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ABSTRACT

Electrocardiograms (ECG) are widely employed as a diagnostic tool for moni-
toring electrical signals originating from a heart. Recent machine learning re-
search efforts have focused on the application of screening various diseases us-
ing ECG signals. However, adapting to the application of screening disease
is challenging in that labeled ECG data are limited. Achieving general repre-
sentation through self-supervised learning (SSL) is a well-known approach to
overcome the scarcity of labeled data; however, a naive application of SSL to
ECG data, without considering the spatial-temporal relationships inherent in ECG
signals, may yield suboptimal results. In this paper, we introduce ST-MEM
(Spatio-Temporal Masked Electrocardiogram Modeling), designed to learn spatio-
temporal features by reconstructing masked 12-lead ECG data. ST-MEM outper-
forms other SSL baseline methods in various experimental settings for arrhyth-
mia classification tasks. Moreover, we demonstrate that ST-MEM is adaptable
to various lead combinations. Through quantitative and qualitative analysis, we
show a spatio-temporal relationship within ECG data. Our code is available at
https://github.com/bakqui/ST-MEM.

1 INTRODUCTION

The electrocardiogram (ECG) is a non-invasive heart measurement to monitor the electrical activity
over time and diagnose diseases. Several supervised learning models have been developed to detect
various heart diseases through ECG (Siontis et al.,|2021). However, since the types of heart disease
are diverse and the experienced cardiologists who can provide labels are limited, learning the ECG
representation for each application (i.e., detecting various heart diseases) is challenging. Recently,
self-supervised learning (SSL) for general representation has emerged in natural language process-
ing (Kenton & Toutanova, 2019; [Brown et al.| [2020) and computer vision (Chen et al.| [2020; |Grill
et al.} 2020; [He et al.| [2020; |Caron et al., 2021) since it can be leveraged for numerous tasks, such
as translation, sentence classification, image classification, and image generation. In ECG-based
diagnosis, there were also similar efforts to learn general representation through SSL to overcome
the limited resources and detect various heart diseases.

ECG-based representation learning through SSL is usually considered in two different learning
methods: contrastive and generative learning (Jing & Tianl [2020). Contrastive learning (Sarkar
& Etemad, 2020; |Le et al., [2023; |Gopal et al.l [2021} [Soltanieh et al., 2022} |[Kiyasseh et al., 2021}
Wei et al.l |2022) is a method to ensure similarity in the context before and after data augmenta-
tion. These data are usually defined by numerous augmentation methods (e.g., cropping, flipping,
and shifting); however, despite a simple augmentation, the information on the semantic meaning of
ECG signals can change drastically (Lan et al.,|2023). Generative learning is a method of learning
the representation of data by reconstructing all or part of the input, such as a simple framework for
masked image modeling (Xie et al., [2022)) or Masked Autoencoder (MAE) (He et al., [2022). In
the case of ECG, there are variants of MAE that reconstruct input ECG signals (Zhang et al.| 2022;
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Figure 1: An illustration of 12-lead electrocardiogram (ECG). ECG signals consist of 12 leads. Each
lead is measured from different spatial locations. Limb leads (i.e., I, II, lll, aVR, aVL, and aVF)
are generated from a frontal plane, while precordial leads (i.e., V1, V2, V3, V4, V5, and V6) are
obtained from a horizontal plane.

Sawano et al., 2022; Hu et al., 2023). Generative learning is often augmentation-free or involves
simpler data transformations that are more suitable for preserving the integrity of ECG data. This
approach ensures that the context and meaningful information in ECG signals are retained.

In ECG-based representation learning, exploit-
ing both spatial and temporal information in
ECG is signi cant. For instance, if we have
anL -lead ECG, it means that cardiac activity is
obtained over a duration with views. There-

fore, we can understan heart complemep- . . .
ore, we can understand a heart comple eIglgure 2:  An illustration of spatio-temporal

tary when its ECG is gained not only spatiall - S
or ¥empora|ly but spa‘go-temporally. yTth)e mogq’latcmfymg. The black dashed box indicates
é

common setting is standard 12-lead ECG (i. e query patch; each arrow represents the self-

a heart is observed in 12 views) as shown %tte.ntmn arrow; each color represents a patch,

