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Abstract

Reliable clinical decision support requires quantitative tools that can assess
whether a measurement is “normal” for a given patient and, crucially, whether
such an assessment is trustworthy in the presence of heterogeneous popula-
tions, acquisition variability, and limited reference data. In many cardiology
applications, obtaining unambiguous labels is inherently difficult. Intracardiac
electrograms (EGMs) acquired during ablation procedures exhibit complex and
patient-specific morphologies that are not easily mapped to discrete classes.
At the same time, echocardiographic reference equations for aortic diameters
may become unreliable in sparsely sampled or distribution-shifted patient con-
texts. These challenges motivate the investigation of data-driven approaches
based on unsupervised learning, anomaly detection, and explicit uncertainty
quantification.

This thesis explores complementary methodological directions for anomaly
detection with applications to cardiology. First, we propose an unsupervised
deep anomaly detection framework to characterize atrial EGM morphology
directly from raw waveforms. The framework produces robust anomaly scores
that correlate with established electrophysiological indicators, including voltage,
fractionation, and duration, while yielding coherent electroanatomical maps
without the need for manually tuned thresholds or ad hoc combinations of
handcrafted features. This provides a more synthetic and morphology-oriented
description of atrial substrate.

Second, we introduce the normalcy score (NS), a probabilistic generalization
of Z-score reasoning for contextual anomaly detection, in which the score
itself is treated as a random variable rather than as a deterministic quantity.
NS leverages heteroscedastic Gaussian processes to model context-dependent
mean and variance, thereby distinguishing between aleatoric and epistemic
uncertainty. This formulation enables uncertainty-aware and interpretable
assessments, particularly in borderline or poorly supported regions of the input
space, where overconfident point estimates may be misleading.

Third, we instantiate the same uncertainty-aware principle in echocardiogra-
phy by reformulating the classical aortic Z-score. The resulting score provides
clinicians with both an expected score and a highest-density interval, explicitly
signaling when limited reference support makes the assessment less reliable. In
this way, the proposed approach extends a familiar clinical tool while improving
transparency and supporting a more cautious interpretation of abnormality.

Finally, we include a complementary methodological study on few-shot
source attribution of Al-generated images. By training compact tiny
autoencoders, we show that reconstruction residuals can be exploited as
lightweight and discriminative signatures, while remaining compatible with
class-incremental updates under severe data constraints. Although this
chapter is not centered on a cardiology application, it reinforces a broader



methodological message of the thesis: reconstruction-based representation
pipelines can provide effective and practical solutions in settings where labels
are scarce and compact models are desirable.

Overall, the thesis shows how unsupervised scoring, contextual proba-
bilistic modeling, and uncertainty-aware inference can support more reliable
quantitative assessment across heterogeneous biomedical settings, while also
highlighting the importance of interpretable scores and explicit reliability esti-
mates in high-stakes decision-making.
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Chapter 1

Introduction

Modern clinical decision support increasingly relies on quantitative measurements
extracted from heterogeneous data sources, yet the path from measurement to action
is often hindered by three recurring issues: scarcity of reliable labels, heterogeneity
across patients and acquisition protocols, and explicit and trustworthy uncertainty
estimates (Litjens et al., 2017; Esteva et al., 2019; Feeny et al., 2020; Kelly et al., 2019).
In biomedical practice, machine-learning systems are rarely judged only by raw
predictive accuracy: they are expected to produce outputs that remain interpretable
under population variability, acquisition artifacts, and imperfect reference cohorts.
This thesis is motivated by two cardiology scenarios in which these difficulties
are particularly evident and in which score-based decision support is often more
appropriate than hard supervised labeling.

Intracardiac electrograms (EGMs) in atrial fibrillation. Atrial fibrillation (AF) is
the most common sustained arrhythmia in clinical practice and remains associated
with stroke, heart failure, hospitalizations, and reduced quality of life (Hindricks
et al., 2021). Catheter ablation is an important rhythm-control strategy for selected
patients with symptomatic AF. In first-time procedures, the standard approach is
usually pulmonary vein isolation, especially in patients with paroxysmal AF, i.e.,
AF characterized by self-terminating episodes (Haissaguerre et al., 1998; Piccini
et al., 2009). In persistent AF, however, outcomes are less satisfactory, and the search
for patient-specific substrate targets beyond pulmonary vein isolation remains
an active and controversial line of research (Ramirez et al., 2017; Parameswaran
et al., 2021; Frontera et al., 2021). High-density electroanatomical mapping enables
clinicians to record thousands of bipolar EGMs across the atrial surface, turning
local waveforms into a spatial description of the arrhythmogenic substrate. Yet
mapping EGM morphology to a discrete label (normal vs. abnormal, or more
refined classes) is intrinsically difficult: morphology is complex, strongly affected
by acquisition conditions, and still interpreted through partially debated biomarkers

9



10 Introduction

such as voltage, fractionation, and duration (Konings et al., 1994; Jadidi et al., 2012;
Anter and Josephson, 2016; Sim et al., 2019; Wong et al., 2019). Consequently,
methods that require supervised labels are often impractical, and there is a need for
unsupervised, morphology-aware tools that provide consistent indicators without
relying on hand-crafted thresholds alone.

Normalcy assessment of echocardiographic aortic diameters. Thoracic aortic
dilatation is associated with potentially severe outcomes, and transthoracic echocar-
diography is routinely used to measure aortic diameters at specific anatomical
levels (Kim et al., 2016; Isselbacher et al., 2022). In practice, a measured diameter y
is interpreted relative to a patient context vector x (e.g., age, sex, body size) using
reference equations and Z-scores (Campens et al., 2014; Colan, 2013; Frasconi et al.,
2021). While Z-scores are interpretable and widely adopted, classical implemen-
tations typically assume a linear mean relationship and constant (homoscedastic)
residual variance; more importantly, they provide no explicit indication of reliability
when the patient context lies in a region that is poorly represented by the reference
cohort (Dallaire et al., 2015; Patel et al., 2022a). For borderline cases, pediatric
or syndromic populations, and under-represented combinations of age and body
size, this limitation is not merely academic: it directly affects how aggressively
measurements are monitored and interpreted.

1.1 A score-based anomaly-detection perspective

These two case studies involve different data modalities and different forms of
clinical reasoning, but they share a structural difficulty. In both cases, the clinically
useful notion of abnormality is gradual rather than categorical. An EGM may be
more or less morphologically irregular; an aortic diameter may be more or less
unexpectedly large for a given patient profile. A continuous score is often a better
interface than a hard label. Scores can be mapped onto anatomy, compared across
patients, related to existing biomarkers, thresholded at different operating points, or
accompanied by uncertainty summaries. This thesis adopts that score-centric view
and studies how such scores can be learned, interpreted, and made trustworthy
when labels are scarce or unreliable.

More broadly, the thesis sits at the intersection of Al for medicine and anomaly
detection. Much of the impact of machine learning in healthcare has come from
supervised settings in which the target label is reasonably stable and large labeled
datasets can be assembled (Litjens et al., 2017; Esteva et al., 2019; Feeny et al., 2020;
Kelly et al., 2019). Many clinically relevant tasks, however, are not naturally closed-
set classification problems. The target concept may be gradual, observer-dependent,
or defined only relative to patient covariates. In these cases, anomaly detection
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provides a more natural framing because they learn a reference notion of regularity
and quantify deviation from it rather than forcing a classification (Scholkopf et al.,
2001; Chandola et al., 2009; Chalapathy and Chawla, 2019; Pang et al., 2021).

This perspective is already present in the biomedical literature. Anomaly
detection has been used for clinical event detection, physiological monitoring, and
medical imaging (Hauskrecht et al., 2007; Wolleb et al., 2022). Yet two limitations
remain recurring. First, many methods return a score that is difficult to relate to
established clinical reasoning or to integrate into workflow-friendly representations.
Second, when abnormality is contextual rather than marginal, the methodological
picture is still comparatively fragmented: existing approaches can model context-
dependent deviation, but they rarely communicate how reliable that assessment
is when the reference data are sparse or unevenly distributed (Valko et al., 2011;
Li and van Leeuwen, 2023; Hiillermeier and Waegeman, 2021). This limitation
is particularly consequential in medicine, where a score close to a threshold may
influence follow-up intensity, treatment escalation, or reassurance.

These are the issues addressed in the remainder of the thesis. Rather than
asking only whether an observation should be assigned to a class, the dissertation
studies how to construct scores that remain interpretable, anatomically or clinically
meaningful, and explicit about their own reliability. In the EGM setting, this means
learning morphology-aware anomaly scores that can be projected back onto elec-
troanatomical maps. In the contextual setting, it means extending familiar Z-score
reasoning into an uncertainty-aware normalcy assessment. The complementary
chapter on tiny autoencoders then serves as a methodological stress test outside
medicine: it asks whether compact reconstruction-based score pipelines remain
useful when labels are scarce, new classes arrive over time, and full retraining is
undesirable.

1.2 Contributions

The thesis is organized around one methodological contribution and three applica-
tions. The first three items form the main cardiology storyline of the dissertation,
whereas the fourth broadens the methodological perspective by testing a related
reconstruction-based scoring idea under a different form of data scarcity.

1. Unsupervised deep anomaly detection for EGM morphology. We investigate
representative deep anomaly detection algorithms, including reconstruction-
based and one-class objectives, to derive morphology-aware anomaly scores
from intracardiac EGMs without requiring labels. We validate the learned
scores by correlation with established electrophysiological indicators and by
spatial coherence on electroanatomical maps (Bindini et al., 2024b). The result-
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ing anomaly maps condense several aspects of waveform morphology into a
single continuous quantity that can be read alongside classical descriptors.

2. Normalcy score for contextual anomaly detection with uncertainty. We
propose a probabilistic generalization of Z-score reasoning in which both
the conditional mean and variance are learned as functions of context, and
the resulting normalcy score is treated as a random variable (Bindini et al.,
2026b). NS uses heteroscedastic Gaussian process regression (Rasmussen
and Williams, 2006; Titsias, 2009) and yields posterior summaries such as
highest-density intervals that quantify epistemic uncertainty.

3. Reliable assessment of aortic diameters. We instantiate the normalcy score
framework in a clinically established workflow and obtain a Bayesian refor-
mulation of the classical aortic Z-score. In this sense, the Bayesian Z-score
chapter is the direct cardiology-oriented application of the methodological
contribution developed in the NS chapter. The resulting score provides clini-
cians with an expected value and a credible interval, explicitly warning when
the assessment straddles clinical thresholds due to limited reference coverage
(Campens et al., 2014; Frasconi et al., 2021; Bindini et al., 2026a).

4. Tiny autoencoder representations for few-shot source attribution. We report
a complementary representation-learning study in multimedia forensics: a
modular attribution system based on tiny autoencoders trained from very few
samples per generative model. Although the application domain differs from
cardiology, the chapter is not an isolated add-on. It stress-tests one recurrent
idea of the thesis, namely that compact reconstruction-based representation-
and-score pipelines can remain useful when data are scarce, and demonstrates
how this idea behaves in a class-incremental setting (Bindini et al., 2024a).

1.3 Thesis structure

After a general background chapter that reviews anomaly detection, contextual
anomaly detection, and the clinical foundations needed for the cardiology applica-
tions, the dissertation develops the cardiology storyline in Chapters 3-5 and then
broadens the methodological discussion with the complementary tiny-autoencoder
chapter. The remainder of the dissertation is organized as follows.

* Chapter 2 provides the background of the thesis, covering anomaly detection,
contextual anomaly detection, source attribution of generative models, and
the clinical foundations needed for the cardiology applications.

* Chapter 3 presents the first application, namely unsupervised anomaly detec-
tion for intracardiac EGM characterization and electroanatomical mapping.
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¢ Chapter 4 introduces the main methodological contribution of the thesis, the
normalcy score.

¢ Chapter 5 presents a cardiology-oriented application of the normalcy score
framework.

* Chapter 6 presents the complementary application based on tiny autoencoders
for few-shot source attribution of Al-generated images.

¢ Chapter 7 summarizes the main findings, discusses methodological and
clinical implications, and outlines future research directions.

1.4 Reproducibility

A dissertation that emphasizes score reliability should also make the underlying
research process as reproducible as possible. For this reason, the main methodolog-
ical contributions of the thesis are accompanied by public code repositories that
document the implementation details needed to reproduce the experiments, inspect
the models, and adapt the pipelines to related datasets. Rather than embedding
extensive pseudocode in the manuscript, the thesis points to these repositories as
the primary research artifacts and treats the written text as the conceptual and
methodological specification.
The repositories associated with the thesis are the following;:

* Deep Atrial Anomaly Detection: https://github.com/lucabindini/
DeepAtrialAnomalyDetection

¢ Normalcy Score: https://github.com/lucabindini/NormalcyScore
¢ Tiny Autoencoders: https://github.com/lucabindini/TinyAutoencoders

A final point concerns data availability. Some of the datasets used in the thesis
are clinical and therefore subject to privacy constraints, governance policies, or local
institutional agreements. In such cases, open-sourcing raw data may be impossible
or only partially feasible. In particular, the atrial EGM dataset and the aortic dataset
used in the clinical chapters are private datasets. They may nevertheless be made
available upon reasonable request and subject to the approval of the corresponding
institutional and ethical constraints. By contrast, the benchmark datasets used in
the normalcy score chapter and in the complementary chapter on tiny autoencoders
are public and can be accessed online, which facilitates independent verification of
the methodological results reported in those parts of the thesis.


https://github.com/lucabindini/DeepAtrialAnomalyDetection
https://github.com/lucabindini/DeepAtrialAnomalyDetection
https://github.com/lucabindini/NormalcyScore
https://github.com/lucabindini/TinyAutoencoders




Chapter 2

Background

This chapter reviews the literature that motivates the methodological choices made
in the thesis. Since the dissertation does not revolve around a single algorithmic
family, the purpose of the review is not merely to list papers, but to provide a
roadmap through a set of connected questions: how normality can be learned
from data when explicit labels are scarce, how this notion can be converted into a
quantitative score, how such a score can be interpreted in biomedical applications,
and when uncertainty must become part of the output rather than an afterthought.

We begin from the general anomaly detection problem and the semantics of
score-based decision support; we then discuss the principal methodological fami-
lies, from classical geometric and density-based detectors to deep representation-
learning approaches; next we turn to contextual anomaly detection and uncertainty-
aware models, which provide the conceptual bridge to the normalcy score and to
its application; we then position the complementary chapter on tiny autoencoders
within the broader literature on generative models and source attribution; finally,
we close with the medical background needed to read the atrial-electrogram and
aortic-diameter applications in their clinical context.

2.1 Conceptual overview

Anomaly detection is commonly described as the task of identifying observations
that deviate from what is considered normal. In the classical literature, this is
often formalized as support estimation, novelty detection, or outlier detection: one
observes samples from an unknown data-generating distribution and attempts to
characterize the region of input space where nominal observations concentrate, so
that observations outside that region receive higher anomaly scores (Scholkopf et al.,
2001; Chandola et al., 2009; Markou and Singh, 2003). This perspective remains
useful because it emphasizes an aspect that is central throughout the thesis: the
learner does not observe normality directly, but only a finite, noisy, and sometimes

15



16 Background

contaminated sample from which normal structure must be inferred.

A score-based view is particularly important in high-stakes domains. In many
practical applications, and especially in medicine, the immediate objective is not
a hard binary decision but a ranking or a continuous deviation measure. A real-
valued score can be thresholded differently depending on the operating point,
compared against established biomarkers, mapped across an anatomical structure,
or interpreted jointly with confidence information. For this reason, the present
thesis consistently treats anomaly detection as a problem of learning useful scores,
rather than as purely categorical prediction tasks. This position is consistent with
the broader medical-Al literature, which increasingly stresses that decision support
systems should be evaluated not only by predictive discrimination but also by
calibration, robustness, and fitness for clinical use (Litjens et al., 2017; Esteva et al.,,
2019; Feeny et al., 2020).

A minimal taxonomy helps clarify the field. From the point of view of the
anomaly itself, one usually distinguishes:

¢ Point anomalies, namely individual observations that appear unusual in
isolation.

¢ Collective anomalies, where a segment, sequence, or group is abnormal even
if single elements are not individually extreme.

¢ Contextual anomalies, where abnormality can only be defined relative to
covariates.

From the point of view of supervision, one commonly distinguishes:

* Supervised anomaly detection, which assumes access to labeled anomalies
and is uncommon in the biomedical scenarios addressed here.

* One-class or semi-supervised learning, where training data are assumed to
be mostly nominal, and the goal is to estimate the support of normality.

¢ Fully unsupervised learning, where the training set may be contaminated by
anomalies, but the latter are assumed to be comparatively rare or structurally
distinct.

These distinctions already anticipate the two principal application settings of the
thesis. Intracardiac EGMs are treated as waveform-level objects for which discrete
ground-truth pathology labels are not realistically available; by contrast, aortic-
diameter assessment is a contextual problem, since the same numerical diameter
may be normal or abnormal depending on age, sex, body size, and related covari-
ates.
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A simple but useful contamination model writes the training distribution as
Pirain = (1 _E)PO + &Py, (2.1)

where P denotes the nominal distribution, P; the anomalous component, and &
the contamination rate. Even if this model is simplistic, it conveys an important
lesson: in unsupervised anomaly detection, the learner never sees the nominal
distribution in isolation. In clinical deployment, the problem is compounded by
dataset heterogeneity and by shifts between the population used to build the model
and the population in which the model is eventually interpreted. This is precisely
why score reliability matters as much as score magnitude.

The score-centric perspective adopted in this thesis suggests four practical
criteria by which methods should be judged:

¢ Discrimination: nominal and clearly abnormal cases should receive systemat-
ically different scores.

* Stability: nuisance perturbations, preprocessing choices, and acquisition
artifacts should not dominate the ranking.

¢ Interpretability: the score should be relatable to known biomarkers, clinically
meaningful signal characteristics, or familiar statistical concepts.

