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Abstract

Improving imaging hardware, computational power, and algorithmic design are
driving advances in interventional medical imaging. We lay the groundwork
here for more effective use of machine learning and image registration in clinical
electrophysiology.

To achieve identification of atrial fibrosis using image data, we registered the
electroanatomic map (EAM) data of atrial fibrillation (AF) patients undergoing
pulmonary vein isolation (PVI) with MR (n = 16) or CT (n = 18) images.
The relationship between image features and bipolar voltage was evaluated using
single-parameter regression and random forest models. Random forest performed
significantly better than regression, identifying fibrosis with area under the receiver
operating characteristic curve (AUC) 0.746 (MR) and 0.977 (CT). This is the first
evaluation of voltage prediction using image data.

Next, we compared the character of native atrial fibrosis with ablation scar in
MR images. Fourteen AF patients undergoing repeat PVI were recruited. EAM
data from their first PVI was registered to the MR images acquired before the
first PVI (‘pre-operative’) and before the second PVI (‘post-operative’ with respect
to the first PVI). Non-ablation map points had similar characteristics in the two
images, while ablation points exhibited higher intensity and more heterogeneity
in post-operative images. Ablation scar is more strongly enhancing and more
heterogeneous than native fibrosis.

Finally, we addressed myocardial measurement in 3-D echocardiograms. The
circular Hough transform was modified with a feature asymmetry filter, epicardial
edges, and a search constraint. Manual and Hough measurements were compared
in 5641 slices from 3-D images. The enhanced Hough algorithm was more accurate
than the unmodified version (Dice coefficient 0.77 vs. 0.58). This method promises
utility in segmentation-assisted cross-modality registration.

By improving the information that can be extracted from medical images and
the ease with which that information can be accessed, this progress will contribute
to the advancing integration of imaging in electrophysiology.
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valves (Section A.1), or block (an arrhythmia, Section B.3).

AV node . . . Atrioventricular node, part of the cardiac electrical system
responsible for providing a conduction delay (Section A.3).

AVNRT . . . . Atrioventricular nodal reentrant tachycardia, a cardiac arrhyth-
mia (Section B.3).

AVRT . . . . . Atrioventricular reentrant tachycardia, a cardiac arrhythmia
(Section B.3).

bpm . . . . . . Beats per minute, unit of measurement for heart rate.

CABG . . . . . Coronary artery bypass graft, commonly ‘bypass surgery’, an
open surgical treatment for coronary artery disease.

CCB . . . . . . Calcium channel blocker, a class of medication used to lower
blood pressure, decrease heart rate, and/or inhibit vasospasm
depending on the particular medication within the class.

CE-MDCT . . Contrast-enhanced multidetector computed tomography, a spe-
cific CT protocol that involves acquiring an image several minutes
after contrast injection (Section 4.1.2). Also DE-MSCT for
‘delayed enhancement multislice computed tomography’.

CHD . . . . . . Coronary heart disease, a disease of the coronary arteries that
supply blood to the myocardium (Section B.1).

CNR . . . . . . Contrast-to-noise ratio, a measure of image quality.
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CT . . . . . . . Computed tomography, an imaging technique whereby a 3-D
volume is constructed from multiple 2-D X-ray images (Sec-
tion 2.2.1). Also CAT for ‘computed axial tomography’.

EAM . . . . . Electroanatomic mapping, a computerised system for tracking
and guiding percutaneous procedures (Section 2.2.2).

ECG . . . . . . Electrocardiogram, a recording of cardiac electrical activity
using surface (typical) or intracardiac (‘local ECG’) electrodes.
Occasionally EKG from the German ‘Elektrokardiogramm’.

ECGI . . . . . Electrocardiographic imaging, a method of deducing myocardial
electrical potentials using surface electrogram data and advanced
computer models (Section 2.2.1).

EP . . . . . . . Electrophysiology, a branch of cardiology concerned with disor-
ders of the cardiac conduction system.

ICD . . . . . . Implantable cardioverter defibrillator, implanted in patients at
risk of sudden cardiac death due to arrhythmia (Section B.3).

ICE . . . . . . Intracardiac echocardiography, use of an ultrasound transducer
mounted on a catheter within the heart (Section 2.2.2).

LA . . . . . . . Left atrium, one of the four cardiac chambers (Section A.1).

LGE-MRI . . Late gadolinium enhancement magnetic resonance imaging, an
MRI protocol that involves acquiring an image minutes after
contrast injection (Section 4.1.2).

LV . . . . . . . Left ventricle, one of the four cardiac chambers (Section A.1).

LVH . . . . . . Left ventricular hypertrophy, the pathological thickening of the
muscular wall of the left ventricle.

MI . . . . . . . Myocardial infarction, the dreaded sequela of coronary artery
disease, colloquially known as a ‘heart attack’ (Section B.1).

MRI . . . . . . Magnetic resonance imaging, an imaging modality using mag-
netic fields and radio waves to generate images (Section 2.2.1).

NMR . . . . . Nuclear magnetic resonance, the phenomenon by which nuclei
in a magnetic field absorb and emit radiofrequency energy. MRI
(above) relies on this effect (Section 2.2.1).

PCI . . . . . . Percutaneous coronary intervention, a variety of percutaneous
treatments for coronary artery disease, including balloon angio-
plasty and stenting (Sections 2.3 and B.1).
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PET . . . . . . Positron emission tomography, a nuclear medicine imaging modal-
ity that relies on detection of gamma ray pairs emitted upon the
decay of injected radiotracers.

PV . . . . . . . Pulmonary vein, any of the vessels that carry oxygenated blood
from the lungs to the cardiac left atrium (Section A.1).

PVI . . . . . . Pulmonary vein isolation, a common percutaneous treatment for
atrial fibrillation (Section 2.4.3).

RA . . . . . . . Right atrium, one of the four cardiac chambers (Section A.1).

RF . . . . . . . Random forests, a machine learning technique (Sections 4.1.3
and C.1). Also used in the electrophysiology and imaging
literature for ‘radiofrequency’, a use avoided in this thesis.

ROC . . . . . . Receiver operating characteristic curve, a representation of clas-
sifier performance over a sensitivity range (Section 4.1.4).

RV . . . . . . . Right ventricle, one of the four cardiac chambers (Section A.1).

SA node . . . Sinoatrial node, the natural pacemaker of the heart located in
the right atrium (Section A.3).

SPECT . . . . Single-photon emission computed tomography, an imaging modal-
ity in nuclear medicine that relies on detection of gamma rays
emitted upon the decay of injected radiotracers.

SVT . . . . . . Supraventricular tachycardia, a class of cardiac arrhythmia
originating above the bundle of His (Section B.3).

TOE . . . . . . Transoesophageal echocardiography, the use of an ultrasound
transducer placed in the oesophagus (Section 2.2.1). Also ‘TEE’
from the American spelling, ‘transesophageal’.

TTE . . . . . . Transthoracic echocardiography, the use of an ultrasound trans-
ducer placed on the external chest wall (Section 2.2.1).

VF . . . . . . . Ventricular fibrillation, a cardiac arrhythmia (Section B.3).

VT . . . . . . . Ventricular tachycardia, a cardiac arrhythmia (Section B.3).



Οἱ ἐκλυόμενοι πολλάκις καὶ ἰσχυρῶς, ἄνευ φανερῆς

προφάσιος, ἐξαπίνης τελευτῶσιν.

Those who suffer from frequent and extreme prostra-
tion without manifest cause die suddenly.

— Hippocratic Aphorism [1]
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1.1 Motivation

The rapid advance of minimally-invasive cardiac procedures promises improvements

in patient safety, procedure efficacy, and access to treatment. While percutaneous

coronary intervention (PCI) has become routine and highly effective [2], catheter

procedures in areas such as electrophysiology (EP) and valve replacement are still

coming of age. This progress is driven by demographics and the improvement in

general cardiac care, as patients surviving initial cardiac events go on to require

treatment for sequelae [3]. The growing need for advanced treatment is being

answered by developments in catheter technology and procedures. These tools are

continually advancing to access and manipulate an ever-broader range of anatomy [4].

The most obvious limitation of percutaneous procedures compared to an open

1
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surgical approach is the difficulty of visualisation and guidance. This limitation has

governed which percutaneous procedures have become standard of care. Contribut-

ing to the efficacy and ubiquity of PCI, for example, is that upon accessing a coronary

artery, diagnostic and interventional manoeuvres take place in a one-dimensional

branching environment under fluoroscopy, a century-old visualisation tool.

Electrophysiology procedures are not so straightforward. Even the simplest

involve three-dimensional catheter manipulation in expansive cardiac chambers,

requiring more complex guidance techniques. This need has been met by elec-

troanatomic mapping (EAM) systems, computer systems which use probes on the

catheter to determine its position in three-dimensional space [5] (Section 2.2.2).

In addition to displaying catheter position to the cardiologist for procedural

guidance, the EAM system allows systematic electrophysiological evaluation of

the myocardial substrate. As the cardiologist manipulates a catheter electrode

into position to record local electrograms, the EAM system builds a map of local

electrograms and their locations [5,6]. The resulting electroanatomic map can be

evaluated on the basis of voltage level, activation timing, and wave morphology.

The wealth of information acquired in advanced cardiac imaging protocols raises

the possibility that diagnostic imaging could supplant EAM for some purposes. Com-

bined with the introduction of electrocardiographic imaging [7,8] and advanced electro-

physiologic modelling [9,10], this would enable comprehensive preoperative procedure

planning, even for complex arrhythmia ablations, before the patient is prepped.

In addition to simplifying substrate mapping, advanced imaging algorithms are

a gateway to real-time image guidance and intra-operative treatment evaluation.

Currently, EAM position data is used to guide and record mapping and ablation

procedures. While commercial systems now allow manual pre-operative fusion with

clinical images [11], there is currently no provision for either automated post-hoc

registration – useful for determining the limits of image-based scar and fibrosis

characterisation – or live image registration – needed to monitor the effect of

treatments in near-real-time.
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Considerable ongoing research in electrophysiology aims to enable and enhance

image-based myocardial substrate characterisation [12,13], live procedure guidance [14],

and real-time treatment evaluation. This work applies and develops the tools of

image analysis to address several of these aims.

1.2 Contribution

The contribution of this thesis is a series of algorithms to advance the utility of

sophisticated imaging techniques for interventional electrophysiology. First, and as

described in Chapter 3, a registration algorithm was developed to align 3-D clinical

images, including magnetic resonance (MR) and X-ray computed tomography (CT)

images with electroanatomic maps. This approach was validated in human clinical

data in order to establish its utility as a post-hoc analysis tool.

This registration tool was used to confront the problem of prediction of bipolar

voltage value from MR and CT images, as described in Chapter 4. While there is a

body of work associating image intensity with local electrograms and histology data,

this thesis is the first attempt to generate and evaluate a predictive model of bipolar

voltage from image features alone. Successful models were found and analysed.

With an understanding of the relationship between fibrosis and image features,

we compared the appearance natural (pathological) fibrosis and post-ablation scar

in MR images in Chapter 5. We found that while natural scar has higher image

enhancement and local variation than normal tissue, these features in ablation scar

are still higher. Though these distinctions between native scar and ablation scar

are significant, they are small in absolute terms. We hypothesize the difference

in physiological implications of natural and ablation scar is due as much to lesion

location as character.

Finally, in Chapter 6, we approached a related technological question. Rapid

segmentation techniques have a number of uses in interventional procedures. We ad-

dressed segmentation by developing a modified Hough transform for the delineation

of the left ventricular (LV) myocardium in 3-D echocardiograms. The algorithm

improvements are evaluated sequentially and found to greatly improve accuracy.
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1.3 Thesis Structure

The work described in this thesis is a cross-disciplinary effort to investigate and

advance the role of computerised image analysis in clinical electrophysiology. As

such, the thesis document is written to be read and understood not only by those

with a background in bioengineering and image analysis, but also by those with

a background in clinical cardiology. Where possible, language and explanation

throughout the thesis is for both audiences. Further explanation and review of topics

that may be unfamiliar to engineers or physicians are provided in the appendices.

The first chapter motivates and contextualises the work to follow, and outlines

the structure of the remainder of the thesis. In Chapter 2, we review the historical

development and current practice in cardiac imaging and interventional cardiology,

with a focus on electrophysiology. We also summarise the natural history and

standard treatment options for atrial fibrillation, a disease which drives much of the

following work. Review of specific image analysis and machine learning methods

is reserved to the chapters in which they are employed.

Chapters 3, 4, 5, and 6 contain original results, and share a common structure.

Each chapter begins with an Introduction, which includes not only a clinical

framing of the specific problems addressed by that chapter’s work, but also a

full description – including review of the pertinent literature and methodological

summary – of established image analysis methods adopted or adapted therein.

This is followed by the Experimental Data section, detailing the acquisition

of clinical data used for the analysis. In all cases, our image analysis work was

performed in concert with established clinical studies, and anonymised data from

those studies were used.

The Methods section of each chapter details original contributions to image

analysis algorithms at a level sufficient to reproduce the work. Where novel

techniques or modifications were employed, a full description is given. Where

established methods were used, the parameters needed to achieve these results

using publicly available tools are supplied. Finally, the Results and Conclusions
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sections describe the experimental outcomes and the implications and future

directions suggested by the work.

Chapter 3 lays out the geometric, semi-automated registration algorithm used

to correlate electroanatomic map data with image data in subsequent chapters.

The algorithm consists of applying a rigid landmark transform followed by iterative

determination of affine and non-rigid transformation parameters that minimise

mean square point-to-surface registration distance. Although it is a pipeline formed

from established methods rather than a novel technique, the registration algorithm

is described and validated because of its central role in the methods of Chapters

4 and 5. Validation was achieved in clinical left atrium data.

Chapter 4 details a thorough investigation into the use of clinical imaging to

predict bipolar voltage values measured using electroanatomic mapping of the left

atrium. While previous studies have established correlation between late gadolinium

enhancement MR image (LGE-MRI) data and fibrosis, this work evaluates a full

complement of image features on a point-wise basis. Furthermore, this is the

first comprehensive investigation of contrast-enhanced multidetector computed

tomography (CE-MDCT) images in this context. Features were evaluated in

isolation using least-squares regression models, and in concert using the random

forest technique. The relationship between image features was investigated with

principal component analysis, and predictive accuracy reported for the first time.

Chapter 5 addresses the paradoxical observation that while pathological fibrosis is

correlated with severity and persistence of atrial fibrillation, the extent of iatrogenic

scar after ablation correlates with treatment efficacy. By comparing pre- and

post-ablation MR images using the tools developed in Chapters 3 and 4, the work

in Chapter 5 examines the relationship between ‘bad’ fibrosis from pathological

remodelling of atrial fibrillation and ‘good’ fibrosis from ablation.

In Chapter 6, we put aside the clinical focus on atrial scarring to develop a more

general segmentation tool. Accurate segmentation is a critical step in geometric

registration, and a goal of near-real-time performance for procedural imaging

requires a simple, parallelisable approach. This chapter describes modifications to
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the circular Hough transform, including a feature asymmetry edge detector and a

two-step, annular voting mechanism, to improve performance in segmentation of

the left ventricle from 3-D echocardiograms. These improvements are evaluated

in clinical echocardiograms from healthy volunteers.

Chapter 7 further contextualises the aforementioned work by presenting two

clinical paradigms for the role of advanced image analysis in interventional electro-

physiology. The first paradigm relies on current work in MR-compatible clinical

EP laboratories to enable intra-operative MR monitoring of ablation delivery.

The second paradigm consists of a combination of pre-operative MR imaging and

intra-operative echocardiography, merged using geometric registration, to facilitate

near-real-time, beating-heart image guidance of EP procedures. The contributions

presented in previous chapters, in addition to proposed future work, is examined

in the context of these developing clinical frameworks.

Finally, Chapter 8 consolidates the contribution of the thesis and its role in

the future standard of clinical care in electrophysiology.

1.4 Originality and Individual Role

Generally, all image manipulation and registration, feature extraction from images,

machine learning analysis, and data manipulation are my individual, original

work. Clinical study design and patient recruitment, clinical image acquisition

including MR pulse sequence design, and ablation procedures were performed by

clinical collaborators. Manual image segmentation was performed with the help

of collaborators. Specifically:

Chapter 3 Clinical collaborators acquired MR and CT images as well as elec-

troanatomic maps. With collaborators, I used commercial software to manually

segment MR and CT images.

Independently, I designed and wrote applications to extract EAM data from

commercial output files; designed, implemented, and tuned the image registration
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algorithm, and applied the algorithm to image data; designed the validation strategy;

and performed all data analysis.

Chapter 4 Collaborators again acquired clinical images and maps, and assisted

with manual segmentation. Techniques independently developed in Chapter 3 were

used to register EAM points to images.

Independently, I designed and implemented custom applications to extract global

and local image features, normalise those features, and associate them with EAM

points; applied regression, machine learning techniques, and principal component

analysis to generate predictive models from image data; evaluated those models,

including writing an application to consolidate the output of repeated analyses

into statistically meaningful results.

Chapter 5 Collaborators designed the clinical study protocol, acquired im-

ages and EAM data, performed the ablation procedures, and assisted with man-

ual segmentation.

Independently, I registered EAM to image data; extracted and analysed image

features; calculated predicted bipolar voltage values; and generated comparison

between features of the tissue classes.

Chapter 6 Collaborators acquired 3-D echocardiograms. With collaborators,

I manually segmented the images.

Independently, I created custom software in C++ to execute the Hough transform

including all modifications described; developed the validation parameters; and

wrote an application to evaluate the segmentation technique.

Authorship I am the sole author of this thesis document. Unless otherwise

indicated, I produced all figures. Where figures are adapted from other sources,

the provenance is indicated in the caption and detailed in the References. Critique,

proofreading, and suggestions were provided by Prof. Alison Noble, Dr. Saman
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Nazarian, Dr. Elizabeth Finn, Sabine Parrish, Zoë Goodwin, Maryam Ahmed,

Michael Pontikos, and Ana Namburete. All errors and omissions are my own.

1.5 Prior Publication

Much of the work contained in this thesis is currently being prepared for publication.

Preliminary presentations and publications have been accepted based on partial

analyses of the same clinical data. Specifically:

A subset of the delayed enhancement multi-detector CT image data used in

Chapter 4 was presented at the American Heart Association 2013 conference [15].

The work presented there incorporated only a single-feature regression model. It

did not incorporate multiple image features, machine learning algorithms, principal

component analysis, or prediction-based performance metrics that comprise the

original contribution described in this thesis.

The delayed enhancement MR image data used in Chapter 5 was presented at the

35th Heart Rhythm Society conference in May 2014 [16]. This preliminary presentation

considered only a single mean intensity parameter. Unlike the more complete analysis

described in this thesis, it did not incorporate multiple image features, principal

component analysis, or region-based comparison of bipolar voltage data.

An earlier version of the Hough transform work presented in Chapter 6 was

published at the 9th IEEE International Symposium on Biomedical Imaging (ISBI) [17]

in May 2012. That version incorporated the annular modification to the circular

Hough transform and included the same clinical echocardiogram data for validation.

However, it did not incorporate the feature asymmetry edge detector or radial

constraint described in this thesis.



Alles Gescheite ist schon gedacht worden.
Man muss nur versuchen, es noch einmal zu denken.

All intelligent thoughts have already been thought;
what is necessary is only to try to think them again.

— Johann Wolfgang von Goethe [18]
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2.1 Introduction

In this chapter, we review the historical development and current toolset of cardiac

imaging and interventional cardiology, with a focus on electrophysiology, to establish

a context for the original contributions presented in chapters that follow. We also

summarise the natural history and treatment options for atrial fibrillation, a disease

which motivates the clinical need for much of the work presented in this thesis.

Review of specific image analysis and machine learning methods is reserved to

the chapters in which they are employed. An overview of cardiac anatomy and

9
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physiology is available in Appendix A, and a summary of the impact of heart disease

treatable by percutaneous techniques is found in Appendix B.

2.2 Cardiac Imaging

Within months of Röntgen’s discovery of the X-ray in 1895 [19], cardiac pathology was

being investigated via non-invasive imaging [20]. Over the intervening years, cardiac

imaging modalities and techniques have advanced significantly. Clinically, cardiac

imaging is used for two broad purposes: diagnosis of pathophysiology and guidance

of interventional procedures. These applications impose different requirements

on imaging equipment, image acquisition time, computational complexity, spatial

and temporal resolution, and tissue discrimination. The common diagnostic and

interventional cardiac imaging techniques in current clinical practice are reviewed

below. An accessible introduction to the physics of medical imaging can be found in

Webb’s Introduction to Biomedical Imaging [21]. A comprehensive overview of the use

of imaging in clinical cardiology is presented in Leeson’s Cardiovascular Imaging [22].

2.2.1 Diagnostic Imaging

Beyond the chest X-ray (‘plain film’), the key non-invasive imaging modalities in

diagnostic cardiology are echocardiography, magnetic resonance imaging, and X-ray

computed tomography, which are reviewed below. Nuclear medicine, including

positron emission tomography (PET) and single-photon emission computed to-

mography (SPECT), are not discussed here, as they do not play a role in the

chapters to follow.

Echocardiography

The use of acoustic waves for medical diagnosis, inspired by naval sonar, was initially

developed in the 1940s [27]. By 1954, the first clinically useful cardiac ultrasound –

examining motion of the mitral valve in stenosis – was reported [28]. These early

scans were one-dimensional images (‘A-mode’), sometimes repeated to generate a

time axis (‘M-mode’; Figure 2.1, left). The sector-scanning probe was developed
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Figure 2.1: Schematic of echocardiography modes. Left: 1-D M-mode. Centre: 2-D
B-mode. Right: 3-D ultrasound. Figure includes images from Wikimedia Commons under
permissive licenses [23–26].

in the 1970s [29,30], leading to the 2-D ‘B-mode’ that a modern cardiologist would

recognise as an echocardiogram (Figure 2.1, centre).

Two-dimensional transthoracic echocardiography (TTE) is a well-validated

technique for diagnosis of valvular heart disease [31], structural disease including left

ventricular hypertrophy [32,33], and functional heart diseases such as dyssynchrony [34]

and heart failure [35]. Stress echocardiography – with cardiac stress induced by

exercise or pharmaceutical agents – is validated for the diagnosis of coronary heart

disease and cardiac ischaemia and provides prognostic benefit beyond the more

typical stress electrocardiography (ECG) exam [36–38]. TTE is quick, non-invasive,

inexpensive, and permits immediate review by the cardiologist and frequent follow-

up imaging. Echocardiogram image quality is dependent on body habitus, requiring

significant operator skill compared to CT and MR imaging in challenging patients.

Due to the shape of the ultrasound beam, the spatial resolution of images is

anisotropic. Resolution is best in the axial direction – the direction of the beam

– and depends on the ultrasound pulse size, which is typically between two and

three times the wavelength. Higher-frequency ultrasound therefore attains better

resolution, but at the expense of decreased tissue penetration. Typical TTE probes
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emit 3 to 5 MHz ultrasound [39], achieving axial resolution of 0.3 to 0.5 mm [40].

Lateral resolution at the focal point of the ultrasound beam is similar to axial

resolution, but drops off beyond the focal point.

Three-dimensional ultrasound probes feature two-dimensional raster scanning

of the ultrasound beam to form a wedge-shaped 3-D image (Figure 2.1, right).

Although this technology is already common in obstetrics, the transition from

research to clinical use in cardiology is ongoing. Particular challenges for 3D-TTE

include ECG gating, the necessity of breath-holding, and the artefacts and loss of

temporal resolution introduced when multiple heart beats are needed to acquire

one image [41]. Nonetheless, 3D-TTE has been validated against conventional 2-D

echocardiography in assessment of coronary artery disease in stress studies [42] and

compares favourably to SPECT in evaluation of myocardial ischaemia [43].

Transoesophageal echocardiography (TOE) is performed using a probe positioned

in the patient’s oesophagus. This provides a more clear view of the atria, valves,

and major vessels as compared to the transthoracic approach. TOE is well validated

in evaluating left atrial thrombus in atrial fibrillation patients [44]. TOE probes

typically emit 7 MHz ultrasound, achieving axial resolution near 0.2 mm [40].

Doppler mode scans rely on the Doppler effect – the frequency shift of waves

reflected from a moving interface – to determine the direction and velocity of blood

flow relative to the probe. This is invaluable in diagnosing valve pathology [45,46],

arterial stenosis [47], and structural defects with flow [48].

Magnetic Resonance Imaging

Nuclear magnetic resonance (NMR) is a phenomenon whereby atomic nuclei with an

odd total number of nucleons (protons and neutrons) absorb and re-emit quantised

radiation in a magnetic field. The radiation frequency is dependent on the local

magnetic field strength. This observation was seized upon by chemists and physicists

in the late 1940s to develop NMR spectrosocopy, a tool to tease out molecular

structure using atoms’ local electromagnetic environments [49].
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Figure 2.2: Slices from a delayed enhancement cardiac magnetic resonance image
(bottom). Anatomic slice positions in left lateral view (top) are approximate. Heart
illustration from Gray [50].

Researchers soon realised that just as the magnetic environment within a

molecule alters NMR peaks to reveal atomic structure, an externally applied

magnetic gradient could couple local magnetic field strength with position, allowing

images to be generated. In the 1980s, this technique was refined to visualise the

hydrogen nuclei in tissue water molecules, resulting in a magnetic resonance image

(MRI) [49,51]. MRI is extremely versatile: modern machines offer almost limitless

customisation of pulse sequence, field of view, ECG and respiratory gating, and

countless other options. A fuller treatment of MR physics is beyond the scope of

this chapter, but an accessible introduction is found in Webb [21].

MRI can deliver high resolution and high CNR technique for measuring anatom-

ical and functional cardiac parameters [52] (Figure 2.2). The variety of pulse

sequences and gating technology available allows for a range of applications, including

discrimination between viable and non-viable tissue after myocardial infarction

(MI) [53,54], measurement of coronary artery bloodflow [55,56], and tracking myocardial

tissue and stress-strain relationships [57].

Exogenous contrast material was developed for MRI and first used in MR

angiography, blood-brain barrier imaging, and bowel studies [49,58,59]. The most
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common agents are chelates of gadolinium(III), which lowers the T1 relaxation time

of nearby protons. Angiography using early contrast agents required first-pass

imaging to acquire images before extravasation of contrast, while newer chelates

have a higher intravascular lifetime [60]. Late gadolinium enhancement MRI (LGE-

MRI, also DE-MRI for ‘delayed enhancement’) was developed to identify latent

cardiac injury after MI. LGE images are acquired several minutes after the injection

of a gadolinium-based contrast agent [61–63]. Over a time course of minutes, the

contrast agent has a higher rate of extravasation and lower rate of clearance in

fibrotic tissue [64], an observation which allows lesion discrimination in a wide

variety of clinical settings [13,65,66].

Cardiac gating is the method used to mitigate the interference of cardiac

motion during image acquisition. Gating can be classified broadly as prospective or

retrospective. In prospective gating, image data is only collected during a desirable

time period – usually a defined number of milliseconds after the electrocardiogram

T wave. If the imaging system detects the subsequent QRS complex while image

data is still being acquired, that set of data is discarded. By contrast, retrospective

gating is a technique in which image data is continuously acquired and ‘binned’ based

on its point in the cardiac cycle as determined by ECG. After acquisition, the data

is rearranged to account for its temporal position. This method is commonly used to

generate cine images, but is also helpful for still images of patients with arrhythmia.

Respiratory gating is the analogous approach to compensate for respiratory

motion. While 2-D images may be acquired during a single breath-hold, this is

impractical for 3-D stacks and for patients with difficulty complying with breath-

holding. Instead, a respiratory navigator – a continuously acquired, 1-D MR image

of the right hemi-diaphragm – is used to track respiratory phase. Like cardiac

gating, respiratory gating may be performed prospectively or retrospectively [67,68].

The number of choices possible during MR pulse sequence design, acquisition

gating, and signal processing allow a prodigious range of trade-offs between spatial

resolution, temporal resolution, and signal quality in MR images. Typically, clinical

cardiac imaging achieves in-plane spatial resolution between 0.8 and 1.5 mm. 3-D
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images are reconstructed from stacks of multiple 2-D planes, so in-plane and

between-plane resolutions are often different. For cine images, temporal resolution

is typically between 35 and 120 ms [69–71].

While the versatility of MRI makes it ideal to establish diagnoses and generate

management decisions, the prohibitive time and expense of the scan hinder its

use in routine follow-up. Additionally, certain patients, including those with

ferromagnetic implants or who are clinically unstable, are poor candidates for

MR imaging. Gadolinium contrast agents are contraindicated in patients with

severe kidney disease [72].

Computed Tomography

Shortly after the discovery of the X-ray, work began to use the rays to produce 3-D

images. Early efforts to extract a single cross-sectional plane resulted in ‘conventional

tomography’, in which the X-ray source and film were moved in concert during

imaging, resulting in the blurring of shadows outside the focal plane [73]. The

ambition of researchers quickly turned to generation of a full 3-D representation.

In 1917, Johann Radon published his eponymous transform to mathematically

reconstruct a 3-D volume from multiple 2-D projections [74,75]. Radon’s foundations

bore fruit in the early 1970s when Hounsfield constructed a computerised device

to reconstruct a phantom image from multiple X-ray images. The original device

required nine days of scanning time and 2.5 hours of computation time to process

a single image [76].

This technique was alternatively known as computed tomography (CT) and

computed axial tomography (CAT). Initially its application was limited to neu-

roradiology due to the lengthy scan times, difficulties computing larger volumes,

and the lack of other neuroimaging technology available at the time. However,

by the late 1970s, full-body scanners were developed, and by the 1980s clinical

use was becoming commonplace [76].

CT provides high spatial resolution and CNR (Figure 2.3). Modern multi-

detector CT (MDCT) devices, in which an X-ray tube is mounted opposite a fixed
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Figure 2.3: Slices from an X-ray computed tomography image (bottom). Anatomic
slice positions in left lateral view (top) are approximate. Heart illustration from Gray [50].

bank of 64 to 320 detectors, can achieve spatial resolution of 0.3 to 0.6 mm. The

temporal resolution is half the gantry rotation time, typically 167 to 250 milliseconds

(ms). Dual source CT (DSCT) devices utilise two X-ray tubes and detector banks

mounted at 90°, doubling temporal resolution (75 to 83 ms) without sacrificing

spatial resolution [22].

Like MRI, most CT imaging techniques make use of the surface electrocardiogram

for cardiac gating. However, CT images can generally be acquired during a single

breath-hold, obviating the need for respiratory gating.

Due to its resolution and the absorption of X-rays by heavy atoms such as

calcium, CT is especially well-suited for study of the coronary arteries. Modern

scanners have excellent sensitivity and specificity in detecting coronary artery

stenosis [77] and calcification [78,79]. Iodinated contrast agents – designed around a

tri-iodinated benzene ring – are used to enhance the tissue discrimination of CT

images [80]. In addition to specific use in CT angiography, contrast agents are used

in most CT scans to provide parenchymal tissue enhancement. Iodinated agents

carry a risk of nephrotoxicity, especially in patients with pre-existing kidney injury.

While this risk can be mitigated by pre-hydration and selection of non-ionic and iso-
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osmolar agents, use in patients with severe kidney disease remains controversial [80,81].

The other major risk of CT is the burden of ionising radiation. A simple chest CT

delivers approximately 70 times the radiation burden as as a chest X-ray, and a

coronary CT angiogram may deliver up to 160 times the dose [82].

Unlike MRI, CT is compatible with metal devices including implanted pace-

makers and stents, and is often used in place of MRI for these patients. Although

CT is generally less well suited for soft-tissue discrimination, as permeability to

X-rays is similar among soft tissue, contrast-enhanced multidetector computed

tomography (CE-MDCT) has been developed as an alternative to LGE-MRI [12,83,84]

and has the same pharmacokinetic rationale, allowing detection of flow defects

and late enhancement [84].

Electrocardiographic Imaging and Modelling

In the last decade, advances in computer modelling of electrical propagation have

opened the door to a wide range of advanced tools that stretch the boundaries

of traditional definitions of ‘imaging’. Electrocardiographic imaging (ECGI) is an

iconic example. Using CT images to generate a 3-D map of the position of all

tissues between the myocardium and the skin, ECGI back-projects from a dense

array of surface electrograms to calculate the course of electrical activity on the

myocardium [7,8]. This gives cardiolgists access to complex data such as activation

timing and specific areas of conduction block without invasive procedures.

In addition to using these electrical models to build a picture of a patient’s

heart as it is, today’s advanced modelling techniques allow in silico expriments

that consider an individual’s cardiac substrate as deduced from ECG and advanced

imaging data. Recent studies have been able to model endocardial as well as

epicardial activity [85]. Though this is a nascent technology, it holds enormous

promise in interventional electrophysiology as a way to evaluate the outcome of

ablation patterns or even medication in an individualised manner before subjecting

the patient to the risks of intervention [9,10]. Personalised myocardial models have

been validated in predicting outcomes of cardiac resynchronisation therapy [86].
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2.2.2 Interventional Imaging

While cardiac procedures conducted via sternotomy or thoracotomy are guided

by direct visualisation of the structures involved, percutaneous procedures are

without this luxury. Basic requirements for procedural guidance imaging include

near-real-time data acquisition, rapid image presentation in a clinically useful

format, physical compatibility with the operative procedure, and minimal risk to

the patient. Currently, fluoroscopy and echocardiography are the most common

imaging modalities guiding electrophysiology procedures. Electroanatomic mapping

is another operative guidance tool, often integrated with imaging systems, which

is also outlined below.

