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Abstract

A major challenge in translating medical Al systems into clinical practice is their limited general-
ization. In the field of physiological time series analysis, we propose a fine-tuning framework that
leverages multiple small annotated datasets from diverse domains to improve out-of-distribution
generalization performance (OOD-GP). Through an ablation study, we demonstrate the perform-
ance of our framework by evaluating the role of incorporating a greater number of independent
datasets for tine-tuning to improve OOD-GP. Our experiments involve thirteen publicly avail-
able electrocardiogram and electroencephalogram datasets across four distinct tasks. In addition,
we develop a method to measure the alignment of the latent space of target domains. We use this
method to interpret our results, suggesting that multi-source domain training facilitates the learn-
ing of robust cross-domain features while minimizing learning of shortcut features. To support
further research, we provide reproducible source code, establishing a framework and benchmark
for studies on OOD-GP (https://github.com/EranZvuloni/MSD-generalization).

1. Introduction

Continuous physiological time series are essential in the medical field to monitor vital signs of patients,
such as heart rate and blood pressure, as well as to evaluate the function of various physiological sys-
tems, including cardiovascular activity and brain function [1-4]. These measurements provide health-
care professionals with critical insights, enabling the identification of significant events or changes in

a patient’s health status and facilitating timely interventions when necessary. Continuous physiological
time series are defined as uninterrupted measurements recorded at extremely short intervals, ranging
from milliseconds to seconds, between data points [5].

Deep learning (DL) for continuous physiological time series analysis has demonstrated performance
on par with or exceeding that of classical machine learning models, which depend on manually crafted
features [6—8]. Furthermore, DL has achieved results comparable to or better than expert interpretations
of continuous physiological time series in medical tasks [9-14] and has even allowed the execution of
medical tasks beyond human capabilities [15-19]. These impressive results are typically evaluated on
examples from the same datasets used to develop the DL models, which are assumed to share the same
distribution as the development set, i.e. the model’s source domain. Unfortunately, a particularly chal-
lenging and common scenario arises when models are evaluated on examples from external datasets,
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i.e. target domains. When the supports of the source and target domains do not fully overlap, DL mod-
els encounter out-of-distribution (OOD) examples that differ due to unseen conditions, populations, or
environments. As a result, these models often demonstrate moderate to poor OOD generalization per-
formance (OOD-GP) [17, 20-24], and in practice, even minor deviations from the training domain can
lead to incorrect predictions [25].

Current strategies to address domain shifts, such as transfer learning and domain adaptation, often
assume the availability of labeled or unlabeled data from the test domain during the training phase [25].
However, access to test domain data, especially labeled data, is often limited in real-world applications.
This limitation is common, for example, when developing a DL model to analyze data from portable
biosensors. During the development stage, gold-standard annotations are typically used to train the
model. However, upon deployment, when fine-tuning is necessary for model maintenance, only the
data recorded from the portable biosensors may be available, without the corresponding gold-standard
annotations. Collecting additional examinations, which often require medical expertise, is not only
impractical, but it can also be economically infeasible, particularly when considering multiple target
domains.

Recently, large-scale foundation models have emerged as a promising direction in physiological signal
analysis, leveraging self-supervised pretraining on diverse datasets to improve generalization across tasks
and populations. In electrocardiogram (ECG) research, models such as HuBERT-ECG [26] and the work
by Song et al [27] demonstrated the benefits of large, heterogeneous pretraining, while Gedon et al [28]
showed that single-domain pretraining alone does not guarantee robust OOD-GP. These studies high-
light that data diversity, rather than scale alone, is key for robustness—a challenge this work addresses
from a complementary perspective through multi-source supervised fine-tuning.

The increasing availability of open medical repositories of physiological time series datasets, such as
PhysioNet [29] and the National Sleep Research Resource (NSRR) [30], has made it easier to access mul-
tiple independent datasets for model development. However, a significant challenge remains: the lack of
a streamlined approach to integrate these smaller datasets into a unified framework capable of maximiz-
ing OOD-GP. This research presents a novel fine-tuning framework that leverages multiple small annot-
ated datasets from diverse domains to improve OOD-GP. To demonstrate the value of this approach, we
investigate and quantify how the number of independent datasets affects the OOD-GP of a lightweight
DL model in physiological time series analysis. In addition, we interpret these findings by analyzing the
latent space of the model. In practice, we conducted experiments using 14 ECG and electroencephalo-
gram (EEG) datasets (13 of which are publicly available) for 4 different tasks (figure 1(a)). Our research
focuses on reasonable domain shifts, predominantly arising from factors such as large population vari-
ability, limited sampling (e.g. 1000 patients) or inconsistencies in standards and data quality, even when
standardized electrode positions are used.

