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Abstract

Aortic stenosis (AS) is the most common valvular disease requiring intervention in adults in
developed countries. One of its most diagnostically challenging subtypes is low-flow low-
gradient (LFLG) AS, characterised by discordant echocardiographic grading criteria. Current
guidelines recommend dobutamine stress echocardiography (DSE) to resolve diagnostic un-
certainty; however, DSE is often inconclusive and carries procedural risks. This research
investigates whether resting echocardiographic recordings alone can distinguish true-severe
from pseudo-severe LFLG AS.

First, statistical analyses and classical machine learning (ML) techniques were applied to
standard and novel echocardiographic predictors to assess their ability to separate severity
grades and flow states. The results show that the decision boundaries derived from concordant
AS cases do not generalise well to LFLG AS. Although ML models achieved 79.3% accuracy
in synthetic data generated from concordant AS, performance decreased when evaluated in
the LFLG AS cohort in both rest and stress states.

Second, a novel strain imaging pipeline was developed to estimate three-dimensional my-
ocardial deformation from 2D triplanar echocardiographic data. This enabled calculation
of 3D strain parameters over time without full 3D acquisitions. The global and segmental
longi tudinal strain values did not show significant differences between the 3D and triplanar
methods, confirming the validity of the pipeline. A qualitative analysis also suggested that
regional strain values were lower in patients with severe LFLG AS.

Finally, deep learning (DL) models that combine transformer-based feature extractors with
multiple-instance learning were trained on a public dataset for AS severity classification.
The test accuracy showed marginal improvements in the public data set with an average
improvement of 2.16% over the predefined test sets, and generalisation to clinical data from
patients with concordant AS achieved a balanced accuracy of 67.5%, compared to 62.5%
from previous models. Additionally, the model performance in LFLG AS was assessed under
resting or both resting and stress states.
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different domains. The horizontal line indicates the value of the centroid
shift, while the shaded areas represent the average FD distance across the
classes. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 128

A.1 Clinical predictors measured in the DSE12 data set . . . . . . . . . . . . . 137

A.2 Clinical predictors measured in the DSE12 data set continued . . . . . . . . 138

A.3 Clinical predictors measured in the AS60 data set . . . . . . . . . . . . . . 139

A.4 Clinical predictors measured in the AS60 data set continued. . . . . . . . . 140

A.5 Clinical predictors measured in the AS60 data set continued. . . . . . . . . 141

A.6 Clinical predictors measured in the AS60 data set continued. . . . . . . . . 142

A.7 Clinical predictors measured in the AS60 data set continued. . . . . . . . . 143

A.8 Clinical predictors measured in the AS60 data set continued. . . . . . . . . 144

C.1 Inference results for the FCT feature extractor [top] and SAMIL [bottom]
model architectures on split 1 of the Tufts Medical Echocardiogram Dataset.
The columns contain the confusion matrices for the training validation and
test sets for models selected at the best validation accuracy. . . . . . . . . . 147

C.2 Inference results for the FCT feature extractor [top] and SAMIL [bottom]
model architectures on split 1 of the Tufts Medical Echocardiogram Dataset.
The columns contain the ROC curves for multiple binary classification tasks
for the training validation and test sets for models selected at the best validation
accuracy. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 147

C.3 Inference results for the FCT feature extractor [top] and SAMIL [bottom]
model architectures on split 2 of the Tufts Medical Echocardiogram Dataset.
The columns contain the confusion matrices for the training validation and
test sets for models selected at the best validation accuracy. . . . . . . . . . 148

C.4 Inference results for the FCT feature extractor [top] and SAMIL [bottom]
model architectures on split 2 of the Tufts Medical Echocardiogram Dataset.
The columns contain the ROC curves for multiple binary classification tasks
for the training validation and test sets for models selected at the best validation
accuracy. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 148

C.5 Inference results for the FCT feature extractor [top] and SAMIL [bottom]
model architectures on split 3 of the Tufts Medical Echocardiogram Dataset.
The columns contain the confusion matrices for the training validation and
test sets for models selected at the best validation accuracy. . . . . . . . . . 149

C.6 Inference results for the FCT feature extractor [top] and SAMIL [bottom]
model architectures on split 3 of the Tufts Medical Echocardiogram Dataset.
The columns contain the ROC curves for multiple binary classification tasks
for the training validation and test sets for models selected at the best validation
accuracy. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 149

xiv



C.7 Top 10 ranked images by attention weights for the FCT and SAMIL architec-
tures in the test set of split 3 in the Tufts Medical Echocardiogram Dataset.
Both models succeed in attending to relevant views (PLAX,PSAX) as shown
by average view relevance scores close to 1. . . . . . . . . . . . . . . . . . 150

xv



Acknowledgment

This project would not have been possible without the consistently precise guidance and
commitment of my supervisors, Ankush Aggarwal and Andrew McBride. Their expertise,
patience, and encouragement have shaped not only this work, but also my growth as a
researcher.

Special thanks is due to Chaitanya Kahul for providing encouragement and mentorship
throughout my exploration into the realm of deep learning, as well as Athanasios Tragakis
for his friendly and patient collaborative efforts. I have learnt a tremendous amount through
our work together.

I would like to express my gratitude to Richard Good and Piotr Sonecki for their invaluable
insights into clinical practice. Their work, guidance, and support have been a source of both
knowledge and motivation throughout my research.

Thanks must be extended to all my colleagues and friends in the Glasgow Computational
Engineering Centre, whose kindness has made a real difference throughout this journey. In
particular, I am grateful to Claire and Jude, whose positive spirit has brightened even the
most challenging days.

I am immeasurably grateful to my partner, Aidan, for always being a constant source of
inspiration and joy. Her love and encouragement have made even the most difficult moments
bearable, and I could not have completed this journey without her.

Lastly, I would like to thank my family and especially my mom for their unwavering love and
support throughout my PhD. Although striving for greatness is important, it is equally vital
to appreciate the gift of life.

xvi



List of Abbreviations

Medical Terms
A2C Apical two-chamber
A4C Apical four-chamber
AHA American Heart Association
AS Aortic stenosis
AT Acceleration time
AV Aortic valve
AVA AV area
AVAi indexed AVA
BLS Basal longitudinal strain
BPM Beats per minute
BSA Body surface area
CMR Cardiac magnetic resonance
CO Cardiac output
CSA Cross-sectional area
CT Computed tomography
CW Continuous-wave
DSE Dobutamine stress echochardiography
ECG Electrocardiogram
EDV End-diastolic volume
EF Ejection fraction
EOA Effective orifice area
ESV End-systolic volume
ET Ejection/envelope time
GCS Global circumferential strain
GLS Global longitudinal strain
HF Heart failure
HR Heart rate
IOV Interobserver variability
IVS Interventricular septum
LA Left atrium
LFLG Low-flow, low-gradient
LV Left ventricle
LVID LV internal diameter

xvii



LVOT LV outflow tract
LVPW LV posterior wall
MRI Magnetic resonance imaging
MWMA Myocardial wall motion analysis
MV Mitral valve
PG Pressure gradient
PLAX Parasternal long-axis
PRF Pulse repetition frequency
PSAX Parasternal short-axis
PW Pulsed-wave
RA Right atrium
RV Right ventricle
SAVR Surgical aortic valve replacement
STE Speckle-tracking echocardiography
SV Stroke volume
SVi indexed SV
TAVR Transcatheter aortic valve replacement
TEE Transesophageal echocardiography
TTE Transthoracic echocardiography
US Ultrasound
VTI Velocity-time integral

Other
AI Artificial intelligence
AUC Area under curve
BACC Balanced accuracy
BN Batch normalisation
CE Cross-entropy
CNN Convolutional neural network
DICOM Digital Imaging and Communications in Medicine
DL Deep learning
FCT Fully convolution transformer
FN False negative
FP False positive
FPR False positive rate
Grad-CAM Gradient-weighted class activation map
KL Kullback–Leibler
KNN K-nearest neighbour
MHSA Multi-head self-attention
MIL Multiple instance learning
ML Machine learning

xviii



MLE Maximum likelihood estimate
MLP Multilayer perceptron
NIfTI Neuroimaging Informatics Technology Initiative
NLL Negative log-likelihood
NLP Natural language processing
ReLU Rectified linear unit
RNN Recurrent neural network
ROC Receiver operating characteristics
SA Supervised attention
SVM Support vector machine
TN True negative
TMED Tufts Medical Echocardiogram Dataset
TP True positive
TPR True positive rate
ViT Vision transformer
VTK Visualization toolkit

xix



1. Introduction

Aortic stenosis (AS) is the most common valvular disease among adults in developed countries
that requires intervention (Vahanian et al., 2022). It is characterised by progressive narrowing
of the effective aortic valve area due to restricted leaflet mobility, often caused by valve
calcification or congenital malformations such as bicuspid aortic valves (Rajamannan et al.,
2011). The resulting obstruction of systolic blood flow from the left ventricle (LV) to the
aorta causes increased resistance that the LV must overcome to eject blood, which often leads
to adaptive remodelling of the LV myocardium. Over time, these adaptations can appear as a
variety of structural and functional abnormalities, including altered hemodynamic conditions
and impaired myocardial contractility, which contribute to the heterogeneous presentation of
AS (Lindman et al., 2016).

1.1 Motivation

One of the most diagnostically challenging subtypes is the low-flow, low-gradient (LFLG)
phenotype (Baumgartner et al., 2017). Patients with classical LFLG AS exhibit deceptively
mild hemodynamic characteristics with reduced LV function, despite showing signs of ad-
vanced leaflet calcification and structural degeneration. The apparent discordance between
hemodynamic and anatomical severity complicates the routine echocardiographic evaluation
and limits the utility of conventional grading algorithms (Clavel et al., 2016). As a result,
patients are frequently referred for additional diagnostic procedures such as dobutamine
stress echocardiography (DSE) or computed tomography (CT) calcium scoring to resolve
this uncertainty. Although these tests can provide incremental information, they are resource
intensive and often yield inconclusive results, prolonging the diagnostic process without clear
benefit in all cases (Baumgartner et al., 2017).

This thesis investigates whether standard echocardiographic recordings alone are sufficient
to accurately determine the severity of LFLG AS, with the goal of reducing the dependence
on additional diagnostic procedures such as DSE. It is hypothesised that novel computational
approaches applied to routine echocardiographic data can improve classification performance
and enhance clinical interpretability in cases of classical LFLG AS.
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1. INTRODUCTION 2

1.2 Contribution

To explore this hypothesis, three distinct methodologies were employed.

• Statistical and classical machine learning-based analysis of clinical predictors. A
comprehensive statistical analysis framework was developed to test various hypotheses
regarding the separation of different hemodynamic states and severity grades using
standard and novel clinical markers. Next, dimensionality reduction and classical ma-
chine learning algorithms were employed to evaluate whether the diagnostic criteria
established for concordant AS can be adapted to the LFLG phenotype. This approach
also examined the stress response patterns captured during DSE within a multivari-
ate feature space, offering novel insights into the physiological differences between
severe and non-severe LFLG AS. This constitutes the first known study to investigate
the response to DSE using reduced-dimensional representations of echocardiographic
parameters alone in the LFLG AS cohort.

• Triplane speckle-tracking echocardiography for 3D left ventricular strain anal-
ysis. A novel technique was designed to estimate regional LV myocardial strain by
reconstructing three-dimensional deformation from triplane echocardiographic acqui-
sitions. This approach aimed to capture spatially resolved myocardial dysfunction in
patients with LFLG AS, offering a more detailed assessment than global functional
measures such as ejection fraction or global longitudinal strain.

• A novel deep learning based severity classification algorithm. Finally, deep learning
models were trained to directly predict AS severity from a set of echocardiographic
images. The generalisability of these models was evaluated in concordant and LFLG
AS populations, evaluating their ability to identify severe disease from routine imaging
data alone.

Together, these methods investigate whether routine echocardiographic data is sufficient to
improve the accuracy of AS severity assessment, with a focus on the LFLG subtype. By
applying statistical analysis, machine learning, biomechanical modelling, and deep learning,
this thesis evaluates the extent to which standard imaging can replace or reduce the need for
additional tests such as DSE.



1. INTRODUCTION 3

1.3 Outline

This thesis is structured into 7 chapters as follows.

• Chapter 2 introduces the cardiovascular system and its main components. It describes
the principles of transthoracic echocardiography (TTE), including standard views and
imaging modes used to evaluate anatomical and hemodynamic parameters. The chapter
also outlines the clinical workflow for assessing AS severity, with particular emphasis
on the classification of LFLG phenotypes and the role of stress echocardiography and
CT calcium scoring in discordant cases, constituting the clinical foundation for the
research explored in this thesis.

• Chapter 3 provides a comprehensive review of the literature on current limitations
in the echocardiographic evaluation of AS, with a focus on the LFLG phenotype.
It highlights key technical and physiological constraints of standard parameters and
diagnostic shortcomings of DSE. Emerging research directions are detailed, including
novel hemodynamic markers, myocardial strain imaging, and machine learning-based
approaches.

• Chapter 4 provides a summary of the various medical imaging data sets used in this
thesis, serving as a reference point for the techniques introduced in Chapters 5,6 and 7.

• Chapter 5 first presents the methodology for the statistical analysis framework and
ML techniques. This includes various hypothesis tests to investigate the separation
of AS grades and hemodynamic states, as well as dimensionality reduction and ML
classification models using echocardiographic parameters to predict AS. The objective
was to assess whether models trained on concordant AS generalise to LFLG AS under
varying flow conditions and remain consistent with clinical guidelines.

• Chapter 6 introduces a novel methodology to obtain 3D regional LV strain parameters
using triplane echocardiography, with the aim of improving myocardial assessment in
patients with LFLG AS. The methodology is applied to clinical data from patients un-
dergoing DSE to explore baseline and stress-induced differences in regional myocardial
deformation between different grades of AS.

• Chapter 7 presents a novel DL approach to predict the severity of AS from a set of
echocardiographic images. A baseline multiple instance learning (MIL) model and
an enhanced variant using a fully convolutional transformer (FCT) were trained and
evaluated on public and clinical data sets. Their performance was assessed using
standard metrics and interpretability techniques.

• Chapter 8 outlines the key contributions of the thesis and acknowledges the limitations
of the proposed approaches. It also discusses their potential clinical implications and
highlights possible directions for future research, concluding with a summary of the
overall findings.



2. Clinical Background

This chapter introduces the cardiovascular system and the core physiological concepts in
Section 2.1, followed by an overview of TTE, including standard imaging views and modes
used to assess cardiac anatomy and function in Section 2.2. It also outlines the clinical
workflow for evaluating AS, details key echocardiographic predictors, and discusses the
classification of LFLG phenotypes, as well as the role of DSE and CT calcium scoring in
discordant cases in Section 2.3.

2.1 Form and Function

The cardiovascular system comprises the heart and a network of interconnected blood vessels,
which include arteries, veins, and capillaries, as well as approximately five litres of blood. Its
primary function is to maintain a stable state within the body (i.e. homeostasis) by supplying
it with oxygen and nutrients while removing carbon dioxide and metabolic waste.

Aorta
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Left
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Right
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Right
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Pulmonary
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Figure 2.1: The anatomical structure of the heart, showing the four main chambers as well
as the semilunar (aortic and pulmonary) and atrioventicular valves (mitral and tricuspid).
The arrows indicate the direction of the blood flow, while the structures colored in blue and
red represent the pulmonary and systemic circulatory systems, respectively. (Figure adapted
from Wikipedia (2024)).

At the core of the cardiovascular system lies the heart, a complex muscular organ responsible
for pumping blood through the vessels of the circulatory system. As illustrated in Figure 2.1,
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2. CLINICAL BACKGROUND 5

the heart consists of four distinct chambers: the right atrium (RA), right ventricle (RV), left
atrium (LA), and left ventricle (LV). These chambers regulate blood flow through the heart,
which occurs via two main circulatory circuits: the pulmonary and systemic circulation. The
pulmonary circulation, responsible for gas exchange, involves the path of blood flow from the
right side of the heart to the lungs. It begins as deoxygenated blood returns from the body
to the right atrium via the superior and inferior vena cava. The blood then flows through the
tricuspid valve into the right ventricle and is subsequently pumped through the pulmonary
valve into the pulmonary artery, which carries it to the lungs for gas exchange. Oxygenated
blood then returns to the left atrium via the pulmonary veins, passes through the mitral valve
to the LV, and is finally ejected into the aorta through the aortic valve (AV) to supply the
systemic circulation.

However, blood flow does not remain constant throughout the circulatory system; it is gov-
erned by the cyclic contraction of the heart chambers initiated by a sequence of electrical
impulses. This contraction leads to increased pressure within the heart chambers, generating
a pressure gradient between the neighbouring chambers and/or vessels, ultimately causing the
valves to open, allowing blood to exit the chamber. In order to gain a deeper understanding of
the heart’s physiology, the events occurring in the cardiac cycle are typically separated into
various phases. These phases are determined by the timing of electrical activity (assessed
using electrocardiography (ECG)), along with the opening and closing stages of the heart
valves. A Wiggers diagram, as shown in Figure 2.2, is commonly used to represent these
concurrent events, illustrating changes in relevant cardiac parameters over time.

The R wave of the ECG signal initiates an isovolumic contraction, defined by an increase in
ventricular pressure without a change in ventricular volume. When the ventricular pressure
exceeds the pressure in the ventricular outflow tract, the semilunar valves open and the
ejection phase begins. Here, ventricular volume decreases until the semilunar valves close,
by which systole is concluded. The diastolic phase begins with an isovolumic relaxation,
characterised by a decrease in ventricular pressure, while the ventricular volume remains
constant. This is followed by a rapid inflow of blood after the atrioventricular valves open,
and consequently the ventricular volume increases substantially by passive filling. This is
followed by the diastasis phase, marked by a slower ventricular filling that lasts until the
onset of atrial contraction, triggered by the P-wave in the ECG signal. Atrial systole further
increases ventricular volume and causes a slight increase in atrial and ventricular pressures.
Diastole is concluded by ventricular depolarisation, indicated by the R wave, along with
the closure of the atrioventricular valves, resulting in all parameters reverting to their initial
states.

Understanding the cardiac cycle facilitates the identification of pathologies such as heart
failure and stenotic valves, which are characterised by modified hemodynamic states. Ultra-
sound imaging continues to be the primary method for evaluating cardiac function, allowing
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Figure 2.2: Wiggers diagram showing the varying pressure and volume curves at each cardiac
phase, along with the corresponding electrocardiogram. The different phases are determined
by the opening and closing times of the valves. (Figure adapted from (Wikipedia, 2016)).

measurement of morphological and hemodynamic parameters throughout the cardiac cycle,
and it remains an essential instrument in clinical diagnostics.

2.2 Echocardiography

In the evaluation of cardiovascular anatomy and function, transthoracic echocardiography
(TTE) is the primary imaging technique due to its cost-effective, noninvasive, and real-time
data acquisition capabilities. This modality employs high-frequency sound waves produced
by a piezoelectric transducer to penetrate the body, with the reflected echoes being utilised
to construct an image of the heart.

Ultrasound (US) is significantly reflected by bones, resulting in acoustic shadows cast on
structures located behind them, which complicates image acquisition. To mitigate these
challenges, the TTE probe must be positioned to avoid the bones (e.g. between the ribs),
limiting the number of possible access points. These access points, known as acoustic win-
dows, allow the heart to be observed only from specific view perspectives, which contributes
the first component in describing an echocardiographic view. These windows include the
parasternal, apical, subcostal, and suprasternal positions, as depicted in Figure 2.3.
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Figure 2.3: The acoustic windows during transthoracic echocardiography as illustrated on
the left and the cardiac imaging planes of the heart as shown on the right. The three major
axes are indicated for the superior-inferior, medial-lateral and anterior-posterior directions.
(Figure adapted from Mitchell et al. (2019)).

When performing 2D echocardiography through these acoustic windows, it is essential to
align the obtained recordings with the standard tomographic planes of the heart (Mitchell
et al., 2019). These cardiac imaging planes function as the secondary descriptor of an
echocardiographic view. The three major planes are given by the long-axis plane, the short-
axis plane, and the apical plane. Note that the acoustic windows allow for image acquisition
along more than one cardiac plane, since the rotation and tilt of the probe can be adjusted.
For example, the parasternal window allows for capturing along both the short- and long-axis
planes, which are perpendicular.

The long-axis plane is defined through the long axis of the LV, characterised by a line
that extends from the apex to the centre of the mitral valve (MV) (Cerqueira et al., 2002).
An additional landmark point is selected to fully determine the plane, typically the centre
of the left ventricular outflow tract (LVOT) or the centre of the AV. The corresponding
echocardiographic views include the parasternal long-axis (PLAX) view and the apical two-
chamber view (A2C), which show the main structures of the heart from the anterior-posterior
and superior-inferior directions.

The short axis plane is defined as a plane perpendicular to the long axis and provides cross-
sectional views of the main structures at different levels, e.g. at the MV or the AV. The
corresponding echocardiographic view is the parasternal short-axis (PSAX) view, encom-
passing the medial-lateral and anterior-posterior axes.

The apical plane is perpendicular to both the short- and long-axis planes, showing all 4 cham-
bers simultaneously in the medial-lateral and superior-inferior directions. The corresponding
echocardiographic views include the apical four-chamber (A4C) and apical five-chamber
(A5C) views.
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In addition to the diverse set of echocardiographic views, various imaging modes are available,
allowing for different types of measurements. To assess the morphology of the heart, B-mode
US is employed, producing a greysacle image of cardiac structures. In this mode, ”B” stands
for brightness, indicating that the intensity of each pixel is associated with the received
signal amplitude. The vertical axis within the image displays depth information, whereas the
horizontal axis corresponds to the lateral resolution of the scan.

The M mode captures the motion of structures along a single US scan line, displaying how
their depth changes over time. This mode provides high temporal resolution, making it useful
for evaluating highly dynamic cardiac structures, for example, the rapid movement of the
MV or AV (Feigenbaum, 2010), as well as for determining the timing of valve openings and
closures (Lang et al., 2015).

Doppler methods are frequently used to gain insight into the velocity profile of blood or
tissue. These techniques exploit the Doppler effect, in which the received frequency is
modified relative to the emitted frequency as a result of a moving source. By measuring the
difference between the emitted and received signals, the velocity magnitude of the moving
structure can be calculated as

𝑣 =
𝑐Δ 𝑓

2 𝑓0 cos(𝜃) , (2.1)

where 𝑐 is the speed of sound propagation in the tissue, Δ 𝑓 is the measured frequency shift,
𝑓0 is the frequency of the emitted US signal and 𝜃 is the angle of insonation (the angle
between the moving object and the US beam) (Kremkau, 1992). Note that this only measures
the velocity component parallel to the beam; therefore, an accurate alignment is required for
Doppler measurements, rendering 𝜃 as close to 0 as possible.

In continuous-wave (CW) Doppler US, the probe continuously sends and receives the signal,
sampling all velocities along the beam path. As a result, this method lacks spatial resolution,
i.e. it is not able to localise where the velocity was measured. However, this technique yields
the best velocity range, making it the ideal candidate for measuring high velocities, which
are often present in AS.

Pulsed wave (PW) Doppler imaging, on the other hand, utilises intermittent pulses of US
signals to localise the velocity components along its beam. By adjusting the timing between
the consequent pulses, also referred to as the time delay, the depth at which the velocity is
measured can be adjusted. To allow enough time for deeper echoes to return before the next
pulse is sent, the time delay is increased. While allowing for more precise spatial resolution,
this method is limited by aliasing. This occurs because of a trade-off between the depth of
the sample volume and the maximum observable frequency

Δ 𝑓max =
PRF

2
, (2.2)

where PRF denotes the pulse repetition frequency, which is equal to the inverse of the time
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delay. Thus, by increasing the time delay, the velocity range is decreased. This limitation of
maximum observable frequency is due to aliasing and is also known as the Nyquist limit.

The collection of CW and PW Doppler US techniques is referred to as spectral Doppler
imaging, since they both generate velocity-time waveforms by decomposing the Doppler
signal into its constituent frequency shifts via the Fourier transform. This means that each
frequency shift corresponds to a specific velocity within the sampled region and these wave-
forms represent the spectral distribution of blood flow velocities over time.

Another Doppler technique overlays the mean blood velocities obtained within an extended
sample region on the B-mode echocardiograms to visualise the direction and speed of the
blood at each point. This method can be used to examine turbulent regions and plays a role
in assessing valvular regurgitation (Anavekar and Oh, 2009).

Figure 2.4 displays examples from the echocardiographic modes described earlier. Although
colour Doppler and M-mode US both provide valuable information on cardiac function,
the most well-established measurements use spectral Doppler to quantify hemodynamic
parameters and B-mode US to assess cardiac morphology. The echocardiographic parameters
measured during a standard examination to evaluate AS will be discussed in the next section.

(a) B-mode (b) M-mode

(c) Color Doppler (d) Spectral Doppler

Figure 2.4: Examples of common echocardiographic imaging modes. Morphological as-
sessment is performed using B-mode and M-mode imaging as shown in (a) and (b), while
Doppler techniques provide quantitative evaluation of blood flow and tissue velocities as
illustrated in (c) and (d).
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2.3 Aortic Stenosis

2.3.1 Pathophisiology

AS is a type of valvular heart disease characterised by a narrowing of the effective aortic valve
area (AVA) due to limited leaflet mobility, frequently resulting from calcific degeneration or
a congenital malformation. This narrowing obstructs systolic outflow from the LV into the
aorta. Consequently, the afterload — the resistance against which the LV must contract to
eject blood — increases. To overcome this elevated systemic vascular resistance and maintain
adequate cardiac output, the LV develops concentric hypertrophy, which is indicated by the
thickening of the ventricular walls without dilating the chambers.

Depending on how the LV adapts to pressure overload, disease progression can take two
main courses (Carabello, 2013). In diastolic heart failure (HF), the initial compensatory
mechanism of hypertrophy leads to reduced ventricular compliance, impairing the heart’s
ability to fill during diastole. The resulting diastolic dysfunction causes an increase in the
end-diastolic pressure of the LV, which can be transmitted back to the LA and pulmonary
circulation, leading to symptoms of HF. This is also referred to as HF with preserved ejection
fraction (EF), as the systolic function of the LV remains intact. In the case of systolic HF,
over time the adaptive mechanism fails, resulting in increased wall stress and a dilated LV
chamber, which reduces systolic contractility. This is known as HF with reduced EF because
the systolic function of LV is impaired.

Understanding the distinct mechanisms of disease progression in AS allows for accurately
categorising its severity. While symptoms such as chest pain and breathlessness may suggest
the presence of AS, the diagnosis is confirmed through echocardiographic evaluation.

2.3.2 Clinical Assessment

The clinical indicators observed during a standard echocardiographic examination to assess
AS can be divided into two main categories: the first includes parameters associated with the
dimensions and movements of anatomical structures, while the second comprises hemody-
namic parameters that measure the characteristics of blood flow. Although the two categories
are intrinsically linked, their measurement requires distinct US modes and views to be used.
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Anatomic Parameters

To assess the size of the LV cavity and thickness of the myocardial walls, the LV internal
dimension (LVID), the interventricular septum (IVS) thickness, and the LV posterior wall
(LVPW) thickness are recorded. LVID denotes the width of the mid-cavity, measured
between its inner walls, IVS thickness is determined from the right ventricular side to the left
ventricular border of the septum, whereas LVPW thickness is measured on the opposite side,
indicating the thickness of the posterior wall. These linear measurements are acquired in the
PLAX view with the measurement line perpendicular to the long-axis of the LV.

Volumetric measurements are derived from 2D or 3D echocardiography by tracing the bound-
ary between the myocardium and the LV cavity. The former employs the summation of disks
method (also known as the Simpson biplane method), in which the LV volume is calcu-
lated by dividing the cavity into a series of elliptical disks, whose dimensions are derived
from the endocardial traces in the A4C and A2C views. Since these views are approxi-
mately perpendicular to each other, they define the minor and major axes of each elliptical
disk, and summing the individual disk volumes along the long-axis dimension provides the
approximation for the LV volume.

Acquiring the end-diastolic volume (EDV) and end-systolic volume (ESV) allows the calcu-
lation of the stroke volume (SV) through

SV = EDV − ESV, (2.3)

reflecting the volume of blood ejected by the LV with each contraction. The ejection fraction
(EF) is then defined as a percentage by

EF = 100
SV

EDV
, (2.4)

serving as a normalised measure of global systolic function that adjusts for variations in heart
size. Another way of addressing patient variability is to standardise measurements according
to body surface area (BSA). This way of standardisation in clinical practice is referred to as
indexing a parameter to BSA, so the adjusted SV is called indexed SV, expressed as

SVi =
SV

BSA
. (2.5)

Cardiac output (CO) is defined as the volume of blood ejected by the LV per minute, which
is the product of SV and heart rate (HR), so that

CO = SV · HR. (2.6)

Although an approximation of the LV volume from linear measurements (e.g. LVID) exists,
such as the Teicholz or cubic method, their use is discouraged, as they are based on crude
geometric assumptions that do not hold under many pathologies (Lang et al., 2015).
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The cross-sectional area (CSA) of the LVOT is estimated by measuring the diameter below
the AV in the zoomed-in PLAX view and assuming a circular geometry by

CSALVOT = 𝜋

(
𝑑LVOT

2

)2
. (2.7)

It is not possible to perform a similar approximation of the AVA due to the irregular shape
of the opening, hence other techniques are used to obtain this parameter. Although 2D
planimetry can be used in the PSAX view to trace the effective orifice area (EOA) in mid-
systole, when the valve opening is maximal, this method is highly dependent on image quality
and accurate alignment. Current guidelines suggest estimating AVA using hemodynamic
parameters (Otto et al., 2021) and recent studies also confirm a better correlation of this
method with the values obtained by catheterisation (Rong et al., 2021).

Hemodynamic Parameters

To assess the flow conditions present in patients with AS, spectral Doppler recordings are
used. By aligning the US beam with the direction of blood flow through the AV and setting
the acquisition mode to CW Doppler, the velocity range is maximised and hemodynamic
parameters are obtained at the level of the AV. The maximum velocity, Vmax, is marked by
the highest point on the outer edge of the velocity envelope. The envelope time (ET) is
determined by noting 𝑡0 and 𝑡1 as the start and end of the ejection phase, then finding the
difference. By tracing the entire envelope during the forward flow and calculating its area,
the velocity-time integral (VTI) is obtained, expressed as

VTI =
∫ 𝑡1

𝑡0

𝑣(𝑡)𝑑𝑡. (2.8)

The mean velocity is then calculated by

Vmean =
VTI
ET

(2.9)

The peak gradient across the AV is obtained through the simplified Bernoulli equation
(Baumgartner et al., 2009) using the maximum velocity, so that

ΔPmax = 4V2
max, (2.10)

while the mean gradient is calculated by averaging the instantaneous mean gradients (Baum-
gartner et al., 2009), such that

Δ𝑃mean =
1

𝑡1 − 𝑡0

∫ 𝑡1

𝑡0

4𝑣(𝑡)2𝑑𝑡 ≈ 1
𝑛

𝑛∑︁
𝑖=1

4𝑣(𝑡𝑛)2, (2.11)

where the integral is approximated with a finite set of 𝑛 equally spaced samples between 𝑡0
and 𝑡1.
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To obtain the same parameters at the level of the LVOT, PW Doppler US is used, placing the
sample volume just below the AV, where a drop in maximum velocity occurs. The AVA is
then estimated through the continuity equation as

CSAAVVTIAV = CSALVOTVTILVOT, (2.12)

where the cross-sectional area (CSA) of the LVOT is obtained by equation 2.7 and the VTI
through equation 2.8. Figure 2.5 demonstrates hemodynamic measurements at the AV and
LVOT levels and presents the continuity equation.

AV
LVOT
VTI

AV
VTI

LVOT

CW Doppler US at the AV

PW Doppler US at the LVOT

Sample volume
   at the LVOT

Doppler beam axis

Figure 2.5: An illustration of hemodynamic measurements obtained by continuous-wave
(CW) Doppler ultrasound (US) at the left ventricular outflow tract (LVOT) and by pulsed-
wave (PW) Doppler US at the level of the aortic valve (AV). The arrows indicate the direction
of blood flow, while the areas shaded in red represent the velocity-time integral (VTI)
measurements used by the continuity equation to calculate the aortic valve area. Note the
difference in scales for peak velocities between the two measurements.

2.3.3 Low-Flow, Low-Gradient Phenotypes

Given the continuous range of disease progression from mild aortic sclerosis to severe AV
calcification, the definition of different AS severity grades can be considered somewhat
arbitrary. Nevertheless, the timing and nature of the intervention are determined based on
specific AS grades (Otto et al., 2021). Current clinical guidelines suggest classifying AS using
hemodynamic parameters such as maximum velocity and mean transvalvular gradient, along
the AVA and/or indexed AVA (Baumgartner et al., 2017) according to the values presented in
Table 2.1. Any parameter falling into the severe column suggests the presence of severe AS.

In most cases, prognostic markers are in agreement; however, discordance may arise in which
specific parameters classify the patient into a different severity category than others. This
occurs in approximately one in three cases of AS (Silva et al., 2022), when the valve area is
below 1.0 cm2, indicating severe AS, and the mean gradient remains below 40 mmHg with
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Aortic sclerosis Mild Moderate Severe
Peak velocity [m/s] ≤2.5 2.6-2.9 3.0-4.0 ≥4.0
Mean gradient [mmHg ] - <20 20-40 ≥40
AVA [cm2] - >1.5 1.0-1.5 <1.0
Indexed AVA [cm2/m2] - >0.85 0.6-0.85 <0.6

Table 2.1: Reference values for grading aortic stenosis (Baumgartner et al., 2017). Although
classification employs discrete cutoff values, it is essential to consider the measures of disease
severity as a continuous spectrum.

normal transvalvular flow, suggesting mild or moderate AS.

In these instances, the flow state is further investigated using the indexed SV, differentiating
between patients with normal flow and low flow conditions. Normal flow is defined by
SVi > 35ml/m2, while the low-flow low-gradient (LFLG) phenotype is considered with SVi

below this value. Global LV systolic function is assessed among cases of LFLG type AS to
further categorise disease pathology. A LVEF ≥ 50% is defined as a paradoxical LFLG AS,
as it demonstrates a low flow state despite the preserved LV function. In contrast, a LVEF
less than 50% signifies the classic LFLG scenarios.

To verify the severity of AS in patients with normal flow and paradoxical LFLG type AS,
calcium scoring by computed tomography (CT) is used to measure valve calcification (Cueff
et al., 2011; Clavel et al., 2013). A calcium score exceeding 2000 for men and 1200 for women
indicates severe AS, whereas scores falling below these thresholds suggest non-severe AS.

In classic LFLG cases, further examination is performed by stress testing, which involves the
administration of a drug called dobutamine, in an attempt to improve LV contractility. The
objective of dobutamine stress echocardiography (DSE) is to assess changes in transvalvular
hemodynamic parameters and AVA at increased flow rates, as well as to determine the
presence of flow reserve, quantified by an increase in SV.

