathological point
proximal to the pathological aneurysm. Fig. 51a displays the AAA centrelines before and after
the re-orientation. It is visually apparent that following reorientation, any variability in the

OWS centreline was primarily due to the aneurysm.
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Fig. 51: Reference axis reorientation of AAAs prior to PCA-mediated Feature
Extraction. Centrelines are extracted from the AAA shape using a homotopic thinning
algorithm (Section 4.2.15). Centrelines were registered to the location of the aortic centroid
at the celiac artery origin. 46 equidistant points were sampled along the derived centrelines.
The X, Y and Z coordinates along with the maximum aneurysmal diameter perpendicular
to the centreline at the given points were extracted and served as the input for PCA.
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6.2.4.2 Feature Extraction: Characterization of the aortic/AAA Shape

Following re-orientation, the shape of each aorta/AAA was characterized into a singular vector,
which consisted of its centreline coordinates and the maximum diameter along planes orthogonal
to the centreline at the pre-defined coordinates. Fifty equidistant points along the centreline
were interpolated and orthogonal planes were sampled using methods highlighted in Section
4.2.15 (Fig. 51b). Fig. 52 displays 4 aortas with AAAs characterized in this format.
Subsequently, all x, y, and z coordinates along with the maximum diameter measurements were
normalized by subtracting the mean and dividing by the standard deviation. The first and last
two points/planes along the aortic centreline were excluded from all patients as these orthogonal
planes were predominantly located outside the AAA volume and would have incorrect max

diameters.

Fig. 52: Characterization of the aneurysmal shape prior to Shape-Based PCA.
Equidistant points and orthogonal planes were sampled from the aortic centrelines.
Maximum diameter along the perpendicular planes was extracted using MATLAB (4.2.15).
The X, Y, and Z coordinates along with the maximum orthogonal diameters at the defined
coordinates served as the input into the Shape-based PCA. Four aortic volumes from the
OxAAA cohort, their respective centrelines and orthogonal planes are illustrated.

6.2.4.3 Feature Extraction: Characterization of the Aortic/AAA Surface

In addition to the aortic shape, we hypothesized that surface curvature and structure of the
aorta/AAA may play a role in predicting aneurysmal growth. Therefore, the AAA was
characterized by constructing curves along the aortic surface. To achieve this visualization, a
spline curve was first generated to encompass the aortic/AAA segmentation from each axial

slice along the AAA shape. These spline curves were then sampled into 360 equidistant points.
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Subsequently, the surface lines were derived by connecting points that are closest together
between slices. Fig. 53 illustrates this interpolation method utilized for three adjacent axial
slices. Surface lines were smoothed using a Savitzky-Golay filter in MATLAB (Polynomial
Order: 3, Window Length: 11). Fig. 54 displays 4 aortas with AAAs characterized in this
format. Five surface lines (at 72° increments) were used for subsequent analysis as we deemed
this sufficient to capture the degree of surface curvature, irregularity and asymmetry. Fifty
equidistant points were interpolated from the five surface lines (5 surface lines x [50 X-
coordinates, 50 Y-coordinates, 50 Z-coordinates| = 750 coordinates). The X, Y and Z
coordinates of surface lines at identical starting points (at 72° increments) between patients were
normalized by subtracting the mean and dividing by the standard deviation. This matrix

(dimensions 750 x 192) served as the input into the PCA.
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Fig. 53: Method to generate surface lines from the Aortic/AAA segmentations. 360
equidistant points were sampled from each spline curve encompassing the axial (2-D) aortic/AAA
segmentation. Spacing between the sampled points are highlighted for each segmentation. Three
adjacent slices at axial levels (Z-4, Z and Z+4) and the surface lines connecting these cross-sections
are visualized.
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Fig. 54: Characterization of the aneurysmal surface prior to Surface-Based PCA. Four
aortic/ AAA volumes are characterized by their respective sutrface lines. Sutface lines are
generated by connecting points encompassing the aorta/AAA between adjacent slices. For
each patient, five surface lines are generated for each volume, each at 72° increments.

6.2.4.4 Feature Extraction: Characterization of Aortic Side Branch Origins

In addition to the aortic shape and surface, we hypothesized that the location of the aortic side
branches as they arise from the aorta may play a role in predicting aneurysmal growth
secondary to alterations in hemodynamic forces. Aortic/AAA segmentations were expanded to
capture the aortic side-branches using methods devised and validated in Section 4.2.12-4.2.13.
Additionally, the captured side branches were automatically classified into six categories based
on branch artery (1. Celiac Artery, 2. Superior Mesenteric Artery, 3-4. Left /Right Renal artery,
5-6. Left /Right iliac artery). This classification algorithm was based on the locations and spatial
relationships between the branches. Fig. 55a illustrates four expanded segmentations with
classified branch centrelines. Subsequently, branch origins were defined as the first 5 coordinates
(X, Y, Z) of each branch (Fig. 55b). Origin points were used instead of the entire branch
centreline to focus the analysis at the intersection points and standardize the segment used from
each branch. For example, in Fig. 55a, the length of the iliac centrelines were visually different
between the patients. This variability is due to the semi-automatic nature of branch
segmentation. The X, Y and Z coordinates for each sets of branch origins between patients were
normalized by subtracting the mean and dividing by the standard deviation. This matrix ([6

branches x 5 origin points/branch| x 192 patients) served as the input into the PCA.
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Fig. 55: Origin Point extraction of the aortic side branches from aortic/AAA segmentations.
A. Segmentation of the aortic side branches and centreline extraction was derived from the deep
learning AAA output using methods detailed in Section 4.2.12-4.2.13. Automatic classification of the
side branches based on branch artery was performed. The output for four patients within the
OxAAA cohort is illustrated. B. Branch origins were defined as the first 5 coordinates of each

branch. This served as the input into the Branch Point -based PCA.
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6.2.4.5 Feature Extraction: Principal Component Analysis

Principal component analysis was performed to assess the correspondences between different
components in the shape- (Section 6.2.4.2), surface- (Section 6.2.4.3) and branch point (Section
6.2.4.4) -based input matrices. Here, the primary goal was to investigate and potentially identify
additional features that not only characterize the aorta/AAA but also predict aneurysmal
progression. PCA was performed separately for each of the input matrices. Coefficients were
calculated by using the residuals (Input Data — Mean of Input Data) and singular value
decomposition. The obtained principal components were analysed for their variance percentage
and component coefficients, to determine their significance. For each of the three PCAs, the
principal components that collectively captured 95% of the variance percentage were used for

growth prediction analysis.

6.2.5 Developing the growth prediction models using both hypothesis-driven and
PCA-derived features

To ascertain if the hypothesis-driven features (APD, UI and RC) were independent of the
patient demographic profile for the purpose of AAA growth prediction, we first examined the
relationship (spearman correlation) between these extracted geometric features against

demographic features in the OxAAA-IMG-III dataset. We then focused the CT image analysis

on OxAAA-IMG-IV dataset, using the geometric features extracted from the baseline scan to

predict future growth (as recorded by the subsequent pre-operative scan). Summary statistics
are described either as average (+/- standard deviations, SD) or median (with interquartile
range, IQR). For statistical comparisons, t-tests or ANOVA were used for normally distributed

data, whereas Kruskal Wallis test or Spearman correlation were used as non-parametric tests.

Multiple generalized linear models were applied to build the AAA growth prediction models,
for the prediction of AAA growth as a categorical (Slow, Medium or Fast growth) or continuous
variable. Model training and optimization were performed using iterated 10-fold optimization

with shuffling (n = 100 iterations) using the data from the OxAAA-IMG-IV dataset (n =192

patients). Here, the data was partitioned into 10 equal sized subsets (folds). Then, 9-folds are
used to train the model and the remaining fold is used for internal evaluation. For each
iteration, this process is performed a total of 10 times, with a different fold as the validation

data set.
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For each of the feature sets, linear discriminant analysis (LDA) was used for the binary
classification task of predicting either: 1. Slow or Not-Slow Growth or 2. Fast or Not-Fast
Growth. During model optimization, features that were not significant were eliminated. Here,
growth rates were categorized into 3 groups: < 2.5 mm/yr (Slow growth), 2.5-5.0 mm/yr
(Medium growth), and > 5.0 mm/yr (Fast growth). These thresholds were chosen based on the
summary statistics of growth rates observed within this cohort (Slow Growth — Below 1%
Quartile, Fast Growth — Above 4 Quartile). Area under the Receiver Operating Characteristic
(AuROC) were derived for each feature combination to assess the performance of the regression
model in discerning growth against a pre-defined growth rate threshold. Accuracy of the linear
regression model was reported using RMSE between the actual annual growth versus predicted
growth. We further assessed the prediction accuracy within a 2mm margin as this is the

accepted technical variability between measurements of AP diameter in CT images!'!0:133,

6.2.6 Evaluation of the growth prediction models on an independent validation
cohort (MA3RS Study)

An independent set of 148 patients with CT-monitored aneurysmal growth measurements were

obtained from the MA3RS dataset (University of Edinburgh) and served as a validation.

Aneurysmal and associated side-branch segmentations were automatically-derived from the
provided CT images (non-contrast or CECT). Feature extraction was performed using methods
highlighted in sections 6.2.4.1 — 6.2.4.4. The optimized models composed of both hypothesis-
and PCA-derived features were used to predict aneurysmal growth as both a continuous and
categorical outcome. Classification accuracy was evaluated by comparing the AuROC for the

independent validation cohort against that obtained with the OxAAA-IMG-IV dataset.

Similarly, the accuracy of the linear regression model in predicting AAA growth was obtained

by calculating the RMSE difference between model prediction and ground truth.
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6.3 Results
6.3.1 Patient demographic features do not influence the geometric features of

AAA
102 patients were included in the prospectively recruited OxAAA-IMG-III dataset (Male n= 99;

Females n= 3). The demographic information from this dataset are explained in detail in
Section 3.1.3 and are presented in Table 15. Median AAA size within this cohort was 63.0 mm
with an interquartile range from 58.0 to 72.5 mm. No correlations were identified between the
demographic parameters and the extracted hypothesis-driven geometric features, indicating that

AAA size or APD, Ul and RC are independent of patient demographic characteristics.

6.3.2 Hypothesis-driven Geometric Feature Extraction from the OxAAA Growth
Prediction Cohort
The second arm of this study included 192 AAA patients with serial CT scans obtained at least

8 months apart (OxAAA-IMG-IV dataset). Median follow-up time between scans was 2.0 years

with an interquartile range of 1.0 to 3.7 years. Similarly, median aneurysmal growth was 3.7
mm/yr with an interquartile range of 2.5 to 5.0 mm/yr. There were significant positive
correlations between AAA size (Spearman r = 0.15, p = 0.03) and UI (Spearman r = 0.40, p <
0.001) with annual AAA growth rate (Fig. 56a-b). Whereas a significant negative correlation
between minimum RC and annual AAA growth rate was observed. (Spearman r = -0.55, p <

0.001, Fig. 56¢). Fig. 57 and Fig. 58 illustrates six AAAs of similar diameter at baseline with

disparate Ul and RC.  These corresponded to different annual growth rate observed
subsequently.
A. B. C.

Growth Rate
(mm/yr)
Growth Rate
(mm/yr)
(mm/yr)

Growth Rate

20 0.0 0.1 0.2 0.3 0.4 0.5 0 20 40 60 80 100
Initial Diameter (mm) . Min. Radius of Curvature
Undulation Index (UI) (ROC, mm)

r = 0.15, p = 0.03 r = 0.40, p < 0.001] r = -0.55, p < 0.001

Fig. 56: Linear correlations between extracted geometric featuresfrom AAAs within the
OxAAA-IMG-IV dataset. (A. Initial Max AP Diameter or AAA size, B. Undulation Index (UI)
and C. Minimum Radius of Curvature (RC) and estimated annual AAA growth rate). Statistical
significance is assessed for each correlation and is indicated on each graph’.
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Fig. 57: Six AAAs of similar size displayed alongside their respective convex hull
Undulation indices are calculated for each aneurysmal pair (Section 6.2.3.3). Aneurysms are ordered
in terms of increasing UI and positively correlate with increasing annual AAA growth rate’”.

Min. ROC 77.8 mm 60.5 mm 49.6 mm 34.4 mm 24.4 mm 22.8 mm
Annual Growth 1.0 1.7 2:3 3.6 4.9 7.8

s Increasing Annual Growth -

Fig. 58: Six AAAs of similar size displayed with calculated centrelines. Centrelines are
calculated using a variation of the homotropic thinning algorithm. Regions with the minimum radius
of curvature along each centreline, which correspond to regions of increased curvature, are
highlighted in orange. Aneurysms are ordered in terms of decreasing min RC and negatively
correlate with increasing annual AAA growth rate”.
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6.3.3 Semi-Supervised Geometric Feature Extraction from the OxAAA Growth
Prediction Cohort

Here, we hypothesized that there may be features related to the aneruysmal geometry, in
addition to the hypothesis-driven features (Ul and RC), that may play a role in AAA growth
secondary to changes in hemodynamic forces. As a result, three sets of prinicipal component
analysis were independently performed to strategically capture the diverse AAA shapes in forms
that were easy to analyze. PCA coefficients were calculated by using the residuals (Input Data —

Mean of Input Data) and singular value decomposition.

The first PCA (AAA-Shape) was performed using the shape-based AAA characteristics
derived using methods outlined in section 6.2.4.2. Each of the 192 patient vectors was composed
of 188 points (46 X-coordinates + 46 Y-coordinates + 46 Z-coordinates + 46 maximum
orthogonal diameters).The input matrix (192 patients x 188 points) was then normalized per
component prior to analysis. Fig. 59, which illustrates the cumulative variance captured by the

derived modes, suggests that the first 10 modes are sufficient to capture 95% of the variance.

The second PCA (Surface) was performed using the surface curves surrounding the AAA.
These curves were derived using methods outline in section 6.2.4.3. Each of the 192 patient
vectors was composed of 690 points (5 Surface lines x [46 X-Coordinates, 46 Y-coordinates, 46
Z-coordinates| per Surface line). The topmost points of each of the lines (at the level of the
Celiac Origin) were equidistant at at 72° increments. The input matrix (192 patients x 690
points) was then normalized prior to analysis. The first 11 modes are sufficient to capture 95%

of the vairance (Fig. 59).

Finally, the third PCA (Branch-Point) was performed to investigate if the location and
progression of the aortic side branches have any impact in AAA progression. The branch origins,
which consisted of the first 5 coordinates along the branch centreline, were derived using
methods outlined in section 6.2.4.4. In this instance, each of the patient vectors was composed of
6 components, one for each branch, and each branch consisted of 5 coordinates (X, Y and Z).
The input matrix dimmensions were 192 x 150 (192 patients x [6 branches x 5 coordinates per
branch x 3 points per coordinate|). Each coordinate between the patients was normalized prior
to analysis. In this instance, the first 17 modes are required to capture 95% of the variance (Fig.

59).
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Fig. 59: Cumulative mode contribution for all three sets of PCA. AAA
shape/volumes were charactetized by 3 methods, with each method focused
on capturing a different aspect of the aneurysmal geometry. AAA shape-
based characterization (Red) was performed by calculating the aneurysmal
centreline and the maximum diameters along planes orthogonal to the
centreline. Surface-Curve-based characterization (Blue) was performed by
extracting five equidistant curves along the outer surface of the AAA (at 72°
increments). Finally, characterization of the AAA branch points (Black) was
performed by compiling the first 5 coordinates along each of the 6 side
branches (descending aorta). 95% variance was captured using the 10, 11
and 17 modes for the AAA-shape, Surface-Curve and Branch-Point PCAs,
respectively
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6.3.4 Prediction of AAA growth as a categorical outcome

The baseline characteristics of the subgroups of patients [(slow growth: <2.5mm/year); (some
growth: 2.5mm to 5mm/year), (fast growth: >5mm /year)| are summarized in Table 16. There
was no difference in the starting AAA diameter between the three groups. Ul at baseline
differed significantly between the three groups (ANOVA, p=0.003). There was also a significant
inverse trend of relationship between RC and AAA growth (Kruskal-Willis, p < 0.0001).

Table 16: Groups split based on annual AAA growth within the OxAAA Imaging cohort.

I. < 25 mm/yr IL 2.5—-50mm/yr IIL > 5.0 mm/yr
(n = 44) (n = 98) (n = 50) P
Time between Scans, yrs (IQR) 2.0 (1.1—4.5) 2.2 (1.5-4.1) 1.6 (1.0-3.3) 0.10
AAA Diam™, mm (£ SD) 51.0 + 8.8 mm 53.3 + 7.1 mm 56.4 + 9.2 mm 0.07
Undulation of Indext (+ SD) 0.25 £ 0.06 0.28 = 0.07 0.32 £0.08 0.003
Min. Radius of Curvature (IQR) 49.6 (38.5— 58.4) 35.3 (27.6 - 51.2) 29.7 (21.4-34.1) <0.0001

Note: Comparison of subgroups is performed to establish differences between groups. These groups
served as the basis for the logistic regression. Variables that follow a Gaussian/Normal Distribution are
indicated with a +. For these variables, mean £ SD are presented, and cohort differences are compared
using a one-way ANOVA. For variables that don’t follow a Gaussian distribution, median and inter-
quartile range (IQR) are presented and cohort differences are compared using a Kruskal-Wallis test.

6.3.4.1 Hypothesis-Driven Geometric Features predict AAA growth
Different combinations of the hypothesis-driven features (APD, Ul and RC) were used to train

multiple logistic regression models. The feature combinations used for each model is indicated in
Fig. 60 and were trained using an iterated 10-fold cross-validation approach (n = 100
iterations). ROC curves on the validation cohorts were plotted for each feature combination
with the threshold of “Slow (< 2.5 mm) Growth” and “Fast (> 5.0mm) Growth”. The area under
receiver operation curve (AuROC) metric shows good discriminative capacity of AAA growth
rate based on all three variables at the predefined thresholds. Using APD, Ul and RC as three
input variables of the prediction algorithm, the AuROC for predicting slow growth
(<2.5mm/year) and prediction fast growth (>5mm/year) was 0.80 and 0.79, respectively. This
model comprising of 3 variables significantly outperforms the use of AAA diameter alone as the
predictor (p < 0.001).

In addition to hypothesis-driven features, PCA-derived features (modes) were used to

independently train multiple logistic regression models for the task of predicting AAA growth
rate. For each of the three PCAs (1. AAA shape, 2. Surface Curve, 3. Branch Point), an
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iterative 10-fold cross-validation approach (n = 100 iterations) was implemented using only the

features/modes that captured 95% of the observed variance (Fig. 59).
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Fig. 60: AuROC for each combination of features to assess
the performance of the multinomial regression model in
discerning AAA growth phenotype (A. > 5.0 mm and B. <
2.5 mm Growth). ROC curves were generated from the
evaluation of the validation cohort, following model training
(iterative 10-fold cross-validation, n = 100 iterations).
Significance testing was performed to compare the AuROCs for
each model (n = 100). Significant differences were noted with *
or *** indicating p<0.05 and p<0.001.

6.3.4.2 PCA-derived Geometric Features improve AAA growth prediction
Using the first 10 shape-based modes, the AuROCs for predicting slow and fast growth were

0.69 and 0.78, respectively. LDA highlighted the significance of features/modes 3 (p < 0.001)
and 7 (p = 0.008) in predicting slow growth. Similarly, modes 1 (p = 0.02) and 4 (p < 0.001)
were statistically significant for predicting fast growth. Combining maximum diameter and
hypothesis-driven features with these selected shape-based modes significantly improved model

predictive capacity (Model VI vs Model IV, p < 0.001, Fig. 61a-b).

Similarly, using the first 11 surface modes, the AuROCs for predicting slow and fast growth
were 0.66 and 0.73, respectively. LDA highlighted the significance of mode 6 (p < 0.001) and
mode 3 (p < 0.001) for predicting slow and fast growth, respectively. Combining maximum
diameter and hypothesis-driven features with these selected surface-line- based modes improved

model predictive capacity (Model IX vs Model VII, p < 0.001, Fig. 6Ic-d).
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Fig. 61: AuROC for models classifying Slow (< 2.5 mm) and Fast (>5.0 mm) growth trained with
PCA-derived features. All models were trained using iterative 10-fold cross-validation (n= 100
iterations). Mode significance was assessed iteratively using linear discriminant analysis. Only significant
modes were used for subsequent analysis. A-B. Shape-based modes were derived from the AAA using its
centreline and maximum diameters along planes orthogonal to its centreline. Modes [3, 7] and [1, 4] were
statistically significant for predicting slow and fast growth, respectively. C-D. Surface-based modes were
derived from curves characterizing the aneurysmal outer wall. Modes 6 and 3 were statistically significant
for predicting slow and fast growth, respectively. E-F. Branch-Point (BP) modes were obtained from the
location/origin of the aortic side branches exiting the descending/abdominal aorta. Here, Modes 10 and
3 were statistically significant for predicting slow and fast growth, respectively. In all cases, the
incorporation of the hypothesis-driven features improved model predictive capacity.
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The AuROCs for predicting slow and fast growth using the 17 branch-point modes were 0.52
and 0.65, respectively. Mode 10 was significant for predicting slow growth (p = 0.002). On the
other hand, mode 3 was significant for predicting fast growth (p < 0.001). Combining maximum
diameter and hypothesis-driven features with these selected branch point- based modes improved
model predictive capacity (Model XII vs Model X, p < 0.001, Fig. 617e-f).
6.3.4.3 Refinement of the individual prediction model for fast/slow growth
Combining the relevant shape-, surface- and branch-point modes improved model predictive
capacity for both classification tasks (Models XIII — XIV, Fig. 62a-b). For slow growth, of the
four modes, shape modes 3 and 7 as well as branch point mode 10 remained significant (AuROC
of Model XV, 0.82). These three modes remain significant when combined with the hypothesis-
driven features (Max Diameter, Ul and RC). On the other hand, of the three identified modes
for the prediction of fast growth, shape mode 4 and branch point mode 3 remained significant
(AuROC of Model XV, 0.77). These two modes remain significant when combined with the
hypothesis-driven features (APD, UI and RC). For both models, after integration, max diameter
and Ul were no longer statistically significant and were removed from subsequent models. The
coefficients and p-values for each of the variables within the optimized logistic regression models
as well as their performance are highlighted in Table 17. These optimized models significantly

outperform Models I (APD, p<0.001) and IIT (APD, UI and RC, p<0.001).
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Fig. 62: AuROC for models classifying Slow (< 2.5 mm) and Fast (>5.0 mm)
growth trained with Hypothesis-Driven and PCA-derived features.Hypothesis-
Driven Features included maximum diameter, minimum radius of curvature (RC)
and undulation index (UI). Selected Modes or PCA-derived geometric features were
different for both classification tasks. For slow growth, selected modes (All) included
Shape Mode 3 and 7, Surface Mode 6 and Branch Point Mode 10. Of the four
selected modes, Shape Mode 3 and 7 and Branch point mode 10 remained significant
after integrating with Hypothesis-driven features. For Fast growth, selected modes
(All) included Shape Mode 4, Surface Mode 3, and Branch Point Mode 3. Of the
three selected modes, Shape Mode 4 and Branch point mode 3 remained significant
after integrating with Hypothesis-driven features. Models were trained using iterative
10-fold cross-validation within the OxAAA cohort (n = 192). Model performance
was assessed by comparing the AuROC between models for the 100 iterations.

Table 17: Optimized regression model combining both Hypothesis-driven and PCA-derived
features to predict slow/fast growth. Model performance is highlighted using AuROC.

Slow (< 2.5 mm) Growth

Fast (> 5.0 mm) Growth

Features Coefficients P Features Coefficients P
Intercept -2.653 + 0.414 - Intercept -2.951 £ 0.510 -
RC 1.190 + 0.314 0.0001 RC -2.300 £+ 0.588 0.0001
Mode 3 (Shape) 0.944 + 0.330 0.004 Mode 4 (Shape) -0.843 + 0.376 0.01
Mode 7 (Shape) 1.145 + 0.431 0.008 Mode 3 (BP) -0.798 + 0.409 0.03
Mode 10 (BP) -1.251 £ 0.325 0.0001
AuROC 0.88 + 0.005 AuROC 0.87 + 0.006
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6.3.4.4 Examination of PCA features provides insight into AAA growth

Shape-based PCA characterization and growth prediction analysis highlighted the
significance of Modes 8 and 7 for the prediction of slow growth and Mode 4 for the prediction of
fast growth. Visualization of the impact of modes 3 and 7 on the average AAA shape (£ 2%0)
along with 6 AAAs of similar diameter at baseline with disparate values are show in Fig. 63
and Fig. 64, respectively. Here, o represent the deviation from average AAA shape due to the
selected mode or feature. The greater the o, the larger the deviation from the mean and the
impact of the selected mode. It is visually apparent from Fig. 63b, that aneurysms, which
start adjacent to the location of the renal arteries and are more fusiform in nature, are more
likely to present with slow growth patterns. Similarly, Fig. 64a, suggests that aneurysms with a
not only a greater degree but also a particular direction of localized tortuosity within
aneurysmal neck region are less likely to represent a slow growth phenotype. This is further
supported in Fig. 64b, which highlights 6 AAAs with similar diameters at baseline with

different growth phenotypes. Mode values for each of these aneurysms are indicated.

Visualization of the impact of mode 4 on the average AAA shape (£ 2*c) along with 6
AAAs of similar diameter at baseline with disparate values are show in Fig. 65. Similar to that
of mode 4, these visualizations highlight the importance aneurysmal tortuosity type, in addition
to degree of curvature. For example, increased centreline tortuosity with a right-sided preference
is linked with a rapid-growth phenotype than that with a left-sided preference (Fig. 65b).

Additionally, the location of the tortuous region also seems to be linked with AAA progression.

