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Mitigating Label Noise in ECG Data: A comparative Analysis
MANOURAS MANOUSOS
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Abstract

Label noise in electrocardiogram (ECG) datasets, where samples are incorrectly la-
belled, significantly hinders the performance of machine learning models by fitting
to the incorrect labels. This type of noise can arise from several factors, such as
human error, inter-expert variability, or obsolete automated annotation algorithms,
leading to inconsistencies within dataset labelling. In this thesis work, three noise
mitigation methods are compared with a baseline model to evaluate both the impact
of label noise and the effectiveness of these mitigation strategies in ECG datasets.
The mitigation methods chosen are Stochastic co-teaching, Self-learning and Di-
videMix. Class-dependent label noise was synthetically introduced into two ECG
datasets, PTB-XL and CODE15%, comprising of symmetric and asymmetric noise
types with rates of 20% and 40%. The best-performing method, as quantified by the
AUROC score, was self-learning, with improvements from 4 to 8% over the baseline
in CODE15% and from 8 to 12% in PTB-XL. DivideMix demonstrated reduced
performance, presumably because it has been optimised for specific image datasets.
Stochastic Co-teaching achieved better results on the CODE15% dataset, likely due
to the larger sample size of this dataset. Furthermore, an additional ECG dataset
obtained from Akershus University Hospital was used to assess the generalisability
of the best-performing method under unknown noise conditions. The results did
not show an improvement over the baseline model, indicating a strong dependency
between the characteristics of the dataset and the effectiveness of noise mitigation
strategies.

Keywords: Deep Learning, Label Noise, Al, ECG, Neural Networks, Time-series.






Acknowledgements

We would like to express our gratitude to all those who helped and supported us
throughout this thesis work.

Specifically, special thanks to our supervisor, Elias Stenhede, who helped and guided
us with his constructive feedback and advice and our examiner and program coor-
dinator, Xuezhi Zeng, for her guidance and support.

Finally, we would like to thank our families and friends for motivating us throughout
this whole process.

AT Use Disclaimer

We take full responsibility for the content of this thesis work and we are able to
justify all the choices made. With that being said, Al was strictly used for correcting
spelling, grammar and syntax mistakes.

Manousos Manouras,
Dimitrios Pediaditis,
Gothenburg, May 2025

vii






List of Acronyms

Below is the list of acronyms that have been used throughout this thesis, listed in
alphabetical order:

1dAVb First-degree Atrioventricular Block
AF Atrial Fibrillation

Al Artificial Intelligence

AUROC Area Under the Receiver Operating Characteristic Curve
BN Batch Normalization

CD Conduction Disturbance

CNN Convolutional Neural Network
ECG Electrocardiogram

FC Fully Connected

FPR False Positive Rate

GMM Gaussian Mixture Model

GRU Gated Recurrent Unit

HYP Hypertrophy

ICD International Classification of Diseases
KL Kullback-Leibler

LBBB Left bundle branch block

LSTM Long Short-Term Memory

MI Myocardial Infarction

MLP Multi-Layer Perceptron

MSE Mean Squared Error

PCA Principal Component Analysis
PNP Probabilistic Noise Prediction
ReLU REctified Linear Unit

RBBB Right bundle branch block

RNN Recurrent Neural Networks

ROC Receiver Operating Characteristic
ResNet Residual Network

SB Sinus Bradycardia

SSL Semi Supervised Learning

ST Sinus Tachycardia

STTC ST/T change

TPR True Positive Rate
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Nomenclature

Below is the nomenclature of indices, sets, parameters, and variables that have been
used throughout this thesis.

Indices

1,7 Indices for samples or classes

t Index for training epoch

k Index for classes

Sets

D Complete training dataset

ﬁclean Subset of clean samples in training data
D Noisy dataset

C Set of class labels

U Unlabelled sample set

X Labelled sample set

Parameters

« Weight factor in loss for label correction
¥ Penalty or regularisation coefficient

T Temperature used in label sharpening

A Mixup interpolation coefficient

Ay Weight of unlabelled loss

Ar Weight of regularisation term

n Learning rate

N Total number of samples or training iterations
r Noise rate

Ti; Transition probability from class i to class j
Wy Clean probability weighting from GMM

X1



Variables

Z;
Yi

Yi
Yi

Lreg
p(y/)

xii

Input ECG signal for sample i

True label for sample ¢

Predicted label for sample ¢

Noisy label for sample ¢

Corrected label for sample ¢

Model output for input x

Prediction function for input x with parameters 6
Loss function

Model parameters

Logits (raw model output before softmax)

Class probability after softmax

Cosine similarity between feature vectors A and B
Loss function for labelled set

Loss function for unlabelled set

Kullback-Leibler regularisation term

probability for class y given input z
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1

Introduction

This chapter offers a thorough summary of the conceptual foundation and motiva-
tion for this thesis. An overview of the Electrocardiogram (ECG), its clinical impor-
tance, and standard practices for recording cardiac signals is given at the beginning.
The discussion then shifts to how deep learning is revolutionising healthcare, specif-
ically the processing of biomedical signals such as ECG. The use of deep learning
methods in ECG interpretation is then introduced, offering new developments and
challenges. The problem of label noise, a significant challenge in medical data analy-
sis, is addressed, with an emphasis on how it affects ECG classification tasks. After
a survey of previous work on this issue, the chapter concludes with a description of
the datasets employed in the study and a summary of the motivation, objectives,
and methodological decisions that guided this work.

1.1 Electrocardiography

The ECG is an essential diagnostic tool that records the heart’s electrical activity
over time using electrodes placed on the skin. It has a wide usage in clinical set-
tings due to its low cost, non-invasive and rapid nature, allowing the identification
and monitoring of a wide range of cardiovascular conditions, as seen in Figure 1.1,
including myocardial infarction, arrhythmias and conduction disturbances [1]. The
detailed information conveyed in the ECG signal is clinically significant and serves
as the basis for quantitative analysis during clinical evaluation, thereby cementing
its role in routine cardiac examination [2].

A standard 12-lead ECG is based on an arrangement of ten electrodes in a
formation to obtain a complete impression of the electrical activity of the heart. The
setup has four limb electrodes (placed on the right arm, left arm, right leg, and left
leg) and six precordial electrodes (V1-V6) located on the chest, Figure 1.2. The limb
leads are combined to yield six frontal plane leads (I, II, III, aVR, aVL, and aVF),
and the precordial leads generate six horizontal plane leads. This configuration
facilitates single monitoring of different heart regions, namely, the inferior (leads II,
III, aVF), lateral (leads I, aVL, V5, V6), and anterior (leads V1-V4) walls, with
accurate signal capture and subsequent analysis [3], Figure 1.3.
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Normal sinus I'l'l\ thﬂ\

Atrial fibrillation

Figure 1.1: Representative ECG waveforms showing four rhythm types. Top left:
Normal sinus rhythm with regular P-QRS-T cycles. Top right: Ventricular tachy-
cardia transitioning to sinus rhythm, characterised by rapid, wide QRS complexes.
Bottom left: A single premature ventricular complex interrupts an otherwise normal
sinus thythm. Bottom right: Atrial fibrillation with irregular rhythm and absent P

waves. !

Figure 1.2: Standard precordial (V1-V6) and limb (RA, LA, RL, LL) electrode
placement used in a 12-lead ECG recording. 2

'https://www.shutterstock.com/image-vector/examples-normal-abnormal-ecg-vecto
r-professional-86686120

2https://clinical.stjohnwa.com.au/clinical-skills/assessment/vital-signs/elect
rocardiography-%28ecg#29
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(NEUTRAL) (RL

Figure 1.3: Schematic of the 12-lead ECG axis system showing the direction,
angles and orientation of the six limb leads (I, II, III, aVR, aVL, aVF) derived from
the four limb electrodes. 3

1.2 Deep learning in healthcare

Deep learning has rapidly emerged as a groundbreaking force in healthcare by en-
abling the automated processing and analysis of complex biomedical data. Deep
learning approaches leverage hierarchical neural network architectures to automati-
cally represent raw data compactly and meaningfully, bypassing the need for hand-
crafted feature engineering. Consequently, diagnostic performance and decision
making in a variety of medical specialities have improved significantly. For in-
stance, such software is now employed routinely to analyse forms of medical images,
i.e., X-rays, magnetic resonance imaging (MRI), and computed tomography (CT)
scans [4, 5]. Their ability to reveal subtle patterns in imaging data has enhanced
the identification of diseases, such as cancer, pulmonary disorders, and neurological
conditions, at an early stage. Moreover, deep learning has accelerated advancements
in organ segmentation and anomaly detection, thereby simplifying clinical workflows
and personalised treatment planning [6].

Apart from image data, deep learning has proved to be highly helpful in the
research of other data modalities, including biomedical signals, ECGs, electroen-
cephalograms (EEG) and other physiological signals. Deep learning applied to these
signals has led to notable advances in the identification of arrhythmias, ischemic ac-
tivity and other cardiovascular abnormalities with improved accuracy. Diagnostic
rapidity and monitoring of diseases has been facilitated due to the automated de-
tection of subtle morphological changes in waveforms, previously undetectable in
normal clinical inspections. This enhanced signal processing feature is essential in
both acute care environments and long-term patient management [7].

3https://www.pinterest.com/pin/7177680650242990/
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Beyond imaging and signals, deep learning expands to the analysis of hetero-
geneous healthcare data such as genomics, clinical records, and laboratory results
[8, 9]. Given that deep learning can integrate various data modalities, these models
offer a holistic view of patient health, enabling precision medicine initiatives and
interventions tailored based on individual risk profiles. This multidisciplinary ap-
proach not only promotes early diagnosis but also improves prognostic assessments
and prediction of treatment outcomes. The consistent development in deep learn-
ing architectures and training techniques, combined with the growing availability of
large annotated datasets, points toward a future where these advanced techniques
will play an increasingly central role in clinical decision support, leading to better
patient outcomes and more efficient healthcare delivery [10].

1.3 Deep learning in Electrocardiograms

Deep learning has revolutionised the analysis of ECG data, enabling more efficient
and accurate detection of cardiac abnormalities through sophisticated pattern recog-
nition and data-driven approaches. Convolutional neural networks (CNN) have been
particularly effective in automatically extracting spatial and temporal characteris-
tics from raw ECG signals, facilitating the classification of arrhythmias, myocardial
infarction, and other cardiac conditions with high accuracy. By leveraging large
annotated datasets, these networks learn hierarchical representations of ECG wave-
forms that capture both subtle and overt abnormalities in the cardiac signal. In
many studies, CNNs have outperformed traditional signal processing methods by
reducing the need for expert-driven feature extraction and showing robust perfor-
mance in real-world clinical settings [11].

Beyond CNNs, deep learning techniques such as recurrent neural networks
(RNNs) and transformers have been employed to account for the sequential and tem-
poral dependencies inherent in ECG signals. RNNs, including their gated variants
like LSTM (long short-term memory) networks and GRUs (gated recurrent units),
capture temporal dynamics by retaining the memory of previous signal states, which
is particularly useful for detecting gradually evolving arrhythmias [12]. More re-
cently, transformer models have been introduced to handle long-range dependencies
and non-linear relationships in ECG data, often leading to improved performance
in anomaly detection and classification tasks [13].

In addition, hybrid approaches that combine CNNs with RNNs or attention
mechanisms have been developed to further refine the accuracy of these models,
allowing better localization of critical ECG characteristics, such as the onset of
the QRS complex or changes in T wave morphology. These advancements enhance
automated diagnostic capabilities and open avenues for real-time patient monitoring
and personalised treatment planning [14, 15].

1.4 Label noise and Electrocardiogram

Label noise in medical data arises from inaccuracies in the labels, which can sig-
nificantly degrade the performance of deep learning models. This is particularly

4
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problematic for the field of medicine, where precise diagnosis is essential for success-
ful treatment [16].

Label noise in clinical data sets is diverse in nature. First of all, the labelling
process is often time-consuming and needs specialised domain experience, while it
is subject to inter-observer variability [17, 18]. Different experts have varying de-
grees of experience, and therefore, the annotations become inconsistent. For ECG
data sets in particular, label noise can be very common due to a variety of specific
domain difficulties. The majority of ECG datasets rely on retrospective diagnostic
codes or annotations retrieved from imperfect electronic health records that may
include errors, outdated diagnoses, or written report versus actual signal pattern
discrepancies [19]. Additionally, the interpretation of ECG signals is subjective by
itself, especially in borderline or noisy cases such as atrial fibrillation(AF) with vari-
able conduction, premature ventricular contractions, or low-amplitude waveforms.
In such instances,diagnoses performed by senior cardiologists may present significant
variance[20]. Furthermore, automated annotation programs, sometimes utilised to
annotate large datasets, can introduce systemic errors or misclassifications based on
their application of heuristic rules or outdated algorithms [19]. Signal quality issues,
like electrode displacement, baseline wander, or motion artefacts, may also obscure
significant ECG features, preventing correct labelling and introducing the likelihood
of noise [21]. These factors collectively are the cause of label noise in ECG datasets
and pose significant challenges towards building reliable deep learning models for
any cardiac event detection task.

The impact of label noise goes beyond a simple reduction in accuracy. Mod-
els trained on noisy labels are prone to suboptimal decisions. Furthermore, noisy
labels can affect performance evaluation since clean labels are needed to determine
a model’s effectiveness [22].