The diagnostic rationale is as follows: In true severe AS, advanced disease produces a sig-
nificantly restricted EOA and secondary LV systolic dysfunction, resulting in a misleadingly
low baseline transaortic velocity. During DSE, additional flow reserve manifests itself as
an increase in peak velocity and mean gradient rather than an additional enlargement of the
valve area, since the maximum AV opening had already been reached at resting heart rate.

However, in moderate (pseudo-severe) AS, LV dysfunction is suspected to be a symptom
of another pathology (e.g. cardiomyopathy, myocardial infarction), and the reduced EOA at
baseline reflects insufficient LV contractile energy to fully open the valve. The dobutamine-
induced improvement in LV contractility in this context increases AVA with only a slight
increase in the transvalvular gradient, thus distinguishing moderate from true severe steno-
sis (Baumgartner et al., 2017). Differentiating between true-severe and pseudo-severe AS
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is especially important considering the different interventions available for each case. Al-
though true severe patients are prescribed transcatheter or surgical aortic valve replacement
(TAVR/SAVR) to relieve LV afterload, thus potentially allowing the LV to regain some of its
contractile function, pseudo-severe patients are not expected to benefit from this procedure,
and heart failure therapy is the recommended course of treatment (Fougeres et al., 2012).

The DSE protocol requires incremental administration of low-dose dobutamine and evaluation
of the main hemodynamic and anatomical predictors at each stage using TTE, until one of
the following criteria is met:

• The maximum dobutamine dose is reached.

• The test is considered positive by observing one of the following: (i) an increase in AVA
above the 1 cm² threshold, consistent with pseudo-severe AS (Carabello, 2002); (ii) an
increase in maximal transvalvular velocity and mean gradient beyond the severe limits
(4 m/s and 40 mmHg, respectively) while AVA remains < 1cm2, indicating true severe
AS; or (iii) absence of adequate flow reserve, which — regardless of AS severity —
identifies a subgroup at elevated risk for postoperative mortality (Monin et al., 2003).

• The maximum HR is reached, specified by exceeding 100 beats per minute (BPM), or
20 BPM above the resting HR.

• An adverse event occurred, such as arrhythmia, blood pressure drop, or other symptoms.

DSE is considered inconclusive when sufficient flow reserve is not generated (i.e. the
increase in SV is less than 20%), or the AVA-gradient discordance persists under elevated
flow conditions. In these cases, the projected valve area can be used among other experimental
markers; however, a CT calcium scoring examination is required to accurately determine the
true severity of AS. Figure 2.6 shows a flow chart of the entire diagnostic procedure.

Generally, diagnosing LFLG AS is quite complex, susceptible to measurement errors, and
carries potential risks to patients due to the DSE procedure. This consideration serves as the
main motivation for the thesis, which investigates the potential of computational methods to
advance clinical practice.
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Figure 2.6: The clinical grading algorithm of aortic stenosis (AS). In the high gradient track
all cases are considered severe, while the low gradient track is further refined. The flow
state is split based on the indexed stroke volume (SVi) in cases of discordance between
the aortic valve area (AVA) and mean transvalvular gradient to differentiate between low
flow and normal flow conditions. In low flow states, the ejection fraction (EF) is used to
measure global left ventricular (LV) function, categorising patients with paradoxical and
classic low-flow, low-gradient (LFLG) AS. Calcium scoring by computed tomography (CT)
is recommended for normal flow and paradoxical LFLG AS patients, while dobutamine
stress echocardiography (DSE) is recommended in classic LFLG AS cases. To differentiate
between pseudo-severe and true severe AS, the AVA and mean gradients are examined during
the increased flow conditions and the severity is determined if the parameters adhere to the
grading criteria presented in Table 2.1. Inconclusive scans may arise as result of lack of flow
reserve or persisting AVA-gradient discordance, where experimental predictors may be used
to guide treatment. (Figure adapted from Silva et al. (2022)).



3. Literature Review

This chapter presents a comprehensive overview of emerging research directions in echocar-
diographic evaluation of AS. Section 3.1 reviews the limitations of current clinical practice,
Section 3.2 examines the key literature that addresses these limitations, while Section 3.3 sum-
marises the main findings and identifies the research gap that motivates the work presented
in this thesis.

3.1 Limitations of Current Practice

Although TTE remains the primary noninvasive modality for assessing AS due to its ac-
cessibility and ability to provide hemodynamic data, it is inherently constrained by several
limitations. These challenges become more pronounced in patients with LFLG AS, where
even minor inaccuracies in acquisition or interpretation can significantly affect diagnostic
reliability and disease classification.

3.1.1 Technical Limitations

One of the most prevalent technical limitations of TTE in AS evaluation is significant inter-
observer and intraobserver variability in routine measurements. This is particularly evident
in the measurement of the diameter of the LVOT, which, when squared, has a substantial
influence on the AVA derived from the continuity equation, as expressed in Equation 2.12.
The current consensus states 5-8% variability in LVOT diameter measurements, making it
the largest contributor to the AVA error (Baumgartner et al., 2017). A recent investigation on
the reproducibility of standard echocardiographic predictors by Manna et al. (2024) demon-
strated that the same day re-examination could lead to a change in AS classification in 27%
of the patients, underscoring the clinical impact of observer-dependent variability. In this
study, they also found that two-thirds of the disagreement in AS grades could be attributed
to differences in AVA, while a discrepancy in 𝑉max contributed only one-fourth of the dif-
ferences in classifications. This finding also reflects the differences in the magnitudes of
interobserver variability (IOV) for AVA and 𝑉max, which are 12.7% and 3.5%, respectively,
further highlighting the effect of measurement errors in clinical practice.

Although the variability described above is primarily attributable to random measurement
errors, these arise from deviations around the true value and tend to average out over repeated
assessments. For example, variability in Doppler beam alignment can lead to an underestima-

17
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tion of transvalvular velocities and gradients, and inconsistent placement of the PW Doppler
sample volume may result in sampling flow acceleration instead of true LVOT flow - both
introducing random errors in AVA estimation via the continuity equation (Ring et al., 2021).

In addition, echocardiographic evaluation is also subject to systematic errors, leading to a
consistent bias in clinical predictors due to methodological assumptions or imaging limita-
tions. Differentiating between these two types of error is essential, not only for understanding
the sources of diagnostic variability but also for identifying which limitations may be mit-
igated through an improved acquisition and grading protocol and which require alternative
measurement methodology.

An example of systematic bias in 2D TTE is the assumption that the LVOT has a circular cross-
sectional geometry. In reality, LVOT is often elliptical, as observed by alternative imaging
modalities such as CT, 3D transesophageal echocardiography (TEE), and cardiac magnetic
resonance (CMR) imaging. This geometric simplification leads to a median underestimation
of the LVOT CSA by 20% to 28% compared to 3D-TEE, CT, and CMR planimetry, which in
turn results in an underestimation of AVA when using the continuity equation (Velders et al.,
2023).

Another methodological limitation arises from utilising the chamber quantification of the
LV through Simpson’s biplane rule, which serves as the primary technique in 2D TTE. This
method relies on geometric assumptions that i) the A2C and A4C planes are perpendicular and
centrally aligned along the long axis of the LV and ii) the basal end of the LV is perpendicular
to the long axis. Kim et al. (2022) examined the dependence of LV volume on viewing
and basal orientation angles when calculated by different methods found that Simpson’s
rule suffers from a consistent underestimation of LV volume, which is further magnified by
increasing deviation from the idealised geometric assumptions when compared to the ground
truth values. Cowie et al. (2023) found that this method underestimates SV by an average of
18.3% compared to the gold standard CMR technique.

3.1.2 Physiological Limitations

Beyond technical limitations, the echocardiographic assessment of AS is also restricted by
fundamental physiological assumptions. Standard clinical predictors such as AVA, SV and
LVEF are influenced by hemodynamic states and loading conditions that are often not taken
into account to accurately reflect true myocardial function or valvular severity. The following
subsections explore how such physiological dependencies introduce errors and ambiguities
in current practice.
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Flow Dependence

Although the AS grading algorithm, as presented earlier in Figure 2.6, uses SVi to differentiate
between normal and low flow states, volume is fundamentally different from flow. The
transvalvular flow rate is defined as

𝑄 =
SV
ET

, (3.1)

which also accounts for the time component of the ejection phase. This relationship illustrates
that low flow states can result not only from reduced SV but also from an increase in ET.
The contribution of ejection dynamics to Q becomes particularly relevant in patients with
AS, as ET is often prolonged and only reduces to a seemingly normal range due to LV
dysfunction associated with an advanced stage of the disease or concomitant HF (Lewis
et al., 1977). In contrast, a reduced SV may be compensated for by a shorter ET to yield
sufficient transvalvular flow.

Inadequate representation of flow in AS grading can result in an inaccurate assessment of true
AVA, since maximum valve opening may not be induced under low flow conditions. This
is supported by a recent study by Namasivayam et al. (2020) investigating the effect of AVA
on overall mortality in patients with AS at varying flow rates. They have shown that below
the cutoff point of 242ml/s, AVA ≤ 1cm2 was a poor prognostic marker of severe AS, while
above this threshold AVA ≤ 1cm2 was highly associated with mortality.

Ejection Fraction

Another physiological limitation concerns the use of EF as a surrogate for global LV function.
While the classification of LFLG AS into classical and paradoxical phenotypes is based on
LVEF, with the classical phenotype defined as LVEF< 50% and paradoxical as LVEF≥ 50%,
this distinction is based on an arbitrary cut-off point and does not fully capture the complexity
of LV dysfunction. As expressed earlier in equation 2.4, LVEF is the ratio of SV to EDV.
Although in acute conditions such as heart attack, a reduction in SV accurately reflects systolic
dysfunction, in chronic and stable conditions, a preserved SV with elevated EDV can still
produce reduced LVEF, indicating diastolic dysfunction rather than true systolic impairment
(Weir et al., 2025). Thus, the assumption that low flow in classical LFLG AS is solely due
to reduced contractility may be misleading, since diastolic dysfunction frequently coexists
and contributes to the low flow state. Depending solely on LVEF to differentiate between the
subtypes of LFLG AS could obscure the inherent variability in the LV function.

Another significant limitation of employing EF to assess LV function in patients with AS is its
ineffectiveness to detect early myocardial dysfunction. This limitation is due to the potential
for EF to remain above the recommended threshold of 50% in the initial stages of the disease,
aided by compensatory hypertrophy that maintains cardiac output despite elevated valvular
resistance. Consequently, a reduction in EF below 50% typically indicates an advanced
disease associated with the onset of symptoms and permanent myocardial damage (Henkel
et al., 2012; Ito et al., 2018). This is supported by the fact that patients with AS and reduced EF
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face increased surgical risks and significantly worse long-term survival compared to patients
with preserved EF, while many do not fully recover LV function after surgery, implying that
reduced EF often represents a late-stage and irreversible dysfunction (Dahl et al., 2015; Toya
et al., 2021; Spilias et al., 2022).

Dobutamine Stress Echocardiography

DSE is used to differentiate true severe from pseudo-severe AS in patients with classical
LFLG AS, however, several limitations undermine its diagnostic utility. A key issue is the
reliance on SV increase by 20% to define contractile reserve, yet approximately one third of
patients do not meet this criterion, resulting in diagnostic uncertainty regarding the severity
of AS (deFilippi et al., 1995; Weir et al., 2025). Furthermore, while SV may not increase,
transvalvular flow rate can still normalise due to heart rate–induced shortening of ET, thus
allowing for a better approximation of true AVA (Clavel et al., 2010; Pibarot and Dumesnil,
2012). Vamvakidou et al. (2017) found that a more conclusive assessment of AS severity
could be obtained using Q as opposed to SV as a measure of contractile reserve, highlighting
the inadequacy of SV alone as a marker of flow response.

The diagnostic utility of DSE is further limited by heterogeneity in flow response, which can
vary due to concomitant conditions such as coronary artery disease and cardiac amyloidosis,
affecting up to 52% and 30% of the population with LFLG AS, respectively (Tribouilloy
et al., 2009; Pibarot and Dumesnil, 2012; Ternacle et al., 2019). This is particularly relevant
in cardiac amyloidosis, which not only shows a similar LV pathophisiology seen in LFLG AS
- such as increased wall thickness and impaired systolic and diastolic function - but may also
contribute to disease progression (Jaiswal et al., 2023; Weir et al., 2025). Although current
data indicate that patients with both AS and cardiac amyloidosis have poor surgical outcomes
and a worse overall prognosis compared to those with lone AS, the presence of concomitant
disease introduces considerable diagnostic uncertainty and further complicates management
decisions in this already complex AS subgroup (Nitsche et al., 2021).

Finally, a recent investigation found that the accuracy of DSE in identifying true severe AS
when using standard criteria (mean transvalvular gradient ≥ 40mmHg and AVA≤ 1cm2) was
47% (Annabi et al., 2018). Another research by Adrichem et al. (2024) has strongly advised
against using CT-derived AV calcium scoring as a substitute for DSE in patients with classical
LFLG AS. Their study found that the recommended calcium score thresholds resulted in a
sensitivity of 44.3% and a specificity of 56.5% when differentiating between severe and
moderate AS. Together, these limitations underscore the need for alternative methods or
better disease interpretations to improve the accuracy and reliability of the assessment of AS
severity in the low-flow state.
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3.2 Emerging Research Directions in AS Diagnosis

3.2.1 Novel Clinical Predictors

In recent years, there has been growing interest in identifying novel markers that better reflect
the underlying hemodynamics and myocardial function. These predictors aim to overcome
flow dependence, serve as an early marker of the disease to provide refined insight into the
pathophysiology of AS and to enhance diagnostic precision beyond traditional metrics such
as AVA, SVi and LVEF. This section explores the current evidence supporting their utility
and prognostic value in the context of LFLG AS.

Transvalvular Flow Rate

To address the misrepresentation of flow by SVi, the transvalvular flow rate, Q (Eq. 3.1), is
used to provide a more physiologically accurate measure of the aortic valve opening stimulus.
A recent study by Bar Gil et al. (2025) has shown that reduced Q is an independent predictor of
all-cause mortality in patients with AS, serving as the main evidence for incorporating Q into
standard diagnostic and risk stratification algorithms for AS. Furthermore, Vamvakidou et al.
(2019) found that in low-gradient AS, Q was also associated with medium-term mortality in
patients undergoing TAVR, while SVi was unable to discriminate between survival groups.
Finally, current data from Hungerford et al. (2025) suggest that Q measured at peak stress is
able to differentiate true-severe from pseudo-severe AS in patients with LFLG AS undergoing
DSE, while no differences in Q were found between the severity groups at rest.

In addition to its diagnostic utility, the transvalvular flow rate also allows inferring the degree
to which the AVA calculated by the continuity equation reflects the true valvular opening.
Chahal et al. (2015) examined patients with LFLG AS who underwent DSE and concluded
that significant changes in AVA were only observed when the resting flow rate was below
200 ml/s, while AVA in patients with normal resting Q values were representative of the
severity of AS. This is further reinforced by Namasivayam et al. (2020), who found that the
recommended cut-off point for AVA≤ 1cm2 was only prognostic for mortality when Q was
greater than 242 ml/s, suggesting that flow dependence is more accurately assessed by Q and
not by SVi.

Projected Valve Area

The projected aortic valve area (AVAproj) is used to mitigate the underestimation of the true
AVA that occurs under low flow conditions. Unlike standard DSE criteria, which depend on
an increase in SVi, AVAproj estimates the valve area at a normalised transvalvular flow rate
of 250 ml/s, thus addressing flow dependence (Blais et al., 2006; Clavel et al., 2010). It is
defined as

AVAproj = AVArest +
AVApeak − AVArest

𝑄peak −𝑄rest
(250 −𝑄rest), (3.2)



3. LITERATURE REVIEW 22

where both Q and AVA are measured in the resting and maximum stress states during DSE
with units ml/s and cm2, respectively. AVAproj is then extrapolated from these to estimate the
valve area the patient would have at a normal flow rate. Although this approach still requires
an increase in Q by a minimum of 15%, it offers a more reliable distinction between true
severe and pseudosevere AS in patients with limited flow reserve (Blais et al., 2006).

A prospective study analysing the utility of DSE in patients with classical LFLG AS by
Annabi et al. (2018) revealed that AVAproj had better performance in predicting the severity
of AS compared to current clinical guidelines (70% vs. 47%). They have also found that a low
projected valve area is associated with an increased risk of mortality, while high transvalvular
gradients did not predict mortality. Another study by Sato et al. (2019) examined an AS
population with a low gradient and a reduced LVEF. Their findings indicated that AVAproj

is more effective than standard DSE criteria in identifying patients who would benefit from
AVR.

Dimensionless Index

The Dimensionless Index (DI) is a Doppler-based parameter defined as the ratio of the VTI
measured at the level of the LVOT to the VTI measured at the level of the AV, that is

𝐷𝐼 =
VTILVOT
VTIAV

. (3.3)

In contrast to the AVA derived from the continuity equation, DI does not require measurement
of the LVOT diameter, bypassing geometric assumptions and eliminating a major source of
random measurement error. In the absence of AS, the DI is expected to be close to 1, while
a DI<0.25 has been proposed as a marker of severe AS (Oh et al., 1988; Baumgartner et al.,
2017).

Multiple studies have evaluated the prognostic relevance of DI in AS. Rusinaru et al. (2015)
demonstrated that in patients with AS and preserved EF, progressively lower DI values were
associated with a gradual decline in event-free survival. Altes et al. (2020) examined a cohort
of AS patients with preserved EF and low transvalvular gradients and found that a DI below
0.25 effectively identified a subset of patients who were at increased risk of mortality and
could benefit from aortic valve replacement. Another study by Namasivayam et al. (2022a)
has shown that DI<0.25 was associated with a higher risk of mortality in low gradient severe
AS.

Acceleration Time to Ejection Time

Although AS has long been documented to affect ejection dynamics, only in recent years
has there been evidence to establish reference values for their diagnostic utility in native AS
(Gamaza-Chulián et al., 2017; Maréchaux and Tribouilloy, 2021). The use of ET alone is
limited by the variability in HR and LV function. The time interval from the beginning of the
systolic flow to the maximum transvalvular velocity defines the acceleration time (AT), and
the ratio of AT to ET serves as a more accurate marker of the ejection dynamics. Moderate
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AS has been observed to have a rapid flow acceleration, while severe AS is characterised by a
slower, more rounded flow contour, as observed in the spectral Doppler recordings, reflecting
the delayed and reduced valve opening (Bermejo et al., 2000).

Contemporary evidence from Altes et al. (2019) suggests a threshold of >0.34 to identify
severe AS. They have also shown that AT/ET correlated well with traditional markers of
severity of AS, such as peak velocity, mean transvalvular gradient, AVA and CT-derived aortic
valve calcium scores, demonstrating its strong prognostic value. Another study by Einarsen
et al. (2021) found that AT/ET>0.32 was independently associated with a significantly higher
risk of cardiovascular death and hospitalisation for HF in a large cohort of asymptomatic
patients with mild to moderate or severe AS with low gradient. Chong et al. (2024) further
validated AT/ET in a population with paradoxical LFLG AS, identifying a cutoff value
of ≥0.35 as a strong predictor of adverse cardiac outcomes. In this cohort, patients with
AT/ET ≥0.35 who underwent AVR had markedly improved survival, highlighting the value
of this marker in guiding treatment decisions. Finally, a recent study by Sancar et al.
(2022) demonstrated that baseline AT<100ms successfully distinguished between true severe
and pseudosevere cases in patients with classical LFLG AS undergoing DSE, achieving a
sensitivity of 77% and a specificity of 87%. While their study was limited in size (n=67),
this finding strongly motivates the use of ejection dynamics prior to DSE in patients with
reduced EF and low flow conditions.

3.2.2 Myocardial Function by Speckle-tracking Echocardiography

All of the markers described previously aim to address the limitations of standard echocar-
diographic techniques with regard to flow; however, the pathophysiology of AS also concerns
LV remodeling. In response to the constraints of using EF fraction to reflect LV function,
speckle tracking echocardiography (STE) has become a valuable tool to provide a more accu-
rate and detailed representation of myocardial deformation (Karlsen et al., 2019; Mihos et al.,
2025). This technique relies on analysing the unique acoustic patterns present in echocar-
diographic recordings and tracking the displacement of these speckles from one frame to
another. By capturing the movement of the LV myocardium throughout the cardiac cycle,
several deformation parameters can be obtained to quantify its contractraction. The most
well established parameters include the strain measures, which for a one-dimensional linear
deformation expresses the relative change in length of a line segment as

𝜖 (𝑡) = 𝐿 (𝑡) − 𝐿0
𝐿0

, (3.4)

where 𝐿 (𝑡) represents the length of the line segment at time 𝑡, while 𝐿0 represents the
reference length, commonly measured at the end of diastole.

Strains are typically expressed in the longitudinal, circumferential, and radial directions, as
shown in Figure 3.1, reflecting the different types of contractions that the LV exhibits. For
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example, longitudinal strain captures the deformation of the myocardium from the base to the
apex, indicating relative shortening of the LV along the long axis during systole. In addition,
circumferential strain captures the deformation along the circumference of the myocardial
wall, whereas radial strain measures the extent of the wall thickening across the width of the
myocardium. Although deformation parameters can be obtained in all parts of the LV, the
most common metrics include strain measures that evaluate the global LV systolic function
by averaging the strain values in each subregion (Anastasiou et al., 2023). In this context,
global longitudinal strain (GLS) acts as an alternative metric to assess LV contractility with
improved prognostic utility compared to LVEF (Stanton et al., 2009).

Figure 3.1: The different directions used to quantify strains in the assessment of left ventricular
(LV) function. The longitudinal direction follows the myocardium from the base to the apex,
the circumferential direction is defined by the perimeter of the LV as seen on the short axis
view, while the radial direction spans the thickness of the myocardial wall. (Figure adapted
from Karvandi and Ranjbar (2023)).

The potential advantages of incorporating GLS into clinical practice include its ability to
detect early myocardial dysfunction before LV hypertrophy develops and LVEF declines
(Imbalzano et al., 2011; Kusunose et al., 2014; Vollema et al., 2018). This may be due to
the sensitivity of longitudinally aligned subendocardial fibres to elevated wall stress (making
them the first to be affected by increased afterload), as fibrotic changes in AS typically begin
subendocardially and predominantly impair longitudinal function, which is not adequately
captured by EF (Weidemann et al., 2009). To support this, a recent study by Slimani et al.
(2020) investigated stress-strain indices based on GLS and global circumferential strain (GCS)
in patients with AS undergoing TAVR. They have found that patients with lower preoperative
indices demonstrated a significantly greater extent of biopsy-confirmed myocardial fibrosis
than patients without. GLS could additionally assist in distinguishing different types of
LV hypertrophy and help identify whether LV dysfunction is associated with AS-induced
remodeling or concomitant amyloidosis-related myocardial impairment (Afonso et al., 2012;
Castaño et al., 2017).
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Global Longitudinal Strain in Aortic Stenosis

Multiple studies have examined the prognostic importance of STE-derived GLS in the AS
population with reduced and preserved LVEF. Ng et al. (2018) demonstrated that patients
with impaired GLS defined as < 14% are subject to a markedly higher risk of long-term
mortality in a subgroup of severe AS and preserved LVEF (> 55%). The research carried
out by Wang et al. (2022) also confirmed that reduced GLS was strongly associated with
worse cardiovascular outcomes in patients with asymptomatic AS, regardless of EF, severity
of AS, or mean transvalvular gradient, highlighting the importance of incorporating GLS into
clinical diagnostics. A study by Dahou et al. (2015) examined the utility of GLS in patients
with LG AS and reduced EF. Although resting GLS did not differentiate between long-term
survival groups after adjustment for early mortality, stress |GLS| < 10% was independently
associated with worse outcomes in patients treated conservatively. Furthermore, stress LVEF
was not predictive of mortality in this subgroup, indicating the additional prognostic value
of GLS over conventional echocardiographic measures and confirming the benefit of using
DSE in this AS phenotype.

GLS has also been shown to have a prognostic value in the LFLG AS phenotype. Sato
et al. (2014) examined a cohort of severe paradoxical LFLG AS and found that a preserved
|GLS| > 17% was associated with a significantly higher rate of event-free survival at a
two-year follow-up compared to patients with reduced GLS (97.2% vs. 57.5%). They have
also concluded that this prognostic variability from poor to benign could be attributed to the
heterogeneity of distinct AS phenotypes present in the paradoxical LFLG AS group defined
by standard echocardiographic metrics that could be differentiated by GLS. D’Andrea et al.
(2019) investigated the predictive value of resting GLS on flow reserve during DSE and
reverse remodeling of the LV six months after TAVR in patients with severe classical LFLG
AS. They have shown that using a cutoff value of |GLS| < 12% was able to predict the lack of
flow reserve with a sensitivity of 84% and a specificity of 93%. They have also found that in
patients without flow reserve, GLS improved significantly after TAVR while LVEF did not,
indicating the improved representation of LV function by GLS. Kim et al. (2020) observed
that an improvement in GLS during DSE by more than 2% in patients with severe classical
LFLG AS resulted in better survival compared to those without. They have also shown that
GLS has an additive predictive value for mortality, in addition to maximum transvalvular
velocity.

Regional Deformation Parameters

Although the assessment of global LV function by STE is increasingly adopted in routine
echocardiographic examination, current evidence on the impact of AS on regional deforma-
tion parameters of the LV remains limited, especially in the various subtypes of AS. This is
particularly relevant, since different types of geometric adaptation of the LV (for example,
concentric remodeling and hypertrophy) have been observed to cause distinct alterations in
longitudinal strain values at different myocardial levels (Cramariuc et al., 2010). These levels
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are defined with respect to the long axis of the LV, which extends from the apex to the
mid-base point, dividing the left and right regions of interest when visualised in a 2D apical
view, as shown in Figure 3.2. The myocardium along each side of the long axis is typically
divided into four segments: the apical cap, the apical segment, the mid-cavity (or middle)
segment, and the basal segment. The apical cap comprises approximately 1/7 of the total
myocardial length on either side, whereas the apical, middle and basal segments each consist
of 2/7 of the myocardium.

Basal level

Mid-cavity

Apical level

Mid-base

Long-axisApex

Endocardial border

Epicardial border
Myocardium

Figure 3.2: Myocardial segments at different left ventricular levels as depicted from an apical
view. The long-axis, defined through the apex and mid-base points, divides the myocardium
into two parts, which are further split based on the length of the myocardium on each side.
(Figure adapted from Voigt et al. (2015)).

Some studies have explored the importance of regional deformation parameters in patients
with AS. Attias et al. (2013) found that both GLS and basal longitudinal strain (BLS) were
significantly different between AS groups when stratified by symptomatic status and LVEF,
however, only BLS was independently associated with symptomatic status. A study by
Carstensen et al. (2016) examined regional longitudinal strains in asymptomatic moderate
and severe AS. They showed that the longitudinal strains measured in the basal and mid-cavity
segments differed between the survival groups when divided by AVR referral. Furthermore,
|BLS| < 13% was able to identify patients with significantly lower event-free survival rates,
while GLS thresholds were not associated with future AVR, highlighting the importance of
evaluating regional parameters alongside global strain metrics. A study by Dahl Pedersen
et al. (2020), investigating the ratio of apical to basal strains in patients with AS who underwent
TAVR, found that a significantly higher risk of mortality was associated with a ratio greater
than 4. Recent research by Thellier et al. (2024) found that increased LV dyssynchrony as
measured by myocardial dispersion (the deviation in time to peak strain of each myocardial
segment) is associated with a higher risk of mortality in severe AS.

In addition to various strain measures, regional rotation parameters obtained by STE were
also explored in several smaller studies. Tumenbayar et al. (2018) examined apical rotation
in patients with severe AS and preserved LVEF and compared it with a cohort exhibiting
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LV hypertrophy. They found that patients with severe AS had significantly increased apical
rotation compared to the hypertrophy group. Increased apical rotation was also shown
to be associated with reduced survival in a separate study by Holmes et al. (2015) that
examined patients with severe AS. More recently, Hjertaas et al. (2023) provided evidence
that basal rotation, as well as apical-basal twist, differ significantly between AS severity
grades, indicating that rotation parameters may also contribute to the clinical diagnosis of
AS.

3.2.3 Machine Learning in Aortic Stenosis

A different approach to improving the echocardiographic assessment of AS from the inves-
tigation of novel markers involves the optimisation of decision rules that separate severity
grades or distinct patient phenotypes. The current clinical grading algorithm can be consid-
ered a rule-based system, in which echocardiographic recordings are interpreted based on
hand-designed anatomical and hemodynamic characteristics, and the relationship between
severity or phenotype classes and clinical predictors is determined manually. This deter-
mination is often made through studies that perform survival analysis and risk stratification
using single-feature cutoff values. However, this approach poses significant limitations, since
it overlooks the inherent relationship between echocardiographic variables.

Machine learning (ML) algorithms aim to address this by incorporating multiple features
simultaneously, facilitating the discovery of more complex relationships between clinical
markers and AS pathology. ML algorithms can be divided into supervised and unsupervised
categories according to their learning paradigms. In supervised learning, the algorithm is
presented with both input features and ground-truth output labels, and the model learns the
relationship between input and output variables. In contrast, unsupervised learning aims to
uncover patterns present in the input data without explicit labelling of the output variables.
The former can be used to refine the classification of the severity or prognostic outcome of
AS, while the latter can be used to reveal distinct patient phenotypes.

Classical Machine Learning Algorithms

Research on the use of supervised ML techniques that incorporate only echocardiographic data
remains sparse, with only limited evidence on their utility in patients with AS. Namasivayam
et al. (2022b) demonstrated that their model using nine selected echocardiographic and
clinical variables from patients with moderate and severe AS (n=1130) was able to predict
a composite outcome of AVR and mortality with an AUC of 0.74 and 0.78 in internal
and external validation sets (n=540), respectively. In addition, their model was also able
to identify patients with high-risk mortality in the low-gradient severe AS cohort (n=383).
Similarly, Itelman et al. (2025) developed an ML algorithm using standard echocardiographic
parameters to predict whether the progression of patients with mild and moderate AS (n=3443)
to a severe stage occurred within 5 years. Their model demonstrated a sensitivity of 81%
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and specificity 85% with an AUC of 0.91, highlighting its strong predictive performance in
identifying high-risk patients. Recently, Wrzosek et al. (2025) evaluated the performance of
a supervised ML algorithm in differentiating between moderate AS and low-gradient severe
AS, reaching an AUC of 0.853 when using only six routine echocardiographic parameters
from 135 patients with AS.

Studies exploring unsupervised ML algorithms in patients with AS are more common.
Sengupta et al. (2021) used topological data analysis to identify high-risk and low-risk
phenogroups using only echocardiographic predictors within the clinical classification al-
gorithm (AVAi, SVi, LVEF, MG and Vmax) in 1052 patients with AS. Consequently, they
examined the integrity of these groups in two external validation cohorts (n=752 and n=160).
They found that high-risk patients had significantly higher calcium scores derived from CT
examination and increased myocardial fibrosis measured by CMR. The prognostic signifi-
cance of these groups was also investigated by time-to-event analysis, as indicated by AVR or
death. They showed that high-risk patients face significantly poorer clinical outcomes, which
relationship remained when the groups were further stratified by clinical guideline-based
cutoff values for LVEF, AVA and mean transvalvular gradient. Several other studies have also
explored this method using laboratory and clinical patient data along with echocardiographic
recordings (Kwak et al., 2020; Bohbot et al., 2022; Kusunose et al., 2023).

Recently, Sen et al. (2025) explored the use of different clustering algorithms in patients with
moderate AS (n=2469), identifying four distinct groups associated with different prognostic
profiles. Using an external validation cohort of 1358 patients with moderate AS, they
found that groups with low flow and cardiovascular comorbidities were associated with the
worst clinical outcomes, with an increased risk of AVR, hospitalisation for HF, and mortality.
Furthermore, AVR mainly benefited the calcific AV group, while it did not significantly affect
the remaining groups, highlighting the additive value of subphenotyping AS in determining
the appropriate time and nature of treatment strategies. Similarly, Lachmann et al. (2021)
investigated the heterogeneity of severe AS using echocardiographic and hemodynamic data
in 366 patients undergoing TAVR, revealing four additional groups presenting with different
prognostic implications.

Deep Learning

Deep learning (DL) refers to a specific subset of ML in which models are represented
by several successive layers of neural networks. The potential advantages of employing DL
models over classic ML algorithms lie in their ability to process echocardiographic recordings
directly by learning not only the mapping between input features and output labels, but also by
discovering latent feature representations. The distinction between the different approaches
of rule-based systems, classical ML, and DL, is shown in Figure 3.3.
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Figure 3.3: The distinction between explicit programming of rule-based systems, Machine
Learning (ML) and Deep Learning (DL) algorithms. The shaded areas represent the func-
tional components learnt from data, indicating that DL extends ML by an added layer of
abstraction. (Figure adapted from Janiesch et al. (2021)).

The most straightforward application of DL algorithms in the echocardiographic assess-
ment of AS involves the automatic prediction of standard parameters to reduce IOV and
improve reproducibility. Since clinicians perform several tasks when interpreting a single
echocardiographic recording, initial DL research focused on reproducing simple tasks such
as recognising a specific view or predicting a single anatomical landmark or parameter. The
view classifier algorithm developed by Madani et al. (2018) using 267 echocardiograms
demonstrated excellent performance in recognising 12 different types of routine echocar-
diographic views with a test accuracy of 97.8%. Gungor et al. (2023) expanded the view
classification task by automating the detection of the aortic and mitral valves using 11150
B-mode cine loops. More complex tasks have involved segmentation of the LV. Leclerc et al.
(2019) applied deep learning to the end-systolic and end-diastolic frames of 2D TTE record-
ings from 500 patients to predict the endocardial and epicardial borders. Their best models
demonstrated good alignment with the reference values for ESV and EDV, with Pearson’s
correlation coefficients of 0.964 and 0.954, respectively. Ouyang et al. (2020) assessed the
LV function over time using more than 10000 annotated 2D B-mode cine series. Their model
showed strong agreement with clinicians in the calculation of EF, and segmentation masks
for the LV cavity for end-systolic and end-diastolic frames showed a high overlap with expert
annotations, measured by the dice similarity coefficient.

In recent years, automatic measurement of several additional anatomical and hemodynamic
parameters has also been achieved. Strain measures were examined by Salte et al. (2023)
and Nyberg et al. (2024) using A4C and A2C echocardiographic recording from 72 and 80
patients, respectively, demonstrating that deep learning models enabled markedly improved
reproducibility compared to human experts in both global and regional longitudinal strains.
Excellent correlation was also demonstrated for Vmax and VTI measured by CW and PW
spectral Doppler echocardiography at various levels by Jeon et al. (2024) employing 25854
Doppler recordings, with an average correlation coefficient of 0.95 and 0.965 respectively.
Most recently, a comprehensive DL model developed by Sahashi et al. (2025) using more



3. LITERATURE REVIEW 30

than 150000 studies showed high accuracy and reproducibility compared to sonographer
annotations in predicting nine anatomical and nine hemodynamic parameters. Although
the methods used in the studies described above are valuable for their ability to reduce the
workload of clinicians required to examine a patient and improve overall reproducibility, they
do not inherently contribute to a better understanding of the disease pathology alone.

