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Abstract
Background: Myocardial infarction (MI) represents one of the leading causes of morbidity
and mortality on a global scale. Diagnosis is primarily based on the interpretation of the
12-lead electrocardiogram (ECG) according to established clinical guidelines that specify
alterations in ECG components. Manual ECG interpretation is time-consuming and prone to
inter-observer variability, and motivated the development of automated MI diagnosis. In this
context, deep learning (DL) has emerged as a promising approach for identifying MI from 12
lead ECG.

Challenges: Despite the encouraging results reported for MI diagnosis, DL models are
hindered by several key limitations. First, existing models often overlook the electrocardio-
graphic domain knowledge (DK) codified into clinical decision rules. Without the explicit
incorporation of such DK, these models may learn feature representations that are not physio-
logically grounded, thereby reducing their clinical generalisability. Second, when a DL model
is trained on biased datasets, it may rely on spurious correlations associated with age rather
than learning MI-relevant features. Third, prior work primarily addresses MI detection, stage
classification, and localisation as separate tasks, while rarely integrating all three within a
unified framework. As a result, the physiological interdependencies among these diagnostic
tasks remain underexploited. Finally, ensuring robustness under dataset shifts remains a
critical challenge in DL-based MI diagnosis. Models developed and evaluated primarily on
internal datasets may fail to maintain performance when applied to external populations
with different demographic distributions or ECG acquisition protocols, thereby limiting their
generalisability.

Objectives: The main objectives of this thesis were to improve the robustness of a DL model
for MI diagnosis from 12-lead ECGs by: i) mitigating age bias for MI diagnosis; ii) incor-
porating DK into the DL model (DK-DL) to enhance clinically meaningful representations,
and to compare its performance with a DL model trained in a standard way (B-DL) and
with an implemented rule-based algorithm (RBA) that followed clinical guideline criteria; iii)
introducing a multitask learning framework that simultaneously modelled MI stage (acute
vs. prior vs. normal) classification and localisation by explicitly leveraging interdependencies
among related MI diagnostic tasks; and iv) conducting a comprehensive evaluation of the
DL models for MI diagnosis using external datasets to assess their robustness across diverse
populations and ECG acquisition protocols.
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Methods: In this thesis, an adversarial multitask learning framework was proposed to train a
DL model using contrastive objectives for MI diagnosis while mitigating age-related spurious
correlations. In addition, a DL training framework was designed to incorporate DK to
perform both MI detection, staging and localisation. Two strategies were proposed to inject
DK into the DL model through two custom regularisation terms in the objective function to
control the latent space. Specifically, the strategies were aimed at: i) learning specific ECG
components, such as ST-segment, Q and R wave amplitudes, and Q wave durations; and
ii) reconstructing a latent space from a set of differentiable approximations of clinical rules.
The methods, i.e., DK-DL, B-DL and RBA were developed on PTB-XL+ dataset. In addition,
their performance were evaluated on three external datasets, namely CODE, MIMIC-IV and
Chapman-Shaoxing.

Results: In this thesis, the proposed AML strategy effectively mitigated age-related bias,
decreasing the Pearson correlation coefficient between predictions and age from 0.67 to
−0.03, while maintaining an accuracy of 0.85. In addition, incorporating DK into the DL
model improved performance in MI staging and localisation tasks. Specifically, the DK-DL
model outperformed both the B-DL and RBA in acute MI detection, achieving a higher
average recall (0.70 vs. 0.53 and 0.65, respectively). When considering overall MI detection
(including both acute and prior MI) performance across all four available datasets, the DK-DL
model maintained superior performance (0.91), compared with B-DL (0.89) and RBA (0.75).
For MI localisation, the DK-DL model achieved mean recall values exceeding 0.84 across
all anatomical regions, with major improvements in the lateral territory. These findings
demonstrate that AML effectively mitigated age-related bias, whereas DK incorporation
enhanced robustness of DL model for MI diagnosis.

Conclusions: This thesis advances MI diagnosis by incorporating DK into DL frameworks,
enabling more clinically aligned and robust ECG-based analysis. The proposed methodolo-
gies demonstrated improved generalisation and reduced reliance on spurious correlations,
thereby enhancing the robustness of automated MI diagnosis across heterogeneous clinical
environments. Collectively, the contributions of this thesis provide a foundation for the
development of clinically generalisable DL models for 12-lead ECG.
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Chapter I

Introduction

1.1 Motivation

Cardiovascular diseases represent the leading cause of mortality worldwide. According to
the World Health Organization, they account for approximately 32% of all global deaths,
corresponding to nearly 20 million individuals, of which 85% were attributable to myocardial
infarction (MI) and stroke [2]. Despite significant advances in therapeutic management and
improved control of cardiovascular risk factors, MI continues to pose a major global public
health challenge.

Over recent decades, epidemiological studies indicate a general decline in mortality rates
of acute MI in several countries [3, 4, 5]. For instance, a longitudinal study analysing data
collected between 1985 and 2010 in several European countries reported a declining trend in
acute MI attack rates over time, with higher rates among individuals aged over 65 years [3].
Similar trends have been observed across 27 EU countries from 2012 to 2020, with a decline in
age-adjusted acute MI-related mortality, with a more pronounced decline among individual
aged over 65 [4]. In the United States, acute MI-related mortality has also decreased among
adults aged 15-44 years between 1999 and 2020 [5].

However, these improvements in relative mortality rates obscure a concerning demographic
reality. Due to global population growth and ageing, the absolute number of MI-related
deaths continues to rise. Over the past three decades, deaths attributable to MI have increased
by 60% [6], and projections estimate that annual cardiovascular deaths could reach 35.6
million by 2050 [7]. This trend is particularly concerning in regions such as Northern Africa,
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Western and Central Asia, and Latin America, where the proportion of older adults is expected
to double by 2050 [8].

In addition to these global demographic trends, disparities in MI incidence and outcome are
observed across sex and age groups. A study showed that the prevalence of acute MI was
approximately 10% among individuals over 60 years of age, whereas it was 3.8% in those
under 60 [9]. MI remains more prevalent among men [5]. However, women, particularly
younger, often experience worse outcomes, in part due to delayed recognition and treatment
[5, 10]. While older populations have benefited most from declining mortality trends [4, 5],
MI in younger individuals represents a growing clinical and socioeconomic concern. Because
MI in this population occurs during the most economically productive years of life, its societal
impact is substantial. For instance, in Spain, productivity losses due to acute MI-related
premature deaths between 2013 and 2022 have been estimated at over €5.5 billion, with a
rising annual trend [11].

Beyond mortality, MI imposes a burden in terms of morbidity, quality of life, and healthcare
costs. Post-MI survivors are at elevated risk of arrhythmia, heart failure, valvular dysfunction,
and premature death [12]. The economic consequences are equally significant: healthcare
resource utilisation in the year following an acute MI has been shown to triple compared
to the year preceding the event [13], with similar patterns reported in Italy, where MI is
recognised as the leading cause of escalating healthcare expenditure [14].

Therefore, early and accurate diagnosis of MI is critical to improve clinical outcomes. Rapid
intervention significantly reduces myocardial damage and subsequent complications. How-
ever, timely diagnosis remains challenging due to the heterogeneity of clinical presentations.
Many patients present with atypical symptoms or remain asymptomatic, leading to unrecog-
nised or delayed diagnoses [15]. While chest pain is the most common symptom, many
patients, particularly women, may present with non–chest pain symptoms, leading to under-
recognition and delayed treatment [10]. Such diagnostic delays contribute to worse outcomes
and higher mortality, especially among younger women [10].

In current clinical practice, early MI diagnosis relies on the interpretation of the electrocardio-
gram (ECG), a process which is time-consuming, requires specialised expertise, and is subject
to inter-observer variability [16, 17]. Further details on the ECG waveform and MI-related
alterations are provided in Chapter II. The growing global burden of MI underscores the need
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for scalable and reliable diagnostic support systems to assist clinicians in early identification
and management.

Recent advances in artificial intelligence (AI), particularly deep learning (DL), have enabled
data-driven approaches for automated ECG analysis. DL-based models have demonstrated
promising performance in detecting subtle ECG patterns associated with MI [18]. By enabling
rapid and automated ECG interpretation, these approaches have the potential to improve
diagnostic accuracy and clinical outcomes.

However, despite encouraging results, many existing DL models remain limited by in-
sufficient external validation, restricted generalisability across populations, and potential
performance disparities across age and sex groups. Ensuring robustness is essential before
such models can be safely integrated into clinical practice. These challenges highlight the
need for the development and rigorous evaluation of reliable DL-based frameworks for MI
detection.

1.2 Automatic ECG analysis

Automatic ECG analysis refers to the use of computational methods to extract clinically
meaningful information from ECG signals and to support diagnostic decision-making. Auto-
mated ECG interpretation typically involves two main stages [19]. The first stage is related
to signal processing and includes operations such as filtering, beat detection, waveform
delineation, and measurement extraction. The fidelity of these measurements is critical since
diagnostic interpretations depend on the accuracy of these extracted features. Different signal
processing pipelines across devices may alter the measure of the extracted features, leading
to different diagnostic statements [19, 20]. The second stage applies diagnostic algorithms to
the extracted features.

Traditionally, cardiologists interpret the standard 12-lead ECG by visual inspection, iden-
tifying characteristic patterns associated with cardiac abnormalities. Considering that an
estimated 1.5 to 3 million ECGs performed daily worldwide [21], ensuring consistent, rapid,
and scalable interpretation has become increasingly important within the healthcare system.

Therefore, automated ECG analysis systems were developed to support clinical decision-
making by enhancing diagnostic consistency, reducing interpretation time (by approximately
24%–28%), and potentially decreasing healthcare expenditures [19, 22]. Over the past several
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decades, these systems have undergone substantial methodological evolution, progressing
from early rule-based computer algorithms to feature-engineered ML approaches and, more
recently, to DL models capable of end-to-end representation learning.

1.2.1 Early Computer-Based ECG Interpretation Systems

The development of automated ECG analysis dates back to the second half of the 1950s
with the analog-to-digital conversion of the ECG signals, which enabled computer-based
signal processing [23]. Early pioneering work was conducted by Pipberger and colleagues,
who developed ECG analysis systems based on three orthogonal leads and introduced
probabilistic models for diagnostic classification [24]. On the other hand, Caceres and
colleagues developed the first 12-lead ECG signal analysis program based on conventional
clinical criteria [25].

A significant contribution was provided by the University of Glasgow, which, starting in the
late 1960s, systematically investigated automated ECG interpretation techniques [26]. The re-
sulting University of Glasgow ECG interpretation program (Uni-G) evolved from orthogonal
lead analysis to full 12-lead interpretation and has been widely adopted in clinical practice.
The system integrates patient metadata, such as age and sex, and the interpretation relies
on a rule-based diagnostic framework. Moreover, smoothing techniques were introduced to
reduce abrupt decision boundaries between normal and abnormal cases, thereby improving
interpretative consistency. Among the various clinical criteria implemented, the program
incorporates diagnostic criteria for MI in accordance with clinical guidelines.

The success of these academic systems enabled their translation into commercial applications.
In the late 1970s, Marquette Electronics introduced the 12SL ECG Analysis Program, the first
commercially available program to analyse all 12 leads simultaneously and integrated into
ECG carts [27]. Like earlier systems, this software is based on a rule-based framework and
has undergone continuous refinement over time. For instance, in 2000, sex-specific threshold
values were introduced for MI classification.

An important milestone in the standardisation of ECG interpretation was the introduction
of the Minnesota Code Manual of Electrocardiographic Findings in the 1960s by Blackburn,
Keys, and colleagues at the University of Minnesota [28]. The Minnesota Code provides a
classification of ECG waveforms based on predefined criteria and has been extensively used
in epidemiological studies and clinical trials. Rather than producing an ECG interpretation,
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it categorises ECG morphologies, including abnormal Q waves, ST-T changes, conduction
defects, and arrhythmias. However, the system relies on rigid thresholds and does not
account for patient-specific factors such as age or sex, which limits its diagnostic flexibility.
Although revisions and software implementations have been proposed [29], threshold-based
classification remains inherently constrained.

Rule-Based Approaches

Automated ECG interpretation systems predominantly relied on deterministic, rule-based
logic derived from expert consensus. Such algorithms use decision trees or Boolean logic
[19]. These systems offered transparency and clinical interpretability, which contributed to
their widespread acceptance in clinical practice. However, their reliance on rigid thresholds
introduces a fundamental limitation, as borderline cases or subtle morphological variations
may lead to misclassification. To improve stability and thus reduce the sensitivity to small
measurement variations, statistical diagnostic algorithms were introduced [19]. These ap-
proaches, which improved reproducibility, incorporate probability estimates into diagnostic
statements, often using Bayesian approaches [19].

However, for individual diagnoses, these systems generally underperfom compared to expert
cardiologists [19]. In the context of MI, misinterpretation of ECG findings may lead to false-
negative diagnoses, resulting in delays in reperfusion therapy [22]. Automated systems
may exhibit false-positive rates of up to 42% and false-negative rates ranging from 22% to
42% [22]. Artifacts and non-ischaemic ST-segment alterations, such as early repolarisation
patterns, have been identified as the primary causes of misclassification by automated ECG
interpretation systems [22].

Notably, differences between deterministic and probabilistic systems emerge when perfor-
mance is evaluated using different gold standards. Algorithms based on classical deter-
ministic criteria have been observed more closely aligned with cardiologist interpretation,
while probabilistic systems presented greater concordance with diagnosis derived from com-
prehensive clinical evaluation [30]. This aspect reveals that automated ECG interpretation
systems have different performance according to the selected gold standard (cardiologist
interpretation or clinical diagnosis).

An additional challenge is the lack of standardisation across automated ECG interpretation
programs [22]. Different systems often implement heterogeneous signal processing methods,
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criteria and thresholds, leading to inconsistent diagnosis for the same ECG recording [20].
For these reasons, exclusive reliance on automated ECG interpretations must be avoided, and
computer-generated reports must always be reviewed by clinicians.

1.2.2 Machine Learning Methods

With increasing computing power and the availability of digitised ECG data, machine learn-
ing (ML) approaches emerged as an alternative to purely rule-based ECG interpretation
systems. Typically, ML methods treat ECG analysis as a supervised classification problem,
in which model parameters are leaned from annotated data to derive predictive decision
functions. These models rely on the extraction of handcrafted features derived from well-
established electrophysiological knowledge. In the context of electrocardiographic anal-
ysis, commonly employed features can be broadly categorised into i) temporal features
(e.g., QRS duration, QT interval), ii) amplitude based features (e.g., ST-segment amplitude),
iii) morphological features which characterise the shape of specific ECG waveforms, iv)
frequency-domain and time-frequency features, obtained through spectral analysis or wavelet
decomposition [31, 32].

Following feature extraction, dimensionality reduction techniques are applied to remove
redundancy and ensure that the most informative features are selected for the classification
task. Since some features can be correlated, selecting a subset of informative features can
enhance generalisability and reduce computational cost [31]. The resulting feature vectors are
used to train classifiers, including logistic regression, k-nearest neighbours, support vector
machines, decision trees, and ensemble methods such as random forests [33].

ML based methods have been extensively investigated for MI detection, and some studies
have shown to improve MI diagnosis compared to the commercial ECG interpretation system
[17, 34]. ML methods for MI detection differ in the nature of the features. For instance, in
[35], time-domain, amplitude and morphological features are derived from 12-lead ECG
signals. Random forest feature selection and classification were applied for MI detection and
localisation. While the method achieved high performance for MI detection task (accuracy
0.97) on the PTB dataset [36], performance for multi-class localisation decreased substantially
(accuracy 0.81), highlighting the increased complexity of MI localisation. Other approaches
incorporate time-frequency domain features. Han et al. [37] extracted wavelet-based energy
entropy features and combined with morphological features extracted from 12-lead ECG
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signals. Principal component analysis was applied for dimensionality reduction. MI detection
was performed using support vector machines.

However, ML based methods exhibit inherent limitations. First, they are based on hand-
crafted features, which encode only predefined ECG characteristics. This dependence limits
the ability of ML models to capture the temporal sequence of ECG events [33]. Second,
morphological and temporal features are typically derived through fiducial point detection,
a method that identifies the onset, peak, and offset of ECG waves. The delineation of such
points is of crucial importance to ensure the reliability of the features of interest. A noisy ECG
signal can lead to inaccurate identification of fiducial points, leading to error [31]. Third, in
MI analysis and in analogy to rule-based algorithms, reliance on ST-segment deviation as a
primary feature may be insufficient, since similar ST-segment changes can be observed in
other cardiac conditions [38].