Techniques for addressing label noise include noise transition matrix meth-
ods, which model the transition probability between noisy and clean labels. Sample
selection methods can enhance noise robustness by weakening the influence of back-
propagation gradients caused by wrong labels. Label correction methods change the
labels that they deem noisy during training into another class to improve perfor-
mance. Lastly, hybrid approaches, combining multiple techniques, can fully utilise
all samples, although they may increase computational costs.

1.5 Previous work

In this section, some of the most important and influential previous work on noise
mitigation will be presented, focusing on the three aforementioned technique cate-
gories.

Regarding the sample selection category, one of the most frequently used ap-
proaches is based on the loss [23]. Smaller loss means the samples are most likely
to be clean since the model has higher confidence. The intuition is that the nois-
ier samples will be harder to fit during the training, and therefore, initially, the
model will experience larger losses. Another method used for sample selection is
neighbour-based [24]. Algorithms like K-Nearest Neighbours [25] attempt to group
the samples and then determine whether a sample is clean or not based on the labels
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of its neighbouring samples. So, at the beginning of the training, the model again
tends to group the clean samples together, thus, if the label of a sample is the same
as the ones of its neighbours then it is most likely clean, otherwise, it is considered
noisy.

Many strategies have been developed around the notion of sample selection.
Han et al.[26] introduced the Co-teaching framework, which trains two networks in
parallel and picks a subset of small-loss samples from one to send to the other. The
co-training approach reduces the chance of confirmation bias since the two models,
which are trained separately, are likely to memorise noisy samples at different rates.
Each model shares the samples that are more confident they are clean, exploiting
the diverse viewpoints of each model, thereby reducing the influence of noisy labels.
Furthermore, by exploiting the strength of the two networks, Co-teaching increases
the robustness of label noise mitigation and generalisation.

Malach and Shalev-Shwartz [27] introduced the Decoupling method, which
tried to distinguish the 'when to update’ from ’how to update’ Instead of only
focusing on when a single network decides that a label is likely noisy, it was suggested
to combine the disagreement prediction of two networks. So, two networks are
trained at the same time, and the sample selection is based on data points where
both networks disagree with the result. By exploiting this method, Decoupling aims
to enhance the model’s robustness by prioritising the sample selection on potentially
corrupted or uncertainty-ridden data points. This strategy aims to mitigate the
problem of memorising the noisy labels from the diversity of two separately trained
networks and selectively updating based on information gained from the samples.

Another approach proposed by, Sun et al. [28] is the Probabilistic Noise Pre-
diction (PNP). Unlike other sample selection methods that depend on small-loss
criteria or threshold-based selection, PNP tries to predict the probability of each
label being corrupted again by implementing the parallel training, where in this
case, one model is used for classifying the labels and the other is used for identi-
fying clean and corrupted samples. This method enables the model to adaptively
select cleaner samples without requiring complex hyperparameter tuning based on
a specific dataset, a process that is required by other methods.

Label correction is another category of noise mitigation techniques that can
be divided into two subcategories: prediction-based and clean sample-based. In
prediction-based methods, original and predicted labels are blended based on a vari-
able called ’a’ that adjusts this mixture. Section 2.6.2 expands on this in greater
detail. For instance, Wang et al. [29] use the entropy of the predicted class distri-
bution to adjust ’a’ when predictions are ambiguous, while Arazo et al. [30] rely on
the per-sample loss to decide whether a label is likely clean and weight accordingly.
To further reduce bias, Chen et al. [31] introduced a dual-network scheme that
cross-updates corrections so that each model filters the other’s mistakes, and Bahri
et al. [32] presented a k-nearest-neighbor consensus among a sample’s neighbours
that can also inform the choice of "o’.

In contrast, clean sample-based label correction assumes access to a small,
trusted set of noise-free examples. A meta-model trained on these clean labels
corrects the larger noisy set [33], although simultaneously updating both meta and
classifier models can degrade the quality of the label, leading Tu et al. [34] to

6
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decouple correction and training into separate stages. Other approaches identify
clean samples directly, using, for example, topology-based filtering [35], utilising
the high-order topological behaviour of data to identify clean labels or the FINE
sampling scheme [36], which employs eigenvectors and semi-supervised learning to
filter noisy instances. These techniques then assign their labels to noisy instances
before the final training objective blends losses on both the original and corrected
labels to minimise the impact of any remaining errors.

Model predictions frequently serve as pseudo-labels for iterative correction.
Tanaka et al. [37] first introduced a Joint Optimisation framework in which network
parameters and class labels are updated simultaneously, using predictions to refine
noisy annotations. Yi and Wu [38] then proposed PENCIL, an end-to-end method
that treats label distribution as a learnable parameter, initialised by the noisy labels
and optimised via back-propagation.

In medical imaging, determining when and how to correct labels is particularly
challenging due to class imbalance and pixel-level normalisation differences. Liu et
al. [39] observed that early learning and semantic memorisation do not coincide in
segmentation tasks, and so designed ADELE to schedule corrections based on the
deceleration of Intersection-over-Union (IoU) curves for each class. Jin et al. [40]
tackled breast ultrasound tumour segmentation by estimating noisy pixels with a
dedicated neural network and applying pixel-level corrections according to model
confidence. Qiu et al. [41] addressed inconsistencies between whole-slide and patch-
level labels in pathological image classification by deriving patch pseudo-labels from
slide-level predictions.

An alternative prototype-based strategy was described by Han et al. [42]
demonstrating that employing multiple prototypes per class better captures category
characteristics and yields a deep self-learning framework that trains true noise-robust
networks.

Hybrid methods combine multiple techniques to create a robust framework
to tackle label noise. For example, Li et al. [43] developed the DivideMix frame-
work, which models the sample loss distribution using a Gaussian Mixture Model
to dynamically separate the dataset into labelled and unlabelled subsets. A semi-
supervised learning strategy is then applied to train the model more effectively under
noisy conditions, incorporating ideas from co-teaching and consistency regularisa-
tion. DivideMix is analysed in detail in Section 2.6.3.

Zhang et al. [44] proposed a comprehensive framework that integrates loss
re-weighting and label correction to achieve robust training in settings with high
label noise. Shi et al. [33] introduced a method that jointly learns the parameters
of a deep neural network while correcting noisy labels, leveraging techniques such as
label quality estimation and interpolation consistency learning. Similarly, Xue et al.
[45] developed a co-training framework that employs both global and local feature
representations for noise-tolerant classification of skin lesion images. This approach
includes dataset partitioning, label correction, and the use of self-supervised learn-
ing. Liao et al. [46] proposed a ’divide-and-rule’ strategy involving a hybrid network
architecture that categorises pulmonary nodules into sets based on annotation reli-
ability and applies targeted learning strategies, such as counterfactual learning and
stage-wise training, to each set.



1. Introduction

1.6 Motivation and objectives

The main motivation of this thesis is to provide an unbiased comparative analysis of
the most popular label-noise mitigation methods used for ECG classification tasks.
The objective is to compare the performance of these methods on the same model
architecture and different artificial noise levels and types (??. After comparing the
results and finding the best-performing technique tested on two of the most com-
monly used ECG datasets, this technique will be used to evaluate its performance
on clinical data collected at Akershus University Hospital, Norway. One method
for each noise mitigation technique was chosen (Section 2.6), based on their funda-
mental differences in handling label noise. In addition, the methods chosen do not
need to know the noise level beforehand, which makes the experiment more realistic
since the best performing method will be tested on the hospital dataset, where the
label-noise level is unknown.

Fine-tuning the model architecture and hyperparameters to reach optimal clas-
sification accuracy is not in the scope of this thesis work. The main goal is, instead,
to assess:

1. How can different noise levels affect the efficacy of the machine learning mod-
els?

2. How effective are the chosen noise handling methods for ECG datasets?

3. How is the model’s performance on the hospital dataset affected if the label
noise is handled?

The chosen methods are Stochastic Co-teaching [18], Self-learning [47] and
DivideMix [43]. The theoretical framework behind each of these methods will be
analysed later in Chapter 2 and Chapter 3. The model used for the analysis is a
typical ResNet architecture that was chosen because it yielded satisfactory results
in the chosen benchmark ECG datasets, while being shallow enough to train in
an acceptable amount of time, given the limited available computational resources
for this work. For all noise settings, the same hyperparameters and the macro-
averaged area-under-curve (AUROC) were used as a metric for all comparisons,
as it is consistent with previous research that performs comparative analysis [48].
The models were trained for 50 and 100 epochs for the CODE15% and PTB-XL,
respectively, due to their size differences. The results are presented in figures and
on tables in Chapter 4.

1.7 Description of datasets

Three datasets were evaluated in the scope of this thesis. PTB-XL [49] is a freely
accessible clinical 12-lead ECG-waveform dataset consisting of 21,837 records from
18,885 patients of 10 seconds duration. CODE15% [50] is a stratified sample of
the CODE [51] dataset (containing 15% of the patients) with 345,779 exams from
233,770 patients. It also has 12-lead ECG recordings with a duration longer than
10 seconds. Due to resource constraints, half of the CODE15% dataset was utilised.
Finally, an ECG dataset provided by Akershus University Hospital [52], where data
was gathered from 99,116 patients, totalling 284,161 ECGs, with a duration of 10
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1. Introduction

seconds sampled at 500 Hz. All the details can be seen at Table 1.1.

Each dataset has labels representing cardiovascular conditions that an ECG
may record. PTB-XL is annotated with 5 main conditions referred to as super-
classes: Conduction Disturbance(CD), Myocardial Infarction (MI), Hypertrophy
(HYP), and ST/T change (STTC). CODE15% is annotated with 6 heart condi-
tions: 1st degree AV block (1dAVb), right bundle branch block (RBBB), left bundle
branch block (LBBB), sinus bradycardia (SB), atrial fibrillation (AF), and sinus
tachycardia (ST). The Hospital dataset, on the other hand, has only two labels:
heart failure or no heart failure. The other datasets also have a normal ECG class
where no abnormalities were detected.

Table 1.1: Comparison of ECG Datasets Used in This Study

Attribute PTB-XL CODE15% (50% used) Hospital Dataset
No. of Records 21,837 172,889 284,161

No. of Patients 18,885 116,885 99,116

No. of Classes 5 7 2

Leads 12 12 12
Recording Duration 10 seconds 10 seconds 10 seconds
Sampling rate 400 Hz 400 Hz 500 Hz

Annotation Source  Clinical Expert Physician-reported ICD codes ICD-10 codes validated with NT-proBNP
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Theory

In supervised learning, the overarching task to be solved is to find the following
probability

P(Y|Xkce) (2.1)

where X is the input ECG and Y is the output label(e.g. Normal, Hyperten-
sion, etc.). Given a dataset D = {(zy,y;)}Y,,, where z; € R represents an ECG
signal and y; € {1,2,...,C} is the corresponding label along C possible classes. The
classification problem is defined as learning a mapping f : R — {1,2,...,C}, that
predicts a class based on an ECG signal, and to accomplish that, the minimisation
of a loss function is calculated as [53]

w* —argmln—ZL yzafw(xz))a (22)
i=1

where L(+) is the loss function, f,,(X) is the model predictions, Y is the ground-
truth labels and N the number of samples. For classification tasks, different loss
functions can be used, where the most common one is the Cross Entropy Loss [54],

defined as
1 N C
= L L vsog 1) (23)

Cross-Entropy assigns a small value if the probability of the model’s prediction
is high, meaning that the model is confident about the prediction, and it is weighted
by the ground truth label. On the other hand, if the model’s prediction is low, the
loss is penalised by having a higher value. The output of the model is usually raw
logits, and to get the probabilities from these raw logits, another non-linear function
is applied called softmax [55], which translates them into normalized probabilities

esi

m, fOI'j :1,2,...,0. (24)

softmax(z); =

2.1 Multi-Layer Perceptron

To approximate the f(w) that maps an input ECG to a specific label Y, neural net-
works see Figure 2.1a are used because they can capture complicated and non-linear
relations or otherwise called Multi-layer Perceptron (MLP) [56]. Where each neu-
ron computes a weighted sum of its inputs and then applies a non-linear activation
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2. Theory

function. These layers enable the model to learn hierarchical data representations,
gradually extracting increasingly abstract and task-relevant properties from the orig-
inal input signal. Given an ECG, which is the heart’s electrical activity, this data
is being processed and goes as input to the MLP. MLP can process signals of vari-
ous lengths and complexities, making it suitable for ECG signals. So each signal is
passed through the MLP where the model can capture complex patterns and then
finally at the last layer, the output is mapped to a specific class, see Figure 2.1b.
However, they struggle with learning local structures and spatial patterns, which is
crucial for ECGs since they have repeated temporal patterns.

OO0
Oy vy 89 0
""“* @ wH >

TN NS

Input layer Output layer

h1 ha hs (b) Structure of a neuron in the out-

(a) Neural network architecture put layer

Figure 2.1: (a) A feedforward neural network with multiple hidden layers and (b)
the internal computation of a neuron in the final layer.