The great success of DL in the automatic interpretation of echocardiograms has also motivated
the development of models specifically aimed at the detection of AS. Initial efforts focused
on performing a simplified task of distinguishing between severe and non-severe AS using
single-view PLAX videos from 2D TTE recordings (n=17570), as explored by Holste et al.
(2023). Their model demonstrated excellent predictive performance in three separate external
validation cohorts, with AUC scores ranging from 0.942 to 0.978. Ginsberg et al. (2021)
jointly used PLAX and PSAX views by majority voting to identify severe AS in a cohort of
2247 patients, achieving an F1 accuracy score of 96.5%.

Successive studies have aimed to improve the classification of multiple severity levels using
integrated approaches that include additional downstream tasks, along with simultaneous
prediction of AS, to facilitate concordance with the clinical decision-making process and
thus enhance model explainability. A model introduced by Huang et al. (2024) was trained
to prioritise clinically relevant views given a set of 2D B-mode images per study using
labelled and unlabelled data from 577 and 5287 patients, respectively. Their model achieved
a balanced accuracy of 76% in the three-way severity classification task (no AS, early AS,
significant AS). Ahmadi et al. (2024) improved on these results by employing DL models
trained jointly with 2D PSAX and PLAX cine series, reporting accuracies of 95.2% for AS
detection and 78.1% for four-class severity classification.

The most recent advances in diagnosing AS from 2D TTE have been a major leap in both
scope width and accuracy. Holste et al. (2025) developed a comprehensive DL system capable
of performing 18 diagnostic tasks and 21 routine parameter estimation tasks simultaneously
using over 1 million echocardiographic recordings. Their system demonstrated a median AUC
of 0.91 for classification tasks and a normalised mean average error of 0.13 for regression
tasks. Park et al. (2025) proposed a new approach by predicting a continuous score rather than
a distinct AS class alongside the prediction of routine echocardiographic parameters (𝑉max,
AVA and mean transvalvular gradient) using 8427 patients. Their model obtained an accuracy
of as high as 96.8% for the three-way AS classification in an external test set (n=772). Their
AS score was also associated with prognostic implications for the composite outcome of AVR,
HF, and mortality, indicating an improved representation of the disease pathology compared to
previous methods. Furthermore, while all studies excluded discordant AS from the training
procedure, this study was the first to explicitly evaluate LFLG AS phenotypes in the test
set, thus investigating the possibility of obtaining markers under normal flow conditions
that differentiate between severe and moderate LFLG AS. Their model predicted somewhat
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higher overall scores for severe than for moderate LFLG AS; however, no distinction was
made between the classical and paradoxical cases, and the overlap between the distributions
remained quite large, making it difficult to accurately distinguish between severe and moderate
cases.

3.3 Summary

Although TTE remains the main method for evaluating AS, it is limited by several factors,
including high variability in the measurement of standard parameters and systematic biases
introduced by geometric and physiological assumptions. The current clinical grading algo-
rithm also presents with important constraints by incorporating clinical markers that exhibit
flow dependence, such as AVA, or do not capture the complexity of disease pathology, such
as LVEF. Furthermore, the recommended protocol for DSE remains inconclusive in terms of
AS severity in approximately one in three patients, while it poses potential risks to patients.

Several novel markers have emerged in recent years to advance the diagnostic pipeline for AS,
yet their utility in differentiating true-severe and pseudo-severe classical LFLG AS remains
mostly unexplored. These markers include both an improved hemodynamic representation
of AS through transvalvular flow rate, projected valve area, or acceleration time, as well as
detailed LV myocardial assessment through regional and global STE-derived deformation
parameters. In addition, current data on the impact of DSE on these markers are sparse, with
little to no evidence on class-specific responses of different disease phenotypes. Furthermore,
contemporary ML literature on the use of echocardiographic data alone to derive composite
markers to improve severity and subgroup classification of AS is also limited.

DL algorithms have shown excellent agreement with expert annotations in predicting stan-
dard echocardiographic parameters, and their use in the diagnosis of AS has improved
significantly in recent years through the refinement of training objectives. All existing DL
studies excluded discordant AS from their training procedure, and their performance on the
classical and paradoxical LFLG AS phenotype remains unknown. Finally, despite DSE being
the recommended test in classical LFLG AS to confirm disease severity, to the best of our
knowledge, no research has investigated the additive value of stress testing in differentiating
between true-severe and pseudo-severe AS using DL algorithms.



4. Materials

This chapter outlines the various sources and types of data used throughout this thesis,
providing a reference point for the techniques introduced in later chapters. Since the overall
objective of this thesis was to benefit the assessment of LFLG AS, each method was evaluated
on clinical data from a cohort of 12 patients, termed as DSE12. This data set comprises
echocardiographic recordings of 12 patients who underwent DSE at Golden Jubilee National
Hospital, and is described in Section 4.1. For statistical analysis and machine learning
techniques, an additional data set of 60 patients with concordant AS was used. This is
denoted as the AS60 data set and is detailed in Section 4.2. The strain imaging methodology,
which focuses on obtaining 3D LV deformation parameters from triplane echocardiographic
data, leverages an open-source data set called Myocardial Wall Motion Analysis (MWMA)
(Puyol-Anton et al., 2019), described in Section 4.3. Finally, DL models were developed using
the Tufts Medical Echocardiographic Dataset (TMED) (Huang et al., 2022), as presented in
Section 4.4.

4.1 Low-Flow, Low-Gradient Aortic Stenosis Data Set

The central data set of this thesis comprises various echocardiographic recordings and clinical
measurements from 12 patients diagnosed with LFLG AS who underwent DSE at the Golden
Jubilee National Hospital, along with their respective diagnostic labels. This is denoted as the
DSE12 data set. The following markers were recorded by clinicians or measured manually
according to the guidelines recommendations.

• Hemodynamic parameters from spectral Doppler recordings performed at the level of
the AV and LVOT. Routine clinical predictors included peak velocity (𝑉max), mean
velocity (𝑉mean), peak pressure gradient (maxPG), mean pressure gradient (meanPG),
velocity time integral (VTI) and envelope time (Env.Ti). The corresponding heart rate
for each recording was also observed. An additional measurement of the acceleration
time was conducted at the AV level.

• Standard one-dimensional anatomical measurements of the LV and LVOT from the
PLAX view included the LVID, LVPW, IVS thickness, and LVOT diameter.

• LV volumetric and functional measurements were taken from the A4C and A2C views.
EDV and ESV were calculated using the Simpsons biplane or Teicholz method, while
GLS was obtained from GE EchoPac software.

32
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From these primary measurements additional clinical predictors were derived. The AVA was
calculated from the continuity equation assuming a circular LVOT geometry as introduced
in Equation 2.12. SV, EF, CO, Q, and DI were obtained using the equations described in
Chapter 2 and 3. BSA was used to index SV and AVA, and additional novel markers that
could be evaluated from the above measurements such as AT/ET and meanPG/AVA were
also calculated. An example of the various types of echocardiographic recordings used is
shown in Figure 4.1, while the complete patient data from the DSE12 data set is included in
Appendix A.

ET

AT

Figure 4.1: Clinical examples of routine echocardiographic measurements. The top row
depicts hemodynamic parameters obtained at the level of the aortic valve (AV) and at the
level of the left ventricular outflow tract (LVOT). The middle row shows the anatomical
measurements of the left ventricle (LV) and LVOT diameter, while the bottom row illustrates
the volumetric measurements of the LV and the assessment of LV contractile function by
global longitudinal strain (GLS).
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Some predictors were excluded from the data set. For example, the calculation of SV by
Doppler echocardiograhy resulted in inconsistencies with those measured by volumetric
quantification of the LV, while the calculation of projected valve area also proved to be
inaccessible in most cases due to inadequate flow reserve. GLS values were only recorded for
3 patients; therefore, these were also excluded from the statistical analysis. For other missing
values, such as BSA, the average of the AS60 data set was used, as this represented a larger
cohort, thus providing a more reliable estimate of the population mean.

The main characteristics of the DSE12 dataset with respect to AS severity and flow conditions
are as follows. Of the 12 patients, 8 had paired recordings collected at both baseline (rest-
ing) and stress-induced conditions, allowing intrapatient comparisons of hemodynamic and
morphological changes. Among these eight patients, one scan was marked as inconclusive,
while three presented severe AS and four moderate AS. Of the remaining four patients, who
had only baseline data, three had moderate AS and one had severe AS.

4.2 Concordant Aortic Stenosis Data Set

The data set called AS60 comprises echocardiographic recordings of 60 patients with concor-
dant AS, indicating that their maximum transvalvular velocity and/or mean pressure gradient
were in agreement with the area of the aortic valve. All recordings were acquired under rest-
ing heart rate conditions. Each patient was assigned an AS severity label of mild, moderate,
or severe, according to standard clinical guidelines presented in Table 2.1. The measurements
used in this data set include an identical set of hemodynamic and anatomical predictors as
described in the DSE12 data set, with an additional GLS recorded for the majority of patients
(41 out of 60) using EchoPac software. The complete measurement data from the AS60 data
set are provided in Appendix A.

The distribution of AS grades in the AS60 data set was balanced, with 20 patients in each
category. One patient (Patient 44) was excluded from the analysis due to inconsistencies
between their measurements and the diagnosis label. Triplane recordings were available
for seven patients in total, five with mild AS and one in each of the moderate and severe
categories. However, regional myocardial function was not evaluated in this cohort and GLS
was measured using commercial software.

This data set served multiple purposes. First, it allowed for various hypothesis tests using
a statistical framework to assess significant differences between AS severity grades and
different flow conditions, as presented in Chapter 5. Second, it was used to train ML models
aimed at predicting the severity of AS using only echocardiographic predictors. Finally, it
provided an external validation cohort to evaluate the generalisation performance of trained
DL algorithms on previously unseen clinical data, as explored in Chapter 7.
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4.3 3D Echocardiography Data Set

Given the inaccessibility of retrospective 3D US data from LFLG and concordant AS cohorts,
the triplane methodology was developed using an external data set, called Myocardial Wall
Motion Analysis (MWMA). This incorporated apical full-volume 3D US sequences of the
LV of 9 healthy participants as described by Puyol-Anton et al. (2019). These recordings
were stored in the Neuroimaging Informatics Technology Initiative (NIfTI) format (Cox et al.,
2004). The voxel spacing ranged from 0.7 mm to 1.0 mm, with image sizes typically spanning
from 208 × 240 × 176 to 272 × 256 × 224 voxels along the X, Y, and Z axes, respectively.
Each image sequence contained between 19 and 31 frames, starting with the end-diastolic
frame as the first frame in the series. An example is shown in Figure 4.2.

EDV (t = 0) ESV (t = 12)

Figure 4.2: Example recordings of 3D ultrasound volumes from the myocardial wall motion
analysis data set as displayed at the end-diastolic [left] and end-systolic frames within the
cardiac cycle. The arrows represent the three major axes and standard orientation labels are
provided for right (R), left (L), superior (S), inferior (I), and anterior (A) directions.

This data set was used to simulate a synthetic triplane acquisition mode, compare myocardial
deformation parameters between 3D and triplane imaging approaches, and evaluate the
reconstruction error in the LV geometry.

4.4 Tufts Medical Echocardiogram Data Set

Currently, TMED2 is the only publicly available data set that facilitates the development of
AS severity classification algorithms from TTE recordings, and its use in DL research has
been widely adopted as a benchmark to evaluate new architectures. It comprises of:

• The view and diagnosis labelled set with 599 studies from 577 unique patients, where
all patients have an AS diagnostic label, and some images from each study have view
label annotations. This is also referred to as DEV479 in the literature as the number of
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studies in the development set (training and validation partitions) adds up to 479.

• The view labelled set with 705 studies from 703 unique patients associated with the
view labels only, and can be used for the development of view classifier algorithms.

• The unlabelled set with 5486 studies of 5287 patients without any associated view
labels or AS severity grades, and is commonly used for pre-training purposes.

Patients are classified according to diagnostic grades as having no, mild, mild to moderate,
moderate or severe cases of AS as assigned by clinical guidelines, while the view labels
correspond to PLAX, PSAX, A4C, A2C, or A4CA2C/other anatomical view classes. All
studies comprise a varying number of greyscale images with a size of 112x112 pixels stored
in a PNG format. Although diagnostic labels denote five distinct grades of AS severity, the
usual learning objective in this data set is to predict three separate categories: no AS, early
AS, or significant AS. In this classification regime, mild and mild to moderate cases constitute
the early AS group, while moderate and severe correspond to the significant AS category.

Recent studies have also used three predefined cross-validation splits to assess the perfor-
mance of DL models. These splits are structured to ensure equal distributions of studies with
regard to severity labels and the number of images per study across each fold. A summary of
each fold is presented in Table 4.1, including the distribution of severity labels, as well as the
number of images per study in the training, validation, and test splits. Given that DEV479
is considered a common benchmark for the development of learning algorithms that aim to
predict the severity of AS, the models developed in Chapter 7 will use this data set for training
and validation purposes, and will also evaluate their generalisation performance using private
clinical data from the AS60 and DSE12 data sets.

Split Number of Studies Avg. Images per Study
no AS early AS significant AS All no AS early AS significant AS

Fold 1
Train 76 103 181 360 13.0 21.0 95.5
Val 25 34 60 119 14.0 28.0 102.0
Test 25 34 60 119 14.0 35.0 114.5

Fold 2
Train 76 103 181 360 13.0 22.0 100.5
Val 25 34 60 119 14.0 23.0 97.0
Test 25 34 60 119 10.0 28.0 110.0

Fold 3
Train 76 103 181 360 13.5 22.0 99.5
Val 24 34 60 118 13.0 22.0 95.5
Test 26 34 60 120 13.5 31.0 98.0

Total
All 126 171 301 598 — — —

Table 4.1: Distribution of severity labels and average number of labeled images per study
across the training, validation, and test splits for each fold in TMED2.



5. Analysis of Clinical Predictors Using Statistical
and Machine Learning Methods

This chapter presents the statistical analysis and application of classical machine learning
techniques using standard and novel echocardiographic predictors. Section 5.1 reiterates the
research gaps addressed in this study, followed by a detailed description of the methodological
framework in Section 5.2. The results and key findings are presented in Section 5.3. Section
5.4 includes the conclusions of this chapter.

5.1 Introduction

With emerging evidence supporting the clinical utility of novel echocardiographic markers
(such as the ratio of acceleration time to ejection time and transvalvular flow rate) in the
evaluation of both concordant and discordant AS, the refinement of the current AS grading
algorithm may be achieved by analysing these predictors between different AS phenotypes
and severity grades. Although DSE remains the recommended examination for classical
LFLG AS, the impact of this procedure on individual predictors remains sparsely explored,
with no severity-specific cut-off values for most markers. DSE can also remain inconclusive,
in which case it provides little or no benefit in the assessment of the severity of AS. The
efficacy of DSE in differentiating severe and pseudo-severe classical LFLG AS is not yet
established when using novel clinical markers. In addition, the cut-off values for AVA and
mean transvalvular gradient as observed at maximum stress state in classical LFLG AS is
identical to the concordant AS population, which assumes that stress testing causes predictors
to conform to normal flow conditions. This assumption has also not been validated yet.

In this chapter, the examination of both standard and novel echocardiographic predictors
is covered with respect to the different hemodynamic states and severity grades using a
comprehensive statistical analysis framework. The efficacy of DSE is also inferred by
examining intrapatient stress responses in a wide range of echocardiographic predictors.
Classical ML techniques are employed in the concordant AS cohort to predict the severity
of AS and their generalisation performance was assessed in both resting and stress states
to facilitate learning a representation of the severity of the disease that is applicable in the
resting state.

37
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5.2 Methodology

This section outlines the methods used to assess the efficacy of DSE in stratifying the
diagnosis of LFLG AS, utilising various clinical predictors documented within the AS60 and
DSE12 data sets. First, a univariate analysis was performed to explore the distribution of
each predictor and to perform several hypotheses tests. Subsequently, the study progressed to
using multivariate analysis methods to identify the main combination of features that affect
the variability and class separation present in the AS60 data set. Next, various ML models
were implemented to classify the severity of AS using the AS60 data set. Then, these models
were evaluated for their ability to generalise to the DSE12 data set and a set of synthetically
generated patients. This assessment aimed to determine the efficacy of DSE in classifying the
severity of LFLG AS, learnt by decision rules under normal flow conditions, and to examine
the degree to which the decision rules complied with clinical guidelines.

5.2.1 Univariate Analysis

As the simplest approach to analysing the recorded data is through univariate analysis, the
first technique used in this section examined each feature in the clinical data set on its own,
without considering how the features might interact with one another. To explore the main
trends, the mean and standard deviation of each severity group (mild, moderate, and severe
AS) were calculated.

After examining the feature distributions individually, the analysis progressed to performing
statistical tests aimed at evaluating various hypotheses:

• Test I. compared the distribution of clinical predictors between the different severity
groups of AS within the AS60 data set to explore which markers provide the best
distinction between the AS groups under normal flow conditions. The null hypothesis,
denoted as 𝐻0, stated that, under normal flow conditions, there are no significant
differences between the group means/medians. The test included a total of 59 patients,
as the measurements of one patient did not match clinical guidelines.

• Test II.A/1 was conducted to determine if the clinical predictors evaluated previously
in test I still differentiate the groups in the DSE12 data set recorded in the baseline
state, where LFLG hemodynamic conditions applied. 𝐻0 here stated that there are no
significant differences between the baseline means/medians of severity groups under
LFLG hemodynamic conditions. The test incorporated a total of 11 patients from the
DSE12 data set, as one patient’s diagnosis was inconclusive.

• Test II.A/2 assessed the similarity between the baseline recordings of DSE12 and
the AS60 patients across each severity groups to evaluate the resemblance in the
distribution of clinical predictors between the two data sets. 𝐻0 proposed that no
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significant difference exists between the DSE12 baseline and AS60 measurements
within the respective severity groups. Given that the DSE12 data set lacked patients
diagnosed with mild AS, comparisons were made with the moderate and severe groups,
consisting of 7 and 4 patients, respectively.

• Test II.A/3 conducted a similar analysis as II.A/2, however, it utilised the stress record-
ings from the DSE12 data set instead of the baseline. 𝐻0 stated that there is no sta-
tistically significant difference between the DSE12 stress and AS60 recordings within
the corresponding severity groups. Similarly, the test was performed for groups with
moderate and severe AS, comprising 4 and 3 patients, respectively.

• Test II.B/1 examined whether changes in the stress response could substantially in-
fluence predictors within individuals, regardless of the severity of AS. 𝐻0 stated that
there is no significant difference between the means/medians of the baseline and stress
recordings. As the diagnostic label did not pertain to this test, the patient with incon-
clusive scans was readmitted, resulting in a total of 8 patients.

• Test II.B/2 investigated whether the change of each feature from baseline to stress
differed between the severity groups. 𝐻0 stated that the means/medians of the change
in predictors from baseline to stress do not significantly differ among the severity
groups. The DSE12 subjects involved in this test are identical to those in test II.A/3.

Table 5.1 summarises the various hypothesis tests conducted in this chapter, including the
objectives and comparison groups of each test, as well as the associated sample sizes.

To perform the appropriate statistical test for each hypothesis, continuous clinical predictors,
acting as dependent variables, were categorised. The Shapiro-Wilk test was used to check
whether the feature distribution adhered to a normal distribution. A p-value greater than
0.05 indicated that the outcome variable conformed to a normal distribution, allowing for
parametric statistical tests. In contrast, p-values below 0.05 suggested that the distribution
of the feature was skewed, necessitating the use of non-parametric statistical tests. Subse-
quently, the number of categorical variables for comparison was classified into two types.
When comparing more than two groups (e.g., in test I. and II.A/1, where the independent
variables comprised three severity groups), the Analysis of Variance (ANOVA) was selected
for the parametric test, whereas the Kruskal-Wallis H-test was utilised as the non-parametric
counterpart. These tested for statistically significant differences in means/medians across
the independent groups. To compare two independent groups (as seen in test II.A/2 and
II.A/3) with a normally distributed outcome variable, the Student’s t-test was employed.
Conversely, the Mann-Whitney U-test was utilised for comparing two independent groups
when the predictors were skewed. To compare paired groups, such as in test II.B/1 where
baseline and stress recordings were interrelated, the Wilcoxon Signed-Rank test was applied
as the non-parametric test, while the paired t-test was employed for parametric analysis.
Figure 5.1 shows a flow chart illustrating the selection process for the suitable test.
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Test Objective Comparison Sample Size

I

Assess which echocardiographic
predictors distinguish AS

severity under normal flow
conditions.

Mild vs Moderate vs Severe
in AS60 59

II.A/1
Determine which predictors

differentiate AS severity under
LFLG baseline conditions.

Moderate vs Severe in
DSE12 (baseline) 11

II.A/2
Compare baseline LFLG

recordings with normal flow
data.

AS60 vs DSE12 (baseline),
Moderate (7) and Severe (4) 11

II.A/3
Compare stress LFLG

recordings with normal flow
data.

AS60 vs DSE12 (stress),
Moderate (4) and Severe (3) 7

II.B/1 Assess overall change in
predictors due to stress testing.

Baseline vs Stress within
DSE12 (paired) 8

II.B/2 Evaluate whether the stress
response differs by AS severity.

Δ(Baseline – Stress) across
Moderate and Severe groups 7

Table 5.1: Overview of the hypothesis tests performed in this chapter. Each test is defined
by its objective, the comparison groups involved, and the corresponding sample sizes used
for statistical analysis. AS60 refers to the concordant aortic stenosis (AS) data set, while
DSE12 denotes the low-flow, low-gradient (LFLG) AS cohort, who underwent dobutamine
stress echocardiography with both resting and stress recordings.

Normally distributed

Kruskal-Wallis 
H-test

ANOVA
Mann-Whitney
U-test

Student's
t-test

Wilcoxon Signed
Rank test

2 groups 

Paired Nonpaired Paired Nonpaired

> 2 groups 2 groups > 2 groups 

Paired
t-test

Skewed

Figure 5.1: Flow diagram for choosing the appropriate statistical test. The left column
presents the parametric tests, whereas the right column lists the non-parametric tests for
continuous dependent variables and categorical independent variables. (Figure adapted from
An (2019)).
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In cases of small sample sizes (𝑛 < 10), the Shapiro-Wilk test was considered to have
limited statistical power, therefore non-parametric analysis was preferred even when 𝑝-values
exceeded 0.05. When statistical tests indicated significant differences among more than two
groups, post hoc tests were performed to examine pairwise differences between the groups.
Tukey’s HSD was selected as the parametric post-hoc test, while Dunn’s test served as the
non-parametric counterpart. Since performing multiple hypotheses tests increases the chance
of encountering unlikely outcomes even when the null hypothesis is true, thereby raising the
risk of incorrectly rejecting the null hypothesis, a correction was applied when running post
hoc tests to reduce the false-positive error rate. After performing the appropriate test for each
hypotheses with the corresponding post hoc tests and corrections, a p-value less than 0.05
resulted in the rejection of the null hypothesis.

5.2.2 Multivariate Analysis

After conducting the initial univariate analysis utilising the clinical predictors, the study
expanded to incorporating multivariate data analysis techniques.

Principal Component Analysis

To uncover the dominant combinations of features that describe as much of the data as
possible (i.e. maximise the variance), an unsupervised learning technique, called principal
component analysis (PCA), was used. The initial step involved representing the clinical data
using a design matrix X ∈ R𝑝× 𝑓 , where 𝑝 denotes the total number of patients and 𝑓 indicates
the number of features used in the AS60 data set. The features were then standardised to have
0 mean and unit variance

𝑋̂𝑖 𝑗 =
𝑋𝑖 𝑗 − 𝜇 𝑗
𝜎𝑗

, (5.1)

by subtracting the mean of each column, 𝜇 𝑗 , from the data points and dividing by the standard
deviation of the corresponding feature, 𝜎𝑗 . The covariance matrix was then calculated from
the standardised data matrix as

C =
1

𝑝 − 1
X̂𝑇 X̂, (5.2)

capturing the relationship between each feature. The next step in PCA involved the eigen
decomposition on the covariance matrix as

CV = VD, (5.3)

where V ∈ R 𝑓× 𝑓 comprises the eigenvectors, v, in its columns, and D ∈ R 𝑓× 𝑓 is a diagonal
matrix containing the corresponding eigenvalues, 𝜆. The principal components are then
defined by projecting the standardised data matrix to the eigenvectors as

T = X̂V. (5.4)
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To compute the fraction of variance, 𝜖𝑟 , captured by the first 𝑟 components, the eigenvalues
were used as

𝜖𝑟 =

∑𝑟
𝑘=1 𝜆𝑘∑ 𝑓

𝑘=1 𝜆𝑘
. (5.5)

The optimal number for 𝑟 was chosen so that 𝜖𝑟 exceeded 95%. Truncating V, by keeping
only the first 𝑟 columns, yielding V𝑟 , allowed for a lower-dimensional representation of the
data matrix as

T𝑟 = X̂V𝑟 . (5.6)

To examine the contribution of the clinical features to the principal components, the coeffi-
cients of the eigenvectors, also referred to as the loadings, were examined. Having obtained
T𝑟 , the analysis was extended to employ the same descriptive techniques and statistical tests
as previously described in the univariate analysis section, but this time using the reduced-
dimensional representation of the data matrix in PCA-space, rather than the clinical features
themselves.

Linear Discriminant Analysis

PCA was used to identify directions of maximum variance, thereby preserving as much
information as possible while reducing the dimensionality of the data. In contrast, linear
discriminant analysis (LDA) was employed to maximise the separation between known AS
severity grades. By using the existing clinical labels for mild, moderate, and severe AS, LDA
identifies projection directions that optimise class separation within a wider multivariate
feature space. This may result in decision boundaries that translate more effectively to LFLG
AS than those based on individual guideline-defined predictors alone. Therefore, LDA not
only further reduces the dimensionality of the input but may also provide additional insight
beyond standard guideline criteria in diagnostically challenging phenotypes.

The aim of LDA - to find an optimal projection matrix, that both maximises the separation
between classes and reduces the variance within each class - is expressed as a maximisation
objective via

W = argmax
W

|W𝑇S𝐵W|
|W𝑇S𝑊W|

. (5.7)

The columns of W ∈ R𝑟×𝑘 are the projection directions, called discriminant vectors, S𝐵 ∈
R𝑟×𝑟 represents the between-class scatter matrix measuring the separation between class
means, and S𝑊 ∈ R𝑟×𝑟 is the within-class scatter matrix encompassing the spread of each
class around their means. To implement this supervised learning algorithm, first, the patient
diagnosis labels (mild, moderate, and severe AS) were assigned to the class labels 0, 1 and 2,
respectively. Next, the number of discriminant vectors was chosen through 𝑘 = 𝑚𝑖𝑛(𝑛𝑐−1, 𝑟),
where 𝑛𝑐 is the number of distinct classes, while the value of 𝑟 was identical to that previously
found in the PCA. It is important to note that to maximise the expression found on the
right-hand side of equation 5.7, also referred to as the Rayleigh quotient, one can increase
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the numerator, which assesses class separation, and/or decrease the denominator, which
represents the within-class spread.

To calculate the scatter matrices, the classwise mean vectors, 𝝁𝑐, and the global mean vector,
𝝁 of the rank 𝑟 PCA representation of the data matrix are calculated first, as

𝝁𝑐 =
1
𝑝𝑐

∑︁
x∈T𝑟 ,𝑐

x , for 𝑐 ∈ {0, 1, 2}, and 𝝁 =
1
𝑝

𝑝∑︁
𝑖=1

x𝑖 . (5.8)

Here, T𝑟,𝑐 represents the subset of the reduced PCA representation of the data matrix of
patients with class label 𝑐, and 𝑝𝑐 is the number of patients in class 𝑐. From the above
equations, the between-class and within-class scatter matrices are formulated as follows

S𝐵 =

2∑︁
𝑐=0

𝑝𝑐 (𝝁𝑐 − 𝝁)𝑇 (𝝁𝑐 − 𝝁) and S𝑊 =

2∑︁
𝑐=0

∑︁
x∈T𝑟 ,𝑐

(x − 𝝁𝑐)𝑇 (x − 𝝁𝑐). (5.9)

Since S𝐵 and S𝑊 are computed directly from the input data matrix and the corresponding
class labels, they remain constant for a given data set. Therefore, maximising the Rayleigh
quotient depends only on the discriminant vectors, w, which are found through solving the
eigenvalue problem

S𝐵w = 𝜆S𝑊w. (5.10)

After finding W, the rank 𝑟 PCA decomposition was projected to the discriminant vectors
through

X𝐿𝐷𝐴 = T𝑟W. (5.11)

5.2.3 Classification Algorithms

To complement the univariate statistical analysis, performed to test the validity of various
null hypotheses, classification algorithms were developed to learn the specific decision rules
that best separate AS severity groups in the multivariate case. Several algorithms were tested
on both PCA and LDA reduced feature spaces of the AS60 data set.

K-Nearest Neighbour

The simplest non-parametric model for predicting the class labels of unseen data points,
x𝑢 ,is the k-nearest neighbour algorithm. This algorithm calculates the Euclidean distances
between the new sample and the input examples as

𝑑𝑖 = ∥x𝑢 − x𝑖∥2 (5.12)

and selects the class labels with the 𝐾 lowest distances, represented by the set 𝑌𝐾 =

{𝑦𝑖1 , .., 𝑦𝑖𝐾 }. The class label is then assigned to the new sample by a majority vote be-
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tween the 𝐾 closest examples as

𝑦̂ = argmax
𝑐∈{0,1,2}

∑︁
𝑦∈𝑌𝐾

𝛿𝑦𝑐 ,where 𝛿𝑦𝑐 =


1 if 𝑦 = 𝑐

0 if 𝑦 ≠ 𝑐
(5.13)

Selecting the hyperparameter 𝐾 , has a great influence on how the decision boundaries are
assigned, generally adhering to the rule that low values (e.g. 𝐾 ≤ 3) tend to overfit the
input data, while setting the number of neighbours too high (𝐾 ≥ 10) can result in poor
resemblance of local structures.

Logistic Regression

Multinomial logistic regression is a linear model that estimates the probability that an obser-
vation belongs to each of the possible classes. This is achieved by first computing the class
scores, z ∈ R𝑛𝑐 , for an input row vector x ∈ R 𝑓 by

z = xW + b, (5.14)

where W ∈ R 𝑓×𝑛𝑐 and b ∈ R𝑛𝑐 represent the weight and bias parameters of the model, while
𝑓 and 𝑛𝑐 are the number of input features and the number of classes, respectively. These
scores are then normalised through the softmax function, 𝜎 : R𝑛𝑐 → (0, 1)𝑛𝑐 , to represent
the probability scores for each class by

𝑃(𝑦 = 𝑐 |x) = 𝜎(𝑧𝑐) with 𝜎(𝑧𝑐) =
𝑒𝑧𝑐∑2
𝑗=0 𝑒

𝑧 𝑗
. (5.15)

Class labels are assigned to the new sample by taking the class with the highest probability,
such that

𝑦̂ = argmax
𝑐∈{0,1,2}

𝜎(𝑧𝑐). (5.16)

The parameters of the model are learnt via gradient-based optimisation, which is detailed in
Chapter 7.

Support Vector Machine

While logistic regression employs a probabilistic approach aimed at maximising the likelihood
of the correct class, support vector machines (SVM) are utilised to identify the optimal
hyperplane (a linear decision boundary in a high-dimensional space) that separates data points
into their corresponding categories. In cases where the input data are linearly separable, this
is achieved by maximising the margin, which is defined as the distance between the nearest
points of each class and the hyperplane.

For a binary classification, where the input labels are 𝑦𝑖 ∈ {−1, 1}, the SVM computes the
class score of an input row vector x𝑖 ∈ R 𝑓 by

𝑧𝑖 = x𝑖w𝑇 + 𝑏, (5.17)

where the parameters of the model w ∈ R 𝑓 and 𝑏, represent the normal vector to the
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hyperplane and the intercept term, respectively. Since any point lying on the hyperplane is
assigned to 0 by definition, as shown in Figure 5.2, the SVM classifies the inputs as belonging
to the positive class if the score exceeds 0, and predicts it belonging to the negative class if
the score is negative as

𝑦̂𝑖 = sgn(𝑧𝑖), (5.18)

where sgn() refers to the sign function. It is important to note that in the linearly separable
case there exist two other hyperplanes, 𝐻1 and 𝐻2 parallel to 𝐻0, that not only ensure that
the predicted score has the correct sign but also that the absolute value of the class scores are
greater than 1, i.e. |𝑧𝑖 | ≥ 1.

Figure 5.2: The decision boundary of a support vector machine classifier as depicted in
the linearly separable case [left] and as shown in the linearly non-separable case [right].
The orange and blue points belong to the positive and negative classes respectively. The
parameters of the model define a hyperplane (a line in two dimensions), 𝐻0, such that
𝐻0 = {x ∈ R 𝑓 : xw𝑇 + 𝑏 = 0}. (Figure adapted from Garcı́a-Gonzalo et al. (2016)).

To find a linear decision boundary with the largest separation between classes, the margin,
measured by 2

∥w∥ , is maximised. Since this objective is equivalent to minimising the inverse
of the margin, SVM finds the optimal hyperplane that achieves correct classification for all
inputs via

min
w,𝑏

1
2
∥w∥ subject to 𝑦𝑖𝑧𝑖 ≥ 1 ∀𝑖 ∈ {1, .., 𝑛}, (5.19)

where 𝑛 represents the number of input examples. This classifier is called the hard-margin
SVM.

For the linearly non-separable case, SVM can be altered in two ways:

• Modifying the optimisation objective and relaxing its constraint to allow some mis-
classification. This algorithm still produces linear decision boundaries, but is preferred
when the data is almost linearly separable with some amount of overlap between classes.

• Projecting the input data to a higher-dimensional feature space where the data is linearly
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separable. This algorithm is suited for finding nonlinear decision boundaries.

The former is known as soft-margin SVM, and its optimisation objective is expressed by
introducing a new variable into equation 5.19 as

min
w,𝑏,𝝃

1
2
∥w∥ + 𝐶

𝑛∑︁
𝑖=1

𝜉𝑖 subject to 𝑦𝑖𝑧𝑖 ≥ 1 − 𝜉𝑖 ∀𝑖 ∈ {1, .., 𝑛}, (5.20)

where 𝜉𝑖 measures the extent of misclassification by calculating the distance from the hard
margins through

𝜉𝑖 = max(0, 1 − 𝑦𝑖𝑧𝑖). (5.21)

Misclassified points are characterised by 𝜉 > 1, while points that are correctly classified and
lie within the margin satisfy 0 ≤ 𝜉 ≤ 1. For correct predictions that are beyond the margin,
𝜉 = 0. Due to the significant impact of large 𝜉 values on the optimisation objective, this
method makes the SVM susceptible to outliers; however, modifying the hyperparameter 𝐶
allows for the adjustment of this effect.

The latter is called the kernel SVM, referring to the kernel function used to obtain the high-
dimensional feature space in which a linear decision boundary may exist. Common kernel
functions include the polynomial and Gaussian kernels.