While investigations are being conducted into MRI and CT for live guidance or

‘online review’ of percutaneous cardiac procedures [57,87–91], the barriers to adoption

are significant and include cost, geometric constraints, incompatibility with surgical

instruments, and computation time required to generate an image. These hurdles,

the progress being made to overcome them, and the contributions of this thesis

and related work in doing so, are described in Chapter 7.

Fluoroscopy

X-ray fluoroscopy was the first technique for intraoperative image guidance and

remains the standard method of guidance in interventional cardiology. Röntgen’s

initial discovery was that invisible rays emitted from a cathode ray tube could

pass through black cardboard and cause fluorescence of a barium platinocyanide

screen [19]. Thus, fluoroscopy – the real-time observation of transmitted X-rays

using fluorescent media – preceded X-ray photography, and the two technologies

developed together. While George Eastman’s Kodak Company supplied plates

and paper to capture X-rays in the late 1890’s, Thomas Edison and his associates

experimented with fluorescent chemicals for viewing screens [93]. They arrived

at calcium tungstate, which has a fluorescent intensity six times that of barium

platinocyanide. Fluorescent screens were soon used for real-time diagnostics and

procedural guidance (Figure 2.4).



2. Background 19

Figure 2.4: World War I surgeon uses a fluoroscope to locate bullets. X-rays from the
source under the table excite fluorescent salts in the screen worn on the surgeon’s face.
Credit to Dr. Hoguet, American Ambulance Hospital, Neuilly, France [92].

While incremental advances in screen design continued into the early decades

of the 1900’s, and multi-layer screen-film techniques improved static X-ray images,

the next leaps in fluoroscopy would occur in the 1940’s. The development of

photomultiplier tubes, X-ray image intensifiers, and analogue television technology

allowed clinicians to use central cone vision, eliminated the need for strict pre-

procedure dark adaptation, and allowed them to move away from the X-ray beam [94].

In the 1970’s and 80’s, digital fluoroscopy was developed, first using analogue-to-

digital converters and then with digital detectors. These advances allowed further

reduction in radiation dose and recording of images for instant playback or storage [94].

Today, interventional cardiologists and radiologists rely on fluoroscopy for

essentially all procedures. Electrophysiologists find the method particularly critical
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in guiding catheters to the correct cardiac chamber, including by transseptal

puncture [95]. Fluoroscopy provides excellent instantaneous 2-D visualisation of

radiopaque surgical instruments but is less useful in identifying soft tissue structures

or characterising three-dimensional motion. The ionising radiation dose associated

with fluoroscopy, although significantly reduced from its origins, is still a concern,

and carries short- and long-term risks dependent on the length of the procedure

and the skill of the operator [96,97].

Echocardiography

Echocardiography methods used in procedural guidance include TOE, intracardiac

echo (ICE), and, to a lesser degree, TTE [98,99]. TTE is widely available and used

in a diagnostic capacity due to its ease of acquisition and rapid interpretation.

The thoracic view provides particular advantages in procedures across the chest

wall, such as myocardial biopsy and pericardiocentesis. However, the left lateral

decubitus position that gives the best TTE viewing windows are often incompatible

with procedural guidance.

TOE holds the more general advantages of superior visualisation of most cardiac

structures and relative impunity to body habitus. Additionally, transoesophageal

placement is ideal for intraoperative manipulation by a clinician controlling the

airway and does not complicate surgical access to the thorax when that is required.

Advances in 3D-TOE continue to improve its utility in both open and percutaneous

procedures [100].

In ICE, the ultrasound transducer is positioned on a catheter within the heart,

usually in the right atrium. This allows exceptional views of cardiac structures and

instruments. When it is incorporated into atrial fibrillation ablation procedures,

ICE is used to guide transseptal puncture, establish lesion position, ensure good

contact between the catheter and the myocardium during ablation, and monitor

for cavitation and effusion [101]. Vascular and intracardiac probes generally emit

ultrasound at 10 MHz or higher [22,40], achieving axial resolution better than 0.15 mm.
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Figure 2.5: Electroanatomic map of the left atrium. Colours represent bipolar
electrogram voltage (red, < 0.1 mV; purple, > 0.5 mV), white dots represent sampled map
points, and gray spheres are manually placed landmarks. The 3-D surface is derived from
manual registration with a CT image using commercial software.

Electroanatomic Mapping

Electroanatomic mapping is a relatively recent technique for localising interventional

catheters in the heart [6,102]. EAM uses electromagnetic detectors and specially

designed catheters, which can be tracked in three-dimensional space. There are

two primary commercial EAM systems. The CARTO product was designed by

Biosense Webster, Inc. of Diamond Bar, California and uses magnetic sensors

embedded in the intracardiac catheters, coupled with external magnets, to localise

the catheter [103]. The NavX system, developed by St. Jude Medical of Saint Paul,

Minnesota, uses electrical impedance measurements between the catheter electrode

and fixed electrodes on the patient’s body to determine catheter position. The

two systems are comparable in position accuracy [104].

Heart chamber volumes are initialised in the EAM computer when the cardiolo-

gist sweeps the catheter through the chamber. The EAM computer builds a record

of every point reached, and estimates the chamber boundary using those points.

Local electrocardiograms are mapped onto this virtual myocardium to identify

arrhythmia sites and guide ablation. Throughout a procedure, local electrograms
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and ablation points are depicted by a combination of colour coding, spherical

markers, and points (Figure 2.5).

Recently, the CARTO and NavX products have incorporated the ability to

manually register pre-operative MR or CT images to the EAM system, allowing

cardiologists to take advantage of known anatomy and judge enhancement or other

features [5] (Figure 2.5). Incorporating these images has been shown to reduce

fluoroscopy time and procedure complexity [11]. Current state-of-the-art systems also

incorporate ICE probes and use catheter position data to align these 2-D scans into

the 3-D volume [105]. However, EAM systems do not currently use intraoperative

whole-heart imaging to provide dynamic, beating-heart guidance [106].

2.3 Interventional Cardiology

The earliest attempts at deep vascular – particularly arterial – access were experi-

ments with arteriography and central delivery of noxious medications [107]. In 1929,

minimally invasive cardiac access was first popularised when Werner Forssmann,

a German surgical trainee, passed a catheter through a vein in his arm to his

right ventricle. The procedure was guided via a mirror held by a nurse, allowing

Forssmann to view the fluoroscopy screen [108,109]. Attempts at vascular cutdown

access and direct puncture of vessels continued for decades, succeeding piecemeal

until Seldinger published his method of exchanging needles and catheters over a

guide wire in 1953 [110]. By the 1960s, coronary angiography was achieved [111].

Vascular intervention first occurred serendipitously in 1964 with the accidental

recannulisation of an occluded iliac artery during angiography [107,112]. Shortly

thereafter, intravascular stents [113] and balloon catheters [114] were introduced,

and catheterisation of the coronary arteries became possible [114,115]. Coronary

angioplasty and stenting, collectively known as ‘percutaneous coronary intervention’

(PCI), remain the mainstays of interventional cardiology today. The role of the

interventional cardiologist is expanding to include closure of atrial septal defects [116],

mitral valve repair [117], and obliteration of the left atrial appendage [118].
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The history of interventional electrophysiology parallels that of coronary interven-

tion [119]. In 1929, the first cardiac electrical stimulation device was reported [120], and

by the 1950s, external pacemakers were used to sustain patients in complete heart

block [121]. By the 1960s, synchronised cardioversion [122] and demand pacing [123] were

being developed. Intracardiac recording and ablation catheters were investigated

in the 1980s [124,125], paving the way for modern ablation techniques.

Today, electrophysiologists perform diagnostic electrophysiology studies (‘EP

studies’), using electroanatomic map technology to record local electrograms,

challenge the myocardium with aggressive pacing, and characterise the cardiac

electromechanical milieu [126]. They implant subcutaneous devices including defibril-

lators, pacemakers, and rhythm monitors. And they complete ablation procedures

which apply intracardiac radiofrequency energy, laser, or cryoablation to myocardial

substrate in order to interrupt accessory pathways and disrupt arrhythmogenic

foci. Some of these procedures, such as accessory pathway ablation, are tailored

specifically to findings on the EP study [127]. Others, including pulmonary vein

isolation for atrial fibrillation, are relatively standardised (Section 2.4.3).

2.4 Atrial Fibrillation

Atrial fibrillation (AF) is an arrhythmia (Appendix A) characterised by disordered

electrical activity in the cardiac atria. Instead of receiving regular stimulation from

the sinoatrial node, the atrial myocardium in AF pulses 400 - 600 times per minute

due to ectopic triggers and disordered conduction [128]. Atrial fibrillation is the second

most common arrhythmia after simple premature beats. The incidence is highly age-

dependent, affecting 0.5% of people in their 50s and 10% of those in their 80s. AF

increases the mortality rate by 50% in men and nearly doubles the rate in women [129].

Atrial fibrillation presents both as a lone entity, usually in patients between

40 and 60 years old [130], and as a comorbidity in patients with underlying cardiac

disease [131]. Lone AF classically begins as paroxysms before increasing in frequency

and developing into a chronic, persistent arrhythmia. AF patients are also at risk

of further cardiac morbidities, especially congestive heart failure [132].
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2.4.1 Atrial Remodelling

The progressive natural history of AF is classically described as ‘atrial fibrillation

begets atrial fibrillation’ [133]. The pathological basis of this course is a threefold

remodelling process [134]. Animal studies have shown that inducing sustained AF

in otherwise healthy hearts causes the atrial refractory period to shorten and rate

adaptation to be lost. Over the course of days to weeks, these changes result in higher

susceptibility to AF and lower spontaneous resolution of subsequent episodes [133,135].

While this electrical remodelling is a factor in the repeated induction of paroxysmal

AF and the maintenance of persistent AF, it is fully reversible. After sinus rhythm

is restored, the refractory period and rate adaptation return to normal over the

course of days, even after prolonged periods of sustained fibrillation [136].

Contractile remodelling develops over a longer time course. Useful atrial

contraction is of course absent during fibrillation, but the mechanical defect lingers

after sinus rhythm is restored, in a time-dependent fashion. It takes about 24

hours for full mechanical recovery after AF lasting two weeks, while a full month is

required after AF lasting six weeks [137]. This effect was initially thought to be ‘atrial

stunning’ secondary to the electrical cardioversion used to restore sinus rhythm in

the original studies, but further work showed that stunning is also present after

pharmacologic cardioversion or spontaneous reversion [138].

Finally, structural remodelling is a physical change in the cellular and extra-

cellular myocardial structure after persistent AF. Chronically fibrillating atrial

cardiomyocytes exhibit loss of myofibrils, mitochondrial changes, glycogen accumu-

lation, dispersion of chromatin, and fragmentation of the sarcoplasmic reticulum [139].

These changes are similar to those shown by chronically ischaemic myocardium

(so-called ‘hibernating myocardium’) and is not a prelude to apoptosis [140]. In

humans, increased fibrosis is observed in the myocardium of chronic AF patients,

both between individual myocytes and between atrial bundles [141,142]. It is yet

unclear whether this fibrosis is a pure effect of AF or part of the interplay between

AF and comorbidities [143] or the ageing process [144].
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Electrical, contractile, and structural remodelling play synergistic roles in the

maintenance of atrial fibrillation [134]. Higher levels of fibrosis correlate with lower

bipolar voltage on EAM and enhancement on LGE-MRI, and are associated with

higher AF recurrence rates after pulmonary vein isolation (Section 4.1.1).

2.4.2 Sequelae

Stroke is the dreaded complication of atrial fibrillation [145,146]. Loss of atrial

contractility during AF leads to stasis of blood, particularly in the left atrial

appendage, which is haemodynamically sheltered from the passive flow of blood

from the pulmonary veins into the left ventricle. Stasis, in combination with

fibrotic atrial myocardium [141,142] and increased fibrin turnover [147], contributes to a

prothrombotic state [146]. Portions of left atrial thrombus may then embolise and

enter the arterial, including cranial, circulation.

Several clinical classification strategies have been proposed to stratify stroke

risk for the purpose of choosing recipients of anticoagulation therapy, most recently

the ‘Birmingham 2009’ point-based scoring system commonly referred to by the

acronym CHA2DS2-VASc [148]. These scores recognise increased risk correlates with

age, male sex, heart failure, vascular disease, hypertension, and diabetes. Based

on stroke risk, AF patients may be treated with anticoagulation medication [149,150]

or considered for surgical closure of the left atrial appendage [151]. Anticoagulation

must be weighed against increased bleeding risk [152].

Mitral valve changes are another complication of atrial fibrillation. As the atrial

myocardium becomes more compliant and fibrotic in AF, atrial size increases [153].

This leads to a stretching of the mitral annulus, resulting in loss of sphincteric

action and possibly mitral regurgitation [154].

2.4.3 Treatment

The two goals of AF treatment are prevention of embolic events and limitation

of the cardiovascular effects of AF.
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Therapeutic approach and challenges in anticoagulation are tangential to the

focus of this thesis. Briefly, anticoagulation is indicated acutely for any patient

undergoing electrical or medical cardioversion – unless specific criteria are met

indicating no atrial thrombus – and chronically for any patient who will remain

in AF and meets CHA2DS2-VASc or similar risk stratification criteria [148]. While

warfarin is classically used, newer options include direct thrombin or factor Xa

inhibitors, including dabigatran, rivaroxaban, and apixaban. These agents offer

similar or decreased rates of ischaemic stroke and significant bleeding compared to

warfarin, but obviate the need for INR checks and carry fewer dietary restrictions [155].

Direct signs and symptoms of AF are largely caused by rapid ventricular response.

Therefore, the two broad treatment strategies for AF are rate control and rhythm

control. The rate control strategy aims to pharmacologically limit the ventricular

rate while allowing AF to persist in the atria. The rhythm control strategy, by

contrast, is to terminate AF and maintain sinus rhythm via medication, surgery,

or ablation. The largest clinical study of its type found that rate control plus

anticoagulation offers an identical survival advantage to rhythm control with less

risk of drug toxicity [156]. However, a role for rhythm control remains, especially for

patients who cannot tolerate antiarrhythmic medications and for younger patients

who wish to avoid long-term atrial remodelling [157].

Rate Control

Limiting the ventricular rate – which can reach 150 beats per minute (bpm) in

untreated AF – prevents symptomatic haemodynamic instability and tachycardia-

induced cardiomyopathy [158]. While an optimal rate goal has not been established,

a target of < 110 bpm has proven as effective as <80 bpm and required fewer

clinical visits to achieve [159].

Rate control is typically achieved using beta blockers or nondihydropyridine

calcium channel blockers (CCBs), with digoxin as a second-line choice [160,161]. Beta

blockers and CCBs carry a risk of hypotension, can exacerbate heart failure, and

may contribute to atrioventricular node block. Due to digoxin’s inotropic effects,
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it was once first-line therapy for patients with AF and heart failure. However, its

narrow therapeutic window and low efficacy in controlling heart rate have relegated

its use to patients who cannot tolerate a beta blocker or CCB [162].

Rhythm Control

The goal of rhythm control is to interrupt atrial fibrillation and maintain the patient

in a sinus rhythm indefinitely thereafter.

Pharmacologic Rhythm Control Antiarrhythmic medical therapy is beyond

the scope of this thesis. Briefly, first-line agents include amiodarone, dofetilide,

flecainide, propafenone, and sotalol [160,163]. Choice of medication depends on the

presence of structural heart disease, coronary artery disease, and heart failure.

Amiodarone has the highest efficacy [164], but also the worst long-term side effect pro-

file, including central nervous system effects, gastrointestinal and hepatic disruption,

hyper- and hypothyroidism, and damage to the lung parenchyma.

Cox Maze Procedure This procedure aims to cut a ‘maze’ of conducting

myocardium within the atria, creating obstacles of scar that will prevent an

AF wavefront from propagating [165]. Though the procedure has undergone many

revisions since its development in the 1990s, the core strategy of extensive cuts

and re-sewing through both left and right atria remains unchanged. Though

this is an invasive procedure requiring cardiopulmonary bypass, success rates

are 89.3% after 10 years [166].

Several alternative approaches have been evaluated. The ‘corridor’ operation

isolated a path of atrial tissue connecting the SA node to the AV node. While

this prevented rapid ventricular response and eliminated the irregular pulse, the

bulk of the atrial myocardium remained fibrillating. Thus, anticoagulation is still

necessary, and this approach has been clinically abandoned [167]. Alternatively,

taking a cue from catheter ablation procedures (below), surgical en bloc isolation of

the pulmonary veins has been evaluated. This approach was found more effective

than the maze procedure in a study of 30 patients [168].



2. Background 28

Finally, radiofrequency and cryothermal energy have been used during open chest

procedures to duplicate the maze procedure lesions. These methods are quicker and

easier than cutting through the myocardium, and do not require cardiopulmonary

bypass [169,170]. The radiofrequency approach has similar outcomes to the maze

procedure, exhibiting 91% effectiveness one year post-procedure [171].

Catheter Ablation Catheter ablation for AF was originally developed as an

alternative to the Cox maze procedure [172], but replicating those lesions with

radiofrequency ablation proved difficult and fraught with complications. When

it was observed that 94% of AF foci occur in the pulmonary veins (PV) [173],

the goal of catheter ablation quickly shifted to circumferential ablation of the

pulmonary vein ostia in order to electrically isolate the arrhythmogenic foci from

the atrial myocardium [174].

Pulmonary vein isolation (PVI) remains the mainstay of AF catheter ablation

today. In addition to radiofrequency energy, which carries risks of perforation

and stenosis [175,176], cryoablation has been used in PVI procedures. Cryolesions

are transmural and homogeneous but with reduced inflammation compared to

radiofrequency [177–179].

Another substantial challenge to standard ablation is the point-by-point nature

of the lesion, where success requires an unbroken circumferential scar. Alternative

techniques have been introduced to address this concern using ‘one-shot’, balloon-

guided ablation. In the cryoballoon method, a balloon is inflated at the tip of the

catheter, obstructing one pulmonary vein at a time. While it is inflated and in

circumferential contact with the ostium, pressurised nitrus oxide is delivered to the

balloon. The liquid-to-gas transition of the nitrus oxide reduces the temperature of

the balloon to -70 ºC, creating a circumferential lesion [180,181]. The laser ablation

balloon approach is substantially similar. With the pulmonary vein occluded, an

endoscopic aiming system is used to align an intra-balloon laser with the pulmonary

vein ostium in contact. The laser is then activated, generating a circumferential

lesion [182]. Finally, in through-the-balloon ultrasound, an high-frequency ultrasound
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transducer is used to heat the saline-filled balloon until it forms a lesion where

it is in contact with the pulmonary vein ostium [183]. These balloon methods, in

different stages of evaluation, have proven effective [184].

In addition to pulmonary vein triggers, localised electrical rotors and focal

impulses within the atrial myocardium contribute to AF [185,186]. Some clinical

centres incorporate targeted ablation of these regions in addition to pulmonary

vein isolation in their ablation strategies. Others continue to employ arbitrary ‘roof

lines’ for substrate modification. In current practice, a single ablation procedure

achieves sustained success in about 40% of cases. Long-term success considering

clinically indicated repeat procedures approaches 80% [187,188].

Risks of AF catheter ablation include pulmonary vein stenosis (1 - 3%), cardiac

perforation with tamponade (1%), clinically evident embolism (0.4 - 2%), phrenic

nerve injury (< 1%), and atrioesophageal fistula (0.3 - 0.5%) [175,176].

Licensing Note

Due to its provenance, Figure 2.1 is hereby licensed under the Creative Commons

Attribution-ShareAlike 4.0 International License. This applies to the image only,

not its caption or other accompanying text. The license is available at

http://creativecommons.org/licenses/by-sa/4.0/.



Τῶν δ΄ ὡς λόγου μόνου συμπεραινομένων μὴ εἴη

ἐπαύρασθαι, τῶν δὲ ὡς ἔργου ἐνδείξιος· σφαλερὴ γὰρ

καὶ εὔπταιστος ἡ μετ΄ ἀδολεσχίης ἰσχύρισις.

Conclusions which are merely verbal cannot bear fruit,
only those based on demonstrated fact.

— Hippocratic Precept [189]
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Chapter 3 Abstract

Background Commercial solutions exist to register 3-D image data with elec-

troanatomic map systems for procedural guidance. However, an offline, post-

procedure registration solution would facilitate study of the statistical relationships

between image and electrogram data. This information could elucidate the potential

30
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role of LGE-MRI and other advanced imaging protocols in clinical characterisation

of myocardial tissue.

Methods A three-step registration algorithm was developed, which aligns elec-

troanatomic map points to a manually segmented 3-D image. The algorithm consists

of a manual landmark-based alignment, followed by iterative similarity registration of

the EAM point space, and finally an iterative, 3-D Bézier field (nonrigid) registration.

The similarity and Bézier field steps minimise the mean square distance from each

EAM point to the cardiac chamber wall using a standard trusted region approach.

The algorithm was validated in atrial fibrillation patients undergoing pulmonary

vein isolation. Each patient underwent cardiac MR (n = 17) or CT (n = 20) imaging

using standard clinical protocols. Dense electroanatomic maps were acquired prior

to PVI using the CARTO EAM system.

Results and Conclusions Each EAM was registered to the 3-D clinical image

and the quality of registration was evaluated quantitatively by point-to-surface

distance and qualitatively by visual inspection. The algorithm achieved a point-

to-surface distance of 3.52 ± 3.56 mm in MR patients and 2.20 ± 3.93 mm in

CT patients. The rigid and Bézier steps improved the fraction of points within

5 mm of the surface from 65% to 80% and from 56% to 85% in MR and CT

cohorts, respectively. Qualitatively, the registration was clinically successful in 34

of the 37 images, with ablation points agreeing well with clinical targets. These

registered EAM–image pairs were found suitable for use in the more detailed

investigations in the following chapters.

3.1 Introduction

Cardiac magnetic resonance imaging is increasingly integrated with clinical and

research electrophysiology. MRI is routinely used to evaluate anatomic structure,

dynamic function, and scar burden in the context of arrhythmia [190]. Integration of

MRI with EP procedures is advancing rapidly. While LGE-MRI is now a clinical
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standard for cardiac scar detection, development of methods to automatically

quantify fibrosis for research purposes is ongoing [191].

The utility of EAM and advanced imaging in specific clinical situations is the

focus of Chapters 4 and 5, and associated background information is reserved

to those chapters. Here, we consider current frameworks for registration of elec-

troanatomic maps to clinical imagery. While commercially available tools for pre-

and intra-procedural registration for interventional guidance exist and are well-

studied (Section 3.1.1), the literature in post-procedure registration for research

purposes is considerably more sparse (Section 3.1.2). In this chapter, we introduce

a practical algorithm that contributes to this latter category.

3.1.1 Commercial Procedural Registration
Procedure

Both the CARTO product by Biosense Webster and the NavX product by St.

Jude Medical (Section 2.2.2) now have the ability to import segmented MR and

CT images into the EAM system for procedural guidance. These options are

called CARTOMERGE and NavX Fusion, respectively. The registration process in

CARTOMERGE [192] begins with supervised segmentation. Operators select upper and

lower voxel value thresholds for the blood pool, and then manually place markers

(‘seeds’) on the image representing individual anatomic structures. This segmenta-

tion procedure takes approximately 9 minutes [192]. The commercial algorithm then

extracts endocardial surfaces and imports them into the EAM software.

These surfaces are operatively registered to the EAM coordinate system in

a two-step process. First, landmarks that were previously identified on the MR

or CT image – pulmonary vein antra and the mitral valve annulus – are located

in the EAM system using an intracardiac catheter under fluoroscopic guidance.

These paired landmark points drive an initial rigid registration, which minimises

distance between the image points and the corresponding locations in the EAM

coordinate system. Second, the operator uses the catheter to identify three to seven

points on each segment of the endocardial wall. The system incorporates these
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points using a commercial algorithm to register the endocardial surfaces in EAM-

and image-space. The registration process takes about 16 minutes [192]. Anatomic

structures in this paragraph refer to the left atrium, but analogous procedures

may be followed in the other cardiac chambers.

Registration using the NavX Fusion system is broadly similar [193]. Clinical

images are segmented using proprietary software, and three landmark points are

manually labeled in the image as well as using a catheter in the EAM space. After a

rigid landmark registration, the operator has the option to manually tag misaligned

points to trigger further non-rigid registration and fusion.

Accuracy

The accuracy of these commercial systems has been evaluated in a number of studies.

In 2006, Dong and colleagues [5] investigated the accuracy of CARTOMERGE

in a canine model. They surgically attached radiopaque fiducial markers to the

epicardia of nine dogs and then acquired a high-resolution CT image of each. These

images were registered to electroanatomic maps using the CARTOMERGE EAM

package. The researchers then performed radiofrequency ablation targeting the

fiducial markers, using only the registered CT image for guidance. At autopsy, the

researchers found the lesions were separated from the markers by average distances

ranging from 1.8 mm in the left atrium to 2.7 mm in the right ventricle.

The same group carried out the first investigation of CARTOMERGE in human

atrial fibrillation patients [192]. Sixteen patients who presented for pulmonary vein

isolation underwent MR or CT imaging within 24 hours of their ablation procedure.

These images were registered to the EAM system, and the registration was evaluated

on three bases: First, ‘good alignment’ of the pulmonary veins was considered

achieved if every EAM point sampled within the PVs corresponded to an image point

within 5 mm of the segmented vein. Second, the ability to use the registered surface

to guide the catheter into the PVs and left atrial appendage (LAA) was evaluated.

Third, the distance between EAM points and the registered surface (‘point-to-surface’

distance) was measured. The researchers found good PV alignment in 57 of 60 total
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PVs, and complete success in navigating to the PVs and LAA using the registered

surface alone. They found a mean point-to-surface distance of approximately 3 mm.

In 2007, Zhong et al. [194] raised questions about the accuracy of the CARTOMERGE

system in a clinical setting. After registering pre-operative CT images with the

EAM system, the researchers performed mock pulmonary vein isolation procedures

in 16 patients. The cardiologist was blinded to the EAM display, instead guiding

the catheter through a path around the pulmonary veins using only intra-cardiac

echocardiography. As the catheter moved along this path, points were recorded

in the CARTO system. When compared to the registered CT data, these points

were inaccurate, differing from their true anatomic locations by more than 1 cm

on average. Performance was worse (errors about 2 cm) when CT frames from

the end of atrial systole were not selected. Zhong hypothesized that relying on

point-to-surface distances may overestimate registration performance.

The first study of the competing NavX Fusion product in human atrial fibrillation

was carried out by Brooks et al. in 2008 [193]. The researchers reported their

experience with 55 patients undergoing PVI. Before instrumentation, patients

underwent CT imaging. After registration, the group used custom software to

measure the surface registration error at a mean 1.9 mm. They then stabilised

the catheter on various anatomic structures using fluoroscopy and evaluated its

reported position in the fused EAM system. They reported a mean distance of

3.4 mm from the CT representation of the anatomic structure.

As the inter-electrode distance on cardiac ablation catheters is generally about

2 mm, registration accuracy of 3 - 4 mm is generally considered clinically acceptable,

while errors in the centimetre range are subject to scrutiny.

3.1.2 Registration for Research

Offline, post-procedure registration of EAM data to clinical images presents some-

what different goals and challenges compared to procedural registration. Post-

procedure registration aims to facilitate automated analysis and statistical inves-

tigation of the relationship between image data and electrogram data. Because
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this research is currently most applicable when it employs delayed enhancement

imaging (Section 4.1.2), offline registration does not have the luxury of using

the high-contrast, blood-pool-enhanced images preferred in procedural imaging.

However, post-procedure imaging benefits from availability of the full complement

of a procedure’s EAM data and is comparatively unconstrained by clinical pressures

on segmentation and registration time.

To the best of our knowledge, the 2013 effort by Roujol and colleagues [195] is the

only published algorithm designed explicitly for offline registration of post-procedure

EAM and clinical imaging data. Their approach began with a landmark registration

of manually denoted feature points. Second, the operators manually segmented

both the endocardium and areas of fibrosis they identified on the LGE-MRI. A

3-D distance map was generated from the segmented endocardium and scar tissue,

and the distance between the voltage map points and the endocardium distance on

the one hand and low-voltage points and the scar regions on the other hand were

minimised. While the distance between the registered EAM and MR endocardial

surfaces was only 3.57 mm on average, individually identified landmarks had an

error of 14.6 mm. This result is similar to the commercial systems, and raises

questions of its utility for voxel-to-point statistical purposes.

In this chapter, we present and validate a semi-automated, three-step registration

algorithm that aligns EAM data with 3-D clinical images. The algorithm was

developed for the utilitarian purpose of enabling the work presented in Chapters 4

and 5. Though the procedure presented below consists of standard registration

manoeuvres, it is described here not for its novelty, but instead to establish the

groundwork for the chapters to come.

3.2 Experimental Data

Human left atrial data was collected in patients undergoing first-time pulmonary

vein isolation at the Johns Hopkins Hospital (Baltimore, MD, USA). Each patient

underwent cardiac MR or CT imaging. These images were manually segmented

and distance maps were calculated. As these maps are the only image features
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Figure 3.1: Illustration of the local minimum trap in segmentation. Top: Iterative
alignment of blue (moving) shape to black (fixed) shape. Due to unfortunate starting
position, registration settles in a local minimum of the energy function. Bottom:
Initialisation close to the global minimum prevents this error.

that contributed to the registration (Section 3.3.3), imaging parameters were

not dispositive to the outcomes. The imaging protocols were identical to those

described in Sections 4.2.2 and 4.2.3. Electroanatomic maps were acquired using

the commercial CARTO EAM system. During the ablation procedure, pulmonary

vein ostea were identified and marked on the EAM. The ostea were also labeled

manually on the MR or CT image for use as landmarks.

3.3 Methods

A three-step registration algorithm was developed to register EAM coordinates

(moving ‘image’) to MR or CT coordinates (fixed): First, landmark alignment was

used to initialise the registration. Second, the optimal similarity (rigid) transform

was identified iteratively. Finally, an iterative, Bézier curve-based (nonrigid)

deformation of the EAM point space was performed.
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1. Rigid Landmark Transform

2. Iterative Similarity Transform

3. Iterative Bézier Field Transform

+

Figure 3.2: Schematic of three-step registration algorithm. Red, green, and blue
diamonds: Manual image landmarks. Red, green, and blue circles: EAM landmarks.
Yellow circles: EAM points. Yellow grid: deformation field of the transform.
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Fundamentally, registration is an exercise in the minimisation of an energy

function which represents the distance from perfect registration. Our algorithm

was designed to minimise the root mean square distance (RMSD) between EAM

map points and the manually segmented endocardial surface. Especially as it

relied on shape information alone, our methodology was inherently vulnerable

to local minima in the RMSD function, i.e. settling on areas of near-alignment

(Figure 3.1). This classic pitfall is especially profound when the granularity of the

transformation iterations is small compared to noise in the energy function. Our

three-step process (Figure 3.2), including an initial, non-iterative step, was designed

to overcome this general weakness through stepwise increases in the flexibility

of the transformation calculated.

3.3.1 Algorithm Input

The registration algorithm’s input consisted of three sets of data: First, paired

landmarks were supplied for initial gross orientation. Three to four landmarks,

which must be identifiable both procedurally on EAM as well as on the image, were

manually indicated by the operator. For LA use, the pulmonary vein ostea worked

well. Note that the landmark registration step (Section 3.3.2) was used only for initial

alignment. If the EAM and imaging coordinate systems were already orientated by

virtue of harmonious coordinate systems, this step would be rendered unnecessary.

Second, a manual blood pool segmentation of the MR or CT image was provided

to the algorithm. The segmented surface was converted to a signed distance map

(Section 3.3.3), and the registration calculations were based only on that distance

information. This rendered the algorithm independent of voxel-level image data.

The experts’ manual segmentations encompassed all potential catheter locations,

including adjacent vessels or chambers when the EAM data had traversed those

points. Manual segmentation was chosen in order to retain maximum flexibility

over the choice of clinical image modality and parameters.

Finally, of course, the algorithm required EAM point geometry. Both diagnostic

mapping and ablation points were included, and points indicating the positions of
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pulmonary veins and other structures were included when those structures could

also be identified and segmented in the MR or CT image. Custom applications

were developed in Python to extract this data from the export files produced

by the commercial EAM system.

3.3.2 Landmark Orientation

An initial landmark registration was employed to increase the likelihood of the

subsequent iterative registration converging to the global minimum. This was

especially important in the LV, which generally demonstrates a high degree of

rotational symmetry. A similarity transform was designed using manually identified,

paired landmark points.

Following Umeyama [196], we analytically computed the transform parameters –

rotation matrix R, translation vector t, and scale constant c – which minimised

the mean squared landmark error,

e2(R, t, c) = 1
n

n∑
i=1
‖yi − (cRxi + t)‖2 , (3.1)

between the n paired landmark coordinate vectors xi and yi in the EAM space and

image space, respectively. The closed-form solution is fully derived by Umeyama.