2.2 Convolutional Neural Network

This is where CNN comes in, by applying filters along the signal, they are used for
extracting local features and temporal patterns, Figure 2.2) [56]. This filter slides
over the input and extracts features, see Figure 2.3, like the shape of the ECG
signal and other information like the length of the heartbeat, which is crucial in
classifying abnormalities in the heart. By combining convolutions with the MLP,
Convolutional Neural Networks are formed by extracting the most important fea-
tures through the convolutions. The MLP helps with modelling these features into
global relationships and converting them into class probabilities in the final layer,
where the input signal is mapped to a specific class label. CNNs have shown some
promising results in image classification. However, the drawback of deep CNNs is
that they sometimes struggle with long sequences, especially in time series data, be-
cause they have a small receptive field [57]. Another problem of deep CNNs is one
known as vanishing/exploding gradients, where the model fails to capture long-term
dependencies [58]. Vanishing or exploding gradients happen during backpropaga-
tion, when gradients are propagated back to the previous layers from the output
layer. Repeated multiplication of gradients over many layers in deep networks can
produce extremely tiny (vanishing) or very large (exploding) gradient values.
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MLP Layer-1 MLP Layer-2
24x1 24x1

CNN Layer-1 CNN Layer-2  CNN Layer-3
24x960 24x200 24x10

Raw signal
Input 1x1000

15
10
L=F—]
05 ! |
00 A A
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1203 a4 s %
Time (5]

Output
2x1

Figure 2.2: Example of CNN architecture with three convolutions and two
MLP’s .

When gradients vanish, weight updates in the early layers become minimal,
thereby prohibiting the network to learn. When gradients explode, the updates
become disproportionately big, resulting in unstable training and the possibility of
a numerical overflow. This issue is particularly obvious in networks with several
layers and non-linear activations such as sigmoid or ReLLU. To address these issues
and enable robust training of very deep models, techniques such as cautious weight
initialization, normalization (e.g., batch normalization), and architecture designs
such as ResNet’s residual connections have been devised.

Input

Kernel

Output

Figure 2.3: Example of 1D- Convolution where the kernel is sliding through the
input and produce the output.

"https://www.mdpi.com/2076-3417/12/7/3332
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2. Theory

2.3 Residual Networks

Residual Networks (ResNet) present a new architectural component called the resid-
ual connection, which solves the limits of deep networks caused by vanished gradi-
ents. ResNet focuses on learning a residual function, abbreviated as F'(xz) = H(z)—x
where z is the input and H(x) represents the intended underlying mapping, rather
than requiring each layer to learn a new transformation [59]. The block’s output is
then delivered as

Output = F(z) + . (2.5)

During backpropagation, this skip-connection allows the gradient to skip one
or more levels and move straight down the identity path, see Equation (2.5). As a
result, even in extremely deep networks, the gradients maintain appropriate mag-
nitude. This approach not only stabilises training but also allows for the creation
and optimisation of extraordinarily deep structures, often with hundreds of layers,
without suffering from performance drop that affects very deep neural networks. In
essence, ResNet allows the network to learn residual refinements rather than full
transformations, which has been shown to be easier to tune and more successful for
difficult tasks like ECG signal recognition, where the data are time-series and it is
crucial to preserve information [60].

X

|

F(x) |weight layer

identity

Y

weight layer

F(x) + x @

Output

Figure 2.4: Residual connection example

2.4 Classification and noise

The efficacy and performance of a classifier in supervised learning are significantly
influenced by the labels present in the training dataset. When labels inside the
training consist of errors (label noise), the model faces inaccurate supervision sig-
nals, resulting in incorrect outcomes and degrading model performance [61]. In deep
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neural networks, the model has the ability to learn from both clean and noisy sam-
ples, which leads to the model fitting the noisy data, resulting in incorrect results on
unseen data. Given a dataset that contains noisy samples D = {(z;, %)}, where
U; # y; for some samples, the goal of the training is given by

w* = argmin ]i[ g: L (Giy fulzs)) - (2.6)

=1

So, the model is attempting to minimise a loss function with noisy labels,
which will result in poor performance on unknown data.

The memorisation effect further defines this event. Deep neural networks learn
from clean input by identifying dominant, ’easier’, and accurate patterns first [62].
However, as training advances, the model starts to memorise mislabelled or noisy
samples, leading to a drop in performance. For example, a sample that was classified
as noisy at the early stages of training it can be classified as clean when the model
learns more complex patterns. This effect has been observed across a wide range of
applications, and it is particularly causing many problems in critical sectors such as
healthcare, where precision is critical. Additionally, the memorisation effect causes
the model to overfit the data, which is undesirable because the performance should
be equally effective on unseen data. Understanding this effect is crucial because it
drives the development of many noise mitigation techniques, as will be described in
the next chapters.

2.5 Types of Label Noise

Label noise is often classified into two types: class-dependent (or instance-independent)
and feature-dependent [24]. Class-dependent noise can be further divided into sym-
metric and asymmetric noise.

2.5.1 Class-dependent Noise

Class-dependent label noise (also known as class-conditional or instance-independent
label noise) is a noise model in which the chance of a label being corrupted is
determined only by its true class and not by individual sample attributes [24]. This
requires a constant conditional distribution P(¢ | y) defining how a true label y
flips into a noisy label ¢, independent of the input z. The noise process may be
described by a C' x C'label transition matrix 7', where C' is the number of individual
classes, with each entry T;; = P(y = j | y = i) indicating the chance that an
occurrence of true class ¢ is mislabelled as class j [63]. The rows of this matrix add
to one, with the diagonal values reflecting the chance of the label being correct and
the rest representing the probability of the specific class getting mislabelled to the
corresponding class, see Figure 2.5. This transition matrix can be used to identify the
probability of a label being clean and it can also help understand the distribution of
the noise as it can reveal the probabilities of a class getting mislabelled into another
class.
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0.625 0.125 0.125 0.125 0.5833 | 0.1875 | 0.1041 | 0.1250

0.125 0.625 0.125 0.125 0.1250 | 0.5892 | 0.1428 | 0.1428

0.125 0.125 0.625 0.125 0.2105 | 0.2105 | 0.5000 | 0.0789

0.125 0.125 0.125 0.625 0.1500 | 0.1750 | 0.1750 | 0.5000
(a) Uniform Transition Matrix (b) Random Transition Matrix

Figure 2.5: Examples of class-dependent label noise represented by transition
matrices. Darker diagonal cells indicate the probability of the label being correct.
Rows represent the true label and columns the noisy label.

2.5.1.1 Symmetric Noise

Symmetric label noise is a type of label noise in which all labels of the wrong class
are assigned with equal probability, regardless of their true class. In other words,
the chance of a label being corrupted is equally distributed among all other classes
see Figure 2.5a. This indicates that any class label has an equal probability of being
switched to any other label, with no systematic bias. Mathematically, if the noise
rate is given by r € [0,1)), the true label stays right with a probability of 1 — r,
while it is flipped to any of the other C' — 1 classes with equal probability, r/C — 1
[24, 23]. With a noise rate of 38.5% in a four-class classification application, the
true label is maintained 62.5% of the time, but each of the other three classes has
a 12.5% probability of being wrongly classified. Because of its uniform distribution,
symmetric noise is sometimes referred to as uniform or unbiased label noise, since
it imparts no preference bias toward any single class and acts fully randomly.

2.5.1.2 Asymetric Noise

Asymmetric label noise, often referred to as biased noise, pertains to instances in
which the chance of mislabelling varies between classes, frequently reflecting domain-
specific systematic confusion patterns. Unlike symmetric noise, where label corrup-
tion is uniformly random, asymmetric noise provides systematic mistakes, with cer-
tain classes being mislabelled. This mislabelling does not involve the assignment of
erroneous classes at random, rather, class corruption is a 1-1 mapping between the
sets of erroneous and corrupted classes [24]. This form of noise is very important
in healthcare applications, since human annotators may mix classes with similar
characteristics (e.g., wrongly categorising an abnormal ECG signal as normal due
to close similarities between the signals). Under asymmetric noise, the label tran-
sition probability matrix T is non-uniform. This means that for a true class ¢, the
likelihood Tj; of being mislabelled as class j is much higher than for other classes
j see Figure 2.5b. This causes a shift in the noisy label distribution relative to the
clean label distribution, resulting in biased empirical risk reduction during model
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training. As a result, classifiers trained on asymmetrically noisy data tend to favour
classes that are more frequently confused, lowering model calibration and aggravat-
ing performance differences between classes. For example, in a binary classification
situation with two classes, if samples from class A are frequently mislabelled as
class B, the classifier’s decision boundary will be leaned toward predicting class B,
embedding the annotation bias into the learnt model.

2.5.2 Feature-dependent noise

Feature-dependent noise, additionally referred to as instance-dependent noise, is
label corruption that is conditioned on the individual characteristics of each sample,
rather than just on the class label [23]. In this noise model, samples that are
ambiguous, noisy, or close to decision-making limits are more likely to be mislabelled
than clear or typical instances. The main difference between class-dependent and
feature-dependent noise is the underlying dependency: with class-dependent noise,
each class has a constant probability of being corrupted into another class, regardless
of the particular sample’s features. In contrast, feature-dependent noise introduces
heterogeneity at the instance level, with the chance of label corruption varying based
on each sample’s individual properties. This complicates the learning process since
the noise cannot be modelled only on class transitions but must also account for
complicated feature distributions. In this thesis, only class-dependent noise will
be artificially added to the datasets. Further information on the noise-generating
process is provided in the following sections.

2.6 Noise mitigation techniques

A dataset can contain both clean and noisy samples, which can lead to a model fitting
the noisy samples, leading to poor performance. To overcome this problem, all noisy
samples should be identified and corrected, also known as cleaning the dataset [24],
in order to generate more accurate results. This process can be computationally
expensive since a dataset can contain many samples, and finding both clean and
unclean samples lies beyond current methodological capabilities. So, to mitigate this
issue, multiple techniques have been developed, which can be divided into sample
selection, label correction, and Hybrid approaches that combine both methods.

2.6.1 Sample Selection

Sample selection exploits the memorisation effect, where the model tries to fit the
clean data at the early stages of the training and leaves the rest, more complex/un-
clean samples, for fitting at the later stages of training. Based on this, the goal of
sample selection algorithms is to identify dynamically the clean samples and use only
these samples for training while disregarding the potential noisy samples [24]. By
focusing on more reliable or potentially clean samples, sample selection techniques
prevents the model from overfitting the data with corrupted labels and assist with
the generalisation on unseen data [16].
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Given a training dataset D that contains both clean and noisy labels, the
aim of the sample selection to try to find a dataset ﬁclean C D that consists of
clean samples. So, instead of minimising the empirical risk on the whole dataset,
Equation (2.2), the goal is to use the subset of the clean data ﬁclean.

Stochastic Co-teaching [18, 64] is a sample selection noise mitigation technique
that extends the traditional Co-teaching technique [26] and is designed to work on
scenarios where the noise level is unknown. The basic idea of Co-teaching is that
training two networks simultaneously can identify and filter noisy labels by exploit-
ing their differing decision boundaries. Crucially, this division is performed by one
network and used to update the other. Network divergence is maintained through
differences in initialisation, data partitioning, mini-batch ordering, and training tar-
gets.

While traditional Co-teaching depends on prior knowledge of the noise rate
and employs a fixed forgetting rate based on it, the stochastic variant introduces
randomness into this selection process. So, rather than discarding a fixed proportion
of samples based on their loss values, it samples a threshold from a beta distribution
[65], Equation (2.7) where v and /3 are the given positive integers parameters, to
determine whether training instances should be retained or rejected based on their
posterior probabilities. The retained samples are used for the loss computation,
while the rejected ones are temporarily excluded.

During training, the algorithm iterates through mini-batches, draws a random
threshold from a beta distribution and selects instances for training based on whether
their posterior probability exceeds the sampled threshold. This way, a key limitation
of the traditional co-teaching method, knowing a priori the noise level of the dataset,
is circumvented. Each of the two models is updated using the subset of instances
selected by the other model, mitigating the risk of self-reinforcing erroneous labels.
Lastly, to ensure numerical stability, the thresholds are constrained within a range
of 0.01 and 0.99.

Like all noise mitigation techniques, to exploit the memorisation effect (Sec-
tion 2.4), the integration of stochastic co-teaching is gradually implemented in the
training procedure, allowing for the model to train without rejecting any samples
for a predefined number of epochs, called a warm-up period.

B(a, ) = /01 271 —x)’ N da (2.7)

2.6.2 Label Correction

Label correction is a technique used to mitigate the impact of noisy labels in datasets
by optimising the labels themselves rather than treating them as fixed. The primary
goal is to correct labels in a way that minimises changes to clean samples while
maximising the impact on noisy samples. This approach leverages the prediction
function f(z;0) to control the impact on sample labels, which can be summarised
by the label correction function

j = c(f(x:0),50), (2.8)
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where ¢ is the correction function, ¢ is the given (noisy) label, ¥ is the corrected
label, and ¢ represents hyperparameters governing the correction.
The training dataset D is then transformed into a corrected dataset

D={(z,5:)|i=1,...,n}, (2.9)

where each y; is obtained via Equation (2.8). A classification model parametrised
by @ is trained on D using gradient descent, with updates of the form

0« 0—n Y VL(f(x:s0),5), (2.10)

(4,3:)€D

where 7 is the learning rate and L is the loss function.