Figure 1, and for some cases, ECG in which ifs SiN9le input sample for the model. Tempo-

leads are a subset of 12-lead (i.e., reduced I patchlfymg from (a) .prOV|de_s three d'ﬁerT

ECG) is acquired. en pgtqhes (i.e., threg different inputs). Spatial
patchifying from (b) yields 12 patches for ev-

In this work, we leverage ECG to learn generary 12 leads. Spatio-temporal patchifying from

representations by introducing a simple but efe) can provide ne-grained input signals for the

fective self-supervised learning framework usnodel, which allows for capturing spatial and

ing MAE architecture. Throughout this protemporal relationships.

cess, both temporal and spatial information

present in the ECG is utilized. The approach involves applying spatio-temporal patchifying to ECG

data, as illustrated in Figure 2 (c), with lead indicators such as lead-wise shared decoder, learnable

lead embeddings, and separation embedding, as depicted in Figure 3. Moreover, we show that our

model can be structurally ne-tuned for reduced lead ECG, demonstrating excellent performance not

only in the standard 12-lead setting but also in limb leads and single leads. Finally, through quanti-

tative and qualitative analysis, we demonstrated that spatial and temporal features were effectively

learned.

Our contributions are the followind1) We propose the simple but effective ECG-speci ¢ generative
self-supervised learning framework, named ST-MEM (Spatio-Temporal Masked Electrocardiogram
Modeling).(2) ST-MEM can learn general representation by capturing spatio-temporal relationship

of ECGs. We show this relationship by quantitative and qualitative anal@ighrough extensive
experiments, ST-MEM demonstrates comparable performance to other contrastive and generative
learning methods, which are widely used in ECG representation learning. We validate that ST-
MEM excels in both ne-tuning and linear evaluation for the arrhythmia classi cation task. This
robust performance extends across various scenarios, such as scarcity of labeled data and reduced
lead settings.

2 BACKGROUNDS ECG

The ECG is a non-invasive heart measurement to observe the electrical signals over time and di-
agnose diseases. A standard 12-lead ECG, interpreted as a multivariate time series, is the most
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Figure 3: An overview of our proposed method. ST-MEM consists of an encoder and decoder for
reconstructing the masked ECG signals. The encoder takes patch ed ECG signals with lead and
position embedding. The shared decoder reconstructs the masked ECG signals for each lead by
utilizing the encoded representations.

common measurement setting that provides spatial and temporal information regarding the heart.
As shown in Figure 1, the 12 leads are |, Il, lll, aVR, aVL, aVF, V1, V2, V3, V4, V5, and V6,
respectively, which are electrical sighals measured at different locations of the heart.

As we mentioned above, ECG captures both spatio-temporal information. Initially, it provides tem-
poral insights by monitoring the electrical activity of the heart continuously. This is achieved through
the detection of voltage uctuations within the cardiac muscle during each cardiac cycle, which are
then represented as waveforms over time. Consequently, it displays multiple cycles of heart electri-
cal activity spanning from one beat to the next. Moreover, ECG is not just a single measurement but
rather involves multiple leads. Leads are like different views of the heart's electrical activity from
different angles. In a standard 12-lead ECG, there are 12 different leads, each offering a distinct
spatial perspective of cardiac electrical activity. The limb leads (I, Il, lll, aVR, aVL, and aVF) are
placed on the arms and legs, providing frontal plane views, and the precordial leads (V1 to V6) are
placed on the chest, giving anterior-posterior(or horizontal plane) views.

Although the standard 12-lead ECG remains signi cant, the utilization of its reduced lead sets should
be considered as well. The advancement of mobile devices, such as smartwatches that are capable of
ECG measurements, has led to a substantial increase in limb leads and single lead data. Obtaining
reduced lead sets like limb leads or a single lead is often preferred. Therefore, in this work, we
demonstrate our ECG representation not only on the 12-lead setting but also on reduced lead settings.

3 METHOD

3.1 SELF-SUPERVISED PRETRAINING WITH SPATIO-TEMPORAL MASKED AUTO-ENCODER

In this section, we present ST-MEM, a self-supervision framework for general representation learn-
ing for ECG. This incorporates the spatio-temporal relationship, which leads to providing enhanced
representation. An overview of our proposed method is depicted in Figure 3.