1.2.3 Deep Learning Methods

In contrast to traditional rule-based and feature-engineered approaches, DL models learn
representations directly from raw or minimally preprocessed ECG signals. By leveraging
large-scale datasets, these models automatically extract hierarchical spatio-temporal features
without explicit manual specification. In addition, this data-driven framework reduces the
reliance on handcrafted feature engineering and predefined decision rules. Such capability is
particularly relevant for MI diagnosis. The ECG manifestations of MI are spatially distributed
across multiple leads and evolve over time.

The application of DL to MI analysis has progressed in response to increasing clinical de-
mands. Early investigations predominantly addressed binary MI detection, whereas subse-
quent studies expanded to anatomically detailed localisation and stage classification. These
tasks differ in both methodological complexity and clinical significance, reflecting a shift
from coarse diagnostic discrimination toward a finer characterisation of MI.

MI Detection

Early DL studies predominantly formulated MI diagnosis as a binary classification task,
differentiating ECG recordings of MI patients from those of healthy controls. Several investi-
gations have demonstrated high classification performance within this binary framework,
highlighting the potential of DL methods for automated MI detection [39, 40, 41].
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Most approaches employ standard 12-lead ECG recordings. These signals are analysed in
their entirety or segmented into individual beats to increase the number of training samples.
Convolutional neural networks (CNNs) were among the first architectures adopted for this
purpose. CNNs extract local morphological features through convolutional filters. Multiple
convolutional and pooling layers are stacked to learn progressively more abstract signal
representations.

For example, Liu et al. [40] trained a CNN on 12-lead ECG beats from the PTB dataset and
reported a sensitivity of 0.94 and a specificity of 0.86 under an inter-patient evaluation scheme,
with both metrics exceeding 0.99 in an intra-patient setting. Similarly, Rai et al. [41] combined
CNNs with long short-term memory networks to model temporal dependencies through
gated memory mechanisms, and achieved high classification accuracy on the same dataset.

Beyond purely discriminative architectures, generative models have also been explored.
For instance, variational autoencoders have been employed to reconstruct missing leads
and support MI detection using reduced-lead configurations [42]. These findings suggest
that discriminative information relevant to binary MI detection can be captured even from
a limited subset of leads. Importantly, several studies have demonstrated that reported
performance is strongly influenced by the adopted evaluation protocol, particularly with
respect to intra- vs. inter-patient data partitioning.

Overall, these studies establish the feasibility of DL models for distinguishing MI from
normal ECG recordings. However, binary detection represents only the initial step toward a
comprehensive characterisation of MI.

MI Localisation

Compared with binary MI detection, infarct localisation constitutes a more complex task.
Electrocardiographic alterations associated with MI are not restricted to a single, clearly
delineated myocardial territory. Injury may extend beyond a single myocardial region,
resulting in overlapping ECG manifestations that complicate precise regional classification.

An additional challenge pertains to dataset composition. Infarct territories are not uniformly
represented in publicly available datasets; certain classes, such as posterior MI, occur less
frequently and are consequently under-represented. This class imbalance may introduce
bias during model training and adversely affect the reliability of predictions for minority
categories.
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Early DL approaches primarily addressed localisation through coarse-grained classification,
typically distinguishing between two broad anatomical regions, most commonly anterior and
inferior MI, without accounting for more specific subregional involvement (e.g., anteroseptal
MI) [43, 44]. For instance, Strodthoff et al. [43] and Wang et al. [44] formulated the problem as
a binary MI localisation task using the PTB dataset.

Subsequent studies extended this framework to multi-class localisation in order to provide
a more detailed characterisation of anatomical involvement [39, 45, 46, 47]. Using the PTB
dataset, Jian et al. [46] classified five infarct regions, reporting an accuracy that exceeded 0.60.
Comparable performance has also been described by Han et al. [45] and Jahmunah et al. [47],
particularly under intra-patient evaluation protocols.

Recently, multitask learning strategies have been proposed to jointly perform MI detection
and localisation within a unified framework [48]. By sharing representations across related
tasks, such approaches aim to improve feature learning efficiency and enhance performance
in anatomically specific classification. Reported findings indicate that certain anatomically
adjacent subclasses remain prone to misclassification, underscoring the intrinsic difficulty of
fine-grained localisation.

MI Stage Classification

In addition to MI localisation, the stage of MI represents an important complementary
diagnostic objective. Electrocardiographic alterations evolve throughout the course of MI
and are typically classified into acute and prior (chronic) stages.

Compared with detection and localisation, stage classification remains largely underexplored.
The gradual evolution of ECG patterns, together with partial overlap between stages, intro-
duces ambiguity in annotation and increases inter-observer variability. Nevertheless, several
studies have addressed this task using DL models. For example, Prabhakararao et al. [49]
employed an attention-based recurrent neural network trained on the PTB and STAFF-III
datasets [50, 51] to distinguish early, acute, and prior MI, achieving a sensitivity exceeding
0.90. Their framework first encoded temporal variations within each lead using recurrent
neural networks, followed by intra-lead attention mechanisms to identify discriminative
patterns. An inter-lead attention module then aggregated lead-specific representations ac-
cording to their clinical relevance, producing a high-level feature representation for final
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classification. In addition to stage discrimination, the model also differentiated among MI,
non-MI, and healthy recordings.

Recently, transfer learning strategies have been proposed for MI stage classification [52]. In
this framework, ECG signals are converted into spectrogram representations instead of being
analysed as raw time series. Pretrained CNNs are employed to extract discriminative features
from these spectrograms. The resulting features derived from each lead are subsequently
aggregated, either by concatenation or averaging, to classify recordings into acute, recent,
and prior stages. The model was trained on a private dataset and externally evaluated on the
PTB dataset, thereby demonstrating the adaptability DL models across heterogeneous signal
representations.

Collectively, these studies demonstrate that DL models are capable of capturing progres-
sively finer-grained ECG characteristics, extending from binary MI detection to anatomical
localisation and stage classification.

However, these tasks are inherently interrelated in clinical practice. MI detection, localisation,
and stage assessment are not independent decisions but complementary components of a
unified diagnostic reasoning process. Treating them as isolated classification problems may
limit the ability of DL models to exploit shared physiological information. In this context,
multitask learning has emerged as a promising strategy, enabling the joint optimisation of
related objectives and the learning of shared representations while preserving task-specific
discrimination. Such frameworks may enhance feature efficiency, improve consistency across
predictions, and better reflect the integrated nature of clinical diagnosis.

Moreover, the predominantly data-driven nature of conventional DL approaches raises
important concerns regarding robustness and generalisation. Decades of cardiology research
have established well-defined principles regarding ECG morphology, lead–heart region
relationships, and diagnostic criteria for MI. Incorporating this domain knowledge (DK) into
DL models, through anatomically informed lead grouping, structured constraints, or hybrid
learning paradigms, introduces inductive (learning) biases that can guide DL models toward
physiologically meaningful representations. This integration is particularly relevant in MI
analysis, where subtle ECG morphological variations and heterogeneity across datasets may
lead purely data-driven models to exploit spurious correlations instead of clinical relevant
features.
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In this context, multitask learning and DK–guided modelling can represent a conceptual shift
from purely performance-driven classification to clinically grounded, robust, and generalis-
able DL models for MI analysis. These considerations provide the foundation for examining
the methodological challenges and research gaps that remain in the development of reliable
DL-based approaches for MI diagnosis.

1.3 Research Challenges

Despite significant advances in both clinical guidelines and AI for MI diagnosis, several
critical challenges remain that hinder the development of accurate, robust, and trustworthy
DL models. These challenges form the foundation of this thesis and are outlined as follows:

• Limited robustness and generalisability of automated MI diagnosis system: Tradi-
tional rule-based systems rely on handcrafted features and threshold-based criteria
capture only predefined ECG characteristics and often fail to generalise across het-
erogeneous populations. Although DL models represent a more flexible, data-driven
alternative and have achieved promising performance on individual datasets, they
exhibit a similar limitation when evaluated on new patient cohorts or clinical environ-
ments. This vulnerability suggests that such models may rely on dataset-dependent
patterns rather than truly physiologically meaningful representations, ultimately limit-
ing their clinical deployment.

• Susceptibility to spurious correlations and data biases: Another major barrier to devel-
oping robust AI systems for MI diagnosis is the tendency of models to exploit spurious
correlations that are predictive in training data but do not reflect clinical relevance.
These correlations may arise from confounding factors such as demographic attributes,
acquisition protocols, or skewed data distributions due to the under-representation of
MI patients.

• Insufficient integration of DK into DL models: Existing DL models typically overlook
electrocardiographic DK that has been codified into clinical decision rules. Without the
explicit incorporation of such DK, these models may learn feature representations that
are not physiologically grounded, thereby limiting their generalisability.
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1.4 Research Objectives

The aim of this thesis is to advance MI interpretation using standard 12-lead ECGs. Ac-
cordingly, the research is structured with specific objectives that focus on methodological
development, empirical evaluation, generalisability, and robustness. The objectives are
detailed below:

• Mitigating age bias via adversarial multitask learning: Implementing adversarial
multitask learning strategies to reduce the influence of confounding factors, with
particular emphasis on age-related bias in MI detection.

• Developing a multitask DL framework for MI diagnosis: A multitask DL framework
is introduced to jointly model MI detection, localisation, and stage classification within
a unified architecture. By explicitly leveraging interdependencies among related MI
tasks, the framework enhances clinically coherent predictions and generalisation across
datasets.

• Incorporating DK into DL framework for MI diagnosis: Integrating DK into the DL
model through custom regularisation terms that control the latent representation. Two
complementary strategies are pursued: i) constraining intermediate representations
to capture clinically relevant ECG features, including ST-segment elevation, Q- and
R-wave amplitudes, and Q-wave durations; and ii) structuring the latent space using
differentiable formulations of clinical decision rules derived from the Fourth Universal
Definition of MI (UDMI).

• Comparing performance evaluation with rule-based algorithm across datasets: A
comprehensive comparison of the DK-guided DL framework with traditional data-
driven DL model and rule-based algorithm to assess performance and elucidate their
respective strengths and limitations across four datasets.

1.5 Summary of the Aims

Despite significant progress in automated MI diagnosis through DL, important challenges
persist with respect to model generalisability, susceptibility to bias, and robustness in hetero-
geneous clinical environments. These limitations hinder the clinical translation of AI systems.
Addressing these challenges requires not only architectural advancements in DL but also the
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explicit integration of DK, bias mitigation strategies, and rigorous cross-dataset evaluation
to ensure reliable generalisation. Accordingly, this thesis focuses on the development and
validation of robust, DK-based multitask learning frameworks designed to promote phys-
iologically grounded representations. Through these contributions, this research aims to
advance robust AI systems for MI diagnosis using standard 12-lead ECGs.

1.6 Thesis Structure

The remainder of this thesis is structured as follows:

• Chapter II: Focuses on the interpretation of the ECG and introduces MI, with emphasis
on the characteristic ECG patterns that are fundamental to its diagnosis.

• Chapter III: Presents an adversarial strategy aimed at mitigating reliance of deep learn-
ing models on spurious correlations arising from age for MI detection.

• Chapter IV: Introduces a training strategy designed to enhance robustness of deep
learning model for MI diagnosis by integrating domain knowledge into the learning
process.

• Chapter V: Summarises the main findings of this thesis and outlines directions for
future research.
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Chapter II

Fundamentals of ECG and Myocardial
Infarction

2.1 Cardiac Conduction System

The heart is a muscular organ composed of four chambers organised into two atria and two
ventricles, whose coordinated contraction ensures blood flow through the pulmonary and
systemic circulations.

Cardiac contraction is initiated and regulated by the propagation of electrical impulses
throughout the myocardium. Each cardiac cycle begins with spontaneous depolarisation of
pacemaker cells in the sinoatrial (SA) node, located in the upper region of the right atrium.
From the SA node, the electrical impulse propagates through the atrial myocardium, leading
to atrial depolarisation and contraction, which facilitates ventricular filling. Since atria and
ventricles are electrically insulated, electrical impulse conduction occurs exclusively through
AV node. Within the AV node, conduction velocity decreases to allow atrial contraction to
complete before ventricular contraction begins. From the AV node, the electrical impulse is
transmitted to the bundle of His, which divides into the right and the left bundle branches
along the interventricular septum. These branches further divide into Purkinje fibers that
spread the impulse through the ventricular myocardium, provoking depolarisation of ven-
tricular myocytes and the subsequent ventricular contraction (systole). Following contraction,
ventricular myocytes undergo repolarisation, a phase of electrical recovery that leads to
myocardial relaxation (diastole).
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FIGURE 2.1: Schematic representation of the cardiac conduction system. Created
in BioRender. Ibrahimi, S. (2026) https://BioRender.com/e118ay0.

The spatial and temporal propagation of depolarisation and repolarisation throughout the
myocardium generates electrical potentials that can be measured at the body surface and
which constitute the ECG.

2.2 Electrocardiogram

The ECG represents a non-invasive method for evaluating cardiac electrical activity. Owing
to its rapid acquisition, cost-effectiveness, and widespread accessibility, the ECG remains a
fundamental diagnostic tool for the identification and assessment of cardiac pathologies.

In clinical practice, cardiac electrical activity is typically recorded using the standard 12-lead
ECG. This configuration requires the placement of ten surface electrodes: six positioned on
the chest (precordial) and four placed on the limbs. From these electrodes, twelve leads are
derived, comprising six precordial leads (V1–V6) and six limb leads (I, II, III, aVR, aVL, and
aVF). Each lead represents a voltage difference generated by cardiac action potentials of the
excitable cardiac cells [53].
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The recorded bioelectric signals are transmitted to the ECG device, where they undergo
amplification and filtering prior to analysis. Modern ECG systems additionally provide
automated measurements, including heart rate, QRS duration as well as a preliminary
diagnostic interpretation.

The ECG is traditionally recorded and printed on a standardised graph paper. The grid
is composed of small squares of 1 mm and larger squares of 5 mm. Standard calibration
settings are a defined by paper speed of 25 mm/s, and a voltage gain of 10 mm/mV. Un-
der these conditions, 1 mm corresponds to 0.1 mV in amplitude and 40 ms in duration.
These standardised calibration settings are of essential importance for clinical interpretation.
Many diagnostic criteria, including those for myocardial infarction, are defined in terms of
millimetres deviation on the ECG tracing (see Section 2.3.1).

2.2.1 ECG Waveform Components

The ECG waveform is composed of characteristic waves, segments and intervals that reflect
specific phases of the cardiac cycle. The main components are the P wave, the QRS complex,
and the T wave (Figure 2.2). All amplitudes are measured relative to the baseline, commonly
referred to as the isoelectric line.

The P wave represents atrial depolarisation. In most leads, it appears as a positive deflection
with a normal amplitude below 300 µV and a duration shorter than 120 ms. The P wave is
dominated by low-frequency components, generally below 10–15 Hz [53].

The QRS complex corresponds to ventricular depolarisation and typically consists of three
deflections: an initial negative Q wave, a prominent positive R wave, and a subsequent
negative S wave. The normal QRS duration ranges from 70 to 110 ms, and its amplitude
can reach 2–3 mV [53]. The QRS complex contains dominant frequency components in the
10–50 Hz range and is commonly the primary target in automated ECG analysis algorithms,
particularly for heartbeat detection due to its high amplitude [53]. Pathological Q waves,
characterised by increased depth or duration, may indicate prior myocardial infarction.

The ST-segment extends from the end of the QRS complex (J-point) to the beginning of the
T wave. It represents the electrically neutral phase between ventricular depolarisation and
repolarisation. Under normal conditions, the ST-segment is isoelectric. Deviations in the form
of elevation or depression, particularly when observed in contiguous leads, are clinically
significant and may indicate acute myocardial ischaemia or infarction.
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FIGURE 2.2: Representation of an ECG tracing highlighting the main waveform
components on a standard ECG paper (calibration: 0.1 mV in amplitude and 40

ms in duration per mm).

The T wave reflects ventricular repolarisation and typically extends approximately 300 ms
following the QRS complex [53]. It is generally asymmetric, with a gradual upstroke and a
steeper downstroke, and is positive in most leads. Abnormal T wave morphology, including
inversion or hyperacute peaking, may be associated with ischaemic processes.

Finally, a small deflection known as the U wave may occasionally follow the T wave. Al-
though its exact origin remains uncertain, it is often attributed to after-repolarisation phe-
nomena [53].

2.2.2 Noises and Interferences

During acquisition, ECG recording are susceptible to various sources of noise and interference
which can have a detrimental effect on ECG classification. These unwanted components,
both in low and in the high frequency, may deform ECG waveforms limiting the utility of
the ECG trace and undermining the clinical interpretation and automated computational
analysis. The frequency bandwidth of the ECG signal spans from 0.05 to 100 Hz. However,
the majority of the information of the signal is contained within the lower band, i.e. below 35
Hz [31], a range that is also susceptible to interference from certain artifacts.