In addition to shape-based modes, certain branch-point modes (mode 3 and 10) played a
significant role in the classification of AAA growth phenotype (Table 17). Fig. 66a highlights
the relevance of Mode 10 in altering the location of the six origin points and its relation to
aneurysmal growth (Slow Growth vs Not-Slow Growth). It is apparent that as sigma changes,
the greatest change in location is observed within that of the renal (left/right) arteries.
Increased vertical placement of the left renal artery origin and medial placement of the right
renal artery origin (next to the AAA shape) is associated with the slow growth phenotype (Fig.
66Db).
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Similarly, Fig. 67a highlights the relevance of Mode 3 in altering the location of the six
origin points and its relation to aneurysmal growth. It is apparent that as sigma changes, the
greatest change in location is observed within that of the iliac (left/right) arteries. As sigma
decreases, which is characteristic of the fast growth phenotype, the origin of the iliac arteries
moves inferiorly and laterally towards the right side. This is apparent in the subset of AAAs
from the OxAAA-IMG-IV dataset (Fig. 67b).
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Fig. 63: The relevance of Mode 3 (Shape-based PCA) on the average AAA shape and its
impact on aneurysmal growth (Slow vs Not-Slow Growth). A. Average AAA shape (i) was
constructed from the PCA input matrix and consisted of a centreline (46 X,Y,Z coordinates) with
planes orthogonal to the centreline (circular planes with defined maximum diameters, 46 max
diameters). The influence of the selected mode (mode = 3) was applied to the average shape to
obtain the modified aneurysms. Here, the +20 and -2o represent the modified aneurysms, 2 standard
deviations from the . This was visualized to appreciate the influence of the selected mode. Three
views were visualized at 90° increments (view 1 -3). B. Six aneurysms with similar max AAA
diameter at the starting timepoint were visualized within the OxAAA cohort. Mode 3 is inversely
correlated with aneurysmal growth. Aneurysms, which start adjacent to the location of the renal
arteries and are more fusiform in nature, are more likely to present with slow growth patterns.
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Fig. 64: The relevance of Mode 7 (Shape-based PCA) on the average AAA shape and its
impact on aneurysmal growth (Slow vs Not-Slow Growth). A. Average AAA shape (u) was
constructed from the PCA input matrix and consisted of a centreline (46 X,Y,Z coordinates) with
planes orthogonal to the centreline (circular planes with defined maximum diameters, 46 max
diameters). The influence of the selected mode (mode = 7) was applied to the average shape to
obtain the modified aneurysms. Here, the +20 and -2o represent the modified aneurysms, 2 standard
deviations from the . This was visualized to appreciate the influence of the selected mode. Three
views were visualized at 90° increments (view 1 -3). B. Six aneurysms with similar max AAA
diameter at the starting timepoint were visualized within the OxAAA cohort. Mode 7 is inversely
correlated with aneurysmal growth. Aneurysms with a not only a greater degree but also a particular
direction of localized tortuosity are less susceptible to a slow growth phenotype.
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Fig. 65: The relevance of Mode 4 (Shape-based PCA) on the average AAA shape and its
impact on aneurysmal growth (Fast vs Not-Fast Growth). A. Average AAA shape () was
constructed from the PCA input matrix and consisted of a centreline (46 X,Y,Z coordinates) with
planes orthogonal to the centreline (circular planes with defined maximum diameters, 46 max
diameters). The influence of the selected mode (mode = 4) was applied to the average shape to
obtain the modified aneurysms. Here, the +20 and -2o represent the modified aneurysms, 2 standard
deviations from the p. This was visualized to appreciate the influence of the selected mode. Three
views were visualized at 90° increments (view 1 -3). B. Six aneurysms with similar max AAA
diameter at the starting timepoint were visualized within the OxAAA cohort. Mode 4 is inversely
correlated with aneurysmal growth. Aneurysms with a not only a greater degree but also a particular
direction of localized tortuosity are more susceptible to fast growth. This is similar to what was
observed with the visualization of mode 3.
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Fig. 66: The influence of Mode 10 (Branch-Point PCA) on average branch locations and its

impact on aneurysmal growth (Slow vs Not-Slow Growth).

A. Average branch origins (y,

black) were derived from the PCA input matrix and consisted of the first 5 coordinates (X,Y,Z) of
each branch centreline. The influence of the selected mode (mode = 10) was applied to the average
origins to obtain the modified origins. Here, the origins were calculated at +40, +20,-20 and +20 to
visually appreciate the influence of the selected mode. B. Six aneurysms with similar max AAA
diameter at the starting timepoint were visualized within the OxAAA cohort. Mode 10 is positively
correlated with aneurysmal growth. Increased vertical placement of the left renal artery origin and
medial placement of the right renal artery origin (next to the AAA shape) is associated with the slow

growth phenotype.
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Fig. 67: The influence of Mode 3 (Branch-Point PCA) on average branch locations and its
impact on aneurysmal growth (Fast vs Not-Fast Growth). A. Average branch origins (g, black)
were derived from the PCA input matrix and consisted of the first 5 coordinates (X,Y,Z) of each

branch centreline. The influence of the selected mode (mode =

3) was applied to the average

origins to obtain the modified origins. Here, the origins were calculated at +40, +20, -20 and +20 to
visually appreciate the influence of the selected mode. B. Six aneurysms with similar max AAA
diameter at the starting timepoint were visualized within the OxAAA cohort. Mode 3 is negatively
correlated with aneurysmal growth. Infero-lateral placement of the iliac artery origin (away from the
AAA shape) is associated with the fast growth phenotype.
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6.3.5 Prediction of AAA growth rate as a continuous variable

Linear regression models were trained and optimized simultaneously using a 10-fold cross-
validation approach to predict AAA growth rate (mm/year) as a continuous variable. With
regards to hypothesis-driven features, the linear model trained using Max AP diameter, Ul and
RC (Fig. 68b) was able to predict annual AAA growth to a greater accuracy than the model
trained using only max AP Diameter (Fig. 6&a). This was similar to that of the logistic
regression model of AAA growth. Growth predictions from this model were significantly
correlated (r = 0.61, p <0.001) against actual growth measurements. Subsequently, Bland-
Altman plots between the hypothesis-driven model output and ground truth measurements
indicated more narrow limits of agreements when compared against that of the baseline model
(Diameter only). Similarly, the hypothesis-driven model is able to predict annual AAA growth
to within 2 mm error in 90% of cases (vs. 69% using the baseline model). Feature coefficients,
in addition to its significance within the model, are highlighted in Table 18 Of the 3 features
evaluated, only Ul and RC remained significant. These features were used in subsequent
experiments.

The PCA-derived features (Shape-based modes 3,4,7 and Branch-point modes 3 and 10) that
were identified through the logistic regression analysis were applied to this problem of predicting
AAA growth as a continuous variable. This model was able to predict annual AAA growth to a
greater accuracy that trained using only max AP diameter and a similar accuracy to that
trained using the hypothesis-driven features (Fig. 68c). Similar limits of agreement were
observed between the outputs from the hypothesis-driven and PCA-derived models. Predicted
AAA growth was strongly correlated against actual growth measurements (r = 0.56, p <0.001)
with a mean absolute error between measurements of 1.10 £ 0.78 mm/yr. This model (using
PCA-derived features) was able to predict annual AAA growth to within 2 mm error in 88% of
cases (vs. 69% using the baseline model). Table 18 highlights the significant features within
the model. Compared against the shape-based modes, the branch-point modes decreased in
significance and were excluded prior to model optimization.

Integrating the selected hypothesis-driven and PCA-derived features further improved model
performance as seen in Fig. 68d. The correlation coefficient between predicted and actual AAA

growth increased to 0.67 and the limits of agreement reduced when compared against to the
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baseline model (Diameter only). The relative importance of each of the features within the
model are highlighted in Table 18. Finally, this optimized model, can predict annual AAA
growth to within 2 mm error in 92.5% of cases (vs. 69% using the baseline model) and within 1

mm error in 73.5% of cases (vs. 52% using the baseline model).
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Fig. 68: Outputs of Linear Regression models trained to predict annual AAA growth. Four
Linear regression models were trained using 10-fold cross-validation to predict annual AAA growth.
The results of each validation fold are reported against actual AAA growth values. The correlation
coefficient and its 95% confidence interval are highlighted on each graph (Dotted lines). Bland-
Altman analysis was performed for each model to assess the differences between model output and
ground truth measurements. Bias (blue) and corresponding 95% limits of agreement (red) are
highlighted for each plot. The baseline model consisted of using maximum AP diameter only, as this
is a commonly used criteria to monitor AAA progression within the clinic. B-C. Additional models
were trained using hypothesis-driven feature (Max Diameter, UI and RC) and PCA-derived features
(Shape-based modes 3,4, and 7 and Branch Point-modes 3, and 10). These features were identified
to play a significant role in the binary classification of aneurysmal growth. Feature significance was
assessed in each model. Significant AAA features were used to train an optimized model that
displayed superior performance.
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Table 18: Feature coefficients for the four linear regression
trained to predict AAA growth.

I. Diameter Only (Fig 19a)

Features Coefficients P
Max Diameter 0.08 = 0.08 0.28
MAE (£ Std of AE) 1.19 + 0.97 mm/yr
RMSE 1.53 mm /yr

II. Hypothesis-Driven Features (Fig 19b)

Features Coefficients P
Max Diameter 0.10 = 0.07 0.16
Undulation Index (UI) 0.28 + 0.08 0.001

Minimum Radius of

Curvature (RC) -0.38 £ 0.08 < 0.001
MAE (+ Std of AE) 1.05 % 0.75 mm/yr
RMSE 1.28 mm/yr
III. PCA-Derived Features (Fig 19c)
Features Coefficients P
Mode 3 (Shape) -0.09 £ 0.02 < 0.001
Mode 4 (Shape) -0.14 4 0.03 < 0.001
Mode 7 (Shape) -0.18 £ 0.05 <. 0.001
Mode 3 (Branch-Point) -0.03 + 0.03 0.44
Mode 10 (Branch-Point) -0.12 £ 0.03 0.26
MAE (£ Std of AE) 1.10 = 0.78 mm/yr
RMSE 1.35 mm/yr

IV. Hypothesis-Driven + PCA Derived
Features (Optimized, Fig 19d)

Features Coefficients P
Undulation Index (UT) 0.17 + 0.07 0.02
Mg‘;ﬁ‘;ﬁiﬁ'{‘g‘)f -0.35 + 0.06 < 0.001
Mode 3 (Shape) -0.07 £ 0.02 0.001
Mode 4 (Shape) -0.10 & 0.02 < 0.001
Mode 7 (Shape) -0.09 + 0.04 0.03
MAE (£ Std of AE) 0.93 = 0.69 mm/yr
RMSE 1.18 mm/yr

Note: Significance of each feature is highlighted. Model
performance is indicated using mean of the absolute error
(MAE) and root-mean-square-error (RMSE) between
model prediction and ground truth AAA growth
measurements. Full assessment of model performance is
highlighted in Fig. 68.
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6.3.6 Similar AAA Growth predictive accuracy is observed within the independent
validation cohort (M A3RS Study)

6.3.6.1 Aneurysmal growth within the MA3RS study dataset

The MA3RS dataset included a total of 148 AAA patients with aneurysmal growth

prospectively monitored using serial CT studies. The remaining patients were excluded as 1.
AAA follow-up was performed using ultrasound measurements (n = 126), 2. No baseline CT
scans were obtained (n = 15) and 3. AAA intervention was performed prior to the 2nd scan (n
= 41). Median AAA size as measured by maximum AP diameter for the MA3RS dataset was
53.4 mm with an interquartile range (IQR) of 48.4 to 59.1 mm. This was similar to that
observed within the OxAAA cohort (Median AAA Size: 54.5 mm, IQR: 48.0 to 60.0 mm). A
secondary CT imaging study was obtained 2 years after the initial study and AAA growth was
calculated. Median aneurysmal growth was 2.0 mm/yr with an interquartile range of 1.0 to 3.1
mm /yr. This was significantly less than that observed within the OxAAA cohort (Median AAA
growth: 3.7 mm/yr, IQR: 2.5 to 5.0 mm/yr, Fig. 69a). The similarity in AAA size but
significant difference in aneurysmal growth patterns highlights a limitation of using AAA size as
a sole indicator for growth prediction, in this dataset (Fig. 69b).

6.3.6.2 Geometric feature extraction within the MA3RS study cohort

Extracting Ul and RC, highlighted statistically significant differences between the OxAAA and
MA3RS study cohorts (Fig. 69c-d). Ul was significantly smaller within the MA3RS cohort
than in the OxAAA Growth Prediction cohort (p = 0.02). On the other hand, RC was

significantly greater within the MA3RS cohort (p < 0.001).

However, APD, Ul and RC of AAAs within the MA3RS dataset display similar relationships

with AAA growth as seen with the OxAAA GP Cohort. Within the MA3RS cohort, there were
significant positive correlations between AAA size (r = 0.27, p < 0.001) and UI (r = 0.45, p <
0.001) with annual AAA growth rate (Fig. 70a-b). A significant negative correlation between

minimum RC and annual AAA growth rate was observed (r = -0.55, p < 0.001, Fig. 70c).

Shape-based and branch point PCA mode extraction was performed on the MA3RS cohort
using the methods optimized in section 6.2.4. The relevant modes used for both the logistic and
linear regression models, highlighted in section 6.3.4, were isolated from this independent

validation cohort and compared against that from the OxAAA-IMG-IV dataset. The results
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identified significant differences between shape-based mode 4 (Fig. 7Za) and both branch point
modes (modes 3 and 10, Fig. 7Ib). This further highlighted the differences in the aneurysms

that were not captured by AAA size alone (max diameter).
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Fig. 69: Comparison of the OxAAA-IMG-IV and MA3RS study cohorts
(Hypothesis-driven Features) in preparation for AAA growth prediction. A. AAA
growth rates between the two studies were statistically significant (p < 0.001). B.
Starting Aneurysmal size as measured by maximum AP diameter was similar between
the cohorts. C-D. Undulation Index and Minimum radius of curvature (Hypothesis-
driven features) were statistically different between the OxAAA and MA3RS cohorts.
Aneurysms within the MA3RS study were less asymmetric/undulation (lower UI) and
less tortuous (Higher radius of curvature) than those found within the OxAAA cohort.
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Fig. 70: Linear correlations between extracted geometric featuresfrom AAAs
within the MA3RS Dataset A. Initial Max AP Diameter or AAA size, B. Undulation
Index (UI) and C. Minimum Radius of Curvature (RC) and estimated annual AAA growth rate).

Statistical significance is assessed for each correlation and is indicated on each graph.
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Fig. 71: Comparison of the OxAAA-IMG-IV and MA3RS study datsets
(PCA-derived Features) in preparation for AAA growth prediction. A.
Shape-based modes were extracted from the MA3RS study cohort using
methods optimized in section 6.2.4. Modes 3 and 7 were similar between the
OxAAA and MA3RS cohorts. On the other hand, Mode 4 was statistically
lower within the MA3RS cohort than in the OxAAA cohort (p < 0.001). B.
Branch Point modes were extracted from the MA3RS cohort. Both modes
were statistically different within the MA3RS cohort than in the OxAAA
cohort (p < 0.001). This highlights both the diversity of aneurysmal shapes
present within the patient population and the limitation of using a AAA size
(Max AP Diameter) as the sole indicator to characterize AAA shape.
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6.3.6.3 Validation of growth prediction models within the MA3RS dataset
The MA3RS dataset was divided based on AAA growth (Section 6.2.5). The baseline

characteristics of the three subgroups of patients [(slow growth: <2.5mm/year); (some growth:
2.5mm to 5mm/year), (fast growth: >5mm/year)| are summarized in Table 19. There was no
difference in the starting AAA diameter between the slow (I.) and intermediate (III) groups;
however, there was a statistically significant difference between the slow (I.) and fast (III.)
groups (p = 0.01). UI differed significantly between the three groups (ANOVA, p < 0.001).
There was also a significant inverse trend of relationship between RC and AAA growth

(Kruskal-Willis, p < 0.001).

Table 19: Groups split based on annual AAA growth within the MA3RS dataset.

I. <25 mm/yr I 2.5 - 5.0 mm/yr III. > 5.0 mm/yr
(n = 89) (n = 46) (n = 10) P
AAA Diam™, mm (+ SD) 54.3 + 9.0 mm 55.9 + 8.8 mm 65.5 + 14.7 mm 0.01
Undulation of Index™ (+ SD) 0.26 £ 0.06 0.33 £ 0.07 0.38 £ 0.07 < 0.001
Min. Radius of Curvature (IQR) 50.2 (39.5-63.5) 38.4 (341 -445) 33.8 (28.8-37.8) < 0.001

Note: Comparison of subgroups is performed to establish differences between groups.
Variables that follow a Gaussian/Normal Distribution are indicated with a +. For these
variables, mean = SD are presented, and cohort differences are compared using a one-way
ANOVA. For variables that don’t follow a Gaussian distribution, median and inter-quartile
range (IQR) are presented and cohort differences are compared using a Kruskal-Wallis test.

The trained logistic regression models (6.3.4.3, Table 17) were applied to the MA3RS dataset

to predict AAA growth as a categorical outcome. ROC curves on this independent validation
cohort were plotted for certain feature combination with the threshold of “Slow (< 2.5 mm)
Growth” and “Fast (> 5.0mm) Growth” (Fig. 72). The features combinations investigated were
identical to that see in Table 17. The area under receiver operation curve (AuROC) metric
shows good discriminative capacity of AAA growth rate based on the optimized model (Model
IV, Selected hypothesis-driven and PCA-derived features) at the predefined thresholds. The
AuROC for predicting slow growth (<2.5mm/year) and prediction fast growth (>5mm/year)
using the thresholds defined from the OxAAA-IMG-IV dataset were 0.84 and 0.86, respectively.

This optimized model significantly outperforms the use of AAA diameter alone as the predictor

for both cases (p < 0.001).

Growth predictive accuracy was maintained even after re-defining the slow/fast growth

thresholds on the MA3RS dataset based on its bottom (< 1.0 mm/yr) and top quartiles (> 3.0
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mm/yr) of AAA growth. The AuROCs for predicting slow (< 1.0 mm/yr) and fast growth (>

3.0 mm/yr) using the optimized models (6.3.4.3, Table 17) were 0.74 and 0.78, respectively.

Similar to the multinomial logistic model, the optimized linear model (Model IV, Table 18)
trained using both hypothesis-driven and PCA-derived features, was able to predict annual AAA
growth within the MA3RS dataset to a greater accuracy than the model trained using only max
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Fig. 73). Predictions from this model were significantly correlated (r = 0.65, p <0.001) and

closer (MAE: 1.65 £+ 0.94 mm/yr, RMSE: 1.89 mm/yr) to that of observed measurements from

the baseline model (MAE: 2.02 + 1.11 mm/yr, RMSE: 2.32 mm/yr, p =0.002). Although these

errors are slightly higher than those observed within the OxAAA-IMG-IV dataset, the results

support the ability of this methodology to predict AAA growth using CT-derived aneurysmal

geometry.
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Fig. 72: Receiver operator characteristic (ROC) alongside the area under curve (AUROC) to
assess model performance on MA3RS dataset. Models were evaluated in discerning AAA
growth phenotype (A. > 5.0 mm and B. < 2.5 mm Growth). ROC curves were generated from the
evaluation of the independent validation cohort (MA3RS, n = 148), following model optimization
on the OxAAA-IMG-IV dataset. Singificance testing was performed to compare individual ROC
curves.
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Fig. 73: Outputs of Linear Regression models trained to predict annual AAA growth
(MA3RS Dataset). Application of the baseline and optimized linear regression models to
predict annual AAA growth on the independent validation cohort (MA3RS dataset) compared
against that of the OxAAA-IMG-IV dataset. The correlation coefficient and its 95% confidence
interval are highlighted on each graph (Dotted lines). Bland-Altman analysis was performed for
both models to assess the differences between model output and ground truth measurements.
Bias (blue) and corresponding 95% limits of agreement (red) are highlighted for each plot. A, C.
The baseline model consisted of using maximum AP diameter only, as this is a commonly used
criteria to monitor AAA progression within the clinic. B, D. The optimized model consisted of a
combination of hypothesis-driven (Ul and RC) and PCA-derived features (Shape-based modes
3,4, and 7). These features were previously identified to play a significant role in the binary
classification and regression of aneurysmal growth on the OxAAA-IMG-IV cohort (A-B).
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6.4 Discussion
In the United Kingdom, patients diagnosed with an AAA through the National AAA screening

program (NAAASP) are subject to as frequent as 3-monthly surveillance scans!34. Surveillance
of screening-detected or incidentally-diagnosed AAA is also standard clinical practice as
recommended by international guidelines™%7. Furthermore, in aging populations within
developed countries, the health burden of AAA surveillance is expected to rise. As an example,
the NAAASP alone incurs a net increase of 72,000 patients requiring AAA surveillance each
year.

Methods to predict future aneurysmal growth are valuable to both clinicians and patients.
Such tools can improve the stratification of AAA surveillance frequency in individuals: those
with slow growth AAAs should not require as frequent surveillance, whereas intense surveillance
(or early intervention) can be justified with an AAA that is likely to exhibit rapid growth. Here,
we present a method of AAA growth prediction which utilizes geometric features derived from
clinical CT scans.

Recent reports have investigated the use of biomechanical assessments of aortic aneurysms
from medical images to predict rupture risk potential. Doyle et al. investigated the use of a ratio
between aneurysm wall stress to wall strength, derived from magnetic resonance images (MRI)
images, to estimate rupture risk!®. Their results supported an increase in AAA-related
intervention in cases with an elevated ratio after adjusting for AAA diameter and other clinical
factors. Additionally, Martufi et al., studied the impact of AAA features (ex. lumen/vessel
volume, Intraluminal Thrombus (ILT) thickness, etc) and derived wall stress measurement on
AAA outcome prediction!®®. Their results display slight but significant improvements to
contemporary methods.

However, such biomechanical models require specific assumptions of physiological /
computational variables for each individual patient, which has inherent variability but also may
not hold true in real life context!®7138,  TFor example, the aneurysm biomechanical ratio
calculated by Doyle et al is subject to many levels of uncertainty including variability with 1.
Image reconstruction accuracy, 2. principal wall stress estimation, and 3. population-based wall
strength estimation. This results in significant overlap between results for asymptomatic and

symptomatic/ruptured cases and prevents clinical implementation!?. Therefore, it is difficult to
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draw conclusions about this ratio and other similar wall-stress methods for patient-specific
prediction of AAA events. This is further supported by Leemans et al., which suggests that
biomechanical indices present no added value in the AAA rupture risk assessment!¥0. Wall-stress
evaluation was not a component of this study and all geometric features were derived directly
from the aneurysmal volume.

There is no prior literature on the prediction of AAA growth using complex geometric
features extracted from CTs. This has been examined in the context of cerebral aneurysms.
Dhar et al., investigated the use of image-based morphological features to predict intracranial
aneurysm rupture!'?®. Their study highlighted the importance of six features that capture the
morphological diversity of intracranial aneurysms and their relation to inflow/outflow vessels.
Since then, many of these features have been shown to alter underlying hemodynamics and
promote intracranial aneurysmal rupture'?>127. Although there are many similarities between
intracranial and aortic aneurysms, these features have not been investigated in the latter. One
such parameter, undulation index captures the degree of surface concavity and increases with
surface irregularity!?!26. A highly asymmetric and/or tortuous infra-renal region would result in
an increased Ul parameter.

In this study, high undulation seems to arise from a “bent” (correlated with curvature),
“bulgy” (a thin cylinder directly attached to a sphere, like the fifth case in Figure 3.) and/or
“undulated” shape (two or more spheres attached by cylinders). This parameter is specific to the
aneurysmal infra-renal region of the aorta and does not require additional information including
inflow /outflow volumes. Similarly, minimum RC is a descriptor of the AAA centreline, which
captures the region of maximum curvature. Here, RC is radius of the circular arc that best
approximates the curve between a set of adjacent points. The smaller the circular arc, the

smaller the RC and the greater degree of local curvature.

The optimized models for “slow” or “fast” AAA growth prediction, highlighted in Table 17,
utilize a combination of hypothesis-driven and PCA-derived features. Minimum radius of
curvature (RC) is the singular hypothesis-driven feature that is found in both models. The
rationale for including RC is included in section 6.2.3.2. Here, we hypothesized, from prior
literature, that aneurysms with local regions of increased degree of curvature are more

susceptible to rapid aneurysmal growth secondary to alterations in hemodynamic flow/pressure
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patterns. This hypothesis is supported by the results obtained from both the OxAAA (Fig.
56¢c) and MA3RS cohorts (Fig. 70c). Furthermore, we hypothesized that geometric features, in
addition to RC, may predispose patients for AAA growth. In this step, PCA was used as the
primary method for AAA characterization as it provided 1. a robust method to standardize the
apparent aneurysmal diversity and 2. An opportunity to interpret the geometric significance of
the significant modes. Multiple methods of aneurysmal characterization were used to maximize
the amount of descriptive information captured within the model. The redundant information
from each PCA method (ex. Surface-based Modes) was removed during feature

reduction /selection prior to model training.

Similarly, the optimized models predict aneurysmal growth as a continuous variable,
highlighted in Table 18, also integrate hypothesis-driven and PCA-derived features.
Interestingly, in this instance, incorporating undulation index improves model information when
compared to using RC alone. The predictive capacity of the optimized model is upheld when
applied to an independent validation cohort (MA3RS). This underscores the significance of the
identified features and their role in AAA growth prediction.

The primary advantage of the geometric measurements described here is that they can be
readily extracted from either contrast or non-contrast CT images, without specific adjustment in
CT scanning protocols. This analysis is streamlined by our proprietary automated pipeline for
high resolution segmentation of blood vessels using deep learning approaches (Section 4)'%. That
no correlation was observed between these geometric features to the patient characteristics (as
summarized in Table 15) further supports the ‘agnostic’ nature of these biomarkers as they can
be independently deployed as predictive indices without accounting for patients’ demographic
characteristics. Further validation of our prediction algorithm can therefore be attempted using
historic scans already accumulated by vascular surgical units who have an existing clinical image
database as part of their routine AAA management practice.

There is emerging literature on the role of best medical therapy (BMT) in reducing overall
mortality risk in patients with a AAA, exemplified by the VIVA study long term data'*!. Our
method of AAA growth prediction can complement the delivery of BMT in the surveillance
pathway. Those predicted to have fast growth should warrant further targeted intensive BMT

regime to change their risk profile. Of note, in the prospectively recruited arm of this study, only
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a small fraction of patients included were females. We therefore could not rule out an
association between these geometric features to the reported demographic features in female
patients.

Although AAA surveillance is typically performed using ultrasound scans, many of these
patients undergo CT scans for other clinical reasons during the course of their AAA surveillance.
These CT scans can be utilised for the added purpose for the prediction AAA growth. (Of note,
AAA surveillance is indeed performed using serial CT scans in countries such as Japan.) With
the refinement of CT imaging technology and reduction of radiation dose per scan and portable
tomographic CTs, it is not implausible for CT scans to replace ultrasound scans as the choice of
AAA surveillance in the future. This will facilitate the development and validation of CT image

derived prediction algorithm.