Masked auto-encoder with spatio-temporal patchifying. We consider a pre-text task to recon-
struct a randomly masked portion of the data. In particular, we adopt an auto-encoder-based re-
construction task, called MAE (He et al., 2022). It consists of a vision transformer (ViT) encoder
(Dosovitskiy et al., 2020) and a decoder with additional transformer blocks.

Considering an ECG signal denoted ¥s 2 R“ T with L leads and lengthl, eachlth

lead signal, represented &s', is divided into non-overlapping patches de ned Ratch' =
fPatch;::;Patchlg 2 R" P. Here,n is determined byl =p, andp represents the size of each
patch. We independently split each lead signal into spatio-temporal patches, as depicted in Figure 2
(c), resulting in atotal o n patches for a single 12-lead ECG signal.
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The patches undergo linear projection to form patch embeddings of dimeDsidhey are added

with a positional embeddind? 0os 2 RP, to create a embedding sequenc&as fZ;::;;Z1, g 2

Rt " D This embedding sequence becomes the input for the encoder. Since self-attention opera-
tions are executed among temporal patches across different leads, the encoder explicitly learns the
spatio-temporal relationship within the ECG data. In the pre-training phase, we randomly select in-
dices of embeddings, which are denoted as a masked indik séfter masking the corresponding
embeddings, the encoder only receives unmasked embedtlifgssonm , Where the number of un-
masked embeddings is determined.agl m) with a masking proportiom. We set the masking

ratio to a value irff0; 1].

The encoded embeddings are fed to the decoder along with a learnable shared mask embedding,
de ned by Masked 2 RP. This embedding is employed to reconstruct the patches of the

M . The training objective is to minimize the discrepancy between the original raw signal val-
ues of the masked patché® atchigioy 2 R (™) P and their corresponding reconstructions,

f[batchi gizv - The loss functionis de ned dsssL. = =  iam Ibatchi P atch;

Lead-wise shared decoderAlthough spatio-temporal patchifying can have bene ts in ECG repre-
sentation learning, it can be detrimental without careful consideration, especially within the MAE
framework. One drawback of spatio-temporal patchifying is that it simpli es the reconstruction task,
allowing the decoder to access unmasked embeddings from different leads with identical temporal
information. This ease of reconstruction can negatively impact the training of the encoder.

To address this issue, we employ a straightforward approach by limiting the decoder to operate on
only one lead. We con gure the decoder to process the embedding sequence of each lead indepen-
dently, ensuring that it does not make explicit use of embeddings from other leads during recon-
struction. This intentional design choice introduces complexity to the task, motivating the encoders
to effectively learn spatio-temporal representations. Additionally, we promote training ef ciency by
having patch embeddings of each lead share a single decoder.

Lead indicating modules. Merely increasing the dif culty of the reconstruction task may not be

suf cient to enable our encoders to learn spatial representations effectively. Speci cally, our encoder

and decoder may face challenges in differentiating the lead from which the embedding originates. To
address this, we introduce additional modules aimed at enhancing the ability to distinguish between
leads effectively.

First, we add a lead-speci ¢ embedding, denotedlead 2 RP, for every patch embedding. This

lead embedding is a function of the originating lead of the patch embedding, ensuring that all patch
embeddings originating from the same lead have the same lead embedding. Next, we insert an
additional shared embedding, denoted®&P] 2 RP, which is added before and after each patch
embedding sequence. These modules support the model to distinguish between patch embeddings
from different leads (i.e., leading the model to learn the relationships between the different leads).

3.2 DOWNSTREAM FINETUNING

After pre-training through SSL, we utilize only the encoder for downstream tasks and discard the
decoder. We augment the encoder with a basic linear layer, which serves as the classi er head.
Subsequently, the encoder, along with the classi er head, is ne-tuned to optimize performance on
downstream data across various scenarios.

ECG classi cation. For a multi-class arrhythmia diagnosis problem withclasses, our model

takes the ECG input, encodes it with the encoder, and passes it through the classi er head to calculate
logits. The model makes class predictiofss f¥1;:::; ¥« 9, by applying the softmax function to

the logits. These predictions are then comparquWHh the actual one-hot clags abet; ::;; yk g

to minimize the loss functionde ned dsce = &= l( ye log(¥e)).