Baseline wander, represents an artifact caused by body movement, respiration or poor



2.2. Electrocardiogram 19

electrode contact. Its spectral content is usually confined to an interval below 1 Hz, but it may
contain higher frequencies during strenuous exercise [53]. It is around 15% of the peak-to-
peak ECG amplitude [54]. Because this artifact manifests as a slow shift of the isoelectric line,
it can distort the ST-segment, thus leading to an incorrect diagnosis of several ST-segment
abnormalities including MI [31, 55]. Given that the diagnostic criteria for MI rely on subtle ST-
segment deviations, even slight fluctuations in baseline may alter the classification between
ST-elevation MI (STEMI) and non–ST-elevation MI (NSTEMI), with significant implications
for treatment decisions.

Electrode motion artifacts are caused by a change in the skin-electrode impedance due to skin
stretching. Unlike baseline wandering, motion artifacts are harder to tackle since their spectral
content overlaps extensively with the PQRST complex, particularly in the 1–10 Hz band [53].
In ECG signals, they appear as large deflections that can sometimes be misinterpreted as QRS
complexes.

Powerline interference appears as a 50 or 60 Hz sinusoidal signal, reaching up to 50% of the
peak-to-peak ECG amplitude [54]. As a narrowband artifact, it may distort low-amplitude
components of the ECG and may introduce spurious waveforms [53], potentially obscuring
the P and T waves [56].

Electromyographic noise is caused by electrical activity of skeletal muscles during periods
of contraction. This source of noise can be either intermittent or have more stationary noise
properties. It reaches an average amplitude of 10% of the peak-to-peak ECG amplitude [54].
The spectral content of electromyographic noise (high frequency, within 0 Hz to 500 Hz but
mainly concentrates in the range from 50–150 Hz [31]) overlaps substantially with that of the
QRS complex and also spans higher frequency ranges [53]. Because of this overlap, it is quite
complex to remove such noise without distorting the ECG morphology.

Respiratory activity has an influence on the ECG in two main ways. On one hand, respiration
modulates the heart rate. On the other hand, chest movements and change in the thoracic
impedance during respiratory cycle lead to a rotation of the cardiac electrical axis which in
turn modifies ECG beat morphology [57].
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2.3 Myocardial Infarction

MI represents one of the leading causes of morbidity and mortality worldwide. Its definition
and diagnostic criteria have evolved over time, driven by advances in electrocardiography
and cardiac biomarkers testing. Contemporary diagnosis integrates biomarker evidence,
clinical presentations, and electrocardiographic findings.

Pathophysiologically, MI is defined as the death of cardiac myocytes due to prolonged
ischaemia [58]. More in detail, MI occurs when blood flow to a portion of the myocardium is
obstructed, most frequently due to atherosclerotic plaque ruptures followed by thrombus
formation in the coronary arteries. The resulting ischaemia and necrosis of cardiac tissue can
lead to irreversible structural and functional damage if not treated in a timely manner.

Universal Definition and Conceptual Evolution

Before the advent of electrocardiography, MI could only be diagnosed by postmortem exami-
nation [59]. The introduction of the ECG in the early 20th century enabled clinical diagnosis
[60]. Efforts to standardise diagnosis led to the introduction of an ECG-based definition by
the World Health Organization between the 1950s and 1970s [58]. With the introduction of
sensitive cardiac biomarkers testing, in 2000, the European Society of Cardiology and the
American College of Cardiology redefined MI by integrating biochemical evidence with
clinical and electrocardiographic findings [61], laying the foundation for the UDMI.

The first UDMI, published in 2007, established cardiac troponin as the preferred biomarker
for myocardial injury and introduced an etiological classification of MI into five distinct
types [62]. Subsequent revisions, including the Third UDMI (2012) and the currently adopted
Fourth UDMI (2018), refined both electrocardiographic criteria and biochemical thresholds,
incorporating age- and sex-specific considerations [58]. A fifth revision is expected to be
released in 2026 [63]. These successive revisions underscore the evolving understanding and
inherent complexity of MI diagnosis.

2.3.1 Electrocardiographic Manifestations of MI

MI induces alterations in cardiac electrical activity that are reflected in characteristic changes
in the ECG morphology. The morphology of ECG waveforms follows a characteristic pattern
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FIGURE 2.3: A) Temporal evolution of ECG alterations during MI (synthetic
example, not to scale). B) Representative 12-lead beat extracted from a normal
sinus rhythm ECG. C) Representative 12-lead beat extracted from an ECG of
a patient with inferior acute MI. In inferior acute MI, ST-segment elevation is
expected in the inferior leads (II, III, aVF), with reciprocal ST-segment depression

in the lateral leads (I, aVL).

that varies according to the extent and localisation of the infarction. These morphological
changes, illustrated in Figure 2.3a, evolve over time in a well-defined sequence:

• Hyperacute Stage (minutes to hours): Development of tall, symmetric, and peaked T
waves reflecting early ischaemia.

• Acute Stage (hours): Development of ST-segment elevation in transmural ischaemia or
ST-segment depression in subendocardial ischaemia.
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• Subacute Stage (hours to days): Appearance of T-wave inversion and pathological Q
waves, indicative of evolving necrosis.

• Chronic Stage (weeks to months): Resolution of ST-segment abnormalities with persis-
tence of pathological Q waves in cases of transmural MI.

From the Q-Wave Paradigm to ST-Segment for MI Diagnosis

In earlier diagnostic classifications system, MI was retrospectively categorised as Q-wave
MI or non–Q-wave MI [64]. Q-wave MI was associated with transmural necrosis, whereas
non–Q-wave MI corresponded to subendocardial infarction. However, pathological Q waves
typically develop only after irreversible injury and may not be present in all infarctions [65].
Consequently, this classification lacked sufficient sensitivity for early detection.

In 2000, the diagnostic paradigm shifted toward the assessment of ST-segment abnormalities
to enable earlier identification of patients requiring urgent reperfusion therapy [61]. For
this reason, acute coronary syndromes began to be stratified into STEMI and NSTEMI. The
identification of these ECG abnormalities is of critical importance, as therapeutic decisions
are often made before cardiac biomarkers results become available [66].

STEMI and NSTEMI Classification and Formal ECG Criteria in the Fourth UDMI

STEMI is typically associated with acute, complete coronary artery occlusion and requires
immediate reperfusion therapy. The Fourth UDMI, STEMI is defined by new ST-segment
elevation measured at the J-point in two or more anatomically contiguous leads, satisfying
the following thresholds:

• ST-segment elevation ≥ 1 mm (0.1 mV) in all leads except V2–V3.

• In leads V2–V3, sex- and age-specific thresholds apply:

– ≥ 1.5 mm (0.15 mV) in women,

– ≥ 2.0 mm (0.2 mV) in men aged ≥ 40 years,

– ≥ 2.5 mm (0.25 mV) in men aged < 40 years.

These criteria should be applied in the absence of QRS confounders (e.g., left bundle branch
block (LBBB) or left ventricular hypertrophy (LVH)) that may obscure or mimic ischaemic
ST-segment deviations.
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In an ECG recording, in addition to the elevation of the ST-segment observed in specific
groups of leads reflecting the ischaemic territory, depression of the ST-segment may be
present in leads opposite to the infarcted region. These are known as reciprocal changes
and contribute to differentiating ST-elevation MI from other conditions associated with ST-
segment elevation, such as pericarditis and early repolarisation [58]. Figure 2.3 provides an
illustrative comparison between a beat extracted from a 12-lead ECG recording of a healthy
subject and that from a subject with inferior wall STEMI.

NSTEMI is generally associated with partial coronary occlusion and is managed with a less
urgent, though still time-sensitive, strategy. The Fourth UDMI defines relevant ECG findings
as:

• New horizontal or downsloping ST-segment depression ≥ 0.5 mm (0.05 mV) in two or
more contiguous leads, and/or

• T-wave inversion > 1 mm (0.1 mV) in two or more contiguous leads in the presence of
a prominent R wave or R/S ratio >1.

In addition to the criteria for acute MI, the Fourth UDMI also provides specific criteria
to identify a previous or unrecognised MI from an ECG. Among these, the presence of
pathological Q waves is regarded as the primary indicator. The criteria are:

• Any Q wave in leads V2–V3 with duration >0.02 s or QS complex in leads V2–V3.

• Q wave ≥0.03 s and ≥1 mm deep or QS complex in leads I, II, aVL, aVF or V4-V6 in
any two leads of a contiguous lead grouping (I, aVL; V1-V6; II, III, aVF).

Limitations of STEMI/NSTEMI Paradigm: Despite its widespread adoption, the STEMI/
NSTEMI paradigm has important limitations. A subset of patients classified as NSTEMI
may have total coronary artery occlusion, resulting in delayed reperfusion and worse clinical
outcomes compared with patients presenting with STEMI [67]. Conversely, ST-segment
elevation may occur in the absence of acute coronary occlusion.

To address these limitations, the Occlusion MI (OMI) vs. Non-Occlusion MI (NOMI) paradigm
has been proposed [65]. In contrast to previous classifications, the OMI/NOMI is defined
based on underlying pathophysiology rather than ECG waveform changes. Beyond ST-
segment changes, the OMI/NOMI framework also takes into account additional ECG features
that may indicate coronary occlusion [68].
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FIGURE 2.4: Schematic representation of coronary arteries (LAD, RCA, LCx) with
corresponding MI territories and ECG leads. Created in BioRender. Ibrahimi, S.

(2026) https://BioRender.com/jrsbeso.

In terms of diagnostic performance, the STEMI/NSTEMI criteria exhibit a pooled sensitiv-
ity for detecting total coronary occlusion of 43.6%, specificity 96.5%. In comparison, the
OMI/NOMI paradigm achieves a pooled sensitivity of 78.1%, and a specificity of 94.4% [68].
Earlier, the Q-wave MI/non–Q-wave MI classification exhibited lower sensitivity (38.0%)
despite reasonably high specificity (86.9%) [69].

2.3.2 MI Localisation

MI predominantly involves the left ventricle, reflecting fundamental structural and physio-
logical differences between left and right ventricle [70]. The left ventricle is characterised by
a greater myocardial mass and oxygen demand. In contrast, isolated right ventricular MI is
less common and occurs in association with inferior left ventricular MI [71]. Consequently,
electrocardiographic localisation of MI primarily focuses on identifying the affected regions
of the left ventricle.

Within the left ventricle, MI does not occur uniformly across anatomical regions. Infarction
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TABLE 2.1: ECG lead changes and corresponding coronary arteries for different
anatomical regions [1].

MI Localisation ECG Changes Affected Coronary Artery

Septal V1–V2 Septal LAD
Anterior V3–V4 LAD
Lateral I, aVL, V5, V6 LCx, diagonals
Inferior II, III, aVF LCx (15%), RCA (85%)

Posterior V7, V8, V9 RCA

most commonly affects the anterior and anteroseptal walls, which are supplied by the left
anterior descending artery (LAD), as well as the inferior wall, which is typically associated
with the occlusion of right coronary artery (RCA) and, in a subset of cases, the left circumflex
artery (LCx). The lateral wall is supplied by LCx artery or diagonal branches of the LAD
artery, and MI occurs less frequently. Posterior MI is usually caused by the occlusion of the
RCA or LCx and most often occurs in association with inferior or lateral MI.

Each of the 12 ECG leads provides information regarding specific myocardial regions. Abnor-
malities observed in particular leads enable MI localisation and, consequently, suggest the
culprit coronary artery. Leads V1-V2 reflect the involvement of the septal wall, while leads
V3-V4 correspond to the anterior wall. The lateral wall is assessed thorough leads I, aVL,
and V5–V6. Inferior wall MI manifests in leads II, III, and aVF. Posterior MI is not directly
visualised by the standard 12-lead ECG. On the standard ECG, posterior MI is suggested
by reciprocal changes (i.e. ST-segment depression) in the leads V1-V3. Direct confirmation
requires the use of posterior leads V7-V9. Figure 2.4 and Table 2.1 provide a summary of
these lead-specific correlations.
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Chapter III

Mitigating Age Bias in ECG-Based
Myocardial Infarction Diagnosis via
Adversarial Multitask Learning

3.1 Introduction

Despite promising performance in MI diagnosis, many current DL models have been devel-
oped and evaluated on small datasets or on data biased toward a specific clinical condition.
In this context, spurious correlations between demographic factors and DL model predictions
represent a critical challenge.

In healthcare applications, spurious correlations are particularly concerning due to the struc-
ture of clinical data [72, 73, 74]. Medical datasets often exhibit heterogeneous acquisition
protocols, demographic imbalances, and age-dependent differences in disease prevalence.
Demographic factors such as age, sex, and ethnicity influence both ECG morphology and
prevalence of the disease therefore they can introduce confounding relationships into predic-
tive models.

Among these factors, age is especially relevant in the context of MI. Cardiovascular risk
increases with advancing age, and clinical datasets typically show that patients with MI
are older than healthy controls. At the same time, ageing influences ECG morphology.
Consequently, DL models trained on such data may exploit age-related ECG characteristics
rather than learning features that specifically reflect MI.
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Several studies have demonstrated that age can be inferred from ECG signals [75, 76, 77]. As
a consequence, MI classifiers trained on imbalanced datasets may rely on ECG alterations
associated with ageing, such as reduced P wave amplitude, increased QRS amplitude or
QT prolongation [78], rather than abnormalities specific to MI. This phenomenon can lead
to biased predictions and poor generalisation performance with different age distributions,
particularly in young patients for whom MI is less prevalent.

From a machine learning perspective, bias can arise at multiple stages of the modelling
pipeline [79]. Age-related effects are considered a form of representation bias, as they arise
from the demographic distribution of the available ECG data.

The importance of explicitly addressing demographic bias in ECG-based DL models has
been emphasised by Alday et al. [80], who analysed the impact of age, sex and race on
arrhythmia detection algorithms and demonstrated that demographic biases are overlooked
in model evaluation. These findings highlight the need for training strategies that mitigate
the influence of demographic confounders.

Motivated by this gap, the present study investigates adversarial multitask learning (AML)
as a strategy to mitigate age bias in MI detection from ECG signals. AML enables the learning
of task-relevant representations while discouraging the encoding of unwanted information.
The objective of this study is to decorrelate MI detection from patient age in ECG-based DL
models. Specifically, the objectives are: i) to quantify the extent of age-related bias in baseline
MI classifiers; and ii) to demonstrate that AML reduces this correlation without sacrificing
diagnostic accuracy.

3.2 Related Works

Several DL models had been investigated for MI classification from ECG signals. In general,
the primary objective of these studies was to improve classification performance. However,
comparatively little attention has been paid to analysing how demographic factors influence
model behaviour and performance.

With the increasing emphasis on fairness in AI, the problem of demographic bias has begun
to receive growing attention. Alday et al. [80] pointed out that in the context of ECG analysis,
very few studies have considered the bias in terms of metrics, algorithms and databases.
By analysing 56 open-source algorithms from the 2021 PhysioNet Challenge on more than
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130,000 ECGs, the authors demonstrated that demographic biases were overlooked. They also
proposed the inclusion of a bias penalisation term in the loss function to reduce disparities
among sex, ethnicity, and age groups.

AML has been proposed as a framework for mitigating known sources of bias in DL algo-
rithms. In this paradigm, a model is trained to optimise a primary task, such as classification,
while minimising its dependence on a secondary task associated with a known bias. AML
has successfully been applied in speech recognition to extract age-independent and speaker-
invariant representations [81, 82]. In the ECG domain, the AML paradigm has been adopted
to reduce subject dependency with the aim of improving the generalisation capability of
arrhythmia classification models [83].

3.3 Adversarial Multitask Learning

Generally, DL models which are trained under empirical risk minimisation, learn statistical
associations between inputs and outputs without distinguishing whether the predictive
information arises from causal or spurious (non-causal) correlations [84]. Although age is
not explicitly provided as an input variable to the DL model, the learned representation may
extract features correlated with age, leading to predictions that may implicitly depend on
age. However, mitigating such spurious correlation requires learning representations that
extract task-relevant information. To address this issue, AML is introduced as a strategy to
mitigate age-related information as a spurious correlation in ECG representations, thereby
aiming to improve robustness in MI detection.

Multitask learning (MTL), in which multiple tasks are learned jointly by sharing a common
representation [85], provides the foundation for the AML. In the standard case, the shared
representation is encouraged to be predictive for all tasks. However, shared representations
may inadvertently encode spurious correlations present in the training distribution [86].
Learning representations that are invariant to known confounding factors represents a major
challenge in building robust and generalisable DL models. AML has been adopted to tackle
this challenge. Within the AML framework, a DL model is optimised to perform a primary
task while being penalised whenever it encodes information related to confounding factors.