* Reliability: the method should indicate when the score depends on extrapo-
lation or weak support in the reference data.

These criteria map naturally to the directions developed later in the thesis. The EGM
chapter focuses on morphology-oriented discrimination and map-level stability,
while normalcy score chapter emphasizes contextual interpretation and explicit
uncertainty decomposition.

Evaluation must be read in the same spirit. In problems with clean labels,
ranking metrics such as ROC-AUC and PR-AUC remain standard, and the statistical
comparison of ROC curves can be performed, for example, with the DeLong
test (DeLong et al., 1988). Yet many clinical anomaly detection tasks do not
offer unambiguous anomaly labels, so it’s important to rely on richer validation
strategies, including agreement with accepted biomarkers, subgroup analyses,
spatial or temporal plausibility, and robustness to preprocessing or hyperparameter
changes.

Finally, it is useful to distinguish between a score and a decision. A score is a
quantitative summary of deviation from a learned reference; a decision attaches
an operating point and a downstream action to that summary. In some chapters
of the thesis, the score is primarily used for visualization and ranking, as in
electroanatomical mapping; in others, it is interpreted against clinically established
thresholds, as in Z-score-based assessment.
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2.2 Anomaly detection methods

The methodological literature can be read as a collection of answers to a single
question: how should normality be represented so that deviations from it can be
scored? Classical methods answer this through geometry, neighborhoods, density,
or support boundaries; modern deep methods typically learn a representation in
which those same ideas become more informative.

Distance-based scoring. A first family of methods treats anomalous points as
observations that are isolated from their neighbors. Given a distance 4 on X and
the set Ny (x) of k nearest neighbors of x, a simple score is the average neighbor

distance 1

SN (X)) = T Z d(x, x;). (2.2)
X €Nk (x)

Radius-based and robust variants are also common (Chandola et al., 2009). The
appeal of this family is its simplicity: no explicit density model is required, and
the score is intuitive. Its main weakness is that distance concentration can make
neighborhoods uninformative in high dimensions. This limitation is one of the
conceptual motivations for learning compact embeddings before applying any
distance-based scoring. The method family also depends strongly on feature
scaling and on the choice of metric, which means that strong performance in a
low-dimensional handcrafted representation does not automatically transfer to raw
waveform or image spaces.

Density-based and local-density methods. A second family scores observations
by low probability under an estimated distribution, typically through a quantity
such as s(x) = —log p(x). Parametric variants include Gaussian mixtures; non-
parametric variants include kernel density estimation and histogram-based models
(Goldstein and Dengel, 2012). In a Gaussian-mixture model,

M
samm(x) = — log< Y. ﬂmN(x;ptm,Zm)>- (2.3)
m=1

Density modeling can work well when the representation is low-dimensional and
well aligned with the true structure of normal data, but it becomes fragile in
raw signal spaces. Local-density methods attempt to correct the limitations of
global densities by comparing the density around a point to the density around
its neighbors. The Local Outlier Factor (LOF) is the most widely used example:
it compares the local reachability density of a point to that of its neighborhood,
thereby flagging points that are sparse relative to their immediate surroundings
(Breunig et al., 2000). In practical terms, LOF is useful when anomalies are local
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deviations rather than global extremes, but its behavior depends on neighborhood
size and on the metric used to define neighborhoods.

Isolation-based methods. Isolation Forest takes a different route. Instead of
estimating density or distances explicitly, it recursively partitions the space and
exploits the fact that anomalous points tend to be isolated by fewer random splits
than typical points (Liu et al., 2008). If h(x) denotes the path length needed to
isolate x across a forest of random trees, then a normalized anomaly score can be

written as
sip(x) = 27 EM@I/eN)) (2.4)

where ¢(N) is a normalization constant depending on the sample size. Isolation-
based methods are strong practical baselines because they avoid explicit density
estimation and often scale well. Their limitation, again, is that raw features may
not be the right space in which to isolate the relevant notion of abnormality. In
contextual tasks, moreover, applying Isolation Forest directly to concatenated
context-measurement vectors may conflate rarity of the context with abnormality
of the measurement conditional on that context.

Support estimation and one-class learning. A more principled view is that
anomaly detection aims to estimate the support of the nominal distribution
(Scholkopf et al., 2001). One-Class SVM learns a boundary that encloses most data
points while allowing a fraction of outliers controlled by a parameter v. In its
primal form, it solves

min 1||wH2+ L %é'—
oot 2 vN & F 2.5)

st. (w,®(x;)) >p—8&,  &=>0,

where @ is a feature map. Support Vector Data Description (SVDD) expresses a
closely related idea in terms of a minimal-volume hypersphere enclosing nominal
data (Tax and Duin, 2004). The resulting anomaly score is the distance of a point
from the center relative to the learned radius. These methods are important not
only as baselines but also as conceptual ancestors of deep one-class learning, where
the feature map is no longer fixed but learned jointly with the scoring objective.

The broader lesson of one-class methods is that anomaly detection is not always
about reconstructing the input or estimating its density. Sometimes it is more useful
to learn a compact region in representation space and measure how far a new
observation lies from it.

Subspace and reconstruction views. Classical anomaly detection also includes
a reconstruction perspective. In principal-component analysis, normal data are



20 Background

assumed to lie near a low-dimensional linear subspace. If U € RP*" contains the
principal directions, then the residual

spca(x) = [lx — Ul " x|? (2.6)

acts as an anomaly score. This is conceptually important because it shows that
reconstruction error is not specific to neural autoencoders. Rather, it is a general
scoring primitive: learn a compressed description of typical structure, then measure
how much of the input cannot be explained by that description.

Thresholding and operating points. Anomaly detection methods naturally pro-
duce rankings, but practical use often requires a threshold. In fully unsupervised
settings, thresholds are commonly based on score quantiles or on parametric fits
to the tail of the score distribution. In biomedical deployment, however, a single
universal threshold is seldom realistic. The cost of false positives and false negatives
depends on the clinical action attached to the decision, and the same score may
be used either as a map-level visualization, as a triage cue, or as a standardized
deviation measure. For this reason, later chapters of the thesis emphasize the
interpretation of the score itself and, when possible, uncertainty intervals around it
rather than a single frozen cutoff.

From classical methods to deep anomaly detection. Deep anomaly detection can
be understood as augmenting the previous families with representation learning
(Chalapathy and Chawla, 2019; Pang et al., 2021; Ruff et al., 2021). Instead of
applying density, distance, support, or residual calculations directly in the input
space, one first learns an encoder fz : X — R and then constructs the anomaly
score in the learned space. This shift is decisive in high-dimensional inputs such
as images and biomedical waveforms, because raw Euclidean geometry is often
poorly aligned with the structure of normality that matters for the task.

The deep literature is broad, but the principal methodological families that
matter for this thesis can be summarized as follows:

* Reconstruction-based models, in which anomaly is measured through resid-
ual error after compression and reconstruction.

¢ Latent-density models, in which an embedding is learned, and a simple
density model is fitted in latent space.

* Deep one-class methods, in which the network is trained to map nominal
samples to a compact region.

* Self-supervised representation learning, in which the representation is
learned from surrogate tasks and can later support anomaly scoring.
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The following discussion details these families.

Autoencoders and reconstruction residuals. A standard autoencoder learns an
encoder fg and decoder g, by minimizing a reconstruction loss,

Lar(0,¢) = Z”xz go(fo(xi))|*. (2.7)
At test time, the reconstruction residual

Stec(¥) = [|lx — 8o (fo(x)) | (2.8)

becomes the anomaly score. This family is attractive because the residual often
has an immediate visual interpretation: it highlights the parts of the input that the
learned model of normality cannot explain well. Yet the literature also documents
a well-known limitation: sufficiently expressive decoders may reconstruct anoma-
lous inputs surprisingly well, especially when those anomalies share low-level
structure with the nominal data (Chalapathy and Chawla, 2019; Pang et al., 2021).
Architectural choices, regularization, and the training distribution matter greatly.

Several variants seek to address these weaknesses. Denoising autoencoders
encourage invariance to noise by reconstructing a clean input from a corrupted
version; sparse and contractive autoencoders constrain the latent representation;
memory-augmented autoencoders introduce an explicit bank of normal prototypes
and reconstruct through sparse access to that memory, thereby making unusual
patterns harder to reproduce faithfully (Gong et al., 2019). The key conceptual point
is the same across these variants: they do not merely compress data; they bias the
model toward the recurrent structure of the nominal class, making residuals more
useful as abnormality indicators.

Variational autoencoders and probabilistic reconstruction. Variational autoen-
coders (VAEs) reinterpret autoencoding within a probabilistic latent-variable model
(Kingma and Welling, 2014). Instead of a deterministic code, the encoder outputs
an approximate posterior q4(z | x), while the decoder defines a likelihood py(x | z).
Training maximizes the evidence lower bound,

ELBO(x) = E, (.|x)[log pe(x | 2)] — Dxi(q¢(z | x)[|p(2))- (2.9)

The probabilistic formulation enables several score choices, including negative
ELBO, reconstruction likelihood, or latent posterior discrepancies. VAEs offer a
more explicitly probabilistic language than plain autoencoders, but in anomaly de-
tection practice, they still require careful interpretation, since likelihood terms may
be influenced by nuisance factors and posterior uncertainty does not automatically
coincide with clinically meaningful reliability.
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Latent-density and hybrid models. Another influential idea is to combine repre-
sentation learning with explicit density estimation in the latent space. The Deep
Autoencoding Gaussian Mixture Model (DAGMM) is a representative example: it
jointly learns an autoencoder and a Gaussian-mixture density model over latent
features, then scores anomalies via an energy term that mixes reconstruction and
density information (Zong et al., 2018). AnoGAN and related generative-adversarial
approaches follow a different route: they learn to generate nominal samples and
then define an anomaly score from the discrepancy between a query and its closest
generated counterpart, often mixing pixel-space residuals and feature-space mis-
match (Schlegl et al., 2017). These models are historically important because they
show that reconstruction, density, and representation can be combined in many
ways.

Deep one-class objectives. Deep one-class learning replaces the fixed feature map
of classical support-estimation methods with a trainable encoder. Deep SVDD is
the canonical example: it learns fy so that nominal samples map close to a center c
in latent space by minimizing

min L3 folx) -l 210
0 N & [2] i . .

The anomaly score is then simply the squared distance from that center. This family
is appealing because it endows the score with a direct semantic interpretation:
anomaly is distance from the learned normal region. In waveform applications, this
can be advantageous, because it avoids some of the pathologies of reconstruction-
based models while still exploiting the power of deep representation learning (Ruff
et al., 2018).

Self-supervised and contrastive representations. Recent representation-learning
literature has shown that useful embeddings can be learned from surrogate tasks
without explicit anomaly labels. Pretext tasks such as solving jigsaw puzzles,
predicting rotations, masked reconstruction, or contrastive discrimination among
augmented views have produced features that transfer well across downstream
tasks (Noroozi and Favaro, 2016; Gidaris et al., 2018; Chen et al., 2020; He et al.,
2020; Grill et al., 2020; He et al., 2022; Radford et al., 2021). From the perspective
of anomaly detection, these methods matter because they decouple representation
learning from the final score. One may first learn invariances and salient structure
through self-supervision, then apply a simpler anomaly detector in the learned
space.

A compact way to summarize the methodological landscape is the following.
Classical methods supply the basic score semantics: distance, density, isolation,
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support, or residual. Deep methods do not replace these semantics so much as
relocate them into a learned representation where they become more effective.

2.3 Contextual anomaly detection and uncertainty

Not all clinically relevant abnormality is waveform- or image-based. Many mea-
surements are anomalous only relative to patient context. This is the domain of
contextual anomaly detection, where each observation is naturally represented as a
pair (x,y) consisting of context variables x and a measured behavior or outcome y
(Song et al., 2007; Hauskrecht et al., 2007; Valko et al., 2011; Tang et al., 2013). In this
setting, the question is not whether y is unusual in marginal terms, but whether it
is unusual given the patient profile encoded in x.
The classical statistical prototype of this idea is the Z-score:

Z(x,y) = L= 2.11)
o

Here, y denotes the observed value, m(x) is the expected or reference value associ-
ated with the covariates x, and o is the standard deviation, that is, the measure of
variability around the reference. Therefore, Z(x, y) quantifies how many standard
deviations the observation lies above or below the expected value. Depending on
the reference model, the mean relationship may be oversimplified, variance may be
treated as constant even when it depends on context, and the score may be reported
as if it were equally trustworthy for well-supported and poorly supported regions
of covariate space.

These limitations are well known in the literature on reference standards and
growth modeling. Classical reference-interval methodology, pediatric growth
curves, and medical nomograms all rest on the idea that measurements should be
interpreted relative to age, body size, or developmental stage, but they differ sub-
stantially in how they model conditional variability and in how they communicate
uncertainty (Goldstein, 1972; Healy, 1978; Royston, 1991; Lee et al., 2010; Ceriotti,
2012; Zierk et al., 2021). This broader literature is relevant to the thesis because it
shows that the problem of contextual normalcy is older and richer than the recent
machine-learning formulation alone: clinicians have long needed ways to compare
an observed measurement with a context-dependent expectation, but the statistical
tools used in practice often hide strong assumptions about both mean and variance.

These limitations motivate a more explicit probabilistic perspective. The lit-
erature on uncertainty distinguishes between aleatoric uncertainty, which reflects
irreducible biological variability or measurement noise, and epistemic uncertainty,
which reflects lack of knowledge due to limited or biased reference data (Hiiller-
meier and Waegeman, 2021; Kiureghian and Ditlevsen, 2009; Kendall and Gal, 2017;



24 Background

Zhou et al., 2022). In a clinical reference model, aleatoric uncertainty helps define
what range of variation is physiologically plausible, whereas epistemic uncertainty
answers a different question: how confident should we be that the estimated ref-
erence itself is accurate for a patient with those covariates? This distinction is
conceptually central to the methodological contribution of the thesis and to its
clinical instantiation.

Gaussian-process regression provides a particularly transparent language for
this problem (Rasmussen and Williams, 2006). Without entering into kernel formu-
las, the key idea is that a Gaussian process yields a posterior predictive distribution
whose mean and uncertainty depend on the support provided by nearby reference
data. In dense regions of covariate space, predictive uncertainty narrows; in sparse
or under-represented regions, it broadens. Heteroscedastic extensions further allow
the scale of variability to change with context, while sparse variational approxima-
tions make inference practical on larger datasets (Snelson and Ghahramani, 2005;
Titsias, 2009; Kersting et al., 2007; Saul et al., 2016).

The broader uncertainty-estimation literature offers alternative strategies. Monte
Carlo dropout interprets dropout at test time as an approximate Bayesian inference
scheme (Gal and Ghahramani, 2016). Deep ensembles estimate uncertainty through
variability across independently trained models (Lakshminarayanan et al., 2017).
Bayesian neural networks place distributions over weights and approximate the
posterior through variational methods (Blundell et al., 2015). These approaches are
influential, particularly in high-dimensional deep learning, but in low- to moderate-
dimensional contextual reference modeling, Gaussian-process methods remain
especially attractive because they preserve an interpretable link between predictive
uncertainty and covariate support.

Alternative contextual baselines are also important. Quantile-regression ap-
proaches can model conditional tails without assuming Gaussian residuals (Mein-
shausen and Ridgeway, 2006); reliable-learning frameworks emphasize abstention
or selective prediction in regions where the model is uncertain (Senge et al., 2014);
and explainable contextual methods attempt to decompose why a point is abnormal
given its context (Li and van Leeuwen, 2023).

2.4 Generative models and source attribution

The rapid diffusion of modern generative models has changed the scope of digital
forensics. Earlier work on manipulated media was often concerned with detecting
hand-crafted edits or image splicing, whereas current forensic pipelines must
increasingly deal with images produced entirely by learned generators. Generative
adversarial networks and diffusion models can now synthesize highly realistic
content at scale (Goodfellow et al., 2014; Ho et al., 2020; Rombach et al., 2022). This
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has made the classical distinction between “real” and “fake” only a first step: in
many practical scenarios, it is equally important to determine which generative
model most likely produced a suspicious image, or at least to narrow the range of
plausible candidate generators.

From a methodological perspective, source attribution is more demanding than
standard detection. A binary detector only needs to separate authentic content from
synthetic content, whereas attribution requires the system to discriminate among
multiple generators that may share similar architectures, training corpora, and
visual signatures. The difficulty is compounded by the fact that many contemporary
image generators belong to closely related families, especially in the diffusion
setting, and therefore leave artifacts that are weaker and less visually obvious than
those exploited by earlier forensic detectors. In addition, the number of candidate
models is not fixed: new generators appear continuously, existing ones are updated,
and closed commercial systems often expose only a black-box interface. This makes
source attribution a moving-target problem in which scalability and adaptability
are at least as important as raw classification accuracy.

The literature distinguishes between two broad settings:

e White-box attribution, where the forensic analyst assumes access to the
architecture or weights of the generator. In this setting, attribution may exploit
model-specific internals, inversion procedures, or direct comparisons with
known generation pipelines (Albright et al., 2019; Hirofumi et al., 2022; Ricker
et al., 2024). While this assumption can be useful for controlled experiments,
it is often unrealistic in practical scenarios involving proprietary or remotely
accessed generators.

* Black-box attribution, where only output images are available. This is the
more realistic setting for passive forensics, but it is also substantially harder
because the attribution system must infer source-specific traces solely from
generated samples (Wang et al., 2023; Jeon et al., 2020). In many cases, black-
box methods are designed primarily for real-vs-fake detection rather than
for multiclass source attribution, and do not directly address the problem
considered in the complementary chapter of this thesis.