Label correction methods fall into two principal categories: prediction-based
and clean sample-based. In prediction-based label correction, one simply replaces or
refines the label of each example using the model’s own outputs. A straightforward
scheme sets ) = f(x;0®) (or its hard counterpart ¢) at epoch ¢, then retrains on
the corrected set D®. To prevent wholesale corruption of clean data, later variants
blend original and predicted labels via

§ = ag+ (- a) f(z:09),
and further stabilise the correction with an exponential moving average:
g =ay® + (1 - a) fz;04).

Adaptive strategies then modulate o on a per-sample basis according to measures
of prediction confidence or sample “cleanliness”. These techniques are described in
the previous work section in Section 1.5.

Self-learning, proposed by Vazquez et. al [47], is a technique that falls under
this category. It is based on cosine similarities [66], see Equation (2.11), between
the features of ECG signals. Cosine similarity is be defined as:

_ A-B
IA[HIB]’

and it tries to measure how similar A is to B. A value closer to 1 means that they
are very similar, and closer to 0 means that they are not. The principle of this
method is again based on the memorisation effect, where first there is a warm-up
period until the network learn from the potential clean samples before starting to
memorise the noisy. The difference in this method and co-teaching is that now only
a single network is trained, and instead of disregarding the noisy samples, label
correction is performed. After the warm-up period of the model, some prototypes
or representative classes are selected. For the selection process, all the features for
each class extracted from the previous layer of the output classification head are
obtained. Then, the cosine similarity between each sample is calculated. After that,
the density or the mean cosine similarity value is calculated for each sample and then
the values are sorted. High density value means that the sample is really close to
the rest of the samples. This phenomenon is exploited to obtain diverse prototype

cosine similarity(A, B) = cos(0) (2.11)
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samples from each class. This way, a better class representation is obtained by
capturing all the best possible samples that represent every class.

For the label correction process, the cosine similarity between each sample and
every class prototype samples is calculated. If the features of the sample have high
similarity with the features of a specific class prototype sample then the label is
corrected to this class. So, now the original labels denoted as ¢ and those that were
corrected shown as ¢ are used in a weighted loss function, see Equation (2.12), where
the £ is the Loss chosen depending on the specific task and a is the weight factor.
Higher o value means that the model trusts the corrected labels more, while a lower
value favours the original labels.

Liotal = - L(§,¢) + (1 —a) - L(7,1). (2.12)

To summarise, label correction directly substitutes noisy labels with their es-
timated true values. However, if these replacements are themselves inaccurate, the
alignment between genuinely clean examples and their labels can degrade, impairing
overall model performance. Nevertheless, the rationale for pursuing label correction
is clear: in datasets characterised by high label noise or limited data, simply discard-
ing questionable samples squanders valuable information, whereas carefully refined
labels enable the model to learn from as much of the dataset as possible [16].

2.6.3 Hybrid Approach

Hybrid methods in medical image analysis represent a promising direction for en-
hancing model robustness by combining diverse learning strategies that exploit infor-
mation from both clean and noisy data. These approaches integrate complementary
paradigms such as re-weighting, semi-supervised learning, and label correction to
mitigate the adverse effects of label noise and improve overall performance.

DivideMix [43, 67], proposed by Li et al., introduces a novel and effective hy-
brid framework for learning with noisy labels by integrating semi-supervised learning
(SSL) techniques into the training process. The core idea is to dynamically parti-
tion the training dataset into two subsets: a labelled set(X), presumed to contain
clean samples, and an unlabelled set(U), presumed to contain noisy samples. Semi-
supervised learning is then applied to utilise both subsets, thereby regularising the
model and improving its generalisation capability.

To address confirmation bias, where a model tends to reinforce its own misclas-
sifications, which is a common hurdle in self-learning approaches, DivideMix, similar
to Co-teach, employs a co-divide strategy involving two neural networks trained in
parallel. Each network independently models the distribution of per-sample losses
using a two-component Gaussian Mixture Model (GMM) [68] at each epoch. The
GMM estimates the probability of a given sample being clean, based on its cross-
entropy loss. Specifically, the clean probability is defined as the posterior probability
that the loss belongs to the Gaussian component with the smaller mean. GMMs
offer improved flexibility in capturing sharp transitions between clean and noisy
samples. A threshold is applied to the estimated clean probabilities, enabling each
network to divide the data into labelled and unlabelled subsets and update the other
network with them.
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During the semi-supervised phase of the training, DivideMix builds upon the
MixMatch framework [69] by incorporating two mechanisms to effectively handle
both the clean and noisy subsets of the data: label co-refinement and label co-
guessing.

Label co-refinement adjusts the original ground-truth label of a sample by
blending it with the model’s prediction, using a weight w, derived from the clean
probability estimated by the peer network. The refined label is computed as a linear
combination of the original label v, and the model’s prediction py, and subsequently
passed through a sharpening function to produce a more confident prediction (see
Equation (2.13)). If the probability wy is high, indicating that the label is most likely
correct, then more weight is assigned to the label. Conversely, if the probability wy
is low, suggesting that the label is likely incorrect, then more weight is given to the
model’s prediction. Then, Temperature 7 is applied to boost the confidence of the
prediction further. This helps guide the learning process with more regularised and
denoised supervision,

Op = Sharpen (wpyp + (1 — wy)pp, T) . (2.13)

Co-guessing is applied to the unlabelled samples where a pseudo-label is gen-
erated by averaging both networks’ predictions to ensure that the generated labels
are in consensus with both models. Using the refined labels for the labelled subset
and the pseudo-labels for the unlabelled subset of the data, multiple augmenta-
tions are applied using a beta distribution. This is the last part of the MixMatch
framework, the mixup operation [70], that is applied to interpolate between pairs
of samples (z,, =) and their corresponding labels (y,, y») to create new, mixed or
augmented samples to improve the generalization of the model and prevent overfit-
ting, see Equation (2.14), where X is a parameter drawn from beta distribution with
a given «. High values of « imply a soft mix-up of two blended samples, whereas
the lower end of the o parameter range indicates the domination of a singular ECG
sample in the mix-up. The MixMatch framework is essentially allowing the model to
learn more robust and generalizable features, improving its performance on unseen
data. By creating new samples as linear interpolations of existing ones, the model
is incentivised to learn features that vary smoothly and linearly across the input
space.

A ~ Beta(a,a), A< max(A\,1—N),
T =M+ (1 =Ny, (2.14)
Z; = )\ya + (1 - )\)yb,

where T and 7 is the new mixed ECG sample and label respectively.

Finally, the network is then trained in a semi-supervised manner, utilising
these pseudo-labels to exploit information that noisy samples might contain with-
out relying on their potentially noisy labels. This is achieved by using a custom
loss function called SemiLoss that combines a supervised loss term with a semi-
supervised one. For the labelled samples, a cross-entropy loss is employed, while the
unlabelled samples are trained using the mean square error between the predictions
and the pseudo-labels. Under severe noise conditions, the model might collapse into

21



2. Theory

predicting a single class, so a regularisation term, called the "Kullback-Leibler" di-
vergence [71], is added to the loss. This term encourages balanced predictions by
penalising the loss Equation (2.15) if the model favors a specific class. The final
custom loss formula reads:

L= Lx + MLy + ALreg, (2.15)

where Lx, Ly and L,., are the supervised, unsupervised and regularization
losses respectively and )\, and A, are weights to control the strength of the unsu-
pervised and regularisation losses.

Like the previous noise mitigation techniques, DivideMix is incorporated grad-
ually during training to avoid rapid overfitting to noisy labels during the initial stages
of training. In addition to that, an extra mechanism to mitigate potential overfit
problems, when asymmetric noise is applied, is utilised, where, during the warmup
phase of training, a negative entropy term is added to the cross entropy loss to pe-
nalize overconfident (low-entropy) predictions and enable a more robust separation
of clean and noisy labels. In conclusion, DivideMix combines Co-teaching tech-
niques with semi-supervised learning and regularisation to address key challenges
in learning from noisy labels. The complete workflow of DivideMix can be seen in
Figure 2.6.

Although hybrid methods may introduce additional hyperparameters and com-
putational overhead, they offer considerable potential for addressing the inherent
challenges of small datasets and high levels of label noise that are characteristic of
medical image analysis. Moreover, self-learning label correction techniques can be
extended to multi-label classification settings, allowing for the assessment of their
impact on both overall model performance and class-specific outcomes under varying

levels of label corruption.

[Augment (21, LZ)J Augment (uq, UZ)J

) }

[Modcl Prcdicts} [Both Models Prcdict}

} )

[Label Reﬁnement} [Co—guossing (Pscudo—labcls)}

Figure 2.6: Workflow of the DivideMix training procedure. Labelled and unla-
belled data are augmented, refined or pseudo-labelled, then combined with MixUp
and passed through the network. Losses for labelled and unlabelled samples, along
with a KL penalty, are used for training.

—
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In this chapter, the model architecture, or the backbone of the network, is explained.
After that, the data pre-processing is introduced in all datasets, and then more
details are presented for the noise mitigation techniques that are used and compared
in this project. Finally, the training setup for each method is shown along with the
chosen hyperparameters and evaluation metrics used.

3.1 Model architecture

In this project, a custom ResNet architecture proposed by Wang et. al. [72] and then
implemented by De Vos et. al. [18] is used. This architecture is utilized widely in
time-series focused problems as it successfully overcomes the problem of vanishing
gradients, and also captures long-term dependencies by having a larger receptive
field as mentioned in Section 2.2. Having said that, as seen in Figure 3.2, the model
takes as input ECG samples that has the size of (B, C, L) where B is the batch size,
C'is the number of Channels or leads used to get the ECG and L is the length of the
ECG. For example, in the PTB-XL dataset, the length of the ECG is 10 seconds,
sampled with 100 Hz, so L is 1000. There are 5 stages in the network configuration,
the stem stage, where the input ECG is first convolved and then moves forward to
the BasicBlocks see Figure 3.1, where the residual connections are utilised. At Stage
2 and Stage 3, downsampling is performed, and finally the classification Head layer
exists, where, at the global information, an average-pooling layer is concatenated
with a max-pooling layer [73] followed by a small MLP, see Section 2.1, to perform
the classification.
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COHV(5) +BN+ReLU

Y

Conv(3) RN : )—+Rﬂ

Figure 3.1: Structure of a BasicBlock in ResNet1D. The dashed arrow represents
the residual connection bypassing the two convolutions as explained in Section 2.3.

Head

Stem Stage 1 Stage 2 Stage 3

ConcatPool
Input Conv(7) el o o FC+BN+ReLU+Drop
ECG | +BN+ReLU BasicBlock BasicBlock BasicBlock FC+BN-ReLU~Drop Output
(B.C.L) (B.128.L) (B,128,1.) (B,128,1,/2) (B.128,L/4) Linear(Output) (B,Output)

(B,256)— (B, Output)

Figure 3.2: ResNetlD architecture using BasicBlock as modular units. B,C,L:
Batch size, Channels, Length of time-series, FC: Fully Connected layer, Drop:
Dropout layer

3.2 Pre-Processing

In this section, the preprocessing of each dataset is explained in detail. For each
dataset, a robust pipeline is developed to extract useful information from the raw
data available online using Python.

3.2.1 CODE15%

The pipeline of this dataset handles ingesting, structuring and partitioning the
CODE15% ECG dataset. First, the CSV file ("exams.csv"), downloaded from the
website [50], is ingested to associate each unique exam identifier with its corre-
sponding raw ECG trace file and to translate the six condition-flag columns into a
seven-element binary label vector. The seventh element indicates the 'normal’ ECG
where none of the six conditions are present. Since the focus of this work is on
single-label classification, any recording with more than one label active is skipped
at this stage of the process. Any entries whose referenced trace file is missing or
whose ID cannot be located within the file are skipped and logged. Next, each re-
maining raw HDF5 trace file is opened in turn, the specific recording for the exam
ID is extracted as a fixed-length 12-lead time series, paired with its label vector, and
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appended into a new aggregated HDF5 container. Finally, once all samples have
been consolidated, the accumulated waveforms and labels are randomly permuted to
ensure mixing and split according to an 80/20 ratio into separate HDF5 archives for
training and testing. These files are then loaded in the main pipeline via a custom
Dataloader. This loader further processes the data to make the training faster, more
efficient and less resource-intensive. First, it normalises the values to remove outlier
values and potential noise. Afterwards, the number of samples is reduced from 4096
to 500 to accelerate training and remove left and right padding that was applied to
the ECG data to make their length uniform. These 500 samples are selected from
the middle of the ECG recording to capture its most important and useful patterns.
Lastly, since the dataset is highly imbalanced towards the 'normal ECG’ class, this
class is first downsampled, and afterwards the class weights are calculated dynami-
cally and passed to the loss function for better and unbiased results. The final class
distribution for the train and test sets is displayed in Figure 3.3
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Figure 3.3: Distribution of each class in the CODE15% dataset for both training
and testing sets.

3.2.2 PTB-XL

For the PTB-XL pipeline, the pre-processing is done as suggested in [49], where
first the ’scp_statements.csv’ file is loaded and filtered to contain only the samples
where the diagnostic column is 1, thus retaining only the samples with diagnosis
statements. Also, for the scope of this thesis, the authors provide the samples
into super-classes and sub-classes where the super-classes’ implementation is chosen.
Another file contained in the dataset is called 'ptbxl database.csv’, which contains
some metadata for every ECG sample (e.g., the corresponding raw ECG trace file,
patient 1D, stratification fold, and many more). At this stage, every sample with
more than one label active is skipped. To process the ECG signals, a library called
'widb’ is used, see [74], and finally, the low-frequency (100 Hz) ECG samples are
returned in the form of a dictionary type containing the data and the corresponding
label. The data used for training are those with a stratification fold from 1 to 9,
and for testing, those with 10. The distribution of each class for the training and
testing set can be seen in Figure 3.4.
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Figure 3.4: Distribution of each class in the PTB-XL dataset for both training
and testing sets.

