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Deep learning models have demonstrated excellent performance in electrocardiogram
(ECG) classification tasks. However, because of domain shift caused by differences in
patient demographics, recording devices, and labeling procedures, its generalizability
across data from other hospitals is still limited. Therefore, this thesis examines
whether some domain generalization methods are useful for improving the cross-
hospital generalizability of ECG classification models.
The thesis investigates two domain generalization methods: multi-source domain-
adversarial training (DANN) and MixStyle. Both of them are implemented inside
an SE-ResNet model architecture. The models are trained, validated, and tested
on a multi-source dataset comprising five publicly available ECG data sources. The
macro-averaged area under the ROC curve (AUROC) serves as an evaluation metric
of the performance of the models on unseen domains.
According to the results of the experiments, the DANN-based model modestly out-
performs the baseline model in several cases, particularly when the CPSC and CPSC-
Extra and the SPH domains are used as test sets. On the other hand, the MixStyle-
based model does not produce improved generalization results. Additionally, the
results suggest that standard hyperparameter selection using the validation set may
not work well for domain generalization in this context because validation sets do
not contain data from unseen domains.
Overall, the results of this thesis show how complex the domain generalization prob-
lem in ECG classification is. Apart from that, they demonstrate that, even though
multi-source domain-adversarial training (DANN) might be useful for improving the
generalization performance of deep learning models in the context of ECG classifi-
cation, it is not a standalone solution. Thorough future work, including the usage of
other domain generalization methods and data from new domains, should be done
on this topic.

Keywords: ECG, classification, multi-source, deep learning, domain generalization,
cross-hospital, domain-adversarial neural networks (DANN), MixStyle
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1 Introduction

An electrocardiogram, or ECG (sometimes also called an EKG), is a simple non-

invasive test, which is used for recording the electrical activity of the heart [1]. In

other words, an ECG is essentially the recording of any electrical changes that take

place inside the heart during a cardiac cycle [2]. It is done by placing electrodes

on the body. The ECG was invented in 1902 by a Dutch physician named William

Einthoven [3]. Knowing how the ECG works and what it means helps to understand

the functioning of the heart. Figure 1.1 illustrates a typical normal ECG.

The ECG is produced by the electrocardiograph, which refers to a machine that

detects and picks up the electrical signals generated by the heart muscle during a

contraction and relaxation cycle. The main principle of how the electrocardiograph

operates is that a muscle, which contracts, produces a small electric current that can

be detected and quantified via electrodes suitably positioned on the body. These

electrodes are attached to the patient’s skin through the use of a special jelly. When

Figure 1.1: Illustration of a normal ECG. Adapted from Online Biology Notes [2]
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the patient is in a supine and resting position in the medical chair, the electrodes are

positioned on the legs, arms, and six different places on the chest above the heart

region. Each electrode picks up the electric current and sends it to an amplifier inside

the electrocardiograph, which subsequently amplifies the current and captures it as

a wavy line on paper. In the electrocardiograph, there is a sensitive lever that tracks

changes in current on a moving piece of paper. Sometimes, there can also be an

oscilloscope, connected to a contemporary electrocardiograph, that is used to display

the electric current on a screen [2].

An ECG lead is a visual description of the heart’s electrical activity that is

produced by reading several electrodes. Hence, each ECG lead is obtained via the

analysis of the electrical currents recorded by several electrodes. There are a lot of

ECG lead systems that have been tested and used, but the 12-lead ECG is the stan-

dard configuration that remains the most widely used and the most significant one.

Indeed, the 12-lead ECG system has been shown to provide excellent possibilities

for cardiac abnormality and condition diagnosis, as well as a thorough assessment of

the heart’s function. The 12-lead ECG displays 12 leads that are generated through

the use of 10 electrodes. It consists of three regular limb leads (I, II, and III), three

augmented limb leads (aVR, aVL, aVF), and six chest (precordial) leads (V1-V6)

[1].

The ECG has been a very important tool in healthcare. It is regarded as one

of the most widely used medical tools, with around 200 million recordings captured

annually worldwide [4]. There are plenty of different purposes and applications for

which the ECG is used. One of the earliest clinical applications of the ECG was

its ability to detect acute myocardial injury [5]. This application made it easier

for clinicians to distinguish between non-cardiac chest pain mimickers and actual

cardiac chest pain. Currently, one of the most common clinical ECG applications

is arrhythmia detection [6]. Apart from that, there are other clinical utilities of the
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ECG that include, but are not limited to, the detection of tachycardia, bradycardia,

heart failure, congenital heart disease, and rheumatic heart disease [3]. There are

many other cardiac abnormalities and cardiovascular diseases (CVD) affecting heart

function that the ECG is able to detect and help prevent. The ECG is also used for

the assessment of heart valve integrity, coronary blood flow, and metabolic disorders,

as well as monitoring of some cardiac medications [3]. Moreover, the ECG can be

found in the field of sports, where it is used in a physical exam to detect or rule out

the presence of cardiomyopathy [7]. These examples are just a few of the many ECG

applications. Overall, the ECG’s broad use and powerful diagnostic capabilities in

healthcare are made possible by its quick, non-invasive, and affordable nature [6].

1.1 Usage of Artificial Intelligence in ECG Analysis

Recently, Artificial Intelligence (AI) has been widely used in ECG analysis. AI

models are being developed and utilized for many ECG analysis tasks, including the

identification of ECG diagnoses and the forecast of different health disorders [8]. In

particular, Deep Learning (DL), which is a branch of Machine Learning (ML) that

uses multi-layered neural networks to imitate the learning process of the human

brain, has been effectively utilized for the detection and classification of arrhythmia

and other cardiac abnormalities, proving to perform better than average cardiol-

ogists [9] and even traditional ML methods [10]. These DL models decrease the

need for manual ECG assessment and facilitate early detection of cardiac diseases.

Recent studies and experiments have shown that DL models not only can interpret

ECG automatically, but also extract and analyze raw data, making it possible to

provide information that is not visible to the human eye and therefore beyond classic

interpretation [11].

Deep Learning (DL) models are able to extract and analyze the information in

ECG time series, and this can be used for enhancing the detection and classifi-
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cation of cardiac diseases. These abilities have substantially advanced because of

rapid developments in DL models and higher computational power and speed [10].

Some DL methods remove the necessity for manual feature selection and extraction,

thus enabling automated feature selection and improved performance [12]. More-

over, DL models are able to comprehend and differentiate the different types of

arrhythmia due to their intrinsic capabilities of detecting and interpreting temporal

fluctuations in ECG signals [13]. Additionally, some of the DL algorithms, includ-

ing Recurrent Neural Networks (RNNs), Convolutional Neural Networks (CNNs),

and Transformers, are capable of comprehending both long-term anomalies across

multiple heartbeats and short-term patterns inside individual heartbeats [14]. This

property makes it possible for DL models to identify disorders like atrial fibrillation

and premature ventricular contraction, which rely on single heartbeats and may

need pattern recognition spanning multiple heartbeats [15].

1.2 Challenges in Cross-Hospital Generalizability of

Deep Learning Models in ECG Classification

Despite the many benefits that AI models have to offer for healthcare, there are still

several challenges in terms of widespread adoption and incorporation into medical

procedures. Some of these challenges include data bias, restricted data access, and

regulatory issues [16]. Despite these challenges, considerable advancements have

been achieved in developing automated models for ECG classification [10]. However,

there are still challenges related to model generalizability that AI, and in particular,

deep learning models, face nowadays [17].

Model generalizability concerns exist mainly due to the fact that, in practice,

test data is sometimes collected from another source, e.g., a different hospital, so

both the training and test data come from different distributions [18]. In this case,
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ECG classifiers trained on single-source data do not work because they produce

overly optimistic results and raise unreasonable expectations [19]. One possible way

to address such problems is to adopt multi-source data, which corresponds to the

data that is gathered from multiple sources, such as several hospitals. The ability

of a model to generalize may be reduced if it is trained on data from a single source,

which may limit the model’s exposure to the variability present in broader patient

populations. Therefore, it is important to train models on diverse data sources to

improve model generalizability across various domains, e.g., hospitals [20].

There are many studies on this that have been carried out in recent years. How-

ever, they all showed that these diagnostic deep learning models trained on multi-

source hospital data still suffer from a severe performance drop when deployed to

data from new data sources that were not used in the training and validation phases.

In other words, these models fail to generalize to new, unseen hospitals, and using

multi-source data for training is not enough for improving cross-hospital generaliz-

ability.

There are many reasons why deep learning models encounter challenges in achiev-

ing cross-hospital generalizability. First, each hospital corresponds to a distinct

data source, and there is a distribution discrepancy between these sources. This

discrepancy happens because different healthcare settings employ diverse record-

ing protocols and devices with varying characteristics, including different sampling

frequencies and signal gains [21]. Furthermore, different hospitals vary in terms

of population differences, such as different demographics and health conditions [22].

Apart from that, different healthcare settings sometimes vary in terms of unobserved

confounders and deployment environments [18]. Finally, hospitals may differ from

each other in terms of distribution drifts over time, which means that there could

be modifications to clinical procedures and changing diagnostic guidelines [23].
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1.3 Importance of Addressing Domain Shift Issues

in ECG Classification

Addressing these domain shift issues in clinical use, including ECG classification, is

important to ensure that deep learning models provide reliable, accurate, and clini-

cally applicable results across diverse hospitals and healthcare settings. Nowadays,

deep learning models used in clinical settings should be generalizable to different

hospitals because, most of the time, data from many hospitals is not available for

training, so there is a need for models trained on data from other data sources.

The generalizability of deep learning models has the potential to make them more

robust, and thus, more accepted and effective in real-world clinical scenarios.

As discussed earlier, to improve the generalizability of diagnostic deep learning

models in clinical settings, it is important to incorporate data from multiple hospitals

into training. However, as discussed in Section 1.2, using data from multiple sources

is not enough. There is still a drop in model performance when they are tested on

data from unseen, new hospitals. A number of studies have suggested that this issue

can, to an extent, be mitigated using the so-called multi-source domain-adversarial

training (DANN). Hence, this thesis explores this technique in detail and implements

and tests it on an ECG-classification task.

1.4 Thesis Aim and Research Questions

The aim of this thesis is to improve the cross-hospital generalizability of deep

learning models used for electrocardiogram (ECG) classification. The study draws

on previous research and model architectures, particularly the SE-ResNet model

originally proposed by Zhao et al. [24] and later refactored and applied by Leinonen

et al. [16], and makes use of publicly available benchmark ECG datasets. Within

the current model architecture, two different domain generalization methods are ex-
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plored and implemented: multi-source domain-adversarial training (DANN), which

encourages the model to learn domain-invariant feature representations by adversari-

ally aligning feature distributions across multiple source domains [25], and MixStyle,

a data augmentation method that improves robustness by randomly mixing feature

statistics (means and variances) across training samples to simulate unseen domains

during training [26].

The performance of the baseline and the adapted models is then evaluated and

compared to determine how well these generalization strategies aid the models’

performance when applied to data from unseen domains (hospitals).

The study mainly focuses on multi-source domain-adversarial training (DANN)

for improving the model’s generalizability, since this method has been widely ad-

vertised by many studies. The MixStyle method is of secondary interest, and it

is implemented and tested to provide some comparison to multi-source domain-

adversarial training (DANN).

Overall, the thesis is guided by the following research questions:

1. Are domain generalization methods from recent literature, such as multi-source

domain-adversarial training (DANN) and MixStyle, promising for improving

generalizability in ECG classification?

2. To what extent do these domain generalization techniques improve the perfor-

mance of deep learning models when evaluated on data from previously unseen

sources?

3. How do factors such as the amount of training data and hyperparameter set-

tings influence the effectiveness of these generalization methods?

1.5 Thesis Contents

The remaining chapters of the thesis are organized as follows:
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Chapter 2 reviews relevant literature on deep learning for ECG classification

and domain generalization methods, such as multi-source domain-adversarial train-

ing (DANN) and MixStyle. Chapter 3 presents the materials and methods used

in this study, including the datasets, model architectures, model evaluation mea-

sures, and experimental setup. Chapter 4 presents the results of the experiments

and compares the performance of the baseline and adapted models. Chapter 5

provides a discussion of the findings, their implications, limitations, comparison to

previous work, critical analysis, and future directions. Finally, Chapter 6 concludes

the thesis by summarizing the main findings.



2 Related Work

This chapter explores some previous work that is related to the thesis aim. In the

first subchapter, there is a detailed overview of existing deep learning models for

ECG classification, what results they produced, their performances on single-source

and multi-source data, their challenges with testing on data from new hospitals,

etc. The second subchapter contains a review of works that used a few identified

promising approaches for domain generalization, their results, and the comparison

of their performance with that of the baseline model.

The second subchapter intends to answer the first research question, which

is: "Are domain generalization methods from recent literature, such as multi-source

domain-adversarial training (DANN) and MixStyle, promising for improving gener-

alizability in ECG classification?"

2.1 Overview of Existing Deep Learning Models for

ECG Classification

This subchapter presents related work on the use of deep learning models for ECG

classification when tested on both single-source and multi-source data. In order to

find relevant studies, a literature search was carried out in May 2024 using Google

Scholar, IEEE Xplore, PubMed, and Web of Science. The following search strings

were used: "deep learning" AND "ECG classification", "ECG classification" AND
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"deep learning" AND "multi-source", "ECG classification" AND "deep learning"

AND "single-source", "multi-source training" AND "single-source training" AND

"ECG", and "deep learning" AND "ECG classification" AND "domain shift". The

review was limited to peer-reviewed journal and conference papers published be-

tween 2017 and 2024. The selection of studies was based on their relevance to ECG

classification across single and multiple data sources.

2.1.1 Models Trained on Single-Source Data

High Performance of Deep Learning Models on Single-Source Data

There have been many studies on the use of deep learning models in ECG classi-

fication. Many well-known deep learning architectures have been successfully used

in these studies. For example, in 2019, Hannun et al. [27] developed a deep neu-

ral network (DNN) to classify 12 ECG rhythm classes using a novel ECG dataset

that they constructed themselves. This dataset contained 91,232 ECG records from

53,549 patients. In the end, the model attained an average area under the receiver

operating characteristic curve (AUROC) of 0.97. What is more, the model achieved

an average F1 score, corresponding to the harmonic mean of precision (positive pre-

dictive value) and recall (sensitivity) [28], of 0.837, which is greater than the score

of average cardiologists (0.780).

Similarly, in 2017, Zhang et al. [29] proposed and used a patient-specific elec-

trocardiogram (ECG) classification algorithm based on recurrent neural networks

(RNNs). The algorithm resulted in an average accuracy of 99.40%. The study used

data from the MIT-BIH Arrhythmia database, which comprises ECG recordings

collected from a population of patients at Boston’s Beth Israel Hospital [30]. The

same data was used by Ö. Yildirim [31] in 2018 when he implemented an algorithm

based on bidirectional long-short-term memory networks (LSTMs), resulting in an

accuracy of 99.39%. In addition, Xia et al. [32], in 2017, proposed and explored deep
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convolutional neural networks (DCNNs) for automatic detection of atrial fibrillation,

achieving an accuracy of 98.63%.

There are many other similar studies using different deep learning models that

have shown superior performance. Ansari et al. [10] made an overview of the

progress of deep learning for ECG arrhythmia detection and classification for the

period 2017-2023. They analyzed many different deep learning models and con-

cluded that many of them perform great in ECG classification. Table A.1 from

Appendix A shows an overview of different deep learning models for the detection

and classification of ECG arrhythmias by Ansari et al. [10]. Most of these models

demonstrate high values for accuracy, sensitivity, and specificity.

Limitations of Single-Source Training for Generalization

However, these models have been trained on data from only one hospital, so they

are not useful for improving cross-hospital generalizability of deep learning models

in ECG classification. When a deep learning model is trained on data from only one

hospital, its performance substantially drops when it is tested on data from another

hospital.