A second important distinction concerns the data regime. Many recent forensic
methods rely on large pretrained backbones and achieve strong performance when
hundreds or thousands of examples per class are available. A representative case is
CLIP-based detection (Radford et al., 2021), which motivates approaches such as
DE-FAKE (Sha et al., 2023). These methods benefit from large-scale vision-language
pretraining and can be highly effective in standard supervised settings. However,
they are not naturally optimized for scenarios in which a new generator becomes
available with only a handful of samples, or in which the set of candidate generators
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evolves over time. In such conditions, the computational footprint of the detector,
the number of trainable parameters, and the need to retrain the whole system
become critical practical constraints rather than secondary implementation details.

These considerations connect source attribution with the broader themes of
this thesis. In the cardiology chapters, the central question is how to derive
reliable scores from scarce or weakly labeled data; in the complementary chapter,
the question becomes how to discriminate among generators when only a few
examples per class are available. Although the downstream task is different, the
methodological pressure is similar: models should remain informative under low-
data conditions, and their outputs should be based on representations that are
stable enough to generalize beyond the training examples. This explains the appeal
of compact autoencoder-based strategies. Autoencoders have long been used for
unsupervised representation learning and dimensionality reduction (Hinton and
Salakhutdinov, 2006; Vincent et al., 2008; He et al., 2022), and reconstruction error
has repeatedly proved useful as a score in anomaly detection and related tasks (An
and Cho, 2015; Zhou and Paffenroth, 2017). More broadly, reconstruction-based
learning occupies an intermediate position between classical feature engineering
and fully end-to-end discriminative models: it preserves an interpretable notion
of fit to a learned manifold while remaining lightweight enough to be adapted in
resource-constrained settings.

This is especially relevant in few-shot and class-incremental forensic scenarios.
When a new generator appears, retraining a large detector from scratch may
be computationally expensive and operationally slow. For this reason, recent
forensic research has also explored continual-learning strategies for synthetic-
media detection (Marra et al., 2019; Magistri et al., 2023, 2024; Tassone et al., 2024).
These works address an important problem, namely, how to keep forensic systems
updated as generators evolve. At the same time, they are usually studied in regimes
with relatively abundant data and often involve a trade-off between adaptation
and performance retention. Large-scale continual-learning benchmarks such as
those considered in (Pan et al., 2023; Gao et al., 2024) are valuable from a systems
perspective, but they do not directly solve the few-shot attribution problem in
which only a very limited number of source examples are available.

The contribution of the complementary chapter on attribution is not to pro-
pose yet another large-scale detector, but to examine whether a bank of compact
reconstruction models can serve as a modular attribution mechanism when data
are scarce, and new classes need to be incorporated quickly. In this sense, the
chapter extends the reconstruction-based viewpoint developed elsewhere in the
thesis into a different application domain. The target task is no longer anomaly
detection in a biomedical setting, but the underlying methodological intuition is
closely related: if a model can learn a compact representation of what is typical
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for a source, then deviations in reconstruction behavior may become informative
signals for downstream decision making.

2.5 Medical background: atrium and aorta

The cardiology applications developed in this thesis require a minimal clinical back-
ground on two measurement settings: intracardiac electrograms for atrial substrate
mapping, and echocardiographic measurements for aortic-diameter assessment.
More generally, biomedical anomaly detection poses challenges that standard
benchmarks often understate. Signals are noisy, non-stationary, and affected by
acquisition artifacts; inter-patient variability is often substantial; and the boundary
between pathology and normal variation is frequently gradual rather than cate-
gorical. As a result, the validity of an anomaly score cannot be judged solely by
benchmark metrics. In biomedical applications, preprocessing, representation, and
evaluation protocols are integral parts of the methodological design.
Several recurrent issues motivate caution:

* Noise and artifacts can dominate residual-based scores if the learned repre-
sentation is too sensitive to nuisance fluctuations.

¢ Segmentation and alignment determine what the model sees as a meaningful
unit of analysis.

¢ Inter-subject heterogeneity can make a method confuse legitimate physiolog-
ical diversity with abnormality.

¢ Label ambiguity often makes direct supervised learning less informative than
expected, even when some labels are available.

These issues are especially relevant for cardiac signals, where conduction, activation
sequence, electrode placement, and preprocessing all affect waveform appearance.

Intracardiac electrograms acquired during mapping procedures for atrial fibril-
lation are a particularly demanding case. EGMs reflect local electrophysiological
properties of atrial tissue, but their morphology depends not only on local tissue
properties, but also on electrode spacing, catheter orientation, contact force, wave-
front direction, filtering, and rhythm (Anter and Josephson, 2016; Sim et al., 2019;
Wong et al., 2019). Clinically, the arrhythmogenic substrate is often characterized
through handcrafted biomarkers such as bipolar voltage, electrogram duration, and
measures of fractionation or deflection complexity (Konings et al., 1994; Nadema-
nee et al., 2004; Jadidi et al., 2012; Frontera et al., 2021, 2022b). These descriptors
are meaningful and widely used, but none of them is a complete representation
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of morphology, and their interpretation may vary across acquisition settings and
anatomical locations (La Rosa et al., 2021; Williams et al., 2021).

This is precisely the setting in which unsupervised waveform-level scoring
becomes attractive. Rather than choosing a small set of handcrafted descriptors and
then defining hard pathological classes, one may attempt to learn a representation
directly from EGM waveforms and derive from it a morphology-oriented anomaly
score. The resulting score is not meant to replace established biomarkers, but to
synthesize aspects of waveform irregularity in a way that can then be compared
with voltage, fractionation, and duration maps.

A short clinical remark helps frame the importance of this application. Catheter
ablation has become a central rhythm-control strategy in symptomatic atrial fib-
rillation, and pulmonary vein isolation remains the standard lesion set for first
procedures, especially in paroxysmal AF. Yet recurrence after ablation remains
common in persistent forms of the disease, where arrhythmogenic mechanisms
are more diffuse, and the substrate extends beyond pulmonary vein triggers. This
is why substrate mapping continues to play a major role in translational elec-
trophysiology: clinicians are not only interested in whether arrhythmia can be
terminated, but also in whether local electrogram morphology can reveal regions
of slow conduction, conduction block, or structural remodeling that deserve further
interpretation (Nademanee et al., 2004; Jadidi et al., 2012; Frontera et al., 2022b).
In this setting, a score that is stable, morphology-aware, and comparable across
regions of the atrium is clinically attractive because it can complement standard
voltage-based maps rather than compete with them.

The cardiology literature on aortic diameters provides a clear example of the im-
portance of having a reliable score. Several studies have established normal values
and reference equations for the aortic root and ascending aorta across populations
of different ages and body sizes (Campens et al., 2014; Frasconi et al., 2021; Patel
et al., 2022a; Vriz et al., 2014; Cantinotti et al., 2017). However, different cohorts and
equations may produce different classifications, particularly for borderline cases or
for patients whose characteristics are rare in the reference sample (Curtis et al., 2016;
Dallaire et al., 2015; van Kimmenade et al., 2013). The classical Z-score remains use-
ful as a simple standardized index, but it does not by itself tell the clinician whether
the patient lies in a region where the reference equation is extrapolating. Aortic
assessment is also a good example of why contextual modeling is unavoidable in
clinical measurement: the same raw diameter can carry very different implications
in a young child, a small adult woman, or a tall adult man, and the uncertainty
of the reference model becomes most consequential precisely in those borderline
cases where clinical follow-up, additional imaging, or longitudinal surveillance may
depend on the interpretation of a single standardized value. For this reason, the
problem is not only to estimate an expected diameter curve, but also to quantify
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how trustworthy that reference is in sparsely populated regions of the covariate
space (Curtis et al., 2016; Dallaire et al., 2015).






Chapter 3

Deep anomaly detection for
intracardiac electrograms

3.1 Motivation

Atrial fibrillation (AF) is the most common sustained arrhythmia, and its prevalence
increases markedly with age, making it a major clinical and socioeconomic burden.
Beyond the direct symptoms caused by the arrhythmia itself, AF is associated with
an increased risk of stroke, heart failure, hospitalization, and reduced quality of life.
For symptomatic patients, catheter ablation (CA) has become a cornerstone rhythm-
control therapy, either as a first-line strategy in selected cases or after failure or
intolerance of antiarrhythmic drug therapy. In current clinical practice, pulmonary
vein isolation (PVI) represents the standard lesion set for initial procedures, particu-
larly in paroxysmal AF, because ectopic triggers originating from the pulmonary
veins are well-established initiators of atrial arrhythmias. However, although PVI is
highly effective in many patients, success rates remain more limited in advanced
forms of the disease, especially in persistent AF, where the sustaining substrate is
often more complex and extends beyond pulmonary vein triggers.

This limitation has motivated a long-standing search for patient-specific sub-
strate markers capable of identifying regions that contribute to arrhythmia main-
tenance and recurrence. Several complementary strategies have been explored
for this purpose, including invasive mapping during sinus rhythm or fibrillation,
imaging-based assessment of atrial remodeling, and computational modeling of
patient-specific conduction patterns (Konings et al., 1994; Rodrigo et al., 2014; Zahid
et al., 2016; Boyle et al., 2019). Among these options, high-density electroanatom-
ical mapping remains particularly attractive because it provides direct access to
local electrical activity with high spatial resolution and can be integrated naturally
into routine ablation workflows. During a mapping procedure, thousands of in-
tracardiac electrograms (EGMs) can be collected across the atrial surface, thereby
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offering a rich and spatially resolved description of conduction properties. The
challenge, however, is that this wealth of information is difficult to summarize in a
way that is both physiologically meaningful and robust across patients, rhythms,
and acquisition conditions.

Machine learning techniques have also been explored in atrial fibrillation beyond
procedures that directly target the substrate through catheter ablation. For instance,
Bernardini et al. (2024) employed supervised models to predict clinical outcomes
in anticoagulated AF patients, showing that data-driven methods can complement
guideline-based scores in risk stratification and patient management. These studies
highlight the broader potential of artificial intelligence in arrhythmia care, but they
also underscore a key methodological gap: when the goal is substrate characteriza-
tion, predictive performance alone is not sufficient, and there remains a strong need
for descriptors that preserve a clear link with the underlying electrophysiology. This
is one of the reasons why morphology-oriented and interpretable representations
of intracardiac signals are particularly valuable in the context of electroanatomical
mapping.

In sinus rhythm (SR), several electrophysiological indicators have been proposed
to characterize arrhythmic substrate, such as bipolar voltage, the number of deflec-
tions (fractionation), and the duration of the fragmented component (Anter and
Josephson, 2016; Jadidi et al., 2012; Frontera et al., 2021). These biomarkers are
intuitively appealing because they are simple to compute and can be visualized
directly on electroanatomical maps. Nevertheless, each of them captures only one
facet of a much more complex morphology. Voltage reflects signal amplitude but
is influenced by catheter orientation, contact quality, inter-electrode spacing, and
wavefront direction (Anter and Josephson, 2016; Sim et al., 2019; Wong et al., 2019).
Fractionation is related to signal complexity, but similar patterns may arise from
distinct electrophysiological phenomena (Konings et al., 1994; Lau et al., 2015).
Duration is linked to delayed or heterogeneous conduction, but it may not, in
isolation, uniquely identify the pathological substrate. Despite efforts to design
more specific descriptors, such as amplitude-normalized area (Mendonca Costa
et al., 2020), there is still no consensus on the most effective way to synthesize EGM
morphology into a single informative marker.

This lack of consensus is not only a technical issue but also a conceptual one.
Atrial substrate is heterogeneous, and abnormal conduction does not necessarily
manifest through a single stereotyped pattern. Signals recorded in low-voltage
areas may correspond to diseased tissue, but complex morphologies can also ap-
pear in regions with preserved amplitude because of local conduction slowing,
anisotropy, or wavefront collision. Conversely, not all fractionated or prolonged
signals should be interpreted as direct evidence of fibrosis or as targets suitable
for ablation (La Rosa et al., 2021). In other words, the mapping problem is intrin-
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sically multivariate: clinically relevant information is distributed across several
morphological dimensions, and reducing it to one handcrafted descriptor at a time
may lead to unstable or oversimplified interpretations. In practice, this means
that electrophysiologists often need to compare several maps simultaneously and
to combine partial indicators that may highlight overlapping, but not identical,
substrate regions.

These observations motivate the search for approaches that can learn mor-
phology directly from data rather than relying exclusively on predefined features.
Deep learning is particularly appealing in this setting because it can process high-
dimensional waveforms and infer compact representations of their structure without
requiring manual feature engineering. Within this broader family of methods, un-
supervised deep anomaly detection is especially attractive for atrial EGMs: instead
of requiring exhaustive labels for all possible abnormal morphologies, it learns
the dominant structure of the available signals and assigns each waveform a score
reflecting its deviation from that learned support (Scholkopf et al., 2001; Markou
and Singh, 2003). In practice, this means that signals with uncommon or highly ir-
regular morphology can be highlighted automatically, potentially revealing regions
associated with abnormal conduction or structural remodeling. This is particularly
valuable in electrophysiology, where labels are difficult to define unambiguously
and where the clinical notion of abnormality often depends on a continuum rather
than on a clean categorical boundary. Unlike supervised approaches, which require
predefined class labels and carefully curated annotations (Liao et al., 2021), anomaly
detection can instead exploit the natural structure of the acquired waveforms and
identify deviations in a more exploratory and morphology-oriented manner.

Motivated by these considerations, this chapter investigates the application
of state-of-the-art deep anomaly detection algorithms as an all-in-one tool for
characterizing EGM morphology in atrial substrate mapping. We show that the
resulting anomaly scores correlate strongly with traditional indicators, while also
providing a single, threshold-free, and morphology-oriented metric that can support
a more synthetic and potentially more robust interpretation of electroanatomical
maps.

Voltage

The peak-to-peak voltage measures the maximum difference between the positive
and negative peaks of a bipolar EGM. Clinically, voltages greater than ImV are
considered to reflect healthy tissue, values between 0.5 and 1.0mV are attributed to
a border zone, and voltages below 0.5mV suggest low-voltage regions or scar. There
is no universally accepted gold standard for voltage thresholds, and this biomarker
has low specificity because it depends on many factors such as electrode spacing,
contact force, catheter orientation, and stimulation rate (Wong et al., 2019; Sim
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et al., 2019; La Rosa et al., 2021). Moreover, abnormal conduction can occur even
in high-voltage areas due to wavefront collisions and slow conduction corridors
(Frontera et al., 2022a).

Fractionation index

A physiological EGM recorded in SR typically exhibits one main deflection fol-
lowed by a single negative peak. In contrast, fractionated EGMs contain multiple
deflections, reflecting complex local activation patterns. Fractionation has long
been associated with arrhythmic substrate, and early studies during AF proposed
complex fractionated atrial electrograms (CFAEs) as ablation targets (Konings et al.,
1994; Nademanee et al., 2004). However, CFAEs are highly dependent on the rhythm
at the time of recording, and subsequent trials questioned their therapeutic value
(Lau et al., 2015; Vogler et al., 2015). During SR, fractionation often arises from
functional phenomena such as wavefront collisions or conduction delay near slow
conducting areas (Jadidi et al., 2012; Frontera et al., 2022a). A simple fractionation
index F can be defined from the signal s(¢) as follows (Williams et al., 2021):

, M = maxs?(t), (3.1)

F:HtEP:SZ(t)>%M} t

where P denotes the set of peak positions in s(t). In healthy tissue, one typically
observes at most three peaks (F < 3), whereas higher values indicate fractionation.
This definition depends on a threshold relative to the maximal energy M and thus
may not capture all forms of complex morphology; nevertheless, it provides a
quantitative baseline for comparison.
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(a) Physiological EGM (b) Fractionated EGM

Figure 3.1: Comparison between a physiological EGM and a fractionated EGM
recorded during sinus rhythm. Fractionation manifests as multiple deflections and
a longer duration.
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Duration index

Low amplitude yet long-duration EGMs are often associated with slow conduction
corridors and fibrotic tissue; these signals may mask localized re-entrant drivers
(Frontera et al., 2019; Pagani et al., 2021; Rossi et al., 2021). A duration index D can
be defined analogously to fractionation by measuring the proportion of samples
where the squared signal exceeds a fraction of its maximum amplitude:

D = [{t:s*(t) > M}

/ (3.2)

with M as in (3.1). Higher values of D suggest prolonged activation and may reflect
slow conduction or conduction block.

Anomaly detection

The goal of anomaly detection is to estimate the support of a probability distribution
given a set of samples assumed to be normal. A deep anomaly detector learns a
representation of the data and outputs a score s(x) that is large when the point
x has a low probability of belonging to the distribution (Scholkopf et al., 2001;
Chandola et al., 2009). Unlike density estimation, anomaly detection focuses on
the boundary of the distribution and is more tractable in high dimensions. In
this study, we employ three deep anomaly detection algorithms that differ in how
they compute the anomaly score: (i) reconstruction error of an autoencoder, (ii)
reconstruction error of a memory-augmented autoencoder, and (iii) distance to the
center of a learned hypersphere in a one-class classification model.

3.2 Methodology

Study design and data acquisition

The study included eight patients (see Table 3.1) referred for CA due to symptomatic
paroxysmal or persistent AF. Inclusion criteria followed the latest ESC guidelines
(Hindricks et al., 2021). Exclusion criteria were previous ablation, structural heart
disease, or the presence of left atrial thrombus. For each patient, a high-density
sinus rhythm map of the left atrium was acquired using the CARTO3 mapping
system (Biosense Webster), with a PentaRay catheter providing 20 electrodes. Maps
consisted of at least 3000 EGMs distributed over the atrial surface. Catheter contact
was assessed using the Tissue Proximity Index to avoid misleading voltage values.
Signals were bandpass filtered between 30 and 300Hz before export.
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Table 3.1: Baseline characteristics of the study population (N=8).