To perform multiclass classification with SVM algorithms, 𝑛𝑐 number of independent binary
classifiers are developed 𝑓𝑐 (x) = xw𝑇

𝑐 + 𝑏𝑐 on the one-vs-rest grouping of class labels and
aggregating their prediction by taking the maximum class scores as

𝑦̂ = argmax
𝑐∈{0,1,2}

𝑓𝑐 (x). (5.22)

5.2.4 Model Selection

After defining the models, the next step was to evaluate their performance using a set of input
examples paired with their corresponding diagnosis labels 𝑆 = {(x𝑖, 𝑦𝑖)}𝑛𝑖=1, to identify the
most appropriate algorithm for the classification task. Assessing several models with various
hyperparameter configurations across different feature spaces - a process known as model
selection- facilitates the development of models capable of generalising to new, unseen data.

Performance Metrics

The model selection process begins by establishing the appropriate performance metric
through which the models are evaluated. In the context of a classification task, the typically
selected metrics are as follows:

• Accuracy is simply defined as the ratio of correct predictions to the number of examples
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as

A =
1
𝑛

𝑛∑︁
𝑖=1

𝛿𝑦𝑖 𝑦̂𝑖 , (5.23)

where 𝑦𝑖 is the ground truth label, for example 𝑖, 𝑦̂𝑖 is the label predicted by the
model, and 𝛿 is the Krockner delta function introduced in equation 5.13. This metric
is well-suited for data sets with equal proportions of class labels.

• Recall measures the ratio of correctly predicted class 𝑐 examples (also known as true
positives) to the total number of class 𝑐 examples, such that

R𝑐 =

∑𝑛
𝑖=1 𝛿𝑦𝑖𝑐𝛿 𝑦̂𝑖𝑐

𝑝𝑐
, (5.24)

where 𝑝𝑐 represent the number of samples belonging to class 𝑐. This metric is also
referred to as the sensitivity or true positive rate (TPR), reflecting the model’s ability
to detect positive classes correctly.

• The precision is calculated as the ratio of true positives to the total number of class 𝑐
predictions, so that

P𝑐 =
∑𝑛
𝑖=1 𝛿𝑦𝑖𝑐𝛿 𝑦̂𝑖𝑐∑𝑛
𝑖=1 𝛿 𝑦̂𝑖𝑐

(5.25)

measuring how well the model is able to avoid false positives.

• Balanced accuracy is often preferred over standard accuracy in cases where class labels
are unevenly distributed within a data set (i.e., the data set is imbalanced) to avoid the
majority class from disproportionately influencing the performance. It is calculated by
taking the average of the class recall values as

B =
1
𝑛𝑐

𝑛𝑐∑︁
𝑐=1

R𝑐, (5.26)

where 𝑛𝑐 denotes the number of classes.

• The F1 score is used to combine the precision and recall metric to measure both
performances simultaneously as

𝐹1 =

𝑛𝑐∑︁
𝑐=1

2𝑅𝑐𝑃𝑐
𝑅𝑐 + 𝑃𝑐

. (5.27)

Cross-Validation

After choosing the performance metrics, the various models were evaluated against each other
using the AS60 data set. To estimate how well the models would perform on unseen data,
cross-validation was used. This technique splits all available data into different partitions,
each serving specific functions. The training set is used to determine the parameters of
the classification algorithm, while the validation set is used to evaluate the generalisation
capability of the trained model. It should be noted that often there is separate held out test
set to evalute the final performance of the model. However, this approach was not feasible in
this study due to the size of the AS60 cohort, as further partitioning would have substantially
reduced the amount of data available for training and validation. Therefore, reporting on the
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final test performance was omitted from the analysis and a more qualitative method was used,
in which the learnt decision boundaries were examined with respect to the feature distribution
of the DSE12 patients and synthetically generated patients classified according to clinical
guidelines. This enabled an exploratory analysis of the utility of the models in clinically
relevant settings, rather than providing an estimate of predictive performance.

Given the constraints of the available clinical data, stratified k-fold cross-validation was
considered the optimal method for the validation strategy. In this approach, the AS60 data
set was randomly partitioned into 𝑘 approximately equal size folds using stratified sampling,
thus preserving the overall AS severity class distribution within each fold. Subsequently, the
learning algorithm underwent training on the combined 𝑘 − 1 folds and was evaluated using
the held-out partition. This process was repeated 𝑘 times, using each fold precisely once as
the validation set. The model performance is then reported as the average validation score
across the folds given the chosen metric.

Although the model parameters are acquired from the training data, certain parameters are
set manually prior to the training process. These can include the number of neighbours
for the KNN algorithm, the regularisation strength used in the loss function of the logistic
regression, or the type of kernel function used in the SVM. These predetermined parameters
are referred to as hyperparameters, and they significantly impact the decision boundaries the
model learns, although they remain fixed once training begins. To address the challenge of
manually examining all hyperparameter combinations, grid search is employed. This method
conducts a systematic search through a predefined parameter grid containing all potential
values for each hyperparameter, and it keeps track of the optimal hyperparameter settings.

The hyperparameter grid was defined by the number of PCA components, the number of LDA
components, the regularisation term for objective functions used by the logistic regression
and SVM classifiers, the type of kernel used by the SVM classifier, as well as the number
of neighbours used for the KNN algorithm. The algorithm performing stratified k-fold
cross-validation with grid search hyperparameter tuning is shown in Algorithm 1.

5.2.5 Applicability to Low-Flow, Low-Gradient Aortic Stenosis and Synthetic Data

The applicability of each tuned classification algorithm to the LFLG state was then assessed
using the DSE12 data set. This analysis examined whether the decision rules learnt from
concordant AS remained clinically meaningful when applied to patients with LFLG hemo-
dynamic conditions. In addition, a synthetically generated data set was used to examine how
well clinical guidelines adhered to the learnt decision boundaries.

To investigate how the model applies to patients with LFLG AS, the DSE12 data set was
transformed into the low-dimensional feature space used by the classification algorithm.
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Algorithm 1 The stratified k-fold cross-validation algorithm with grid search for hyperpa-
rameter tuning of each classifier.
Require: data set (𝑋, 𝑦) with 𝑁 samples, Parameter grid G, Number of folds 𝐾
Ensure: Best parameters 𝜃∗, Best validation score 𝑠∗

1: Initialize 𝑠∗ ← 0, 𝜃∗ ← ∅
2: for each parameter combination 𝜃 ∈ G do
3: Initialize list of validation scores S ← [ ]
4: Generate 𝐾 stratified folds {(𝑋 train

𝑘
, 𝑦train

𝑘
), (𝑋val

𝑘
, 𝑦val

𝑘
)}𝐾
𝑘=1

5: for each fold 𝑘 = 1 to 𝐾 do
6: Fit scaler on 𝑋 train

𝑘
and transform both 𝑋 train

𝑘
, 𝑋val

𝑘

7: Fit PCA with 𝑛PCA on 𝑋 train
𝑘

and transform both 𝑋 train
𝑘

, 𝑋val
𝑘

8: Fit LDA with 𝑛LDA on 𝑋 train
𝑘

and transform both sets
9: Fit classifier with hyperparameters from 𝜃 on transformed 𝑋 train

𝑘

10: Predict on transformed 𝑋val
𝑘

and compute score 𝑠𝑘
11: Append 𝑠𝑘 to S
12: end for
13: Compute mean score 𝑠 = 1

𝐾

∑𝐾
𝑘=1 𝑠𝑘

14: if 𝑠 > 𝑠∗ then
15: 𝑠∗ ← 𝑠, 𝜃∗ ← 𝜃

16: end if
17: end for
18: return 𝜃∗, 𝑠∗

Subsequently, the model’s decision surface was visualised, as it was learnt under normal flow
conditions, and the baseline and stress recordings of DSE12 were overlaid. This allowed for
a visual assessment of the stress response, addressing multiple questions:

• Did stress testing alter the predicted severity?

• Did stress testing align patients more closely with their true class labels?

• Did stress testing cause patients with different grades of AS to become more similar or
more distinct?

A similar approach was considered to assess the concordance of the learnt decision functions
with clinical guidelines. The decision boundaries of each model were visualised in the
reduced feature spaces and the overlap between a synthetically generated set of patients
classified by the clinical guidelines was assessed. In order to create synthetic data, the feature
distribution observed in the AS60 data set was employed. Assuming that the recorded features
followed a normal distribution within the extended population, new patient instances, denoted
as x̃, were sampled from a multivariate Gaussian distribution by

x̃ 𝑗 ∼ N(𝝁,Σ) for 𝑗 = 1, .., 𝑚 , (5.28)

where 𝝁 and Σ are the mean feature vector and covariance matrix of the AS60 data set,
respectively, while 𝑚 denotes the number of synthetic patients. The generated data was then
filtered to exclude physiologically impossible patients, and diagnosis labels were assigned
following clinical guidelines.
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5.3 Results and Discussion

This section provides the results obtained from applying the methodology described previ-
ously for performing a statistical analysis on the clinical predictors observed in the AS60
and DSE12 data sets. First, univariate analysis and hypotheses testing are covered, followed
by the evaluation of multivariate techniques. Finally, the classification algorithms training
procedure and generalisation performance is detailed.

5.3.1 Univariate Analysis

To investigate the primary trends present in the AS60 data set, a box and whisker plot was
used, illustrating the distribution of clinical predictors in each severity class as shown in
Figure 5.3. The DSE12 measurements from the baseline and stress states are overlayed on
the corresponding features to further aid in the visual comparison of the two distinct flow
conditions.

From the plot it can be deduced that a clear separation of classes occurs in patients with
normal flow conditions for predictors included in the clinical recommendations (AV maxi-
mum velocity, AV mean pressure gradient, AVA), which confirms that the cutoff values can
distinguish the severity of AS. It can also be inferred that for the same predictors, DSE12
patients recorded at resting heart rate exhibit little to no separation in terms of the severity of
AS. However, stress testing appeared to slightly improve the distinction between classes for
AV Vmax. It is apparent that attributes such as AV mean velocity and AV maximum pressure
gradient, which are closely aligned with those employed in the guidelines, show a similar
trend, both in normal flow states and under LFLG conditions.

Although hemodynamic measurements obtained at the level of the LVOT and features related
to the LV volume (such as EDV, ESV, and EF) do not seem to assist in class differentiation,
AV envelope time and AV VTI show a promising stress response by diverging patients with
different class labels. A possible explanation might be that DSE led to a more significant
increase in heart rate in patients with moderate AS, thus reducing envelope time by a greater
amount.

It is noted that the greatest discrepancy in the DSE12 data set, when compared with the AS60
patient data, is related to predictors associated with LV volumetric measurements. This
is likely caused by the measurement software’s dependency on estimating these predictors
from two-dimensional measurements, such as those derived from the Simpson biplane or the
Teicholz method.
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Figure 5.3: The distribution of clinical predictors by aortic stenosis (AS) severity in the
concordant AS cohort, as depicted via a box and whisker plot. The corresponding features
from the low-flow, low-gradient AS cohort is shown on top. Square markers represent the
baseline, while the circular markers the stress states. The clinical cutoff values are marked
by a dashed line for maximum velocity through the aortic valve (AV Vmax), the mean
transvalvular gradient (AV mean PG), aortic valve area (AVA), and indexed AVA (AVAi).
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Following the preliminary qualitative assessment of the main trends within the AS60 and
DSE12 data sets, a series of statistical tests were performed to quantitatively evaluate the
different research questions. In Table 5.2, the p-values for each hypothesis tested are compiled,
with rows indicating the predictor under examination and columns denoting the specific
test conducted. P-values less than 0.05 are highlighted, indicating statistically significant
differences.

Predictor / Test I. II.A/1 II.A/2 II.A/3 II.B/1 II.B/2

AV Vmax 1.87e-08 0.660 0.472/0.019 0.813/0.201 0.041 0.857
AV Vmean 1.87e-08 0.611 0.472/0.019 0.816/0.145 0.066 0.629
AV maxPG 1.87e-08 0.660 0.472/0.028 0.813/0.201 0.041 0.857
AV mean PG 1.87e-08 0.666 0.185/0.021 0.816/0.344 0.041 0.400
AV env. Time 5.67e-01 0.193 0.956/0.935 0.158/0.145 0.041 0.400
AV VTI 1.87e-08 0.269 0.472/0.019 0.401/0.145 1.000 0.400
AV/LVOT 2.18e-08 0.881 0.110/0.048 0.813/0.145 0.342 0.229
LVOT Vmax 3.15e-01 0.475 0.032/0.935 0.813/0.508 0.123 0.057
LVOT Vmean 3.15e-01 0.709 0.032/0.935 0.816/0.573 0.070 0.074
LVOT maxPG 3.35e-01 0.475 0.047/0.935 0.813/0.899 0.505 0.057
LVOT mean PG 2.81e-01 0.284 0.032/0.242 0.813/1.000 0.070 0.114
LVOT env. Time 2.81e-01 0.825 0.551/0.663 0.347/0.573 0.209 1.000
LVOT VTI 6.93e-01 0.611 0.055/0.810 0.813/0.975 0.917 0.400
AVA 1.87e-08 0.674 0.049/0.054 0.813/0.186 0.209 0.229
AVAi 2.33e-08 0.697 0.034/0.037 0.813/0.195 0.209 0.229
LVOT diam 4.44e-01 0.590 0.472/0.663 0.813/0.975 1.000 1.000
LVIDd 4.44e-01 0.607 0.049/0.131 0.491/0.289 1.000 1.000
EDV 4.30e-01 0.607 0.032/0.170 0.401/0.289 1.000 1.000
ESV 3.15e-01 0.476 0.032/0.170 0.401/0.334 0.605 0.229
SV 8.73e-01 0.794 0.503/0.170 0.689/0.289 0.605 0.229
EF 2.81e-01 0.878 0.032/0.549 0.813/0.573 0.574 0.229

Table 5.2: Statistical tests on the clinical predictors using the concordant aortic stenosis (AS)
cohort and the low-flow, low-gradient AS data set. The table columns display the p-values for
each corresponding test outlined in Table 5.1, with statistically significant values highlighted.

Column I. -comparing AS classes in normal flow states - confirms that statistically significant
differences exist for all predictors used in the clinical guidelines. In addition, it also states that
closely related measurements, such as AV mean velocity, AV maximum pressure gradient,
AV VTI, have a similar predictive value in differentiating AS severity. However, for column
II.A/1, when evaluating the same hypotheses under LFLG hemodynamic conditions, neither
predictor demonstrated the ability to discriminate between classes.

In columns II.A/2 and II.A/3, the differences in distributions between the two flow conditions
(i.e., comparing AS60 to DSE12 recordings) were evaluated for each class, under baseline
and stress states, respectively. The left portion of each column represents the moderate class,
while the right portion corresponds to the severe class, as the DSE12 data set lacked patients
with mild AS.
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From column II.A/2 it can be seen that the hemodynamic parameters measured at the level
of the AV exhibit a clear difference between the AS classes. This suggests that patients with
severe LFLG AS conform better to the feature distribution present in moderate patients under
normal flow conditions, since no differences were previously found between AS classes at
baseline in DSE12 according to the test results presented in column II.A/1. This confirms the
diagnostic challenge of using the recommended predictors in grading LFLG AS. In contrast,
the opposite phenomenon is observed when assessing hemodynamic measurements at the
level of the LVOT and predictors related to LV function (EDV, ESV, EF), indicating that
patients with moderate LFLG AS more closely resemble those in the severe category under
normal flow conditions. Examining the results of the test II.A/3 suggests that DSE caused
patients to be closer to their respective groups under normal flow conditions, however, the
sample size here was very limited and the statistical power remained low.

Test II.B/1 assessed the impact of DSE on altering predictors without considering class labels,
thereby enabling the identification of features that most significantly contributed to the stress
state representation of LFLG AS. The results showed that the flow measurements obtained at
the AV were the most affected, which confirmed the presence of increased flow states, while
a significant impact could not be observed for any other features.

To examine the class-specific response to stress testing, differences in predictors from baseline
to stress were analysed across various severity categories. The p-values presented in column
II.B/2 illustrate these findings, showing no significant differences for either predictor. It is
important to note that the statistical power of this hypothesis testing is limited due to the
small sample size.

5.3.2 Multivariate Analysis

After examining the results of the univariate analysis and hypothesis testing on clinical
predictors, the study expanded to multivariate techniques. PCA was performed to capture
the combination of features that explain most of the variance within the A60 data set, and
the DSE12 recordings were transformed by the learnt transformation matrix. Figure 5.4
illustrates the distribution of principal components (PC) by class for AS60 measurements,
with an overlay of the PCA representation of the DSE12 patient data for both baseline and
stress states. The fractional explained variance suggests that ∼ 95% of the data distribution
can be explained by only 6 components, successfully achieving a reduction in dimensions.
Furthermore, PC1 demonstrates a noticeable separation of classes within AS60, and PC3
also appears to possess class-discriminative capabilities.

By examining the loadings of each component, corresponding to the coefficients of V𝑟 , as
illustrated in Figure 5.5, the contribution of each clinical predictor can be inferred. Since PCA
is an unsupervised dimensionality-reduction method, the PCs themselves do not have inherent
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Figure 5.4: The distribution of the first eight principal components by aortic stenosis (AS)
severity in the concordant AS cohort, as illustrated on a box and whisker plot. The corre-
sponding principal components from the low-flow, low-gradient AS cohort is overlaid on top.
Square markers on the left side of each box show the baseline, while the circular markers on
the right the stress states. The percentage values represent the explained variance ratio by the
given component.

physiological meaning; however, they can be examined post hoc based on the predictors with
the largest absolute weights. The assignment of loading-based summary labels to PCs may
further aid clinical interpretability and help identify the most relevant markers. Using this
approach, the first three PCs showed functional separation in their dominant contributing
loadings. PC1 was primarily influenced by flow-related measurements recorded at the AV,
PC2 by flow-related measurements obtained at the LVOT, and PC3 by predictors related to
LV size and function, including EDV, ESV, SV and LVIDd. It can also be seen that EF,
despite being a clinically used marker of LV function, did not contribute substantially to the
first three PCs.

Subsequently, Table 5.3 displays the results produced by applying the same statistical tests
used in the univariate analysis to the first 8 PCs. This examined whether any of the domi-
nant combinations of features observed under normal flow conditions possesses any class-
discriminative ability that applies in the LFLG state.

Test I. indicates that PC1 has statistically significant differences among the AS severity
groups within the AS60 population. This suggests that the most significant indicators of
AS arise from the flow-state measurements taken at the AV. PC3, which evaluates the LV
parameters, has the second-smallest p-value under normal flow conditions. A similar response
is observed for test II.A/1 relative to the univariate analysis of clinical predictors, as neither
PC can distinguish between AS severity groups within LFLG hemodynamic conditions.
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Figure 5.5: The absolute loadings of the clinical predictors for the first three principle
components representing the contribution of each feature to the given component.

Predictor / Test I. II.A/1 II.A/2 II.A/3 II.B/1 II.B/2

PC1 [36.97%] 5.07e-08 0.476 0.020/0.022 0.763/0.431 0.641 0.136
PC2 [23.66%] 8.59e-01 0.572 0.096/0.897 0.852/1.000 0.104 0.136
PC3 [13.85%] 2.11e-01 0.555 0.020/0.073 0.836/0.603 0.031 0.315
PC4 [9.60%] 8.59e-01 0.831 0.186/0.501 0.027/0.652 0.042 0.639
PC5 [5.65%] 8.59e-01 0.281 0.808/0.907 0.360/0.652 0.031 0.315
PC6 [4.67%] 8.59e-01 0.425 0.020/0.024 0.618/0.166 0.104 0.462
PC7 [1.70%] 8.59e-01 0.769 0.651/0.585 0.842/1.000 0.286 1.000
PC8 [1.41%] 8.59e-01 0.411 0.493/0.890 0.360/0.698 0.104 0.827

Table 5.3: Statistical tests on the principal component representation of the clinical data using
the concordant aortic stenosis (AS) cohort and the low-flow, low-gradient AS data set. The
table columns display the p-values for each corresponding test outlined in Table 5.1, with
statistically significant values highlighted.
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For test II.A/2 that evaluates the similarity between the AS60 and DSE12 patients at rest
for each class, significant differences were found for PC1 and PC6 for both classes. This
could imply that an intermediate representation is found for LFLG AS that neither resembles
the moderate nor severe groups under normal flow states, but does not differentiate between
severity according to the p-values from II.A/1

Test II.A/3 demonstrated that the stress DSE12 recordings aligned with those of the AS60
patients, with an exception for PC4 in the moderate group. However, since the sample size
for this group decreased substantially from 7 to 4, this outcome was considered to have
low statistical power. No statistically significant differences were found in test II.B/2 that
examined the class-specific differences in stress response, while the test II.B/1 suggests that
PCs 3-5 undergo significant changes during DSE.

5.3.3 Classifier Performance

After performing the statistical test on individual PCs, various classifiers were developed
using a multidimensional feature space of AS60. Initially, hyperparameter tuning for a
logistic regression model, a KNN classifier, a kernel SVM, and a Gaussian process classifier
was conducted using stratified k-fold cross-validation with 10 folds, in conjunction with a
hyperparameter grid search. After determining the optimal hyperparameters, the algorithms
were implemented on the AS60 data set, and training accuracies were documented.

The initial feature space was chosen to correspond to the top 2 PCs that exhibit the most
significant class separation in the AS60 data set, as determined by the p values listed in column
I. of Table 5.3. Figure 5.6 illustrates the decision boundaries learnt by each classifier from
the AS60 data set, utilising the reduced representation of these two principal components.
To evaluate the conformity of clinical guidelines to the learnt boundaries, the synthetic data
are superimposed in the figure’s right columns. The DSE12 patients are displayed in the
left columns, with arrows indicating stress responses to evaluate how applicable the decision
functions were in the LFLG condition. As can be seen from the right columns of the plot,
logistic regression and Gaussian process classifier align the most closely with the clinical
guidelines. This is similarly indicated by the prediction accuracy of the synthetic data using
two principal components (PCs). KNN tends to overfit on AS60, whereas kernel SVM
leads to compacted clusters. Using 8 PCs improves the training accuracies for all parametric
models, while slightly reducing their generalisation performance to synthetic data. Most
of the DSE12 baseline recordings get misclassified, however, the stress states result in a
somewhat improved classification performance.
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Figure 5.6: Decision boundaries of different classification algorithms as shown on the subset
of the principal component (PC) space where the separation of severity grades is most
prominent. Patients with concordant aortic stenosis (AS) and low-flow, low-gradient (LFLG)
AS are shown in the left column, while the synthetically generated patients are displayed in
the right column. AS60 represents the concordant AS data set, while DSE12 refers to the
LFLG AS cohort. Arrows indicate the intrapatient stress response from the baseline state.
Accuracies are displayed for the AS60 and synthetic data sets using two and eight PCs.
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After training the classifiers on the PCA representations, LDA was performed to further
reduce the dimension of the data while promoting class separation. A similar approach was
taken when tuning the hyperparameters for each classifier in the LDA reduced feature space
of AS60, i.e. grid search with stratified 10-fold cross-validation was performed.

Figure 5.7 presents the learnt decision boundaries from AS60 using two discrimant vectors.
In the right column of the figure, the synthetically generated patients are superimposed to
assist with visualising the clinical guidelines, while the left column presents the DSE12 pa-
tients with arrows representing the stress response. It is observed again that all parameteric
models result in higher training accuracies for two components as opposed to one, but at the
cost of generalisation performance to the synthetic data. Although the generalisation perfor-
mance of the kernel SVM and Gaussian process classifier suggests moderate concordance to
clinical guidelines using two discriminant vectors, the triple-point phenomena are not easily
interpreted in a clinical setting. Nevertheless, the kernel SVM appears to benefit from the
tightly clustered moderate group by correctly predicting almost all stress responses in the
DSE12 cohort (6 out of 7). It is important to note that employing solely the first discriminant
vector for classification leads to a decision boundary that is more clinically reasonable, as
it eliminates the presence of triple points. However, in this case, LFLG patients cannot be
distinguished at baseline and only demonstrate a mild divergence during DSE.

5.4 Conclusion

This chapter involved a comprehensive statistical analysis of standard and novel echocar-
diographic predictors in relation to both the severity of AS and hemodynamic states. This
analysis confirmed that predictors under resting conditions do not differentiate true-severe
from pseudo-severe AS. It also highlighted that, while the resting echocardiographic pre-
dictors in the LFLG population differ from those seen in concordant AS, DSE shifts the
distribution of these predictors to be more aligned with those in concordant AS, thus demon-
strating the clinical relevance of DSE in resolving diagnostic uncertainty. In contrast, no
class-specific stress response has been observed in this data set; however, this may be due to
the limited statistical power.

To complement this analysis, ML algorithms were developed to classify the severity of AS
using a reduced feature space, derived via PCA and LDA, applied to both routine and novel
predictors. This study represents the first attempt to characterise the stress response in LFLG
AS within such a low-dimensional space and to evaluate how the decision boundaries learnt
from a concordant AS cohort generalise to this more complex phenotype.
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Figure 5.7: Decision boundaries of different classification algorithms as plotted on the feature
space covered by the two discriminant vectors from linear discriminant analysis. Patients with
concordant aortic stenosis (AS) and low-flow, low-gradient (LFLG) AS are shown in the left
column, while the synthetically generated patients are displayed in the right column. AS60
represents the concordant AS data set, while DSE12 refers to the LFLG AS cohort. Arrows
indicate the intrapatient stress response from the baseline state. Accuracies are displayed for
the AS60 and synthetic data sets using one and two discriminant vectors.
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The ML models performed well in the synthetic validation data, achieving an accuracy of up
to 79.3% when using only the first discriminant vector, which demonstrates the utility of the
learnt low-dimensional representation. In particular, this first discriminant vector can itself
serve as a novel class-discriminative feature, which can be automatically calculated from
routine clinical measurements, and potentially aid clinician decision-making.

Performance decreased when applied to the LFLG AS cohort; however, due to the small
sample size, definitive conclusions regarding generalisation performance could not be drawn.
Both PCA and LDA feature spaces showed improved class separation under stress states,
further supporting the diagnostic value of DSE in this subgroup.

Together, these findings suggest that the optimal classification criteria for LFLG AS cannot
be reliably obtained from this set of predictors, as observed in the concordant AS cohort.
Larger clinical studies are needed, however, to validate these results, with predictors recorded
consistently at every stage of the DSE protocol. Additionally, the framework developed can be
extended to include other markers, which can further improve the classification accuracy. To
ensure discriminative model performance in patients with LFLG AS, discordant cases must
be included during training, and AS severity in these cases should ideally be assigned based
on CT-derived calcium scoring or prospective clinical endpoints, allowing the identification
of optimal thresholds for routine echocardiographic predictors.



6. Triplane Speckle-Tracking Echocardiography for
3D Left Ventricular Strain Analysis

This chapter concerns the application of strain imaging to assess the movement and defor-
mation of the LV myocardium in patients with LFLG AS. First, the comparison of different
techniques to derive global and regional strain measures is described in Section 6.1, followed
by a brief summary of the related work in Section 6.2. Next, the deformation parameters
are introduced with regard to a solid mechanics framework in Section 6.3, and in Section
6.4 the image registration framework is described to support the methodology outlined in
Section 6.5. Finally, the results to compare the different strain parameters in the triplane and
3D modalities, as well as within the DSE12 data set, are detailed in Section 6.6. Section 6.7
outlines the main conclusions of this chapter.

6.1 Introduction

As described in Chapter 2, current clinical guidelines suggest the use of EF to evaluate global
LV function and to define the classical and paradoxical phenotypes of LFLG AS. Despite its
well-established utility, LVEF has several limitations. As an indicator of fractional volumetric
change in the LV cavity, it is a global marker of LV function and is unable to provide
information on regional signs of myocardial decline. In addition, it does not distinguish
between systolic and diastolic impairment and is also inadequate to capture subclinical
myocardial dysfunction. To address these constraints, STE-derived strain measures have
emerged as valuable clinical markers in evaluating LV contractility to provide a more detailed
and accurate representation of myocardial dysfunction, with robust prognostic utility in
patients with AS.

Various modalities are available to derive strain parameters from echocardiograms, including
2D and 3D techniques. Although 3D echocardiography and STE are accessible in more than
95% of European laboratories, their adoption into routine practice remains limited due to
image quality and operator dependence (Nabeshima et al., 2020). A recent survey showed
that one in three centres used 3D US in routine examinations, and only 2 out of 96 laboratories
reported employing 3D techniques during stress testing (Ajmone Marsan et al., 2020). In
addition, the survey also highlighted significant heterogeneity in practice, with more than
70% of the centres relying on equipment from multiple vendors. This is especially relevant
in the context of a recent meta-analysis comparing 2D and 3D strain values between major
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vendors, revealing substantial vendor-specific differences in both GLS and GCS measure-
ments (Nabeshima et al., 2020). This difference may arise from the alternate definitions
used to define the region of interest and the various ways in which commercial software
calculates strains for 2D and 3D geometries. For example, some software performs subendo-
cardial tracking, while other tracks the entire myocardium. Furthermore, the calculation of
GLS measured in 2D and in 3D is fundamentally different, given the geometric constraints,
hence the direct comparison of these values remains physiologically limited and establishing
reference values for GLS may require the consideration of both of these approaches.

Given the apparent under-utilisation of 3D STE in stress testing and the limitations of com-
mercial software to represent 3D strains from multiple separate 2D recordings, this study
investigated whether triplane acquisition mode could improve the quantification of 3D LV
deformation parameters. This mode relies on US transducers simultaneously acquiring three
planes at 60◦ angles, rather than obtaining the full volume, as shown in Figure 6.1. This has
the potential to improve the spatial and temporal resolution of the scans, to reduce stitching
artefacts resulting from the multi-beat reconstruction of 3D volumes, and to provide a more
standardised apical view of the LV (Trache et al., 2014). The feasibility of triplane acquisition
is comparable to 2D echocardiography and has also been shown to improve concordance with
the gold standard CMR method in quantifying LV volumes (Malm et al., 2006). In contrast,
GLS derived from 2D STE is generally more feasible than that obtained from 3D STE due
to the technical expertise required to capture the entire LV through a single acoustic window
(Nabeshima et al., 2020). The advantages of 3D STE over standard 2D and triplane tech-
niques include its ability to assess the true three-dimensional geometry of the LV myocardium
and to capture all components of systolic deformation simultaneously, thus allowing a more
accurate quantification of rotation and twist.

Figure 6.1: Triplane acquisition mode capturing three planes at 60◦ angles, resulting in three
separate 2D + time B-mode recordings of the left ventricle with a fixed geometric relationship
between the planes over time.

In this chapter, a novel method is introduced to obtain 3D LV strain parameters from triplane
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echocardiographic recordings. This method is then validated using the MWMA data set. The
method is then used in the DSE12 data set to investigate baseline characteristics of moderate
and severe LFLG AS and to examine class-specific responses to stress testing in the LFLG
AS cohort.

6.2 Related Work

Given the importance of accurate LV evaluation for understanding the pathology of AS,
various 2D and 3D echocardiographic modalities allow quantification of the LV chamber and
assessment of both systolic and diastolic volumes. The agreement between these techniques,
while well established for volumetric and global strain measures, remains less explored for
regional strain parameters.

Multiple studies have been conducted to compare global strains between 3D and traditional
2D echocardiography; however, the benefit of employing triplane echocardiography to obtain
LV deformation parameters has been less researched. Trache et al. (2014) compared the GLS
values obtained by standard 2D, triplane and 3D STE methods using commercial software
and found that the 2D and triplane methods showed excellent agreement, with a Pearson’s
correlation coefficient of 0.95. In contrast, only a good overall correlation was found between
the 2D and 3D methods, with correlation coefficients ranging from 0.81 to 0.83. They also
observed that the 3D method produced consistently lower GLS values, and the volume rate
had a significant impact on these results, causing the correlation to decrease when the volume
rate exceeded 30 volumes per second, indicating that the 2D and 3D measurement methods
are not interchangeable.

More recently, Plášek et al. (2022) showed that the commercial software used in echocardio-
graphy machines, while showing agreement between multiplanar and 3D methods for GLS,
almost all regional longitudinal strains differed significantly, prohibiting accurate quantifica-
tion of regional myocardial deformation parameters. This study demonstrates the need for an
improved approach to obtain regional strain parameters from multiplanar echocardiography
that better reflect the true 3D deformation.

6.2.1 Reconstruction Techniques

The goal of reconstructing the entire 3D geometry of the LV from multiple 2D echocardio-
graphic recordings has been studied since the early 1990s, with the introduction of commercial
3D echocardiography machines (Gill and Klas, 2007). Martin et al. (1993) used TEE and
elaborate scanning techniques to incrementally span the entire myocardium, providing an or-
dered dense set of 2D planes to obtain EDV and ESV. Gustavsson et al. (1993) employed TTE
recordings proposing conventional spatial interpolation techniques using three long-axis and
one short-axis plane to examine 3D myocardial movement over time with manually annotated
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contours in each time frame. However, these initial approaches used idealised geometric
assumptions on the position and orientation of the acquisition planes or time-consuming
scanning protocols that could not be performed in routine practice.

More recently, Rajan et al. (2016) used cubic spline interpolation techniques to reconstruct
the LV using three long-axis and additional short-axis TTE recordings from porcine data to
obtain volume and flow rate over time. Their methodology improved upon standard previous
approaches by incorporating optimisation objectives to estimate the position and orientation
of the long-axis slices compared to the short-axis planes. Later, they expanded their work
with improved assumptions on the relation between the long- and short-axis planes over time
(taking into account that the SAX plane samples the myocardium at a different LV level at
each time frame) and used it to develop computational modelling ready meshes (Hedayat
et al., 2020).

A distinct approach to creating 3D LV surface meshes from medical imaging data includes the
use of template-fitting methods. This involves the gradual deformation of a reference shape
(often a reduced parametric model) that captures the main characteristics of the myocardium
until an optimal alignment is achieved with the scan data. This has the advantage of being
less dependent on high-resolution recordings than conventional interpolation techniques
and is often preferred when data is sparse (Willems et al., 2024). Banerjee et al. (2021)
proposed a fully automated pipeline for multiplanar reconstruction of the LV and RV from
MRI recordings. They employed a statistical shape model to fit the different segmentation
masks produced by a DL algorithm, reducing the total misalignment error from an average of
1.03 mm to 0.56 mm for LV endocardial contours. Joyce et al. (2022) implemented a similar
pipeline for acquiring volumetric LV meshes from multiplanar MRI data by proposing a novel
differentiable mesh voxelisation approach to the fitting regime, obtaining volume and global
strain measures through the entire cardiac cycle. More recent research by Willems et al.
(2024) used echocardiographic recordings from the A4C, A2C and PSAX views and used
non-uniform rational B-splines to fit the endocardial and epicardial surface of the LV from a
truncated ellipsoid template. The disadvantage of these fitting techniques over conventional
interpolation methods includes the potential bias from over-simplified assumptions regarding
the shape of the template which can lead to the inability to capture pathological geometries.

The contemporary literature is more prominent on DL methods for end-to-end fusion of
multiple 2D echocardiographic views to produce 3D LV geometries (Stojanovski et al., 2022;
Chen et al., 2025; Laumer et al., 2025); however, these methods do not readily facilitate
the derivation of accurate strain measures due to the lack of point-to-point correspondance
between the generated meshes over time. Although most of the above research focused on
conventional 2D techniques for multiplanar reconstruction, some studies have explored the
use of triplane acquisition modes. Dangi et al. (2015) used triplane TEE combined with
conventional interpolation techniques to estimate EDV and ESV, while Vixège et al. (2022)
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used colour Doppler to reconstruct flow patterns. However, no studies were found using
triplane echocardiography to reconstruct the LV to derive regional deformation parameters
in healthy individuals or patients with AS.