There are several studies that empirically demonstrate a big performance drop

when, in the context of ECG classification, a deep learning model trained on data

from one source is tested on data from a new, unseen source. For example, in

2023, Avetisyan et al. [33] trained a DenseNet model from the family of CNNs on

two datasets - TIS (private) and PTB-XL (public). These datasets represent two

different data sources. When the model was trained and tested on the TIS dataset,

the F2-score was 0.917 when predicting the presence of atrial fibrillation. However,

when the model was trained on the PTB-Xl dataset and tested on the TIS dataset,

the F2-score dropped to 0.832. Similarly, when predicting the presence of left bundle

branch block, the model trained and tested on the PTB-XL dataset yielded an F2-
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score value of 0.762, while the model trained on the TIS dataset and tested on the

PTB-XL dataset yielded an F2-score value of 0.599. The F2 score is defined as the

harmonic mean of precision and recall, where recall is given twice as much weight

as precision [34].

As discussed before, to address the problem of performance drop when testing

on data from a new hospital or source, there have been some studies that used

multi-source data for training ECG classification models. For example, Leinonen

et al. [16] conducted an empirical study to investigate multi-source cross-validation

methods in clinical ECG classification.

2.1.2 Models Trained on Multi-Source Data

Improved Evaluation with Leave-Source-Out Cross-Validation

In their study, Leinonen et al. [16] fetched ECG data from 5 different data sources

and used 4 of them for training several deep learning and machine learning models,

and then testing these models on the fifth data source. Also, in their study, apart

from using multi-source data, Leinonen et al. [16] used the so-called leave-source-out

cross-validation method when evaluating the accuracy of deep learning and machine

learning models used for ECG classification tasks. This was done to obtain a more

comprehensive and realistic evaluation of DL and ML-based ECG classifiers on a

new, unseen data source and of the overall generalizability of the model. In the

leave-source-out cross-validation method, in contrast to the standard K-fold cross-

validation method, each fold contains data from a distinct data source or domain

[16].

As a result, Leinonen et al. [16] demonstrated that leave-source-out cross-

validation produces performance estimates that are more reliable and almost bias-

free, while "K-fold cross-validation systemically overestimates prediction perfor-

mance when the end goal is to generalize to new sources" [16].
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Figure 2.1: AUROC (± SD) scores for the 4-fold cross-validation, the leave-source-
out cross-validation, and the test results per test source by the ResNet model, from
the study by Leinonen et al. [16]. Adapted from Leinonen et al. [16]

Leinonen et al. [16] used two deep learning models, namely a residual neural

network (ResNet) architecture with additional squeeze and excitation (SE) blocks

and a wide and deep transformer neural network, and two traditional machine learn-

ing models, namely a logistic regression (LR) model and a XGBoost model. The

ResNet model resulted in a better performance on average compared to the other

models across all data sources as test sets. Figure 2.1 shows the resulting macro-

averaged and micro-averaged areas under the ROC curve (AUROC) for the 4-fold

cross-validation, the leave-source-out cross-validation, and the test results per test

source by the ResNet model. The areas under the ROC curve (AUROC), including

both the micro-averaged and macro-averaged ones, are explained in detail in Section

3.5.

ResNet Performance and Generalization Gap

From the figure, it can be seen that, with the exception of the SPH dataset, the

leave-source-out cross-validation estimates seem to better match the test results

than 4-fold CV estimates from any other test source, meaning that the results from

the leave-source-out cross-validation are more reliable than those from the K-fold
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cross-validation when it comes to the cross-hospital generalizability of the model.

The performance of the 4-fold cross-validation is overly optimistic, so it can be

comparable to the performance of the model when it is tested on data from a data

source that was used during the training and validation phases. In contrast, the

leave-source-out cross-validation and the test results indicate the performance of

the model when it is tested on data from an unseen data source that was not used

during training and validation. Hence, from the results by Leinonen et al. [16], it

can be seen that the performance of the ResNet model drops considerably when

tested on data from sources that were not used during the training and validation

phases. For example, when the CPSC and CPSC-Extra dataset is used as the test

set, the model’s macro-AUROC is 0.89, but when the 4-fold cross-validation is used,

the value is 0.97, showing a huge generalization gap when testing the model on a

new data source.

Findings from Other Multi-Source Studies

There are some other studies that have made similar observations about poor gener-

alization to new sources in ECG classification. For example, Han et al. [35], similar

to Leinonen et al. [16], used multi-source data and leave-source-out cross-validation

to assess the generalization performance of a deep learning model for 12-lead ECG

classification. For performance evaluation, they used the so-called Challenge Metric,

which is a task-specific evaluation metric introduced in the PhysioNet/Computing

in Cardiology Challenge 2021 [36]. This metric gives full credit for correct diagnoses,

while for clinically similar misdiagnoses, it gives partial credits. It is calculated using

a weighted confusion matrix A = [aij], in which the clinical similarity across classes

is encoded by a domain-specific matrix W = [wij] that weights each entry [36]. The

overall unnormalized score is:
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s =
∑︂
i,j

wij × aij (2.1)

This score is standardized to range from 0 to 1, where 1 denotes perfect classi-

fication and 0 corresponds to a simple classifier that always predicts the "normal"

class [36].

Even though the resulting value of the Challenge Metric of their proposed deep

learning model, tested on a new source, was higher than that of a baseline model

(0.483 > 0.384), it was still very low. Thus, this study also showed huge gener-

alizability problems of deep learning models in ECG classification, despite using

multi-source data.

Similarly, A. Ballas and C. Diou [37] also observed significant performance degra-

dation when deep learning models trained on certain hospital datasets were tested

on unseen hospital data. In their study, A. Ballas and C. Diou [37] demonstrated

the distributional shift found in the ECG database, which comes from different

sources, by experimentally showing the performance decline of trained models when

evaluated on data from unseen domains. As expected, their model yielded a weaker

performance on an unseen domain than on a seen one. For instance, when predicting

the presence of left axis deviation, the model had an F1-score value of 0.79 when

tested on a seen domain compared to a value of only 0.40 when tested on an unseen

domain.

Need for Further Domain Generalization Research

Thus, as supported by the results of Leinonen et al. [16], Han et al. [35], and

A. Ballas and C. Diou [37], it is important to explore, implement, and test some

methods for enhancing the domain generalization of deep learning models. Because

of its superior results and code availability, the ResNet model of Leinonen et al. [16]

is used as the baseline model for this thesis, and multi-source domain-adversarial
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training (DANN) and MixStyle are implemented in that model. The thesis uses the

same data that was used by Leinonen et al. [16] due to its availability and relevance

to the aims of the thesis.

2.2 Overview of Studies That Used Domain Gener-

alization Methods

This subchapter presents related work on domain generalization in ECG classifi-

cation with an emphasis on the two methods assessed in this thesis: multi-source

domain-adversarial training (DANN) and MixStyle.

Selection and Rationale for Methods Assessed in This Thesis

These two methods were selected because they represent two fundamentally distinct

and complementary approaches to domain generalization: multi-source domain-

adversarial training (DANN) uses gradient-based learning to align feature distribu-

tions across domains [25], whereas the MixStyle technique uses a data augmentation

mechanism to simulate domain shift directly in the feature space [26]. Both these

approaches have demonstrated promising results in biomedical and image domains.

Moreover, their compatibility with existing architectures, code availability, and ease

of use make them appropriate starting points for implementation in the context of

ECG classification. Even though there are many alternative domain generalization

techniques, this study focuses on multi-source domain-adversarial training (DANN)

and MixStyle as representative baselines for two common methodological paradigms.

Literature Search Strategy and Scope

In order to find relevant studies, a literature search was carried out in May 2024 using

Google Scholar, IEEE Xplore, PubMed, and Web of Science. The following search
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strings were used: “domain generalization” AND ECG, “domain adversarial neu-

ral networks” AND ECG, "domain shift" AND ECG classification, "cross-hospital

generalization" AND ECG, and “MixStyle” AND ECG. The review was limited to

peer-reviewed journal and conference papers published between 2017 and 2024. The

selection of studies was based on their relevance to ECG classification across multiple

data sources or hospitals using the two domain generalization methods: multi-source

domain-adversarial training (DANN) and MixStyle.

Findings on Multi-Source Domain-Adversarial Training (DANN)

As of May 2024, this literature search returned only two highly relevant peer-

reviewed studies focusing on multi-source domain-adversarial training (DANN) for

ECG classification. This is consistent with what A. Ballas and C. Diou [37] said

about the availability of studies with this focus. These two studies are by Hasani et

al. [38] and Shang et al. [39]. They are explored in detail in this thesis (See Section

2.2.1).

Some other studies have been found on multi-source domain-adversarial training

(DANN) that are only somewhat relevant to the thesis. Some of them are on the

use of this technique on applications other than ECG. For instance, in 2021, Lin et

al. [40] used multi-source domain-adversarial training (DANN) for domain general-

ization in the context of person re-identification. Some of the studies explored this

technique on applications involving ECG, but not ECG classification. For example,

in 2024, Wang et al. [41] used multi-source domain-adversarial training (DANN)

to improve generalization in ECG-based cognitive load estimation. However, these

studies are not highly relevant to the thesis since they do not explore multi-source

domain-adversarial training (DANN) for domain generalization in the context of

ECG classification, so they are not investigated in detail in this thesis. Further-

more, there are some studies that explore multi-source domain-adversarial training
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(DANN) for domain adaptation in ECG classification, e.g., a study by Niu et al.

[42]. However, these studies are not relevant to the thesis since domain adaptation

is different from domain generalization.

Nevertheless, there are studies that explore the theoretical framework behind

multi-source domain-adversarial training (DANN), and are useful for the thesis be-

cause of the theory and even source code that they provide. They include Y. Ganin

and V. Lempitsky [43], Ganin et al. [25], M. H. Zonoozi and V. Seydi [44], Ajakan

et al. [45], and Rangwani et al. [46]. These studies cover the entire theory behind

multi-source domain-adversarial training (DANN) in great detail, so they are used

to support the methodology of this technique (see Section 3.4.2).

Findings on MixStyle

Similarly, the literature search returned only one published study on using MixStyle

for ECG generalization, conducted by Yang et al [47]. It is explored in detail in this

thesis (See Section 2.2.2).

Some other studies have been found on MixStyle that are only somewhat relevant

to the thesis. Some of them are on the use of this method on applications other

than ECG. For example, in 2024, Xiao et al. [48] used MixStyle to improve domain

generalization in the context of sound event detection. However, these studies are

not highly relevant to the thesis since they do not explore the MixStyle method

for domain generalization in the context of ECG classification, so they are not

investigated in detail in this thesis.

Nevertheless, there is a paper by Zhou et al. [26] that originally introduces

MixStyle for domain generalization. The study by Yang et al. [47] uses the MixStyle

method based on this paper, which covers the entire theory behind MixStyle in great

detail. Therefore, it is used to support the methodology of this technique (see Section

3.4.3).
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2.2.1 Studies on Multi-Source Domain-Adversarial Training

(DANN)

This subsection explores the two highly relevant studies on using multi-source domain-

adversarial training (DANN) for ECG classification that were found from the liter-

ature search.

First Study - Hasani et al. (2020)

The first study, by Hasani et al. [38], aimed at designing a multi-source do-

main generalization model in order to solve the heartbeat classification problem and

tackle the problem of distribution discrepancy that arises when data is gathered

from multiple sources with different acquisition settings. The study was part of the

PhysioNet/Computing in Cardiology Challenge 2020 [49]. The authors combined a

convolutional neural network (CNN) and a long-short-term memory (LSTM) net-

work and utilized them for feature extraction. Then, they integrated the adversarial

domain generalization method into the model.

The study used the CPSC, CPSC-Extra [50], PTB-XL [51], and G12EC [30]

datasets, which were also used by Leinonen et al. [16], to assess the effectiveness of

the adversarial domain generalization method in ECG classification by treating the

datasets as different domains and evaluating the model performance in a leave-one-

out manner. Specifically, training was conducted on three domains, and the fourth

domain was used as a test set, and then four different outcomes were averaged. As a

result, the model without domain generalization achieved a Challenge Metric score

of 0.343, while the domain generalization improved the performance of the model,

which achieved a Challenge Metric score of 0.352 [38].
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Second Study - Shang et al. (2021)

In the second study, by Shang et al. [39], the authors had a goal of training a

domain-invariant model "to classify cardiac abnormalities from ECGs and evaluate

the diagnostic potential of reduced-lead ECGs". The study was part of the Phys-

ioNet/Computing in Cardiology Challenge 2021 [36]. In the study, the authors used

a SE-ResNet model and implemented a domain-adversarial feature-learning scheme

into the model. This domain-adversarial feature-learning scheme included a gradient

reversal layer for the purpose of learning domain-invariant features.

The resulting domain-invariant model was trained on five datasets, including

CPSC, CPSC-Extra [50], PTB [52], PTB-XL [51], and G12EC [30], and then locally

validated on the unseen Ningbo [53] dataset. Apart from that, the baseline SE-

ResNet model was trained on the same datasets in order to compare its performance

with that of the modified model. As a result, when validating on the held-out

dataset, the domain generalization method yielded a better performance than the

baseline model. Table 2.1 shows the resulting Challenge Metric [36] scores for the

baseline model (B) and the domain-invariant model (D) for different ECG leads.

Both models were validated on data from a seen and an unseen domain. According

to the table, it can be seen that the performances of both models experience a

considerable drop when tested on the data from the unseen domain. However, the

domain generalization model performs slightly better on the unseen domain than

the baseline model, suggesting that this multi-source domain-adversarial training

(DANN) may help enhance the model’s generalizability [39]. In addition, from the

table, it can be seen that the domain-adversarial method worsens the performance

of the model when it is tested on data from a seen domain that was used during

training.
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Table 2.1: "Challenge Metric scores for the baseline and domain-invariant models
for data in the seen (average 5-fold cross-validation of training data from CPSC,
CPSC-Extra, PTB, PTB-XL, and G12EC) and unseen (Ningbo dataset) domains.
B: baseline model. D: domain-invariant model" [39]. Created by Shang et al. [39]

Summary and Implementation Strategy

Overall, these two studies by Hasani et al. [38] and Shang et al. [39] show that

multi-source domain-adversarial training (DANN) improves the generalization per-

formance of deep learning models when they are tested on data from an unseen

domain. Models trained with this technique exhibit increased robustness. However,

the differences between the performances of the domain-adversarial generalization

models and the baseline models are only slight. Both the domain-adversarial gen-

eralization model and the baseline model experience a significant performance drop

when tested on data from unseen domains. This suggests that the implementation of

multi-source domain-adversarial training (DANN) is only part of the deep learning

generalizability improvement. There may be some additional challenges that need

to be addressed to achieve robust generalization. Nevertheless, it is worth exploring

these techniques and testing them using the model and the data from the study of

Leinonen et al. [16]. Moreover, the thesis includes multiple experiments by changing

hyperparameters, data portions, test sets, etc. This thorough experimentation with

domain-adversarial generalization models was not done in the studies by Hasani

et al. [38] and Shang et al. [39], and it has the potential to further improve the

generalizability of deep learning models in ECG classification.
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The thesis explores, builds upon, and implements the same methods that Hasani

et al. [38] and Shang et al. [39] implemented. However, both Hasani et al. [38]

and Shang et al. [39] do not provide source codes for their solutions in the articles.

Nonetheless, after extensive research, some code on multi-source domain-adversarial

training (DANN) has been found in an open-source and well-documented library for

transfer learning on GitHub called "Transfer Learning Library". This code is taken

and adapted for the ECG classification task of this thesis. The code 1 and the library

2 are available online.

2.2.2 Studies on MixStyle

This subsection explores the highly relevant study on using MixStyle for improving

the domain generalizability of deep learning models in the context of ECG classifi-

cation found from the literature search.