Age (years) 65.5£7.7
Male, n (%) 5 (62.5%)
Paroxysmal AF, n (%) 3 (37.5%)
Persistent AF, n (%) 5 (62.5%)
LVEEF (%) 55.6 £ 6.8
LA area (cm?) 25.6 +3.7
Dyslipidemia, n (%) 7 (87.5%)
Hypertension, n (%) 5 (62.5%)
Diabetes, n (%) 1 (12.5%)

Mild mitral regurgitation, n (%) 6 (75%)

Preprocessing

Unipolar and bipolar EGMs were annotated by centering each bipolar EGM around
the time of maximal negative slope of the corresponding unipolar signal, estimated
via finite differences:

to — argmin "0 —u(t=1)

; TN , (3.3)

where u(t) is the unipolar EGM and At is the sampling period (At = 1ms). A
window of 64ms centered at fp was extracted to capture the morphology of the
bipolar signal (see Figure 3.2). Signals were smoothed by convolving with a
Gaussian kernel (o = 0.8) to attenuate acquisition noise and then normalized to
lie in [0,1] in order to remove amplitude scaling differences across patients and
regions. Figure 3.2 shows an example of a processed EGM.

Deep anomaly detection models

Variational autoencoder (VAE). A VAE is a generative model parameterized by
an encoder g(z | x) and a decoder p(x | z), where z denotes a latent variable drawn
from a prior p(z) = N(0,I) and x denotes the input signal. The model is trained
by maximizing the evidence lower bound (ELBO)

L(x;0,¢) = Ey 215 [log po(x | z)] — Dxr(4¢(z | x)[Ip(2)), (3.4)

which encourages the approximate posterior q¢4(z | x) to match the prior while
reconstructing x via pg(x | z) (Kingma and Welling, 2014).

Memory-augmented autoencoder (MemAE). MemAE augments the autoencoder
architecture with an external memory M = [mj, ..., my]| of learnable basis vectors
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Figure 3.2: Region of interest of a bipolar EGM after alignment and smoothing. A
64 ms window centered on the steepest unipolar slope is extracted to capture the
morphology.

(Gong et al., 2019). The encoder produces an embedding z = f.(x) that is used to
query the memory via a soft addressing vector

v exp(szl-)
D ewlm)’

followed by hard shrinkage

i=1,...,N, (3.5)

. max(a; —A,0) -
T e — Al e

, (3.6)

where A € [1/N,3/N] controls sparsity. The shrunk addressing vector selects
a small subset of memory elements whose linear combination yields the final
embedding z. The decoder reconstructs the input via ¥ = f;(z). The anomaly
score is the squared reconstruction error s(x) = ||x — X||%. By leveraging a learned
dictionary, MemAE can adaptively reconstruct only normal patterns and highlight
deviations.

Deep Support Vector Data Description (Deep-SVDD). Deep-SVDD extends the
classical one-class support vector data description (Tax and Duin, 2004) to deep
representations (Ruff et al., 2018). It learns a feature map ¢(x;w) via a neural
network and seeks the smallest hypersphere of radius R and center ¢ that encloses
most training data:

. 1
min R2 + —
R,c,w vn

n
1=

& subjectto ||p(xjw) —c|> <R*+&, &>0, (3.7)
1
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where v € (0,1) controls the trade-off between sphere volume and margin violations.
Once trained, the anomaly score for a new x is its squared distance from the center:
s(x) = ||¢(x;w) — c||>. In contrast to reconstruction-based methods, Deep-SVDD
employs a discriminative criterion and captures global signal features.

Training procedure

All models were implemented using one-dimensional convolutional networks with
six convolutional layers in the encoder and six upsampling layers in the decoder (for
autoencoder variants). The latent space dimension was set to 16. Hyperparameters
such as latent size, kernel size (2-5) and number of filters (8-32) were varied
in preliminary experiments; results were found to be highly correlated across
architectures (weighted Kendall’s T > 0.8), indicating robustness to architecture
choices. Models were trained with the Adam optimizer (learning rate 5 x 1073)
for a maximum of 100 epochs, using early stopping with patience 3 on a 20%
validation subset. To evaluate generalization across patients, a leave-one-patient-out
cross-validation scheme was employed: at each iteration, seven patients were used
for training and one for testing. Inference times on an NVIDIA RTX A6000 GPU
were approximately 2ms per batch of 512 signals; on CPU, inference took about
10ms per batch.

Weighted ranking correlation

To quantify the agreement between different anomaly detectors and traditional
indicators, we used the weighted Kendall’s 7, statistic (Shieh, 1998). Given two
score vectors R and S, the weighted inner product is

(R, S)w =) w(i,j) sgn(R; — R;) sgn(S; - S;), (3.8)

i<j

where the weights w(i, j) emphasize pairs with high scores via

1 1
w(i,j) = + , (3.9)
RICORICH
and p returns the rank of its argument. The weighted Kendall coefficient is
(R,S)w
Tw(R,S) = T (3.10)
o8 = R T

which ranges between —1 and 1, with larger values indicating stronger agreement
for high-ranked entries. This statistic is appropriate here because we care more
about how methods rank anomalous signals than normal ones.
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3.3 Experimental evaluation

Correlation with traditional indicators

Figure 3.3 reports the pairwise weighted Kendall coefficients between the anomaly
scores produced by VAE, MemAE, and Deep-SVDD and the traditional indica-
tors (voltage, fractionation and duration). Almost all coefficients exceeded 0.7
(unweighted p < 10~10), indicating a strong correlation among deep models and
between anomaly scores and standard biomarkers. Although Deep-SVDD yielded
slightly higher correlations with fractionation and duration, reconstruction-based
methods (VAE and MemAE) exhibited comparable trends. These results confirm
that deep anomaly detection captures largely the same patterns as conventional
indicators, but with the advantage of a single unified score.

VAE 0.817 0.756 0.683 0.767 0.707

Deep-SVDD 0.769 0727 0.767 |EGS

MemAE 0.660 0.706 0.685

Duration 0.835 0.770

Fractionation index 0.741
Voltage

!44(:- O@Gb‘s @/}ng Yrs %o ec\boof’b/geg@
%/7

Figure 3.3: Matrix of weighted Kendall coefficients 7, computed over all eight
patients. The upper-left triangle shows agreements among deep anomaly detectors;
the lower-right triangle shows agreements among traditional indicators; and the
upper-right block shows cross-correlations between anomaly scores and indicators.

Thresholding based on anomaly percentiles

One difficulty in using multiple indicators is deciding threshold values for each and
how to combine them. In contrast, anomaly scores can be thresholded by percentiles
without calibrating individual scales. For a given percentile 4, we computed
the mean indicator value over the EGMs whose anomaly score exceeds the gth
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percentile. The average fractionation and duration increased monotonically with g,
while the average voltage decreased, as shown in Figure 3.5. Histograms of indicator
distributions for different anomaly percentiles (see Figure 3.4) further illustrate
that the fraction of EGMs with high fractionation or long duration grows with the
anomaly score. Voltage alone had weaker discriminative power, highlighting the
benefit of incorporating morphology through anomaly detection.
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Figure 3.4: Distribution of fractionation index, signal duration, voltage categories,
and combined indicator thresholds as functions of the anomaly score percentile. The
fractionation index was divided into three ranges: <4, 4-6, >6; duration was divided
according to its percentiles into three ranges: <75th percentile, 75th-90th percentile,
and >90th percentile; the voltage was divided into four common categories. Figure
3.4(d) combines the indicators. A fractionation index >4, >90th percentile of
duration and a voltage <0.5mV are considered as thresholds where red (severe
dysfunction) represents a signal that has all of them, orange (dysfunction) one or
two and blue (healthy tissue) none of the three.

Analysis of low-voltage EGMs

Low-voltage EGMs are often considered markers of fibrotic or scar tissue. We
normalized signals before inputting them into the deep models, so the anomaly
detectors relied solely on morphology. Most low-voltage signals had high anomaly
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Figure 3.5: Average values of traditional indicators as a function of the anomaly
score percentile. Fractionation and duration increase monotonically with the
anomaly percentile, while voltage decreases.

scores, but a non-negligible fraction of border-zone (0.5-1mV) and low-voltage (0.1-
0.5mV) EGMs exhibited low anomaly scores and benign morphology (Figure 3.6).
This suggests that voltage reduction can stem from catheter positioning or wave-
front orientation rather than pathologic substrate. Conversely, some high-voltage
EGMs were classified as anomalous due to subtle morphological features (Figure
3.7), potentially corresponding to pivot points or other conduction phenomena.
Thus, anomaly detection is more robust to measurement artefacts and can identify
morphological abnormalities even when the voltage remains relatively high.

Electroanatomical mapping

By interpolating anomaly scores onto the three-dimensional atrial mesh, we ob-
tained electroanatomical maps highlighting regions of abnormal electrical behavior
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Figure 3.6: Examples of EGMs from all patients colored by Deep-SVDD anomaly
score percentile for different voltage ranges. Note the morphological similarity
among signals with low anomaly in the border-zone and low-voltage ranges,
indicating that voltage alone may be misleading.
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Figure 3.7: EGMs with extreme anomaly scores. Top: signals with anomaly scores
above the 95th percentile, colored by fractionation index, with the right panel
highlighting high-voltage, low-fractionation signals. Bottom: signals with anomaly
scores below the 50th percentile, with the right panel highlighting low-voltage,
high-fractionation signals. These examples illustrate how anomaly detection can
uncover subtle morphological patterns beyond simple voltage thresholds.
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(see Figures 3.8, 3.9). For visualization, scores were normalized by the 90th per-
centile within each patient. Deep models produced clear, spatially coherent regions
with elevated scores. Compared to traditional maps (voltage, fractionation, and du-
ration), anomaly maps condensed the information into a single layer and were less
susceptible to low-voltage noise. Among the deep methods, Deep-SVDD yielded
slightly sharper delineations, possibly due to its global feature representation.
These maps may assist electrophysiologists in targeting ablation more accurately
and efficiently.

—J/\ \f _ — o
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Normalized anomaly score

Figure 3.8: Example electroanatomical map of the left atrium for a single patient,
colored according to the Deep-SVDD anomaly score. Values are normalized by the
90th percentile of anomaly scores for that patient. Warmer colors indicate regions
with higher anomaly scores, corresponding to potential abnormal substrate.

3.4 Discussion

The results presented in this chapter demonstrate that unsupervised deep anomaly
detection can characterize intracardiac EGMs in a way that aligns with, and in some
cases improves upon, traditional voltage, fractionation, and duration measures.
Three distinct models (VAE, MemAE, and Deep-SVDD) yield highly correlated rank-
ings of signals and exhibit strong agreement with conventional biomarkers. Unlike
standard indicators that rely on arbitrary amplitude thresholds and are sensitive
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Figure 3.9: Front and back views of the left atrium of a single patient colored accord-
ing to deep anomaly scores (VAE, MemAE, Deep-SVDD) and traditional indicators
(number of peaks, duration, voltage). Anomaly maps condense information from
multiple indicators into a single map and appear more specific and robust to noise.
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to electrode orientation and contact, anomaly scores offer a unified, threshold-free
assessment of abnormal morphology that is robust across patients. The networks
used are lightweight (=~ 150k parameters), train quickly, and generalize well in
leave-one-patient-out evaluation, making them suitable for integration into clinical
mapping workflows.

From a practical standpoint, these findings suggest that anomaly scores could
serve as an all-in-one surrogate marker of atrial substrate abnormalities. The mono-
tonic relationship between anomaly percentiles and traditional indicators means
that clinicians could employ percentile thresholds to delineate candidate ablation
targets without tuning multiple parameters. In particular, the identification of high
anomaly scores in signals with otherwise normal voltage may uncover slow conduc-
tion corridors or pivot points missed by amplitude-based criteria. Conversely, the
observation of low anomaly scores in border-zone or low-voltage EGMs cautions
against over-interpreting voltage reduction as evidence of fibrotic tissue. Elec-
troanatomical maps colored by anomaly scores provide intuitive visual summaries
of substrate complexity and could inform personalized ablation strategies.

These benefits should be weighed against the limitations of the present study.
The dataset comprised only eight patients, and there is no histological ground truth
or long-term follow-up to determine whether high anomaly scores correspond to
arrhythmic drivers. Models were trained exclusively on sinus rhythm recordings,
leaving their behavior during AF or other rthythms untested. Future research should
include larger, multi-center cohorts, integrate imaging and mechanistic modeling,
and evaluate whether targeting high-anomaly regions improves clinical outcomes.
Extending the unsupervised framework to other cardiac signals and modalities may
further strengthen its clinical utility.






Chapter 4

Normalcy score for contextual anomaly
detection

4.1 Motivation and problem setting

This chapter develops the normalcy score (NS), a probabilistic framework for contex-
tual anomaly detection. The central problem is simple to state but subtle to solve:
given an observation described by a set of contextual variables and a behavioral
variable, when should that behavioral value be regarded as anomalous for that
specific context? In many scientific and clinical applications, this question cannot
be answered by looking at the joint rarity of all variables. Contextual factors may
be uncommon, but uncommon does not necessarily mean abnormal. A correct
assessment requires distinguishing between an unusual context and an unusual
behavior conditional on that context.

Formally, let D = {(x;,y;)}IY, be a dataset where x; € R denotes the contex-
tual variables and y; € R denotes the behavioral variable. Contextual anomaly
detection (CAD) aims to identify observations for which y is unlikely under the
conditional distribution p(y | x), rather than observations that are rare under the
joint distribution p(x,y). This formulation was introduced explicitly by Song et al.
(2007) and subsequently extended in several directions, including dependency-
based formulations (Valko et al., 2011; Tang et al., 2013), robust contextual modeling
(Liang and Parthasarathy, 2016), and explainable quantile-based methods (Li and
van Leeuwen, 2023). The distinction between contextual and behavioral variables
is conceptually important because modeling p(x,y) directly tends to overestimate
the outlierness of points that simply occur in sparse regions of the contextual
space. The anomaly detector then confounds rarity of context with abnormality of
behavior.

This same logic has long been present in the medical-statistics literature, al-
though typically under different names. Reference intervals, centile curves, and

47
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age-adjusted standards all aim to characterize how a response variable behaves after
conditioning on covariates such as age, sex, or body size (Goldstein, 1972; Healy,
1978; Royston, 1991; Altman, 1993; Zierk et al., 2021; Ammer et al., 2023). Child
growth standards (WHO Multicentre Growth Reference Study Group, 2006) are a
canonical example: height or weight is not interpreted in isolation, but relative to
age and sex. In cardiovascular imaging, analogous ideas appear in the construction
of Z-scores and nomograms for aortic diameters (Roman et al., 1989; Lee et al.,
2010; Colan, 2013; Campens et al., 2014). However, much of this literature relies on
deterministic regression models, often after hand-crafted transformations such as
Box—Cox mappings (Box and Cox, 1964), and typically summarizes deviation from
normalcy with a point-valued Z-score. The resulting tools are interpretable, but
they struggle when conditional variability depends on context, when the reference
population is unevenly sampled, or when the model is forced to extrapolate (Chubb
and Simpson, 2012; Mawad et al., 2013; Curtis et al., 2016; Ceriotti, 2012; Asch et al.,
2019; Lancellotti et al., 2013; Ricci et al., 2021).

These limitations are particularly relevant in high-stakes domains. In cardiology,
for example, normalcy assessment is often used to support decisions about further
monitoring or intervention, and the consequences of overconfident errors can be
substantial (Isselbacher et al., 2022). The domain-specific clinical instantiation is
developed in the next chapter; here, the goal is instead methodological. We seek a
CAD framework that preserves the intuitive semantics of Z-score reasoning while
explicitly distinguishing between two sources of uncertainty. The first is aleatoric
uncertainty (AU), namely the intrinsic variability of y within the subpopulation
sharing the same context. The second is epistemic uncertainty (EU), namely the
uncertainty induced by finite, biased, or locally sparse data (Senge et al., 2014;
Depeweg et al., 2018; Hiillermeier and Waegeman, 2021). In practical terms, AU
tells us how much spread is normal at a given context, whereas EU tells us how
much the model should be trusted when estimating that spread. Existing CAD
methods usually focus on the first aspect but provide little or no access to the
second.

The chapter asks a broader question than standard anomaly detection: not
only is this observation anomalous given its context, but also, how reliable is that
judgment? This perspective is motivated by the same demand for reliability-aware
automation that has recently emerged in anomaly detection with abstention or reject
options (Perini and Davis, 2023). It also connects to recent work on disentangling
uncertainty in heteroscedastic Bayesian models (Patel et al., 2022b). Our contribution
is to bring these ideas into contextual anomaly detection by constructing a score
that is itself random, so that one can report not only a point estimate but also an
interval describing the confidence of the assessment.

Figure 4.1 illustrates the intuition on a synthetic example inspired by WHO
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growth curves (WHO Multicentre Growth Reference Study Group, 2006). The
behavioral variable is height, the contextual variable is age, and the sampling
distribution is intentionally denser for younger subjects than for older ones. In
this setting, a non-contextual detector such as Isolation Forest tends to mark
observations with rare ages as suspicious simply because they lie in low-density
regions of the joint space. Dedicated contextual methods already improve on
this behavior, but they still struggle when the variance of the behavioral variable
changes across the contextual domain. NS addresses both issues by modeling the
conditional mean and the conditional variance, and by attaching a high-density
interval to the resulting anomaly score.

4.2 Normalcy score

The starting point for NS is the classical contextual Z-score. If f(x) is a regression
model that predicts the expected value of the behavioral variable from the context,
and if S is an estimate of the residual standard deviation, then the conventional
score is

Z(x,y) = y_Tf(x) (4.1)

This formulation is attractive because it standardizes deviations and is easy to
interpret. In practice, a value such as |Z| > 2 is often used as an operational
threshold for flagging abnormality (Roman et al., 1989; Lee et al., 2010; Colan, 2013).
Nevertheless, Equation (4.1) is based on strong assumptions. In its simplest form,
it uses a deterministic predictor and a single global residual scale. If the variance
of y | x depends on the context, the denominator averages out that variability,
which leads to systematic overestimation of abnormality in low-variance regions
and underestimation in high-variance regions (Chubb and Simpson, 2012; Mawad
et al., 2013).