6.5 Conclusion

In this chapter, AAA growth prediction models were developed and optimized using geometric
features that can be readily extracted from clinically acquired CT scans. As there is well-
documented evidence that vascular geometry has a major impact on the
development /progression of vascular disease secondary to intravascular hemodynamic forces, we
hypothesized that AAA geometry could provide insight into aneurysmal growth. Two
hypothesis-driven features, Undulation index (UI) and Radius of curvature (RC), were identified
to accurately predict AAA growth as both a categorical and continuous variable when compared
to current methods of only using maximum diameter. Here, aneurysms with an increased degree
of surface undulation and with local regions of increased curvature are prone to rapid growth.
Similarly, principal component analysis (PCA) was used as a semi-supervised method to identify
additional relevant geometric features. Growth prediction models using PCA-derived features
displayed similar predictive capacity to that using hypothesis-driven features alone. A subset of
the PCA-derived features were independent of the hypothesis-driven features and sets the
ground for additional exploratory experiments (ex. Hemodynamic impact within the Aneurysm
secondary to geometric variations). Integrating the two sets of features improved overall
predictive capacity. Finally, the growth prediction models were validated and display similar

predictive capacity on an independent cohort (MA3RS study).
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6.5.1 Limitations

This study identifies for the first time a set of interpretable geometric features that are able to
accurately predict AAA growth in multiple cohorts. However, there are a few limitations that
need to be addressed to ensure clinical utility. The accurate extraction of these geometric
features relies on the output of the segmentation pipeline detailed in chapter 4. Poor
segmentation performance may lead to incorrect AAA shape characterization and poor
predictive performance. This underscores the importance of diversifying the data set used for
training/optimizing the segmentation pipeline to maximize network performance on unseen data.
This may include augmenting the images (aorta/aneurysmal shape or image quality), and
increasing the number of annotated images by recruiting additional centres and clinicians. This
is described in detail within Section 4.5. Similarly, quality control methods need to be
implemented for both model training/optimization and testing. For the former, this includes
instituting rigid protocols for personnel training, image acquisition/storage/de-identification, and
aorta/AAA annotation. And for the latter, this requires an interactive platform to rapidly
evaluate large datasets without requiring time-consuming and labour-intensive 3D-annotations.

An additional limitation is that the CTs within the OxAAA-IMG-IV dataset were

retrospectively obtained are devoid of clinical information. Therefore, it was not possible to
evaluate the correlation between the geometric features and demographic criteria within this
cohort. This comparison was performed on a subset of patients with CT imaging studies within

the OxAAA prospective cohort (OxAAA-IMG-III dataset). Furthermore, the number of females

was very low, compared to the number of males and no information about environmental factors

(diet, smoking habits) and racial variety could be readily extracted from the OxAAA-IMG-IV or

MAB3RS datasets. This reflects the nature of the disease as AAA is predominantly a disease

affecting white males. Racial/environmental imbalances or lack of diversity in the dataset may
create bias and limit the generalizability of the results. Similarly, all aneurysms within this
cohort were medium-to-large (>50 mm) sized aneurysms at the initial time point and progressed
to point of surgery. This is not a common representation of all AAA patients. As a result, a
prospective study is required with small-sized AAAs (35-40 mm) to investigate the relevance of

these identified features alongside clinical features in predicting aneurysmal growth.
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7.1 Introduction

Positron emission technology (PET) is an imaging modality that has the ability to visualize
abnormal metabolic activity. This is especially important in biological tissues that do not appear
pathological based on their morphology®. It is a widely adopted clinical tool to differentiate
malignant vs benign lesions and in the staging of malignancies. The hallmarks of such malignant
tissues are rapid proliferation/angiogenesis, increase in size, local invasion, and distant
metastasis?6. Additionally, PET imaging plays a significant role in the follow-up of patients
following chemotherapy and/or surgical resection. It provides clinicians with a semi-quantitative

representation of the treatment’s impact and can be used to guide further treatment?%-24.25,

At the molecular level, malignant cells have increased glucose utilization due to an
upregulation of enzymatic activity. As a result, injection of a glucose-based radionuclide, 2-
[fluorine-18|fluoro-deoxy-d-glucose (FDG), can be used to identify these abnormal metabolically-
active tissues. The rate of uptake of FDG into malignant tissues has been shown to be
proportional to its metabolic activity?’. However, unlike glucose, FDG is not fully metabolized

and becomes trapped within active cells. This accumulation is what is observed in a PET image.

Commonly, PET images are obtained alongside a non-contrast computerized tomography
(CT) images to enable the localization of areas of increased metabolic activity with its
underlying anatomic structures. Co-registering functional (PET) and anatomic (CT) information

232728 The advantage of obtaining a paired

has improved clinical confidence in decision making
PET-CT study has been repeatedly recognized by healthcare professionals for the care of
oncology patients. They have been accepted as routine methods for the diagnosis, staging and
follow-up for a variety of malignancies (pulmonary nodule?!, melanoma??, head and neck

squamous cell carcinoma!4?3, etc).

Although the advantages for PET/CT imaging are quite striking, this technique has
multiple limitations. Following radionuclide injection, patient activity and speech are limited for
20 minutes to minimize physiologic uptake by muscles and imaging is initiated approximately 60
minutes afterwards?®. Depending on the patient’s prior medical history, bowel cleansing!*?
and/or bladder catheterization!¥® may be required. The CT study takes approximately 60-70

seconds to complete, whereas the PET study takes 30-45 minutes, depending on the
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coverage?’?. As a result, another limitation is patient motion between the PET and CT imaging
studies'**145, Motion between imaging studies can prevent proper co-registration and decreases
the clinical value of the obtained images. Additional limitations include: 1. additional radiation
exposure, and 2. intrinsic patient variability (ex. patient weight, basal metabolic rate,
radionuclide dose, duration between injection and imaging, etc.)!46. The latter is minimized via
the calculation of Standard Uptake Value (SUV) maps, which are essentially PET images
standardized by patient weight, radiation dose and the interval between injection and imaging.
PET/CT imaging is also an expensive and specialist imaging modality that is associated with
alarming global inequities. According to the IMAEA Medical imaging and Nuclear Medicine
global resources (IMAGINE) database, the population served by 1 PET-CT scanner varies based
on the income status of the target country (High income: 601,000 people, Middle income:
3,484,000 people. and Low income: 166,667,000 people)®.

Malignant tissues at the molecular level are significantly different from healthy tissues, in
terms of ultrastructure, tissue organization and metabolic activity?®. We recently reported the
development of a DL pipeline to enable the segmentation and visualisation of blood vessel
anatomy/pathology in NCCT without the use of intravenous contrast agent!''4". We showed
that the raw data captured in a NCCT scan contains sufficient information to differentiate

circulating blood from anatomical (vessel wall) or pathological (luminal thrombus) structures.

Here, we hypothesised that the raw data acquired from a NCCT contains sufficient
information to differentiate malignant and healthy tissue regions. We further hypothesized that
DL generative methods could be used to amplify these subtle differences between tissues in order
to obtain a visualization of FDG-uptake without the injection of a radioactive tracer (such as
FDG). This enhancement can be used to supplement the NCCT and improve the detection of

metabolically-active /malignant lesions without the need to subject patients to PET imaging.

7.2 Methods
7.2.1 Patient Population

In this study, we utilised a collection of paired FDG-PET and CT images of 298 patients with
diagnosed head & mneck squamous cell carcinoma (HNSCC) prospectively recruited from four

different institutions in Quebec, Canada. Valliéres et al.!4 utilised this clinical cohort to
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investigate the impact of radiomic methods for the risk assessment of tumour progression.
Details of this previous study, including patient characteristics and clinical outcomes for each of
the patients, are as published and also available through the TCIA repository.

7.2.2 SUV Map Generation from PET Images

Standard uptake value (SUV) is a mathematically derived ratio of tissue radioactivity
concentration (Ac) from the PET image that is standardized to the patient’s body weight (W),
the initial radiation dose (D), half-life of radioactive tracer and the time duration between bolus

injection and imaging (At)!4.

Ac
<LAT> (Eq. 1)
T1
Dx 2\ 2

Although vulnerable to variability (ex. image noise, low image resolution, region-of-interest-

SUV =

input), this semi-quantitative calculation is a common technique used to standardize PET image
comparison between multiple patients and cohorts?>?. Fig. 74. highlights a paired PET and

SUV map image.

18FDG PET

Fig. 74: Conversion of a FDG-PET image to Standard Uptake
Value (SUV) map. The formula for this transformation
incorporates the patient’s body weight (W) in kg, the dose of *FDG
(D), the time duration between "FDG injection and imaging time
(At) in seconds and the half-life of ""FDG. The Ac is the pixel
intensity within the *FDG-PET image. The resulting SUV map has
the same distribution as that of the original image but is bounded by
0 and 10.
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7.2.3 Patient Contour Segmentation from NCCT/SUV images and Image

Registration
Direct comparison of NCCT with the PET/SUV images require the two images to be registered
and display considerable overlap. This allows for sufficient localization of the PET/SUV map to
the anatomical framework provided by the NCCT image. The clinical value of the subsequent
experiments relies on the degree of registration between images. Registration accuracy was

assessed by comparing the patient contours obtained from the NCCT and PET/SUV images.

Binary segmentation of the SUV map was generated in MATLAB using threshold-based
methods (SUV > 0.1, 1 [patient|; SUV < 0.1, 0 [background|). The SUV threshold of 0.1 was
defined as the smallest positive SUV within the map. Subsequent morphological dilatation and
erosion operations using a spherical structuring element within the interior of the patient was
used to connect components. 3D-gaussian filtering on the segmented images (sigma, 2) was used
to smooth all SUV-map derived patient segmentations (Fig. 75a). Similar threshold-based and
dilation/erosion methods were used to generate the segmentation from the NCCT (Hounsfield
Unit, HU > -500, 1 [patient]; HU < -500, 0 |[background|, Fig. 75b). The CT threshold of -500
was defined empirically as it is able to capture all soft-tissue regions within the anatomical CT
region. Registration accuracy was assessed using the Sorensen-Dice (DICE) coefficient, which is
a ratio comparing the similarity between segmentations (2 * elements common to both images/
the total number of elements, Fig. 75c). If the DICE score was less than 90%, a non-rigid b-
spline registration algorithm was implemented on the segmentations to ensure registration
accuracy. This registration method was used in our previous work!'. Finally, this method was

used to isolate the patient from the underlying table in the NCCT (yellow arrows, Fig. 75d).

7.2.4 Tumour Segmentation of the SUV Map for Radiomic Analysis

The primary focus of this experiment was to characterise and compare the radiomic signatures
of highly metabolic tumours with elevated FDG uptake (increased SUV) against regions of
low/negligible FDG uptake. Therefore, it was essential to isolate these metabolically-active areas

within the patient.
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Fig. 75: Patient Surface Contour Segmentation from Non Contrast CT and SUV Images
and Image Registration. A-B. The surface contour of each patient’s head was segmented
from both the NCCT and SUV using threshold-based methods followed by morphological
dilatation/erosion using a spherical structuring element in MATLAB. Generated segmentations
were smoothed using a gaussian filter (sigma = 2). C. Registration accuracy was assessed using
DICE score overlap. D. Additionally, in the NCCT image, the generated segmentation was
used to remove the table (yellow arrow). The post-isolated NCCT and SUV images are input
for subsequent investigations.

To perform the tumour segmentation using the PET-derived SUV map, the following
assumptions were made: 1. the SUV map and NCCT image are registered and display
considerable overlap, 2. The largest connected component in the SUV map that displays
elevated FDG uptake is the brain, and 3. Tumour areas are highly metabolic and display
increased FDG uptake. A patient-specific threshold was empirically-defined based on the
maximum SUV (0.35 x Maximum SUV) to isolate regions with increased or elevated SUV. This
threshold was defined as it was able to sufficiently differentiate tumour regions from the
background noise. A convolution filter of all ones with a 3x3 pixel kernel size was used to
smooth the initial segmentation output (Fig. 76a). Subsequently, connected component analysis
was used to separate the brain from other regions of elevated FDG uptake (Fig. 76b). All

generated segmentations were assessed for manual overlap with the SUV Map and any minor
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adjustments were made. This segmentation method was identical to that referenced in Vallieres

et al and was rigidly evaluated by a team of radiation oncologists!4.

A. Threshold-based Segmentation B. Connected Component
of SUV Maps Analysis

Fig. 76: SUV-Map-based Tumour Segmentation for Radiomic Analysis. A. Threshold
Based Segmentation of SUV maps was performed by using an empirically-defined threshold.
Segmentations were smoothed using a convolutional filter (kernel size, 3x3 pixels). B.
Connected component analysis was performed to isolate the brain from other hotspots, which
are characteristic of the tumour (ptimary and/or lymph nodes). The extracted segmentations
are visualized along with their respective NCCT image.

7.2.4.1 Segmentation of tumour and non-tumour tissues (Experiment 1A)

Experiment 1A aims to investigate the radiomic differences between regions with elevated FDG
uptake (+SUV, ie tumour) and regions of low/negligible FDG uptake (-SUV, ie non-tumor).
Regions of negligible FDG uptake include tissues immediately adjacent to the segmented tumour
region and thyroid tissue. Thyroid tissue was manually segmented and used as a biological
comparison. Fig. 77 illustrates thyroid and tumour segmentations from two patients. We
reasoned that thyroid tissue has low metabolic activity, in comparison against tumour tissues,
and has resemblance to lymph nodes in terms of macroscopic structure and visually on a NCCT
image.

To sample adjacent regions to the tumour, the tumour surface was dilated by a factor of 2.
The centroid of the expanded segmentation mask was matched to that of the original
segmentation. This resulted in two concentric segmentations with equal volumes (Fig. 78a).
Thyroid segmentation was performed by myself and a trained clinician (ENT clinician, JW -

with multiple years experience in reading and annotating Head-and-Neck PET-CTs) directly on
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the NCCT image using an open-source segmentation software, ITK-Snap. The overlap between

the segmentations were used for subsequent analysis.

. Tumor Thyroid

Fig. 77: Visualisation of the thyroid (green) and
tumour (red) regions from two patients within the
dataset. The thyroid was used as a biological
comparison to tumour tissue as it is similar in
composition/structure to unaffected/non-tumorous
lymph nodes. We hypothesized that these two visually-
indistinct regions displayed unique radiomic signatures.

Tumor Mask  SUV Map Overlayed

Negligible **FDG Activity (-SUV) Increased ®FDG Activity (+SUV)

.1' “
:

Low ®FDG Activity ( Low SUV) High ¥FDG Activity ( High SUV)

Fig. 78: Regions of different FDG uptake avidity as defined by the
PET SUV map. A. For Experiment 1A, the tumour contour (red) was
dilated by a factor of 2 at its centroid. The two concentric regions
represent areas of elevated FDG uptake (red) and negligible FDG uptake
(green), respectively. B. For Experiment 1B, the tumour was divided into
two sub-regions based on the FDG uptake avidity, using 50" Percentile of
SUV (SUVs) as the threshold.
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7.2.4.2 Regional tumour segmentation based on FDG Uptake (Experiment 1B)

Experiment 1B aims to characterise the radiomic differences within different regions of a
metabolically-active tumour. Tumours were divided into two sub-regions based on the FDG
uptake avidity: 1. High FDG uptake (> 50" percentile of SUVs [SUVso| within the tumour), and
2. Low FDG uptake (< SUVso). The constrained sub-region represents an area of higher FDG
uptake within the tumour volume (Fig. 78b). The SUVs5 was specific to each patient and
allowed for the differentiation of FDG uptake within the tumour.

7.2.5 Radiomic Feature Extraction from defined segmentations

Anisotropic image and segmentation masks were resampled into isotropic-sized voxels (Isotropic
settings: 1lmm, 2mm, 3mm, 4mm and 5 mm) in MATLAB. Parameter settings for radiomic
feature extraction included 5 pre-defined histogram bin widths (5,10,15,20 and 25). All radiomic
features were extracted using Pyradiomics, an open-source python package®. For each set of
image and parameter settings, 18 first-order, 68 second-order and 1118 filter-based features were
calculated. This results in a total of 30,125 features for each region of interest (ROI) ((86 15t/2nd
order features + [86 * 13 filtered images|) x 5 Isotropic Settings x 5 Bin-width setting). More
information regarding the description of extracted radiomic features can be found within the

appendix. The full pipeline for Experiments 1A and 1B are illustrated in Fig. 79.

In FExperiment 1A, radiomic features were extracted from tumours with increased FDG
uptake and regions with negligible FDG uptake (1. adjacent to tumour and 2. thyroid tissue).
Similarly, in Experiment 1B, radiomic features from regions of high and low FDG uptake within
metabolically active tumours were extracted. Following feature extraction, patients were divided
into training (n = 194) and testing (n = 104) cohorts. This split was identical to that performed
by Vallieres et al'*. Given that each patient may have multiple tumour hotspots, train and test
cohorts were divided based on patient to prevent data leakage. This was important to prevent
different tumour hot spots from a single patient appearing in both the training and testing
cohorts. Feature selection, model training and optimization were performed on the training

cohort. The testing cohort was introduced to evaluate model performance.
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Classification of Radiomic Feature
Metabolic Activity Extraction (4 Sets)

Regional Segmentation

NCCT
+ SUV l
» High SUV 1. 1% Order Features (NCCT Image)
P 2. 1% Order Features (All Images)
o 1T 3. 1%¢/2" Order Features (NCCT Image)
» Low SUV 4. 1st/2"Order Features (All Images)
SUV Map |
2. Soft-tissue Iy 1
(Surrounding tumour) B ~
——» -SUV Train Cohort Test Cohort
3. Thyroid Tissue ]— (n = 194) (n = 104)

.

Experiment 1A Experiment 1B
+SUV vs -SUV  High vs Low SUV

| |

Feature Reduction

¥
Model
Evaluation

(AuROC)

Model Training
(10 — Fold Cross-validation,
n = 100)

Fig. 79: Workflow for the classification of volumes extracted from NCCT images based on
metabolic activity using radiomic signature (Experiments 1A and 1B). Tumour and adjacent
soft tissue were segmented from the SUV map using threshold-based methods and the thyroid tissue
was manually segmented on the paired/registered NCCT image. Volumes were classified based on
metabolic activity into three categories (High SUV, Low SUV and negligible SUV). High/Low SUV
were localized within the tumour volume. Regions of negligible SUV included the soft-tissue
surrounding the tumour and thyroid tissue. Four sets of radiomic features were extracted within the
segmented volumes from either the NCCT image or All Images (NCCT + Filtered Images). Filtered
images included the NCCT image with applied Laplacian of Gaussian and Wavelet filters. Full
details regarding image filtering can be found within the appendix. Feature reduction was performed
in MATLAB using the minimum redundancy, maximum relevance (MRMR) algorithm. 10-fold
cross-validation was performed (n= 100) and each of the validated models were applied on the
testing cohort.
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7.2.6 Radiomic Feature Reduction

For Experiments 1A and 1B, four different models were trained using a different combination of
radiomic features. These models include:

1. First Order Features from the NCCT Image

2. First Order Features from the NCCT + Filtered NCCT Images

3. First/Second Order Features from the NCCT Image

4. First/Second-Order Features from the NCCT + Filtered NCCT Images

For each model, features were ranked using the minimum redundancy, maximum relevance
(MRMR) algorithm in MATLAB. The top 25 features for each model were selected for model
training and optimization. Feature extraction specifics for Experiments 1A and 1B can be found

within the appendix.

7.2.7 Random Forest classification of metabolic activity based on radiomic
signatures

For each experiment, models I to IV were trained on the training cohort of 194 patients with the
appropriate feature set using a 10-fold cross-validation approach. Prediction performance was
estimated on both the training/validation and previously established testing cohorts using
receiver operating characteristic (ROC) curves. Area under the ROC (AuROC) was calculated

to compare model performance.

7.2.8 Generative Models: Non-Contrast-CT-to-SUV Image Transformation

7.2.8.1 Deep Learning Architecture and Model Training

A generative adversarial network (GAN) was used for this non-contrast to SUV image
transformation task. These networks are a class of DL architectures whereby two neural
networks train simultaneously, with one network focused on data generation (generator) and the
other focused on data discrimination (discriminator). In this instance, these networks compete
against each other to better learn the underlying statistical distribution of the training data.
This allows for the generation of new examples from the same distribution. Here, we implement
a Cycle-GAN, which can learn transformations between two distributions without the need for

direct pairings between samples. We had previously applied the Cycle-GAN architecture for a
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similar medical image transformation task as seen in Section 5.3.5 and show its superiority over

other GAN architectures (e.g. Con-GAN).!!

Specifics regarding model architecture and associated training details are described in the
appendix. A 3-fold cross-validation paradigm with a training/test data split of 200:98 patients
(78,400: 73,900 2D axial slices) was employed. Within each training cohort, 50 of the 200
patients were used to internally validate during model training/optimization. The optimized
model was then evaluated against the testing cohort. It is important to note that the
training/test data split for this experiment is different than previously used. This data split and
training paradigm was used to maximize both the training and testing datasets, allowing all
NCCT/SUV images to be used for training and testing. For this experiment, SUV maps were

inverted as this is the view commonly used by clinicians.

Model performance during training and validation were evaluated using Root-Mean-Square-
Error (RMSE) difference between the simulated and the gold standard SUV map. This metric is
widely used in image transformation tasks as it evaluates the pixel-to-pixel differences between

image pairs.

7.2.8.2 Model Evaluation: Technical Assessment of Cycle-GAN Simulated SUV-
Map Accuracy

Tumours within the Cycle-GAN Simulated SUV maps were segmented using the same
threshold-based segmentation criterion as used for the ground truth SUV maps as described
above. Technical accuracy of the simulated SUV maps were assessed by extracting criteria
supported by the PET Response Criteria in Solid Tumours (PERCIST, version 1), which is used
to monitor tumour progression and response to treatment!4®. Within each of the tumours defined
by the simulated SUV map, four clinically-important metrics were extracted and compared
against that of the ground truth: 1. Minimum SUV(SUVj), 2. SUV at the 50™ percentile
(SUVs), 3. Maximum SUV (SUViax) and 4. Tumour burden/volume (in mm3). Bland Altman
plot and correlation coefficient analysis was performed for each testing fold to compare the

values obtained from the simulated SUV map and that from the ground truth SUV map.
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7.2.8.3 Model Evaluation: Clinical Outcome prediction using simulated SUV maps
Using the Cycle-GAN simulated SUV maps, Random forest models were constructed to predict

three clinical outcomes (1. locoregional tumour recurrence, 2. distant metastasis, 3. survival).
The primary objective of this experiment was to compare the predictive accuracy using the
Cycle-GAN simulated SUV maps against the ground truth. This analysis mirrors that performed

by Valliéres et al'* and is visualized in Fig. 80.

For each patient, a total of 2,150 radiomic features were extracted. It is important to note
that for this experiment, tumour hotspots were grouped by patient and not individually
analysed, as was done in Experiments 1A and 1B. Identical training (n = 194) and testing splits
(n=104) were implemented for model training and evaluation. The process of integrating the
radiomic features into a multivariable model was achieved using the logistic regression utilities
of the software DREES1%. Stepwise feature set reduction and selection methods were

implemented.

SUV Map | l
(Ground Truth) Isotronic Radiomic Feature
Tumor P Extraction (RFE) Training Testing
. t > Sampling —» . o 3 > ; —
Generated SUV Segmentation T D @ varying Bin Widths (n =194) (n 104)

Map (5,10,15,20,25)

Each step includes an I'mbalance- Adjustment Strategy
A 4

| I .
I Loglstlc 10 Features Feature 25 Features Stepw1se forwa'rd I Outcomes
I Regression 1 Selection " Feature Reduction -« .
L Model Training (Gain Equation) I é’u.ﬁzﬁoﬁ;ﬁ?zme

2. Distant Metastasis

Model Evaluation of 3. Death

Outcome Classification e T T

Fig. 80: Pipeline for the Clinical Evaluation of Simulated SUV Maps. This pipeline is based on
the work performed by Vallieres et al, which focused on the application of SUV maps for the
prediction of three clinical outcomes: 1. Locoregional tumour recurrence, 2. Distant Metastasis and
3. Death. The pipeline consists of radiomic feature extraction from the tumour regions within the
SUV Map. Feature reduction, selection and model training were performed on the training cohort
using an imbalance-adjustment strategy that was identical to Vallieres et al'*. Optimized models were
evaluated on the testing cohort.
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Additional information regarding the feature set reduction and selection can be found in the
supplement. For each set of features, predictive performance was estimated and the top 3
parsimonious models were chosen for each outcome. The selected parsimonious models for each
feature set (1. Ground truth SUV map, and 2. Cycle-GAN Simulated SUV Map) and each of the
three outcomes was directly tested on the pre-defined testing set. Model performances between
the simulated SUV maps and that of the gold-standard were compared to assess the predictive

capacity of the simulated images.

7.3 Results
7.3.1 Patient Population and SUV Map Characteristics

Imaging (PET, CT) data from 298 patients with diagnosed HNSCC were available on TCIA.
The patients underwent routine treatment management (radiation — 48, 16%; chemo-radiation —
252, 84%). Imaging was obtained within a median of 18 days (range 6 — 66) prior to the start of

treatment!4.

At the time of imaging, the median patient weight was 75 Kg (range — 43 -142 Kg) and the
median dosage of FDG-PET injected was 1.65 x 10% Bq (range — 3.81 x 10% — 31.82 x 108).
Additionally, the median duration between injection and scan time (At) was 1.80 x 10* s (range
- 1.04 x 10* — 3.01 x 10%). Each patient-specific combination of weight, dose, and At, along with
the half-life of FDG (6588 s!) was used to calculate the SUV map. Average SUV within the
calculated images is 0.19 + 0.06. SUV maps were derived from the provided PET images to

standardize measurements between patients.

The median follow up time after treatment was 43 months (range — 6 -112 months). Of the
298 patients, 45 patients developed locoregional recurrence, 40 patients developed distant
metastasis and 56 patients died. Additional information regarding the patient cohort
characteristics can be found within the previously published data documentation!®.

7.3.2 NCCT/SUV Registration and Tumour Segmentation

The accuracy of registration between the NCCT and SUV images was 95.1 + 1.9%. This was
assessed by the DICE score between the surface contour of each patient derived from the NCCT
and PET images (Fig 75). Tumour segmentations were obtained from the PET-derived SUV

map. From 298 patients, 683 hot spots of elevated FDG uptake (elevated SUV, 6.03 + 1.71)
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were isolated, which are characteristic of metabolically active tumours (primary and/or
metastatic lymph nodes). The brain, which is highly metabolic was excluded from the derived
segmentation. These derived segmentations would serve as the ground truth for subsequent

experiments.