6.3 Solid Mechanics

To quantify the deformation of the LV myocardium throughout the cardiac cycle, a solid
mechanics framework is employed. In this formulation, the LV is modelled as a continuous
body embedded in three-dimensional space that undergoes deformation from an undeformed
reference state to a deformed configuration. This section introduces fundamental kinematic
quantities such as displacement, deformation gradient, and strain tensor, which describe the
relationship between the undeformed and deformed configurations. A numerical approxi-
mation of the deformation gradient is outlined using triangular surface elements for regional
strain analysis.

6.3.1 Position and Displacement

To represent the LV as a continuum body in three-dimensional space, R3, it is modelled as
a collection of material particles. The configuration of this body before deformation, at an
initial time 𝑡 = 0, is referred to as the reference configuration, denoted by Ω0, and serves as a
baseline for the analysis of deformation. In this configuration, each material point occupies
a unique position vector X, referred to as the material or reference coordinate. Given a
Cartesian coordinate system with an orthonormal basis {𝒆1, 𝒆2, 𝒆3}, the coordinates of the
material points can be expressed as a linear combination of these basis vectors, such that

𝑿 = 𝑋1𝒆1 + 𝑋2𝒆2 + 𝑋3𝒆3 . (6.1)

When the body undergoes deformation, each material point moves to a new position vector
x in the current or deformed configuration at time 𝑡, denoted by Ω𝑡 . The position x is related
to the reference configuration through a continuous deformation function 𝝌(), expressed as
x = 𝝌(X, 𝑡). The displacement of a material point is then defined as the difference between
its current position and its original position, so that

𝒖(𝑿, 𝑡) = 𝝌(X, 𝑡) − 𝑿 . (6.2)

6.3.2 Deformation Gradient and Strain Tensors

The deformation of a continuum body can be described by examining the motion of an
infinitesimal line element 𝑑X in the reference configuration. Under deformation, this line
element moves and transforms to a new vector 𝑑x in the deformed configuration, as shown
in Figure 6.2.
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Figure 6.2: Deformation of an object from the reference configuration (Ω0) to the current
configuration (Ω𝑡). An infinitesimal line element 𝑑X connecting points 𝑃 and 𝑄 in Ω0 is
mapped to 𝑑x between points 𝑃′ and 𝑄′ in Ω𝑡 . The displacement vectors are denoted by
u(X, 𝑡) at 𝑃 and u(X + 𝑑X, 𝑡) at 𝑄.

The deformation from the reference to the deformed configuration can be locally characterised
by the deformation gradient tensor, F, defined as

𝑑𝒙 = 𝑭𝑑𝑿, where F =
𝜕𝝌(X, 𝑡)
𝜕X

(6.3)

The gradient of this displacement, called the displacement gradient tensor, denoted by ∇u,
measures how the displacement varies with position in the reference configuration. From
Equations 6.3 and 6.2 it can be expressed as

∇𝒖(X, 𝑡) = 𝜕u(X, 𝑡)
𝜕X

= F − I (6.4)

From these measures, the Green–Lagrange strain tensor, E, can be expressed as

𝑬 (X, 𝑡) = 1
2
(𝑭𝑇𝑭 − I), (6.5)

capturing the change in length and orientation of the infinitesimal line element.

While the above definitions describe deformation in a continuous domain, numerical im-
plementation requires their discretisation. The implementation in this thesis represents the
LV myocardium as a triangulated surface mesh rather than as a complete volumetric dis-
cretisation, as the multiplanar interpolation technique used to reconstruct the LV geometry
was considered insufficient in accurately representing the small changes in the radial direc-
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tion. Therefore, the continuous deformation measures introduced above are discretised over
triangular surface elements.

6.3.3 Strains for Triangular Surface Elements

To discretise the continuous LV surface, the reference geometry is divided into non-overlapping
triangular elements. Each triangle locally approximates the surface geometry, allowing the
entire domain to be represented by a finite set of triangular patches. This enables regional
deformation parameters to be estimated by examining the deformation of individual triangular
elements defined by their nodal coordinates.

To obtain the deformation gradient for a triangular surface element from Ω0 to Ω𝑡 , the
deformation gradients to Ω0 and to Ω𝑡 from a unit triangle with 𝒆1 and 𝒆2 as its edge vectors
were expressed separately. This unit triangle is referred to as the isoparametric configuration
of a triangular element and can be used to derive the deformation gradient from Ω0 to Ω𝑡 .

FFF

Figure 6.3: Representation of the deformation gradient F through a sequence of transforma-
tions acting on a triangular surface element. The element is first mapped from the reference
configuration to the isoparametric configuration via F−1

𝑋
, and then from the isoparametric

configuration to the deformed configuration via F𝑥 . In the reference configuration, the edges
A1 and A2 are mapped to a1 and a2 in the deformed configuration.
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Assuming the strain is constant over the triangular element, the in-plane components of the
covariant basis vectors in the reference and deformed configurations can be calculated as

𝑨1 = 𝑿1 − 𝑿3, 𝑨2 = 𝑿2 − 𝑿3, 𝒂1 = 𝒙1 − 𝒙3, 𝒂2 = 𝒙2 − 𝒙3 , (6.6)

where 𝑨 and 𝒂 correspond to the edge vectors of the element in Ω0 and Ω𝑡 , respectively.

Expressing the two deformation gradients that map the isoparametric configuration to the
reference and deformed configurations yields

𝑭𝑥 =
𝜕x
𝜕E

=


𝒂1

𝒂2

𝒏

 , 𝑭𝑋 =
𝜕X
𝜕E

=


𝑨1

𝑨2

𝑵

 , (6.7)

which describes how the basis vectors are transformed from the unit triangle to the given
configuration. N denotes the normal vector in the reference configuration, while n is the
normal vector in the deformed configuration.

From Equation 6.7, 𝑭 can be calculated as

𝑭 = 𝑭𝑥𝑭
−1
𝑋 , (6.8)

representing a series of transformations, first from the reference configuration to the isopara-
metric configuration by 𝑭−1

𝑋 , then from the isoparametric configuration to the deformed
configuration by 𝑭𝑥 , as shown in Figure 6.3. It should be noted that, under the assumption
of constant strain within each linear triangular element, the resulting strain field is piecewise
constant and may therefore be discontinuous across element boundaries. For the purposes of
this study, the strain values were interpreted as regional deformation estimates rather than as a
fully continuous myocardial strain field. This was considered appropriate because the subse-
quent analysis focused on global and segmental strain summaries, where local element-wise
discontinuities are averaged within anatomically defined regions.

6.3.4 Directional Strain Measures

LV myocardial strains are routinely measured in the longitudinal, circumferential, and radial
directions, demonstrating the different types of contractions the LV undergoes during systole.
To calculate the stretch, 𝜆, of a line element in the direction of an arbitrary vector, 𝒗, in the
reference configuration, the Cauchy-Green deformation tensor, C = F𝑇F, is used as

𝜆v(X, 𝑡) =
√︁
𝒗𝑇𝑪𝒗 , (6.9)

which defines the ratio of the length of a deformed line element to the length of the correspond-
ing undeformed line element. To obtain directional strains in the deformed configuration, 𝜖v,
the Green-Lagrange strain measure is used as

𝜖v(X, 𝑡) = v𝑇Ev. (6.10)
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6.4 Image Processing

Expressing the motion and deformation of the LV myocardium within a solid mechanics
framework enabled the computation of regional strain measures and displacement values,
based on the material point correspondence between the reference configuration and the
deformed configuration. Manually annotating these points across all time frames within the
cardiac cycle is labour intensive and prone to interobserver and intraobserver variability.
To address this, an image registration approach can be implemented that facilitates the
automatic propagation of a reference configuration, requiring it to be defined only once per
patient. However, the resulting deformation field remains dependent on image quality, spatial
and temporal resolution, and the assumptions imposed by the registration algorithm. Non-
uniform myocardial motion, through-plane motion, and regions with weak image texture
may not be fully captured, which can affect the accuracy of the derived displacement and
strain measures. In this section, the general image registration framework is described with
additional details on the physical interpretation of image data through common orientation
and transformation matrices.

6.4.1 Image Registration

The goal of image registration is to estimate a spatial transformation that maps each point in
the moving image, 𝐼𝑡 : Ω𝑡 → R (representing the deformed configuration) to its corresponding
location in the fixed image, 𝐼0 : Ω0 → R (representing the reference configuration). This is
achieved by iteratively updating the current transformation, 𝑠𝑖 : Ω𝑡 → Ω0 as follows. First,
the moving image is interpolated to produce a warped image in the fixed image space, denoted
by 𝐼𝑡 ◦ 𝑠𝑖. Next, a similarity measure is computed between the warped image and the fixed
image. A commonly used similarity measure is the normalised cross-correlation, expressed
as

D𝑁𝐶𝐶 (𝐼0, 𝐼𝑡 ◦ 𝑠) =
∑

x∈Ω𝑥 (𝐼0(x) − 𝐼0) (𝐼𝑡 ◦ 𝑠(x) − 𝐼𝑡)√︃∑
x∈Ω𝑥 (𝐼0(x) − 𝐼0)2

∑
x∈Ω𝑥 (𝐼𝑡 ◦ 𝑠(x) − 𝐼𝑡)2

, (6.11)

where Ω𝑥 refers to the region of overlap between the two images in which the metric is
calculated and 𝐼0 and 𝐼𝑡 are the mean intensities of the fixed and the moving images within
this region. Another similarity metric employs the sum of the squared differences over the
entire image, such that

D𝑆𝑆𝐷 (𝐼0, 𝐼𝑡 ◦ 𝑠) =
∑︁
x∈Ω0

(𝐼0(x) − 𝐼𝑡 ◦ 𝑠(x))2. (6.12)

After computing the similarity between the fixed image and the warped moving image, the
current transformation is updated via gradient-based optimisation. This involves calculating
the gradient of the objective function, which may consist solely of the similarity metric
or include an additional explicit regularisation term that acts on the transformation to pe-
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nalise irregularities in the displacement field and prevent large deformations. The general
optimisation objective can be expressed as

𝑠∗ = arg min
𝑠
E(𝑠; 𝐼0, 𝐼𝑡) = arg min

𝑠

[
D(𝐼0, 𝐼𝑡◦𝑠) + 𝜆R(𝑠)

]
, (6.13)

where 𝜆 controls the strength of the explicit regularisation term, R(𝑠). Alternatively, smooth-
ing can be used to implicitly regularise the displacement field. Smoothing is often achieved
by applying a Gaussian kernel to the calculated gradient, thus causing neighbouring voxels
to perform a similar update to the displacement field. In addition, the updated displacement
field can also be smoothed by a Gaussian kernel to further reduce noise or local folding. This
implicit regularisation technique helps maintain the diffeomorphic properties of the trans-
formation (𝑠 : Ω𝑡 → Ω0 is differentiable and has a differentiable inverse 𝑠−1 : Ω0 → Ω𝑡),
which ensures that the estimated motion remains anatomically plausible. The general image
registration framework is shown in Figure 6.4.

Figure 6.4: Schematic representation of the deformable image registration framework. The
moving image 𝐼𝑡 is interpolated using the current spatial transformation 𝑠𝑖 and compared
to the fixed image 𝐼0 via a similarity measure D(𝐼0, 𝐼𝑡 ◦ 𝑠𝑖). The optimiser computes an
update to the transformation based on the gradient of the objective function. Smoothness of
the deformation field is enforced implicitly through Gaussian filtering of both the similarity
gradient and the updated transformation field or via an explicit regularisation term in the
objective function. Figure adapted from Curiale et al. (2017).

The output of the image registration process is a displacement field that maps the deformed
configuration to the reference configuration. Since 𝑠𝑖 is invertible, u(X, 𝑡) can also be
obtained in the reference configuration and Equation 6.2 can be used to obtain the deformed
configuration. An example of a displacement field, visualised in the three main anatomical
planes, is shown in Figure 6.5.
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Figure 6.5: The displacement field from a deformable image registration tool as displayed on
the three major anatomical planes for components 𝑥, 𝑦 and 𝑧.
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6.4.2 Transforms and Orientations

As image data are stored in computer memory as an array of pixel/voxel intensities, it lacks
physical interpretability on its own. A transformation matrix needs to be defined alongside
these values to create a mapping between pixel space and physical coordinates. This is
generally described as a 4x4 affine matrix to represent translation by a vector t as 𝑨𝑇 (t) ,
scaling by vector s as 𝑨𝑆(s) and rotation about vector v by angle 𝜃 as 𝑨𝑅v (𝜃) . The affine
matrices are constructed as

𝑨𝑇 (t) =

[
𝑰 t
0 1

]
, 𝑨𝑆(s) =

[
diag(s) 0

0 1

]
, 𝑨𝑅v (𝜃) =

[
𝑅v(𝜃) 0

0 1

]
, (6.14)

where 𝑰 is a 3x3 identity matrix, and diag(s) represents a 3x3 diagonal matrix. Rotation
matrices about the standard orthonormal basis vectors 𝒙 , 𝒚 and 𝒛 are given by

𝑅x(𝛾) =

1 0 0
0 𝑐𝑜𝑠𝛾 −𝑠𝑖𝑛𝛾
0 𝑠𝑖𝑛𝛾 𝑐𝑜𝑠𝛾

 , 𝑅y(𝛽) =

𝑐𝑜𝑠𝛽 0 𝑠𝑖𝑛𝛽

0 1 0
−𝑠𝑖𝑛𝛽 0 𝑐𝑜𝑠𝛽

 , 𝑅z(𝛼) =

𝑐𝑜𝑠𝛼 −𝑠𝑖𝑛𝛼 0
𝑠𝑖𝑛𝛼 𝑐𝑜𝑠𝛼 0

0 0 1


(6.15)

A counterclockwise rotation of 𝛼 about 𝒛 is also called a yaw angle, while the counterclock-
wise rotation of 𝛽 about 𝒚 is called the pitch angle and the counterclockwise rotation of 𝛾
about 𝒙 is called the roll angle. The rotation matrix about an arbitrary unit vector v by angle
𝜃 in the counter-clockwise direction is expressed by Rodrigues’ formula

𝑅v(𝜃) = 𝑰 + (𝑠𝑖𝑛𝜃)𝑲 + (1 − 𝑐𝑜𝑠𝜃)𝑲2, with 𝑲 =


0 −𝑣𝑧 𝑣𝑦

𝑣𝑧 0 −𝑣𝑥
−𝑣𝑦 𝑣𝑥 0

 . (6.16)

Transform values are set to reposition an object in space without deforming it,hence given the
above translation, scaling, and rotation values, an affine transform sequence can be composed
as

𝑨 = 𝑨𝑇 (t)𝑨𝑅y (𝛽)𝑨𝑅z (𝛼)𝑨𝑅x (𝛾)𝑨𝑆(s) , (6.17)

which first scales the object, then rotates it, and finally translates it.

While the above transformations were described within the same coordinate system to con-
struct the overall affine matrix, medical imaging datasets often originate from various acqui-
sition systems and are stored in different file formats that rely on distinct coordinate system
conventions, also referred to as orientations. Properly understanding and managing these ori-
entations ensures consistent anatomical interpretation across modalities and software tools.
Two of the most widely used coordinate systems in medical imaging are the RAS (Right-
Anterior-Superior) and LPS (Left-Posterior-Superior) conventions. In the RAS system (used
in NIfTI files and in 3D Slicer), the coordinate axes are defined such that:

• The X-axis increases towards the right side of the patient.
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• The Y-axis increases towards the anterior direction (front).

• The Z-axis increases towards the superior direction (up).

In contrast, the LPS system (used in DICOM data and in ITKSNAP) defines:

• The X-axis increases towards the left side of the patient.

• The Y-axis increases towards the posterior direction (back).

• The Z-axis also increases towards the superior direction, consistent with the RAS
system.

When transferring data between these different coordinate systems, orientation conversion is
required. This is achieved through the construction of an orientation matrix, A𝑂 that reflects
the conversion from one coordinate system to another. For example, the conversion from
LPS to RAS is given by

A𝑂𝐿𝑃𝑆→𝑅𝐴𝑆 = diag(−1,−1, 1, 1) (6.18)

and the transformation of an affine matrix from LPS to RAS is computed as

A𝑅𝐴𝑆 = A𝑂𝐿𝑃𝑆→𝑅𝐴𝑆A𝐿𝑃𝑆A−1
𝑂𝐿𝑃𝑆→𝑅𝐴𝑆

. (6.19)

6.5 Methodology

This section provides an explanation of the methods used to evaluate LV regional deforma-
tion parameters from B-mode US in patients with LFLG AS. While the statistical analysis
performed in Chapter 5 concerned the investigation of global markers of disease severity,
this chapter focuses on more complex measures; and uses exclusively the B-mode triplane
recordings from the DSE12 dataset. This approach was considered due to the unavailability
of retrospective 3D data. First, the verification of the strain calculations is described. Next,
the pipeline is introduced to compare regional strain measures derived from 3D US with
regional strain measures calculated from triplane recordings. Finally, the specifics of the
clinical study that uses the triplane methodology are outlined.

6.5.1 Verification of Strain Measures

To verify the strain calculations described in Equations 6.7 and 6.8, a cylinder was used as a
simple reference geometry. The cylinder was parameterised by by its radius, 𝑟, and its height,
ℎ. The material points were defined by covering the curved surface of the cylinder via 𝑁𝑧
number of equally spaced circles along its axis. Each circle consisted of 𝑁𝜃 number of points
placed equidistantly along the circumference. To ensure consistent ordering for the creation
of the triangular surface elements, the point IDs were assigned incrementally, first iterating
over the points within a circle and then along the axis, starting from the base of the cylinder.
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Triangles were constructed using adjacent points from a lower circle and their corresponding
points in the upper circle, forming two triangles per quadrilateral strip segment. For further
details, refer to Algorithm 2 found in Appendix B.

Calculating the strain directions in the reference configuration for a triangular element with
material points 𝑿1, 𝑿2, 𝑿3 was performed as follows. First, the normal vector was calculated
by taking the cross product of two edge vectors as

𝑵𝒓 = (𝑿1 − 𝑿3) × (𝑿2 − 𝑿3) (6.20)

to define the radial direction, and then this was normalised by dividing it by its magnitude,
so that

𝒗𝒓 =
𝑵𝒓

∥𝑵𝒓 ∥
. (6.21)

The circumferential direction was simply defined by approximating the tangent via a nor-
malised edge vector as

𝒗𝒄 =
𝑿1 − 𝑿3
∥𝑿1 − 𝑿3∥

, (6.22)

which was made possible by the ordering constraints detailed above. Finally, the longitudinal
direction was calculated by taking the cross product of the radial and circumferential vectors
as

𝒗 𝒍 = 𝒗𝒓 × 𝒗𝒄 . (6.23)

To create the deformed configuration, the geometry described above was modified so that
its radius would increase by a constant scaling factor, 𝑠, along its height. Ensuring that
both meshes were created with an equal number of points with their ordering kept the same
allowed for the calculation of the regional strain measures analytically, serving as the ground
truth value for the verification.

6.5.2 Strains Measures from 3D Echocardiography

Once the reliability of the strain calculations was assessed, the clinically used strain imaging
pipeline was implemented using the MWMA dataset introduced in Chapter 4. This was
carried out to ensure that the values obtained here can serve as a reference for evaluating the
accuracy of the triplane measurements, which will be detailed in the next section.

Modelling the LV myocardium as a continuous deformable solid began with defining the
appropriate geometry of the LV. The 17 segment model defined by the AHA is the most widely
used clinical model, which divides the LV into distinct regions based on their anatomical
positions. These regions are often illustrated on a bull’s eye diagram, as shown in Figure 6.6,
to facilitate the graphical depiction of various parameters for clinical assessment. The bull’s
eye diagram resembles a polar plot, comprised of 17 segments with the apex situated at the
centre. Continuing from the centre towards the boundary of the plot, the apical, middle, and
basal levels of the LV are included. The apical level is divided into four parts, whereas the
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middle and basal levels are subdivided into six equal segments each. The interior lining of
the LV is called the endocardial border, the exterior surface is called the epicardial border,
and the average of these two delineates the myocardial midline. The long axis (LAX) of the
LV is defined by the line passing through the apex and the mid-base point, located in the
centre of the basal endpoints of the myocardium. A short axis (SAX) plane is then defined
as a plane that is perpendicular to the LAX.

Figure 6.6: The 17 segment model of the left ventricle as visualised in 3D [left], and as
depicted on a bullseye plot with the region labels listed below [right]. (Figure adapted from
Hjertaas et al. (2023)).

Using 4D US NifTI files from each patient, LV surface meshes were generated at the peak
diastolic frames. This started by creating markup files in 3D Slicer to define the anatomical
landmarks of the LV myocardium. First, landmark points were placed at the apex, a, and the
mid-base point, b, to define the LAX. Then, the rotation matrix needed to align the LAX
with the z axis was calculated. This involved the construction of a unit length vector, r about
which the counterclockwise rotation angle is defined, through the cross product of the z-axis
and a normalised vector in the direction of the long axis, v𝑙 = b−a

∥b−a∥ , as

r = v𝑙 × e3 (6.24)

and calculating the rotation angle, 𝜃, by

𝜃 = arccos(v𝑙 · e3). (6.25)

The rotation matrix was then computed using Rodrigues’ rotation formula as described in
Equation 6.16. The overall affine transformation was given by

A𝐿𝐴𝑋 =

[
𝑅r(𝜃) 0

0 1

]
. (6.26)

After applying this transformation to the image at the diastolic frame, the SAX planes were
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realigned with the axial plane. This allowed for the consistent placement of anatomical
landmarks across the slices. Next, in each selected SAX plane, eight control points were
placed manually to outline the midwall of the LV myocardium. 3D Slicer’s default spline
interpolation was then applied through these control points to generate a smooth represen-
tation of the myocardial contour, and the control points were then adjusted until the closest
match was found between the interpolation curve and the midwall. Four SAX planes were
annotated in this way, selected to correspond to the boundaries of the basal, mid-cavity, and
apical segments, as defined by the AHA myocardial segmentation model as shown in Figure
6.6.

Once the landmark points were defined in the LAX aligned configuration of the LV, they
were transformed back to the original image space by applying the inverse transform, A−1

𝐿𝐴𝑋
,

and saved using 3D Slicer’s markup format.

To generate the myocardial contour from the saved landmark points in each SAX plane, a
closed Catmull–Rom spline was used. In this interpolation technique, each control point, c𝑖,
is associated with a single tangent vector, m𝑖, which serves as both the outgoing tangent from
the point into the next segment and the incoming tangent into the point from the previous
segment. This ensures C1 continuity, meaning that the first derivative is continuous across
segment boundaries, resulting in a smooth, anatomically more plausible curve.

The tangent vectors at each control point are estimated via the spatial coordinates of three
adjacent control points and their associated parametric coordinate 𝑡𝑖, as

m𝑖 =
(𝑡𝑖+1 − 𝑡𝑖) (c𝑖 − c𝑖−1)
(𝑡𝑖 − 𝑡𝑖−1) (𝑡𝑖+1 − 𝑡𝑖−1)

+ (𝑡𝑖 − 𝑡𝑖−1) (c𝑖+1 − c𝑖)
(𝑡𝑖+1 − 𝑡𝑖) (𝑡𝑖+1 − 𝑡𝑖−1)

. (6.27)

To improve interpolation consistency, a non-uniform chordal parameterisation was imple-
mented. This involved calculating the cumulative Euclidean distances between the control
points to construct a grid based on the chord length. These distances were then normalised
and used as the parametric coordinate of the spline, as calculated by

𝑡𝑖 =

∑𝑖
𝑗=0 ∥c 𝑗+1 − c 𝑗 ∥∑7
𝑗=0 ∥c 𝑗+1 − c 𝑗 ∥

(6.28)

Since the Catmull–Rom method uses cubic splines to construct the curve, the coordinates of
each interpolated point, p(𝜏), for a segment between c𝑖 and c𝑖+1 can be expressed as

p(𝜏) = ℎ00(𝜏)c𝑖 + ℎ10(𝜏) (𝑡𝑖+1 − 𝑡𝑖)m𝑖 + ℎ01(𝜏)c𝑖+1 + ℎ11(𝜏) (𝑡𝑖+1 − 𝑡𝑖)m𝑖+𝑖 , (6.29)

where, 𝜏 =
𝑡−𝑡𝑖
𝑡𝑖+1−𝑡𝑖 , represents a local parameter, remapped from the global parametric coor-

dinates, and the basis functions, ℎ(𝜏), are given via

ℎ00(𝜏) = 2𝜏3 − 3𝜏2 + 1 , ℎ10(𝜏) = 𝜏3 − 2𝜏2 + 𝜏
ℎ01(𝜏) = −2𝜏3 + 3𝜏2 , ℎ11(𝜏) = 𝜏3 − 𝜏2

. (6.30)
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The spline was created with a periodic boundary condition to grant continuity around the
endpoints. For each SAX plane, a Catmull–Rom spline was first evaluated at regular intervals
to produce 𝑁𝜃 uniformly spaced points along the closed myocardial contour. To ensure
consistent ordering across all slices, the resulting set of interpolated points was then reordered
so that the point with the smallest angle relative to the x axis served as the starting point.
This reordering also enforced a counterclockwise direction, facilitating the alignment of
interpolation points across slices. An example of the SAX interpolation regime is shown in
Figure 6.7.

Figure 6.7: Short axis interpolation using Catmull-Rom splines through the selected control
points, generating 𝑁𝜃 number of equally spaced points [left] and the basis functions used to
construct the spline [right]. The annotations highlight how the coordinates of the interpolated
point, p(𝜏) on the segment between c0 and c1 are calculated using the local parametric
coordinate 𝜏 and the basis functions.

Once the contours were generated at each SAX plane, a similar LAX interpolation was
performed to create the remaining material points. This was done by selecting a single point
from each SAX curve that corresponded to the same index from the reordered sets and using
these and the apex as control points. Setting the number of points interpolated along the LAX
to be 𝑁𝑧 resulted in a geometry comparable to the cylindrical one described in the previous
section; therefore, the same techniques could be used for the generation of triangular elements
and the calculation of the strain directions.

Long-axis (LAX) interpolation using Catmull-Rom splines through the corresponding control
points on each short-axis (SAX) curve. The left figure shows the equally spaced interpolated
points along the LAX direction (𝑁𝑧) generated between SAX contours (apical to basal), with
the apex marked in red. The right figure displays the resulting 3D surface mesh created from
these interpolated points, visualised in ParaView.

To track the myocardium through the cardiac cycle, the meshes created in the end dias-
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Figure 6.8: Long-axis (LAX) interpolation using Catmull-Rom splines through the corre-
sponding control points on each short-axis (SAX) curve. The left figure shows the equally
spaced interpolated points along the LAX direction (𝑁𝑧) generated between SAX contours
(apical to basal), with the apex marked in red. The right figure displays the resulting 3D
surface mesh created from these interpolated points, visualised in ParaView.

tolic frames were propagated by applying the affine transformations and displacement fields
obtained from the deformable image registration.

6.5.3 Strain Measures from Synthetic Triplane Data

To assess the accuracy of the triplane pipeline compared to the 3D methodology, synthetic
triplane data were created from the previously used 3D recordings by slicing them at con-
secutive 60◦ angles along the LAX, mimicking triplane acquisition. This was achieved by
computing an affine matrix that performed the following:

• Transformed the image to identity space by applying the inverse affine matrix, A𝐻−1

stored in the header of each NIfTI file. This was done to avoid misalignment in the
slicing operation used to produce the planes by ensuring that the transforms and images
were in the same space and had the same orientation. Since these affine matrices only
stored scale and translation values they could be characterized by scaling and translation
vectors as, s𝐻−1 and t𝐻−1 .

• Translated the apex to the origin via T𝑂 = T(−(as𝐻−1 + t𝐻−1)), where a is the landmark
point coordinates of the apex annotated in the previous section.

• Aligned the LAX with the z-axis, via A𝐻−1A𝐿𝐴𝑋A𝐻 , where A𝐿𝐴𝑋 is identical to the
one in the previous section.
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• Rotated the image around the z-axis by R𝑧 (𝛼), where 𝛼 = 0◦, 60◦, 120◦

• Rotated the image around the y-axis by R𝑦 (90◦) to place the acquisition plane to align
with the XY-plane

• Translated the image by T𝑋𝑌 to align the acquisition plane with the voxel space.

The overall affine matrix used to create the planes was the composition of the above transfor-
mations, expressed as:

A2𝐷 (𝛼) = T𝑋𝑌R𝑦 (90◦)R𝑧 (𝛼)A𝐿𝐴𝑋T𝑂A𝐻−1 . (6.31)

Applying this transformation to the 3D + time US recordings and slicing them via taking
the first XY-plane in voxel coordinates resulted in 2D + time image sequences at different
acquisition angles. The 3D mesh, generated at the end-diastolic frame in the previous
section, was also transformed via this affine matrix, and landmark points were placed at the
intersection of the mesh and the 2D image, using 3D Slicer. This allowed for the accurate
reconstruction of the LV geometry from triplane images, enabling an in-depth analysis of
the image registration parameters on the error metrics for displacement and regional strain
values.

After defining the landmark points on each plane, a Catmull-Rom interpolation was used to
create a smooth representation of the myocardial midwall along the LAX by generating 𝑁𝑧
number of points.

Performing image registration in all three planes between the consecutive frames, yielded
displacement fields that could be applied to each LAX contour separately. After propagating
these temporary meshes throughout the cardiac cycle, the inverse transforms, A−1

2𝐷 (𝛼) were
applied at each timestep to assemble the contours in the original space. Since each LAX
curve had an equal number of points, SAX interpolation could be implemented by choosing
the corresponding point IDs from each contour. To facilitate the comparison of the final
LV meshes between the triplane and 3D pipelines, 𝑁𝜃 points were created along the SAX.
The triangular elements and the strain directions were calculated as described in the previous
sections.

Error Metrics

Denoting the mesh created via the 3D methodology with matrix M, and the mesh generated
by the triplane pipeline with M̂, where both matrices representing the mesh coordinates are
in R𝑁𝜃𝑁𝑧×3, allows the calculation of pointwise displacement metrics. The root mean square
error for corresponding points is calculated as

𝑅𝑀𝑆𝐸𝑐𝑜𝑟𝑟 =

√√√
1

𝑁𝜃𝑁𝑧

𝑁𝜃𝑁𝑧∑︁
𝑖=1
∥M𝑖 − M̂𝑖∥2, (6.32)
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while the maximum distance between corresponding points is reported, such that

𝑀𝐴𝑋𝑐𝑜𝑟𝑟 = max
𝑖
∥M𝑖 − M̂𝑖∥ (6.33)

Closest point displacement metrics included the directed Hausdorff distances defined as

𝐻 (M→ M̂) = max
𝑖

min
𝑗
∥M𝑖 − M̂ 𝑗 ∥ , 𝐻 (M̂→M) = max

𝑖
min
𝑗
∥M̂𝑖 −M 𝑗 ∥, (6.34)

the symmetric Hausdorff distance expressed as the maximum of the two directed distances as

𝐻 (M, M̂) = max(𝐻 (M→ M̂), 𝐻 (M̂→M)) (6.35)

and the symmetric root mean square error for the closest points computed as:

𝑅𝑀𝑆𝐸𝑐𝑙𝑜𝑠𝑒𝑠𝑡 =

√√√
1

2𝑁𝜃𝑁𝑧

𝑁𝜃𝑁𝑧∑︁
𝑖=1
(min

𝑗
∥M𝑖 − M̂ 𝑗 ∥2) +

1
2𝑁𝜃𝑁𝑧

𝑁𝜃𝑁𝑧∑︁
𝑖=1
(min

𝑗
∥M̂𝑖 −M 𝑗 ∥2).

(6.36)

6.5.4 Strain Measures from Clinical Triplane Data

After establishing the range of error associated with measuring regional LV deformation
parameters from the synthetic triplane data set, the triplane recordings from the DSE12 data
set were examined using this method to investigate the prognostic value of the derived features
in patients with LFLG AS. The following section details the data processing pipeline that is
applied to the clinical data to calculate LV deformation measures.

First, the triplane DICOM files of the LV were exported to three separate NIfTI image series
based on the different acquisition angles. Since in the DICOM format Bidgood et al. (1997),
the files contain both pixel data and metadata in the form of tags, these tags were considered
to determine the transformation matrix needed to interpret the DICOM images in 3D space.
The following tag data were used for the reconstruction of the LV in the physical space:

• The Region Location Min X0, Region Location Min Y0, Region Location Max X1
and Region Location Max Y1 tags indicating the offsets in pixel indices with respect
to the upper left corner of the entire image. This was used to extract the appropriate
sequence regions from DICOM file as

𝐼𝑠𝑒𝑞 [𝑖, 𝑗] = 𝐼𝐷𝐼𝐶𝑂𝑀 [𝑋1 − 𝑋0 + 𝑖, 𝑌1 − 𝑌0 + 𝑗] . (6.37)

• PhysicalDeltaX and PhysicalDeltaY defining the width and height of each pixel with
𝑝𝑥 and 𝑝𝑦. This defines the parameters for the scaling vector as s𝐷𝐼𝐶𝑂𝑀 = (𝑝𝑥 , 𝑝𝑦, 𝑝𝑦).
Since no spacing information is given for the z-axis for a 2D image, and 𝑝𝑥 ≈ 𝑝𝑦 for
all planes, 𝑠𝑧 was approximated by 𝑝𝑦.

• The units of the above tags, specified by PhysicalUnitsXDirection and PhysicalUnit-
sXDirection respectively. This allowed for quantifying the units of the displacements.
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The affine matrix for the extracted image sequences at angles𝛼 = 0◦, 60◦, 120◦, was calculated
as

A𝐷𝐼𝐶𝑂𝑀 (𝛼) = R𝑧 (𝛼)S(s𝐷𝐼𝐶𝑂𝑀)T(t𝐷𝐼𝐶𝑂𝑀), (6.38)

where the translation vector t𝐷𝐼𝐶𝑂𝑀 is calculated from the Region Location tags as t𝐷𝐼𝐶𝑂𝑀 =

[− 𝑋1−𝑋0
2 , 0, 0], since the symmetric imaging cone was centred along the width of the se-

quence.

Subsequently, the myocardial contours at end-diastole for each angle were annotated using
3D Slicer. This was achieved by placing landmark points in each LAX plane at the apex
and at the boundaries of the basal, mid-cavity, and apical segments defined by the AHA
segmentation model. Using a Catmull-Rom interpolation as previously described through
these landmark points to generate the LAX curves resulted in intermediate meshes with 𝑁𝑧
points.

Next, a deformable image registration was performed in each plane between the consecutive
time frames, resulting in a displacement field at each time step. This is denoted by u𝛼 (𝑥)𝑡 .
The intermediate LAX meshes were propagated via these deformation fields through one
cardiac cycle.