A classical response to this problem is to model the conditional variance sep-
arately. Early approaches stratified populations into groups (Goldstein, 1972). A
more flexible strategy was proposed by Altman (1993), who estimated spread
through an additional regression on the absolute residuals. The key limitation,
however, remains that the resulting score is still treated as deterministic once the
regressions have been fitted. This means that the final normalcy assessment ignores
the uncertainty of the regression functions themselves. When data are sparse in
part of the contextual space, the model can become epistemically uncertain while
still outputting a precise point score.

NS generalizes this reasoning by replacing the two deterministic regressions
with two Gaussian-process models. Let f; model the conditional mean and f,
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Figure 4.1: Synthetic contextual-anomaly example inspired by WHO growth curves.
The objective is to detect observations that are unusual given the context, rather than
observations that simply occur in low-density contextual regions. NS models both
the context-dependent expected behavior and the uncertainty of the assessment.
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model the log-standard deviation:

fi(x) ~ GP(my(x), ki (x,x)), (4.2)
fo(x) ~ GP(ma(x), ka(x, x")). (4.3)

The use of a Gaussian process (GP) provides a flexible Bayesian prior over functions
(Rasmussen and Williams, 2006). Modeling the log-standard deviation rather than
the standard deviation directly guarantees positivity and follows the heteroscedastic
GP formulation of Goldberg et al. (1997), later developed in more scalable and
practical ways by Le et al. (2005). NS is then defined as

NS(x,y) = %&g") (4.4)

This expression mirrors the Z-score but differs in one fundamental respect: be-
cause both fi(x) and f,(x) have posterior distributions, NS(x, y) is itself a random
variable.

This probabilistic reinterpretation is the key conceptual move of the chapter.
Once the score is random, anomaly assessment becomes richer than a single scalar
ranking. A natural point estimate is the posterior expectation

s(x,y) = E[NS(x,y)], (4.5)

which preserves the semantics of a signed standardized deviation. Under the
independence of the two GPs, one obtains

s(x,y) = (y — my(x)) e mWFR/2) (4.6)

where m(x) is the posterior mean of the mean process, and m,(x),03(x) are the
posterior mean and variance of the log-standard-deviation process. In the limit
where posterior uncertainty on f, vanishes, the correction term ¢2()/2 tends to 1,
and the expression collapses to the familiar standardized residual. Thus, NS does
not abandon Z-score reasoning; rather, it embeds it in a probabilistic setting where
uncertainty can be propagated all the way to the final score.

This propagation is important because it enables a principled distinction between
AU and EU. The context-dependent spread modeled by f, represents AU, i.e., the
variability that would remain even with arbitrarily many samples. By contrast, the
posterior variances of f; and f, represent EU, which shrinks as more observations
accumulate near the test context. The two types of uncertainty play different
conceptual roles. AU determines what should count as normal variation in a
well-sampled region, while EU determines how trustworthy the estimated notion
of normality is at the test point. This distinction is one of the reasons why NS is
more informative than existing point-valued contextual detectors such as ROCOD
(Liang and Parthasarathy, 2016) or quantile-based methods such as QCAD (Li and
van Leeuwen, 2023), even when the raw detection performance is similar.
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Bayesian estimation and uncertainty intervals

The practical implementation of NS relies on heteroscedastic Gaussian process
regression. Exact GP inference scales cubically with the number of observations,
which is impractical for repeated cross-validation and for the larger benchmark
datasets. We therefore adopt the sparse variational approximation based on in-
ducing variables introduced by Snelson and Ghahramani (2005) and placed on
firm variational grounds by Titsias (2009). In this approximation, a set of M < N
inducing points summarizes the posterior process, reducing the dominant compu-
tational cost from O(N?) to approximately O(M2N). The model is implemented in
GPflow (Matthews et al., 2017), which makes it possible to optimize the variational
parameters with natural gradients while updating the remaining model parameters
with Adam.

The relevance of this approximation is not merely computational. It also makes
the probabilistic formulation usable in contexts where repeated model fitting is
required, such as hyperparameter sensitivity studies or repeated anomaly injection
experiments. Although the present chapter focuses on a scalar behavioral variable,
the same basic logic can be extended. Multi-output or multi-task Gaussian processes
(Bonilla et al., 2007) would allow the joint modeling of multiple related behavioral
variables, which could capture context-dependent dependencies among them. These
extensions are left for future work, but they highlight that the proposed framework
is not tied to the scalar setting.

Because NS(x,y) is a random variable, one needs a summary not only of its
central tendency but also of its concentration. We use a highest-density interval
(HDI) (Kruschke, 2015) to summarize the posterior uncertainty of the score. Specifi-
cally, for a given confidence level, the HDI is the smallest interval containing the
specified posterior mass. Since there is no general closed-form expression for the
HDI of Equation (4.4), we estimate it numerically by sampling from the posterior
of fi(x) and f>(x), computing the induced samples of NS(x,y), estimating the
corresponding density, and then numerically extracting the 95% HDI. We denote
the length of this interval by i(x, y). The longer the interval, the less concentrated
the posterior score, and hence the less reliable the anomaly assessment.

This interval has a natural operational meaning. Suppose that two observations
receive similar point estimates |s(x, )|, but one is associated with a narrow interval
and the other with a wide interval. The first can be interpreted as a relatively
confident anomaly assessment; the second should be regarded with caution because
the model has insufficient support to decide sharply. This is especially relevant in
CAD, where sparse contexts are often exactly the regions in which deterministic
approaches are most brittle. In this sense, NS does not merely rank observations by
abnormality; it also exposes where the ranking itself is uncertain.

The use of an interval-valued anomaly score also connects NS to the broader



4.3 Experimental protocol 23

literature on reliability-aware machine learning. Quantile-based models such as
QCAD (Li and van Leeuwen, 2023), based on quantile regression forests (Mein-
shausen and Ridgeway, 2006), provide a richer description of p(y | x) than a
mean-only regressor, but they still do not separate irreducible variability from
uncertainty due to sparse data support. By contrast, NS is expressly designed
to make that distinction visible. The same distinction has become increasingly
important in uncertainty-aware learning and decision support (Senge et al., 2014;
Hiillermeier and Waegeman, 2021; Patel et al., 2022b). Here it is turned into an
anomaly detection tool by asking whether a score should be trusted, not only
whether it is large.

4.3 Experimental protocol

The empirical evaluation addresses three questions.

First, how does NS compare with existing contextual and non-contextual
anomaly detection methods on standard benchmarks?

Second, does the proposed uncertainty interval behave in a way that is consistent
with the intended semantics of epistemic uncertainty?

Third, how sensitive is the framework to standard modeling choices such as
the covariance family and the number of inducing points? The corresponding
clinical instantiation, which in the paper was used as an additional real-world case
study, is intentionally deferred to the next chapter so that the present one remains
methodological.

We follow the benchmark protocol introduced by Li and van Leeuwen (2023).
Five UCI datasets are considered: Abalone (Nash et al., 1994), Concrete Compres-
sive Strength (Yeh, 1998), Synchronous Machine (UCI, 2021), QSAR Fish Toxicity
(Ballabio et al., 2015), and Yacht Hydrodynamics (Gerritsma et al., 1981). None
of these datasets contains native contextual anomalies, so anomalies are injected
synthetically before train-test splitting by perturbing the behavioral variable while
leaving the contextual variables unchanged. This design ensures that the anomaly
is genuinely contextual: the same behavioral value may be normal elsewhere in
the contextual space, but not for the modified context. The protocol improves over
earlier formulations in which some injected anomalies could remain conditionally
plausible (Song et al., 2007). Table 4.1 summarizes the benchmark datasets and
anomaly ratios.

NS is compared with three classes of baselines. The first class contains contextual
methods designed specifically for CAD: ROCOD (Liang and Parthasarathy, 2016)
and QCAD (Li and van Leeuwen, 2023). The second class contains regression-based
contextual baselines: a standard linear Z-score, the two-stage variance-estimation
approach of Altman (1993), and a homoscedastic version of NS, denoted NSy,
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Table 4.1: Summary of UCI benchmark datasets with injected contextual anomalies.

Anomaly Behavioral

Dataset #Samples  Ratio Variable
Abalone 4177 2.4% Rings
Concrete 1030 4.8% Strength
SynMachine 557 8.9% IF
Toxicity 908 5.5% Toxicity
Yacht 308 9.7% Resistance

which replaces the heteroscedastic variance model with a single GP. The third class
contains standard non-contextual anomaly detectors: Isolation Forest (Liu et al.,
2008), Local Outlier Factor (Breunig et al., 2000), and Histogram-Based Outlier Score
(Goldstein and Dengel, 2012), all implemented via PyOD (Zhao et al., 2019). Their
purpose is not to provide competitive contextual baselines, but to demonstrate that
the crucial modeling choice is to estimate p(y | x) rather than p(x,y).

The GP-based models are trained with a sparse variational implementation in
GPflow (Matthews et al., 2017). Rational Quadratic covariance family is used in
the default configuration, inducing variables are initialized from a small fraction
of the training set, and the optimization alternates natural-gradient updates for
the variational parameters with Adam steps for the remaining parameters. This
setup provides a computationally manageable approximation while retaining the
benefits of Bayesian inference. For evaluation we use five-fold cross-validation and
repeat the anomaly injection procedure with five different random seeds. Following
common practice in anomaly detection (Aggarwal, 2017; Kuo et al., 2018; Liang and
Parthasarathy, 2016; Li and van Leeuwen, 2023), performance is summarized with
ROC AUC and PR AUC.

4.4 Results

The main quantitative comparison is reported in Table 4.2. Across the five bench-
mark datasets, NS achieves the best ROC AUC and PR AUC on four datasets and
remains competitive on the remaining one, where QCAD has a narrow advan-
tage. The pattern is consistent across domains with very different sample sizes,
anomaly ratios, and forms of contextual dependency. On SynMachine, both NS and
strong contextual baselines reach essentially perfect performance, indicating that
the dataset is relatively easy once the conditional structure is modeled correctly.
The more interesting cases are those in which heteroscedasticity and sparse contexts
matter simultaneously: there NS shows its clearest advantage, especially in PR
AUC, which is the more demanding metric when anomalies are rare.

A second result is equally important conceptually. The plain Z-score, although
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absent from much of the CAD benchmarking literature, turns out to be a remarkably
strong baseline. This is one of the most informative findings of the chapter, because
it shows that modern CAD methods should not be compared only against highly
engineered contextual detectors but also against simple, interpretable reference
scores. In the present benchmark, the classical Z-score is often competitive, and the
Altman-style heteroscedastic correction also performs strongly on several datasets.
NS improves on these baselines by being more flexible and by quantifying reliability,
but the results make clear that contextual anomaly detection should not ignore
strong statistical baselines from the reference-interval literature.

The non-contextual methods perform substantially worse. Isolation Forest, LOF,
and HBOS model the joint structure of the data and confound unusual contexts
with genuinely unusual behaviors. This is not a mere implementation artifact
but a consequence of the problem formulation itself. It is also the reason why
non-contextual methods are still useful in this chapter: they act as context-only
probes in later analyses of epistemic uncertainty. Their weak anomaly detection
performance does not make them irrelevant; rather, it highlights that the contextual
structure is the essence of the problem.

The interval-valued nature of NS becomes most useful when the score is in-
terpreted together with abstention. If i(x,y) is genuinely measuring epistemic
uncertainty, then abstaining on the examples with the widest intervals should
increase performance on the retained examples. To test this, we compare two
abstention strategies. The first abstains on the 5% of test observations with largest
HDI width. The second fits an Isolation Forest on the contextual variables only and
abstains on the 5% most contextually atypical points. The latter is a strong context-
only proxy because it deliberately ignores the behavioral variable and focuses only
on contextual sparsity. Table 4.3 shows that HDI-based abstention is equal or supe-
rior across all datasets. This supports the interpretation of i(x,y) as a meaningful
reliability signal rather than a mere artifact of posterior sampling. In applications
where anomalous decisions are costly, the model could defer high-uncertainty cases
for expert inspection, an idea closely related to the reject-option perspective studied
in anomaly detection (Perini and Davis, 2023).

A complementary analysis studies whether the width of the HDI indeed tracks
contextual sparsity. We compute context-only anomaly scores using IForest, LOF,
and HBOS, and then measure their ordinal association with i(x,y) through the
weighted Kendall’s tau statistic of Shieh (1998). Weighted Kendall’s tau is use-
tul here because it emphasizes agreement near the top of the ranking, where
uncertainty-driven abstention would matter most. The positive correlations re-
ported in Table 4.4 show that HDI width increases in sparse contextual regions,
as intended. At the same time, the correlations are not perfect, indicating that the
interval does not simply collapse to a context-rarity detector: it remains tied to the
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Table 4.2: Average (+ std) ROC AUC and PR AUC across five independent anomaly injections, each evaluated with 5-fold
cross-validation.

Abalone Concrete SynMachine Toxicity Yacht

Method | ROC AUC PRAUC | ROCAUC PRAUC | ROCAUC PRAUC | ROCAUC PRAUC |ROCAUC PRAUC

NS 0.96 = 0.01 0.65 + 0.04 | 0.89 £ 0.02 0.60 £ 0.01 | 1.00 £ 0.00 1.00 £ 0.00 | 0.92 = 0.02 0.67 &= 0.04 | 0.97 = 0.02 0.88 =+ 0.06
NSpom | 0.95£0.03 0.64 £0.06 | 0.86 &+ 0.02 0.52 & 0.03 | 1.00 £ 0.00 1.00 + 0.00 | 0.92 £ 0.02 0.63 & 0.05 | 0.95 + 0.01 0.57 &+ 0.06
Z-score |0.95+0.01 0.57 £0.06 | 0.86 + 0.03 0.55 + 0.04 | 1.00 £ 0.00 1.00 £ 0.00 | 0.91 +0.02 0.57 +0.05 | 0.82 = 0.04 0.53 £ 0.09
Altman | 0.95£0.01 048 £0.05|0.87 £ 0.03 0.58 & 0.06 | 0.99 £ 0.01 0.96 +0.03 | 0.91 £ 0.02 0.61 £ 0.03 | 0.81 & 0.05 0.59 & 0.11
QCAD [0.90+0.01 0.28 +0.04 | 0.93 £ 0.02 0.64 £ 0.04 | 0.98 + 0.01 0.96 4 0.02 | 0.86 £ 0.01 0.45 £ 0.07 | 0.96 & 0.03 0.85 & 0.11
ROCOD | 0.93 +0.01 0.40 +0.05 | 0.79 £0.02 0.34 £ 0.05 | 0.90 &+ 0.04 0.79 4 0.08 | 0.84 £ 0.03 0.46 £ 0.07 | 0.78 = 0.03 0.31 £ 0.05
IForest |0.77 +0.01 0.0540.01 | 0.62 £ 0.02 0.08 £ 0.02 | 0.83 & 0.03 0.33 & 0.06 | 0.71 £ 0.05 0.10 £ 0.02 | 0.79 & 0.06 0.32 & 0.10
LOF 0.92 +0.00 0.39 +0.03 | 0.49 £0.06 0.06 £ 0.01 | 0.92 4+ 0.02 0.78 4+ 0.04 | 0.61 £ 0.05 0.08 £ 0.02 | 0.71 4 0.04 0.20 & 0.04
HBOS | 0.67 £0.01 0.04 £0.00 | 0.74 + 0.05 0.27 4+ 0.05 | 0.67 £ 0.03 0.26 £+ 0.04 | 0.69 & 0.04 0.10 & 0.02 | 0.76 £ 0.05 0.34 £ 0.08
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Table 4.3: ROC AUC and PR AUC after abstaining on the 5% most uncertain test
instances, either using the HDI width i(x,y) or a contextual Isolation Forest.

Dataset Abstain using i(x,y) | Abstain using IForest

ROC AUC PR AUC | ROC AUC PR AUC
Abalone 0.97 0.71 0.96 0.66
Concrete 0.92 0.65 0.86 0.55
SynMachine 1.00 1.00 1.00 1.00
Toxicity 0.95 0.74 0.92 0.70
Yacht 1.00 0.95 0.97 0.87

conditional modeling problem.

Yicjwijsgn|[(xi — xj) (yi — ;)]
w — . 4.7
T W (4.7)

Table 4.4: Weighted Kendall’s tau between HDI width i(x,y) and context-only
anomaly scores. Positive values indicate that uncertainty concentrates in sparse
contextual regions.

Dataset IForest LOF HBOS
Abalone 0.71 0.66 0.62
Concrete 0.66 0.66 0.64
SynMachine  0.65 0.62 0.60
Toxicity 0.73 0.68 0.63
Yacht 0.68 0.70 0.65

We also test the sensitivity of the framework to two practical modeling choices:
the covariance family and the number of inducing points. Replacing the default
Rational Quadratic covariance with Matérn 5/2 or RBF produces only minor
changes in the expected score and the interval width. Likewise, increasing the
inducing-point ratio beyond 5% yields only modest changes in the score statistics
while substantially increasing training time. These experiments do not prove that
kernel choice is irrelevant in general, but they do show that the main benefits of NS
come from the probabilistic formulation itself rather than from delicate covariance
tuning. In that sense, the framework is robust in practice.

Table 4.5: Impact of covariance-family choice on NS statistics.

Kernel comparison AE[NS] Ai(x,y)
Matérn 5/2 vs RQ 0.07 0.02
RBF vs RQ 0.04 0.01




58 Normalcy score for contextual anomaly detection

Table 4.6: Effect of the inducing-point ratio on score stability and training time.