In 2021, Yang et al. [47] conducted a study to identify cardiac abnormalities from

reduced-lead ECGs using MixStyle for domain generalization. The study was part of

the PhysioNet/Computing in Cardiology Challenge 2021 [36]. The authors presented

and used a Mixed-Domain self-Attention ResNet (MDARsn) model that combined

a Squeeze-and-Excitation ResNet (SERsn) model architecture with MixStyle and

Multi-Head Attention (MHA) layer in order to automatically learn the relationships

between ECG leads and CVDs and make the model generalizable to new domains.

MixStyle has shown promising results in domain generalization with its feature-based

augmentation [47], so the authors decided to use that in their study.

There were five datasets representing five different domains, taken from the Phy-

sioNet/Computing in Cardiology Challenge 2021 [36], that were used in the study.

Three of these datasets were used for training, one for validation, and one for testing.

1https://github.com/thuml/Transfer-Learning-Library/blob/master/examples/
domain_adaptation/image_classification/dann.py

2https://github.com/thuml/Transfer-Learning-Library

https://github.com/thuml/Transfer-Learning-Library/blob/master/examples/domain_adaptation/image_classification/dann.py
https://github.com/thuml/Transfer-Learning-Library/blob/master/examples/domain_adaptation/image_classification/dann.py
https://github.com/thuml/Transfer-Learning-Library


2.2 OVERVIEW OF STUDIES THAT USED DOMAIN GENERALIZATION
METHODS 23

Table 2.2: "Challenge Metric scores for different models testing on the training set,
repeated scoring on the hidden validation set, and one-time scoring on the hidden
test set, as well as the ranking on the hidden test set. M: with MixStyle block; A:
with MHA layer" [47]. Created by Yang et al. [47]

During the validation phase, several hyperparameters were optimized. The authors

compared the performances of three models: a basic SERsn model, a SERsn model

with MixStyle, and a SERsn model with MixStyle and MHA layer. The experiments

were done for several ECG leads. Table 2.2 shows the results of the experiments,

reporting the Challenge Metric [36] score on the training, hidden validation, and

test sets of three models: SERsn, SERsn with MixStyle, and SERsn with MixStyle

and an MHA layer (MDARsn model). According to the table, it can be seen that

the SERsn with MixStyle yields a better performance across all ECG leads on the

hidden validation set than both the basic SERsn and the MDARsn models.

Overall, the results of the study by Yang et al. [47] show that the MixStyle

approach seems to have the potential to improve the generalizability of deep learning

models for ECG classification. The model with MixStyle outperforms the baseline

model when it is tested on the hidden validation set. However, when the model with
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MixStyle is tested on the hidden test set, its performance drops and is similar to the

performance of multi-source domain-adversarial training (DANN). This suggests

that while MixStyle may contribute to improved generalization of deep learning

models for ECG classification, it is not sufficient on its own. There may be some

additional challenges that need to be addressed to achieve robust generalization.

Nevertheless, it is worth exploring the MixStyle method and testing it using the

model and the data from the study of Leinonen et al. [16]. Furthermore, the thesis

conducts a few experiments involving MixStyle that Yang et al. [47] have not done,

so it has the potential to further improve the generalizability of deep learning models

in ECG classification.

The study by Yang et al. [47], like the studies by Hasani et al. [38] and Shang

et al. [39], does not provide a source code for their solution. However, fortunately,

Zhou et al. [26] provide a source code for their study on MixStyle for domain

generalization, and it is taken and adapted for the ECG classification task of this

thesis. The code is available online. 3

3https://github.com/thuml/Transfer-Learning-Library/blob/master/examples/
domain_generalization/image_classification/mixstyle.py

https://github.com/thuml/Transfer-Learning-Library/blob/master/examples/domain_generalization/image_classification/mixstyle.py
https://github.com/thuml/Transfer-Learning-Library/blob/master/examples/domain_generalization/image_classification/mixstyle.py


3 Methodology

This chapter presents a detailed description of all the methods that have been used

in this thesis, including a detailed description of all the datasets used for the analysis.

Moreover, this chapter includes the description and formulation of the baseline deep

learning model, the description of multi-source domain-adversarial training (DANN)

and MixStyle, and the description of the data preprocessing step. Finally, there are

detailed descriptions of the model evaluation step and the experimental setup used

in the study.

3.1 Data Description

There are two publicly available datasets used in this study: data provided by

Shandong Provincial Hospital [54] and data from the George B. Moody PhysioNet

Challenge 2021 [36]. In their study, Leinonen et al. [16] refer to them as SPH

data and CinC data. The CinC data contains data from four different data sources,

namely the Chapman-Shaoxing and Ningbo dataset, the CPSC and CPSC-Extra

dataset, the G12EC dataset, and the PTB and PTB-XL dataset. The SPH data

contains data from only one data source, which is the SPH dataset. Overall, there are

five distinct data sources used in this study, and this multi-source data aligns with

the main aim of the thesis, which is to improve the cross-hospital generalizability of

deep learning models used for electrocardiogram (ECG) classification.

Table 3.1 provides a detailed overview of the study’s five data sources. From
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Table 3.1: An overview of the study’s five data sources, created by Leinonen et al.
[16]

the table, it can be seen that the five data sources comprise data from various

hospitals in different countries, including China, the USA, Germany, and some other

European countries. Overall, the entire dataset consists of more than 113,000 12-

lead ECGs. However, some of the recordings were excluded from the data, so the

final dataset consists of 103,438 12-lead ECGs. Namely, the Chapman-Shaoxing

and Ningbo dataset contains 43,814 recordings, the CPSC and CPSC-Extra dataset

contains 6,110 recordings, the G12EC dataset contains 8,892 recordings, the PTB

and PTB-XL dataset contains 21,348 recordings, and the SPH dataset contains

23,274 recordings.

3.1.1 Data from the George B. Moody PhysioNet Challenge

2021

The CinC data, which was taken from the George B. Moody PhysioNet Challenge

2021 [36], consists of 80,164 12-lead ECGs from multiple databases after the exclu-

sion of some labels that are not of interest in this study. As mentioned earlier, the

CinC data consists of several different data sources.

The first data source, selected by Leinonen et al. [16], corresponds to data

from the China Physiological Signal Challenge (CPSC) [50], which was held in China

in 2018. It contains data from patients that mainly come from China [16]. The data
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source consists of two separate databases merged into one: the CPSC database and

the CPSC-Extra database. The CPSC-Extra database contains data that was not

used during the challenge [50]. Leinonen et al. [16] treat these two databases as

one data source, naming it CPSC and CPSC-Extra. Overall, the CPSC and CPSC-

Extra data source contains data collected from 11 unnamed hospitals in China [16].

Each 12-lead ECG recording lasted for a duration between 6 seconds and 60 seconds

and was sampled at 500 Hz [50].

The second data source is the Physikalisch-Technische Bundesanstalt (PTB),

which contains data from patients that mainly come from Germany and some other

European countries [16]. It also consists of two separate databases, namely the PTB

diagnostic ECG database [52] and the PTB-XL ECG dataset [51]. Just like CPSC

and CPSC-Extra, Leinonen et al. [16] treat the PTB diagnostic ECG database

and the PTB-XL ECG dataset as one data source, naming it PTB and PTB-XL.

Overall, this data source comprises data that comes from two locations: University

Clinic Benjamin Franklin and Physkalisch Technische Bundesantalt [16]. Both of

these hospitals are located in Germany [51], [52]. The 12-lead ECG recordings from

the original PTB database were sampled as 1,000 Hz [52], while the recordings from

the PTB-XL dataset were sampled at 500 Hz [51]. Each 12-lead ECG recording

from both databases lasted for a duration between 10 seconds and 120 seconds [36].

The third data source is the Georgia 12-lead ECG Challenge database (G12EC)

[30], which contains data from patients that mainly come from the USA [16]. Leinonen

et al. [16] refer to it as G12EC. The data source comprises data that comes from the

Emory University Hospital, located in the USA [16]. Each 12-lead ECG recording

lasted for a duration between 5 seconds and 10 seconds and was sampled at 500 Hz

[36].

The final data source of the CinC data is referred to as Chapman-Shaoxing

and Ningbo by Leinonen et al. [16], and it contains data from patients that mainly
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come from China. The data source combines data from Chapman University, the

Shaoxing People’s Hospital database [55], and the Ningbo First Hospital database

[53]. It comprises data that comes from two Chinese hospitals: Shaoxing People’s

Hospital and Ningbo First Hospital [16]. Each 12-lead ECG recording lasted for a

duration of 10 seconds and was sampled at 500 Hz [53], [55].

The CinC data also contained the St. Petersburg INCART 12-lead arrhythmias

database [56], which Leinonen et al. [16] decided to remove from the study because

of significant differences in duration and size from the other sources. More details

on this are contained in the work of Leinonen et al. [16].

In addition to ECGs, most of the recordings contain some demographic informa-

tion, such as age and gender [16]. Table 3.2 illustrates this demographic information

for each data source. From the table, it can be seen that the average age of patients

from all the data sources used in the study is 57.05, which corresponds to middle-

aged adults. Moreover, according to the table, in each data source, there are more

male than female patients, with an average ratio of 56/44. Also, according to Table

3.1, some of the patients might have multiple ECG recordings. More details on this

are contained in the work of Leinonen et al. [16].

3.1.2 Data from Shandong Provincial Hospital

The SPH database corresponds to a database that was collected between 2019 and

2020 at Shandong Provincial Hospital in China [54]. In addition to the four sources

that make up the PhysioNet/CinC challenge 2021 data, Leinonen et al. [16] consider

it as an independent data source, referring to it as SPH. This data source contains

data from patients who mainly come from China. Each 12-lead ECG recording has

a sampling frequency of 500 Hz and a duration between 10 seconds and 60 seconds

[54].

Just like the recordings in the CinC data, the recordings in the SPH data, apart
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Table 3.2: "Demographic information per data source" [16], created by Leinonen et
al. [16]

from ECGs, contain some additional information, including age and gender (Table

3.2). There were also a few patients with multiple recordings, and some identical

and missing recordings. More details on this are contained in the work of Leinonen

et al. [16].

3.2 Classification Labels

3.2.1 Harmonization: Mapping Between Different Labeling

Standards

The CinC data and the SPH dataset follow different standards for ECG label-

ing. The CinC data uses Systematized Nomenclature of Medicine Clinical Terms

(SNOMED CT) codes, while the SPH dataset is encoded using the American Heart

Association (AHA) standard, as advised by the Heart Rhythm Society, the Amer-

ican College of Cardiology, and the American Heart Association. Since SNOMED

CT codes are different from the AHA standard labeling, Leinonen et al. [16] de-
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Figure 3.1: Number of patient diagnoses for each data source, adapted from Leinonen
et al. [16]

veloped a label mapping in order to translate AHA codes to SNOMED CT. More

details on this are contained in the work of Leinonen et al. [16].

3.2.2 Label Selection

Leinonen et al. [16] comprehensively selected labels for the study, with a total of

17 different cardiac diagnoses selected for ECG classification. As a result of this

selection, the distributions of the diagnosis labels are different between each data

source. Leinonen et al. [16] noted that this label imbalance is useful to the study

since it reflects real-world conditions where data is collected from multiple hospitals,

which differ from each other in terms of data distribution. The labels for these

diagnoses were selected based on several criteria. More details on this are contained

in the work of Leinonen et al. [16].

Figure 3.1 shows the number of patient diagnoses for each data source. From the

figure, it can be seen that, although most ECG recordings have one, two, or three

labels per patient, the number of labels per patient might vary from one to twelve,

depending on the data source. A more detailed description of this is contained in

the work of Leinonen et al. [16].

Establishing a mapping for one of the labels, the sinus rhythm label, between
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AHA statements and SNOMED CT codes needed a different strategy because this

label was not specifically included in AHA statements, but was included in SNOMED

CT codes. More details on this are contained in the work of Leinonen et al. [16].

3.2.3 Description of Diagnoses

In total, in the study, there are 17 different labels that correspond to various cardiac

diagnoses. Here are detailed descriptions of each diagnosis used in the study:

• First Degree Atrioventricular (AV) Block is a disease that affects the

heart’s electrical conduction system, causing electrical impulses to move more

slowly than usual from the cardiac atria to the ventricles via the atrioven-

tricular node (AV node). Although first-degree AV block usually does not

produce any symptoms, it can lead to more serious heart block types like sec-

ond and third-degree AV block. It corresponds to a PR interval greater than

200 milliseconds [57].

• Atrial Fibrillation is a type of cardiac arrhythmia that is characterized by

the heart’s atrial chambers pounding quickly and erratically [58]. Usually, it

begins as brief episodes of abnormal beating that gradually lengthen or become

continuous over time [59].

• Atrial Flutter is a type of cardiac arrhythmia that occurs when the heart’s

upper chambers, or atria, pump extremely quickly due to a short circuit [60].

Most of the time, it is characterized by an abnormal, irregular heart rhythm

that appears suddenly [61].

• Right Bundle Branch Block is an obstruction in the right bundle branch

that causes the heartbeat signal to be delayed and out of sync with the left

bundle branch, resulting in an irregular heartbeat. In contrast to an incomplete
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right bundle branch block, a complete one increases the risk of heart attack

and death [62].

• Incomplete Right Bundle Branch Block is an obstruction in the right

bundle branch that causes the heartbeat signal to be delayed and out of sync

with the left bundle branch, resulting in an irregular heartbeat. In contrast

to a complete right bundle branch block, an incomplete one does not increase

the risk of heart attack and death [62].

• Left Anterior Fascicular Block is an abnormal cardiac condition when

there is an interference with the signal from the heartbeat as it reaches the

left anterior fascicle of the left bundle branch of the heart. As a result, the

left ventricle of the heart contracts later than the right. It usually has no

symptoms [63].

• Left Axis Deviation is an abnormal cardiac condition when the general di-

rection of the electrical impulses as they travel through the heart shifts leftward

beyond the normal range [64]. It can be caused by several potential factors.

Symptoms and treatment of left axis deviation depend on the underlying factor

[65].

• Left Bundle Branch Block is an obstruction of the electrical impulse that

causes the heartbeat, resulting in an abnormal heart rhythm. During the left

bundle branch block, there is either partial or complete blockage of the bundle

branch that delivers the electrical impulse to the left ventricle, so the heart

struggles to pump blood efficiently. If there are any symptoms, the left bundle

branch block may worsen them and accelerate the heart’s decline [66].

• Low QRS Voltages are defined by electrical signals seen on an electrocar-

diogram that are smaller than normal. This means that the peaks of the ECG
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waves are smaller in height when the heart’s electrical activity is less than

normal [67]. Low QRS Voltages may come with various conditions, including

obesity, massive myocardial infarction, etc [68].

• Premature Atrial Contraction is a type of cardiac arrhythmia that is

characterized by extra heartbeats, which start in the upper chambers of the

heart (atria). Usually, they have no symptoms, but sometimes they may feel

like a shock in the chest or a skipped beat, which may cause the person to feel

uneasy [69].

• Right Axis Deviation is an abnormal cardiac condition that occurs when the

heart’s electrical activity shifts to the right, possibly as a result of right bundle

branch block or right ventricular hypertrophy [70]. It is asymptomatic by itself,

and many of the symptoms exhibited by patients with Right Axis Deviation

are linked to its different causes, including lateral myocardial infarction, right

ventricular hypertrophy, etc [71].

• Sinus Rhythm is a cardiac rhythm where the sinus node marks the start of

the cardiac muscle’s depolarization [72]. It is required, but not sufficient, for

the heart’s normal electrical activity. The presence of P waves with a normal

morphology on the electrocardiogram is indicative of a sinus rhythm [73]. In

this case, Sinus Rhythm refers to the Normal Sinus Rhythm, which is generally

regular and describes the distinctive rhythm of the healthy human heart [74].