In this research, we make the following contributions: (1) we propose a new model fine-tuning
framework with a focus on OOD generalization. This framework is evaluated on 320 different mod-
els. (2) We release an open-source family of domain-adapted models for analyzing physiological time
series signals, derived from a large pretrained backbone and fine-tuned across multiple cohorts and
tasks. These models are optimized for OOD-GP and provide strong, ready-to-use starting points for
both research and model development in ECG analysis. (3) We perform ablation studies illustrating
that our use of multiple cohorts is essential for obtaining robust performance. (4) We develop a method
for measuring the latent space alignment of target domains and use it to interpret our results. (5) Our
source code and models are made open access and designed generically to enable the incorporation of
additional building blocks, as well as compatibility with other datasets and models.

2. Results

The experiments in this work used a multi-source domain (MSD) fine-tuning approach. To demonstrate
its capabilities, an experimental framework was designed, which involved an overall of 14 independent
datasets, equivalently denoted domains. Each domain may vary in its population sample, medical facility,
and measurement procedure. The experiments were carried out on two types of continuous physiolo-
gical time series modalities: the 12-lead ECG and the EEG. The ECG and EEG modalities measure the
electrical activity of the heart and brain, respectively. The two modalities were used in four DL tasks
(figure 1): the tasks of sex identification (binary classification), age estimation (regression) and atrial
fibrillation (AF) diagnosis (binary classification) were evaluated on the ECG modality; the sleep staging
(multi-class classification) was evaluated on the EEG modality.
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Figure 1. Research overview. (a), Physiological time-series modalities. Two modalities were included: 12-lead electrocardio-
gram (ECG) and electroencephalogram (EEG). (b), Deep learning tasks. These included sex identification, age estimation and
atrial fibrillation (AF) diagnosis for the ECG modality. In addition the sleep-staging task was included for the EEG modality.

(c), Overview of an experiment using the proposed fine-tuning framework. (1) An initial model is trained on the largest dataset
available using supervised learning; (2) this model is then fine-tuned on multiple smaller independent datasets (source domains)
to promote out-of-distribution generalization performance (OOD-GP); (3) the fine-tuned model OOD-GP is evaluated on
external datasets (target domains) to quantify its robustness across demographic and clinical factors such as disease group, age,

sex, and ethnicity.

For each modality (ECG or EEG), experiments were performed for specific tasks (figure 1). In these
experiments, models pre-trained using a single-source domain (SSD) approach were compared with
those fine-tuned using a MSD approach. A main dataset, defined as the largest available dataset, was
used alongside m smaller datasets (figure 2(a)). In the SSD approach, the model was trained on the
main dataset, and inference was performed on the remaining m datasets. In the MSD approach, mod-
els (MSDy) were obtained by fine-tuning the SSD model on k smaller datasets, and performance was
evaluated on the remaining m — k datasets (figure 2(a)). Of particular interest, MSD,,_; and MSD,,,
(figure 3(a)) were treated as models fine-tuned on all-but-one and on all available datasets, respectively.
This setup simulated a common scenario where a pretrained model is fine-tuned on smaller datasets to
improve OOD-GP for specific tasks. To ensure fair comparisons, datasets were split into train and test
sets, and test set examples were excluded from training in all experiments.

For the ECG experiments, the Telehealth Network of Minas Gerais (TNMG) dataset (2.3 M record-
ings) was used for SSD training, while seven smaller datasets (3000-32 000 recordings) were used for
MSD fine-tuning and OOD-GP evaluation for the tasks of sex identification (m=7), age estimation
(m=7), and AF diagnosis (m =15). For EEG experiments, the Sleep Heart Health Study (SHHS) data-
set (5793 recordings) served as the SSD training dataset, with five smaller datasets (200-2900 recordings)
were used for MSD fine-tuning. Datasets details are provided in tables 1 and 2.