Inducing-point ratio AE[NS] (vs. 5%) Training time

5% — ~10 min
10% 0.06 ~40 min
20% 0.10 ~70 min

4.5 Discussion

Several conclusions follow from these experiments. First, contextual anomaly detec-
tion should be understood as conditional normalcy assessment rather than joint
outlier detection. This may sound like a semantic distinction, but the empirical
comparison shows that it has immediate practical consequences. Methods that
ignore the distinction between contextual and behavioral variables underperform
consistently, not because they are poorly engineered, but because they solve a
different problem. Second, simple statistical baselines remain unexpectedly strong.
The competitiveness of the classical Z-score and of Altman’s heteroscedastic cor-
rection suggests that CAD research benefits from maintaining a close connection
with the older literature on reference values and standardization. Third, and most
importantly, uncertainty matters. NS provides not only a score, but also a reliability
signal that can support abstention and more cautious decision-making.

The chapter is methodological by design, but it is motivated by domains where
these properties are especially valuable. One such domain is the assessment
of aortic diameters using echocardiographic reference equations (Frasconi et al.,
2021), where the stakes of miscalibrated normalcy judgments are clinically relevant
(Isselbacher et al., 2022). Rather than presenting that application here, the next
chapter specializes the same probabilistic logic to a Bayesian reformulation of the
aortic Z-score. The separation is intentional: the present chapter establishes the
general CAD methodology, while the next chapter develops the domain-specific
clinical tool.

There are also several technical directions for further development. Extending
NS to vector-valued behavioral variables would enable the detection of anomalies
that are only visible at the multivariate level, even when each scalar component
appears individually normal. Multi-output Gaussian processes (Bonilla et al., 2007)
provide one principled route, while Wishart-process constructions (Heaukulani and
van der Wilk, 2019) offer a way to model context-dependent covariance structure
more explicitly.

Overall, NS can be read as a Bayesian extension of Z-score reasoning to contex-
tual anomaly detection. It preserves the interpretability of standardized residuals,
models heteroscedasticity directly, and explicitly separates variability in the data
from uncertainty in the model. By doing so, it turns anomaly scoring into a
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reliability-aware process rather than a purely point-valued ranking.






Chapter 5

More reliable assessment of aortic
diameters

5.1 Clinical background and motivation

Thoracic aortic dilatation is clinically relevant because it is associated with adverse
outcomes, including dissection, rupture, progressive valvular dysfunction, and
the need for prophylactic surgery (Kim et al., 2016; Asch et al., 2019; Ricci et al.,,
2021). In routine care, the first-line modality for monitoring proximal aortic size
is transthoracic echocardiography (TTE), thanks to its wide availability, favorable
safety profile, and relatively low cost (Lancellotti et al., 2013; Campens et al., 2014).
Yet the interpretation of aortic diameters is not straightforward: a raw measurement
can only be understood in relation to patient context, because age, sex, height,
weight, body surface area (BSA), and body mass index (BMI) all affect what should
be considered physiologically normal (Roman et al., 1989; Devereux et al., 2012;
Campens et al., 2014; Lopez et al., 2017; Frasconi et al., 2021). The construction of
age-related reference ranges is not a minor statistical detail, but a prerequisite for
meaningful clinical use (Altman, 1993; Colan, 2013; Curtis et al., 2016).

An additional practical issue is that currently available reference tools are
fragmented. Some studies report limits only at a single aortic level, others provide
nomograms rather than patient-specific calculators, and several are restricted to
pediatric or adult age ranges only (Campens et al., 2014; Cantinotti et al., 2017;
Frasconi et al., 2021). As a consequence, clinicians may need to switch between
partially overlapping tools across follow-up, especially in transitional age ranges,
and this can introduce inconsistencies that are methodological rather than biological.
A more flexible probabilistic formulation is attractive not only because it improves
statistical modeling, but also because it offers a route toward a single, coherent
framework for normalcy assessment across heterogeneous patient profiles.

In current practice, this contextual interpretation is typically summarized
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through the Z-score, which measures how many standard deviations a diameter lies
above or below its expected value for a patient with a given set of characteristics.
This tool is attractive because it converts a heterogeneous clinical problem into an
immediately interpretable number. However, the apparent simplicity of the Z-score
conceals strong modeling assumptions. Most available calculators are derived from
linear regressions estimated on healthy reference cohorts and use a single residual
scale to standardize all patients (Campens et al., 2014; Cantinotti et al., 2017; Patel
et al., 2022a). Such an approach is convenient, but it may become unreliable when
the relationship between context and diameter is nonlinear, when the variability of
normal diameters changes across the covariate space, or when the reference data
provide weak support for specific patient profiles (Mawad et al., 2013; Colan, 2013;
Curtis et al., 2016).

These issues are especially relevant in patients at increased risk of aortopathy,
such as subjects with Marfan syndrome and related disorders or with bicuspid
aortic valve (BAV) (Fernandes et al., 2012; Ricci et al., 2021). In such populations,
management decisions often depend on repeated measurements near clinically
meaningful thresholds. A point estimate alone may be insufficient; clinicians would
benefit from knowing not only whether the score is above a threshold, but also
whether that conclusion is well-supported by the available reference data. This
observation connects the problem to the broader literature on contextual anomaly
detection, where the question is not whether an observation is globally rare, but
whether it is unusual given its context (Song et al., 2007; Chandola et al., 2009; Li
and van Leeuwen, 2023). Within this view, the diameter is the behavioral variable,
while age, sex, and body-size descriptors constitute the context.

The goal of this chapter is to reformulate the echocardiographic Z-score in
Bayesian terms while preserving its familiar clinical semantics. The key idea is
simple: rather than computing a deterministic number from a fixed mean prediction
and a global residual scale, we model the conditional distribution of aortic diameters
with a heteroscedastic Bayesian regressor and propagate uncertainty to the score
itself. The result is a Bayesian Z-score characterized by two outputs: an expected
Z-score, which maintains continuity with current clinical practice, and a highest-
density interval (HDI), which quantifies how reliable that score is for the patient
under examination.

5.2 From classical to Bayesian Z-score

Let x* € RY denote the patient context and let y* € R be the aortic diameter
measured at a fixed anatomical level. In the most general case, the classical Z-score
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can be written as

Yy —m(xY)
chassm - s(x*) ’ (5.1)

where m(x*) and s(x*) denote the expected diameter and the corresponding stan-
dard deviation for a patient with context x*.

In current echocardiographic practice this quantity is often implemented through
deterministic reference equations, typically linear regressions with transformed
covariates and a single global residual scale (Roman et al., 1989; Devereux et al.,
2012; Campens et al., 2014; Lopez et al., 2017; Martinez-Millana et al., 2018; Patel
et al., 2022a). This is clinically convenient, but it hides three limitations that are
particularly relevant for aortic assessment.

First, the dependence of aortic diameter on age and body size is not fully
linear. Growth is rapid in childhood, then progressively saturates in adulthood, and
related nonlinear effects have also been reported for anthropometric descriptors
such as BSA and BMI (Daubeney et al., 1999; Chubb and Simpson, 2012; Campens
et al., 2014; Sluysmans and Colan, 2016). Classical calculators partially address this
issue through transformations or subgroup-specific models, but these remedies
remain somewhat ad hoc and may create discontinuities across age ranges or model
families (Box and Cox, 1964; Gautier et al., 2010; Campens et al., 2014).

Second, the variability of normal diameters is itself context-dependent. In
other words, the spread of physiologic values is not constant across childhood,
adulthood, sex, and body-size profiles. A homoscedastic score based on a single
RMSE therefore averages together situations with genuinely different variability
and may overestimate or underestimate the dispersion that should be expected for
a given patient (Goldstein, 1972; Altman, 1993; Chubb and Simpson, 2012; Mawad
et al., 2013).

Third, and most importantly for the present application, standard calculators
do not communicate epistemic uncertainty. Even if the expected value and the
residual variability were modeled correctly, the resulting score would still be less
reliable for patient profiles that are weakly represented in the healthy reference
cohort. This point matters in practice because reference datasets are rarely uniform
across the whole age-body-size space: young children, very large or very small
subjects, and atypical anthropometric combinations are typically less represented
than middle-range adult profiles. When a patient falls in one of these regions, a
point score alone can give a false sense of precision (Kiureghian and Ditlevsen,
2009; Kendall and Gal, 2017; Zhou et al., 2022).

For this reason, in this chapter we do not introduce a new score from scratch,
but specialize the normalcy score framework described in Chapter 4 to the clinically
established problem of aortic normalcy assessment. The general mathematical
construction has already been presented there. Here, the important point is how
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that framework is instantiated for echocardiography.

From the viewpoint of contextual anomaly detection, age, sex, height, and
weight play the role of contextual variables, whereas the aortic diameter is the
behavioral variable. A patient should not be considered abnormal because they are
tall, young, or have an unusual body size; the question is whether the measured
diameter is unexpectedly large given that context. This is exactly the setting in
which the normalcy score perspective is preferable to standard anomaly detection
on the joint space.

The Bayesian Z-score is obtained by modeling the conditional distribution of
healthy aortic diameters with the same heteroscedastic Gaussian-process machinery
introduced for NS, and then propagating posterior uncertainty to the score. In this
application, the score remains fully aligned with the clinical language of Z-scores: it
still quantifies how unexpected a diameter is relative to a patient-specific reference,
but it additionally reports whether that judgment is well supported by the available
healthy data.

To keep the notation consistent with the original paper, we denote by Z the
patient-specific random score induced by posterior uncertainty in the predictive
model, by BZ = [E[Z] its posterior expectation, and by I[Z] its 95% highest-density
interval (HDI) (Kruschke, 2015). In practical terms, BZ is the number that most
directly replaces the conventional Z-score, whereas I[Z] provides the clinically
missing information about reliability. A narrow interval indicates that the reference
model is well supported around the patient’s context; a wide interval indicates that
the score depends on regions of the covariate space where healthy examples are
sparse.

This distinction is especially useful near the standard decision threshold of
Z = 2. Two patients may have a similar expected score, yet require different
interpretations because one lies in a well-covered region of the reference population
while the other lies in a poorly supported one. The first case may justify a confident
classification; the second should instead be regarded as borderline, not because the
diameter itself is necessarily less concerning, but because the supporting evidence
from the reference cohort is weaker. In this sense, the Bayesian reformulation
improves the clinical usability of the Z-score less by changing its semantic meaning
than by clarifying when that meaning is trustworthy.

We use a heteroscedastic Gaussian-process regressor because it addresses the
three shortcomings discussed above within a single probabilistic model: it can
capture nonlinear trends without committing to rigid parametric transformations,
it allows the dispersion of normal diameters to vary across the covariate space,
and it exposes epistemic uncertainty through posterior intervals on the score. We
also retain the same patient-level reporting strategy of the paper, namely the pair
(BZ, I[Z]), because it maps naturally onto the clinical workflow: clinicians can still
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reason in terms of a familiar scalar Z-score, but they are also informed when the
score is fragile.

A further application-specific advantage of this formulation is that it supports
comparison between different input representations without changing the clinical
output. In particular, one can either follow the traditional route and summarize
body size through BSA or use height and weight as separate covariates. The
latter option is attractive because two patients with the same BSA may still differ
substantially in body habitus, and a flexible nonparametric model can, in principle,
exploit this additional information. In contrast, classical calculators are usually tied
to a single handcrafted representation of body size.

Finally, this formulation makes explicit why merging partially complementary
healthy cohorts can be beneficial. Increasing the size of the reference population is
not useful only because it may slightly improve predictive accuracy; more impor-
tantly, it reduces epistemic uncertainty in regions of the covariate space that would
otherwise remain poorly supported. For an application such as aortic monitoring,
where follow-up decisions are often driven by borderline measurements, this is
arguably the main practical gain of the Bayesian approach.

5.3 Data and evaluation protocol

The model was trained on a merged healthy reference population obtained by
unifying two previously published echocardiographic cohorts, here denoted by D
and D, (Campens et al., 2014; Frasconi et al., 2021). The first cohort recruited healthy
individuals aged at least one year at Ghent University Hospital between 2008 and
2013; the second collected healthy subjects aged at least five years from pediatric
and adult cardiology services in Florence, Trieste, and Altavilla Vicentina between
2013 and 2017. Recruitment, exclusion criteria, and measurement conventions
followed the original studies. After harmonizing units, measurement sites, and
covariate definitions, the two cohorts were treated as a single reference population.
This pooling step is not merely convenient for sample size reasons. It is also
methodologically important because the Bayesian formulation makes visible how
reference coverage affects epistemic uncertainty: merging partially complementary
cohorts enlarges the portion of the age-body-size space where the score is supported
by nearby healthy subjects and reduces the number of contexts in which the model
must effectively extrapolate.

Comprehensive transthoracic Doppler echocardiography was performed with
commercially available phased-array systems according to a predefined protocol for
acquisition, storage, and measurement. Parasternal long-axis views were optimized
at four aortic levels: annulus, sinuses of Valsalva (SoV), sinotubular junction, and
proximal ascending aorta (AA). The largest diameters were measured at end-
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Table 5.1: Baseline characteristics of the healthy reference population (N = 1,947).
Values are median [interquartile range].

Variable Total Male Female
Age [years] 37 [17-53] 24 [16-48] 43 [24-56]
Height [cm] 167 [158-174] 173 [164-180] 163 [157-168]
Weight [kg] 64 [53-75] 70 [55-80] 60 [52-69]
BSA [m?] 1.7 [1.5-1.9] 1.9 [1.6-2.0] 1.6 [1.5-1.8]
BMI [kg/mz] 22.6 [19.7-25.7] 23.0 [19.6-25.9] 22.3 [19.8-25.5]
SoV diameter [mm] 29 [26-32] 30 [27-33] 28 [25-31]
AA diameter [mm)] 28 [25-31] 28 [25-31] 28 [25-32]

diastole, perpendicular to the aortic axis, using the leading-edge to leading-edge
technique except at the annulus. For the present study, we focused on SoV and AA
because these levels are central to clinical monitoring and were available in both
healthy and at-risk cohorts (Campens et al., 2014; Frasconi et al., 2021). Height and
weight were recorded at the time of TTE, BMI was computed as weight/ heightz,
and BSA was calculated according to the Du Bois formula.

The merged reference population comprised N = 1,947 healthy subjects aged
1-89 years, thereby covering childhood, adolescence, adulthood, and older ages.
Its baseline characteristics are summarized in Table 5.1. The value of the merged
cohort is not merely statistical. It provides broader demographic coverage than
each source alone, and it makes epistemic uncertainty clinically visible: even after
pooling data, some combinations of age and body size remain underrepresented,
which is precisely where a reliability-aware score is most useful.

For independent clinical validation, we evaluated two at-risk cohorts that had
not undergone aortic surgery. The first cohort consisted of 117 subjects with Marfan
syndrome and related disorders, diagnosed according to revised Ghent criteria and
confirmed by the identification of a pathogenic or likely pathogenic variant in one of
the main aortopathy-associated genes. These patients were prospectively evaluated
at Ghent University Hospital between March 2024 and September 2025. The second
cohort consisted of 351 subjects with BAV previously described by Frasconi et al.
(2021). Both studies were conducted according to the Declaration of Helsinki,
and participants provided written informed consent. These cohorts are clinically
meaningful because they represent situations in which threshold-based decisions
are common, and underestimation of dilatation may have direct implications for
follow-up and management.

We considered four complementary analyses.

First, we compared the prevalence of dilatation defined as Z > 2 under the
Campens calculator and under the Bayesian Z-score, explicitly reporting straddle
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Table 5.2: Prevalence of aortic dilatation (Z > 2) in Marfan and BAV patients
according to Campens’ Z-score and the proposed Bayesian Z-score, for the sinuses
of Valsalva (SoV) and ascending aorta (AA). “Straddle” denotes cases whose 95%
HDI crosses the clinical threshold.

SoV AA
Cohort Campens Bayesian Straddle | Campens Bayesian Straddle
BAV 33.6% 35.6% 1.7% 64.7% 68.9% 0.9%
Marfan  53.0% 63.2% 7.7% 15.9% 16.8% 3.5%

cases, i.e., patients whose 95% HDI crossed the threshold.

Second, we assessed predictive accuracy on the healthy reference set by 5-fold
cross-validation, comparing mean absolute error (MAE) and RMSE between the
Campens model and Bayesian variants with different input sets.

Third, we visualized patient-level agreement and disagreement between the
classical and Bayesian scores in the BAV and Marfan cohorts.

Fourth, we mapped the width of the Bayesian HDI across grids of age and BSA
for fixed diameters, to localize where the reference model is reliable and where it is
not.

5.4 Results

Prevalence of dilatation in at-risk cohorts. Table 5.2 reports the prevalence of
aortic dilatation in the BAV and Marfan cohorts according to the Campens Z-
score and the Bayesian Z-score, for SoV and AA. In both cohorts, the Bayesian
score identifies at least as many positive cases as the classical calculator, and often
more. The difference is especially evident for Marfan patients at the sinuses of
Valsalva, where the Bayesian score yields a noticeably larger fraction of Z > 2 cases.
Importantly, the table also reports the percentage of straddle cases, that is, patients
whose 95% HDI spans the threshold and cannot be interpreted as confidently
normal or confidently abnormal.

Figure 5.1 complements this result by showing how the positive sets of the
Campens and Bayesian methods overlap. The Bayesian Z-score detects additional
positives, but it also makes explicit which of these belong to the epistemically
uncertain region through the straddle annotation. This is a practical distinction:
the method does not simply “increase sensitivity” in the abstract, but highlights
where the increase is supported by confident estimates and where it should instead
trigger cautious interpretation.

Nonlinearity, heteroscedasticity, and predictive accuracy. Figure 5.2 compares
the predicted mean diameter versus age obtained from the classical Campens model
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Figure 5.1: Overlap between patients classified as dilatated by the Campens calcula-
tor and by the Bayesian Z-score in the BAV and Marfan cohorts, for both SoV and
AA. Parenthesized numbers denote straddle cases, i.e., patients whose 95% HDI
crosses the decision threshold.

and from the heteroscedastic Gaussian-process regressor underlying the Bayesian
Z-score. The two approaches recover a remarkably similar overall shape: rapid
growth during childhood and adolescence followed by a plateau in adulthood. This
provides empirical support for the long-standing use of logarithmic transformations
in conventional equations. At the same time, however, the Bayesian model reveals a
feature that the classical calculator cannot expose, namely the fact that predictive
variability changes with age and sex. The shaded bands are narrower in some
regions and wider in others, directly illustrating heteroscedasticity.