7.3.3 Experiment 1A: Radiomic features in NCCT images can differentiate regions

of elevated vs negligible FDG uptake

The primary aim of Experiment 1A was to investigate whether first-order radiomic features (ex.
Hounsfield Unity Intensity) from NCCT images could be used to define areas that correspond to
different FDG uptakes in the paired PET/SUV map. SUVs were significantly higher within the
tumour when compared against non-tumour tissue (6.03 + 1.7 vs 3.21 £+ 1.00, p< 0.001, Fig.
81a). In the CT images, the average Hounsfield unit intensity within the tumour was less than
that of the adjacent non-tumour tissue (p < 0.01). This indicates that there may be a difference,
albeit subtle, in the radiomics signature between the two regions. Similar results are observed

when comparing tumour with that of the thyroid (Fig. 81b).

Random forest models (Experiment 1A: Models I — IV) were trained on a combination of
first and second-order radiomic features extracted from the CT to classify regions with increased
or negligible SUV (Fig. 82a-b). For the task of classifying tumour vs non-tumour tissue, Model
I (First Order — CT) had an AuROC of 0.87 £ 0.1. Model performance improved with the
introduction of first order features from filtered images (Model II, First Order — CT + Filter-
Based, AuROC — 0.93 £ 0.1, p < 0.001). The incorporation of matrix-based radiomic features
further improved classification performance (Fig. &2a). With regards to tumour vs thyroid
tissue, the AuROC for Model I was 0.94 + 0.11. Although model performance increases with
feature complexity (Models II — IV), the difference in AuROC was not statistically significant
(Fig. 82b).
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Experiment 1A: Differentiating Regions of elevated vs negligible FDG uptake on NCCT
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Experiment 1B: Differentiating Regions of High vs Low FDG uptake within tumour on NCCT
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Fig. 81: Differentiating regions of FDG uptake within a CT image. A. Tumour tissues were
compated against adjacent non-tumout tissues, as delineated by the PET/SUV map. FDG uptake
and HU intensity within tumour tissues were higher than that of non-tumour tissues. B. SUV and
HU of Tumour tissues were compared against that of thyroid tissues. Thyroid tissue served as a
biological comparison to unaffected lymph nodes in terms of macroscopic structure and appearance
on CT. FDG uptake and HU intensity within tumour tissues were higher than that of thyroid
tissues. C. Similarly, segmentations encompassing regions of high and low uptake within the tumour
region had statistically different mean SUVs and HU intensities (E, p<0.05). This slight HU
difference between regions can be appreciated in the adjacent histograms.
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Fig. 82: Area under Receiver Operation Cutves for 4 random forest models trained with a
combination of radiomic features to classify CT regions based on metabolic activity. A.
Experiment 1A compared regions of elevated vs negligible FDG uptake. Regions of negligible
FDG uptake included non-tumour tissue (adjacent to the tumour) and thyroid tissue. B.
Experiment 1B compared regions of High vs Low FDG uptake within the defined tumour
segmentation. Fach model was trained using a 10-fold cross validation method for 100 iterations
on a selected group of 25 radiomic features. Following training, each of the 100 models was applied
to the testing cohort to assess model performance. The statistical differences between each model
is assessed using a one-way ANOVA. ** p <0.01; *** p < 0.001; *** p < 0.0001.

7.3.4 Experiment 1B: Radiomics features in NCCT can differentiate high versus
low FDG uptake within an individual tumour

The objective of this experiment was to investigate if radiomics features extracted from the
NCCT image could differentiate regions with different FDG uptake within the tumour. A
patient-specific SUVsg threshold (SUVsp: 6.62 + 1.71) was used to further subdivide the tumour
into two regions: 1. Regions of high FDG uptake (n = 528, SUV: 7.2 £+ 2.0) and 2. Regions of
low FDG uptake (n = 683, SUV: 5.1 £ 1.6, Fig. 8Ic). Given that a patient-specific SUVs -
threshold was used to differentiate regions, tumour hot spots may either have high FDG uptake,
low FDG uptake or a combination of the two. Average tumour volume with SUVs above the
50t percentile (8.29 x 10% + 9.3 x 10? mm?) was significantly greater than that below the 50
percentile (6.39 x 103 £ 7.8 x 10> mm?, p = 0.009). In the CT images, significantly lower HU
intensity was observed within the tumour region with higher FDG uptake compared to the

tumour regions with lower FDG uptake (p < 0.01, Fig. 81c).
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Similarly, four random forest models (Experiment 1B: Models 1 — IV) were trained on a
combination of first- and second- order radiomic features extracted from the CT to classify
regions with high or low FDG uptake within the tumour (Fig. 82b). Model I (First Order —
Image-Based) had an AuROC of 0.79 £+ 0.13, which improved with the introduction of first
order features from filtered images (Model II, First Order — Image + Filter-Based, AuROC —
0.83 £ 0.14, p<0.01). Like that seen for Experiment 1A, the incorporation of matrix-based
radiomic features (Models III, IV) further improved classification performance.

7.3.5 Experiment 2: Generation of SUV Maps from NCCT

A 3-fold cross-validation platform was implemented for this CT to SUV map image
transformation task. During model training, for each fold, the RMSE between the simulated and
ground-truth SUV map images for the training and testing cohort decreased to plateau at 0.30
+ 0.12 and 0.40 + 0.15, respectively (Table 20). Fig. 83 illustrates the simulated SUV map
alongside their respective gold standards. The visualized error is the difference between the two
sets of images and highlights differences in pixel value. The RMSE for each image pair is

indicated at the bottom.

7.3.5.1 Technical Assessment of Simulated SUV-Map Accuracy
Mean SUVjp (2.20 £ 0.78), SUVso (5.95 £+ 2.15) and SUVmax (9.89 £+ 0.38) within the tumour

regions of the simulated maps were significantly less than that of ground truth (SUVy: 2.40 +
0.64, SUVsp: 6.62 + 1.71, SUVaax: 9.98 £+ 0.15). Subsequently, the bias, as measured by Bland-
Altman plot analysis was 11.7% [95% CIL: -41.7 — 65.2%]|, 14.3% [95% CI: -40.5 — 69.2%] and
1.8% [95% CI: -9.7 — 12.1%)], respectively (Fig. &4a-c). These values suggest that the simulated
SUV map underestimates FDG uptake within the tumour regions. On the other hand, predicted
tumour volume/burden per patient (3.16 x 10* &+ 2.73 x 10* mm?) was similar to that of the gold
standard (3.01 x 10* £ 2.60 x 10* mm? p = 0.51). A BA plot comparing the percentage
differences in tumour burden between the GAN-simulated and gold standard SUV MAPs is

shown in Fig. 84d.
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Table 20: RMSE difference between GT- and GAN- SUV Maps.

nench Fotd Potents U0 hees RMSE
1 100 253 3,931 0.40 + 0.14
2 100 227 4,126 0.39 £ 0.16
3 98 202 4,244 0.42 £ 0.15
Total 298 682 12,301 0.40 £ 0.15

CT (NCCT)

Non-Contrast

Generated
SUV Map

SUV Map

Error

RMSE

0.14 0.13 0.18 0.27 0.37 0.41

Fig. 83: Simulated SUV Map (Output of Cycle-GAN) displayed alongside its ground truth
(Real SUV Map) and Non-Contrast CT axial slice for six patients. The error between the
SUV maps is visualized and is represented by the RMSE. It is important to note that these SUV
maps are inverted as this is the view commonly used by clinicians.
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Fig. 84: Technical Assessment of Simulated SUV-Map Accuracy: Bland-Altman plots for the
SUV, (A), SUVs (B), SUVix (C) and tumour volume (D) were constructed to assess the percentage
difference between the gold-standard and simulated SUV maps. The bias along with the 95%
confidence Intervals are indicated each plot. These assessment criteria were adapted from the
PERCIST v.1 criteria to characterize and monitor tumour progression using PET images.

7.3.5.2 Clinical Outcome prediction using Simulated SUV maps
Regions of High FDG uptake/SUV were isolated in the Cycle-GAN-simulated SUV (CycleGAN-

SUV) map using the threshold-based segmentation method. 86 radiomic features (first + second
order features) were extracted from both the Cycle-GAN-SUV and ground truth- SUV maps
(GT-SUV) maps for each combination of image parameters (25). Data was separated into
training (n = 194) and testing cohorts (n = 104) prior to feature reduction and selection for
each outcome (Fig. 80). In all three clinical parameters, there was no difference in the outcome
prediction using models simulated by GT-SUV maps or Cycle-GAN-SUV maps (Fig. 85). For
the classification of locoregional recurrence, AuROC was 0.60 £+ 0.01 (GT-SUV map) and 0.59
+ 0.02 (Cycle-GAN-SUV map) (p=0.35). For classification of distant metastasis, AuROC was
0.82 £ 0.02 (GT-SUV map) and 0.79 + 0.01 (Cycle-GAN-SUV map) (p=0.20). For the
classification of patient death, AuROC was 0.63 + 0.01 (GT-SUV map) and 0.62 + 0.02 (Cycle-
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GAN-SUV map) (p= 0.13). The model performances incorporating the GT-SUV maps had

similar performance to that observed in the original study by Valliéres et al'“.
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Fig. 85: Area under ROC curve for logistic regression models
trained to predict clinical outcomes (1. locoregional tumour
recurrence, 2. distant metastasis, and 3. death). Models were trained
using selected radiomic features from either the GT- or the
CycleGAN- SUV map and evaluated on a fixed testing cohort. The 3
best performing models for each outcome were selected and
evaluated. The performance between GT and GAN-SUV maps were
analysed for statistical significance for each outcome investigated.
Methods for the GT-SUV map analysis were adapted from Vallieres

et al (2017).
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7.4 Discussion

We recently demonstrated the feasibility of simulating contrast enhanced CT images without
the injection of IV contrast, using generative DL models. Similar to the workflow described here,
we first demonstrated difference in HU intensity and radiomic signature between blood and
other soft tissue components'!.  Similarly, abnormal tissues at the molecular level are
significantly different from healthy tissues, in terms of ultrastructure, tissue organization and
metabolic activity. These altered characteristics have been shown to be present prior to the
alteration in morphological structure at the macro- scale and may reflect changes in the tissue’s
attenuation coefficient. We therefore hypothesized that the raw data acquired from a NCCT can
be used to identify region of abnormal metabolic activity. The first objective of this study was
to investigate whether there are subtle differences within a NCCT image that can distinguish
regions of increased FDG uptake or metabolic activity (‘hotspots’ on a PET scan) from regions
with negligible uptake. This was a necessary preliminary step to ensure that there was sufficient
information within the NCCT image for the deep learning method to generate realistic

visualizations.

In general, radiomics employs advanced data characterization algorithms to extract pixel-
based relationships within a pre-defined region-of-interest. In addition to average HU intensity,
the differences between these visually in-distinct regions can be captured using a combination of
first- and second- order radiomic features. In this study, we show that there are significant
radiomic differences between regions of negligible, low, and high FDG activity in the CT image
(Experiments 1A-B). These differences support the validity of this image transformation task.
The trained DL generative network likely learns this higher-order information during model
training.

The second objective of this study was to investigate if a DL generative network could
robustly extract the subtle differences between soft-tissue components in patients diagnosed with
HNSCC and generate a visualization of FDG uptake. For this task, standard uptake value
(SUV) maps were used for the visualization of FDG uptake. These maps are derived from PET
images by standardizing for the patient’s weight, radiopharmaceutical dosage (FDG), and the

time duration between injection and imaging. These variables account for potential sources of
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variation within PET imaging. Following standardization, SUVs for all patients ranged between

0 - 10.

A 3-fold cross-validation approach was employed during training/optimization of the cycle-
GAN. There was no data leakage between the training/validation and testing cohorts, ensuring
that patients and their respective tumours were either found in the training or testing cohorts.
The 2D input data for this DL algorithm was derived from the 3D CT and SUV maps by
extracting 2D 144 mm x 144 mm region-of-interests within the larger patient volume. These
boundary conditions were defined by the patient contour obtained to evaluate the registration
accuracy between the CT and PET images. Additionally, this segmentation was used to remove
the underlying table from the patient, especially within the CT image. Given that these scans
were obtained from multiple centres, which use PET/CT machines from different
manufacturers, the tables that the patients lay on are quite different. Furthermore, as the axial
slice moves from the head towards the chest, the 2D axial view of the table significantly
changes. Isolating input slices from within the patient volume prevents the generative network
from encountering 1. empty slices, 2. slices with a small proportion of the patient and 3. slices
with a highly variable table layout. This theoretically should maximize the information learned
by the GAN networks for the CT to SUV image transformation task. RMSE between the

simulated and ground-truth SUV map was used to optimize training parameters.

Here, we showed that a trained cycle-GAN enables the visualization of a PET-like output
from a routine NCCT without the need to obtain a paired PET image. A subset of the
PERCIST criteria was used to evaluate the clinical quality of the simulated SUV maps in
identifying these tumour hotspots. These guidelines are commonly used to characterize the
identified tumour hot spot, monitor tumour progression and its response to treatment. Volume
of the tumour hot spot was similar between the simulated and GT-SUV images. This suggests
that the generative method is sufficiently able to differentiate healthy tissues from those with
altered FDG uptake. On the other hand, it is apparent the generative models underestimate the
SUVs within the tumour region as indicated by the statistically significant differences in SUVy,
SUVso and SUVpax.
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Given that SUV maps are a semi-quantitative measurement of FDG, the ability of the
generative model to identify these altered regions is more important, at least initially, than its
internal distribution of SUVs. This study shows for the first time the ability to isolate and
segment these altered metabolic areas from the NCCT without the need to obtain a paired PET
image. This visualization provides insight into the potential PET visualization and may serve as
a method to select if a patient requires subsequent imaging. Similar models can be optimized to
further characterize these defined regions. From Experiment 1B, it is apparent that the ability
to differentiate regions of low and high FDG activity within the tumour region is possible from
the CT image. This suggests that the generative network should be able to properly characterize
low /high SUV regions within the tumour. However, the major limitation of this approach is the
spatial variability of tumours within the head and neck region. Other instances of generative
networks in medical image transformation tasks are constrained to a more regularly occurring
phenotype or pathology'!. This is further amplified by the poor resolution of the input CT

images.

Although the simulated SUV maps tended to underestimate the FDG uptake within the
tumour region relative to the GT SUV maps, they were able to predict clinical outcomes with
the same accuracy as the actual PET scan. The methods and analysis for predicting clinical
outcome with the GT SUV maps were adapted from Vallieres et al'*1%, They investigated the
impact of radiomic features, extracted from the GT-SUV map, to predict tumour outcome (1.
locoregional tumour recurrence, 2. distant metastasis, and 3. patient survival). Their results
identified a combination of radiomic features to predict each clinical scenario. Utilizing identical
statistical methods for feature reduction and selection, we identify a set of radiomic features that
are able to produce similar clinical outcomes within the pre-defined testing cohort. It is
important note that our model performances for locoregional recurrence are slightly higher
(AuROC: 0.60) than that presented in Valliéres et al (AuROC: 0.58). The reason for this slight
boost in performance falls possibly to the difference in radiomic feature extraction. Our study
extracts a total of 2,150 features for each patient (Primary Tumour + Lymph Nodes) — 18 first
order + 68 second-order/texture features for 25 parameter combinations. On the other hand,
their study extracts a total of 1,615 features from each patient (10 first-order + 5 shape-based -+

40 second-order/texture for 40 parameter combinations). Regardless, these results support the
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ability to use this CT to SUV image transformation method to obtain clinically relevant

representations of metabolic activity within patients diagnosed with HNSCCs.

7.5 Conclusion

Here, we present an extension of the work presented in Chapter 5 and investigate if NCCT
images can be used to monitor and predict the progression of Head and Neck Cancer. Obtaining
a PET image is the conventional approach to monitor and manage patients with advanced
malignancy as it provides a visualization of its metabolic activity and its local/distant spread.
We hypothesized that such information may be inferred directly from a NCCT image. Regions
of negligible, low and high tracer uptake (metabolic activity) were isolated on the NCCT image
using the paired and registered PET map. Machine learning methods employing random forest
classification algorithms on intensity-based radiomic features were able to distinguish these
regions of increased tumor uptake on the NCCT image. Subsequently, deep learning generative
networks were employed to enhance the quantifiable differences in radiomic signature between
regions of different tracer uptake (ex. Tumours/metastatic lymph nodes vs. thyroid tissue). The
clinical relevance of the generated images were similar to the GT PET images with regards to
predicting tumour progression and patient survival. This visualization can be used to
supplement a NCCT for the detection of metabolically-active/malignant lesions without the
need to subject patients to PET imaging.

7.5.1 Limitations

This chapter highlights the possibility of simulating PET-like outputs from NCCT images
without the use of radioactive tracer. Current limitations of this study are like those outlined in
section 5.5.1. Although this data cohort was curated as a part of a multi-centre prospective
study, the NCCT acquisition parameters between sites/imaging studies were not standardized.
Additionally, it was apparent that CT image resolution was not maximized as axial slice
thickness for all NCCT images was 5 mm. This is sufficient when viewing the PET image
alongside the NCCT image, but is not ideal when performing radiomic experiments. As seen in
section 7.3.3, this data heterogeneity increases the realistic nature of the dataset but may

impede the analysis.



7. Visualization of Tracer Uptake from Non-Contrast CT 208

Furthermore, this analysis was also limited 2-D axial views within the NCCT/PET image
studies. It is possible that a 2.5 dimensional approach via introducing multiple views or an
entirely 3-D approach may improve this NCCT to PET image transformation. However, this

would require large amounts of data and advanced hardware/computational resources.
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8.1 Conclusion

Non-invasive medical imaging is a disruptive technology that has evolved into a platform
that is vital for the delivery of personalized precision medicine?. It is a common tool that allows
for the accurate characterization and assessment of disease tissue and is often used by clinicians
to aid in decision making. Since its inception, technological advancements have reduced both
imaging times and radiation dosage'. This has allowed for a seamless integration of medical

imaging within health care systems.

As mentioned in Section 2.2, one significant problem with the rapid growth of medical
imaging services within clinical practice is the problem of its overutilization??30, It highlights the
acquisition of additional medical images that have minimal impact on patient care or patient
outcome. This strains health care infrastructures and, more importantly, increases the burden
faced by patients. From an imaging perspective, one method to limit image overutilization and
reduce the radiation dose delivered to the patient is to maximize the amount of clinically
relevant information extracted. This would diminish the need to obtain additional or

“unnecessary”’ scans.

In this thesis, multiple machine learning methods were implemented to maximize the
amount of information extracted from non-contrast CT images. Here, the value of NCCT
imaging was investigated in two specific pathologies, Abdominal Aortic Aneurysmal (AAA)
disease (Chapter 4-6) and Head and Neck Squamous Cell Carcinoma (HNSCC, Chapter 7).
These diseases were selected as paired imaging (NCCT and CECT for AAA and NCCT and
PET for HNSCC) is obtained for both diseases.

An automatic region-of-interest detection and 3-D segmentation pipeline was developed
using DL methods to extract the pathological aorta and AAA from both NCCT and CECT
images. This algorithm was able to automatically generate clinically acceptable 3D shapes that
could be used for more complex morphological analysis. Subsequently, DL-based image
transformation methods were optimized to visualize the pathological aorta and its major side
branches directly from NCCT images without the injection of IV contrast. As previous methods
to visualize AAA morphology required the use of IV contrast, this novel technique increased the

utility of NCCT images within the clinical management pipeline of AAA disease. Aortic shapes
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derived from NCCT and CECT images were then used to develop AAA growth prediction
models, which were subsequently validated on an independent validation cohort. Finally, the
DL-based image transformation methods developed in Chapter 5 were extended to visualize
regions of increased radioactive tracer uptake (ex. primary malignancy and metastatic lymph
nodes) within a NCCT image in patients diagnosed with HNSCC. The generated PET
visualizations had similar predictive capacity for tumour progression and patient survival to that

of the GT PET maps.

Ultimately, these investigations highlight the ability to extract higher-order features directly
from a NCCT image using machine-learning methods without the addition of IV Contrast for a
CECT and radioactive tracer for PET. Subsequently, I show that these features can be useful to
clinical practice (i.e stratification of disease). This thesis is poised to disrupt current clinical
pathways with a focus on minimizing the number of total imaging studies but maximizing the

amount of extracted information.

8.2 Future Directions

This thesis highlights the importance of NCCT imaging in certain clinical scenarios to stratify
disease progression and suggests that these benefits could be translatable to similar pathologies.
I am fortunate that the majority of this thesis has been published or is currently under peer
review (Chapter 7) and therefore, I do not envisage significant additional work to complete my
thesis. In this section, we present additional directions that are essential prior to updating the
role of NCCT imaging in the clinical management of AAA and HNSCC. Future investigations
will be required to validate the current pipeline and to expand the capability of the developeed
algorithms to other anatomical sites and pathologies. This will form an ongoing platform of
research in the group, and that I am considering post-doctoral fellowship options.

8.2.1 Expanding the Data Cohorts

Most investigations performed in this thesis utilize retrospectively obtained de-identified imaging
data from a single centre. This form of data is effective in conducting initial proof-of-concept
experiments but is not sufficient when making claims about model robustness and
generalizability. The benefits of recruiting more centres and increasing the size of the imaging

cohort for training machine/deep learning models include (1) capturing all variations of the
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disease phenotype and (2) providing images obtained under different scanners and scanners from
different manufacturers. It limits the bias of the DL model to a specific subset of
patients/disease types and minimizes the impact of imaging artefact on model output. Similarly,
expanding the dataset to include small-sized AAAs will allow for the evaluation and further

optimization of our image extraction and growth prediction methods.

Additionally, it is essential to obtain patient demographics and other clinical information.
Imaging data represents one aspect of the patient’s condition and is commonly coupled with
clinical information prior to employing decision making algorithms. By prospectively obtaining
imaging studies along with clinical information, we will be able to further optimize our DL
image extraction methods and investigate the importance of each component within our
prediction algorithms. For example, in Chapter 5, we highlight the role of tube current in
upholding non-contrast to contrast image transformation accuracy and suggest that further
optimizing scanner settings to patient type may lead to improved model performance. Similarly,
in Chapter 6, integrating patient-specific clinical information with AAA-specific geometric
measurements may further improve model performance. The unique value of image-specific
information can only be determined following the implementation of a prospectively designed
study.

8.2.2 Mathematical modelling to simulate AAA shape and morphology

Another future study would be to investigate the impact of additional image augmentation
methods to supplement the DL methods trained and optimized in this thesis. In Section 4.2.5,
we implement non-linear divergence algorithms to simulate unique AAA shapes to strengthen
the segmentation pipeline. We hypothesize that by implementing the methods developed in
Section 4.2.3 to simulate AAA shapes, we would be able to systematically generate a diverse
array of AAA shapes that could be used to further strengthen the performance of the DL
methods trained in this thesis. This would include simulating the presence of ILT within the

AAA sac, and augmenting the Lumen-ILT boundary and/or the aortic outer wall.

A direct expansion of this method would be to simulate not only the thoracic aorta but also
the major side branches of the aorta. Computational fluid dynamic modelling on the simulated

aortic shapes based on the relevant geometric features (Section 6.5), can be used to obtain
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insight into the link between alterations in intravascular hemodynamic forces and aneurysmal

growth and progression.
8.2.3 Expanding the DL pipelines to focus on other pathologies

The aortic segmentation (Section 4) and the non-contrast to contrast image transformation
pipelines (Sections 5) utilize DL algorithms for the ROI detection, segmentation and
transformation of the aortic aneurysm. In the aorta alone, AAA disease represents one subset of
observable pathological changes. Additional conditions include (1) atherosclerotic plaque/lesions,
(2) thoracic aortic aneurysms and (3) aortic dissections. Similar pathological changes can be
observed within the neighbouring vasculature (ex. iliac artery aneurysm or carotid artery
luminal stenosis/atherosclerosis). Therefore, it is imperative to expand the DL pipelines to
automatically capture, segment and transform vasculature (aorta + major side branches) with
or without pathological changes. Although the DL pipeline would be similar for model
training/optimization, each pathology would require a unique disease-specific data set.
Acquisition and curation of these large cohorts would be the rate-limiting step. Similar future
investigations are required, albeit with different types of malignancies, for the non-contrast to
PET image transformation task detailed in Chapter 7.

8.2.4 Investigating the clinical impact and acceptance of DL algorithms

Overall, the DL algorithms developed over the course of this thesis automatically extract
information from CT images and provide guidance on predicting clinical outcome. The true
motive underlying these methods are to standardize clinical decision making, enhance the care
team efficiency and reduce the burden on the patient. Few of the biggest obstacles in achieving
this are the necessity for additional provider training and poor integration within current clinical
practice. Therefore, we seek to provide an easy-to-use set of tools that provides clinical
assistance in a format that is widely understood. In order to achieve this, it is necessary to
engage with radiologists and other clinicians early in the process to guide product development.
As a result, future investigations involve establishing prospective blinded studies where
radiologists can qualitatively inspect and/or plan surgical intervention/treatment using the
derived segmentations and simulated images (ex. Pseudo-Contrast or Pseudo-PET) against that
of the GT (CECT and PET). Engaging a variety of clinicians from multiple centres is a time-

and labour-intensive task but is essential to bring this technology into the clinic.
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9.1 Bland-Altman plot analysis to assess measurement accuracy

Bland-Altman plot analysis is a commonly used technique to evaluate the agreement between
two sets of measurements. It is valuable in identifying any systematic differences between the
measurements (ex. fixed bias) or potential outliers that may confound the analysis. It plots the
difference between sets of measurements against their average. The mean difference (y-axis) is
the estimated bias, and its standard deviation of the differences captures the fluctuation around
the calculated mean. It is commonly presented along with the 95% limits of agreement (LOA),
which are the 95% confidence intervals (mean + 1.96 * standard deviation). The greater the

measurement variability, the greater the fluctuation about the mean and the wider the LOA.

In order to demonstrate the utility of a Bland-Altman plot, an example analysis has been
illustrated in Sup Fig. 1. 100 Duyax measurements are randomly sampled from a normal
distribution with a mean of 50 mm and a standard deviation of 2 mm. Example Method 1
calculates Duax with a mean difference of 0 mm and a standard deviation of 2 mm. On the other
hand, Example Method 2 is less rigorous and calculates Duax with a mean difference of 0 mm
but a standard deviation of 5 mm. The differences are normally distributed and are visualized in
Sup Fig. 7a. Although Method 1 and Method 2 have similar negligible bias, Method 1 has a
narrower LOA than that of Method 2. This suggests that Method 1 can more accurately capture
the max diameter than that of Method 2. Similar forms of BA plots are performed throughout

this thesis.