2.1. Effects of increasing the number of source domains on OOD-GP

For the two modalities and overall four tasks, it was observed that OOD-GP (reported on tar-

get domains) increased as the number of source domains involved in MSD fine-tuning increased

(figures 2(b)—(e), k > 1). In all ECG tasks (figures 2(b)—(d)), the SSD model (k= 0) performed worse
than any of the MSD models, while in the EEG sleep staging task (figure 2(e)), a decrease in perform-
ance was noted at k=1, with this performance gap closing from k > 2 onward. The performance drop is
due to subject variability from training on MSD domains with limited data and differing conditions. For
instance, the MASS dataset has fewer recordings than the SSD dataset (200 vs 5793) and varying sub-
ject ages (mean 38 vs 63) and environments (lab vs home). Fine-tuning only on the MASS dataset might
lead to overfitting, reducing performance on other MSD datasets. The MSD,, models demonstrated the
highest performance across all tasks, representing the potential upper bound achievable when all datasets

are utilized as source domains.
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Figure 2. Effects of increasing the number of source domains used for fine-tuning on OOD-GP. (a), Schematic of the MSDy
experimental design. A base model is first pretrained on a single large-scale dataset (SSD, orange) and then fine-tuned on every
possible combination of k source-domain datasets (green). Each fine-tuned model is subsequently evaluated on the remaining
m — k target-domain datasets (purple), where m denotes the total number of datasets available for a given modality and task.
(b)—(e) MSDy, boxplot performance graphs for the four tasks across all possible dataset combinations: sex identification (128
models), age estimation (128 models), AF diagnosis (32 models), and EEG sleep staging (32 models). Each boxplot summarizes
the distribution of results across all dataset combinations for a given k. The orange and green boxes correspond to the SSD and
selected MSD experiments presented in figure 3, respectively, while the purple boxes denote the MSD,, condition, evaluated on
in-domain test sets. The red lines represent median performance trends, showing consistent improvement in out-of-distribution
generalization as the number of source domains used for fine-tuning increases.

2.2. Value of MSD fine-tuning on OOD-GP

In figure 3, a detailed comparison is presented between the SSD and the MSD,,_; models, with results
reported on the test set of all target domains. Across the 24 OOD generalization experiments conducted
for the two modalities and four tasks, MSD,,_; outperformed the SSD approach in 23 out of 24 experi-
ments (96%). In one experiment, sex classification on PTB-XL, the SSD model outperformed MSD,;,_;.
With respect to the source domain dataset served to train the SSD models, the MSD,,,_; fine-tuned
models showed reduced performance compared to the SSD model itself on the source domain test sets
(TNMG and SHHS columns). In addition, the four MSD,, models, serving as upperbound experiments
by utilizing all datasets available for training in each task, performed better or equivalently to all other
experiments. Since all m datasets are included in the fine-tuning phase, the MSD,, configuration has

4
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Figure 3. Value of multi-source domain fine-tuning on out-of-distribution generalization performance (OOD-GP). Bar plots
compare the performance of the single-source domain (SSD, orange) model and the multi-source domain fine-tuned (MSD,,—1,
green) models across independent target-domain test sets. The number of examples in each test set is indicated below each data-
set name (n). Performance metrics are reported per task: (a), 12-lead ECG sex identification (area under the receiver operating
characteristic curve—AUROC), (b), 12-lead ECG age estimation (mean absolute error—MAE), (¢), 12-lead ECG atrial fibril-
lation (AF) diagnosis (area under precision-recall curve—AUPRC), and (d), EEG sleep staging (Cohen’s ). Green percentage
values indicate the relative improvement of the MSD,,_; models over SSD, demonstrating consistent gains across tasks and data-
sets, and highlighting the contribution of data diversity to out-of-distribution robustness.

no remaining unseen target-domain test sets (m — k = 0). Therefore, the results of MSD,, represent an
upper performance bound, reflecting the best achievable outcome when training and evaluation domains
fully overlap.

