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ABSTRACT

Cardiovascular diseases remain the leading cause of death globally
and impose significant economic burdens, emphasizing the need for
advanced prevention and management strategies. This thesis investi-
gates the transformative potential of artificial intelligence in cardiol-
ogy, employing state-of-the-art machine learning and deep learning
methodologies to address key challenges in cardiovascular care.

Using electrocardiogram data, the first part of this work evalu-
ates machine learning models for atrial fibrillation prediction, demon-
strating the impact of class imbalance corrections on calibration and
the importance of adequate sample sizes for deep learning, explored
through learning curve techniques. Continuing within the context of
atrial fibrillation prediction, multi-modal approaches integrating elec-
trocardiogram and tabular data in survival frameworks are compared
to single-modality models. Unsupervised clustering is applied to phe-
notype dilated cardiomyopathy patients using electrocardiogram, de-
mographic, and clinical data, identifying clusters with distinct genetic
backgrounds and outcomes. Additionally, a novel method that com-
bines survival neural networks with functional clustering is devel-
oped to assess treatment response, capturing time-dependent effects
and feature interactions for personalized care. In the extended frame-
work of integrating also images, a fully automated deep learning
tool for coronary computed tomography angiography was developed,
demonstrating high accuracy in detecting rare congenital heart dis-
eases. Finally, machine learning-based diagnostic models effectively
identified transthyretin amyloid cardiomyopathy in patients with se-
vere aortic stenosis, with computed tomography strain emerging as
the most accurate modality.

The findings of this thesis highlight the potential of artificial intel-
ligence tools to enhance cardiovascular diagnostics and patient man-
agement, emphasizing the critical role of rigorous study design and
the careful evaluation of performance measures aligned with clinical
objectives
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INTRODUCTION

AI IN CARDIOLOGY

Cardiovascular Diseases (CVDs), which encompass a range of heart
and blood vessel disorders, are the leading cause of death globally
and a significant contributor to disability [1]. With the rise in popula-
tion and aging demographics, the prevalence of CVD is projected to in-
crease markedly. [2]. According to the Global Burden of Disease (GBD)
Study, a multinational research study that estimates disease burden
for every country in the world, the number of CVD cases doubled
from 271 million cases in 1990 to 523 million in 2019 [2]. Similarly,
CVD-related deaths rose from 12.1 million to 18.6 million over the
same period [2]. The economic impact of CVDs is also substantial. In
the United States, costs associated with CVD reached an estimated
$555 billion in 2016, with projections expecting this number to rise
to $1.1 trillion by 2035 [3]. This estimate includes direct medical ex-
penses such as hospital care and medications, as well as indirect costs
like lost productivity due to illness, premature death, or informal
caregiving. The trend is similar in Europe, where CVD accounted for
€282 billion in costs in 2021, with health and long-term care expenses
totaling €155 billion (representing 11% of Europe’s health expendi-
ture) [4].

These statistics highlight the urgent need for enhanced prevention
and management strategies to address the growing burden of cardio-
vascular diseases. Artificial Intelligence (AI) holds great potential for
improving cardiology care across various tasks, including increasing
diagnosis accuracy, personalized treatments, enhancing image qual-
ity, streamlining clinical workflows, and facilitating the discovery of
new digital biomarkers for risk assessment. The recent rise in AI pop-
ularity has been propelled by the advancements in Machine Learn-
ing (ML). Unlike conventional rule-based symbolic Al, ML involves
computer algorithms that learn patterns directly from data [5]. Deep
Learning (DL), a subset of ML based on deep artificial neural networks,
plays a fundamental role by enabling the analysis of complex data
structures like images and signals. The proliferation of Al applications
in healthcare is evident from the number of Al-based algorithms ap-
proved by the U.S. Food and Drug Administration, which exceeds goo
since 1995. Notably, more than half of these algorithms have received
approval in the last 2 years [6]. Of these Al-approved algorithms, 10%
are specifically dedicated to cardiovascular applications.

One area where AI has shown remarkable value is the analysis
of the Electrocardiograms (ECGs) [7], especially in arrhythmia detec-
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tion and classification, achieving diagnostic performance comparable
to experienced physicians [8-10]. Al has also allowed the accurate
prediction of paroxysmal Atrial Fibrillation (AF) from a 12-lead ECG
recorded in normal sinus rhythm [11, 12], probably reflecting the abil-
ity to detect modest atrial perturbations that human readers might
miss. Al-enhanced ECG interpretation has expanded to include diag-
noses of left ventricular dysfunction [13, 14], valvular heart disease
[15], channelopathies [16], and even systemic conditions like hyper-
kalemia [17] and anemia [18]. In echocardiography, Al has been ap-
plied to advance both image acquisition and interpretation. Al plat-
forms are being developed to assist novice users in obtaining stan-
dard echocardiography views, potentially enhancing point-of-care di-
agnosis, especially in primary care and emergency settings [19]. Au-
tomated tools have been proposed to automate image segmentation,
reducing the time needed for clinicians to measure quantities such
as left ventricular ejection fraction, and also minimizing variability
in assessments [20]. Al is also advancing other cardiac imaging tech-
niques, such as Cardiovascular Magnetic Resonance (CMR) and car-
diac Computed Tomography (CT). In CMR, Al improves image qual-
ity and speeds up acquisition using denoising techniques for image
reconstruction [21], and it automates segmentation of the ventricles
and atria in cine images [22]. In cardiac CT, it has been shown that AI
can quantify coronary calcium scores [23], assess stenosis and plaque
burden [24], and even identify coronary calcifications on non-gated
scans [25]. As for CMR, Al has been integrated into all major vendors’
tools for image reconstruction, automatic segmentation, and motion
correction [7]. Al-based risk prediction models have been developed
with both CMR and CT images, for example to predict general sur-
vival in patients with pulmonary hypertension [26] and to predict
major adverse cardiovascular events in patients with suspected coro-
nary artery disease [27].

Despite the rapid increase in studies focusing on Al technologies
for cardiovascular care, these algorithms are still in the early stages
of clinical integration, and real-world applications have yet to meet ex-
pectations fully [7]. Reasons for this may include training data quality,
lack of models” interpretability, and the absence of external evaluation
[28]. For instance, among the devices approved by the U.S. Food and
Drug Administration up to 2022, only 56% of them reported a clinical
validation [29]. To make these tools applicable in real-world scenarios
it is fundamental to adopt rigorous methodologies in model develop-
ment, from study design to evaluation [30]. In this context, the first
part of this thesis focuses on methodological aspects of clinical pre-
diction models tackling crucial issues such as evaluating the perfor-
mance of algorithms in terms of discrimination and calibration and
determining the optimal sample size for a study. Another possible
weakness of current Al models is that they are built to look at data
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from 1 single modality, while CVD is heterogeneous and requires the
integration of multimodal data to understand and address complex
underlying mechanisms of disease [31]. This topic is also explored
in this thesis work in the context of atrial fibrillation prediction. The
remaining part of the thesis focuses on specific cardiovascular prob-
lems, applying both unsupervised and supervised ML techniques.

THESIS OUTLINE

Chapter 1 provides an introduction to machine learning and deep
learning, with a particular emphasis on the network architectures em-
ployed in the studies discussed. It also outlines the diseases and the
related research questions explored in the remaining chapters, along-
side the types of data used to develop the models.

Chapter 2 focuses on risk prediction models for atrial fibrillation us-
ing ECG data. The first part examines the discrimination and calibra-
tion performance of two machine learning models when corrections
for class imbalance are applied in model training. The second section
focuses on sample size determination for deep learning models us-
ing a learning-curve approach, with the prediction and detection of
AF serving as case studies. Finally, the last part of the chapter investi-
gates the integration of ECG and tabular data for AF prediction within
a survival framework, accounting for death as a competing risk. The
multi-modal survival approach is then compared to single-modality
and binary classification methods.

Chapter 3 explores unsupervised clustering in two different sce-
narios. In the first study, dilated cardiomyopathy patients are phe-
notyped into different clusters using only information available at
first medical contact (ECG, demographic and clinical data). Then these
clusters are evaluated in terms of genetic background and outcomes.
In the second study, a novel method to assess treatment response in
a survival setting is presented.

Chapter 4 presents a study that develops a ML model to detect a
rare congenital heart disease (anomalous aortic origin of the coronary
arteries) using 3D coronary computed tomography angiography im-
ages. The fully automated tool includes coronary centerline detection,
coronary segmentation, detection, and risk classification. The model
is then tested on an external dataset.

Chapter 5 focuses on developing and evaluating machine learning
models using pre-procedural and routine data from Transcatheter
Aortic Valve Implantation procedures to detect Transthyretin Amy-
loid Cardiomyopathy. It compares the performance of different di-
agnostic modalities, including echocardiography and CT strain, in
predicting Transthyretin Amyloid Cardiomyopathy (ATTR-CM) in pa-
tients with severe Aortic Stenosis.



4 INTRODUCTION

Finally, the conclusion summarizes the main contributions and lim-
itations of this work, while discussing the possible future directions
of the methods presented.



BACKGROUND

1.1 INTRODUCTION TO ML AND DL

The birth of AI can be traced back to 1956, when a group of re-
searchers led by John McCarthy organized a two-month workshop
specifically aimed at exploring how to "make machines use language,
form abstractions, and concepts, solve kinds of problems now re-
served for humans, and improve themselves" [32]. Since then, many
definitions of Al emerged. Broadly speaking, Al can be defined as a
branch of computer science focused on creating intelligent machines
capable of performing tasks that typically require human intelligence,
such as speech and pattern recognition, problem-solving, and learn-
ing from experience. Today, the term AI generally refers to software
and technologies based on machine learning and deep learning, two
rapidly advancing fields that have seen significant growth in recent
years.

1.1.1  Machine Learning

ML is a branch of artificial intelligence that lies at the intersection
of several fields, including computer science, statistics, mathematics,
and neuroscience. Differently to previous artificial intelligence ap-
proaches that relied on hard-coded knowledge [33], ML focuses on de-
veloping algorithms and statistical models that enable computers to
learn and improve their performance from experience without being
explicitly programmed [34]. In computer systems, experience is rep-
resented by data, and the primary goal of ML is to create algorithms
that can generate models from data in order to make predictions on
new observations. Given a dataset, models are usually generated us-
ing only a subset of the entire dataset, called training set. The rest of
the data is named test set, and it is used to verify the generalization abil-
ity of the model, i.e. to check if the model performs well on unseen
samples.

Based on the learning paradigm, ML can be divided into different
classes. These include [35]:

* Supervised learning: The dataset is labeled, i.e. each example in
the dataset has an associated label, also known as outcome. The
ML model is trained to predict the label for a given sample. The
label can be discrete (classification), or continuous (regression).
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* Unsupervised learning: The dataset is unlabelled. In this case, the
goal is to discover underlying structures and patterns from unla-
beled training samples. Key applications of unsupervised learn-
ing include clustering, dimensionality reduction, and density es-
timation. Specifically, clustering aims to divide the dataset into
different disjoint subsets, called clusters.

» Semi-supervised learning: The training set is only partially labelled.
Both labeled and unlabeled data are used to train the model.
This is a typical setting where labels are difficult or expensive
to obtain, like the medical field [36].

e Active learning: The dataset is only partially labeled, and the al-
gorithm interactively queries a human expert to label new data
points. The goal is to achieve performance comparable to stan-
dard supervised learning but with fewer labeled instances. As
for semi-supervised learning, this approach finds application in
medicine when labels are scarce [37].

* Reinforcement learning: The algorithm learns to make decisions

by interacting with an environment and receiving feedback through

rewards and penalties.

e Self-supervised learning: It involves training models on unlabeled
data through pretext tasks to learn underlying data structures.
The model is then fine-tuned on a smaller labeled dataset to
perform a specific task [38].

e Transfer learning: With this technique, the knowledge learned
from a task is re-used to boost performance on a related task.

Machine learning encompasses a wide set of models, including
among the others decision trees [39], support vector machines [40],
artificial neural networks [41], and k-Nearest Neighbors [42].

A popular technique in ML is ensemble learning [43], in which mul-
tiple simple models are trained to solve a certain learning problem,
and then their predictions are combined to get a single common pre-
diction. It has been shown that this approach can lead to better gen-
eralization ability compared to single models [34]. The two most typi-
cal ensemble methods are boosting and bagging. The boosting method
trains the base learners (i.e. the individual models) sequentially and
with strong correlations, in such a way that incorrectly classified sam-
ples in the training set receive more attention from subsequent base
learners. A sub-family of boosting algorithms is gradient boosting ma-
chines, in which the base learners are constructed to be maximally
correlated with the negative gradient of the loss function [44]. A fa-
mous tree gradient boosting framework that is scalable and that has
been used by the data science community to solve a large number
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of problems is eXtreme Gradient Boosting (XGB), also known as XG-
Boost [45]. The second ensembling method, bagging, trains the base
learners in parallel and it’s based on bootstrap sampling [46]. Ran-
dom Forest algorithm is an extension of bagging, that uses decision
trees as base learners [47].

1.1.2 Deep Learning

DL is a branch of machine learning that utilizes neural networks com-
posed of multiple layers, which gives it the term "deep." DL has revo-
lutionized the field of ML, significantly advancing the state-of-the-art
in various tasks, particularly those involving the analysis of complex
data such as images, videos, text, speech, and audio. The recent rapid
growth of deep learning has been possible thanks to the availability
of large, high-quality datasets and to the advancements in hardware
and software computer infrastructure, that enabled the training of
larger and more effective models.

An important concept in DL is representation learning [48]. Tradi-
tional ML techniques relied heavily on domain expertise for feature
engineering and extraction from raw data, such as images. These en-
gineered features are then used to train ML models. DL has dramat-
ically shifted this approach: the model automatically discovers and
extracts the necessary features for a given task, a process known as
representation learning. The learned representations are hierarchical,
meaning that the more abstract features are formed by composing
simpler, multi-level representations [33]. Figure 1 shows how a deep
learning model can capture the concept of a person in an image by
assembling basic elements like edges, corners, and contours.

The basic element of Neural Network (NN)s is the artificial neuron,
a biologically inspired model introduced for the first time in 1943
by McCulloch and Pitts [49]. A neuron is essentially a function that
takes as input a number of inputs, combines them with a weighted
sum, and then produces an output applying a non-linear function
(named activation function). Neural networks are obtained by com-
bining many neurons into a layered structure. The st deep learning
architecture is the Multi-layer Perceptron (MLP), also known as fully-
connected feedforward neural network, in which the neurons in each
layer are connected to all the neurons in the next layer (Figure 2).
From a mathematical point of view, these networks are essentially a
chained composition of simple functions (the neurons).

Convolutional Neural Networks

A popular type of neural network is the Convolutional Neural Net-
work (CNN), specifically designed to analyze data in the form of
multiple arrays, such as 1D signals, 2D images, and 3D volumes
or videos. CNNs are named after the basic operation they perform,
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Figure 1: [llustration of hierarchical representation learning for a deep learn-
ing model. The crucial point is that these features are not manually
engineered, but instead, they are automatically learned from data

[33]-

Figure 2: Example of MLP with two hidden layers.
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Figure 3: Example of convolution between a 3 x 3 image and a 2 x 2 kernel,
that gives as output a 2 x 2 feature map [50].

the convolution®. This operation enables to extract features from data
through specific filters (or kernels), that are learned during the train-
ing phase. For two-dimensional images, the convolution between an
image I(j, k) and a filter K(I,m) can be expressed as [50]:

C(G, k) =YY I(G+1k+m)K(I,m) (1)
| m

where C(j, k) is usually named feature map. A schematic representa-
tion of the convolution operation for images is reported in Figure 3.
Notice that in the case of 1D signals or 3D volumes an analogous
definition can be made.

CNNs are typically made of three different types of layers [51]:

* Convolutional Layers. In these layers, various kernels are used to
generate new feature maps, i.e. to extract specific patterns from
an image.

* Pooling Layers. Pooling layers reduce the spatial dimension of
the input image for the next convolution by aggregating nearby
inputs with a summary statistic. This operation, also called sub-
sampling or downsampling, is beneficial since it helps control
overfitting, leads to faster convergence, and extracts space-invariant
features [52]. The most common pooling strategies are average
pooling and max pooling.

* Fully Connected Layers. After several convolutional and pooling
layers, the abstract features extracted from the input data are
given as input to fully connected layers that are used to make
the final prediction.

An example of a typical CNN architecture is visible in Figure 4. The
structure of CNNs incorporates several important concepts that align
with our intuitive expectations. First, we want the network to detect

1 To be precise, most neural network libraries do not implement the convolution but a
related function named cross-correlation, calling it convolution. For more detail see

[33]-
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Figure 4: LeNet architecture, one of the first examples of CNN [34, 53].

patterns regardless of their location in the image or signal. This is
achieved through parameter sharing, where each kernel operates inde-
pendently of location and is applied uniformly across the entire im-
age. Additionally, convolution is characterized by sparse interactions,
meaning that each neuron in a layer is connected to only a small, lo-
calized region of the previous layer. This approach enables efficient
processing and learning from data by focusing on local features rather
than the entire input, thereby reducing computational complexity.

Training a neural network

To train a neural network, it is necessary to define a loss function
that measures the error between the network’s predictions and the
desired output. The specific form of the loss function depends on the
task. The most common ones are Cross Entropy Loss for classification
and Mean Squared Error for regression. Once the loss function is de-
fined, the training process involves minimizing the loss function. This
is achieved through gradient descent, an optimization algorithm for
finding a local minimum of differentiable multivariate functions that
consists of iteratively adjusting the network’s weights to follow the
direction of the negative gradient. In practical applications, gradient
descent in its vanilla version is never used. Instead, more advanced al-
gorithms have been proposed to fasten and improve convergence, like
Stochastic Gradient Descent (SGD) and Adam [54]. Gradient descent
optimization relies on the gradient of the loss function with respect
to the network’s weights, which is computed through an algorithm
called backpropagation [55].

Deep Neural Networks (DNNs) typically have a huge number of
parameters and are prone to overfitting. To mitigate this, various reg-
ularization techniques have been developed. Among these, the most
used are:

* Dropout. A certain percentage of neurons is deactivated during
each training iteration [56]. This increases the network’s robust-
ness by preventing the network from becoming overly reliant
on specific neurons.

* Early stopping. The data is divided into three parts: training, val-
idation, and test sets. The training set is used to update the
network’s weights, while the validation set is used to test the
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network in the training phase. The training is stopped when
the validation error stops decreasing [57].

* Weight decay The squared value of the weights is added to the
loss function, penalizing large weights and encouraging the model
to distribute the importance more evenly. It is also known as L2
regularization.

1.2 RESEARCH QUESTIONS

This section introduces the diseases and the related research ques-
tions that will be addressed in the next chapters of the work.

1.2.1 Atrial fibrillation

AF is the most common cardiac arrhythmia, with an estimated world-
wide prevalence of 59 million individuals in 2019 [2]. The incidence
and prevalence of AF are increasing globally, to the point that it was
defined as a 21st-century cardiovascular disease epidemic [58]. Pro-
jection studies indicate that the prevalence of AF will increase to 15.9
million in America by 2050 [59] and to 17.9 million in Europe by 2060
[60]. This trend is due to the aging population since age is one of the
most important risk factors for AF. Other known risk factors for AF
are obesity, smoking, hypertension, and diabetes mellitus, as well as
cardiac pathologies such as myocardial infarction, Heart Failure (HF),
rheumatic heart disease, and valvular disorders [61]. The global bur-
den of AF is certainly underestimated, as AF is asymptomatic in ap-
proximately one-third of cases [62].

AF is associated with many complications, with stroke being the
most relevant. Studies indicate that AF is associated with a 4- to 5-fold
increased risk of stroke [63], and that among patients admitted to hos-
pital with acute stroke in Europe and North America, 18 to 26% have
pre-existing AF [64-66]. Other complications related to AF are HF, my-
ocardial infarction, dementia, and chronic kidney disease [61]. Timely
detection of AF and implementation of appropriate treatment, includ-
ing rate and rhythm control medication and anticoagulant therapy,
could reduce the frequency of AF-associated complications.

AF is a major public health burden, also associated with signifi-
cant healthcare costs [67]. For effective AF management, accurate and
timely detection of AF is essential. For this reason, a lot of recent re-
search aimed to develop AF detection and prediction tools, including
methods based on Al For a comprehensive review of recent advance-
ments in Al techniques for AF detection, prediction, and risk stratifi-
cation, see the work by Salvi et al. [68].

The diagnosis of AF is most commonly done with the ECG, a non-
invasive exam that records the heart’s electrical activity (section 1.3.1).
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AF is characterized on an ECG by the absence of consistent P-waves
and irregular RR intervals [69]. From a clinical point of view, AF pre-
sentation can be classified on the basis of the temporal pattern of
the arrhythmia. Recurrent atrial fibrillation occurs when a patient de-
velops two or more episodes of the disorder, which could be paroxys-
mal or persistent: paroxysmal, if they terminate spontaneously within
seven days, persistent if the arrhythmia continues requiring electri-
cal or pharmacological cardioversion for termination. AF that cannot
be successfully terminated by cardioversion, and longstanding (> 1
year), is named permanent [70].

The identification of patients at high risk of developing AF through
routine, low-cost exams such as the ECG is of significant interest. The
work presented in Chapter 2 addresses this by exploring different
aspects regarding the development of ML-based clinical prediction
models for AF.

1.2.2  Dilated Cardiomyopathy

Cardiomyopathies are a heterogeneous group of disorders of the car-
diac muscle, associated with mechanical and/or electrical dysfunc-
tion that results in inappropriate ventricular hypertrophy or dilata-
tion [71]. They can be divided into 5 different types: dilated cardiomy-
opathy, hypertrophic cardiomyopathy, restrictive cardiomyopathy, ar-
rhythmogenic cardiomyopathy, and Takotsubo cardiomyopathy [72].
Dilated Cardiomyopathy (DCM) is defined by left or biventricular di-
latation and contractile dysfunction in the absence of abnormal load-
ing conditions and severe coronary artery disease.

DCM is a leading cause of heart failure and the most common rea-
son for heart transplantation globally [73]. Its prevalence is estimated
at 1 in 250 to 400 patients among those with heart failure, and 1
in 2500 in the general population, equating to roughly 40 cases per
100000 individuals [72]. The annual incidence is 7 cases per 100 000
individuals. There are racial disparities in the incidence, while sex-
related differences are less pronounced. This condition accounts for
about 60% of childhood cardiomyopathies, with the highest incidence
occurring in infants younger than 12 months. DCM is mainly caused
by genetic mutations, that account for up to 35% of the cases [74]. The
genes involved are the ones, among others, that encode cytoskele-
tal, sarcomere, and nuclear envelope proteins. The aetiologies for
DCM include also infections, inflammation, autoimmune diseases, en-
docrine disturbances, and exposure to toxins like alcohol, cocaine,
and methamphetamines.

Regarding the clinical manifestation, patients with DCM typically
present with signs of HF, such as dyspnea, congestive edema, orthop-
nea, fatigue, and chest pain. Other DCM manifestations can be arrhyth-
mias and Sudden Cardiac Death (SCD). The diagnostic investigations
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of DCM include echocardiography, ECG exams, CMR, laboratory tests,
and genetic testing. Once DCM is established, the treatment is directed
at the major clinical manifestations of HF and arrhythmias. The prog-
nosis is poor for DCM patients with a Left Ventricular Ejection Frac-
tion (LVEF) < 35%, a right ventricular involvement, a poor New York
Heart Association (NYHA) functional class, and a poor hemodynamic
status at cardiac catheterization [75]. A study with historical survival
data from tertiary referral centers in adult patients with DCM [75] in-
dicated a 1-year mortality of 25-30% and a 5-year survival rate of 50%,
with SCD occurring in up to 12% of cases and accounting for 25-30%
of all deaths.

Despite multiple phenotypic and genetic findings that have been
suggested as possible prognostic features of HF and major arrhythmic
events, no definite prognostic risk score has yet been validated in this
field. Recently, Al has been used to characterize distinct phenogroups
within the DCM spectrum, using second and third-level exams, such
as CMR data and endomyocardial biopsy. Similar studies carried out
only with data that can be collected upon first medical contact, like
the ECG, are lacking. It is in this context that the work presented in
Section 3.2 stands.

1.2.3 Anomalous Aortic Origin of the Coronary Arteries

Coronary artery anomalies are a rare form of congenital heart dis-
ease that encompass a wide spectrum of variants, each with a preva-
lence of < 1% in the general population [76]. A specific subset is the
Anomalous Aortic Origin of Coronary Arteries (AAOCA), which is the
abnormal origin or course of one or more coronary arteries that arise
from the aorta. AAOCA is the second leading cause of SCD in young US
athletes [77], and it also accounted for up to one-third of the deaths
documented in autopsy reports of young military recruits who died
during intense physical activity [78]. AAOCA comes with many differ-
ent anatomical variations, some of them considered at high risk as
associated with an anticipated higher risk of SCD (especially the ones
with an interarterial course between the great arteries and an intramu-
ral course). Patients with AAOCA may exhibit a range of symptoms,
though half are asymptomatic at the time of presentation. Notable
symptoms include chest pain, dyspnea, palpitations, and syncope
[79]. For a correct diagnosis of AAOCA, advanced image techniques
like Coronary Computed Tomography Angiography (CCTA) or CMR
are necessary. Beyond the diagnosis itself, it is crucial to identify the
anatomy of the anomaly for a correct risk assessment.

Advances in imaging technologies and the increased use of screen-
ing protocols have significantly raised the number of adult patients
diagnosed with AAOCA in recent years [76]. Although current guide-
lines offer general principles for diagnosis and treatment, the wide

13
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range of anomalies and symptoms in AAOCA patients limits the ap-
plicability of these recommendations in clinical practice. AAOCA can
be managed with a variety of interventions, and there is no consen-
sus on the optimal treatment approach [76, 80]. According to the 2020
European Society of Cardiology (ESC) guidelines [81], surgical repair
is the recommended treatment for AAOCA patients presenting with
symptoms or evidence of stress-induced myocardial ischemia.

Timely and accurate detection of AAOCA is crucial for its optimal
management. While AAOCA can be incidentally discovered during
imaging studies conducted for other conditions, such as Coronary
Artery Disease (CAD), it can still be missed if physicians are not ac-
tively looking for it. Therefore, there is an unmet need for automated
tools to analyze CCTA images to reduce the risk of overlooking rare
high-risk AAOCA. The study presented in Chapter 4 tries to fill this
need, with the development of a fully automated Al-based screening
tool for detecting and classifying AAOCA in 3D-CCTA images.