To further decrease the memory usage, a random window of 500 samples is
selected, reducing the total length of each ECG from 1000 to 500. In addition,
Z-score normalisation [75] is applied to the training and test sets again to remove
potential noise, outliers, and provide numerical stability.

3.2.3 Hospital Dataset

For the Akershus ECG dataset, the ECG signals and the labels are provided by the
hospital. The data are already in a tensor type format with the shape of (B,C,N),
where, B is 284,161 ECG samples with a duration of 10 seconds sampled at 500 Hz,
(' is the number of channels or leads where specifically 8 channels are provided and
N is the length of the ECG that is set to 5000.

Like the other datasets, this dataset only had Z-score normalisation applied.
The labels are in binary form, showing that the ECG is either normal or abnormal,
so the model is changed accordingly to account for binary classification instead of
multi-class.

3.3 Noise Injection

In Section 2.5, various types of label noise are thoroughly analysed. Within the
scope of this thesis, it is assumed that both the training and test sets contain
only clean labels before the manual injection of artificial noise into the training
set. Also, only class-dependent noise is considered for injection into the datasets,
specifically in the form of symmetric (unbiased) and asymmetric (biased) noise at
rates of 20% and 40%. These percentages are selected because small levels of noise
do not typically affect the performance of the model when appropriate regularisation
and overfitting prevention techniques are applied. Conversely, more than 50% noise
can be considered unrealistic. Therefore, 20% and 40% noise settings are used. In
the case of symmetric noise, each class label has an equal probability (either 20% or
40%) of being randomly changed to any other class, simulating a uniform distribution
of mislabelling, see Figure 3.5a. In contrast, asymmetric noise follows a predefined
noise transition matrix, in which label changes occur according to probabilities that
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reflect realistic patterns of misclassification, see Figure 3.5b.

The transition matrix used for asymmetric noise is constructed to simulate
real-world annotation errors, particularly those made by inexperienced or fatigued
physicians in clinical settings [76]. To ensure medical plausibility, the matrix is de-
veloped in consultation with a cardiologist, incorporating domain knowledge about
diagnostic categories that can be potentially confused. This medically-informed
noise modelling aims to better reflect the types of errors encountered in practical
ECG annotation scenarios. Table 3.1 and Table 3.2 present the full noise transition
matrix for each dataset. If more than one possible transitions are available then the
noisy class is determined randomly.

Table 3.1: Asymmetric noise transition pairs used for label corruption in the
CODE15% dataset.

Original Label Noisy Label

Normal AF or 1dAVb
SB 1dAVDb

ST AF

AF Normal or ST
RBBB LBBB

LBBB RBBB
1dAVb Normal

Table 3.2: Asymmetric noise transition pairs used for label corruption in the PTB-
XL dataset

Original Class Noisy Labels

Normal MI

MI Normal or STTC
STTC Normal or CD
CD Normal or HYP
HYP Normal
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Figure 3.5: Noise transition matrices when 40% noise is applied to the PTB-XL.
On the left the noise is uniformly distributed on the other classes while on the right
the noise is applied to certain classes, representing more realistic cases.

3.4 Noise Mitigation

In this chapter, all the noise mitigation techniques used in the scope of this thesis
will be explained. Also, to make a thorough evaluation of the noise mitigation
techniques, a baseline version is developed, which does not apply any strategies to
handle noisy labels and is trained on them. Therefore, the goal is to check how the

model’s performance changes depending on the percentage and type of the noisy
labels.

3.4.1 Baseline

For the baseline version, the training is straightforward and the reason for developing
a simple baseline model is to be able to compare how the performance changes from
a version that does not apply any noise mitigation techniques. As can be seen from
Table 3.3, the model was trained with an Adam optimiser [77], learning rate of 0.001
and batch size 128. The loss function utilised is the Cross Entropy loss [54] with
weight decay of 0.00001 [78] to help with the overfitting and generalisation on the
unseen data. Finally, to improve the convergence of the model, a cyclical learning
rate scheduler is implemented [79], where it adjusts the learning rate after each
batch. The baseline version used for the evaluation of the hospital dataset has the
same hyperparameters as described above.
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Table 3.3: Hyperparameters used for training the baseline model

Training detail Value
Number of epochs 50/100
Optimizer Adam
Initial Learning Rate 0.001
Batch Size 128

Learning Rate Scheduler OneCycleLR
Loss Function Cross Entropy Loss
Weight Decay 0.00001

3.4.2 Stochastic Co-teaching

Stochastic Co-teaching (Section 2.6.1) is used as a sample selection technique that
rejects samples based on the confidence in the output probabilities. Also, it is
stochastic because the threshold to decide whether the sample is clean or noisy
is drawn from a beta distribution. The parameters used for the distribution are
Beta(82, 2), which outputs a mean probability of 0.94. A warm-up period of 10
epochs is used, during which no sample is rejected. Since the model is not yet
confident in the early stages of training, the rejection threshold is then gradually
increased over the next 10 epochs to ensure that a sufficient number of reliable
samples are included. The specific parameter values are displayed in Table 3.4.

Table 3.4: Key Parameters of the Stochastic Co-Teaching Algorithm.

Name Value

Beta distribution parameters o = 32,8 =2

Threshold clamp range
Gradual increase

Loss Function
Scheduler

Learning rate

Batch size

Epochs

Warmup epochs

tin = 0.01, tax = 0.99
tp_gradual = 10
Custom Loss Function
OneCycleLR

0.001

64

50/100

10

3.4.3 Self-learning

As discussed in Section 2.6.2, self-learning is a sample selection method that changes
labels that are deemed too noisy based on their similarities to the prototypes of
selected classes. The configuration used for this implementation, which can be seen
in Table 3.5, has a batch size of 128, the initial learning rate of 0.001, and a warm-up
phase of 5. For each class, 16 prototype samples are obtained, where the threshold to
choose diverse samples is set to 0.9, meaning if the density score is below that value,
the sample is added as a prototype. To correct a sample’s label, the threshold is 0.9

29



3. Methods

again. Also, a Cosine Annealing learning rate scheduler [80] is utilised to improve
the convergence. For the weighting factor at the Loss function, see Equation (2.12),
equal weight is given to both the original and the corrected labels. Finally, a weight
decay of 0.00001 is used to prevent overfitting the training data.

Table 3.5: Hyperparameters and settings used for the self-learning

implementation
Parameter Value
Batch size 128
Initial learning rate 0.001
Total epochs 50/100
Warm-up epochs 5)
Learning rate scheduler CosineAnnealingLLR
Prototype samples per class 16
Prototype selection threshold 0.9
Label correction threshold 0.9
Loss weighting factor « 0.5
Maximum features per class 2000
Weight decay 0.00001

Due to its higher performance in the other datasets, Self-learning is used to
evaluate the dataset provided by the Akerhus hospital.

This dataset is used to

further evaluate the performance of the noise mitigation technique when the label
noise is unknown, imitating a real-world scenario. The labels are annotated using
ICD-10 codes. The method is compared to the baseline version to ensure a fair
comparison, and the parameter values are displayed in Table 3.6.
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Table 3.6: Hyperparameters and settings used for the self-learning
implementation on the hospital dataset

Parameter Value
Batch size 128
Initial learning rate 0.001
Total epochs 50/100
Warm-up epochs 5
Learning rate scheduler CosineAnnealinglLR
Prototype samples per class 32
Prototype selection threshold 0.95
Label correction threshold 0.9
Loss weighting factor « 0.5
Maximum features per class 5000
Weight decay 0.00001
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3.4.4 DivideMix

DivideMix, as explained in Section 2.6.3, is used as an alternative method where,
instead of rejecting the samples or correcting the labels as the other methods do, the
potential noisy samples are treated in a semi-supervised way. Like the other meth-
ods, there is a warm-up period of 15 epochs before the noise mitigation starts. After
the warm-up time, the decision threshold that is used for the labelled and unlabelled
samples is 0.5. For the MixUp process, both beta distribution parameters are 0.4,
meaning that the two ECGs are weakly blended. A temperature of 0.5 is used to
sharpen the predicted probabilities, increasing the confidence of the model’s predic-
tions. The weight of the unsupervised loss is linearly ramped up to a maximum value
of 25, leading the model to progressively emphasize more on pseudo-labels through-
out training. The specific parameter values used are described in Table 3.7. Every
parameter not described here has not been altered from the original implementation.

Table 3.7: Key Parameters of the DivideMix Algorithm

Name Value/Type

Loss Function Custom Loss Function
initial A\, 25

Ar 1

Mixup beta distribution parameter « = 0.4, 5 = 0.4
Weight Decay 0.00001
Temperature(T) 0.5

Learning rate 0.0001

Batch size 32

Epochs 50/100

Warmup epochs 15

Scheduler CosineAnnealingLR
p_ threshold 0.5

3.5 Evaluation

Regarding the evaluation metric used, because the datasets are imbalanced, metrics
like accuracy, precision and recall do not represent the true performance of the
model. For example, if there is a binary classification problem and the dataset
is very imbalanced e.g. 90% of the ECGs inside the dataset are normal, and the
other 10% are abnormal, a naive model that classifies everything as normal, still
achieves an accuracy of 90%. Therefore, the Area Under the Receiver Operating
Characteristic Curve (AUROC) [81, 82] is used in this thesis work, a metric that
displays the probability of how well a model can distinguish one class from the others.
Since it is a multi-class classification problem, ’one versus rest (ovr)’ is used with
the macro average as a setting. This metric has been used in every method that has
been employed in this research and is consistent with the evaluation methods used
in the original articles. Also, AUROC is very useful in medical applications, because
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there is always a trade-off between sensitivity (True Positive Rate) and specificity
(False Positive Rate) and ROC assists in finding the optimal threshold.
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Results

In this chapter, the results will be presented across all datasets and different noise
types and percentages after comparing all the methods. Additionally, the handling
of the noisy labels by each noise mitigation technique is presented with an emphasis
on the disparities observed across the different datasets.

4.1 AUROC Comparisons

The goal of this thesis is to compare how different noise mitigation techniques can
handle different levels of noise and how noisy labels in general can affect the machine
learning models. To do that, a baseline version is developed and compared with the
stochastic co-teaching, Self-learning and DivideMix. In Table 4.1 and Table 4.2, all
the AUROC results can be seen for both data sets, while in Table 4.3, the results
for the hospital dataset are displayed. For PTB-XL, the model that showcased the
best performance is Self-learning, with significant improvement from the baseline
version and all the other methods. For the CODE15% there is no clear method
outperforming the others. For 20% symmetric and 40% asymmetric noise, stochastic
co-teaching showed the best performance, while for the other noise settings, self-
learning had the best results.

Table 4.1: AUROC values under different noise conditions for the PTB-XL dataset

Algorithm No Noise Sym-(20%) Sym-(40%) Asym-(20%) Asym-(40%)
Baseline 0.91 0.81 0.74 0.81 0.78
Stochastic Co-Teaching 0.82 0.84 0.82 0.80 0.78
Self-Learning 0.92 0.89 0.86 0.90 0.87
DivideMix 0.81 0.80 0.82 0.81 0.78

Table 4.2: AUROC values under different noise conditions for the CODE15%
dataset

Algorithm No Noise Sym-(20%) Sym-(40%) Asym-(20%) Asym-(40%)
Baseline 0.93 0.83 0.80 0.85 0.82
Stochastic Co-Teaching 0.92 0.90 0.83 0.88 0.88
Self-Learning 0.92 0.88 0.88 0.89 0.87
DivideMix 0.82 0.81 0.83 0.79 0.82
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Table 4.3: AUROC values of the hospital dataset

Algorithm  No Noise

Baseline 0.80
Self-Learning 0.80

The baseline model performance for both datasets dropped significantly when
noise was injected. Lastly, while Stochastic Co-teaching and Self-learning showed the
most promising results on how to mitigate the presence of noisy labels, DivideMix
did not achieve better results than the baseline. In the case of the hospital dataset,
the baseline version and the self-learning method yielded the same results when no
artificial noise was injected.

4.2 Stochastic Co-teaching

The Stochastic Co-teaching noise mitigation technique rejects samples that the two
models find noisy and improves their predictions and rejection rates over the epochs.
Investigating these rejection rates for each noise setting and over each epoch is a
useful way to see this technique’s performance.

Figure 4.1 shows the rejection rates as a percentage for each dataset and noise
setting. Figure 4.2, Figure 4.3 and Figure 4.4 show the percentage of samples that
are rejected by the model throughout 100 epochs for the PTB-XL dataset. The
noise settings chosen to be displayed here are no noise, symmetric noise with 20%
noise rate and asymmetric noise with 40% noise rate, respectively.