• Sinus Arrhythmia is a type of normal sinus rhythm, where there is a normal

heart rate variation, in which the heartbeat slightly speeds up and slows down

in response to inhalations and exhalations. This type of arrhythmia is regarded

as normal. Usually, it indicates that the heart is in good health [75].

• Sinus Bradycardia is a type of sinus rhythm, which is slower than usual

(less than 60 beats per minute in an adult) but otherwise normal. Sometimes,
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it can be a symptom of certain cardiac disorders or issues, but it can also

be an indication that a person is in excellent health due to frequent activity

[76]. When it is serious, it can result in symptoms such as lightheadedness,

dizziness, hypotension, vertigo, and syncope [77].

• Sinus Tachycardia is a type of sinus rhythm when the heart rate is faster

than 100 beats per minute [78]. Although sinus tachycardia is a common

reaction to stressors like physical activity, when the heart rate increases to

meet the body’s higher demand for oxygen and energy, it can also be caused

by a cardiac problem [79]. When it is not caused by stress, it can result in

symptoms such as shortness of breath, fatigue, inability to handle exercise,

and palpitations [78].

• T Wave Abnormal refers to an abnormality of a T wave, which is a com-

ponent of an electrocardiogram that represents how the heart’s ventricles re-

polarize (recover) after contracting [80]. In other words, the heart’s recovery

after a heartbeat. When a T wave is abnormal, it means that it does not look

normal on an electrocardiogram. In other words, it might look flattened (-1.0

to 1.0 mm), inverted, symmetrical, biphasic, and peaked [81]. Although these

abnormalities are thought to be quite harmless, physicians use them to direct

treatment [82].

• T Wave Inversion refers to an inversion of a T wave that is deeper than

1.0 mm [81]. T wave inversion means that the T wave is flipped upside down,

whereas the normal T wave points upwards. It is common among young,

healthy people and athletes, but sometimes it can be a manifestation of cardiac

problems, such as myocardial injury [83].
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3.3 Data Preprocessing

Before training, validating, and testing the models on the datasets, some necessary

data preprocessing was performed. The data preprocessing phase was carried out

by following principles similar to those that were used in the study by Zhao et

al. [24]. First, all the ECGs in the datasets were resampled to 250 Hz, and each

recording was adjusted to 4096 time samples (or time points), or around 16 seconds,

in duration. Subsequently, signals longer than 16 seconds were cropped at random.

Shorter signals were extended to the required sample size by applying zero padding

(adding extra zero-valued rows and columns to the input data [84]) to both sides.

The proportion of padding between the sides was selected at random. Then, the

range [0,1] was used to normalize the signal amplitudes. Finally, sex values were

encoded using one-hot encoding, whereas age values were scaled to the interval [0,1]

[16].

3.4 Models

3.4.1 Baseline Model

Overview of the SE-ResNet Baseline Model

The first model used in this study is a baseline model, which is a 12-lead ECG clas-

sification model that was first developed for the George B. Moody PhysioNet/CinC

challenge 2020 by Zhao et al. [24]. The model utilizes an SE-ResNet architecture

to detect various cardiac diagnoses from 12-lead ECG recordings. Figure 3.2 includes

a diagram that illustrates the architecture of this model.

From the diagram of the model architecture, it can be seen that the main input

to the model is a 12-lead ECG signal of the length of 4096 samples. There is also a

secondary input that comprises the age and gender features represented as a vector
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Figure 3.2: The architecture of the baseline SE-ResNet model, adapted from Zhao
et al. [24] and Leinonen et al. [16]
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Figure 3.3: Illustration of the ReLU activation function

of shape (1,3).

Initial Layers

Before ECG classification, the ECG signal undergoes several preprocessing steps.

First, it passes through a single convolutional layer. This layer is responsible for

applying a convolution operation to the ECG signal input [85]. The convolution

operation involves calculating the dot product between the values in the kernel and

the input at each place after sliding a small window, also known as a kernel or filter,

across the input data. This process produces a feature map that represents the

identified features in the input [86]. In the context of the ECG classification task,

the convolutional layer extracts local features from the unprocessed ECG signal.

Then, the extracted features pass through a batch normalization (BN) layer,

which is used to normalize the outputs from the previous layer before transferring

them as the input to the subsequent layer [87]. This is done to make the training

process faster and more stable, via re-centering and re-scaling [88].

The next step involves an activation function that is used to introduce non-

linearity to the network for improved feature learning. The SE-ResNet model in this

study uses the rectified linear unit (ReLU) activation function that uses a simple
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threshold operation, with negative values producing a zero output. As a result,

all positive values remain constant, and all negative values are set to zero in the

convolutional operation’s output. The ReLU activation function is defined by the

following formula: ReLU = max(0, x) [84], [85]. Figure 3.3 illustrates the ReLU

activation function.

After that, the input features pass through a pooling layer, which is used to

downsample their spatial dimensionality and reduce their computational complexity.

The SE-ResNet model uses a max pooling layer, where a window is slid across the

feature map input. For each window, the greatest value is chosen, and therefore

the most prominent feature in each local region is kept [84]. So, in other words, in

the max pooling layer, the spatial dimensionality of the input features is reduced by

retaining the most prominent ones.

Residual Blocks with Squeeze-and-Excitation (SE) Modules

Then, there are 8 residual blocks in the model that are used to enhance the extraction

of features and prevent vanishing gradients [89]. The vanishing gradient problem is

the problem of significantly different gradient magnitudes between earlier and later

layers that arises when neural networks are trained by backpropagation. These

techniques update the weights of neural networks in proportion to their partial

derivative of the loss function [90]. Residual blocks are the fundamental building

blocks of the ResNet (Residual Network) architecture.

In the SE-ResNet model architecture of the study, each residual block consists of

two convolutional layers for additional deep ECG feature extraction, a batch normal-

ization (BN) layer, a ReLU activation function, a dropout layer, and a Squeeze-and-

Excitation (SE) block. The dropout layer is used to prevent overfitting by randomly

deactivating neurons during training [91]. In this model, the dropout layer has a

rate of 0.2 [24]. The squeeze-and-excitation (SE) block is used to suppress less in-
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Figure 3.4: Illustration of the sigmoid activation function

formative feature channels while highlighting the more important ones [92]. In the

context of the study, the SE block is able to give varying degrees of importance to in-

dividual leads, depending on how relevant they are to a particular cardiac diagnosis.

The overall purpose of the SE block in this study is "to model spatial relationships

between the ECG channels" [24].

The SE block itself has four constituents: a global average pooling layer, two fully

connected (FC) layers, a ReLU activation function, a sigmoid activation function,

and a multiplication operation. The squeezing operation of the block involves the

global average pooling layer, which is used to capture channel-wise statistics so that

each channel is squeezed to a single value. The excitation operation, which uses fully

connected (FC) layers to describe the interdependencies across channels in the form

of importance weights, receives the output of the squeezing operations. The ReLU

activation function is again used to introduce non-linearity, whereas the sigmoid

activation is used to scale each channel with the importance weights. The sigmoid

activation function is an S-shaped function that outputs values in the range of 0 to

1 (see Figure 3.4). The multiplication operation is used in a way so that the learned

weights are applied to the feature maps [92].
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Auxiliary Inputs and Final Layers

The vector containing the age and gender feature input is processed in a fully con-

nected (FC) layer and then concatenated with the ECG features, which are ex-

tracted from the residual blocks (RBs). This concatenated feature vector then passes

through another fully connected layer, where the features are assigned to the output

classes. Then, the feature vector passes through a sigmoid activation function, which

is used to produce probability scores for the 17 different labels selected for ECG clas-

sification. The final output is then a vector of probabilities with a shape (17,) that

shows the likelihood of each cardiac diagnosis from the 17 diagnoses selected for the

study.

According to Leinonen et al. [16], all the convolutional layers in the model,

including the first one and those inside the residual blocks, use 64 convolutional

filters. With every additional RB unit, the number of filters doubles. Following the

max pooling layer and the third, fifth, and seventh RBs, the feature dimension is

cut in half. The first convolutional kernel is given a kernel size of 15, whereas the

remaining kernels have a size of 7 [24].

Training Setup and Hyperparameters

Initially, the model had a batch size of 64 and was trained across 50 epochs. The

loss function was selected to be binary cross-entropy loss, and an initial learning

rate of 0.003 for the Adam optimizer was employed.

The binary cross-entropy loss is given by the following formula [93]:

L = − 1

n

n∑︂
i=1

[yi log(pi) + (1− yi) log(1− pi)] (3.1)

where yi is the ground truth label and pi is the predicted probability for an ECG

diagnosis.
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Model Reference Name

In this study, this model is referred to as SE-ResNet Baseline.

3.4.2 Model with Multi-Source Domain-Adversarial Training

(DANN)

Overview of SE-ResNet DANN Model

The second model used in this study is the baseline SE-ResNet model combined with

multi-source domain-adversarial training (DANN). Since this thesis aims to improve

the generalizability of the ECG classification model to new, unseen domains, the Se-

ResNet model in the study utilizes adversarial multi-source domain generalization,

which is based on domain-adversarial neural networks (DANN) by Ganin et al. [25].

The adversarial multi-source domain generalization method should be imple-

mented in such a way that the final classification decisions are based on representa-

tions that are both discriminative for the primary goal (classifying cardiac diagnoses)

and invariant to domain changes [39]. To achieve this, Ganin et al. [43] proposed the

architecture of the domain-adversarial neural network for adversarial multi-source

domain generalization. Figure 3.5 provides an illustration of this architecture.

DANN Architecture Components

As can be seen from the figure, the architecture of the domain-adversarial neural

network for adversarial multi-source domain generalization consists of three main

parts: a feature extractor, a label predictor, and a domain classifier.

The feature extractor and the label predictor are already present in the baseline

SE-ResNet model and were described in Section 3.4.1. The purpose of the domain

classifier is to identify the domain of origin for the data based on the extracted

features by learning domain features from them [43]. So, as input, the model takes
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Figure 3.5: The architecture of the domain-adversarial neural network for adversarial
multi-source domain generalization, adapted from Ganin et al. [25]

ECG signal data, which comes from multiple domains (corresponding to the different

data sources described in Section 3.1. Then, this data proceeds to the feature

extractor (denoted as Gf in Figure 3.5), which consists of the SE-ResNet model

described in Section 3.4.1. The feature extractor processes the ECG signal data and

extracts deep feature representations f . These feature representations subsequently

proceed to both the label predictor Gy and the domain classifier Gd.

The label predictor Gy uses the features f for ECG classification by produc-

ing a class label y denoting different cardiac diagnoses. Also, the label predictor

computes the classification loss Ly, which is then used for optimizing the model by

using backpropagation [43]. Backpropagation is a gradient estimation method that

calculates a loss function’s gradient in relation to the network’s weights using the

chain rule [94]. So, using the loss Ly, the ability of the label predictor Gy to detect

ECG diagnoses iteratively improves. The domain classifier Gd uses the features f
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for domain discrimination by producing a domain label d denoting the prediction

of which domain the sample comes from. The classifier also produces the domain

loss Ld for optimizing the model. So, using the loss Ld, the ability of the domain

classifier Gd to classify domains based on the features iteratively improves [43].

Gradient Reversal Layer and Loss Functions

However, during backpropagation, there is a layer inserted between the feature ex-

tractor Gf and the domain classifier Gd, which is called the gradient reversal layer

(GRL). This layer flips the sign of the gradient, so that the partial derivatives ∂Ld

∂θf

get replaced by −∂Ld

∂θf
. Thereby, this gradient reversal forces the feature extractor

to maintain class-discriminative features while eliminating domain-specific informa-

tion. Thus, domain-invariant features are produced because the gradient reversal

layer makes it hard for the domain classifier to distinguish between different domains

[43].

When it comes to the domain loss Ld, during backpropagation, the domain clas-

sifier tries to minimize it, whereas the feature extractor tries to maximize it, while

minimizing the classification loss Ly, because the gradient for the loss is reversed in

the GRL. This simultaneous maximization of the domain loss Ld and the minimiza-

tion of the classification loss Ly by the feature extractor results in domain-invariant

features. The label predictor also tries to minimize the classification loss Ly [43].

The domain loss Ld is weighted by the hyperparameter λ [39]. This hyperparameter

serves as a trade-off between the classification loss Ly and the domain loss Ld [44].

During the validation phase, it is tweaked and tuned to see which value yields the

best domain generalization ability of the model.

Overall, the total loss function is [38]:

L = Ly + λLd (3.2)
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The classification loss Ly uses the usual binary cross-entropy loss, given in For-

mula 3.1, while the domain loss Ld uses the cross-entropy loss for the domain clas-

sifier, given by the following formula:

L = −
n∑︂

i=1

di log(d̂i) (3.3)

where di is the true domain label and d̂i is the predicted probability for domain

i.

Optimization Challenges and Practical Considerations

The optimization of Domain-Adversarial Neural Networks (DANN) is nontrivial be-

cause of the adversarial component introduced by the gradient reversal layer (GRL),

even if the loss function employed in DANN appears straightforward in formulation:

a weighted sum of classification loss Ly and domain loss Ld. By inverting the do-

main classifier’s gradient signal, the GRL encourages the feature extractor to learn

domain-invariant features. Thus, a min-max dynamic is introduced between the

feature extractor and the domain classifier, similar to what Generative Adversarial

Networks (GANs) [43] exhibit.

Because of this, the optimization does not ensure convergence to a global mini-

mum, and hyperparameters such as λ, learning rate, and architecture depth might

affect stability. According to a number of studies, including Ganin et al. [25], train-

ing DANN models can be unstable or result in poor feature representations if the

domain loss outweighs the task loss, or vice versa. Similarly, Ajakan et al. [45]

stated that feature collapse may result from an inappropriate balance between the

classification loss and domain loss.

Furthermore, according to recent studies, including a study by Rangwani et al.

[46], domain adversarial training may converge to local minima that lead to poor

generalization on the target domain, especially in highly imbalanced datasets, such
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as the data in this study. In order to improve convergence and model performance,

it has been suggested to carefully tune λ and suitably use batch normalization [25],

[43]. This is addressed via hyperparameter tuning in the experiments of the study

(see Section 3.6).

Domain Classifier Architecture

In the architecture of the model in the study, the domain classifier uses two fully

connected (FC) layers with 100 hidden units and ReLU activation.

Model Reference Name

In this study, this model is referred to as SE-ResNet DANN.

3.4.3 Model with MixStyle

Overview of SE-ResNet MixStyle Model

The third model used in this study is the baseline SE-ResNet model combined with

the MixStyle method. This method, proposed by Zhou et al. [26], has shown a

generalization capability with feature-based augmentation [47]. This corresponds to

the thesis’s goal to improve the generalizability of the ECG classification to new,

unseen domains, so the method is implemented in this study.

How MixStyle Achieves Domain Generalization

The MixStyle method improves the model’s ability to generalize to new, unseen

domains by mixing the feature statistics of training instances from several domains.

With MixStyle, domain generalization is attained by perturbing the ECG signals’

feature statistics, creating new feature distributions that broaden the range of train-

ing domains [26]. This is motivated by the finding that feature statistics (mean and
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Figure 3.6: A visual representation of the generation of a reference batch when the
domain labels are known. The domain label is denoted by color. Adapted from
Zhou et al. [26]

standard deviation) rather than raw values frequently contain domain-specific vari-

ability in the data. MixStyle reduces the model’s reliance on domain-specific biases

by efficiently simulating unseen domains during training [47]. In the study, the

domain labels are known, so the MixStyle method here is called cross-domain [26].