1.2.4 Transthyretin Amyloid Cardiomyopathy

Transthyretin Amyloid Cardiomyopathy (ATTR-CM) is an underdiag-

nosed progressive cardiac disorder caused by the misfolding of transthyretin

amyloid protein, leading to the deposition of amyloid fibrils in the
extracellular space of cardiac tissues [82]. The amyloid accumula-
tion can result in abnormalities in atrioventricular conduction and
stiffening of the myocardial tissue, which ultimately impairs cardiac
function, leading to heart failure and impaired prognosis [82, 83]. In
addition to the myocardium, amyloid fibrils can affect valve tissue,
damaging endothelial cells and eventually causing calcification, par-
ticularly of the aortic valves, facilitating the development of Aortic
Stenosis (AS) [82-84].

Recent studies have suggested that the coexistence of severe AS and
ATTR-CM is more frequent than previously anticipated and associated
with an increased risk of adverse events after Transcatheter Aortic
Valve Implantation (TAVI) [85-88]. Although TAVI has been shown ef-
fective in this high-risk patient population, it is unlikely to achieve
sustained improvement in symptoms and prognosis without address-
ing the underlying cardiomyopathy, for which reason timely diag-
nosis and subsequent treatment of ATTR-CM are central to the opti-
mal patient management in this specific population [88]. Current ESC
[89] and ACC/AHA [90] guidelines propose different algorithms for
ATTR-CM diagnosis. Initial assessments typically involve clinical ex-
aminations, ECG, echocardiography, and CMR imaging to include or
exclude potential patients based on specific symptoms [82]. For exam-
ple, bilateral carpal tunnel syndrome and peripheral neuropathy as
clinical features, low QRS voltage and pseudo infarct patterns in ECG,
apical sparing, or increased atrial/RV wall thickness in echocardiog-



1.3 DATA MODALITIES

raphy could serve as red flags for ATTR-CM [82, 91-94]. While these
modalities are useful in the preliminary evaluation, they are not spe-
cific to ATTR-CM; thus, a final diagnosis often cannot be based entirely
on these results [82, 95, 96]. A definitive diagnosis of ATTR-CM may
hinge on the histopathological confirmation or proof of a TTR muta-
tion while always requiring confirmation of cardiac involvement, e.g.,
by significant cardiac uptake in scintigraphy [82, 97, 98]. Pathology
and genetic testing are invasive and costly, while scintigraphy adds a
significant financial and procedural burden, especially for severe AS
patients undergoing TAVI who have already undergone extensive ex-
aminations [82-84]. Therefore, developing a non-invasive, financially
viable method based on available data from preprocedural and rou-
tine data would be highly beneficial for detecting ATTR-CM. This chal-
lenge is addressed in Chapter 5.

1.3 DATA MODALITIES

In this section, we introduce the main data modalities that will be
used in the following chapters to build the prediction and detection
models.

1.3.1  Electrocardiogram

An ECG is a recording of the heart’s electrical activity [99]. It is ob-
tained through electrodes placed on the skin that detect the electrical
signals resulting from the cardiac muscle’s depolarization and sub-
sequent repolarization during each heartbeat. The heart’s electrical
activity can be measured in different directions, termed leads. In a
typical ECG, 12 leads are measured through 10 electrodes.

The central element in an ECG is the P-QRS-T complex, which rep-
resents the electrical signal of contraction and relaxation of the atria
and ventricles. The typical shape of such complex is reported in fig-
ure 5, and its main components are [100]:

* P wave: atrial depolarization wave

* PR interval: distance from the beginning of the P wave to the
beginning of the QRS complex

* QRS complex: it is made of three waves (Q, R, and S) that corre-
spond to the same event, the ventricular depolarization

e QT interval: it represents the sum of depolarization (QRS com-
plex) and repolarization (ST segment and T wave). It is neces-
sary to correct it for heart rate (QTc)

¢ ST segment and T wave: the T wave, together with the preceding
ST segment, is formed during ventricular repolarization

15
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Figure 5: Standard fiducial points in the ECG (P, Q, R, S, T, and U) together
with clinical features [101].

* RR interval: it’s the heartbeat interval, and it corresponds to the
time between the R peak of a heartbeat and the following/pre-
ceding heartbeat

The ECG is a widely used, simple, inexpensive, and safe diagnostic
tool that has been a cornerstone since its introduction in medicine,
more than 100 years ago [102]. It remains the most important tech-
nique for recording the electrical activity of the heart and diagnos-
ing a wide range of heart diseases. The ECG is invaluable for diag-
nosing and evaluating active and passive arrhythmias, pre-excitation
syndromes, channelopathies, interatrial and ventricular blocks, and
acute ischemic events [103]. Additionally, the ECG is employed in
various biomedical applications, including heart rate measurement,
heartbeat rhythm analysis, emotion recognition, and biometric identi-
fication. Its non-invasive nature, combined with its diagnostic power,
makes the ECG an indispensable tool in cardiovascular health. How-
ever, the ECG signal is complex to analyze, making its interpretation
time-consuming even for experts. Therefore, computer-aided meth-
ods are necessary to alleviate the human burden and reduce errors
caused by fatigue and inter- and intra-observer variability. In recent
years, ML techniques have been applied to ECG data for the identifica-
tion and classification of cardiovascular diseases, showing outstand-
ing performance for certain tasks [104-106].

1.3.2  Coronary Computed Tomography Angiography

CT is an imaging technique that enables to obtain high-resolution im-
ages of the body by measuring different tissues” X-ray attenuations.
It makes use of rotating X-ray tubes and detectors, and specific recon-
struction algorithms to create cross-sectional images (also known as
slices) of the internal structure of the body. Computed Tomography
Angiography (CTA) refers to the imaging technique used to visualize
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arteries and veins of the body. It is a contrast-enhanced CT, meaning
that patients are injected with a radiocontrast substance that makes
vessels easier to visualize. CTA produces detailed images that help de-
tect blockages, aneurysms, dissections, and stenosis. This technique
can be applied to various regions, including the heart. Specifically,
CCTA is a specialized form of CTA that focuses on the coronary ar-
teries of the heart [107]. CCTA is particularly challenging since the
heart is a moving organ. For this reason, high temporal resolution
and ECG-synchronized acquisition protocol are required. This means
that during the acquisition the the patient is monitored by an ECG,
and images are obtained at specific time points in the cardiac cycle,
eliminating cardiac motion artifacts (Figure 6). This allows physicians
to assess blockages in the coronary arteries, typically to diagnose coro-
nary artery disease.

Over the past two decades, CCTA has become a critical diagnos-
tic tool, influencing clinical guidelines and practices [108]. CCTA is
mainly used for cardiac vascular disease detection, in particular, to ex-
clude significant coronary artery obstruction in patients with low /in-
termediate probability of disease [107]. Other applications include
triaging low-risk patients with acute chest pain (enabling safe and
early discharge from the emergency department), guiding patients
referral to catheterization laboratories, monitoring patients after coro-
nary revascularization, and aiding in cardiovascular risk stratification
[107, 108].

17
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Figure 6: Using ECG-synchronization, the heart is scanned during the same
pre-specified phase of contraction over several heart cycles. The
consecutive stacks of axial slices are compiled into a single 3D
image. [107].
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This chapter focuses on the development of risk prediction models
for the prediction of AF using ECG data.

The first section investigates the discrimination and calibration per-
formance of two machine learning models, with particular attention
to the impact of class imbalance corrections during training. Atrial
fibrillation prediction from ECG signals serves as the case study for
this analysis. The second section addresses the underexplored topic of
sample size determination for deep learning models. Using a learning-
curve approach, it examines both the prediction and detection of
atrial fibrillation from ECG signals. Finally, the third section extends
the work on the prediction of AF from ECG data. The key advance-
ments include developing the model within a survival analysis frame-
work that accounts for competing events and integrating ECG signals
with Electronic Health Records (EHR) data.

The research presented in this chapter is based on the following
studies:

* Giovanni Baj et al. “Comparison of discrimination and calibra-
tion performance of ECG-based machine learning models for
prediction of new-onset atrial fibrillation.” In: BMC Medical Re-
search Methodology 23.1 (July 2023), p. 169. DOI: 10.1186/512874023-

01989-3

* Emanuele Giusti, Annamaria Porreca, Giovanni Baj, Ilaria Gandin,
Giulia Barbati, Daniela Pacella, “Sample size determination via
learning curves for Al models: an application to deep learning
algorithms for diagnostic and prediction tasks”. Submitted to
Artificial Intelligence in Medicine.

* Giovanni Baj et al. “Deep Learning Survival Model to Pre-
dict Atrial Fibrillation From ECGs and EHR Data.” In: Progress
in Artificial Intelligence. Springer Nature Switzerland, 2023, pp.
222-233. DOIL: 10.1007/978-3-031-49011-8_18
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2.1 EFFECTS OF CLASS IMBALANCE CORRECTIONS ON ML
MODELS PERFORMANCE

2.1.1 Introduction

In the last few years, there has been a growing interest in the poten-
tial diagnostic value provided by ECG signals. ECG waveform is one
of the most extensively studied physiological signals to evaluate the
condition of the heart, in which several waves as P, R, and T, are key
to determining the type of rhythm. The interpretation of ECGs is com-
plex and requires inspection by highly trained clinicians. However,
numerous studies have shown that computer-aided methods based
on ECG data represent a promising tool for the analysis and identifi-
cation of cardiovascular diseases [104].

One example is the prediction of AF, the most common supraven-
tricular arrhythmia in the general population (Section 1.2.1). AF is
a relevant risk factor for stroke, however, it is often asymptomatic
and not recognized. Thus, the identification of patients at high risk
of future development of AF represents a major challenge. The way
AF detection and prediction are evolving with the availability of new
predictive tools is well described in a review carried out by Siontis
et al. [109]. The development of tools to predict AF from routine and
low-cost exams such as ECG would be an important step toward the
active targeting of patients at risk, a task for which clinical risk scores
and electronic health record-based tools have shown limited power
[110].

The 12-lead ECG is a rapid, cost-effective cardiological exam that
is routinely performed at different levels of point-of-care, from hos-
pitals to clinics and ambulatory centers, generating a massive num-
ber of digital traces. As for other types of Big Data in the healthcare
context, a major role in their analysis may be played by AI systems,
which can be easily fed with hundreds of thousands of observations.
Two main approaches can be distinguished for the development of
diagnostic models based on ECG. One approach involves the analysis
of ECG features. Automated ECG interpretation is not a new concept,
and algorithms that provide ECG interpretations have been around
for a long time (in many cases code is proprietary and not disclosed).
Such computer programs usually work in separate stages that include
signal pre-processing, beat identification, correction, computation of
average beats, and identification of fiducial points from which ECG
measurements are extracted. Such measurements rely on knowledge-
driven markers (like QRS, ST-segment elevation, T-wave changes) re-
flecting the clinical knowledge of heart activity, and can be then used
to define criteria and rules for a diagnostic evaluation by physicians.
In addition to human evaluation, in the last years ECG features, which
can vary in number and type depending on the program employed,
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have been used to feed ML methods for tabular data to derive a diag-
nostic model [111-114].

The second approach consists of developing end-to-end prediction
models that do not require feature extraction. This strategy involves
the direct analysis of the digital ECG waveform to obtain the proba-
bility of a specific class in the classification of interest and DL based
neural networks have demonstrated to be able to achieve good results.
Despite DL models being black boxes and requiring the application of
explainability techniques to investigate their prediction mechanism,
this AI method for ECG analysis is being increasingly explored for its
ability to detect subtle and non-linear interrelated variations along
the signal [105]. The most common DL architectures used for ana-
lyzing ECGs are Convolutional Neural Network (CNN)s, a specialized
kind of neural network for pattern recognition in time series and im-
age data (Section 1.1.2). These networks can be thought of as having
two sequential components: in the first layers, a set of convolutional
filters allows us to extract patterns and key features from the signal,
while in the second part, these extracted features are combined and
used to make a prediction. Notice that the specific weights of the fil-
ters to be applied and the relative features extracted are automatically
learned by the network in the training process. It has been recently
shown that the performance of a CNN in classifying arrhythmia from
ECG can exceed that of cardiologists with average experience [8, 115].
Besides this classification task, CNNs have already shown good perfor-
mances in predicting the new onset of AF (see Raghunath et al. [12]
for AF prediction within 1 year, and Attia et al. [11] for the identifi-
cation of electrocardiographic signature of AF immediately prior to
diagnosis). All these works reported quite good values of discrimina-
tion accuracy, but no information was available about the calibration
of the estimated probabilities.

Note that the diagnostic/classification task is quite different from
the prediction task in epidemiological studies: classification is best
used to identify the presence of an outcome/condition in the context
of case-control studies. On the contrary, in the context of cohort stud-
ies when subjects are selected as initially free from the outcome and
are then followed in time until they will (or will not) develop the out-
come, usually observed in a minority of subjects, modeling tendencies
(i.e., probabilities) is key [116]. The common approach of balancing
events/non-events cases before applying ML/DL algorithms, based
on the perception that this procedure can improve the performance,
seems not advisable in the prediction context [117]. The consequence
of balancing could be that the algorithm trained to “predict” a 1/2 in-
cidence of events will not be applicable to a population with a 1/1000
incidence. Subsequent calibration procedures are then needed in or-
der to correct this issue [117]. Since the low incidence of new-onset
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AF in our population, the possible impact of balancing was an issue
that we wanted to explore in the context of AF prediction.

The main goal of the present research was the development of a
predictive model for a binary outcome based only on ECG informa-
tion by comparing different methods: an ML algorithm on signal fea-
tures and a DL approach on raw signals. Penalized logistic regression
was used as a benchmark method. In this framework, AF represents
a case study and this research does not claim to propose a predic-
tion tool suitable for clinical practice. Instead, our effort is aimed to
extensively analyze the performance of the two approaches in terms
of discrimination and calibration taking into account varying sample
sizes and degrees of balance between the events and the censored
cases. In particular, our research was based on different hypotheses:
a) DL models based on the raw ECG signals could potentially outper-
form algorithms working on ECG features when the training set is
large; b) the use of under-sampling to handle class imbalance does
not improve discriminative performance and could instead produce
miscalibrated predictions.

2.1.2  Background

Calibration

As it is well known, discrimination refers to a model’s ability to rank
patients by risk, typically measured with the Area Under the Receiver
Operating Characteristic Curve (AUC). Another critical but often over-
looked metric in risk prediction models is calibration [116]. Calibra-
tion assesses the agreement between estimated risk and observed in-
cidence, a fundamental aspect when applying models in clinical set-
tings. Indeed, decisions are frequently based on risk, so the model’s
probability estimates should be reliable for optimal decision-making.
Miscalibration can reduce a model’s clinical utility and, in some cases,
even make it harmful [118]. Poor calibration can arise from differ-
ences in patient characteristics and disease prevalence between the
development cohort and the application cohort, or from statistical
overfitting, which occurs when a model is too complex for the avail-
able data.

Calibration can be assessed visually using a reliability diagram, where
the estimated risk is plotted against the observed proportion of events.
For a well-calibrated model, the calibration curve should align closely
with the diagonal line. Calibration can also be evaluated quantita-
tively using various methods [117], including the Cox’s intercept and
slope [119], the Brier score [120], and the Hosmer-Lemeshow test
[121]. In the works reported in this thesis, we chose to evaluate cali-
bration with the Integrated Calibration Index (ICI), a method recently
proposed by Austin et al. [122]. Similarly to Cox’s method [119], the
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ICI is based on a graphical assessment of calibration, where the ob-
served binary outcome is regressed on the predicted probability of
the outcome using a locally weighted least squares regression smoother
(i.e., the Loess algorithm). Then, ICI is given by a numerical summary
of calibration, computed as the weighted average of the absolute dif-
ference between the smoothed regression line and the diagonal line of
perfect calibration, where the weights are given by the density func-
tion of the predicted probabilities. For a perfectly calibrated model,
ICI takes value o, and in general the higher the ICI, the less the model
is calibrated. We opted not to use the more employed Cox” slope and
intercept because these metrics could be equal to their ideal values of
o and 1, respectively, while deviations of the calibration curve from
the line of identity can still occur [122]. Moreover, the ICI can be easily
generalized to evaluate prediction models in survival settings, even
in the presence of competing risks, which is the focus of the work in
Section 2.3.

Imbalance corrections

When developing clinical prediction models for binary outcomes, it’s
common to encounter situations where the event of interest occurs in
significantly fewer than 50% of cases, resulting in what is known as
class imbalance. In the ML community, class imbalance has been rec-
ognized as a challenge, and various solutions have been proposed to
address it [123—-125]. One straightforward approach is to artificially
balance the dataset during model training. This can be achieved by
oversampling the minority class, either by repeating existing positive
samples or by creating new synthetic samples, or by randomly under-
sampling the majority class. However, recent research has shown that
applying imbalance corrections in the development of classical statis-
tical models can lead to strong miscalibration [126]. In this section,
we conduct a similar study within the context of ML models.

2.1.3 Methods

Data

The dataset used for AF prediction originates from the Trieste Ob-
servatory of Cardiovascular Diseases [127], established in 2009 to in-
tegrate administrative and clinical data sources for epidemiological
studies based on real-world populations [128]. The Observatory com-
bines data from administrative and clinical sources. The administra-
tive data comes from the Friuli Venezia Giulia (FVG) Regional Epi-
demiological Repository (RER), an EHR system that includes registries
of births and deaths, hospital discharge records, laboratory tests per-
formed in public hospitals, and public drug distribution records. It
covers all beneficiaries of the Italian national healthcare system resid-
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ing in the FVG region, approximately 1.2 million people. The clinical
data is sourced from C@RDIONET, a cardiological electronic chart
that includes medical information collected by cardiologists during
routine clinical practice in the FVG region. The integrated database
specifically covers the population from the municipalities of Trieste
and Gorizia, comprising approximately 240.000 inhabitants.

Regarding the ECG dataset, it includes all ECG exams acquired at the
Cardiovascular Department of Azienda Sanitaria Universitaria Giu-
liano Isontina (ASUGI) in Trieste from February 2007 on. ECGs were
recorded at a frequency of 1kHz using the Mortara™ devices ELI230
and ELI250 and then resampled at 500 Hz for computational reasons.
By linking the ECG exams with the FVG RER, we could integrate them
with C@RDIONET and then identify a cohort of patients without AF
history for the prediction of the new onset of AF. The AF event was
defined by linking information from 4 different sources: reports from
emergency access or cardiological visits, discharge codes in case of
hospitalizations, and ECG reports. For each patient, the first AF diag-
nosis (or atrial flutter) found in one of these data sources was taken
as the first AF event. We excluded all patients with an AF event before
2007 or with paced rhythms (i.e., implanted with a pacemaker, with
an implantable cardiac defibrillator, or treated with cardiac resynchro-
nization therapy). Subjects with an AF diagnosis at the first ECG exam
or with the AF-event date missing were not included in the analysis.

For this study, we included all subjects aged > 30 years with at
least one standard 10-second, 12-lead ECG acquired at the cardiovas-
cular department of ASUGI, between February 2, 2007, and December
31, 2020. The data exclusion flow chart is reported in Figure 7. For
patients without any AF event in the observation period, we extracted
all available ECG exams, while for patients that developed AF, we used
all ECGs recorded before the first AF event within a temporal window
of 5 years. Note that censored cases, i.e., subjects that did not develop
AF, had a minimum follow-up of 5 years required by design. Each ECG
was associated with a set of morphological features, automatically ex-
tracted by the Mortara devices at the ECG recording. We had access
to these features through the cardiological e-chart C@RDIONET. The
unit of observation was the ECG signal. Each ECG was labeled 1 if the
corresponding patient will develop AF within 5 years, and o other-
wise.

Models” development

The two approaches under study were a deep Convolutional Neural
Network (CNN) and an eXtreme Gradient Boosting (XGB) model. A
penalized Logistic Regression (LR) model was used as benchmark.
For all models, the task considered was to predict the probability that
a patient will develop AF within five years.
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Figure 7: Flow chart of the study cohort.

The CNN takes as input the resampled ECG signal, which is a 12 x
5000 matrix (i.e., 12 leads by 10-second duration sampled at 500 Hz).
The architecture of the CNN is the one used by Scagnetto et al. [129]
for AF prediction, which was originally proposed by Goodfellow et al.
[130] for a similar purpose, i.e., to classify single lead ECG waveforms
as either Normal Sinus Rhythm, AF, or Other Rhythm. The network
is composed of 13 blocks, each of which comprises a 1D convolution
along the time domain, batch normalization, ReLU activation func-
tion, and dropout. Notice that, in the computation of convolutions,
all channels are used simultaneously, thus cross-lead correlations are
automatically leveraged by the model. In blocks 1,6 and 11 there is
also a max-pooling layer between Rectified Linear Unit (ReLU) activa-
tion and dropout. After the convolutional blocks, there are a global
average pooling layer and a soft-max layer, in order to obtain normal-
ized probabilities. A sketch of the architecture and the most relevant
hyperparameters are reported in Figure 8. To train the model we used
the cross-entropy loss function and AdamW optimizer [131], with a
learning rate of 1073.

The XGB and LR models take as input the wave morphology’s fea-
tures extracted from the ECG signal by the Mortara devices. These
features include the onset and offset of P and T waves and the QRS
complex, the PR and corrected QT intervals, P, T, QRS axis, and the
cardiac frequency.

To tune the XGB’s parameters, we performed a randomized search
over parameters, as described hereafter. For each hyperparameter
that we decided to tune, we specified a uniform distribution over the
possible parameter values range. Then, we generated a candidate set-

25



26 ATRIAL FIBRILLATION PREDICTION

Figure 8: CNN architecture.
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ting of parameters by sampling the pre-specified distributions and we
evaluated its performance with a 5-fold cross-validation. These steps
are repeated 10° times. Finally, the best-performing parameters set-
ting (in terms of AUC) was kept. In this process, we included a set of
ECGs (approximately 50 000) solely used for hyper-parameter tuning
and not in training/test phases. More details about hyperparameter
tuning are reported in the appendix A.

In the LR model, we applied an L2 regularization term to reduce
overfitting. Therefore, the only parameter of the model is the strength
of the regularization term, which we tuned with the same procedure
followed for XGB hyperparameters tuning.

The CNN was implemented with PyTorch framework [132] version
1.12.0, while for XGB and LR models we used Scikit-learn1.0.2 im-
plementations [133]. Python’s version used was 3.10.5. All the code
used for this study can be found in the GitHub repository https:
//9ithub.com/giovabaj/ecg-cnn-xgb-1r.

Models’ evaluation

To assess the ability of the models to discriminate between patients
developing/not developing AF, we used the AUC, which is a robust
metric of model performance for binary classification, even in the case
of imbalanced datasets. Higher AUC values correspond to better per-
formances, with perfect discrimination represented by an AUC value
of 1 and an AUC of 0.5 equivalent to a random guess. To evaluate the
models’ calibration, we computed the ICI (Section 2.1.2).

To evaluate the variability of the performance of the trained models,
we performed a 10-fold cross-validation. In the case of the CNN, 8 sets
were used to train the model, 1 to evaluate the model during training
and apply early stopping, and the last one to test the model perfor-
mances on unseen data. Regarding the XGB and LR models, data was
split into training and test with a 9:1 ratio. In the process of splitting
data into folds, in the case of patients with multiple ECGs we ensured
that each patient was present only in one between training, valida-
tion, and test sets. This is because intra-patient ECGs show a higher
degree of correlation with respect to inter-patient ECGs. Thus, without
taking into account this detail, models” performances would be over-
estimated. We also made sure that the fraction of positive samples in
each fold was as similar as possible to the overall fraction.

Experimental setting for varying sample sizes/balance

To investigate the dependence of models” performances on the sam-
ple size, we trained the three considered models with increasingly
bigger subsets of the dataset. The sizes considered are 1000, 2000,
5000, 10000, 20000, 50000, 100000 and 150000 ECGs. The remaining
57521 ECGs were used to tune hyperparameters for all models.


https://github.com/giovabaj/ecg-cnn-xgb-lr
https://github.com/giovabaj/ecg-cnn-xgb-lr
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Another aspect we investigated was imbalance corrections, again
for increasingly bigger sample sizes. We repeated the training pro-
cess described above, but this time balancing the two classes in the
training set by Random Under Sampling (RUS), which consists of elim-
inating a random set of negative ECGs in order to equalize the number
of ECGs in each class [124].

To study the effect of class imbalance corrections on models” per-
formances, we considered a fixed sample size (100000 ECGs), and
we trained the three models with different balancing levels of the
training set. The levels considered are 12.5% (corresponding to the
original positive fraction), 25%, 37.5%, and 50% (perfectly balanced
training set). We stress that the test sets used to evaluate the mod-
els have always the original positive fraction (12.5%). As before, the
method used to balance the training set was RUS, and to estimate mod-
els” variability we performed a 10-fold cross-validation with the same
approach described above. Notice that we decided to use a sample
size of 100.000 ECGs since we observed that none of the three models
showed a substantial improvement with a training size larger than
this.

2.1.4 Results

The final dataset includes 207 521 ECGs, associated with 92465 sub-
jects. The number of events (i.e. new onset of AF) is 25857, corre-
sponding to 12.5% of cases. See Table 1 for a descriptive snapshot of
the population. Note that the statistical unit for the prediction algo-
rithms is the ECG signal. Compared with censored subjects, patients
developing AF were older and more frequently male. These results
are not surprising since increasing age is a prominent AF risk factor
and the prevalence of AF is lower in women vs. men in most of the
real-life study cohorts [134, 135]. Note that we did not include de-
mographic characteristics in the analysis since the objective was to
investigate the specific ECG contribution to the prediction. No other
remarkable clinical differences are observed in the ECG features.

Models’ evaluation results

In Table 2 we report AUC and ICI values and corresponding 95%
Confidence Interval (CI) for the three models trained with the biggest
sample size considered (150 000 ECGs) and with the original event ra-
tio (no imbalance corrections). We can see that from a discrimination
point of view, the CNN model is the best-performing model, with an
AUC of 0.799. XGB model is the one with intermediate performance
(AUC of 0.74), while LR shows the worst performance (AUC of 0.68).
As for the calibration, it can be noticed that there are no substantial
differences in the performance of the three models; XGB is the best-
performing model with an ICI of 0.008, while the other two models
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Table 1: Descriptive features of the dataset. For all the numerical vari-
ables median and (1st, 3rd quartile) are reported. We compared
“Censored” and “Event” populations with Mann-Whitney and Chi-
squared tests, respectively for continuous variables and gender. All
comparisons were significant (p-value < 0.001).