Briefly, consider the mean coordinates µ, variances σ2, and covariance matrix

Σxy of the coordinate vectors:

µx = 1
n

n∑
i=1
xi µy = 1

n

n∑
i=1
yi (3.2)

σ2
x = 1

n

n∑
i=1
‖xi − µx‖2 σ2

y = 1
n

n∑
i=1
‖yi − µy‖

2 (3.3)

Σxy = 1
n

n∑
i=1

(yi − µy) (xi − µx)T (3.4)

Computing the singular value decomposition of the covariance matrix, Σxy =

UDV T , and selecting

S =
{
I if det (U) det (V ) = 1
diag(1, 1, · · · , 1,−1) if det (U) det (V ) = −1 , (3.5)
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we find the similarity transform parameters are

R = USV T , t = µy − cRµx , and c = 1
σ2
x

tr(DS) . (3.6)

As noted above, the landmark registration may be modified when the EAM

and imaging apparatus use physical-unit, anatomic-direction coordinate systems.

As the rotation and scale would be roughly concordant without calculation in this

case, the translation parameter alone could be determined by aligning the average

EAM point coordinate with the most interior segmentation point (i.e. the most

‘internal’ point on the signed distance map).

3.3.3 Iterative Similarity Registration

The blood pool was segmented manually from each MR or CT image by experts

using Seg3D software (Version 2.1.4, University of Utah, Salt Lake City, USA). A

custom application written in C++ was used to convert this segmentation mask

into a signed distance map using Danielsson’s method [197] as implemented in the

open-source Insight Toolkit [198].

A similarity transform with iteratively evolving parameters was applied to

the EAM point coordinates to minimise mean squared distance between each of

the n map points and the blood pool boundary. For simplicity, the EAM point

coordinates pi in this section were taken to have already been oriented using the

landmark transformation from Section 3.3.2.

The multi-level, iterative algorithm sought similarity transform parameters

R, t, c to minimise the mean square surface error

e2(R, t, c) = 1
n

n∑
i=1

[D(cRpi + t)]2 , (3.7)

where D(p) represents the signed distance map. Rotations R were applied about

the mean EAM coordinate to prevent conflation of translation and rotation.

Every iteration, uniform variations in each of the seven similarity parameters

(three translation, three rotation, and one scale) were independently evaluated for

their effect on e2(r, t, c). The transformation yielding a minimum e2 was applied,
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and the next iteration began. When a local minimum was reached, the scale of the

variations were decreased by half. The registration was considered to have converged

when the scale of parameter perturbations decreased to of half of the image voxel size.

3.3.4 Iterative Bézier Registration

The third and final registration step was another iterative procedure to minimise

the mean square distance from EAM points to the endocardial surface. A Bézier

field B was defined using regularly spaced control points bi,j,k. The field vector

at any point p within the field was computed:

B(p) =
ni∑
i=0

nj∑
j=0

nk∑
k=0

Bni
i (pu)B

nj
j (pv)Bnk

k (pw) · bi,j,k . (3.8)

Here ni, nj, and nk represent the order of the control point grid in each dimension;

and pu, pv, and pw ∈ [0, 1] are the normalised coordinates of p. Bn
i (u) is the

Bernstein polynomial,

Bn
i (u) =

(
n
i

)
ui(1− u)n−i , (3.9)

where
(
n
i

)
represents the binomial coefficient. For every iteration, the effect of

translating each control point bi,j,k within a local trust region was evaluated in

turn on the mean square error e2(B):

e2(B) = 1
n

n∑
i=1

[D(pi +B(pi)]2 (3.10)

and the position effecting the lowest e2(B) is applied. When an iteration fails

to decrease e2(B), the translation scale is reduced by half. When the minimum

scale size is reached, the algorithm ends.

3.3.5 Evaluation

With the aim of demonstrating its utility for Chapters 4 and 5, the algorithm was

validated quantitatively by point-to-surface distance and qualitatively by agreement

of ablation points with the clinical procedure in the left atrium of AF patients

undergoing first PVI procedure.
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Figure 3.3: Registration accuracy in MR cohort (median as well as 10th, 25th, 75th, and
90th percentiles).

The distance from the registered coordinates of each EAM point to the manually

segmented endocardial contour was calculated by reference to the Danielsson

distance map after landmark registration, iterative similarity registration, and

iterative Bézier registration.

3.4 Results

In the MR cohort, the mean point-to-surface registration error was 4.7± 4.4 mm

for landmark registration alone (mean ± standard deviation). This improved to

4.0± 4.4 mm after similarity registration and 3.5± 4.2 mm after Bézier registration.

This modest decrease in mean error from 4.7 mm to 3.5 mm is not clinically

significant on its face, as the uncertainty of the electroanatomic mapping system

itself is often estimated at about 5 mm.

However, inspecting the distribution of errors (Figure 3.3) reveals a somewhat

more substantial improvement. Though landmark registration alone achieves

reasonable success on average, a significant number of points remain distant from

the surface – the 90th percentile is 9.3 mm. After similarity and Bézier registration,

this decreases to 8.0 mm. These registration steps bring the fraction of points

within 5 mm of the surface from 65% with landmark registration alone, to 74%

after similarity registration, and finally to 80% after non-rigid registration.

The improvement is somewhat more pronounced in the CT cohort. Mean

point-to-surface registration distance improved from 6.2 ± 6.7 mm for landmark

registration to 3.5±4.7 mm and 3.0±4.7 mm after similarity and Bézier registration,
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Figure 3.4: Registration accuracy in CT cohort (median as well as 10th, 25th, 75th, and
90th percentiles).

respectively. The 90th percentile distance was 13.6 mm after landmark registration

alone, compared with 6.8 mm after rigid and non-rigid registrations (Figure 3.4).

The fraction of points closer than 5 mm improved from 56% to 78% and 85%

after rigid and non-rigid transformations.

Qualitatively, the algorithm performed adequately. Ablation points were well

aligned with their clinical targets and the registration results deemed clinically

acceptable for use in the investigations in Chapters 4 and 5 in sixteen of seventeen

MR images and eighteen of twenty CT images.

Overt registration failure occurred in one patient from the MR cohort and

two from the CT cohort. The major observed failure mode (two patients) of this

method occurred in patients with particularly flat EAM geometry due to sparse

electroanatomic maps. With little curvature to provide a geometric reference

to the cardiac chamber surface, these points had no geometric ‘anchor’ to their

positions on the surface.

3.5 Conclusions

The registration algorithm presented here, while not fundamentally novel in its

approach, is is an effective, semi-supervised method to register EAM points to 3-D

image data. Although the improvement in mean point-to-surface distance through

the registration pipeline was modest, there was a significant improvement in the frac-

tion of points brought within 5 mm of the manually segmented endocardial surface.



3. Registration of Electroanatomic Map for Image Analysis 44

Offline registration tools are a necessary step in the point-by-point study of

the relationship between EAM measurements and image features, and the current

literature in this area is sparse. The registration algorithm achieved qualitative

clinical success, based on agreement of ablation and map point positions to the

physician’s intent during the procedure, in 34 of 37 images. These successful

registrations were used as the basis for the investigations in Chapters 4 and 5.
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Chapter 4 Abstract

Background In atrial fibrillation patients, left atrial fibrosis correlates with

disease that is more severe and refractory to treatment. Fibrosis is traditionally

evaluated via intracardiac electroanatomic mapping. Recent studies have established

correlation between atrial fibrosis and enhancement on magnetic resonance images.

Delayed enhancement multi-detector computed tomography also merits evaluation

in the left atrium, as it has recently been implicated in injury assessment in the

ventricular myocardium. In this chapter, we analyse the relationship between

MR and CT image features and bipolar voltage using single-parameter regression

and random forest modelling.

Methods Sixteen AF patients underwent MR and eighteen underwent CT before

EAM and pulmonary vein isolation. Images and EAMs were registered, and the

LA myocardium was manually segmented from the images. Neighbourhoods were

defined around each registered EAM point. The mean, maximum, and minimum

voxel intensities, as well as voxel variation across the neighbourhood, were extracted

from each neighbourhood and combined to form the feature vector for that point.

Single-parameter regression and random forests were used to devise models of atrial

fibrosis and bipolar voltage. Principal component analysis was used to characterise

the influence of combinations of features on the random forest approach.
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Results and Conclusions Random forest performed significantly better than

the classifier based on single-parameter regression at identifying fibrosis (area under

ROC curve (AUC) 0.746 vs. 0.621) and modelling bipolar voltage (R2 0.190 vs.

0.034) using MR data. This relationship was more profound using CT data, with

AUC 0.977 vs. 0.609 and R2 0.770 vs. 0.043. The improved prediction of atrial

fibrosis and bipolar voltage using image data raises the prospect of improved patient

selection for invasive treatment and more comprehensive evaluation of fibrosis in

groups not undergoing cardiac instrumentation.

4.1 Introduction

Left atrial fibrosis correlates with the severity of atrial fibrillation and recurrence after

transcutaneous pulmonary vein isolation (PVI). The gold standard for identification

of fibrosis is intracardiac electroanatomic mapping (EAM, Section 4.1.1). However,

the role of noninvasive imaging (particularly MR and CT) for this purpose is

under active investigation (Section 4.1.2).

4.1.1 Electroanatomic Mapping for Atrial Fibrosis

The progressive natural history of atrial fibrillation has long raised suspicions about

the role of the atrial extracellular matrix. In 2004, Boldt et al. [199] showed clear

differences in the histology of patients in sinus rhythm as compared with those with

AF. The atrial cardiomyocytes of AF patients were surrounded by thick connective

tissue fibres, with a clear increase in collagen by Western blot. Boldt concluded

that this fibrosis results in physical separation and decreased conduction between

atrial cardiomyocytes, leading to the observed decrease in bipolar peak-to-peak

voltage on local electrograms during electroanatomic mapping and constituting a

major factor in the observed self-perpetuating pathogenesis of AF.

Establishment of a ‘normal’ LA bipolar voltage threshold for the purpose

of fibrosis identification in AF patients is ongoing [200]. Verma et al., in their

work [201] demonstrating that low left atrial voltage predicts PVI treatment failure

(Section 5.1.1), defined ‘scar’ as bipolar voltage BV ≤ 0.05 mV and ‘low-voltage
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regions’ as BV ≤ 0.5 mV. The group found that their ‘left atrial scar (LAS)’

cohort had extensive areas of scar associated with large low-voltage regions. In

contrast, only 5% of their ‘non-LAS’ group showed scar, and even those regions

covered < 5% of the LA area.

While other groups also use Verma’s 0.5 mV bipolar voltage threshold for ‘normal’

LA myocardium [202,203], work by Kapa et al. suggests a 95% threshold between

0.27 mV and 0.45 mV depending on the region of the LA myocardium [204]. They

hypothesize that tissue thickness and adjoining conductive structures (pulmonary

veins and heart valves) may affect normal voltages.

4.1.2 Correlating Image Data with Atrial Fibrosis

Non-invasive imaging is a tempting alternative to catheter electroanatomic mapping

for evaluation of atrial fibrosis and scar [205]. Although the mapping step is not

thought to be an independent contributor to the risks of the PVI procedure [206–208],

the ability to more accurately risk-stratify patients in a non-invasive manner could

improve the overall PVI benefit equation [205]. Furthermore, effective non-invasive

mapping of atrial fibrosis and scar would allow comparison of AF patients with

groups that do not warrant the risks of catheter instrumentation.

Magnetic Resonance Imaging

Late gadolinium enhancement MRI (LGE-MRI) is the primary modality under

investigation for identification of atrial fibrosis. In this technique, a gadolinium-

based (T1-shortening) contrast agent is injected into the patient, and a T1-weighted

MR image is acquired several minutes later. While clinical protocols vary, the

unifying result is that the contrast agent is retained in areas – such as fibrotic tissue

– with reduced bloodflow and increased extracellular matrix.

In 2007, Peters and colleagues [209] at Beth Israel Deaconess Medical Center and

Harvard Medical School first applied LGE-MRI to detect atrial scar in AF patients.

Their work focused on recognising scar caused by ablation, rather than native

fibrosis. The group imaged 15 patients before their ablation and 18 patients at least
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30 days after pulmonary vein isolation (23 total patients). Of the 14 interpretable

pre-ablation images, none demonstrated atrial wall or PV enhancement, whereas

all of the 13 interpretable post-ablation images demonstrated enhancement of the

PV ostia or LA wall. The images were compared to recorded ablation sites in one

patient, and agreed well. In a circumferential view of the PV ostia, an average

88% of each ostium, by sector, was enhanced. This study marked the first use

of LGE-MRI to identify atrial scar.

Using LGE-MRI to evaluate post-ablation scar remains a valuable technique.

In 2014, Sohns and colleagues [210] at King’s College London characterised the

relationship between catheter contact force and quality of scar following PVI for

paroxysmal AF. Experts manually segmented enhanced areas from 3-month post-

ablation LGE images in six patients. Quality of scar was determined quantitatively

by the ratio of voxels identified as enhancement within 5 mm of the ablation point

and qualitatively by expert impression. The researchers found significant correlation

between catheter contact force and enhancement.

In 2009, Marrouche and colleagues [211] at the University of Utah transitioned

from identifying ablation scar to pathogenic fibrosis. They analysed 3-D LGE-

MRI of 81 patients presenting for PVI in addition to six healthy volunteers. The

researchers segmented the LA from the MR images manually, and a threshold

method was used to determine the extent of fibrosis. The group defined ‘normal’

tissue by MRI as voxels with intensity between 2% and 40% of the maximum voxel

intensity in the LA myocardium. The ‘enhancement’ threshold is then selected by

an expert between two and four standard deviations above the mean ‘normal’ tissue

intensity. The most commonly selected threshold was three standard deviations [211].

The researchers stratified patients into three categories on the basis of the extent

of enhancement by tissue area: minimal enhancement (n = 43, area 8.0± 4.2%),

moderate enhancement (n = 30, area 21.3 ± 5.8%), and extensive enhancement

(n = 8, area 50.5 ± 15.4%). The rate of AF recurrence after PVI was 14.0% for

those with minimal enhancement, 43.3% for the moderate enhancement group, and

75% for extensive enhancement. Correlation between fibrosis as identified by MR
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and on EAM was also established in a descriptive, region-based approach. While

this study launched the use of LGE-MRI in PVI stratification, its generality is

limited by the use of expert knowledge to determine a threshold for ‘enhancement’.

Questions have also arisen regarding the added value of imaging data compared

to clinical history for risk stratification [200,212].

Marrouche and colleagues validated their technique in the DECAAF study, a

multicentre, prospective, observational cohort study of 329 AF patients undergoing

their first PVI procedure published in 2014 [213]. In the 272 patients with adequate

images, image quantification was performed as above, and patients were categorised

by off-site experts as enhancement stage 1 (n = 49, less than 10% of the atrial

wall), stage 2 (n = 107, 10 - 20%), stage 3 (n = 80, 20 - 30%), or stage 4 (n = 94,

30% or more). Treating physicians were blinded to this evaluation. For the 260

patients who followed up, there was a 1.06 hazard ratio for recurrence for each

additional 1% of atrial fibrosis by MRI. The absolute recurrence risk after 325 days

was 0.15 for those in stage 1 compared to 0.51 for those in stage 4. Similar trends

persisted through all groups and after covariate adjustment.

In 2012, Nazarian and colleagues [214] at Johns Hopkins University introduced

the image intensity ratio (IIR), an alternative method of quantification of left atrial

enhancement on LGE-MRI. The IIR is the quotient of the local image intensity

and the mean intensity of the LA blood pool. The researchers acquired LGE-MRI

for 30 patients before ablation procedures for AF. After manual segmentation of

the LA wall, the IIR was computed in 20 sectors of each image. These sectors were

correlated with EAM points, and local IIR was found to associate with bipolar

voltage on EAM (slope -1.4 mV per IIR unit, p < 0.001). The same researchers

further validated the IIR technique in a group of 75 patients using essentially the

same methods and with similar results in 2014 [215]. Although this method avoids

the need for expert input, the work establishes only significance of correlation, not

amount of variance explained or predictive capacity between patients.

While these studies have laid the groundwork in establishing correlation between

LGE-MRI enhancement, low bipolar voltage by EAM, and AF recurrence after PVI,
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none have yet attempted to establish efficacy of image information in predicting

bipolar voltage or fibrosis. Further, work to date has been limited to regional

analyses; point-by-point correlation has not been deeply investigated. The work

presented in this chapter evaluates the performance of modern machine learning

algorithms to predict bipolar voltage data and fibrosis using image features.

X-ray Computed Tomography

Unlike MR imaging, CT is not under widespread investigation for detection of

atrial fibrosis [216]. Its primary role in the AF treatment pipeline is to assess

atrial anatomy and volume, especially in patients with contraindications to MRI.

However, contrast-enhanced multidetector computed tomography (CE-MDCT;

also in some literature DE-MSCT for ‘delayed enhancement multislice’) has been

proposed as an alternative to LGE-MRI for detection of injury to the ventricular

myocardium [83]. A growing body of literature supports CE-MDCT for assessment

of myocardial infarction [12,83], nonischaemic cardiomyopathy [217], and hypertrophic

obstructive cardiomyopathy [218].

In 2010, Tian and colleagues at the University of Maryland [219] applied CE-

MDCT to electrophysiology in a study on ventricular fibrillation (VF) ablation. They

studied 11 patients presenting for VF ablation. CT images were acquired and regis-

tered to electroanatomic maps using a 17-segment myocardial model. The researchers

only observed hyperenhancement in a minority of patients, instead finding that

hypoperfusion correlated well with abnormal ventricular voltage (< 1.5 mV) on EAM.

The work below is, to the best of our knowledge, the first comprehensive

evaluation of CE-MDCT in the left atrium. A preliminary related study was

presented at the American Heart Association 2013 conference [15]. That study

incorporated a simple, single-feature regression model on a subset of the clinical

data used below. It did not incorporate multiple image features, machine learning

algorithms, principal component analysis, or prediction-based performance metrics.
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4.1.3 Random Forests

Random forests is an ensemble machine learning technique for classification and

regression. The random forests method constructs a large collection of individual

decision trees, using bootstrap aggregation and random feature subspace splitting

(Figure 4.1). The approach is described fully by Breiman et al. [220] and is well

known in the machine learning field due to its accuracy, robustness to noise,

and computational efficiency. An example-based illustration of random forests

is found in Section C.1, page 175.

In general terms, a random forest is constructed using a training dataset

which consists of feature vectors of arbitrary length Xi and responses (i.e. class

memberships for a classifier, dependent variable value for a regressor) yi. In an

experimental context, the entire experimental dataset is usually split into the

aforementioned training set, used to construct the random forest, and a testing

set, used to evaluate its performance. This avoids the problem of an aggressive

machine learning algorithm overfitting its training data and boasting artificially

impressive results.

Bootstrap aggregation (‘bagging’) is performed on a per-tree basis. For each tree,

a bootstrap sample is selected randomly from the training dataset with replacement.

Random feature selection is incorporated into the tree learning algorithm. At each

candidate split, a random subset of features is selected, and the feature from that

subset which provides an optimal (by Gini impurity or another metric) binary

split is used to define the node. Each tree is built until all leaves are pure. The

random forest technique is relatively robust to the number of features selected at

each node. Breiman’s original paper uses log2 f , where f is the total number of

features. Most modern implementations use
√
f . In our application (f = 38), the

difference between these values is insignificant.

To apply a trained random forest for prediction (or evaluation), the feature

vector for a novel data point (or a point from the reserved testing dataset) is

passed through each tree of the forest. The response of each tree is averaged,
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Figure 4.1: Schematic of the random forest method as used in this work.
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Figure 4.2: Example receiver operating characteristic curve.

and the average response is the output of the random forest (for a classifier, the

highest-probability class is selected).

A final advantage of the random forest methodology is that it allows evaluation

of the importance of each feature in the feature vector. During training, the ‘out-

of-bag error’ for each data point is computed. To measure the importance of a

given feature, that feature is permuted among the training data, and the error is

again computed. Those features which produce substantially higher error upon

permutation are ranked more important.

4.1.4 Receiver Operating Characteristic Curves

The receiver operating characteristic (ROC) curve is a standard means of evaluating

a classifier [221,222]. It is especially popular in biomedical applications, where the

complex interplay between sensitivity, specificity, and prevalence confound quick

comparisons of tests. Fundamentally, the ROC curve is a descriptor of a classifier

drawn on axes of true positive rate (sensitivity, y-axis) and false positive rate

(1 − specificity, x-axis).

A static classifier on these axes is a point, but in most relevant cases some

threshold value (blood chemistry level, antibody titre, millimeters of ST elevation,
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etc.) can be varied continuously between a value that always registers a ‘negative’

result – the (0,0) point – and one that always registers a ‘positive’ result – the

(1,1) point. The diagonal line connecting these points represents tests which are

uncorrelated with the gold standard. Higher correlation shifts the curve into the

upper left region of the ROC space (Figure 4.2). The area under this curve (AUC)

is a standard measure of classifier performance. An AUC of 1.0 represents 100%

accuracy, while an AUC of 0.5 represents guesswork.

A variety of methods of generating confidence intervals around ROC curves have

been proposed. Macskassy and Provost [223] compared a number of these methods

and found that empirically constructing a fixed-width band around an average

ROC curve, as proposed by Campbell [224], resulted in a confidence interval that was

consistent and robust to the number of samples used to generate the band. The fixed-

width band method is used in this work, and is more fully described in Section 4.3.2.

4.1.5 Principal Component Analysis

Principal component analysis (PCA) is a statistical technique which transforms

a set of (possibly) correlated variables into a set of linearly uncorrelated values

using an orthogonal transformation [225]. It is defined such that the components are

ordered in decreasing order of variance explained in the data. An example-based

illustration of PCA is found in Section C.2, page 181.

Formally, given a data matrix X, with each of n rows representing a data

point and each of f columns representing a (zero-mean) feature of that point, the

PCA transformation is defined by the matrix W and maps X to a transformed

data matrix T :

T = XW . (4.1)

W is defined by unit loading vectors w(k) which individually define the weights

of each feature in component k. The first loading vector is

w(1) = argmax
‖w‖=1

(
||Xw||2

)
. (4.2)
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Subsequent components are calculated by first subtracting higher component

contributions from X,

X̂k = X −
k−1∑
s=1
Xw(s)w

T
(s) , (4.3)

and then calculating the (necessarily orthogonal) component weighting that cor-

responds to the most remaining variance,

w(k) = argmax
‖w‖=1

(
||X̂k−1w||2

)
. (4.4)

As an unsupervised technique, PCA follows the structure inherent in the data,

and so avoids operator bias in determining feature relationships. This work uses

PCA to account for the independent contribution of image features in predicting

bipolar voltage values in the left atrial myocardium.

4.2 Experimental Data

4.2.1 Patients

Patients undergoing first-time pulmonary vein isolation procedures for atrial fibril-

lation at the Johns Hopkins Electrophysiology and Arrhythmia Service (Baltimore,

MD, USA) were offered enrolment in this study. All patients consented to the

investigation, and the ablation and imaging protocols were approved by the Johns

Hopkins Institutional Review Board (IRB study identifiers NA-00019442, NA-

00021383, and NA-00070577).

4.2.2 Magnetic Resonance Imaging

In patients who underwent MR analysis (n = 16), late gadolinium enhancement

MR imaging (LGE-MRI) was performed 3-5 days prior to catheter ablation. A

commercially available 1.5-Tesla MR scanner (Avanto, Siemens, Erlangen, Germany)

was used with a 6-channel phased-array torso coil in combination with the spine

matrix coil for a total of 12 independent receiver channels. A contrast-enhanced

3-D fast low-angle MR angiography sequence was obtained immediately following

administration of 0.1 mmol/kg of intravenous gadopentetate dimeglumine (Bayer
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Healthcare Pharmaceuticals, Montville, NJ). A further 0.1 mmol/kg of contrast

was injected (total 0.2 mmol/kg) and LGE-MRI scans were acquired 15 minutes

after injection.

The LGE-MRI scans were acquired via a 3-D inversion recovery prepared fast

spoiled gradient recalled, respiratory navigated, ECG-gated, fat-suppressed sequence

(repetition time 500-700 ms, echo time 1.5 ms, field of view 340 mm, flip angle

101, in-plane resolution 1.3 × 1.3 mm, slice thickness 2.0 mm). The respiratory

navigator was positioned on the right hemidiaphragm and trigger time was selected

to correspond with atrial diastole as evaluated in cine images. Inversion time was

determined for optimal nulling of the myocardium (280-300 ms).

4.2.3 Computed Tomography

In patients who underwent CT analysis (n = 18), contrast-enhanced multidetector

computed tomography (CE-MDCT) was performed with a commercially available

320-detector CT scanner (One Aquilion, Toshiba Medical Systems, Otawara, Japan)

prior to the ablation procedure. Prior to the CE-MDCT study, heart rate was

optimised to less than 80 bpm using a beta-blockade protocol [226]. Noniodinated

intravenous contrast (Isovue 370; Bracco Diagnostics, Princeton, NJ) was admin-

istered following a triphase protocol at a rate of 5-6 mL/sec in the following

sequence: 20 mL saline test injection, 40 mL (100% contrast), 20 mL (50% saline,

50% contrast), 65 mL (30% saline, 70% contrast), and followed by 30 mL saline

flush. Image acquisition was gated to 40% of the R-R interval during a breath-

hold. Tube voltage was 120 kV, and tube amperage ranged from 400 to 580 mA

depending on body habitus.

4.2.4 Manual Segmentation

Clinical experts using Seg3D software (Version 2.1.4, University of Utah, Salt Lake

City, USA) manually contoured the endocardial and epicardial borders in all LGE-

MRI and CE-MDCT images. First, the whole heart blood pool was segmented using

manually supervised region-growing. The left atrial region, including pulmonary
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(a)  CE-MDCT Axial Slice (b) Blood Pool Segmentation

(c) Epicardial Segmentation (d) Myocardial Mask

Figure 4.3: Left atrial segmentation in a CE-MDCT image. (a) Axial CT slice.
(b) Supervised region-growing segmentation of the blood pool (red). (c) Manual delineation
of the left atrial epicardial surface (blue). (d) Myocardial mask generated by excluding
blood volume from epicardial segmentation (green).

veins, was manually reviewed and corrected as necessary. A separate, manual

delineation of the epicardial surface was then performed, carefully excluding

epicardial fat. The epicardial segmentation, with the blood pool volume excluded,

was taken as the myocardial mask (Figure 4.3). Although every effort was taken to

ensure accurate segmentation, the epicardial boundary can be difficult to discern,

and at times the operator’s expert knowledge of the LA shape and myocardial

thickness was used to delineate that boundary. As the atrial myocardium is only

1.5 to 2 mm thick [227], even minor inaccuracies could hamper analysis.
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4.2.5 Electroanatomic Mapping

LA endocardial electroanatomic mapping was performed in atrial fibrillation patients

in conjunction with PVI ablation procedures. At the time of ablation, patients

underwent double transseptal puncture using standard techniques. The CARTO 3

commercial electroanatomic mapping system was used in conjunction with an

irrigated ablation catheter (Thermo-Cool, Biosense Webster) with a 3.5 mm tip

and 2 mm inter-electrode spacing to record LA endocardial voltage maps. Patients

with persistent AF were referred for external cardioversion 3–4 weeks prior to

the procedure so all maps were obtained in sinus rhythm. Bipolar electrograms

were filtered at 30 to 400 Hz.

The electroanatomic map coordinate space was registered to the MR or CT

image coordinate space as appropriate using the technique described in Chapter 3.

Subsequently, the image coordinates of each EAM point were taken as the near-

est point within the manually-segmented LA myocardium. This step facilitates

consistent evaluation of local image parameters and compensates for beat-to-beat

variation which necessarily introduces small discrepancies between EAM catheter

position and image myocardial position, even after registration.

4.3 Methods

4.3.1 Calculating Image Features

For each EAM point, corresponding image features were calculated as follows. Each

3-D image, along with the binary mask M representing its manual LA myocardial

segmentation, was loaded into custom software written in Python. For each EAM

point p, ten spherical regions Rp,d with diameter d ∈ [1, 2, · · · , 10 mm] were defined

centered about p. Each of the n voxels v ∈M∩R located within the myocardial mask

and with midpoints falling inside the spherical region (Figure 4.4) were included in

the calculation of image features for that point and scale (i.e. region diameter).

For each region Rp,d, the mean, maximum, and minimum voxel values were

calculated. Local voxel variation was computed as the standard deviation without
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p

Rp,d

M

d

Figure 4.4: Schematic view of image feature region. Image features for a given point p
and diameter d are calculated using the image voxels (blue) within the intersection of the
myocardial contour M (green) and the spherical neighbourhood Rp,d (red).

Bessel’s correction. To exclude cases in which few voxels contribute local variation,

vσp,d was only calculated for regions with d ≥ 3 mm. The image features were

vavgp,d = 1
n

∑
v∈M∪Rp,d

v , vminp,d = min
v∈M∪Rp,d

v ,

vσp,d =
√√√√ 1
n

∑
v∈M∪Rp,d

(
v − vavgp,d

)2
, and vmaxp,d = max

v∈M∪Rp,d
v .

(4.5)

These features were selected for comparison with the prevailing research on

image-based fibrosis identification (Section 4.1.2). By building both single-parameter

regression models and machine learning models using this single set of features, the

intrinsic value of a machine learning approach could be evaluated.

Normalisation

As detailed in Section 4.1.2, current research favours two methods of normalising

image voxel values for the purpose of correlation with local electrogram data.

This work adapts both the IIR method [214] and a streamlined Utah method [211]

for comparison.
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Image Intensity Ratio Method In the IIR method [214], values are divided by

the mean voxel value of the LA blood pool b̄:

v̂avgp,d =
vavgp,d

b̄
, v̂minp,d =

vminp,d

b̄
, v̂maxp,d =

vmaxp,d

b̄
, and v̂σp,d =

vσp,d

b̄
. (4.6)

To calculate b̄, a Danielsson distance map [197] was computed from each manually

segmented myocardium using a custom application written in C++. A spherical

blood pool sample region B, centred on the maximum-distance point and with radius

80% of the computed distance to the myocardium, was defined. The 80% factor

accounts for artefacts at the periphery of the blood pool and slight inaccuracies

possible in the Danielsson method. The mean voxel value within B was taken as b̄.

Utah Method In the Utah method [211] as adapted here, myocardial intensity

values are normalised to their z-scores – standard deviations above the myocardial

mean m̄ on a per-image basis. Analogously, the variation vσp,d is normalised by

the overall myocardial variation:

v̂avgp,d =
vavgp,d − m̄
σm

, v̂minp,d =
vminp,d − m̄

σm
,

v̂σp,d =
vσp,d
σm

, and v̂maxp,d =
vmaxp,d − m̄

σm
.

(4.7)

All image voxels falling within the manual LA myocardial segmentation mask were

used to calculate m̄ and σm for each image. Note that while the original Utah

method calls for expert thresholding [228], we use the z-score as a continuous feature.

In summary, for each normalisation method, there are 38 image parameters

associated with each point p:

v̂avgp,d , d ∈ [1, 2, · · · , 10 mm] ; v̂minp,d , d ∈ [1, 2, · · · , 10 mm] ;

v̂σp,d, d ∈ [3, 4, · · · , 10 mm] ; and v̂maxp,d , d ∈ [1, 2, · · · , 10 mm] .
(4.8)

4.3.2 Framework for Classifier Evaluation

In this section, we detail the strategies employed to predict fibrosis (i.e. low bipolar

voltage) at a given EAM point on the basis of associated image features. Each

strategy was evaluated in an analogous manner: The EAM data points (with
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their associated image features) were randomly divided into training (75%) and

testing (25%) sets. The classifier or regression model was fitted to the training set,

and then evaluated using the testing set, and an ROC curve was generated. For

probabilistic classification methods (e.g. random forest classifier), the threshold

fibrosis class probability score was taken as the ROC curve parameter. For regression

methods (e.g. linear model of log bipolar voltage), the threshold predicted bipolar

voltage was the parameter.

This evaluation process, including randomisation of test and training sets, was

repeated 100 times for each method being evaluated. Adapting Campbell [224], a

composite ROC plot was produced composed of a fixed-width band which entirely

contained at least 68 of the 100 individual ROC curves. (The value 68 was chosen

in analogy with the standard deviation error bars used elsewhere in this work.) The

centre of the fixed-width band was taken as a composite ROC plot, and its area

under the curve (AUC) was used as the primary evaluation metric for the method.

Calculating Fixed-Width Bands

As detailed in Section 4.1.4, the fixed-width band technique is effective in generating

confidence bands around an averaged ROC curve. The width of a band is determined

empirically, and the direction of the band is the slope b = −
√
m/n, where m and

n are the total numbers of sampled condition positives and condition negatives,

respectively [223,224]. (Figure 4.5)

Each ROC curve Ci consisted of points ri(t) = [TPRi(t), FPRi(t)]T , where

t is the threshold for the classification metric and TPRi(t) and FPRi(t) are

the true and false positive rates at that threshold for trial i. To simplify the

calculation of the fixed-width band, a change of basis T (b) : r → u was performed

from the (TPR, FPR) basis (‘ROC basis’) to an orthogonal unit basis aligned

with b (‘u basis’):

T (b)(r(t)) = u(t) =
[
u1(t)
u2(t)

]
= 1√

1 + b2

[
−b 1
1 b

]
r(t) . (4.9)

Given the geometric constraints inherent to an ROC curve – that it must traverse

a path from (0,0) to (1,1) in the ROC basis and must always proceed ‘north’ and
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‘east’ – and given that [−b, 1]T is, by construction, in the first quadrant (in the ROC

basis), the ROC curve under T can be expressed by the functional relationship

C ′i : u2 = fi(u1) , where u1 ∈
[
0, 1− b√

1 + b2

]
. (4.10)

The average ROC curve was defined as the median u2 value over a resampled

(500 steps) u1 range:

C ′avg : u2 = favg(u1) = median
i

[fi(u1)] , u1 ∈
[
0, 1− b√

1 + b2

]
. (4.11)

The maximum distance di in the u2 direction (perpendicular to b in the ROC

basis) from individual curves C ′i to C ′avg is

di = max
u1

(
|fi(u1)− favg(u1)|

)
. (4.12)

The semi-width of the band, d, was chosen as the 68.2-percentile of all di. This

percentile was chosen such that visually, the band is analogous to the standard

deviation error bars used elsewhere in this work. After transformation back into

the ROC space (T −1(b)), the median curve and band were rendered (Figure 4.5).