Fine-tuning in reduced lead setting.Our model demonstrates robust adaptability, even when there

is a discrepancy in the number of leads between datasets used for pre-training and ne-tuning.
Firstly, the shape of the input patch fed into our model remains unaffected by the number of leads,
making our model agnostic to the number of leads in the input ECG. Additionally, our model learns

distinctive characteristics of different leads through the lead-indicating module. As a result, our
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model is well-suited for reduced lead scenarios such as pre-training on a 12-lead dataset to learn
general representations and subsequently ne-tuning on a dataset with fewer leads.

4 EXPERIMENTAL SETTINGS

This section provides a brief overview of the datasets utilized in our experiments, as well as the base-
lines against which our proposed method will be compared. More detailed information regarding
the datasets, baselines, and implementation can be found in Appendix A.

4,1 DATASETS

There are three 12-lead ECG datasets designated for pre-training, along with three other ECG
datasets intended for downstream tasks. In the context of pre-training, we leverage the combined
power of all three datasets. These datasets cons@ia@pmarn(Zheng et al., 2020bNingbo(Zheng

et al., 2020a), an€@ODE-15(Ribeiro et al., 2021). As for the downstream datasets, we BI&i

XL (Wagner et al., 2020CPSC2018Liu et al., 2018), andPhysioNet201{Clifford et al., 2017)
datasets, wherBhysioNet2017s a single-lead dataset (i.e., lead | dataset) and others are 12-lead
ECG datasets. For consistency, we resampled all ECGs, including pre-training and downstream
datasets, to 250Hz.

Pre-training datasets. Chapmandataset comprises 10,646 12-lead ECG recordings, each lasting
10 seconds with a sample rate of 500 Hz. Similarly, Hiegbo dataset contains 34,905 12-lead

ECG recordings, also 10 seconds in duration and sampled at 500Hz. On the otheC@&1e15
encompasses 345,779 12-lead ECG recordings from 233,770 patients, with a sample rate of 400 Hz.
Within the 345,779 ECGs, 143,328 are 10-second recordings, with the remainder being 7 seconds,
and we and we exclusively utilized the 10-second ECGs. In alignment with the PhysioNet 2021
challenge (Reyna et al., 2021), we removed 399 ECGs fror€iapmardataset. We proceeded to
merge these three datasets into a uni ed dataset for pre-training. This pre-training dataset comprises
a total of 188,480 ECGs. Note that, during pre-training, we use all ECGs without focusing on
speci ¢ labels.

Downstream datasets.PTB-XLcomprises 21,837 12-lead ECG recordings collected from 18,885
patients, each lasting 10 seconds and sampled at a rate of 500 Hz. This dataset has ve distinct labels,
including cardiac arrhythmia and myocardial infarction. In the cageR$C2018it contains 6,877

12-lead ECG recordings, ranging from 6 seconds to 60 seconds in duration, with a sample rate of
500 Hz. This dataset is characterized by nine different labels associated with cardiac arrhythmia.
Lastly, PhysioNet201 ¢onsists of 8,528 ECGs recorded from lead I, with durations spanning from 9

to 60 seconds and sampled at a rate of 200 Hz. This dataset has four cardiac arrhythmia categories.
ECGs shorter than 10 seconds are omitted, and for the remaining records, each is cropped into a
consistent length of disjointed 10 seconds. These cropped ECG segments are considered individual
data points and evaluated independently.

4.2 BASELINES

All backbones are xed as ViT-B (Dosovitskiy et al., 2020) with different patch projection layers
corresponding to the patchifying way. We compared our pre-training method to networks initialized
randomly (i.e. Supervised and pre-trained models that learn representation by contrastive learning
and generative learning methods. In the realm of contrastive learning, we evaluatdddi@th

v3 (Chen et al., 2021) and Contrastive Multi-segment Codi@yI$C) from CLOCS (Kiyasseh

et al., 2021). MoCo v3 encourages the similarity between representations of instances and their
augmented counterparts, whidSC divides an ECG into two temporal segments and encourages
the similarity of representations for these segments.