>
iy
o

Bland-Altman Plot
(GT — Method 1)

W
(=]
1

-
o
1

Frequency

o
1

=)

1
Difference (mm)
=)

1
L v *
oo
%..
| @
¥
0'1
oo
[
: .

1
Difference (mm)
IS)

IV
]
¥
I
1
"

’
iy
']

)

L
]

1]

1]

1]

-104

-20 -10 0 10 20 . -0.16 [-4.24 : 3.93] mm -0.46 [-8.41 : 9.36] mm
-15 — T T T T 1 -15 T T T 1 T 1

Difference (mm) 44 46 48 50 52 54 56 44 46 48 50 52 54 56

. (GT - Method 1) l:l Average (mm) Average (mm)

Sup Fig. 1: Comparative Bland-Altman Analysis with simulated Dy« measurements. Methods 1 and
2 represent Di. measurements obtained with different levels of accuracy. A. Differences between
the Dy measurements (1. GT and Method 1 and 2. GT and Method 2) are sampled from a normal
distribution with different standard deviations. B. Corresponding Bland-Altman plots are illustrated
and highlight that Method 1 has a narrower Limit of Agreement than that of Method 2.
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9.2 Radiomic Feature Extraction

All radiomic features were extracted using Pyradiomics, an open-source python package®. For

each set of image/segmentation and parameter setting, 18 first-order, 68 second-order and 1118

filter-based features were calculated.

1.

First-Order features: These features consist of image-based statistics (ex. minimum,
mean, median, maximum, kurtosis, etc), which describe the distribution of voxel
intensities within the image region defined by the segmentation mask. These features are

not influenced by the shape or volume of the defined mask.

Second-order features: These matrix-based features extract the radiomic “texture”
within a defined region of interest shape/volume. These features include those derived
from 1. Gray-level Co-occurrence (GLCM), 2. Gray-Level Size Zone (GLSZM), 3. Gray
Level Run Length (GLRLM), 4. Neighbouring Gray Tone Difference (NGTDM) and 5.

Gray level Dependence (GLDM) matrices.

Filter-based features: These features represent 15 and 2"d-order features calculated on
filtered images. The two filtering methods applied to the images includes 1. Laplacian of
gaussian (LOG) and 2. Wavelet filtering. The former is an edge enhancement filter that
seeks to emphasize area of gray level change, where a predefined sigma indicates the
degree of coarseness in the filtered image. Here, a high sigma favours coarse textures
(grey level variations over a large scale), whereas a low sigma favours finer textures (grey
level variations over a smaller scale). In this study, 5 levels of sigma were used (o =
1,2,3,4,5) with 86 1%t/2"d order features extracted for each sigma (425 - 34 order LOG
features). Similarly, wavelet filtering produces 8 decompositions for each input image;
these decompositions involve applying either a high (H) and/or low (L) pass filter in 3-
dimensions (HHH, HHL, HLH, HLL, LLL, LLH, LHL, LHH). For each decomposition, 86
1" and 2" order features are extracted (680 — 3'Y Order Wavelet features). Full
documentation for each of the extracted features can be found along with the

pyradiomics source code®.
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In Experiments 1A-B, first (n = 18), second-order (n = 68) and filter-based (n = 1118) radiomic

features were extracted using all the possible combinations (25) of the following parameters:
1. Isotropic voxel size (5): Sizes of lmm, 2mm, 3mm, 4mm and 5mm
2. Histogram Bin Widths (5): Widths of 5, 10, 15, 20 and 25

For each region of interest, a total of 30,125 features were extracted ((86 1t/2"d order features +
[86 * 13 filtered images|) x 5 Isotropic Settings x 5 Bin-width settings). A subset of these
features were used for Models 1-4 (Section 7.2.6). When investigating the clinical relevance of
the simulated SUV map (Section 7.3.5.2), only first and second-order features were extracted for
each parameter combination (2,150 features per patient, 86 features/combination * 25

combinations). This was done to mimic radiomic features extracted by Valliéres et al'4.

9.3 Feature Reduction and Selection

Prior to classification of FDG activity in Experiments 1A /1B, feature reduction was performed
using the minimum redundancy, maximum relevance (MRMR) algorithm in MATLAB. The top
25 features (from the 30,125 radiomic features per region) for each model were selected for
model training and optimization. This algorithm was selected for feature selection as it tends to
efficiently parse through a large array of features to select a subset with a high correlation to an
output class and a low correlation between the features?”%8. By scaling down the feature vector,
it prevents overfitting and maximizes model interpretability, which is extremely valuable for

clinical problems.

With regards to clinical outcome prediction, feature set reduction was performed on each
initial feature set (2,150 features x 194 patients) in a stepwise forward feature selection method
utilizing the Gain equation to obtain a subset of 25 features. These selected features maximized
both predictive power (via Spearman’s rank correlation) and non-redundancy (via the maximal
information coefficient). Subsequently, feature selection was performed using a stepwise forward
feature selection scheme to maximize the 0.632+ bootstrap AUC (100 samples). The resulted in
a combination of features (1-10 features) that optimized model performance. For each of the 10

combinations, predictive performance was estimated and the top 3 parsimonious models were
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chosen for each outcome. Additional detail regarding the feature reduction/selection steps can

be found within the supplemental materials of Valliéres et all‘.

9.4 Generative Model Training (Non-Contrast-CT to SUV Transformation)
9.4.1 CycleGAN Architecture

The generator and discriminator components in the Cycle-GAN model architecture were
explicitly defined as least-squares GAN and a 70 x 70 pixel PatchGAN, respectively. The
former incorporates an additional least-squares loss function for the discriminator, which in
turn, improves the training of the generative model. On the other hand, the discriminator goes
through the image pairs, in 70 x 70 pixel patches, and is trained to classify whether the image
under question is “real” or “fake”. A similar model architecture was used in our prior work for

another image medical image transformation task!!.

9.4.2 GAN model training
The Cycle-GAN models were trained with a learning rate of 2.0 * 10 for 200 epochs on

overlapping 144 x 144 images located around the patient segmentation, which was derived to
assess registration accuracy between the NCCT and SUV images. Four networks (2 generators
+ 2 discriminators) were trained simultaneously and various loss functions were evaluated at
each iteration to document model training. In addition to the loss metrics inherent to the
networks, an identity mapping and a cycle consistency loss functions were included to ensure
appropriate style transfer and regularization of the generator to allow for image translation,
respectively. Model weights were saved every 10 epochs and intermediate model predictions
were simulated from the NCCT images within the training cohort. The simulated predictions
were independently evaluated against the ground truth CECT images to assess model training.
During assessment, overlapping 144 x 144 mm images throughout the patient volume were
transformed and a weighted average of the output slices was used to compile the simulated 3D

SUV map.

9.5 Results
9.5.1 Outcome prediction using Simulated SUV maps

This section provides the complete description (specific radiomic features with extraction

parameters) of the best radiomic models trained, from both the GT and simulated SUV maps,
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for each outcome (locoregional recurrence -Appendix Table 1, distant metastasis — Appendix
Table 2, and death — Appendix Table 3). Significance of the variable in each of the trained
logistic regression models (constructed/optimized from the training dataset - n = 194) was
assessed for variable significance using the Wald’s test using the DREES software (MATLAB).
Appendix Table 4 indicates the performance (AUC, sensitivity, specificity and accuracy) of the
best logistic regression models for each of the outcomes on the testing dataset (n = 104).

Regression models for the simulated and ground truth SUV maps are similar in performance.
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Appendix Table 1: Locoregional Tumour Recurrence (all Variables, p < 0.05)

Fx Gold-Standard SUV Map p Simulated SUV Map p
1 GLRLM ShortRunEmphasis: 0.0/ GLCM Imcl: 0.02
Scale = 1mm , binWidth = 25 Scale = 5mm , binWidth = 25
9 GLSZM SmallAreaEmphasis: 0.008 GLSZM ZonePercentage: 0.005
Scale = 2 mm, binWidth = 15 Scale = 1 mm, binWidth = 20
GLSZM GrayLevelNonUniformity- FirstOrder Skewness 0.002
3 Normalized: 0.02 Scale = 4 mm, binWidth = 5
Scale = 3mm , binWidth = 15
4 GLCM Imcl; 0.02 GLSZM SmallAreaEmphasis: 0.01
Scale = 3mm , binWidth = 10 Scale = 1 mm, binWidth = 20
5 GLSZM SmallAreaLowGrayLevelEmphasis 0.009
Scale = 5bmm , binWidth = 20
Appendix Table 2: Distant Metastasis (all Variables, p < 0.05)
Fx Gold-Standard SUV Map p Simulated SUV Map
1 GLRLM ShortRunEmphasis: 0 FirstOrder_Energy: 0.009
Scale = 2mm , binWidth = 20 Scale = 4mm , binWidth = 5
2 GLSZM ZoneEntropy GLSZM SizeZoneNonUniformityNorm 0.02
Scale = 1 mm, binWidth = 20 0.03 alized:
Scale = 5mm , binWidth = 25
3 GLRLM GrayLevelNonUniformityNo GLSZM SmallAreaLowGrayLevelEmph 0.014
rmalized: 0.003 asis
Scale = lmm , binWidth = 20 Scale = 3mm , binWidth = 25
4 GLSZM GrayLevelNonUniformity; 0.002 GLCM InverseVariance 0.007
Scale = Imm , binWidth = 25 Scale = 3mm , binWidth = 10
5 GLSZM GrayLevelNonUniformity 0.02
Scale = 1mm , binWidth = 25
Appendix Table 3: Death (all Variables, p < 0.05)
Fx Gold-Standard SUV Map ) Simulated SUV Map P
1 GLDM SmallDependenceEmphasis: o GLDM GrayLevelNonUniformity: N
Scale = 1mm , binWidth = 15 Scale = 1mm , binWidth = 5
2 GLRLM GrayLevelNonUniformity GLSZM _SizeZoneNonUniformityNor
Normalized: <0]‘00 malized: 0.009
Scale = Imm , binWidth = 20 Scale = bmm , binWidth = 25
3 GLCM Contrast; 0.0093 GLSZM LowGrayLevelZoneEmphasis: 0.04
Scale = lmm , binWidth = 15 Scale = 1mm , binWidth = 20
4 GLSZM GrayLevelNonUniformity; <0.00 FirstOrder_ Mazimum 0.02
Scale = lmm , binWidth = 25 1 Scale = 3mm , binWidth = 5
5 GLSZM SizeZoneNonUniformityNo GLSZM SmallAreaEmphasis:
rmalized: 0.08 Scale = 1 mm, binWidth = 5 0.03
Scale = b5mm , binWidth = 25
6 GLSZM SmallAreaEmphasis: 0.04

Scale = 1 mm, binWidth = 5
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Appendix Table 4: Prediction performance of the best radiomic models from GT/GAN SUV
maps (logistic regression)

Outcome AUC Sensitivity Specificity Accuracy
i 5
ocoregional 0.60 0.67 0.55 0.59
= Recurrence
O | Distant Metastasis 0.84 0.94 0.54 0.63
Death 0.65 0.63 0.52 0.67
Locoregional
0.59 0.62 0.70 0.59
Z Recurrence
& | Distant Metastasis | 0.79 0.83 0.58 0.62
Death 0.64 0.57 0.68 0.59
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A Deep Learning Pipeline to Automate High-Resolution Arterial
Segmentation With or Without Intravenous Contrast
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Background: Existing methods to reconstruct vascular structures from a
computerized tomography (CT) angiogram rely on contrast injection to
enhance the radio-density within the vessel lumen. However, pathological
changes in the vasculature may be present that prevent accurate reconstruc-
tion. In aortic aneurysmal disease, a thrombus adherent to the aortic wall
within the expanding aneurysmal sac is present in >90% of cases. These
deformations prevent the automatic extraction of vital clinical information by
existing image reconstruction methods.

Aim: In this study, a deep learning architecture consisting of a modified U-
Net with attention-gating was implemented to establish a high-throughput and
automated segmentation pipeline of pathological blood vessels in CT images
acquired with or without the use of a contrast agent.

Methods and Results: Seventy-Five patients with paired noncontrast and
contrast-enhanced CT images were randomly selected from an ongoing study
(Ethics Ref 13/SC/0250), manually annotated and used for model training and
evaluation. Data augmentation was implemented to diversify the training data
set in a ratio of 10:1. The performance of our Attention-based U-Net in
extracting both the inner (blood flow) lumen and the wall structure of the
aortic aneurysm from CT angiograms was compared against a generic 3-D U-
Net and displayed superior results. Implementation of this network within the
aortic segmentation pipeline for both contrast and noncontrast CT images has
allowed for accurate and efficient extraction of the morphological and
pathological features of the entire aortic volume.

Conclusions: This extraction method can be used to standardize aneurysmal
disease management and sets the foundation for complex geometric and
morphological analysis. Furthermore, this pipeline can be extended to other
vascular pathologies.

Keywords: aorta, aortic aneurysm, attention-gating, CT angiogram, deep
learning, segmentation, U-Net
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computerized tomography (CT) scan uses multiple X-ray
measurements to provide a noninvasive visualization of internal
structures. Since the invention of the first commercially-available CT
scanner in 1972,' the use of CT for the diagnosis and disease
management is extensively embedded in modern medicine. Visuali-
zation of vasculature on a routine CT is challenging as vessels have
similar radio-densities (measured in Hounsfield Unit, HU) to adja-
cent soft tissues. Injection of intravenous contrast enhances the radio-
density within the vessel, enables its visualization and permits rapid
segmentation. The produced CT angiogram (CTA) is routinely
utilized to for diagnosis. On the other hand, vascular segmentation
from noncontrast CT images is a time-intensive and challenging task.
Such methods are not readily available to clinicians.

Furthermore, pathological changes, present in the lumen,
vessel wall or a combination of both, impede automatic segmenta-
tion. In the example of abdominal aortic aneurysms (AAA, abnormal
ballooning of the aorta) (Fig. S1A, http://links.lww.com/SLA/C720,
red arrow), a thrombus is adherent to the aneurysmal aortic wall (Fig.
S1B, http://links.lww.com/SLA/C720, red arrow points toward the
AAA) in >90% of cases.? Existing methods to segment these CTAs
are unable to consistently extract the thrombus and the complex
thrombus-lumen interface with accuracy. As such, no automated and
standardized methods exist to assess aneurysmal diameter (Fig. S1C,
http://links.lww.com/SLA/C720) or thrombus volume. These are
vital pieces of clinical information used in the care of AAA patients.

Before the advent of deep learning (DL), vascular segmenta-
tion methods incorporated traditional tools including edge detection
and/or mathematical models. These methods are complex, difficult to
execute and are poorly generalizable. In the early 2000s, image-
based DL methods became more approachable, given significant
improvements in hardware. Convolutional neural networks, which
are the foundation of DL architectures, consist of multiple layers that
transform the input using various predefined methods (convolution,
nonlinear activation, pooling, etc). The derived high-level abstrac-
tions are then extracted by fully connected layers. Finally, the
weights of each neural layer and by extension the model are opti-
mized during training.>* In recent years, many groups have strived to
identify improvements to this conventional approach.

One well-known architecture for biomedical image segmen-
tation is the U-Net.? This model employs skip connections between
layers, which serve to integrate the spatial and contextual
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information, to assemble a more precise output. Furthermore, these
methods, which were initially limited to 2D, have been applied to 3D
images to fully utilize spatial information.>> However, due to
memory limitations, many 3D U-Net methods utilize down-sampled
input images. This input size may not have enough resolution to
represent its diverse anatomical variety. This is especially relevant
when evaluating structures with variation that can only be captured at
higher resolutions.>® Additionally, most methods are not automatic
and require complex user input.

In this study, a modified U-Net architecture was implemented
to achieve high-throughput, automated segmentation of pathological
vessels (AAA) in CT images acquired with or without the use of IV
contrast. In CTA images, our method enables simultaneous segmen-
tation of both the arterial wall and lumen to enable characterization
of pathological contents. The model’s efficacy was demonstrated by
segmenting the thoracic and abdominal aortic regions. Finally,
clinical relevance of the trained models was extensively evaluated.

METHODS

Curation of CT Images From a Clinical Cohort

Chest and abdominal CT images were acquired through the
Oxford Abdominal Aortic Aneurysm (OXAAA) study. This study
received full ethics approval from both Oxford University and
Oxford University Hospitals (OUH) NHS Foundation Trust (Ethics
Ref 13/SC/0250). As part of the routine preoperative assessment for

AAA, anoncontrast CT of the abdomen and a CTA of both the chest
and abdomen were performed. CTA images were obtained following
contrast injection in helical mode with a predefined slice thickness of
1.25 mm. Noncontrast CT images included only the abdominal aorta
and were obtained with a predefined slice thickness of 2.5 mm.
Paired images were anonymized within the OUH PACS system
before being downloaded onto the secure study drive.

Manual Segmentation of CT Images (Defining the
Ground Truth Data)

Seventy-Five patients with paired noncontrast and CTA
images were selected. In the CTA, both the aortic lumen and wall
structure (WS) were segmented from the aortic root to the iliac
bifurcation using the ITK-Snap segmentation software.” Semi-auto-
matic segmentation of the aortic lumen was achieved using region-
growing by manually delimiting the target intensities between the
contrast-enhanced lumen and surrounding tissue. Segmentation of
the wall was performed manually by drawing along its boundary
using the previously obtained inner lumen as a base. Removing the
lumen from the larger segmentation results in a mask highlighting the
WS and intra-luminal thrombus (ILT), if present. In the noncontrast
CT image, the aorta was manually segmented.

Axial CTA images depicting the ascending thoracic (yellow
arrow), descending thoracic (blue arrow), and abdominal (red arrow)
aortic regions are shown in Figure 1A-B. The latter is aneurysmal and
contains crescentic layers of thrombus. Figure 1C displays the cross-

Non-Contrast CT (3D Recon.)

CT Angiogram (3D Recon.)

FIGURE 1. A-F. Axial Slices obtained from a CTA and noncontrast CT scan with overlaying manually segmented labels. The lumen is
illustrated in red and is typically surrounded by the outer wall in green. In the abdominal region, the green label includes the intra-
luminal thrombus, if present. G-H. 3D-reconstructed volumes representing the aortic lumen (red) and wall structure (green), which
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section of the abdominal aorta (red arrow) in the noncontrast CT
scan. Figure 1D-F, show the CT images with the overlying manual
segmentations. 3D volumes derived from the manual 2D segmenta-
tions are depicted in Figure 1G-H.

Assessment of Intra- and Inter- Observer Variation
of Manual Segmentation

Ten patients were selected for intra- and inter-observer vari-
ability evaluation. This evaluates the validity of the manual segmen-
tations. For the intra-observer assessment, manual segmentation was
performed for the second time by AC after a gap of 2 weeks. For the
inter-observer assessment, a trained clinician (NS) performed the
segmentations independent of the primary observer. The intraclass
correlation coefficient (ICC) was calculated for the intra-/inter-
observer analysis to assess the consistency of inner lumen and
WS/ILT segmentations.

Data Augmentation

To diversify the training set, CT images and their correspond-
ing segmentations were augmented using divergence transforma-
tions. These augmentations employ non-linear warping techniques to
manipulate the image in predefined locations. Each image was
augmented 10:1 to obtain a total of 825 postaugmented scans.
Figure S2, http://links.lww.com/SLA/C720 illustrates an axial slice
augmented 10 times. During model training, images were further

augmented in 3D using random rotation (0°—15°), translation and
scaling (0.7-1.3).

U-Net Architecture

In this study, a variation of the U-Net was used for the aortic
segmentation pipeline (Fig. 2A).>° Its general architecture consists
of 2 components: the contraction and expansion path (Fig. 2B). The
contraction path (red) extracts information to capture the context of
the input at the expense of losing spatial information. This is
followed by an expansion path (green), where the size of the image
increases to produce a predictive binary mask. The lost image detail
is restored using skip connections and is merged via concatenation.
This integrates the spatial and contextual information to assemble a
more precise prediction of the aortic structure.

Attention Gating to Strengthen U-Net Performance

An attention-gated 3D U-Net was evaluated for the segmen-
tation of the aneurysmal aorta. Attention gates utilize information
extracted from the coarse scale to filter out irrelevant data exchanged
via the skip connections before the concatenation step. The output of
each attention gate is the element-wise multiplication of input
feature-maps and a learned attention coefficient [0—1]. Given the
goal to simultaneously predict the location of the aortic lumen and
WS, multidimensional attention coefficients were used. These coef-
ficients were determined using additive addition,® which is more
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FIGURE 2. A. Automatic aortic segmentation pipeline for the simultaneous detection of the aortic lumen, and intra-luminal
thrombus/wall structure. Training required manual segmentation, 2D/3D-data augmentation and preprocessing of both CTA and
noncontrast CT images. Aortic ROl detection is coordinated by U-Net A for CTA images and U-Net D for noncontrast CT images. This
is followed by aortic segmentation and is coordinated by U-Net B+C for CTA images and U-Net E for non-contrast CT images. B. The
base architecture for this pipeline is a 3D Attention-based U-Net.
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accurate than multiplicative addition.” The integration of attention
gates for the purpose of pancreatic segmentation has produced
superior results when compared to that of prior models.® A similar
attention mechanism was implemented in this study for aortic
segmentation. The performance of this modified U-Net architecture
against that of a generic 3D U-Net for segmentation of the aneurysm
is included in the supplement. Figure 2B illustrates the 3D U-Net
architecture with attention gates utilized in this study.

Loss Function to Evaluate Model Performance

The DICE score was used to quantify model performance at
each step. This metric evaluates the similarity between 2 binary
images (A and B) and is defined as follows:

2|ANB
DICE (A,B) = !
Al +[B]
Here, this index equals twice the number of elements common
to both binary images (true positives) divided by the total number of

elements in both images (2x True Positives + False Positives + False
Negatives). This similarity quotient ranges between 0 and 1.

Aortic Segmentation Pipeline: Image Preprocessing

Following data augmentation, all 825 CT images from 75
patients (284,624 CTA axial slices, 145,320 noncontrast CT axial
slices) were preprocessed. Preprocessing steps included isotropic
voxel conversion and down-sampling by a factor of 3.2 (512 x 512 x
Zinilial/(i)_) 160 x 160 x Zﬁnal/([)Z Zf =7 / 32) Here, Z; and Zf
represents the number of axial slices within the study series before
and after pre-processing. The down-sampled images were only used
for aortic detection. The higher resolution images were used for
aortic segmentation.

Aortic Segmentation Pipeline: Aortic ROl Detection

Attention U-Nets A and D (Attn U-Net A, D, refer to Fig. 2A)
were trained to segment the aorta from these decreased resolution,
isotropic CTA and noncontrast CT images, respectively. These
architectures were trained and evaluated using 26 patients
(Table SI1A, http://links.lww.com/SLA/C720). Aortic bounding
boxes were generated from the model predictions. Two bounding
boxes were generated from the contrast CT image [1. Thoracic
(Thor.) and 2. Descending/Abdominal Aorta (AAA)] and one was
generated from the non-contrast CT image (1. Descending/ Abdomi-
nal Aorta (AAA)]. The ROIs derived from the bounding boxes served
as the input data for aortic segmentation. Zy, Or Zaaa represent the
number of axial slices within the thoracic aorta and descending aorta/
AAA ROIs, respectively. All subsequent U-Nets (Attn U-Nets B, C,
and E) were trained using the entire dataset of 75 patients (825
augmented images). This was done to expose the DL models to the
diverse and complex aortic/aneurysmal morphology.

Aortic Segmentation Pipeline: Aortic Segmentation
U-Nets B and C (Attn U-Net B + C, refer to Fig. 2A) were
trained on the CTA ROIs to simultaneously segment the aortic lumen
and WS regions of the thoracic and WS/ILT of abdominal aorta,
respectively. U-Net E was trained on the non-contrast ROIs and
was tasked to segment the abdominal aorta. For all 3 U-Nets, 3-fold
cross-validation experiments were performed with a data-split of 50:25
patients between training and testing cohorts for each fold (Table S1B,
http://links.lww.com/SLA/C720). Each fold consisted of 550 postaug-
mented images from 50 patients for training. The testing cohort
consisted of 25 preaugmented images from 25 patients (testing cohort).
There was no overlap between the train/validation and testing cohorts.
Table S2, http://links.lww.com/SLA/C720 delineates all the U-Nets
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trained and evaluated in this study along with their learning parameters.
Model training was performed simultaneously on a workstation with 2
11gb NVIDIA RTX 2080 TI graphics cards.

Assessment of Model Accuracy Using Aortic
Morphological Features

In addition to the DICE score, 1-,2- and 3-D measurements of
aortic morphology were extracted from the aorta. These were used to
evaluate the clinical validity of this high-resolution segmentation
pipeline. We developed an in-house program in MATLAB to auto-
mate the extraction task. We assessed the inter-/intra- observer
variation by comparing the algorithm output to the measurements
manually extracted (ground truth) from the same CT images. From
each patient, measurements were obtained both along the axial plane
and the plane orthogonal to the aortic centerline. Six measurements
were obtained from three slices [1. slice with the max anteroposterior
(AP) diameter, 2—3. 1 cm above and below the slice with the max AP
diameter]. Max antero-posterior and transverse diameters were
measured in each of the 3 slices. Coefficients of variation between
the manual delineation and automatic methods are reported.

Maximum AP diameter (1-D) along the axial plane and axial
area (2-D) of the aneurysmal region were automatically extracted
from each 3-D image. Finally, 3-D measurements included spatial
assessment of the lumen and ILT/WS from CTA images and of the
total aortic volume from noncontrast CT images. All metrics were
calculated on model predictions and ground truth (GT) segmenta-
tions using an in-house program in MATLAB. Bland Altman plots
and correlation coefficient analysis assessed bias and the strength of
association between the output of the DL. models and the GT. Bias for
all measurements was reported along with its 95% confidence
interval (95% CI).

Second-order features including lumen and ILT/WS center-
lines were calculated using an implementation of the homotopic
thinning algorithm.!® Centerline deviation between model predic-
tions and GT annotations was calculated using 1. Average Euclidean
distances and 2. Hausdorff distance. The former calculates the
distances between 2 closest points in the 2 centerlines. On the other
hand, the Hausdorff metric reflects the upper bounds of the former.!!
It is the greatest distance between a point in one centerline and the
closest point in the adjacent line. Additionally, maximum diameter in
planes perpendicular and orthogonal to the generated centerlines
were extracted and compared between the ground truth measure-
ments and the model predictions. Root-mean-square-error and per-
centage deviation were used to assess the similarity between the
diameters orthogonal to the AAA centerline. This second-order
feature assessment ensures the utility of model predictions for
complex geometric/morphological analysis.