The area under the curve (AUC) for the median curve was calculated and taken

as the primary metric for the classifier. (Note that Figure 4.5 depicts 20 curves

rather than 100 for illustrative clarity.)

4.3.3 Single-Parameter Regression

Most prior work on image-based LA fibrosis quantification has relied on the MR

voxel brightness distribution (throughout the myocardium or within myocardial

regions) either to estimate bipolar voltage by linear regression or to estimate

scar burden by threshold (Section 4.1.2). To establish a baseline for comparison

against that work and to set a benchmark for the subsequent machine learning

approaches, a simple linear model was employed to estimate bipolar voltage (‘linear

models’) and log bipolar voltage (‘exponential models’) separately for each of the

38 normalised image parameters in (4.8).

EAM points and their associated image parameters were loaded into a Python

application. Following Section 4.3.2, the points were divided into training and
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Figure 4.5: Confidence scheme for ROC curve. Twenty individual curves (purple)
generate the median curve (blue) and fixed-width band (cross-sections, yellow).

testing sets, and for each of the 38 image parameters (individually, v̂p), a single-

parameter linear model,

BVp = a1 · v̂p + a0 , (4.13)

for the bipolar voltage BVp was fitted by least squares.

Due to the approximately log-normal distribution of the BVp in the sampled

points compared to the approximately normal distribution of the image parameters

(Section 4.4.1), an exponential model,

ln(BVp) = a1 · v̂p + a0 , (4.14)

was also fitted. Linear least-squares was employed, with the log-transformed

BVp as the dependent variable.

For each model, the coefficient of determination (R2), p value, and area under

the median ROC curve (AUC) were calculated and reported.
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4.3.4 Random Forests

Random forest is a well-validated machine learning technique which performs

classification and regression using noisy feature sets, without prior knowledge of

the relationships at play (Section 4.1.3). Random forest was chosen to evaluate

non-linear and complex relationships between the image parameters.

Both classifier and regressor approaches to random forest were evaluated, as each

would be expected to excel under different biological conditions: A classification

approach would be expected to be more effective if there is a discrete structural

(and therefore imaging) cutoff between ‘fibrotic’ and ‘normal’ tissue. A regression

approach would be more accurate if the tissue was on a biological spectrum between

‘more fibrotic’ and ‘less fibrotic’, which correlated in a continuous way with image

data and bipolar values. Both approaches were pursued and evaluated.

Classifiers

For each image feature set (i.e. normalisation method), preliminary tests were

undertaken to determine the number of trees needed to achieve maximum classifier

accuracy and the bipolar voltage threshold most strongly supported by image data.

EAM points and their associated image parameters were loaded into a custom

application written in Python. Following Section 4.3.2, for each of 100 trials, points

were divided into training (75%) and testing (25%) datasets. The points in a

given training set were classified as fibrosis or normal based on the appropriate

ground truth bipolar voltage threshold.

The scikit-learn [229] random forest classifier class was used to train a classifier

on the training set. Robust parameters were chosen in accordance with Breiman’s

original implementation [220]: trees were constructed until all leaves were pure,

bootstrap samples were used, and the number of randomly selected features was

the square root of the total number of features available.

Classifiers were evaluated using the testing set, and ROC curves were gener-

ated. The area under the median ROC curve was used as the primary metric

for the classifier.
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Regressors

For the most effective image feature set as determined above, EAM points and

image parameters were loaded into a custom Python application. Following

Section 4.3.2, for each of 100 trials, points were divided into training (75%)

and testing (25%) datasets.

A log-bipolar voltage regressor was trained using the scikit-learn random

forest regressor class. Again, trees were constructed until leaves were pure, bootstrap

samples were used. Unlike the procedure for classifiers, Breiman [220] calls for all

features to be considered in each decision step when training regressors, and

we followed that procedure.

Regressors were evaluated using the testing set, and ROC curves were generated

using theshold classification on the predicted bipolar value. The area under the

median ROC curve was used as the primary metric for the classifier, and the

coefficient of determination R2 was taken as a secondary metric.

4.3.5 Principal Component Analysis

A high degree of intra-feature correlation is expected in the image feature data. For

example, neighbourhoods of similar radii about the same point will yield similar

measures across all features, mean voxel values will be highly correlated with

minimum and maximum values, and local voxel variation will correlate with higher

maximum and lower minimum values even under liberal assumptions. Although

there are formally 38 image features for each point, the number of meaningful

degrees of freedom represented is likely far lower.

Principal component analysis was employed to reduce the dimensionality of

the image feature vectors. Image parameters were read into a Python database.

In order to harmonise the variances between local intensity measures (v̂avgp,d , v̂minp,d ,

and v̂maxp,d ) and the local variation measure (v̂σp,d), the latter was normalised by the

constant 1
|p|
∑
p

(
v̂avgp,5mm/v̂σp,5mm

)
. The scikit-learn PCA decomposition class was

used to transform the image feature vectors into their principal component space.

All components were retained, and further whitening was not performed.
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Components were analysed to determine the proportion of relative variation

explained by each component. The transformation from raw image features to PCA

components was studied to identify the gestalt of the more fundamental components

(e.g. ‘global brightness’, ‘global variation’, ‘near-field brightness’).

The principal components were evaluated using random forest analysis in a

two-step methodology. First, random forest classifiers and regressors were trained

using each of 38 restricted PCA feature sets containing the n primary principal

components (n ∈ [1, 38]). For example, in the n = 5 case, the first, second, third,

fourth, and fifth principal components are included in the feature vector.

In the second step, the principal components were ordered by their importance

in the n = 38 case from the first step and the process is repeated. For example, in

the n = 5 case, the first, fifth, sixth, thirteenth, and fourteenth components are

included in the feature vector, if these components were the five most important

when all 38 are considered.

For each step, each random forest is independently trained and tested 100 times,

and the AUC for the median ROC is calculated. This allows an evaluation of which

principal components contribute information to the classification task, and how

many useful degrees of freedom are represented by the image features.

4.4 Results – MR Cohort

4.4.1 Electroanatomic Map and Image Parameters

Bipolar voltage data for a total of 1619 EAM points from 16 patients (mean 110

points per patient) were recorded. Voltage values exhibited an approximate log-

normal distribution with µ = −0.58 and σ = 1.10 log mV (Figure 4.7). Because

these points were sampled during clinical procedures, the operators preferentially

sampled from regions of clinical interest within the LA. Thus, the sampling was

not statistically representative of the whole LA myocardium, and its distribution

does not reveal fundamental truth regarding the distribution of the myocardial

tissue as a whole.
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Figure 4.6: Representative MR images used in left atrium analysis. Coloured contours
represent manual left atrial myocardial segmentation.

Image parameter data for each EAM point was calculated. Representative images,

including manual LA segmentation, are shown in Figure 4.6. Mean, maximum,

and minimum local voxel values were approximately normally distributed with

slight negative skew. Voxel variation v̂σp,d had positive skew. (Figure 4.8 shows

the data for d = 5 mm.)

4.4.2 Single-Parameter Regression
Linear Models

The mean, minimum, and maximum voxel values under IIR normalisation were

significantly associated with bipolar voltage (p < 0.05). All mean and minimum

values, in addition to maximum values over neighbourhoods 5 mm or smaller
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Figure 4.7: Bipolar voltage distribution from MR cohort (top). Log of the bipolar
values (bottom) demonstrates log-normal distribution.

(together, ‘most significant parameters’), produced p < 0.001. However, R2 was

uniformly low, with range 0.7 - 1.3% for the most significant parameters.

The IIR normalisation method provided improved p values and determination

coefficients (R2) compared to the Utah method. Prediction values (AUC) were also

uniformly higher over significantly correlated variables. As expected given the low

explained variance, the prediction value of these linear models was modest, with

range 0.577 - 0.618 over the most significant parameters.

Under no formulation of the linear model was the local variation of voxel values

significantly correlated to bipolar voltage value (p > 0.2).

The full results of the single-parameter linear model analysis are listed in

Table D.1, page 190.

Exponential Models

Though broadly similar to the linear model – significant p values with low coefficients

of determination and modest AUC values – the exponential models showed modestly

improvedR2 values (2.5 - 3.3%) and much improved statistical significance (p < 10−9)
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Figure 4.8: Distribution of image parameters at d = 5 mm for MR cohort, normalised
via IIR method (left) and Utah method (right). Red curves represent normal probability
density function with distribution µ and σ.

compared to the linear models over the most significant parameters. AUC values

were similar between linear and exponential models (maximum difference < 1.5%),

with maximum AUC 0.621.

The exponential model also reached significance in local voxel variation over

small neighbourhoods (p < 0.01 for d ≤ 5 mm), though R2 was about 0.5%.

For voxel variation, the Utah method performed slightly better than the IIR

method of normalisation.

The highest single-parameter classification accuracy was achieved using the

exponential model for the 8 mm neighbourhood maximum voxel value. This

model achieved an area under the median ROC curve of 0.621, which is low

in absolute terms.

The results of the single-parameter exponential model analysis are listed in

Table D.2, page 191.
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4.4.3 Random Forest
Classifier

Based on the results of the single-parameter exponential models, three normalisation

strategies were identified to generate random forest feature sets: the IIR and Utah

methods, as well as a hybrid method in which IIR normalisation was used for

voxel intensity parameters (v̂avgp,d , v̂minp,d , and v̂maxp,d ), while Utah normalisation was

employed for variation (v̂σp,d).

Preliminary tests were carried out to empirically determine the number of trees

necessary to achieve maximum classification accuracy. For each of the normalisation

methods and using the most extreme published bipolar voltage threshold values – the

lower Penn criterion (BVp < 0.27 mV) and the Melbourne criterion (BVp < 0.5 mV)

– a random forest classifier 100 times and evaluated for accuracy. This process was

repeated with a range of trees per random forest between 1 tree and 250 trees. In all

cases, there was no advantage to using more than 200 trees (Figure D.2, page 194).

An additional preliminary experiment determined the normalisation strategy

and bipolar voltage threshold. Threshold values between 0.15 mV and 0.75 mV were

sampled every 0.025 mV. For each threshold value and normalisation strategy, 100

random forest classifiers were trained and evaluated for area under the ROC curve

(Figure D.1, page 189). The hybrid normalisation feature set showed the strongest

predictive values, with ROC AUC at least 0.73 for threshold voltages between

0.35 mV and 0.50 mV. The highest classification accuracy was for BVp = 0.475 mV.

Because it has the strongest image support and fits well with published values,

this threshold was used in subsequent analysis.

The median ROC curve and relative feature importances for the random

forest classifier with hybrid image feature set and 0.475 mV bipolar voltage

threshold are shown in Figure 4.9. The area under the median ROC curve is

0.746, significantly higher than the 0.621 achieved by the best single-parameter

model. Feature importances demonstrate that both near-field and far-field intensity

values (mean, minimum, and maximum intensities) are important, as are variance

values throughout the feature diameter range. Because of the high correlation
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Figure 4.9: Left: Median ROC curve for random forest classifier of MR features with
hybrid-normalised image feature set and 0.475 mV bipolar voltage threshold. Right:
Relative importance measures for the same (± standard deviation).

between features, detailed investigation of feature importances is deferred until

the PCA analysis (Section 4.3.5).

Regressor

Preliminary tests (Figure D.3, page 194) showed that as for classifiers, random

forest regressors performed optimally with 200 trees, using the hybrid-normalised

feature set, and with a 0.475 mV bipolar voltage threshold.

The median ROC curve and feature importances for the random forest regressor

are shown in Figure 4.10. The area under the median ROC curve is 0.742,

significantly higher than the 0.621 achieved by the best single-parameter model and

similar to the 0.746 achieved by the classifier. The coefficient of determination (R2)

for the regressor is 0.190± 0.034, significantly higher than the 0.034 achieved by

the most correlated single-parameter exponential regression model. The feature

importances are substantially similar to those of the classifier, with emphasis on
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Figure 4.10: Left: Median ROC curve for random forest regressor of MR features with
hybrid-normalised image feature set and 0.475 mV bipolar voltage threshold. Right:
Relative importance measures for the same (± standard deviation).

near- and far-field intensity features as well as variance throughout. As before,

detailed investigation of importance is deferred for PCA analysis.

4.4.4 Principal Component Analysis

Principal component analysis was run on the full image feature set. The loading

vectors for the first 30 principal components are depicted in Figure 4.11. The

first component is a global brightness measure, with equal weights for minimum,

maximum, and average voxel intensity across the spectrum of feature diameters.

The second component is a measure of variation, responding to points with low

voxel variation, low maximum, and high minimum intensities. Note that the sign

of these components is inconsequential; the second principal component measures

high or low global variation.

Further principal components capture differences between local neighbourhood

sizes (i.e. higher-frequency data). The third component recognises a difference

in variation between neighbourhoods below and above the 7 mm diameter size.
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Figure 4.11: Principal component feature makeups for the first 30 principal components
based on MR feature vectors. Components are mean voxel intensity (green), maximum
local intensity (purple), minimum local intensity (blue), and local voxel variation (red).
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Figure 4.12: Cumulative variance explained by MR feature principal components.
Above: Additional detail.

The fourth component captures significant brightness changes at the 5 mm aver-

aging window (e.g. a bright point in a darker field). Higher components capture

correspondingly more complex observations, with higher spatial frequencies.

As expected, a large amount of the total variation is captured by the first

few principal components. The first (global intensity) component accounts for

70.2% of variance, while the second (global variation) accounts for a further 19.9%.

The first nine components together account for 99% of the variance, and the first

22 components account for 99.9%. The cumulative variation explained by each

component is shown in Figure 4.12.

A random forest classifier trained with the full PCA component set has an area

under the median ROC curve of 0.737, similar to the 0.746 of the full hybrid feature

set. The median ROC curve and component importances are shown in Figure 4.13.

Because of the random feature subspace splitting integral to random forest

(Section 4.1.3), performance of the weak learners is degraded when, as after PCA
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Figure 4.13: Left: Median ROC curve for random forest classifier trained on full MR
PCA data set. Right: Relative importance of the same (± standard deviation).

transformation, relevant information is concentrated into a few features. This

effect was compensated for by training 2000 trees (rather than 200) per classifier.

Additionally, this effect is only expected when irrelevant features are included.

Components 1, 14, 6, and 13 are significantly more important for the classifier

than the other components. As seen in Figure 4.11, component 1 is global brightness.

Component 14 corresponds with a particularly extreme near-field (2 mm) maximum

local voxel value. Components 6 and 13 identify higher-frequency voxel variation

modes, potentially identifying heterogeneous local tissue structure.

Random forest classifiers were trained with ordered subsets of the PCA compo-

nents, and their ROC AUCs are shown in Figure 4.14. Adding components in order

of importance outperforms adding in order of feature variance explained. Good

tradeoff between components (degrees of freedom) and accuracy is achieved with

nine importance-ordered components (1st, 14th, 6th, 13th, 5th, 29th, 2nd, 21st, and

10th), which achieves AUC of 0.746. Maximum accuracy is achieved with seventeen

importance-ordered components (adding the 3rd, 36th, 27th, 23rd, 11th, 12th, 7th,

and 8th), which gives an AUC of 0.752 (Figure 4.15).

Random forest regressors (for log bipolar voltage) were trained with ordered

subsets of the PCA components, and their ROC AUCs and coefficients of deter-
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Figure 4.14: Area under the median ROC curve for random forest classifiers built with
subsets of MR PCA components, compared to the AUC for all components (dashed line).
Top: Components added in order of feature variance explained. Bottom: Components
added in order of classifier importance.
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Figure 4.15: Left: Median ROC curve for random forest classifier trained on first
seventeen importance-ordered MR PCA components. Right: Relative importance
measures for the same (± standard deviation).
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Figure 4.16: Area under the median ROC curve (blue) and coefficient of determination
(R2, red) for random forest regressor built with subsets of MR PCA components, compared
to the AUC for all components (dashed lines). Top: Components added in order of variance
explained. Bottom: Added in order of regressor importance.

mination are shown in Figure 4.16. As in the classifier case, adding features in

order of importance outperforms adding in order of feature variance explained.

Good tradeoff between components included and accuracy is achieved with ten

importance-ordered components (6th, 1st, 14th, 5th, 13th, 3rd, 32nd, 2nd, 29th, and

26th), which achieves AUC 0.728 and coefficient of determination (R2) 0.164± 0.035.

Maximum performance is achieved with nineteen importance-ordered components

(adding the 26th, 23rd, 31st, 21st, 27th, 11th, 36th, 4th, and 10th), which gives an

AUC of 0.740 and R2 of 0.175 ± 0.035.

4.5 Results – CT Cohort

4.5.1 Electroanatomic Map and Image Parameters

Bipolar voltage data for 4320 EAM points was recorded in 18 patients (mean 220

points per patient) with µ = 0.64 and σ = 0.94 log mV (Figure 4.18). Unlike the

bipolar data in the MR cohort, these data do not form a clear log-normal distribution.
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Figure 4.17: Representative CT images used in left atrium analysis. Coloured contours
represent manual left atrial myocardial segmentation.

This is likely due to denser sampling in these patients. Voxel mean, maximum,

minimum, and variation of voxel values were approximately normally distributed

with the exception the IIR-normalised neighbourhood maximum intensity, which

appears bimodal (Figure 4.8). Representative CT images, including manual LA

myocardial segmentations, are shown in Figure 4.17.

4.5.2 Single-Parameter Regression
Linear Models

Similar to the findings in the MR cohort, almost all image features were significantly

associated with bipolar voltage (p < 0.05) in single-parameter linear models. The

exceptions were the maximum value over neighbourhoods with diameter 3 mm
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Figure 4.18: Bipolar voltage distribution from CT cohort (top). Log of the bipolar
values (bottom) demonstrates log-normal distribution.

to 5 mm with IIR normalisation and with diameters 3 mm and 4 mm with Utah

normalisation. However, R2 and AUC were uniformly low, with values 1.7% and

0.604, respectively, for the most significant parameters.

The full results of the single-parameter linear model analysis are listed in

Table D.3, page 192.

Exponential Models

Again, the exponential models are similar to the linear models, but with marginally

better correlation. All models reach statistical significance (p < 0.05) except the

maximum value at 4 and 5 mm IIR-normalised and 4 mm Utah-normalised. While

higher than for the linear models, the R2 and AUC remain low, reaching values

of 4.3% and 0.609, respectively.

The results of the single-parameter exponential model analysis are listed in

Table D.4, page 193.
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Figure 4.19: Distribution of image parameters at d = 5 mm for CT cohort, normalised
via IIR method (left) and Utah method (right). Red curves represent normal probability
density function with distribution µ and σ.

4.5.3 Random Forest
Classifier

A series of 100 random forests, each made up of of 200 trees, were constructed

to classify points as normal (BVp > 0.475 mV) or fibrotic based on the CT image

features (IIR-normalised v̂avgp,d , v̂minp,d , and v̂maxp,d ; Utah-normalised v̂σp,d).

The median ROC curve and relative feature importances for the random forest

classifier is shown in Figure 4.20. The area under the median ROC curve is 0.977,

an extremely high performance compared to the single-feature regression models.

While some improvement over the MR data may be explained by the more broad

distribution of bipolar voltage data (i.e. fewer ‘borderline’ points, Figure 4.18),

this is a very significant improvement.

The feature importance data indicates a strong preference for maximum local

voxel value over an 8 - 9 mm neighbourhood. However, given the low performance
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Figure 4.20: Left: Median ROC curve for random forest classifier with hybrid-normalised
image feature set and 0.475 mV bipolar voltage threshold. Right: Relative importance
measures for the same (± standard deviation).

of the same features as bases for single-parameter regression models, relationship

is unlikely to be simply enhancement-as-fibrosis. Further consideration of feature

contribution is reserved to principal component analysis.

Regressor

The median ROC curve and feature importances for the random forest regressor

are shown in Figure 4.21. The area under the mean ROC curve is 0.951, again

greatly surpassing the performance of the regression models and slightly below

that of the classifier. The coefficient of determination (R2) for the regressor is

0.770 ± 0.018, an extremely high value in this context. The feature importances

are substantially similar to those of the classifier, with emphasis on the 8 - 9 mm

neighbourhood maximum voxel intensity value.
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Figure 4.21: Left: Median ROC curve for random forest regressor of CT features with
hybrid-normalised image feature set and 0.475 mV bipolar voltage threshold. Right:
Relative importance measures for the same (± standard deviation).

4.5.4 Principal Component Analysis

The feature makeup of the most significant principal component definitions are

somewhat more diverse for the CT image features compared to MR (loading

vectors, Figure 4.22). The first principal component represents brightness opposed

to variance (i.e. high intensity coupled with low variance or vice versa). The

second component responds to far-field variance, while the third finds close-field

extreme intensities. Higher-order components begin to represent more obscure,

higher-spatial frequency modes.

Although there is somewhat more freedom in the CT features compared to

MR, a large amount of the total variation is nonetheless captured by the first

principal components. The first (uniform brightness) component accounts for 54.4%

of variance, while the second (far-field variance) accounts for a further 23.4%. The

first four components together account for 92% of variance, the first twelve account

for 99%, and the first 26 components account for 99.9%. The cumulative variation
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Figure 4.22: Principal component feature makeups for first 30 principal components
based on CT feature vectors. Components are mean voxel intensity (green), maximum
local intensity (purple), minimum local intensity (blue), and local voxel variation (red).
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Figure 4.23: Cumulative variance explained by CT feature principal components. Above:
Additional detail.

explained by each component is shown in Figure 4.23.

A random forest classifier trained with all PCA components set has an area

under the median ROC curve of 0.963, similar to the 0.977 of the full hybrid feature

set (Figure 4.24). Components 1, 2, and 4 are significantly more important for

classification. As seen in Figure 4.22, these components respectively select for

uniform enhancement, heterogeneity, and complex structure.

Random forest classifiers were trained with ordered subsets of the PCA com-

ponents, and their ROC AUCs are shown in Figure 4.25. Good tradeoff between

components included and classifier accuracy is achieved with four importance-ordered

components (1st, 4th, 2nd, and 10th), which achieves AUC of 0.941 (Figure 4.26).

Random forest regressors (for log bipolar voltage) were trained with ordered

subsets of the PCA components (Figure 4.27). Good tradeoff between components

included and accuracy is achieved with four importance-ordered components (1st,
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Figure 4.24: Left: Median ROC curve for random forest regressor trained on full CT
PCA data set. Right: Relative importance of the same (± standard deviation).
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Figure 4.25: Area under the median ROC curve for random forest classifiers built with
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Top: Components added in order of feature variance explained. Bottom: Components
added in order of classifier importance.
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Figure 4.26: Left: Median ROC curve for random forest classifier trained on first four
importance-ordered CT PCA components. Right: Relative importance measures for the
same (± standard deviation).
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Figure 4.27: Area under the median ROC curve (blue) and coefficient of determination
(R2, red) for random forest regressor built with subsets of CT PCA components, compared
to the AUC for all components (dashed lines). Top: Components added in order of variance
explained. Bottom: Added in order of regressor importance.
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4th, 2nd, and 3rd), which achieves AUC 0.918 and coefficient of determination

(R2) 0.661 ± 0.026.

4.6 Conclusions

4.6.1 Single-Parameter Models

While local image intensity is very significantly correlated with bipolar voltage

in both MR and CT images, that correlation only accounts for a tiny amount

of the total variation in bipolar values, and is insufficient to predict voltage on

the basis of image features.

In the MR dataset, the most significant correlation (by p value) with the highest

explained variance (by R2 value) and best predictive value (by area under a median

ROC curve) is achieved by an exponential model on the IIR-normalised mean

neighbourhood voxel intensity. There is not a dramatic difference in correlation

between these parameters at varying neighbourhood sizes, but an 8-mm diameter

neighbourhood provides a maximum (AUC 0.620, R2 0.033).

Similar conclusions can be drawn from the CT dataset, where the strongest

bipolar voltage correlation is with minimum neighbourhood voxel values in the

6 - 7 mm voxel range (R2 0.043) and the best predictions are achieved using the

minimum values over the 10 mm neighbourhood (AUC 0.609).

For both modalities, the broad uniformity of correlation at different neighbour-

hood sizes likely reflects that atrial fibrosis is a global rather than local disease, and

the likelihood that an individual point will be identified as fibrotic by EAM will

as much depend on its regional environment as its immediate one.

While there is strong correlation between individual image features and bipolar

voltage did not translate into predictive accuracy, limiting its clinical utility.

4.6.2 Random Forest

The random forest machine learning algorithm yields a much more useful prediction

of bipolar voltage using image features. The random forest model exists in two

flavours: The classifier’s success (and hence training) is determined solely by labelling
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image points as fibrotic or normal, evaluated by the area under the ROC curve.

Meanwhile, the regressor aims to predict bipolar voltage directly, a task best judged

by the determinant of correlation R2. In order to compare these methods, an area

under the ROC curve was calculated for the regressor as well, parameterised by

varying the bipolar voltage threshold for fibrosis.

The classifier and the regressor each significantly outperformed the single-

parameter regression models in both the MR and the CT data sets. Preliminary

testing showed that there is no advantage to using more than 200 trees in constructing

the forest; a fibrosis bipolar voltage threshold of 0.475 mV had the highest image

support; and training on a hybrid feature set, with IIR normalisation for intensity

features and the Utah method for variation, produced the best results.

On the MR data, the classifier achieved ROC AUC 0.746, while the regressor

achieved R2 of 0.190± 0.034 and ROC AUC 0.742. The similarity in performance

between the classifier and regressor suggests that image features do vary continuously

with bipolar voltage, rather than exhibiting a distinct image ‘fingerprint’ for fibrotic

tissue. While there remains significant unexplained variation in the bipolar voltage

data, the 19% of variation modelled by the random forest classifier is much improved

over the 3.3% achieved by the best single-parameter model.

On the CT data, the classifier achieved ROC AUC 0.977, while the regressor

achieved R2 of 0.770± 0.018 and ROC AUC 0.951. These values are very high by

image analysis standards, and suggest that the health of the atrial myocardium

is well defined by CE-MDCT image data alone. A partial explanation is the

higher tissue consistency in CT data compared to MR data (Figure 4.28). This

level of performance demands further investigation, and should be evaluated on

a larger data set.

4.6.3 Principal Components Analysis

As expected, most of the overall variance in image features was captured in

just a few principal components, although the CT image features showed more

effective degrees of freedom than the MR features (99% variance explained with
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Figure 4.28: Example slices from LGE-MRI (left) and CE-MDCT (right) images.

12 principal components and 9 principal components, respectively). Higher-order

components are increasingly complex, and collectively, high-order components

represent specific patterns of heterogeneity in the image data. By building random

forest classifiers and regressors using PCA components sorted in order of importance,

fewer components are needed to achieve performance comparable to the whole.

Especially for MR features, relatively minor components still contribute significantly

to bipolar voltage prediction.

4.6.4 Future Directions

The above work has shown that a standard machine learning method, by capturing

more nuanced components of image feature data, can infer bipolar voltage using

image data far more accurately than simple regression models.

Kapa et al. determined that normal bipolar voltage varies with region of

LA myocardium [204]. Separate analysis of points from different areas of the LA

myocardium might lend further imaging support to this conclusion. It is also

possible that due to different bioelectrical characteristics of surrounding tissues,

image features and local electrograms yield different and complimentary information

when LA region is taken into account.

The reason for the significantly higher performance of CT data compared to

MR features should also be investigated further. A triple-modality data set, in
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which each patient is evaluated with an MRI, CT, and EAM, would allow direct

comparison of these modalities. It would also clarify whether LGE-MRI and CE-

MDCT are windows to the same tissue characteristics, or alternatively whether

these procedures reveal independent information and could be used in combination

to achieve even higher accuracy.

Although this work relates image features to bipolar voltage, it does not

make the leap to clinical outcome in terms of AF recurrence after PVI, the

major conclusion of atrial fibrosis work to date in the context of AF. Given

the increased correlation between image features and bipolar voltage using the

machine learning method presented here, it is reasonable to conjecture that an

image-based assessment of clincal outcome would be correspondingly more accurate,

and that is worth investigation.

Finally, one of the major advantages of image-based atrial fibrosis evaluation

compared to EAM is that it is appropriate for patients and volunteers who are

not undergoing intracardiac instrumentation. The improved accuracy in this work

would enable characterisation of changing LA fibrosis with age, prospective studies

of AF incidence compared to atrial fibrosis, and development of fibrosis in AF

patients receiving medical treatment rather than PVI.
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Chapter 5 Abstract

Background The effect of atrial fibrosis and scar on atrial fibrillation is para-

doxical. Progressive fibrosis of the myocardium, associated with decreased bipolar
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voltage and increased gadolinium enhancement, is a marker of the AF progression

and negatively correlated with treatment efficacy. However, the degree of scar

laid down during ablation correlates positively with treatment success. In this

chapter, a comparison between the MR image characteristics of pathologically

fibrotic tissue and ablated tissue is undertaken.

Methods Fourteen patients undergoing repeat pulmonary vein isolation (PVI)

were recruited. Each patient had undergone late gadolinium enhancement MR

imaging (LGE-MRI) before the first PVI procedure (‘pre-ablation’), and the

electroanatomic map and ablation data were recorded at that procedure. Patients

then underwent a second (‘post-ablation’) LGE-MRI. The procedural EAM and

ablation data were registered to both pre- and post-ablation MR images. Image

feature data and image-predicted bipolar voltage values were calculated for each

ablation point and non-ablation map point. The population distributions of these

parameters were compared between pre- and post-procedure images and between

pathogenic and ablation scar.

Results and Conclusions Non-ablation map points had similar characteristics

in pre- and post-ablation images, while ablation points exhibited higher intensity

and more heterogeneity in post-ablation images. Additionally, ablation scar is

both more strongly enhancing and more heterogeneous than pre-ablation, peri-

antral fibrosis. Future investigation should include post-ablation EAM data and

treatment responders.

5.1 Introduction

A key conceptual question in AF research is the paradoxical relationship between

pathological fibrosis and therapeutic scar. While atrial fibrosis and scar develop

progressively and correlate with disease severity in the natural course of atrial

fibrillation (Section 5.1.1), the amount of scarring left by ablation therapy correlates

with the efficacy of treatment (Section 5.1.2). Conventional wisdom holds that
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while pathological scar creates heterogeneous areas of slow and tortuous conduction,

dense therapeutic scarring effectively ablates or isolates arrhythmogenic foci.

In this chapter, we apply the image analysis tools developed in Chapter 4 to

investigate the relationship between pathological and post-ablation fibrotic tissue.

The clinical data used in this work was also presented at the 35th Heart Rhythm

Society conference in May 2014 [16]. Unlike the more complete analysis described

below, that preliminary work did not incorporate multiple image features, principal

component analysis, or local comparison of bipolar voltage data.

5.1.1 Pathological Fibrosis and AF Severity

Atrial fibrillation appears both as a lone entity, typically presenting in patients

between 40 and 60 years old [130], and as a comorbidity in patients with under-

lying cardiac disease, typically congestive heart failure [131]. Lone AF may begin

with paroxysms before increasing in frequency and developing into a persistent

arrhythmia, leading to the maxim ‘atrial fibrillation begets atrial fibrillation’ [133].

Investigating the mechanism of this progression in a caprine (goat) model,

Wijffels and colleagues [133] showed that by inducing isolated incidents of AF in

otherwise healthy hearts, electrical remodelling – a decrease in cardiomyocyte

refractory period (Section A.4) – could be induced, which would decrease the

likelihood of spontaneous abortion of the arrhythmia. As the arrhythmia persisted

over time, this electrical remodelling was supplanted by physical remodelling –

collagenisation and fibrosis – that would lead to persistent disease. This fibrosis can

be identified as a low bipolar voltage on electroanatomic map [199] or via analysis

of MR or CT image data (Chapter 4).

Verma et al. [201] demonstrated that low left atrial voltage is a powerful, inde-

pendent predictor of PVI treatment failure using EAM. The researchers found that

patients with left atrial scarring had a 57% recurrence rate after PVI, compared

to a 19% rate in patients without scar. Building on this work, Marrouche and

colleagues [211] analysed 3-D LGE-MRI of 81 patients presenting for PVI. The

researchers determined the extent of image enhancement (fibrosis) via a threshold
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method, classifying patients as exhibiting ‘minimal’, ‘moderate’, or ‘extensive’

enhancement. Increasing levels of enhancement correlated with higher rates of

treatment failure – 14%, 45%, and 75%, respectively, of patients in the minimal,

moderate, and extensive enhancement groups. These papers are summarised from

a data analysis perspective in Sections 4.1.1 and 4.1.2.