Finally, the warped mesh series at each plane was placed in the same physical space using
the affine matrix A𝐷𝐼𝐶𝑂𝑀 (𝛼), calculated from the DICOM tag data. Utilising a single apex
and performing a Catmull-Rom interpolation in the SAX direction via the respective LAX
control points within each plane yielded 3D meshes at every time interval. The generation
of triangular elements and the calculation of strain directions was performed similarly to the
method described in the previous section. To avoid unrealistic interpolation curves around
the apex resulting from a set of closely clustered control points, an additional mesh offset
parameter was defined that truncated the LAX interpolation by 𝑁offset points. The overall
pipeline is shown in Figure 6.9.

Comparing regional displacements and strains between different AS severity groups and
stress states allows for the assessment of the clinical utility of these markers and the efficacy
of DSE.
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Figure 6.9: The developed pipeline showing the steps needed to acquire a triangular surface
mesh series following the myocardial midline of the left ventricle from a triplane DICOM
cine series. 𝐼seq [𝑖, 𝑗] uses the DICOM image data and tags to split the recording into
three separate cine series. ADICOM(𝛼) denotes the angle-dependant spatial transformations
required to assemble the different mesh series in the same physical space.
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6.6 Results and Discussion

In this section, the main results for the strain imaging methodology are detailed. First, strain
verification is covered, followed by the validation of the triplane methodology in deriving
regional deformation parameters compared to the standard 3D method, using the MWMA
dataset. Finally, an exploratory clinical study is presented that examines the regional strain
parameters of patients with LFLG AS for different severity groups of AS using the triplane
methodology in a subset of the DSE12 data set.

6.6.1 Verification of Strain Measures

To estimate the accuracy of the strain calculations, first a known deformation was applied
to a cylindrical reference geometry and the element-wise stretch values in the longitudinal,
circumferential and radial directions were compared to their theoretical values. A cylinder
with radius 𝑟 = 12.5 and height ℎ = 102 was chosen as the undeformed body in the
reference configuration. A function was applied to these coordinates so that the radius would
increase linearly along the height of the cylinder, increasing in the z direction, leaving the top
undeformed and dilating the base with a scaling factor 𝑠 = 11. The two configurations are
illustrated in Figure 6.10.

Figure 6.10: The triangular surface mesh of cylindrical geometry as shown in the reference
configuration [left] and as depicted in the deformed configuration [right]. The pointwise
correspondance between the two meshes allowed the verification of the strain calculations.

After applying the deformation to the reference geometry, the stretch directions were calcu-
lated for each triangular surface element. The vectors in the longitudinal, circumferential
and radial directions for each element are shown in Figure 6.11 illustrating the top part of the
deformed cylinder.

To obtain the theoretical values for the stretches along these directions, the transformation
of an individual triangle from its reference configuration to its deformed configuration was
examined. Since the element was a surface element, there was no change in length in the
radial direction, and the stretch remained 1 for all elements. The circumferential stretch
corresponded to the change in length of the edges of the triangular elements lying on the XY
plane; hence, this was equal to the change of radius and was a function of the z coordinate
increasing towards the base of the cylinder.
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Figure 6.11: Visualisation of the local strain directions in the deformed configuration, show-
ing the longitudinal , circumferential, and radial directions across the mesh surface in blue,
red and green, respectively.

The longitudinal stretch was given by√︂
1 + ( (𝑠 − 1)𝑟

ℎ
)2 = 1.5817 ,

which expresses the length of a line element along the surface of the cylinder and only
depends on the height, the radius, and the scaling of the deformed geometry. The directional
stretch values are shown in Figure 6.12 using a polar plot representation.
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Figure 6.12: Stretch values in the circumferential [left], longitudinal [centre], and radial
directions [right] of the reference geometry as depicted on a polar plot. Each plot shows the
spatial variations in directional stretch across the mesh surface, where the angular position
represents the circumferential location, while the radial distances correspond to the height
measured from the top of the cylinder.

The radial stretch only produces numerical errors in the range of 10−14 compared to its
theoretical value of 1. The circumferential stretch accurately aligns with the variation in
radius as one progresses from the base to the top of the cylinder, and the longitudinal stretch
is closely aligned with the theoretical value, with an error approximately equal to 5 × 10−4.
This is caused by the slightly incorrect vector directions when calculating the circumferential
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direction as edge vectors instead of their analytical values; however, this was preferred due to
it being used later in the LV geometry calculations as well, which did not have an analytical
solution.

6.6.2 3D and Triplane Measurements

After establishing the error associated with the strain calculations, the tracking accuracy of
the image registration process was investigated. This was done by calculating the symmetric
mean boundary distance and Hausdorff distance metrics as well as the corresponding points
RMSE for each patient at every time frame. Since each patient had a different number
of frames for a full cardiac cycle, the time was normalised across patients using linear
interpolation. Reporting the mean and standard deviation at each normalised time step for
the distance and volume metrics, as shown in Figure 6.13, allowed for the in-depth analysis
of the tracking accuracy over time.
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Figure 6.13: The comparison of global mesh distance metrics [left] and left ventricular
(LV) volumes [right] over the normalised cardiac cycle between 3D and triplane methods.
The left figure displays the symmetric Hausdorff distance, th pointwise root mean square
error (RMSE), and the symmetric mean boundary distance (SMBD), indicating the temporal
variation in mesh distance. The right figure displays mean LV volume curves from 3D and
triplane reconstructions. The shaded regions represent the standard deviations across all
patients.

Although mesh distance metrics at the beginning of the cardiac cycle are small, they become
more prominent towards the end of the cardiac cycle due to the triplane image registration
process providing a much tighter tracking of the LV wall, when compared to the 3D method.
Note that SMBD stays mostly constant throughout the cardiac cycle, suggesting that the
overall mesh distance is constant. However, the Hausdorff metric increases significantly
towards the end of the cardiac cycle, which indicates that an outlier region causes the meshes
to be distant from each other. This outlier is most likely caused by tracking of the mitral valve
at closure, as it detaches from the LV wall and returns to a closed state rather than keeping
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the region to follow the LV myocardium. This tracking error is likely due to the fact that
the regularisation applied during the triplane registration process was too low, causing the
displacement field to be affected by sharp and localised changes.

This difference in tracking performance is also reflected in the volume curves. Initially, the
two methods produce similar volumes, but diverge near peak systole. The triplane image
registration method provides tighter tracking due to its reduced spatial dimensionality, leading
to lower estimated volumes at peak systole compared to the 3D method. Toward the end
of the cardiac cycle, the volume difference decreases again, indicating that the meshes are
generally well aligned aside from a few local outliers detected by the Hausdorff metric and
the effects of differing regularisation levels.

Figure 6.14 illustrates the average global longitudinal and circumferential strains over nor-
malised time intervals across all patients in the MWMA data set. A similar pattern is seen
for the global circumferential strain as observed for the volume curves, in which initial strain
values agree, while they begin to diverge towards peak systole and return to closer alignment
by the end of the cardiac cycle. For global longitudinal strain, the two methods show great
alignment until peak systole and diverge significantly at the end of the cardiac cycle. This
phenomenon may also be explained by the erroneous tracking of the mitral valve, which
causes a small region to undergo a large deformation, thus increasing the average strain,
which consequently results in a greater discrepancy between the two methods.
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Figure 6.14: The comparison of global longitudinal [left] and circumferential [right] strain
values across the normalised cardiac cycle for all patients, derived using 3D and triplane
methods. Solid lines represent the mean global strain across all patients, while shaded areas
indicate one standard deviation.
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To further evaluate the differences between the two methods, a comparison of global defor-
mation parameters measured at peak systole was conducted. In Figure 6.15, boxplots of the
average regional displacement and strain values derived from the 3D and triplane pipelines
are depicted for the peak systolic frame. The average global displacement and longitudinal
deformation were observed to show good agreement between the two methodologies, while
the mean regional circumferential strain values were slightly lower for triplane measurements.
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Figure 6.15: Boxplot comparison of average global displacement [left], longitudinal strain
(middle), and circumferential strain [right] at peak systole between the 3D and triplane
methodologies across all patients in the myocardial wall motion analysis data set. Displace-
ment is reported in millimetres, while strain values are expressed as percentages.

Finally, statistical analysis of regional deformation parameters of the LV myocardium between
3D and triplane derived values at peak systole was performed using a Wilcoxon signed-rank
test using Bonferroni correction. The metrics reported for regional displacement, longitudinal
and circumferential strains are shown in Tables 6.1-6.3, while the segmental mean difference,
RMSE and statistical significance are also shown using a bull’s eye plot as illustrated in
Figures 6.16-6.18.

From Table 6.1 it is observed that the regional displacement values differed by a maximum
of 2.2 mm RMSE. Statistically significant differences were found between the two methods
for two regions: one basal (segment 1) and one apical (segment 14). The basal segments are
also observed to exhibit larger displacements compared to the apical segments, supporting
the findings of Leitman and Tyomkin (2025). Segmental longitudinal strains showed good
agreement for all regions, but large deviation with a maximum mean difference of -5.36%.
No statistically significant differences were found for this metric. The basal segments are also
seen to exhibit lower absolute longitudinal deformations compared to the apical segments. For
regional circumferential strains, the two methods showed good agreement with no statistically
significant differences for any region. The maximum difference between the two methods
for circumferential strain was found to be less significant than longitudinal strain with 6.2%
RMSE.
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Segment 3D (Mean ± SD) Triplane (Mean ± SD) Mean Diff. RMSE p-value

1 10.081 ± 1.875 11.893 ± 2.44 -1.812 2.170 0.066
2 12.251 ± 2.966 13.755 ± 2.071 -1.503 2.079 0.465
3 11.407 ± 1.664 10.92 ± 2.783 0.487 2.073 1.000
4 10.261 ± 1.946 10.648 ± 2.186 -0.387 2.051 1.000
5 10.143 ± 2.341 11.188 ± 2.1 -1.045 1.990 1.000
6 9.65 ± 1.845 10.055 ± 2.473 -0.406 1.467 1.000
7 8.943 ± 1.991 9.886 ± 2.106 -0.943 1.450 0.930
8 10.837 ± 2.049 11.619 ± 1.385 -0.782 1.420 1.000
9 9.215 ± 1.219 9.292 ± 2.347 -0.076 1.621 1.000

10 7.436 ± 1.445 7.774 ± 1.601 -0.339 1.254 1.000
11 6.957 ± 1.613 7.6 ± 2.201 -0.643 1.441 1.000
12 7.413 ± 1.854 7.789 ± 1.893 -0.376 1.082 1.000
13 7.644 ± 2.056 8.328 ± 1.832 -0.684 0.876 0.199
14 7.198 ± 0.814 8.548 ± 0.951 -1.349 1.512 0.066
15 4.616 ± 1.415 5.174 ± 1.32 -0.558 0.729 0.332
16 4.636 ± 1.012 4.831 ± 1.191 -0.195 0.740 1.000
17 4.178 ± 0.548 5.01 ± 0.481 -0.832 0.989 0.133

Table 6.1: The comparison of average regional displacements at peak systole between the
3D and triplane methods, using all patients from the myocardial wall motion analysis data
set (𝑛 = 9). For each of the 17 segments, the table reports the mean and standard deviation
for both 3D and triplane methods, the mean difference (3D-Triplane), the root mean square
error (RMSE), and the p-value from the Wilcoxon signed-rank test assessing the statistical
significance between the two methods. Units for distance metrics are in millimetres.
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Figure 6.16: Regional displacement comparison between 3D and triplane methodologies
at peak systole across all patients in the myocardial wall motion analysis data set, displayed
using a 17-segment bull’s eye plot. The left figure shows the mean difference, the centre figure
displays the root mean square error (RMSE), and the right figure illustrates the corresponding
statistical significance with the associated segmental p-values. The inner rings represent
apical regions, and the outer rings represent basal segments.
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Segment 3D (Mean ± SD) Triplane (Mean ± SD) Mean Diff. RMSE p-value

1 −3.37 ± 5.49 −4.14 ± 7.74 0.76 5.57 1.00
2 0.81 ± 4.32 1.96 ± 7.56 -1.15 6.60 1.00
3 −2.96 ± 6.12 2.39 ± 14.70 -5.36 13.42 1.00
4 −5.82 ± 3.43 −5.24 ± 9.23 -0.59 8.51 1.00
5 −9.50 ± 4.69 −12.25 ± 8.56 2.75 6.61 1.00
6 −9.82 ± 4.42 −12.33 ± 7.61 2.51 5.45 1.00
7 −6.84 ± 4.45 −7.03 ± 3.19 0.18 4.51 1.00
8 −13.17 ± 3.40 −12.56 ± 2.45 -0.60 2.76 1.00
9 −13.74 ± 2.90 −12.02 ± 3.38 -1.72 3.77 1.00

10 −12.42 ± 2.51 −13.25 ± 5.47 0.83 5.86 1.00
11 −11.79 ± 4.12 −13.88 ± 4.67 2.09 5.10 1.00
12 −10.03 ± 3.47 −7.44 ± 6.41 -2.59 6.99 1.00
13 −11.46 ± 2.52 −14.30 ± 3.39 2.85 4.74 0.93
14 −14.69 ± 2.45 −17.38 ± 3.96 2.69 5.06 1.00
15 −12.38 ± 2.70 −11.18 ± 5.08 -1.20 4.74 1.00
16 −11.46 ± 4.14 −13.25 ± 4.69 1.79 5.85 1.00
17 −10.42 ± 1.46 −11.27 ± 2.85 0.85 4.93 1.00

Table 6.2: The comparison of average regional longitudinal strain at peak systole between
the 3D and triplane methods, using all patients from the myocardial wall motion analysis data
set (𝑛 = 9). For each of the 17 segments, the table reports the mean and standard deviation
for both 3D and triplane methods, the mean difference (3D–Triplane), the root mean square
error (RMSE), and the p-value from the Wilcoxon signed-rank test assessing the statistical
significance between the two methods. Units for strain metrics are in percentages.
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Figure 6.17: Regional longitudinal strain comparison between 3D and triplane methodologies
at peak systole across all patients in the myocardial wall motion analysis data set, displayed
using a 17-segment bull’s eye plot. The left figure shows the mean difference, the centre figure
displays the root mean square error (RMSE), and the right figure illustrates the corresponding
statistical significance with the associated segmental p-values.
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Segment 3D (Mean ± SD) Triplane (Mean ± SD) Mean Diff. RMSE p-value

1 −8.91 ± 2.32 −9.91 ± 1.89 1.00 2.68 1.00
2 −9.34 ± 2.47 −11.36 ± 1.84 2.02 4.13 1.00
3 −7.34 ± 2.48 −11.36 ± 1.56 4.02 4.94 0.07
4 −5.66 ± 3.87 −9.49 ± 3.03 3.83 6.17 1.00
5 −9.93 ± 2.66 −12.09 ± 1.38 2.17 3.59 0.93
6 −12.32 ± 3.24 −10.57 ± 1.79 -1.75 3.79 1.00
7 −11.50 ± 2.89 −13.59 ± 1.65 2.09 3.60 1.00
8 −12.87 ± 2.60 −14.41 ± 2.02 1.55 3.27 1.00
9 −11.27 ± 1.50 −14.04 ± 1.27 2.77 3.03 0.07

10 −9.89 ± 3.05 −13.35 ± 2.87 3.47 5.48 1.00
11 −10.44 ± 4.32 −14.31 ± 1.28 3.86 5.45 0.93
12 −12.26 ± 2.48 −13.24 ± 2.04 0.97 3.23 1.00
13 −13.94 ± 2.49 −14.61 ± 1.32 0.67 2.60 1.00
14 −12.28 ± 2.30 −14.55 ± 1.52 2.26 3.46 0.46
15 −9.99 ± 2.58 −12.81 ± 1.91 2.82 3.73 0.33
16 −11.56 ± 3.35 −14.43 ± 1.12 2.87 4.39 1.00
17 −12.33 ± 2.84 −15.15 ± 3.20 2.82 4.26 0.93

Table 6.3: The comparison of average regional circumferentail strain at peak systole between
the 3D and triplane methods, using all patients from the myocardial wall motion analysis data
set (𝑛 = 9). For each of the 17 segments, the table reports the mean and standard deviation
for both 3D and triplane methods, the mean difference (3D-Triplane), the root mean square
error (RMSE), and the p-value from the Wilcoxon signed-rank test assessing the statistical
significance between the two methods. Units for strain metrics are in percentages.

Mean Diff

0

2

4
[%]

RMSE

4

6
[%]

p-value

0.000
0.025
0.050
0.100
0.200
0.500
1.000

Figure 6.18: Regional circumferential strain comparison between 3D and triplane method-
ologies at peak systole across all patients in the myocardial wall motion analysis data set,
displayed using a 17-segment bull’s eye plot. The left figure shows the mean difference, the
centre figure displays the root mean square error (RMSE), and the right figure illustrates the
corresponding statistical significance with the associated segmental p-values.
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6.6.3 Regional Strain Assessment in Low-Flow, Low-Gradient Aortic Stenosis

This section presents an analysis of regional deformation metrics derived from triplane
echocardiograms of patients included in the DSE12 data set. First, the different severity
groups were compared at resting heart rate, followed by an intrapatient examination of the
differences between stress and resting states.

Regional Differences at Baseline in Moderate and Severe Aortic Stenosis

To investigate the clinical relevance of stress echocardiography concerning LV function, the
differences among AS severity groups are initially assessed at the baseline resting heart
rate. By analysing the mean and standard deviation for each group for every AHA segment,
as depicted in Figure 6.19, the reference values for each group are established. Although
longitudinal strain does not clearly show a difference between AS groups, displacement
and circumferential strains indicate greater LV contractility within the moderate AS group.
Displacement values also correspond to greater movements in the basal and middle segments
for all severity groups compared to the apical segments, which is consistent with the expected
motion of the LV (Leitman and Tyomkin, 2025). Circumferential strains for the basal segments
in moderate AS are also observed to have lower absolute values compared to the middle and
apical segments, a finding previously demonstrated by Hjertaas et al. (2023).

Intrapatient Stress Response Analysis

To conclude the clinical study, the deformation parameters were compared between the
baseline and stress states to assess regional LV contractile reserve for each patient. The results,
shown in Figure 6.6.3, report the differences per-region for displacement, longitudinal, and
circumferential strain. Patient 2 exhibited a counter effect of an expected stress test, with
lower magnitudes of longitudinal and circumferential strain during DSE than at rest, possibly
due to inadequate image acquisition or poor image tracking. Patient 1, who had moderate
AS, indicated greater longitudinal strain reserves compared to patient 3, who had severe AS.
This result may reinforce the finding of Kim et al. (2020), in which a greater longitudinal
strain reserve was associated with better survival for patients with LFLG AS.
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Figure 6.19: Segmental analysis of left ventricular deformation parameters at peak systole in
patients with moderate (blue circles) and severe (red squares) aortic stenosis (AS), across all
17 standard left ventricular segments. The top figure shows myocardial displacement [mm],
the middle figure shows longitudinal strain [%], and the bottom figure shows circumferential
strain [%]. The dashed lines represent group-wise means for each parameter. Error bars
denote one standard deviation.
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Figure 6.20: Segmental assessment of left ventricular (LV) contractile reserve in three pa-
tients with low-flow, low-gradient aortic stenosis during dobutamine stress echocardiography,
compared to baseline (resting) measurements. Differences in peak systolic regional displace-
ment [top], longitudinal strain [middle], and circumferential strain [bottom] are plotted per
LV segment. Negative values for longitudinal and circumferential strain indicate increased
contractility in response to stress. Dashed lines represent the mean change across all segments
for each patient.
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6.7 Conclusion

In this chapter, the development of a multiplanar reconstruction and image registration
pipeline was presented to estimate the regional parameters of the LV myocardial deformation
from triplane echocardiographic recordings. The validation results against full-volume 3D
STE demonstrated good agreement for segmental longitudinal and circumferential strains as
well as global longitudinal strain, confirming the accuracy and clinical viability of the pro-
posed method. The proposed pipeline enables accurate quantification of 3D LV deformation
parameters from triplane recordings, eliminating the need for full-volume 3D acquisitions and
thus supporting clinical applicability in more challenging imaging protocols, such as DSE.
In addition, the pipeline can also allow retrospective analysis of triplane data, which offers a
valuable tool for investigating regional myocardial mechanics in various cardiac pathologies.

Although the sample size was limited, the initial results suggested that the segmental cir-
cumferential strain values measured at rest are consistently lower for patients with severe
AS compared to those with moderate AS. Furthermore, patients with moderate AS exhibited
greater myocardial displacement at rest across all LV segments than those with moderate AS,
supporting the differentiation of severe and pseudo-severe cases of LFLG AS at rest. Finally,
segmental longitudinal strain reserve may also serve as a clinically relevant marker for AS
severity in classical LFLG AS.



7. Deep Learning Approaches to Aortic Stenosis
Prediction

This chapter concerns the application of DL models for the prediction of the severity of AS
from TTE recordings. After a brief introduction (Section 7.1) and a theoretical background
on DL (Section 7.2) the state-of-the-art architectures related to AS prediction from TTE
are covered in Section 7.3. Next, the methodology for training, evaluating, and conducting
a comprehensive analysis of a novel architecture is covered in Section 7.4. Consequently,
the results comparing the training and generalisation performance of the novel architecture
with the state-of-the-art methods on the public TMED2 data set are described in Section 7.5.
Finally, the generalisation performance of the models is investigated in an external clinical
data set of concordant AS and a cohort of patients with LFLG AS recorded at rest and stress
conditions as described in Section 7.6. The conclusions of this chapter are summarised in
Section 7.7.

7.1 Introduction

Previous chapters have focused on investigating ML algorithms using manually extracted
indicators of AS severity, such as LVEF and AVA, as well as employing image registration
and multiplanar reconstruction techniques to quantify LV myocardial wall motion. Although
both methods provide valuable physiological insight, they rely on clinical expertise to identify
relevant predictors of AS within echocardiographic recordings, thus being limited by current
clinical understanding. In contrast, DL employs a data-driven approach in which class-
discriminative representations are learnt directly from image data.

Using recent advances in DL, such as attention mechanisms, multiple-instance learning
(MIL), and multitask learning frameworks, DL models have shown improved performance
compared to previous architectures in a variety of learning tasks. These tasks included medical
image segmentation (Tragakis et al., 2023), AS classification using TTE recordings (Huang
et al., 2024), or the automatic prediction of multiple anatomical and hemodynamic parameters
from echocardiographic recordings (Holste et al., 2025). Although AS classification using
TTE recordings has been demonstrated in several studies in recent years (Ahmadi et al.,
2024; Huang et al., 2025; Park et al., 2025), all models were trained with the exclusion of the
discordant AS population. Consequently, current data on the generalisation performance of
these models in the LFLG AS cohort remain sparse, with no evidence on the utility of stress
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testing or their discriminative capability between severe and pseudo-severe classical LFLG
AS.

In this chapter, a novel DL architecture is introduced that combines transformer-based encoder
blocks with the MIL framework to predict the severity of AS. The model is compared to
existing approaches using the public TMED2 data set. Generalisation performance across
hospitals is assessed using an external cohort of patients with concordant AS. A distinct
LFLG AS group recorded under both resting and stress conditions is used to examine how
well the learnt classifiers identify the severity of AS in this subgroup, as well as to infer the
utility of stress testing in disease stratification.

7.2 Deep Learning Foundations

7.2.1 Learning Algorithm

The most comprehensive definition of machine learning, as described by Mitchell (1997),
is the study of algorithms that can learn from data. This can be formally expressed as
learning algorithms that improve their performance on some task through experience, fully
characterising the learning problem.

In the context of computer vision, the task typically corresponds to problems such as image
classification, segmentation, or image-based regression. The objective of image classification
is to accurately specify a categorical output variable, 𝑦 ∈ {1, .., 𝑘}, which corresponds to
the provided input image 𝑋 ∈ R𝐻×𝑊 . The task is then achieved by learning a mapping 𝑓 :
R𝐻×𝑊 → {1, . . . , 𝑘}. The task of image segmentation is to assign a categorical label to every
pixel in the image so that the mapping learnt is represented as 𝑓 : R𝐻×𝑊 → {1, . . . , 𝑘}𝐻×𝑊 ,
while in regression the task involves predicting a continuous output variable from the input
image such as the peak transvalvular velocity or ESV.

The experience of a learning algorithm is the data set it encounters during training. A
common way to describe a data set is with a design matrix containing a different observation
in each row and a different feature in each column of the matrix. In cases where the input
examples do not have the same dimensions, rather than describing the data set as a matrix, it
is described as a collection of input and output pairs, 𝑆 = {(𝑋 (𝑖) , 𝑦 (𝑖)); 𝑖 = 1, .., 𝑛}. A single
instance of an input and output pair is also called a training example, and each example is
used to guide the algorithm to improve its predictions. In medical imaging data sets, an input
example 𝑋 (𝑖) may correspond to a single image or video, or a set of images and videos, while
the labels are defined through the learning objective.

The performance metric provides a quantitative measure of how well the learnt function
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𝑓 performs on the given task. For a classification task, the most common metrics include
accuracy, recall, precision, balanced accuracy, and the F1 score as defined earlier in Chapter 5
through Equations 5.23 - 5.27. Additionally, the confusion matrix can be used to summarise
the predictions of the algorithm in a tabular format. By presenting the number of true
positives (TP), true negatives (TN), false positives (FP), and false negatives (FN), it provides
a more detailed insight of the algorithms predictions, identifying areas of misclassification.
Moreover, the Receiver Operating Characteristic (ROC) curve is often used to assess the
efficacy of a binary classification algorithm by examining its performance via the true positive
rate (TPR) and the false positive rate (FPR) defined as

TPR =
TP

TP + FN
; FPR =

FP
FP + TN

. (7.1)

Every point on the ROC curve corresponds to a distinct classification threshold, which
depicts the trade-off between sensitivity and specificity at each threshold level. The area
under the curve (AUC) is then calculated from these values to provide a scalar measure of
the algorithm’s discriminative capability, where an AUC of 1.0 denotes a perfect classifier
and 0.5 reflects performance equivalent to random guessing.

For image segmentation, common performance metrics include the dice similarity coefficient
(DSC) and intersection over union (IoU). These metrics are measured between the ground
truth annotation (A) and the predicted label map (B), as

DSC =
2 |𝐴 ∩ 𝐵|
|𝐴| + |𝐵| , and IoU =

|𝐴 ∩ 𝐵|
|𝐴 ∪ 𝐵| , (7.2)

where the size of each set is determined by the number of pixels contained in the set.
For regression tasks, performance metrics include the mean squared error (MSE) and the
coefficient of determination (𝑅2) defined as

MSE =
1
𝑛

𝑛∑︁
𝑖=1
( 𝑦̂ (𝑖) − 𝑦 (𝑖))2, and 𝑅2 = 1 −

∑
𝑖 ( 𝑦̂ (𝑖) − 𝑦 (𝑖))2∑
𝑖 (𝑦 (𝑖) − 𝑦̄ (𝑖))2

, (7.3)

where 𝑦̂ (𝑖) and 𝑦 (𝑖) denote the predicted and ground truth outputs for the given example,
respectively, while 𝑦̄ (𝑖) is the mean of the observed data.

7.2.2 Maximum Likelihood Estimate

One of the most common ways learning algorithms are derived involves the use of the
maximum likelihood estimate (MLE) principle introduced by Fisher (1922). This principle
assumes that given a set of training examplesX = {X(1) , . . . ,X(𝑛)} drawn independently from
an unknown but fixed data-generating distribution 𝑝data(X), the true data distribution can be
approximated by a model, represented as a family of parametric probability distributions
𝑝model(X; 𝜽), defined over the same space. The MLE formulation then aims to find the
optimal solution for 𝜽 that maximises the probability of the observed data under the model,
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so that

𝜽ML = argmax
𝜽

𝑝model(X, 𝜽) = argmax
𝜽

𝑛∏
𝑖=1

𝑝model(X(𝑖); 𝜽) , (7.4)

which equals the product of the likelihood of each example, since the examples are assumed
to be independent. For better numerical stability, the above equation is implemented in
software as the sum over the logarithm of each likelihood, so that

𝜽ML = argmax
𝜽

𝑛∑︁
𝑖=1

log𝑝model(X(𝑖); 𝜽). (7.5)

Since the argument does not change when the expression is rescaled, Equation 7.5, can be
rewritten to be expressed as an expectation with respect to the observed distribution 𝑝data,
given the training data, such that

𝜽ML = argmax
𝜽

1
𝑛

𝑛∑︁
𝑖=1

log𝑝model(X(𝑖); 𝜽) = argmax
𝜽

EX∼𝑝datalog𝑝model(X; 𝜽). (7.6)

This formulation can also be viewed as a method that minimises the dissimilarity between
the empirical data distribution 𝑝data and the model distribution 𝑝model, with the degree of
dissimilarity measured by the Kullback-Leibler (KL) divergence (Kullback and Leibler, 1951)
defined as

𝐷KL(𝑝data | |𝑝model) = EX∼𝑝data (log𝑝data(X) − log𝑝model(X; 𝜽)). (7.7)

Therefore, minimising the KL divergence between the two distributions is equivalent to the
MLE formulation since 𝑝data does not depend on the model parameters. Minimising the
KL divergence is also equivalent to minimising the cross-entropy (CE) in the context of a
supervised learning task, where 𝑝data is given, since

CE = 𝐻 (𝑝data, 𝑝model) = 𝐻 (𝑝data) + 𝐷KL(𝑝data | |𝑝model), (7.8)

where 𝐻 (𝑝data), the entropy of the data distribution is fixed for a set of training examples.

For a supervised classification task with 𝑘 number of class labels, the output variable is often
represented as a one-hot encoded vector 𝑦 (𝑖) ∈ {0, 1}𝑘 . This vector takes the value of 1 for the
true class label and is 0 everywhere else. In this setting the cross-entropy becomes equivalent
to the negative log-likelihood expressed as

L𝐶𝐸 (X(𝑖) , 𝑦 (𝑖) , 𝜽) = L𝑁𝐿𝐿 (X(𝑖) , 𝑦 (𝑖) , 𝜽) = −
𝑘∑︁
𝑗=1

𝑦
(𝑖)
𝑗

log 𝑦̂ (𝑖)
𝑗
, (7.9)

where 𝑦̂ (𝑖)
𝑗

= 𝑝model(𝑦 = 𝑗 |X(𝑖); 𝜽) is the model’s predicted probability of class 𝑗 for input
X(𝑖) , and 𝑦 (𝑖)

𝑗
is the true probability of class 𝑗 . Note that this expression simplifies to the

predicted negative log-probability of the true class label due to the one-hot encoded vector
being 0 everywhere else.
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7.2.3 Gradient-Based Optimisation

The above section outlined how finding the optimal model parameters via MLE can be
obtained through minimising the cross-entropy between the observed data and the predicted
model distribution. This section describes how gradient-based optimisation is used to guide
the model parameters to achieve this minimisation objective. First the objective function or
cost function to be minimised 𝐽 (𝜽) is expressed as the average of per-example losses over the
training data, such that

𝐽 (𝜽) = 1
𝑛

𝑛∑︁
𝑖=1
L𝐶𝐸 (X(𝑖) , 𝑦 (𝑖) , 𝜽) , (7.10)

where 𝑛 is the number of training examples. Next, the derivative of the cost function is
calculated with respect to the model parameters ∇𝜽𝐽 (𝜽) to provide information on the slope
of the cost function. The derivative of the cost function is expressed as the average of the
per-example derivatives of the individual losses, so that

∇𝜽𝐽 (𝜽) =
1
𝑛

𝑛∑︁
𝑖=1
∇𝜽L𝐶𝐸 (X(𝑖) , 𝑦 (𝑖) , 𝜽). (7.11)

Note that a slope of 0 indicates that the parameters have settled in local or global minima
or a saddle point, whereas non-zero gradients indicate that the cost function can be further
decreased by changing the model parameters in the opposite direction of the gradient. This
constitutes the next step of gradient-based optimisation, in which the model parameters are
updated, such that

𝜽 ← 𝜽 − 𝜖∇𝜽𝐽 (𝜽) , (7.12)

where 𝜖 denotes the learning rate, i.e. the magnitude of the step taken in the opposite direction
of the gradient. This approach is referred to as steepest descent or gradient descent.

However, the steepest descent involves iterating over all training examples to perform a
single update of the parameters. This is often not feasible due to the computational resource
requirements of storing all gradients for all of the training data. To overcome this limitation,
the gradient is approximated by a subset or batch of training examples drawn uniformly from
the training data B = {X(1) , . . . ,X(𝑛′)}, so that

g =
1
𝑛′
∇𝜽

𝑛′∑︁
𝑖=1
L𝐶𝐸 (X(𝑖) , 𝑦 (𝑖) , 𝜽), (7.13)

and the parameters are updated via

𝜽 ← 𝜽 − 𝜖g. (7.14)

This method is called Stochastic Gradient Descent (SGD) as the gradient is approximated
from a randomly drawn subset of training examples. There are several extensions to SGD
that improve its convergence stability. The most well established method is called Adaptive
Moment Estimation (Adam) (Kingma and Ba, 2014), which combines adaptive learning rates
with momentum-based techniques that use previous gradients to perform a parameter update.
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7.2.4 Feedforward Neural Network

Feedforward neural networks, also called multilayer perceptrons (MLP), constitute the foun-
dation of many deep learning models. MLPs approximate a mapping between input and
output variables, by stacking many nodes, or neurons, in a layered structure, as shown in
Figure 7.1. Each node within a layer receives input from all nodes in the previous layer,
calculates a weighted sum of these inputs through a linear transformation, and then applies a
nonlinear activation function 𝜙 to generate its output.

Figure 7.1: A fully connected feedforward neural network with 𝑚 input units, 5 hidden units,
and 3 output units. The input layer (𝑥1, . . . , 𝑥𝑚) is connected to the hidden layer (ℎ1, . . . , ℎ5)
via the weight matrix W[1] and bias vector b[1] , followed by the output layer (𝑧1, 𝑧2, 𝑧3),
computed using the weight matrix W[2] and bias vector b[2] . Information flows from left to
right.

The nodes in the input layer represent the input features the model is supposed to process
(i.e. individual pixels for an image), while each subsequent layer calculates its activations
through a learnable weight matrix W[𝑙] ∈ R𝑑𝑙×𝑑𝑙−1 and bias vector b[𝑙] ∈ R𝑑𝑙 . Here, 𝑙 indexes
the number of layers in the network and 𝑑𝑙 represents the number of nodes in layer 𝑙.