MixStyle Transformation Process

The MixStyle method works in the following way. First, when feature represen-

tations are extracted, their instance-level feature statistics, namely the mean and

standard deviation, are computed. Then, given an input batch x of feature in-

stances, a reference batch x̃ is created by shuffling the samples while maintaining

domain separation. In the context of the thesis, the domain labels are given, so x

is sampled from i and j, two distinct domains, as in x = [xi, xj]. The batch size of

xi and xj is the same. Next, by switching the positions of xi and xj, x̃ is obtained.

Each batch is then subjected to a shuffling operation along the batch dimension, so

that x̃ = [Shuffle(xj), Shuffle(xi)] [26]. Figure 3.6 provides a graphical illustration

of the process. After shuffling, the MixStyle transformation takes place, where a

convex combination of the original and shuffled statistics is computed, ensuring a

smooth interpolation between different domain distributions [26].
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The MixStyle transformation is formulated as follows [26], [47]:

βmix = λµ(x) + (1− λ)µ(x̃) (3.4)

γmix = λσ(x) + (1− λ)σ(x̃) (3.5)

where µ and σ are the mean and standard deviation of feature maps, and λ ∈ RB are

instance-wise random weights sampled from the Beta distribution, λ ∼ Beta(α, α)

with α ∈ (0,∞) being a hyperparameter [26]. This hyperparameter controls the

influence of each domain’s statistics and is tweaked and tuned to see which value

yields the best domain generalization ability of the model.

Finally, a mixture of feature statistics is generated:

MixStyle(x, x̃) = γmix ×
x− µ(x)

σ(x)
+ βmix (3.6)

which corresponds to a domain-agnostic feature representation [26], [47].

Implementation Details

In the architecture of the model in the study, MixStyle is applied in the early convo-

lutional layers of SE-ResNet, specifically in the first and second layers, since previous

research has shown that deep neural networks’ early layers are where domain-specific

information is mostly found [47]. It is not applied in the later layers in order to main-

tain discriminative information for ECG classification. The model is trained using

a standard binary cross-entropy loss, just like the baseline model.

Model Reference Name

In this study, this model is referred to as SE-ResNet MixStyle.
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3.5 Model Performance Evaluation

Rationale for Metric Selection

For evaluating the performance of the models in the study, the area under the ROC

curve (AUROC) was used. This metric is used to assess the model’s capacity to

differentiate across classes irrespective of the absolute counts of each class, which

makes it suitable for the study’s imbalanced dataset. Indeed, as Figure 3.1 in Section

3.2.2 shows, the dataset is quite imbalanced due to the highly uneven distribution

of the diagnosis labels.

Understanding the ROC Curve

The concept behind the area under the ROC curve (AUROC) starts with the con-

fusion matrix, which contains TPs, FPs, FNs, and TNs. TPs correspond to true

positives, which denote samples where the model correctly predicted the positive

class. On the other hand, FPs correspond to false positives, which denote samples

where the model incorrectly predicted the positive class. Similarly, FNs correspond

to true negatives, which denote samples where the model incorrectly predicted the

negative class. Finally, TNs correspond to true negatives, which denote samples

where the model correctly predicted the negative class [95]. In this case, the pos-

itive and negative classes simply denote the two possible outcomes that a model

attempts to detect.

These four values, namely TP, FP, FN, and TN, can be used to calculate various

measures for evaluating the model’s performance, including true positive rate (TPR)

and false positive rate (FPR). The true positive rate (also referred to as TPR or

sensitivity) reflects the model’s capacity to accurately identify samples that have

the outcome of interest, such as sick individuals. Below is the formula for TPR [96]:
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TPR =
Number of samples, correctly predicted as having the positive class

Number of actual samples with the positive class

=
TP

TP + FN

(3.7)

The false positive rate (FPR) reflects the model’s tendency to incorrectly classify

negative samples as positive. Below is the formula for FPR [96]:

FPR =
Number of samples, incorrectly predicted as having the positive class

Number of actual samples with the negative class

=
FP

TN + FP
(3.8)

The TPR and FPR metrics are used to build the so-called ROC space, which

illustrates relative trade-offs between TP (benefits) and FP (costs). On the ROC

space, the x-axis corresponds to the FPR, whereas the y-axis corresponds to the

TPR. Each (FPR, TPR) pair is an operating point, which corresponds to a particular

decision threshold (also known as the decision cut-off or classification threshold) [95].

Different (FPR, TPR) pairs are produced by these thresholds, which ultimately

combine to form a continuous curve. This curve is called a ROC (receiver operating

characteristic) curve and is used to illustrate the performance of a binary classifier

[97]. Figure 3.7 illustrates an example of the ROC curve.

Area Under the ROC Curve (AUROC)

The ROC curve can be used to compute the area under the ROC curve (AUROC)

metric, which is an expected classification performance metric that averages over all

the decision thresholds [98]. The range of the values of AUROC is between 0 and 1

since it is calculated in the unit square. The larger the value of AUROC, the better

the solution for the classification problem [99].
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Figure 3.7: An example of the ROC curve, adapted from C. E. Metz [96]

AUROC in Multi-Label ECG Classification

The ECG classification task in this study is a multi-label task since there are 17

labels present in the data (see Section 3.2). Thus, in this case, the ROC curves are

approached by using the one-vs-rest (OvR) perspective, in which, of labels ci, the

label ci is treated as the positive class and all other labels are used as the negative

class [97], where i = 1, ..., n (n = 17 is the total number of labels).

Finally, using all the aforementioned information, the macro-averaged and micro-

averaged AUROC metrics can be computed in the multi-label context of the study.

While the micro-averaged AUROC characterizes a model’s overall discriminative

power across all classes [100], the macro-averaged AUROC provides insight into how

effectively a model generalizes across different classes independently [101]. Macro-

averaging is less sensitive to imbalanced class distributions within the data than

micro-averaging since each class makes an equal contribution to the macro-averaged

result. Therefore, as the study’s dataset is quite imbalanced, only the macro-

averaged AUROC is used here as a metric for model performance evaluation. By

treating each label equally, the macro-averaged AUROC is calculated by averaging

the total of the AUROCs for each label [16]. Here is the formula for the macro-
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averaged AUROC:

AUROCmacro =
1

n

n∑︂
i=1

AUROCi (3.9)

where AUROCi is the AUROC value for the i-th label and n is the total number

of labels (n = 17).

3.6 Description of Experiments

This section presents the experimental design used to evaluate and compare the

performance of three deep learning models for ECG classification: the SE-ResNet

Baseline model, the SE-ResNet DANN model, and the SE-ResNet MixStyle model.

The aim is to investigate the impact of various domain generalization methods, as

well as to assess how hyperparameter settings, dataset size, and test domain selection

influence model generalizability.

Each experiment is designed to answer one or more research questions stated in

Section 1.4. The "Baseline vs. DANN with λ Tuning", "Impact of Test Do-

main Selection", "Tuning DANN for SPH Test Domain", and "MixStyle

vs. DANN and Baseline Comparison" Experiments correspond to the second

research question, which is: "To what extent do these domain generalization tech-

niques improve the performance of deep learning models when evaluated on data

from previously unseen sources?" The "Baseline vs. DANN with λ Tuning",

"Effect of Batch Size on Generalization", "Effect of Learning Rate on

Generalization", "Testing Extreme λ Values", "Tuning DANN for SPH

Test Domain", "Generalization Under Data Scarcity", and "MixStyle vs.

DANN and Baseline Comparison" Experiments correspond to the third re-

search question, which is: "How do factors such as the amount of training data

and hyperparameter settings influence the effectiveness of these generalization meth-
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ods?"

There were many experiments designed and carried out in this study. As there

were five domains (CPSC and CPSC-Extra, PTB and PTB-XL, G12EC, Chapman-

Shaoxing and Ningbo, and SPH) used in the study, it was decided to use one of them

for testing and the other four for training and validation. Initially, the performance

of the SE-ResNet Baseline model was compared mainly to that of the SE-ResNet

DANN model, since the DANN method is of greater importance to the study than

the MixStyle method. The comparison with the SE-ResNet MixStyle model was

used as one of the various experiments.

Since data from four domains was used for both training and validation, it was

decided to use 75% of the data from each domain for training and 25% of the data

from each domain for validation. Initially, it was decided to use CPSC and CPSC-

Extra for testing, and the other four domains for training and validation.

It was also decided to perform data splits by using 25%, 50%, 75%, and 100%

of the data from each domain for both training and validation in order to see the

differences in the performance of the models across different data amounts and the

effect of different amounts on the model performance and domain generalizability.

Table 3.3 shows the resulting numbers of ECG recordings in each domain for training

and validation across these splits. In the table, for simplicity, the PTB and PTB-

XL domain is denoted as PTB, and the Chapman-Shaoxing and Ningbo source is

denoted as Chapman.

In Section 3.4.1, it was mentioned that, initially, the batch size for the baseline

model was 64, the learning rate was 0.003, and the number of epochs was 50. These

hyperparameter values were also used to train the SE-ResNet DANN model and the

SE-ResNet MixStyle model.

All the models in this study were trained and evaluated using CSC’s supercom-

puter Puhti. The source code, containing the code for the three models, as well as
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Different Data Splits
25% of Data 50% of Data 75% of Data 100% of Data

TRAINING:
G12EC: 1668 G12EC: 3314 G12EC: 5004 G12EC: 6672
SPH: 4376 SPH: 8752 SPH: 13128 SPH: 17504
PTB: 4001 PTB: 8003 PTB: 12004 PTB: 16005
Chapman:
8211

Chapman:
16422

Chapman:
24632

Chapman:
32843

VALIDATION:
G12EC: 555 G12EC: 1110 G12EC: 1665 G12EC: 2220
SPH: 1443 SPH: 2885 SPH: 4328 SPH: 5770
PTB: 1336 PTB: 2672 PTB: 4007 PTB: 5343
Chapman:
2743

Chapman:
5486

Chapman:
8228

Chapman:
10971

Table 3.3: Number of ECG recordings in each domain used for training and valida-
tion across different data splits

the code for training and testing them, is freely available online on GitHub. 1

The names and descriptions of each experiment are presented below.

3.6.1 Baseline vs. DANN with λ Tuning

The main purpose of this experiment is to determine whether domain-adversarial

training using the DANN method improves generalization performance over the SE-

ResNet Baseline model.

In this experiment, the performances of the SE-ResNet Baseline and the SE-

ResNet DANN models were compared by testing them on the data from the CPSC

and CPSC-Extra domain using the settings described earlier. The comparison was

done across each data split. Also, hyperparameter selection was performed, and the

optimal value of the hyperparameter λ of the SE-ResNet DANN model was selected

using the validation set. Specifically, several SE-ResNet DANN models with different

values of λ were compared in terms of the performance on the validation set, and the

model with the best performance was chosen for testing and comparison with the

1https://github.com/aituar17/Domain-Generalization-for-ECG-Classification

https://github.com/aituar17/Domain-Generalization-for-ECG-Classification
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SE-ResNet Baseline model. In their study, Shang et al. [39] empirically set 0.05 as

the value for the hyperparameter λ, so it was used in this experiment. Additionally,

0.01, 0.1, 0.3, 0.5, and 1 were chosen as different values of λ for validation and

hyperparameter selection. This range was chosen based on the range of values

between 0.01 and 1, which was used by Ajakan et al. [45] in their study on DANN.

For each data split (25%, 50%, 75%, and 100%), the optimal value of λ was chosen

separately and independently.

3.6.2 Effect of Batch Size on Generalization

The main purpose of this experiment is to investigate how the choice of batch

size affects the model’s ability to generalize to unseen domains and to determine if

larger or smaller batch sizes have an impact on cross-hospital performance in the

context of domain-adversarial training.

In this experiment, for each data split, several SE-ResNet DANN models with

different batch sizes were compared in terms of performance on the validation set,

and the model with the best performance was selected for testing and comparison

with the SE-ResNet Baseline model. In addition to 64, the batch sizes of 16, 32, 128,

and 256 were chosen for this experiment. Furthermore, all these models were evalu-

ated on the test set in order to analyze the effect of the batch size on cross-hospital

generalization. This comparison was conducted solely for illustrative purposes and

not for selecting the final model or tuning hyperparameters.

3.6.3 Effect of Learning Rate on Generalization

The main purpose of this experiment is to investigate how the choice of learning

rate affects the model’s ability to generalize to unseen domains and to determine if

larger or smaller learning rates have an impact on cross-hospital performance in the

context of domain-adversarial training.
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In this experiment, for each data split, several SE-ResNet DANN models with

different learning rates were compared in terms of the performance on the validation

set, and the model with the best performance was selected for testing and comparison

with the SE-ResNet Baseline model. In addition to 0.003, the learning rates of

0.00001, 0.0001, 0.001, 0.01, and 0.1 were chosen for this experiment. Furthermore,

all these models were evaluated on the test set in order to analyze the effect of the

learning rate on cross-hospital generalization. Similar to the "Effect of Batch Size

on Generalization" Experiment, this comparison was done for illustrative purposes

only.

3.6.4 Testing Extreme λ Values

The main purpose of this experiment is to observe the effect of extreme values

of the hyperparameter λ on the model performance and domain generalization.

This experiment aims to validate whether the previously recommended range of

λ ∈ [0.01, 1] holds in the ECG domain generalization context.

The extreme values chosen for this experiment were: 0.001, 5, 10, 50, 100, 500,

and 1000. For each data split, similarly to the "Effect of Batch Size on General-

ization" Experiment, these models were evaluated on the test set for illustrative

purposes.

3.6.5 Impact of Test Domain Selection

The main purpose of this experiment is to assess the SE-ResNet DANN model’s

generalization and robustness when tested on different unseen domains and investi-

gate whether the model’s performance changes based on the domain selected as the

test set.

In this experiment, instead of the CPSC and CPSC-Extra data source, the other

four domains were separately used for testing. Additionally, the performance of the
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SE-ResNet DANN model was compared to that of the SE-ResNet Baseline model

using these different test sets. Different data splits for training and validation sets

were done in a similar fashion to that of Table 3.3. In Appendix A, Table A.2 shows

the number of ECG recordings in each domain for training and validation across

different splits, when the G12EC domain is used as a test set. Similarly, Table A.3

shows the numbers when the SPH domain is used, Table A.4 shows the numbers

when the PTB and PTB-XL domain is used, and Table A.5 shows the numbers

when the Chapman-Shaoxing and Ningbo domain is used as a test set. In these

tables, for simplicity, the CPSC and CPSC-Extra domain is denoted as CPSC. In

this experiment, 0.05 was used as the value of λ for each data split and with each

domain as a test set.

3.6.6 Tuning DANN for SPH Test Domain

The main purpose of this experiment is to investigate if the SE-ResNet DANN

model’s generalization performance may be enhanced even further on the SPH test

domain.

In this experiment, as the SE-ResNet DANN model showed the best performance

using the SPH domain as a test set (see Section 4.5), compared to the other domains,

some additional experimentation was done on the model using SPH as a test set.

In particular, for each data split, several SE-ResNet DANN models with different

values of λ were compared in terms of the performance on the validation set, and

the model with the best performance was chosen for testing and comparison with

the SE-ResNet Baseline model. Similar to the "Baseline vs. DANN with λ Tuning"

Experiment, 0.01, 0.05, 0.1, 0.3, 0.5, and 1 were chosen as different values of λ for

validation.
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3.6.7 Generalization Under Data Scarcity

The main purpose of this experiment is to investigate how extreme data scarcity

affects model performance and domain generalization by training the SE-ResNet

DANN and SE-ResNet Baseline models with only 5% and 10% of the available

data. This experiment aims to examine whether domain generalization methods

remain useful with very limited training data.