Marrouche et al. [191] went on to investigate the atrial fibrosis burden – as

evaluated by LGE-MRI – of patients with lone atrial fibrillation as compared

to those with comorbidities. Considering 333 patients presenting for LGE-MRI

evaluation prior to PVI, the researchers made two classifications. First, patients were

staged based on the amount of MR atrial enhancement, a proxy for fibrosis. Second,

patients under 60 years old without comorbidities were classified as ‘lone AF’, while

those of any age with comorbidities were classified as ‘non-lone AF’. The researchers

found that fibrosis correlated strongly with treatment failure: 96% recurrence

was observed in the highest-enhancement group compared to no recurrence in the

lowest-enhancement group. They also found an association between complicated

AF and higher scar burden.

The same group later elaborated on these findings [228], this time finding 21%

recurrence in the lowest-enhancement group and 71% recurrence in the highest-

enhancement group. Additionally, this study histologically validated the LGE-MRI

fibrosis observation in six surgical samples. Taken together with previous studies,

these findings support the notion that fibrillation induces remodelling which leads

to further cardiac comorbidities in time. Atrial fibrosis, as identified by tissue

enhancement on LGE-MRI, is a good proxy for the extent of extant damage, which

plays a major role in treatment efficacy.

5.1.2 Therapeutic Lesion and Treatment Efficacy

Catheter ablation is the standard non-pharmacologic approach to atrial fibrillation

and is growing in popularity [163]. It is especially appropriate for young, otherwise

healthy patients, in which the procedure has a higher success rate, and for pa-

tients with significant cardiac comorbidity, who might not tolerate pharmacologic
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treatment. Initially developed as a minimally-invasive version of the Cox maze

procedure [165], catheter ablation for AF aims to eliminate or electrically isolate

arrhythmogenic foci using radiofrequency energy, cryoablation, or laser energy.

(Section 2.4.3)

Early efforts by cardiologists to replicate the maze procedure lesions using

catheter ablation proved difficult and fraught with complications. In 1998, Haïssa-

guerre and colleagues [173] reported that 94% of AF foci occurred in the pulmonary

veins, and that ablating those foci abolished the arrhythmia. The goal of catheter

ablation quickly shifted from reproducing the maze lesions to circumferentially

ablating the pulmonary vein ostea [174]. Establishing an atrial substrate that is

inhospitable to arrhythmia, as is achieved by the maze procedure, becomes less

necessary when the myocardium can be isolated from arrhythmogenic foci, as

in pulmonary vein isolation.

In addition to pulmonary vein triggers, recent evidence supports localised

electrical rotors and focal impulses within the atrial myocardium which act to sustain

AF [185,186]. Some clinical centres are incorporating targeted ablation of these regions

in addition to pulmonary vein isolation in their ablation strategies. Others continue

to use arbitrary ‘roof lines’ to disrupt AF wavelets in addition to isolating the veins.

For simplicity, standard-of-care AF ablation procedures which feature confirmed

electrical isolation of the pulmonary veins are referred to here as ‘pulmonary vein

isolation’ (PVI). In current clinical practice, a single PVI procedure achieves a

sustained success in approximately 40% of cases, while the long-term success rate

when clinically indicated repeat procedures are included approaches 80% [187,188].

It has long been observed that in PVI procedures, higher success rates are

achieved when more tissue is ablated [70,231,232]. In 2008, the University of Utah

group lead by Marrouche [70] examined enhancement in LGE-MR images acquired

three months after PVI ablation in 46 patients with atrial fibrillation. Enhancement

was observed following the expected pattern in all images, but a significant difference

in scar burden was identified between responders and non-responders to PVI

treatment. While treatment responders had an average 19% post-ablation left
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atrial scar burden, the figure for non-responders was only 12%. On the contrary,

stratifying patients simply by the clinical persistence of their atrial fibrillation

did not achieve significance.

In a pilot study, Peters and colleagues [232] at the Beth Israel Deaconess Medical

Center in Boston also investigated the relationship between post-PVI scar burden

and recurrence of AF. Thirty-five patients were imaged by LGE-MRI in the second

month after circumferential ablation of the pulmonary vein ostia, and scar was

identified by manual thresholding. Scar burden was assessed by calculating the

percent scar volume as well as by qualitatively evaluating the circumferential extent

of enhancement (from ‘minimal’ to ‘circumferential and extensive’).

Peters found that the post-ablation scar burden was significantly correlated with

success of ablation. Patients were also significantly less likely to suffer recurrence if

they had higher post-ablation enhancement in the right inferior pulmonary vein.

Though a small pilot study, this work highlights the dose response effect of ablation

lesion area in PVI treatment efficacy. More recently, the Utah group investigated

the role of LGE-MRI immediately post-ablation (IPA) [231]. Heterogeneous injury

was observed in IPA MR images, which then consolidated over the course of three

months to gadolinium-enhancing fibrosis. This consolidation resulted in a decrease

in the visible lesion area from a mean of 72% of the LA wall IPA to residual scarring

involving only 34% of the wall three months later. Although IPA images were

not clearly helpful in predicting patient outcomes, the extent of enhancement on

three-month images was again observed to correlate with treatment success.

Harrison and colleagues at King’s College London [233] were the first to histologi-

cally validate the relationship between LGE-MRI and ablation scar. In a porcine

model, the researchers acquired delayed enhancement MR images and high-density

voltage maps of the right atrium before performing a linear radiofrequency ablation

from the superior vena cava to the inferior vena cava along the posterior right atrial

wall. A post-ablation LGE-MRI was then obtained. Eight pigs were sacrificed

immediately for histological examination, while the other eight recovered from

anaesthesia. Eight weeks later, the remaining pigs underwent another LGE-MRI and
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a detailed EAM before sacrifice and histological examination. The myocardial wall

was manually segmented from MR images, and voxels were evaluated with reference

to the mean and standard deviation of a reference region within the atrial blood pool.

Thresholds of 2.3 standard deviations above the reference region mean in immediate

post-ablation LGE-MRI and 3.3 standard deviations in 8-week images were found

to identify image regions that correspond with transmural scar on histology.

In this chapter, we present our investigation of the relationship between the

image features of pre-ablation fibrosis and those of post-ablation lesion in an effort

to resolve their seemingly paradoxical clinical relationship.

5.2 Experimental Data

5.2.1 Patients

Patients undergoing first-time pulmonary vein isolation procedures for atrial fibril-

lation at the Johns Hopkins Electrophysiology and Arrhythmia Service (Baltimore,

MD, USA) were offered enrolment in this study. Patients who required a second

PVI procedure were included. The MRI acquired in preparation for the second

PVI procedure was used as the post-first-procedure MRI. All patients consented

to the investigation, and the ablation and imaging protocols were approved by the

Johns Hopkins Institutional Review Board (IRB study identifiers NA-00019442,

NA-00021383, and NA-00070577).

5.2.2 Magnetic Resonance Imaging

The MRI protocol for both the pre- and post-ablation scan was identical to

the one described in Section 4.2.2, page 56. Briefly, a 1.5-Tesla scanner was

used with a torso coil and spine matrix coil. LGE-MRI scans were acquired

15 minutes after injection of a total 0.2 mmol/kg intravenous gadopentetate

dimeglumine. The scans were acquired via a 3-D inversion recovery prepared fast

spoiled gradient recalled, respiratory navigated, ECG-gated, fat-suppressed sequence.

The respiratory navigator trigger time was selected to correspond with atrial diastole.
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The LA myocardium, including pulmonary vein antra, was manually segmented

from the LGE-MRI images using Seg3D software. Epicardial fat and blood pool

were carefully excluded from the myocardial region.

5.2.3 Electroanatomic Mapping

LA endocardial electroanatomic mapping was performed in conjunction with PVI

ablation procedures. At the time of ablation, patients underwent double transseptal

puncture using standard techniques. The CARTO 3 mapping system was used

in conjunction with the Thermo-Cool irrigated ablation catheter to record LA

endocardial voltage maps. Patients with persistent AF were referred for external

cardioversion 3–4 weeks prior to the procedure so all maps were obtained in sinus

rhythm. Bipolar electrograms were filtered at 30 to 400 Hz.

5.2.4 Pulmonary Vein Isolation

Pulmonary vein isolation was performed using the standard clinical practice of the

Johns Hopkins Electrophysiology and Arrhythmia Service [234]. A wide circumferen-

tial linear ablation strategy has been employed with an endpoint of pulmonary vein

isolation as assessed with a multipolar circular mapping catheter. The Thermo-Cool

catheter was used, with target energy delivered to the anterior and posterior left

atrial wall of 30 – 40 and 20 – 30 W, respectively. All patients had an esophageal

temperature probe in place during ablation, and lesion application was temporarily

ceased if a rapid rise in esophageal temperature was observed.

5.3 Methods

5.3.1 Registration and Classification of EAM Points

The electroanatomic map from the PVI procedure, including ablation and mapping

points, was registered separately to the pre-procedure image and the post-procedure

image using the technique described in Chapter 3 (Figure 5.1). Procedural ablation

points as marked on the EAM were identified and classified as such. EAM points

that were recorded before the beginning of ablation, and that were at least 2 mm
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4. Compare Image Features
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Figure 5.1: Schematic of study design comparing pre- and post-ablation image features.

away from any ablation point, were classified as ‘non-ablation’ points. EAM points

that were recorded before the beginning of ablation, but which fell within 2 mm of

an ablation point, were discarded for the purposes of this analysis.

5.3.2 Comparing Image Features

For each point, local neighbourhoods were defined and image features were extracted

and normalised as described in Chapter 4. The mean, minimum, and maximum voxel

values were recorded for neighbourhoods between 1 mm and 10 mm and normalised
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using the IIR method. Local voxel variation was recorded for neighbourhoods

between 3 mm and 10 mm and normalised using the simplified Utah method.

(Section 4.3.1)

The principal component definitions found in Section 4.4.4 were applied to

re-orient the image feature vectors. The bipolar voltage random forest regressor

model (Section 4.4.3) was used to compute an ‘image-estimated bipolar voltage’ for

each registered EAM point. The distributions of raw image parameters, principal

components, and image-estimated bipolar voltage values were compared between

ablation and non-ablation points in pre- and post-procedure images. Using each

EAM point as its own matched control, the distribution in feature parameter and

image-estimated bipolar voltage change between pre-procedure to post-procedure

images was assessed in ablation and non-ablation points.

5.4 Results

Fourteen patients were recruited. A total of 1303 map points (mean 93 points

per patient) and 6378 ablation points (mean 456 per patient) were collected. Map

points with registered image coordinates within 2 mm of an ablation point were

excluded, leaving 728 non-ablation map points (52 per patient) for analysis.

5.4.1 Pre-/Post-Ablation Differences

Distributions of selected image features measured pre- and post-procedure at ablation

points are shown in Figure 5.2. It is visually apparent that the IIR-normalised mean

image intensity is significantly higher post-ablation compared to pre-ablation. This

fits with the consensus in the literature that enhancement is observed in ablated

regions [70,231]. The Utah-normalised image variance is also higher post-ablation,

and this effect is more pronounced at higher neighbourhood sizes.

These visual relationships are borne out statistically. Recall from Section 4.4.4

that the first principal component feature for the MR data was a global measure of

image intensity (i.e. enhancement), while the second feature corresponded to (inverse)

heterogeneity (Figure 4.11, page 74). These features together account for over 90%
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Figure 5.2: Histogram of selected image feature values recorded at ablation points, pre-
and post-procedure (blue and red, respectively). Top row: IIR-normalised mean image
intensity at 3, 6, and 9-mm radius neighbourhoods. Second row: Utah-normalised image
variance over 3, 6, and 9-mm radius neighbourhoods. Bottom half: principal component
features.



5. Comparing Post-ablation Lesions to Pre-ablation Fibrosis 103

of variation in the raw image features. As expected, the first principal component

(‘PCA 1’) is manifestly shifted positively after ablation (0.87 standard deviations

higher in post-procedure images, p < 0.0001 by t-test), while PCA 2 is slightly

lower, i.e. higher heterogeneity on average (0.47 standard deviations, p < 0.0001).

The corresponding data for non-ablation map points are shown in Figure 5.3.

As expected, there is far less difference between pre- and post-ablation feature

values in these non-ablation points. The most obvious difference is in PCA 2,

which is still shifted lower (higher heterogeneity), despite little difference in the

individual variation values. The likely explanation is that one component of PCA 2

is far-field (up to 10 mm) maximum voxel intensity (Figure 4.11). Given the human

left atrium has a reference diameter of 27 - 40 mm [235], the probability of a given

map point falling within 10 mm of an ablation point is high, and excluding all

such points would be prohibitive.

Given the single EAM that is registered to both pre- and post-ablation images

for each patient, image feature sets were inherently matched between these images.

Figure 5.4 depicts the matched-point difference in image features from pre- to

post-ablation. In accordance with the observations above, the most significant

differences are in the mean intensity values (including PCA 1) at the ablation

points, which increase by 0.8 - 0.9 standard deviations.

5.4.2 Relationship of Fibrosis to Ablation

The fundamental question posed in this chapter is whether there is a structural

difference between pathologically occurring fibrosis and therapeutic scar. To address

this question, we evaluated the first two PCA components for three groups of

points: pre-procedure map points with EAM bipolar voltage less than 0.475 mV

(‘pre-ablation normal’), pre-procedure map points with bipolar voltages greater than

0.475 mV (‘pre-ablation scar’), and post-procedure ablation points (‘ablation’). To

reduce confounding by myocardial region, and in contrast to the procedure above,

only pre-procedure map points within 2 mm of an ablation point were considered.
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Figure 5.3: Histogram of selected image feature values recorded at non-ablation map
points, pre- and post-procedure (blue and red, respectively). Top row: IIR-normalised
mean image intensity at 3, 6, and 9-mm radius neighbourhoods. Second row: Utah-
normalised image variance over 3, 6, and 9-mm radius neighbourhoods. Bottom half:
principal component features.
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Figure 5.4: Box plot of matched point image feature changes (z-score) between pre- and
post-ablation images. Left: Non-ablation map points. Right: Ablation points.
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Figure 5.5: Comparison of pre-ablation normal tissue, pre-ablation scar, and ablated
tissue. Top: PCA 1, neighbourhood intensity. Bottom: PCA 2 (reversed), neighbourhood
voxel variation.

The results are shown in Figure 5.5. The ablation points are both more enhanced

and more heterogeneous than either pathological scar or pre-ablation normal tissue.

For both features, there is a steady progression from normal tissue to scar to

ablated tissue, suggesting the ablated tissue is ‘more scarred’ than pathological

scar. For both features, the difference between pathological scar and ablated tissue

is small (difference 0.25 standard deviations) but statistically significant (PCA 1:

p = 0.006; PCA 2: p = 0.001 by t-test).

5.4.3 Image-Predicted Bipolar Voltage

Finally, pre-ablation normal tissue, pre-ablation fibrosis, and ablated tissue were

compared by the bipolar voltage values predicted by the random forest regression

model constructed in Section 4.4.3. These values are presented in Figure 5.6.
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Figure 5.6: Image-predicted bipolar voltage of pre-ablation normal tissue, pre-ablation
scar, and ablated tissue.

Contrary to the relationship of the direct image parameters, predicted bipolar

voltage value for ablated points (0.57 ± 0.21 mV), falls between the values for

normal tissue (1.08 ± 0.61 mV) and pre-ablation scar (0.32 ± 0.14 mV).

5.5 Conclusions

Three classes of comparison were made in this chapter. First, non-ablation map

points and ablation points were compared between pre-procedure and post-procedure

images. As expected, non-ablation points changed very little between pre- and

post-procedure images. Ablation points, on the other hand, showed both more

enhancement and more heterogeneity in post-procedure images.

Second, the image characteristics of post-procedure ablated tissue were compared

to corresponding pre-ablation normal tissue as well as pathogenic fibrosis in the

pre-ablation image. Both the mean voxel intensity and the voxel variation within the

neighbourhoods of ablated points were significantly higher than the corresponding

features of pathological scar in pre-procedure images. This lends credence to the

explanation that ablated tissue is ‘more scarred’ than the pathological fibrosis of AF

pathology, and that while the latter allows tortuous, arrhythmogenic conduction,

the former blocks conduction, and thus arrhythmia. While this result is significant

(p < 0.01), it is relatively small (0.25 standard deviations). Indeed, it is likely
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that location plays at least as important a role in PCI’s curative value as does

character of the scar itself.

Finally, applying the random forest regressor model from Chapter 4 resulted in

the unexpected result that the predicted bipolar voltage for ablated tissue is higher

than that of pre-procedure scar. Understanding this result requires taking into

consideration the training of that model, and its importance values (Figure 4.10,

page 73). The fibrosis of AF is a global disease: while there are localised patches of

scar, the character is far different from the hand-placed lines of scar produced by

a radiofrequency catheter. For that reason, to expect the random forest model to

produce meaningful bipolar values for post-ablation images is to commit the cardinal

sin of machine learning: applying the model to data fundamentally different to the

training data. If a prediction model is to be applied to images of previously-ablated

hearts, it must also be trained on them.

5.5.1 Future Directions

Chapter 4 established that simple comparisons of distribution and trend in individual

image features, even after reorientation with PCA, provides limited utility compared

to more robust machine learning methods. While the work in this chapter has

established the basic relationship between image characteristics of pre-procedure

scar and ablated tissue, a prediction model might prove more clinically useful.

By incorporating the post-ablation electroanatomic map into the training step,

known ablation tissue bipolar values would be included, facilitating the construction

of a more comprehensive model.

Given the performance of CE-MDCT imaging in Chapter 4, it would be extremely

interesting to undertake a study of post-procedure ablation lesions using CT data.

Unfortunately, repeated CT scans introduce undesirable radiation burden. Careful

study design could minimise this risk.

Finally, the patient population evaluated in this analysis was limited by the

clinical reality that each ‘post-ablation’ MR image was in fact the pre-procedure

image for the patient’s clinically indicated second ablation. Thus, only patients
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with AF recurrence were included. While this does not detract from the core aim

of the work – evaluating the character of scarring formed during ablation – it does

limit comparative analysis between treatment responders and non-responders or

predicting success based on analysis of post-ablation images. Further work on

this topic should include provision for imaging treatment responders in order to

expand the breadth of conclusions.

Ideally, EAM information would also be available in patients not requiring further

ablation. However, the risk of an invasive mapping procedure likely precludes its use

without clinical indication. Alternatively, an animal model could supply this data.
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Chapter 6 Abstract

Background Segmentation of left ventricular myocardium from 3-D echocardio-

grams is desirable both as a first step toward computation of clinical parameters

as well as for facilitating geometric registration. While ultrasound presents unique

110
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challenges to level sets and active contours, the voting mechanism of the Hough

transform is uniquely suited to missing and spurious edge data.

Methods A total of 5641 short-axis slices were extracted from 25 3-D cine (3D+t)

echocardiograms. Each slice was segmented first using a simple gradient-based

endocardial circular Hough transform and evaluated by reference to expert manual

segmentation. The gradient-based Hough segmentation was compared to enhanced

algorithms which progressively incorporated feature asymmetry as an edge detector,

use of epicardial edge information in a two-step voting process, and a radial search

constraint. Manual and automatic segmentations were compared based on their

centre points, radii, and Dice coefficient.

Results and Conclusions The fully enhanced Hough algorithm was significantly

more accurate than the basic single-surface, gradient-based method (centre point

discrepancy 2.5 mm enhanced, 8.6 mm basic; Dice coefficient 0.77 enhanced,

0.58 basic). Inaccuracies were largely restricted to apical short-axis slices, where

limited image data is present. This method promises utility for estimation of

clinical measurements and segmentation-assisted cross-modality registration in

near-real-time.

6.1 Introduction

Segmentation of the left ventricular myocardium is the critical step in automated

image-based evaluation of cardiac structure and function. Blood pool segmentation

alone allows computation of classic volumetric parameters such as stroke volume and

ejection fraction. Segmentation of the myocardial tissue will enable determination of

other clinically important measurements, such as stress-strain curves, dyssynchrony,

and wall motion abnormalities.

Segmentation also facilitates cross-modality geometric registration by abstracting

away modality-dependent tissue responses. The benefits of this approach are

especially distinct in echocardiography, which has particularly intractable features
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for registration. The ready availability of ultrasound at the interventional bedside

makes it an ideal registration intermediary between pre-op diagnostic scans and

operative guidance.

Below, we survey popular approaches to left ventricle segmentation in the

echocardiogram, with particular focus on the Hough transform.

6.1.1 Survey of Segmentation Approaches

Echocardiogram left ventricular segmentation is a mature problem in medical

computer vision, with several avenues of open investigation. The most common

approaches include active contours and level set methods for boundary estimation.

Alternatively, segmentation of the blood pool or myocardium may be considered a

classification problem on a region or pixel level. Other approaches involve fitting

active shape models and incorporating motion data.

Active Contour Models

Active contour models, also known as ‘snakes’, are iterative approaches which

attempt to fit a curve to image features using an energy minimisation strategy and,

optionally, manual input [237]. The curve, classically parameterised as a series of

control points, is initialised manually or automatically. From there, the parameters

are iteratively adjusted to minimise the total energy function

E∗snake =
∫
Esnake ds =

∫
(Einternal + Eimage + Econstraint) ds , (6.1)

where Esnake, the local energy parameterised by arc length s, is the sum of an internal

energy term Einternal, an image-based energy term Eimage, and optionally external

constraint energy Econstraint. The internal energy term promotes regularity and

smoothness of the curve, while the image term provides attraction of the curve to

salient image features. Trivial examples of Eimage are the brightness of the image itself

or an image gradient function, which would facilitate convergence to bright lines or

boundaries in the image, respectively. Finally, the external constraint term encodes

manual guidance or external factors such as the image boundary or prior knowledge.
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Convergence of active contour models depends on initialisation near the image

feature as well as optimisation of the energy minimisation algorithm. Several

approaches have been taken in regard to echocardiogram segmentation. Mishra

et al. [238] showed preliminary success in segmenting the LV blood pool using

initialisation based on low-pass filtering of the 2-D image and using a genetic

model for contour iteration. Mignotte and Meunier [239] avoid local minima by

constructing a multi-scale optimisation pyramid. Notably, they choose an image

energy function based on region statistics using the Rayleigh distribution, rather

than a more typical edge-based metric. De Alexandria and colleagues [240] took the

novel approach of constructing paired contour control points along the axial direction

of an ultrasound image, using a 1-D Hilbert transform energy function. Restricting

calculations to one dimension along the axial direction reduced the effect of noisy

ultrasound images. Extension of active contours into 3-D imaging is relatively new.

Barbosa et al. [241] apply B-spline active surfaces to segment the left ventricular blood

pool in 3-D echocardiograms. Their work relies heavily on automatic initialisation

algorithm which detects the LV axis using a Hough transform technique and mitral

valve plane using the average grey level of a normal plane along that axis. This

initialisation allows the subsequent active contour approach, guided by a local

statistical Yezzi energy function [242,243], to converge on the endocardial boundary.

Level Set Methods

Level set methods are another approach to boundary fitting. The key difference

compared with active contour is that the boundary is represented not as a pa-

rameterised curve, but as the zero-crossing of a higher-dimensional function [244].

A two-dimensional curve, for example, would be represented by a 3-D function

over the domain of image location (Figure 6.1). Formally, the closed curve Γ is

represented by the zero level set of an auxiliary function ϕ(x, y):

Γ = {(x, y)|ϕ(x, y) = 0} . (6.2)
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Figure 6.1: Illustration of the level set construction. The endocardial contour on the
2-D short-axis echocardiogram slice (grey) is approximated by the zero-crossing (magenta)
of the 3-D function (coloured mesh).

Like active contours, level sets are an iterative technique. Given some initialisation,

the curve Γ proceeds at velocity v in the normal direction when ϕ obeys the

level set equation

∂ϕ

∂t
= v|∇ϕ| . (6.3)

Efficient numerical solutions to this equation rely on sophisticated optimisation

techniques, as well as strategies to avoid storing and manipulating the value of

ϕ for every voxel value – including the narrow band method [245], the sparse field

method [246], the octree method [247], and run-length encoding [248]. The fundamental

advantages of level sets over active contours is the avoidance of curve parameter-

isation. Level sets also allow greater topographic flexibility compared to active

contours, as the curve can split into two (i.e. with multiple zero-crossings of ϕ).

Level sets have been used to segment the LV blood pool in echocardiography.

Yan and Zhuang [249] used an average regional image intensity gradient to drive

the level set progression in order to mitigate the effect of local minima, improving

stability. Lin et al. [250] used a multi-scale pyramid approach to avoid local minima
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in 2-D slices from 3-D ultrasound data, with success comparable to the inter-

observer variation of manual segmentations. Advances in computational power

and real-time 3-D ultrasound probes are also paving the way for 3-D level set

implementations. Galluzzo and colleagues [251] developed a graphics processing unit

(GPU) algorithm that implements the sparse field level set method on inhomogenous

3-D echocardiogram data. Using parallel processing, they achieved segmentation

times under one second with clinically meaningful volume measurements, but did

require manual initialisation.

Initialisation close to the appropriate boundaries is critical for correct convergence

of both active contours and level sets [252]. Classification approaches and active

shape models have been used with varying success to overcome this obstacle,

though the resulting methods are constrained by the quality, quantity, and variety

of training data available [253].

Classification Approaches

Classification approaches to echocardiogram segmentation rely on local or regional

image statistics to determine whether each image element is inside or outside the

region of interest (e.g. the LV blood pool) rather than iteratively searching for

boundary features. There are a number of algorithms to perform this classification.

One popular approach, as pursued by Mignotte et al. [254] and Boukerroui et

al. [255], is to model each pixel’s classification as a Markov random field called

the ‘labelling field’. A global energy function is defined over all possible label maps

(i.e. segmentations). This function describes the probability that each pixel – and

each group of neighbouring pixels – falls into a given segmentation pattern, given

their respective image features. This probabilistic construction allows a Bayesian

approach, taking advantage of Bayes’ theorem to incorporate knowledge about

the expected image feature distribution of labelled regions into the model. This

strategy is particularly useful in noisy ultrasound images, though its performance

is dependent on sound a priori knowledge of regional statistical distributions as

well as optimisation of the expectation maximisation problem.
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The above approach is one of many ‘graph cuts’ methods, in which image pixels

are likened to locally-linked nodes on a graph and segmentation is achieved by

finding an optimal ‘cut’ through that graph. Another classification strategy is

machine learning, in which a decision model is trained using regional image features

to classify pixels into segmentation regions. Binder and colleagues [256] demonstrated

this technique by training an artificial neural network to classify pixels as ‘tissue’ or

‘blood pool’ given regional grey value, variance, contrast, entropy, and homogeneity.

They found good performance – including estimation of clinical parameters – in

2-D echocardiograms of moderate to good image quality.

Active Shape Models

Just as Bayesian classification approaches add a priori knowledge of statistical

distributions of segmented regions in order to improve accuracy, shape models incor-

porate knowledge of the shape to be segmented, presenting particular advantages

when edge information is missing in the image.

One example of a shape model, the active shape model, introduces an additional

constraint or energy term in an active contour or level set segmentation. Limiting

the movement of a contour to a known range of shapes not only ensures the

final segmentation will be compatible with prior knowledge, but also reduces the

parameter space, easing the energy minimisation problem [257]. Chen et al. [258] used

prior shape information to constrain the evolution of an active contour model. The

group validated its method on long axis 2-D echocardiogram data, finding good

agreement with manual segmentation by clinicians.

Alternative approaches incorporating shape information have been pursued.

Stebbing [259] found good results with a boundary fragment model, which considers

a learned collection of edge voxel masks and selects those with good image support.

Unlike active shape models, the boundary fragment model matches potential edges

with image responses before any iteration. The result is a group of edge features that

define the left ventricle in these images. Segmentation may be completed by fitting
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Figure 6.2: Block diagram illustrating electronic plane transform circuits used in the
original Hough transform, from the United States patent record [236].

a B-spline surface to these edge features. The boundary fragment model performs

quite well in segmenting the left [259] and right [260] ventricles in 3-D echocardiograms.

The above segmentation methods have shown varying degrees of success in

echocardiography. However, especially for images produced by current-generation

3-D ultrasound probes, low spatial resolution, speckle, shadowing, and parallel-

beam effects cause spurious edge responses throughout the blood pool as well

as missing edges [261], presenting difficulties for segmentation. Iterative methods

require good initialisation in order to converge, and while optimisation methods are

improving, there is still a role for easily parallelisable approaches. Segmentation of

the epicardial boundary is further complicated by the presence of nearby tissues

with similar echogenicity and proximity of the epicardial boundary to the image

edge in typical ultrasound windows [262,263].

6.1.2 The Hough Transform

The Hough transform is a generalisable feature detection algorithm [264] that relies

on a discrete parameter-space voting mechanism to identify image features. This
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voting mechanism excels in detecting features despite missing edge data and spurious

features. Developed in the late 1950s to detect lines in bubble chamber photographs

used in particle physics [265], the original implementation of the algorithm relied on

analogue electronic plane transform circuits [236] (Figure 6.2).

The original linear Hough transform takes advantage of the symmetry inherent

in the equation of a line in R2. Given an image space I : (x, y) ∈ R2, a line is

defined by the equation y = m · x+ b, where m and b are the slope and intercept.

Therefore, any specific line in I, y = m1 ·x+ b1, has a one-to-one correspondence

with the point (m1, b1) in the two-dimensional parameter space H : (m, b) ∈ R2.

By rearrangement, a given image point (x1, y1) ∈ I is analogously represented

in H by the line

b = −x1 ·m+ y1 . (6.4)

Geometrically, every point (m, b) that satisfies equation (6.4) represents a line in

I that intersects (x1, y1). (Figure 6.3)

To harness these reciprocal correspondences, a quantised ‘accumulator image’

is constructed over H. The Hough algorithm scans the original image I and, for

each edge pixel, generates a linear ‘vote’ in H . These votes are summed, and the

coordinates of the maximum accumulator value reveal the parameters (m, b) of the

line in I with the strongest image support. (Figure 6.3)

This technique is applicable to detection of any feature defined by a finite

number of parameters [264]. Modern line detection approaches, unconstrained by

analogue circuitry, represent lines in I as y = − cot θ · x + ρ csc θ. This lends

itself to a bounded accumulator space H : (θ, ρ) wherein θ is on [0, π) and ρ is

limited by the size of the image. A point (x1, y1) in I transforms to the sinusoid

ρ = x1 cos θ + y1 sin θ in H, rather than to a line.

Two-dimensional circle detection requires a 3-D accumulator, as the parameters

include both 2-D centre position and radius (cx, cy, r). The image point (x1, y1)

is transformed in H onto the right circular cone

(cx − x1)2 + (cy − y1)2 = r2 . (6.5)
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Figure 6.3: Schematic of the Hough transform for line detection in a two-dimensional
image. For simplicity, lines are parametrised by (m, b), as used in the original
implementation, rather than (ρ, θ), which is more common in modern implementations.
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Figure 6.4: Comparison of the accumulator vote (middle column) and sample supported
shapes (right column) associated with a single image point for a circular Hough detector
based on edge information only (top row) and gradient information (bottom row).

Analogously, ellipses require five parameters: centre, semimajor and semiminor axis

lengths, and rotation angle. Arbitrary shapes may be detected by defining position,

scale, and rotation parameters in a process that is mathematically equivalent

to convolution [264].

The original Hough transform took into account only binary edge information,

using a Canny or similar edge detector as a preprocessing step on I. The accuracy

of closed shape detection is significantly increased by using gradient information

as well [264]. Figure 6.4 illustrates the mechanism of this improvement: the image

gradient information allows directional pruning of each accumulator vote, reducing

spurious intersections and local maxima. Because slight (even pixel-level) discrep-

ancies in image edge position or orientation may result in accumulator votes that

do not overlap – especially in higher-dimensional spaces – the accumulator image

is blurred before the maximum point is identified.
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6.1.3 The Hough Transform in Cardiac Segmentation

Variations on the Hough transform have been used to segment the LV blood pool

from short-axis echocardiogram images. Bansod and Burkule [266] developed a

method to estimate the endocardial border of 2-D cine (2D+t) parasternal short-

axis echocardiogram images, using a circular Hough transform to determine the

left ventricular centre point (LVCP). After preprocessing with speckle-reducing

anisotropic diffusion [267], the researchers applied gradient-based circular Hough

transform to each 2-D frame in a 2D+t image. The method gave preference to the

largest circle detected, and rejected circles outside the acoustic window. The radius

range was fixed according to the known acoustic window. The centre coordinates of

each 2-D frame were averaged, excluding those which fell outside of a reasonable

region defined based on the acoustic view.

After using the Hough transform to find the LVCP, Bansod and Burkule

employed a radial gradient search method to estimate the endocardial boundary.

Boundary points were identified by scanning radially from the LVCP for maximum

image gradient. Significant restrictions on the search space were established by

a combination of image statistics, the Hough transform radius, and temporally

adjacent slices. This method achieved a mean boundary accuracy of ±2 mm

compared to manual segmentation.

Fernández-Caballero and colleagues [268] proposed using an elliptical Hough

transform to initialise an active contour approach to LV endocardial segmentation.

The derivative-of-Gaussian operator (convolution with the gradient of a Gaussian

kernel; as distinct from the difference-of-Gaussians, DoG) was used to generate

edge maps from short-axis 2-D echocardiograms. A gradient-based, elliptical Hough

transform was applied to each of these short-axis images, and an active contour

was initialised from the ellipse positions.

Fernández-Caballero proposed using these short axis segmentations together

with a similarly constructed long-axis segmentation to calculate clinical parameters.

The long-axis segmentation used a generalised Hough transform – with a priori
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defined long axis LV shape – to initialise an active contour. This work was a

methodology proposal only, and was not validated on clinical data.