Censored Event Overall

Age (years) 65 (52, 75) 74 (67, 80) 67 (54, 76)
Gender (Male, %) 49 58 50

P axis (degrees) 58 (43, 69) 60 (42, 73) 58 (43, 69)
P onset (msec) 290 (269, 307) 274 (246, 295) 288 (266, 306)
P offset (msec) 407 (388, 422) 391 (361, 413) 406 (385, 422)
PR interval (msec) 163 (148, 182) 176 (157, 199) 164 (149, 184)
QRS axis (degrees) 37 (1, 64) 16 (-22, 53) 35 (-2, 63)

QRS onset (msec)

ORS offset (msec)

QT interval corrected (msec)
T axis (degrees)

T offset (msec)

Heart rate (beats/min)

453 (449, 4598)
550 (543, 558)
408 (395, 424)
54 (36, 68)
841 (820, 863)
71 (62, 80)

451 (445, 457)
551 (545, 563)
420 (404, 439)
59 (34, 78)
853 (829, 878)
69 (61, 78)

453 (449, 458)
550 (543, 558)
409 (396, 426)
55 (36, 69)
842 (821, 865)
70 (62, 80)
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Table 2: Performances in discrimination and calibration of the three models.

CNN XGB LR

AUC 0.799 (0.794, 0.805) 0.738 (0.732, 0.744) 0.683 (0.678, 0.688)
ICI  0.014 (0.01, 0.018) 0.008 (0.006, 0.010) 0.014 (0.013, 0.015)

show higher ICI values. In terms of 95% CI, the lower bound of CNN
and LR correspond to the upper bound of XGB.

Results for varying sample sizes/balance

In Figure 9, we show the dependence of AUC on the sample size for
the three proposed models, both in the imbalanced (Figure 9A) and
perfectly balanced (Figure 9B) cases. We can notice that the model
that is most affected by the sample size is the CNN: for small samples,
the discriminative performances are very low (lower than 0.70), but
above 10000 samples the DL model significantly outperforms XGB and
LR, reaching an AUC of 0.80 in the imbalanced case. On the other hand,
XGB and LR’s discrimination does not change significantly increasing
the sample size, while the most visible effect is the greater variability
for small sample sizes, as obviously expected. For these two models
the maximum AUC values, obtained with the biggest sample size, are
respectively 0.74 and 0.68. Another aspect to note is that balancing
the training set with RUS to an event ratio of 0.5 (same number of AF
cases and censored samples) does not improve discrimination in any
of the models considered, also not for small sample sizes.

In Figure 9 it is also reported the ICI as a function of the sample
size. Figure 9C represents the case where no imbalance corrections
were introduced, and we can see that increasing the sample size has
the effect of reducing the ICI (i.e., it improves calibration), for all the
three models under study. In this setting, ICI values range from 0.06
for smaller sample sizes, to approximately 0.01 for the biggest sam-
ple size considered. When RUS is applied to balance the training set
(Figure gD), ICI takes higher values, indicating that models are worse
calibrated. The effect is very strong for XGB and LR (ICI values between
0.30 and 0.35 for all the sample sizes considered) and slightly weaker
for the CNN model (ICI values between 0.1 and 0.2), but still evident,
especially if compared with the imbalanced case.

As regards the effects of imbalance corrections using different event
ratios and a fixed size of 100 000 ECGs, we found that XGB’s and LR’s
discrimination capabilities show very little dependence on the balanc-
ing level introduced. This is evident in Figure 10A, where AUCs are
reported for the three models as a function of the event fraction in
the training set. Indeed, it can be noticed that XGB and LR models
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Figure 9: A AUC values for the varying sample sizes (original event fraction
in the training set). Error bars represent the 95% CI around the
mean. B AUC values for the varying sample sizes (perfectly bal-
anced training set). C ICI values for the varying sample sizes (orig-
inal event fraction in the training set). D ICI values for the varying
sample sizes (perfectly balanced training set)
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Figure 10: A AUC values for the varying event fraction, obtained by balanc-
ing the training set with RUS. Error bars represent the 95% CI
around the mean. B ICI values for the varying event fraction, ob-
tained by balancing the training set with RUS

show nearly constant AUC values, respectively of 0.74 and 0.68. As
regards the CNN model, also in this case RUS does not allow to get
better discriminative performances, rather AUC slightly decreases as
we increase the level of imbalance corrections, approximately from
0.795 to 0.777. Moving to calibration (Figure 10B), the effect of bal-
ancing the training set was very clear: increasing the ratio of positive
samples with RUS leads to higher values of the ICI, i.e. to less cali-
brated models. The effect is very strong for XGB and LR, where ICI
values grow linearly from 0.01 to 0.3, and a little weaker for the deep
learning model (ICI values from 0.01 to 0.15), but still evident.

2.1.5 Discussion

In this study, we investigated the use of ECG signals for the develop-
ment of a predictive model for new-onset AF. This is a critical med-
ical task because of the high prevalence of AF particularly in the el-
derly population and the importance of an early diagnosis of AF for
prompt prescription of effective treatments to prevent stroke and sys-
temic thromboembolism. Two approaches were considered: first, an
ML model based on the set of ECG features extracted from the ECG and
accessible to clinicians; second, the analysis of the digital ECG traces
using deep learning techniques, in a setting of end-to-end analysis. In
addition, a logistic regression model based on ECG features was esti-
mated to provide a benchmark for the comparison of results. As for
the analysis of ECG features, for large sample sizes, the XGB algorithm
produced a model that outperformed the benchmark in terms of dis-
crimination ability. In particular, the XGB and LR models appeared
almost equivalent when the number of observations was lower than
10000, but for larger sample sizes XGB demonstrated a clear increase
in the level of discrimination, resulting however constant in further
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enlargements of the dataset. In contrast, the CNN model showed a
discriminative performance highly dependent on the sample size: to
reach a satisfactory result, the DL model required at least 10* obser-
vations, but for every further increase of the size we observed a cor-
respondent improvement in discrimination. In terms of calibration,
no major differences were detected across models when the original
fraction of cases was used. In general, we observed better-calibrated
predictions for increasing sample sizes. Our results may suggest that
the choice of the approach in the analysis of ECG should take into ac-
count the amount of data available for the training, preferring more
standard models for small datasets, and indicate the well-known abil-
ity of DL methods to leverage massive datasets. The second part of
our analysis was focused on the effect of undersampling on mod-
els” calibration. This aspect of the study was stimulated by a recently
published work by van den Goorbergh et al. [126] where authors ex-
amined the effect of imbalance correction on the performance of stan-
dard and penalized (ridge) LR models in terms of discrimination, cal-
ibration, and classification. When developing prediction models for a
binary outcome with high class imbalance, undersampling is a stan-
dard technique for mitigating the difference in class frequencies in the
training phase, with the aim of improving the model’s performance.
We analyzed the results of models obtained with different levels of
balancing ratios and failed to detect an improvement in discrimina-
tion, leading to even worse results in the case of CNN. Besides, imbal-
ance correction caused miscalibrated predictions. Our results are in
line with the findings of van den Goorbergh et al. and extend their
note of caution in using methods for class imbalance correction in the
case for XGB and CNN models. We observe that in our study the CNN
resulted more robust compared to XGB and LR to the calibration wors-
ening caused by the imbalance correction, a counter-intuitive finding
with respect to what was observed by Gou et al. [136]. Concerning
the relative performance of our CNN approach with respect to the
recent literature that investigated new onset of AF, Attia et al. [11]
considered a set of 649931 12-lead ECGs of patients > 18 years and
applied CNN to identify the electrocardiographic signature of future
AF developed within one month from ECG examination (8.4% of the
cohort). They obtained a very accurate model (AUC 0.90 [0.90-0.91]),
but the sample size and the time-frame prediction period was clearly
very different from ours. Another relevant study was carried out by
Ragunath et al. [12], in which authors analyzed 1.6 M 12-lead ECGs
from patients aged 18 years or older in order to identify individuals
at risk of developing AF within 1 year. Training a CNN using only
ECG traces as input, they were able to predict the new onset of AF
with AUC of 0.83 (95% CI, 0.83 - 0.84). Although the sample size and
observational period are different from ours also in this case, the per-
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formance is comparable with our findings (Table2). No measures of
calibration were reported in those works.

Our study has some limitations. First, we could not validate our
findings in an external validation cohort that represents one of the
most critical steps in the development of machine learning models in
medicine, a context where internal validation is not considered suffi-
ciently conservative [137]. Second, for AF subjects we only considered
ECG exams no further than 5 years before the date of AF diagnosis.
We set such constraints because based on clinical knowledge, AF indi-
viduals are unlikely to show predictive signs of the condition earlier
than 5 years. The methodological choice is also in line with previous
clinical scores and predictive models that are usually evaluated at a
time horizon of 5 years of follow-up [110]. Third, in order to simplify
the prediction task, we did not take into account the time-to-event
in disease onset. Very recent research carried out by Khurshid et al.
[138] has highlighted the potential of CNN for the prediction of the
time-to-incident AF and obtained accurate predictions (5-years AUC
0.823 [95% CI, 0.790 - 0.856]). One of the advantages of the time-to-
event data is the possibility to evaluate the accuracy of the model for
any time frame from the baseline. Another possible limitation was the
choice of the method to correct the class imbalance, as RUS is a very
naive approach. The main obstacle here was to deal with entire sig-
nals. For example, a commonly used method that has shown good re-
sults in various applications is the Synthetic Minority Oversampling
Technique (SMOTE) [139]. SMOTE is an oversampling approach that cre-
ates new, synthetic samples interpolating the original minority class
samples. This method and its variations were developed for tabular
data, but an extension in the case of signals is not straightforward.
Some methods to generate synthetic ECG signals were recently pro-
posed [140-143], but it was out of the scope of this work. Finally,
the fact that only standard ECG features were used for the XGB ap-
proach is a clear limitation, considering that several ECG engineered
features were shown to be highly predictive for AF detection [111]
and AF risk prediction [144, 145]. We expect that including this kind
of features engineered from the ECG signal could improve XGB perfor-
mances. However, we want to highlight that we limited on purpose
to the features automatically extracted by electrocardiographs since
we wanted to consider a setting as simple as possible, where only
the ECG exam is required, so that the prediction process can be easily
automated without the need for feature engineering by experts.

2.1.6 Conclusions

The deep learning model under study showed a discriminative per-
formance highly dependent on the sample size, outperforming the
two approaches considered based on the signal’s extracted features
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only above a certain sample size threshold. This result suggests that
the choice of approach in the analysis of ECG should be based on the
amount of data available, preferring more standard models for small
datasets.

Imbalance corrections with a random undersampling approach did
not lead to better discrimination performance, but rather to an evi-
dent drop in models’ calibration. This finding indicates that imbal-
ance correction methods should be avoided when developing clinical
prediction models.
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2.2 LEARNING CURVE FOR DL
2.2.1 Introduction

Several factors can explain the widespread adoption of Aland ma-
chine learning in healthcare: first of all, these models, especially when
pre-trained via transfer learning or trained on large datasets, can
achieve generally higher accuracy on diagnostic and prognostic tasks;
also, they are able to integrate multimodal data efficiently; finally,
they do not require strong statistical assumptions. During the study
design phase, integrating Al models requires the addition of steps
such as the specification of the Al model, the definition of the AI ar-
chitecture, the choice of the evaluation measure, and, more impor-
tantly, Sample Size Determination (SSD) [146]. The recent publica-
tion of extended guidelines for the reporting of AI in clinical trials
[147, 148] and in all types of studies [149, 150] has confirmed the
necessity of adopting a rigorous approach to the determination of
the sample size requirements. Neural Networks and Random Forests,
among others, have been shown to be more data-hungry than tradi-
tional statistical models such as logistic regression [151] and several
studies demonstrated the inadequacy of the “factor 10” sample size
rule applied to either the number of predictors or network weights
[152, 153]. A methodology for SSD that has been recently gaining at-
tention is fitting the learning curve of the classifier with an inverse
power law function [154]. The algorithm described by Figueroa et al.
[155] allowed authors to predict the performance of several Support
Vector Machines (SVM) classifiers using weighted Non-linear Least
Squares (NLS) optimization for fitting the learning curve. A recent
implementation by Dayimu et al. [156], instead, tried to predict the
performance of Elastic Nete, SYMs, Random Forests, and Gradient
Boosted Trees using both NLS and Gaussian Process (GP) optimization
methods. Additionally, the study extends Figueroa’s implementation
to transfer learning algorithms. However, to date, these methods have
never been applied to the fitting of a learning curve for DL algorithms.

2.2.2  Objectives

The present study aims to provide an application of both the weighted
NLS and GP method for fitting the inverse-power law form of the learn-
ing curve of a CNN trained on a task of detection and prediction of AF
using ECG data. Fitting the classifier’s learning curve allows us to es-
timate the sample size required to reach a pre-specified performance
and its expected plateau.
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2.2.3 Background

SSD refers to the process of estimating the optimal number of partici-
pants needed for a study to achieve statistically significant results, bal-
ancing between accuracy and resource efficiency [157]. Although re-
cent reporting guidelines for Al-based clinical models emphasize the
importance of a rigorous approach to SSD, many ML still neglect this
step [158]. In this context, the work presented in Section 2.2 demon-
strates a practical application of SSD for deep learning models, using
a learning-curve approach.

A learning curve represents the relationship between a model’s per-
formance and the number of samples in the training set [159]. Once
this curve is estimated with a relatively small number of data points,
it can be used to predict how many samples are required for the al-
gorithm to achieve a specific performance threshold or a sufficiently
low generalization error. This is particularly important in medical ap-
plications, where collecting and labeling data for model training can
be both time-consuming and expensive.

To estimate the learning curve in practice, the model is trained on
datasets of varying sizes, and its performance is measured as a func-
tion of the training set size. Then the relationship between training
data size and performance is modeled using a pre-defined function,
typically a power-law function [159]. Once the curve is fitted, it is pos-
sible to extrapolate the model’s performance at larger sample sizes.

2.2.4 Methods

The dataset used for the detection task comes from the 2020 Phy-
sionet challenge [160], a multi-source dataset comprising 88168 12-
lead ECGs labeled for different types of abnormalities. Signals have
different time lengths, but only the ones with a duration of 10 sec-
onds were included in the present study. For computational reasons,
to train and evaluate the models we used only the first lead and down-
sampled the signals to 128 Hz. All ECGs with AF or atrial flutter were
labeled as 1, and the rest as 0. As regards the prediction task, the
dataset is the one described in Section 2.1.3, and it includes more
than 350 000 12-lead ECGs recorded at 1kHz frequency. We excluded
by design censored cases with a follow-up shorter than 5 years, re-
ducing to 226 529 signals. Since the prediction task is supposed to be
harder than the detection one, in this case we decided to downsam-
ple signals to 250 Hz and use all 12 leads for model development and
testing. Each ECG was labeled 1 if the corresponding patient devel-
oped AF (or atrial flutter) within 5 years from the recording, and o
otherwise. Notice that the prediction task is approached as a binary
classification task.
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The architecture used for both tasks is the deep CNN adopted for
the study described in Section 2.1.3. The CNN is made of 13 layers
with more than 5 million trainable parameters; it takes as input an
ECG signal and provides as output the normalized probabilities of
belonging to class o or 1. To train the models we used the cross-
entropy loss function and AdamW optimizer [131]. To avoid overfit-
ting, dropout and data augmentation were applied, the latter imple-
mented adding a zero-mean random Gaussian noise to the training
signals. The models were evaluated in terms of Area Under the Re-
ceiver Operating Characteristic Curve (AUC). To fit the learning curve,
we estimated the model’s performance Y (AUC) for different sample
sizes n. To do this, we considered a random dataset subsample S that
simulated a practical scenario where only a limited amount of data
is available. S was set to 1000 (diagnosis) and 10000 (prediction). For
each n in S (detection from 100 to 900 in steps of 50; prediction from
1000 to 8000 in steps of 1000), we randomly sampled without repe-
tition a sample s, of size n from S, and we trained a model with s,,.
Samples in S not included in s, were used for the evaluation. We re-
peated this process N times (detection N = 100; prediction N = 50)
for each step, obtaining distributions of AUC values for which we com-
puted means (y,) and standard errors (SE,). The data points (1, y,)
were then used to fit the learning curves with an inverse power law
function:

Y(n)= f(n;a,b,c) =(1—a)—b-n° (2)

In the fitting procedure, we weighted each data point by 1/SE,. NLS
and GP were used to fit the learning curves, estimating the parameters
a,b, c. To validate the fitted learning curves, we compared the learning
curve predictions with the observed AUCs (blue dots in Figure 3) at
different target sample sizes. The 95% CI of the predicted AUC were
calculated for the GP and NLS as in [155, 156]. Root Mean Square
Error (RMSE) and absolute difference were used to compare the test
points with the estimated values.

2.2.5 Results

Concerning the diagnostic task, via the GP approach after truncating
the distribution of the phi parameter to values > 0.01, the curve (i, =
0.00 £0.00, pp = 15.03 & 2.60, po = —0.78 £ 0.03, u, = 2.05 1 1.98,
#o = 0.01£0.01, py = 0.00 & 0.00) provided an adequate predic-
tion of the test points (RMSE= 0.005, Figure 3A). Predicted AUC val-
ues 0f0.95, 0.97, and 0.99 would be reached at n = 1500, 3250, and
10000, respectively. The NLS approach based on Dayimu et al. [156]
(a =0.00, b = 19.28, ¢ = —0.83) also performed well, with RMSE of
0.008 and the test point included in the 95% CI of the predicted AUCs
(Figure 3B). Figueroa’s NLS implementation [155] (¢ = 0.00, b = 19.27,
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Figure 11: Schema describing the procedure to obtain the learning curve.
Figure inspired by [158].
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Table 3: Learning curves with 95% CI for the detection (A to C) and the prediction (D to F) tasks based on parameters estimated via GP (A and D) and
NLS (B and E based on [156], C and F based on [155]).
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¢ = —0.83) provided similar results (RMSE0.008, Figure 3C). Based on
these models, predicted AUC values of 0.95, 0.97, and 0.99 would be
reached at n = 1500, 3000, and 10000, respectively. Regarding the
prediction task, the GP approach (y, = 0.14 +0.02, y;, = 5.43 +1.88,
e = 0.45+0.07, py = 2.53 +1.90, py = 0.00 & 0.00, p,, = 0.00 £ 0.00)
provided an adequate prediction (actual AUC — predicted AUC= 0.006,
Figure 3, D). Based on this model, predicted AUC values of 0.82 and
0.84 would be reached at n = 17000 and n=40000, respectively. Simi-
larly, the implementations of the NLS approach based on Dayimu et
al. (a = 0.16, b = 7.39, c = —0.52, Figure 3E) and on Figueroa et al.
(a=016,b = 7.39, c = —0.52, Figure 3F) performed well (actual
AUC — predicted AUC= —0.006). Based on this model, predicted AUC
values of 0.80 and 0.82 would be reached at # =20000 and » =70000,
respectively.

2.2.6 Conclusions

We proposed an application of the GP and NLS optimization methods
for fitting the learning curve of a CNN algorithm trained to diagnose
and predict AF from ECG data. The two methods achieved satisfactory
AUC prediction for both tasks. A limitation of the present approach
is that it requires a pre-hoc model specification and previously col-
lected and labeled data. The advantages include the flexibility in its
application to potentially all types of tasks, performance measures,
and architecture models.
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2.3 SURVIVAL MULTI-MODAL MODEL FOR AF PREDICTION
2.3.1 Introduction

Recent work has highlighted the potential for DL methods to predict
Atrial Fibrillation from 12-lead ECGs [11, 12, 138, 144, 161]. However,
most of these works approached the AF prediction as a binary classi-
fication task: the ECG signal is used to predict the probability that a
patient without AF history will develop AF within a certain time win-
dow, without including information about the time-to-event or cen-
soring. Khurshid et al. [138] were the first to explicitly incorporate
the time until the AF event and missingness due to right censoring
in their model, which is important for accurate estimates of absolute
risk. To do so, they used Nnet-survival, a discrete-time survival model
designed for neural networks (Section 2.3.2).

An aspect that was not considered in Khurshid et al.’s work [138]
was the presence of competing risks. In the case of AF, death is the
primary competing risk, and it should be taken into account when de-
veloping a survival prediction model [162]. A method that combines
deep learning, survival analysis, and the possibility of handling com-
peting risks is DeepHit (Section 2.3.2).

Combining information from the raw 12-lead ECG signal with EHR
data may also improve predictive performance. In this regard, Biton
et al. [144] trained a random forest classifier to predict the 5-year risk
of AF development using features obtained from different modalities,
namely demographics, clinical information, and features extracted
from the ECG. The authors showed that the integration of all data
sources led to better performance compared to using individual modal-
ities.

The main goal of this work was the development of a survival
model to predict new-onset AF from ECGs and EHR data, taking into
account death as a competing risk. This was achieved by combin-
ing the DeepHit method with a multi-modal DNN able to process
both ECG signals and tabular data. As a comparison, we trained other
two survival models with the DeepHit approach, but on the single
data modalities. To have a further benchmark, we also trained mod-
els with the same architectures but in a binary classification setting:
in this case, the model predicts the probability that a patient will de-
velop AF within a time window of 5 years. We then compared the
predictive accuracy of our model with Cohorts for Aging Research
and Genomic Epidemiology (CHARGE-AF) score [110], an AF risk scor-
ing system well-known in clinical literature.
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2.3.2  Background on survival analysis

Survival analysis is a field of statistics focused on analyzing time-
to-event data [163, 164]. Survival time is defined as the time from
the beginning of an individual’s follow-up to the occurrence of the
event of interest. A key concept in survival analysis is censoring, which
refers to the situation where the exact survival time for some subjects
is unknown. Censoring can occur for various reasons: some subjects
do not experience the event during the study period, some are lost to
follow-up, and others may withdraw from the study due to death or
other reasons. Discarding these patients with unknown time-to-event
results in a loss of valuable information because it is known that these
patients did not experience the event until the study’s conclusion.
For this reason, various techniques have been developed to model
censored data.

Let T and C be the non-negative random variables denoting, re-
spectively, the time to the event of interest and the censoring time.
For each individual, we can observe only one of the two. We then
define Y = min(T,C) as the observed time and § = I(T < C) as
the event indicator, which is 1 when the event is observed and 0 oth-
erwise. In survival analysis, the label associated with each subject i
is the pair (Y;,6;). The random variable T can be described by the
following functions:

* Survival function. It is the probability that the time to the event
of interest is not smaller than a specific time ¢:

5(t) = Pr(T > t) )

It is a monotonic nonincreasing function, that equals 1 at time 0
and decreases to 0 as time goes to infinity.

* Hazard function. It is the instantaneous risk of experiencing the
event at time ¢, given that the individual has survived up to
time t:

Pr(T <T <t+At|T >t
h(t) = lim DT ST <t AT 2 0)
A—0 At

(4)

* Cumulative hazard function. It is the sum of the hazard up to time

H(t) = /O ' h(s)ds (5)

The survival and the hazard functions are linked by the following
relationship:

5(t) = exp (—H(t)) 6)
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At a population level, the survival function can be estimated using
non-parametric estimators, like the Kaplan-Meier (KM) [165] and the
Nelson-Aalen [166—168] estimators.

Key tasks in survival analysis include assessing the impact of fea-
tures on survival time and making predictions. One of the most used
models to accomplish these tasks is the Cox Proportional Hazards
(PH) model [169], a semi-parametric model that expresses the hazard
function as:

h(t|x) = ho(t)e® )

where x is a vector of covariates (assumed to be fixed at their baseline
values in the basic Cox model), 3 represents the regression coeffi-
cients, and hy(t) is the baseline hazard, an unspecified function com-
mon to all subjects. This model is termed a proportional hazard model
because the effect of the covariate is assumed to be independent of
time, and, as a consequence, the ratio of hazards of two subjects is a
constant. However, this assumption is quite strong and is not always
valid.

Competing events

In survival analysis, competing risks occur when there are multiple
potential events, and the occurrence of one event prevents the obser-
vation of another. For instance, in a study examining time to death
due to cardiovascular causes, death from non-cardiovascular causes
constitutes a competing event. Competing risks differ from censor-
ing because, in censoring, the event of interest might still occur later,
whereas a competing event permanently prevents the primary event
from happening. It is crucial to account for competing events when
developing risk prediction models, as ignoring them can lead to bi-
ased risk estimates [170]. For example, the KM estimator should not
be used in the presence of competing risks, as it assumes independent
censoring, leading to upwardly biased incidence estimates [162]. In-
stead, the Cumulative Incidence Function (CIF) should be used, as it is
derived from a cause-specific hazard function and provides estimates
of the marginal probability of an event in the presence of competing
events. When modeling the effect of covariates on time-to-event data
in the presence of competing risks, the basic Cox PH model can no
longer be used. Alternatives include modeling the effect of covariates
on the cause-specific hazard of the outcome [171] or on the CIF [172].

Deep learning for survival analysis

Many machine learning methods have been adapted to handle cen-
sored data [173]. These include survival trees [174], random survival
forests [175], boosting-based methods [176], deep exponential fam-
ilies [177], support vector machines [178], and Gaussian processes
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[179]. Regarding neural networks, the first application of such models
to survival analysis dates back to 1995 with the work by Faraggi and
Simon [180]. Their approach extended the Cox model by modeling
the relationship between covariates and hazard using a feed-forward
neural network, generalizing the linear relationship assumed in the
original Cox model, eq. (7).

Recently, numerous other Cox-based methods have been proposed
[181], and the range of applications is quite wide including tabu-
lar data [182], omics data [183], and images [184]. These approaches
have improved upon the Cox PH model by relaxing the assumption
of a specific relationship between covariates and the hazard function,
though they still maintain the PH assumption, i.e. the influence of
covariates on hazard remains constant over time.

Another family of DL models for survival analysis is represented
by discrete-time survival models. In this approach, time is discretized,
and the NN models either the discrete hazard rate or the Probability
Mass Function (PMF) [185]. The two methods applied in this thesis
are DeepHit [186] and Nnet-survival [187]. DeepHit parametrizes the
discrete PMF and accounts for the presence of competing risks. Its
loss function combines the log-likelihood of the joint distribution of
the first hitting time and the event with a ranking loss for improved
discrimination. Nnet-survival (also known as Logistic-Hazard [185]),
parametrizes the discrete hazard and adopts a loss function which is
the negative log-likelihood expressed by the hazard rate. These meth-
ods offer greater flexibility than Cox-based methods, as they relax the
PH assumption and allow the model to capture the time-dependent
influence of inputs on the predicted risk.