Different Data Splits
5% of Data 10% of Data

TRAINING:
G12EC: 334 G12EC: 667
CPSC: 229 CPSC: 458
PTB: 800 PTB: 1600
Chapman:
1642

Chapman:
3284

VALIDATION:
G12EC: 111 G12EC: 222
CPSC: 76 CPSC: 153
PTB: 267 PTB: 534
Chapman: 549 Chapman:

1097

Table 3.4: Number of ECG recordings in each domain used for training and valida-
tion across 5% and 10% data splits, when the SPH domain is used as a test set

In this experiment, in addition to 25%, 50%, 75%, and 100%, the SE-ResNet

DANN and SE-ResNet Baseline models were trained using 5% and 10% of the data

from each domain for both training and validation. It was performed across different

domains used as test sets. A fixed value of 0.05 for λ was used for training. Table

3.4 shows the resulting numbers of ECG recordings in each domain for training and

validation across the 5% and 10% splits when the SPH domain is used as a test set.

In Appendix A, Tables A.6, A.7, A.8, and A.9 show the numbers when the G12EC,

the CPSC and CPSC-Extra, the PTB and PTB-XL, and the Chapman-Shaoxing

and Ningbo domains are used as test sets, respectively.
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3.6.8 MixStyle vs. DANN and Baseline Comparison

The main purpose of this experiment is to determine whether the MixStyle

method improves generalization performance over the SE-ResNet Baseline and SE-

ResNet DANN models.

In this experiment, the SE-ResNet MixStyle model was trained, validated, and

tested, and its performance was compared to those of the SE-ResNet DANN and

SE-ResNet Baseline models. The comparison was done across each data split (25%,

50%, 75%, and 100%) and using the SPH domain as a test set (since Section 4.5

showed that the SE-ResNet DANN model yields the best performance when the SPH

domain is used as a test set). Furthermore, hyperparameter selection was performed.

In other words, several SE-ResNet MixStyle models with different values of the

hyperparameter α were compared in terms of the performance on the validation set,

and the model with the best performance was chosen for testing and comparison

with the SE-ResNet DANN and SE-ResNet Baseline models. In their studies, Yang

et al. [47] and Zhou et al. [26] set 0.1 as the value for α, so it was used in this

experiment. Additionally, 0.2, 0.3, 0.5, and 1 were chosen as different values of α

for validation and hyperparameter selection. For each data split, the optimal value

of α was chosen separately and independently.

During the comparison of the performances of models with different values of

various hyperparameters, in the case of equal values of the macro-averaged AUROC,

the optimal model was selected based on the values of other metrics, e.g., the macro-

averaged precision, the challenge metric, etc.



4 Results

This chapter presents the results of all the experiments stated in Section 3.6 and

some key observations.

4.1 Results of the "Baseline vs. DANN with λ Tun-

ing" Experiment

25% 50% 75% 100%
SE-ResNet
DANN

0.92 0.90 0.91 0.92

SE-ResNet
Baseline

0.91 0.89 0.91 0.90

Table 4.1: Testing results of the "Baseline vs. DANN with λ Tuning" Experiment
across different data splits (macro-averaged AUROC), using λ = 0.05 for training

Table 4.1 shows the resulting values of the macro-averaged AUROC of the "Base-

line vs. DANN with λ Tuning" Experiment, where both the SE-ResNet DANN and

SE-ResNet Baseline models were tested on the CPSC and CPSC-Extra domain

across different data splits (25%, 50%, 75%, 100%). From the table, it can be seen

that, with λ = 0.05 used in the training, the SE-ResNet DANN model outperformed

the SE-ResNet Baseline model in all of the cases, except for 75% of the data, where

the performances of both models are equal. With 25% and 50% of the data, the SE-

ResNet DANN model outperformed the SE-ResNet Baseline model by 0.01, whereas,

with 100% of the data, the difference is 0.02.
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25% 50% 75% 100%
SE-ResNet
DANN

0.91 (λ =
0.01)

0.89 (λ = 1) 0.91 (λ =
0.05)

0.91 (λ = 1)

SE-ResNet
Baseline

0.91 0.89 0.91 0.90

Table 4.2: Testing results of the "Baseline vs. DANN with λ Tuning" Experiment
across different data splits (macro-averaged AUROC), after selecting the optimal
value of λ for each data split

Then, the optimal value of λ was selected for each data split using the validation

set. Table 4.2 shows the resulting test values of the macro-averaged AUROC after

performing the hyperparameter selection. From the table, it can be seen that the

values are the same between both models across all data splits, except 100%, where

the macro-averaged AUROC value of the SE-ResNet DANN model is greater than

that of the SE-ResNet Baseline model (0.91 > 0.90). Overall, the performance of

the SE-ResNet DANN model is worse after doing hyperparameter selection with

the validation set, and the model originally trained with λ = 0.05 (as suggested by

Shang et al. [39]) yields a better performance and outperforms the baseline model in

most cases. Apart from the metric values, the table also shows the resulting values

of the hyperparameter λ of the SE-ResNet DANN model chosen during validation

for each data split. According to the table, the selected values are the same between

50% and 100% (λ = 1), but different otherwise.

Furthermore, from Tables 4.1 and 4.2, it can be seen that there is no trend in the

macro-averaged AUROC values across different data sizes for both models. In other

words, the value of the macro-averaged AUROC does not seem to vary between

different data sizes (25%, 50%, 75%, and 100%).

Table 4.3 shows the validation results of the "Baseline vs. DANN with λ Tuning"

Experiment across different data splits and models, such as the baseline model and

SE-ResNet models with different values of λ. This table was used for the selection

of the optimal value of λ for each data split. From the table, it can be seen that the
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25% 50% 75% 100%
λ = 0.01 0.96 0.96 0.97 0.97
λ = 0.05 0.96 0.96 0.97 0.96
λ = 0.1 0.96 0.96 0.97 0.97
λ = 0.3 0.95 0.96 0.97 0.96
λ = 0.5 0.96 0.96 0.97 0.97
λ = 1 0.96 0.97 0.96 0.97
SE-ResNet
Baseline

0.96 0.97 0.97 0.97

Table 4.3: Validation results of the "Baseline vs. DANN with λ Tuning" Experiment
across different data splits and models (macro-averaged AUROC)

model’s performance on the validation set is much larger than on the test set (see

Table 4.1), indicating the performance drop when testing on an unseen domain.

4.2 Results of the "Effect of Batch Size on Gener-

alization" Experiment

25% 50% 75% 100%
SE-ResNet
DANN

0.90 (batch
size = 128)

0.90 (batch
size = 256)

0.88 (batch
size = 256)

0.91 (batch
size = 256)

SE-ResNet
Baseline

0.91 0.89 0.91 0.90

Table 4.4: Testing results of the "Effect of Batch Size on Generalization" Experiment
across different data splits (macro-averaged AUROC)

Table 4.4 shows the resulting values of the macro-averaged AUROC of the "Effect

of Batch Size on Generalization" Experiment, where the SE-ResNet DANN model

was tested on the CPSC and CPSC-Extra domain and compared to the SE-ResNet

Baseline after selecting the optimal value of the batch size for each data split during

validation. According to the table, 256 is the optimal batch size for the SE-ResNet

DANN model trained on 50%, 75%, and 100% of the data, whereas 128 is optimal

with 25% of the data. Also, from the table, it can be seen that the SE-ResNet

DANN model outperformed the SE-ResNet Baseline model in the case of 50% and
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100% of the data by 0.01, while the opposite happened with 25% and 75% of the

data (by 0.01 and 0.03, respectively). Overall, the performance of the SE-ResNet

DANN model is worse after doing a batch size selection with the validation set, and

the model trained with the original batch size of 64 yields a better performance and

outperforms the baseline model in most cases (see Section 4.1).

Table 4.5 shows the values of the macro-averaged AUROC of the "Effect of

Batch Size on Generalization" Experiment, where several SE-ResNet DANN models,

trained with different batch sizes, were tested on the CPSC and CPSC-Extra domain

across different data splits. This is shown for illustrative purposes only. According

to the table, there does not seem to be any relationship between the batch size and

the test performance of the SE-ResNet DANN model on the unseen domain, since

the performance values are different for each data split.

Batch Size 25% 50% 75% 100%
16 0.90 0.90 0.90 0.91
32 0.91 0.90 0.90 0.89
64 0.92 0.90 0.91 0.92
128 0.90 0.89 0.91 0.91
256 0.89 0.90 0.88 0.91

Table 4.5: Testing results of SE-ResNet DANN models trained with different batch
sizes across different data splits (macro-averaged AUROC). This is shown for illus-
trative purposes only

4.3 Results of the "Effect of Learning Rate on Gen-

eralization" Experiment

Table 4.6 shows the resulting values of the macro-averaged AUROC of the "Effect of

Learning Rate on Generalization" Experiment, where the SE-ResNet DANN model

was tested on the CPSC and CPSC-Extra domain and compared to the SE-ResNet

Baseline after selecting the optimal value of the learning rate for each data split
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25% 50% 75% 100%
SE-ResNet
DANN

0.92 (learning
rate = 0.003)

0.89 (learning
rate = 0.001)

0.91 (learning
rate = 0.001)

0.91 (learning
rate = 0.001)

SE-ResNet
Baseline

0.91 0.89 0.91 0.90

Table 4.6: Testing results of the "Effect of Learning Rate on Generalization" Ex-
periment across different data splits (macro-averaged AUROC)

during validation. According to the table, 0.001 is the optimal learning rate for

the SE-ResNet DANN model trained on 50%, 75%, and 100% of the data, whereas

0.003 is optimal with 25% of the data. Also, from the table, it can be seen that the

SE-ResNet DANN model outperformed the SE-ResNet Baseline model only in the

cases of 25% and 100% by 0.01, while, with the other data sizes, the performances

were the same for both models. Overall, the performance of the SE-ResNet DANN

model is worse after doing a learning rate selection with the validation set, and the

model trained with the original learning rate of 0.003 yields a better performance

and outperforms the baseline model in most cases (see Section 4.1).

Table 4.7 shows the values of the macro-averaged AUROC of the "Effect of

Learning Rate on Generalization" Experiment, where several SE-ResNet DANN

models, trained with different learning rates, were tested on the CPSC and CPSC-

Extra domain across different data splits. This is shown for illustrative purposes

only. According to the table, the test performance on the unseen domain peaks at

the learning rate of around 0.001-0.003 and then drops at 0.1 for all the data splits.

When the values are 0.00001, 0.0001, 0.01, and 0.1, the performance is worse than

when the values are 0.001 and 0.003.
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Learning
Rate

25% 50% 75% 100%

0.00001 0.82 0.89 0.90 0.91
0.0001 0.83 0.89 0.88 0.88
0.001 0.90 0.89 0.91 0.91
0.003 0.92 0.90 0.91 0.92
0.01 0.90 0.87 0.88 0.90
0.1 0.73 0.75 0.77 0.72

Table 4.7: Testing results of SE-ResNet DANN models trained with different learn-
ing rates across different data splits (macro-averaged AUROC). This is shown for
illustrative purposes only

Extreme
value of λ

25% 50% 75% 100%

0.001 0.91 0.88 0.90 0.91
5 0.91 0.89 0.90 0.89
10 0.90 0.89 0.89 0.89
50 0.84 0.89 0.86 0.88
100 0.61 0.87 0.79 0.87
500 0.81 0.72 0.73 0.78
1000 0.89 0.69 0.67 0.60

Table 4.8: Testing results of SE-ResNet DANN models trained with various extreme
values of λ across different data splits (macro-averaged AUROC). This is shown for
illustrative purposes only

4.4 Results of the "Testing Extreme λ Values" Ex-

periment

Table 4.8 shows the values of the macro-averaged AUROC of the "Testing Extreme λ

Values" Experiment, where several SE-ResNet DANN models, trained with different

extreme values of λ, were tested on the CPSC and CPSC-Extra domain across

different data splits. This is shown for illustrative purposes only. According to the

table, the test performance on the unseen domain is quite high and stable for the

values of λ in the range of 0.001-10 across all data splits. Starting from the extreme

value of 50, the performance starts to decline and becomes the worst at the value of

1000.
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4.5 Results of the "Impact of Test Domain Selec-

tion" Experiment

This section shows the results of the "Impact of Test Domain Selection" Experiment,

where different domains, other than CPSC and CPSC-Extra, were used as test sets.

The SE-ResNet DANN and SE-ResNet Baseline were tested and compared in terms

of their test performance on the unseen domain.

25% 50% 75% 100%
SE-ResNet
DANN

0.91 0.91 0.92 0.92

SE-ResNet
Baseline

0.91 0.91 0.92 0.92

Table 4.9: Testing results of the "Impact of Test Domain Selection" Experiment
across different data splits (macro-averaged AUROC), where the G12EC domain is
used as a test set

Table 4.9 shows the resulting values of the macro-averaged AUROC when the SE-

ResNet DANN and SE-ResNet Baseline models were tested on the G12EC domain

and trained on all the other domains across all data splits. According to the table,

the SE-ResNet DANN model did not outperform the SE-ResNet Baseline model

across all data splits. With all the data splits, the performances of both models are

the same.

25% 50% 75% 100%
SE-ResNet
DANN

0.95 0.96 0.97 0.96

SE-ResNet
Baseline

0.95 0.95 0.95 0.95

Table 4.10: Testing results of the "Impact of Test Domain Selection" Experiment
across different data splits (macro-averaged AUROC), where the SPH domain is
used as a test set

Table 4.10 shows the resulting values of the macro-averaged AUROC when the

SE-ResNet DANN and SE-ResNet Baseline models were tested on the SPH domain
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and trained on all the other domains across all data splits. According to the table,

the SE-ResNet DANN model outperformed the SE-ResNet Baseline model with 50%

(by 0.01), 75% (by 0.02), and 100% (by 0.01) of the data. With 25% of the data,

the performances of both models are the same.

25% 50% 75% 100%
SE-ResNet
DANN

0.92 0.93 0.93 0.93

SE-ResNet
Baseline

0.92 0.93 0.93 0.93

Table 4.11: Testing results of the "Impact of Test Domain Selection" Experiment
across different data splits (macro-averaged AUROC), where the PTB and PTB-XL
domain is used as a test set

Table 4.11 shows the resulting values of the macro-averaged AUROC when the

SE-ResNet DANN and SE-ResNet Baseline models were tested on the PTB and

PTB-XL domain and trained on all the other domains across all data splits. Ac-

cording to the table, the values of the macro-averaged AUROC of both models are

the same across all data splits. The SE-ResNet DANN model did not show any

difference with the SE-ResNet Baseline model in terms of performance.

25% 50% 75% 100%
SE-ResNet
DANN

0.93 0.94 0.94 0.94

SE-ResNet
Baseline

0.93 0.94 0.94 0.94

Table 4.12: Testing results of the "Impact of Test Domain Selection" Experiment
across different data splits (macro-averaged AUROC), where the Chapman-Shaoxing
and Ningbo domain is used as a test set

Table 4.12 shows the resulting values of the macro-averaged AUROC when the

SE-ResNet DANN and SE-ResNet Baseline models were tested on the Chapman-

Shaoxing and Ningbo domain and trained on all the other domains across all data

splits. According to the table, the SE-ResNet DANN model did not outperform the

SE-ResNet Baseline model across all data splits. With all data splits, the perfor-
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mances of both models are the same.

Overall, comparing the results of this experiment, both the SE-ResNet DANN

and SE-ResNet Baseline models yielded the worst test performance on the unseen

domain when the CPSC and CPSC-Extra domain was used as a test set. The

test performance is the second worst when the G12EC domain is used as a test

set and the third worst when the PTB and PTB-XL domain is used. When the

Chapman-Shaoxing and Ningbo domain is used as a test set, the test performance

on the unseen domain is the second best. Finally, both models yield the best test

performance on the unseen domain when the SPH domain is used as a test set.

However, the SE-ResNet DANN model shows a performance improvement over the

SE-ResNet Baseline model only when the SPH domain and the CPSC and CPSC-

Extra domains are used as test sets.