To our knowledge, a Hough segmentation approach making use of both the

endocardial and epicardial surfaces for LV segmentation in echocardiogram images

has not been investigated. Here, we introduce a myocardial segmentation technique

which applies three enhancements to the endocardial, gradient-based circular Hough

transform. First, the gradient edge detector is replaced by feature asymmetry, a

tunable local phase-based method [269]. Second, by approximating the short-axis LV

myocardium with an annulus, a dual voting algorithm is developed which takes

advantage of both endocardial and epicardial edge information. Finally, search

constraints are applied to the accumulator space. These automated segmentation

methods are compared to one another and to expert manual segmentation of 3-D

cine (3D+t) echocardiogram data.

An earlier version of this work was published at the 9th IEEE International Sym-

posium on Biomedical Imaging (ISBI) [17] in May 2012. That version incorporated

the annular modification to the circular Hough transform and included the same

clinical echocardiogram data for validation. However, it did not incorporate the

feature asymmetry edge detector or radial constraint described below.

6.2 Experimental Data

Twenty-five 3D+t apical view echocardiograms were obtained from the John

Radcliffe Hospital in Oxford. The subjects were healthy volunteers, and each

study was recorded on a Philips iE33 ultrasound system. Spatial resolution was

0.88× 0.88× 0.81 mm3 and temporal resolution was on average 59 ms. Each 3D+t

sequence consisted of between 11 and 20 3-D frames, with the first frame at end

diastole. The first 11 frames of each sequence were used in the experiments, for

a total of 275 3-D images. Subsequent frames were discarded in order to avoid

biasing the results in favour of certain patients. Diastolic frames were chosen for

discard because they are relatively similar and adynamic.
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Manual segmentation was performed by three experts: for each of the 3-D images,

one expert delineated the LV myocardium in every fifth short-axis slice of each

volume using custom software written in Matlab. The expert recorded an epicardial

and an endocardial contour, using the orthogonal long-axis view to guide each short-

axis segmentation. Papillary muscles and valves were included in the blood pool.

Where the myocardium was less visible due to shadowing, attenuation, or a parallel

beam, expert knowledge of the shape of the heart wall, guided by orthogonal long-

axis slices, was used to determine the boundaries. At the time of segmentation, the

experts had no knowledge of the automated segmentation algorithm for comparison.

Given the extent of the LV in each of the 275 3-D images, a total of 5641 2-D

short-axis slices were used in the experiments.

6.3 Methods

We introduce three modifications to the basic circular Hough transform. First,

feature asymmetry [269,270] is used in place of the gradient-based edge detector.

This permits selection of edges in specified frequency ranges and results in more

sparse edge maps than gradient methods. Second, an annular accumulator is

constructed which uses both positive and negative values to incorporate endocardial

and epicardial surfaces into the myocardial segmentation algorithm. Finally, a search

space constraint is placed to limit the endocardial radius to enforce reasonable

results in low-signal apical slices.

6.3.1 Gradient-Based Circular Hough Transform

A custom application was written in C++ to implement a standard gradient-based

directional circular Hough transform to detect the LV endocardial boundary. For

each short-axis slice I(x, y), an accumulator image H(cx, cy, r) was formed. The

directional first-order central gradientsGx(x, y) andGy(x, y) were computed, and the

gradient magnitude image G(x, y) =
√
G2
x +G2

y was calculated. G was thresholded,

with values below 33% of the maximum discarded.
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r

c x
c y

θg

Figure 6.5: Schematic of conical vote Vpi(cx, cy, r). The positive and negative votes
each subtend an angle of π/4, centred on gradient direction θg. Grey indicates no vote,
while white and black represent positive and negative votes respectively.

For each remaining point pi = (xi, yi), an accumulator vote V on H , based on

gradient direction θg(x, y) = arctan (Gy/Gx), was constructed. The vote is depicted

in Figure 6.5 and is defined parametrically as:

cx = xi ∓ r sin θ cy = yi ∓ r cos θ

r ∈ [0, rmax] θ ∈
[
θg − π

8 , θg + π
8

]
Vpi(cx, cy, r) = ±G(xi, yi) .

(6.6)

The votes were summed to form an accumulator image, which was smoothed

with a Gaussian kernel. The parameters of the maximum value represent the centre

and endocardial radius of the left ventricular blood pool,

cx, cy, rendo = argmax
cx,cy ,r

(
Gaussian ∗

∑
pi

Vpi

)
. (6.7)

This algorithm was applied to the 5641 short-axis slices, and the results were

compared to manual segmentation as well as the modified algorithms detailed below.

6.3.2 Feature Asymmetry Edge Detector

The first modification of the Hough transform segmentation algorithm was imple-

mentation of feature asymmetry in place of the gradient edge detector. Feature

asymmetry is a structure detection algorithm generalised from the one-dimensional
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monogenic signal [270]. Feature asymmetry demonstrates particular strengths iden-

tifying structures in cardiac ultrasound images [269].

The Riesz transform [270] in two dimensions is a generalisation of the one-

dimensional Hilbert transform. Its operator components are defined in the fre-

quency domain as

Hx = i ωx√
ω2
x + ω2

y

and Hy = i ωy√
ω2
x + ω2

y

, (6.8)

where ωx and ωy are orthogonal frequency domain parameters corresponding to the

x and y spatial directions in I, and i is the imaginary unit. Each filter responds to

edges along its image axis direction. Analogous to the Hilbert transform, the Riesz

transform requires the selection of an isotropic low-pass filter. Here, we choose

the log-Gabor filter defined over the 2-D frequency domain,

G(ωx, ωy) = exp


− ln

(√
ω2
x+ω2

y

ω0

)2

2 ln
(
k
ω0

)2

 with 2π · k
ω0

= 2
(
− b

2
√

ln 4

)
, (6.9)

where ω0 is the centre frequency of the filter and b is the bandwidth in octaves.

The log-Gabor filter in the spatial domain is g(x, y) = F−1 {G(ωx, ωy)}, where

F−1 is the inverse Fourier transform. The odd and even responses, o(x, y) and

e(x, y), of the 2-D image I(x, y) are

o(x, y) =
√
H1{I ∗ g}2 +H2{I ∗ g}2 and (6.10)

e(x, y) = |I ∗ g| . (6.11)

The local energy E(x, y) and feature asymmetry FA(x, y) are

E(x, y) =
√
o(x, y)2 + e(x, y)2 and (6.12)

FA(x, y) = b |o(x, y)| − |e(x, y)| − T c
E(x, y) + ε

, (6.13)

where T is a threshold value, ε is small, and bxc is equal to x if x > 0 and zero

otherwise. The local edge orientation φ is

φ(x, y) = arctan
(
H2{I ∗ g}
H1{I ∗ g}

)
. (6.14)
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Figure 6.6: Comparison of gradient edge detector (left) with feature asymmetry edge
detector (right). Top: short-axis slices; Bottom: long-axis slices.

Together, FA(x, y) and φ(x, y) define the strength and direction of the local im-

age edge feature. Feature asymmetry – after directional non-maximum suppression

– was substituted for gradient-based measures in Equation 6.6: FA(x, y) replaces

G(x, y) and φ(x, y) replaces θg(x, y) (Figure 6.6).

6.3.3 Annular Accumulator

In order to detect an annular LV myocardial cross-section in short-axis slices,

both the endocardial and epicardial borders must be considered. Values of the

accumulator H much greater than zero are strong circular responses with bright

pixels on the outside (e.g. an endocardial border), and values less than zero represent

edges with dark pixels on the outside (e.g. an epicardial border). The annulus of

the left ventricular wall is described by these two concentric circles.

For a given potential centre point (cx, cy), the endocardial and epicardial radii
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Figure 6.7: Two-dimensional plot of centre likelihood scores s(cx, cy). Brighter areas
are more likely to be the centre of the left ventricle annulus.

rendo and repi with the strongest image support are

rendo(cx, cy) = argmax
r

H(cx, cy, r) and (6.15)

repi(cx, cy) = argmin
r>rendo

H(cx, cy, r) . (6.16)

The accumulator values at these radii are used to assign each potential centre a

likelihood score s. The score is a weighted sum of the endocardial and epicardial

accumulator values (Figure 6.7),

s(cx, cy) = kH(cx, cy, rendo)−H(cx, cy, repi) , (6.17)

where k is a weighting parameter. k = 2 was selected empirically for this application,

as the endocardial border was more reliably present in the image than the epicardial

border. The annular segmentation of the left ventricular myocardium in the given

short-axis slice has the centre (cx, cy) that maximises s, and the corresponding

endocardial and epicardial radii.

6.3.4 Radial Constraint

Particular issues were encountered in segmentation of the apical short axis slices,

which often contain minimal edge features. In several cases, weak edge elements

resulted in selection of an annulus far outside the image space. In response, the
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annulus parameter search space was limited to include only radii less than or equal

to the radius of facing edges found in the image slice.

For each edge pixel, appropriately aligned opposing edges – those that would be

expected at the opposite side of the LV wall – were identified based on position and

edge direction. The semi-distance (i.e. radius) between each such pair of matching

edges was recorded, and all radial searches in accumulator space were limited to

values below the 8th decile, plus standard deviation, of these edge-pair radii.

6.3.5 Comparison Criteria

Each modification of the basic Hough transform (Section 6.3.1) was applied to the

algorithm sequentially. Every resulting segmentation algorithm was applied to the

5641 short-axis slices, and the results were compared to manual segmentation

by the following criteria:

Discrepancy in centre coordinate and radii The centre point C ′ of the left

ventricular cross-section was defined as the centre of the bounding box of the manual

segmentation. The distance ∆C between C ′ and the centre as determined by the

modified Hough transform, C = (cx, cy), was calculated.

For eight angles (θ = nπ
4 ), the endocardial and epicardial radii of the manual

segmentation, r′endo and r′epi respectively, were measured. These were compared

to the corresponding radii of the Hough transform annulus, rendo and repi, which

for comparison purposes were also measured from the manual segmentation centre

C (Figure 6.8). Comparison was by root mean square difference over the eight

sets of radii measured for a given short-axis slice:

∆rendo =
√∑

θ

[rendo(θ)− r′endo(θ)]
2 and (6.18)

∆repi =
√∑

θ

[
repi(θ)− r′epi(θ)

]2
. (6.19)



6. Annular Hough Transform for LV in 3-D Echocardiogram 129

Figure 6.8: Manual and Hough transform segmentations with evaluation criteria.
(a) Short-axis slice. (b) Manual segmentation. C ′ is the centre point of the bounding
rectangle. Radii r′endo and r′epi are measured from C ′ at eight angles θ. (c) Hough
transform segmentation and its centre C. rendo and repi are measured from C, the manual
segmentation centre.

Dice coefficient For each slice, the manual segmentation M and modified Hough

transform segmentation H of the LV myocardium were evaluated for pixel overlap,

quantified with the Dice coefficient [271,272],

d = 2 · |M ∩H|
|M |+ |H| . (6.20)

Segmentation failure A segmentation was determined to have ‘failed’ entirely

if the manual segmentation centre did not fall within the endocardial border of the

Hough transform segmentation. Because radii are measured for validation based on

the manual segmentation centre, ‘failed’ segmentations could not be meaningfully

compared based on radii, and were excluded from that measurement.

6.4 Results

The results of the modified Hough transformation of the left ventricular myocardium

from 5641 short-axis slices are summarised in Table 6.1. The unmodified, gradient-

based, circular Hough transform performed relatively poorly, exhibiting centre

coordinate errors of 8.6± 12.4 mm (mean ± standard deviation) and endocardial

radius errors of 4.5 ± 6.3 mm. A full 7.5% of these slices failed, i.e. the Hough

endocardial boundary did not contain the manual segmentation centre point. The

Dice coefficient was 0.58 ± 0.23.
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Algorithm Coordinate discrepancy (mm) Dice’s d Fail
Mod’cation C rendo repi (%)
None 8.6± 12.4 4.5± 6.3 0.58± 0.23 7.5
Basal 80% 7.8± 12.5 3.9± 5.3 0.62± 0.22 5.9
Apical 20% 11.3± 11.8 6.9± 8.9 0.44± 0.23 13.1
FA Edges 5.0± 6.3 3.7± 5.9 0.66± 0.21 1.5
Basal 80% 4.7± 6.1 3.4± 5.7 0.68± 0.20 1.1
Apical 20% 6.0± 6.7 4.6± 6.5 0.59± 0.21 4.3
Annular 3.2± 4.4 2.5± 3.6 3.9± 5.7 0.74± 0.20 1.5
Basal 80% 2.6± 4.0 2.0± 2.7 2.3± 3.0 0.81± 0.13 0.6
Apical 20% 5.4± 5.3 4.2± 5.6 9.8± 8.6 0.49± 0.23 4.8
R. Limit 2.5± 2.2 2.2± 2.6 3.1± 4.0 0.77± 0.16 1.4
Basal 80% 2.3± 2.0 2.0± 2.3 2.1± 2.6 0.82± 0.10 0.07
Apical 20% 3.5± 2.6 3.2± 3.2 6.8± 6.0 0.59± 0.20 6.3

Table 6.1: Results (mean ± standard deviation) of the modified Hough transform
segmentation of short-axis slices from 3-D echocardiogram images. Modifications were
added progressively, in the order described in Sections 6.3.1 to 6.3.4.

Inspecting the data by long axis coordinate (Figure 6.9), we found that the most

apical selection of short-axis slices has significantly higher errors and lower d than

the rest. This is to be expected: as a 2-D method operating on slices from a 3-D

dataset, the Hough transform is particularly sensitive to lower image quality as

often found at the most apical portion of parasternal 3-D echocardiograms. Without

the context of long-axis slices, there is very little edge information available.

Incorporating feature asymmetry as an edge detector resulted in significant gains

(Figure 6.10). Mean centre coordinate and radius errors dropped to 5.0 and 3.7 mm,

respectively, and the Dice coefficient increased to 0.66± 0.21. The failure rate also

decreased dramatically, to 1.5 %. Qualitatively, there was also more consistency

between sequential short-axis slices (Figure 6.10, left).

Adding the two-step voting procedure to take into account epicardial edge

information had the most dramatic effects on mean centre coordinate discrepancy,

which dropped from 5.0 mm to 3.2 mm. While the apical slices were still poorly

segmented (Dice coefficient < 0.5), segmentation for the basal 80 % of slices was

reasonable (d = 0.81 ± 0.13).
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Figure 6.9: Centre coordinate error (middle) and Dice coefficient (right), by long axis
quintile, of traditional Hough transformation (endocardial border only, gradient feature)
compared to manual segmentation. Left: Example Hough segmentation in short-axis
(top) and long-axis (bottom) views.
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Figure 6.10: Centre coordinate error (middle) and Dice coefficient (right), by long axis
quintile, of feature asymmetry Hough transformation (endocardial border only) compared
to manual segmentation. Left: Example Hough segmentation in short-axis (top) and
long-axis (bottom) views.
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Figure 6.11: Centre coordinate error (middle) and Dice coefficient (right), by long axis
quintile, of annular Hough transformation (feature asymmetry) compared to manual
segmentation. Left: Example Hough segmentation in short-axis (top) and long-axis
(bottom) views.
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Figure 6.12: Centre coordinate error (middle) and Dice coefficient (right), by long axis
quintile, of full modified Hough transformation (annular, feature asymmetry, radial search
constraint) compared to manual segmentation. Left: Example Hough segmentation in
short-axis (top) and long-axis (bottom) views.
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Figure 6.13: Feature asymmetry edge map of 3-D echocardiogram data, filtered for
endocardial (magenta) and epicardial (cyan) edge information.

Finally, adding the matching-opposite-edges radius search limit had two major

positive effects (Figure 6.12). First, the average segmentation quality in the apex

– as measured by the Dice coefficient – increased from 0.49 to 0.59. Second, the

failure rate in the basal 80 % of the heart dropped to nearly nil, with only three

of 4416 individual segmentation tasks failing (0.07 %).

Specifically evaluating the performance of the fully modified Hough algorithm

on the basal portion of the LV myocardium, results are encouraging. All mean

positional errors were between 2.0 and 2.3 mm, and the Dice coefficient was 0.82.

6.5 Conclusions

The fully modified Hough transform method produces annuli that differ from the

gold-standard manual segmentation by an average of 2.5 - 3.0 mm over the whole

left ventricle and 2.0 - 2.3 mm in the apical 80 %. This is similar performance

to other state-of-the-art techniques [262], which are capable of achieving accuracy

in the range of 1.4 - 1.8 mm using methods that consider speckle statistics and
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Figure 6.14: Preliminary alignment of 3-D echocardiogram (yellow) and MR image
(grey) based on left ventricular segmentation.

myocardial tissue characteristics. The Hough method carries the added benefit

that, as a voting method, it may be arbitrarily parallelised in order to achieve

near-real-time results. The modified Hough transform method may be useful for

quickly estimating physiological parameters and basic LV shape information.

This transform may also serve to initialise iterative segmentation techniques,

mitigating the pitfalls of spurious edges and data dropout which typically plague

these methods in 3-D echocardiogram data. Furthermore, the approximate centre

information gleaned from the Hough transform can be used to filter 3-D feature

asymmetry edge information by direction (Figure 6.13), revealing clear edge maps

for endocardial and epicardial borders. Proper initialisation and clear edge maps

are critical in allowing iterative segmentation techniques to converge correctly.

6.5.1 Future Directions

One primary motivation for the rapid segmentation that can be achieved by the

Hough transform is to allow near-real-time cross-modality image registration. When
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registering pre-operative images (for example, MR or CT) with intra-operative

imaging (echocardiography), speed is critical. Rapid segmentation of operative

imaging allows immediate alignment by centre of mass and moments of inertia of

the segmented masses. Preliminary work in this direction has yielded promising

results (Figure 6.14). These ideas are explored further in Chapter 7.



The temptation to form premature theories upon
insufficient data is the bane of our profession.

—Sir Arthur Conan Doyle’s Sherlock Holmes [273]
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7.1 Introduction

Over three decades of development, guidance of interventional electrophysiol-

ogy [124,125] has advanced from reliance on fluoroscopy alone [274] to incorporation of in-

tegrated 3-D imaging and advanced electroanatomic mapping techniques [11,14,275,276]

(Section 2.3). This progress has been driven by the coevolution of imaging technology

and clinical approach. A typical ablation procedure today begins with a 3-D MR

or CT imaging session at least several hours before the ablation. These images are

analysed to ascertain the anatomic layout of the heart and to recognise functional

136



7. Future Work 137

considerations – areas of fibrosis, dysmotility, etc. – that will inform the intervention.

The images are also manually registered and incorporated into the EAM toolkit

using commercial systems [5,192].

During the ablation procedure, a commercial EAM system presents the cardi-

ologist with a schematic of the cardiac chamber derived from a segmentation of

the pre-operative MR or CT image. As the catheter is manipulated, its position –

calculated by magnetic or electrical impedance localisation systems – is represented

on this schematic. When local electrograms are recorded and ablation lesions are

created, their properties – bipolar voltage, activation timing, etc. – appear on the

myocardial schematic as dots and colour codes.

The work presented in this thesis is a series of steps toward two new EP

imaging paradigms. Each paradigm involves a fundamental advance in the role of

interventional imaging. Under the first scheme, the development of MR-compatible

electrophysiology equipment, coupled with intra-operative registration protocols

and MR thermography, will permit MR guidance and monitoring of intracardiac

ablation (Section 7.2). Under the second model, rapid geometric registration

techniques, paired with near-real-time segmentation of intra-operative imaging, will

allow beating-heart guidance of catheter procedures (Section 7.3).

In this chapter, we present these new clinical paradigms and describe some of

the remaining obstacles on the path forward.

7.2 MR-Compatible EP Lab Paradigm

As more is understood about the utility of MR in tissue characterisation (Chapters 4

and 5), the advantages of deeper integration of advanced image information in

percutaneous procedures is becoming evident. By combining electrocardiographic

imaging (ECGI), a developing method of back-projecting surface electrograms onto

the myocardium [8,277,278], with the bipolar information coded in MR images, it is

conceivable that much of the local electrogram mapping in an electrophysiology

procedure could be superseded by non-invasive imaging techniques.



7. Future Work 138

Beyond procedural planning, intra-operative imaging of EP ablations holds great

promise. The most feared complications of radiofrequency ablation – cardiac

perforation, phrenic nerve injury, and atrioesophageal fistula – are results of

thermal injury [175,176,234]. Conversely, treatment failure is often caused by electrical

reconnection of pulmonary veins to the atrial myocardium, which can result

from insufficiently aggressive ablation. Though modern techniques incorporate

ablation catheters with temperature probes as well as oesophageal thermometers in

order to prevent injury, measurement the temperature of the tissue itself during

ablation – with fine spatial discrimination – will be a significant advance in safety.

MR thermography, a modality based on temperature-dependence of the proton

resonance frequency, has been evaluated as a way to achieve this level of ablation

monitoring [279–281].

Traditional percutaneous EP equipment includes metals that are incompatible

with the magnetic fields and radiofrequency pulses necessary for MR imaging. En-

thusiastic work is underway to build MR-compatible electrophysiology laboratories,

and success is being reported [91]. Even when MR-compatible electrophysiology

equipment becomes widely available, exclusive use of MR imaging to provide

guidance will be limited by radiofrequency interference. The radio pulses used

in MR induce noise in catheter electrical systems, rendering local electrograms

temporarily unreliable. Furthermore, generating a 3-D MR image with adequate

spatial density to provide direct catheter guidance cannot occur in near-real-time.

However, by establishing careful electrical isolation and taking advantage of

MR-comatible EP equipment [88,91,192], a hybrid system will be possible. Under this

paradigm, a pre-operative MR image will be incorporated into the EAM system

with continuous registration. During the procedure, intermediate 2-D images will

be acquired to verify catheter contact with – and position on – the myocardium,

and MR thermography will be used to monitor ablation.

Continuous registration implies two distinct coordinate spaces: M, corresponding

to the EAM, and I, corresponding to the MR image. The clinician will use a hybrid

catheter, which incorporates electrodes for EAM as well as tracking coils for MR. A
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registration step will be included in the EP protocol to facilitate generation of a

mapping function R(p) : M→ I from EAM space to image space, incorporating the

registration principals described in Chapter 3. For the remainder of the procedure,

R will be employed to project the real-time catheter position as detected by EAM

onto MR image space for image-based guidance.

7.2.1 Calibration

Both the MR image space I and the EAM space M are three-dimensional real

spaces. While I has orthonormal bases and a linear mapping to physical coordinates,

M is less well-defined, and may be only analytic over local regions, depending

on the implementation of the EAM system. The goal of the clinical calibration

step will be to generate a collection of N individual correspondences rn : M→ I

with sufficient spatial density to blanket the anatomical region of interest. Each

correspondence rn is defined by the pair of corresponding vectors (pn ∈M,p′
n ∈ I).

The calibration step, then, consists of finding these pairs.

Finding pn

pn represents the location in EAM space M of the MR tracking coil. Because the

coil cannot be directly detected via the EAM system, our ability to find pn will

depend on inferring its most likely position from the coordinates of EAM electrodes.

In the simplest case, the calibration catheter will incorporate three tracking elements

with a small, uniform spacing between them. The outer elements will be EAM

electrodes, while between them is the MR coil. As M is locally continuous and the

distance between markers is small, pn may be reasonably estimated by the mean of

the EAM electrode positions. Although this does not account for curvature of the

catheter, this effect will likely be insignificant over the small distances involved.

In order to account for curvature, a more complex calibration catheter might

comprise five elements: four regularly-spaced EAM electrodes and a centrally

positioned MR tracking coil. The curve of the catheter between the four EAM
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electrodes may be estimated by a cubic Bézier curve, thereby providing an estimate

of pn which considers catheter curvature.

Finding p′
n

Unlike the EAM electrodes, the MR tracking coil will be easily detected by a

set of three MR sequences with orthogonal gradient configurations, providing

p′
n ∈ I directly.

7.2.2 Projection

After recording multiple correspondences rn = (pn ∈M,p′
n ∈ I) in the calibration

step, the task will turn to providing procedural guidance. Throughout the procedure,

the EAM apparatus will provide the position p ∈M of EAM electrodes. Image-

based guidance will rely on determining the corresponding position R(p) ∈ I

for overlay on the MR image.

As I corresponds to physical coordinates, M is locally analytic, and the function

R(p) : M → I is locally well-behaved, it follows that R(p) is best defined

by reference to local correspondences rn. Taking a mean weighted by inverse

distance, we find

R(p) =
(

N∑
n=0

1
‖p− pn‖

)−1 N∑
n=0

1
‖p− pn‖

p′
n . (7.1)

For computational efficiency, as the influence of correspondences rn falls rapidly

with distance ‖p− pn‖, only the few most influential terms will be included.

This method of projection will lend itself to internal validation of the calibration

sequence. Each time the MR tracking sequence is executed while the calibration

catheter is in the anatomical region of interest, a new correspondence r = (p,p′)

will be generated. Before adding this correspondence to the mapping function R,

a local registration error ε can be computed as

ε = ‖p′ −R(p)‖ . (7.2)

As ε is a distance in I, it may be likened to the registration error in physical

coordinates. During the clinical calibration step, the anatomical region of interest
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will be sampled until ε is within an acceptable range for the intervention. During

the procedure, this validation may be repeated at will to continuously monitor the

quality of the registration. In the event ε is found to be outside a defined range,

the existing set of rn’s may be discarded and the calibration step repeated.

7.2.3 Conclusion

This section has laid out one procedural vision for the MR-compatible electrophysi-

ology lab. Pre-operative imaging will be used to plan the procedure, with the benefit

of interpretation by machine learning algorithms like those developed in Chapters 4

and 5. Intra-operatively, the image space will be registered with the electroanatomic

mapping system in a continuous and self-monitoring manner. MR thermography

will be used to monitor ablation, improving isolation and reducing complications.

Critically, as soon as this system is implemented, it will necessarily generate a

huge amount of well-paired MR and EAM data for machine learning training. This

will result in a virtuous circle whereby procedural data results in higher prediction

accuracy and more effective procedures.

7.3 Pre-/Intra-Op Image Registration

Advances in 3-D cardiac ultrasound (3DUS) [42,43] are building toward another novel

approach to procedural imaging. Unlike fluoroscopy and 2-D ultrasound, 3DUS

provides the physician a complete view of the working area in near-real-time. Fusion

echocardiography is expanding this view further by incorporating the best features

of multiple images into an expansive clinical panorama [252,282]. Ultrasound avoids

the radiation risk inherent to fluoroscopy [96,97] and is compatible with interventional

equipment. However, it suffers from low CNR, pronounced image artefacts, and

low spatial resolution [41] compared to MR and CT.

Interventional and diagnostic cardiology stand to benefit from an algorithm to

quickly and accurately align pre-procedure MR and CT images with procedural

3DUS images. This algorithm will allow cardiologists to be presented MR- or

CT-quality data synchronised to near-real-time 3DUS images, facilitating extremely



7. Future Work 142

2. Intra-Operative Echo and Fast Single-Modality Registration

1. Pre-Operative Imaging and Slow Cross-Modality Registration
MR or CT Cine Image 3-D + Time Ultrasound

3. Convolve Transforms and Present MR/CT for Guidance

Registration Transform

+

+

+
Pre-Op US to 

Pre-Op MR/CT
Intra-Op US 

to Pre-Op US
Intra-Op US to 
Pre-Op MR/CT 

Figure 7.1: Pipeline approach to intraoperative guidance using preoperative advanced
imaging.

accurate, beating-heart guidance. Diagnostic cardiologists will use this technology

to correlate high-resolution structural and functional information with valvular

and kinetic defects that are seen most clearly on echocardiograms. Chronic heart

disease monitoring and long-term clinical studies will make use of multi-modality

strategies to minimise the number of costly MR scans or radiation-intensive CT

scans required to track pathology over time.

Currently, near-real-time multi-modality registration in three dimensions is

prohibited by computational limits. We propose a pipeline approach that integrates

preoperative 3DUS data in order to take the multi-modality registration step offline

(Figure 7.1). The results of this offline registration will be indexed and later recalled
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to be convolved with the near-real-time, single-modality registration, generating a

complete transform from intraoperative 3DUS image to preoperative MR image.

Even without the near-real-time constraint, 3-D multi-modality registration

is not trivial. Traditionally, image registration techniques have fallen into one of

two broad categories: intensity-based and feature-based registrations. Intensity-

based techniques use pixel-wise comparisons between images to measure similarity,

iterating transform parameters until the similarity metric is maximised [283–285]. By

contrast, feature-based methods rely on the extraction of salient feature points,

such as corners and edges, from images. Corresponding features are then brought

into alignment by iterative minimisation of a distance-based energy function [286–288].

Intensity-based techniques are most effective for single-modality registration, in

which similar tissues are represented by similar relative voxel values. Gains have been

made in intensity-based, multi-modality registration by using cross-correlation- and

information-based metrics [285], pre-filtering input images [289,290], and even generating

simulated ultrasound images from MR or CT data [291]. However, the task remains

difficult, especially for images with disparate spatial resolution and tissue response.

We propose a geometry-based, multi-modality image registration technique to

align cardiac MR or CT and 3DUS images and image sequences. The rigid alignment

of two 3-D images is defined by six degrees of freedom: three translation parameters

and three rotation parameters. Accurate segmentation of the left ventricle in each

of the MR and 3DUS images can be used to quickly solve five of these parameters

by aligning the centre of mass and long axis of the respective segmentations. The

time parameter will be solved by a more straightforward 1-D optimisation. This

algorithm has been preliminarily assessed in a small number of images using the

Hough results described in Chapter 6 and corresponding MR data. A representative

image is shown in Figure 6.14 (page 134).

7.3.1 3-D Segmentation-Based Registration

From the ultrasound segmentation technique developed in Chapter 6, we will extract

a set LUS of point coordinates p = (x, y, z) in a 3-D ultrasound image IUS that
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represent the left ventricular myocardial segmentation. Likewise, region filling will

be used to determine point sets LMR/CT and RMR/CT that represent the left and

right ventricle segmentations, respectively, of the 3-D MR or CT image IMR/CT.

As this medical image data will contain embedded resolution information, the

spatial scaling relationship between the image domains is known. For the purposes

of this alignment, we will disregard nonlinear cross-modality effects. Therefore,

there are six independent degrees of freedom in the registration problem – three

translational and three rotational.

Translational alignment will be achieved by calculating the centre of mass of

the LV segmentations LUS and LMR/CT. The vector-valued centre-of-mass function

CoM(S) operates on a set of points S and is defined by the mean

CoM(S) = 1
|S|

∑
p∈S
p . (7.3)

A translation transform will bring the LV centres together, resolving the three

translational degrees of freedom of the alignment problem. Two of the three

rotation parameters will be determined by aligning the left ventricular long axes.

Consider the 3 × 3 moment of inertia tensor I of a set S of 3-D points. As our

segmentations will be of uniform ‘density’, the tensor is

I(S) = 1
|S|

∑
p∈S

(
‖p‖2E3 − p⊗ p

)
(7.4)

= 1
|S|

∑
(x,y,z)∈S

(x2 + y2 + z2
) 1 0 0

0 1 0
0 0 1

−
xx xy xz
yx yy yz
zx zy zz


 , (7.5)

where E3 is the 3× 3 identity matrix, and ⊗ denotes the outer product. A given

figure’s principal moments of inertia I1, I2, and I3 are the eigenvalues of its moment

of inertia tensor, and the figure’s principal axes are the corresponding eigenvectors.

The long axis of the LV will correspond to the first principal axis of the

segmentation (i.e. that with the smallest associated principal moment). These

long axes will be calculated from the 3DUS and MR or CT segmentations, lUS and

lMR/CT, respectively. In the coordinate system with the origin at the coincident
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centres of mass of each image, the transform required to align these long axes will

be a rotation of θ about the rotation axis r̂ where

θ = arccos
(
l̂US · l̂MR/CT

)
and

r̂ = l̂US × l̂MR/CT .


l̂US = lUS/‖lUS‖

l̂MR/CT = lMR/CT/‖lMR/CT‖
(7.6)

After translating the LV centres of mass to the origin and rotating their long axes

into coincidence, one degree of freedom will remain: the angle of rotation φ about

the long axis. In addition to rotating the LV properly, this final step will bring the

right ventricle (RV) into alignment. We will rely on this RV alignment to identify φ,

by evaluating the fit of the MRI RV segmentation at various rotations on the fusion

echo image. First, an auxiliary image AUS-RV will be computed from the fusion echo

image IUS to emphasise the dark interior and bright edges of the RV in ultrasound:

AUS-RV = IUS + ‖∇ [G(σ) ∗Medians (IUS)]‖ . (7.7)

Here, ∇ denotes the image gradient, Medians is a median filter with radius s, and

G(σ) is a Gaussian kernel. A second artificial image will be generated from the

segmentation RMR/CT that is bright around the exterior and dark on the interior.

(In our preliminary investigations, this image was generated by applying a Gaussian

filter followed by a gradient magnitude filter to the mask image representing the

segmentation.) These two artificial images will then be compared over various

values of φ, to identify the last parameter for rigid alignment.

7.3.2 Temporal Alignment for 3D+t Registration

In order to use the above 3-D registration technique to align cine (3D+t) data, two

final degrees of freedom will need to be resolved: temporal shift t0 and scale ts.