RESULTS

CT Image Characteristics

Threefold cross-validation was used during training of the
aortic segmentation pipeline. CT image characteristics between the
training/validation and testing cohorts were extracted for each fold.
Statistical comparison (2-tailed unpaired #-tests) between the training
and testing cohorts for both CTA and noncontrast CT images across
all 3 folds, revealed no significant differences. The CT image
characteristics between the groups in fold 1 are summarized in
Table S3, http://links.lww.com/SLA/C720.

Intra- and Inter- Observer Variability Assessment
There were strong agreements for inter- and intra- observer

measurements (GT) as measured by DICE (£SD) score and intra-

class correlation coefficients from CTA and noncontrast CT images

© 2020 Wolters Kluwer Health, Inc. All rights reserved.
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(Table S4, http://links.lww.com/SLA/C720). This supports the accu-
racy of the manual segmentations used for model training.

Aortic Segmentation Pipeline: ROI Selection
Accuracy

Attn-U-Nets A and D were trained and tested using the smaller
cohort of 26 patients. These networks were tasked to extract the
aortic volume from low-resolution isotropic CT images. Both model
performances plateaued rapidly after 200 epochs of training.
Figure S6, http://links.lww.com/SLA/C720 illustrates the evolving
DICE score metric for the validation group during training of these
architectures. The segmentation accuracies on the testing cohort for
extracting the aortic mask from the CTA and noncontrast CT images
were 93.4+1.2% and 88.7 +4.2%, respectively. Implementing this
network on the larger cohort allowed for accurate ROI selection of
the aortic shape on all images.

Aortic Segmentation Pipeline: Aortic Segmentation
Accuracy

Following ROI selection, threefold cross-validation was used to
train the final segmentation models. Figure S7A, http://links.lww.com/
SLA/C720illustrates the evolving DICE score metric for the validation
group during training of these architectures. Consequently, Figure 3
displays the performance of Aftn U-Nets B and C on the ability to
segment CTA images via the DICE score metric. The inner lumen
DICE accuracy is comparable between the thoracic and the abdominal
aorta regions. However, WS DICE accuracy is lower in the thoracic
aorta compared to the abdominal aortic region. This is primarily
because the thoracic aorta is mostly devoid of ILT and in most cases

is a thin circular “ring” surrounding the lumen. Slight differences in
this segmentation result in a relatively larger proportion of error, as
compared to the abdominal region where WS differences will be
proportionally less due to ILT presence.

For noncontrast CT images, threefold cross-validation was uti-
lized to train Attn U-Net E (Fig. STB, http://links.lww.com/SLA/C720).
Figure 3B displays the performance of Attn U-Net E to segment non-
contrast CT images via the DICE metric. The aortic segmentation
pipeline for a patient within the test cohort compared against GT
annotations is illustrated in Figure S8, http://links.lww.com/SLA/C720.

Aortic Segmentation Pipeline: First and Second
Order Assessment of Aortic Morphology

Coefficients of variation (%CV) between manual and auto-
matic measurements for the maximum AP and transverse diameters
along the axial plane were 0.7 £0.05% and 1.1 +0.03%, respec-
tively. Additionally, %CV between manual and automatic measure-
ments for the maximum AP and transverse diameters along the plane
orthogonal to the aortic centerline were 0.9 + 0.04% and 1.4 +0.1%,
respectively. This suggests high concordance between the manual
and automatic methods in the calculation of clinical measurements
and supports the use of the automatic extraction algorithm for
subsequent steps.

Maximal AP diameter (r, = 0.99, P < 0.001) and cross-
sectional area (r,, = 0.98, P < 0.001) derived from model predictions
of CTA images were very strongly correlated with manually derived
measurements (Fig. 4A-B). The variability in diameter measurements
was <1.5mm (1.2 £ 0.80%). Inner lumen (rp, = 0.98, P < 0.001) and
WS (rp=0.78, P < 0.001) volumes of the thoracic aorta, derived from

1.00- . .
L] L] .
] o' 23t L
S
w 0.75+4 .
o . : "
(] . i
0.50 1 I 1 1 1
FIGURE 3. DICE accuracy of model Lumen ws Lumen  ILT/WS Combined
predictions from CTA/noncontrast CT Thoracic Abdominal Abdominal
images compared against GT segmen-
tations. A. DICE scores for the CTA- Contrast Non-Contrast
derived segmentations are divided into
nonoverlapping ROIs (Thoracic Aorta DICE Thoracic Aorta Abdominal Aorta Abdominal Aorta
[U-Net B] and Abdominal Aorta [U- (£5D) (Thoracic + Desc. Aorta) (Desc. Aorta + AAA) (Desc. Aorta + ARA)
Net C]). Scores for the lumen, throm- U-Net B U-Net C U-Net E
bus/wall structure (ILT/WS) only and
the combined aortic region are calcu- Lumen 94.7+430% 96.3+1.40% =
lated. B. DICE scores for the non-con-
trast-derived segmentations of the ILT/WS 80.1+4.40% 87.216.30% -
combined aortic region are calculated Comb. 95.0+3.90% 937+181% 93.5+2.30%
for the descending aorta/AAA only [U-
Net E]. A B
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FIGURE 4. Bland-Altman plots and correlation-coefficient analysis comparing the 1-D (Max AP Diameter of AAA - A), 2-D (Max axial
area of AAA - B), and 3-D (Lumen/WS volume of Thoracic Aorta — C-D, and lumen/WST/ILT volumes of the Abdominal Aorta - E-F)
measurements derived from model predictions compared against those derived from the GT. This analysis was limited to volumes
extracted from CTA images. Spearman correlation coefficients (r,) and P-values are indicated on the graphs.

the output of U-Net B, were strongly correlated with those obtained
from the GT annotations (Fig. 4C-D). The variability in the WS volume
measurements (12.40% =+ 8.10%) were noticeably greater than for the
Iumen (3.90% =+ 2.64%) in the thoracic aorta. This is inherently linked
with its thin circumferential distribution in the thoracic aorta.

Inner lumen (r, = 0.99, P < 0.001) and ILT/WS (r,, = 0.97, P
< 0.001) volumes from the abdominal aorta, derived from the output
of U-Net C, were very strongly correlated with manually-extracted
volumes (Fig. 4E-F). In this case, the ILT/WS variability in the
abdominal region (5.50 +3.01%) is lower than that in the thoracic

aorta (Table 1A). Model predictions of the thoracic (U-Net B) and the
abdominal aorta (U-Net C) from 4 patients in the testing cohort
alongside their GT masks are shown in Figure 5SA-B.

Furthermore, the similarity in the lumen and ILT/WS center-
lines generated from the model predictions and GT annotations is
highlighted in Table 1A. Centerline deviations within the thoracic
aorta are greater than those observed within the abdominal aorta.
This may be due to the difficulty in delineating the border between
the aorta and branching arteries within the thoracic region. Model-
derived segmentations of these outlets may affect centerline

TABLE 1. Clinical Assessment of Segmented Volumes From CTA and Noncontrast Images.

CTA % Difference (£SD)

% Difference (+SD)

Noncontrast CT % Difference (+SD)

Thoracic aorta (U-Net B)

Max AP diameter Abdominal Aorta /

AAA (U-Net C)

1.20£0.80%

Abdominal Aorta/ Max AP Diameter 1.67+1.10%

AAA (U-Net E)

Max axial area — 2.96 +2.45% Max Axial Area 3.60+3.02%
Lumen volume 3.90 £2.64% 2.90 +2.60% AAA Volume 1.67+1.10%
WS volume 12.40 +8.10% 5.50+£3.01%
Deviation (Euclidean Deviation (Euclidean Deviation (Euclidean
Distance, &= SD) distance, +SD) Distance, £SD)

Lumen

Centerline Dev. 1.07£0.67 mm 0.854+0.52 mm AAA

Hausdorff dist. 2.60 +2.02 mm 2.54 4+ 1.98 mm Centerline deviation  1.94+ 1.00 mm
WS

Centerline Dev. 1.64 +0.80 mm 1.04 +0.57 mm

Hausdorff dist. 2.84+1.59 mm 2.73£1.73 mm Hausdorff distance 3.58+2.08 mm
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.

2.36 x 10°

C vol,.=294x10° 2.76 x 10° 2.30 x 10°
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FIGURE 5. Model predictions of the thoracic (A) and abdominal (B) aortic regions from CTA images and the abdominal region from
noncontrast CT images (C) within the testing cohort are displayed alongside labelled GT masks. WS and Lumen volumes, when
available, are indicated next to each segmentation. DICE scores for the lumen (red), WS (green), and the combined aortic
predictions are indicated for each patient. The difference in centerlines derived from the lumen masks are indicated as average
Euclidean distance deviation (CD_ & SD).
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properties greater than other metrics. However, the average Euclid-
ean distance deviation is less than 2 mm for the thoracic aorta in 89%
of cases (67/75) and for the abdominal aorta in 92% of cases (69/75).
The generated centerlines allow for the automatic calculation of max

AP diameter along planes orthogonal to the aortic centerline. The
resulting diameter profiles between ground truth and predictions
were compared and showed a RMSE of 1.45+1.65mm, which is
equivalent to a percentage difference of 2.3+ 1.1%. Figure 6A
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FIGURE 6. Maximum AAA Diameter profiles along planes orthogonal to AAA centerline. Profiles were generated from ground truth
and model predictions of AAA volumes derived from contrast-enhanced (Panel A) and noncontrast (Panel B) CT images. The CT
images displayed are the straightened views through the sagittal plane (realigned using the centerline). Corresponding DICE scores,
average Euclidean distance deviations between centerlines, RMSE and %-difference of diameter profiles are indicated.
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illustrates 2 examples of AAAs with planes orthogonal to centerline. DISCUSSION

These planes were used to generate the re-aligned or straightened
view of the AAA. Corresponding DICE scores and average Euclid-
ean distance deviations between centerlines are indicated. Maximum
diameter profiles are illustrated for both ground truth and model
predictions. These results support the clinical strength of this auto-
matic segmentation platform for CTA images.

Maximal AP diameter (r, = 0.99, P < 0.001), cross-sectional
area (r, = 0.99, P < 0.001) and volume (r, = 0.99, P < 0.001)
measurements extracted from the model predictions of non-contrast
CT images are very strongly correlated with those derived from the
GT segmentations (Fig. 7). The variability in extracting these
measurements from noncontrast CT-derived segmentations is like
that of CTA-derived annotations (Table 1B). Model predictions from
2 patients within the testing cohort are illustrated in Figure 5C. The
resulting diameter profiles between ground truth and predictions
were compared and showed a RMSE of 2.11 + 1.32 mm, which is
equivalent to a percentage difference of 2.8 +£2.1%. Figure 6B
illustrates 2 examples of AAAs with planes orthogonal to centerline.
This study shows for the first time the ability to segment the
aneurysmal aorta from noncontrast CT images at a level comparable
to a human observer.

© 2020 Wolters Kluwer Health, Inc. All rights reserved.

This study describes a fully automatic and high-resolution
algorithm able to extract the aortic volume from both CTA and
noncontrast CT images at a level superior to that of other currently
published methods.!*!3 High accuracy of our segmentation pipeline
was supported by the DICE score metric between model predictions
and ground truth annotations for both the thoracic and abdominal
aorta. However, this metric, which evaluates the similarity between 2
binary images by evaluating the extent of pixel overlap, has its
limitations. In cases of small volumes, minimal changes lead to lower
DICE score percentages. This is especially true in the outer wall
structure region of the thoracic aorta. This region is usually a thin,
circumferential ring around the aortic inner lumen. Small variations
within this small volume lead to relatively greater variability and
lower DICE scores. Concurrently, if there are small but critical errors
in a relatively large volume, the DICE score would remain elevated,
but the clinical utility of the image would be diminished. However,
this is a common way to compare the performance of segmentation
algorithms across methods.

To address the limitations of DICE score metric, clinical
utility was demonstrated by comparing first and second-order
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measurements, which are important parameters for characterizing
AAA progression. Extracting max AP diameter measurements ena-
bles the calculation of growth during surveillance and determines
timing of surgery.'*!> Assessing the accuracy of diameter extraction
is essential to integrate this DL platform with current methods of
AAA management. Cross-sectional area (2-D) has been shown to
have the lowest variability in assessing aneurysm change and supple-
ments the 1-D diameter measurements.'® Evolution of 3-D, espe-
cially thrombus volume, and second order indices, including
centerline is linked to AAA progression, rupture risk and the inci-
dence of adverse cardiovascular events.!”!® This automatic method
of volume extraction can be used to standardize current methods of
aneurysmal disease management and sets the foundation for subse-
quent complex geometric analysis. Furthermore, the proposed pipe-
line can be extended to other vascular pathologies.

Before the advent of machine-learning approaches, AAA
segmentations were performed using intensity-based semi-auto-
matic algorithms (eg, level-sets, active shape models and graph
cut methods).'>1°=2! Their primary drawback was the failure to
accurately detect the aneurysm’s outer boundary as its intensity is
like that of adjacent structures. Although these models may provide
good results, there are significant limitations that prevent clinical
implementation. These methods are semi-automatic and require
significant model optimization. Furthermore, these methods require
complex user-input (ex. prior lumen segmentations/centerlines),
and are highly data-set dependent.'>!® The latter limits model
robustness and generalizability.

Recently, DL methods on CTAs have been proposed to tackle
this problem without encountering many of the limitations of their
predecessors. Variations on Deep Belief and U-net based networks
have been used to segment the infra-renal region of the aorta.!22
Unfortunately, many of these networks are limited to 2-D inputs
(axial CT slices), which may fail to appropriately capture the
aneurysm’s 3D geometry. The accuracy and reproducibility of these
models is like that of earlier methods as they are trained and
validated on small data sets. Lopez-Linares et al recently proposed
a Holistically-Nested Edge Detection network trained in both 2D
and 3D that out-performs currently available methods in both pre
and post operative AAA segmentation.?> However, this method is
limited to single-class segmentation of the aneurysmal wall and
performs poorly with small aneurysms and those with a small
thrombus burden.

Current convolutional neural network architectures can cap-
ture semantic contextual information by generating a coarse feature-
map grid through iterative down-sampling of the input. Features on
this coarse map represent location and relationship between struc-
tures/tissues at the organ level. However, these architectures struggle
to capture small target objects with increased shape variability. This
is especially important for pathological vascular cases. Integrating
attention gates, which is commonly used in natural image analysis
and classification tasks, into this architecture has shown promise in
focusing on target structures without the need for additional train-
ing.® These attention gates can suppress predictions in irrelevant
background region and can be trained simultaneously with the
underlying network using standard back-propagation methods.
The strength of this attention-based U-Net has been documented
on the segmentation of abdominal structures®; however, its role in
aortic segmentation has never before been evaluated. Its superior
segmentation performance for aneurysmal segmentation rationalized
its incorporation within the full aortic segmentation pipeline.

This is the first time a DL method is used to isolate the aorta/
AAA from a noncontrast CT scan. This allows for the extraction of
complex morphological information from noncontrast images. Fur-
thermore, the same methodology underpinning this work can be

10 | www.annalsofsurgery.com

extended to enable automatic segmentation of other structures with
or without the use of IV contrast agents.

Although CTAs provide unique insight into aneurysm mor-
phology and the vascular tree, it is not without its disadvantages.
Administration of contrast requires needle insertion, which is asso-
ciated with multiple complications including inadvertent arterial
puncture and contrast leak from veins causing skin irritation/damage.
Additionally, contrast agents are nephrotoxic and have a 10% inci-
dence of acute kidney injury (contrast-induced nephropathy) after
use. This is a problem within the elderly population, who either have
decreasing baseline renal function or concomitant chronic kidney
disease. Given that a large sub-cohort of patients with aortic aneu-
rysmal disease may have diagnosed renal disease, this study high-
lights the necessity to re-evaluate the role of noncontrast CT imaging
for the management of aneurysmal disease.

CONCLUSIONS

In this study, a novel automated pipeline was developed to
enable high resolution segmentation of blood vessels using deep
learning approaches. This clinically validated pipeline enables auto-
matic extraction of morphologic features of blood vessels and can be
applied for research and potentially for clinical use.
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Background: Intravenous contrast agents are routinely used in CT
imaging to enable the visualization of intravascular pathology, such
as with abdominal aortic aneurysms. However, the injection is contra-
indicated in patients with iodine allergy and is associated with renal
complications.

Objectives: In this study, we investigate if the raw data acquired from a
noncontrast CT image contains sufficient information to differentiate blood
and other soft tissue components. A deep learning pipeline underpinned by
generative adversarial networks was developed to simulate contrast enhanced
CTA images using noncontrast CTs.

Methods and Results: Two generative models (cycle- and conditional) are
trained with paired noncontrast and contrast enhanced CTs from seventy-five
patients (total of 11,243 pairs of images) with abdominal aortic aneurysms in a
3-fold cross-validation approach with a training/testing split of 50:25 patients.
Subsequently, models were evaluated on an independent validation cohort of
200 patients (total of 29,468 pairs of images). Both deep learning generative
models are able to perform this image transformation task with the Cycle-
generative adversarial network (GAN) model outperforming the Conditional-
GAN model as measured by aneurysm lumen segmentation accuracy (Cycle-
GAN: 86.1% +12.2% vs Con-GAN: 85.7% =+ 10.4%) and thrombus spatial
morphology classification accuracy (Cycle-GAN: 93.5% vs Con-GAN:
85.7%).
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Conclusion: This pipeline implements deep learning methods to generate
CTAs from noncontrast images, without the need of contrast injection, that
bear strong concordance to the ground truth and enable the assessment of
important clinical metrics. Our pipeline is poised to disrupt clinical pathways
requiring intravenous contrast.

Keywords: aortic aneurysms, computer vision, computerized tomography,
contrast-enhanced computerized tomography, CT angiography, deep learning,
generative adversarial network
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I n a computed tomography (CT) image, density variations across
tissues translate to differences in tissue attenuation and subsequent
radiodensities (measured in Hounsfield Units, HU).! HU values are
generally displayed as a greyscale, with brighter regions correspond-
ing to higher attenuation (eg, bone and calcification) and conversely
for darker regions (eg, fat and air). Where treatment of an artery is
being considered, a detailed view of the arterial anatomy is required.
In the example of abdominal aortic aneurysms (AAA, abnormal
ballooning of the abdominal aorta), an intra-luminal thrombus (ILT)
adherent to the aortic wall within the enlarging aneurysmal sac is
present in 95% of cases? (Supplementary Figure S1, http:/link-
s.lww.com/SLA/D12). Given the similarities in density, these regions
cannot be readily distinguished using a conventional noncontrast CT
(NCCT) image.

Clear visualization of these regions can only be achieved by
injecting an intravenous (IV) iodinated contrast agent in a CT
angiogram (CTA). IV contrast increases the luminal density and
attenuation to distinguish the vascular tree from surrounding soft
tissues.!*> However, CTAs are associated with several disadvan-
tages.>* CTAs are contraindicated in patients with iodine allergies,
as most contrast agents are iodine-based. Complications include
inadvertent arterial puncture by needle, and contrast leak causing
skin irritation/damage.* Additionally, contrast agents are nephrotoxic
and have up to 12% incidence of reported acute kidney injury
following use.* This is especially a problem within the elderly
population, who either have decreased baseline renal function or
concomitant chronic kidney disease. There is a recognized risk of
complete kidney failure in these patients, leading to renal dialysis
and mortality.

We hypothesize that the raw data acquired from a NCCT can
be used to differentiate blood and other soft tissues. Blood is
predominantly fluid, with red/white blood cells whereas the adjacent
ILT is predominantly fibrinous and collagenous, with red cells/
platelets. These individual components vary in ultrastructure and
physical density, which should reflect in different (albeit subtle) HUs
on a CT scan (either in individual HU values or in their spatial
distribution/“‘texture’”). We further hypothesized that using deep
learning (DL) generative methods, these subtle differences can be
amplified to enable simulation of contrast-enhanced images without
the use of contrast agents.
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In this study, we investigate the ability of generative adversarial
networks (GANSs) for this noncontrast to contrast image transformation
task. These networks are a class of DL architectures whereby 2 neural
networks train simultaneously, with 1 network focused on data gener-
ation (generator) and the other focused on data discrimination (dis-
criminator). Designed to mimic how the human brain operates, these
neural networks are sets of algorithms that attempt to understand the
underlying relationships in the provided training data for a particular
task. In this instance, these networks compete against each other to
better learn the underlying statistical distribution of the training data.
This allows for the generation of new examples from the same
distribution.> Many variations of the original GAN have been devel-
oped, including conditional GANs (Con-GANs1Conditional GANS
are usually abbreviated as CGANS in the machine learning literature.
Here, Con-GAN is used to avoid confusion with Cycle-GAN.) and
cycle-GANSs. The former learns the transformation between 2 paired
distributions using a pixel-to-pixel approach.® On the other hand, the
Cycle-GAN is able to learn transformations between 2 distributions
without the need for direct pairings between samples.’ Here, we
assessed the performance of these DL generative models using 2
technical metrics [root-mean-square-error (RMSE), Sgrensen—Dice
score (DICE)] and 4 clinically important metrics (1. diameter, 2. cross-
sectional area, 3. volume of the lumen and outer wall structure, and 4.
AAA thrombus morphology).

METHODS

Curation of CT Images From a Clinical Cohort

CT scans were acquired through the Oxford Abdominal Aortic
Aneurysm (OxAAA) study. The study received full regulatory and
ethics approval from both Oxford University and Oxford University
Hospitals National Health Services Foundation Trust (Ethics Ref 13/
SC/0250). The OxAAA study was designed to investigate novel
biomarkers in the context of AAA disease. Details regarding the
OxAAA study have been previously published.” The study complies
with the principles outlined in the Declaration of Helsinki. Each
patient gave consent for the use of clinical and imaging data for
research analyses. This research project (contents of this manuscript)
was inspired by our attempt to utilize historic CT scans acquired
during the AAA surveillance period to discover novel signatures of
AAA growth® as many of these historic CT scans were
noncontrast scans.

As part of the routine preoperative assessment for aortic
aneurysmal disease, a NCCT of the chest/abdomen/pelvis and an
arterial phase CTA was performed. CTA images were obtained in
helical mode with a predefined slice thickness of 1.25 mm. On the
other hand, NCCT images were obtained with a predefined slice
thickness of 2.5 mm. Paired contrast and NCCT were anonymized
before subsequent analysis. Seventy-five (75) patients with paired
NCCT and CTA images (11,243 pairs of images) were randomly
selected from the OXAAA cohort and were used for model training.
An independent set of 200 patients with paired NCCT and CTA
images (29,468 pairs of images) were selected and served as a
validation cohort. Paired images were segmented using our proprie-
tary automated DL pipeline® and registered/shifted to ensure aortic
overlap for subsequent analysis (Supplemental Methods, http://link-
s.Ilww.com/SLA/D12).

EXPERIMENT 1: HU Sampling Between Different
Regions in the AAA

To investigate the regional differences within an aneurysm,
100 paired axial slices were selected from 10 random patients. These
slices were visually validated for registration accuracy by 2 blinded
reviewers (NS and PL) and were sampled for the underlying HU

2 | www.annalsofsurgery.com

distribution at the lumen, ILT, and interface locations (Fig. 1). These
visually indistinct regions on the NCCT images were identified from
their paired CTA images. To account for slight discrepancies in the
image registration process, and minimize sampling errors, the
thrombus (blue) and lumen (yellow) areas were shrunk by 20% at
the adjoining border. The zone between the 2 regions was demarcated
as the interface (red). This delineation is clearly indicated in Figure 1.
The average HU intensities within each region were compared using
a One-way-ANOVA. As a negative control, concentric sampling
within the blood lumen in each of the NCCT images was performed.

EXPERIMENT 2: GANs: Cycle-GAN and Con-GAN

In this study, the cycle-GAN and the Con-GAN were used for
the noncontrast to contrast image transformation task (Supplemen-
tary Figure S2, http://links.lww.com/SLA/D12). Model architectures
and training details are described in the Supplemental Methods,
http://links.lww.com/SLA/D12.

GAN Models Training and Evaluation

A 3-fold cross-validation paradigm with a training/test data
split of 50:25 patients (~7500: ~3750 2D axial slices) was
employed. Model performances were evaluated using 2 metrics:
RMSE and Sorensen-DICE score. The former is a commonly used
metric in image transformation tasks to assess the pixel-by-pixel
difference between the simulated CTA image and the ground truth
(GT) (ie, paired CTA image). The latter is a quantitative similarity
assessment of regions within sets of images.!° Here, DICE; was
calculated to assess overlap in the inner lumen between the simulated
pseudo-contrast and GT CTA images. Additionally, DICE- measures
aortic shape overlap between the simulated and GT images. This is a
surrogate measure to evaluate both registration accuracy and shape
alterations induced by the generative network.

CT Image Quality and GAN Model Performance

The NCCT images used in this study were acquired using a
variety of settings (eg, x-ray tube current, rotation time, and pitch
factor) that may impact image quality. The combination of x-ray tube
current and rotation time determines the amount of incident x-ray
photons, which is directly proportional to image quality. Given that
these DL platforms utilize these images and the underlying pixel
relationships as the basis for transformation, we further hypothesized
that NCCT images obtained with greater x-ray tube currents would
result in qualitatively and quantitatively better simulated CTA
images. This was evaluated by comparing the patients with best
and worst image transformations to define an optimal cut-off crite-
rion of image quality and for subsequent analysis.

EXPERIMENT 3: Evaluation of Clinically Important
Metrics Using Simulated Pseudo-contrast Images

The following metrics were obtained from the GT CTA and
simulated pseudo-contrast images using an in-house algorithm in
MATLAB!!: 1-D measurements: maximum lumen and aortic wall
diameters; 2-D measurements: blood lumen and ILT areas; 3-D
measurements: blood lumen and ILT volumes. Bland Altman plots
and correlation coefficient analysis were performed for each to assess
bias and the strength of association between the output of the GAN
models and the GTs. Bias measurements are reported along with its
95% confidence interval. In addition, the spatial morphology of the
ILT was extracted using an in-house algorithm in MATLAB. This is
an important feature that is used to plan surgical intervention and can
influence postsurgical outcomes.” Based on our previous work,
spatial morphology of the ILT can be categorized into 7 categories
(Supplementary Figure S3, http://links.lww.com/SLA/D12) as pre-
viously detailed.”