Additionally, we examined generative learning methods, speci cally Masked Time Autoencoder
(MTAE ) and Masked Lead Autoencoddi(AE ) from MaeFE (Zhang et al., 2022MTAE con-

structs representations by reconstructing temporal patches as depicted in Figure 2 (ylLwikle

does by reconstructing spatial patches, illustrated in Figure 2 (b). These models do not have lead-
indicating modules (e.g., lead-wise decoder, SEP, and lead embeddings) and differ in their approach
to patchifying input ECGs. Furthermore, to enhance robustness and adaptation to reduced lead sets,
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Table 1: Linear evaluation and ne-tuning results of arrhythmia and myocardial infarction (Ml)

classi cation tasks. The experiment is conducted based on 12-lead ECG data on unseen data (i.e.,

not used during the pre-training stage).

Methods PTB-XL CPSC2018
Accuracy F1 AUROC Accuracy F1 AUROC
Supervised 0.787 +0.006 0.604 +0.010 0.905 * 0.004 0.779+0.008 0.753+0.012 0.958 +0.002
Linear Evaluation
MoCo v3 0.552 +0.000 0.142+0.000 0.739+0.006 0.268 £ 0.055 0.080+0.038 0.712 +0.054
CMSC 0.681 £0.032 0.441+0.058 0.797 +0.038 0.361+0.005 0.238+0.022 0.724+0.013
MTAE 0.683+0.008 0.437+0.012 0.807 +0.006 0.486+0.012 0.349+0.034 0.818+0.010
MTAE+RLM  0.687 + 0.006 0.444 +0.009 0.806 + 0.005 0.480+0.010 0.342+0.022 0.824 +0.006
MLAE 0.649+0.008 0.382+0.020 0.779 +0.008 0.443+0.014 0.263+0.021 0.794+0.016
ST-MEM (Ours) 0.726 £ 0.005 0.508 + 0.008 0.838+0.011 0.723+0.008 0.641+0.010 0.938+0.002
Fine-tuning

MoCo v3 0.799+0.004 0.644+0.010 0.913+0.002 0.852+0.002 0.838+0.002 0.967 +0.003
CMSC 0.724+0.067 0.510+0.115 0.877 +0.003 0.736 +0.006 0.717 +0.006 0.938 + 0.006
MTAE 0.789+0.002 0.613+0.015 0.910+0.001 0.793+0.004 0.769+0.004 0.961+0.001
MTAE+RLM  0.793+0.002 0.615+0.007 0.911 + 0.004 0.782+0.002 0.756 +0.003 0.960 + 0.002
MLAE 0.802 £ 0.004 0.625+0.009 0.915+0.001 0.834 +0.007 0.816+£0.009 0.973 +0.002
ST-MEM (Ours) 0.825+0.002 0.655+0.003 0.933+ 0.003 0.872+0.009 0.857+0.012 0.980+0.001

we introduce augmentation Random Lead Masking (RLM) (Oh et al., 2022) to MTAE, resulting in
MTAE+RLM .

5 EXPERIMENTS AND RESULTS

In this section, we examine the results of our experiments, evaluating them both quantitatively and
qualitatively to verify the effectiveness of ST-MEM. Additional experimental results are reported in
Appendix B.

5.1 EXPERIMENTAL RESULTS

As shown in Table 1, we evaluate the general ECG representation obtained from each SSL method
by conducting both linear evaluation and ne-tuning experiments on unseen datasets (i.e., not used
during a pre-training stagePTB-XLis a task of classifying both myocardial infarction (MI) and car-

diac arrhythmia, whil&€PSC201&onsists of only cardiac arrhythmtaOur proposed method, ST-
MEM, shows outperforming performance against other baseline methods. In particular, we achieve
a non-trivial margin with others on accuracy, F1, and AUROC scores in the linear evaluation. For
instance, the F1 score is increased in the range of 0.064 to 0.366 and 0.292 to 0.561 BhEoth

XL andCPSC2018latasets. This demonstrates that ST-MEM learns general ECG representation
compared to others by explicitly considering both spatial and temporal information for ECG sig-
nals. Moreover, we present the applicability of ST-MEM by adapting to each different heart disease
task. Although the baseline methods are pre-trained from large ECG datasets, their performance
is similar to the supervised learning method, only used with downstream datB3@&sXL and
CPSC2018 The CMSC pre-training method is even lower than the supervised learning method
when we ne-tune the encoder. However, ST-MEM shows consistent outperforming performance
on task adaptation, which is ne-tuning on downstream datasets.