The corresponding cross-validated prediction errors are reported in Table 5.3.
The Bayesian approach matches or slightly improves on the Campens baseline in
terms of MAE and RMSE, and a small additional gain is observed when height
and weight are used as separate covariates instead of being compressed into BSA.
The numerical improvement is modest, which is itself an informative result: the
main value of the Bayesian formulation is not only lower error, but the fact that
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Figure 5.2: Predicted mean aortic diameter versus age in the healthy reference
population, stratified by sex. Orange curves correspond to the Campens model, blue
curves to the heteroscedastic Gaussian-process regressor underlying the Bayesian
Z-score, and shaded areas denote one predictive standard deviation.

Table 5.3: Cross-validated prediction error on the healthy reference set for three
models. Results are reported separately for SoV and AA. MAE = mean absolute
error; RMSE = root-mean-square error, both in mm.

SoV AA
Model MAE [mm] RMSE [mm] MAE [mm] RMSE [mm]
Campens (BSA) 2.15 2.75 2.16 2.81
Bayesian GP (BSA) 2.14 2.75 2.15 2.80
Bayesian GP (Height + Weight) 2.13 2.73 2.14 2.79

similar accuracy can be achieved while simultaneously providing patient-specific
uncertainty quantification.

Patient-level relevance of epistemic uncertainty. Figure 5.3 shows expected
Bayesian Z-scores and their HDIs for individual patients in the BAV and Mar-
fan cohorts, ordered by increasing Campens score. HDI width varies substantially
across patients, which means that the same point score can have very different
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Figure 5.3: Expected Bayesian Z-score (black dots) and 95% HDI (blue bars) versus
the Campens Z-score (green) across the two pathological cohorts and two anatomical
levels. Bars colored in red correspond to patients with BZ > 2 and Campens< 2,
whereas orange bars indicate the opposite case. Intervals crossing the threshold
identify straddle cases.

reliability depending on the context. Straddle cases are clinically interpretable: they
identify patients who sit close to the decision threshold but for whom the reference
data are insufficiently informative to support a definitive call.

The same message is conveyed in a more explicit way by Figure 5.4: in one
patient, the score is borderline, and the interval overlaps the threshold, whereas in
the other the interval is narrow and the conclusion is stable. From the viewpoint of
clinical decision support, this distinction is exactly the added value of the Bayesian
reformulation.

Where the model is reliable. Finally, Figure 5.5 maps the length of the 95%
HDI across a grid of age and BSA values for fixed diameters, separately by sex
and anatomical level. Blue regions correspond to contexts where the score is
strongly supported by healthy reference data; red regions indicate age and body-
size combinations for which the reference population is sparse, and the posterior



5.5 Discussion 71

Age: 26.68 Height (m):  1.93 Weight (kg): 114 SoV (mm): 40 AA (mm): 30 Sex: Male v
Z-score SoV AA

Campens 1.73 0.09

Bayesian | 201[1.87,216] | 0.30[010,0.49] | -

Age: 62.75 Height (m):  1.60 Weight (kg): 60 SoV (mm): 38 AA (mm): 38 Sex: Female v
Z-score  SoV AA

Campens 2.34 2.47

Bayesian  2.33[2.31,2.36] 2.46 [2.43,2.48]
95% HDI

Figure 5.4: Examples of Bayesian Z-score outputs for two patients. Besides the
expected score, the method reports a 95% HDI. The upper example illustrates a
borderline case whose interval overlaps the conventional decision threshold; the
lower example shows a confidently abnormal case with a narrow interval entirely
above threshold.

over the score is correspondingly diffuse. The maps show that epistemic uncertainty
concentrates at the boundaries of the design space, for example, in very young
children, older adults, and extreme body-size profiles. This observation has two
implications. Scientifically, it validates the intuition that uncertainty is tied to
coverage. Clinically, it suggests where additional healthy data would most improve
the reliability of future calculators.

5.5 Discussion

This chapter translated the probabilistic normalcy-assessment logic introduced
earlier in the thesis into a clinically familiar interface for aortic monitoring. The
Bayesian Z-score preserves the intuitive interpretation of the conventional Z-score
while addressing three limitations that have long been recognized in the echocardio-
graphic literature: linearity assumptions, homoscedastic residual variance, and the
lack of any explicit representation of model uncertainty (Mawad et al., 2013; Colan,
2013; Curtis et al., 2016). The empirical results indicate that this reformulation is
not only statistically appealing but clinically meaningful. In the Marfan and BAV
cohorts, the method identifies a slightly larger prevalence of dilatation and, more
importantly, distinguishes confidently abnormal cases from borderline cases that
should be interpreted with caution.

The relationship with the previous chapter is straightforward: the Bayesian
Z-score is not a different principle from the normalcy score, but a domain-specific
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Figure 5.5: Heatmaps of the 95% HDI length of the Bayesian Z-score as a function
of age and BSA for fixed diameters. Cooler colors indicate more concentrated
posteriors and lower epistemic uncertainty; warmer colors indicate contexts where
the score is less reliable because the reference data provide weaker support.
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instantiation expressed in the language that clinicians already use. The expected
value of the score preserves continuity with existing practice, whereas the HDI adds
a reliability layer that standard calculators fail to provide. In this sense, the chapter
illustrates how a general uncertainty-aware scoring principle can be specialized
into a clinically deployable decision-support tool.






Chapter 6

Few-shot image source attribution
using tiny autoencoders

6.1 Motivation

This chapter is intentionally positioned as a methodological complement to the
core contributions of the thesis. Its application domain is multimedia forensics
rather than clinical decision support, and the final goal is not anomaly detection in
the strict sense but few-shot source attribution. Nevertheless, the chapter reuses
a key modeling primitive that recurs throughout the thesis: learning a compact
representation and turning reconstruction residuals into an informative score.
In Chapter 3, reconstruction-based and one-class models are used to quantify
deviation from physiological regularity; here, a bank of compact autoencoders is
used to quantify how well an image patch conforms to the characteristic output of
a candidate generator.

The methodological interest of this study is twofold. First, it shows that
reconstruction-error-based pipelines remain effective even when the downstream
task is no longer “normal versus abnormal” but multiclass attribution under severe
data scarcity. Second, it highlights a deployment regime that is also relevant for
biomedical machine learning: limited data per class, limited computational budget,
and the need to extend a trained system when new classes appear. In this sense,
the chapter does not broaden the clinical claims of the thesis; rather, it reinforces
the more general lesson that compact reconstruction models can provide stable and
interpretable scoring mechanisms across heterogeneous domains.

Generative models based on GANs and diffusion have made it trivially easy
to produce photorealistic images from text prompts (Goodfellow et al., 2014; Ho
et al., 2020; Rombach et al., 2022). While this democratization of content creation
enables many positive applications, the same technology can be misused to dis-
seminate misinformation and propaganda. In situations where the generating

75
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model is unknown, the ability to attribute a synthetic image to its source can help
investigators trace the origin of malicious content and understand its provenance.
Existing attribution techniques generally fall into two categories: (i) white-box
methods, which assume access to the generator’s architecture and weights, and
(ii) black-box approaches that learn to classify generated images without access to
the model. Both approaches face practical obstacles. White-box assumptions rarely
hold in the wild because most models are proprietary. Black-box methods, includ-
ing state-of-the-art CLIP-based (Radford et al., 2021) detectors such as DE-FAKE
(Sha et al., 2023), require hundreds of training examples per generator, consume
hundreds of millions of parameters, and must be retrained from scratch when
new models appear. As the number of private generative models grows, these
limitations threaten the scalability and deployability of passive forensics systems.

At the same time, forensic analysts are often constrained by tight time and data
budgets: newly observed generators may only produce a handful of accessible
samples before they evolve or disappear, and any attribution pipeline must integrate
smoothly with downstream review processes. In such low-resource conditions,
architectural simplicity and modularity are not only desirable but necessary. A
method that can be extended to accommodate new sources without catastrophic
interference, while maintaining competitive accuracy from very few examples,
would substantially improve the time-to-deployment of operational systems.

This chapter describes a modular framework for few-shot source attribution. The
method pretrains a small decoder on natural images and, for each generator, learns
a compact encoder from only a handful of synthetic samples. The reconstruction
error produced by each encoder-decoder pair forms a discriminative feature vector,
which is fed to a lightweight SVM (Cortes and Vapnik, 1995) for classification.
Beyond improving accuracy, this strategy reduces memory footprint and simplifies
maintenance: adding a new generator amounts to training a tiny encoder and
updating the final classifier, leaving the shared decoder and previously learned
encoders untouched.

This design yields three key advantages: (a) state-of-the-art accuracy in few-shot
settings; (b) graceful scaling as the number of candidate models grows; and (c)
robustness to common post-processing such as JPEG compression and resizing.

6.2 Methodology

A base autoencoder (Ey, D) is first trained on a large corpus of natural images to
capture general image statistics. The encoder Ey maps non-overlapping 64 x 64
patches to a latent space, and the decoder D reconstructs the patches. After
pretraining, the decoder D is frozen and reused for all subsequent tasks. For each
generative model 7 in a given forensic scenario, a dedicated encoder E; is trained on
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Figure 6.1: Schematic overview of our method. A base autoencoder (Ey, D) is
trained on natural images. The decoder D is then frozen and shared by model-
specific encoders E; trained on a few images generated by model i. Reconstruction
errors produced by each (E;, D) form a feature vector for a linear SVM classifier.

a few generated images while keeping D fixed. The resulting autoencoder (E;, D)
learns to approximate the distribution of patches emitted by generator i with only a
handful of examples, leveraging the strong prior encoded in D to avoid overfitting.
Figure 6.1 illustrates this design.

While conceptually simple, this split between a shared decoder and model-
specific encoders has two important consequences. First, it enforces a common
reconstruction space across classes: all encoders must learn codes that the same D
can decode well. This regularization discourages trivial memorization and reduces
drift when only a few class-specific samples are available. Second, it enables
class-incremental updates with negligible interference: new encoders are trained in
isolation, and D is never altered once pretrained.

Given an input image x, we extract a set of non-overlapping patches S(x) and se-
lect a subset of high-entropy patches Sg(x). For each encoder E;, the reconstruction
error over Sg(x) is

ri(x) = Y |lx- D(E)|* (6.1)

ISEM)] £ 57

Collecting the errors from k encoders yields a feature vector r(x) =
(r1(x),...,me(x)). A linear SVM trained on these features performs the fi-
nal attribution. The modularity of this architecture allows new classes to be
incorporated by training only a new encoder Ej 1, while keeping D and existing
encoders unchanged.

Entropy-based patch selection. Patches extracted from synthetic images exhibit
varying degrees of discriminative content. Smooth backgrounds or flat regions
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contain little information about the generator, whereas textured areas often reveal
subtle artefacts arising from upsampling filters, denoisers, or color processing.
Our method selects only the 16 patches per image with the highest entropy for
training and inference. This simple preselection acts as a signal-to-noise booster:
by excluding low-information regions, the autoencoders receive truly informative
content and converge more stably in the few-shot regime.

Two entropy definitions are considered:

¢ Shannon entropy of the pixel intensity histogram of a patch. High Shannon
entropy corresponds to large intensity variability and tends to identify com-
plex textures and edges. It is inexpensive to compute and works well even
when the number of training images is extremely small.

* GLCM entropy, defined as the average Shannon entropy of gray-level co-
occurrence matrices computed over a set of spatial offsets. Given a quantized
grayscale patch I and offsets (2, the GLCM entropy is

HGLCM = Z Z P l] IOgP( )(,]), (62)
|Q| AcQ)i,j=1

where P() (i, j) is the probability that gray levels i and j occur at relative offset
A. This measure emphasizes second-order texture patterns and has been used
in the image analysis literature (Haralick et al., 2007). In practice, it tends to
prioritize micro-textures that survive mild downsampling and compression,
which is advantageous for robustness.

Training details. The base autoencoder (Ey, D) is pretrained on the Flickr30k
dataset (Plummer et al., 2016) using the mean squared reconstruction loss. Model-
specific encoders are trained with the Adam optimizer (learning rate 10~2) for
1000 epochs on the selected patches of a few generated images. At test time, each
image is divided into non-overlapping 64 x 64 patches, the top-entropy patches
are scored by each encoder, and the resulting feature vector is fed to a linear SVM
implemented with scikit-learn. To stabilize training and improve generalization,
only the decoder is frozen and reused; the classifiers are trained from scratch in
each experiment.

6.3 Experimental evaluation

All reported results are averaged over five random splits, and standard deviations
are indicated. Baselines include ResNet50 (He et al., 2016), VGG16 (Simonyan
and Zisserman, 2014), XceptionNet (Chollet, 2017), ViT-B-16 (Dosovitskiy et al.,
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Table 6.1: Few-shot source attribution performance on eight generative models.
Accuracy and macro-F1 are reported as mean =+ standard deviation over five runs.
Our method consistently outperforms the baseline detectors.

Training images per class | 5 10 20
Accuracy | 0.17 £ 0.01 0.20 +0.01 0.24 £+ 0.01
ResNet>0 F1|0.17£0.01 020001 024+ 0.01
VCG16 Accuracy | 0.17 £ 0.01 0.19 = 0.01 0.23 & 0.01
F1|0.17+£0.01 0.19+0.01 0.23 +0.01
XceptionNet Accuracy | 0.15 £0.01 0.16 £0.01 0.19 £0.01
F1|0.12+0.01 0.13+0.01 0.17 +0.01
VIT-B-16 Accuracy | 0.14 £ 0.01 0.16 = 0.01 0.18 £ 0.00
F1|0.14 £0.01 0.15+0.01 0.18 + 0.00
Swin-B Accuracy | 0.15+0.01 0.20 +£0.01 0.25 £ 0.01
F1|015+0.01 0.20+0.01 0.25 =+ 0.01
Swin-T Accuracy | 0.15+0.00 0.17 £ 0.01 0.23 £ 0.01
F1|0.14 £0.00 0.17 £0.01 0.23 +0.01
Accuracy | 0.22 +£0.01 0.30 +=0.01 0.38 & 0.01
DE-FAKE F1|020£0.02 0.29+0.01 0.38+ 0.01
Ours Accuracy | 0.29 +£0.04 0.38 £0.03 0.44 £+ 0.01
F1|0.29 £0.03 0.36 £ 0.03 0.42 & 0.01

2020), Swin-B and Swin-T (Liu et al., 2021), and the CLIP-based DE-FAKE method
(Sha et al., 2023). Across all settings, we emphasize class-balanced accuracy and
macro-F1 to account for potential class imbalance and avoid dominance by easier
classes.

Few-shot source attribution

Table 6.1 compares our method with the baseline detectors when trained on 5, 10,
and 20 images per class. Our method consistently outperforms all competitors.
When only 10 examples are available per model, it achieves 0.38 accuracy and 0.36
macro-F1, whereas DE-FAKE attains 0.30 accuracy and 0.29 macro-F1. The CNN
and Transformer baselines remain below 0.25 accuracy even at 20 shots. These
results confirm that, despite its small parameter count, the reconstruction-error
representation is already sufficiently expressive to separate generators after minimal
supervision. Qualitatively, the remaining misclassifications tend to occur among
architecturally similar diffusion models, which is consistent with their overlapping
artifact distributions.

The few-shot results should be read together with the parameter footprint
reported in Table 6.2. While the strongest baseline, DE-FAKE, relies on a fixed
152M-parameter CLIP backbone, our method remains below one million trainable
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Table 6.2: Trainable parameter count of DE-FAKE and of our method as the number
of registered generators increases. For our method, the total grows linearly because
each new class adds one tiny encoder while the shared decoder is reused.

Number of classes | 2 3 4 5 6 7 8
DE-FAKE 152M  152M 152M  152M  152M  152M  152M
Ours 228k 321k 414k 508k 601k 694k 787k

Table 6.3: Ablation study on the decoder training strategy. Freezing the decoder
after pretraining improves accuracy and F1 compared with finetuning or training

from scratch.

Training images per class ‘ 5 10 20
From scratch Acc. | 026 £0.03 0.34 £0.01 0.41 £+ 0.02
F1 | 025+0.03 0.31+0.02 038+ 0.02
Finetuned decoder Acc. | 026 £0.01 0.34 £0.03 0.40 &+ 0.02
F1 | 026+0.01 0.3240.02 037+ 0.02
Frozen decoder Acc. | 0.29 £0.04 0.38 +0.03 0.44 £ 0.01
F1 |0.29+0.03 0.36+0.03 0.42 £ 0.01

parameters even when eight candidate generators are registered. This compactness
is not an accessory property: it is one of the main reasons why the approach
remains practical in class-incremental scenarios, where new sources may have to be
registered quickly and with very limited compute.

Frozen decoder vs finetuning. Table 6.3 analyses the effect of freezing the decoder
after pretraining versus finetuning or training from scratch. Keeping the decoder
tixed yields the best performance across all data budgets. This highlights the
importance of the shared decoder as a prior: it anchors each encoder to a common
reconstruction space, reducing overfitting when only a few samples are available.
Intuitively, co-adapting the encoder and decoder weakens this anchor, allowing
incompatible codes to emerge across classes; the effect is most evident at 5-10 shots,
where data scarcity exacerbates variance.

Scalability over classes. The class-incremental nature of our method is assessed
by increasing the number of generative models from 2 to 8. Table 6.4 shows that
accuracy decreases gracefully as classes are added, from 0.77 with two models to
0.43 with eight. DE-FAKE likewise degrades but remains worse than our method at
every point. Importantly, the parameter count of our method grows linearly, with
each new encoder adding only about 93k parameters, whereas all baselines remain
monolithic and cannot be extended without retraining. This scaling property is
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Table 6.4: Scalability of our method as the number of classes grows. Accuracy and
F1 are reported for 20 training images per class.