Rejection Rates by Noise Type and Dataset

Dataset
Em PTB-XL
| BB CODE15%

53.0%

Rejection Rate (%)

19.0% 19.0%

- ]
& o of & ,

&®
Figure 4.1: Rejection rates for both datasets grouped by all noise settings.
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Figure 4.2: Rejection rate of samples over 100 epochs without noise any noise
injection.
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Figure 4.3: Rejection rate of samples over 100 epochs with 20% symmetric noise
where the red dashed line indicates the noise percentage.
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Figure 4.4: Rejection rate of samples over 100 epochs with 40% asymmetric noise
where the red dashed line indicates the noise percentage.

4.3 Self-Learning

The Self-learning method changes the labels that it deems as noisy to the a different
class based on similarity metrics. So, investigating these label transitions can provide
useful insights. Figure 4.5 and Figure 4.6 show the label transitions that Self-
learning performed in the PTB-XL dataset when asymmetric noise is introduced
at rates of 20% and 40%, respectively. Figure 4.7 and Figure 4.8 show the label
changes performed in the CODE15% dataset when symmetric noise is introduced
at the same rates. These changes can be viewed through a bar chart that presents
the percentages of each label that changed or stayed the same, and through a label
transition matrix with counts and percentages where the rows are the original class
and the columns are the class it is changed into. Figure 4.9 and Figure 4.10 show the
percentages of each label that changed for each noise type and rate in both datasets.
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Figure 4.5: Percentages of label changes when 20% asymmetric noise is applied
for each class at the PTB-XL dataset. On the left is the Bar Chart representation
and on the right the confusion matrix.
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Figure 4.6: Percentages of label changes when 40% asymmetric noise is applied
for each class at the PTB-XL dataset. On the left is the Bar Chart representation,

and on the right is the confusion matrix.
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Figure 4.7: Percentages of label changes when 20% symmetric noise is applied for
each class at the CODE15% dataset. On the left is the Bar Chart representation,
and on the right is the confusion matrix.
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Figure 4.8: Percentages of label changes when 40% symmetric noise is applied for
each class at the CODE15% dataset. On the left is the Bar Chart representation
and on the right the confusion matrix.
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Label Change by Class and Noise Setting
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Figure 4.9: Percentages of labels changes grouped by class across all settings for

the PTB-XL dataset.
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Figure 4.10: Percentages of labels changes grouped by class across all settings for

the CODE15% dataset.
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4.4 DivideMix

DivideMix differ from other methods, like stochastic co-teaching, where the samples
are rejected, and self-learning, where the labels are refined. In DivideMix, the
samples are divided into labelled and unlabelled based on the loss, using the MixUp
method as the core idea. This technique helps the model with generalisation and
prevents overfitting. So, it is essential to understand how the ECGs are combined
using MixUp and the percentages of unlabelled or noisy samples that the model
defines. In Figure 4.11, two random ECGs are selected, and a combined version is
produced after using the MixUP technique. Figure 4.12 shows the percentages of
unlabelled samples for both datasets across all noise settings.
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Figure 4.11: MixUP of two ECG signals for augmentation purposes used at Di-
videmix plotted only for a single lead.
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Figure 4.12: Percentages of samples that are used for semi-supervised learning
after the networks decide that the sample contains a noisy label by evaluating its
loss value.

4.5 Hospital dataset

The main difference between the hospital dataset and the others is that the classifi-
cation is binary and labels are based off ICD-10 codes and not a posteriori labelling.
Only the self-learning method is selected for evaluation, as it showed superior results
in the benchmark datasets. In Figure 4.13, the prototype positions of each class are
displayed after dimensionality reduction to a 2D plot. To this end and to maximize
the variance to capture the most important features, Principal Component Analysis
(PCA) [83] is used. The features are already normalised before the dimensionality
reduction, so no additional normalisation is needed. In Figure 4.14, a label transition
matrix is displayed that shows the label corrections between classes.
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Discussion

In this section, all findings are explained, and how each method performs under all
noise settings for the PTB-XL and CODE15% is described. Also, the performance
of the best algorithm in the Hospital dataset, where the noise type and percentage
are unknown, is discussed. Additionally, a comparison with prior work is conducted
and finally, the limitations and future work are presented.

5.1 Method Evaluation

After presenting all the results from Chapter 4 and as can be seen from Table 4.1
and Table 4.2, the performance of the baseline model is constantly dropping in
both datasets when artificial noise is introduced, which is expected since the model
fits to the noisy samples causing a significant decrease in the performance. So, the
memorisation effect occurs when the patterns from noisy labels are memorised during
training. Therefore, the AUROC decreases when noise is applied, see Table 4.1 and
Table 4.2. Specifically, for PTB-XL, when there is symmetric noise of 20% and 40%,
the AUROC drops from 0.91 to 0.81 and 0.74, respectively, and for CODE 15%, it
decreases from 0.93 to 0.83 and 0.80. For the asymmetric noise type, in the PTB-XL
dataset, the AUROC value drops from 0.91 to 0.81 for the 20% rate and to 0.78 for
the 40% rate. The CODE15% dataset demonstrates a smaller decrease in this noise
type, dropping from 0.93 to 0.85 with a 20% rate and to 0.82 with a 40% rate.

In the symmetric noise case, because there is always a random chance of label
transitioning into any other class, the model can struggle learning patterns that
could possibly lead to degradation of the performance. When asymmetric noise is
present, then each class is transitioning into a specific other class, which is constant
as explained in Section 2.5.1. So the model might find it easier to learn from this
type of noise, which explains the difference in the performance for the baseline
model between symmetric and asymmetric noise. When comparing the noise rate
percentages, the baseline model struggles more as the noise rate increases. In both
datasets, the 20% noise rate shows better performance than the 40% rate. This
happens because there are more noisy samples that the model learns from, which
increases the probability that the memorisation effect occurs.

5.1.1 Stochastic Co-teaching

In Stochastic Co-teaching, as described at Section 2.6.1, as the two networks simul-
taneously train and each one decides for the other network which samples to keep
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and which ones to reject based on the loss values that is then compared to a thresh-
old drawn from beta-distribution, with values a = 32 and § = 2, that makes the
decision boundary very strict with an average threshold of 0.94. Therefore, samples
might get rejected even though the model is confident with a high probability, but
less than the average threshold, which is why some samples are rejected when no
noise is applied.

Upon further inspection of the results, this method exhibits a large discrepancy
in the AUROC values between the datasets. The main differences between the
datasets are the number of classes and the number of samples. PTB-XL contains
fewer classes and samples than the CODE15%. This is mainly where this difference
in results is attributed. If the rejected sample percentage is high, as can be seen in
Figure 4.1, the training procedure is affected more in the dataset with fewer samples.
In that case, there is a greater probability that the samples of a specific class are
completely rejected, which can greatly affect the model’s performance since it will
not be able to learn from that class. In general, Stochastic Co-teaching rejects a
percentage of samples around 10-20% higher than the actual noise rate, as can be
seen in Figure 4.2, Figure 4.3 and Figure 4.4. Especially in the case of no noise, the
difference in AUROC between the datasets is 10%), while the rejection rate is 19% in
both datasets. This means that rejecting 19% of the clean samples in the training
data affects the dataset with fewer overall samples and classes more than it affects
the larger dataset. In theory, running the model for a lot more epochs would make
the rejection rate converge with the actual noise rate.

5.1.2 Self-learning

The Self-Learning method, instead of excluding the samples from the training pro-
cess, it corrects the labels based on the similarity between the sample and the class
prototypes as mentioned in Section 2.6.2. Compared to the Stochastic Co-teaching,
this method uses all the samples during training instead of excluding the noisy ones.
It will correct the samples that classifies as noisy into the most similar class, so the
difference in the number of samples between the datasets used is not apparent in this
method. Self-learning achieved the best performance across all settings for PTB-
XL, successfully improving the results and mitigating high and low levels of different
types of noise. For CODE15%, the method achieved decent results, improving from
the baseline across all noise settings around 5-8%. In Figure 4.5 and Figure 4.6,
the label transitions can be seen for the asymmetric noise type. These transitions
are consistent with the noise transition matrix as introduced in Figure 3.5b. For
example, after applying asymmetric noise, samples with the original class 'CD’ are
correctly changed into the 'STTC’ class at a high rate, since this is their true class
before noise is injected. In contrast, in 'STTC’ class an insufficient number of labels
are corrected, which can be attributed to poor prototype selection for this class. In
the symmetric noise case, as demonstrated in Figure 4.7 and Figure 4.8, each class
has the same probability of being corrected into another class, which is also consis-
tent with the noise transition matrix as seen in Figure 3.5a. Ideally, the percentage
of labels that should remain the same, that is, the diagonal of the transition matri-
ces, is (100% — noise_ rate) in both noise types. This is also evident in Figure 4.9
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and Figure 4.10, where the percentage of labels that are corrected across all noise
settings for PTB-XL and CODE15%, respectively, is displayed. For the CODE15%
dataset, when 40% noise rate is introduced, more samples have their labels changed
across all classes compared to the 20% noise rate, but the percentages are usually
higher than the actual noise rate. In contrast, for the PTB-XL dataset, the percent-
age of labels corrected is closer to the actual noise rates. However, the correction
rates are not consistent with the noise rate values, meaning that higher correction
rates at a noise rate of 40% compared to a rate of 20% is not always the case in this
dataset. In general, the combination of label correction and the custom loss function
used, which adds weight to the original and corrected labels, helps the robustness of
the training procedure. By making the model less confident in its corrections and
not fully trusting the original labels, the training is more consistent and less prone
to overfitting to noisy labels.

5.1.3 DivideMix

DivideMix is a hybrid method that uses multiple techniques like co-train, co-guessing
and a custom loss function to divide the data into two subsets. The samples that
are deemed noisier, based on their loss values, are selected for an unlabelled set
and trained in a semi-supervised way, while the presumed clean samples are part of
the labelled set. This method utilises many techniques to mitigate label noise and
the memorisation effects during training, making it computationally expensive. La-
bel co-refinement, in particular, augments the training samples with artificial ones
created from both the labelled and unlabelled subsets, see Figure 4.11. These aug-
mentations, combined with the fact that two models are trained in parallel, make
this method extremely complex and non-trivial. From Table 4.1 and Table 4.2,
even though sometimes the AUROC is improved for symmetric 40% noise at both
datasets, the results are inconsistent for all the other settings, showing poor per-
formance of the specific technique. DivideMix has a similar working principle to
Stochastic Co-Teaching, which uses the predicted probabilities to decide whether
the sample is clean or not. The decision is made from the GMM that outputs prob-
abilities, which are then thresholded at 0.5, to split them into labelled or unlabelled.
From Figure 4.12, all the unlabelled percentages are shown based on the decision
threshold. It is expected that the unlabelled percentages will be as close as the noise
rate that is applied, but there is no clear correlation between the expected noise rates
and the results. The reason why the DivideMix does not have an adequate perfor-
mance compared to the other methods is that the hyperparameters are fine-tuned
to specific image datasets used by the authors. For example, the threshold of 0.5
might need to be tweaked to better distinguish between clean and noisy samples.
Also, there is a high chance that, because the pseudo-labels are generated from the
two networks, if the label is predicted incorrectly, despite the MixUp feature of the
algorithm, the model might still learn from noisy samples, since the custom loss
function accounts for these samples as well.
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5.2 Hospital Dataset findings

The hospital data contains samples labelled as normal and abnormal. The self-
learning noise mitigation method is selected to evaluate the performance and is
compared with a baseline model. The AUROC results are the same in both cases,
as seen in Table 4.3, meaning that there is no improvement when this mitigation
method is utilised. This experiment is performed to evaluate the performance of
this method in a dataset with unknown levels of noise, as the dataset is automat-
ically annotated based on ICD-10 codes and other measurements not related to
ECG which is not an ideal way of annotating ECGs. In the other datasets, the
assumption made is that minimal or no noise is present in the validation/test set.
This assumption does not hold in the case of the hospital dataset, which can ex-
plain why the noise mitigation method has the same performance as the baseline
model. Furthermore, the methods investigated in this thesis work are tested and
optimised based on artificial class-dependent noise, but this dataset likely contains
feature-dependent noise, which requires different optimisation strategies and typi-
cally requires increased training time to effectively address and mitigate such noise.

Regarding the Self-learning method, in Figure 4.14, all the label transitions
can be seen. In particular, 26.8% of the normal labels are changed into abnormal
and less than 1% are changed from abnormal to normal. This can be explained by
Figure 4.13, where all prototypes for class 0 are clustered together, while for class
1 the prototypes are more scattered and some are very close to class 0. Therefore,
many normal samples have high similarity with the abnormal prototypes, leading
to more normal labels being changed. In theory, while the training epochs increase,
the baseline performance will drop or remain unchanged. Although phenomena
like grokking [84] suggest that after prolonged training, a significant improvement
in accuracy can occur, this effect is delayed when noisy labels are introduced in a
dataset. In contrast, the self-learning performance will increase as the model learns
to identify more representative prototypes.