2.3.3 Materials and Methods

Data

The data source used in this work is the same one used for the stud-
ies described in Section 2.1. The only difference is in the time window
considered, since in this case we extracted all 12-lead ECGs acquired
between February 2, 2007, and December 31, 2022. The same inclusion
and exclusion criteria were applied. We obtained, for each patient,
demographics, clinical information, and drug prescription/consump-
tion at the exam date by linking the ECG exams with the EHR of the
RER of FVG region. The AF events were identified with the same steps
described in Section 2.1.3.

In the survival setting, we extracted all available ECGs of the pa-
tients without any AF event in the observation period, while for pa-
tients that developed AF, we used only the ECGs recorded before the
tirst AF event. We then associated each ECG with a label indicating the
type of event the patient underwent (censoring, AF, or death), and the
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time to the event. In the binary classification setting, we included by
design only censored cases with a minimum follow-up of 5 years. In
this case, ECGs were labeled 1 if the corresponding patient developed
AF within 5 years, and o otherwise.

For each ECG, we extracted from the EHR a set of 62 features. These
included demographics, diagnosis, and drug consumption of the pa-
tients at the exam date. Furthermore, we decided to include also the
wave morphology’s features automatically extracted from the ECG sig-
nal by the Mortara devices: onset and offset of P and T waves and of
the QRS complex, the PR and corrected QT intervals, P, T, QRS axis
and the cardiac frequency.

Model development

Regarding the data modality given as input to the model, we con-
sidered three different approaches for the AF prediction: ECG signals,
tabular data, and the integration of both modalities. For each data
modality, we trained a model both in a survival and in a binary set-
ting. Thus, a total of 6 models were trained for this study.

SURVIVAL MODELS In order to build the survival models we used
the DeepHit method, which employs a network architecture (sketched
in Figure 12) that consists of a single shared sub-network and a num-
ber of cause-specific sub-networks (in our case 2, corresponding to AF
and death events). The shared sub-network is an encoder that learns
a deep latent representation of the input data, and its structure de-
pends on the data modality considered. In the case of ECG signals
alone, the encoder’s architecture is a Convolutional Neural Network,
while for tabular data is a Fully Connected Network (FCN). The in-
tegration of both data modalities is obtained by combining the CNN
and the FCN with a joint fusion strategy [188], as depicted in Fig-
ure 12: each network processes the corresponding data modality and
the learned feature representations are joined in a common layer. Af-
ter the encoder, the latent features are used by each cause-specific
sub-network to predict the discrete probability distribution of the cor-
responding event. Finally, the output layer of the whole network is
obtained concatenating the outputs of the cause-specif sub-networks
and normalized so that it can be interpreted as the joint probability
distribution of the two competing events. More precisely, normaliza-
tion is done with a single softmax layer that is designed to allow for
survival past the maximum follow-up (as described in [185]).

BINARY MODELS As regards the binary prediction task, the net-
works adopted have the same encoder architectures described above.
The difference is that the encoder is now followed by an FCN com-
posed of one hidden layer of | units (where [ is the number of latent
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Figure 12: Schema of the deep multi-modal network for survival analysis.
For the single-modality networks, only one between the CNN and
the FCN constitutes the encoder, while in the classification setting
the DeepHit head is substituted by the binary-classification head.

features extracted by the encoder) and an output layer of two units
normalized with a softmax function.

NETWORK ARCHITECTURES The CNN’s architecture is the one de-
scribed in Section 2.1.3. The FCN is a multi-layer perceptron with two
hidden layers made of 2n and 7 units, where n is the number of tab-
ular features (62 in this study). The cause-specific sub-networks for
the DeepHit method are fully connected networks composed of one
hidden layer of 10 units, followed by an output layer with a number
of neurons equal to the number of discrete time intervals. In all net-
works, the activation function used is ReLU and dropout is adopted
for regularization.

CHARGE-AF SCORE The CHARGE-AF score is a well-validated clin-
ical risk score for the development of AF [110]. The score was de-
rived by estimating a Cox proportional hazards model, trained with
the variables age, race, height, weight, systolic and diastolic blood
pressure, current smoking, use of antihypertensive medication, dia-
betes, history of myocardial infarction, and heart failure. 5-year AF
risk estimates for CHARGE-AF were computed using the equation 1 —
0.9718412736°%P{(af score=12.58156)} \yhere af_score is the individual’s
CHARGE-AF score obtained as a linear combination of the risk fac-
tors [110].

Experimental setting

The dataset was split into training, validation and test sets, with a
proportion of respectively 7:1:2. In the case of patients with multiple
ECGs, we ensured that there was no overlap of patients between the
different sets. We also ensured that the positive sample fraction in
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each set was as similar as possible to the overall fraction (10%). The
validation set was used to evaluate the model during training and
to apply early stopping to avoid overfitting. Before feeding them to
the network, ECG signals were filtered to remove baseline wander and
high-frequency noise with a zero phase second-order infinite impulse
response bandpass filter, in the band 0.67-100 Hz[189]. Then, ECGs
were also normalized subtracting from each channel its mean and
dividing it by its standard deviation. We used a Min-max scaler for
tabular data to normalize each feature between 0 and 1. No missing
values were present in the tabular dataset.

Since the DeepHit method requires time to be discrete, we had to
perform a discretization of the time scale. More precisely, we made
an equidistant grid with 50 grid points and we then expressed the
time to event of each ECG in this discrete time scale, following the
procedure proposed in [185].

Both the survival and the binary classification models were trained
via AdamW optimizer, with a batch size of 128 and a learning rate of
1073. The loss function maximized was the DeepHit loss for the sur-
vival model and the binary cross-entropy loss for the binary classifier.

Evaluation metrics

For the survival models, we inspected their discriminative perfor-
mance computing the area under the time-dependent receiver operat-
ing characteristic curve (AUC), with the cumulative/dynamic defini-
tion [190]. To account for potential biases, AUC was calculated taking
into account the presence of a competing risk event (death) and us-
ing inverse probability of censoring weights. To assess calibration, we
computed the ICI for competing-risk survival models, as proposed
by Austin et al. [191]. ICI is based upon a graphical assessment of
calibration: a calibration curve is obtained regressing the cumulative
incidence function of the cause-specific outcome of interest on the pre-
dicted outcome risk with a Fine-Gray sub-distribution hazard model,
and then ICI is computed as the average prediction error weighted
by the empirical risk distribution. For the binary classification mod-
els, we computed AUC and ICI defined for a binary outcome [122].
Since binary models estimate the risk to develop AF within 5 years,
we focused on the predicted 5-year risk also in the survival setting.

Standard errors and corresponding 95% confidence intervals (CI)
were estimated using 100-iteration bootstrapping, for both the metrics
considered.

2.3.4 Results

The final dataset included a total of 350701 recordings from 128 030
unique patients. See Table 4 for a descriptive snapshot of the popu-
lation. The median and interquartile age for the recordings was 66
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Table 4: Descriptive features of the dataset. For all binary variables we report
the percentage of 1s.

Grouped by AF

Overall 0 1
n 351701 315348 36353
Age, median [Q1,Q3] 66 [54,75] 65 [52, 75] 74 [68, 80]
Gender (males) 50.3 49.9 54.2
Ischemic disease 23.2 221 32.8
AMI 14.3 13.8 18.9
TIA /Stroke 49 45 8.3
COPD 239 234 28.4
Diabetes 45.2 444 51.8
Chronic Heart Failure 8.7 7.6 17.9
Chronic Kidney Disease  14.6 13.5 24.3
Anticoagulants 8.2 7.7 13.0
Antihypertensive 56.6 54.1 78.4
Calcium blockers 18.8 17.5 29.9
Antiarrhythmics 2.7 2.1 8.0
Beta-blockers 30.7 28.9 46.2
Diuretics 12.4 11.6 19.8

[54—75], while the percentage of males was 50.3%. From Table 4 we
can also notice that the sample of patients that developed AF was sig-
nificantly older and with a higher rate of comorbidities with respect
to the sample that did not develop AF. The overall median follow-up
time was 6.45 years, while it was 4.26 years restricting to individuals
that developed AF. In the binary classification setting, we excluded by
design censored cases with a follow-up shorter than 5 years, reducing
to 226 529 signals for 95823 unique patients.

In Table 5 we report 5-year AUC and ICI values (and corresponding
95% CI) for the six trained models. The first thing that we can no-
tice is that the survival model trained combining ECG and EHR data
shows good performance, with an AUC of 0.845 and an ICI of o.o10.
To visually inspect the model’s output, we plot in Figure 13 the ob-
served cumulative incidence function for the AF event, stratified by
the 5-year risk predicted by the model. Looking at the figure, it is
possible to see that the incidence curves differ significantly, and in
particular that patients with higher predicted risk are associated with
higher AF incidence at 5 years.

As regards the comparison with the other approaches, we can no-
tice from Table 5 that, from a discrimination point of view, the sur-
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Figure 13: Observed cumulative incidence function for the AF event, strati-
fied by the 5-year AF risk predicted by the DeepHit model trained
with both ECGs and EHR data. Cumulative incidence is estimated
with the Aalen-Johansen estimator. Shaded areas around curves
indicate 95% confidence intervals.

vival and binary classification models behave in a very similar way,
while the most influential factor on discrimination is the data modal-
ity used to train the model. In particular, the best-performing models
in terms of AUCs are the ones that integrate ECG information and clin-
ical tabular data, with AUCs of 0.845 and 0.842 for the survival and
the binary models, respectively. The use of ECG signals alone leads
to models with an AUC of approximately 0.82, while the weakest dis-
crimination is obtained when only tabular data are used to train the
algorithm (AUC around 0.81). Moving to calibration, we can see that
all the models are well calibrated in general, with the maximum ICI
value of 0.024 obtained for the binary model trained with tabular data
alone. The second worst calibrated model is again the one trained
only with tabular data, but in the survival setting, with ICI equal to
0.017. For the rest of the models, the calibration performance is simi-
lar.

We compared the survival model trained with both ECGs and tab-
ular data to the CHARGE-AF clinical score, as reported in Table 6.
For this comparison, we restricted to the subset of the test set for
which we had no missing values in the predictors of CHARGE-AF. The
CHARGE-AF score demonstrated moderate discrimination and calibra-
tion, with AUC and ICI of 0.744 and 0.036, respectively. In the same
sample, the DeepHit model showed consistently better performance
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Table 5: Models Performance for AF prediction in Test Sets

Model

5-year AUC

5-year ICI

DeepHit (ECG + tabular)

DeepHit (ECG)
DeepHit (tabular)

Binary (ECG + tabular)

Binary (ECG)
Binary (tabular)

0.845 (0.839, 0.851)
0.820 (0.812, 0.826)
0.810 (0.804, 0.816)
0.842 (0.835, 0.849)
0.821 (0.814, 0.827)
0.812 (0.806, 0.819)

0.010 (0.008, 0.011)
0.005 (0.004, 0.007)
0.017 (0.015, 0.019)
0.006 (0.004, 0.009)
0.013 (0.010, 0.016)
0.024 (0.021, 0.027)

Table 6: Comparison between model performance and CHARGE-AF clinical
score, on the subset of patients that do not have missing values in
CHARGE-AF predictors.

Model 5-year AUC 5-year ICI

DeepHit (ECG + tabular)
CHARGE-AF

0.811 (0.800, 0.824)

0.744 (0.735, 0.754)

0.009 (0.007, 0.013)

0.036 (0.032, 0.043)

both in terms of discrimination (AUC of 0.811) and calibration (ICI
0.009). Notice that DeepHit discriminative performances decreased
significantly when compared to the results on the entire test set (Ta-
ble 5). This may probably be related to different sample characteris-
tics, since, for example, the CHARGE-AF sample is characterized by a
higher risk of developing AF (the fraction of ECGs associated with a fu-
ture AF event is approximately 12% in the CHARGE-AF sample, against
the 10% of the entire dataset).

2.3.5 Discussion

In this study, we developed a deep learning model for the predic-
tion of incident AF using 12-lead ECG signals and EHR data, explicitly
incorporating in the model time to the event and censoring informa-
tion. The prediction of AF is a critical medical task due to its high
prevalence in the elderly population and the importance of an early
diagnosis that could prevent stroke or other fatal outcomes.

The model was trained on roughly 240000 ECGs and it showed
good performance on the test set, both in terms of discrimination
(AUC 0.845) and calibration (ICI 0.010). When compared to the mod-
els trained on single-modality data (ECG or EHR), the complete model
showed better discriminative performance and a similar calibration.
Taking into account that the higher the model complexity is the lower
calibration is expected, this is a very interesting result. Moreover,
it confirms the intuitive idea that the fusion of data from multiple
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modalities can improve the model’s predictive power, probably due
to the fact that each modality contains complementary information
that the model smartly integrates for the prediction. We also com-
pared our model to the CHARGE-AF risk score. What we have found
is that our model consistently outperforms CHARGE-AF in terms of
discrimination and calibration.

Our results seem to indicate that, given the data modality used
for training, survival and binary approaches lead to a similar pre-
dictive performance. However, there is more than one reason why
it should be preferred to work in a survival setting. First of all, the
use of a survival model makes it possible to leverage information
about all patients. Indeed, in the binary classification task, censored
patients with a follow-up shorter than the study time window should
be discarded by design. Conversely, when training a survival model
all censored individuals can be used, and they contribute to the loss
function only at time bins occurring before censoring. We expect this
aspect to be relevant in particular in case of smaller sample sizes.
Second, a survival model gives the possibility to predict risk at differ-
ent time distances, while a binary classification model could consider
only a fixed time window at a time. Last, but not least, the survival
setting that we used takes into account also the survival time of the
competing event, and in general long-term cohort studies this aspect
is quite relevant (for increasing incidence of the competing event). To
the best of our knowledge, our model is the first deep learning model,
in the context of AF prediction from ECGs, to account for competing
risks. This aspect is fundamental since failing to consider competing
events during model development can lead to an overestimation of
the predicted risk [126, 170]. In our cohort, the percentage of patients
with death events was approximately 17%, and thus we decided to
account for it in our model.

The prediction of AF from ECG signals has been investigated by re-
cent literature. Raghunath et al. [12] developed a deep-learning model
to predict incident AF using > 1 million 12-lead ECGs, demonstrating
good discrimination at 1 year (AUC of 0.83, 95% CI 0.83-0.84). The au-
thors also showed that including age and sex in their model slightly
improved discrimination (AUC 0.85, 95% CI 0.84—0.85). Although the
sample size and the time-frame prediction period considered were
clearly different from ours, the performance is comparable with our
findings (Table 5). However, no measures of calibration were reported
in the study, a fundamental metric for clinical risk prediction mod-
els [116]. Khurshid et al. [138] trained a CNN to infer 5-year incident
AF risk using 12-lead ECGs, and were the first to explicitly incorporate
survival time and censoring in this context. An aspect that authors
did not account for was death as a competing risk, given the low
death rates within the time window of interest (4.6% in the internal
test set). In our cohort, the death rate at 5 years was much higher
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(12.2%) and could not be ignored. The authors obtained the best pre-
dictive performance (AUC 0.838 [95% CI, 0.807 to 0.869], ICI 0.012)
fitting a proportional hazard model composed of the 5-year risk pre-
dicted by the CNN and the CHARGE-AF risk score. They also assessed
model performance on 2 external test sets, an aspect which is lacking
in our study. A recent study that combined information derived from
the raw 12-lead ECG with clinical information to predict AF develop-
ment is the one by Biton et al. [144]. In their work, authors trained
a random forest classifier using EHR variables, ECG-engineered fea-
tures and features extracted from the ECG with a previously trained
deep learning network. They obtained a very accurate model, with an
AUC of 0.909 (0.903, 0.914), indicating the great potential of integrat-
ing data from different sources. However, it should be noticed that
their data-fusion approach is different from ours, since in our case
the latent feature representation learning is not separated from the
prediction model, instead they are processed by the same network.
This should make it possible to learn better feature representations
for the different modalities [188]. Compared to our study, Biton et al.
worked with a much larger sample size (more than 1 M recordings)
and with a considerably smaller mean follow-up (1.25 years, against
6.45 years in our study population). Since we expect that the distance
to the event plays an important role in the prediction of AF develop-
ment, this is a detail that should not be ignored. Model calibration
was not assessed in this study and time to event was not integrated
in the model.

Our study has some limitations. First of all, we could not validate
our results in an external validation cohort, which represents a critical
step in the development of machine learning models in medicine to
assess the generalizability of the prediction algorithm [137]. Second,
we did not perform any explainability analysis of our model. Indeed,
it would be of interest to understand which parts of the ECG and
which clinical features have the greatest influence on model-predicted
risk estimates. This is an aspect that we would like to explore in fu-
ture works. Another aspect where there is room for improvement is
the way we integrate data from different sources. Indeed, the choice
we made is straightforward and maybe it is not the best one to learn
a joint embedding space of the two data modalities. In this regard, we
expect that self-supervised learning, the machine learning paradigm
in which unlabeled data are processed to obtain useful latent repre-
sentations that can improve downstream learning tasks [192], could
help. Recent findings have shown that self-supervised representation
learning can significantly enhance model performance when applied
to both ECG signals [106, 193] and tabular data [194]. Thus, we would
like to explore this technique in a multi-modal setting [195].
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2.3.6 Conclusion

We are the first to develop a survival deep learning model for AF
prediction that accounts for death as a competing risk. We showed
that integrating data from different modalities (ECG signals and EHR
tabular data) improved model performance with respect to models
trained on single modalities, in line with previous findings.



CLUSTERING FOR PATIENT PHENOTYPING

This chapter focuses on applications of clustering methods in two
different contexts: DCM patient phenotyping and personalized treat-
ment effect characterization. The first section is dedicated to a brief
introduction of the clustering methods used in the mentioned works,
which are described in the following two sections.

3.1 BACKGROUND

Clustering is a widely used technique in unsupervised learning that
partitions a dataset into distinct groups, or clusters [196]. The goal is
to group similar observations while ensuring that observations in dif-
ferent clusters are distinct. Clustering helps uncover underlying pat-
terns and structures in unlabeled data, with each cluster potentially
representing a unique concept or category.

There are numerous clustering algorithms available. In the follow-
ing work, we applied two of the most well-known methods: K-means
[197] and hierarchical clustering [198]. K-means aims to minimize
the intracluster distance while maximizing the intercluster distance.
Given a dataset {x; ...xy}, K-means algorithm partitions the dataset
into p < N clusters C; ... C, minimizing the function [34]

k
E=Y. Y lle—ml}, ®)

i=1zeC;
where u; is the centroid of cluster C;, i.e. the mean vector

pi = L Y = )
’C1| zeC;
Intuitively, minimizing (8) is equivalent to finding the partition such
that the total within-cluster variation, summed over all p clusters, is
as small as possible. Notice that this problem is NP-hard and cannot
be solved exactly. Therefore, K-means finds an approximate solution
by an iterative algorithm:

1. Randomly assign each observation to one of p clusters as an
initial grouping.
2. Repeat until cluster assignments remain unchanged:
a) Calculate the centroid of each cluster

b) Reassign each observation to the cluster with the nearest
centroid, based on Euclidean distance.
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Note that the desired number of clusters must be decided in advance
for K-means. In contrast, hierarchical clustering does not require pre-
specifying the number of clusters. Instead, it creates a hierarchy of
clusters that can be visualized through a tree-like structure called a
dendrogram (Figure 14). This approach can follow either a bottom-
up or top-down strategy. The bottom-up approach, also known as
agglomerative clustering, starts by treating each sample as a separate
cluster. At each iteration, the two closest clusters are merged to form
a new cluster. To determine which clusters to merge, a distance mea-
sure between clusters is needed, with several options available. The
simplest approach is to compute all pairwise dissimilarities between
the elements in two clusters and consider the minimum, maximum,
or average value as the cluster distance. These methods are referred to
as single-linkage, complete-linkage, and average-linkage, respectively. An-
other popular method, known as Ward’s linkage, calculates the dis-
tance between two clusters as the difference between the total within-
cluster sum of squares for the two clusters separately and the within-
cluster sum of squares after merging them. In this case, the algorithm
is equivalent to minimizing the total within-cluster variance, making
it the hierarchical analog of K-means.

K-means and hierarchical clustering, together with other clustering
approaches, have been extended to Functional Data Analysis (FDA),
the branch of statistics that analyzes data that are functions or curves
rather than discrete data points [199, 200]. These methods enable the
identification of heterogeneous morphological patterns in continuous
functions, and a practical example is explored in Section 3.3.
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(@)

(b)

Figure 14: (1) Simulated observations in a two-dimensional space. (b) Left:
Example of dendrogram obtained from hierarchical clustering the
data from panel (a) with complete linkage and Euclidean dis-
tance. Center: the dendrogram from the left-hand panel, cut at
a height of nine (dashed line). This cut results in two distinct
clusters, shown in different colors. Right: the dendrogram from
the left-hand panel, cut at a height of five, resulting in three dis-
tinct clusters [196].
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3.2 DILATED CARDIOMYOPATHY PHENOTYPING

This work is based on the study:

e [laria Gandin, Maria Perotto, Alessia Paldino, Giovanni Baj et
al. “Clustering in Dilated Cardiomyopathy at Initial Evaluation:
An Effective Tool for Clinical Stratification”. Submitted to Euro-
pean Journal of Heart Failure.

3.2.1 Introduction

Dilated Cardiomyopathy (DCM) is a heterogeneous disease in terms of
clinical presentation and genetic background. Despite multiple phe-
notypic and genetic findings have been suggested as possible prog-
nostic features [201—203] of Heart Failure and Malignant Ventricular
Arrhythmias (MVA), no definite prognostic risk score has yet been
validated in this field [204]. Al and ML recently helped in the char-
acterization of distinct phenogroups within the DCM spectrum, each
associated with a unique clinical presentation, distinct underlying ae-
tiology, and outcomes [73, 205]. However, this approach required the
collection of advanced information, including second and third-level
exams, such as CMR data and even endomyocardial biopsy. Similar re-
sults were obtained from cardiac transcriptome of patients affected by
DCM [206]. While these studies demonstrate common features shared
by many DCMs, the starting data used for these unsupervised clus-
tering are often not available upon first medical contact, not always
collected during follow-up, and therefore not applicable in all cardiac
centres. ECG remains the simplest, most reliable, and lowest-cost tech-
nology with excellent diagnostic and prognostic functions. To prove
ECG importance, in the "Madrid Genotype Score", which estimates
the probability of receiving a positive genetic test in DCM, 2 out of
5 criteria are ECG parameters (low voltage on the electrocardiogram
and absence of Left Bundle Branch Block (LBBB) [207]). Leveraging the
potential of ML in stratifying patient prognosis in DCM only with data
that can be collected upon first medical contact, the aims of our study
were: (I) to apply unsupervised clustering to patients affected by DCM
using clinical information available at first medical contact; (II) to
identify clustered patients based on phenotypic similarities; (III) to
analyse these clusters in terms of genetic background and outcomes.

3.2.2  Methods

Study cohort and study design

This observational retrospective study includes a primary cohort of
patients with DCM who underwent genetic testing, recruited from
the Familial Cardiomyopathy Registry of Trieste [201, 208]. DCM was
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defined as left ventricular dilatation and impaired ejection fraction
(LVEF< 50%), following a thorough exclusion of secondary causative
etiologies [73, 209]. Of note, Non-Dilated Left Ventricular Cardiomy-
opathy (NDLVC) cases with only systolic dysfunction (i.e. LVEF < 50%
at enrolment) were included. All patients underwent a baseline eval-
uation upon study enrolment. Collected information included demo-
graphic and clinical data (inclusive of HF symptoms and NYHA func-
tional class), information on family history of cardiomyopathy and
SCD, results of 12-lead ECG and 24-hours Holter ECG monitoring and

echocardiographic assessment. Transthoracic echocardiogram with biven-

tricular dimensions and systolic function was assessed according to
international guidelines [210]. Regarding ECG, a wide collection of fea-
tures was recorded (Supplemental table S1). Results of genetic testing,
endomyocardial biopsy, CMR, and cardiac exercise stress testing infor-
mation were not included in the clustering dataset as deemed often
unavailable upon first cardiological evaluation. The study included a
validation cohort of DCM patients enrolled in the CARITMO (CAR-
diopatie ARITMOgene) registry of the Casilino Hospital in Rome
(Italy). The study was approved by the ethical committee (CEUR N.O.
43/2009, Em 06/22).

Genetic testing

All enrollees were screened for genetic variants associated to DCM by
Next Generation sequencing of multigene panels, as previously re-
ported [201, 208, 211]. Variants were classified as pathogenic or likely
pathogenic (P/LP) according to the American College of Medical Ge-
netics and Genomics criteria [212].

Endpoints

There were three composite endpoints: 1) all-cause mortality or Heart
Transplantation (D/HT); 2) severe arrhythmic events (SCD/MVA); and
3) heart failure-related events (HF death/HT/ left ventricular assist de-
vice implantation). SCD included witnessed SCD with or without doc-
umented Ventricular Fibrillation (VF), death within 1 hour of acute
symptoms, or nocturnal death with no antecedent history of immedi-
ate worsening symptoms. MVA was defined as VF, sustained ventric-
ular tachycardia (lasting > 30 seconds or with hemodynamic insta-
bility), and appropriate ICD interventions (shock or antitachycardia
pacing on VF or sustained ventricular tachycardia).

Statistical analysis

CLUSTERING Given the framework of the study, which is based
on a data-driven approach, the principle followed in the data col-
lection for clustering analysis was to retain as much information as
possible. This resulted in a large set of covariates that encompass the
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outcome of the evaluations, with high levels of correlations. Covari-
ates were retained if the missing rate was lower than 10%. Binary
variables with lower frequency class < 2% were also excluded. The
analysis presented two major challenges: a large number of variables
and their mixed-data type (presence of both numerical and categor-
ical variables). For this reason, a two-step approach was followed.
First, a dimensionality reduction technique called Principal Compo-
nents Analysis for mixed data (PCAmix), which extends the principal
component analysis to mixed data, was applied (see Supplemental
Materials B). Secondly, a clustering method was used on the reduced
dataset formed by 11 principal components. More specifically, an ag-
glomerative hierarchical clustering algorithm was applied. The opti-
mal number of clusters was identified using the average silhouette
criteria [213]. Genetic information was not part of the input features
of the cluster analysis since the focus of the present clustering was
a phenotypic characterization with elements the clinician has avail-
able upon first medical evaluation. Instead, the presence of P/LP
variants was investigated a posteriori in relationship with cluster par-
tition to understand possible differences between clusters in terms
of disease aetiology. For this purpose, genes DSP, PKP2, FLNC, and
LMNA were grouped as “arrhythmic genes” and all the remaining as
“non-arrhythmic genes”.