5.2 BEFFECTIVENESS OF GENERAIECGREPRESENTATION IN A LOWRESOURCE SETTING

The diversity of heart diseases and few experienced cardiologists prevent obtaining abundant la-
beled ECG data; thus, relying only on supervised learning methods is not a suitable solution for
the low-resource problem. We conduct low-resource experiments to demonstrate that general ECG
representation can mitigate the scarcity of labeled data. As shown in Table 2, we rst randomly sam-
pled 1% and 5% of data from each dataset. Then, we ne-tune the model for each task. Although

cardiac arrhythmia can be divided into different sub-classes (e.g., AV block (AVB) and premature atrial
contraction (PAC)) in botP?TB-XLandCPSC2018latasets.



Published as a conference paper at ICLR 2024

Table 2: Experiments of low-resource settings. 1% and 5% indicate the random sampling for training
and validation data; however, the test data are the same for all results. Three different sampling was
done, and the results were averaged. 12-lead ECG signals are used for each result, and the score

represents the AUROC scores.

Methods PTB-XL CPSC2018
1% 5% 100% 1% 5% 100%
Supervised  0.676 +0.011 0.736+0.020 0.905 * 0.004 0.600+0.095 0.609+0.111 0.958 * 0.002
MoCo v3 0.797+0.006 0.826 +0.015 0.913 + 0.002 0.791+0.045 0.903+0.019 0.967 + 0.003
CMSC 0.648+0.064 0.773+0.023 0.877 + 0.003 0.625+0.013 0.732+0.038 0.938 + 0.006
MTAE 0.707+0.024 0.713+0.001 0.910 + 0.001 0.670+0.032 0.756+0.013 0.961 + 0.001
MTAE+RLM  0.730+0.030 0.730+0.003 0.911 + 0.004 0.708 +0.020 0.726+0.011 0.960 + 0.002
MLAE 0.793+0.007 0.838+0.018 0.915 + 0.001 0.860+0.013 0.922+0.007 0.973 £ 0.002
ST-MEM (Ours) 0.815+0.012 0.878+0.011 0.933+0.003 0.897+0.025 0.952+0.004 0.980 + 0.001
Table 3: Robustness of any lead combinations. 6-lead represents limb leads, I, II, 1ll, aVR, aVL,

aVF, while 1-lead is a single lead, I. The bold represents the signi cant differgnce05) against
other baseline methods. The score indicates the AUROC score.

Methods PTB-XL CPSC2018 PhysioNet2017
12-lead 6-lead 1-lead 12-lead 6-lead 1-lead 1-lead
MTAE+RLM  0.911+0.004 0.888 +0.002 0.795+ 0.003 0.960 £ 0.002 0.931+0.017 0.909 + 0.006 0.857 + 0.005
MLAE 0.915+0.001 0.890+0.001 0.797 +0.001 0.973+0.002 0.959+0.002 0.925+0.001 0.861 + 0.003
ST-MEM (Ours) 0.933+0.003 0.903+0.007 0.804 + 0.005 0.980+0.001 0.973+0.002 0.937 + 0.006 0.866 + 0.003

the performance of a supervised learning method drops drastically compared to 100% of data, other
SSL methods still show comparable performance, which shows the need for general ECG represen-
tation learning. However, our proposed method, ST-MEM, surpasses other representation learning
methods from all 1% and 5%. Moreover,@PSC2018only with 5% of the data, we could achieve

a similar performance against 100% of the data result.

5.3 PERFORMANCE IN REDUCED LEAD SETTINGS

12-lead ECG is a standard measurement that provides whole spatial and temporal information re-
garding the heart. However, measuring precordial leads (i.e., V1 to V6) requires expertise, while
limb leads (i.e., I, I, lll, aVR, aVL, and aVF) are easily accessible through smart devices such as a
smartwatch. Therefore, we need a generally applicable ECG representation that is robust not only
for 12 leads but also for any lead combinations. Simple representation learning methods, such as
MoCo v3, CMSC, and MTAE, do not consider the robustness of the lead combination; thus, the
model requires 12 lead signals during a ne-tuning stage. On the other hand, the random lead mask-
ing (RLM) method is one of the approaches to handle any lead combinations since the model can
learn the robustness of leads by masking the random leads during the pre-training stage. Our pro-
posed method, ST-MEM, also addresses the lead combination through spatio-temporal patchifying
with explicit lead embeddings. Table 3 compares ST-MEM with RLM and MLAE methods on 1-
lead (1), 6-lead (I, II, lll, aVR, aVL, and aVF), and 12-lead. The results demonstrate that ST-MEM

is robust to any lead combinations, even iBlaysioNet201 dataset.