A common implementation employs a gradient reversal layer (GRL), originally introduced by
Ganin and Lempitsky in the context of domain adversarial neural networks for unsupervised
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domain adaptation [87]. In this case, a model trained on a labelled source dataset generalises
to an unlabelled target dataset with a different distribution. GRL acts as an identity transform
during forward propagation, while multiplying the gradients by a negative constant value
during backpropagation [88]. As a result, the shared layers of the DL model are optimised
to minimise the loss associated with the primary task, while maximising the loss of the
adversarial task.

Inspired by this principle, we adopted the GRL to mitigate age-related confounding in MI
detection from ECGs. As illustrated in Figure 3.1, in the proposed architecture, a shared
feature extractor (backbone), processes the 12-lead average beat input and feeds two parallel
task-specific branches: the MI classifier (primary task), which performs MI detection, and
the age predictor (secondary task), which estimates the age of patients. A GRL was inserted
between the backbone and the age predictor. As a consequence, the backbone was optimised
in two competing directions. On the one hand, it minimised the binary cross-entropy loss
(BCE) associated with the MI classification task. On the other hand, it maximised the
mean squared error (MSE) loss of the age prediction task through GRL. During training,
gradients from the MI classifier updated the backbone to improve classification accuracy,
while gradients from age predictor, penalised the backbone whenever it encoded age-related
information. To implement AML, we followed the approach described in [83].

The backbone network is denoted as bθB , the MI classifier as mθM and the age predictor as aθA .
Given an input 12-lead average beat ECG x, the probability of detecting MI is defined as

ŷ = mθM(bθB(x)) (3.1)

where ŷ denotes the probability of MI, and the functions mθM and bθb are neural networks
parametrised by θM and θB, respectively. The predicted age is given by

â(x) = aθA(bθB(x)) (3.2)

where aθA is a neural network with parameters θA.

The training procedure was organised in three sequential steps, each for a specific purpose: i)
learning MI-discriminative representations, ii) training an age predictor, and iii) enforcing
adversarial learning to reduce age-related information in the shared backbone.

In the first stage, the backbone bθB and the MI classifier mθM were optimised jointly to
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FIGURE 3.1: AML framework for age-bias mitigation. A shared feature extractor
(backbone) feeds two task-specific branches: MI classification and age prediction.
A GRL is incorporated in the age prediction branch to penalise the encoding of

age-related information in the backbone.

minimise the BCE loss associated with the MI classification task. The parameters were
updated using stochastic gradient descent according to

θM ← θM − η
∂LBCE

∂θM

θB ← θB − η
∂LBCE

∂θB

(3.3)

where η denotes the learning rate. This stage ensured that the backbone learned representa-
tions that were discriminative for MI detection.

In the second stage, the age predictor aθA was trained to minimise the MSE between the
predicted and the true age y. The parameter vector θA were updated as follows

θA ← θA − η
∂LMSE

∂θA
(3.4)

In this phase, the backbone parameters θB were kept fixed to create a model able to predict
age of using the same bθB model for MI classification.
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In the third stage, adversarial training was introduced by inserting a GRL between the
backbone and the age predictor. The backbone parameters were updated according to

θB ← θB − η

(
∂LBCE

∂θB
− α

∂LMSE

∂θB

)
(3.5)

where α is a hyperparameter that controls the strength of GRL.

3.3.1 Compensation of Age-related Information

The age predictor aθA was trained using the MSE loss as defined in Eq. (3.4). In the AML
formulation instead, MSE loss was driven to worse using GRL, as shown in Eq. (3.5). However,
this approach does not necessarily remove age-related information from the backbone. In
particular, a strong negative correlation between the true and predicted ages can substantially
increase the MSE while still indicating that the representation is heavily dependent on age.
In this case, the error is large, but the backbone continues to encode age information, since
a simple linear transformation would suffice to recover the true values. This limitation
arises because MSE quantifies prediction error rather than statistical dependence. Therefore,
maximizing MSE fails to enforce the intended age-invariance.

To address this limitation, we proposed a covariance-based adversarial loss. The covariance
between two variables quantifies their linear dependence. Given M training samples with
true ages ai and predicted âi, the sample covariance was defined as

Cov(a, â) =
1
M

M

∑
i=1

(
ai − ā

)(
âi − ¯̂a

)
(3.6)

where ā and ¯̂a denote means of the true and predicted ages, respectively. The adversarial loss
was then defined as the negative squared covariance

LNCOV = −(Cov(a, â))2 (3.7)

The squared term ensures that both positive and negative correlations are penalised symmet-
rically, preventing the model from exploiting an inverted relationship between predicted and
true ages. The negative sign is introduced to align the loss with the adversarial optimisation:
through the GRL, the age predictor is encouraged to maximise this loss, whereas the backbone
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is optimised to minimise it. Under this formulation, the minimum of the objective is attained
when the covariance approaches zero, corresponding to the predicted and true ages being
linearly uncorrelated.

Replacing the MSE term in Eq. (3.5) with LNCOV, the update rule for the backbone becomes

θB ← θB − η

(
∂LBCE

∂θB
− α

∂LNCOV

∂θB

)
. (3.8)

The proposed covariance-based loss is related to mutual information applied to the variable
age and its estimated version by the network. While mutual information provides a general
measure of dependence between two variables, covariance quantifies only the linear rela-
tionship with the advantage of an straightforward computation. Nevertheless, in the case
of bivariate Gaussian variables, mutual information can be expressed as a function of the
squared correlation coefficient, which relates the proposed squared covariance reduction to
mutual information minimisation.

3.4 Dataset

In this study, the PTB-XL dataset (version 1.0.3) publicly available on PhysioNet [89], was
employed. The dataset consists of 21,799 12-lead ECG recordings collected from 18,869
patients between 1989 and 1996 across multiple German hospitals. Each recording has a
duration of 10 seconds and is originally sampled at 500 Hz; a downsampled version at 100 Hz
is also provided. The dataset includes metadata such as patient age, sex, and diagnostic
annotations encoded according the SCP-ECG standard [90]. Diagnostic labels cover a wide
range of cardiac conditions and can be grouped into five principal categories: arrhythmias,
conduction blocks, MI, nonspecific abnormalities, and normal ECGs.

For the purposes of this study, a subset of the dataset was selected. Specifically, normal
sinus rhythm (NORM) and MI recordings were considered. MI cases were included only
in the absence of additional ECG abnormalities, such as bundle branch block, abnormal
QRS, high or low QRS voltage, supraventricular tachycardia, sinus tachycardia, paroxysmal
supraventricular tachycardia, or LVH. ECG recordings associated with unreliable patient
age values (e.g., age set to 300 years) were excluded. All experiments were conducted using
the 100 Hz downsampled version of the recordings. After applying the described selection
criteria and the preprocessing (see Section 3.5), the final dataset consisted of 7,735 NORM
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and 1,695 MI recordings. Notably, the two classes exhibited different age distributions, with
NORM subjects having a median age of 54 years [IQR 41.0-65.0], and MI 69 years [IQR
60.0–78.0].

3.5 Data Preprocessing

ECG recordings are commonly affected by multiple sources of noise and interference that can
obscure clinically relevant features, distort waveform morphology, and in some cases lead to
misinterpretation (see Section 2.2.2). To ensure reliable analysis, a preprocessing pipeline was
implemented to attenuate noise while preserving the diagnostic content of the signal.

All selected ECGs were filtered using a zero-phase, third order bandpass Butterworth filter
with a pass-band of 0.5− 40 Hz to reduce powerline interference, baseline wandering and
high frequency noise. After denoising, beats were detected applying the gqrs algorithm [91]
on the vector magnitude (VM) of the 12-lead ECG. The VM was computed as the square root
of the sum of the squared ECG signals across the 12 leads. The detected beat positions were
refined employing the Woody algorithm [92] on the VM. The signal quality of each lead was
evaluated by computing the mean Pearson correlation coefficient between each QRS complex
(from Q− 20 ms to Q + 100 ms), and an average QRS template. An ECG trace was considered
of good quality if the average cross-correlation was higher than 0.9 in at least 8 leads. ECG
recordings failing to meet this quality criterion were excluded from further analysis. For
each retained ECG, an average beat was computed for all leads. To reduce the influence of
irregular rhythms, only beats with inter-beat time interval, i.e., QQk = Qk −Qk−1 with k as
the beat index, deviating no more than 50 ms from the median QQ value were included in
the averaging process. The resulting average beat had a total duration of 580 ms (Q− 250 ms;
Q + 330 ms).

3.6 DL Model

The backbone bθB consists of two one-dimensional convolutional blocks (kernel size=3),
with a rectified linear unit (ReLU) activation, batch normalisation, and max-pooling. The
convolutional layer were followed by a fully connected layer that produced a shared latent
representation. For the primary task, i.e. MI classification, the output of the backbone was
fed into the mθM network, composed by two fully connected layers. The aθA network for the
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age estimation task consists of a single fully connected layer. The input of the network was
12x58 matrix, representing the 12 lead average beat.

3.7 Experiments

The dataset was partitioned into training (80%) and test sets (20%), ensuring that recordings
from the same patient were assigned exclusively to one subset to prevent data leakage. In
order to address class imbalance between MI and NORM recordings, the BCE loss was
weighted according to the class distribution. The experiments were conducted using a batch
size of 32. Different learning rates and number of training epochs were adopted across the
training stages.

The AML framework was trained in three sequential stages. In the first stage, the backbone
bθB and the MI classification network mθM were jointly optimised according to Eq. (3.3).
Training was performed for 100 epochs using a learning rate of 10−4. This stage also served
as a baseline model for the MI classification task only.

In the second stage, the pretrained backbone bθB was frozen and paired with the age predictor
aθA . During this phase, only the parameter θA were updated according to Eq. (3.4). The
learning rate was increased to 10−3 and the number of epochs was set to 200. This stage also
served as a baseline model for the age prediction task only.

In the final stage, AML framework was considered. The pretrained backbone bθB was updated
through GRL according to Eq. (3.5), while the parameters of both the MI classifier and mθM

and the age predictor aθA remained fixed. Training was performed for 100 epochs and the
hyperparameter α set to 10−3.

Finally, the AML framework employing the MSE loss for the adversarial task (Eq. (3.5))
was compared with the proposed covariance-based adversarial loss (Eq. (3.8)). The two
approaches were evaluated in terms of MI classification accuracy and degree of correlation
between predicted and true age. This evaluation framework enabled the assessment of the
efficacy of the backbone bθB to learn age-invariant representations.
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3.8 Results and Discussions

3.8.1 MI Classification Performance

The MI classification baseline model achieved a test accuracy of 0.87, with a sensitivity of 0.88
and a specificity of 0.87. These results indicate discriminative performance across MI and
NORM classes and confirm that the backbone architecture was capable of learning clinically
relevant representations from beat signals. The baseline performance was therefore used as a
reference to assess the effect of the AML framework on MI classification performance and
age bias mitigation.

When the AML framework was employed, different patterns were observed depending on
the adversarial loss function. Using the MSE loss in the AML framework yielded in a reduced
test accuracy of 0.82. In contrast, employing the proposed covariance-based adversarial loss
yielded a test accuracy of 0.85, which showed a performance comparable to the baseline
model (0.87).

3.8.2 Age Encoding in the Learned Representations

To assess the encoding of age-related information within the learned representations, Pearson
correlation coefficient between predicted age and true age was computed on the test set. This
prediction was computed with Eq. (3.2) using the three different models.

For the age prediction of the baseline model, a correlation coefficient of 0.67 was obtained.
Figure 3.2a illustrates a positive linear trend between predicted and true age. This pattern
indicated that age-dependent ECG features were encoded in the learning representation and
may act as a confounding factor in MI classification. Given the clinical association between
age and MI prevalence, the model may partially encode age-related information to support
its predictions, potentially leading to biased outputs.

3.8.3 Effect of MSE Loss in AML Framework

When AML framework was implemented using the MSE loss, a high negative correlation of
−0.78 was obtained between predicted and true age. As shown in Figure 3.2b, the scatterplot
exhibits a negative linear trend.



3.8. Results and Discussions 37

-20 0 20 40 60 80 100 120 140 160
True age

-20

0

20

40

60

80

100

120

140

160

P
re

di
ct

ed
 a

ge

(A)

-20 0 20 40 60 80 100 120 140 160
True age

-20

0

20

40

60

80

100

120

140

160

P
re

di
ct

ed
 a

ge

(B)

-20 0 20 40 60 80 100 120 140 160
True age

-20

0

20

40

60

80

100

120

140

160

P
re

di
ct

ed
 a

ge

(C)

FIGURE 3.2: Scatterplots of true vs. predicted age (in years) on the test set for
different training configurations: A) Baseline age prediction model, B) AML with

MSE adversarial loss, C) AML with covariance-based adversarial loss.
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Although the direction of the correlation was negative, its large magnitude indicated that
substantial age-related information was encoded in the shared representation. In fact, a
correlation of −0.78 reflected a strong linear dependence; thus, age could be recovered
through a simple affine transformation (e.g., sign inversion and scaling). In other words, the
representation retained linearly accessible age information, even though the AML framework
increased the regression error. This observation demonstrated that maximizing the regression
error of the age predictor did not necessarily eliminate age-related information from the
shared representation.

3.8.4 Effect of Negative Covariance Loss Function in AML Framework

In contrast, the adoption of the proposed negative squared covariance loss yielded a Pearson
correlation coefficient of −0.03, indicating the absence of linear dependence between pre-
dicted and true age. As illustrated in Figure 3.2c, the predicted ages are dispersed across the
full range of true ages that indicates the effective mitigation of age-related information.

Unlike the MSE-based AML framework, the covariance-based AML framework explicitly
penalised the linear dependence between the learned representation and the age attribute.
By directly minimizing statistical dependence rather than maximizing regression error, this
framework enhanced decorrelation at the learning representation. Notably, the substantial
reduction of age-related information did not compromise MI classification performance.

3.8.5 Comparative Analysis of AML Framework

The obtained results demonstrated that the AML framework can effectively mitigate the
age-related information when performing MI classification. While the standard MSE-based
AML framework provided high negative correlation, it did not eliminate age information
from the shared representation. In contrast, the covariance-based AML framework explicitly
reduced statistical dependence and mitigated spurious correlation between MI and age.

Unlike previous approaches, such as the method proposed in [83], where the same loss
function, i.e., cross-entropy, was used to optimise the subject-discriminator branch and for
the for the AML framework, this study decoupled the learning of age-related information
by employing a distinct loss function for the adversarial task. These findings suggest that
enforcing statistical decorrelation is more effective than maximizing age-prediction error
alone to reduce age-related dependence in MI classification models.
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3.9 Conclusion

The experimental results demonstrate that the proposed covariance-based adversarial learn-
ing strategy substantially reduced age-related spurious correlations while largely preserving
MI classification performance. These findings highlighted the importance of carefully design-
ing adversarial objectives when promoting invariant representation learning in MI diagnosis.

Despite the encouraging results, several aspects require further investigation. Particularly,
external validation on independent datasets is required to assess the robustness and gen-
eralisability of the learned age-invariant representations. Furthermore, the proposed AML
framework is not inherently limited to age-related bias and could be extended to account for
multiple demographic confounders. Future work could investigate the inclusion of additional
adversarial branches targeting factors such as sex, enabling the simultaneous mitigation of
multiple sources of bias.





41

Chapter IV

Domain Knowledge Injection for MI
Diagnosis from ECG and Comparison with
Clinical Rule-Based Algorithm

4.1 Introduction

Clinical guidelines such as those codified in the Fourth UDMI [58] provide standardised
diagnostic criteria, including ST-segment elevation in anatomically contiguous leads and
the development of pathological Q waves. In clinical practice, these criteria are often imple-
mented through automated interpretation systems embedded in commercial ECG machines.
These systems are typically rule-based and provide preliminary diagnostic suggestions
[26, 27]. For acute MI, sensitivities reported for automated ECG interpretation systems range
from approximately 0.62 to 0.78 [93, 94]. While these systems perform reasonably well for
certain abnormalities, their accuracy is generally lower than that of cardiologists, mainly due
to their limited ability to integrate subtle waveform features [95].