4.6 Results of the "Tuning DANN for SPH Test Do-

main" Experiment

Table 4.13 shows the resulting values of the macro-averaged AUROC of the "Tuning

DANN for SPH Test Domain" Experiment, where both the SE-ResNet DANN and

SE-ResNet Baseline models were tested on the SPH domain across different data

splits (25%, 50%, 75%, 100%). From the table, it can be seen that the SE-ResNet

Baseline model outperformed the SE-ResNet DANN model with 25% and 100% of

the data by 0.01. Meanwhile, with 50% and 75% of the data, the performances

of both models are the same. Overall, the macro-averaged AUROC values of the

SE-ResNet DANN model after the selection of the optimal value for λ are worse

than those in the "Impact of Test Domain Selection" Experiment, where λ was not

tuned, and testing was done directly.

Apart from the metric values, the table also shows the resulting values of the
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25% 50% 75% 100%
SE-ResNet
DANN

0.94 (λ =
0.01)

0.95 (λ =
0.01)

0.95 (λ = 1) 0.94 (λ =
0.01)

SE-ResNet
Baseline

0.95 0.95 0.95 0.95

Table 4.13: Testing results of the "Tuning DANN for SPH Test Domain" Experiment
across different data splits (macro-averaged AUROC), using the SPH domain as a
test set

hyperparameter λ of the SE-ResNet DANN model chosen during validation for each

data split. According to the table, the selected value is the same for 25%, 50%, and

100% of the data (λ = 0.01), but different for 75% (λ = 1).

4.7 Results of the "Generalization Under Data Scarcity"

Experiment

Table 4.14 shows the resulting values of the macro-averaged AUROC of the "Gen-

eralization Under Data Scarcity" Experiment, where both the SE-ResNet DANN

and SE-ResNet Baseline models were tested on the SPH domain after having been

trained on 5% and 10% of the data. Additionally, the table shows the results for

the other splits (25%, 50%, 75%, 100%) for comparison. From the table, it can be

seen that, with 10% of the data, the SE-ResNet DANN model outperformed the

SE-ResNet Baseline model by 0.02. However, with 5% of the data, the SE-ResNet

Baseline model outperformed the SE-ResNet DANN model by 0.01. Overall, accord-

ing to the table, the performances of both models are worse with small training sets

(5%, 10%) than with large ones (25%, 50%, 75%, 100%). The same is true when the

other domains are used as test sets (see Table A.10 (the G12EC domain as a test

set), Table A.11 (the CPSC and CPSC-Extra domain as a test set), Table A.12 (the

PTB and PTB-XL domain as a test set), and Table A.13 (the Chapman-Shaoxing

and Ningbo domain as a test set) in Appendix A). Moreover, in general, the SE-
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ResNet DANN model does not show an improved performance over the SE-ResNet

Baseline model with these extremely small training sets, since its macro-averaged

AUROC values are mostly equal to or less than those of the SE-ResNet Baseline

model.

5% 10% 25% 50% 75% 100%
SE-ResNet
DANN

0.92 0.94 0.95 0.96 0.97 0.96

SE-ResNet
Baseline

0.93 0.92 0.95 0.95 0.95 0.95

Table 4.14: Testing results of the "Generalization Under Data Scarcity" Experiment
across different data splits (macro-averaged AUROC), including 5% and 10%, where
the SPH domain is used as a test set

4.8 Results of the "MixStyle vs. DANN and Base-

line Comparison" Experiment

Table 4.15 shows the resulting values of the macro-averaged AUROC of the "MixStyle

vs. DANN and Baseline Comparison" Experiment, where, using the value of 0.1

for the hyperparameter α, the SE-ResNet MixStyle model was tested on the SPH

domain across different data splits (25%, 50%, 75%, 100%) and compared to the

SE-ResNet DANN and SE-ResNet Baseline models. According to the table, the SE-

ResNet MixStyle model did not outperform either model with all the data splits,

yielding a worse performance than both models with 50%, 75%, and 100% of the

data.

To try to improve the performance of the SE-ResNet MixStyle model, some

hyperparameter selection was performed to select the optimal value of α for each

data split. Table 4.16 shows the resulting values of the macro-averaged AUROC

after performing the hyperparameter selection. From the table, it can be seen that

the hyperparameter selection resulted in some improvements in the model’s perfor-
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25% 50% 75% 100%
SE-ResNet
MixStyle

0.95 0.92 0.93 0.94

SE-ResNet
DANN

0.95 0.96 0.97 0.96

SE-ResNet
Baseline

0.95 0.95 0.95 0.95

Table 4.15: Testing results of the "MixStyle vs. DANN and Baseline Comparison"
Experiment across different data splits (macro-averaged AUROC), using α = 0.01
for training and the SPH domain as a test set

25% 50% 75% 100%
SE-ResNet
MixStyle

0.95 (α = 0.1) 0.94 (α = 0.3) 0.94 (α = 0.2) 0.92 (α = 0.3)

SE-ResNet
DANN

0.95 0.96 0.97 0.96

SE-ResNet
Baseline

0.95 0.95 0.95 0.95

Table 4.16: Testing results of the "MixStyle vs. DANN and Baseline Comparison"
Experiment across different data splits (macro-averaged AUROC), using the SPH
domain as a test set, after selecting the optimal value of α for each data split

mance, but not consistently. In the end, the performance of the SE-ResNet MixStyle

model is still worse than that of the two other models for all data splits.



5 Discussion

This chapter presents a thorough discussion of the results. First, there is a brief

summary of the results from Chapter 4. Then, the results are interpreted in the

context of all research questions. Subsequently, the results are compared to those

from previous studies. Following that, there is a comprehensive critical analysis of

the results and any interesting findings. The chapter also provides some limitations

of the study. Finally, there is a discussion of the implications of the results for AI

in healthcare and of future work that could be done to offer potential enhancements

for better domain generalizability of deep learning models in ECG classification.

5.1 Summary of Findings

Based on the conducted experiments, described in Section 3.6, the results from

Chapter 4 can be summarized as follows:

• The SE-ResNet DANN model showed an improvement in performance over

the SE-ResNet Baseline model with almost all data splits (25%, 50%, 75%,

and 100%) when the CPSC and CPSC-Extra and the SPH domains were used

as test sets. When the G12EC, the PTB and PTB-XL, and the Chapman-

Shaoxing and Ningbo domains were used as test sets, there were no improve-

ments from the SE-ResNet DANN model.

• The SE-ResNet MixStyle model did not show any improvements in perfor-
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mance over the SE-ResNet DANN and SE-ResNet Baseline models. In some

cases, its performance was even worse than that of the two other models.

• The SE-ResNet DANN model yielded a worse performance when hyperparam-

eters were selected with the validation set. When the default values of batch

size and learning rate and the recommended value of the hyperparameter λ

were used, the model yielded its best performance. When it comes to the

SE-ResNet MixStyle model, the selection of the optimal value of the hyperpa-

rameter α resulted in an inconsistent improvement of the model’s performance,

but it was still worse than that of the two other models.

• The performance of the SE-ResNet DANN model on the test set was sensitive

to the choice of hyperparameters, especially λ. The performance of the model

deteriorated at extremely high values.

• The performance of the SE-ResNet DANN model significantly deteriorated

when only 5% and 10% of the training data were used. Also, the SE-ResNet

DANN model did not show an improved performance over the SE-ResNet

Baseline model with these scarce training sets.

• The performance of the SE-ResNet Baseline model on an unseen domain is

significantly worse than on a seen domain, as confirmed by the "Baseline vs.

DANN with λ Tuning" Experiment (see Section 4.1). This is the case even

for models with domain generalization methods, such as multi-source domain-

adversarial training, where, despite some improvements, the performance on

an unseen domain is still worse than on a seen domain.
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5.2 Interpretation of Results

The findings of this thesis have provided answers to all the research questions stated

in Section 1.4 as follows:

Research Question 1: Are domain generalization methods from recent

literature, such as multi-source domain-adversarial training (DANN) and

MixStyle, promising for improving generalizability in ECG classification?

This question has been answered in Section 2.2 of Chapter 2. In particular, this

section showed that the two domain generalization methods investigated in this

study - multi-source domain-adversarial training (DANN) and MixStyle - are indeed

promising for improving domain generalizability in ECG classification, since several

studies successfully utilized these two methods in a similar context. Even though

not so many studies on using these methods in the context of ECG classification

have been found, the results of the identified studies demonstrated some potential of

the two domain generalization methods for improving domain generalizability. For

instance, in their studies, Hasani et al. [38] and Shang et al. [39] demonstrated the

potential of multi-source domain-adversarial training (DANN), while Yang et al. [47]

did that for the MixStyle method. Moreover, there are many studies that explore

the theoretical framework behind these methods and other applications of them, also

showing promising results. Although in the studies, these two methods demonstrate

only moderate improvement in domain generalizability of ECG classification models,

they still show some promise, so they were used in this thesis.

Research Question 2: To what extent do these domain generalization

techniques improve the performance of deep learning models when eval-

uated on data from previously unseen sources? This question has been an-

swered in the "Baseline vs. DANN with λ Tuning", "Impact of Test Do-

main Selection", "Tuning DANN for SPH Test Domain", and "MixStyle

vs. DANN and Baseline Comparison" Experiments (see Sections 4.1, 4.5, 4.6,
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and 4.8). The results of these experiments demonstrate that multi-source domain-

adversarial training (DANN) can be effective in improving domain generalization

in the context of ECG classification, but this is the case only when the CPSC and

CPSC-Extra and the SPH domains are used as test sets. In this case, the values

of the macro-averaged AUROC showed improvements by 0.02 at most. With some

training data portions, it was by 0.01, and, in rare cases, there was no improvement

at all. When the G12EC, the PTB and PTB-XL, and the Chapman-Shaoxing and

Ningbo domains were used as test sets, there were no visible improvements. This

variability could be caused by domain similarity or variations in data distribution,

which were not explicitly addressed in this study. Overall, multi-source domain-

adversarial training (DANN) showed some promise in improving domain generaliz-

ability, but the effect is modest and context-dependent. The MixStyle method did

not show any improvements in domain generalization in this study. These findings

suggest that adversarial methods might be more promising than feature perturbation

techniques like MixStyle in this context.

Research Question 3: How do factors such as the amount of train-

ing data and hyperparameter settings influence the effectiveness of these

generalization methods? This question has been answered in the "Baseline vs.

DANN with λ Tuning", "Effect of Batch Size on Generalization", "Effect

of Learning Rate on Generalization", "Testing Extreme λ Values", "Tun-

ing DANN for SPH Test Domain", "Generalization Under Data Scarcity",

and "MixStyle vs. DANN and Baseline Comparison" Experiments (see Sec-

tions 4.1, 4.2, 4.3, 4.4, 4.6, 4.7, and 4.8). The results of these experiments confirmed

that the weight hyperparameters (λ and α) and other hyperparameters (e.g., learn-

ing rate and batch size) affect the domain generalization performance. For instance,

the ResNet DANN model showed some performance degradation with extremely

high values of λ, highlighting the importance of careful hyperparameter tuning in
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domain-adversarial training settings, as discussed in Section 3.4.2. Moreover, the

experiments showed that the ResNet DANN model performed better with the de-

fault hyperparameter settings than with those selected with the validation set. This

suggests that hyperparameter selection makes the performance of the model and its

domain generalization worse, and it is not applicable in this context. Finally, as

expected, the SE-ResNet DANN model showed a poorer performance and domain

generalization with small training sets (5% and 10%), demonstrating the importance

of having enough training data for good model performance and domain generaliza-

tion. In most cases, the performances of both the SE-ResNet DANN and SE-ResNet

MixStyle were high enough starting with 25% of training data.

5.3 Comparison to Previous Work

The results of this thesis are consistent with those of previous work. Specifically, the

results show that, when no domain generalization methods are used, the performance

of ECG deep learning models, trained on multi-source data, drops when they are

tested on data from an unseen domain. This is consistent with the findings of

Leinonen et al. [16], Han et al. [35], and A. Ballas and C. Diou [37]. Thus, the

thesis confirms that even with multi-source data, domain generalization still remains

a challenge and requires some additional techniques.

Moreover, the results of the thesis demonstrated that multi-source domain-

adversarial training (DANN) shows some improvement in performance over the

baseline model, but it is only marginal. This is consistent with the results of the

works of Hasani et al. [38] and Shang et al. [39]. They also showed that this domain

generalization method improves the performance of ECG deep learning models in an

unseen domain only to a small extent. However, in this thesis, the SE-ResNet DANN

model showed improvements only when two out of five domains were used as test

sets. In the study of Hasani et al. [38], they tested the model with DANN on four
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different domains and averaged them out, but they did not show the performance

results for individual domains. Perhaps some of the results were unsatisfactory, but

they did not want to show it. In the study of Shang et al. [39], they used only one

unseen domain as a test set, and the performance improvement on it was minimal.

Thus, it is reasonable to assume that these authors cherry-picked their results

to show some promise in their findings, but the actual results were less satisfactory.

Furthermore, this claim can be supported by the fact that these are the only publicly

available studies on the use of multi-source domain-adversarial training (DANN) in

ECG classification, so maybe this is the case because the results are unsatisfactory,

and this method does not work well in practice. Nevertheless, just like the results of

Hasani et al. [38] and Shang et al. [39], the results of this thesis showed that multi-

source domain-adversarial training (DANN) still shows some promise in improving

domain generalizability in the context of ECG classification, but it is only part

of the deep learning generalizability improvement. There may be some additional

challenges that need to be addressed to achieve robust generalization.

Unlike this thesis, the studies by Hasani et al. [38] and Shang et al. [39] did not

focus on the selection of the values of hyperparameters, such as λ, batch size, and

learning rate, using the validation set. The hyperparameter selection in this thesis

led to a worse performance of the SE-ResNet DANN model in most cases. Therefore,

it is fair to assume that this is the reason why Hasani et al. [38] and Shang et al.

[39] did not perform hyperparameter selection in the first place. Perhaps it is not

suitable for improving the domain generalizability of deep learning models in the

context of ECG classification.

When it comes to the MixStyle method, the results of this thesis demonstrated

that this domain generalization method does not work well for improving domain

generalization with this data and type of task. The performance of the model

with MixStyle ended up being worse than that of the baseline model. This is not
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consistent with the results of Yang et al. [47] since they claimed that the model

with MixStyle performed better than the baseline model on the hidden validation

set. This discrepancy in the results might come from the fact that the authors of

the study used slightly different evaluation settings since they had "repeated scoring

on the hidden validation set and one-time scoring on the hidden test set" [47]. The

performance results on the hidden test set were pretty low, but the authors did not

provide the performance results on the hidden test set of the other two models, so it

was impossible to compare testing results between the three models. Thus, it is fair

to assume that these results were also cherry-picked. This may also be supported

by the fact that the study by Yang et al. [47] is the only study found on the use of

MixStyle for ECG classification. Nevertheless, the results of this thesis showed that

the MixStyle method does not work well in improving domain generalization with

the given model, data, and task.

5.4 Critical Analysis of Results

The results of the experiments demonstrated that the SE-ResNet DANN model out-

performed the SE-ResNet Baseline model only when tested on the CPSC and CPSC-

Extra and the SPH domains. This tendency could be explained by the underlying

domain properties of these datasets and the unique status of these domains. For

instance, the CPSC and CPSC-Extra data source is the smallest of the five domains

in terms of total ECG recordings. Thus, its underrepresentation during the training

phase may have decreased overfitting to its specific domain characteristics, mak-

ing it more sensitive to the domain-invariant representations encouraged by DANN.

Moreover, the feature extractor may have found it easier to align representations

across domains due to the relatively uniform ECG duration and sampling proper-

ties of the CPSC and CPSC-Extra domain. When it comes to the SPH domain, it

can be considered an outlier among all the domains because it does not originate
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from the George B. Moody PhysioNet Challenge 2021 dataset, unlike the other four

sources. Therefore, this difference might have led to clearer domain boundaries,

which could improve domain alignment by making it possible for the domain clas-

sifier of the DANN framework to more effectively differentiate between source and

target domains.