SIMPLIFIED CLUSTERING AND VALIDATION To provide a clus-
tering rule that can be easily applied in clinical practice, and to the
external cohort of the present study, a simplified version of the clus-
tering model, involving only a reasonable number of variables, was
obtained using a penalized logistic regression. A LASSO model (a stan-
dard technique for variable selection problems [214]) was estimated
in the study cohort with all the input variables involved in the clus-
tering as predictors, and the clusters assignment as outcome. The
penalty parameter was selected such that only three predictors were
not shrunk to zero. The performance of this simplified model was
evaluated in terms of ROC-AUC through a 10-fold cross-validation.
Based on the continuous score of the simplified model (ranging from
o to 1), individuals were assigned to the second cluster if exceeding
the value 0.23, corresponding to Youden’s cut-point.

GROUP COMPARISON Continuous variables were compared between
groups using the t-test or the nonparametric Mann-Whitney U test as
appropriate. Discrete variables were analyzed using the chi-square
or Fisher’s exact test. For the D/HT endpoint, Kaplan-Meier survival
curves were estimated and compared between groups with the log-
rank test. For the SCD/MVA endpoint, cumulative incidence curves
at 20 years of maximum follow-up were obtained considering D/HT
and HF/HT competing events and compared with the Gray’s test.
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The same approach was followed for the HF/HT endpoint, for which
SCD/MVA and D/HT are competing events. To include the effect of
known risk factors, multivariable cause-specific Cox models were ob-
tained and nested models were compared using the likelihood ratio
test and Harrell’s C- index. Martingale residual plots were visually
inspected to assess linearity. Statistical analyses were performed in
R (version 4.4.1) using the packages PCAmixdata, cluster, survival,
and cmprisk.

3.2.3 Results

Derivation cohort and clustering

The derivation cohort consisted of 409 patients affected by DCM. The
majority were men (291, 71%) and the mean age at the time of re-
cruitment was 46 years (SD= 14). Table 7 (first column) reports the
main demographic and clinical characteristics at the baseline of the
derivation cohort. 102 input features were initially considered for
the cluster analysis. Following the PCAmix strategy, we obtained a
dataset with reduced dimensionality preserving the 47% of the vari-
ance, which were fed to the hierarchical clustering algorithm. This
clustering was able to recognize two main DCM clusters: a first clus-
ter (CL1) of 334 individuals (82%) and a second cluster (CL2) of
75 individuals (18%). Comparing characteristics at baseline, subjects
of CL2 showed a less arrhythmic profile (fewer Premature Ventricu-
lar Contraction (PVC)/24h and Non-Sustained Ventricular Tachycar-
dia (NSVT)) and a worse LVEF, compared to CL1 (Table 8). Features
that most differentiated the two groups were mainly ECG parameters
(Figures 15 and 16). Compared to CL1, group CL2 had a higher preva-
lence of true LBBB (1% vs 76%, p < 0.001), intrinsicoid deflection in V5
or V6 (7% vs 87%, p < 0.001), and Left Ventricular Hypertrophy (LVH)
by Cornell criteria (16% vs 75%, p < 0.001), together with higher QRS
duration in V1 (median value 100 vs 160 ms, p < 0.001), higher QRS
duration in V6 (median value 105 vs 165 ms, p < 0.001), higher S
wave voltage (in V1 or V2, median value 14 vs 30 mm, p < 0.001),
and higher S wave duration in V2 (S nadir-to-end, median value 40
vs 8o ms p < 0.001).

Clinical outcomes in phenotypic groups

During a median follow-up of 100 months (IQR 51-185), 66 individ-
uals met the primary endpoint (death/HT), 92 SCD/MVA events, and
46 HF events were recorded. For the primary endpoint and the HF-
related endpoint, there were no differences between CL1 and CL2
(Figures 36 and 37 in the Supplementary material). Instead, a lower
risk for SCD/MVA events was observed in CL2 (p = 0.006, Figure 17)
with an associated hazard ratio of 0.29 (95% CI 0.13- 0.67). When con-
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Table 7: Baseline characteristics of the study cohort and the external vali-
dation cohort. Fewer data are available for the external validation
cohort as they were collected before the model was designed on the
primary cohort. CMP: Cardiomyopathy

Cohort Val. cohort P-value
N=409 N=160

Men, N (%) 291 (71) 108 (68) 0.4
Age, Mean (SD) 46 (14) 54 (13) <0.001
European, N (%) 408 (99) 160 (100) 0.9
Genetic positive
P/LP variants, N (%) 169 (41) 33 (39) 08
Arrhythmic gene
P/LP variants, N (%) 53 31) 14 (42) 3
Syncope, N (%) 34 (8)
NYHA, N (%)

1 207 (51)

2 121 (30)

3 | 59(14)

4 | 22(5
Fam. hist. of CMP 139 (34)
N (%) 39 (34
Fam. hist. of SCD 62 (15)
N (%) >
LVEF %, Mean (SD) 35 (12)
AF, N (%) 14 (3)
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Table 8: Comparison of baseline characteristics between CL1 and CL2.

63

CL1 CLz P-value

N=334 N=75
DCM clinical characteristic
Men, N (%) 251 (75) 40 (53) <0.001
Age, Mean (SD) 45 (14) 50 (10) 0.001
Genetic positive, N (%) 158 (47) 11 (15) <0.001
PVC/24 h, N (%) 68 (20) 4 (5) 0.002
NSVT, N (%) 142 (43%) 21 (28%) 0.020
LVEF, Median (IQR) 35 (26-45) 30 (23-38) 0.005
LVEF, <35% 165 (49%) 51 (68%) 0.004
LV diastolic diameter, Median (IQR) 62 (57-68) 62 (58-72) 0.5
AF, N (%) 14 (4.2%) 0 (0%) 0.083
Cluster distinctive features
True LBBB, N (%) 2 (1) 57 (76) <0.001
Intrinsicoid deflection V5-V6, N (%) 25 (7) 65 (87) <0.001
LVH by Cornell criteria, N (%) 52 (16) 56 (75) <0.001
QRS duration V1, Median (IQR) 100 (90, 110) 160 (142, 170) <0.001
QRS duration V6, Median (IQR) 100 (90- 110) 160 (142- 170) <0.001
S nadir to end (ms), Median (IQR) 40 (40, 40) 80 (60, 90) <0.001
S amplitude V2 (mm), Median (IQR) 14 (10, 20) 30 (25, 38) <0.001
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Figure 15: First 10 continuous variables ordered by mean difference after
standardization (A) and the first 10 binary variables ordered by
standardized chi-square residuals (B) are shown to provide a de-

scription of the clusters’ composition.

Table 9: Multivariable analysis for SCD/MVA events including cluster 2 (CL2).

Characteristic HR (95% CI1) p-value
Sex 1.56 (0.90, 2.73) 0.12
Age 1.02 (1.00, 1.04) 0.069
Family history of SCD 1.33 (0.73, 2.40) 0.3
T-wave inversion 1.54 (0.89, 2.68) 0.12
Syncope 4.14 (2.35, 7.30) < 0.001
NYHA 3-4 1.54 (0.87, 2.70) 0.14
LVEF 0.98 (0.96, 1.01) 0.2
CL2 0.20 (0.08, 0.48) < 0.001

sidering the effect of sex, age, family history of SCD, lower lateral
T waves, syncope, NYHA 3 or 4, LVEF, the inclusion of CL2 informa-
tion had a significant impact (adjusted hazard ratio 0.20 (95% CI=
[0.08, 0.48, p < 0.001; increased C-index from 0.69 to 0.74; see Ta-
ble 9). Given the higher prevalence of true LBBB in CL2, the role of
Cardiac Resynchronization Therapy (CRT) was investigated to deter-
mine whether CRT had a role in CL2 prognosis. Considering a prog-
nostic model including CRT presence, the inclusion of CL2 informa-
tion improved the model (p = 0.0002) and increased C-index from

0.68 to 0.74.
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Figure 16: Examples of electrocardiograms of patients belonging to cluster 1
(panels A and B) and cluster 2 (panels C and D).

Genetic yield in phenotypic groups

The relationship between the genetic aetiology of the disease and the
two clusters was analyzed a posteriori. A lower yield of P/LP variants
was found in CL2 compared to CL1 (15% vs 47%, p < 0.001). Given
the association found between CL2 and a lower risk for SCD/MVA
events, the rate of P/LP variants in arrhythmic genes (DSP, PKP2,
LMNA) was compared: CL1 included 20 cases (6%) and CL2 none
(0%, p = 0.033).

Validation in external cohort

Using a penalized logistic model, we obtained a simpler clustering
rule that was able to classify individuals in CL1 and CL2 using only
3 variables, maintaining a high accuracy (AUC=0.991, Standard Er-
ror (SE)=0.005). Variables involved were QRS duration in V6, true
LBBB, and intrinsicoid deflection > 50 ms (see Table S2 in Supplemen-
tal for details). This simplified model was applied to the validation
cohort, which included 160 patients, 108 men (68%) with a mean age
at baseline of 54 years (SD=13) (see Table 7, second column). In the
validation cohort, 126 individuals (79%) were assigned to CL1 and 34
individuals (21%) to CL2. During a median follow-up of 50 months
(IQR 25-84), 3 patients died, and 21 patients experienced a SCD/MVA
event (no HF events were recorded). There was no significant asso-
ciation between clusters and D/HT events (p = 0.3). Instead, CL2
was associated with a lower risk of SCD/MVAs (p = 0.017, Figure 18).
More specifically, none of the individuals belonging to CL2 experi-
enced SCD/MVA events.
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Figure 17: Comparison of cumulative incidence curves for SCD/MVA events
between CL1 and CL2 in the study cohort.

3.2.4 Discussion

With this study, we aimed to explore the potential of clinical infor-
mation collected at the very first evaluation (ECG, echocardiographic,
Holter ECG and clinical data) in recognizing distinct high-risk sub-
groups of patients with a diagnosis of DCM or NDLVC with systolic
dysfunction by the application of an unsupervised clustering method-
ology. In this study, two clusters were identified, which differed mainly
in terms of ECG presentation. The two groups showed an interest-
ing antithetical genetic background and arrhythmic outcomes during
follow-up. These clusters were able to predict arrhythmic outcomes
even when put together with commonly recognized risk factors for
MVA, such as LVEF or family history of SCD. For a future clinical appli-
cation, we were able to simplify clustering variables to only three of
them, retaining an effective ability to distinguish clusters and show-
ing reproducibility in an external validation cohort from another cen-
ter. This is the first study showing how ECG data, easily available
at first evaluation, can effectively cluster patients affected by DCM.
This is particularly of interest when considered that many other data
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Figure 18: Comparison of Kaplan-Meier curves for SCD/MVA events between
CL1 and CL2 in the validation cohort.

were fed into the algorithm, such as echocardiographic data, but a
cardiomyopathy-oriented ECG interpretation was enough to distin-
guish the two clusters, to predict patient prognosis, and to show an
association with genetic background. If CL1 exhibited high variabil-
ity in terms of clinical findings, genetic background, and outcomes,
our clustering appears to have succeeded in identifying mostly CL2,
which has a significantly and homogeneously better prognosis. The
CL2 is indeed the smallest and most consistent cluster in which ge-
netic analysis more often yielded negative results, and ECG param-
eters more frequently indicated increased QRS duration, LBBB, and
markers of delayed and slower ventricular depolarization. This sec-
ond cluster showed very few arrhythmic events during an eight-year
follow-up and was, in fact, devoid of P/LP variants of well-known ar-
rhythmic genes such as DSP, PKP2, and LMNA. This held true even
if more than half of the patients in CL2 had LVEF < 35%. It is of inter-
est that the main ECG clustering variables identified, all pertained to
the same sphere of indicators of Left Ventricle (LV) remodeling (i.e.,
hypertrophy/dilatation): patients in CL2 significantly more often met
LVH Cornell criteria, had more delayed intrinsicoid deflection, more
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often LBBB and wider QRS. It could be hypothesized that a larger LV
mass (hypertrophy criteria, increased time for the electric signal to
go from the endocardium to the epicardium) and fewer indicators
of myocardial fibrosis (high voltages) in the field of DCM might pro-
tect from major arrhythmias through a less compromised myocardial
muscle. On one hand, our results are in line with the recently pub-
lished “Madrid Genotype Score” which proved to be an accurate tool
to predict genetic test positivity in DCM [207]. In fact, the absence of
LBBB and low voltages are predictors of a positive genetic test in this
score. Complementarily, we found that high voltages and LBBB iden-
tify a cluster of gene-elusive DCMs. On the other hand, in a previous
analysis of our group focused on ECG in DCM population [215] the
only presence of true LBBB did not show a prognostic role in terms of
HF and arrhythmic events. However, true LBBB is not the only parame-
ter representing cluster 2, and other CL 2-parameters (LVH by Cornell
criteria, S nadir, high QRS voltages) were in the same manuscript de-
scribed as protective for MVA/SCD and LVH also for overall survival.
One could wonder whether CL2 patients are truly idiopathic DCMs.
Although the diagnosis was properly based on the exclusion of con-
founding environmental factors, it cannot be excluded that CL2 pa-
tients represent a cohort of patients in which the role of these factors
is not negligible.

Clinical implications

Despite a strong prognostic role herein identified, the literature is
poor of studies that investigate the role of ECG parameters in DCM
and rather rich in second- and third-line tests in search for deep
cardiomyopathy phenotyping. It would be worth reconsidering the
wealth of information ECG can give on DCM patients and further ex-
ploring its predictive role in future studies, especially given we all
already use this information in clinical practice. While machine learn-
ing approaches are fascinating, it may be often difficult to integrate
them into clinical practice firstly because they need a wide range of
variables and secondly because their result could be difficult to pre-
dict based on clinical experience alone. With this in mind, we believe
the few variables we identified, and their immediate collection, have
the merit of being easily applied by all clinicians, without the need
for complex calculations. One of the implications of such an easily
applied model is that also cardiologists not working in cardiomyopa-
thy referral centers can use it to estimate the priority with which they
need to refer a suspected DCM patient to a tertiary cardiomyopathy
clinic. DCM is a widely heterogeneous condition, that often challenges
the clinician especially upon first patient evaluation when it may be
difficult to foresee which path will the disease take. In the future, the
findings of this study could be put together with known prognos-
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tic models to better stratify patients with DCM from their very first
medical contact.

Limitations

Although sufficient for statistical analysis, the number of patients in-
cluded in this study is limited, and further testing of the model in
larger cohorts should be performed. Furthermore, although validated
in an external cohort, the bias of enrolling patients from cardiomyopa-
thy referral centers cannot be excluded. Furthermore, enrolling only
genotyped patients from DCM referral centers introduced a selection
bias. The limited patient number might also explain why while CL2
was homogeneous in phenotype and genotype, CL1 did not allow a
correlation between ECG data and underlying genotype. A larger pop-
ulation would make possible a deeper characterization of this cluster.
Nonetheless, the identification of a low-risk cluster is an important
steppingstone for the clinical cardiologist.

3.2.5 Conclusion

Unsupervised clustering analyses using data collected at the first
evaluation of DCM patients robustly identified a low-risk cohort of
patients with distinctive ECG characteristics, possibly expression of
a different underlying pathological process. The implementation of
this model with simple ECG parameters in clinical practice will help
in identifying from the start patients at lower risk for arrhythmic out-
comes.
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3.3 TREATMENT EFFECT PHENOTYPING

3.3.1 Introduction

This work focuses on advancing personalized treatments by address-
ing the limitations of the traditional one-size-fits-all approach, specif-
ically in time-to-event outcomes. While existing methods often over-
look how treatment effects change over time, this study proposes a
method to identify dynamic treatment effect patterns, allowing for
more personalized treatment decisions.

The proposed method estimates the Conditional Average Treatment
Effect (CATE) over time, taking into account potential time-dependent
effects. This allows for the identification of distinct treatment response
patterns, or phenotypes, which can then be linked to individual pa-
tient profiles. The rationale is that by providing information on treat-
ment effects across the entire time horizon, medical experts can make
more informed, personalized decisions, such as determining whether
a patient has an early or late response to a treatment or if the effect of
a treatment increases or fades over time. The method combines sur-
vival neural networks and FDA techniques, using a Logistic-Hazard
neural network (Nnet-survival) to model the hazard function non-
parametrically. To achieve smooth estimates of CATE, the neural net-
work’s predictions are interpolated with natural cubic splines, similar
to how smoothing is achieved in FDA. This allows for a flexible and
robust modeling of time-dependent effects and interactions between
covariates. Functional clustering is then applied to group and classify
the time-varying CATE estimates, identifying relevant treatment effect
phenotypes.

Figure 19: Summary of the proposed method to obtain dynamic treatment
effect phenotypes.
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3.3.2  Methods

Notation and Formal Framework

We let D and C be the event of interest and censoring time respec-
tively. For each subject, we only observe the couple min(D,C), § =
1(D < C). The binary random variable indicating the treatment/ex-
posure is denoted by Z. Let X be a p-dimensional vector of observable
covariates with p > 1. We define as D(!) the potential outcome if the
treatment/exposure is received and D% the corresponding potential
outcome without treatment/exposure. We are interested in estimat-
ing the CATE at each time t € [0, w] on a subset of the covariate vector
X, denoted as Xj, that contains the treatment-effect modifiers :

T ()% = E{fg(DW;1), (D )][X; = x1} (10)

where g(-) can be either the survival, hazard, or cumulative hazard
function and f(-) is a measure of effect, typically either the ratio or
the difference. In the following, simplifying the notation, we omit the
reference to the specific time horizon of interest, denoted as [0, w], in
Txgo,w] (1).

To identify the CATE, we need to assume the treatment groups are
conditionally exchangeable. If this is not verified, a propensity score
method such as matching or Inverse Probability of Treatment Weight-
ing needs to be applied to ensure conditional exchangeability.

The steps of the method to identify treatment-effect phenotypes
consist of 1) estimating the CATE as in eq. (10), 2) identifying the
grouping structure of the CATE curves through an unsupervised clus-
tering method 3) characterizing the different behaviors in terms of
response to the treatment, and 4) mapping the different subject pro-
files to their corresponding treatment-response behavior.

Estimation of functional CATEs

In the Royston-Parmar Survival Model (R-PSM) [216], the logarithm
of the baseline cumulative hazard function is modeled as a natural
cubic spline function of log time. The model allows for flexibility in
the form of the baseline hazard by adjusting the number of internal
knots and accommodates heterogeneity in treatment effects by includ-
ing covariate-treatment interactions. It can also model time-varying
effects by modeling the spline coefficients in the function of the co-
variates for which a time-varying effect is desired. The parameters
in the model can be estimated using maximum likelihood and their
uncertainty can be evaluated using standard asymptotic theory.

A model-free approach consists of using a survival neural network
that estimates the hazard function. Specifically, we consider the Nnet-
Survival method, also called Logistic-Hazard, which parametrizes
the discrete-time hazard rate with a neural network and optimizes
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a survival likelihood expressed in terms of the discrete hazards non-
parametrically [187]. In the Nnet-Survival method, follow-up time is
divided into & intervals which are left-closed and right-open. The con-
tribution of a generic time interval j to the overall log-likelihood is:

d; r
g = log (h;) + i_;;;rllog(l - h}) (11)

where r; is the number of subjects at risk before the beginning of the
interval, d; is the number of subjects experiencing the event during
the interval and, h; is the hazard for an individual i during the time-
interval j. The loss function in eq. (11) comes from classic discrete-
time survival models, and its use in a neural network context is well
justified by survival analysis theory. Furthermore, it naturally incor-
porates a time-varying baseline hazard rate and time-varying effect,
since each time interval output node is fully connected to the last
hidden layer’s neurons. As architecture, we used a fully connected
network with 2 hidden layers of 32 units each, and ReLU as a non-
linear activation function. The neural network gives, for each subject
profile, a h-dimensional output corresponding to a discrete set of haz-
ard rates, one for each interval. We then propose to interpolate the
hazard curves using natural cubic splines. In this way, similar to the
previous model we obtain a smooth estimate of H(t|d) that depends
in this case on a non-linear function of the covariates x; and the treat-
ment indicator z. This neural network was implemented in python
using pycox [185] and pyTorch [132].

From both the R-PSM and the Spline Nnet-Survival (SNnet-S), we
obtain a functional estimate of the CATE as defined in eq. (10), by pre-
dicting the measure of effect of interest, g(-), for each combination
of the covariates x; and by comparing it between the two treatment
strategies z = 0 and z = 1 using the chosen function f(-). The esti-
mation of the CATEs is only the first step of the procedure that leads
to the identification of the treatment-effect phenotypes. To address
uncertainty and enhance the overall reliability of our findings, we
employ resampling techniques to quantify the variability in CATE es-
timates. For the R-PSM method, a simulation approach based on para-
metric bootstrap [217] is applied, while for the neural network, a non-
parametric bootstrap is used. This means that for every combination
of the covariates x; under investigation, we generate a distribution
comprising B estimates of CATEs, that we will employ in the follow-
ing step for the identification of the treatment effect phenotypes.

Identification of treatment effect phenotypes over time

Functional clustering is used to find a grouping structure for %,Slb ) (#)[0m],

b =1,...,B for each combination of the covariates x; of interest in
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order to aggregate profiles of individuals in clusters with a common
response to the treatment exposure over time. The functional clus-
tering procedure is repeated on each bootstrap sample to take into
account the uncertainty in the estimation of the CATEs and improve
the stability of the procedure. For FDA clustering, we used the imple-
mentation in the R package fdacluster [218]. Specifically, we used
functional K-means clustering, choosing the L2 distance between the
CATE estimates of the different subject profiles:

(50 w), 8 ) = [T 6) - (o2 (12

forb=1,---,B and each couple of subject profiles I, m.

To aggregate clustering results from bootstrap samples, we used
two approaches: majority voting and consensus clustering, which
aims to maximize the similarity between clusters. Medoid consensus
clustering [219] selects the final clusters from the set of base cluster-
ings, while soft consensus clustering [220] allows objects to belong to
multiple groups with varying degrees of membership. K-means clus-
tering requires choosing the number of clusters. The silhouette values
are typically employed for this task. Alternatively, the re-sampling
procedure through bootstrap allows us to consider the mean inter-
nal agreement between the results of the clustering on the different
bootstrap samples to assess the stability of the results with differ-
ent numbers of clusters. Finally, clusters are interpreted through the
visual inspection of the clustering consensus centroids. These were
obtained as the functional median obtained using the Modified Band
Depth [221, 222] of the CATEs contained in each final consensus clus-
ter.

3.3.3 Simulation Study

Design

We performed a simulation study to evaluate the performance of the
proposed method. In the first part of the simulation, we compare the
performance of the SNnet-S with the R-PSM. Secondly, we wanted to
assess the stability of the identification of treatment effect patterns
through functional clustering. We considered a vector of 5 binary ef-
fect modifiers, and we specified a data-generating model based on the
spline-based parametric survival model with time-varying effects and
several interactions among the covariates. According to this model,
the baseline hazard was specified considering a spline with 1 knot
placed at t = 10. 100 datasets were simulated under four different
sample size scenarios (n=1500, 5000, 10000, 50 000). As a measure of
effect in the simulation, we considered the ratio between cumulative
hazard.
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Figure 20: Comparison of the median L2 distance with 95% CI between the
estimated cumulative hazard of a correctly specified R-PSM (pink)
and SNnet-S (green), relative to the true data generating model.

Results

The L2 distance between the cumulative hazard of the true data-
generating model and the one estimated with either the correctly
specified R-PSM or the SNnet-S approach was calculated for each com-
bination of the covariates and binary treatment indicator. The results
for the six scenarios are reported in Figure 20. For all sample sizes
and all subject profiles, the SNnet-S and the R-PSM reach a similar
performance. It is important to note that the performance of R-PSM is
conditioned on the fact that we are able to select the correct model.

Once established the satisfying performance of the SNnet-S ap-
proach, we continued with this approach and performed the func-
tional clustering considering different numbers of clusters nclust =
2,3,4. 100 was used as the number of bootstrap samples. As previ-
ously reported, to ensemble the clustering results obtained in the dif-
ferent bootstrap samples a naive majority vote and consensus cluster-
ing methods were considered. Specifically, here we considered three
medoid consensus methods and two soft least square consensus meth-
ods that differ for the (di-)similarity measure used: Euclidean, Man-
hattan, and Rand are considered for the medoid consensus, and Eu-
clidean and Manhattan are considered for the least square soft con-
sensus.

The results of the clustering obtained on cumulative hazard ratio
curves of the data-generating model are considered the “gold stan-
dard” and they are compared in terms of agreement across the differ-
ent ensemble bootstrap methods employing the Jaccard Index and the
Corrected Rand (CRand) Index. In Figure 21 we can observe that the
agreement increases with the sample size. Importantly, the results are
robust to the choice of the clustering consensus method. The agree-
ment is higher for the two clusters, and this is due to the specific
data-generating model used. In particular, considering two clusters,
the method achieves an agreement with the “true” clustering above
0.90 according to both indices and all clustering consensus methods
on the scenario n = 50000. In Table 10 we report the mean agree-
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Figure 21: Comparison of the agreement according to the CRand Index (top
panel) and the Jaccard Index (bottom panel) according to differ-
ent bootstrap ensemble methods.
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Table 10: Concordance of clustering results between bootstrap samples.

Sample size Number of clusters CRand Index Jaccard
1500 2 0.06 0.38
3 0.05 0.25
4 0.04 0.19
2 0.22 0.45
5000 3 0.19 0.32
4 0.16 0.25
2 0.30 0.49
10000 3 0.25 0.36
4 0.21 0.28
2 0.57 0.65
50000 3 0.46 0.50
4 0.41 0.41

ment among the clustering results in the 100 bootstrap samples. As
expected, a higher internal agreement among clustering samples cor-
responds to a higher final performance of the method. For two clus-
ters and n = 50000, the mean internal agreement is above 0.5.