These limitations of rule-based ECG interpretation systems motivate the use of alternative
approaches. In this context, DL has emerged as a powerful approach for ECG analysis,
capable of automatically extracting representations from ECG signals. Although numerous
DL models have been proposed and often achieve encouraging performance, high accuracy
does not necessarily guarantee that the learned representations are clinically meaningful. DL
models may instead exploit spurious correlations in the training data, raising concerns about
their reliability, robustness, and generalisability.
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A key limitation of traditional DL training strategies for MI detection is their purely data-
driven nature, as they do not explicitly incorporate DK. Injecting DK into the training process
represents a promising strategy to mitigate spurious correlations, leading to improved
robustness. By guiding the learning process of the DL model and imposing constraints
in the latent representations, DK can help extract clinically meaningful features. However,
effective incorporation of DK into the DL models remains an open research challenge for MI
identification.

In this study, we investigated how the injection of DK during training influenced the la-
tent representations of DL models. Specifically, we proposed two training strategies that
constrained an intermediate network layer to estimate clinically meaningful features and
evaluate their impact on both classification performance and alignment with established clini-
cal guidelines. In the first strategy (split-wise learning, see Section 4.4), the model parameters
were optimised in two consecutive phases: first, the parameters of the ST-segment amplitude
estimation module were optimised; subsequently, using the learned representations from
the first phase, the parameters of the MI detection module were optimised. In the second
strategy (MTL, see Section 4.5), the entire DL model was trained end-to-end to simultaneously
optimise parameters to perform two tasks i.e., MI localisation and staging.

In addition, we implement a rule-based algorithm (RBA) grounded in diagnostic criteria that
leverages ECG-derived features. By comparing DK–guided DL (DK-DL), purely data-driven
DL (B-DL), and the RBA, we aim to quantify the performance gap and better understand the
trade-offs among these approaches.

4.2 Domain Knowledge Injection

The incorporation of DK into DL models remains one of the major challenges of AI systems
[96]. In the literature, there is no universal definition of DK. Generally, it refers to problem-
specific information that is relevant to solving a task [96]. Such information may manifest in
several forms, including equations, logical rules, knowledge graphs, or probabilistic relations
[97]. DK can represent a powerful strategy to overcome some of the DL limitations. Typically,
DL models require a large amount of data to learn meaningful representations. However, in
the clinical context, annotated datasets are often limited and DK can restrict the region of the
parameters space [98]. In general, DK can be injected into DL models at different levels of the
pipeline: i) at the data level, ii) at the model architecture level, iii) at the optimisation level
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through the modification of the objective function, and iv) after training through post-hoc
refinement [97].

Data Level Integration

At the data level, DK is incorporated by modifying the input data prior to training. One
approach involves transforming logical rules into additional input features using proposi-
tionalisation techniques [96]. Furthermore, DK can be leveraged to design data augmentation
strategies. For example, in contrastive learning for ECG analysis, augmented samples may
preserve overall morphological similarity to the original signals while introducing controlled
variations in diagnostically relevant regions [99]. In MI samples, this could include masking
the QRS complex or scaling the ST-segment. Similarly, prior clinical knowledge about MI can
motivate the selection of a reduced subset of leads, thereby changing the input representation
[100]. While DK incorporation at the data-level is relatively simple to implement, its impact
is restricted to modifying the input representation.

Architecture Level Integration

At the architectural level, DK can be integrated through graph neural networks [97, 101]. In
this case, the topology of the graph determines the pattern of information propagation within
the network. In the ECG context, for instance, each lead can be processed independently
using dedicated feature extraction blocks. The extracted features are aggregated according
to defined groups of contiguous leads before being fused to produce a global decision
[102]. Attention mechanisms provide another effective strategy for integrating DK at the
architectural level, as they allow to emphasise clinically relevant patterns by dynamically
weighting important temporal segments or spatial regions [103].

Loss Level Integration

DK is also incorporated by introducing an additional loss component that penalises deviations
from domain-specific constraints. In particular, logical rules are translated into differentiable
approximations and embedded within the objective function [97, 98, 100]. For example, in
ECG-based arrhythmia classification, Sun [100] integrated DK by adding a regularisation
term that penalises discrepancies between the class probability distribution predicted by the
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DL model and a reference distribution derived from fuzzy logical rules grounded in clinical
knowledge.

Post Training Integration

In post-training approaches, DK is incorporated only after the model has completed the
learning process, serving as an external validation or correction mechanism [97, 100]. In this
case, model predictions are evaluated against predefined domain constraints derived from
expert knowledge or clinical guidelines. Predictions that violate these constraints may be
rejected, flagged for review, or adjusted to enforce consistency with established rules. In this
case, DK does not influence the internal representations during training of the model.

4.3 Related Works

The incorporation of DK into DL models has attracted increasing research interest, particularly
for enhancing MI detection and localisation using 12-lead ECG signals [104, 103, 105, 106].
Most existing approaches primarily embedded DK at the architectural level by grouping leads
according to clinically defined anatomical regions and processing them through dedicated
feature extraction blocks. Among the DK approaches, Prabhakararao et al. [103] introduced
a method that used a weight-sharing recurrent neural network coupled with intra- and
inter-lead attention mechanisms for 12-lead ECG signal. These attention mechanisms allowed
to emphasise clinically relevant patterns by dynamically weighting important temporal
segments or spatial regions. Evaluated on the PTB dataset, the method achieved an accuracy
of 0.98.

Subsequent studies incorporated DK more explicitly through structural modelling of lead–
territory relationships. Guo et al. [104] developed a DK-guided graph neural network for
MI localisation on the PTB-XL dataset, grouping ECG leads into graphs according to corre-
spondences between ECG leads and myocardial regions. A multi-branch dense graph neural
network extracted myocardial region-specific features that were refined via a class-level
attention mechanism, achieving an accuracy of 0.81 and a compute area under the receiver
operating characteristic curve (ROC-AUC) of 0.96. Extending this framework, the authors
later introduced an overlapping lead grouping strategy grounded in clinical DK to capture
spatial dependencies among leads [106]. The advanced architecture modelled intra- and
inter-lead relationships using convolutional layers, squeeze-and-excitation blocks, residual
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blocks, and positional transformer modules, followed by a weighted fusion mechanism.
This allowed to improve MI localisation performance, achieving an accuracy of 0.85 and a
ROC-AUC of 0.95 on the same dataset.

Similarly, Sun et al. [102] proposed a DK driven multi-lead group ResNet that integrated both
static and dynamic ECG features for MI detection and localisation. The framework employed
deterministic learning to capture subtle ECG dynamics and adopted a multi-branch ResNet
architecture guided by clinically defined the relationship between leads and MI region. Then,
local and global fusion modules aggregated features within and across lead groups to obtain
comprehensive representations. Using five-fold cross-validation on the PTB-XL dataset, the
method achieved a detection accuracy and localisation accuracy of approximately 0.94 and
0.87, respectively.

Other lead grouping strategies included graph-based approaches which explicitly modelled
the relationships between ECG leads and MI regions. Yuan et al. [107] constructed a hyper-
graph in which leads were represented as nodes and MI classes as hyperedges, enabling
higher-order modelling of clinically related leads. Their framework combined lead-level
and MI classes-level representations and incorporated Wasserstein-distance-based domain
alignment strategy to improve cross-domain MI localisation without requiring manual an-
notations for new patients. Further advancing graph-based modelling strategies, Guo et
al. [108] proposed a DK-driven graph representation learning framework that integrated
ECG signals, morphological features, demographic attributes, and lead–territory associations
within a unified graph structure. This framework allowed the model to learn interactions
across interconnected entities through a parallel multi-branch embedding network and a
relation-aware graph aggregation module. MI localisation was formulated as a link prediction
task between patient nodes and MI label nodes.

Notably, MI staging together with MI localisation has been explicitly addressed in only a
limited number of studies. Han et al. [109] proposed a framework that jointly performed MI
staging and localisation by incorporating established clinical diagnostic criteria into a DL
pipeline. Their approach employed a densely connected convolutional network architecture
to classify beat-level morphological patterns, such as ST-segment elevation. The extracted
lead-wise morphological features were then integrated into a knowledge graph structured
according to clinical criteria for MI diagnosis. Subsequently, these criteria were applied to
determine whether specific morphological patterns occurred across anatomically contiguous
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leads, enabling simultaneous identification of MI stage (hyperacute, acute, or prior) and MI
localisation.

In summary, existing studies on MI identification from ECGs mainly incorporated DK through
architectural design, such as lead grouping. While these strategies enhanced representation
by embedding anatomical priors into the model architecture, DK was generally confined
to the feature extraction phase. The optimisation process was driven by generic objective
functions, such as cross-entropy loss, which did not explicitly encode clinical diagnostic
criteria. As a result, learned representations were not directly regularised toward clinically
meaningful representation, thereby limiting the full potential of DK to improve robustness
and generalisation. Furthermore, early studies did not comprehensively evaluate the perfor-
mance of DL models using external test sets. Instead, most studies relied primarily on internal
validation strategies, such as random train-test splits or cross-validation within the same
dataset [102]. Without rigorous external validation, reported performance metrics may over-
estimate true clinical utility and fail to reflect potential distribution shifts across institutions,
devices, or demographic groups. Moreover, the joint modelling of MI detection, localisation,
and staging within a unified multi-task framework remains unexplored. Although these
tasks were inherently interrelated and relied on shared features, most existing approaches
treated them independently or considered MI stage and localisation as secondary objectives.
Such task-specific modelling may lead to redundant feature learning and suboptimal use
of shared representations. To address these gaps, we propose an unified framework to: i)
jointly optimise MI detection, localisation, and staging; ii) incorporate DK into the training;
and iii) test the performance on three external datasets whose MI diagnoses were confirmed
by cardiologists.

4.4 Domain Knowledge Injection via Split-wise Training

Parts of the study presented in this section are based on previously published work [110].

4.4.1 Motivation

As discussed in Chapter II, deviations of the ST-segment amplitude in the 12-lead ECG
represent a cornerstone of acute MI detection and localisation, and are extensively employed
in both clinical practice and automated ECG analysis systems. Incorporating DK at the
architectural level of a DL model can enhance the learning representations. Given that
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FIGURE 4.1: Architecture of the DL model. The yellow block denotes the linear
layer constrained to estimate ST-segment amplitude (ŝ) in split-wise model train-

ing strategy.

ST-segment amplitude is a clinically established physiological marker and inherently a
continuous variable, it was modelled using a regression-based formulation as a form of
DK incorporation into the DL model. The underlying rationale was that by enforcing the
extraction of clinically significant features at the lower levels of the network (hidden layers),
the subsequent classification layers were compelled to rely on these clinically significant
features.

4.4.2 Split-wise Model Training

The proposed approach adopted a two-phase training strategy in which an intermediate
representation was explicitly constrained to encode clinically meaningful ECG features
before being used for the final classification. Formally, the DL model was designed as the
composition of two mathematical functions

ŷ = mγ,θ(x) = fθ(gγ(x)) (4.1)
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where x denotes the 12-lead average beat input, gγ(x) maps the input to the constrained
hidden representation corresponding to ST-segment amplitudes, and fθ corresponds to the
subsequent layers leading to the final classification output. θ and γ denote the parameters of
fθ and gγ, respectively.

Figure 4.1 illustrates the architecture of the proposed DL model. The model, denoted as
mγ,θ, comprised two main components: fθ and gγ. The component gγ consisted of two
one-dimensional convolutional blocks. The first block included a 1D convolutional layer with
16 output channels (kernel size = 5), followed by a rectified linear activation unit (ReLU) acti-
vation function and a 1D max-pooling layer (kernel size = 2). The second block followed the
same structure, employing a 1D convolutional layer with 20 output channels. Subsequently,
the resulting feature maps were flattened and passed through two fully connected layers
with 256 and 12 neurons, respectively. The final layer of gγ was explicitly constrained to
estimate the ST-segment amplitudes, thereby incorporating clinically relevant DK into the
learning process. The fθ was implemented as a multilayer perceptron composed of three
fully connected layers with 32, 64, and 2 neurons, respectively. Each intermediate layer was
followed by a ReLU activation function, while the final layer was followed by a Softmax
activation function to produce class probabilities corresponding to MI and NORM.

To explicitly supervise the constrained representation, the dataset was augmented with
auxiliary targets corresponding to clinically relevant features. Specifically, the dataset was
defined as D = {xi, si, yi}M

i=1 where M is the total number of samples and si is the vector of
ST-segment amplitudes of the i-th sample, and yi is the scalar containing the binary diagnostic
label (MI vs. NORM). The auxiliary targets si were used exclusively during training.

Model training was carried out in two consecutive phases. In the first phase, the parameters
γ were optimised to estimate the ST-segment amplitudes by minimising the MSE between
the predicted values (gγ(x)) and corresponding ground truth ST-segment amplitudes si. In
the second phase, the parameters γ were frozen, and the parameters θ were optimised by
minimising the cross-entropy loss between the model output mγ,θ(xi) and the diagnostic
label yi.

4.4.3 Dataset

The proposed training strategy was evaluated on the PTB Diagnostic ECG Database [36, 111],
which contains 549 ECG recordings from 290 subjects with a sampling frequency of 1 kHz.
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ECG preprocessing and average beat extraction were carried out as described in Section 3.5.
After preprocessing, a total of 52 NORM and 145 MI recordings (patients) were retained for
analysis. The dataset was split into training set (0.7) and test set (0.3).

4.4.4 Experiments

To assess the effectiveness of DK incorporation, two DL models were considered. Both mod-
els shared the same network architecture, but differed in the training strategy. Specifically,
the proposed split-wise model was trained using the two-phase procedure described in
Section 4.4.2, whereas the baseline model was trained in a single phase, where all network
parameters were jointly optimised using the final classification objective, without intermedi-
ate supervision. Both models were trained under the same optimisation conditions. Training
was performed for 100 epochs with a batch size of 8, and learning rate of 10−4, using Adam
optimiser [112].

4.4.5 Explainability Analysis via Lead Occlusion

The occlusion procedure consisted of iteratively removing the information from a single ECG
lead by setting its entire signal to zero, while leaving the other leads unchanged. After each
occlusion step, the modified input was fed to the trained model to obtain a new predicted
probability of MI. The absolute change between this probability and the baseline probability
computed from the original (non-occluded) average beat was then computed. This value
quantified the influence of the removed lead on the prediction of the model. For each MI
recording, the three leads associated with the largest probability variation were identified
as the most influential for MI classification. For each MI region, the leads most frequently
identified as relevant were compared with those established in clinical context.

4.4.6 Preliminary Results and Discussions

The end-to-end baseline model achieved a higher test accuracy than the split-wise model
(0.85 vs. 0.69). However, the two models exhibited distinct lead-importance patterns. In
particular, the split-wise model, trained in two separate phases, demonstrated a stronger
tendency to rely on clinically relevant leads compared to the baseline model. For instance,
in anterior MI cases, the split-wise model prioritised leads V2–V4, consistent with clinical
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guidelines. In contrast, the baseline model more frequently attributed importance to leads
that are less strongly associated with anterior MI.

These findings suggest that constraining the intermediate representation to estimate ST-
segment amplitudes encourages the model to focus on clinically meaningful features. How-
ever, this constraint resulted in reduced classification performance. The two-phase training
procedure inherently limited the flexibility of the model, as the feature extraction parameters
were fixed before the classification task, preventing joint optimisation of all parameters.
This limitation along with the promising results of this training approach motivated the
development of an end-to-end training strategy.

4.5 DK Injection in End-to-End Multitask Framework

A manuscript authored by Ibrahimi et al., based on the results presented in this section,
has been finalised and is ready for submission to the IEEE Transactions on Biomedical
Engineering.

4.5.1 Multitask Learning for Comprehensive MI Characterisation

The two-phase training strategy described in Section 4.4.2 presents inherent limitations when
multiple tasks, i.e., MI detection, localisation and staging, are performed. Particularly, split-
wise optimisation becomes less efficient as the number of objectives (tasks) increases, since
each task is optimised independently rather than jointly. This approach limits the ability of the
model to learn shared representations that are meaningful across related tasks. To overcome
these limitations, the previously proposed framework was extended to an end-to-end MTL
framework, in which all tasks are optimised simultaneously within a single training phase.

In the context of MI interpretation, the clinical assessment involves both MI localisation and
staging. Therefore, a DL model should not be limited to a single classification objective, but
rather designed to provide a comprehensive characterisation of MI. The localisation task was
formulated as a multi-label classification problem across four anatomical regions (anterior,
septal, inferior, and lateral). For each sample, the model predicted the presence or absence of
pathological changes within each region. The MI stage classification task was formulated as a
three-class problem, distinguishing acute MI, prior MI, and NORM cases.
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In this study, to jointly model MI stage and localisation, a MTL framework was adopted,
comprising a shared feature extraction backbone and task-specific output heads. MI localisa-
tion was supervised using average binary cross-entropy loss across four classes, which we
denoted as Lloc. The prediction of MI stage was supervised using a cross-entropy loss, which
we denoted as Lstage. To mitigate the effects of class imbalance, both loss components were
weighted according to the class frequencies. The overall training objective was defined as the
sum of the two loss terms

Lbaseline = Lloc + Lstage (4.2)

which served as the baseline loss function for training the MTL framework.