© 2021 The Author(s). Published by Wolters Kluwer Health, Inc.
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AAA Morphology Visualization Without Contrast
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FIGURE 1. Axial slices from both the contrast and noncontrast CT scans. A, Demarcated regions display the thrombus (blue), the
lumen (yellow), and the interface between the regions (red). B, Hounsfield unit sampling of the lumen, interface, and thrombus
with histograms displaying the frequency of HUs within each region. Analysis at each axial slice was performed and showed
differences in HU intensity between the lumen, interface, and thrombus regions. C, Concentric sampling within the lumen as
demarcated by the pink, magenta, and purple, was used as a negative control for this experiment. D, Hounsfield unit sampling of
the lumen at multiple locations indicated a minimal difference in HU intensity. CT indicates computed tomography; HU, Hounsfield

Unit.

EXPERIMENT 4: Evaluation of GAN Models on the
Independent Validation Cohort

An independent set of 200 patients with paired NCCT and
CTA images (total of 29,468 pairs of images) were selected from the
OxAAA study and served as a validation cohort. The con- and cycle-
GAN models from each validation fold (3) were used to generate
pseudo-contrast images of the aorta/aneurysm. The outputs of each
model were averaged to generate the final pseudo-contrast images.
As a result, for each NCCT image, 2 pseudo-contrast images were
generated: 1 from the averaged Con-GAN outputs and the other from
the averaged Cycle-GAN outputs. Following image transformation,
CTA images were provided to assess transformation accuracy. This
was completed using the same methods and metrics as described
above. Subsequently, the effect of aneurysmal size (as measured by
maximum AAA diameter) and aneurysm shape (fusiform vs saccu-
lar) on GAN performance was investigated. The aneurysmal shape
was quantified using the non-fusiform index (NFI), which is a 3-D
shape index that describes the deviation of the aneurysmal sac from
an ideal fusiform shape. This metric was derived from Martufi et al'?

© 2021 The Author(s). Published by Wolters Kluwer Health, Inc.

and is explained in detail within the Supplement, http://link-
slww.com/SLA/D12.

EXPERIMENT 5: GAN Model Training and
Evaluation for the Simulation of Aortic Side
Branches

From Experiment 4, we selected the GAN model with superior
performance in simulating aortic/aneurysmal-specific features for
subsequent analyses. The training data for this experiment consisted
of 2-D axial slices centered around the aorta/AAA with surrounding
tissue present (aortic region-of-interest, ROI; Supplementary
Figure S4, http://links.Iww.com/SLA/D12). As a result, this genera-
tive network was trained to concurrently simulate both intra- (aortic
lumen, thrombus morphology) and extra-aortic/AAA features (main
aortic side branch origins: Coeliac artery, superior mesenteric artery,
renal arteries, and iliac arteries). Same model training (3-fold cross-
validation paradigm, n = 75 patients) and evaluation parameters
were utilized for this experiment. Maximum aortic side branch
diameter was manually obtained in a blinded fashion from both

www.annalsofsurgery.com | 3
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the contrast-enhanced and the GAN-generated pseudo-contrast CT
images for the 6 major branches originating from the descending/
abdominal aorta, wherever available (1. Coeliac artery, 2. Superior
Mesenteric Artery, 3—4. Left/Right Renal Arteries, and 5/6. Left/
Right Iliac Arteries). Mean average error between measurements
were reported for each branch. Student #-testing was performed to
assess for statistical significance.

RESULTS

HU Intensities Differ Between Regions of a AAA in
NCCT Images

There are discernable differences between the HU frequency
distributions of each region (Fig. 1B). Average HU intensity in the
NCCT images differed significantly between all 3 regions (blood
lumen vs thrombus, blood lumen vs interface, and interface vs
thrombus) for all patients assessed. Figure 1B demonstrates the
significant differences in HU intensities between the thrombus
and lumen for 8 axial slices obtained from 1 patient. Furthermore,
the blood lumen/thrombus interface also differed significantly from
the other 2 regions, indicating a gradual change from lumen to the
thrombus. As a comparison, no significant HU differences were
observed following concentric sampling within the lumen (Fig. 1C
and D).

Generative Models Can Simulate Contrast Images
Using Noncontrast Images

During model training, the RMSE between the simulated
pseudo-contrast images and GT (CTA) images decreased with each
epoch (training cycle) to plateau at 3.8 £+ 0.8 and 3.9 = 0.6 for the con-
GAN and cycle-GAN, respectively. Similarly, the DICE; increases
with epoch duration to plateau at 91.8% =+ 0.6% and 92.0% =+ 0.4% for
the con-GAN and cycle-GAN, respectively. Figure 2 indicates the
RMSE and DICE scores for the images generated from the testing
cohorts across the 3 folds using both GANs (n = 11,243 images, 75
patients). A per-patient transformation accuracy was derived by
grouping the 2D-axial images and their respective DICE scores by
the patient. With regards to DICE], the median performance of the
cycle-GAN is greater than that of the Con-GAN. Of note, there were
multiple overlaps between the outliers below the 10th percentile of
cycle-GAN and Con-GAN (6/7) networks. This suggests that there
may be image properties inherent to this subgroup of NCCTs leading to
decreased transformation accuracy.

CT Image Quality Affects NCCT Transformation
Accuracy

Comparing the image properties of the NCCT scans below the
10th percentile and above the 90th percentile highlighted 1 key
difference with regards to the x-ray tube current (/ype) used during
image acquisition (Supplementary Figure S5, http://links.lww.com/
SLA/D12). Scans obtained with lower /. values produced images
with poor transformation accuracy. Subsequently, a threshold criterion
of above the 15th percentile of 1, was implemented. This equated to a
selection criterion of images obtained with /. > 80 mA. Apart from
tube current, there were no observable differences between other CT
acquisition parameters (mean =+ SD) for the 2 subsets of cases. Nota-
bly, no difference was observed in spiral pitch factor (excluded:
1.08 £0.17, included: 1.104+0.18, P = 0.42), slice thickness
(excluded: 2.5 mm, included 2.5 mm, P = 1.0), and total collimation
width (excluded: 35.9 £+ 8.2, included: 34.24+9.3, P = 0.33).

Exclusion of these 12 patients (Iyype < 80 mA), resulted in
improvements in RMSE, and in DICE; for both generative models
(Supplementary Figure S6A and B, http://links.lww.com/SLA/D12).
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FIGURE 2. Transformation accuracy within the testing cohort.
A, Box plots of averaged DICE scores per patient within the
testing cohort for the lumen (DICE,) and the combined aortic
mask (DICEc) segmentations. Segmentations are derived from
model (Cycle-GAN/Con-GAN) predictions. Individual data
points outside the 10-90th percentile are highlighted. B,
RMSE/DICE scores of generated pseudo-contrast axial images.
DICE indicates Sgrensen—Dice score; RMSE, root-mean-square-
error.

DICE(¢ scores remained unaffected by this exclusion. The blood
lumen generated from the Cycle-GAN bears a closer resemblance to
the GT image as compared to that generated by the Con-GAN, as
reflected by the superior DICE; scores. On the other hand, DICEc
scores were identical for both sets of model predictions. This is
apparent in Figure 3, which illustrates paired CTA/NCCT axial slices
alongside their pseudo-contrast images from 6 different patients. The
aneurysm volume for each of these patients is illustrated in Figure 4.
Correspondingly, the inner lumen areas and thrombus volumes
derived from the cycle-GAN model outputs are better approxima-
tions to those derived from the GT compared to that of the con-GAN.

Cycle-GAN Outperforms Con-GAN in Simulating
Contrast CT Images Based on the Measured Clinical
Metrics

Evaluation of aneurysm morphology is useful in defining the
biological behavior of an AAA during the natural history of the
disease.”!3~!® Measurements derived from the 2 GAN models’
outputs were compared against those obtained from the GT.

1-D Measurements

The Cycle-GAN model is better at approximating the maxi-
mum lumen diameter than the Con-GAN model (Fig. SA). On the
other hand, both models have similar strengths in determining the
outer vessel wall diameter (Fig. 5B). Maximum inner lumen and
outer vessel wall diameters extracted from the model outputs corre-
lated strongly with GT measurements (Cycle-GAN, p = 0.85 and
0.99, P < 0.01; Con-GAN, p = 0.83 and 0.98, P < 0.01).

© 2021 The Author(s). Published by Wolters Kluwer Health, Inc.
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FIGURE 3. Pseudo-contrastimages generated using the Con-GAN and Cycle-GAN architectures from 6 different patients alongside
their respective NCCT and CTA axial slices. Using the CTA axial images as GT, RMSE, and DICE scores for the inner lumen (DICE;) and
combined aorta (DICE,) are displayed. CTA indicates CT angiogram; DICE, Serensen—Dice score; GAN, generative adversarial
network; GT, ground truth; NCCT, noncontrast CT; RMSE, root-mean-square-error.
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FIGURE 4. Segmented volumes generated from the Con-GAN and Cycle-GAN architectures. Volumes from 6 patients, the same as
seen in Figure 6, are displayed alongside their respective NCCT and CTA volumes. DICE,, DICE. and lumen/thrombus volumes are
calculated and displayed for each aneurysmal region. CTA indicates CT angiogram; DICE, Sgrensen-Dice score; GAN, generative

adversarial network; NCCT, noncontrast CT.
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FIGURE 5. One-dimensional diameter (A and B), 2-dimensional area (C and D), and 3-dimensional volume assessment (E and F) of
generated images. Bland-Altman plots and correlation-coefficient analysis comparing the measurements of generated images
compared against those derived from ground truth segmentations. Measurements derived from Con-GAN and Cycle-GAN outputs

are illustrated in grey and black, respectively. Spearman correlati
comparisons). GAN indicates generative adversarial network.
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2-D Measurements

The Cycle-GAN model again performed better than the Con-
GAN model (Fig. 5C and D). Thrombus area in each axial slice as
determined by the Cycle-GAN and Con-GAN models is on average
9.3% +11.5% and 9.4% 4 12.2% different from GT measurements.

3-D Measurements

The Cycle-GAN better approximates the 3D-lumen and
thrombus volume measurements than the Con-GAN (Fig. SE and
F). Lumen volumes derived from both models (Cycle-GAN: p =
0.84, P < 0.01; Con-GAN: p = 0.82, P < 0.01) and thrombus
volumes (p = 0.86, P < 0.01) from the Cycle-GAN correlated
strongly with the manually derived measurements.

Pseudo-contrast images within the aneurysmal region pro-
duced by Cycle-GAN (Fig. 6A) had an ILT classification accuracy of
93.5%, which outperforms that produced by the generative images of
the Con-GAN model (85.7%, Fig. 6B). Examples of the discrep-
ancies between the models are illustrated in Supplementary
Figures S7 and S8, http://links.lww.com/SLA/D12.

Similar GAN Performance is Observed Within the
Independent Validation Cohort

Of the 200 independent cases, 35 were subsequently excluded as
they were obtained at tube currents <80 mA (n = 25) or at unknown
tube currents (n = 10). RMSE between the generated pseudo-contrast
and CTA images for the 165 patients (Cycle-GAN: 4.2 £ 3.8 and Con-
GAN: 4.2 £ 3.7) were similar to that observed in the training set. DICE
accuracy of the inner lumen again showed superior performance of the
cycle-GAN (84.1% £ 7.2%) when compared against that of the Con-
GAN (83.2% + 7.7%). Extracted 2- and 3-D measurements from this
refined testing cohort further supported the finding that the Cycle-
GAN is superior at simulating CTA images of the AAA.

As a post-hoc analysis, we compared the GAN performance
between the excluded cohort (n = 35) and the rest (n = 165). Area
and volume measurements of the AAA lumen/thrombus derived
from NCCT images obtained at >80 mA were closer to measure-
ments derived from GT annotations than the excluded cohort (P <
0.001 for all comparisons, Supplementary Table S1A and B, http://
links.lww.com/SLA/D12). Additionally, pseudo-contrast images
within the aneurysmal region produced by Cycle-GAN had an
ILT classification accuracy of 90.6%, which outperforms the one
produced by the generative images of the Con-GAN model (83.8%).
This further supports the use of tube currents as a criterion to assess
the quality of DICOM data for analysis.

The role of aneurysmal size (maximum AAA diameter) and
shape (NFI) was compared against GAN performance for both
models. Supplementary Figure S9A-D, http://links.lww.com/SLA/
D12 illustrates 4 aneurysms alongside their respective ‘“‘ideal”
fusiform shape. Aneurysms with a predominantly fusiform shape
had lower NFIs compared to those aneurysms with a predominantly
saccular shape. This supports the classification of aneurysm shape
using NFI. Both AAA size and NFI had no significant impact on
transformation accuracy as assessed by DICE score of the inner
lumen from both the Cycle- and Con- GANs (Supplementary
Figure SOE, http://links.lww.com/SLA/D12). This suggests that
trained generative networks do not have an implicit AAA size or
shape preference.

Cycle-GAN Can Simulate Extra-aortic/AAA Features
Including Aortic Side Branches

Given that the Cycle-GAN generated superior results against
that of the Con-GAN, we trained a Cycle-GAN to identify an
expanded ROI surrounding the aorta. This concurrently simulates
both intra- (aortic lumen, thrombus morphology) and extra-aortic/
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FIGURE 6. Confusion matrices comparing ILT regional classifications between generated images and ground truth segmentations.

AQs ILT/WS segmentations derived from model outputs (Con-GAN (A), and Cycle-GAN (B)) were classified into 7 categories as per Fig.

$3 and evaluated against that determined by the ground truth segmentations. GAN indicates generative adversarial network; ILT,

intra-luminal thrombus.
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AAA features (major abdominal aortic side branches). Despite the
expanded input data size (ie, more information to “learn” from), its
ability to extract intra-aortic/aneurysmal features are comparable to
the previously trained models (smaller ROI/less information to
“learn” from) (Supplementary Table S1C, http://links.lww.com/
SLA/D12). Figure 7 illustrates generated pseudo-contrast images
alongside their respective CTA and NCCT images for 4 patients
within the validation cohort. Branch arteries arising from the aorta
are visible in all patients. Supplementary Table S2, http://links.
Iww.com/SLA/D12 highlights the maximum diameters for each
branch, obtained in a blinded fashion, from pseudo-contrast CT
and its corresponding CTA. There is no difference between the
diameter for all 6 major aortic side branches measured using the
CTA (GT) or the pseudo-contrast CT (derived from the NCCT
images).

DISCUSSION

The primary objective of this study was to investigate whether
there are subtle differences between visually indistinguishable
regions within the NCCT image. This was required to ensure that
the images contained the necessary information for the DL method to
generate anatomically-correct visualizations. This was achieved
by comparing the HU intensity distributions between regions in

the ILT-filled aneurysm. Visually, axial slices within the AAA seem
uniform on the NCCT image and the histograms for each of the
regions (lumen, interface, and thrombus) display considerable over-
lap. However, average HU intensity was significantly different
between all 3 regions for all patients assessed and a gradual HU
change was observed from the aortic lumen to the ILT. This high-
lights that there are differences, albeit subtle, between the regions
that can be exploited and enhanced to estimate the CTA image.

In addition to average HU intensity, the differences between
these visually in-distinct regions can be captured using multiple first-
order radiomic features (eg, uniformity, kurtosis, and skewness —
Supplementary Figure S10, http://links.Iww.com/SLA/D12). Radio-
mics employs advanced data-characterization algorithms to extract
underlying pixel relationships and has been used to uncover potential
disease features that fail to be appreciated visually. Here, these
significant radiomic differences between lumen, thrombus, and its
interface in NCCT images strongly support the validity of this image
transformation task. The generative networks likely utilize this
higher-order information to enhance its performance.

The study’s secondary objective was to investigate if DL
models (Cycle- and Con-GAN) could extract the subtle differences
between soft tissue components in NCCT images within the context
of AAA disease and generate CTA images. For both GANSs, a 3-fold
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cross-validation approach was employed during training. There was
no data leakage between cohorts and the testing cohort for each fold
contained a unique set of patients. The 2-D training/testing data was
obtained by first isolating the aorta, axial sub-sampling within the
volume, and centering the aorta within the extracted 2-D slice.
Isolating the aorta by removing surrounding organs and tissues
reduces the amount of noise presented to the model. Additionally,
centering the aorta in each axial 2D slice reduces the spatial variation
of the aorta seen by the generative models. This theoretically should
maximize the information learned by the GAN networks for the
NCCT to CTA image transformation task. RMSE, a quantitative
measure of image difference, and DICE scores for the inner lumen
and combined aortic mask were used to optimize the training
parameters. DICE accuracy of the inner lumen is an appropriate
measure of transformation accuracy as it evaluates the primary goal
of the generative models.

It was apparent that CT image quality determines transfor-
mation accuracy. Exploring the DICE; metric within the testing
cohort highlighted certain patients with not only decreased trans-
formation accuracies but also greater DICE; variability within the
aortic volume. Here, we hypothesized that poor quality NCCT
images have correspondingly poor CTA reconstruction accuracies.
Image quality and the extent of distortion (*‘signal to noise’” ratio) of
NCCT images is directly related to the number of x-ray photons
incident within the target volume. Accordingly, the number of x-ray
photons is directly related to the x-ray tube current (Iyyp.), Which is
the rate of photon production within the x-ray tube, and CT rotation
time. Given that CT rotation time is usually constant, we reasoned
that images obtained with decreased I, have an increased likeli-
hood of generating CTA images with decreased accuracy. There-
fore, a stringent selection criterion was imposed to exclude potential
outliers with /. below the 15th percentile (<80mA). Future
studies investigating the role of CT acquisition parameters (eg,
slice thickness, kVP, tube current) for this transformation task in
greater detail is required to determine the limitations of this tech-
nique.

An unexpected observation was that cycle-GAN outperformed
the con-GAN. In the original context, we hypothesized that the Con-
GAN would have superior performance to the Cycle-GAN as it is
able to learn pixel-to-pixel transformations between image pairs.
(This is not the case for the Cycle-GAN as data is not introduced as
paired images.) This superiority was unexpected but can be ratio-
nalized to its underlying network architecture and the multiple
training losses (eg, cycle-consistency and identity loss terms). This
interesting observation sheds some unique philosophical insight into
the nature of “learning” by neural network and its similarities of
human learning for this particular task. For a cycle-GAN, the neural
network learns heuristically from all images of the paired GT data,
without being constrained to specific pixel relationships as that of a
Con-GAN. It is possible, however, this observation is specific to the
dataset utilized here.

We showed that these generative models enable the visualiza-
tion of aortic aneurysm morphology in CT scans obtained without the
use of IV contrast and that transformation accuracy is independent of
AAA size or shape. Extracting diameter measurements is required in
AAA management as it guides the frequency of aneurysm surveil-
lance and determines the timing of surgery.'>!7 2-D cross-sectional
area measurements of the aneurysm have been shown to complement
the 1-D diameter measurements as diameter measurements can be
subject to substantial interobserver variability and at times may fail
to represent the 3-D growth of the aneurysm. As a result, cross-
sectional area measurements have been shown to have the lowest
variability in assessing aneurysm size.'® Evolution of 3-D indices,
especially thrombus volume, is linked to AAA progression, rupture
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risk, and even the incidence of adverse cardiovascular events.!>!'8

Assessing ILT spatial morphology is important for surgical planning
and has been shown to influence postoperative outcomes. We have
previously reported that the spatial morphology of native ILT corre-
lates with the onset of type 2 endoleak, which is an adverse outcome
following endovascular surgical repair of aneurysms.’ This is a task
that is not possible from the original NCCT image and if achieved,
reinforces the clinical impact of using generative networks for this
image transformation task. For the first time, the results highlight the
ability to assess the regional location of the ILT from NCCT image
with high classification accuracy.

In addition, we showed that a Cycle-GAN trained on
135%135 mm (144 x 144 pixels) ROIs surrounding the aorta is able
to robustly visualize not only aortic/AAA morphology but also extra-
aortic structures, including its side branches. The accuracy of the side
branch visualization was assessed by measuring the maximum
diameter of each branch from the descending/abdominal aorta.
The results support the ability to capture this measurement with a
mean average error of ~1.5mm (1-2 pixels). Using GANs for
pseudo-contrast CT visualization of the aorta/AAA, its ILT and its
side branches from a NCCT is a novel technique and presents
clinicians with a safer alternative to the routinely obtained con-
trast-enhanced CTA. Future studies are required to determine its
clinical utility, such as using this alternative imaging method to plan
for endovascular grafting.

This DL approach described here can also be applied to
reconstruct other anatomical structures (veins, solid organs, etc)
without the need for contrast administration. Beyond the potential
clinical utility, our method can be applied for research analysis.
There is a growing body of literature on the role of the intraluminal
thrombus and AAA growth.!>1%20 The ability to characterize ILT
using noncontrast-enhanced CT scans greatly expands the scope for
research in this topic, without the need to subject research partic-
ipants to contrast injection.

CONCLUSIONS

We present a DL approach to visualize aortic aneurysm mor-
phology and its side branches without the use of IV iodinated contrast
agents. This platform technique can be applied to different anatomical
structures for research and eventually clinical applications.
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Prediction of Abdominal Aortic Aneurysm Growth Using
Geometric Assessment of Computerized Tomography Images
Acquired During the Aneurysm Surveillance Period
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and Regent Lee, MBBS, MS, DPhil (Oxon), FRCS (Vasc Surg)*P<

Objective: We investigated the utility of geometric features for future AAA
growth prediction.

Background: Novel methods for growth prediction of AAA are recognized
as a research priority. Geometric feature has been applied to predict cerebral
aneurysm rupture, but not examined as predictor of AAA growth.
Methods: Computerized tomography (CT) scans from patients with infra-
renal AAAs were analyzed. Aortic volumes were segmented using an
automated pipeline to extract AAA diameter (APD), undulation index
(UI), and radius of curvature (RC). Using a prospectively recruited cohort,
we first examined the relation between these geometric measurements to
patients’ demographic features (n = 102). A separate 192 AAA patients with
serial CT scans during AAA surveillance were identified from an ongoing
clinical database. Multinomial logistic and multiple linear regression models
were trained and optimized to predict future AAA growth in these patients.
Results: There was no correlation between the geometric measurements and
patients’ demographic features. APD (Spearman r = 0.25, P < 0.05), UI
(Spearman r = 0.38, P < 0.001) and RC (Spearman r=-0.53, P < 0.001)
significantly correlated with annual AAA growth. Using APD, UI, and RC as
3 input variables, the area under receiver operating characteristics curve for
predicting slow growth (<2.5 mm/yr) or fast growth (>5 mm/yr) at 12 months
are 0.80 and 0.79, respectively. The prediction or growth rate is within 2 mm
error in 87% of cases.

Conclusions: Geometric features of an AAA can predict its future growth.
This method can be applied to routine clinical CT scans acquired from
patients during their AAA surveillance pathway.

Keywords: abdominal aortic aneurysms, curvature, geometric modeling,
undulation
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bdominal aortic aneurysms (AAA) are an abnormal degenerative
condition characterized by pathological dilatations of the abdomi-
nal region of the aorta. Clinically, an AAA is defined when the aortic
diameter is >50% of the healthy aorta adjacent to the aneurysm. The
natural history of an untreated AAA consists of progressive dilatation
with eventual rupture and death. The clinical management of AAAs
consist of screening/diagnosis, regular surveillance, and timely surgical
intervention by open surgical repair or endovascular stent grafting. !
Methods for the prediction of AAA growth is considered as a
priority for research in the opinions of vascular and endovascular
surgeons.’ Accurate prediction of AAA growth in patients can allow
for the optimization of surveillance intervals and better inform the
timing for surgery. Our prior work has highlighted the feasibility of
AAA growth prediction using physiological and biochemical meas-
urements obtained from patients.“’6 These measurements, however,
require additional research steps to the routine clinical care pathway.
Computerized tomography (CT) scans are utilized extensively
as diagnostic tests in medicine and surgery. Globally around 150
million CT scans are performed each year.””® In the management
pathway of AAAs, each patient requires 1 dedicated CT scan before
surgery to plan for the operative approach. During the small AAA
surveillance period, a proportion of these patients would have also
undertaken CT scan(s) for other medical reasons. In these patients,
these historic CT scan(s) performed sometime before AAA surgery
could serve as the ““baseline” scan. The subsequent pre-operative CT
scan would serve as a serial scan and enables growth rate calculation
during the time period between the 2. With relevant regulatory
approval, these historic baseline CT scans can be anonymized and
utilized to discover novel features to predict future AAA growth.
As AAAs enlarge, a variety of geometrical changes are
observed including altered aortic tortuosity” and increased aneurys-
mal asymmetry.'® Several of these changes result in a unique non-
uniform distribution of wall stress and have been hypothesized to
either favor AAA growth deceleration or increase rupture risk.!!+12
Undulation is a measure of the degree of surface irregularity and
asymmetry. Undulation index (UI) of cerebral aneurysms has been
utilized to quantify its risk of rupture.!®!* In this regard, regions of
increased curvature [radius of curvature (RC)] within the aneurysm
segment contributes to non-laminar fluid flow, and non-uniform wall
shear stress.!>16 No prior literature has examined the utility of UI or
RC for AAA growth prediction. Here we hypothesized that aneur-
ysms with an increased degree of surface undulation and with local
regions of increased curvature are prone to rapid growth.