3.3.4 Discussion and Conclusions

This research introduces a novel method to characterize different treat-
ment responses in a survival setting, focusing on effect heterogeneity
and time-varying effects. Most existing methods categorize treatment
outcomes as "beneficial,” "null,” or "harmful," but there is a broader
range of possibilities. It is crucial to understand the dynamic response
to treatment and summarize to some extent which are the most com-
mon treatment-effect phenotypes over time and to which subject pro-
files they can be attributed.

Our method employs a two-stage procedure: first, we estimate the
conditional average treatment effect over time using a DL model that
accommodates interactions and non-proportional hazards. We demon-
strated the effectiveness of survival neural networks and subject-specific
hazard curve smoothing through simulation studies. The second stage
involves clustering the curves representing conditional treatment ef-
fects to summarize the most common treatment-effect phenotypes
over time and their associated subject profiles.

When interpreting the results, two aspects are important: first, the
treatment effect phenotypes can be understood by visualizing the
medoids of the clusters. Second, the mapping between the effect mod-
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ifiers space and the phenotypes can be represented by a decision tree,
which can be easily used by domain experts to subjects’ assignment
to a specific phenotype. However, the interpretation of the effect of
specific covariates on the CATEs is outside the scope of this study.

A limitation is represented by the need to choose the number of
treatment-effect phenotypes. Even though there are established meth-
ods coming from the clustering literature, in this specific context it
is also important to confirm the interpretability of the results from
a domain-specific point of view. Moreover, the method relies on the
choice of a specific clustering algorithm. Although we have consid-
ered functional K-means, it would be possible to use any functional
clustering algorithm. Indeed, consensus clustering is independent of
the specific clustering method used, and it could in theory also be
used to combine the results obtained from different algorithms with-
out the need to choose one algorithm over the other.
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ANOMALOUS AORTIC ORIGIN OF THE CORONARY
ARTERY DETECTION

This section of the thesis is based on work conducted during a visit-
ing period at the Bern University Hospital (Switzerland), under the
supervision of Dr. Isaac Shiri in the research group Artificial Intelli-
gence in Cardiovascular Medicine Laboratory. The study presented here
has not been published yet but is currently under review.

4.1 INTRODUCTION

Anomalous Aortic Origin of Coronary Arteries (AAOCA), introduced
in Section 1.2.4, is a rare congenital heart condition that presents in
various forms [223]. Most AAOCA cases, particularly those involving
a pre-pulmonic or retro-aortic course of the anomalous vessel, are
generally considered low-risk [224, 225]. However, AAOCA with an
intramural or interarterial course (i.e., where the vessel runs between
the aorta and pulmonary artery) is classified as "malignant" due to
the risk of ischemia and adverse cardiac events [225].

Accurate detection is crucial for proper management of the condi-
tion [225—227]. AAOCA can be discovered incidentally during imaging
studies for other conditions, such as CAD [228]. As coronary CCTA
has become a primary non-invasive imaging technique for CAD, the
number of detected AAOCAs is increasing [76, 224, 226, 227]. However,
the condition may still be missed, especially in smaller centers where
there is less experience with this rare anomaly. Additionally, imaging
fellows may lack the familiarity needed to identify and correctly clas-
sify AAOCA as high-risk, leading to uncertainty in diagnosis. Given
these challenges, there is an unmet need for automated tools to ana-
lyze CCTA images to reduce the risk of overlooking high-risk AAOCA
cases. Such tools could also support large-scale analyses to improve
the detection in retrospective or prospective datasets and enhance
our understanding of the relationship between AAOCA variants and
clinical outcomes.

Al-based tools have been developed for 3D-CCTA image analysis, in-
cluding automated coronary centerline detection, coronary segmenta-
tion, automated classification and measurement of plaque, and auto-
mated reporting, but none of these tools are available for automated
AAOCA detection [229, 230]. Here we developed a fully automated AlI-
based screening tool for detecting and classifying AAOCA in 3D-CCTA
images.
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42 METHODS

The design and reporting of this study follow different dedicated
guidelines for AI applications in medical imaging, including CLAIM
(Checklist for Artificial Intelligence in Medical Imaging) [231], STARD-
Al (Standards for Reporting of Diagnostic Accuracy Study-Al) [232],
and MINIMAR (Minimum Information for Medical AI Reporting)
[233]. Items of the above-listed guidelines documents have been jointly
considered appropriate for the development, validation and testing
of the Al-based model for automated AAOCA detection and classifi-
cation in 3D-CCTA. Figure 22 shows an overview of the entire study
implementation, including the datasets, examples of CCTA images, the
different networks, and a summary of the results.

Figure 22: The flowchart of the current study shows an overview of the en-
tire study implementation, including the datasets, examples of
CCTA images, the different networks, and a summary of the re-
sults. RCA: Right coronary artery, LAD: left anterior descending,
LCX: left circumflex, PA: Pulmonary Artery
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4.2.1  Datasets

This study utilized multiple datasets for different tasks. Initially, to

develop the segmentation model, we employed 1203 open-access CT

images that included ground-truth segmentations of the aorta and

LV [234]. Additionally, data from three different centers were used

to develop and evaluate the detection and classification of AAOCA.
Bern University Hospital provided both a retrospective cohort (train-
ing dataset) and a prospective cohort (internal testing dataset), with

data collected before and after April 2020, respectively. Zurich Univer-
sity Hospital contributed a single dataset used as an external testing

dataset. From these two centers, the datasets contained both normal

and AAOCA cases, with labels specifying the type of anomaly, the

anomalous coronary artery, and its anatomical course, as determined

by two cardiologists specialized in CCTA. The third dataset was an

open-access 3D-CCTA dataset from Guangdong Provincial People’s

Hospital, acquired from April 2012 to December 2018 [235]. This

dataset was unlabelled and was used to assess the model’s screen-
ing functionality in real-world scenarios (external clinical evaluation

dataset). Detailed information for each dataset is provided in Table

16 in the supplementary material. Information regarding the open-
access dataset and segmentation datasets is available online [234, 235].
All procedures in studies involving human participants adhered to

the ethical standards of the institutional and/or national research

committee, the 1964 Helsinki Declaration, and its subsequent amend-
ments or comparable ethical standards. The Bern cantonal ethics com-
mittee approved the study design (KEK 2020-00841, Registry for Inva-
sive and Non-invasive Anatomical Assessment and Outcome of Coro-
nary Artery Anomalies (NARCO) ClinicalTrials.gov: NCTo4475289

and Clinical Utility and Outcome Prediction of Cardiovascular Com-
puted Tomography (PREDICT-CT) KEK 2021-0058 NCTo04827316). Par-
ticipants in the study provided written informed consent prior to any

data collection, and all imaging data were anonymized.

4.2.2  Segmentation Model

In AAOCA, the origin and proximal course of the anomaly are critical.
Therefore, we decided to focus our analysis exclusively on this region
compared to the entire 3D-CCTA cardiac image. We developed a fully
automated segmentation model to automate cropping in this area.
Given the high variability in the anatomy of the aorta and to ensure
robust cropping that does not fail in different datasets, we segmented
both the aorta and the Lv. We employed the nnU-Net [236] network
with deep supervision and extensive data augmentation to develop
this segmentation model. The models were trained using a 5-fold ap-
proach, and the ensemble of 5 models was used for inference on the
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test sets. This ensemble model was then applied across the rest of the
dataset for which we had no labeled segmentation (dataset for clas-
sification from training, validation, internal and external testing, and
external clinical evaluation dataset).

After segmenting the aorta and LV, the region growing between the
two segmentations was performed, and the center of the intersection
between the two segments was identified. The point was then shifted
1cm to the right and upward (to have more aorta in the crop images
due to its curve anatomy), and a box with dimensions of 8x8x6 cm?
was fitted over the image, and the region of interest was cropped.
This cropping approach ensures that all regions relevant to the origin
and course of the artery are included.

4.2.3  Classification Model

Image preprocessing

Before being input into the classification models, the cropped images
underwent different steps of preprocessing. These steps were defined
and executed solely on the training and (internal)-validation set, and
then, the same procedures were applied to the testing dataset to main-
tain consistency and prevent any data leakage. Initially, cropped im-
ages were resampled using spline interpolation to uniform dimen-
sions of 215x215x85, determined by the median values in each di-
rection from the training and (internal)-validation dataset. To mini-
mize noise and remove outlier intensities, the resampled images were
clipped to a Hounsfield Units range of -1024 to 1024. Lastly, to reduce
the dynamic range further, the image intensities were discretized into
256 levels (ranging from o to 256) and subsequently normalized to a
scale from o to 1 with a min-max scaling approach.

Data augmentation

We implemented various data augmentation techniques, including
random noise, blurring, and contrast, to mimic different presentations
in 3D-CCTA images from different scanners and centers. Moreover, to
increase the robustness of our model under conditions of motion and
step-and-shoot acquisition in older CCTA scanner generation, which
can significantly change image appearance, we simulated these condi-
tions and included them in our augmentations. Examples of different
image augmentations are provided in Figure 38 in the supplementary
material.

Deep-learning modeling

A 3D Squeeze-and-Excitation residual Network (SE-resNet) consisting
of 154 layers [237] was trained for various detection and classification
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tasks. To train the networks, we split the training dataset into train-
ing and (internal)-validation sets with a ratio of 90:10% (Figure 23).
In the data-splitting process, we made sure that the images of the
same patient were present only in training or (internal)-validation.
The learning rate was initially set at 0.001 and adjusted based on a
cosine annealing scheduler [131], ensuring steady convergence. The
network was trained over 300 epochs, adopting binary cross entropy
as the loss function, and early stopping was implemented to prevent
overfitting. The best model was selected based on its performance in
reducing training and (internal)-validation loss and its overall accu-
racy on (internal)-validation datasets. We used different metrics such
as accuracy, sensitivity, and specificity, evaluating the models com-
prehensively during the (internal)-validation phase, ensuring that the
chosen model minimized loss and maximized predictive reliability.

Figure 23: Summary of model development and evaluation throughout the
entire study: the model was developed using a retrospective
dataset from the training and internal validation dataset and
tested on a prospective cohort of the internal testing dataset from
the same center. Models were then externally validated (external
testing dataset). We finally simulated a real-world scenario using
an unlabeled dataset (external clinical evaluation dataset).
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Different classification tasks

In our study, we tackled three distinct tasks:

* Anomaly detection: distinguishing between normal cases and
those with AAOCA.

¢ Origin classification: classifying the anomalous vessel into ei-
ther right (R-AAOCA) or left (L-AAOCA), including anomalies of
just the left anterior descending or the left circumflex coronary
artery.

* Risk classification: classifying the AAOCA risk as either low-risk
anatomy (characteristics like pre-pulmonic, retro-aortic, and high
take-off) or high-risk anatomy (features such as inter-arterial
and sub-pulmonic courses).

The training of all models was conducted on the training dataset,
where all model parameters and hyperparameters were established
and used without any changes in the other datasets. For testing, we
employed 3 different datasets (Figure 22 and 23) to ensure robust-
ness and generalizability. The internal testing dataset served as an
internal testing set, whereas external testing and clinical evaluation
datasets provided real-world external test scenarios to assess model
performance in different settings.

For the coronary anomaly detection, the model was trained from
scratch with a Kaiming weight initializer. For the other two classi-
fications (origin and risk classification) models, which had smaller
training sets and included only the AAOCA data subset, we used the
pre-trained network from the anomaly detection model.

Evaluation of the models

Performance evaluations for all models were carried out using a va-
riety of metrics in the internal and external testing datasets. We re-
ported different classification metrics, such as AUC, sensitivity, and
specificity for each task. Due to the absence of labeled AAOCA cases
in the external clinical evaluation dataset, we evaluated the model’s
screening performance for anomaly detection, origin, and risk classi-
fication in real-world scenarios. We applied the same preprocessing
steps and used the trained model on the entire dataset. We then se-
lected cases flagged as AAOCA by the AI models. These cases were
subsequently reviewed by two cardiologists experienced in CCTA. A
final report was compiled based on these expert assessments to pro-
vide a detailed evaluation of the model’s performance in detecting
and classifying AAOCA in a real-world setting without prior labeling.
Figure 23 presents a summary of model development and evaluation
throughout the entire study. Supplemental Figure 39 illustrates dif-
ferent strategies for model development and evaluation, which were
implemented within our dataset. More specific:
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e Strategy 1: Model development was performed on the training
dataset; the models were evaluated on the internal and external
testing dataset with labeled cases. The external clinical testing
dataset was used to evaluate the true and false positives, as the
labeling was not available for this dataset.

* Strategy 2: Model training was performed on the entire dataset
from Bern University Hospital. The labeled dataset from Zurich
University Hospital served as an external testing dataset. The
unlabeled open-access CCTA dataset (Guangdong Provincial Peo-
ple’s Hospital) was used for external clinical evaluation, similar
to Strategy 1.

* Strategy 3: Model training was performed on the entire datasets
with labels, including data from Bern and Zurich University
Hospitals. Following the previous strategy, external model per-
formance was evaluated in the unlabeled dataset (external clin-
ical evaluation dataset).

We report the results of Strategy 1 (Figure 23) in the main manuscript,
while the results of Strategies 2 and 3 are reported in the Supplemen-
tary material. These additional strategies were explored to enhance
the performance of the final model using the entire labeled dataset in
different approaches. Supplemental Figure 40 shows the different op-
tions for using the developed model in real clinical settings, from fully
automated to semi-automated (physician in the loop) approaches.

Ensembling, interpretability, feature visualization

Given the numerous possibilities for network architectures and con-
figurations that could be explored, we selected our model based on
initial experiments conducted solely on the training and internal val-
idation sets. To ensure the reproducibility of our results and avoid
false discovery and considering the limited computational power, we
reported the model performances across five different trainings named
5-fold models (the 5 different models were trained using the same
training— (internal)-validation split). Then, we obtained an ensemble
model whose predictions are the average of the single models” pre-
dictions. Moreover, to make the models more interpretable and to
understand the features influencing their decisions, we implemented
the Grad-CAM++ [238] (Gradient-weighted class activation mapping)
algorithm. This allowed us to visually highlight which areas of the im-
ages were most significant in determining the outcomes. Additionally,
we used t-distributed Stochastic Neighbor Embedding (t-SNE) to visu-
ally represent the dataset based on the embedding features learned
by the model and to see how these features discriminate between
different data classes.
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Model development and data availability

All developed code and models are made publicly available on our

AI-CVIlaboratory’s GitHub page (https://github.com/AI-in-Cardiovascular-Medicin

AAOCA). All data preprocessing and model development were con-
ducted using Python and different libraries such as ITK, PyTorch,
TorchIO, and MONAI (more details are provided on GitHub). All com-
putational was performed on high-performance servers equipped with
3 A10o GPUs, 250 CPU cores, and 1 TB of VRAM. The dataset used
for segmentation model development and clinical evaluation is pub-
licly available [234]. The datasets from Bern and Zurich University
Hospitals (training, internal validation, internal and external testing
set) are not shareable due to a lack of dedicated ethical approval for
this purpose. The dataset from Guangdong Provincial People’s Hos-
pital (external clinical evaluation dataset), which can be used to test
and evaluate different segmentation and classification models, is pub-
licly available in [235].

4.3 RESULTS
4.3.1 Dataset

Figure 23 shows descriptive information about the individuals and
images in each dataset, and Supplemental Table 16 provides more
details of the different datasets used for model training and evalua-
tion. For the AAOCA detection, 2376 patients (4128 CCTA images) were
included, with 335 AAOCA patients (1056 CCTA images). Out of the
entire dataset, 998 patients (998 CCTA images) did not have labeled
cases for AAOCA, which corresponds to the external clinical evalua-
tion dataset. For the anomalous coronary artery classification task,
328 patients (1029 CCTA images) were included, with 133 L-AAOCA
patients (323 CCTA images). For the risk classification tasks, 327 pa-
tients (1026 CCTA images) were included, with 226 high-risk anatomy
patients (820 CCTA images).

4.3.2 Segmentation

The segmentation model for the aorta and LV achieved a mean dice
score of 0.89 (0.83 for myocardium, 0.90 for LV cavity, and 0.93 for
aorta) in 5-fold cross-validation. Using this segmentation model, we
cropped all images to the desired size. Although we needed only
a rough segmentation for cropping purposes, we checked all seg-
mented and cropped images across different datasets and found no
mis-cropping. Examples of segmentation were provided in the Sup-
plemental Figure 41.
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Table 11: Summary of different classification metrics for the ensemble mod-
els for different test datasets. Anomaly detection: distinguishing
between normal cases and those with AAOCA; Origin classification:
classifying the anomalous vessel into either the right (R-AAOCA) or
left (L-AAOCA); Risk classification: scoring the AAOCA risk, classify-
ing it as either low-risk or high-risk anatomy.

Anomaly detection Origin classification Risk classification

Internal External Internal External Internal External

testing testing testing testing testing testing
AUC 0.998 0.999 0.999 0.999 0.999 0.996
Sens. 0.988 0.957 0.938 0.956 0.989 0.963
Spec. 0.989 1.000 1.000 1.000 1.000 0.964
F1-score 0.981 0.978 0.968 0.977 0.995 0.969
PPV 0.975 1.000 1.000 1.000 1.000 0.975
AUPR 0.967 0.969 0.947 0.978 0.999 0.960
Acc. 0.989 0.988 0.990 0.978 0.990 0.963

4.3.3 Classification

Summary results of different detection and classification tasks for two
different testing sets (internal and external testing datasets) for the
ensemble model of 5-fold are presented in Table 11. The AUC of the
different models was more than 0.99 across all testing datasets and
models. For the detection of anomalies, a sensitivity of 0.99 and 0.95
was achieved for the internal and external testing datasets, respec-
tively. The specificity for anomaly detection and origin classification
was higher than 0.99 across all testing datasets. Sensitivity and speci-
ficity in risk classification were both higher than 0.96 in both testing
datasets. More detailed results for all tasks and test datasets, includ-
ing fold-specific metrics and average performance, are provided in
Supplemental Tables 17-19.

The Receiver Operating Characteristic (ROC) curves for the five dif-
ferent folds and the ensemble model for different detection and clas-
sification tasks across different testing datasets (internal and external
testing datasets) are provided in Figure 24. Supplemental Figure 42
shows the ROC curve for the mean of the five folds. Figure 25 presents
the confusion matrix for the classification models in different detec-
tion and classification tasks across different testing datasets for the
ensemble model, using a cut-off of 0.5 based on the training and in-
ternal validation dataset. Supplemental Figures 43-45 illustrate the
confusion matrices for classification in different detection and clas-
sification tasks with cut-offs ranging from 0.1 to 0.5. These figures
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demonstrate that by decreasing the cut-off, the number of true and
false positives could increase to some extent, allowing for a higher
sensitivity and lower specificity model depending on clinical use.

Figure 24: ROC curves including the 5 different folds and the ensemble of
5 models across different tasks for various test datasets. Confi-
dence intervals for the ensemble models were computed with the
bootstrap method (10 000 iterations).

4.3.4 Interpretability

Figure 26 illustrates different cases, including normal and AAOCA,
with various anomalies and the corresponding GradCam++ feature
overlays on the CCTA images. As shown in this figure, the networks
learned the exact pattern of the coronary arteries, and their activation
maps indicate the location and course of different coronary arteries.

4.3.5 Feature space visualization using t-SNE

Figure 27 shows the 2D t-SNE maps of the latent features extracted
from the last layer of one of the models trained for the anomaly de-
tection task, with each point representing an image from different
datasets. This figure was generated based solely on the feature set,
without including any additional information such as labels, cen-
ters, or datasets in the plotting process. Labels and dataset types
were used only for plotting and coloring purposes. As shown in Fig-



4.4 DISCUSSION

ure 27 - Panel a, there is no center or data-based clustering, indicating
the model’s generalizability without bias toward any specific center
or database. Moreover, when colored based on normal and AAOCA
cases, it shows two distinct clusters that differentiate between the two
classes, with only a few cases misclassified. Figure 27 - Panels b-c dis-
play the latent features only for the AAOCA cases, this time colored
by the type of anomaly (coronary artery origin and risk classification
of their course). Looking at the color, it is possible to observe distinct
clusters, suggesting that the network has automatically learned dif-
ferent patterns of AOOCA! (AOOCA!), even without explicit training
for this task.

4.3.6  Screening

Figure 28 shows different cases from the external clinical evaluation
dataset that were detected as AAOCA and confirmed by a physician.
As shown in this figure, one high take-off (R-AAOCA, low-risk anatomy),
two R-AAOCA (high-risk anatomy), and one L-AAOCA (left circum-
flex, low-risk anatomy) were detected and confirmed out of 24 cases
flagged as anomalies out of 998 patients. Moreover, we highlighted
challenging cases that were correctly identified as normal, including
those highly affected by motion artifacts. Despite their high similar-
ity to the different AAOCAs, the network could classify them correctly.
Additionally, we present false positive cases, which were detected as
AAOCA by the networks but were not confirmed as AAOCA by the
physician. In all four true positive cases, origins and risks were cor-
rectly classified by the models.

4.3.7 Real-world use case

Supplemental Figures 46 and 47 show the results from Strategy 2,
indicating a slight improvement in performance with no significant
differences compared to Strategy 1. In Strategy 3, the entire labeled
datasets were used for training. In both strategies, we did not find
more positive cases from the external clinical evaluation dataset; how-
ever, the number of false positives decreased from 20 to 10 and 9
in the external clinical evaluation dataset in Strategy 2 and 3. The
model with Strategy 3 was more likely to produce generalizable re-
sults in real-world scenarios across other centers, as it utilizes all la-
beled datasets.

4.4 DISCUSSION

In this study, we developed a fully automated tool to detect AAOCA,
depict its origin and course, and classify high-risk anatomy. These
tools could assist in real-time AAOCA detection of CCTA analysis and
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help to reduce human error, and enable the prospective and retrospec-
tive analysis of large datasets, which could identify cases that might
be missed during analysis. Accurate detection of AAOCA in CCTA is
critical for optimal management, as those with high-risk anatomy are
potentially leading to hemodynamic relevance [77, 78, 80, 239]. This
is particularly important because CCTA is now established as a first-
line noninvasive imaging technique for suspected CAD, leading to
increased detection of absolute numbers in AAOCA, and therefore the
differentiation of whether AAOCA is benign and a coincidental by-
stander or responsible for the patient’s symptoms with anatomical
high-risk is important to quickly detect for improving management.
However, AAOCA may still be overlooked in routine clinical settings,
especially as imagers may rarely comforted with this entity. This is
emphasized by the fact that, although AAOCA is generally considered
to have a very low prevalence, it may be more common than pre-
viously thought in the current area [76, 224, 226, 227, 240—243]. Ad-
ditionally, the difficulty in correctly classifying anomalies as poten-
tially malignant (interarterial course) versus benign needs expertise,
which may be, lacking in smaller centers providing CCTA programs.
Consequently, this AI tool could help to real time alert physicians
about AAOCA and its potential risk. Furthermore, AAOCA has been as-
sociated with adverse events and sudden cardiac death, particularly
during physical activity, as evidenced by autopsy reports [77, 78, 8o,
239]. However, autopsy reports are associated with a selection bias
towards potentially high-risk patients and do not represent the risk
for living individuals with AAOCA [244]. Therefore, there is an unmet
need to analyze large retrospective and prospective CCTA datasets,
such as CONFIRM 2 [245], to assess the true risk of AAOCA when
linked to outcomes. Our Al tool would facilitate the analysis of these
large datasets, improving AAOCA detection and, by correlating find-
ings with clinical outcomes, improving risk stratification based on
AAOCA anatomy.

Although Al-based tools have been developed for various aspects
of CCTA image analysis, none is currently available for automated
AAOCA detection, especially due to the lack of proper ground truth.
To develop a fully automated tool for the detection and classifica-
tion of AAOCA, we implemented a two-step deep learning algorithm
that includes segmentation/cropping and classification. Deep learn-
ing models were developed to detect anomalies and determine which
coronary artery was affected, classifying the course as high or low-
risk anatomy. The segmentation and cropping processes performed
robustly across all cases without any failure. The classification model
performance achieved high accuracy levels for detection and classi-
fications in the internal and external test sets. Moreover, to simu-
late a real-world clinical scenario, we tested the model with an addi-
tional external dataset without any label for AAOCA, where the model
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flagged a few cases as anomalies in a large dataset. These flagged
cases were then reviewed and confirmed as anomalies by cardiolo-
gists, showing the model’s effectiveness in identifying and classifying
AAOCA in practical clinical settings.

Although we reported the whole result based on strategy one, our
goal was to make it more generalizable and robust by utilizing all
available labeled datasets for further use. The performance of the
model remained consistent when tested with data from the external
test set under the second strategy, and in both the second and third
strategies, we did not find more positive cases from the third center;
however, the number of false positive cases decreased. This demon-
strates the robustness and generalizability of the model developed
using the first and main strategy. However, for future applications,
we recommend developing the model using the third strategy, as it
utilizes the entire dataset from multiple centers and is more likely to
produce generalizable results in real-world scenarios.

A recent study by Pascaner et al. [246] proposed an automated
deep learning-based segmentation and detection method for AAOCA,
focusing on the segmentation of the aorta and coronary arteries. They
used a small, single-center dataset to develop a segmentation model
based on 124 CCTA scans, reporting an accuracy, precision, and re-
call of 1 in a test set comprising only 13 images. Their method relies
on the segmentation of coronary arteries using multi-view 2D seg-
mentation of CCTA, followed by post-processing of the segmentation
output, rule-based post-processing such as connectivity, and charac-
teristic analysis of anomalous using a decision tree model. Although
the authors implemented interesting approaches, the study has sev-
eral limitations. Firstly, the small single-center dataset set for train-
ing, evaluation, and testing, without any external test set, limits the
model’s robustness and generalizability. Moreover, the segmentation
model was trained on only 99 images, with limited variability across
anomalies. Anomalies can vary significantly within datasets, and the
segmentation model could easily fail on other anomalies as even the
normal coronary arty segmentation is a challenging task despite the
availability of a large dataset [235]. As the detection of anomalies re-
lies on the segmentation model, any mis-segmentation could lead to
failures in the classification model. In contrast, our study addresses
these limitations by employing a rough segmentation of larger struc-
tures, used solely for cropping purposes. We utilized a larger training
dataset to train a classification model based on a deep learning net-
work. Moreover, we internally and externally tested the model with
a large dataset, demonstrating its effectiveness in real clinical situa-
tions. Additionally, we developed two more models that classify the
anomalous coronary artery and its risks. Our pipeline can be used
in fully automated approaches as well as in physician-in-the-loop ap-
proaches.
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The current study bears some limitations due to the low preva-
lence of specific anomalies; for instance, conditions like anomalous
left coronary artery from the pulmonary artery (ALCAPA) are not
included in our training dataset. We hypothesize that the network
still recognizes such cases as anomalies based on learned patterns of
normal coronary arteries. This shows the potential for future studies
to use unsupervised learning or out-of-distribution analysis to better
manage anomaly types not represented in the training data. Another
limitation is using contrast-enhanced CTimages specifically acquired
for cardiac assessments. Developing a deep learning model that de-
tects anomalies in non-contrast images, such as standard chest CTs,
would greatly expand its utility beyond cardiac imaging to include
applications like any chest CTscans. However, detecting coronary ar-
teries in non-contrast images presents significant challenges due to
low image contrast and possibly low resolution, complicating the
analysis even for highly experienced cardiologists and radiologists.
While our model has undergone rigorous testing, including internal
prospective tests, external testing datasets, and external clinical eval-
uation datasets to simulate real-world applications, it has yet to be
implemented in a real clinical setting. To fully assess its practical util-
ity, this model should be deployed prospectively in real-world clini-
cal environments or assessed in randomized clinical trials [247, 248]
to collect direct feedback and performance metrics.