Nonlinear activation functions are used on top of the affine transformations, allowing for
learning nonlinear relationships between layers, giving the activation of the hidden and
output layer for the given example as

h = 𝜙(W[1]x + b[1]), and z = 𝜙(W[2]h + b[2]). (7.15)

Since the output layer is responsible for producing the prediction, the number of output
neurons corresponds to the number of possible values the output variable can take, considering
a classification task. To generate a valid probability distribution, the softmax function, 𝜎,
is used on top of the final activations, which ensures the values add up to one and are all
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non-negative, such that
𝜎(z)𝑖 =

𝑒𝑧𝑖∑𝑘
𝑗=1 𝑒

𝑧 𝑗
. (7.16)

The output label is chosen by taking the class with the maximum predicted probability as

𝑦 = argmax
𝑖∈{1,...,𝑘}

𝜎(z)𝑖 . (7.17)

7.2.5 The Convolutional Neural Network

Convolutional neural networks (CNNs) are a specific type of neural network designed to
process data with a grid-like structure, such as imaging or time series data. CNNs have
been widely used in computer vision tasks, such as the U-Net architecture for segmentation
(Ronneberger et al., 2015) and the ResNet architecture for classification (He et al., 2015a).
A standard layer in a CNN is composed of three distinct stages. In the first stage, several
convolutional filters are applied to the input to generate a linear combination of the input
features. Next, these combined values are passed through nonlinear activation functions to
introduce nonlinearity to the model, which step is also referred to as the ’detector’ stage.
Finally, the third stage aggregates these thresholded values over a subregion via a pooling
operation. A mathematical description of each stage is provided in the following subsections.

Convolution

In the context of NNs, convolution refers to the operation that applies a set of filters, also
called kernels, to an input. Each filter is progressively shifted over the input in a sliding
window manner, and the element-wise product is calculated between the kernel and the
corresponding subregion of the input, as illustrated in Figure 7.2.

For a three-dimensional input image with 𝑐𝑖𝑛 number of input channels, X ∈ R𝑐𝑖𝑛×𝐻×𝑊

and 𝑐𝑜𝑢𝑡 number of kernels with learnable weights W ∈ R𝑐𝑜𝑢𝑡×𝑐𝑖𝑛×𝐾𝐻×𝐾𝑊 , the convolution
operation is expressed as

𝑦𝑐𝑜𝑢𝑡 ,𝑖, 𝑗 = 𝑏𝑐𝑜𝑢𝑡 +
∑︁
𝑐𝑖𝑛,𝑢,𝑣

𝑥𝑐𝑖𝑛,𝑖+𝑢, 𝑗+𝑣𝑤𝑐𝑜𝑢𝑡 ,𝑐𝑖𝑛,𝑢,𝑣 , (7.18)

where 𝑢 and 𝑣 iterate on the height and width of the kernel 𝐾𝐻 and 𝐾𝑊 , while 𝑖 and 𝑗 index
the output along its height and weight, respectively. Of note, the kernel weights used in
the convolutional layer are learnt from data; thus, the output is indifferent to whether these
layers perform strict convolution or the cross-correlation operation. Often, zero-padding is
applied before performing the convolution operation so that output’s height and width remain
unchanged.

There are many variants of the standard convolution operation described above that extend
the capabilities of this technique, such as dilating the convolutional kernel to enable learning
multiscale feature sets (Yu and Koltun, 2016), or applying depth-wise convolution to separate
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Figure 7.2: The convolution operation as performed on a three dimensional input using a set
of filters. The set of filters are shifted across the input from the top-left to the bottom-right
corner in a sliding-window manner, and the output is calculated by summing the element-wise
products of the corresponding regions.

the spatial and cross-filter interactions (Chollet, 2016). In essence, however, they all leverage
sparse interactions as opposed to a fully connected layer, thus reducing the computational
requirements of the model and introducing parameter sharing.

Activation Function

The detector stage of a convolutional layer is responsible for introducing nonlinearity to the
model by applying nonlinear functions to the output of the convolution operation. This, in
turn, also has the effect of acting as a threshold for the range of the unit. The most common
types of activation functions are illustrated in Figure 7.3. The sigmoid and hyperbolic tangent
(tanh) functions introduce nonlinearity by squashing input values into bounded intervals [0, 1]
and [−1, 1], respectively. The rectified linear unit (ReLU) allows for unbounded positive
outputs by applying an identity function for positive inputs while setting all negative inputs
to zero.

Pooling

The pooling operation summarises the responses of a layer in a neighbourhood of neurons. It
first divides the input into non-overlapping rectangular regions based on the kernel shape and
then computes a summary statistic for each region by aggregating the values of the neurons
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Figure 7.3: Common activation functions used in deep learning. The sigmoid and hyper-
bolic tangent (tanh) functions introduce nonlinearity by squashing input values into bounded
intervals [0, 1] and [−1, 1], respectively. The rectified linear unit (ReLU) allows unbounded
positive outputs while setting all negative inputs to zero.

within it. The output of the pooling operation is then obtained by substituting each region of
the input with the corresponding calculated scalar value. This reduces the spatial dimensions
by a factor equal to the kernel stride, which helps the network remain invariant to small
translations.

Average pooling is expressed as

𝑦𝑖, 𝑗 =
1

𝐾𝐻𝐾𝑊

𝐾𝐻−1∑︁
𝑢=0

𝐾𝑊−1∑︁
𝑣=0

𝑥𝑠𝑖+𝑢,𝑠 𝑗+𝑣 , (7.19)

where 𝑠 denotes the stride of the kernel, 𝐾𝐻 and 𝐾𝑊 denote the height and width of the kernel,
respectively. Similarly, max pooling is also often applied to return the maximum value of
each region, so that

𝑦𝑖, 𝑗 = max
0≤𝑚<𝐾𝐻 0≤𝑛<𝐾𝑊

𝑥𝑠𝑖+𝑢,𝑠 𝑗+𝑣 . (7.20)

7.2.6 Additional Components

Modern DL architectures often employ additional mechanisms beyond convolutional and
fully connected layers to improve stability during training or to enhance generalisation per-
formance. The most common components include normalisation, dropout, and residual
connections.

Normalisation

Normalisation is a technique applied to the activations of a layer’s neurons by subtracting
the mean and dividing by the standard deviation of some input feature set of the layer. It
is used to improve the training stability of a model by preventing vanishing or exploding
gradients during backpropagation, while reducing the network’s dependence on the scale and
distribution of the input data.
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There are different ways in which normalisation can be applied depending on how the feature
set is chosen to calculate the mean and variance; however, the normalised activation of a
neuron, 𝑎̂ can generally be expressed as

𝑎̂ =
𝑎 − 𝜇
√
𝜎2 + 𝜖

𝛾 + 𝛽 , (7.21)

where 𝑎 represents the unnormalised activation of a single neuron, 𝜇 and 𝜎 are the mean
and standard deviation of the feature set, 𝛾 and 𝛽 are learnable gain and bias parameters,
respectively. For numerical stability, a small number, 𝜖 , is introduced which usually has an
order of magnitude of 10−5.

For batched three-dimensional inputs X ∈ R𝑁×𝐶×𝐻×𝑊 , where 𝐻 and𝑊 denote the height and
width of each feature, 𝑐 indicates the number of channels or kernels within the layer, and 𝑛
is the batch size, the batch norm operation is defined by calculating the layer statistics across
the batch and spatial dimensions for each channel 𝑐 as

𝜇𝑐 = E𝑛,𝑖, 𝑗 [𝑥𝑛,𝑐,𝑖, 𝑗 ], 𝜎2
𝑐 = Var𝑛,𝑖, 𝑗 [𝑥𝑛,𝑐,𝑖, 𝑗 ], (7.22)

For the layer norm operation, the statistics are calculated across all channels and spatial
dimensions for each sample 𝑛, so that

𝜇𝑛 = E𝑐,𝑖, 𝑗 [𝑥𝑛,𝑐,𝑖, 𝑗 ], 𝜎2
𝑛 = Var𝑐,𝑖, 𝑗 [𝑥𝑛,𝑐,𝑖, 𝑗 ] . (7.23)

Dropout

Dropout is a regularisation technique used to improve the generalisation performance of
ML algorithms by sampling a random subset of the network’s neurons at each forward pass
during training (Srivastava et al., 2014). The remaining non-output units are ’dropped out’,
i.e., their activations and gradients are set to zero. The binary selection mask applied to
the network is determined by a specified probability called the dropout rate. By randomly
dropping out neurons, the model is prevented from relying too much on individual units and
feature interactions, thereby promoting robustness in the learnt representation.

Dropout can be interpreted as an efficient way to approximate training and evaluating an
ensemble of neural networks that share parameters, which is referred to as bagging. This
method also has a regularising effect as it prevents hidden units from learning the same
representation; a phenomenon known as co-adaptation (Hinton et al., 2012).

Residual Connections

For very deep networks, where the number of successive layers is large, the repeated compo-
sition of nonlinear transformations can cause gradients to vanish or explode during training,
which prevents an effective and stable optimisation. To address this limitation, residual
connections can be used, which propagate both activations and gradients through skip con-
nections that bypass certain parts of the model. Skip connections provide an identity path
from the input of a layer to the output of a deeper layer as shown in Figure 7.4. This method
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facilitates gradient flow, allowing deeper networks to be trained, which significantly increases
model performance in several image classification tasks (He et al., 2015b).

Figure 7.4: Residual connections propagating the input to a layer to its output unaltered,
stabilizing gradient flow during backpropagation. (Figure adapted from Wikipedia (2023)).

7.3 Related Work

CNN architectures still constitute the basis for many image processing tasks, such as ResNet
for classification and U-Net for segmentation tasks. Early research on DL methods applied
to echocardiographic recordings by Madani et al. (2018) used standard CNNs to recognise
12 different anatomical views from 2D TTE images, achieving a test set accuracy of 97.8%.
Leclerc et al. (2019) employed U-Nets to segment the LV at the end-diastolic and end-systolic
frames outperforming previous models, while recently Holste et al. (2023) used ResNets to
predict severe AS from a single PLAX cine loop, with an AUROC of 0.978.

Modern DL models, however, often incorporate additional training objectives or employ
refined frameworks to improve model performance and tackle more complex problems. One
of the most significant challenges in predicting the severity of AS arises from the fact that
routine echocardiographic examinations produce multiple types of recordings from various
anatomical views but are assigned only a single label for the overall severity grade. Ginsberg
et al. (2021) addressed this by aggregating the video-level predictions from PLAX and
PSAX recordings through majority voting (taking the most common label) to assign a single
patient-level diagnosis. The initial work by Huang et al. (2021) proposed the aggregation
of predictions using a weighted average of ’relevant’ views, where the relevance score was
assigned by a separately trained view classifier that assigned high values only to PLAX and
PSAX views.
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7.3.1 Multiple-Instance Learning

Although aggregating AS severity predictions from individual images or videos can produce a
patient-level diagnosis, this strategy does not accurately mimic the clinical evaluation process,
in which clinicians assess the study as a whole rather than label each recording separately.
The prediction of a single output label given an unordered set of input features describes the
goal of multiple-instance learning (MIL), an approach that has been explored by Huang et al.
(2024) in their subsequent study.

The training objective of the MIL method for AS prediction using the TMED2 data set is
formulated as a supervised learning task, where the model is trained on a set of N input–output
pairs 𝑆 = {(X(𝑖) , 𝑦 (𝑖)); 𝑖 = 1, ...𝑁}. Each input X(𝑖) = {𝑋1, ..., 𝑋𝐾𝑖 } consists of a variable
number of 2D TTE images from different anatomical views, and the corresponding output
𝑦 (𝑖) ∈ {0, 1, 2} denotes the severity grades of no AS, early AS or significant AS. The collection
of images within an input example is also referred to as a ’bag’ in the MIL terminology,
representing the entire study as opposed to an instance that refers to a single image within a
study.

The model introduced by Huang et al. (2024) following the MIL formulation consists of
three main components: a feature extraction module 𝑓 (·), which processes each individual
instance within a study independently; a pooling layer 𝜎(·), which combines the extracted
instance-level features into a bag-level representation ensuring permutation invariance; and
an output layer 𝑔(·), which maps a class label to the obtained bag-level representation. For
the feature extraction module, a CNN architecture with a fully connected layer at the end was
used to project each instance to a low-dimensional vector so that

ℎ𝑘 = 𝑓 (𝑋𝑘 ), (7.24)

where 𝑋𝑘 ∈ R𝐻×𝑊 denotes a greyscale input image with a resolution of 112×112, and
ℎ𝑘 ∈ R𝑀 is the low-dimensional representation of the image.

The pooling layer then aggregates these features through a weighted average to produce a
bag-level representation 𝑧 ∈ R𝑀 , such that

𝑧 =

𝐾𝑖∑︁
𝑘=1

𝑎𝑘ℎ𝑘 , with 𝑎𝑘 =
exp(𝑤𝑇 tanh(𝑈ℎ𝑘 ))∑𝐾
𝑗=1 exp(𝑤𝑇 tanh(𝑈ℎ 𝑗 ))

, (7.25)

where 𝑈 ∈ R𝐿×𝑀 and 𝑤 ∈ R𝐿 are parameters of the model learnt during training. The
attention weights 𝑎𝑘 were passed through the softmax function to produce a valid probability
distribution over the 𝐾 instances.

A standard softmax function following a fully connected layer was chosen for the output
module to produce a valid probability distribution over the three severity grades present in
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the TMED2 data set, given a bag-level representation 𝑧 = 𝜎( 𝑓 (X), so that

𝑃(𝑦 = 𝑐 |X) = 𝑔(𝑧)𝑐 with 𝑔(𝑧) = softmax(𝑊𝑧 + 𝑏), (7.26)

where 𝑊 ∈ R3×𝑀 and 𝑏 ∈ R3 denote the weight and bias terms of the fully connected layer,
respectively.

The model was trained using gradient-based optimisation with a cross-entropy loss function
calculated between the study-level diagnosis labels and the model’s output predictions, such
that

𝑊∗, 𝑏∗,𝑈∗, 𝑤∗, 𝜃∗ = argmin
𝑊,𝑏,𝑈,𝑤,𝜃

∑︁
𝑖

L𝐶𝐸
(
𝑦 (𝑖) , 𝑔𝑊,𝑏 (𝜎𝑈,𝑤 ( 𝑓𝜃 (X(𝑖))))

)
. (7.27)

Huang et al. (2024) found that the architecture and training regime described above produced
suboptimal classification performance and that the attention scores learnt by the model did
not correspond to anatomically relevant views in which the aortic valve was visible (i.e., the
PLAX and PSAX views). To address this limitation, they extended their MIL framework by
introducing a supervised attention (SA) module. This mechanism steers the learnt attention
weights 𝑎𝑘 in Equation 7.25, to collate a bag-level representation from the anatomically
relevant views only. This was achieved by incorporating an independently trained view
classifier 𝑣 : X → [0, 1] that assigns to each image a relevance score corresponding to the
likelihood that the given image is of a relevant view showing the aortic valve. The relevance
scores produced by the view classifier 𝑅 = {𝑟1, ...𝑟𝐾} were used to define an additional SA
loss function that measured the distance between the learnt attentions, 𝐴 = {𝑎1, ...𝑎𝐾}, and
the assigned view relevance scores via the KL-divergence, so that

LSA = 𝐷KL(𝑅 | |𝐴) =
𝐾∑︁
𝑘=1

𝑟𝑘 log
𝑟𝑘

𝑎𝑘
. (7.28)

The view relevance scores were passed through a softmax function with a tunable temperature
hyperparameter 𝜏𝑣 prior to the calculation of the loss function to ensure a valid probability
distribution over 𝑅, such that

𝑟𝑘 =
exp(𝑣(𝑋𝑘 )/𝜏𝑣)∑𝐾
𝑗=1 exp(𝑣(𝑋 𝑗 )/𝜏𝑣)

. (7.29)

The model was then optimised using the composite objective function formulated by adding
the view relevance dissimilarity measure LSA and the study-level cross-entropy loss between
the predicted and the true diagnosis labels LCE, as

L = LCE + 𝜆LSA, (7.30)

where 𝜆 represents the tunable view regularisation hyperparameter.

By introducing the SA module the model, however, loses flexibility in attending to specific
images more than others, as attention weights will greatly depend on the distribution of
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the view relevance scores assigned by the view classifier. To mitigate this issue, the last
component of their SAMIL model consists of additional learnable parameters that combine
both the supervised attention scores and flexible attention scores to produce a bag-level
representation as

𝑧 =

𝑘∑︁
𝑘=1

𝑐𝑘ℎ𝑘 with 𝑐𝑘 =
𝑎𝑘𝑏𝑘∑𝐾
𝑗=𝑖 𝑎 𝑗𝑏 𝑗

and 𝑏𝑘 =
exp(𝑤𝑇

𝑏
tanh(𝑈𝑏ℎ𝑘 ))∑𝐾

𝑗=1 exp(𝑤𝑇
𝑏
tanh(𝑈𝑏ℎ 𝑗 ))

. (7.31)

Figure 7.5: Architecture of the supervised attention multiple-instance learning (SAMIL)
model. The network comprises three main components: a feature extractor 𝑓 (·), which
converts each image from a transthoracic echocardiogram study into a feature representation;
a pooling layer 𝜎(·), which aggregates these instance-level features into a bag-level repre-
sentation through learnt attention weights while preserving permutation invariance; and an
output layer 𝑔(·), which maps the bag-level representation to the predicted aortic stenosis
(AS) severity class. A supervised attention (SA) module further guides the attention weights
toward clinically relevant views (parasternal long-axis and parasternal short-axis), through
an additional view-relevance loss 𝐿SA. (Figure adapted from Huang et al. (2024)).

An overview of the MIL framework is illustrated in Figure 7.5. In a later study following
their MIL framework, Huang et al. (2025) also incorporated Doppler images, outperforming
all existing models for the AS classification task in the TMED2 data set.

7.3.2 Transformers

The MIL framework detailed above improved on conventional DL models by introducing a
refined training regime; however, a distinct approach to enhancing computer vision architec-
tures involves the use of self-attention mechanisms, which allow the discovery of long-range
spatial dependencies more explicitly than standard convolutional layers. This technique
gained widespread recognition by the introduction of the transformer model (Vaswani et al.,
2017), which was first used in natural language processing (NLP) as a successor to recur-
rent neural networks (RNN). The adaptation of transformers to image data followed shortly;
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the Vision Transformer (ViT)(Dosovitskiy et al., 2020) architecture outperformed CNNs on
various image classification benchmarks and led to its extensive use for computer vision
problems. Recently, Tragakis et al. (2023) have developed the Fully Convolutional Trans-
former (FCT) architecture, which combines the merits of CNN and transformer architectures,
achieving state-of-the-art performance in several medical image segmentation datasets. Mul-
tiple efforts have also been made to incorporate transformer-based approaches to AS severity
classification using 2D TTE recordings (Avola et al., 2024; Ahmadi et al., 2024), however,
their adoption into the MIL framework has not yet been achieved.

Model Overview

The FCT model for medical image segmentation follows a standard U-Net shape, as shown
in Figure 7.6, where the input image is first processed through a series of encoder blocks
to obtain a low-dimensional representation and then upsampled by the decoder blocks to
produce a label map at the original image resolution. The encoder blocks are composed of
two distinct components after applying conventional layer normalisation, convolution, and
pooling operations:

• First, the convolutional attention module performs a patch embedding function that
splits input features into overlapping regions through the depth-wise convolution oper-
ation and flattens these 2D patches to form linear token embeddings for the query (Q),
key (K) and value (V) representations. These embeddings then serve as inputs to the
Multi-Head Self-Attention (MHSA) module. Lastly, the MHSA output is reshaped to
match the resolution of the input features. This approach constitutes the first novelty of
this model compared to designs like ViT, in which embeddings are created by first flat-
tening non-overlapping patches of the input features and then obtaining the embeddings
for Q, K and V through linear projections with additional positional encoding.

• Next, the wide-focus module is used to process the MHSA output. This module
employs parallel convolutions, with one branch performing standard, while the other
two performing dilated convolutions with varying receptive fields. The outputs from
the multi-branch convolution are fused via summation and feature aggregation using
an additonal convolutional layer.

Residual connections are incorporated into both components to facilitate the propagation of
features through each layer. The original FCT model is composed of five encoder blocks
that enable the processing of multi-scale inputs via consecutive average pooling of the input
image to match the feature representation of the given layer. The last block is also called
the bottleneck encoder, which is responsible for the latent space encoding of the input data.
Decoder blocks employ standard upsampling and convolution operations, with multi-scale
outputs for the deep supervision of the segmentation task, in which ground truth labels are
downsampled to match the output dimension of the corresponding layer.
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Figure 7.6: The Fully Convolutional Transformer (FCT) architecture for medical image
segmentation. (Figure adapted from Tragakis et al. (2023)).

The MHSA module forms the foundation of most transformer architectures, enabling models
to capture joint relationships across different representation subspaces. Each head within this
module performs the scaled dot product attention defined as

𝛼(𝑄, 𝐾,𝑉) = 𝜎
(
𝑄𝐾𝑇
√
𝑑𝑘

)
𝑉, (7.32)

where 𝑄 ∈ R𝑁×𝑑𝑘 , 𝐾 ∈ R𝑁×𝑑𝑘 and 𝑉 ∈ R𝑁×𝑑𝑣 represent the query, key, and weight matrices,
respectively, and 𝜎 is the softmax function. 𝑁 denotes the sequence length, which for an
input feature with height 𝐻 and width 𝑊 , is chosen to be 𝐻𝑊 , corresponding to the length
of the flattened feature vector, and 𝑑𝑘 and 𝑑𝑣 are the embedding dimensions for queries/keys
and values, respectively. For the MHSA module this operation is performed in parallel ℎ
times, where ℎ indicates the number of attention heads, and their outputs are concatenated
via a learnable weight matrix𝑊0, as

MHSA(𝑄, 𝐾,𝑉) =Concat(ℎ1, ..., ℎℎ)𝑊𝑜,

where ℎ𝑖 =𝛼(𝑄𝑖, 𝐾𝑖, 𝑉𝑖).
(7.33)

Linear projections are used to obtain patch embeddings for each head by multiplication of
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the corresponding learnable weight matrices so that

𝑄𝑖 = 𝑄𝑊
𝑄

𝑖
, 𝐾𝑖 = 𝐾𝑊

𝐾
𝑖 , and 𝑉 = 𝑉𝑊𝑉

𝑖 . (7.34)

7.4 Methodology

As described in the previous section, both the MIL framework and transformer-based ap-
proaches have the potential to improve the diagnostic capability of modern computer vision
algorithms. Recent work suggests that the combination of these two techniques introduces
further gains in multiple medical imaging data sets (Keshvarikhojasteh et al., 2024). However,
this approach has not yet been tested for AS classification.

To integrate the multi-head attention–based transformer architecture proposed by Tragakis
et al. (2023) into the MIL framework for AS diagnosis, the original FCT model was first
modified. This entailed retaining only the first four encoder blocks, allowing a lower-level
representation of the input images via the bottleneck layer. This representation was then
passed through a fully connected layer to produce image-level features. The input dimensions
were also modified to match the resolution of the images in the TMED2 data set. The resulting
encoder-only FCT architecture was then used as a feature extractor layer 𝑓 (·) within the MIL
framework introduced by Huang et al. (2024), replacing the standard CNN used in the original
SAMIL architecture. The created model using the modified FCT architecture as its feature
extractor is referred to as FCT for simplicity.

7.4.1 Training Strategy

Data normalisation was applied to the input images prior to training using the mean and
standard deviation statistics provided by the authors of the TMED2 data set. Both the
SAMIL and FCT models were trained from scratch to ensure a fair comparison between the
architectures. The hyperparameters for the SAMIL model, including temperature (Equation
7.29), view regularisation strength (Equation 7.30), learning rate and weight decay, were set
according to published values.

Adam and SGD optimisers were employed with a 20- to 30-epoch learning rate warm-up
followed by a cosine decay schedule. Data augmentation was applied by randomly selecting
two operations from random cropping, rotation, mirroring, translation, and brightness shift.
The batch size was set to one due to the data loading constraints of the MIL framework.
The total loss combined cross-entropy and view relevance terms, with temperature and view-
regularisation parameters controlling the relative contribution of the SA loss.

Both models were trained across all three predefined training splits using the pre-trained
view classifiers corresponding to each split to produce view relevance scores for the super-
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vised attention loss. As view classifiers were trained on raw input images, each study was
unnormalised using the same mean and standard deviation before performing a forward pass
through these networks. The models with the best validation performance were selected
using the balanced accuracy performance metric.

Dropout regularisation was implemented in the FCT architecture, with its rate included among
the tunable hyperparameters. The number of attention heads was also tuned, ranging from
one to two per encoder block. Training was terminated early if validation performance did not
improve for 20–30 consecutive epochs. Model training and hyperparameter selection were
performed exclusively using the view-and-diagnosis-labelled subset of the TMED2 data set.
The predefined TMED2 training and validation splits were used for parameter optimisation
and model selection, respectively, while the predefined TMED2 test sets were reserved for
held-out evaluation to assess generalisation performance. All experiments were performed
on NVIDIA A100 GPUs.

7.4.2 Generalisation Performance

The trained models were then evaluated on the predefined TMED2 test sets and two external
clinical cohorts to assess their performance across different settings. To compare model
performance across all three data splits, the predefined test sets from TMED2 were used. To
examine cross-cohort applicability, the concordant AS cohort from Golden Jubilee National
Hospital, referred to as AS60, was employed. To further evaluate the models in a distinct
clinical subgroup, the DSE12 data set representing the LFLG AS cohort was used. The
recordings in the AS60 and DSE12 data sets were pre-processed to produce greyscale images
of 112×112 pixels by extracting the first frame from each cine loop. Doppler recordings
were excluded from all analyses. Furthermore, the DSE12 data set was divided into two
groups: one comprising recordings acquired at rest and another combining recordings from
both the rest and stress states. This allowed for examining the impact of stress testing on
model performance within the LFLG AS cohort.

The performance metrics used included balanced accuracy and the ROCAUC of binary
classifiers trained to distinguish between the following severity groupings: (i) no AS vs. any
AS (early or significant), (ii) non-significant AS (no or early) vs. significant AS, and (iii) early
vs. significant AS. Confusion matrices were also examined to further assess classification
performance in different severity classes.

Model Ensembling

Since training on the predefined splits from TMED2 resulted in 3 separately train models
for both SAMIL and FCT architectures, the test inference on the held-out clinical data was
standardised. Multiple approaches were used to aggregate the prediction between the different
models. For the SAMIL architecture, both majority voting and probability averaging were
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applied. In the former, the final class label corresponds to the class most frequently predicted
among the three models for a given input. In the latter, the predicted probability distributions
from each model are averaged and the class with the highest mean probability is selected as
the final prediction.

It should be noted that the reported class probabilities represent point estimates of the model’s
predictive distribution over AS severity classes, and they may reflect predictive ambiguity
in the input data, such as overlapping imaging features between adjacent severity classes,
which is related to aleatoric uncertainty. However, they do not explicitly separate aleatoric
uncertainty from epistemic uncertainty. The uncertainty arising from limited training data
or distribution shift between TMED2 and the clinical AS60 and DSE12 cohorts is not fully
captured by these outputs, thus the predicted probabilities should be interpreted as relative
model confidence scores rather than calibrated measures of diagnostic certainty.

Additionally, another model-ensembling technique was used for the FCT architecture, as this
model included dropout regularisation during training. By keeping dropout active during
inference, the model produces stochastic outputs that sample a different subset of the trained
model at every forward pass. By applying probability averaging using the output distribution
of subsequent forward passes of the same input, the output distribution becomes more robust
when evaluated on slightly different test sets. This method is called Monte Carlo dropout
(MCD) inference (Gal and Ghahramani, 2016).

7.4.3 Model Explainability

Attention Weight Analysis

To verify that the models based their predictions on clinically relevant views, the learnt
attention scores were analysed. Specifically, the view relevance scores 𝑎𝑘 of the ten most
highly attended images from each study were averaged within the data splits, and the mean
score for each rank position was observed, so that

𝑎𝑘 =
1
𝑁

𝑁∑︁
𝑖=1

𝑟𝑖𝑘 , (7.35)

where 𝑖 indexes the studies within each data set and 𝑘 denotes the image ranked 𝑘 in terms of
attention within each study. A score close to 1 indicates that the model focuses on clinically
relevant PSAX or PLAX views, whereas lower values suggest that the model uses additional
views for its output.

Saliency Maps

To gain insight into the specific regions that contribute the most to the models prediction for
a given class, a gradient-weighted class activation map (Grad-CAM) is often used (Selvaraju
et al., 2016). This method relies on calculating the gradient of the model’s output probability
for a given class, 𝑦𝑐 with respect to a feature map within a convolutional layer 𝐴𝑘 ∈ R𝐻×𝑊 ,
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such that
𝛼𝑐𝑘 =

1
𝐻𝑊

∑︁
𝑖

∑︁
𝑗

𝜕𝑦𝑐

𝜕𝐴𝑘
𝑖 𝑗

, (7.36)

where H and W denote the height and width of the feature map, respectively, and the scalar
𝛼𝑐
𝑘

is the average of all gradients within the given feature map. After obtaining the relative
importance of a feature map, an input image is forward passed through the convolutional
layer, and the activations of each feature map are weighted through 𝛼𝑐

𝑘
before applying the

nonlinearity so that
𝐿𝑐Grad-CAM = ReLU(

∑︁
𝑘

𝛼𝑐𝑘𝐴
𝑐
𝑘 ), (7.37)

which produces a single activation map for the entire convolutional layer. Upsampling the
activation map to match the resolution of the input image reveals the specific parts of the
image that impact the models prediction the most for the given class.

Domain Shift Analysis

Domain shift refers to the phenomenon in which the underlying data distribution changes
between different domains. This shift may occur in the input distribution P(X), the label
distribution P(Y), or their joint distribution P(X,Y), which could result in a decreased model
performance when applied to data that differ from those seen during training.

In the context of AS classification from echocardiographic recordings, the shift in input
distribution may arise from differences in data acquisition, such as the use of different
ultrasound probes or vendors, variations in postprocessing parameters (e.g., gain and contrast),
which affect image brightness, or interobserver variability in acquisition angle. A shift in the
label distribution could occur when the model is evaluated in different patient cohorts. For
example, the TMED2 data set includes three severity labels (no AS, early AS, and significant
AS), while the concordant AS patients in the AS60 data set contain only early and significant
AS cases, and patients with LFLG AS in the DSE12 data set represent significant AS cases
only. Finally, the joint distribution shift includes the most challenging case in which both
the input and label distributions change simultaneously. This can occur due to differences in
disease pathology, such as LFLG AS exhibiting distinct image characteristics compared to
concordant AS.

To assess the extent to which domain shift occurs, a commonly used metric, the Fréchet
Distance (FD) is used. As FD measures the distance between two multivariate Gaussian
distributions, the assumption was made that the feature distribution of each class label could
be modelled as

𝑃(𝑋 | 𝑌 = 𝑐) ≈ N
(
𝝁𝑐, 𝚺𝑐

)
, (7.38)

where 𝝁𝑐 and 𝚺𝑐 denote the empirical mean and covariance of the feature distribution for
class 𝑐.
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PCA was used to obtain a low-dimensional feature vector for each patient using bag-level
representations within the training set from the trained models. The number of PCs was
chosen so that the explained variance exceeded 99.9%. Projecting each set to PCs obtained
from the training set and observing the mean and covariance of each class allowed the
calculation of the FD between the different domains.

To allow fair comparison across different model spaces, all features are normalised using the
statistics of the PC representation of the reference training set Xref, so that:

X̃ =
X − 𝝁ref
𝝈ref

,

where 𝝁ref and 𝝈ref are the mean and standard deviation of PCs in the reference domain.

The FD between domains D𝐴,D𝐵 is defined as

FD2(D𝐴,D𝐵) = ∥𝝁𝐴 − 𝝁𝐵∥22 + Tr
(
𝚺𝐴 + 𝚺𝐵 − 2 (𝚺𝐴𝚺𝐵)1/2

)
, (7.39)

where 𝝁𝐴, 𝝁𝐵 are the mean vectors of the corresponding domains, 𝚺𝐴,𝚺𝐵 are their covariance
matrices, Tr(·) is the trace of a matrix and ∥ · ∥2 denotes the Eucledian distance. Note that
the first term corresponds to a shift in the centroid, while the second a change in shape of the
distribution. The different domain comparisons are illustrated in Figure 7.7.

Figure 7.7: Visual overview of the domain pairs used for shift analysis. Six domains are
considered: the training, validation and test splits from the Tufts Medical Echocardiogram
Dataset (TMED) denoted as TMED-Train, TMED-Val, TMED-Test, the concordant aortic
stenosis (AS) cohort indicated by AS60, and recordings from the low-flow low-gradient AS
patients at rest and at the combined rest and stress state denoted as DSE12-rest, and DSE12-
all. Solid lines represent comparisons between domains from the same hospital (e.g., training
to validation), while dashed lines indicate cross-hospital comparisons.

7.5 Results on TMED2

7.5.1 Training and Validation Performance

To quantify the gains in introducing a novel feature extractor into the MIL framework, both
FCT and SAMIL models were trained and evaluated using the same predefined TMED2 data
splits and the same performance metrics. To ensure that the comparison between the two
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architectures was as fair as possible, the number of encoder layers for the FCT model was
chosen so that the resulting model capacity would match that of the SAMIL architecture,
with 2.31 million trainable parameters for SAMIL and 2.32 million for FCT. The SAMIL
architecture was treated as a published baseline and was trained from scratch using the hyper-
parameters reported in the original study, where these parameters had already been selected
for this model. In contrast, the FCT architecture introduced a modified feature extractor
and therefore required hyperparameter selection using random search. Thus, the comparison
was controlled with respect to data partitioning, evaluation protocol, and parameter count,
while the difference in hyperparameter selection reflects the use of an established baseline
compared with a newly introduced architecture. Figure 7.8 shows the training process of the
SAMIL architecture on the TMED2 view-and-diagnosis labelled set across all data splits.
The cross-entropy loss, the view regularisation loss, and the balanced accuracy metrics are
depicted in the training and validation sets for each epoch.

It is observed that both CE and view regularisation losses are minimised for the training splits,
which results in an increase in model accuracy, confirming that the optimisation objective is
well defined. In addition to the reduction in training losses, the models reached an overfitting
regime after around 75 epochs, as indicated by the increase in CE loss in the validation splits.
This increase is not observed for the regularisation losses, which is most likely caused by
the high 𝜆 parameter, which results in the overall loss function being dominated by the view
regularisation loss.

The difference in training accuracies between splits is small, reaching a balanced accuracy of
around 95% for all models. However, there is a slight difference among the splits in validation
accuracy, with split 3 being the highest with a balanced accuracy of around 73%. Note that
the training and validation curves exhibited significant noise, possibly due to the use of a
small batch size for stochastic gradient-based optimisation techniques.

The FCT architecture was then trained with varying hyperparameters using a random search
for the number of heads, dropout rate, view regularisation strength, learning rate, weight
decay, and temperature in each data split. The training process for split 3 is shown in Figure
7.9 for models with varying view regularisation strengths (𝜆) to assess the importance of this
parameter. It is noted that increasing the view regularisation strength from 1 to 10 resulted
in faster convergence with regards to both CE loss and balanced accuracy in addition to the
view regularisation loss as seen in the training split.