2.3. Latent space analysis of target domains

To interpret the results, the latent space representations in the fine-tuned MSD models were analyzed
for each 12-lead ECG task and the EEG sleep staging task. For each model, the Wasserstein distances
(W) were measured between the latent space representations of each target domain and the SSD domain
(i.e. TNMG or SHHS). The Wasserstein distance serves as a measure of divergence between two probab-
ility distributions; a reduction in this measure indicates an increased likelihood that the two distributions
are similar and converge towards identicality. Accordingly, a smaller distance between the target domain
and the SSD domain suggests that the model has successfully acquired a unified joint representation for
both the SSD and the target domain. These distances were computed for each k, i.e. number of source
domain datasets, used to fine-tune the models. In figure 4(a), a W(k) curve is shown for each task, illus-
trating latent space alignment as a function of k. Overall, in all of the tasks, there is noticeable reduc-
tion in W with the growth of k. Specifically, for the sex identification, age estimation, and AF diagnosis
tasks, the alignment was affected in a lower, moderate, and higher manner, respectively. The alignment
of the EEG sleep staging task was affected similarly to the sex identification task. Figure 4(b) provides an
example of a t-distributed stochastic neighbor embedding (t-SNE) visualization of the latent space dis-
tributions for the TNMG and Georgia datasets, focusing on models where the Georgia dataset served as
the target domain. This visualization demonstrates how as k increases, the representation of the Georgia
distribution becomes more aligned with that of TNMG.

3. Discussion

The primary experimental findings of this research show that MSD fine-tuning is a valuable approach to
improve OOD-GP. Experiments were performed for two modalities (ECG and EEG), four tasks and on
a total of fourteen datasets (tables 1 and 2). Overall, the experiments involved more than 2400000 12-
lead ECG recordings and more than 110000 hours of continuous EEG recordings, and the training of a

5
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Figure 4. Latent space analysis of target domains. (a), Normalized Wasserstein distance curves W (k) for each task (12-lead ECG:
sex identification, age estimation, and atrial fibrillation (AF) diagnosis; EEG: sleep staging), averaged across datasets. The decreas-
ing trend of W (k) indicates that the latent representations of different domains become more aligned as the number of source-
domain datasets k used for fine-tuning increases. (b), t-SNE visualizations of the latent space distributions for the AF diagnosis
task, where the Georgia [40] dataset serves as the target domain. Embeddings from the TNMG [39] (black) and Georgia (red)
datasets are shown across models fine-tuned with k = 1-4 source domains (rows i—iv, corresponding to panel (a). Progressive
overlap between the two distributions visually demonstrates improved cross-domain alignment and reduced dataset shift follow-
ing multi-source fine-tuning.

total of 320 models. MSD fine-tuning improved OOD-GP by up to 35% (figure 3). Furthermore, empir-
ical results demonstrated that OOD-GP increases as a function of a growing number of source domains
used for fine-tuning (figure 2). These results highlight the value of the MSD fine-tuning approach and
provide further encouragement to the scientific community to open datasets from various geography,
ethnicity, and medical centers in order to develop fair and generalizable Al models that benefit humanity
at the largest.

Notably, in one instance of sex identification on the PTB-XL dataset (figure 3), the SSD model
slightly outperformed the MSD,,,_; configuration by approximately 1%. This deviation represents a
single case out of 24 experiments (~96%) and therefore does not affect the overall trend favouring
MSD learning. It is hypothesized that this exception arises from the intrinsic nature of the sex classi-
fication task, which is comparatively simple and less domain-sensitive. As a result, the features relevant
for sex identification were likely already well captured during large-scale pretraining on TNMG, leav-
ing little room for additional benefit from multi-source fine-tuning. Consistent with this, the observed
MSD improvement in sex classification was modest (1%-3.7%), whereas more complex and domain-
dependent tasks such as age estimation, AF diagnosis, and sleep staging showed substantially larger gains
(up to 35.7%).

The latent space analysis offers valuable insights into the nature of the features extracted from the
target domain, showing that they become increasingly common across all datasets as the number of
source domain datasets used for fine-tuning increases. This suggests that models trained with MSD data
are learning features that are more representative of the underlying modality and task, rather than over-
fitting to the characteristics of a specific dataset. Further explainability analyses, particularly those aimed
at identifying specific, well-documented features, could provide additional value and represent a prom-
ising direction for future research.

It is also evident that the trends in figure 4(a) differ between tasks. While the AF detection and
sleep staging tasks show a monotonic behavior, the sex and age prediction tasks exhibit non-monotonic
trends. This may be due to the fact that the labels in the sex and age tasks are ‘clean, meaning they are
exact and free from human inter-rater variability, whereas tasks like diagnosis or sleep staging are more
prone to such variability in annotations. As a result, the sex and age tasks may lead to more similar fea-
ture distributions across domains.