4.5 CONCLUSION

We have developed an artificial intelligence tool designed for the fully
automated detection and classification of AAOCA using CCTA images.
This tool can operate seamlessly alongside clinical assessments of
CCTA scans, providing real-time alerts to medical personnel about po-
tential high-risk AAOCA anatomy, which is important in a rare disease
to which physicians are unfrequently exposed. Furthermore, it can be
utilized to identify AAOCA in large CCTA patient cohorts, given that
the risk associated with the disease is currently unknown and war-
rants future investigation. Therefore, this tool could potentially en-
hance diagnostic efficiency, assist in managing AAOCA, and improve
outcomes in these patients.
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Figure 25: Confusion matrices of different models in various Tasks for dif-
ferent datasets in the ensemble model.
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Figure 26: CCTA images and corresponding GradCam-++ features for normal
cases and different anomalies.

Figure 27: t-SNE maps of the Task 2 model (anomaly detection) colorized
for a) anomalies and normal cases. Only for the anomaly dataset,
b) right and left anomalies, and c) high and low-risk anomalies.
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Figure 28: Developed model applied on external clinical evaluation dataset
(unlabeled dataset) for real-world screening scenario. True Posi-
tives: a) High take-off of the right coronary artery (RCA) with
low-risk anatomy, b, c) Right coronary artery originating from the
left coronary sinus (R-AAOCA) with high-risk anatomy, d) Circum-
flex arteries originating from the right coronary sinus (L-AAOCA,
left circumflex). False Positives: a) Left coronary artery originat-
ing very close to the non-coronary sinus, b) Appearance of a very
thin coronary artery (conus artery) mimicking an R-AAOCA and
contrast agent artifact mimicking L-AAOCA (left circumflex), c) left
circumflex like anomaly (conus artery) with the left artery origi-
nating very close to the right sinus, along with the disappearance
of the coronary sinus border in that region, d) Very faint coronary
artery resembling the left circumflex (L-AAOCA) and a very thin
left circumflex in the image. True Negative Challenging Cases: a,
b) Motion artifact creating an RCA-AAOCA-like coronary, c) Mo-
tion artifact generating an L-AAOCA-like (left circumflex) anomaly,
d) Motion artifact removing the connection of the left coronary
artery to the left sinus.
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As for the previous chapter, the study presented here was conducted
during my visiting period at the Bern University Hospital. The work
has resulted in the following publication:

¢ Isaac Shiri, Sebastian Balzer, Giovanni Baj et al. “Multi-modality
artificial intelligence-based transthyretin amyloid cardiomyopa-
thy detection in patients with severe aortic stenosis.” In: Eu-
ropean Journal of Nuclear Medicine and Molecular Imaging (Sept.
2024). DOIL: 10.1007/500259-024-06922-4

5.1 INTRODUCTION

Transthyretin Amyloid Cardiomyopathy (ATTR-CM) is a progressive,
underdiagnosed cardiac disorder caused by the deposition of transthyretin
fibrils, which leads to heart failure and worsened prognosis. It fre-
quently coexists with Aortic Stenosis (AS), increasing the risk of ad-
verse outcomes in patients undergoing Transcatheter Aortic Valve Im-
plantation (TAVI). Diagnosis of ATTR-CM typically involves clinical ex-
ams, ECG, echocardiography, and cardiac imaging, but often requires
invasive testing for confirmation. Developing a non-invasive, cost-
effective method for early detection is crucial for improving patient
outcomes. Different studies have applied Al to detect and screen for
ATTR-CM across different data modalities [82, 249, 250]. Al-driven algo-
rithms employing both DL and ML across clinical, echocardiography,
ECG, scintigraphy, and CMR imaging have shown enhanced diagnos-
tic accuracy [82]. Our study’s main aim is to develop and compre-
hensively evaluate ML models using a pre-procedural and routinely
collected TAVI multimodality dataset for detecting ATTR-CM. By evalu-
ating ML algorithms within and across modalities in the same patient
cohort, we offer insights into the strengths and limitations of each
approach for ML-based ATTR-CM detection using different modalities.

5.2 MATERIALS AND METHODS

Figure 29 presents the study overview, including data collection, pre-
processing, model training, validation, testing, and reporting phases
utilized in the current study. The study follows the Transparent Re-
porting of a multivariable prediction model for Individual Prognosis
Or Diagnosis + Artificial Intelligence (TRIPOD+AI) statement [150].
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5.2.1 Study Design and Population

The data for this study were collected from multiple modalities to
enable a comprehensive analysis of ATTR-CM detection in patients
with severe AS planned for TAVI [251, 252]. Consecutive patients (be-
tween August 2019 and 2021) with symptomatic severe AS in the ab-
sence of known cardiac or extra-cardiac amyloidosis were referred
for TAVI at Bern University Hospital and recruited in the ATTR-AS
(Amyloid Transthyretin in Aortic Stenosis, NCTo4061213) study (Clin-
icalTrials.gov: NCTog4061213) were considered eligible [251, 252]. The
study design was approved by the Bern ethics committee, conducted
in accordance with the Declaration of Helsinki, and study partici-
pants provided written informed consent before any data collection
[251, 252]. Baseline and follow-up clinical data were prospectively
recorded in a dedicated database held at the clinical trials unit of Bern
University Hospital [251, 252]. These included clinical assessments,
laboratory tests, ECG, and echocardiography (transthoracic echocar-
diography). Additionally, left and right heart catheterization and vari-
ous forms of interventional imaging (integrated transesophageal echocar-
diography and invasive measurements were utilized. The patients
underwent diagnostic evaluation with the following advanced car-
diac imaging modalities: SPECT and 4D-CT. Clinical characterization
of patients is provided in Table 12. Clinical follow-up involved stan-
dardized interviews, documentation from referring physicians, and
hospital discharge summaries. A dedicated clinical event committee
collected and adjudicated adverse events based on Valve Academic
Research Consortium-2 criteria [251-253].

5.2.2 ATTR-CM diagnosis

As part of the ATTR-AS (NCTog4061213) study, all patients underwent
[99mTc]-3, 3-diphosphono-1, 2-propanodicarboxylic acid ([9g9mTc]-DPD)
scintigraphy for ATTR-CM screening [251, 252]. Approximately 3 hours
post intravenous injection of 700 £ 70 MBq [99mTc]-DPD, whole-body
planar images were acquired (15 cm/min) using a dual-head hybrid
SPECT/CT system (Intevo; Siemens Healthineers) equipped with low-
energy high-resolution (LEHR) collimators [251, 252]. The images
were reconstructed using a high-order low-pass Butterworth filter (or-
der of 5) and a zoom of 1.0, using a 256x256 matrix size [251, 252].
Following planar imaging, a SPECT /CT scan of the thorax was car-
ried out using a step-and-shoot method adjusted for body contour
(32 steps each 30 seconds, zoom of 1.0, 256 matrix size) [251, 252].
Then, SPECT images were reconstructed using an iterative algorithm
(OSEM, 4 subsets, 8 iterations), supplemented by a 12-mm Gaussian
filter [251, 252]. Additionally, a low-dose CT scan was conducted for
attenuation correction, using 130 kV with CareDose, a pitch of 1.2, a
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Table 12: Clinical characterization of the current study patient population.
More detailed parameters are presented in reference [252].

All ATTR-CM Neg ATTR-CM Pos
P-Value
(n=263) (n=236) (n=27)
Clinical

Sex M: 56.7% M: 4.6% M: 15.4% 0.002

F: 43.3% F: 96.5% F: 3.5%
Age (y) 82.7 + 4.6 82.4 + 4.5 85.3 = 4.6 0.002
BMI 26.6 £ 5.2 26.7 £ 5.2 26.0 + 4.5 0.53
BSA (m?) 1.85 £ 0.22 1.8 £ 0.2 1.9 £ 0.2 0.52
CAD 41.4% 40.7% 48.1% 0.46

Intervention imaging
AVA Echo (cm?) 0.7 = 0.29 0.68 + 0.26 0.89 = 0.43 <0.001
Laboratory
NT-proBNP (ug/L) 2.83 (0.56, 3.49) 1.14 (0.51, 2.95) 4.46 (1.93, 6.30) <0.001
CREAT (mmol/L) 95.3 % 34.2 94.1 + 33.3 105.6 % 40.7 0.10
CT
CT-AVC (kau) 2.48 (1.64, 3.75) 2.55 (1.68, 3.76) 2.21 (1.29, 3.66) 0.86
CT Days to scint. 1 (0, 1) 1 (0, 1) 1 (0, 1) 0.37
DLP (mG-cm) 973 + 415.6 959.3 + 422.6 1088.1 + 336.4 0.13
Contr. agent (mL) 86.7 £ 12.7 86.8 £ 12.7 86.3 £ 13.3 0.85
Echocardiography
LVEF (%) 53.7 £ 12.0 54.3 £ 12.1 50.2 + 11.2 0.36
LV mass (g) 223 + 70.2 217 + 70.3 267 + 55.2 0.06
LVMi (g/m?) 120 + 36.9 117 + 37.6 141 £ 24.9 0.049
LVST (mm) 13.6 £ 2.8 13.4 = 2.8 14.5 = 2.8 0.38
LVPWT (mm) 11.6 £ 2.2 11.4 + 2.2 13.1 + 1.8 0.046
CT Global Strain (%)

LV GLS -14.3 £ 4.7 -14.7 + 4.8 -11.2 + 3.2 <0.001
LV GRS 49.5 + 25.4 50.2 + 25.8 42.9 £ 21.0 0.16
LV GCS -17.6 £ 6.3 -17.9 + 6.4 -15.3 + 5.2 0.04
RV GLS -18.4 £ 7.2 -18.7 £ 7.2 -16.2 + 6.9 0.09
LA GLS 14.2 £ 9.9 14.9 = 10 83+7.2 0.001
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Figure 29: The flowchart of the current study with the study design, includ-
ing the phases of data collection, preprocessing, model training,
and validation.

rotation time of 0.6 seconds, and a collimation of 16x0.6 [251, 252].
The [9omTc]-DPD scintigraphy results were interpreted as positive
for participants exhibiting moderate to high myocardial tracer uptake
(Perugini grade 2 or 3) and negative for those with no or low uptake
(Perugini grade o or 1), as assessed by nuclear medicine physicians
and cardiac imaging cardiologist all with >10 years of experience in
nuclear cardiology [251, 252]. More information on data was provided
in [251, 252].

5.2.3 Data Preparation and Image Processing

Advanced image processing techniques were utilized to extract CT
strain and LV mass and function information from 4D Contrast-Enhanced
Computed Tomography (CECT) images; more details on the acqui-
sition and processing of 4D CECT were previously published [251,
252]. Radiomics features were extracted from the LV myocardium us-
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ing CT images, including non-contrast images and images from the
diastolic and systolic phases of contrast-enhanced 3D-CT. Delta ra-
diomics were calculated using the diastolic and systolic phases of
CECT. Segmentation of the LV was initially provided by an automatic
approach and subsequently evaluated and modified as needed for dif-
ferent images. Various radiomics features, including intensity, shape,
and second and higher-order features, were extracted using the Im-
age Biomarker Standardization Initiative (IBSI) [254, 255] consensus
Python library [256] with bin discretization set to 64 and an isotropic
voxel size of 1 mm?3. We extracted the following number of features
from each modality: 101 features from clinical, 13 from laboratory, 18
from ECG, 34 from echocardiography, 34 from invasive measurements,
6 from interventional imaging, 76 from CT strain, and 420 from ra-
diomics (end-systolic, end-diastolic, non-contrast, and delta phases).
The dataset was initially split into a training (70%) and a hold-out
test set (30%) with stratification regarding the ATTR-CM status. Miss-
ing data within the dataset was imputed using an iterative imputation
technique (applying a round-robin approach).

5.2.4 Machine-learning Algorithm

Z-score normalization was applied to the features to ensure unifor-
mity in scale. Features exhibiting low variance (below a threshold
of 0.99) were discarded. Subsequently, features with high correlation
(Pearson correlation coefficient higher than 0.95) were grouped, and
only the most predictive feature from each group was retained. Fol-
lowing this initial preprocessing, various feature selection algorithms,
including Recursive Feature Elimination (RFE), Univariate Ranking
(UniVa), and Minimum Redundancy Maximum Relevance (MRMR),
were employed on the feature set to select informative features. Us-
ing the selected features, a variety of classifier models were trained,
including Logistic Regression (LR), Support Vector Machines (SVM),
Random Forest (RF), AdaBoost, and eXtreme Gradient Boosting (XGB).

5.2.5 Parameters and Hyperparameters Optimization

All ML model development steps, including preprocessing and fea-
ture selection, were performed exclusively on the training set and
validation (70%) to process and select important features. Using these
selected features, classifier parameters and hyperparameters were op-
timized using grid search on the training set to build the optimized
model. Subsequently, the developed models were evaluated on the
hold-out test set. This approach ensured that there was no possibility
of information leakage between the training and test sets. The entire
process (from data splitting to model evaluation) was repeated 100
times with a random seed to assess the robustness of the models.
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5.2.6  Evaluation and Statistics

The SHapley Additive exPlanations (SHAP) model is utilized to in-
terpret the outputs of ML models, providing insights into the contri-
bution of each feature to the ATTR-CM prediction. The performance
of these models was assessed using different metrics, including bal-
anced accuracy (sensitivity+specificity)/2), receiver operating charac-
teristic area under the curve (ROC-AUC), sensitivity, and specificity.
The Mann-Whitney U test was employed to evaluate differences in
performance metrics for statistical comparison across different mod-
els and modalities. Additionally, cumulative incidence curves were
plotted for the diagnostic model output and their features to visualize
the impact on patient outcomes over time. All ML was implemented
by Scikit-learn in the Python programming language [133], and
all models and code are publicly available in the GitHub repository
(https://github.com/AI-in-Cardiovascular-Medicine/ML_pipeline_
tabular).

5.3 RESULTS
5.3.1 Study Population

Out of 489 patients initially assessed, 91 were ineligible, and 83 did
not consent [251, 252]. Thus, 315 patients consented and were en-
rolled [251, 252]. From this cohort, 51 were excluded due to the ab-
sence of 4D-CECT, and one was excluded due to lack of correct image
phases [251, 252]. Finally, 263 patients (83 & 4.6 years, 114 females)
who underwent [ggmTc]-DPD scintigraphy and had available data
from multiple modalities, including 4D-CECT, were included in the
analysis [251, 252]. ATTR-CM was confirmed in 27 (10.3%) of these
patients [251, 252]. Among those diagnosed with ATTR-CM, 22 un-
derwent genetic testing, which revealed that 21 (95%) had wild-type
ATTR, and 1 (5%) exhibited a transthyretin mutation (ValgoMet) [251,
252]. The mean (standard deviation) follow-up for all causes of mor-
tality and cardiovascular mortality was 13 (5) months, and it was
available for 218 patients (23 ATTR-CM).

5.3.2 Diagnostic Performance

Figure 30 summarizes the performance of the diagnostic modalities
(the best-performing ML algorithm in each modality) evaluated through
different metrics.
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5.3 RESULTS

Diagnostic performance of conventional first-line diagnostic tests

ECG data showed a low performance with a mean (standard devia-
tion) ROC-AUC of 0.67 (0.08), sensitivity of 0.45 (0.16), and specificity
of 0.89 (0.04). Clinical data demonstrated a moderate discriminatory
performance with ROC-AUC of 0.70 (0.09), sensitivity of 0.81 (0.18),
and specificity of 0.63 (0.18). The laboratory data showed moderate
results, with a ROC-AUC value of 0.76 (0.07), sensitivity of 0.82 (0.13),
and specificity of 0.72 (0.11). Echocardiography resulted in acceptable
performance with ROC-AUC of 0.79 (0.09), sensitivity of 0.80 (0.15),
and specificity of 0.78 (0.11).

Diagnostic performance of the CT Radiomics

In the CT radiomics, CT non-contrast radiomics showed the lowest per-
formance with a mean (standard deviation) ROC-AUC of 0.68 (0.11),
sensitivity of 0.76 (0.19), and specificity of 0.66 (0.21). The perfor-
mances of CT diastolic, CT systolic, and CT delta radiomics were sim-
ilar, with no statistically significant differences between the metrics
of diagnostic performance (p-value > 0.05). Although the combined
evaluation of all CT radiomics features resulted in a mean (standard
deviation) of ROC-AUC of 0.74 (0.07), sensitivity of 0.81 (0.14), and
specificity of 0.68 (0.13), it did not outperform the individual systolic
and diastolic radiomics (p-value > 0.05).

Diagnostic performance of the CT Strain

The highest discriminatory performances were observed for CT strain,
yielding the highest diagnostic accuracy compared to other modali-
ties. CT strain achieved the highest ROC-AUC of 0.85 (0.05), sensitivity
of 0.90 (0.11), and specificity of 0.74 (0.11).

Diagnostic performance of invasive modalities

The lowest performances were observed for Invasive Cath (ROC-AUC
of 0.61 (0.09), sensitivity of 0.64 (0.25), and specificity of 0.67 (0.28)).
Interventional Imaging showed a ROC-AUC of 0.70 (0.08), sensitivity
of 0.79 (0.18), and specificity of 0.63 (0.19).

Diagnostic performance of the multi-modality

The multi-modality approach in which features from different diag-
nostic modalities were jointly considered, yielded a high mean (stan-
dard deviation) ROC-AUC of 0.84 (0.06), sensitivity of 0.87 (0.13), and
specificity of 0.76 (0.12). This is comparable to CT strain, indicating
that while combining features can achieve high diagnostic perfor-
mance, it does not statistically significantly outperform CT strain.
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The best model and modality for identifying ATTR-CM in patients with severe
AS

Between different modalities, four models from CT strain (Manual+LR,
RFE+LR, UniVa+AdaBo, and MRMR+SVM) and one model from multi-
modality (RFE+LR) showed the highest performances, with no statisti-
cally significant differences between these models.

ROC and heatmap plots in different models and modalities

Figures 31 and 32 present the ROC curves of the top three models
across different modalities. Figure 33 shows heatmaps of different fea-
ture selection and classifier combinations for different metrics within
the echocardiography, CT strain, and multi-modality model.

5.3.3 Interpretability

Figure 34 presents the SHAP summary of the top three models, in-
cluding echocardiography, CT strain, and multi-modality. The SHAP
plots illustrate the relative importance of each feature in each model,
providing insights into the decision-making processes underlying the
feature-outcome relationships in each modality toward ML model in-
terpretability. For instance, in the echocardiography model, features
such as the mean gradient of the aortic valve and maximum septal
wall thickness had the highest impact. Decreasing the mean gradient
of the aortic valve and increasing the maximum septal wall thickness
positively influenced the ML model’s output toward ATTR-CM positive
diagnosis. In the CT strain model, increasing feature values like LV
global longitudinal strain apical /base and mid, LV global longitudi-
nal strain (LV-GLS, %), end-diastolic LV mass index (LVMi, g/m2) and
decreasing in left atrial global longitudinal strain (LA-GLS, %) has a
positive influence on model output. In the multi-modality model, in
addition to the CT strain and echocardiographic features, other vari-
ables such as age, radiomics features, and laboratory data contributed
to the model’s outcomes.

5.3.4 Prognostication information of diagnostic features

Prognostication based on ATTR-CM status did not show significant
prognostic information (indicated by a log-rank p-value > 0.05). Among
the different diagnostic ML models, only the multi-modality model
provided prognostic information for distinguishing between low- and
high-risk groups for all-cause mortality (Figure 35).
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5.4 DISCUSSION

In the current study, we comprehensively evaluated the performance
of ML approaches based on preprocedural and routinely collected
data from different contemporary diagnostic modalities to predict
ATTR-CM in patients with severe AS planned for TAVI. These modal-
ities included clinical assessment, ECG and echocardiography, as well
as more advanced imaging processing techniques such as CT strain
and CT radiomics. We employed a wide range of standardized ML
algorithms to predict ATTR-CM using single and multi-modality data.
While echocardiography demonstrated good performance, CT strain
exceeded it in accuracy. The multi-modality model did not outper-
form the CT strain-only data. Specific features from different modal-
ities provided prognostic information in severe AS patients for all-
cause and cardiac-specific mortality. The presence of ATTR-CM was
not shown to be an outcome predictor. Current diagnostic standards
for establishing an ATTR-CM diagnosis, such as biopsy or bone scintig-
raphy [89, 90], introduce additional costs and burdens, and are not
included in the standard clinical practice for patients with severe AS
undergoing TAVI procedures [82-84]. Although scintigraphy is becom-
ing the gold standard for ATTR-CM detection and provides prognostic
information [257-259], it presents other challenges, such as radiation
exposure and delays in diagnosis due to the low deployment of nu-
clear medicine centers. Moreover, scintigraphy imaging can yield neg-
ative results if amyloid deposition is minimal at the time of examina-
tion [82-84]. Therefore, ATTR-CM is likely underdiagnosed in this co-
hort, [82-84] highlighting the need for non-invasive and cost-effective
diagnostic tools [82]. Our study presents new evidence that utilizing
ML to integrate preprocedural and routinely collected data aids in
detecting concomitant ATTR-CM in patients with severe AS. Using the
existing data for ATTR-CM detection could also enhance prognostica-
tion in this patient group.

Several studies have been employed to detect ATTR-CM using Al in
different modalities [82, 260-262]. Previous studies using the echocar-
diographic images and DL model [260] and handcrafted echocardio-
graphic parameters and ML [262] reported an average AUC of 0.87
(5-fold Cross-validation (CV)) and 0.82 (0.95, 0.76, 0.78, and 0.80 on
the four external tests) in detecting cardiac amyloidosis and wild-
type ATTR-CM, respectively. Another study [261] employed automated
tools using ECG and echocardiography to detect wild-type ATTR-CM.
The DL was externally tested at four centers, with 441 (AUC: 0.91),
369(AUC: 0.89), 229 (AUC: 1.0), and 239 (AUC: 0.96) patients [261].
In our study, using only the ECG modality did not yield good per-
formance, whereas the echocardiographic modality provided results
comparable to previous studies. Despite our limited dataset, focus-
ing on patients with severe AS and overlapping symptoms made con-
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structing high-performance models challenging. Thus, this should be
considered when comparing study results, as model performance is
influenced by the specific cohort used for development and evalua-
tion, not just the metrics [247]. In a previous study [263], [9g9mTc]-
HMDP scintigraphy was utilized to detect ATTR-CM. They [263] fo-
cused on classifying ATTR-CM based on Perugini grades using DL
models. They [263] reported an AUC of 0.87 for multiclass classifica-
tion, 0.94 for the binary comparison of grade < 2 vs. grade > 2, and
0.89 for grade < 3 vs. grade 3 using a 5-fold CV. Another study [264]
developed a DL model using scintigraphy images ([9g9mTc]-DPD/[ggmTc]-
HMDP) to detect a Perugini grade of > 2 in ATTR-CM patients. They
reported an AUC of 0.99 in both the development and external test
phases, demonstrating high diagnostic accuracy. In our study, we did
not use scintigraphy as an input for detecting ATTR-CM but rather
as the ground truth, with most positive cases confirmed by pathol-
ogy and genetic tests. As scintigraphy is not routinely implemented
in clinical practice among patients with severe AS undergoing TAVI
due to additional cost, our study demonstrates the feasibility of de-
tecting ATTR-CM in this cohort using preprocedural and routinely col-
lected data with good performance. This model could be used for ini-
tial screening with available data for this cohort, allowing suspected
cases to undergo scintigraphy for confirmation. The diagnosis perfor-
mance of ML and DL was investigated [265] using CMR images, and
they reported an AUC of 0.98 for DL and 0.95 for ML for ATTR-CM detec-
tion. Other [266] conducted a study using CMR sequences to diagnose
cardiac amyloidosis automatically. They [266] employed binary clas-
sification approaches to analyze single 2D slices using DL and used
averaged voting across all slices for comprehensive patient-wise anal-
ysis. They reported AUC scores of 0.96 for LGE, 0.93 for MOLLI, and
0.91 for CINE. In our study, we did not use the CMR dataset due to its
limited availability for TAVI patients. However, future studies could
integrate this modality to evaluate new model performance.[260] In a
recent study [267] contrast-enhanced CT radiomics features of 30 pa-
tients were used to differentiate cardiac amyloidosis from severe AS.
Due to the small data size, they used a leave-one-out CV and reported
accuracy, sensitivity, and specificity of 0.93. In another study [268] CT
radiomics features were evaluated for detecting cardiac amyloidosis
in AS patients who underwent TAVI. Using a 7-fold CV, they reported
an AUC of 0.92 for radiomics and 0.96 when combining radiomics
with clinical information.