METHODS
Patient Cohort

The study was conducted as part of the ongoing Oxford
Abdominal Aortic Aneurysm (OxAAA) study (Ethics approval

www.annalsofsurgery.com | 1
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TABLE 1. Summary of Participant Demographics at the Pre-surgical Assessment and Significance of Spearman Correlation With

Extracted Geometric Parameters

Significance of Spearman Correlation Coefficient

All Participants (n = 102) Diam. Ul RC
Male (%) 99 (97) 0.35 0.36 0.09
Age at consent (median/IQR) 72 (67-79) 0.12 0.83 0.70
Height (£SD) 1.75+0.08 0.07 0.45 0.06
Weight (Median/IQR) 81.9 (74-90.2) 0.17 0.15 0.07
BMI (Median/IQR) 26.8 (24.3-28.7) 0.61 0.35 0.18
MAP (£SD) 102.2+12.8 0.13 0.70 0.20
Current smoker (%) 24 (24) 0.57 0.99 0.09
Past smoking Hx (%) 68 (67) 0.97 0.48 0.59
Never smoked (%) 13 (13) 0.65 0.34 0.44
CAD Hx (%) 33 (32) 0.25 0.15 0.56
Coronary intervention (%) 26 (25) 0.63 0.41 0.88
PAOD History (%) 16 (16) 0.85 0.59 0.22
Cerebral art. disease (%) 12 (12) 0.10 0.16 0.34
HTN history (%) 74 (73) 0.53 0.77 1.00
Hypercholesterolemia (%) 61 (60) 0.61 0.67 0.75
Tot. cholesterol (median/IQR) 3.8 (3.2-4.6) 0.23 0.76 0.63
HDL (median/IQR) 1.1 (0.9-1.3) 0.47 0.41 0.06
LDL (median/IQR) 1.5 (0-2.5) 0.26 0.92 0.37
TG (median/IQR) 1.2 (0.8-1.6) 0.49 0.65 0.66
Diabetes (%) 16 (16) 0.88 0.26 0.78
HbAIC (median/IQR) 5.6 (5.4-5.9) 0.19 0.81 0.41
Diabetes - oral/insulin (%) 12 (12) 0.19 0.22 0.17
CKD - eGFR <60 (%) 28 (27) 0.15 1.00 0.96
Creatinine (median/IQR) 86.5 (73.3-101.3) 0.19 0.07 0.74
Beta-blockers (%) 32 (31) 0.68 0.30 0.49
ACEI/ARB (%) 56 (55) 0.27 0.77 0.97
Aspirin (%) 47 (46) 0.83 0.89 1.00
Thienopyridine (%) 909 0.55 0.17 0.44
Ticragrelor (%) 3(3) 0.81 0.64 0.72
Anticoagulant (%) 12 (12) 0.93 0.46 0.21
CCBs (%) 43 (42) 0.13 0.64 0.34
Diuretics (%) 22 (22) 0.47 0.38 0.58
Gastro-restraint (%) 31 (30) 0.57 0.68 0.32
Steroids (%) 7 () 0.36 0.97 0.15
Statins (%) 74 (73) 0.57 0.76 0.24
AAA Diam (Median/IQR) 63 (58-72.5)
UI (£SD) 0.23+£0.08

RC (Median/IQR) 35.9 (29.7-46.9)

Participant demographics were collected at the pre-surgical assessment and were correlated against the extracted geometric parameters of AAA diameter, undulation index, and
radius of curvature. Characteristics that follow a Gaussian/Normal Distribution are indicated with a +. For such variables, mean + SD are presented, and cohort differences are
compared using a Student 7-test. For variables that do not follow a Gaussian distribution, median and inter-quartile range (IQR) are presented and cohort differences are compared using a

Mann-Whitney test.

ACEI indicates angiotensin converting enzyme inhibitors; ARB, angiotensin receptor blocker; BMI, body mass index; CAD, coronary artery disease; CCB, calcium channel
blockers; CKD, chronic kidney disease; HDL, high density lipoprotein; HTN, arterial hypertension; Hx, history of; IQR, Interquartile range; LDL, low density lipoprotein; MAP, mean
arterial pressure; PAD, peripheral arterial occlusive disease; PAOD, peripheral arterial occlusive disease; RC, radius of curvature; SD, standard deviation; TG, triglyceride; UI,

undulation index.

Ref: SC/0250/13). The study complies with the principles outlined in
the Declaration of Helsinki. Details regarding the OxAAA study
cohort and recruitment process have been published.!” This study
cohort consists of 2 arms.

In the first arm, participants were prospectively recruited to
the OxAAA study at the time of surgery. Demographic information
were recorded from each patient which were matched to the pre-
operative CT scan. Height and weight of the patient were measured to
calculate their body mass index. The history of coronary artery
disease is defined by angina, myocardial infarction, and/or previous
coronary interventions (angioplasty or bypass). The history of
peripheral arterial occlusive disease is defined by intermittent clau-
dication, critical limb ischemia and/or previous lower limb arterial
intervention (angioplasty or bypass). The history of cerebral arterial
disease is defined by transient ischaemic attack or stroke. The history

2 | www.annalsofsurgery.com

of hypertension, diabetes mellitus, and hypercholesterolemia were as
diagnosed by the primary care/general practitioner. We further
measured the individual’s blood pressure, blood cholesterol profile,
and HbAlc level to ascertain the effect of their pharmacological
therapy. Their current medications were further recorded (Table 1).

In the second arm, we utilized the clinical database (Oxnet
Janus), which prospectively registered every patient who underwent
elective repair of AAAs at the John Radcliffe Hospital, Oxford, UK.
Each of the patients gave written consent for the utilization of clinical
images collected during the routine clinical management pathway for
research analysis. Radiology records of all non-emergency infra-
renal AAA repairs (open surgery or endovascular repair) from
February 1st, 2009 to June 30th, 2018 were examined. Only those
patients with at least 1 historic CT scan conducted greater than
8 months before the preoperative scan were included for analyses.

© 2020 Wolters Kluwer Health, Inc. All rights reserved.
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Automated Segmentation of CT images

AAA segmentation was performed using a proprietary auto-
mated deep learning segmentation platform.'® The deep learning
model generated aortic/aneurysm segmentations which were visu-
ally assessed against the source Digital Imaging and Communica-
tions in Medicine standard images. Where required, further manual
adjustments were performed using the open source ITK-Snap

software.!®

Extraction of Geometric Features

The geometric features included in our analyses were derived
from the aortic/aneurysm wall and can therefore be derived from
either contrast or non-contrast enhanced CT images. All geometric
features were extracted from the above generated volume segmen-
tations using MATLAB. AAA size was measured by calculating the
maximum anteroposterior diameter (APD). Annual aneurysmal
growth was derived by subtracting the historic/baseline AAA size
from pre-operative AAA size and dividing the difference by the time
duration (years) between scans (Annual Growth=A AAA size in

mm/(number of days lapsed between scans/365 days)).

Maximal APD

Maximum APD was automatically extracted from the aneu-
rysmal segmentations using MATLAB. For each axial slice along the
aortic volume, the diameter was obtained by measuring the maxi-
mum distance between 2 points on the aneurysmal boundary in the
sagittal plane. The maximum APD of the AAA was the maximum

value from all axial slices.

Radius of Curvature

RC is a centerline-based metric that captures the degree of
curvature along the centerline.'® Here, RC equals the radius of the
circular arc that best approximates the curve between a set of
adjacent points. The smaller the circular arc, the smaller the RC
and the greater the local curvature (Fig. 1A). On the other hand, the
larger the circular arc, the greater the RC, and the lower the local
curvature (ex. a straight line). AAA centerlines were calculated using
an implementation of the homotopic thinning algorithm?® and were
subsampled using b-spline interpolation methods based on the
number of axial slices. RC was calculated for adjacent sets of triplet
points and the minimum value was obtained. This described the

greatest region of curvature within the aneurysmal volume.

Undulation Index

Aneurysmal UI was defined as Ul = 1 — (VL) 1314 Here, V

CH

is the volume of the infra-renal abdominal aorta defined as the region
between the renal arteries and the iliac bifurcation and V¢y is the
volume of its convex hull (Fig. 1B). In this instance, the convex hull
of AAA is the smallest volume that encompasses the entire region
and is convex at all points. It effectively resembles a plastic wrap
attached to the inlet and stretched over the entire aneurysmal surface.
This parameter captures the degree of surface concavity and
increases with surface/shape irregularity. Conversely, a shape that

is nonconcave (ex. a perfect sphere) will have a Ul of 0.

Developing the Growth Prediction Models

To ascertain if APD, Ul, and RC were independent of the
patient demographic profile for the purpose of AAA growth predic-
tion, we first examined the relationship (Spearman correlation)
between these extracted geometric features against demographic
features in the prospectively recruited cohort. We then focused the
CT image analysis in the second arm of the cohort, using
the geometric features extracted from the baseline scan to predict
future growth (as recorded by the subsequent preoperative scan).

© 2020 Wolters Kluwer Health, Inc. All rights reserved.
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FIGURE 1. Radius of curvature (RC) (A) and undulation index
(UI) (B) measurements obtained from abdominal aortic aneu-
rysm (AAA) volumes.

Summary statistics are described either as average (4/—
standard deviations) or median (with interquartile range, IQR).
For statistical comparisons, #-tests or ANOVA were used for normally
distributed data, whereas Kruskal-Wallis test or Spearman correla-
tion were used as nonparametric tests. Multinomial logistic regres-
sion and multiple linear regression models were applied to build the
AAA growth prediction models, for the prediction of AAA growth as
a categorical (slow, some, fast growth) or continuous variable. Data
from the second arm of this cohort was randomly split into training (n
= 100) and testing (n = 92) sets. Model training and optimization
were performed with the training cohort with 10-fold optimization.
Here, the data is partitioned into 10 equal sized subsets (folds). Then,
9-folds are used to train the model and the remaining fold is used for
internal evaluation. This process is performed a total of 10 times,
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with a different fold as the internal validation data set. The optimal
parameters were selected, which are then used for the test cohort.
Here, the optimized models were used to predict AAA growth on the
independent testing cohort (n = 92). Model performance was evalu-
ated using correlation coefficient analysis and root-mean-square-
error (RMSE) difference between the predicted and measured AAA
growth rates.

For the logistic regression model, growth rates were catego-
rized into 3 groups: <2.5mm/yr (slow growth), 2.5-5.0 mm/yr
(some growth), and >5.0mm/yr (Fast growth). These thresholds
were chosen based on the summary statistics of growth rate observed
within this cohort. Receiver operating characteristic curves were
plotted for each combination on the testing cohort to assess the
performance of the regression model in discerning growth against a
pre-defined growth rate threshold. Accuracy of the linear regression
model was reported using RMSE between the actual annual growth
versus predicted growth. We further assessed the prediction accuracy
within a 2mm margin as this is the accepted technical variability
between measurements of AP Diameter in CT images.?!??

RESULTS

Patient Demographic Features Do Not Influence
the Geometric Features of AAA

One hundred two patients were included the prospectively
recruited arm of this cohort (Male n = 99; Females n = 3). The median
age at the time of consent was 72 (IQR: 67—79) years old. The majority
were ex-smokers (67%) and 24% were current smokers. A history of
symptomatic atherosclerotic arterial disease was prevalent in this group
(ischaemic heart disease: 32%; peripheral arterial occlusive disease:
16%; cerebral vascular disease: 12%). The majority of participants
reported a prior diagnosis of arterial hypertension (73%) and hyper-
cholesterolemia (60%). However, these were well controlled by long
term pharmacological therapy [anti-hypertensive(s): 67%, statin: 73%,
anti-platelet(s): 46%], as reflected by their controlled mean arterial
pressure (102 + 13 mm Hg) and overall normal cholesterol profiles
[median = 3.8 mmol/L (IQR 3.2—4.6), lower than 5.2 mmol/L in 82%
of participants] at the time of recruitment. Sixteen percent of the
participants reported a history of diabetes mellitus, and 27% had
chronic kidney disease with eGFR <60. Baseline demographic data
from the prospective cohort (n = 102) are presented in Table 1. Median
AAA size within this cohort was 63.0 mm with an interquartile range
from 58.0 to 72.5mm. No correlations were identified between
the demographic parameters and the extracted geometric features,
indicating that AAA size or APD, UI, and RC are independent of
patient demographic characteristics.

Prediction of AAA Growth Using Geometric
Features

The second arm of this study included 192 AAA patients with
serial CT scans obtained at least 8 months apart. Median follow-up
time between scans was 2.0 years with an interquartile range of 1.0—
3.7 years. Similarly, median aneurysmal growth was 3.7 mm/yr with
an interquartile range of 2.5 to 5.0 mm/yr. These were randomly split
into training (n = 100) and validation (n = 92) sets. There were no
differences in the follow up duration and geometric indices between
the training and validation datasets (Table S1, http://links.lww.com/
SLA/C839).

There were significant positive correlations between AAA size
(Spearman r = 0.25, P < 0.05) and UI (Spearman r = 0.38, P < 0.001)
with annual AAA growth rate (Fig S1A and B, http://links.lww.com/
SLA/C839). Whereas a significant negative correlation between
minimum RC and annual AAA growth rate was observed. (Spearman
r=-0.53, P < 0.001, Fig S1C, http://links.lww.com/SLA/C839).

4 | www.annalsofsurgery.com

Figures 2 and 3 illustrates 6 AAAs of similar diameter at baseline
with disparate Ul and RC. These corresponded to different annual
growth rate observed subsequently.

Prediction of AAA Growth as a Categorical
Outcome

The baseline characteristics of the subgroups of patients
[(slow growth: < 2.5mm/yr); (some growth: 2.5 mm-5mm/yr),
(fast growth: >5 mm/yr)] are summarized in Table S2, http:/link-
s.Jlww.com/SLA/C839. There was no difference in the starting AAA
diameter between the 3 groups. UI at baseline differed significantly
between the 3 groups (ANOVA, P = 0.003). There was also a
significant inverse trend of relationship between RC and AAA
growth (Kruskal-Willis, P = 0.003).

Different combinations of input features (APD, UI, and RC)
were used to train multiple logistic regression models. The feature
combinations used for each model is indicated in Figure 4 and were
trained using a 10-fold cross-validation approach. Receiver operating
characteristic curves on the testing cohort were plotted for each
feature combination with the threshold of “Slow (<2.5mm)
Growth” and ““ Fast (>5.0mm) Growth” (Fig. 4). The area under
receiver operation curve metric shows good discriminative capacity
of AAA growth rate based on all 3 variables at the predefined
thresholds. Using APD, Ul, and RC as 3 input variables of the
prediction algorithm, the area under receiver operation curve for
predicting slow growth (<2.5mm/yr) and prediction fast growth
(>5 mm/yr) is 0.80 and 0.79, respectively. This model comprising of
3 variables significantly outperforms the use of AAA diameter alone
as the predictor (P < 0.01).

Prediction of AAA Growth Rate as a Continuous
Variable

Linear regression models were trained and optimized simul-
taneously using a 10-fold cross-validation approach to predict AAA
growth rate (mm/yr) as a continuous variable. Similar to the multi-
nomial logistic model, the linear model trained using Max AP
diameter, Ul, and RC was able to predict annual AAA growth to
a greater accuracy than the model trained using only max AP
Diameter (Fig. 5). Predictions from this model were significantly
correlated (r = 0.61, P < 0.001) and closer (RMSE: 1.32 £+ 1.44 mm)
to that of observed measurements than that of the other models.
Model performances on both train and test cohorts are summarized in
Table 2. Similarly, this model is able to predict annual AAA growth
to within 2 mm error in 87% of cases.

DISCUSSION

In the United Kingdom, patients diagnosed with an AAA
through the National AAA screening program are subject to as
frequent as 3-monthly surveillance scans.?® Surveillance of screen-
ing-detected or incidentally-diagnosed AAA is also standard clinical
practice as recommended by international guidelines.'?> Further-
more, in aging populations within developed countries, the health
burden of AAA surveillance is expected to rise. As an example, the
National AAA screening program alone incurs a net increase of
~2000 patients requiring AAA surveillance each year.

Methods to predict future aneurysmal growth are valuable to
both clinicians and patients. Such tools can improve the stratification
of AAA surveillance frequency in individuals: those with slow
growth AAAs should not require as frequent surveillance, whereas
intense surveillance (or early intervention) can be justified with an
AAA that is likely to exhibit rapid growth. Here, we present a method
of AAA growth prediction which utilizes geometric features derived
from clinical CT scans.

© 2020 Wolters Kluwer Health, Inc. All rights reserved.
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FIGURE 2. Six AAAs of similar size displayed alongside their respective convex hull. Undulation indices are calculated for each
aneurysmal pair. Aneurysms are ordered in terms of increasing Ul and positively correlate with increasing annual AAA growth rate.

AAA indicates abdominal aortic aneurysm; Ul, undulation index.

Recent reports have investigated the use of biomechanical
assessments of aortic aneurysms from medical images to predict
rupture risk potential. Doyle et al. investigated the use of a ratio
between aneurysm wall stress to wall strength, derived from mag-
netic resonance images images, to estimate rupture risk.2* Their
results supported an increase in AAA-related intervention in cases
with an elevated ratio after adjusting for AAA diameter and other
clinical factors. Additionally, Martufi et al, studied the impact of
AAA features (ex. lumen/vessel volume, intraluminal thrombus
thickness, etc) and derived wall stress measurement on AAA out-
come prediction.? Their results display slight but significant
improvements to contemporary methods.

However, such biomechanical models require specific
assumptions of physiological/computational variables for each indi-
vidual patient, which has inherent variability but also may not hold
true in real life context.?>?” For example, the aneurysm biomechani-
cal ratio calculated by Doyle et al is subject to many levels of
uncertainty including variability with (1) Image reconstruction accu-
racy, (2) principal wall stress estimation, and (3) population-based
wall strength estimation. This results in significant overlap between
results for asymptomatic and symptomatic/ruptured cases and pre-
vents clinical implementation.?® Therefore, it is difficult to draw
conclusions about this ratio and other similar wall-stress methods for
patient-specific prediction of AAA events. This is further supported
by Leemans et al., which suggests that biomechanical indices present
no added value in the AAA rupture risk assessment.?” Wall-stress
evaluation was not a component of this study and all geometric
features were derived directly from the aneurysmal volume.

© 2020 Wolters Kluwer Health, Inc. All rights reserved.

There is no prior literature on the prediction of AAA growth
using complex geometric features extracted from CTs. This has been
examined in the context of cerebral aneurysms. Dhar et al, investi-
gated the use of image-based morphological features to predict
intracranial aneurysm rupture.'® Their study highlighted the impor-
tance of 6 features that capture the morphological diversity of
intracranial aneurysms and their relation to inflow/outflow vessels.
Since then, many of these features have been shown to alter under-
lying hemodynamics and promote intracranial aneurysmal rup-
ture.!>1430  Although there are many similarities between
intracranial and aortic aneurysms, these features have not been
investigated in the latter. One such parameter, Ul captures the degree
of surface concavity and increases with surface irregularity.!>!* A
highly asymmetric and/or tortuous infra-renal region would result in
an increased UI parameter.

In this study, high undulation seems to arise from a “bent”
(correlated with curvature), “bulgy” (a thin cylinder directly
attached to a sphere, like the fifth case in Fig. 3) and/or “undulated”
shape (2 or more spheres attached by cylinders). This parameter is
specific to the aneurysmal infra-renal region of the aorta and does not
require additional information including inflow/outflow volumes.
Similarly, minimum RC is a descriptor of the AAA centerline, which
captures the region of maximum curvature. Here, RC is radius of the
circular arc that best approximates the curve between a set of
adjacent points. The smaller the circular arc, the smaller the RC
and the greater degree of local curvature.

The advantage of the geometric measurements described here
(APD, UI, RC) is that they can be readily extracted from either
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Min. RC 77.8 mm 60.5 mm 49.6 mm 34.4 mm 24.4 mm 22.8 mm
Annual Growth 1.0 1.7 2.3 3.6 4.9 7.8
(mm/yr)
l = Increasing Annual Growth =)

FIGURE 3. Six AAAs of similar size displayed with calculated centerline. Centerline are calculated using a variation of the homotropic
thinning algorithm. Regions with the minimum radius of curvature along each centerline are highlighted in orange. These location
correspond to region of increased curvature along that respective centerline. Aneurysms are ordered in terms of decreasing min RC
and negatively correlate with increasing annual AAA growth rate. AAA indicates abdominal aortic aneurysm; RC, radius of curvature.

contrast or non-contrast CT images, without specific adjustment in
CT scanning protocols. This analysis is streamlined by our proprie-
tary automated pipeline for high resolution segmentation of blood
vessels using deep learning approaches.!® That no correlation was
observed between these geometric features to the patient character-
istics (as summarized in Table 1) further supports our claim that they

can be independently deployed as predictive indices without
accounting for patients’ demographic characteristics. Further valida-
tion of our prediction algorithm can therefore be attempted using
historic scans already accumulated by vascular surgical units who
have an existing clinical image database as part of their routine AAA
management practice.
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FIGURE 4. Receiver operator characteristic (ROC) curves for each combination of features alongside the area under curve (AUROC)
to assess the performance of the multinomial regression model in discerning AAA growth phenotype (A, >5.0mm and B, <2.5mm
Growth). ROC curves were generated from the evaluation of the test cohort (n = 92), following model training. Significance testing
was performed to compare individual ROC curves and significant differences were noted with *or **indicating P < 0.05 and P <
0.01, respectively. AAA indicates abdominal aortic aneurysm.
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FIGURE 5. Outputs of linear regression models trained to predict annual AAA growth. Four Linear regression models were trained
using 10-fold cross-validation to predict annual AAA growth. Models were evaluated using the testing cohort (n = 92) and are
reported against actual AAA growth values. Statistical significance is assessed for each correlation and is indicated on each graph.
Dotted lines indicate the 95% confidence interval for the regressions. AAA indicates abdominal aortic aneurysm.

There is emerging literature on the role of best medical of AAA growth prediction can complement the delivery of BMT in
therapy (BMT) in reducing overall mortality risk in patients with the surveillance pathway. Those predicted to have fast growth should
a AAA, exemplified by the VIVA study long term data.?! Our method warrant further targeted intensive BMT regime to change their risk

TABLE 2. Evaluation of Linear Regression Models to Predict AAA Growth

Train (n = 100) Test (n = 92)
Features RMSE Correlation P RMSE Correlation P
AAA Diam Only 1.52+1.70 mm 0.25 0.03 1.72+1.85 mm 0.08 0.40
Undulation Index Only 1.44+1.66 mm 0.38 <0.001 1.53 +£1.68 mm 0.41 <0.001
Radius of Curvature Only 1.324+1.50 mm 0.52 <0.001 1.38 £1.68 mm 0.57 <0.001
AAA Size 4+ UI 4+ Min. RC 1.26 + 1.50 mm 0.59 <0.001 1.32+1.44 mm 0.61 <0.001

Four linear regression models were trained using 10-fold cross-validation to predict annual AAA growth. Models were evaluated using the validation folds of the training cohort (n
= 100) and testing cohort (n = 92). Model Predictions of AAA growth were compared against observed values using root-mean-square error and correlation coefficient analysis.
Significance of correlations are reported.

AAA indicates abdominal aortic aneurysm; RC, radius of curvature; UI, undulation index.

© 2020 Wolters Kluwer Health, Inc. All rights reserved. www.annalsofsurgery.com | 7
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profile. Of note, in the prospectively recruited arm of this study, only
a small fraction of patients included were females. We therefore
could not rule out an association between these geometric features to
the reported demographic features in female patients.

Although AAA surveillance is typically performed using
ultrasound scans, many of these patients undergo CT scans for other
clinical reasons during the course of their AAA surveillance. These
CT scans can be utilized for the added purpose for the prediction
AAA growth. (Of note, AAA surveillance is indeed performed using
serial CT scans in countries such as Japan.) With the refinement of
CT imaging technology and reduction of radiation dose per scan and
portable tomographic CTs, it is not implausible for CT scans to
replace ultrasound scans as the choice of AAA surveillance in the
future. This will facilitate the development and validation of CT
image derived prediction algorithm.

CONCLUSIONS

We present an AAA prediction model which utilizes geomet-
ric features that can be readily extracted from clinically acquired CT
scans. This method can be applied to historic scans acquired during
the routine clinical pathways of each AAA patient.
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Summary of the Investigation

Screening for abdominal aortic aneurysm (AAA) leading to prophylactic interventions and
initiation of medical therapy has been shown to reduce all-cause mortality. While the overall
gain far exceeds the harm of overdiagnosis, the surveillance frequency and optimal timing for
elective surgery in asymptomatic patients remain elusive targets. This goal requires accurate
prediction of aneurysm growth and rupture. Current management guidelines are based on AAA

diameter, but the pathophysiology of AAA cannot be fully explained by one parameter.

Many patients undergo CT imaging during their course of surveillance. CT imaging can be used
to develop geometric and fluid dynamic models with the goal to more accurately predict AAA
growth rate. In a recent article by Chandrashekar et al [1], the authors propose to use AAA
diameter, undulation index (UI), and radius of curvature (RC) from CT-based volumetric models
to predict AAA growth in a total of 192 patients who underwent elective repair of AAA. These
geometric features were previously studied in prediction of cerebral aneurysm rupture. In the
current study, multinomial logistic and multiple linear regression models were trained, validated,
and compared to predict AAA growth in a 2-year median pre-operative interval (average
baseline diameter 53.6 mm and 54.7 mm in the training and test cohorts). AAA diameter, UI, and
RC demonstrated significant correlation with AAA growth as individual parameters. Three-
variant models achieved area under ROC curves of 0.80 and 0.79 for prediction of slow (<2.5
mm/year) and fast (>5 mm/year) growth, respectively. The prediction for growth rate was within

2mm in 87% of cases.
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Critical Analysis

The proposed multivariable model outperforms the AAA diameter alone in predicting slow and
fast growth phenotypes. The average baseline AAA diameters were not different between the
two phenotypes. However, care must be taken in extrapolating the results of this study to the
general population under surveillance or with incidentally noted AAA, which tend to be of
smaller size and may initially behave differently than the larger counterparts. Additionally,
AUCs do not automatically translate into classification accuracy. Larger study is required to
evaluate the role of geometric features in prediction of AAA growth and risk of rupture over a

longer period of time.

Nonetheless, the findings of this study are a promising step forward towards better
characterization of AAA. With the advent and growing availability of automated segmentation
and analysis tools in CT imaging literature, these advanced geometric parameters can be
incorporated into clinical practice without significant burden on the radiologist. A growing body
of literature has shown the utility of volumetric and computational fluid dynamics parameters
including aneurysm volume, maximal wall pressure, wall shear stress, and presence of intramural
thrombus in evaluation of AAA growth [2, 3]. Moreover, feature analysis and radiomics using
standard-of-care CT images have become powerful prognostic and predictive tools, primarily in
oncology [4], with new promising data in cardiovascular disease [5]. These multivariable models
can be complementary to the presented model for more comprehensive characterization of AAA

growth and risk of rupture.
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The current study also demonstrates independence of the presented geometric features from
patient demographics including smoking history, hypertension, and hyperlipidemia. This
independence needs to be further evaluated given well established evidence on the association of

these comorbidities with presence of AAA.

Given complexity of aneurysm biology and invasive nature of AAA repair, a multifactorial
evaluation of patient risk is required to produce the most precise prediction model for the AAA

risk of rupture and improved outcome for patients.

Takeaway Point
Automated multivariable geometric features from standard-of-care CT images can predict AAA

growth, particularly in aneurysms larger than 5 cm.
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