Echocardiogram and cine MR images are generally provided as single-heartbeat

datasets, so these values will be known approximately (t0 ≈ 0 and ts ≈ 1). However,

variations in imaging technique or heart rate during imaging sessions will cause

minor perturbations. A comparison of the volumes of the LV segmentations from

the fusion echo and MR images over time, vUS-LV(t) and vMR/CT-LV(t) respectively,

will be used to refine t0 and ts.
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As clinical MRI data will usually be more temporally dense than the fusion echo

data, the MRI segmentation volume will be subsampled over time. A root mean

squared difference metric RMSD(t0, ts) will be used to evaluate the performance

of the linear time transformation T (t) = t0 + ts t over the set of time points

FUS = {t : ∃ vUS-LV(t)} where ultrasound frames are defined:

RMSD(t0, ts) =
√√√√ 1
|FUS|

∑
t∈FUS

[
vUS-LV(t)− v∗MR/CT-LV (T (t))

]2
(7.8)

Minimising RMSD(t0, ts) will provide temporal alignment of the 3D+t data, com-

pleting the image registration.

7.3.3 Conclusion

This section has described one practical application for the quick geometric seg-

mentation algorithm introduced in Chapter 6. This registration, fitted into a

pipeline approach as described above, will bring beating-heart, MR- and CT-quality

image data into the electrophysiology laboratory even without expensive and

complex hybrid labs. Clinically, this approach will be combined with instrument

segmentation techniques [292–294] to provide a more accurate picture of catheter

contact during cardiac motion. It will also facilitate operative targeting of areas

of interest identified in the pre-procedure images.

7.4 Conclusion

The paradigms described above constitute two paths by which the geometric image

analysis techniques developed in this thesis will make their way to the clinical

electrophysiology laboratory. More broadly, as machine learning and computer

vision toolsets continue to grow, they will frame a shift in our consideration of medical

imaging, and especially procedural imaging. While clinical images traditionally

make up a static piece of the diagnostic algorithm – to be ordered, consulted, and

then stored away – our advancing data processing and machine learning abilities

will change this role. Imaging studies will instead be considered a deposit in a

patient’s global clinical model. The model will include the whole of what today is
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considered a medical record, from tissue-level imaging data to demographics and

family history, to be interrogated by sophisticated machine learning algorithms

when a clinical question arises.



Tout ce que je fais, je le fais pour que cela serve.

Everything I do, I do in order that it may be of use.

—Michel Foucault [295]

8
Conclusion

We are in a transformative era for interventional cardiology and electrophysiology.

Through the first twenty years of catheter interventions, clinicians and researchers

focused on replicating surgical procedures with fluoroscopy-guided tools (Chapter 2).

Progress was made by introducing more manoeuvrable catheters capable of more

intricate manipulation. The goals of a given procedure were well-known in advance.

Where intraoperative decision-making was used, it was in a very limited context,

e.g. to respond to fluoroscopic angiography during an angioplasty. While cardiac

imaging continued to advance, its clinical use was partially limited by the time,

expense, and expertise required to acquire useful information from an image. Even

where images were informative, that information might not affect the choice among

a limited range of clinical interventions.

Over the past fifteen years, however, tremendous progress has been made on

three entwined paths for integrated, image-guided intervention. First, the cost and

availability of advanced imaging has become less prohibitive, increasing utilisation

and driving innovation. Second, the precision of interventional procedures has

improved dramatically, introducing tangible clinical decisions that benefit from high-

resolution tissue information. Third and finally, computational power and image

processing algorithms have advanced, allowing previously unthinkable integration

of different clinical images and data sets.

148
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The results presented in this thesis are steps along this third path. A simple,

efficient registration algorithm was designed to register EAM points to cardiac

MR and CT images (Chapter 3). While this algorithm is not groundbreaking

in its approach, its simplicity enables the robust analysis of image features in

the chapters that follow.

Current discourse on catheter ablation of atrial fibrillation includes significant

attention to the role of fibrosis in pulmonary vein isolation outcomes (Section 4.1.1)

and the ability of advanced imaging to identify that fibrosis (Section 4.1.2). This

research, however, has thus far drawn purely correlative conclusions, with the

underlying presumption that predictive accuracy would be built on that foun-

dation. The machine learning approach taken in Chapter 4 has made this leap,

for the first time quantifying the predictive power of LGE-MRI and CE-MDCT

in identifying atrial fibrosis.

The significance of this work was not only to demonstrate prediction of bipolar

voltage values, but also to more generally underscore the utility of a machine learning

approach to analyse large amounts of complex image data. While this perspective

is well established in the field of computer vision, it is still gaining traction in

the clinical community. With the demonstration of predictive power, it becomes

reasonable to consider using image information alone to make clinical decisions – in

this case, selecting likely responders to pulmonary vein isolation while guiding less

appropriate candidates toward more aggressive pharmacological rate control.

In Chapter 5, we investigated the relationship between MR image character-

isation of natural fibrosis and post-ablation lesion, finding that while the two

were generally similar, post-ablation scar was overall a ‘more extreme’ version

of natural fibrosis, with higher levels of enhancement and heterogeneity. Just

as importantly, the results demonstrated that the random forest bipolar voltage

regression model built using images of naïve myocardium (Section 4.4.3) was

inadequate to characterise ablation scar. As machine learning becomes more

fundamental to medical decision making, the limitations of a given training set must
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become as deeply integrated into the academic medicine lexicon as randomisation

and placebo control are today.

Finally, in Chapter 6 we validated one more piece in the near-real-time seg-

mentation and registration repertoire: a method for rapid segmentation of left

ventricular myocardium in 3-D echocardiograms. A modified Hough transform

achieved near-universal success in non-apical 3-D echocardiogram slices. This

approach deliberately sacrifices pixel-perfect accuracy for algorithmic simplicity and

speed, with an eye towards near-real-time registration with pre-operative images in

a pipeline approach (Section 7.3). Tools of this kind will gain increased importance

in years to come, as quick, robust links are needed to construct the pipeline methods

that bring advanced imaging into the operating room.

In the short term, advanced imaging tools, including machine learning, will

greatly improve our ability to make clinical decisions using advanced imaging.

Computer-aided diagnosis (CADx) is already a burgeoning technology in radiology,

with demonstrated successes primarily in tumour detection [296]. At its most basic

level, prediction of bipolar value from MR and CT images is an implementation of

CADx that will assist clinicians in identifying appropriate candidates for ablation

of atrial fibrillation.

In the intermediate future, integrated imaging solutions will allow for better

procedure planning and post-operative evaluation. High-accuracy tissue char-

acterisation and rapid registration will allow fibrosis imaging to be fused with

electrocardiogram data and integrated into a complete electrical model [106] of the

myocardium. This model, constructed before the patient is on the EP laboratory

table, will identify potential arrhythmogenic foci and form a basis for predicting

effective procedural induction strategies and ablation targets. This pre-operative

planning will shorten procedure times and decrease the amount of ablation energy

needed to achieve arrhythmia termination, improving patient safety while enhancing

treatment efficacy.

The long-term implications of this work derive from widespread adoption of

functional image guidance. The development of electroanatomic mapping allowed



8. Conclusion 151

the position of an intra-cardiac catheter – and by association all of the information

encoded in local electrograms – to move from 2-D fluoroscopy planes onto 3-D virtual

spaces within the memory of EAM computers. Analogously, as advanced imaging

technology expands the role of intraoperative imaging, its utility will advance beyond

mere instrument guidance to monitoring the progress of treatment from planning to

completion to follow-up. This shift will be driven by practicality, delivered by rapid

registration algorithms, utility, in the form of machine learning-driven interpretation

of advanced modalities such as MR thermography, and clinical efficacy, measured

in complications averted and repeat procedures avoided.

The work presented in this thesis is one step in the long journey from medical

imaging as a static snapshot to imaging as an open window to structure and function,

to be accessed regularly – pre-, intra-, and post-procedurally – as clinically indicated.

When this open window is framed in a machine learning context, each piece of

imaging information is immediately associated with a full array of clinical data –

demographics, laboratory values, electrograms, clinical outcomes, and other images.

This association between image features and clinical parameters will reinforce

itself, creating an ever-expanding base of training data upon which to build better

machine learning models. Ultimately, advanced imaging modalities interpreted

through broad-based models will provide a toolset that will enhance diagnostic

accuracy and treatment efficacy in tomorrow’s clinical environment.
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Cor animalium, fundamentum eſt vitæ, princeps
omnium, Microcoſmi Sol, a quo omnis vegetatio
dependet, vigor omnis & robur emanat.

The heart of animals is the foundation of their life,
the sovereign of everything within them, the sun of
their microcosm, that upon which all growth depends,
from which all power proceeds.

— William Harvey [297]
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In this appendix, we briefly review cardiac anatomy and physiology, with

a focus on details relevant to interventional electrophysiology. All information

presented below is well-established in cardiology and can be found in relevant

medical physiology textbooks, such as Guyton and Hall [298], the very comprehensive

Boron and Boulpaep [299], or the accessible and beautifully illustrated Silverthorn [300].

Unless otherwise indicated, all anatomical figures in this section are adapted from

Gray’s Anatomy of the Human Body [50].

A.1 Anatomy

The heart is the nexus of the circulatory system, located within the membranous

pericardial sac in the centre of the thoracic cavity. Functionally, the heart consists
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Figure A.1: Four-chamber illustration of the human heart. Clockwise from upper-left:
right atrium, left atrium, left ventricle, right ventricle.

of two distinct pumps, each composed of two chambers. The right heart receives

venous blood from the head, trunk, and periphery via the superior and inferior

venae cavae and pumps it through the pulmonary arteries to the lungs. The left

heart receives oxygenated blood from the lungs via the pulmonary veins and pumps

it at high pressure into systemic circulation through the aorta. While they function

at discrete locations in the circulatory loop, the left and right pumps are physically

co-located, separated by the thin cardiac septum (Figure A.1).

Each of the cardiac pumps is made up of two chambers: an atrium and a

ventricle. The atria are thin-walled, compliant chambers into which incoming blood

flows before passing to the ventricles. The ventricles are the primary pumping

chambers, and have thicker, muscular walls. The left ventricular (LV) wall, which

must pump at high pressure against the total peripheral resistance, is 0.6 - 1.0 cm

thick [235] compared with less than 0.5 cm for the right ventricle (RV), which pumps

blood into the low-resistance pulmonary circulation.
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Figure A.2: Left atrium in posterior cardiac illustrations. Top: intact posterior cardiac
view with left atrium, centre. Bottom: left-posterior oblique view with left pulmonary
veins, posterior left atrial wall, and left ventricular free wall cut away. Left atrial appendage
(‘auricula’) visible, upper-left.
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The left atrium (Figure A.2) is located superiorly (basal) and posteriorly, in direct

proximity to the oesophagus and left phrenic nerve (Figure A.3). These structures

are at risk of damage during catheter ablation of the left atrial myocardium or

pulmonary vein ostia (Section 2.4.3). The four pulmonary veins attach at the lateral

posterior aspects of the left atrium, with some individual variation (Figure A.2, top).

The left atrial appendage (LAA, classically ‘auricula’) is an extension of the left

atrium located anteriorly, adjacent to the pulmonary artery (Figure A.2, bottom).

There is great variation in the size and shape of the LAA, and recent research

has found that this variation has a bearing on stroke risk [301–303]. While the

LAA is dynamic in a healthy heart, it is a focus of blood stasis and source for

thromboembolism in AF patients [304].

Between each atrium-ventricle pair is a valve (Figure A.4). The left atrioventric-

ular valve is called the mitral valve, classically called the ‘bicuspid valve’ due to

its two leaflets. The right valve is the tricuspid valve, and has three leaflets. Each

valve opening is ringed by a fibrous annulus, and the valve flaps are anchored to

papillary muscles (Figure A.4, bottom) via tendons (the chordae tendonae).

There are also valves separating the ventricles from their arterial outflow tracts.

Both the aortic valve – between the left ventricle and the aorta – and the pulmonary

valve – between the right ventricle and the pulmonary trunk – have three leaves.

These semilunar valves are not anchored to the muscular myocardium. Instead,

each derives support entirely from its annulus.

The myocardium is supplied with oxygen through the coronary circulation

(Figure A.5). The left and right coronary arteries arise from the root of the aorta.

The left coronary artery originates from the left aortic sinus and bifurcates after

10 - 25 mm into the left anterior descending (LAD) artery and the left circumflex

(LCX) artery. The LAD descends along the anterior surface of the heart within

the interventricular sulcus between the left and right ventricles, usually reaching

the apex. The LCX wraps posteriorly around the left side of the heart within

the coronary sulcus between the left atrium and left ventricle. The right coronary

artery follows the right atrioventricular groove, giving rise to one or more right
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Figure A.3: Left atrium illustrated in anatomic context. Top: cross section at the
level of the RV outflow tract (just superior to the left atrium). Note proximity to the
oesophagus (posterior) and left phrenic nerve (left lateral). Bottom: left-posterior view
with intact left atrium.
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Figure A.4: Atrioventricular valves, chordae tendonae, and papillary muscles. Top:
Superior view of ventricles with atria cut away. Mitral and tricuspid valve leaflets are
visible. Bottom: Right lateral view of heart. Note the chordae tendonae and papillary
muscles anchoring the tricuspid valve leaflets to the right ventricular myocardium.
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Left marginal branch

Left coronary artery
Left circumflex (LCX) artery
Left anterior descending (LAD) artery

Right coronary artery
Right marginal branch Posterior descending artery (PDA)

Figure A.5: Coronary circulation (arteries, red). Left: anterior view. Right: posterior
view. Adapted from Wikimedia Commons under a permissive license [305].

marginal branches. The posterior descending artery (PDA) arises from the right

coronary artery in 70% of people (‘right-dominant’), from the LCX in 10% (‘left-

dominant’), and from both in the remaining 20% (‘co-dominant’). The PDA follows

the posterior intraventricular sulcus to the apex of the heart.

The lateral wall of the left ventricle is supplied by diagonal arteries arising from

the LAD, while its posterior wall is supplied by the PDA. The anterior two-thirds

of the intraventricular septum is supplied by the LAD, while the posterior third

is supplied by the PDA. The anterolateral papillary muscle is supplied jointly by

the LAD and the LCX, while the posteromedial papillary muscle is supplied by

the PDA alone. The right ventricular free wall is supplied by the right coronary

artery and its marginal branches. The left and right atria are supplied by the LCX

and the right coronary artery, respectively. The SA node is supplied by the right

coronary in 60% of people and the LCX in the remaining 40%, irrespective of PDA

dominance. The AV node is supplied by the PDA.
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Figure A.6: Wiggers diagram of the cardiac cycle. Pressures refer to the left-side
chambers. Reproduced from Wikimedia Commons under a permissive license [306].

A.2 Mechanical Cycle

The cardiac mechanical cycle is summarised by the Wiggers diagram of pressure

and volume curves (Figure A.6). Broadly, the cycle consists of diastole, during

which the ventricles are relaxed and filling, and systole, during which the ventricles

contract to expel blood from the heart. With minor exceptions, the left and right

side of the heart move in unison. The language below describes the left heart.

We begin at diastasis, the middle third of diastole. During this period, the

ventricle has largely finished passively filling, but is still in communication with the

atrium. The atrioventricular valves are open, while the semilunar valves between

the ventricles and their respective arteries are closed.

Diastasis is interrupted by the atrial systole, the final third of cardiac diastole.

During atrial systole, the atrium contracts, forcing a last bit of blood through
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the mitral valve to ‘top up’ the ventricular volume. This atrial ‘kick’ provides

about one third of the ventricular stroke volume.

The ventricular myocardium begins to contract, marking the beginning of systole.

The increased ventricular pressure immediately closes the mitral valve. Pressure

continues to build as the ventricular muscle contracts against an unyielding blood

volume (isovolumic contraction).

When the ventricular pressure reaches the aortic pressure, the aortic valve

opens and ventricular blood is ejected through it. This ejection continues until,

as the ventricle relaxes, ventricular pressure falls below aortic pressure, closing

the aortic valve.

With both valves again closed, ventricular pressure drops rapidly as the muscle

relaxes (isovolumic relaxation). When ventricular pressure drops below atrial

pressure, the mitral valve opens, and blood rapidly flows from the atrium into

the ventricle. The compliance of the ventricle soon limits flow, and the heart

is again at diastasis.

The normal heart beats at 60 to 100 times per minute at rest, though trained

athletes may have rates as low as the 40s. Strenuous exercise can elicit a maximal

heart rate that is classically estimated as 220 − a beats per minute, where a

is the age in years.

The stroke volume is the amount of blood expelled from each ventricle during

a single heartbeat, and is approximately 70 mL in a normal heart. This value

is often expressed as ejection fraction, or the proportion of the end-diastolic left

ventricular volume that is ejected. An ejection fraction between 55% and 70% is

normal, with lower ratios generally indicating heart failure. The cardiac output

is obtained by multiplying stroke volume by heart rate, and is generally between

4 and 8 litres of blood per minute.

A.3 Electrical Cycle

The choreographed mechanical cycle of the heart is driven by carefully orchestrated

electrical signals. The spread of electrical signals through the heart is regulated
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almost entirely by the speed of the signal through given portions of myocardium.

While gap junctions between cells allow cell-to-cell transmission of electrical action

potentials between any adjacent myocardiocytes (Section A.4), transmission is

much faster between specialised electrical system cells, which have many more such

junctions. The cellular refractory period (Section A.4) induces ordered ‘waves’ of

depolarisation across the myocardium and prevents retrograde conduction in the

healthy heart. The typical sequence of depolarisation in the course of a single

heartbeat is described below. In summary, the electrical signal spreads quickly

through the specialised conducting system and slowly from that system through

typical contractile myocardium.

The wave of depolarisation that will trigger a normal heartbeat begins in the

sinoatrial (SA) node. The SA node, often called the ‘natural pacemaker’, is a

specialised bundle of conduction system cells located in the superior right atrium

(Figure A.7). While several loci of cardiac cells have pacemaker potential, the

SA node has the highest natural rate (60 - 100 beats per minute), and therefore

dominates, as other potential pacemakers are ‘reset’ when the wave of depolarisation

initiated by the SA node reaches them. The pacemaker potential is described in

more detail in Section A.4.

The wave of depolarisation spreads from the SA node through the atrial

myocardium, triggering atrial systole. The electrical signal travels through normal

atrial myocardium at about 0.3 m/s, and through specialised internodal pathways at

about 1 m/s. These pathways organise the spread through the atria, and facilitate

faster conduction to the atrioventricular (AV) node (Figure A.7). One pathway,

known as the anterior interatrial band or Bachman’s bundle, passes to the left

atrium along the anterior atrial walls. Transmission from the SA node to the AV

node takes about 30 milliseconds (ms).

The electrical impulse cannot travel directly from the atrial to the ventricular

myocardium, as the fibrous valve annuli do not conduct. Instead, the AV node,

located in the posterior wall of the right ventricle behind the tricuspid valve

(Figure A.7) provides the conduit from the atria to the ventricles. In order to
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Figure A.7: Electrical conduction system of the heart. SA: sinoatrial node. AV: atri-
oventricular node. 1: internodal pathways. 2: anterior interatrial band (Bachmann’s
bundle). 3: bundle of His. 4: right bundle branch. 5: left bundle branch. 6: anteriosuperior
left bundle branch. 7: posterioinferior left bundle branch. 8: Purkinje fibres.

allow the atria to contract fully before ventricular contraction begins, the AV node

creates a delay in conduction. This delay is mediated by the small number of gap

junctions within the node, which causes slower transmission of the action potential

from cell to cell. It takes about 90 ms for an impulse to travel through the AV

node to the fibrous tissue separating the atria from the ventricles, and a further

40 ms to transit this fibrous tissue via the fascicular AV bundle. Thus, the total

delay at the AV node is 130 ms, and the electrical impulse reaches the ventricular

tissue a total of 160 ms after its initiation at the SA node.

Upon exiting the atrioventricular bundle, the electrical impulse spreads rapidly

through the His-Purkinje system. This system is made up of large fibres with many

gap junctions, facilitating conduction at 1.5 - 4.0 m/s. From the AV node, the

bundle of His travels 5 - 15 mm down the intraventricular septum before dividing

into the left and right bundle branches (Figure A.7). The branches progress apically,

dividing into smaller branches which course circumferentially around the cardiac
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chambers before turning back basally. The branches terminate in Purkinje fibres,

which merge directly with normal ventricular myocardiocytes. Conduction from

the AV node through the entire His-Purkinje system takes only 30 ms. After

exiting the Purkinje fibres, it takes another 30 ms for the action potential to spread

throughout the ventricular muscle.

Each segment of the electrical conduction system is necessary for regular,

coordinated contraction of the heart. Failure of the SA node or excessive excitability

of alternate groups of myocardiocytes leads to an ‘ectopic pacemaker’, which is

often incompatible with organised flow through a conduction system carefully

tuned for action potentials originating at the SA node. Excessive inhibition of

transmission through the AV node leads to ‘AV block’ and ineffective coordination

of atrial and ventricular contraction. In the most serious cases, AV block can inhibit

ventricular contraction entirely. So-called accessory pathways between the atria

and the ventricles allow atrioventrucular transmission without the inbuilt delay

of the AV node. Such pathways can cause a variety of arrhythmias outlined in

Section B.3. Blocks in the His-Purkinje system lead to uncoordinated activation of

the ventricles. Such dyssynchrony results in less effective expulsion of blood from

the ventricles and can cause adverse myocardial remodelling over time. Further

description of these arrhythmias, with particular attention to those with catheter

ablation treatments, can be found in Section B.3.

A.4 Cellular Electromechanical Coupling

Myocardiocytes are striated muscle cells arranged in a latticework, with individual

fibres dividing and recombining frequently (Figure A.8). Intercalated discs form the

barriers between individual cells. These discs feature many gap junctions, which

allow easy spread of ions between cells. Thus, the myocardium is characterised

as a syncytium, in which an action potential spreads readily across tissue. The

atrial and ventricular syncytia are separated by the non-conducting fibrous annuli

of the mitral and tricuspid valves (Section A.3).
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Figure A.8: Cellular structure of the heart. (a) Schematic of branching cells connected by
intercalated discs. (b) Micrograph of cardiac muscle. (c) Desmosomes provide structural
support and gap junctions allow ion flow through intercalated discs. Mitochondria
and actin/myosin sarcomeres also illustrated. Adapted from OpenStax College under a
permissive license [307].

The typical myocardiocyte at rest maintains a membrane potential of about

-90 mV, maintained primarily by the sodium-potassium pump and potassium leak

channels. The depolarisation cycle is typically described in five phases (Figure A.9,

left). When an action potential arrives at a cell, depolarising it to a threshold of

about -40 mV, fast sodium channels open (Phase 0). Influx of sodium into the cell

causes rapid depolarisation to +20 mV. As fast sodium channels close, the cell

begins to repolarise via flow through open potassium channels (Phase 1). This
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initial repolarisation is halted by the closing of fast potassium channels and the

opening of slow, voltage-gated calcium channels which allow a calcium influx from

the extracellular space and the sarcoplasmic reticulum (Phase 2). The plateau

phase prolongs the refractory period of cardiac muscle. As the calcium channels

close and slow potassium channels open, the cell rapidly repolarises (Phase 3), and

the sodium-potassium pump maintains this resting potential (Phase 4).

Myocardiocytes with pacemaker potential – notably the SA node but also the

AV node and Purkinje fibres – have a higher resting membrane potential, between

-70 and -50 mV. These cells uniquely express hyperpolarisation-activated, cyclic

nucleotide gated (HCN) non-selective cation channel. During Phase 4, HCN channels

cause slow depolarisation (Figure A.9, right). This depolarisation itself encourages

closure of potassium channels, opening of calcium channels, and further opening

of the HCN channels. These changing ion flows together result in an accelerating

membrane depolarisation, and spontaneous arrival at the action potential threshold.

Acetylcholine, delivered via the parasympathetic vagus nerve, slows the pacemaker

rate by closing HCN channels, increasing potassium permeability, and reducing

calcium permeability. Conversely, catecholamines, delivered as noradrenaline

(norepinephrine) via sympathetic nerves and adrenaline (epinephrine) via the adrenal

medulla, increase pacemaker rate by opening HCN channels and increasing the
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Phase 4 calcium current. Pacemaker cells also have much lower influence from

calcium channels, and their Phase 1 and Phase 2 are less well defined.

Excitation-contraction coupling in contracting myocardiocytes is governed by

calcium flow. The influx of extracellular calcium from voltage-gated calcium

channels in Phase 3 triggers the opening of ryanodine receptor calcium channels

(RyR) in the sarcoplasmic reticulum, resulting in further increase in cytoplasmic

calcium. This calcium binds to troponin, initiating contraction of the sarcomere.

Cardiac contraction lasts about 250 ms, enabling the full mechanical cycle of

blood expulsion. The electrical refractory period is similar, preventing the tetanic

contraction possible in skeletal muscle.



You know how people say, ‘You can’t live without
love’? Well, oxygen is even more important.

— David Shore’s Dr. Gregory House [308]

B
Heart Disease and Percutaneous

Treatment

Contents

B.1 Coronary Heart Disease . . . . . . . . . . . . . . . . . . 169
B.2 Valvular Heart Disease . . . . . . . . . . . . . . . . . . . 169
B.3 Cardiac Arrhythmia . . . . . . . . . . . . . . . . . . . . . 170

Heart disease is the leading cause of death in the United States and the United

Kingdom. Coronary artery disease alone accounts for about one in five deaths in the

United States [309]. Hypertension affects one in three U.S. adults and is associated

with left ventricular hypertrophy, which is itself a major predictor of heart failure and

other disease [31,33]. Statistics in the United Kingdom are similarly troubling, with

about one in three British deaths in 2010 attributed to cardiovascular disease [310].

In this appendix, we briefly review the major categories of heart disease with

established percutaneous treatment options. This overview is meant to contextualise

the contributions to procedural imaging described in the body of this thesis.
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B.1 Coronary Heart Disease

In 2006, 6.5% of men and 4% of women in Britain suffered from coronary heart

disease, including almost a quarter of those over 75 years old [310]. Coronary heart

disease (CHD) refers to an interruption of the normal perfusion of the myocardium

by the coronary artery vasculature. Coronary perfusion is necessary for myocardial

function and viability. As cardiomyocytes do not have significant energy stores,

effective contraction will cease within seconds of cardiac ischaemia [311]. If ischaemia

persists, myocardial infarction (MI) results.

The classic progression to MI begins with coronary arterial endothelial dys-

function. Lipids accumulate in the arterial wall followed by the formation of an

atheroma, a macrophage-rich accumulation of degenerative material in the tunica

intima often referred to as a ‘plaque’. The atheroma progresses to a ‘complicated

fibroatheroma’ as calcification and fibrosis partially obstructs coronary flow, causing

clinical angina and cardiac remodeling. Plaque rupture is the catastrophic event,

exposing the thrombogenic core of the fibroatheroma. This results in rapid local

thrombosis and severe-to-complete blockage of the coronary artery. Less common

mechanisms of MI include embolism, coronary vasospasm, and thrombosis of a

non-atherosclerotic vessel [311].

A large and growing number of clinical tools to treat MI and acute coronary

syndromes, including thrombolytics, percutaneous arterial stenting and ballooning,

and coronary artery bypass grafting (CABG), have dramatically increased survival of

coronary heart disease (Section 2.3). However, these improvements bring into sharp

relief the cardiac sequelae of myocardial infarction, including valvular disease [312,313]

and arrhythmias [314,315].

B.2 Valvular Heart Disease

Valvular disease affects 2.5% of Americans, including more than 13% of those

over 75 years old [316]. Valvular heart disease describes a failure in the physiologic

role of any cardiac valve. Of the four valves, the mitral and aortic valves, which
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are exposed to the high pressures of the left heart, are most likely to fail. The

two common failure modes are regurgitation, in which a valve cannot maintain

competence against backflow, and stenosis, in which a valve produces high resistance

to forward flow. Though post-streptococcal rheumatic fever was once the most

common cause of valvular disease [317], degeneration driven by long-term cardiac

stressors now contributes to most valvular disease in the developed world.

Mitral regurgitation is present in about 1.7% of the US adult population,

including 9.3% of those over 75 years old. This is closely followed in frequency

by aortic stenosis and regurgitation, which are each present in about 0.5% of

the population [316]. Their prevalence is expected to increase as the population

continues to age [318]. Significant valvular dysfunction leads to heart failure as the

left ventricle succumbs to pressure or volume overload. Although surgical valve

replacement or repair is often the definitive treatment [319], a number of percutaneous

options exist for patients who are poor surgical candidates [320,321]. These low-risk

approaches are becoming more common and may eventually supplant open surgery

as the preferred mode of treatment.

B.3 Cardiac Arrhythmia

Cardiac arrhythmias are malignant variations of the natural progression of electrical

signalling in the heart. In the normal heart, an electrical impulse travels from

the sinoatrial node, through the atria, to the atrioventricular node, along the

His-Purkinje system, and finally through the ventricles (Section A.3). As each

cardiomyocyte can both initiate and conduct action potentials, propagation of the

cardiac electrical signal is orchestrated by a hierarchy of spontaneous pacemaker

frequencies, conduction rates, and refractory periods. Arrhythmias occur when one

of these factors is disrupted by structural malformation, local disease, or systemic

electrochemical imbalance. In adults, this is often due to myocardial infarction

or ischaemia, non-ischaemic cardiomyopathy, or the side effects of medication. A

huge range of arrhythmias can occur. Here we present only the most iconic, and
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then only in their most common or illustrative forms (Figure B.1). For a more

detailed treatment, refer to de Luna’s Clinical Arrhytmology [322].

The most common arrhythmia in adults is atrial fibrillation (AF) [323], described

more fully in Section 2.4. In addition to causing palpitations and syncope, AF

is implicated in ischaemic strokes and progression to heart failure [323,324]. Over

the past ten years, percutaneous ablation of AF pathways has gained favour over

traditional pharmacologic rate control [325,326]. Detailed mapping procedures now

allow ablation attempts even of atypical AF patterns.

Atrial tachycardia and atrial flutter are also examples of the SA node being

overwhelmed by atrial activity. The former is caused by an ectopic atrial pacemaker,

and the latter by an organised reentrant rhythm within the atria. The cycle timing of

atrial flutter is typically at about 300 per minute, and may present as a pulse of 150

beats per minute due to 2:1 conduction through the AV node [327]. These arrhythmias

are treated similarly to AF, with both medical and ablation options [328,329].

Ventricular tachycardia (VT) is an acute arrhythmia associated with sudden

cardiac death [330]. At high ventricular rate, there is not time for ventricular filling

between contractions, and cardiac output decreases. The mechanism of VT is

typically either an excitatory focus in the ventricle or an area of slow conduction

which permits a reentrant loop. Each of these lesions may be the result of myocardial

scar or fibrotic tissue [314,331,332], VT can be treated by antiarrhythmic medications

or catheter ablation of arrhythmogenic foci or slow-conduction regions [333]. Many

patients require hybrid therapy, with ablation increasing the efficacy of medical

therapy. In addition to this substrate modification, patients often benefit from im-

plantable cardioverter/defibrillators (ICDs), which continually monitor the patient’s

electrocardiogram and deliver a shock to halt VT when it is detected [334,335].

If ventricular tachycardia becomes disorganised, the resulting rhythm is ven-

tricular fibrillation (VF). This rhythm is incompatible with life, and must be

immediately defibrillated. Like those at risk of VT, patients at risk of VF may

be implanted with internal defibrillators [334,335].
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Supraventricular tachycardia (SVT) refers to any tachycardia arising above

the bundle of His. While this technically includes the atrial-induced tachycardias

discussed above, the term SVT is more commonly used to refer to tachycardia

caused by reentrant circuits.

Atrioventricular reentry tachycardia (AVRT) is an SVT which involves an

accessory pathway between the atria and the ventricles, allowing the AV node to be

bypassed. This pathway completes to a loop in which an electrical impulse can travel

from the atria, through the AV node to the ventricles, and then back through the

accessory pathway to the atria (‘orthodromic’, 90 - 95% of cases) or in the opposite

direction (‘antidromic’). The existence and location of the pathway varies. The most

common example is the Bundle of Kent in Wolff-Parkinson-White syndrome. In

patients with these pathways, AVRT is initiated by premature atrial or ventricular

beats. In patients with AF as well as an accessory pathway, the fibrillation of

the atria is not buffered by the high refractory period of the AV node, and rapid

ventricular response and degeneration to ventricular fibrillation may result [336–338].

AVRT may be corrected by catheter ablation of the accessory pathway [339].

Atrioventricular nodal reentry tachycardia (AVNRT) is another reentrant SVT.

In this arrhythmia, the AV node itself contains two pathways, typically a fast

pathway and a slow pathway. Patients with this physiology will often remain

in sinus rhythm (conducted via the fast pathway) until a premature atrial or

ventricular impulse triggers AVNRT. Typically, impulses are carried from the

atria to the ventricles by the slow pathway, and then re-enter the AV node via

the fast pathway to pass back to the atria, completing the reentrant loop (‘slow-

fast AVNRT’) [340]. The opposite conduction pattern (‘fast-slow’) is seen in 10%

of patients, and a ‘slow-slow’ is also possible. While AVNRT is often managed

medically, in refractory cases ablation of the AV node – typically targeting the

slow conduction pathway – is considered [341,342].

Bradyarrhythmias, in which the heart rate is abnormally low, may be caused by

failure of the SA node or a failure of the action potential to reach the myocardium

and trigger effective contraction. SA node failure may be a result of infarction,
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medication, or age-related deterioration. When not correctable with medication,

bradyarrhythmias are treated with the implantation of artificial pacemaker de-

vices [343]. These devices trigger contraction of the heart by delivering exogenous

sparks via leads embedded in the myocardium.