Our study evaluated the performance of various CT radiomics fea-
tures, achieving a moderate AUC of 0.75. Compared to previous ra-
diomics studies, our dataset was larger, and we enhanced the relia-
bility of our results by repeating the entire process 100 times with
random seeds to avoid any bias in the chosen test set. This approach
is essential in ML studies with small to medium-sized datasets be-
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cause achieving high performance in a single repetition could be po-
tentially due to a random split that favors easier cases in the test
set, which may not realistically reflect real-world scenarios. In each
ML model, we used SHAP analysis to understand the top model’s
decision-making. We observed that these features and decisions align
with previous clinical findings, which makes the model more rational
and reliable [82]. In the Echo, the ML model showed that decisions for
detecting ATTR-CM are based on a combination of decreasing gradient,
increasing wall thickness, and increasing LV mass and volume. The
selected features and their behavior align with clinical symptoms in
ATTR-CM patients, as the amyloid fibrils lead to an increased myocar-
dial thickness, consequently decreasing the LV stroke volume [82, 87,
269]. While these features alone cannot fully represent ATTR-CM, their
combined effects and the varying weights assigned to them could
form a robust diagnostic model. While wall thickness, especially max-
imum septal wall thickness, was a key feature in the echocardiogra-
phy model, it did not contribute significantly in the multimodality
model, where other features were more influential. A recent study
suggested [270] that wall thickness is not correlated with ATTR-CM,
which aligns with our finding that in the presence of other features,
such as CT strain, the importance of wall thickness decreases. In the CT
strain modality ML modeling, we used automated and manual feature
selection based on our previous study [252]. However, there was no
statistically significant difference between the manually selected and
the automated ones, and we achieved the highest performance using
CT strain analysis for different modalities. Previously [252], we em-
ployed conventional standard statistical methods to evaluate models,
reporting different cutoffs in AUC of 0.89 with internal bootstrapping
(sensitivity of 0.96 and 0.77, and specificity of 0.58 and 0.85). However,
in the current study using standardized ML approaches, we achieved
an ROC-AUC of 0.85 £ 0.05 with a sensitivity of 0.90 +0.11 and a speci-
ficity of 0.74 & 0.11. Although the AUC is slightly lower than the previ-
ous study [252], the ML model improved the performance of ATTR-CM
detection by considering both sensitivity and specificity. High sen-
sitivity and low specificity could be impractical in clinical settings
due to the high number of false positives; thus, a model that simul-
taneously minimizes false positives and false negatives is preferable.
Additionally, conventional statistical models often risk information
leakage through internal bootstrapping and data splitting, potentially
inflating performance metrics. In contrast, our standardized ML devel-
opment approach avoided any information leakage, leading to more
realistic and superior performance (considering both sensitivity and
specificity simultaneously) with CT strain compared to our previous
studies [252]. Our CT strain models demonstrated that combining fea-
tures indicative of myocardial contractility and wall motion abnormal-
ities could create a high-performance predictive model for detecting
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ATTR-CM. Although CT strain may not be routinely collected, our anal-
ysis indicates that the top contributing features in the multimodality
model are derived from CT strain. Attempts to build a model using
only routinely collected data did not yield satisfactory performance,
showing the importance of CT strain in accurate diagnosis of ATTR-CM.
Considering advancements in CT scanner technology, which signifi-
cantly reduce acquisition time and radiation dose [271], as well as the
necessity of pre-TAVI CT images and previous guideline [272] recom-
mendation, 4D-CT could potentially be acquired routinely in the fu-
ture. This model could seamlessly be integrated into clinical routine,
providing an additional tool that uses available information to iden-
tify and alert clinicians to high-risk patients for ATTR-CM as it might
change the clinical decision for TAVI versus surgical therapy. Although
the multi-modality model did not outperform the CT strain-only mod-
els, it incorporates additional features such as the radiomics of the Lv
myocardium, where an increase in value tends to indicate a diagnosis
of ATTR-CM. Moreover, other features like age/troponin and creatine
kinase (CK) were found to have positive and negative impacts on
the model’s output, respectively. Additionally, selected features from
various modalities were useful in differentiating between low and
high-risk groups for all-cause and cardiac-related mortality. Although
overall prognostic assessments based on ATTR-CM did not show sig-
nificant performance, the multi-modality model output was effective
in distinguishing between different mortality risk groups. This shows
the potential benefits of integrating multiple diagnostic modalities
to enhance the accuracy of prognostic assessments and provide new
biomarkers. A DL model developed [273] for ATTR-CM detection in
scintigraphy, demonstrated that the outputs of the diagnostic models
could serve as markers for prognosis and discriminate between high
and low-risk groups for overall mortality. Another study [83] showed
that a diagnostic model using ECG in severe AS patients undergoing
TAVI indicated that the diagnostic DL model’s output could predict all-
cause mortality, major adverse cardiac events, and hospitalization due
to heart failure. Our results align with these earlier studies, demon-
strating the potential of diagnostic models to prognosticate and offer
new biomarkers. The Kaplan-Meier curves are plotted based on the
output of the models, stratified by the median value of the diagnos-
tic model for ATTR-CM detection. We hypothesize that false positive
cases, which may include patients with severe conditions resembling
ATTR-CM, lead to worse outcomes due to impaired cardiac function.
This suggests that our model may capture additional prognostic in-
formation not accounted for in the binary classification of ATTR-CM
from different features of various modalities. Future studies should
evaluate the prognostication performance of this model on TAVI pa-
tient cohorts.
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In this study, we implemented multiple ML algorithms that yielded
different performance results, which may arise from the specific char-
acteristics of each model. LR often outperformed other models in dif-
ferent modalities, making it advantageous for clinical use due to its
simplicity and greater interpretability. However, in some cases, such
as with CT strain, which is the best modality for ATTR-CM detection,
models like AdaBoost, SVM, and RF performed similarly well. The
lower performance of complex models like XGB could be due to over-
fitting in the training set, given their high number of parameters. By
using an untouched test set for evaluation, we ensured an unbiased
comparison and selected the most reliable performing model. Gath-
ering a comprehensive dataset encompassing multiple modalities for
assessing ATTR-CM in AS is highly challenging, as the concordance
of ATTR-CM is not routinely evaluated in clinical practice. Although
our dataset may be considered medium-sized compared to previ-
ous clinical ML studies in ATTR-CM [260, 265—268], the methodology
we applied ensures that the generated results are robust and repeat-
able. Furthermore, the clinical objective of our study is not to replace
scintigraphy with our ML model but to use the model to detect po-
tential cases, which can then be confirmed through scintigraphy. This
approach has the potential to enhance clinical workflow for AS pa-
tients undergoing TAVI procedures.

One of the main limitations of this study is its reliance on a single-
center and unbalanced dataset. However, we employed various ap-
proaches, including stratified splitting, avoiding any information leak-
age between the training and testing sets, and repeating the experi-
ment with a random seed to provide more realistic and robust results.
Although we tried data augmentation techniques such as SMOTE in
the training set, it did not improve the model’s performance, and we
continued with the original data. Moreover, we have made our code
and model publicly available to support open-source practices and
the reproducibility of the study. Domain shift in ML studies can occur
due to variations in data acquisition methods (i.e. changes in the scan-
ner), population characteristics, and changes over time. These shifts
can impact model performance and should be carefully monitored,
even in single-center studies. Future studies should evaluate and val-
idate our models” performance in larger, prospective, and external
datasets.

5.5 CONCLUSION

In the current study, we implemented ML to evaluate the efficacy
of various modalities for predicting ATTR-CM in patients with severe
AS undergoing TAVI. While echocardiography, CT strains, and multi-
modality demonstrated high diagnostic performance, with CT strain
being the highest-performing modality, the multi-modality model did
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not outperform CT strain alone. Other modalities, including LV radio-
metric features on CT scans, showed moderate performance for de-
tecting ATTR-CM. Moreover, some diagnostic features could provide
more insights for prognostication in severe AS. Our study demon-
strates that applying ML to routine pre-TAVI data can effectively detect
concomitant ATTR-CM in patients with severe AS, presenting a poten-
tial alternative to scintigraphy or invasive biopsies.
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Figure 30: Comparative analysis of different metrics, including Accuracy,
AUC, Sensitivity, and Specificity for the best-performing mod-
els in each modality, evaluated across 100 iterations. Clini-
cal: RFE+LR, Laboratory: UniVa+LR, ECG: RFE+AdaBoost, Echo:
UniVa+SVM, Invasive Cath: MRMR+LR, Interventional Imaging:
UniVa+LR, CT Non-Contrast Radiomics: RFE+LR, CT Diastolic Ra-
diomics: UniVa+LR, CT Systolic Radiomics: UniVa+LR, CT Delta
Radiomics: UniVa+LR, CT All Radiomics: UniVa+LR, CT Strain:
RFE+LR, Multi-Modality: RFE+LR.
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Figure 31: ROC curve of best-performing models in each modality. Clinical:
Strat. 1 (RFE+LR), Strat. 2 (UniVa+LR), Strat. 3 (MRMR+LR); Labora-
tory: Strat. 1 (RFE+LR), Strat. 2 (UniVa+LR), Strat. 3 (MRMR+LR);
ECG: Strat. 1 (RFE+AdaBo), Strat. 2 (UniVa+ AdaBo), Strat. 3
(MRMR+ AdaBo); Echo: Strat. 1 (RFE+LR), Strat. 2 (UniVa+SVM),
Strat. 3 (MRMR+LR); Invasive Cath: Strat. 1 (RFE+AdaBo), Strat.
2 (UniVa+LR), Strat. 3 (MRMR+LR); Interventional Imaging: Strat.
1 (RFE+LR), Strat. 2 (UniVa+LR), Strat. 3 (MRMR+LR); CT Non-
Contrast Radiomics: Strat. 1 (RFE+LR), Strat. 2 (UniVa+LR), Strat.
3 (MRMR+LR); CT Diastolic Radiomics: Strat. 1 (RFE+LR), Strat. 2
(UniVa+LR), Strat. 3 (MRMR+LR); CT Systolic Radiomics: Strat. 1
(RFE+LR), Strat. 2 (UniVa+LR), Strat. 3 (MRMR+LR).
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Figure 32: ROC curve of best-performing models in each modality. CT
Delta Radiomics: Strat. 1 (RFE+LR), Strat. 2 (UniVa+LR), Strat.
3 (MRMR+AdaBo); CT All Radiomics: Strat. 1 (RFE+LR), Strat. 2
(UniVa+LR), Strat. 3 (MRMR+LR); CT Strain: Strat. 1 (Manual+LR),
Strat. 2 (RFE+LR), Strat. 3 (UniVa+AdaBo) Strat. 4 (MRMR+SVM);
Multi-Modality: Strat. 1 (RFE+LR), Strat. 2 (UniVa+LR), Strat. 3
(MRMR+LR).
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Figure 33: Heat maps displaying various metrics for echocardiography
(Echo), CT strain, and Multi-Modal data.
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Figure 34: SHAP summary plot displaying the impact of various features
across Echo, CT Strain, and Multi-Modality models. This vi-
sualization highlights the contribution of individual features
to each model’s predictive performance for ATTR-CM detection.
LVMi: Left ventricular mass (end-diastolic) index to gr/mz2, GLS
apical /base-mid: Left ventricular global longitudinal strain apical
/base and mid, LV-GLS: Left ventricular global longitudinal strain
(%), LA-GLS: Left atrial Global longitudinal strain (%), Mean gra-
dient aortic valve: Mean gradient aortic valve [mmHg], Maxi-
mum Septal Wall Thickness: maximum septal wall thickness of
the left ventricle [mm], Peak Gradient: peak pressure gradient of
the aortic valve [mmHg], Mean Gradient: mean pressure gradi-
ent of the aortic valve [mmHg], Biplanar Left Atrial ES volume:
Biplanar LAESVi [ml / BSA in mz2], LV mass index: left ventric-
ular mass index LVMi [g/m2], LVEDP: estimated left ventricular
end-diastolic pressure [mmHg], Maximum lateral wall thickness:
maximum lateral wall thickness of the left ventricle [mm], NT-
proBNP: N-terminal pro-B-type natriuretic peptide [pg/ml]
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Figure 35: Cumulative-incidence curves (Aalen—-Johansen estimator) for all-
cause mortality and cardiovascular mortality, stratified based on
the median value of the outputs of the diagnostic model for
ATTR-CM and the ground truth of ATTR-CM. The stratification cat-
egories are above and below the median ML output values, illus-
trating survival probabilities over time for each group with the
x-axis in months.
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Cardiovascular Diseases are the leading cause of mortality globally,
responsible for an estimated 18.6 million deaths annually. As popula-
tions age, the incidence of CVD is projected to increase significantly,
and the economic burden is also substantial, with CVD-related costs
expected to rise to $1.1 trillion in the U.S. by 2035. Al has the potential
to enhance cardiovascular care in several key areas, from diagnosis
and treatment to outcome prediction. Machine Learning and Deep
Learning techniques have shown promise in analyzing complex med-
ical data, matching or surpassing physician performance in many de-
tection and prediction tasks. Despite progress, Al technologies have
to face many challenges and their integration into clinical practice re-
mains in its infancy. The first requirement for this to happen is that
models have to be developed and evaluated with rigorous method-
ologies and within a robust statistical framework [274]. It is in light
of this that the contributions of this thesis have been developed, aim-
ing to improve the accuracy, reliability, and real-world applicability
of Al'in cardiology. We have considered different cardiovascular prob-
lems and approached them with Al, exploring both unsupervised and
supervised ML techniques.

In Chapter 2, we explored some methodological aspects of AF risk
prediction models, focusing on two main areas. The first part ana-
lyzed the discrimination and calibration performance of ML models,
specifically in the context of class imbalance corrections. We showed
that DL should be considered only for large sample sizes, and that
undersampling the training set to improve the model’s accuracy neg-
atively affects model calibration, and that should be avoided for mod-
els developed for a clinical purpose, especially prediction. The second
section of the chapter delved into the less-explored issue of determin-
ing sample sizes for DL models. This task was addressed by fitting
a learning curve for CNN models trained to diagnose and predict
AF. We showed that this approach can be reliably used to determine
the sample size to obtain a target performance. In the third part of
Chapter 2, we proposed two methodological improvements for the
prediction of AF from ECG signals: the integration of ECG and tabular
data and the incorporation of time-to-event and censoring informa-
tion. We showed that multi-modality models have better performance
compared to single-modality models.

Chapter 3 explored the use of unsupervised clustering methods for
patient phenotyping and the dynamic characterization of treatment
effects. The first presented study showed that clinical data, including
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ECG and echocardiographic results, enabled the identification of two
clusters with significant differences in genetic backgrounds and ar-
rhythmic follow-up outcomes. The findings suggest that ECG data can
effectively stratify DCM patients, potentially allowing for better risk
assessment and management in clinical practice. The second study
proposed a novel method for characterizing treatment responses in a
survival context, using neural networks to estimate survival curves
flexibly. This approach enables capturing time-dependent effects and
relevant feature interactions.

Chapter 4 presented a fully automated tool for detecting the anoma-
lous aortic origin of coronary arteries using coronary CT angiography.
The tool showed high accuracy in both internal and external test sets,
and has potential clinical applications, including real-time alerts for
physicians and aiding in identifying high-risk cases among large pa-
tient cohorts.

Finally, Chapter 5 reported a study to asses various diagnostic
modalities for detecting ATTR-CM in patients with severe aortic steno-
sis scheduled for TAVI. While echocardiography, CT strain, and multi-
modality approaches demonstrated high diagnostic accuracy, CT strain
emerged as the most effective method. The study highlighted the po-
tential of ML in leveraging routine pre-TAVI data to effectively iden-
tify concurrent ATTR-CM, providing a viable alternative to traditional
methods like scintigraphy or invasive biopsies.

LIMITATIONS AND FUTURE DIRECTIONS

The primary limitation of all the studies aimed at predicting AF is
the lack of validation on external datasets, which is a crucial step
in developing robust prognostic models [275]. It is known that risk
prediction models tend to demonstrate poorer performance when
applied to new patient populations compared to their development
cohorts [247]. This issue is particularly pronounced in ML models,
which are prone to overfitting. The lack of generalizability is one of
the main reasons why, despite the large number of ML models devel-
oped for healthcare, their implementation in clinical practice remains
limited [276]. Several factors contribute to poor generalizability, in-
cluding technical variations and lack of standardization in medical
practice, differences in patient demographics across centers, patient
genotypic and phenotypic characteristics, and hardware and software
used for data acquisition [277]. While recommended, validating mod-
els on datasets beyond the original development set is often chal-
lenging due to ethical, technical, or financial barriers associated with
sharing clinical data [278, 279]. One potential solution involves lever-
aging publicly available datasets. However, in the case of ECG data,
most public datasets are designed for detection rather than prediction
tasks. A promising option for predictive purposes is represented by



CONCLUSIONS

the UK Biobank [280], a large-scale biomedical database and research
resource containing genetic, lifestyle, and health information from
half a million UK participants. Although the UK Biobank follows a
population-based design, which differs significantly from traditional
clinical registries that focus on specific patient populations, it offers
a unique opportunity to validate prediction models. Additionally, it
provides a rich resource for exploring new ideas about potential pre-
dictors of future events, such as the role of genetics in ECG anomalies.
Future work could focus on harnessing this resource to advance and
validate the proposed prediction models.

Another limitation of the AF-prediction studies presented is the ab-
sence of explainability, a requirement that is considered essential for
clinical applicability of AI systems [281, 282]. The "black-box" nature
of AI models raises concerns about transparency, trust, and ethical
application, as clinicians and patients often require insight into how
decisions are made [283]. Explainability is critical for fostering trust
among healthcare professionals, ensuring transparency in decision-
making, and mitigating potential biases in AI models. For example,
in our study on AAOCA detection, we integrated explainability tech-
niques into the pipeline, demonstrating that the models were focus-
ing on the expected part of the images. An important development
would be to integrate a similar post-hoc explainability technique in
the models trained for AF prediction, to make the model more in-
terpretable. However, there is still a debate on the necessity of ex-
plainability, with some researchers highlighting that explainability is
not an intrinsic necessity but rather an instrumental value, for exam-
ple for model troubleshooting [284, 285]. Current explainability tech-
niques often fail to provide sufficient clarity for patient-level decision-
making and can introduce new complexities. In light of this, rigorous
validation and empirical testing of AI systems might serve as more
practical alternatives to achieve reliability and accountability in clini-
cal applications.

A general limitation of the other studies reported is the small sam-
ple size of the datasets used to train and validate the models. As
discussed above, access to high-quality medical data is an open chal-
lenge. The primary obstacles are privacy concerns, as sharing sensi-
tive patient information poses significant risks, and security issues,
which further complicate data exchange between institutions. With-
out sufficient data, models risk being undertrained, which compro-
mises their ability to generalize effectively and perform reliably when
applied to larger, more diverse populations. One potential solution to
this problem is federated learning, an innovative machine learning
paradigm that enables multiple institutions or entities to collabora-
tively train algorithms without directly sharing raw data [286]. In-
stead of centralizing datasets, federated learning works by keeping
the data localized at its source while only sharing model updates
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during the training process, minimizing privacy risks and ensuring
data governance is maintained. Federated learning has shown consid-
erable promise in the medical field [287], particularly in addressing
data scarcity for tasks such as cardiovascular imaging analysis [288].
By utilizing federated learning, it is possible to access more diverse
datasets, enhancing the robustness, reliability, and clinical relevance
of machine learning models for cardiovascular applications [286].

As some of our results show, Al research should go in the direc-
tion of multimodality. This is for many reasons, first of all, because
CVDs are heterogenous and require the integration of many sources
to understand and address complex underlying mechanisms of dis-
ease and subsequent personalized treatment [31]. Indeed, this would
mimic the way it is currently interpreted by doctors in clinical care,
where looking at one single modality is not enough to get the com-
plete picture of a patient. This idea is confirmed by recent research
in the field, which has shifted from unimodal tools to task-agnostic,
multi-modal, “foundation models” [5, 289, 290]. These models are
trained on massive, diverse datasets and can be applied to numerous
downstream tasks with little or no fine-tuning. These models hold
immense potential to reshape healthcare and they are considered by
many experts the near future of Al in healthcare.
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HYPERPARAMETERS TUNING

Hyperparameters are parameters that are not directly learned within
estimators. We optimized hyperparameters with the Randomized-
SearchCV class of the scikit-learn package. The idea is to sample a
given number of candidates from a parameter space with a speci-
fied distribution. The hyperparameters with the best cross-validation
AUC are then chosen. Hereafter we report the best-performing hyper-
parameters for XGB and LR models. Hyperparameters not reported
were not tuned and used with their default value. The distributions
from which we sampled candidate settings are given in the script
hyperparameters_search.py, included in the GitHub repository of
the paper.
XGB:

e colsample_bytree: 0.9994406226497948
* gamma: 4.575305537258395

e learning_rate: 0.02631221490906356

e max_delta_step: 0

e max_depth: 9

® min_child_weight: 7

* n_estimators: 275

¢ subsample: 0.6089510933763641

e (:30.73202411565708

® penalty: “12”

FEATURE IMPORTANCE

We report the regression coefficient of the LR model trained with the
biggest training size (150 000 ECGs) and without RUS. Notice that 10
different models were trained with this setting since we applied 10-
fold cross-validation. In Table 13 we report the coefficients of just one
of the trained models. As regards XGB, we report the feature impor-
tance values directly estimated by the package (Table 14). As before,
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Table 13: Standardized regression coefficients of the LR model.

Features Betas
T offset 0.350
P offset —0.318
Heart rate 0.198
ORS axis —-0.171
T axis 0.0843
ORS onset —0.0622
P axis 0.0494
QRS offset 0.0490
P onset —0.0351

PR interval 0.0151
QTC interval 0.0060

we consider only one of the models trained with the maximum train-
ing size and without RUS. We verified for both models that all the
cross-validation models trained with the same setting shared very
similar feature importance.
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Table 14: Feature importance for XGB model.

Features Importance
P offset 0.189
QTC interval 0.113
T axis 0.102
P onset 0.0100
P axis 0.0898
QRS axis 0.0791
T offset 0.0704
ORS onset 0.0675
PR interval 0.0660
ORS offset 0.0631
Heart rate 0.0602
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PCAMIX

PCAmix extends Principal Components Analysis (PCA), which is a
standard multivariate analysis method for reducing the dimensions
in case of a large number of variables per observation, to mixed data
datasets. Similarly to PCA, the method uses a generalized singular
value decomposition to obtain a geometric transformation and a sub-
space (by projection) that preserves the information by maximizing
the variability of the projected observations. As a result, new vari-
ables called Principal Components (PCs) are obtained. PC are linear
combinations of the original variables, that are ordered by maximum
dispersion and by construction non-correlated among each other. By
considering only the first p PCs, the dimension of the dataset is re-
duced. For this analysis, the first 11 PCs were considered (that is, PCs
for which the proportion of explained variance/#PCs> 2%).

Figure 36: Kaplan-Meier curve for D/Heart Transplantation (HT) events in
CL1 and CL2.
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Figure 37: Cumulative incidence functions for HF events in CL1 and CL2.

Table 15: Regression coefficients of the LASSO penalized model. Example: a
patient with V6 QRS interval duration 110ms, presence of true
LBBB and absence of intrinsicoid deflection obtains a score of
1/(1+ exp(110 % 0.0054 + 1 % 2.6086 + 0 * 1.1659)) = 0.0391. Since
this value is < 0.23, the subject is assigned to CL1.

Variable Beta

V6 QRS interval duration 0.0054
True LBBB 2.6086

Intrinsicoid deflection 1.1659
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Figure 38: Original image and different augmentations applied to the image
in different views.

Figure 39: Possible strategies for model development. Strategy 1: described
and adopted in the main study. Strategy 2: Model training is
performed on the entire dataset from Bern University Hospital.
The labeled dataset from Zurich University Hospital serves as
an external testing dataset. The unlabeled CCTA dataset was used
for external clinical evaluation, similar to Strategy 1. Strategy 3:
Model training is performed on all datasets with labels, including
data from Bern and Zurich University Hospitals. External model
performance is evaluated in the unlabeled dataset.
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Table 16: Summary statistics of the number of patients and images in each dataset for different classification tasks.

Internal Test Retrospective cohort
Internal Test Prospective cohort
External Test

External Clinical Evaluation

Anomaly Detection

#AAOCA patients
147

58

130

Unknown

#AAOCA images
598

319

139

Unknown

Internal Test Retrospective cohort
Internal Test Prospective cohort

External Test

# All patients # All images
536 1567

359 1066

483 497

998 998

Origin Classification

# All patients # All images
145 585

57 309

126 135

#L-AAOCA patients
54
15
64

# L-AAOCA images
207

48
68

Internal Test Retrospective cohort
Internal Test Prospective cohort

External Test

Risk Classification

# All patients # All images
144 582
57 309
126 135

#High-risk patients
107

45

74

# High risk- images
465

275

80
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Table 18: Performance metrics of individual models, mean metrics across all models, and ensemble metrics obtained by combining the predictions of
individual models for the origin classification task, evaluated on internal and external testing datasets.

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean Ensemble

Test internal ROC AUC 1.000 0.994 0.997 0.999 0.999 0.998 0.999
Sensitivity 0.938 0.875 0.958 0.938 0.938 0.929 0.938

Specificity 1.000 0.989 0.996 1.000 1.000 0.997 1.000

F1-score 0.968 0.903 0.968 0.968 0.968 0.955 0.968

PPV 1.000 0.933 0.979 1.000 1.000 0.982 1.000

AUPR 0.999 0.976 0.988 0.996 0.995 0.991 0.997

Accuracy 0.990 0.971 0.990 0.990 0.990 0.986 0.990

Test external ROC AUC 0.990 0.988 0.997 0.978 0.997 0.990 0.999
Sensitivity 0.970 0.955 0.940 0.940 0.985 0.958 0.955

Specificity 1.000 0.985 1.000 0.970 0.985 0.988 1.000

F1-score 0.985 0.970 0.969 0.955 0.985 0.973 0.977

PPV 1.000 0.985 1.000 0.969 0.985 0.988 1.000

AUPR 0.994 0.992 0.997 0.984 0.997 0.993 0.999

Accuracy 0.985 0.970 0.970 0.955 0.985 0.973 0.978
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Figure 40: Different possibilities for using the developed Al model in clinical
scenarios include fully automated applications and physician-in-
the-loop systems.
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Figure 41: Six different cases with their corresponding segmentations of the
aorta and left ventricle.
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Figure 42: Mean ROC curves of 5 different folds across different Tasks for
various datasets.
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Figure 43: Confusion matrices of the ensemble model in Anomaly Detection
for various datasets at different cut-off points.

Figure 44: Confusion matrices of the ensemble model in Origin Classifica-
tion for various datasets at different cut-off points.

Figure 45: Confusion matrices of the ensemble model in Risk Classification
for various datasets at different cut-off points.
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Figure 46: ROC curves of 5 folds, mean, and an ensemble of strategy 2 in the
external test dataset from center 2 (Anomaly Detection task).
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Figure 47: Confusion matrices of ensemble model in Anomaly Detection for
strategy 2 at different cut-off points.
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