One may question whether the performance improvement achieved with MSD,,_; over SSD is attrib-
utable to the diversity of datasets from different sources or simply the result of a larger number of train-
ing examples. To address this, our experimental design utilized the largest dataset available as the main

6
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source domain for training an initial supervised model. Specifically, in the ECG experiments, the TNMG
dataset contained two orders of magnitude more examples than the other datasets, and in the EEG
experiments the SHHS dataset contained more than double the recordings of the other datasets. This
design, combined with our quantitative analysis and t-SNE visualizations of the latent space, strongly
supports the conclusion that the performance gains are driven by the inclusion of multiple tine-tuning
domains rather than solely by the volume of training data.

Another important consideration is the potential variability in the contribution of each dataset, as
certain datasets may negatively affect fine-tuning by shifting the feature distribution due to significant
distribution shifts or low-quality labels. This research relied on widely used and well-established data-
sets (PhysioNet, NSRR), which minimizes this risk. As shown in figure 2, this approach resulted in a
generally monotonic improvement in OOD-GP across tasks. Additionally, using a relatively large num-
ber of source-domain datasets is expected to mitigate potential adverse effects from any single dataset
by promoting a more balanced and robust feature representation. However, exploring methods to select
datasets, or even specific recordings within a dataset, to maximize the value of MSD training remains an
open question and represents a natural extension of our research.

MSD fine-tuning is one approach to enhancing OOD-GP, and additional techniques could be integ-
rated into the proposed framework to further improve generalization performance. Specifically, in the
field of physiological time series, methods such as domain alignment [31] and data augmentation
strategies [32, 33] can help reduce domain discrepancies and enhance model robustness. Furthermore,
recent foundation models, pre-trained using self-supervised learning (SSL) on large physiological time
series datasets [34-36], offer a promising direction. These foundation models, when fine-tuned for spe-
cific downstream tasks, have demonstrated improved generalization. The experiments carried out relied
on a model architecture that was pretrained using supervised learning on the largest dataset available to
us for the given modality and task. In future work, there will be value in evaluating the use of super-
vised learning pre-trained models against foundation models trained with SSL. SSL involves training
models on pretext tasks where labels are either unnecessary or can be autogenerated. This approach
leverages vast amounts of unlabeled data to learn versatile feature representations, which can then be
fine-tuned for a particular task, post the pre-training phase. Foundation models for physiological time
series, such as single and 12-lead ECG, EEG and photoplethysmogram signals, have recently shown
promising results [34-36], making this an encouraging direction for further enhancement of the frame-
work presented in this work. Although these prominent models have shown high performance in ECG
diagnosis and EEG sleep staging tasks, they did not delve into explaining if an exhaustive usage of data
contribute to the formation of model’s latent space representations, and systematically with respect to
the diversity of datasets.

Moreover, the use of foundation models in ECG analysis has recently been shown to enhance OOD-
GP across various tasks for both modalities. In the studies of HuBERT-ECG [26] and Song et al [27]
leveraged multiple datasets to pretrain their models using SSL and performed successfully when testing
the foundation models on the down-stream tasks. On the other hand, Gedon et al [28], who pre-trained
only with the full TNMG dataset, demonstrated how the SSD pre-training could not improve perform-
ance on the external PTB-XL or the Cpsc datasets. Our research sheds light on why these foundation
models pre-trained on diverse datasets may or may not achieve superior OOD-GP. Future directions
also include developing strategies for better dataset and recordings selection. Indeed, within the current
experimental settings, all recordings from all source domains are included in model training. This may
be detrimental since model training possibly includes recordings with low quality signals and datasets
with a low level of label curation [37]. Future work could also explore integrating the proposed multi-
source fine-tuning framework with large-scale self-supervised or foundation model pretraining to further
enhance cross-domain transferability. Extending the approach to additional physiological modalities such
as photoplethysmography or electromyography (EMG) would allow evaluating its generality beyond ECG
and EEG. Finally, developing standardized multi-domain benchmarks for physiological time-series data
could support systematic comparison and reproducibility across studies investigating OOD generaliza-
tion. Another future direction involves extending the proposed framework to incremental fine-tuning
settings, where new datasets become available over time. As observed in figure 2, the performance vari-
ance among experiments with identical k values suggests that the order and selection of source domains
may influence generalization. Investigating strategies for optimal dataset sequencing or adaptive fine-
tuning could therefore further improve model robustness in practical, evolving data environments.