4.5.2 Regularisation Strategies for DK Injection

We proposed two strategies to inject DK into the DL model. Both strategies employed a
custom regularisation term to control the latent space mapped by gγ. The first strategy
followed a bottom-up approach, in the sense that, the network was instructed to learn specific
ECG characteristics, such as wave amplitudes and durations, involved in both MI localisation
and stage detection. The second strategy was instead a top-down approach, in which the
network was instructed to reconstruct a latent space from a set of approximated clinical rules
which we made differentiable. The two regularisation terms were then added to the multitask
loss and their relative contribution was controlled using two scalar values.

Formally, we built a training dataset D = {ei}M
i=1 where M is the total number of training

samples and ei is the i-th tuple defined as (xi, si, qd,i, qa,i, ra,i, ai, gi, yloc,i, ystage,i) with xi ∈
R12×N is the median beat and N is the beat length, si ∈ R12 contains the 12 ST-segment
amplitudes, qa,i the 12 Q wave amplitudes, qd,i the 12 Q wave durations, ra,i the 12 R-peak
amplitudes, ai is the age in years, gi is the sex, yloc,i ∈ {0, 1}4 indicates when one or more
regions (in the order: anterior, septal, inferior, lateral) are subjected to MI (the region affected
is encoded with 1), and ystage,i ⊂ {0, 1}3 is the one-hot encoding of the three possible stages
(acute, prior, normal). For convenience, we built the reference matrix Wi ∈ {0, 1}4×2 which
encoded the presence of MI across anatomical regions and stages, where Wi(r, s) = 1 indicates
MI in region r at stage s, 0 otherwise.

The feature vectors si, qd,i, qa,i and ra,i were z-score normalised in each dimension in the
training set, and the 48 averages and standard deviations here computed were also applied
to the validation and test sets. Vectors were considered columns. The list of leads was I, II, III,
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TABLE 4.1: Differentiable approximations of logical operations used in the DK
regulariser.

Logical operation Differentiable approximation

β > δ σ (k(β− δ))

β ∧ δ σ
(
− log

(
e−kβ + e−kδ

))
β ∨ δ σ

(
log

(
ekβ + ekδ

))
aVR, aVL, aVF, V1, V2, V3, V4, V5 and V6. We kept this order fixed for all our experiments
and, for convenience, we associated a progressive number from 1 to 12 to indicate a given
lead. To enhance clarity in interpreting the formulas reported in following section, with a
little abuse of notation, we refer to the ℓ-th component of a vector with its name rather than
the progressive number. For example, the number 8 referred to V2, but also s(ℓ) with ℓ = V2
referred to the 8th component of the vector s.

Clinically Relevant Feature Estimation

In the first strategy, we aimed to instruct the network to extract relevant features directly from
the ECG, without letting the extraction of features completely handled by the multitask loss.
To do so, considering that ST-segment amplitudes, Q wave amplitudes and durations, and
R-peak amplitudes across the 12 leads carry fundamental diagnostic information for both
localisation and stage detection, we leveraged the additional information provided by the
PTB-XL+, in terms of features, to construct a regularisation term which guided the network
to learn how to extract such quantities. Specifically, the feature estimation loss was defined
as the MSE between the predicted and the true normalised features. Let us define B as the
index set for a mini batch, and the loss as

Lfeat =
1
|B| ∑i∈B

∥gγ(xi)− fi∥2
2 (4.3)

where fi = [si, qa,i, qd,i, ra,i]
⊺ and gγ(xi) provides as output f̂i.

Soft RBA Regularisation

In the second strategy, we encoded a set of diagnostic rules to regularise the latent space. The
main aim was to construct an estimated matrix Ŵi from the latent space vectors f̂i outputted
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by gγ(xi), and to compare Ŵi with the reference Wi. Unfortunately, the clinical guidelines and
the RBA rely on hard, non-differentiable logical rules; therefore, differentiable approximations
(Table 4.1) were adopted to enable gradient-based optimisation.

Instrumental for the following calculations, we defined a binary mask A ∈ {0, 1}4×12, map-
ping contiguous leads to the four anatomical regions. In particular, we set A(r, ℓ) = 1 when
the ℓ-th lead should be considered as part of the contiguous leads for region r.

Let us decompose the vector f̂i in [f̂1,i, f̂2,i, f̂3,i, f̂4,i]
⊺, where each f̂j,i ∈ R12 and whose elements

are considered connected with the fixed list of leads, i.e., f̂j,i(ℓ) refers to the ℓ-th lead for all j
and i. All other vectors in this section follow this convention.

We first described the construction of the first column of Wi which relates to acute MI. We
defined the ST-segment elevation for each lead as

vi = σ
(

k(f̂1,i − t̃el)
)

(4.4)

where σ is the sigmoid function acting as a differentiable “if” operator, k indicates the
steepness of the sigmoid function, and tel is the ST elevation threshold, defined as

tel =



0.25, V2-V3, g = M, a < 40,

0.20, V2-V3, g = M, a ≥ 40,

0.15, V2-V3, g = F,

0.10, otherwise.

(4.5)

and t̃el refers to tel after normalisation with the z-score parameters obtained from the training
set. Since the latent representations estimated by gγ correspond to normalised feature values,
the clinical thresholds were transformed accordingly so that the differentiable diagnostic
rules could be evaluated in the same feature space.

Lead-wise ST-segment elevation scores were aggregated at the anatomical level to enforce
lead contiguity. Contiguity was enforced by requiring at least two activated leads within a
region. Using the mapping matrix A, the regional abnormality scores were computed as

ŵacute,i = σ (k(Avi − 2)) (4.6)
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where the number 2 was broadcasted for each of the four elements of Avi.

Regarding the identification of prior MI, the clinical guidelines recommended the verification
of any QS complex OR a pathological Q wave. The latter was defined differently depending
on the leads. Specifically, it indicated prior MI if, for V2 and V3, Q wave duration was greater
than 20 ms, whereas for the remaining leads, Q wave duration greater than 30 ms AND Q
wave amplitude lower than −0.1 mV. The OR and AND operators were made differentiable
using the approximations reported in Table 4.1.

QS complex detection was based on the R wave amplitude being absent and was modelled as

qs,i = σ(−kf̂4,i) (4.7)

while for the pathological Q wave we defined

pi(ℓ) =

σ
(

k
(
f̂3,i(ℓ)− t̃dur1

))
ℓ ∈ {V2, V3},

σ
(
− log

(
e−k(t̃amp(ℓ)−f̂2,i(ℓ)) + e−k(f̂3,i(ℓ)−t̃dur2 (ℓ))

))
otherwise.

(4.8)

where t̃dur1 , t̃dur2 and t̃amp were the z-score normalised thresholds of 20 ms, 30 ms and -0.1
mV, respectively, as recommended by the guidelines.

The final OR condition was then computed as

qi = σ
(

log
(

e−kpi + e−kqs,i
))

. (4.9)

Analogously to the acute MI case, the lead-wise pathological Q wave and QS complex scores
were aggregated at the regional level via the mapping matrix A, yielding the final ŵprior,i

using Eq. (4.6) but changing the vector vi with qi. The predicted Ŵ was then obtained as

Ŵi = [ŵacute,i ŵprior,i]. (4.10)

The DK loss was computed with the Frobenius norm

Lsoft =
1
|B| ∑i∈B

∥Ŵi −Wi∥2
F. (4.11)
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TABLE 4.2: Number of ECGs per dataset and stage. For PTB-XL+ dataset, only
ground truth labels are reported (pseudo-labeled cases are excluded). For the
Chapman-Shaoxing dataset, MI cases were not differentiated between acute and

prior, and thus an overall quantity is reported.

Train Val Test

Dataset Acute Prior Norm Acute Prior Norm Acute Prior Norm

PTB-XL+ 117 826 4843 28 259 1335 13 125 651
CODE – – – – – – 989 – –
MIMIC-IV – – – – – – 431 2240 –
Chapman-Shaoxing – – – – – – 69 5218

The Final Loss

The final loss function was defined as

L = Lloc + Lstage + λ1Lfeat + λ2Lsoft (4.12)

where Lloc and Lstage denote the localisation and stage losses of the MTL, respectively. The
weighting parameters λ1 and λ2 control the relative contributions of the DK-driven terms.

4.5.3 Clinical Rule-Based Algorithm

The RBA for MI detection and localisation encoded the clinical criteria [58] into a set of
decision rules, designed to reproduce the ECG interpretation. According to these guidelines
(see Section 2.3.1), acute and prior MI are characterised by abnormalities in ST-segment,
and Q wave occurring in anatomically contiguous leads. In the RBA, rule satisfaction was
determined by comparing ECG features with a threshold defined by the clinical criteria.
In addition to ECG features, age and sex were incorporated to apply guideline specific
thresholds for the acute MI stage. In accordance with the clinical guidelines and the dataset,
rules related to posterior MI and NSTEMI were excluded from the algorithm.

The RBA evaluated rule satisfaction within region-specific lead groups to identify candi-
date MI regions. When multiple regions met the criteria, localisation was determined by
aggregating the identified regions. The MI stage was inferred based on the types of detected
abnormalities; in line with the guidelines, we defined: i) ST-segment changes indicate acute
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Algorithm 1 RBA for MI Localisation and Staging

Input: a (age), g (sex), s (array of ST elevations; mV), qa (array of Q wave amplitudes;
mV), qd (array of Q wave durations; ms), ra (array of R peak amplitudes; mV)
Output: localisation, stage

1: Define territories:
Gsep = {V1, V2}, Gant = {V3, V4},
Glat = {I, aVL, V5, V6}, Ginf = {II, III, aVF}
T = {sep, ant, lat, inf}, A,P ← ∅
Acute MI (ST elevation)

tel(ℓ) =


0.25, ℓ ∈ {V2, V3}, g = M, a < 40
0.20, ℓ ∈ {V2, V3}, g = M, a ≥ 40
0.15, ℓ ∈ {V2, V3}, g = F
0.10, otherwise

2: for all t ∈ T do
3: if |{ℓ ∈ Gt : s(ℓ) ≥ tel(ℓ)}| ≥ 2 then
4: A ← A∪ {t}
5: end if
6: end for

Prior MI (Pathological Q wave OR QS complex)

p(ℓ) =

{
qd(ℓ) ≥ 20 ms, ℓ ∈ {V2, V3}
qd(ℓ) ≥ 30 ms∧ qa(ℓ) ≤ −0.10 mV, otherwise

qs(ℓ) := ra(ℓ) ≤ 0
7: for all t ∈ T do
8: if |{ℓ ∈ Gt : p(ℓ) ∨ qs(ℓ)}| ≥ 2 then
9: P ← P ∪ {t}

10: end if
11: end for
12: localisation← A∪P

stage =


NORM, A∪P = ∅
Acute MI, A ̸= ∅
Prior MI, otherwise

13: return localisation stage
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Lead	II Lead	III

FIGURE 4.2: Representative median beats of lead II and III from an acute MI case.
Small horizontal squares represent 40 ms while small vertical squares indicate

0.1 mV.

MI, ii) pathological Q waves indicate prior MI, and iii) the presence of both types of abnor-
malities indicate acute MI. When none of the guideline-based conditions were satisfied, the
ECG was classified as NORM. A description of the RBA is provided in Algorithm 1.

4.5.4 Datasets

In this study, we used the PTB-XL+ dataset (version: 1.0.1) [91, 113], an extension of the
PTB-XL dataset, to train the DL models. PTB-XL+ provides 21,799 median beats sampled
at 500 Hz, extracted from 10-second 12-lead ECG recordings by means of GE Healthcare’s
Marquette 12SL [27], ECGDeli [114] and Uni-G software. Each recording is linked to clinical
metadata. Also, each beat is associated with a set of features, including wave amplitudes
and durations. Here, we used median beats extracted using Uni-G and the ECG features
of interest included the amplitudes of the ST-segment at the J-point, Q, and R waves, along
with the durations of the Q waves. These features are particularly relevant for detecting
ST-segment elevation and Q wave abnormalities.

We applied strict inclusion and exclusion criteria to align with the clinical guidelines. For the
MI group, we excluded ECGs that exhibited LVH or LBBB. We also excluded the posterior
MI cases due to the low prevalence in the dataset. Diagnostic statements were also associated
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to a likelihood. We also excluded the cases for which the likelihood statements was lower
than 50% for MI cases and 80% for NORM cases. After this filtering process, we selected 6829
NORM and 2437 MI median beats, derived from 8540 unique patients.

In addition to waveform features, the dataset includes metadata on the MI stage (stadium) and
anatomical localisation. Stadium labels were binarised into two classes: “acute” (“Stadium I”,
“Stadium I-II”, or “Stadium II”; 158 beats; this stage categorisation was coherent with [115]);
and “chronic/prior” (“Stadium II-III” or “Stadium III”; 2279 beats). However, approximately
40% of the MI ECGs lacked stadium annotations, limiting the use of these metadata in certain
analyses.

For MI localisation, codes specifying the MI region were mapped to a binary vector encoding
the presence or absence of MI in defined anatomical zones (anterior, septal, lateral, and
inferior) to allow the representation of both isolated and concurrent involvement of multiple
regions (see Section 4.5.2). In the dataset, 1368 beats showed anterior involvement, 1270
beats septal involvement, 546 beats lateral involvement, and 1528 beats inferior involvement.
Counts are overlapping, as a single beat may involve multiple regions.

External validation: We evaluated the proposed methods on three external datasets, each
for a different evaluation purpose depending on the available information in a given dataset.
The main characteristics of the external datasets, including acquisition settings, and labelling
procedures, are summarised in Table 4.3. The same inclusion and exclusion criteria as for the
PTB-XL+ dataset were applied, and ECG recordings were preprocessed to extract median
beats (see Section 4.5.5 for a description of the preprocessing pipeline).

First, from the Chapman-Shaoxing dataset [116], we selected 69 MI and 5218 NORM median
beats. Due to the relatively limited numbers of MI cases, and the lack of detailed annotations,
this dataset was primarily used to assess the specificity, i.e., the recognition rate of normal
cases.

Second, a subset of the CODE dataset was selected [117]. CODE is a large-scale dataset
containing more than two million ECG recordings from over one million patients in Brazil.
The ECGs are grouped in 10 clinical categories, encompassing normal recordings, rhythm
and conduction disorders, structural abnormalities and ischaemic or infarction changes [118].
Each ECG is associated with an automated diagnostic interpretation by Uni-G and a clinical
report by a cardiologist. This subset included 989 acute MI cases, with ECG durations ranging
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TABLE 4.3: Characteristics of the external validation datasets.

Dataset Country Acquisition Setting
ECG

(Duration,
Sampling)

Data Labelling Subset Used

CODE Brazil Telehealth Network of Minas Gerais 7–10 s, 300 Hz Expert annotation Acute MI
MIMIC-IV-ECG USA Beth Israel Deaconess Medical Center

(Hospital and emergency department)
10 s, 500 Hz Automated reports Acute MI, Prior MI

Chapman-
Shaoxing

China Shaoxing People’s Hospital 10 s, 500 Hz Expert annotation MI, Healthy

from 7 to 10 s, and served to evaluate acute MI sensitivity. Localisation labels were manually
extracted from the clinical reports using a rule-based natural language processing algorithm.

Third, the MIMIC-IV-ECG dataset [119] was used to evaluate prior MI. The dataset comprises
more than 800 thousands 10 s 12-lead ECG recordings collected from more than 160 thousands
patients between 2008 and 2019. ECG recordings were were acquired at Beth Israel Deaconess
Medical Center from the emergency department (25% of the ECGs), hospital (55% of the
ECGs) including the intensive care unit and from outpatient clinics. Each ECG signal is
associated to a machine-generated report. Although approximately 600 thousands ECGs
were reviewed by cardiologists, these expert annotations are not yet publicly available. ECGs
collected in hospital and emergency department are linked to a discharge diagnosis with
ICD-10-CM codes [120]. Acute MI was defined using ICD-10-CM codes I21 and I22, excluding
type 2 MI (I21.A1) and unspecified MI subtypes (I21.9, I21.A9), as these categories do not
reliably distinguish between STEMI and NSTEMI. Prior MI was identified using ICD-10-CM
code I25.2. MI localisation was extracted from the clinical reports (machine-generated) rather
than ICD-10-CM codes, since ICD-10-CM codes do not provide anatomical localisation for
prior MI. ECGs were retained only when automated interpretations and ICD-10-CM codes
agreed on MI stage. When multiple ECGs were available per emergency department stay or
per hospital stay per patient, only the earliest one was included. The resulting set included
431 acute MI and 2240 prior MI cases.