5.4 ANALYSIS OF GENERALECGREPRESENTATION LEARNED FROMST-MEM

Incorporating spatial information in the ECG representation is signi cant for ECG signals. As
shown in Figure 1, the ECG signals are spatially separated by frontal and horizontal planes; the
former indicates the limb leads, while the latter represents the precordial leads. To validate the spa-
tial information for the representation learned from ST-MEM, we visualize the embedding space
using t-SNE (Van der Maaten & Hinton, 2008) as depicted in Figure 4. Each circle indicates the
representation of one ECG sample in a particular lead. We utilize the Gaussian mixture model
(GMM) (Rasmussen, 1999) to cluster those representations learned from ST-MEM. Interestingly,
the samples assigned to a blue cluster are mostly limb leads, | and Il, whereas the orange cluster is
formed with precordial leads, V2 and V3. This phenomenon demonstrates that the representation
learned from ST-MEM incorporates the spatial information of ECG signals. In addition, in Table 4,
we quantitatively measure the inclusiveness of spatial relationships. We rst de ne the samples,
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Figure 4: A t-SNE plot of ECG signal representation learned from ST-MEM. Each circle represents
the single ECG signal representation with different leads. The ellipse with blue and orange indicates
the Gaussian (i.e., a cluster) obtained from the Gaussian mixture model (GMM).

Table 4: Accuracy of representation clustering on two different groups: limb and precordial leads.
Each model provides all representations of ECG signals includ€éti@pmarthrough a pre-trained
encoder. Representations are clustered using the Gaussian mixture model (GMM). After clustering,
each score represents the accuracy of whether the clusters are accurately grouped into limb and
precordial leads. 12-lead ECG signals are used in this experiment.

Chapman
ST-MEM (Ours) MTAE MoCo v3
Accuracy 0.895 0.607 0.506

assigned to a Gaussian, as predicted limb or precordial lead labels. Then, we compute the accuracy
of whether the lead sample is correctly clustered into a frontal (i.e., limb leads) or horizontal (i.e.,
precordial leads) plane. Since the baseline methods, MTAE and MoCo v3, could not consider spa-
tial information, each representation of the ECG signal is randomly assigned to a cluster that causes
low accuracy. However, ST-MEM shows high accuracy since samples are grouped in the frontal or
horizontal plane.

5.5 ABLATION STUDY

Table 5 shows the importance of the lead indication mod- ) o
ule for ST-MEM. We conduct the linear evaluation in botable 5: Effectiveness of lead-wise in-
PTB-XL and CPSC2018datasets and compute the Audication module. Each score indicates
ROC score. Applying only spatio-temporal patchifyingi€ AUROC score.

without considering the lead type yields the lowest per- Method PTB-XL CPSC2018
formance. However, when we include lead-wise share‘EPLatioéempmi: Patg';ifyi“g 068:;2 068;111
encoder and each lead indication module (e.g., SEP e@éeEa‘P ewniizd;rg ecoder 0son  0.929
bedding, and lead embedding), the results of linear evaldy¢ag embedding (ours)y 0838 0.938
ation monotonically increase inGPSC201&lataset. This
demonstrates the effectiveness of spatial information while learning the general ECG representation.

5.6 INTERPRETATION OFST-MEM BY ANALYZING SELF-ATTENTIONS

By analyzing self-attention, we could observe that ST-MEM considers the ECG signal spatially and
temporally. Figure 5 is an attention map for a single lead Il query patch (i.e., red dashed box). Since
lead Il is spatially located in a frontal plane, the attention scores are generally high for limb leads.
This phenomenon explains why the ECG representation is clustered in the frontal or horizontal
plane. Moreover, from a temporal perspective, the patches show high attention scores if the signal
shape is similar to the query patch in that the ECG signal contains a periodic rhythm. Overall, we
could observe that ST-MEM incorporates both a spatial and temporal relationship of ECG signals.
In addition, instead of patchifying temporally or spatially, the spatio-temporal patchifying can also
bene t the cardiologist in diagnosing heart disease by analyzing the spatio-temporal self-attentions.
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6 RELATED WORKS

Our work is closely related to the recent work on self-supervised learning, such as contrastive and
generative learning, used widely in computer vision and natural language processing.