The development and accessibility of open datasets and source code for benchmarking have been
pivotal in advancing the field of machine learning. A notable example in computer vision is the
ImageNet competition [38], which provided an open-access dataset and pre-trained models that signific-
antly accelerated progress. Our research highlights the importance of utilizing multiple independent open

7
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datasets to train generalizable AI models, particularly in the domain of physiological time series analysis.
Additionally, it offers an interpretation of these findings through latent space analysis. To facilitate fur-
ther research, we provide source code to reproduce all our experiments. This open-source resource serves
as a valuable framework for developing and benchmarking algorithmic approaches to address challenges
in OOD-GP.

4. Methods

4.1. Problem definition

A supervised classification or regression task is considered, for which a continuous physiological time
series is the input. Distribution shifts are assumed to be present in the different datasets, which are
treated as different domains, given their origin may vary in population, geographic area or medical prac-
tice. A domain is considered as source domain, denoted Ds, when it is used for developing a model and
its examples take part in the DL model training and fine-tuning. Examples and labels are assumed to be
ii.d distributed given by (x3, yf)fil ~ D;, where Nj is the number of examples in the source domain. A
domain is considered as target domain, denoted D, if it is exclusive for model evaluation, and thus not
accessible to the training process. Equivalently, (x!, yf)fil ~ Dy. The objective of the MSD fine-tuning
approach was to build a model that generalizes well on a given target domain D,. Each dataset was split
into a fixed train, validation and test sets; thus, the same examples were used in the same training and
evaluation sets throughout all experiments.

4.2.12-lead ECG datasets

A total of eight datasets were included and are summarized in table 1. These datasets were taken from
three different sources: (1) the TNMG dataset [39], (2) six out of eight datasets (table 1 #2,4-8) were
taken from the PhysioNet 2021 Challenge [40, 41], and (3) the Shandong Provincial Hospital (SPH)
dataset [42]. The potential PTB (516 recordings) and INCART (72 recordings) were excluded from the
Challenge datasets, because of having a low number of recordings. Three common ECG tasks [7, 10,
43, 44] were considered namely sex identification, age estimation and AF diagnosis. AF diagnosis was
chosen as a diagnostic task, over other arrhythmias, because labeled data is readily available across most
datasets and AF is a very common arrhythmia which is subject to a high research interest [7, 10, 15,
16]. AF labels were available in six out of eight of the ECG datasets (table 1). Several exclusion cri-
teria were applied: patient age was below 18 and above 100, the signal length was less than 7 s [10]),
the file was corrupted, or the signal included NaN values. In total, 2.6%, 2.6% and 2.0% of the record-
ings were excluded for the sex, age and AF tasks, respectively. In order to standardize the input size to
the DL model, all the 12-lead ECG datasets were either given or resampled to 500 Hz, and additionally
were either padded or trimmed to 10s length. This resulted in each ECG example being 5000 samples
long. The TNMG set split was 90%, 5%, 5% for train, validation and test respectively, whereas for all
the other datasets the split was 80%, 10%, 10%.

4.3. EEG datasets

A total of six polysomnography (PSG) datasets were included in the experiments (table 2). Four out of
six are available on the NSRR [30] (SHHS [45], MESA [46], MrOS [47] and WSC [48]); the remain-
ing two datasets (MASS [49] and DCSM [50]) are publicly available. All these datasets share overnight
PSG recordings from a variety of individuals with various comorbidities (e.g. obstructive sleep apnea).
All datasets have reference manually annotated sleep stages. Technicians annotated sleep stages following
the rules outlined by the American Academy of Sleep Medicine. Manual sleep staging was expensive and
time-consuming but closely linked to sleep disorders and other neurodegenerative diseases, like demen-
tia and Parkinson’s [51]. 1.6% of the recordings were discarded due to corrupted or partially unavail-
able data. Sleep stages annotations were available for each 30 s window of PSG. PSG channels used for
manual sleep scoring included the EEG signal and other modalities such as electrooculography (EOG)
and EMG. These stages were divided into Wake, N1, N2, N3 (deep sleep) and REM.