4.5.5 Preprocessing

For each recording in the external datasets, we created the median ECG beats. Specifically,
ECG signals were filtered using a Butterworth filter (3rd order, 0.5− 40 Hz, zero-phase)
to reduce baseline wandering, high-frequency noise, and powerline interference. After
denoising, beats were detected using the gqrs algorithm [91]. The algorithm was applied on
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the VM of the 12-lead ECG. Beat positions were aligned on the R peak using the Woody’s
algorithm [92] applied to the VM. The signal quality of each lead was evaluated by computing
the mean Pearson correlation coefficient between each QRS complex (from R − 50 ms to
R + 100 ms, to include part of the ST-segment), and an average QRS template. An ECG trace
was considered of good quality when the average cross-correlation was higher than 0.9 in at
least 8 leads. Once the quality check was assessed, we computed the median beat for all leads.
The median considered only heart beats whose inter-beat time interval, i.e., RRk = Rk − Rk−1

with k as the beat index, did not vary more than 50 ms with respect to the median RR value.
The median beat for the external datasets was extracted from R− 90 ms and R + 446 ms. The
median beat for the PTB-XL+ dataset was segmented similarly after detecting the R-peak
as the index of the maximum of the vector magnitude. The segmentation boundary of the
median beat was selected to exclude the P-wave, which is not involved in the MI and may
cause the DL model to leverage spurious correlations during training, and to include T-waves
as well. The overall end of the T-wave was computed using Lepeschkin and Surawicz’s
method [121] on the PTB-XL+ dataset.

ECG recordings of the CODE dataset were originally sampled at 300 Hz. For these recordings,
prior to filtering, we resampled the signals at 500 Hz. The sampling rates of the Chapman-
Shaoxing and MIMIC-IV-ECG datasets were already in line with the one of the PTB-XL+.

Figure 4.2 reports an example of median beat for acute MI.

4.5.6 DL Model

The DL models architecture consisted of a backbone adapted from the ResNet architecture
proposed in [122]. The backbone comprised six residual blocks, each containing two convo-
lutional layers (kernel size = 3), followed by batch normalisation, ReLU, and drop out rate
of 0.3. After every second residual block, the temporal resolution was decreased by a factor
of two, while the number of feature channels was increased by 64. The number of residual
blocks was selected based on the validation set performance. Following the backbone, a fully
connected linear layer with 48 neurons was applied. This dimensionality corresponded to
the 12-lead features to be estimated. Next, a fully connected linear of 128 neurons was used,
followed by an output layer of 7 neurons, comprising 4 neurons for MI localisation and 3
neurons for MI stage detection. Building upon the formulation introduced in Section 4.4.2,
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FIGURE 4.3: Diagram of the proposed DL architecture. The yellow block denotes
the linear layer that outputs 48 latent features (f̂), corresponding to 12-lead ECG

features estimated by the DK-DL model.

model was defined as
ŷ = fθ(gγ(x)) (4.13)

where x is an ECG, gγ(x) was the neural network related to the backbone and the fully
connected layer outputting 48 latent features f̂ ∈ R48 for each ECG, fθ(f̂) was the fully
connected layer providing ŷ ∈ R7, i.e., the 7 output values, and θ and γ were the learnable
parameters of the whole network. Figure 4.3 depicts the structure of the neural network.

4.5.7 DL Experiments

Table 4.2 reports a summary of the number of ECGs in each dataset and stage.

The PTB-XL+ dataset was split into training (70%), validation (20%), and test (10%). All ECG
recordings from the same patient were assigned exclusively to the same subset. To promote
reproducibility of our study, we used the splits provided by the dataset curators. Specifically,
curators split the dataset into ten folds: we considered fold 1 to 7 as training data, fold 8
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FIGURE 4.4: Heatmap of the G-mean acute MI recall, prior MI recall, and speci-
ficity on the validation set for different values of λ1 and λ2. The optimal hyper-

parameter configuration is selected by maximising the G-mean.

and 9 for validation, and fold 10 for testing. The selection of what fold to use for training,
validation and test sets was done considering that only fold 9 and 10 contained diagnosis
manually confirmed by cardiologists.

For both training and validation sets, when stage labels were unavailable, pseudo-labels
were assigned using the RBA (Algorithm 1). Pseudo-labels were not considered for test
evaluations.

To assess the impact of DK injection, we compared two DL models sharing the same archi-
tecture but trained using different loss functions. The B-DL model was trained exclusively
using classification losses for MI stage and localisation, without incorporating DK terms
(in other words, λ1 = λ2 = 0). The DK-DL model was trained using the proposed loss
function in Eq. (4.12). The weighting parameters λ1 and λ2 controlling the DK regularisation
terms were selected via grid search over the range [0, 1] by maximising the geometric mean
(G-mean) of acute MI recall (sensitivity of acute MI), prior MI recall (sensitivity of prior MI),
and specificity (true recognition rate of NORM) on the validation set. We selected G-mean
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to promote a selection of λ1 and λ2 associated with balanced recalls across the three classes.
The final values found were λ1 = 0.8 and λ2 = 0.1. Figure 4.4 reports the G-mean value for
the tested ranges. The optimal model architecture described in Section 4.5.6 was found by
optimising the same G-mean on the validation set. The steepness parameter of the sigmoid
functions was set to k = 5. The maximum number of epochs and batch sizes were set to
70 and 64, respectively. We adopted the Adam optimiser, a learning rate of 10−3 and early
stopping procedure to monitor the loss on the validation set (patience=7). The final B-DL
and DK-DL models were trained considering all these hyperparameters associated with the
optimal validation loss on the training set.

We compared RBA, B-DL and DK-DL under three different perspectives. The first one aimed
to compare the detection rates of MI vs. NORM. Here, we considered as MI when either
acute or prior MI was detected, while NORM otherwise. Consequently, misclassifications
between acute and prior MI did not affect this evaluation, which therefore assessed the
ability of the models to detect MI independently of infarction stage. For both B-DL and
DK-DL, we considered the output of the staging head for this evaluation. In the second one,
we quantified the performance of the three models for MI stage classification for acute MI,
prior MI and NORM labels, separately. Finally, in the third one, localisation performance
was assessed by computing the per-region recall. Here, the evaluation considered regions
separately and independently. Model performances were also evaluated on three external
datasets. The main metric used for comparisons was the recall (either sensitivity or specificity
depending on the evaluation). Ninety-five percent confidence intervals were computed
using the bootstrap method with 10, 000 random resamplings and the percentile method.
Evaluations were conducted only on cases for which the labels were available.

To determine whether the observed performance differences between the B-DL and the DK-
DL models models were statistically significant, we performed a paired permutation test. The
RBA model was included as a reference and was not part of the inferential analysis. Under
the null hypothesis that both DL models exhibited equivalent performance, their predictions
were assumed to be exchangeable. Permutations were performed at the patient level, such
that all predictions associated with a given patient were jointly exchanged between models.
For each permutation, the difference in recall between the two DL models was recomputed,
generating an empirical null distribution of recall differences. A total of 10,000 permutations
were performed for each comparison. Statistical significance was defined as a p-value<0.05.
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TABLE 4.4: Recalls (sensitivities) with 95% confidence intervals for both MI and
stage detection across the three models and four datasets. * denotes a statistically
significant difference between DK-DL and B-DL according to a paired patient-

level permutation test (p < 0.05).

Dataset Model Detection Stage

MI NORM Acute Prior

PTB-XL RBA 0.64 (0.55–0.72) 0.99 (0.98–0.99) 0.62 (0.33–0.90) 0.53 (0.44–0.62)
B-DL 0.81 (0.74–0.87) 0.96 (0.94–0.97) 0.46 (0.12–0.75) 0.70 (0.61–0.78)
DK-DL 0.89* (0.83–0.94) 0.97 (0.96–0.98) 0.69 (0.40–0.93) 0.76 (0.68–0.84)

CODE RBA 0.83 (0.81–0.85) — 0.65 (0.62–0.68) —
B-DL 0.85 (0.83–0.86) — 0.59 (0.56–0.62) —
DK-DL 0.87* (0.85–0.89) — 0.72* (0.69–0.75) —

MIMIC-IV-ECG RBA 0.60 (0.58–0.62) — 0.69 (0.64–0.73) 0.53 (0.51–0.55)
B-DL 0.92 (0.91–0.93) — 0.54 (0.49–0.59) 0.89* (0.88–0.90)
DK-DL 0.93* (0.92–0.94) — 0.70 (0.66–0.74) 0.84* (0.83–0.86)

Chapman-Shaoxing RBA 0.93 (0.86–0.98) 0.96 (0.96–0.97) — —
B-DL 0.96 (0.90–1.00) 0.95 (0.95–0.96) — —
DK-DL 0.96 (0.90–1.00) 0.96* (0.95–0.96) — —

4.5.8 Results

We evaluated the performance on the test set of the baseline DL model and the DL model
with DK injection, using the RBA as a baseline for comparison.

MI Detection

Table 4.4 reports the performance of the evaluated methods across four different datasets for
MI and stage detection. In the PTB-XL+, the RBA showed a strong capability in identifying
NORM cases with a recall of 0.99, but lower performance for MI detection which displayed
a recall of 0.64. Both DL models improved MI detection while preserving high recall for
NORM cases. The B-DL model achieved recall values of 0.81 and 0.96 for MI and NORM
cases, respectively. The DK-DL model further improved MI detection, attaining a recall of
0.89, significantly outperforming the B-DL model (p < 0.05) for MI cases, while maintaining
a comparable recall for NORM cases (0.97 vs 0.96; p = 0.06).

To further assess generalisation, model performance was evaluated on external datasets
containing only MI cases, namely CODE and MIMIC-IV-ECG. Across these datasets, both DL
models outperformed the RBA, with the DK-DL model achieving slightly better performance.
On the CODE dataset, DK-DL attained a recall of 0.87, which was significantly higher than



4.5. DK Injection in End-to-End Multitask Framework 65

that of B-DL model (0.85; p < 0.05), while the RBA achieved a recall of 0.83. A more
pronounced performance gap was observed on the MIMIC-IV-ECG dataset, where both
DL–based models substantially outperformed the RBA. In particular, a statistically significant
increase in recall was observed for DK-DL compared with B-DL (0.93 vs. 0.92; p < 0.05). The
RBA achieved a recall of 0.60.

Performance was further evaluated on the Chapman-Shaoxing dataset, which included both
NORM and MI cases. The RBA achieved a recall of 0.93 for NORM cases and 0.96 for MI
cases. The B-DL model achieved a recall of 0.96 for NORM and 0.95 for MI cases, while
the DK-DL model showed comparable performance for NORM cases (0.96; p=1.00), and a
slightly higher recall (0.96, p < 0.05) for MI cases. On this dataset, all methods demonstrated
strong performance; however, DL–based models exhibited a more balanced performance
across NORM and MI classes.

Recall for NORM cases ranged from 0.96 to 0.99 for RBA, from 0.95 to 0.96 for B-DL and
from 0.96 to 0.97 for DK-DL. For MI cases, recall values ranged from 0.60 to 0.93 for RBA,
0.81 to 0.96 for B-DL and from 0.87 to 0.96 for DK-DL. These results for MI detection indicate
that DL models provided improved robustness and generalisation compared to the RBA. In
particular, the DK-DL model consistently achieved better MI detection performance across
both in-distribution and external datasets, without compromising performance on NORM
cases.

MI Stage Classification

On the PTB-XL+ dataset, the RBA showed limited capability in correctly classifying both
acute MI and prior MI. Recall values were 0.62 for acute MI and 0.53 for prior MI, respectively.
The B-DL model showed lower recall for acute MI (0.46) but improved performance for prior
MI (0.70), while the DK-DL model achieved the highest performance on this dataset, with
recalls of 0.69 for acute MI and 0.76 for prior MI. However, the differences between the DK-DL
and the B-DL did not reach statistical significance (acute MI: p = 0.25; prior MI: p = 0.09).

On the CODE dataset, where only acute MI stages were available, the DK-DL model achieved
the highest sensitivity (0.72), outperforming both the B-DL model (0.59; p < 0.05) and the
RBA (0.65), indicating superior robustness for acute stage classification in an external setting.

Results on the MIMIC-IV-ECG dataset, showed a marked difference in stage detection
performance. The RBA achieved limited recall for both acute MI (0.69) and prior MI (0.53).
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In contrast, the B-DL model demonstrated the highest performance for prior MI (0.89; p <

0.05) but exhibited reduced sensitivity for acute MI (0.54). The DK-DL model achieved
instead sensitivities of 0.70 and 0.84 for acute MI and prior MI, respectively, and significantly
outperformed the B-DL model in acute MI detection (p < 0.05).

For acute MI, recall ranged from 0.62 to 0.69 for RBA, 0.46 to 0.59 for B-DL model and from
0.69 to 0.72 for DK-DL model. In prior MI cases, recall values were comparable across datasets
(0.53) for RBA; the ranges for B-DL and DK-DL were 0.70-0.89 and 0.76-0.84, respectively.
Across all datasets acute MI was more difficult to detect than prior MI for most methods.

MI Localisation

Table 4.5 summarises the recalls for each of the four involved myocardial regions. On the
PTB-XL+ dataset, the RBA exhibited limited capability in localising the affected myocardial
region, with both DL models reporting a substantial improvement. For the anterior region,
the DK-DL model achieved the highest recall (0.97), significantly outperforming B-DL model
(0.91; p < 0.05), whereas the RBA showed markedly lower performance (0.35). A similar
trend was observed for the septal region, where DK-DL model achieved a significant higher
recall than B-DL (0.98 vs. 0.91; p < 0.05), while the RBA achieved a recall of 0.66. In the
inferior region, both DL models substantially outperformed the RBA, with recall values of
0.85 and 0.91, for B-DL and DK-DL respectively. Statistical analysis confirmed a significant
recall advantage of DK-DL model over B-DL (p < 0.05). The lateral region proved to be the
most challenging for the DL models; B-DL achieved a recall of 0.67, while the DK-DL model
achieved a significant higher recall of 0.87 (p < 0.05). For RBA, recall was 0.17.

Results on the CODE dataset confirmed the superior performance of the DL models over
the RBA across all myocardial regions. The inferior region, yielded the highest recall for
all methods (0.86 for DK-DL, 0.82 for B-DL and 0.76 for RBA). Although DK-DL achieved
a higher recall than B-DL in this region, the difference did not reach statistical significance
(p = 0.06). A similar pattern was observed for the septal region, where the difference between
the DL models was not statistically significant (p = 0.09). The lateral region appeared to
be the most difficult to localise. Nevertheless, the DK-DL achieved a significantly higher
recall compared to B-DL (0.75 vs. 0.70; p < 0.05), while the RBA a value of 0.47. A significant
increase in recall was observed for the DK-DL relative to B-DL in the anterior region (0.86 vs.
0.81; p < 0.05), whereas the RBA achieved a recall of 0.68.
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TABLE 4.5: Recalls with 95% confidence intervals for MI localisation. * denotes
a statistically significant difference between DK-DL and B-DL according to a

paired patient-level permutation test (p < 0.05).

Dataset Model Anterior Septal Inferior Lateral

PTB-XL
RBA 0.35 (0.26–0.46) 0.66 (0.56–0.75) 0.45 (0.37–0.53) 0.17 (0.07–0.29)
B-DL 0.91 (0.85–0.96) 0.91 (0.86–0.96) 0.85 (0.79–0.90) 0.67 (0.52–0.81)
DK-DL 0.97* (0.93–0.99) 0.98* (0.95–1.00) 0.91* (0.86–0.95) 0.87* (0.76–0.96)

CODE
RBA 0.66 (0.64–0.71) 0.61 (0.57–0.65) 0.76 (0.71–0.81) 0.47 (0.42–0.52)
B-DL 0.81 (0.78–0.84) 0.80 (0.77–0.84) 0.82 (0.77–0.86) 0.70 (0.65–0.75)
DK-DL 0.86* (0.83–0.88) 0.82 (0.79–0.86) 0.86 (0.82–0.90) 0.75* (0.70–0.79)

MIMIC-IV-ECG
RBA 0.33 (0.30–0.36) 0.69 (0.65–0.72) 0.54 (0.51–0.56) 0.50 (0.45–0.56)
B-DL 0.93 (0.92–0.95) 0.90 (0.87–0.92) 0.90 (0.88–0.91) 0.77 (0.73–0.82)
DK-DL 0.94 (0.93–0.95) 0.96* (0.94–0.97) 0.95* (0.94–0.96) 0.91* (0.88–0.94)

Similarly, result on MIMIC-IV-ECG dataset further confirmed the superior capability of the
DL models for MI localisation. The lateral region remained the most difficult to localise for
both DL models. Across the evaluated regions, DK-DL consistently achieved the highest
recall and significantly outperformed the B-DL in three of the four regions (p < 0.05), while
no statistically significant difference was found in the anterior region (p = 0.40).