Apart from that, the variations in domain generalization between different do-

mains might be explained by certain demographic differences between them. For

example, the SPH, the CPSC and CPSC-Extra, and the Chapman-Shaoxing and

Ningbo data sources come from China, while the G12EC and the PTB and PTB-XL

data sources come from more Western countries. Thus, they might differ from each

other in terms of patient populations, clinical settings, ECG devices, and labeling

practices. These differences might have impacted how well the models generalized

across different domains.

The experiments demonstrated that the SE-ResNet MixStyle model did not show

any improvements in performance and generalization over the SE-ResNet Baseline

model. This might be explained by the fact that MixStyle incorporates stochastic

perturbations in feature statistics (mean and variance) in order to help models be-

come less dependent on surface-level domain-specific signals. However, in this ECG

classification task, these signals may overlap with clinically significant diagnostic

patterns. Thus, the use of the MixStyle method might have limited its efficiency by

unintentionally suppressing important clinical features and domain-specific noise.

The results of the "Testing Extreme λ Values" Experiment (see Section 4.4),

where the SE-ResNet DANN model was experimented with extreme values of the

hyperparameter λ, demonstrated that the performance of the model deteriorated

when extremely high values were used. This is consistent with the previous findings,

discussed in Section 3.4.2, that the selection of the value of λ has an impact on how

well the DANN loss function is optimized. Thus, it is important to carefully tune
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hyperparameters in domain-adversarial training settings and find an appropriate

balance between the classification loss and domain loss.

The experiments also demonstrated that hyperparameter selection using the val-

idation set did not lead to improved generalization performance for both the SE-

ResNet DANN and the SE-ResNet MixStyle models. In contrast, when default

hyperparameter settings were used, both models yielded a better performance on

the unseen domain. This might be explained by the fact that the validation set con-

sists of data from domains that were already seen during training. Consequently, it

might have encouraged overfitting to the common distributional characteristics of

the training domains. Since the task is to generalize to new, unseen domains, it is

more reasonable to use a separate unseen domain as a validation set, with hyperpa-

rameter selection based on leave-one-hospital-out cross-validation. In other words,

in this thesis, the model’s ability to generalize to new domains was not reliably

shown by the validation results, and the performance on an unseen domain should

be the basis for hyperparameter selection. However, in this thesis, there were only

five domains, so using only three of them for training would probably not be enough

to effectively produce robust, domain-invariant features. Nevertheless, it is worth

experimenting with that in future research.

5.5 Limitations

There were several limitations in this thesis. First, only two domain generalization

methods have been explored and experimented with here. There are some other

methods worth exploring that could produce different results. Moreover, there were

only five domains used in this study. By adding more domains, there would be the

possibility of better hyperparameter selection through validation, and thus, poten-

tially better testing results. Apart from that, only one deep learning architecture

was used in this thesis. Therefore, there is a possibility that the results of this thesis
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might not apply to other architectures. Finally, the differences between the domains

used were not analyzed in detail. This analysis could provide explanations of why

there were differences in performance and domain generalization between different

domains.

5.6 Implications

This thesis has shown that current deep learning models for ECG classification, even

if they are trained on multi-source data, still lack robustness when tested on data

from unseen sources and hospitals. Furthermore, the results of the experiments

showed that multi-source domain-adversarial training techniques (DANN) might

effectively work to improve the domain generalizability of deep learning models

in the context of ECG classification, but they are context-dependent and should

be further explored and experimented with. These methods are not sufficient on

their own, and additional research is required to further improve the robustness

and generalization of deep learning models in ECG classification. Therefore, these

models are not yet ready to be deployed in real-world clinical settings and need to

be further refined to ensure that they work well with diverse data, especially from

new, unseen hospitals.

5.7 Future Work

Overall, based on the findings and limitations identified in this thesis, several actions

could be taken as part of future work.

First, future research could investigate some alternative domain generalization

methods, such as MLDG [102], IRM [103], VREx [104], Deep CORAL [105], etc.

These techniques, compared to DANN and MixStyle, might offer additional insights

because they are based on fundamentally different assumptions, such as learning
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invariant predictors or aligning correlations.

Second, different domain generalization methods could be combined. This might

potentially enhance robustness across different hospitals. For example, combining

DANN with MixStyle could help balance the advantages of stochastic feature per-

turbation and adversarial alignment.

Apart from that, as part of future research, since it is more reasonable to use

a separate unseen domain as a validation set, the data splitting strategy could be

modified. In particular, leave-two-domains-out schemes, in which three domains are

used for training, one for validation, and one for testing, could be investigated. This

might enhance the reliability of hyperparameter selection for domain generalization

and provide a more accurate estimate of out-of-domain generalization performance.

Moreover, this type of partitioning would be more feasible and yield more accurate

estimates of generalization performance if the dataset were expanded with more

domains.

Furthermore, a detailed analysis of the differences between domains could be

done. For instance, differences in patient populations, clinical settings, ECG devices,

and labeling practices could be analyzed. This analysis might provide an explanation

for why certain deep learning models generalize better to some hospitals than others.

As a result, the robustness of models to these differences could be improved.

Finally, the methods implemented and evaluated in this study could be explored

and tested in other clinical applications, including EEG classification, chest X-ray

classification, etc. The investigation of the effectiveness of the methods in related

medical fields could help generalize the findings of this study beyond ECG classifi-

cation and contribute to progress in medical AI.



6 Conclusion

This thesis examined the challenge of improving the cross-hospital generalizability

of deep learning models for electrocardiogram (ECG) classification. Despite the

fact that deep learning models have demonstrated excellent performance in within-

hospital settings, domain shift makes it difficult for them to generalize to new, unseen

hospitals.

In order to tackle this problem, the study investigated two domain generalization

methods: multi-source domain-adversarial training (DANN) and MixStyle. These

methods were implemented into a SE-ResNet model architecture, and their efficiency

was evaluated in comparison to a baseline SE-ResNet model using a number of

different experiments, which were designed to assess model performance on unseen

domains. The models were trained, validated, and tested on publicly available ECG

data from five different data sources, representing various hospitals.

The findings demonstrated that, in some situations, the SE-ResNet DANN model

performed better than the baseline model, particularly when the CPSC and CPSC-

Extra and the SPH domains were used as test sets. However, these improvements

were modest and context-dependent. When it comes to the SE-ResNet MixStyle

model, it showed no improvement in generalization and performed worse than the

other two models. Moreover, hyperparameter selection using the validation set did

not help in improving performance and generalization, probably because validation

sets did not include any unseen domains.
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In conclusion, even though multi-source domain-adversarial training techniques

(DANN) show some promise in improving generalization to new hospitals, they are

not sufficient on their own. The results of this thesis illustrate the complexity of

the cross-hospital generalization problem in ECG classification and emphasize the

necessity of conducting further research on this topic.



7 Declaration of AI Usage in the

Thesis

I made use of AI while writing this thesis in order to improve its quality and help

myself in coming up with relevant points and ideas. First, I used an AI-based

typing assistant called Grammarly (https://app.grammarly.com/) which helped me

with language revision by reviewing and correcting various spelling and grammar

mistakes in the essay. Second, I used a chatbot based on a large language model,

called ChatGPT (https://chat.openai.com/), to help myself in the writing process

by writing sample conclusion and abstract. It gave me ideas of what I should write

in these sections, and I wrote them using my own words and treated the conclusion

and abstract by ChatGPT as examples. Moreover, I used ChatGPT to help myself

come up with a plan for the thesis and any concepts and sections that I should

write. Also, I used it for brainstorming to help myself in coming up with interesting

and relevant points and ideas for the thesis. Apart from that, I used ChatGPT for

pondering about the topics of domain generalization and AI in ECG classification.

Finally, I used a paraphrasing tool called QuillBot (https://quillbot.com/) a little

bit in order to help myself paraphrase some sentences from references. Sometimes I

struggle with paraphrasing, so this is why I utilized QuillBot. Of course, I did not

copy the paraphrased sentences directly from QuillBot but used them as examples

of how I should paraphrase.
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Table A.1: An overview of deep learning models for the detection and classification
of ECG arrhythmias, created by Ansari et al. [10]
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Different Data Splits
25% of Data 50% of Data 75% of Data 100% of Data

TRAINING:
CPSC: 1146 CPSC: 2291 CPSC: 3437 CPSC: 4582
SPH: 4376 SPH: 8752 SPH: 13128 SPH: 17504
PTB: 4001 PTB: 8003 PTB: 12004 PTB: 16005
Chapman:
8211

Chapman:
16422

Chapman:
24632

Chapman:
32843

VALIDATION:
CPSC: 382 CPSC: 764 CPSC: 1146 CPSC: 1528
SPH: 1443 SPH: 2885 SPH: 4328 SPH: 5770
PTB: 1336 PTB: 2672 PTB: 4007 PTB: 5343
Chapman:
2743

Chapman:
5486

Chapman:
8228

Chapman:
10971

Table A.2: Numbers of ECG recordings in each domain used for training and vali-
dation across different data splits, when the G12EC domain is used as a test set

Different Data Splits
25% of Data 50% of Data 75% of Data 100% of Data

TRAINING:
G12EC: 1668 G12EC: 3314 G12EC: 5004 G12EC: 6672
CPSC: 1146 CPSC: 2291 CPSC: 3437 CPSC: 4582
PTB: 4001 PTB: 8003 PTB: 12004 PTB: 16005
Chapman:
8211

Chapman:
16422

Chapman:
24632

Chapman:
32843

VALIDATION:
G12EC: 555 G12EC: 1110 G12EC: 1665 G12EC: 2220
CPSC: 382 CPSC: 764 CPSC: 1146 CPSC: 1528
PTB: 1336 PTB: 2672 PTB: 4007 PTB: 5343
Chapman:
2743

Chapman:
5486

Chapman:
8228

Chapman:
10971

Table A.3: Numbers of ECG recordings in each domain used for training and vali-
dation across different data splits, when the SPH domain is used as a test set
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Different Data Splits
25% of Data 50% of Data 75% of Data 100% of Data

TRAINING:
G12EC: 1668 G12EC: 3314 G12EC: 5004 G12EC: 6672
SPH: 4376 SPH: 8752 SPH: 13128 SPH: 17504
CPSC: 1146 CPSC: 2291 CPSC: 3437 CPSC: 4582
Chapman:
8211

Chapman:
16422

Chapman:
24632

Chapman:
32843

VALIDATION:
G12EC: 555 G12EC: 1110 G12EC: 1665 G12EC: 2220
SPH: 1443 SPH: 2885 SPH: 4328 SPH: 5770
CPSC: 382 CPSC: 764 CPSC: 1146 CPSC: 1528
Chapman:
2743

Chapman:
5486

Chapman:
8228

Chapman:
10971

Table A.4: Numbers of ECG recordings in each domain used for training and vali-
dation across different data splits, when the PTB and PTB-XL domain is used as a
test set

Different Data Splits
25% of Data 50% of Data 75% of Data 100% of Data

TRAINING:
G12EC: 1668 G12EC: 3314 G12EC: 5004 G12EC: 6672
SPH: 4376 SPH: 8752 SPH: 13128 SPH: 17504
PTB: 4001 PTB: 8003 PTB: 12004 PTB: 16005
CPSC: 1146 CPSC: 2291 CPSC: 3437 CPSC: 4582

VALIDATION:
G12EC: 555 G12EC: 1110 G12EC: 1665 G12EC: 2220
SPH: 1443 SPH: 2885 SPH: 4328 SPH: 5770
PTB: 1336 PTB: 2672 PTB: 4007 PTB: 5343
CPSC: 382 CPSC: 764 CPSC: 1146 CPSC: 1528

Table A.5: Numbers of ECG recordings in each domain used for training and valida-
tion across different data splits, when the Chapman-Shaoxing and Ningbo domain
is used as a test set
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Different Data Splits
5% of Data 10% of Data

TRAINING:
CPSC: 229 CPSC: 458
SPH: 875 SPH: 1750
PTB: 800 PTB: 1600
Chapman:
1642

Chapman:
3284

VALIDATION:
CPSC: 76 CPSC: 153
SPH: 289 SPH: 577
PTB: 267 PTB: 534
Chapman: 549 Chapman:

1097

Table A.6: Numbers of ECG recordings in each domain used for training and vali-
dation across 5% and 10% data splits, when the G12EC domain is used as a test set

Different Data Splits
5% of Data 10% of Data

TRAINING:
G12EC: 334 G12EC: 667
SPH: 875 SPH: 1750
PTB: 800 PTB: 1600
Chapman:
1642

Chapman:
3284

VALIDATION:
G12EC: 111 G12EC: 222
SPH: 289 SPH: 577
PTB: 267 PTB: 534
Chapman: 549 Chapman:

1097

Table A.7: Numbers of ECG recordings in each domain used for training and vali-
dation across 5% and 10% data splits, when the CPSC and CPSC-Extra domain is
used as a test set
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Different Data Splits
5% of Data 10% of Data

TRAINING:
G12EC: 334 G12EC: 667
SPH: 875 SPH: 1750
CPSC: 229 CPSC: 458
Chapman:
1642

Chapman:
3284

VALIDATION:
G12EC: 111 G12EC: 222
SPH: 289 SPH: 577
CPSC: 76 CPSC: 153
Chapman: 549 Chapman:

1097

Table A.8: Numbers of ECG recordings in each domain used for training and vali-
dation across 5% and 10% data splits, when the PTB and PTB-XL domain is used
as a test set

Different Data Splits
5% of Data 10% of Data

TRAINING:
G12EC: 334 G12EC: 667
SPH: 875 SPH: 1750
PTB: 800 PTB: 1600
CPSC: 229 CPSC: 458

VALIDATION:
G12EC: 111 G12EC: 222
SPH: 289 SPH: 577
PTB: 267 PTB: 534
CPSC: 76 CPSC: 153

Table A.9: Numbers of ECG recordings in each domain used for training and val-
idation across 5% and 10% data splits, when the Chapman-Shaoxing and Ningbo
domain is used as a test set

5% 10% 25% 50% 75% 100%
SE-ResNet
DANN

0.86 0.89 0.91 0.91 0.92 0.92

SE-ResNet
Baseline

0.86 0.88 0.91 0.91 0.92 0.92

Table A.10: Testing results of the "Generalization Under Data Scarcity" Experiment
across different data splits (macro-averaged AUROC), including 5% and 10%, where
the G12EC domain is used as a test set
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5% 10% 25% 50% 75% 100%
SE-ResNet
DANN

0.86 0.88 0.92 0.90 0.91 0.92

SE-ResNet
Baseline

0.84 0.89 0.91 0.89 0.91 0.90

Table A.11: Testing results of the "Generalization Under Data Scarcity" Experiment
across different data splits (macro-averaged AUROC), including 5% and 10%, where
the CPSC and CPSC-Extra domain is used as a test set

5% 10% 25% 50% 75% 100%
SE-ResNet
DANN

0.88 0.89 0.92 0.93 0.93 0.93

SE-ResNet
Baseline

0.88 0.91 0.92 0.93 0.93 0.93

Table A.12: Testing results of the "Generalization Under Data Scarcity" Experiment
across different data splits (macro-averaged AUROC), including 5% and 10%, where
the PTB and PTB-XL domain is used as a test set

5% 10% 25% 50% 75% 100%
SE-ResNet
DANN

0.84 0.88 0.93 0.94 0.94 0.94

SE-ResNet
Baseline

0.84 0.89 0.93 0.94 0.94 0.94

Table A.13: Testing results of the "Generalization Under Data Scarcity" Experiment
across different data splits (macro-averaged AUROC), including 5% and 10%, where
the Chapman-Shaoxing and Ningbo domain is used as a test set
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