4.4. DL for 12-lead ECG analysis

The 12-lead ECG DL model used was based on residual blocks comprising of 1d-convolution layers as
originally described in Ribeiro et al [10]. The model used was built from a deeper and wider than the
original architecture (see supplementary figure 1 for the full elaboration), comprising of larger num-
ber of latent space features to allow a more comprehensive late representations. Similar to a previous
work [7], the final activation layer was modified according to the task at hand. A sigmoid activation
function was used for the binary sex and AF classification tasks and the identify activation function
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Table 1. Summary of the 12-lead ECG datasets used in this study, detailing the number of available recordings, demographic
distributions, atrial fibrillation (AF) label prevalence, and dataset origin.

# of recordings after AF prevalence

# Dataset exclusions® Age (median, Q1-Q3)  Sex (%F) (%) Origin
1 TNMG [39] 2322513 54 (41, 67) 6027 1.8 Brazil
2 Ningbo® [40] 32804 63 (50, 73) 4345 0 China
3 SPH [42] 25770 50 (37, 62) 44.64 2.61 China
4 PTB-XL [40] 21411 62 (50, 72) 4748 677 Europe
5 Georgia [40] 10206 62 (51, 72) 4629 5.5 USA

6 Chapman Shaoxing [40] 10103 62 (51,72) 43.98 17.62 China
7  Cpsc 2018 [40] 6723 64 (49, 75) 46.14 18.49 China
8  Cpsc 2018 Extra® [40] 3412 65 (55, 75) 4663 0 China

* The number is given for the age task. Other tasks’ numbers vary in less than 1%.
® The Ningbo and Cpsc 2018 Extra datasets were not used in the diagnosis task due to the low prevalence of AF label.

Table 2. Summary of EEG datasets used in this study, including the number of recordings, demographic characteristics, total number of
annotated sleep epochs, and dataset origin.

#  Dataset # of recordings after exclusions ~ Age (median, Q1-Q3)  Sex (%F)  Sleep epochs  Origin

1 SHHS [45] 5793 63.0 (55.0, 72.0) 52.36% 5782715 USA

2 MrOS [47] 2898 76.0 (72.0, 80.0) 0.00% 3624129 USA

3 MESA [46] 2055 68.0 (62.0, 76.0) 53.58% 2448 749 USA

4 WSC [48] 1113 50.5 (56.4, 62.0) 46% 1015 564 USA

5 DCSM [50] 255 NA NA 578939 Denmark
6 MASS [49] 200 38.3 (std: 18.9) 51.50% 228870 Canada

was used for the age regression task. For the sex and AF binary classification tasks a class-weighted bin-
ary cross entropy loss was used. For the age estimation regression task, the mean absolute error (MAE)
loss was used [7]. A model was trained with a learning rate scheduler with respect to the validation set
loss function score. The learning rate was initialized with Ir = 107> and was reduced by a factor of 10
if there was not improvement for 5 consecutive epochs. If there was no improvement for 7 consecut-
ive epochs, the model was considered having converged and the training stopped. Then, the best model
was selected according to the loss score on the validation set. The batch size was 256 in all experiments.
There was no additional hyper-parameter tuning.

4.5. DL for EEG analysis
The three-channel version of the SeqSleepNet model [13] was used for sleep staging in this study.
SeqSleepNet is a sequence-to-sequence model that takes a sequence of L consecutive sleep epochs as
input and classifies one sleep stage for each epoch. It features a hierarchical neural network architecture,
with an attention-based LSTM encoder operating at the epoch level and another LSTM-based encoder
functioning at the sequence level. The version of SeqSleepNet used in this study is the PyTorch 2 imple-
mentation available in the PhysioEx Python library [52], taking as input 3 channels, i.e. EEG EOG and
EMG, with sequence-length L =21 (see supplementary figure 2 for the full elaboration).

We apply a standard state-of-the-art preprocessing pipeline to all sleep datasets [13, 53, 54], designed
to isolate the frequency bands relevant for sleep analysis. Accordingly, all channels are resampled to
100 Hz; EEG and EOG signals are band-pass filtered between [0.3,40] Hz, and EMG is high-pass filtered
at 10 Hz. If wake epochs were overrepresented compared to sleep epochs, they were reduced by cutting
the initial and final part of the recording [54]. Recordings were segmented into 30 s windows of three
channels. These segments were then transformed into time-frequency images by dividing each epoch into
two-second windows with 50% overlap, multiplied with a Hamming window, and transformed to the
frequency domain using a 256-point fast Fourier transform. Finally, the amplitude spectrum was log-
transformed [13]. The recordings were finally randomly divided into train, validation and test sets with
70%—15%-15% ratio. In all of the EEG datasets there was only one recording for each of the patients.