Conduction blocks, most commonly at the AV node, may also cause bradycardia.

While low-level blocks, which feature prolonged conduction delay at the AV node, do

not warrant treatment, high-level blocks prevent beats from reaching the ventricles,

and must be treated with a pacemaker [343]. Blocks within the His-Purkinje system,

including bundle branch and fascicular blocks, cause dyssynchronous activation of

the left and right ventricles, decreasing efficiency of expulsion of blood from these

chambers. Resychronisation can be achieved using advanced pacemakers which

simultaneously activate the chambers as required, though this treatment is currently

only considered clinically indicated in 5% - 10% of patients with dyssynchrony [344].



Sollten nun die neuen Strahlen nicht longitudinalen
Schwingungen im Aether zuzuschreiben sein?

Should not the new rays be ascribed to longitudinal
waves in the ether?

— Wilhelm Conrad Röntgen [345]
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In this appendix, we illustrate two of the more complex data analysis algorithms

used in the thesis – random forests and principal component analysis – using a

step-by-step, example-based approach.

C.1 Random Forests

Random forests (RF) is a machine learning algorithm used to make robust predictions

from a large amount of input data. At its heart, RF constructs an ensemble of

‘weak learners’ – individual decision trees – each of which has low predictive value

175
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individually, but which in concert achieve much higher accuracy. Like all machine

learning algorithms, RF does not require an understanding of how – or even if

– any individual feature in the input data affects the outcome. The approach is

described by Breiman et al. [220] and is known for its accuracy, robustness to noise,

and computational efficiency. Although training a random forest is computationally

intensive, making a prediction is a very speedy process. Unless otherwise cited, all

information in this section is supported by Breiman [220]. A more formal discussion

of the advantages of RF is found in Section 4.1.3.

RF can be implemented as a classifier, wherein the model uses input data to

predict a categorical output – the presence or absence of a disease, a discrete stage of

illness, etc. – or as a regressor, which predicts a continuous variable – blood pressure,

risk of stroke, probabilistic five-year mortality, etc. In either case, building an RF

model begins with a set of training data – paired input data, known as ‘feature

vectors’, and their associated, known gold-standard output data, called ‘responses’.

C.1.1 Data

To step through a typical RF training and testing algorithm, consider the patient

data listed in Table C.1. This data is a small subset of information collected at the

Cleveland Clinic (Cleveland, Ohio, USA) by Dr. Robert Detrano [346] and now freely

available at the University of California, Irvine Machine Learning Repository [347].

For the ten patients we consider, the feature vector is made up of age, sex,

systolic blood pressure at rest, serum cholesterol, serum glucose, and presence of

left ventricular hypertrophy by electrocardiogram. The output, or ‘response’, is

the presence or absence of at least 50% artery blockage in any coronary artery,

as evaluated by fluoroscopy.

It is important to note that although we have chosen to use ten patients, each

with a feature vector of six parameters, random forests’ strength is in analysis of

extremely large data sets. The advantage of using only ten patients is that we

can work through the training and evaluation process step-by-step, but we should

not expect impressive results on this small sample.
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Patient Age Sex SBP Chol BSG ECG Stenosis

A 63 M 145 233 ↑ LVH -
B 67 M 160 286 - LVH +
C 67 M 120 229 - LVH +
D 37 M 130 250 - - -
E 41 F 130 204 - LVH -
F 56 M 120 236 - - -
G 62 F 140 268 - LVH +
H 57 F 120 354 - - -
I 63 M 130 254 - LVH +
J 53 M 140 203 ↑ LVH +

Table C.1: Ten heart disease patients from the Cleveland Clinic [346,347]. Data includes
age (years), sex, systolic blood pressure at rest (SBP), serum cholesterol (Chol), serum
blood suger (BSG; ↑ indicates > 120 mg/dL), and presence of left ventricular hypertrophy
(LVH) by electrocardiogram (ECG) criteria. Finally, stenosis represents presence of > 50%
artery blockage of any artery by coronary angiogram.

C.1.2 Training

Ordinarily, the data set is randomly divided into training and testing sets. This

prevents ‘overfitting’, a pitfall of machine learning evaluation. Overfitting describes

the situation in which coincidental relationships between observed feature vectors

and responses (e.g. every red-haired, normotensive woman in the dataset happens

to be disease-positive) can be spuriously recognised and modelled. This error is

somewhat mitigated by splitting the known values into separate training and testing

data sets, so that any overfitting on the training set does not produce artificially

impressive results when evaluated using the disparate testing set. Here, we will use

patients A, B, C, D, E, and F for training, and reserve G, H, I, and J for testing.

The crux of training an RF is generating a large number of decision trees. These

trees are known as ‘weak learners’, as they individually have low classification

accuracy. The key observation of RF is that a large number of weak learners may

be combined to form a strong learner. Most RF models are made up of hundreds

or thousands of trees. For the sake of illustration, we will construct only three here.

As its name implies, the random forests method relies on randomisation of the

training data in order to generate diverse trees. This randomisation is achieved
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patients with coronary stenosis; white circles represent patients without stenosis. Example
data from Table C.1.
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in two ways: bootstrap aggregation (‘bagging’) on a per-tree basis, and selection

of feature subsets on a per-node basis. Bagging means randomly selecting, with

replacement, a same-size subset from the training data. For example: for our first

tree, from the training set A, B, C, D, E, F, we randomly select F, A, C, B, C,

D (Figure C.1, box 1). This selection of patients will be used when constructing

every node in the first tree.

To construct a node, we begin by randomly selecting a subset of features

to consider (Figure C.1, box 2). In Breiman’s original paper, the size of the

subset of features is log2 f , where f is the total number of features. Most modern

implementations use
√
f . For values f ≤ 36, the choice makes little difference.

After a subset of features is selected, the data points (i.e. patients) up for con-

sideration at this node are categorised by their response (i.e. stenosis classification).

The single feature and, in the case of continuous features, threshold value which

best discriminates between responses is chosen (Figure C.1, box 3). A variety of

algorithms exist to make this selection – Gini impurity is most commonly used in

random forest, though variance minimisation and information maximisation are

other options [348]. For this illustration, the important concept is that the result is a

simple binary split which best separates data points with different responses.

The process of training a node – beginning with random feature selection –

is repeated until each leaf node is ‘pure’ (Figure C.1). That is, each end node

contains only data points with a single response value. The tree growing process is

then repeated, beginning with the bootstrap aggregation process, to generate

as many trees as needed.

C.1.3 Testing

After all trees in the random forest have been trained using their individual bootstrap

samples (Figure C.2), we move to evaluation of the model. This process is extremely

straightforward: The feature vector for each of the data points (i.e. patients) in

the testing set – G, H, I, and J – is classified using each tree in the model. When

patient G is classified with the first tree, she initially goes down the right branch



C. Machine Learning and Signal Processing by Example 180

F

A
C

B
C

D

LVH?
N Y

Glucose

High

No
rm

FA C
CD

Age

< 6
5

D

> 65

C

B

A

D

LVH?
N Y

Cholest.

>260<2
60

D
D

B. Press.

<1
32

>132

Figure C.2: Three-tree random forest model for example data. Leftmost tree was
derived in Figure C.1.

(LVH on ECG), and then the left (normal glucose), thereby being classified as

stenosis-positive. The second tree classifies her as stenosis-negative, as her age is

less than 65. The third and final tree classifies her as stenosis-positive (LVH-positive,

high-cholesterol). Because two out of the three trees classify her as stenosis-positive,

and she is in fact stenosis-positive, this is regarded as a successful classification.

When a similar procedure is applied to the other patients, we find that patient

H is successfully classified negative (by all trees), patient I is successfully classified

positive (by the first and third trees), and patient J is a false negative (as classified

by all trees). Therefore, we would evaluate this model as having 75% accuracy.

Of course, the extremely small data sets used in this example make drawing any

reasonable conclusions from this data impossible.

Note that when many trees are used, the number of votes required to classify a

data point as positive can be varied to tune the random forest model, adjusting

sensitivity and specificity. This facilitates generating a receiver operating charac-

teristic (ROC) curve (Section 4.1.4, page 54), which provides a more meaningful

evaluation of the classifier than accuracy alone.

C.1.4 Conclusion

Random forest is a versatile machine learning algorithm that uses an ensemble of

weak learners (individual trees) to generate a strong learner. It is ideal when dealing
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with large data sets and is robust to noisy feature vectors. Though training is

computationally intensive on large amounts of data, classification by binary decision

tree is very quick once the model is built. Training only needs to be undertaken once,

and retention of the training set is not essential once the classifier is constructed –

critical for embedded devices and other limited-memory applications. While random

forests have a tendency overfit noisy data, this can be ameliorated by randomly

selecting disparate training and testing data sets. Our use of random forest in this

thesis is illustrated in Figure 4.1, page 53, and performs strongly in predicting atrial

bipolar voltage using feature vectors with 36 image parameters.

C.2 Principal Component Analysis

Principal component analysis (PCA) is a data analysis technique which isolates

linearly independent components from a set of (possibly) correlated features [225].

The components extracted are ordered by the amount of total variance explained,

assuming the features have dimensions of a meaningful scale. More simply, PCA is

able to take highly cross-correlated data and re-frame it in terms of independent

components. This is equivalent to an introduction of orthogonal axes on the feature

space, isolating the independent contributions of combination of features. A more

formal description of PCA is found in Section 4.1.5. Unless otherwise cited, all

information in this section is supported by Joliffe’s definitive account [225].

C.2.1 Data

To explore a typical use of PCA, we consider the women’s 400 metre dash at the

2012 Summer Olympics. The competitors, their heights, weights, and calculated

average speed in their highest-level race (i.e. finals, semi-finals, or last heat reached),

are listed in Table C.2. As a data set of convenience, this was extracted from the

collaborative Wikipedia [349] and excludes eight sprinters whose height or weight

was not reported there. It also excludes runners who did not start, did not

finish, or were disqualified.
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Name Height (m) Weight (kg) Speed (m/s)

Sanya Richards-Ross 1.73 62 8.07
Christine Ohuruogu 1.75 68 8.05
DeeDee Trotter 1.78 64 8.05
Novlene Williams-Mills 1.68 55 7.98
Antonia Krivoshapka 1.68 59 7.97
Francena McCorory 1.70 60 7.95
Rosemarie Whyte 1.80 64 7.88
Christine Day 1.68 51 7.81
Alina Lohvynenko 1.80 68 7.79
Omolara Omotosho 1.52 50 7.78
Nataliya Pyhyda 1.70 60 7.78
Yuliya Gushchina 1.75 62 7.74
Joanne Cuddihy 1.84 65 7.71
Lee McConnell 1.77 64 7.66
Pınar Saka 1.63 53 7.64
Sviatlana Usovich 1.65 54 7.63
Raysa Sánchez 1.78 61 7.62
Marlena Wesh 1.68 64 7.62
Tjipekapora Herunga 1.67 51 7.61
Aliann Pompey 1.68 55 7.61
Shana Cox 1.72 65 7.61
Joelma Sousa 1.74 51 7.59
Jenna Martin 1.73 65 7.57
Bianca Răzor 1.69 54 7.57
Moa Hjelmer 1.72 60 7.57
Joy Nakhumicha Sakari 1.70 60 7.55
Amy Mbacke Thiam 1.85 80 7.51
Geisa Aparecida Coutinho 1.61 55 7.49
Olesea Cojuhari 1.70 58 7.46
Marina Maslenko 1.64 57 7.45
Aauri Bokesa 1.83 71 7.45
Phumlile Ndzinisa 1.65 52 7.41
Ambwene Simukonda 1.70 70 7.38
Danielle Alakija 1.86 71 7.05
Graciela Martins 1.66 60 6.86
Maziah Mahusin 1.63 51 6.75
Hristina Risteska 1.68 60 6.57

Table C.2: Women’s 400 metre dash competitors in the 2012 Summer Olympics. Speeds
calculated from highest round. Excludes competitors without a finish time, or whose
height or weight is not listed in Wikipedia [349].
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Figure C.3: Women’s 400 metre dash competitor height, weight, and speed. Pairwise
least-squares linear regression models (red) with R2 values reported. Dashed lines indicate
low R2.

Examining the data with pairwise least-squares linear regression models (Fig-

ure C.3), we find a high degree of correlation between athletes’ heights and weights.

There is very little correlation between speed and either of the other parameters.

One might reasonably conclude that although we have three data points describing

each athlete (height, weight, and speed), we would be able to describe an athlete

almost as well with only two (speed and either height or weight) given the strong

correlation between height and weight.

PCA is a statistical method which not only formalises this intuitive result, but

also provides the new parameters which capture the most variance from the data

and quantifies the amount of variance contained within each. Because each of

our three observed parameters has a different unit of measurement, we begin by

normalising each feature. A variety of normalisation strategies are possible, but

we choose the z-score here for its simplicity. The z-score represents the number

of standard deviations from the mean for any value: zx = (x − x)/σx. After

normalisation, height values range from -2.70 to 2.05, weights range from -1.51

to 2.90, and speeds vary between -3.06 and 1.45. This linear transformation to

unitless values allows easier comparison of variance. Where the original data is

numerically comparable from the outset, normalisation is unnecessary, though

shifting the values to a zero mean is required.
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Height Weight Speed
Name (m) z (kg) z (m/s) z

Rosemarie Whyte 1.80 1.22 64 0.55 7.88 0.87
Christine Day 1.68 -0.46 51 -1.36 7.81 0.66
Tjipekapora Herunga 1.67 -0.60 51 -1.36 7.61 0.06
Moa Hjelmer 1.72 0.10 60 -0.04 7.57 -0.06

Table C.3: Four women’s 400 metre dash competitors. Heights, weights, and speeds are
given as z-scores in addition to their raw values.

C.2.2 Transformation

As described mathematically in Section 4.1.5 (page 55), PCA is a transformation

which shifts the data axes such that the most global variation is represented on

the fewest (orthogonal) axes. Each axis is defined by the unit loading vector w(k),

which lays out the weight of each original parameter making up the (new) principal

component. In our case, there are three original parameters (height, weight, and

speed), so there will be three principal components (k = 1, 2, 3).

While it is too cumbersome to do this matrix multiplication by hand for the

entire data set, let’s briefly consider just the four sprinters and their parameters

(by z-score) in Table C.3. Referring back to Equation 4.2 (page 55), our task is

to maximise the magnitude of the matrix product


1.22 0.55 0.87
−0.46 −1.36 0.66
−0.60 −1.36 0.06
0.10 −0.04 −0.06


w1
w2
w3

 (C.1)

under the constraint that w2
1 +w2

2 +w2
3 = 1. Refer back to the z-values in Table C.3

to derive the composition of this data matrix.

Before solving for the maximum product directly, consider a few example choices

for the loading vector w(1) = (w1, w2, w3). The vector (1, 0, 0) represents a principal

component equivalent to the runner height. Using this vector, the magnitude

of (C.1) is
√

1.222 + (−0.46)2 + (−0.60)2 + 0.102 = 1.44. When we choose values

(0, 1, 0), i.e. only the weight, the magnitude is 2.00. Choosing only the speed,
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the magnitude is 1.10. These magnitudes represent the variance of the height,

weight, and speed for this subset of data.

If we consider a loading vector which balances the height and weight equally,

(w1, w2, w3) =
(
1/
√

2, 1/
√

2, 0
)
, the magnitude is

√√√√√√√√√√

(
1.22√

2
+ 0.55√

2

)2

+
(
−0.46√

2
+ −1.36√

2

)2

+(
−0.60√

2
+ −1.36√

2

)2

+
(

0.10√
2

+ −0.04√
2

)2 = 2.27 . (C.2)

This value represents the high covariance between height and weight.

Finally, solving for the maximum magnitude of the matrix product in (C.1),

we find (w1, w2, w3) = (0.646, 0.747, 0.157) yields a maximum of 2.28. This w(1)

is the loading vector for the first principal component.

To find the second principal component, following Equation 4.3, we first subtract

the contribution of the first principal component from the data. This leaves

the remainder left to be fitted,

X̂k = X −
k−1∑
s=1
Xw(s)w

T
(s) (C.3)

=


1.22 0.55 0.87
−0.46 −1.36 0.66
−0.60 −1.36 0.06
0.10 −0.04 −0.06

−


0.86 1.00 0.21
−0.78 −0.90 −0.19
−0.90 −1.04 −0.22
0.02 0.02 0.00

 (C.4)

=


0.36 −0.45 0.66
0.32 −0.46 0.85
0.30 −0.32 0.28
0.08 −0.06 −0.06

 , (C.5)

which clearly contains less residual variance in height and weight (first and second

columns) compared to speed (last column). The process, beginning with maximising

(C.1), is repeated to find the second and third components.

C.2.3 Results and Insight

Thankfully, modern computational technology rescues us from the need to continue

matrix arithmetic by hand. Returning again to the full sprinter data set (Table C.2),
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Figure C.4: PCA component definitions. Each graph represents the contributions of
height (H), weight (W), and speed (S) to the given PCA component.

we use an open-source statistics package (scikit-learn [229]) to compute the

loading vectors,

w(1) = ( 0.704, 0.699, 0.140 ) ,

w(2) = ( −0.038, −0.161, 0.986 ) , and

w(3) = ( −0.709, 0.700, 0.087 ) ,

(C.6)

which are represented graphically in Figure C.4.

The first component (PCA 1), which captures 59.8% of the total variance in

the original data, approximately corresponds to an athlete’s size, with comparable

contributions from height and weight. This component does also contain a small

contribution from speed, indicating that there was covariance between size and

speed in this data set. The second component, capturing a further 33.0% of

variance, represents speed. The final component, capturing the remaining 7.2%

of variance, represents the ‘other direction’ on the height-weight plot: weight not

explained by correlation with height.

Now that we have PCA component definitions, there are a variety of things

we can do with them. One of the most common applications is feature reduction:

DeeDee Trotter is 1.78 m tall, weighs 64 kg, and runs 8.05 m/s. From only her first

and second PCA components (1.236, 1.243), we can estimate her height at 1.77 m,

her weight at 64.8 kg, and her speed at 8.06 m/s. This very near estimate comes

from only two parameters, compared to the three originally presented. From a
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computational efficiency perspective, PCA in this instance would allow a researcher

to eliminate the storage and processing costs associated with 33% of the data while

losing only 7.2% of the total data variance.

Another important application of PCA is preventing misattributed statistical

relationships. If we were studying, for example, stride length of these runners,

it would be improper to come to the two conclusions ‘taller athletes have longer

strides’ and ‘heavier athletes have longer strides’. The covariance between height

and weight makes these statements equivalent. By applying PCA first, a researcher

would conclude singly that ‘PCA component 1 correlates with stride length’, and

then look at the definition of component 1 to find deeper meaning.

Finally, note that the most statistically significant PCA components are not

always the most important. In a study on runners’ metabolism, for example,

the last PCA component, which represents weight not attributable to height,

might be very interesting.

As a further example, consider a different (hypothetical) data set: the height,

weight, and four limb lengths of a large population. Intuitively, the first PCA

component is likely to correlate with ‘size’, and contain contributions from each

parameter. Another high-order component would probably be weight not explained

by the other ‘size’ components. Still more components would represent long limbs

globally and individual limb differences. Each of these PCA components might be

interesting to different researchers. A bioanthropologist studying the availability

of nutrition over centuries might be most interested in overall ‘size’ as well as

unattributed weight. A public health researcher focusing on diabetes might be

interested in unattributed weight alone. A physician studying Marfan syndrome

– classically associated with arachnodactyly, i.e. long limbs – would focus on that

component. And an orthotist would find value in the components indicating

deviations in individual limb lengths, even though those components are probably

the least significant in terms of population variance explained.



C. Machine Learning and Signal Processing by Example 188

C.2.4 Conclusion

PCA is a versatile method for re-orientating observational data into linearly

uncorrelated features. The method reveals internal structure in multidimensional

data in the way that best explains variance, and requires no prior knowledge of

those relationships. It may be used for parameter reduction or to focus on the

contribution of a variable that is uncorrelated with others.

The most significant limitation of PCA is its restriction to linear relationships.

Given a series of height and weight data, for example, it might be more useful to

use non-linear values (such as body mass index) rather than the linear combinations

PCA supplies. Although alternatives exist, PCA remains a very popular choice

for data transformation due to its mathematical parsimony and the resistance to

bias granted by its unsupervised nature.



A man provided with paper, pencil, and rubber, and
subject to strict discipline, is in effect a universal
machine.

— Alan Turing [350]

D
Supplemental Data for Chapter 4

This appendix contains supplemental data tables and figures representing the

full results of single-parameter regression models and preliminary tuning tests for

random forest models in Chapter 4.

0.20 0.45 0.70
0.68

0.69

0.70

0.71

0.72

0.73

0.74

0.75

R
O

C
 A

U
C

IIR

0.20 0.45 0.70
Bipolar Voltage Threshold

Utah

0.20 0.45 0.70

Hybrid

Figure D.1: For each normalisation strategy, area under median random forest MR
feature classifier ROC curve for bipolar voltage fibrosis thresholds.

189



D. Supplemental Data for Chapter 4 190

IIR Method Utah Method
Feature / Diameter R2 p AUC R2 p AUC

Mean

1 mm 0.011 10−4 0.607 0.004 0.012 0.586
2 mm 0.010 10−4 0.610 0.004 0.016 0.586
3 mm 0.010 10−4 0.609 0.003 0.029 0.583
4 mm 0.010 10−4 0.606 0.003 0.033 0.581
5 mm 0.009 10−3 0.606 0.002 0.045 0.577
6 mm 0.009 10−3 0.609 0.002 0.058 0.583
7 mm 0.009 10−3 0.616 0.002 0.059 0.590
8 mm 0.008 10−3 0.614 0.002 0.070 0.587
9 mm 0.008 10−3 0.613 0.002 0.102 0.584
10 mm 0.008 10−3 0.610 0.002 0.110 0.587

Minimum

1 mm 0.011 10−4 0.613 0.004 0.012 0.590
2 mm 0.013 10−5 0.603 0.005 0.006 0.577
3 mm 0.010 10−4 0.589 0.003 0.036 0.566
4 mm 0.009 10−3 0.593 0.002 0.057 0.567
5 mm 0.010 10−4 0.597 0.002 0.045 0.571
6 mm 0.009 10−3 0.591 0.002 0.065 0.563
7 mm 0.009 10−4 0.593 0.002 0.063 0.565
8 mm 0.011 10−4 0.587 0.003 0.043 0.560
9 mm 0.009 10−4 0.587 0.001 0.119 0.548
10 mm 0.010 10−4 0.577 0.001 0.136 0.560

Maximum

1 mm 0.011 10−4 0.614 0.004 0.012 0.594
2 mm 0.007 10−3 0.602 0.002 0.056 0.586
3 mm 0.008 10−3 0.607 0.002 0.049 0.589
4 mm 0.008 10−3 0.618 0.003 0.036 0.595
5 mm 0.007 10−3 0.606 0.002 0.064 0.586
6 mm 0.006 0.002 0.604 0.002 0.117 0.590
7 mm 0.005 0.004 0.613 0.001 0.154 0.590
8 mm 0.004 0.010 0.617 0.001 0.243 0.593
9 mm 0.003 0.034 0.605 0.000 0.432 0.580
10 mm 0.003 0.027 0.606 0.000 0.375 0.586

Varition

3 mm 0.000 0.605 0.551 0.000 0.534 0.565
4 mm 0.001 0.342 0.547 0.001 0.284 0.562
5 mm 0.000 0.489 0.546 0.001 0.363 0.560
6 mm 0.000 0.679 0.553 0.000 0.456 0.563
7 mm 0.000 0.767 0.557 0.000 0.484 0.574
8 mm 0.000 0.525 0.555 0.000 0.832 0.569
9 mm 0.001 0.207 0.541 0.000 0.544 0.562
10 mm 0.001 0.263 0.549 0.000 0.674 0.564

Table D.1: Results of single-parameter linear regression on MR image data (BVp =
a1 · v̂p + a0). See Section 4.4.2.
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IIR Method Utah Method
Feature / Diameter R2 p AUC R2 p AUC

Mean

1 mm 0.031 10−12 0.609 0.016 10−6 0.595
2 mm 0.031 10−12 0.610 0.015 10−6 0.583
3 mm 0.031 10−12 0.608 0.014 10−5 0.583
4 mm 0.031 10−12 0.608 0.014 10−5 0.581
5 mm 0.031 10−11 0.603 0.013 10−5 0.584
6 mm 0.030 10−11 0.610 0.013 10−5 0.589
7 mm 0.031 10−12 0.611 0.013 10−5 0.588
8 mm 0.033 10−12 0.620 0.015 10−6 0.584
9 mm 0.031 10−11 0.607 0.013 10−5 0.584
10 mm 0.030 10−11 0.613 0.013 10−5 0.583

Minimum

1 mm 0.031 10−12 0.613 0.016 10−6 0.591
2 mm 0.034 10−12 0.596 0.015 10−6 0.579
3 mm 0.027 10−10 0.589 0.010 10−4 0.567
4 mm 0.025 10−9 0.595 0.009 10−3 0.564
5 mm 0.028 10−10 0.594 0.010 10−4 0.569
6 mm 0.026 10−10 0.594 0.009 10−3 0.564
7 mm 0.026 10−10 0.594 0.009 10−3 0.561
8 mm 0.029 10−11 0.594 0.009 10−3 0.560
9 mm 0.025 10−9 0.588 0.006 0.001 0.552
10 mm 0.025 10−9 0.583 0.006 0.002 0.552

Maximum

1 mm 0.031 10−12 0.613 0.016 10−6 0.590
2 mm 0.027 10−10 0.604 0.014 10−5 0.587
3 mm 0.030 10−11 0.616 0.015 10−6 0.589
4 mm 0.031 10−11 0.615 0.016 10−6 0.588
5 mm 0.028 10−10 0.606 0.014 10−5 0.585
6 mm 0.027 10−10 0.606 0.013 10−5 0.581
7 mm 0.027 10−10 0.616 0.015 10−5 0.592
8 mm 0.024 10−9 0.621 0.013 10−5 0.585
9 mm 0.021 10−8 0.608 0.011 10−4 0.588
10 mm 0.022 10−8 0.607 0.011 10−4 0.588

Varition

3 mm 0.005 0.004 0.548 0.006 0.002 0.565
4 mm 0.006 0.002 0.548 0.007 10−3 0.565
5 mm 0.004 0.009 0.540 0.005 0.003 0.557
6 mm 0.004 0.013 0.548 0.005 0.005 0.566
7 mm 0.004 0.011 0.557 0.006 0.002 0.572
8 mm 0.001 0.155 0.555 0.003 0.029 0.572
9 mm 0.000 0.501 0.539 0.002 0.101 0.561
10 mm 0.000 0.422 0.545 0.002 0.082 0.557

Table D.2: Results of single-parameter exponential regression on MR image data
(log(BVp) = a1 · v̂p + a0). See Section 4.4.2.
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IIR Method Utah Method
Feature / Diameter R2 p AUC R2 p AUC

Mean

1 mm 0.004 10−4 0.527 0.003 10−3 0.527
2 mm 0.007 10−6 0.540 0.005 10−5 0.545
3 mm 0.007 10−7 0.549 0.005 10−5 0.548
4 mm 0.007 10−7 0.551 0.005 10−5 0.542
5 mm 0.009 10−8 0.559 0.007 10−7 0.560
6 mm 0.009 10−9 0.560 0.008 10−8 0.563
7 mm 0.009 10−9 0.560 0.008 10−8 0.563
8 mm 0.009 10−9 0.561 0.008 10−8 0.568
9 mm 0.009 10−9 0.561 0.008 10−8 0.567
10 mm 0.009 10−9 0.561 0.008 10−8 0.568

Minimum

1 mm 0.004 10−4 0.530 0.003 10−3 0.531
2 mm 0.011 10−11 0.560 0.008 10−8 0.552
3 mm 0.014 10−14 0.562 0.009 10−8 0.547
4 mm 0.014 10−14 0.569 0.008 10−8 0.548
5 mm 0.017 10−16 0.585 0.010 10−10 0.561
6 mm 0.017 10−17 0.592 0.011 10−10 0.571
7 mm 0.016 10−15 0.596 0.009 10−9 0.576
8 mm 0.014 10−14 0.597 0.008 10−8 0.577
9 mm 0.013 10−13 0.602 0.007 10−7 0.583
10 mm 0.012 10−12 0.604 0.006 10−6 0.584

Maximum

1 mm 0.004 10−4 0.524 0.003 10−3 0.525
2 mm 0.002 0.002 0.530 0.002 0.010 0.524
3 mm 0.000 0.455 0.519 0.000 0.837 0.519
4 mm 0.000 0.562 0.503 0.001 0.092 0.509
5 mm 0.001 0.122 0.500 0.002 0.003 0.522
6 mm 0.001 0.019 0.510 0.004 10−4 0.529
7 mm 0.002 0.002 0.521 0.006 10−6 0.543
8 mm 0.003 10−3 0.525 0.006 10−6 0.544
9 mm 0.003 10−3 0.527 0.007 10−6 0.548
10 mm 0.004 10−4 0.530 0.008 10−8 0.548

Varition

3 mm 0.006 10−6 0.527 0.003 10−3 0.513
4 mm 0.007 10−7 0.536 0.004 10−4 0.519
5 mm 0.010 10−10 0.555 0.006 10−6 0.533
6 mm 0.011 10−10 0.555 0.007 10−7 0.544
7 mm 0.010 10−10 0.568 0.007 10−6 0.556
8 mm 0.009 10−9 0.566 0.006 10−6 0.554
9 mm 0.009 10−8 0.569 0.006 10−6 0.557
10 mm 0.008 10−8 0.569 0.005 10−5 0.557

Table D.3: Results of single-parameter linear regression on CT image data (BVp =
a1 · v̂p + a0). See Section 4.5.2.
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IIR Method Utah Method
Feature / Diameter R2 p AUC R2 p AUC

Mean

1 mm 0.009 10−9 0.526 0.006 10−6 0.526
2 mm 0.016 10−16 0.545 0.011 10−11 0.545
3 mm 0.020 10−20 0.549 0.014 10−14 0.553
4 mm 0.021 10−21 0.551 0.015 10−14 0.547
5 mm 0.026 10−25 0.563 0.019 10−19 0.562
6 mm 0.027 10−26 0.556 0.021 10−21 0.566
7 mm 0.028 10−27 0.558 0.023 10−22 0.568
8 mm 0.030 10−29 0.561 0.024 10−24 0.568
9 mm 0.031 10−30 0.559 0.026 10−25 0.570
10 mm 0.031 10−30 0.560 0.026 10−25 0.567

Minimum

1 mm 0.011 10−11 0.533 0.007 10−7 0.531
2 mm 0.026 10−25 0.557 0.017 10−17 0.552
3 mm 0.032 10−31 0.563 0.018 10−17 0.548
4 mm 0.033 10−32 0.570 0.017 10−17 0.546
5 mm 0.041 10−40 0.585 0.023 10−22 0.564
6 mm 0.043 10−42 0.590 0.024 10−24 0.572
7 mm 0.043 10−42 0.597 0.025 10−24 0.578
8 mm 0.041 10−40 0.596 0.022 10−22 0.577
9 mm 0.041 10−40 0.603 0.022 10−22 0.582
10 mm 0.039 10−38 0.609 0.021 10−20 0.587

Maximum

1 mm 0.007 10−7 0.526 0.004 10−4 0.526
2 mm 0.006 10−6 0.529 0.003 10−3 0.528
3 mm 0.002 0.001 0.517 0.001 0.070 0.514
4 mm 0.000 0.272 0.498 0.000 0.172 0.506
5 mm 0.000 0.649 0.503 0.003 10−3 0.522
6 mm 0.001 0.139 0.511 0.006 10−6 0.528
7 mm 0.002 0.004 0.520 0.011 10−11 0.542
8 mm 0.003 10−3 0.524 0.013 10−13 0.544
9 mm 0.004 10−4 0.528 0.015 10−15 0.548
10 mm 0.005 10−5 0.528 0.017 10−17 0.553

Varition

3 mm 0.008 10−8 0.527 0.004 10−4 0.519
4 mm 0.011 10−10 0.538 0.006 10−6 0.520
5 mm 0.017 10−17 0.555 0.011 10−11 0.536
6 mm 0.019 10−18 0.559 0.013 10−12 0.541
7 mm 0.021 10−20 0.563 0.015 10−15 0.552
8 mm 0.020 10−19 0.564 0.015 10−14 0.552
9 mm 0.020 10−20 0.568 0.015 10−15 0.560
10 mm 0.020 10−20 0.568 0.015 10−15 0.558

Table D.4: Results of single-parameter exponential regression on CT image data
(log(BVp) = a1 · v̂p + a0). See Section 4.5.2.
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Figure D.2: Accuracy (± standard deviation) of random forest MR feature classifiers vs
number of trees for three parameter normalisation strategies (IIR, Utah, and hybrid; see
text) and two fibrosis thresholds (Penn: BVp < 0.27 mV, Melbourne: BVp < 0.5 mV).
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Figure D.3: Top: Accuracy (± standard deviation) of random forest MR feature
regressors vs number of trees for three parameter normalisation strategies (IIR, Utah, and
hybrid; see text). Bottom: For each normalisation strategy, area under median random
forest regressor ROC curve for bipolar voltage thresholds.



The first kind of intellectual and artistic personality
belongs to the hedgehogs, the second to the foxes . . .

— Sir Isaiah Berlin [351]
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