For the anterior region, recall ranged from 0.33 to 0.68 in RBA, from 0.81 to 0.93 for B-DL and
from 0.86 to 0.97. For the septal region, recall ranged from 0.61 to 0.69 in RBA, from 0.80 to
0.91 for B-DL and from 0.82 to 0.96 for DK-DL. For the inferior region, recall ranged from 0.45
to 0.76 in RBA, from 0.82 to 0.90 for B-DL and from 0.86 to 0.95 for DK-DL. For the lateral
region, recall ranged from 0.17 to 0.50 in RBA, from 0.674 to 0.77 for B-DL and from 0.75 to
0.91 for DK-DL. These results across all datasets demonstrate that DL models improved MI
localisation compared to the RBA. In general, the incorporation of DK further enhanced the
performance, with DK-DL model achieving the most robust results.

4.5.9 Discussions

In this study, we aimed to fill the gaps reported in the introduction for MI detection under
several perspectives. First, we designed a DL architecture that could tackle both localisation
and staging. This was achieved by considering an established technique called multitask
learning. Second, we designed a training strategy to make the DL model leverage the
DK strongly consolidated by years of clinical research. Third, we evaluated the proposed
approaches using some of the largest ECG databases freely available with confirmed diagnosis
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and compared the performance of these DL models with that of the rules reported by the
clinical guidelines.

Experimental results demonstrated that DL models achieved an overall superior performance
compared to rule-based approaches across all tasks. The comparatively lower performance
of the RBA in MI detection, staging and localisation, may be attributed to two main reasons.
First, the RBA solely relies on a set of extracted ECG features and does not leverage the full
information present in the signal. Second, the rules are designed through fixed decision
thresholds, which may inadequately capture borderline cases. However, in clinical practice,
such thresholds are often flexibly interpreted by cardiologists. The sensitivity to rigid decision
boundaries is a known limitation of rule-based systems and has motivated the adoption
of statistical diagnostic algorithms in automated ECG analysis software. In contrast, in the
DK-DL model, the clinical rules were not enforced as hard constraints. As a result, the
influence on hard clinical thresholds on the DK-DL model was mitigated.

Another important aspect is that annotation quality may partially explain the difference in
observed performance across datasets. The PTB-XL dataset is known to contain annotation
inconsistencies [113, 123]. When evaluated on CODE and Chapman-Shaoxing datasets,
which included cardiologist-validated diagnostic annotations, the RBA achieved superior
performance. However, RBA proved to achieve strong capability in identifying NORM cases.

In general, both DL models achieved superior results compared to the RBA. The DK incorpo-
ration further enhanced model performance, suggesting that the DK-DL model encouraged
the learning of physiologically meaningful representations. This aspect promoted the ro-
bustness of the DK-DL model, which was found to be consistent across the datasets. When
considering MI stage classification, the DK injection was particularly effective for acute MI
detection. In the PTB-XL+ dataset, acute MI cases represented the minority class. Due to
the limited number of samples, a DL model may exhibit lower capacity in learning robust
pattern for this class (even if a weighted loss was used for mitigation). The incorporation of
DK proved effective, as it guided the DL model towards meaningful ECG features. However,
on MIMIC-IV-ECG dataset, the B-DL demonstrated a higher performance for prior MI detec-
tion. These findings suggest that prior MI patterns may benefit from unconstrained feature
learning, or that rules for detecting prior MI are still insufficiently good. In the proposed
approach, DK injection emphasised pathological Q-wave patterns. However, other ECG fea-
tures can be relevant in prior MI detection, such as abnormalities in R-wave progression. As
a consequence, complementary features relevant to prior MI may be less effectively captured,
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leading to a reduced recall for this stage. Moreover, clinical ECG criteria for prior MI were
found less sensitive than those for acute MI, which may further limit the effectiveness. In fact,
a study showed that the sensitivity of Q-wave criteria for prior MI detection was around 38%
[69]. From a clinical perspective, however, the improved acute MI detection is particularly
relevant, as early identification impacts clinical decision making and treatment.

An additional factor may contribute to the lower recall observed for MI stage classification
compared to MI detection. Since some ECG features associated with MI may be observed
across different stages, a degree of uncertainty in stage labels cannot be excluded. This
limitation is less relevant for MI detection, where acute and prior MI are merged into a single
class.

The localisation task was formulated as region-wise multi-label classification problem to
enable independent prediction of anterior, septal, inferior, and lateral myocardial involve-
ment, allowing multiple regions to be localised within the same ECG recording. DL models
achieved higher recall compared to the RBA. DL models achieved the lowest recall for the
lateral region, which was the least represented class in the training dataset, suggesting sensi-
tivity to class imbalance. However, even with such factor potentially affecting the training,
both DL models outperformed the RBA, which showed the worst performance for the ante-
rior region in the PTB-XL+ and MIMIC-IV-ECG datasets, and lateral region for the CODE
dataset.

When considering other studies, MI localisation has been typically formulated as a multiclass
classification problem for distinguishing NORM from different MI localisation classes. Only
one work was found to adopt a multitask learning approach to jointly detect and localise MI
[124]. Differently, our approach avoided the mutual exclusivity among classes mathematically
imposed by the softmax layer applied to the output. Moreover, DK knowledge has been
mainly incorporated for tackling MI localisation and not MI stage. It was either done by
fusing features extracted from individual ECG leads according to the lead-region associations
[102, 106], or by modelling such relationships through graph-based approaches such as graph
neural networks [101, 108, 125]. Our approach could instead predict localisation and stage
concurrently.

MI stage detection remains considerably less explored in the literature. This is also due to the
difficulty of assigning reliable stage labels from ECG recordings. Han et al. [109] addressed
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both MI localisation and stage detection by integrating clinical rules through a knowledge-
graph-based framework on a private dataset. In their work, a DL model is used to classify
the beat morphology for each lead in one of four classes, which should represent different MI
conditions. Once predicted, a list of features is extracted from the beat and, together with the
predicted class, they queried the knowledge graph to obtain a possible interpretation for both
localisation and stage. In contrast, in our work, we considered an end-to-end training, in
which DK was directly incorporated into the model, without relying on external knowledge
graphs.

This study has several limitations. First, our analysis of the acute stage was restricted to
STEMI, as the lack of publicly available and well annotated datasets currently limits the
investigation of NSTEMI. Moreover, we excluded MI cases presenting i) LVH and LBBB,
since they require specific clinical criteria, and ii) posterior MI given the low prevalence in the
training dataset. Second, label quality also represents a critical challenge when incorporating
DK into supervised learning frameworks. While DL generally exhibit greater robustness
to label noise compared to rule-base approaches, their performance remains dependent
on the quality of the reference annotations. Also, the reliance on automatically generated
annotations during training may limit the generalisability of the results to real-world clinical
setting, since ECG interpretation systems may produce heterogeneous diagnostic reports
for the same signal [20]. Third, despite the proposed method can simultaneously detect MI
stage and localisation, the two heads of the DL model may contrast with each other. Indeed,
one head may predict that no regions are affected by MI while the other head could predict
either acute or prior MI, or vice versa. Fortunately, these two errors were quantified to be
around 3% on the PTB-XL+, thus suggesting this condition as sufficiently rare. Future studies
should consider strategies to incorporate label uncertainty to improve robustness of the DL
models in presence of noisy labels, or to make the model hierarchical where MI localisation is
performed after detecting MI.

Despite these limitations, the present study demonstrated that the incorporation of DK can
mitigate challenges associated with model robustness and generalisation capability. More
broadly, these findings align with [126], which emphasise the incorporation of clinical DK
to enhance interpretability, performance, and reduce the reliance to spurious correlations.
Moreover, DK incorporation may be beneficial in the scenarios characterised by data scarcity.
In these setting, combining DK with open-set detection strategies could further improve
robustness by enabling the identification of ECGs that are not represented in the modelled
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conditions, thus reducing overconfident predictions.

4.6 Conclusion

In this chapter, we demonstrated that incorporating DK into DL models is an effective strategy
for mitigating spurious correlations. Two DK injection strategies were investigated. The
first, a split-wise approach, enforced the estimation of clinically relevant features during an
intermediate phase of training. This strategy encouraged the model to focus on the leads that
were consistent with clinical guidelines, suggesting that DK was effectively integrated into
the learning process. The second strategy employed a MTL framework, in which DK was
incorporated through regularisation terms in the objective function. This approach enabled
MI detection, stage and localisation simultaneously while embedding clinically meaningful
constraints into the model. The proposed DK-guided model was compared with a RBA
constructed according to clinical guidelines and with a traditional DL model trained without
DK incorporation. All three models were evaluated on three external datasets to assess their
generalisability. The DL-based models outperformed the RBA, suggesting that clinical criteria
may require further adjustments. Overall, these findings from two strategies highlight the
importance of incorporating DK into DL models to enhance robustness and generalisation.
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Chapter V

Conclusions and Final Remarks

5.1 Conclusions

Accurate diagnosis of MI fundamentally depends on meaningful feature extraction that
reflects the underlying myocardial injury. In recent years, the rapid advancement of ar-
tificial intelligence, particularly DL, has led to improvement in automated MI diagnosis,
often exceeding the performance of traditional systems. However, these improvements in
predictive accuracy have not been accompanied by rigorous assessment of robustness and
generalisability. In heterogeneous real-world clinical practice, variations in patient demo-
graphics, acquisition protocols, and disease prevalence introduce distributional shifts that
may significantly affect model performance and reliability. Addressing these challenges is
essential to ensure that robust algorithms translate into clinically reliable decision-support
systems.

Motivated by these challenges, the main objective of this thesis was to enhance the robustness
of DL models for MI diagnosis by incorporating DK. To achieve this, several complementary
strategies were investigated. The possible involvement of age as a known confounding factor
was tackled through adversarial learning in order to enhance physiologically meaningful
representations. In addition, a MTL framework was employed to jointly perform MI detection,
localisation, and staging. These tasks are clinically interdependent and share common
physiological characteristics. By leveraging shared representations across related tasks, the
MTL framework aimed to reinforce physiologically coherent feature extraction and improve
generalisation.
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5.1.1 Mitigating Age Bias in ECG-Based Myocardial Infarction Diagnosis
via Adversarial Multitask Learning

Age constitutes a clinically relevant and potentially confounding factor in the diagnosis of MI,
since ECG morphology varies with age. In the presence of demographic imbalance within the
training data, DL models may exploit age-related features that correlate with MI prevalence,
rather than learning features directly indicative of myocardial injury. Such reliance on
demographic confounding factors can introduce bias and compromise generalisation.

To address this issue, an AML framework was proposed to disentangle MI-related represen-
tations from age-related features within the learned embedding space. The loss function was
designed within the AML framework, in which MI detection was the primary task, while age
estimation was considered a secondary task. To minimise the correlation between predicted
and true age, a negative squared covariance loss was incorporated into the loss function for
the secondary task. This constraint allowed the model to retain relevant information for MI
detection while suppressing age-related information in the learned representation.

Experimental results demonstrated that the proposed AML framework reduced the Pearson
correlation coefficient between true and predicted age to approximately zero, indicating that
age-related information was effectively removed from the learned representation. Notably,
this strategy did not degrade the performance of MI detection compared to a single-task
based MI detection model. Overall, these findings demonstrate that achieving high predictive
performance alone is insufficient for developing robust models. Instead, robustness requires
the mitigation of confounding factors.

5.1.2 Domain Knowledge Injection for MI Diagnosis from ECG and Com-
parison with Clinical Rule-Based Algorithm

DK plays a crucial role in the development of reliable and clinically meaningful MI diagnosis
systems, where purely data-driven approaches may capture spurious correlations rather than
physiologically relevant features. In this chapter, we investigated the impact of incorporating
DK into DL models for MI detection by comparing traditional end-to-end DL models, trained
without DK incorporation, to DK-guided approaches.

Two DK injection strategies were explored. The first was a split-wise model, in which the
model was trained to estimate clinically relevant features during an intermediate phase. This
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constraint encouraged the model to focus on clinically appropriate leads that were more
consistent with established guidelines. Explainability analysis using lead occlusion provided
insight into the internal decision-making processes of the model. Although the baseline
end-to-end model achieved higher accuracy, the split-wise model demonstrated stronger
alignment with clinical guidelines. In particular, for anterior MI cases, it more consistently
prioritised leads V2–V4, which are clinically recognised as the most relevant leads for this
condition. In contrast, the baseline model more frequently attributed importance to leads less
strongly associated with the affected MI region.

However, MI diagnosis in clinical practice extends beyond confirming infarct presence;
it also requires characterisation of temporal stage and anatomical localisation for making
therapeutic decisions. To meet this requirement, DK was further incorporated within a
MTL framework to enhance robustness and generalisation. In this second strategy, DK
was integrated through two complementary ways: i) softly constraining an intermediate
layer to estimate ECG features associated with MI, thereby encouraging the model to learn
physiologically meaningful representations, and ii) introducing a regularisation term derived
from clinical guidelines into the loss function. The proposed framework was evaluated
through comprehensive comparisons with a traditional DL model trained without DK-guided
constraints as well as an implemented RBA following the clinical criteria. Furthermore,
performance was evaluated across four independent datasets to assess robustness under
heterogeneous clinical conditions and potential distributional shifts. The DK-guided MTL
framework consistently outperformed both baseline approaches, demonstrating improved
robustness and generalisation across datasets.

Overall, this work highlights the value of incorporating DK into DL frameworks to enhance
physiologically meaningful representations and mitigate reliance on spurious correlations.
Such incorporation represents a promising direction toward more reliable and clinically
deployable AI systems for automated MI diagnosis.

5.2 Final Remarks

The results presented in this thesis showed that robustness can be enhanced by incorporating
DK into the learning process and addressing confounding factors that may bias the learned
representations.
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Despite the promising results of this thesis, several important limitations need to be acknowl-
edged.

Data-related challenges remain a key concern, particularly with respect to class imbalance and
annotation consistency. Certain MI subtypes, such as acute and posterior MI, are underrepre-
sented. This class imbalance restricts the capacity of the DL model to learn discriminative
representations. A further limitation concerns annotation consistency. Although a subset of
the annotations of the dataset has undergone manual validation, not all diagnostic categories
have been systematically reviewed by clinical experts, potentially leading to variability in
annotation reliability across diagnostic categories. Such annotation variability can affect
the learning process and ultimately hinder the robustness of DL models. Although this
thesis focused on improving robustness with respect to a confounding factor and multi-
centre datasets, it did not explicitly address annotation uncertainty or annotation noise.
Future research should explore approaches that account for annotation uncertainty, such as
noise-robust loss functions and probabilistic annotation frameworks for MI diagnosis.

In addition to dataset-related limitations, methodological constraints also need to be consid-
ered. Although age was explicitly considered as a demographic confounding factor, ECG
morphology can be influenced by multiple additional variables, including sex, medication
use and cardiac abnormalities. However, the present thesis does not explicitly model the
joint influence of multiple confounders. Therefore, future research should explore strategies
that are capable of handling multiple confounding factors. In this context, causal learning
approaches may represent a promising direction for mitigating spurious correlations.

Another consideration concerns the representation of clinical ECG criteria within the pro-
posed framework. The framework was developed and evaluated in patients for whom
standard ECG criteria for MI interpretation are applicable. Consequently, conditions such
as LBBB or LVH, which require different diagnostic criteria, were beyond the scope of the
present study. Extending this approach to broader patient populations would require the
incorporation of additional clinical criteria. Future research should therefore investigate how
larger sets of ECG criteria can be incorporated while preserving robustness.

Finally, important considerations arise regarding clinical translation. Before deployment,
substantial improvements in generalisation performance, cross-dataset validation, and robust-
ness across diverse patient populations are required. Moreover, it is important to recognise
that MI diagnosis is inherently multimodal. While ECG provides critical and often immediate



5.2. Final Remarks 77

diagnostic information, it may not be sufficient in many borderline cases. Clinical diagno-
sis typically requires integration of cardiac biomarkers, patient symptoms, medical history
and other clinical variables. Particularly, MI presentations may not exhibit definitive ECG
patterns, making sole reliance on ECG signals inadequate. Therefore, future research should
explore multimodal learning frameworks that combine ECG data with additional diagnostic
modalities.
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