The model was trained for a sleep-staging task using cross-entropy loss over 20 epochs. In the SSD
training experiment, the learning rate was initialized at Ir = 10~4, while in the fine-tuning experiment, it
was set at Ir = 107", A learning rate scheduler, specifically the PyTorch reduce-learning-rate-on-plateau
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method, was employed to adjust the learning rate based on validation loss during training. The sched-
uler was configured with patience of 5 epochs and a factor of 10. A batch size of 32 was used consist-
ently across all experiments. The best model was selected throughout the training process according to
the validation loss. The best model was used for the evaluation.

4.6. Latent space analysis

The curves shown in figure 4 illustrate the latent space alignment of the target domains. These curves,
denoted as W(k), represent the Wasserstein distance as a function of the number of datasets (k) used
during the fine-tuning step, with one curve corresponding to each task. The Wasserstein distance was
calculated for the latent space of each fine-tuned model, comparing the target domain datasets with the
SSD dataset used for pretraining. Here, the SSD dataset serves as a reference point (origin) for model
representations, with the datasets’ latent representations measured with respect to it, and evolving as k
changes. The derivation of these curves is based on the following mathematical formulation:

For each task, the total number of fine-tuned models is given by J=3";" | (), where m is the num-
ber of datasets available for the fine-tuning step for all MSDy experiments. Each dataset is denoted with
de {0,1,...,m}, where d=0 is the large dataset used to train the model in SSD approach, and d >0
are the fine-tuning datasets in the MSD approach. The latent space representation Zii for each dataset
and model j € {1,...,]} is given by: Z, = Bi(X,), where E is the encoder of model j, Z, is the latent
space representation of the test set examples when each example is represented by a row-stack of the lat-
ent space features, and X is the stack of test set examples from dataset d. Accordingly, the Wasserstein
distance between each dataset representation Z] and its SSD dataset representation Z, (computed with
the same F/) is defined as: w’d = W(Z] zZ }). Thus, for each k, the distances corresponding to all models
fine-tuned with k datasets are averaged per target domain dataset and then normalized by the distance
corresponding to k=1:

Wiep, = Py a——— Z L () - Wyep, (1)
S0 5
followed by:
—x WA
W Wi @
Wi

where the indicator function 14(j) is applied to include only the models fined-tuned with k datasets.
Finally, an overall median is computed across datasets, giving the distance as function of k:

W(k) = median WZ. (3)
de{1,2,...,m}

The Wasserstein metric distance was computed via the Python Optimal Transport library [55]. To
visualize the latent space, a t-SNE representation was used, computed with the scikit-learn Python lib-
rary [56].

4.7. Performance measures

For each task, an adequate performance measure was selected. For the 12-lead ECG sex identification
binary classification task, the area under receiver operating characteristic curve (AUROC) was used, sim-
ilar to a previous work [43]. For the 12-lead ECG age estimation task, the MAE metric was used simil-
arly to previous works [7, 43]. For the 12-lead ECG arrhythmia diagnosis task, the area under precision
recall curve (AUPRC) was computed, similarly to previous works [7, 10]. For the EEG sleep staging task,
Cohen’s kappa was selected, similar to a previous work [53, 57].

Data availability statement

The 12-lead ECG datasets: TNMG dataset is partially publicly available via Zenodo. The Physionet
2021 Challenge datasets, including Georgia, PTB-XL, Ningbo, Chapman Shaoxing, Cpsc 2018 and Cpsc
2018 Extra, are available via PhysioNet.org. The SPH dataset is available via Springer Nature. The EEG
datasets: SHHS, WSC, MrOS and MESA datasets are available via sleepdata.org. MASS is available via
CARSM. DCSM is available via ERDA, University of Copenhagen.

Supplementary data available at https://doi.org/10.1088/3049-477X/ae2ac5/datal.
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Code availability

The source code to reproduce all our experiments is made open source at URL: https://github.com/
EranZvuloni/MSD-generalization .
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