It is also observed that higher view regularisation strengths result in greater overfit as indicated
by the validation CE loss. The view regularisation loss in the validation split is also lower
for higher values of 𝜆. However, the difference in validation accuracy only shows marginal
gains for 𝜆 = 10 compared to other models, with a highest balanced accuracy of around
78%. The highest validation split accuracy did not correspond to the highest training split
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Figure 7.8: Training and validation performance of the supervised attention multiple instance
learning model across the pre-defined cross-validation splits of the Tufts Medical Echocar-
diogram Dataset. Hyperparameters were set for each split according to the reported values
in (Huang et al., 2024). Cross-entropy loss, view regularisation loss, and balanced accuracy
are shown from top to bottom. The left column presents the results for the training set, while
the right column shows the results for the validation set. Smoothing was applied to the raw
output values (seen in matching transparent colors) to help visualisation.

accuracy. These results illustrate a trade-off between view relevance and generalisation, that
is, increasing 𝜆 facilitates faster convergence and more consistent learning across views, but
can limit flexibility, leading to poorer generalisation performance on unseen data.
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Figure 7.9: Training and validation performance of the fully convolutional transformer feature
extractor multiple instance learning model with varying view regularisation strengths on split
3 of the Tufts Medical Echocardiogram Dataset. Cross-entropy loss, view regularisation
loss, and balanced accuracy are shown from top to bottom. The left column presents the
results for the training set, while the right column shows the results for the validation set.
Smoothing was applied to the raw output values (seen in matching transparent colors) to help
visualisation.

The inference results for the training, validation, and test sets of the models with the best
validation accuracy in split 3 of the view and diagnosis labelled part of the TMED2 data set
are summarised in Figure 7.10 using confusion matrices. Data for all splits are provided in
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Appendix C. Class-specific recall and precision values are overlayed on diagonal entries to
facilitate direct comparison of classwise performances. Additionally, balanced accuracy is
reported for each set to assess the overall generalisation capability of both models.

The SAMIL model achieved high performance in the training set with a balanced accuracy
of 95.25%, but this did not generalise well, with validation and test accuracies decreasing to
77.71% and 71.53%, respectively, indicating possible overfitting. In contrast, the FCT archi-
tecture demonstrated more uniform performance, with moderate training accuracy (80.25%)
that was maintained across the validation (78.03%) and test (79.46%) sets. This stability
suggests a better generalisation.

Class-specific metrics indicate that the FCT model achieved good accuracy for the early
AS class in all splits and a high recall in the test set for the significant AS class (85%),
which is clinically important for ensuring high sensitivity to advanced disease. The SAMIL
architecture maintained good recall for the ’no AS’ and ’significant AS’ classes in both
validation and test splits; however, a drop in recall for the early AS is observed in the test set.
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Figure 7.10: Inference results for the FCT feature extractor [top] and SAMIL [bottom] model
architectures on split 3 of the Tufts Medical Echocardiogram Dataset. The columns contain
the confusion matrices for the training, validation and test sets from left to right for the models
selected at the best validation accuracy. Precision (P) and recall (R) values are provided for
each class in the given set and balanced accuracy (B.acc.) is calculated for each set to assess
overall generalisation performance.
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ROC curves and corresponding AUC scores were used to evaluate the model’s discriminative
performance on binary classification tasks defined in the following severity groupings: i) no
AS vs. some AS, ii) not significant AS vs. significant AS and iii) early AS vs. significant AS.
Figure 7.11 shows these results for the models with the best validation accuracy in split 3 of
the view and diagnosis labelled part of the TMED2 data set. Data for all splits are provided
in Appendix C.

Across all data splits and models, the highest AUC values were consistently observed for the
no AS vs. some AS classification task, indicating that differentiating between healthy and
disease populations constitutes the most attainable learning problem. In contrast, the lowest
AUCs were associated with the early AS vs. significant AS task across all splits and models,
highlighting the difficulty in obtaining class-discriminative features in the advanced disease
population. Among the models, the FCT architecture demonstrated robust performance
across all task in the test set with AUC scores of 0.863 (early vs. significant AS), 0.891
(not significant vs. significant AS), and 0.953 (no vs. some AS). Although the SAMIL
model achieved excellent test performance on the no AS vs. some AS task (AUC = 0.983),
this resulted in reduced AUC scores on the other two tasks (AUC = 0.804 for early AS
vs. significant AS and AUC=0.871 for not significant AS vs. significant AS). These results
suggest that FCT preserved slightly better discriminative power with more robust performance
across classification tasks.
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Figure 7.11: Inference results for the FCT feature extractor [top] and SAMIL [bottom] model
architectures on split 3 of the Tufts Medical Echocardiogram Dataset. The columns contain
the ROC curves for multiple binary classification tasks for the training validation and test sets
for models selected at the best validation accuracy.
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7.5.2 Attention Weight Analysis

To assess whether the models focused on clinically relevant views when making predictions,
the view relevance scores 𝑟𝑘 of the most attended images as ranked by the supervised attention
scores 𝑎𝑘 were analysed. Images with high attention scores (close to 1) are considered
important by the model for predicting disease severity, while those with low scores (close to
0) have little influence on the final decision. By examining the view relevance scores of the
most attended images ranked according to supervised attention scores, the model’s ability
to identify relevant views can be evaluated. Examples of the top ten images attended for
the SAMIL and FCT architectures are shown in Figure C.7, included in Appendix C, which
indicates that both models succeeded in prioritising the PSAX and PLAX views.

The above qualitative sanity check is complemented by measuring the relative view relevance
scores of the top ten attended images over all the test examples and observing the average.
Figure 7.12 shows the average attention scores for the top ten attended images in the test set
of split 3 of the TMED2 data set, using the models with the best validation accuracy. The
results indicate that the top attended images are assigned high view relevance scores (close
to 1), which confirms that the models predict disease severity based on clinically relevant
views.

Figure 7.12: Average view relevance scores for the top 10 attended images across the test
set in split 3 of the Tufts Medical Echocardiogram Dataset. Values close to 1 indicate that
clinically relevant views (parasternal short axis and parasternal long axis) were used for the
AS predictions.

It should be noted that in the MIL framework, the attention weights indicate which images
contributed most strongly to the aggregation of instance-level features into the bag-level
representation; however, they may be influenced by dataset-specific or architectural bias. The
robustness of the observed attention patterns should be assessed using external data sets,
while architecture-related bias could be further examined through complementary analyses
such as occlusion-based perturbation tests, or masking experiments comparing the effect of
removing highly attended and low-attention images on the predicted probabilities.



7. DEEP LEARNING APPROACHES TO AORTIC STENOSIS PREDICTION 122

7.5.3 Saliency Maps

After demonstrating that the models prioritise PLAX and PSAX views to classify disease
severity, the specific regions that contribute the most to the prediction within an image were
examined using the Grad-CAM algorithm. The results for a single instance for each model
in the PSAX and PLAX views are shown in Figure 7.13, backpropagating the significant
AS class to the top attended images. The last convolutional layer was chosen for the target
activation maps for both architectures and the generated CAMs were upscaled to match the
dimensions of the input images.

For the images examined, the FCT model better localised the AV, focussing on the opening
between the leaflets in the PLAX view, while the SAMIL architecture used part of the LVOT
for its prediction. The localisation of the AV in the PSAX view was also more accurate for the
FCT architecture in this example. Note that quantifying the accuracy of the AV localisation
task would have required annotating the entire data set for the AV segmentation task, which
was considered outside of the scope of this project.
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Figure 7.13: Gradient-weighted class activation maps (Grad-CAM) for the Fully Convo-
lutional Transformer (FCT) feature extractor and the original supervised attention multiple
instance learning (SAMIL) architectures. Backpropagation was performed for the the cor-
rectly predicted significant aortic stenosis (AS) severity class on the top attended input image.
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7.6 Generalisation Performance on Clinical Data

7.6.1 Inference on Concordant Aortic Stenosis

Using the models with the best validation accuracy from each TMED2 data split, the concor-
dant AS data set was used to assess their generalisation performance. The inference results
for the zero-shot evaluation in the AS60 data set are illustrated in Figure 7.14. Class-specific
precision and recall values are overlayed on the corresponding diagonal entries of the confu-
sion matrices, and balanced accuracy is calculated as the average of the recall values for the
early AS and significant AS classes in the absence of the no AS class.
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Figure 7.14: Zero-shot inference on the concordant aortic stenosis cohort using the models
from all three data splits of the Tufts Medical Echocardiogram Dataset. Confusion matrices
are shown for models with the best balanced accuracy (b.acc.) on the validation set from
split 1, split 2 and split 3, as seen from left to right. The top row presents the results for the
fully convolutional transformer (FCT) feature extractor architecture, while the bottom row
shows the results for the supervised attention multiple instance learning (SAMIL) architecture.
Class-specific precision (P) and recall (R) metrics are overlayed on the corresponding diagonal
entries.

The results indicate that a significant drop in performance is present for both models as
measured by the balanced accuracy metric. In split 3 of the TMED2 data set, the balanced
accuracy decreased from 79.46% to 61.25% for the FCT, and from 71.53% to 60.0% for the
SAMIL architectures. This reduction in accuracy is not only due to the absence of the easily
identifiable no AS class, but also to a decrease in recall for both early AS (76.47% to 55%
for split 3) and significant AS classes (85% to 68% for split 3), which could signify a shift in
the input or joint distributions.
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Because inference performance varied considerably across splits, particularly for the FCT
model (with balanced accuracy ranging from 50% to 61.25%), model ensembling was applied
to improve robustness. For the SAMIL model majority voting and probability averaging were
used. For the FCT architecture additional MCD was used at inference using five random seeds.
The inference results in the AS60 data set from aggregating the outputs of the corresponding
models across TMED2 data splits and random seeds are presented in Figure 7.15.
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Figure 7.15: Model ensembling using majority voting [top] and probability averaging [bot-
tom]. Stochastic inference via MCD was also conducted for Fully Convolutional Transformer
(FCT) using five random seeds. Confusion matrices are shown for the FCT, FCT with MCD
and SAMIL models from left to right.

The majority vote approach did not introduce a notable improvement for either model, as the
highest balanced accuracy remained around 62.5%. However, the combination of probability
averaging and MCD resulted in a significant increase in performance for the FCT architecture,
reaching a balanced accuracy of 67.5%, which outperforms the best SAMIL test accuracy on
the AS60 data set by 5%. Notably the higher recall value for the early AS class contributed
the performance gains for the FCT architectures, indicating that the SAMIL model relied
more on the no AS class to achieve a high balanced accuracy.
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7.6.2 Inference on Low-Flow, Low-Gradient Aortic Stenosis

The trained models were then evaluated on the DSE12 data set, which consisted of echocar-
diographic recordings of 12 patients with LFLG AS who underwent DSE. This evaluation
was performed to assess the generalisation capability of the models across disease phenotypes
and to examine the utility of DSE in resolving diagnostic uncertainty. Most of the patients
in the DSE12 data set had available resting and stress echocardiograms, while some patients
(1, 4 and 5) only had resting recordings. The AS prediction and confidence scores for each
model ensembling technique are summarised in Table 7.1. The number of correct predic-
tions, as well as the mean log-likelihood (MLL) measured between the predicted probability
distribution and the one-hot encoded class label, is presented in the bottom rows for both
states.

Patient State
Majority voting Probability averaging

FCT FCTwD SAMIL FCT FCT-MCD SAMIL

P01 Rest 1 1 1 [0.01, 0.79, 0.19] [0.01, 0.89, 0.10] [0.04, 0.66, 0.30]
All 1 1 1 [0.01, 0.79, 0.19] [0.01, 0.89, 0.10] [0.04, 0.66, 0.30]

P02 Rest 1 1 1 [0.12, 0.76, 0.13] [0.05, 0.87, 0.08] [0.01, 0.69, 0.30]
All 1 1 1 [0.11, 0.74, 0.15] [0.06, 0.85, 0.09] [0.04, 0.70, 0.27]

P03 Rest 1 1 1 [0.06, 0.56, 0.38] [0.02, 0.60, 0.38] [0.00, 0.51, 0.49]
All 1 1 1 [0.05, 0.46, 0.48] [0.02, 0.59, 0.39] [0.00, 0.52, 0.48]

P04 Rest 1 1 1 [0.22, 0.73, 0.06] [0.25, 0.71, 0.04] [0.05, 0.78, 0.17]
All 1 1 1 [0.22, 0.73, 0.06] [0.25, 0.71, 0.04] [0.05, 0.78, 0.17]

P05 Rest 0 2 2 [0.37, 0.19, 0.43] [0.33, 0.22, 0.45] [0.16, 0.26, 0.58]
All 0 2 2 [0.37, 0.19, 0.43] [0.33, 0.22, 0.45] [0.16, 0.26, 0.58]

P06 Rest 1 2 2 [0.09, 0.38, 0.53] [0.05, 0.34, 0.62] [0.01, 0.42, 0.56]
All 1 1 2 [0.20, 0.36, 0.44] [0.12, 0.42, 0.46] [0.01, 0.41, 0.57]

P07 Rest 2 2 2 [0.08, 0.16, 0.77] [0.02, 0.16, 0.82] [0.03, 0.13, 0.84]
All 2 2 2 [0.13, 0.12, 0.76] [0.03, 0.11, 0.87] [0.03, 0.10, 0.87]

P08 Rest 2 2 2 [0.30, 0.06, 0.63] [0.22, 0.05, 0.74] [0.28, 0.23, 0.49]
All 0 2 0 [0.67, 0.03, 0.29] [0.47, 0.03, 0.50] [0.49, 0.13, 0.37]

P09 Rest 1 2 2 [0.24, 0.38, 0.38] [0.13, 0.35, 0.52] [0.00, 0.39, 0.61]
All 2 2 2 [0.17, 0.31, 0.52] [0.12, 0.29, 0.59] [0.00, 0.37, 0.62]

P10 Rest 2 2 2 [0.08, 0.26, 0.66] [0.06, 0.23, 0.71] [0.01, 0.40, 0.59]
All 2 2 2 [0.07, 0.21, 0.72] [0.04, 0.17, 0.80] [0.01, 0.29, 0.70]

P11 Rest 2 2 2 [0.21, 0.12, 0.67] [0.10, 0.10, 0.80] [0.19, 0.24, 0.57]
All 2 2 2 [0.35, 0.07, 0.57] [0.28, 0.06, 0.67] [0.23, 0.23, 0.54]

P12 Rest 2 2 1 [0.10, 0.14, 0.76] [0.02, 0.11, 0.86] [0.09, 0.34, 0.58]
All 2 2 2 [0.22, 0.16, 0.61] [0.11, 0.15, 0.74] [0.16, 0.27, 0.57]

MLL Rest – – – 0.58 0.58 0.50
All – – – 0.63 0.62 0.51

Correct Rest 5 8 7 7 8 8
All 5 7 7 8 8 8

Table 7.1: Per-patient predictions under rest and stress for all models. Hard voting columns
report predicted class labels only. Soft voting columns report the class-probability distribu-
tions across the three classes, with the predicted class (maximum probability) shown in bold.
Bottom rows show mean log-loss (MLL) and number of correct predictions per state.
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The results indicate that DSE did not positively affect the number of correct predictions or
the MLL for either ensembling approach. There is also no difference between the number
of correct predictions across FCT and SAMIL architectures when probability averaging and
MCD is used.

7.6.3 Domain Shift Analysis

Lastly, the shift in distribution across different domains is examined visually by plotting
the class-wise feature distribution of each domain and quantitatively by the class-wise FD
distance. The low-rank approximation of the bag-level representations of each study in the
different domains was obtained using PCA. The projections of the bag-level representations
on the first two PCs are shown in Figure 7.16 for each domain.
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Figure 7.16: The class-wise distribution of the low rank approximations of bag-level repre-
sentations in different data sets using the first two principal components as depicted for the
FCT architecture in split 3.

It can be seen that the separation of class labels in the TMED2 data set is prominent, with
visible clusters along both PCs. This is not observed for the AS60 data set, where both the
early and significant AS classes occupy the same feature space as the early AS in the TMED2
data set, indicating that the decrease in the early AS and the significant AS recall values (as
seen earlier in Figure 7.14) is caused by domain shift. The DSE12 representations follow a
similar distribution to that seen in the AS60 data set for the significant AS class.
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To quantify the degree to which domain shift occurs, the class-wise FD metrics are presented
in Figure 7.17 comparing the different representations in the TMED2, AS60, and DSE12
data sets. The FCT and SAMIL architectures were chosen by the best validation accuracy in
split 3 of the TMED2 data set.
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Figure 7.17: Domain shift analysis showing the classwise Fréchet Distance (FD) across
different domains. The horizontal line indicates the value of the centroid shift, while the
shaded areas represent the average FD distance across the classes.

The results show that there is a significant shift from the representations learnt in the training
data of the TMED2 data set to the representations obtained in the DSE12 data set by the
FCT architecture. This shift is also present when the DSE12 patients are compared with the
validation set of TMED2. Less prominent is the shift from the training set to the AS60 data
and from the validation set to the AS60 data, however, these values still indicate a high domain
shift. The domain distance is small between the AS60 and DSE12 patients, confirming that
the recordings came from the same acquisition setup.
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7.7 Discussion and Conclusion

In this chapter, a novel DL architecture was developed to predict AS from TTE recordings by
incorporating transformer-based feature extractors into the MIL framework. The developed
model showed slight gains in the public TMED2 data set compared to the convolutional
feature extractor and outperformed the SAMIL model (Huang et al., 2024) in the AS60 data
set. The generalisation performance of the proposed architecture to concordant AS was
good, suggesting that DL models trained with this AS detection objective can be applied
in a clinical setting. However, further performance improvements are expected to support
clinical application as a screening tool, possibly with the inclusion of an additional temporal
dimension, as shown by Ahmadi et al. (2024).

The models also passed multiple explainability tests. The AS diagnosis labels were assigned
based on clinically relevant PLAX and PSAX views. Using the Grad-CAM algorithm, the
proposed model also showed gains in the detection of the AV, without explicitly training on
this task. This finding suggests that the AS classification objective is linked to the pathology
of the AV at the image level, and DL models are suited to obtain imaging markers related to
AV pathology directly from echocardiographic recordings.

The evaluation of the models on LFLG AS was limited due to the sample size and the merged
class labels for moderate and severe AS in the available training data set. However, domain
shift analysis indicated that patients with LFLG AS resemble concordant AS in the learnt
latent space representation, and training data should therefore include discordant cases of AS
to allow the derivation of different classification thresholds for different phenotypes of AS.



8. Conclusion

This chapter includes the overall discussion and the conclusion of this work. First, the
key findings are summarised in Section 8.1. Next, suggestions and future directions of the
presented studies are covered in Section 8.2. Finally, closing remarks are presented in Section
8.3.

8.1 Key Findings

This research investigated whether resting echocardiographic predictors alone could reliably
determine the severity of AS and further assessed the additive diagnostic value of DSE. A
multifaceted approach was adopted to explore a wide range of computational methods that
could be applied to routine echocardiographic recordings. These methods were presented in
three dedicated chapters.

In Chapter 5 a comprehensive statistical analysis of standard and novel echocardiographic
predictors was performed in relation to both the severity of AS and hemodynamic states. This
analysis confirmed that the predictors examined under resting conditions do not differentiate
true-severe from pseudo-severe AS. It also highlighted that, while the resting echocardio-
graphic predictors in the LFLG population differ from those seen in concordant AS, DSE
shifts the distribution of these predictors to be more aligned with those in concordant AS, thus
demonstrating the clinical relevance of DSE in resolving diagnostic uncertainty. In contrast,
no class-specific stress response has been observed in this data set; however, the statistical
power of this specific test was considered low. Together, these results indicate that a more
refined approach is required to differentiate true-severe from pseudo-severe AS at rest than
only observing global anatomical and hemodynamic markers.

In addition to statistical analysis, ML algorithms were also developed to predict the severity
of AS using a reduced feature space derived from PCA and LDA applied to routine and novel
echocardiographic predictors. This work was the first to characterise the stress response of
patients with LFLG AS in a reduced feature space and to evaluate the generalisation of learnt
decision boundaries to this phenotype from a concordant AS cohort. Although the models
performed well on synthetic validation data with an accuracy of 79.3%, they were unable to
generalise to LFLG AS, neither at rest nor under stress states. Nevertheless, model perfor-
mance under stress conditions was improved, further supporting the added diagnostic value
of DSE in this subgroup. These results highlight the importance of developing phenotype-
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specific classification thresholds for standard clinical markers to improve the utility of DSE
in differentiating true-severe and pseudo-severe AS.

In Chapter 6 the development of a multiplanar reconstruction and image registration pipeline
was carried out to estimate regional LV myocardial deformation parameters. The valida-
tion results against 3D STE data demonstrated strong agreement for segmental longitudinal
and circumferential strains, confirming the accuracy and clinical potential of the proposed
method. The proposed pipeline can support clinical applicability in more challenging imag-
ing protocols, such as DSE, and also allow retrospective analysis of triplane data to investigate
regional myocardial mechanics in various cardiac pathologies.

In Chapter 7 a novel DL architecture was developed to predict AS from TTE recordings by in-
corporating transformer-based feature extractors into the MIL framework. The created model
showed slight gains on the public TMED2 data set compared to the convolutional feature
extractor and outperformed the SAMIL model on the AS60 data set. The proposed model
also passed multiple explainability tests, supporting the development of DL models capable
of extracting imaging markers related to AV pathology directly from echocardiography.

In addition to the findings related to the methodological advancements, several insights were
gained with regard to the optimal design choices for future clinical studies. Since all models
relied on AS severity labels assigned according to current clinical guidelines, all improve-
ments in learnt representations are tied to these classification rules and do not reflect more
clinically meaningful outcomes such as hospitalisation, valve replacement, or mortality. To
enable learning discriminative features in relation to these outcomes, additional prospec-
tive studies are needed that record adverse events along with standard echocardiographic
measurements. Furthermore, guideline-based thresholds are calibrated under normotensive
blood pressure and do not generalise to patients with elevated afterload due to hypertension,
further restricting their applicability. To adopt a more robust marker of disease severity, CT
calcium scoring could be used to define valve pathology and AS grade more reliably, thus
reducing diagnostic ambiguity.

Finally, the classification models were trained exclusively in patients with concordant AS as
seen in multiple previous studies related to AS prediction (Huang et al., 2025; Park et al.,
2025; Ahmadi et al., 2024). This excludes AS cases with altered hemodynamic states, such
as LFLG AS, thus preventing the models from learning phenotype-specific decision rules.
Consequently, the models could only be evaluated on their ability to generalise the learnt
decision boundaries to LFLG AS and whether DSE shifted representations to better align
with concordant decision patterns. However, classification frameworks should account not
only for AS severity grades, but also for distinct phenotypes, as demonstrated by Sengupta
et al. (2021).
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8.2 Suggestions and Future Directions

8.2.1 Methodology Improvements

Several improvements can be made to enhance model performance or improve robustness.
This section outlines some of these approaches for each method that can be implemented
while remaining within the constraints of the currently available data sets.

Analysis of Clinical Predictors

Although a comprehensive statistical analysis framework was developed to test various re-
search hypotheses, the set of ML algorithms explored was relatively limited. Given the
hierarchical nature of the current clinical grading algorithm, there is an opportunity to re-
fine threshold-based classification using tree-based models, such as decision trees, XGBoost
(Chen and Guestrin, 2016), or random forests. These algorithms offer strong performance on
structured data and can also be used for feature selection. In addition, they may also provide
more interpretable decision rules by optimising clinical thresholds for the selected features.

Left Ventricular Strain Analysis

The current mesh generation algorithm was developed using myocardial midline contours
to create triangular surface meshes. However, this approach prohibits the measurement of
radial strains. By incorporating the endocardial and epicardial borders of the LV, three-
dimensional volumetric meshes could be produced to estimate the myocardial thickness,
mass, and regional deformation parameters measured in the radial direction. Additionally,
the myocardial dispersion coefficient could be included in the qualitative analysis to measure
LV dyssynchrony based on the variability in time-to-peak segmental strain values.

The multiplanar reconstruction technique could also be extended to include additional SAX
planes. This would not only enable observation of the true in-plane components of radial and
circumferential strains, but would also allow a more constrained mesh-fitting approach. The
mesh generation would then entail an optimisation problem in which a parametric LV model
is fitted to the in-plane contours of the LV, and the distance between the estimated mesh and
the annotations is minimised. Such approaches have been explored by Joyce et al. (2022),
demonstrating volumetric mesh inference from MRI data to support three-dimensional LV
deformation analysis. The image registration framework could also be further optimised to
reduce the accumulation of additive noise introduced during frame-to-frame propagation of
the initial mesh.
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Deep Learning

The proposed model was trained using a supervised learning objective, which limited the
amount of data that could be used for training to the fully labelled part of the TMED2 data set.
Using a semi-supervised learning objective, the unlabelled part of the data set could also be
used for study-level pre-training. This strategy has been demonstrated by Huang et al. (2025)
to yield additional performance gains in the classification of AS severity. Furthermore, the
use of a loss function tailored to ordinal classification could improve prediction consistency
by enforcing a natural order of disease severity.

In addition to improving predictive performance, future work should consider how model
uncertainty is communicated alongside the predicted AS severity label. Although the DL
model developed in this thesis is not intended for immediate clinical deployment, future
translation would require predictions to be accompanied by calibrated confidence scores or
flags indicating low-confidence or borderline cases. In this way, uncertain predictions could
be used to prompt additional investigations, such as referral for DSE or CT calcium scoring,
where clinically appropriate, and future work would be required to calibrate the predicted
probabilities, validate uncertainty thresholds, and determine how these thresholds should
guide referral decisions.

8.2.2 Broader Research Opportunities

This section introduces broader research avenues that are outside the scope of this thesis but
are closely related to the current research question. These directions would require additional
data to implement or alternative methodologies to be considered.

Temporal data

DL models could benefit from expanding the data set to include an additional time dimension,
as demonstrated by Ahmadi et al. (2024) for the AS classification task. Future directions
for DL using temporal echocardiographic data could also involve reconstruction of 3D LV
geometry from multiple 2D B-mode recordings, as demonstrated by Laumer et al. (2025).

In addition, patient-specific hemodynamic patterns could be examined by recording ventric-
ular and atrial pressure and volume curves, flow rates over time, and the timing of valve
opening and closure, and incorporating these data into a lumped parameter model Virag and
Lulić (2008). These models can be used to estimate key parameters of the cardiovascular
system, such as vascular resistance, arterial compliance, chamber elastance, and valvular
impedance. By fitting such models to temporal data, it becomes possible to simulate the
dynamic behaviour of the circulatory system under patient-specific conditions, providing
deeper physiological insight in the progression of AS Laubscher et al. (2022).
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Multimodal data

The use of additional imaging data from different modalities, such as CT or MRI can be used
to improve the diagnostic utility of TTE. For example, predicting CT-derived calcium scores
from TTE recordings could provide a non-invasive marker of valve pathology, particularly
useful in patients with discordant AS phenotypes. Alternatively, composite markers could be
obtained by multimodal data fusion, as demonstrated by Puyol-Antón et al. (2017) to derive
LV myocardial strain parameters by combining ultrasound and MRI recordings.

Integrated approach

Finally, future work could also explore the integration of the statistical, biomechanical, and
DL approaches developed in this thesis within a unified diagnostic framework. Rather than
combining the methods only through a late-stage ensemble of predictions, a more interpretable
strategy would be to use each method for a distinct task. For example, DL models could
estimate echocardiographic view, probe position, and orientation, thereby supporting patient-
specific geometric reconstruction from routine 2D or 3D recordings. These reconstructed
geometries could then be used to develop biomechanical models of LV and valve function,
from which clinically relevant parameters such as regional strain, myocardial work, pressure
estimates, compliance, and flow-related measures could be derived. Statistical and ML
methods could subsequently be applied to these biomechanical parameters or to latent DL
representations for AS severity classification. This approach would allow each stage of
the pipeline to be validated independently while still enabling information from imaging,
biomechanics, and clinical predictors to be combined, which may provide a more interpretable
and clinically tractable alternative to a purely end-to-end DL model.
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8.3 Final Remarks

This research has investigated the potential of using resting echocardiographic recordings to
accurately classify the severity of LFLG AS. Although no specific resting echocardiographic
features were identified that could consistently distinguish between severe and non-severe
LFLG AS, the developed AS classification algorithms demonstrated promising generalisa-
tion to both synthetic validation data and clinical data from patients with concordant AS. The
proposed methods also advanced previous work in several key areas: i) the use of supervised
ML algorithms applied to a reduced feature representation of both standard and novel clin-
ical predictors, ii) the development of an image registration and multiplanar reconstruction
pipeline to estimate regional LV myocardial deformation parameters from triplane echocar-
diography, and iii) the design of a novel transformer-based MIL model for AS classification.

This multifaceted approach established a solid foundation for future work aiming to provide
a comprehensive solution to the echocardiographic assessment of AS. The development of
such comprehensive AS screening systems is likely to incorporate a mixture of the examined
methods, where global and spatio-temporal markers, as well as raw imaging data, are used to
aid clinical decision making. This effort will require collaborative efforts from both clinicians
and researchers not only to standardise echocardiographic acquisition protocols, but also to
reduce measurement variability in routine predictors and to define common guidelines for
data collection, model development, and clinical validation.
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Figure A.1: Clinical predictors measured in the DSE12 data set
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Figure A.2: Clinical predictors measured in the DSE12 data set continued
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Figure A.3: Clinical predictors measured in the AS60 data set
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Figure A.4: Clinical predictors measured in the AS60 data set continued.
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Figure A.5: Clinical predictors measured in the AS60 data set continued.
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Figure A.6: Clinical predictors measured in the AS60 data set continued.
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Figure A.7: Clinical predictors measured in the AS60 data set continued.
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Figure A.8: Clinical predictors measured in the AS60 data set continued.



B. Appendix B

Algorithm 2 Generate Triangular Mesh on Curved Surface of a Cylinder
Require: Number of circles 𝑁𝑧, points per circle 𝑁𝜃 , height 𝐻, radius 𝑅
Ensure: Point list P and triangle list T

1: Initialize empty point list P ← [ ]
2: Initialize empty triangle list T ← [ ]
3: Δ𝑧 ← 𝐻/(𝑁𝑧 − 1)

⊲ Generate points: clockwise first, then upward
4: for 𝑗 = 0 to 𝑁𝜃 − 1 do ⊲ Loop over angle
5: 𝜃 ← 2𝜋 · 𝑗/𝑁𝜃
6: for 𝑖 = 0 to 𝑁𝑧 − 1 do ⊲ Loop over height
7: 𝑧 ← 𝑖 · Δ𝑧
8: 𝑥 ← 𝑅 · cos(𝜃)
9: 𝑦 ← 𝑅 · sin(𝜃)

10: Append (𝑥, 𝑦, 𝑧) to P
11: end for
12: end for

⊲ Generate triangles
13: for 𝑗 = 0 to 𝑁𝜃 − 1 do
14: 𝑗next ← ( 𝑗 + 1) mod 𝑁𝜃
15: for 𝑖 = 0 to 𝑁𝑧 − 2 do
16: 𝑝0 ← 𝑗 · 𝑁𝑧 + 𝑖
17: 𝑝1 ← 𝑗next · 𝑁𝑧 + 𝑖
18: 𝑞0 ← 𝑗 · 𝑁𝑧 + (𝑖 + 1)
19: 𝑞1 ← 𝑗next · 𝑁𝑧 + (𝑖 + 1)
20: Append triangle (𝑝0, 𝑝1, 𝑞0) to T ⊲ Upward triangle
21: Append triangle (𝑝1, 𝑞1, 𝑞0) to T ⊲ Downward triangle
22: end for
23: end for
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Figure C.1: Inference results for the FCT feature extractor [top] and SAMIL [bottom] model
architectures on split 1 of the Tufts Medical Echocardiogram Dataset. The columns contain
the confusion matrices for the training validation and test sets for models selected at the best
validation accuracy.
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Figure C.2: Inference results for the FCT feature extractor [top] and SAMIL [bottom] model
architectures on split 1 of the Tufts Medical Echocardiogram Dataset. The columns contain
the ROC curves for multiple binary classification tasks for the training validation and test sets
for models selected at the best validation accuracy.
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Figure C.3: Inference results for the FCT feature extractor [top] and SAMIL [bottom] model
architectures on split 2 of the Tufts Medical Echocardiogram Dataset. The columns contain
the confusion matrices for the training validation and test sets for models selected at the best
validation accuracy.
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Figure C.4: Inference results for the FCT feature extractor [top] and SAMIL [bottom] model
architectures on split 2 of the Tufts Medical Echocardiogram Dataset. The columns contain
the ROC curves for multiple binary classification tasks for the training validation and test sets
for models selected at the best validation accuracy.
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Figure C.5: Inference results for the FCT feature extractor [top] and SAMIL [bottom] model
architectures on split 3 of the Tufts Medical Echocardiogram Dataset. The columns contain
the confusion matrices for the training validation and test sets for models selected at the best
validation accuracy.
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Figure C.6: Inference results for the FCT feature extractor [top] and SAMIL [bottom] model
architectures on split 3 of the Tufts Medical Echocardiogram Dataset. The columns contain
the ROC curves for multiple binary classification tasks for the training validation and test sets
for models selected at the best validation accuracy.
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Figure C.7: Top 10 ranked images by attention weights for the FCT and SAMIL architectures
in the test set of split 3 in the Tufts Medical Echocardiogram Dataset. Both models succeed in
attending to relevant views (PLAX,PSAX) as shown by average view relevance scores close
to 1.
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lier, Sylvestre Maréchaux, Fabrice Bauer, and Christophe Tribouilloy. Unsupervised
clustering of patients with severe aortic stenosis: A myocardial continuum. Archives

https://openheart.bmj.com/lookup/doi/10.1136/openhrt-2022-001990
https://linkinghub.elsevier.com/retrieve/pii/S2772963X25005460
https://linkinghub.elsevier.com/retrieve/pii/S2772963X25005460
https://link.springer.com/10.1007/s10278-025-01497-4
https://linkinghub.elsevier.com/retrieve/pii/S1936878X21002862
https://www.ahajournals.org/doi/10.1161/CIRCIMAGING.119.009707
https://www.ahajournals.org/doi/10.1161/CIRCIMAGING.119.009707


BIBLIOGRAPHY 167

of Cardiovascular Diseases, 115(11):578–587, November 2022. ISSN 18752136. doi:
10.1016/j.acvd.2022.06.007. URL https://linkinghub.elsevier.com/retrieve/
pii/S1875213622001759.

Kenya Kusunose, Takumasa Tsuji, Yukina Hirata, Tomonori Takahashi, Masataka Sata,
Kimi Sato, Noor Albakaa, Tomoko Ishizu, Jun’ichi Kotoku, Yoshihiro Seo, JSE-TAVI
investigators, Masaki Izumo, Atsushi Okada, Chisato Izumi, Shu Inami, Yasuharu Takeda,
Toshinari Onishi, Yuki Izumi, Akiko Kumagai, Tomoko Fukuda, Naohiko Takahashi,
Takeshi Kitai, Hiroyuki Iwano, Shigeo Sugawara, Kazumi Akasaka, Kenji Harada, Yoshiko
Masaoka, Kazuaki Tanabe, Takahiro Sakamoto, and Takeshi Takamura. Unsupervised
cluster analysis reveals different phenotypes in patients after transcatheter aortic valve
replacement. European Heart Journal Open, 4(1):oead136, December 2023. ISSN 2752-
4191. doi: 10.1093/ehjopen/oead136. URL https://academic.oup.com/ehjopen/
article/doi/10.1093/ehjopen/oead136/7481830.

Jonathan Sen, Sudhir Wahi, William Vollbon, Marcus Prior, Alex G.C. De Sá, David B.
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