Number of classes ‘ 2 3 4 5 6 7 8

ResNetsg  Acc [ 062 047 039 031 030 027 025
F1|061 047 039 031 030 027 0.25

Acc. | 060 048 038 032 029 026 0.24

veele F1 | 060 047 038 032 029 026 024
NeentionNet AAcc- | 055 041 033 026 025 022 020
P F1 | 053 036 030 021 021 018 0.17
VITB.16 Acc. | 057 039 032 026 023 021 0.19
F1 | 057 039 032 026 023 021 0.19

SwinB Acc. | 0.61 046 038 032 029 027 025
F1 | 061 045 038 032 029 027 0.25

SwinT Acc. | 056 043 034 028 026 025 022
F1 | 056 042 034 028 026 025 0.22

Acc. | 070 0.62 056 047 045 041 040

DE-FAKE F1 | 070 062 056 047 045 040 0.40
Oure Acc. | 077 070 0.61 051 049 043 0.43
F1|0.77 072 061 053 051 045 0.46

pivotal for field deployment: forensic analysts can register a new model with a
short specialization phase that does not affect existing capabilities.

Robustness to post-processing. Synthetic images encountered in practice may
have undergone compression or resizing. The top panel of Figure 6.2 shows
accuracy as a function of JPEG quality factor. Accuracy declines for all methods
as compression increases, but our method maintains a consistent margin over DE-
FAKE. The bottom panel plots accuracy versus resizing scale. DE-FAKE is initially
more robust, yet when our method is trained with simple resizing augmentation
(“20+Aug”), its performance surpasses DE-FAKE at almost all scales. These results
indicate that our method remains competitive under common post-processing and
that robustness can be improved via light augmentation without modifying the
core architecture.

Joint detection and attribution. To jointly detect synthetic images and attribute
them to their source, our method adds an extra encoder E,., trained on natural
images, yielding a feature vector (r1(x),...,7x(x), rrea(x)). Table 6.5 reports results
when classifying nine classes (eight generators plus “real”). Our method achieves
the best detection-and-attribution performance across all shot counts, reaching 0.43
accuracy and 0.41 macro-F1 with 20 examples per class. The model attributes ADM
and GLIDE with high precision, while diffusion models with similar architectures,
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Figure 6.2: Performance of our method (solid lines) and DE-FAKE (dashed lines)
under JPEG compression (left) and resizing (right). The variant “20+Aug” includes
random resizing augmentation during training.
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Table 6.5: Joint detection and attribution performance. Accuracy and F1 are reported
as mean =+ standard deviation over five runs.

Training images per class | 5 10 20
ResNet50 Acc. | 016 +0.01 0.19 + 0.01  0.23 + 0.02
F1|0.15+0.01 019+ 001 023+ 0.02
- Acc. | 016 +0.01  0.19 + 0.00 0.23 + 0.01
F1|0.16 + 001 019 +0.00 0224+ 0.01
NeentionNet Acc. | 0134+ 0.01 0.14 + 0.01 0.17 + 0.01
cepionNe F1|0.10+0.02 012 +0.02 015+ 0.00
VIT-B-16 Acc. | 0134+ 0.00 0.14 + 0.01 0.17 + 0.01
F1|0.13+0.00 0.14+001 017+ 0.01
SwinB Acc. | 014 4+ 0.01 0.17 + 0.01 0.22 + 0.01
F1|0.14+ 001 016 «+001 021 =+ 0.01
SwinT Acc. | 0134+ 0.01 0.16 + 0.01 0.21 + 0.01
F1|0.13+0.00 0.16=+001 021 =+ 0.01
Acc. | 0214+ 0.01 027 +0.02 0.36 + 0.01
DE-FAKE F1 | 020+ 001 026+001 036+ 0.01
Our Acc. | 028 +0.02 033 +0.01 0.43 + 0.03
S F1 | 026+ 0.02 0.32+0.02 041+ 0.04

such as SD-v4 and SD-v5, exhibit greater confusion, reflecting the inherent difficulty
of distinguishing closely related generators.

Impact of GLCM entropy. Table 6.6 compares patch selection based on Shannon
entropy and on GLCM entropy. While both yield comparable performance with 5
shots, the texture-aware criterion offers small but consistent improvements when
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adm 0.015 0.0065 0.029 0.0088 0.0082 0.024 0.015 0.042 0.8
biggan 40.031 | 0.39 0.051 0.17 0.05 0.053 0.18 0.025 0.049 0.7
glide 40.0045 0.028 0.035 0.0043 0.022 0.041 0.009 0.00061 06
midjourney 4 0.02  0.05 = 0.31 0.3 0.033 0.074 0.093 0.041 0.084
0.5
]
Qo
g sdv4 40.011 0.073 0.052 0.18 0.14 0.33 0.062 0.097 0.053
> 0.4
£
sdv5 40.016 0.066 0.065 0.17 0.14  0.35 0.067 0.084 0.045
0.3
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Figure 6.3: Confusion matrix of our method in the joint detection-and-attribution
setting with 20 training images per class. The matrix shows that real images
and several generators are identified reliably, while most residual confusion is
concentrated among closely related diffusion-based models.

Table 6.6: Impact of the entropy criterion on joint detection-and-attribution. GLCM-
based patch selection yields marginal gains at higher shot counts.

Entropy criterion ‘ Metric ‘ Training images per class

| 5 10 20
Shannon Accuracy | 028 +£0.02 033 £0.01 043 +0.03
F1 026 +£0.02 0.32+0.02 041+ 0.04
GLCM Accuracy | 0.28 +0.01 0.37 +0.03 0.44 = 0.02
F1 0.28 +0.02 0.36 +0.03 0.42 = 0.02

more training data are available, reaching 0.44 accuracy and 0.42 macro-F1 at 20
shots.

6.4 Discussion

The results show that compact autoencoders can provide an effective solution for
few-shot source attribution when combined with a shared decoder and a lightweight
discriminative layer. The main strength of the proposed approach lies not only in
its competitive accuracy under severe data scarcity, but also in its modularity: each
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new source can be incorporated by training only a dedicated encoder and updating
the final classifier, without retraining the full system. This property is particularly
relevant in realistic forensic scenarios, where the set of candidate generators evolves,
and rapid adaptation is often more important than maximizing performance un-
der large-scale supervised conditions. The confusion matrix further clarifies the
behavior of the model: real images and several generators are identified reliably,
while the remaining errors are concentrated among visually and architecturally
similar diffusion-based models, where source-specific traces are naturally harder to
disentangle. Robustness experiments under JPEG compression and resizing indicate
that the method remains usable under common post-processing operations, and
that simple task-aligned augmentation can further improve stability. More broadly,
this chapter supports a methodological point that is consistent with the rest of the
thesis: reconstruction-error-based pipelines can remain informative even outside
standard anomaly detection, provided that the reconstruction space is structured to
preserve class-dependent regularities. In this sense, the contribution of the chapter
is not limited to multimedia forensics, but also reinforces the general utility of com-
pact representation-and-score mechanisms in low-data and resource-constrained
settings.



Chapter 7

Conclusions

This thesis addressed a common problem that appears in different forms across car-
diology: how to assess whether an observation is compatible with normality when
labels are scarce, patient populations are heterogeneous, and the consequences
of overconfident decisions can be clinically relevant. The work approached this
problem from two complementary directions. The first direction concerned electro-
gram signals, where normality cannot be described by a simple threshold and must
instead be inferred from data through representation learning and anomaly scoring.
The second direction concerned scalar clinical measurements whose interpretation
depends on patient covariates, and where a useful decision-support tool should
provide not only a score but also an indication of how reliable that score is in
poorly covered regions of the reference population. Although the chapters adopt
different modeling tools, they are connected by a common aspect: normality is
treated as a data-driven concept, scores are preferred to rigid labels, and uncertainty
is considered part of the output rather than an afterthought.

The thesis also included a complementary methodological chapter on tiny
autoencoders for few-shot source attribution of Al-generated images. This chapter
does not extend the clinical claims of the dissertation, yet it is not extraneous to its
methodological core. It shows, in a different domain, that compact reconstruction-
based representations can induce informative scores even when data are severely
limited and when models must be updated incrementally.

7.1 Main findings of the thesis

The first main result of the thesis is that unsupervised deep anomaly detection
can provide a meaningful and practically useful characterization of intracardiac
electrogram morphology. In Chapter 3, reconstruction-based models and one-class
objectives were used to derive anomaly scores directly from atrial EGMs, avoiding
the need for manually assigned labels or manually tuned combinations of hand-
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crafted indicators. The resulting scores were shown to correlate with established
electrophysiological markers such as voltage, fractionation, and duration, while at
the same time yielding spatial maps that are easier to interpret globally than a set
of independent scalar biomarkers. From a clinical perspective, this matters because
electroanatomical mapping is often interpreted through multiple indicators whose
thresholds are partly conventional and whose joint reading can be cumbersome.
The anomaly score does not eliminate the need for clinical interpretation, but it of-
fers a coherent quantitative proxy for morphological abnormality and a potentially
more reproducible substrate-oriented representation.

The second major result is methodological and concerns contextual anomaly
detection. In Chapter 4, normalcy score was introduced as a probabilistic extension
of classical Z-score reasoning. The main conceptual step was to treat the score
itself as a random quantity induced by posterior uncertainty over the predictive
mean and variance. This makes it possible to distinguish between two different
sources of caution that are too often confounded in practice: intrinsic variability in
the measurements and lack of knowledge due to limited or uneven reference data.
By explicitly modeling both components, the method provides not only a central
tendency of the score but also an interval-based description of reliability. This is
important because many contextual anomaly detectors can rank examples, but do
not communicate how much trust should be placed in a given ranking when the
context is poorly supported by data. Normalcy score contributes both a modeling
tool and a decision-support interface: it formalizes abnormality as deviation from
context-dependent normality, and it makes visible when that assessment is itself
uncertain.

The third major result is the translation of this uncertainty-aware viewpoint
into a clinically established workflow. In Chapter 5, the classical Z-score for aortic
diameters was reformulated in Bayesian terms and recast as a distribution rather
than a deterministic number. This shift is modest in appearance but substantial in
interpretation. Conventional Z-scores retain their value because they are simple
and familiar to clinicians, yet they hide an important limitation: they implicitly
assume that the reference equation used to standardize a diameter is itself known
with sufficient precision. In practice, however, the available reference cohorts may
be sparse or imbalanced in clinically relevant regions of the covariate space. The
Bayesian Z-score addresses this limitation by providing both an expected score
and a highest-density interval, thereby warning when the normalcy assessment
is fragile. In the context of aortic surveillance, where decisions are often based
on thresholds and repeated follow-up, this additional information can improve
transparency and reduce the risk of false certainty.

A fourth result, complementary rather than central, concerns the role of
reconstruction-based representations under severe data constraints. In Chapter 6,
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compact autoencoders were used for few-shot source attribution of Al-generated
images. The domain is different, but the methodological lesson is consistent with
the rest of the thesis: reconstruction residuals can be turned into informative
scores when the learned representation is sufficiently constrained and when the
architecture is designed to preserve source-specific information. The chapter also
highlights two practical themes that are relevant beyond multimedia forensics: data
efficiency and modularity. These properties matter in clinical machine learning as
well, where new acquisition settings, devices, or patient subgroups may appear
over time and where retraining a large monolithic model can be impractical.

Taken together, these results support a broader claim. In label-scarce domains,
useful decision-support tools do not necessarily arise from forcing a supervised
labeling problem where labels are unstable or unavailable. They can instead be
built by learning regularity from data, converting deviations from that regularity
into scores, and making explicit when those scores should be trusted.

7.2 Methodological and clinical implications

A first methodological implication of the thesis is that score-based reasoning is
often better suited than hard classification when the target concept is ambiguous.
This is especially true in electrophysiology, where the notion of an abnormal EGM
is not a universally agreed class label but a morphology-dependent judgment
informed by multiple indicators and by spatial context. A score preserves ranking
information, supports threshold selection downstream rather than upstream, and
can be visualized in a way that is compatible with existing clinical workflows.
The same argument applies to aortic normalcy assessment: what matters is not
only whether a diameter crosses a threshold, but also how far it is from expected
normality and how reliable that estimate is.

A second implication concerns uncertainty. In the thesis, uncertainty is not
treated as a mere confidence decoration for a prediction. It has a more structural
role: it tells the user whether the available data justify the interpretation of the
score. This distinction is crucial in medical settings. An uncertain score does not
necessarily indicate an abnormal patient; it may instead indicate that the model
is extrapolating beyond the region where the reference data are informative. By
surfacing this distinction, normalcy score and its application encourage a more
conservative interaction between the model and the clinician. They are not only
predictive tools but also instruments for communicating the limits of data-driven
knowledge.

A third implication concerns deployability. Across the chapters, the methods
were chosen not only for predictive performance but also for their ability to fit
real constraints: limited data, moderate computational budgets, and the need for
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interpretable outputs. This is visible in different ways. The EGM chapter compares
models that produce direct anomaly scores from raw morphology rather than
requiring a large manually engineered feature pipeline. The Bayesian chapters
preserve the familiar language of Z-scores instead of replacing it with an entirely
new abstraction. The tiny-autoencoder chapter shows that useful score-based sys-
tems can remain lightweight and modular even in class-incremental settings. These
choices reflect a broader lesson: in translational machine learning, methodological
elegance must be balanced with the practical conditions under which a system
might actually be used.

From a clinical viewpoint, the thesis suggests that machine learning can con-
tribute most effectively when it complements, rather than replaces, established
reasoning. The EGM anomaly scores do not claim to supplant electrophysiological
expertise; they provide a compact morphology-based lens that can be read along-
side voltage and fractionation maps. Similarly, the Bayesian Z-score does not reject
the clinical culture built around Z-score interpretation; it refines it by exposing
when the underlying reference model is uncertain. In both cases, the goal is not
automation for its own sake, but better-informed decision support.

7.3 Limitations and future perspectives

The thesis also has clear limitations, which should be acknowledged explicitly.
The EGM study is based on a limited number of patients and, as is typical in this
domain, it lacks a universally accepted ground truth for abnormality. Validation
relies on indirect evidence, such as agreement with known biomarkers and spatial
consistency on electroanatomical maps. These are meaningful signals, but they are
not a substitute for large multicenter outcome-based validation. Future work should
investigate whether anomaly-based substrate maps are associated with clinically
relevant endpoints, such as arrhythmia recurrence after ablation or procedural
success.

The contextual normalcy chapters inherit the assumptions of Gaussian-process
modeling. These models are attractive because they are flexible, probabilistic, and
well-suited to low- or moderate-dimensional covariate spaces, but they are not
assumption-free. Their behavior depends on modeling choices and on the quality
and representativeness of the reference data. The interval output of the score makes
some of these limitations visible, but it does not remove them. In future work, it will
be important to examine calibration under dataset shift, multicenter transferability,
and the use of richer covariate sets without losing interpretability.

These limitations point to several promising directions. On the anomaly-
detection side, one natural next step is to integrate morphology-based scores
with spatial information and clinical metadata, so that local waveform anomalies
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can be interpreted relative to patient-specific context. On the normalcy-assessment
side, future work could extend scalar scores toward multivariate and longitudinal
settings, where changes over time may be as important as deviation at a single visit.
More broadly, there is room for decision-theoretic formulations in which thresholds
are chosen not only from statistical criteria but also from explicit clinical costs. Such
developments would move the thesis contributions from score estimation toward
tull risk-aware decision support.

Another promising direction concerns the interaction between anomaly detection
and selective prediction. A score may be informative enough to support ranking,
yet not reliable enough to justify a categorical decision on every patient or signal.
Future models could combine abnormality estimation with explicit abstention
policies, referral-to-expert mechanisms, or acquisition-aware confidence models.
This is particularly relevant in medicine, where the most appropriate output of an
algorithm is sometimes not a recommendation, but a warning that the available
evidence is insufficient for a confident judgment.

The thesis deliberately focused on score construction and interpretation rather
than on large-scale multicenter adaptation. Yet many clinically important sources
of variability arise precisely at that level: electrode properties, filtering pipelines,
scanner settings, institutional referral bias, or center-specific measurement conven-
tions. Understanding how anomaly and normalcy scores behave under such shifts
will be crucial for genuine clinical translation.
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Publications

This chapter lists publications produced during the doctoral programme. The first
group is directly related to the scientific content presented in this thesis. Additional
publications not discussed in the main chapters are listed separately.

Publications directly related to this thesis
Journal papers

1. Luca Bindini, S. Pagani, A. Bernardini, B. Grossi, A. Giomi, A. Frontera, P.
Frasconi, “All-in-one electrical atrial substrate indicators with deep anomaly
detection”, Biomedical Signal Processing and Control, vol. 98, Elsevier, 2024.

https://www.sciencedirect.com/science/article/pii/
S5174680942400795X

Candidate’s contributions: developed deep anomaly detection algorithms,

implemented experimental evaluation, and wrote the original draft.

2. Luca Bindini, L. Perini, S. Nistri, ]J. Davis, P. Frasconi, “Dealing with Uncer-
tainty in Contextual Anomaly Detection”, Transactions on Machine Learning
Research (TMLR), Journal of Machine Learning Research Inc., 2026.

https://openreview.net/forum?id=yLoXQDNwwa
Candidate’s contributions: proposed novel uncertainty-aware anomaly detec-

tion methods, implemented experiments, and wrote the original draft.

3. Luca Bindini, L. Campens, ]J. Davis, L. Muino-Mosquera, S. D’hulst, J. De
Backer, S. Nistri, P. Frasconi, “Towards a more reliable assessment of aortic
diameters using a Bayesian Z-score”, Scientific Reports, Nature Portfolio, 2026.

https://www.nature.com/articles/s41598-026-46006-x
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https://www.sciencedirect.com/science/article/abs/pii/
S50167527324007101
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