5.3 Limitations

One of the most important limitations of this thesis work is the lack of computational
resources. When training complex Al networks, especially in different settings where
multiple runs are required, adequate GPU memory is mandatory to expedite the
training process. The model training is performed on either a personal computer’s
small GPU or on a limited-resource online platform, which made this process more
time-consuming than originally expected. This is the main reason why most models
are trained for no more than 100 epochs, and no hyperparameter tuning or ablation
study is performed. Also, Stochastic Co-teaching and self-learning are fine-tuned
and optimised for the PTB-XL, while DivideMix is tested for the CIFAR10 and
CIFAR100 datasets. So, each noise mitigation technique is dataset dependent, so
optimising and fine-tuning these parameters for other datasets is not trivial. Addi-
tionally, only symmetric and asymmetric types of noise are tested, feature-dependent
noise is not examined in this thesis work, so the performance of the methods is un-
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known for this specific type of noise. Finally, even though the datasets contained
multi-labels, in this implementation, all the multi-labels are disregarded and only
single-label samples are kept. Therefore, all the results shown are for single-label
tasks.

5.4 Comparison with previous work

In the original article from stochastic co-teaching [18], noise injection is performed
on CIFAR10, CIFAR100 and MNIST datasets, which are image datasets. To eval-
uate the performance in real-world scenarios, PTB-XL is used without noise injec-
tion, while in this thesis work, the noise is injected in both the PTB-XL and the
CODE15% datasets. The ResNet model architecture used in this thesis work is the
same as the best-performing architecture used in that article.

The Self-learning article [47] used a different model architecture to evaluate the
results and investigated the PTB-XL and MNIST datasets. The custom loss function
proposed is developed for multi-label classification problems, where a sample can
contain more than one label, while in the current implementation, this function had
to be adapted to work for single-label datasets. As a final evaluation, in the original
article, experts are consulted for a visual confirmation of the corrected samples,
while this is not the case in this thesis work.

The DivideMix article [43] had the most differences to this work since the noise
injection and the result evaluation are performed only on image data. This means
that the techniques used in this method are optimised only for image datasets and
not time series ones like ECG datasets. Specifically, CIFAR-10, CIFAR-100, cloth-
inglM and WebVision datasets are used. Many of the strategies implemented, like
label co-refinement, co-guessing and various data augmentations, are not tested and
evaluated in ECG datasets, so their value in these datasets is unknown without an
ablation study. This can be further confirmed by the low AUROC values of this
method when evaluated in the ECG datasets. In general, while DivideMix can work
well in ECG datasets with a lot of unlabelled data due to its semi-supervised ap-
proach, the MixUp technique employed reduces the interpretability of the results,
which is paramount in the healthcare domain. Additionally, the confidence penalty,
custom loss parameters and data augmentations utilised in DivideMix require ap-
propriate adaptations to adjust to an ECG dataset.

Finally, in every article, different noise rates are evaluated, ranging from 10%
to 90%, but especially in the case of asymmetric noise, the authors concluded that
noise rates of over 50% significantly degrade the model performance.

5.5 Future work

To further evaluate the true performance of the methods, the models should be
trained for more epochs. Also, in this thesis, only class-dependent noise is injected,
but feature-dependent noise is usually present as well. So, to better simulate more
realistic conditions and evaluate the robustness of the noise mitigation techniques
under that setting as well, for future work, this type of noise is recommended to be
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injected. Additionally, many ECG samples are annotated with more than one label,
therefore, the implementation should be adjusted for this setting. Especially for Di-
videMix, further parameter tuning and an ablation study are required to investigate
whether the specific strategies used are improving the performance of this method.
Due to resource limitations (see Section 5.3), the ECG signals are truncated to 500
samples and minimal data augmentations are applied. To prevent overfitting during
training and increase the model’s generalisation capabilities, more augmentations
could be applied, like noise injection to the samples, magnitude scaling and time
scaling [85], and the full samples should be utilised to further assess the perfor-
mance of each method. Moreover, rather than simply truncating or augmenting the
signals, window-based sampling can be explored to achieve effortless augmentation
without additional memory usage. Similarly, leveraging the full CODE [51] dataset
for benchmarking can further improve robustness, since modern Al training is heav-
ily data-dependent. A vast research into label noise mitigation exists, and many
methods have been developed to tackle this problem, so to find the best-performing
technique for ECG datasets, more methods should be tested and compared. For
example, PNP [28] claims that the parameters should not be dataset dependent and
develops a method that confirms that assumption.

For the hospital dataset, all the methods developed here should be utilised to
fairly compare the results, instead of only testing the best-performing one. Lastly,
a custom noise mitigation technique can be developed, tailored for this hospital
dataset, to accurately mitigate the label noise by combining the strongest techniques
of each method. For example, Self-learning could be used in conjunction with the co-
training technique to confirm the label corrections with both models, thus improving
the confidence of the method when correcting noisy labels.
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Conclusion

This thesis investigated the impact of label noise on the performance of machine
learning models in ECG classification tasks. While many approaches have been
proposed to address this issue, three representative methods, Stochastic Co-teaching,
Self-learning, and DivideMix, were selected and evaluated. A baseline model was
also implemented to enable fair comparison. Two benchmark ECG datasets, PTB-
XL and CODE15%, were used under the assumption that both the training and
test sets were initially noise-free. Artificial, class-dependent label noise was then
introduced at rates of 20% and 40%, comprising both symmetric and asymmetric
variants.

The results demonstrated that label noise negatively affects model performance
in the absence of any noise mitigation technique. Self-learning exhibited the best
performance, particularly in effectively mitigating low levels of label noise. At higher
noise levels, performance differences became substantial, highlighting the potential
of Self-learning in such scenarios.

Furthermore, an ECG dataset obtained from Akershus University Hospital was
used to assess the robustness of the best-performing method under unknown noise
conditions. However, no significant improvement was observed on this dataset, likely
due to the presence of label noise in the test set as well. Overall, these methods
appear to be optimised for specific datasets and, with appropriate adaptation, they
may offer effective solutions to the challenges posed by noisy labels in ECG data.
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Appendix 1

PTB-XL pre-process and dataloader

class PTBXL_CE_Self_Learning(Dataset):

nun

PTB-
pre-

nun

def

XL dataset loader for multi-class classification.
processes the dataset and injects symmetric or asymmetric noise.

_init__(self, split, transform=None, data_dir=None, hr=False, debug=False,
noise_type=None, noise_rate=0.0, random_state=42):

self.transform = transform

self .noise_type = noise_type

self .noise_rate = noise_rate

self .random_state = random_state

classes = np.array([’>NORM’, °MI’, °STTC’, ’CD’, ’HYP’])

df _statements = pd.read_csv(data_dir / ’scp_statements.csv’, index_col=0)

df _statements = df_statements[df_statements.diagnostic == 1]

df _statements[’diagnosis_label’] = df_statements.diagnostic_class.apply(
lambda x: int(np.squeeze(np.where(classes == x)))

)

def aggregate_diagnostic_to_encoding(y_dic):

tmp = []
for key in y_dic.keys():

if key in df_statements.index:

tmp . append (df _statements.loc[key].diagnosis_label)

# skip multi-label samples
if len(set(tmp)) == 1:

return list(set(tmp)) [0]
else:

return -1 # set -1 multi-label samples

df _ptbxl = pd.read_csv(data_dir / ’ptbxl_database.csv’, index_col=’ecg_id’)
if split == ’train’:

df _ptbxl = df_ptbxl[df_ptbxl.strat_fold <= 9]
elif split == ’test’:

df _ptbxl = df_ptbxl[df_ptbxl.strat_fold == 10]

df _ptbxl.scp_codes = df_ptbxl.scp_codes.apply(lambda x: ast.literal_eval(x)
)

df _ptbxl[’diagnosis_label’] = df_ptbxl.scp_codes.apply(
aggregate_diagnostic_to_encoding)

df _ptbxl = df_ptbxl[df_ptbxl.diagnosis_label != -1] # remove multi-label
samples

samples = []
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IT

labels_clean = []
for ecg_id, row in tqdm(df_ptbxl.iterrows (), total=len(df_ptbxl), desc=f’
Loading {split} set’):
fname = row.filename_hr if hr else row.filename_1lr
data, meta = wfdb.rdsamp(str(data_dir / fname))
# Transpose so that shape becomes (channels, time)
data = data.T.astype(np.float32)
y_clean = int(row[’diagnosis_label’])
samples.append (dict (
data=data,
fs=metal[’fs’],
pid=ecg_id,
clean_y=y_clean # store clean label
))
labels_clean.append(y_clean)

# If training and noise is specified, inject noise.

if split == ’train’ and noise_type is not None and noise_rate > O0:
labels_clean = np.array(labels_clean)
if noise_type == ’assymetric’:
labels_noisy, actual_noise = self.noisify_assymetric(labels_clean,
noise_rate, random_state, nb_classes=len(classes))
elif noise_type == ’symmetric’:
labels_noisy, actual_noise = self.noisify_multiclass_symmetric(
labels_clean, noise_rate, random_state, nb_classes=len(classes)
)
else:
labels_noisy, actual_noise = labels_clean, 0.0

print (f"Applied noise: {actual_noise*100:.2f}), of labels flipped.")
for i in range(len(samples)):
samples[i][’y’] = int(labels_noisy[il])
else:
for sample in samples:
sample[’y’] = sample[’clean_y’]

self .samples = samples

@staticmethod
def multiclass_noisify(y, P, random_state=0):
"""Flip classes according to transition probability matrix P."""
assert P.shape[0] == P.shapel[1]
m = y.shape[0]
new_y = y.copy()
flipper = np.random.RandomState (random_state)
for idx in range (m):
i = ylidx]
flipped = flipper.multinomial (1, P[i, :], 1) [0]
new_y[idx] = np.where(flipped == 1) [0][0]
return new_y

@staticmethod
def noisify_multiclass_symmetric(y, noise, random_state=None, nb_classes=5):
"""uyniformly random label flipping (all classes equally likely)."""
P = np.ones((nb_classes, nb_classes)) * (noise / (nb_classes - 1))
np.fill_diagonal (P, 1. - noise)
if noise > 0.0:
y_noisy = PTBXL_CE_Self_Learning.multiclass_noisify(y, P=P,
random_state=random_state)
actual_noise = (y_noisy != y).mean()
print (f"Applied symmetric noise: {actual_noisex*100:.2f}%")
return y_noisy, actual_noise
return y, 0.0

@staticmethod
def noisify_assymetric(y, noise, random_state=None, nb_classes=5):
o
asymmetric noise: for each class, flip with probability ‘noise‘ to a
specific wrong class.
transition matrix is defined as follows:
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def

def

0: NORM -> 1: MI,
1: MI -> {0: NORM, 2: STTC} (choose one),
2: STTC -> {0: NORM, 3: CD},
3: CD -> {0: NORM, 4: HYP},
4: HYP -> 0: NORM
nnn
transitions = {
o: [171,
1: [0, 2],
2: [0, 3],
3: [O s 4] s
4: [o]
}
rng = np.random.RandomState (random_state)

y_noisy = y.copy()
for idx, label in enumerate(y):
if label in transitions and rng.rand() < noise:
new_label = rng.choice(transitions[label])
y_noisy[idx] = new_label
actual_noise = (y_noisy != y).mean()
print (f"Applied asymmetric noise: {actual_noisex100:.2f}%")
return y_noisy, actual_noise

__len__(self):
return len(self.samples)

__getitem__(self, idx):
sample = copy.deepcopy(self.samples[idx])
if self.transform:

sample = self.transform(sample)
return sample

class NormalizeECG:

def

def

def

__init__(self, method="z-score", mean=None, std=None, min_val=None, max_val

=None) :

self .method = method
self .mean = mean
self.std = std

self .min_val = min_val
self .max_val = max_val

fit(self, dataset):
# Concatenate all samples along time axis (axis=1)

all_data = np.concatenate([sample[’data’] for sample in dataset.samples],
axis=1)
if self.method == "z-score":
self .mean = np.mean(all_data, axis=1, keepdims=True)
self.std = np.std(all_data, axis=1, keepdims=True)
elif self.method == "min-max":
self .min_val = np.min(all_data, axis=1, keepdims=True)
self .max_val = np.max(all_data, axis=1, keepdims=True)

__call__(self, sample):
data = sample[’data’]

if self.method == "z-score" and self.mean is not None and self.std is not
None:
data = (data - self.mean) / (self.std + 1e-8)
elif self.method == "min-max" and self.min_val is not None and self.max_val
is not None:
data = (data - self.min_val) / (self.max_val - self.min_val + 1e-8)
sample[’data’] = data

return sample

class Sample:

def

def

__init__(self, size, rs=np.random):
self.size = size
self . rs = rs

__call__(self, sample):

ITT
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data = sample[’data’]

overset = data.shape[l] - self.size
if overset > O:

start_idx = self.rs.randint (overset)

data = datal[:, start_idx:start_idx + self.sizel]
sample[’data’] = data

return sample

A.2 CODE15% pre-process and dataloader

class MiddleSample:
"""Extracts a fixed-length segment from the center of ECG data."""
def init__(self, size):

self.size = size # Target sample size

def __call__(self, data):
"""Extracts the middle portion of the signal."""

original_size = data.shape[1] # Time dimension (4096)
center = original_size // 2 # Middle index
start_idx = max (0, center - self.size // 2) # Ensure start index is non-

negative

end_idx = min(original_size, start_idx + self.size) # Ensure within bounds

return datal[:, start_idx:end_idx]

class ECGDataset_multi(Dataset):

def init__(self, h5_path, noise_type="none", noise_rate=0.0, window_size=500,

normalize=True) :

nun

ECG Dataset for **multiclass classification** with softmax.