ECG on self-supervised learning.Recently, research employing deep learning for ECG analysis
has extended to a wide range of tasks, including the diagnosis of cardiac diseases such as arrhyth-
mia classi cation (Ribeiro et al., 2020; Hu et al., 2022; Jun et al., 2018; Strodthoff et al., 2020),
emotion recognition (Sarkar & Etemad, 2020), and patient identi cation (Oh et al., 2022; Li et al.,
2020). Furthermore, self-supervised learning is utilized to learn general representations, with some
studies focusing on contrastive learning methods. In contrastive learning, some papers apply con-
cepts such as semantic preservation after data augmentation (Chen et al., 2020; He et al., 2020),
to ECG data (Lai et al., 2023). Additionally, there is a study on the utilization of temporal invari-
ance and spatial invariance within a single ECG data to preserve semantics (Kiyasseh et al., 2021).
Some research combines CNN and transformer architectures to learn local and global features from
ECG data (Oh et al., 2022). In terms of generative learning, MaeFE (Zhang et al., 2022) applies
MAE (He et al., 2022), which patchi es temporally or spatially for analysis of ECG. Moreover,
some studies (Sawano et al., 2022) were conducted by applying spatio-temporal patchifying, shown
in Figure 2 (c), to acquire general ECG representation, but without lead-indicating modules, it is
challenging to learn the spatial relationship between leads.

Challenging on reduced lead ECG.Obtaining a standard

12-lead ECG, however, can be excessive and often requires

high-level clinical knowledge (Giannetta et al., 2020) that may

not be readily available. Therefore, recent advancements in

ECG technologies have resulted in the creation of smaller and

portable devices that can obtain the reduced lead set of 12-

lead ECG. This advancement promotes the research to ap-

ply a machine learning technique to a reduced lead ECG set-

ting (Kiyasseh et al., 2021; Hannun et al., 2019; Urtnasan

et al., 2022; Mathews et al., 2018). It is worth noting that

the reduced-lead ECG dataset is less abundant compared to

12-lead ECG, and there is research dedicated to addressing

this limitation. In the context of self-supervised learning,

RLM (Oh et al., 2022) was introduced to acquire robust repre- _ i

sentation to input ECG lead combinations. On the other hafégure 5: An illustration of an at-
in Knowledge Distillation approaches, there is a work that ufeNtion map. Attention scores from
lizes a model pre-trained on 12-lead ECG as a teacher md¥gh encoder layer and head are
and introduces a student model that takes a single lead a@¥graged.

put (Qin et al., 2023). This student model leverages the representation from the 12-lead ECG teacher
model.

7 CONCLUSION

In this work, we propose ST-MEM, Spatio-Temporal Masked Electrocardiogram Modeling, to learn
the general ECG representation, generally applicable to diverse ECG problems by incorporating the
spatial and temporal relationship of ECG signal. Through extensive experiments, we rst demon-
strate that ECG representation learned from ST-MEM can exhibit spatial relationships. Since limb
leads are measured in the frontal plane, while precordial leads are in the horizontal plane, each
representation from ST-MEM re ects that spatial information. Second, we observe the temporal
relationship through an attention map. Third, we evaluate the general ECG representation in various
experiments, such as reduced lead and low-resource settings. We believe that our work, providing
general ECG representation encapsulating the spatio-temporal relationship, can bene t the recent
healthcare industry. As part of our future work, we aim to explore the application of ST-MEM to
general multivariate time-series datasets. Our experimental results on the human activity recogni-
tion (Anguita et al., 2013) task can be found in Appendix C. Moreover, we will explore the vari-
ous transfer learning approaches (e.g., partially ne-tuning the pre-trained model (He et al., 2022))
to adapt to downstream tasks using general ECG representation instead of naively ne-tuning the
model.
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