Args:
h5_path (str): Path to the HDF5 file.
window_size (int): Number of time steps to keep from each sample.
normalize (bool): Whether to apply normalization.

noise_type (str): Type of label noise ("symmetric", "asymmetric",
none") .
noise_rate (float): Percentage of samples to corrupt.
nnn
self.h5_path = h5_path
self .file = hbpy.File(h5_path, "r", swmr=True) # Keep file open
self.dataset_size = self.file["x"].shape[0]
self .window_size = window_size
self .normalize = normalize
self .noise_type = noise_type
self .noise_rate = noise_rate
self.sampler = MiddleSample (window_size)
# Load labels (first 6 columns only, ignoring "Normal ECG" column)
labels = np.array(self.file["y"]) # Shape: (num_samples, 7)
# Keep only single-label samples
single_label_mask = labels.sum(axis=1) == 1 # Boolean mask: True if
exactly one label is active
self.labels = labels[single_label_mask]
self.data_indices = np.where(single_label_mask) [0] # Indices of valid

samples

# Convert multi-hot labels to class indices
self.labels = np.argmax(self.labels, axis=1)

# Introduce noise

if self.noise_type == "symmetric":
print ("Applying symmetric noise...")
self.labels = self.apply_exact_noise(self.labels, self.noise_rate)

IV

or "
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def

def

def

elif self.noise_type == "asymmetric":
print ("Applying asymmetric noise...")
label_transitions = {
0: [3,6], # 1dAVb normal
1: [2,6]1, # RBBB LBBB
2: [1,6], # LBBB RBBB
3: [0,6], # SB 1dAVD
4: [5,6], # ST AF
5: [4,6], # AF ST
6: [0,5] # normal AF
}
self.labels = self.apply_exact_noise(self.labels, self.noise_rate,

label_transitions)

# Compute mean & std for normalization
if self.normalize:

self .mean, self.std = self.compute_mean_std()
self.class_weights = self.compute_class_weights (self) # Store in class
attribute

__len__(self):
return len(self.data_indices) # Updated size after filtering

compute_mean_std (self):
"""Compute mean & std across all ECG data for normalization."""
mean_sum, std_sum, count = 0.0, 0.0, O
for idx in self.data_indices:
x = self.file["x"][idx] # Shape: (4096, 12)
mean_sum += x.mean (axis=0) # Per-channel mean
std_sum += x.std(axis=0) # Per-channel std
count += 1

mean = mean_sum / count
std = std_sum / count
std[std == 0] = 1 # Prevent division by zero

return mean, std

__getitem__(self, idx):

real_idx = self.data_indices[idx] # Get original index from filtered
dataset

x = torch.tensor(self.file["x"][real_idx], dtype=torch.float32).permute (1,
0) # Shape: (12, 4096)

# Extract middle portion

x = self.sampler(x) # Shape now (12, window_size)

# Apply normalization (per channel)

if self.normalize:
x = (x - torch.tensor(self.mean, dtype=torch.float32)[:, Nonel) / torch

.tensor (self.std, dtype=torch.float32)[:, None]

y = torch.tensor(self.labels[idx], dtype=torch.long) # Single class index
for softmax

return x, y

@staticmethod

def

compute_class_weights (self):

"""Compute dynamic class weights based on dataset labels."""

class_counts = np.bincount(self.labels, minlength=7) # Count occurrences
of each class

total_samples = len(self.labels)

# Avoid division by zero

class_weights = total_samples / (class_counts + 1le-6)

# Convert to PyTorch temnsor

class_weights = torch.tensor(class_weights, dtype=torch.float32)

# log-scaling to dampen extreme weights

log_weights = torch.log(class_weights + 1)

# Normalize weights (optional)

normalized_weights = log_weights / log_weights.max()

return normalized_weights




A. Appendix 1

def

def

VI

@staticmethod

def apply_exact_noise(y_train, noise_rate, transition_matrix=None):
nnn

Ensures exactly ‘noise_rate

fraction of samples are modified.
Args:
y_train (np.ndarray): Class indices (shape: num_samples).
noise_rate (float): Fraction of samples to corrupt.
transition_matrix (dict, optional): Class transitions for asymmetric
noise.

Returns:

np.ndarray: Noisy labels.
nnn
y_noisy = y_train.copy ()
num_samples = len(y_train)

num_noisy_samples = int(noise_rate * num_samples)
if num_noisy_samples > O:
noisy_indices = np.random.choice(num_samples, num_noisy_samples,
replace=False)

for idx in noisy_indices:
original_label = y_train[idx]

if transition_matrix: # Asymmetric noise
if original_label in transition_matrix:
y_noisy[idx] = np.random.choice(transition_matrix[
original_label])
else: # Symmetric noise
possible_labels = [x for x in range(7) if x != original_label]
y_noisy[idx] = np.random.choice(possible_labels)

actual_noise = np.mean(y_train != y_noisy)
print (f’Applied Noise: {actual_noise:.2f}’)
return y_noisy

load_exams_csv(csv_path, data_dir):
"""Load exams.csv and create a mapping of exam_id to trace_file and labels."""
print ("Loading exams.csv...")
trace_file_map = {}
labels_map = {}
existing_files = set(os.listdir(data_dir)) # Available HDF5 files
with open(csv_path, "r") as f:
reader = csv.reader(f, delimiter=",")
next (reader) # Skip header
for row in reader:

exam_id = int (row[0])

trace_file = rowl[14]

ecg_conditions = [row[i] == ’True’ for i in range(4, 10)] # 6
conditions

normal_ecg = not any(ecg_conditions) # 7th label

ecg_conditions.append(normal_ecg)
if trace_file in existing_files:
trace_file_map[exam_id] = trace_file
labels_map[exam_id] = ecg_conditions
else:
print (f"Skipping exam {exam_id}: Missing file {trace_filel}")
labels_map[exam_id] = ecg_conditions
print (f"Loaded {len(trace_file_map)} exam records.")
return trace_file_map, labels_map

process_and_save_data(output_file, data_dir, trace_file_map, labels_map):

"""Process ECG data and save directly to HDF5 to handle large datasets
efficiently."""

print (f"Processing data and saving to {output_file}...")

existing_files = set(os.listdir(data_dir)) # Available HDF5 files
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180 with hbpy.File(output_file, "w") as f:

181 first_write = True

182 for exam_id, trace_file in trace_file_map.items():

183 if trace_file not in existing_files:

184 print (f"Skipping exam {exam_id}: Missing file {trace_file} ERROR")

185 continue

186

187 file_path = os.path.join(data_dir, trace_file)

188 with hbpy.File(file_path, "r") as h:

189 exam_ids = h[’exam_id’]1[()]

190 index = np.where(exam_ids == exam_id) [0]

191 if len(index) == O0:

192 print (f"Exam ID {exam_id} not found in {trace_filel}")

193 continue

194

195 trace = h[’tracings’] [index [0]]

196 label = np.array(labels_map[exam_id], dtype=np.float32)

197

198 # Save directly to HDF5

199 if first_write:

200 f.create_dataset ("x", data=trace[None, ...], maxshape=(None,
4096, 12), chunks=True)

201 f.create_dataset("y", data=label[None, ...], maxshape=(None, 7)
, chunks=True)

202 first_write = False

03 else:

f["x"].resize((£f["x"].shape[0] + 1), axis=0)

f["x"1[-11 = trace
fl"y"].resize ((£["y"].shape[0] + 1), axis=0)
f["y"1[-1] = label

print (f"Data successfully saved to {output_file}")

o

OB ® I SA A DL

def split_train_test(data_path, train_path, test_path, split_ratio=0.8):

1
11 """Split the processed data into train and test sets."""
12 print ("Splitting data into train and test sets...")
13 with hbpy.File(data_path, "r") as f:
14 x_data = f[’x’]1[...]
15 y_data = f[’y’]1[...]
1€
17 total_samples = x_data.shape[0]
18 train_size = int(total_samples * split_ratio)
19 indices = torch.randperm(total_samples).tolist ()
0 train_idx, test_idx = indices[:train_size], indices[train_size:]

with hbpy.File(train_path, "w") as f:
f.create_dataset ("x", data=x_datal[train_idx])
f.create_dataset ("y", data=y_datal[train_idx])
with hbpy.File(test_path, "w") as f:
f.create_dataset ("x", data=x_data[test_idx])
f.create_dataset ("y", data=y_datal[test_idx])
print (f"Train/Test split completed: {train_sizel} train samples, {total_samples
- train_sizel} test samples.")

oR W N

~

NONN NN NNNNNNNNNDNNNNDNNNNDNDN

NN N NNNNNDN

®

30| def main () :

31 data_dir = os.path.join(os.getcwd(), ’Code’, ’RAW_DATA’, ’Codelb5’, ’TRAIN’)
32 csv_path = os.path.join(os.getcwd(), ’Code’, ’*RAW_DATA’, ’Codel5’, ’exams.csv’)
33 output_file = os.path.join(os.getcwd(), ’Code’, ’RAW_DATA’, ’Codel5_Processed’,
’full_dataset.hdf5’)
234 train_file = os.path.join(os.getcwd(), ’Code’, ’*RAW_DATA’, ’Codel5_Processed’,’
TRAIN_DATA’, >TRAIN_DATA.hdf5’)
235 test_file = os.path.join(os.getcwd(), ’Code’, ’RAW_DATA’, ’Codel5_Processed’,’

TEST_DATA’, ’TEST_DATA.hdf5°’)

236

237 trace_file_map, labels_map = load_exams_csv(csv_path,data_dir)
238 process_and_save_data(output_file, data_dir, trace_file_map, labels_map)
239 split_train_test (output_file, train_file, test_file)

240
241 | main ()

VII
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A.3 Useful functions

1 def get_corrected_class(batch_features, class_prototypes, sim_threshold=0.9):

nun

2

3 for each sample, we compute cosine similarities to each class’s prototypes,

1 then select the class with the highest similarity if it exceeds the threshold.
5

6 Returns:
7 corrected: tensor of shape (B,) with corrected class indices.
8 If no class exceeds the threshold, the value is -1.

9 nun

10 B = batch_features.size (0)
11 corrected = torch.full((B,), -1, dtype=torch.long, device=batch_features.device

)
2 for i in range(B):
3 best_sim = -1.0
! best_cls = -1
5

for cls, prototypes in class_prototypes.items():
6 # Compute cosine similarity between sample i and all prototypes for
class cls.

17 sims = F.cosine_similarity(batch_features[i].unsqueeze(0), prototypes,
dim=-1)

18 max_sim = sims.max().item()
19 if max_sim > best_sim:
20 best_sim = max_sim
1 best_cls = cls

if best_sim > sim_threshold:

corrected[i] = best_cls

return corrected

cgUR W N

def select_prototypes(features, num_prototypes=32, sim_threshold=0.9):

nun

o]

selects prototypes from the feature embeddings for one class.

features: tensor of shape (N, feat_dim) for samples of one class.
num_prototypes: maximum number of prototypes to select.
sim_threshold: if the cosine similarity between a candidate and any already
selected prototype exceeds this threshold, the candidate is
skipped.

W W W W W NNNNNDNNN
- B 5 b

3

36 Returns:

37 A tensor of shape (P, feat_dim) with P <= num_prototypes prototypes, or None
if no prototypes.

3 nnn

39 prototypes = []

10 # Compute cosine similarities

11 cos_sim = F.cosine_similarity(features.unsqueeze (1), features.unsqueeze (0), dim

=-1)

12 density = cos_sim.mean(dim=1) # average similarity for each sample

13 sorted_indices = density.argsort(descending=True)

45 for idx in sorted_indices:

16 candidate = features[idx]

17 if not prototypes:

18 prototypes.append (candidate)

19 else:

50 sims = [F.cosine_similarity(candidate.unsqueeze (0), proto.unsqueeze (0))
.item ()

51 for proto in prototypes]
52 if max(sims) < sim_threshold:

3 prototypes.append(candidate)
1 if len(prototypes) >= num_prototypes:
5 break

57 if prototypes:

58 return torch.stack(prototypes)
59 else:

60 return None
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62 def update_prototypes(model, data_loader, num_classes, device, max_batches=40,
max_features_per_class=1000):
63 model.eval ()
64 class_features = {cls: [] for cls in range(num_classes)}
65 batch_count = 0
66 with torch.no_grad():
67 for batch in tqdm(data_loader, desc="Updating Prototypes", leave=False):
68 if batch_count >= max_batches:
69 break
7 inputs = batch[’data’].to(device)
labels = batch[’y’].to(device).long()
_, features = model(inputs, return_features=True)
for i in range(features.size(0)):
cls = labels[i].item()
class_features[cls].append(features[i].cpu().detach())
if len(class_features[cls]) > max_features_per_class:

Y UL W N = O

R e B B B B |

7 class_features[cls] = class_features[cls][-
max_features_per_class:]

78 batch_count += 1

79 for cls in range(num_classes):

80 print (f"Class {cls} collected {len(class_features[cls])} features.")

81 class_prototypes = {}

82 for cls in range(num_classes):

83 if class_features[cls]:

84 feats = torch.stack(class_features[cls])

85 prototypes = select_prototypes(feats, num_prototypes=16, sim_threshold
=0.95)

86 if prototypes is not None:

87 class_prototypes[cls] = prototypes.to(device)

88 import gc

89 gc.collect ()

90 return class_prototypes
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