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Abstract

Electronic health records (EHRs) provide a rich source of medical information across dif-
ferent modalities such as electrocardiograms (ECG), structured EHRs (sEHR), and un-
structured EHRs (text). Inspired by the fact that many cardiac and non-cardiac diseases
influence the behavior of the ECG, we leverage structured EHRs and unstructured EHRs
from multiple sources by pairing with ECGs and propose a set of three new multi-modal
contrastive learning models that combine ECG, sEHR, and text modalities and a supervised
large scale multi-task learning model trained to perform both classification and regression
tasks on a large number of cardiovascular diseases and lab test measurements to produce
robust representations of ECGs that can subsequently be used for a variety of downstream
tasks. The performance of these models is compared against different baseline models such
as supervised learning models trained from scratch with random weights initialization, and
self-supervised learning models trained only on ECGs. We pre-train the models on a large
proprietary dataset of about 9 million ECGs from around 2.4 million patients and eval-
uate the pre-trained models on various downstream tasks such as classification, zero-shot
retrieval, and out-of-distribution detection involving the prediction of various heart condi-
tions using ECG waveforms as input, and demonstrate that the models presented in this
work show significant improvements compared to all baseline modes.

1 Introduction

Electronic health records (EHRs) are generated for every patient encounter or event and are becoming
increasingly available in recent years. These are multi-modal in nature and capture rich phenotypic infor-
mation of the patients over time in the form of structured EHRs and unstructured EHRs. Structured EHRs
(denoted sEHR) contain information about diagnoses, procedures, medication prescriptions, lab tests, vitals,
and more, while unstructured EHRs encompass clinical notes, radiology images, pathology images, echocar-
diogram videos, time series ECG signals, etc. Recently multi-modal contrastive learning methods applied to
radiology and pathology images by pairing with the corresponding medical reports to learn medical image
representations (Zhang et al. |2022; Huang et al., 2021} |[Boecking et al., 2022; Bannur et al.l [2023} |Lu et al.
2023) have shown promising results on downstream tasks such as classification, image-text retrieval, etc.
These methods generally have two stages: i) In stage I, the model is pre-trained on large unlabelled data
to learn generic representations by maximizing the alignment between embeddings of different modalities in
latent space; ii) In stage II, the model is fine-tuned on a task-specific labeled dataset by transferring the
knowledge from the pre-trained model. However, ECG representation learning by pairing with EHRs via
multi-modal contrastive learning is less explored. Uni-modal contrastive learning similar to |Chen et al.
(2020al) has been applied to the ECG domain to learn ECG representations (Kiyasseh et al., 2021} |Diamant
et all 2022; |Gopal et al., |2021; Mehari & Strodthoff] |2022; |Oh et al., [2022), but they lack the ability to
compare different modalities in latent space using similarity metrics like cosine similarity for use in zero-shot
transfer learning. Also, contrastive learning using multi-modal data produces high-quality representations
as they exploit information from multiple sources and extract semantics by aligning with various modalities.

ECG is a simple, non-invasive test that records the electrical activity of the heart and is helpful in diagnosing
heart conditions and patient monitoring. In recent years, deep learning techniques have been employed on
ECG data to predict various heart conditions, even in cases where diagnostic criteria using ECGs have not
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been firmly established in clinical practice (Tison et al. 2019; [Hannun et al., [2019; |Galloway et al., |2019
Attia et al.l [2019a}bic; Ko et al.l [2020; [Adedinsewo et al, [2020; [Christopoulos et al., [2020; [Yao et al.l 2021
Siontis et all 2021} [Cohen-Shelly et al. [2021; [Bos et al., 2021} |Grogan et al., 2021; [Ahn et al., [2022). Su-
pervised learning models of this nature demand extensive, high-quality datasets with precise annotations to
achieve robust generalization on real-world data. Unfortunately, within the healthcare domain, acquiring
such labeled datasets is challenging, as they are scarce, expensive, and time-consuming to obtain due to
the necessity of trained physicians for the annotations. Motivated by the facts that, i) multi-modal con-
trastive learning applied to the general domain images (Radford et all 2021} Jia et al. 2021; |Goel et al.
2022)) as well as the medical domain images (Zhang et al.| 2022; Huang et al., 2021; [Boecking et al., [2022
Bannur et al., 2023; [Lu et all) 2023) by pairing images with text data has demonstrated promising results;
ii) ECG signals contain information related to both cardiovascular and non-cardiovascular diseases
; and iii) EHR data capture rich phenotypic information of the patients over time, we address
the challenges described previously by leveraging EHRs. We pair structured EHR and unstructured EHR
data with ECGs to learn ECG representations via multi-modal contrastive learning and multi-task learning.
In particular, we utilize International Classification of Diseases (ICD) diagnosis codes, ICD procedure codes,
medication prescriptions, lab test results, and echocardiogram measurements from the structured EHR cat-
egory and text data from various sources such as ECG reports, ECHO reports, radiology reports, pathology
reports, microbiology reports, clinical notes and surgical notes from the unstructured EHR category. Our
contributions are summarised as follows:

1. We propose sEHR-BERT, a BERT model pre-trained to encode sEHR modality for use in multi-
modal contrastive learning models.

2. We propose a set of three multi-modal contrastive learning models that combine sEHR, ECG, and
text modalities to learn ECG representations:

¢ ECG-sEHR: A model that combines ECG and sEHR modalities,
e ECG-Text: A model that combines ECG and text modalities,
« sEHR-ECG-Text: A model that combines sEHR, ECG, and text modalities.

3. We propose a large-scale multi-task learning model, ECG-MTL, which performs several classifica-
tion and regression tasks simultaneously on a large number of diseases and lab test measurements,
designed to play in the ECG domain akin to ImageNet’s in the general image domain.

4. We then compare the effectiveness of the pre-trained models on downstream tasks such as linear
classification, fine-tuning, zero-shot retrieval, and out-of-distribution detection with different baseline
models including supervised learning models trained from scratch with random initialization and
current state-of-the-art ECG-only self-supervised learning models.

2 Related Work

2.1 Contrastive Learning for General Domain Images

Self-supervised learning (SSL) using contrastive learning methods has emerged as a powerful pre-training
technique to learn generic representations of the data. These methods learn representations either i) by
pulling the embeddings of similar pairs (positive pairs) together and pushing the embeddings of dissimilar
pairs (negative pairs) apart in the latent embedding space; or ii) by contrasting cluster assignments. Some
of the notable works in computer vision include InfoNCE (Oord et al., 2018)), SimCLR (Chen et al., 2020al),
SimCLRv2 (Chen et al 2020b), MoCo (He et al., 2020, SupCon (Khosla et al.,|2020), SEER (Goyal et al.,
2021)), PIRL (Misra & Maaten) [2020), SwAV (Caron et al[2020), and PCL 2021). These methods
come under the category of uni-modal contrastive learning as they utilize only one type of data modality, i.e.,
images. Multi-modal contrastive learning by pairing general domain images with the corresponding image
captions to learn image-text embeddings jointly in the shared space (Radford et al., [2021} [Jia et al. 2021}
[Goel et all [2022) has shown impressive results on downstream tasks such as zero-/few-shot learning.
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2.2 Contrastive Learning for Medical Domain Images

Uni-modal contrastive learning based on SimCLR has been applied to medical domain images (Azizi et al.,
2021} [2022; [Ciga et al., |2022; \Wang et al., 2022 |Srinidhi & Martel, 2021} |Sowrirajan et all [2021) to learn
medical image representations. Motivated by some of the initial works in uni-modal contrastive learning,
ConVIRT (Zhang et al.,|2022) proposed a multi-modal contrastive learning method by pairing chest radiology
images with the corresponding radiology reports. [Huang et al.| (2021)) extended ConVIRT for learning local
and global representations by contrasting image sub-regions with words in the medical report. [Boecking et al.
(2022)); [Bannur et al.| (2023) made improvements in the radiology domain by leveraging longitudinal medical
images, building a domain-specific language model for radiology reports, and adding Masked Language
Modeling (MLM) loss to contrastive loss during joint vision-language pre-training. [Lu et al.| (2023) applied
multi-modal contrastive learning by pairing histopathology whole slide images with pathology reports. Our
multi-modal contrastive learning models are largely inspired by ConVIRT (Zhang et al.l [2022).

2.3 Contrastive Learning for Time Series ECG signals

SimCLR and the other aforementioned uni-modal contrastive learning models were developed for use in
computer vision. However, they have been adopted for use with time series ECG signals in subsequent
works (Kiyasseh et al. |2021; [Diamant et al., 2022 |Gopal et al., 2021; Mehari & Strodthoff, [2022; |Oh et al.,
2022)). The principle difference between CLOCS (Kiyasseh et all 2021)), PCLR (Diamant et al. 2022)) and
the 3KG (Gopal et al., [2021)) models is in the way the positive pairs are created. CLOCS treats consecutive
non-overlapping segments and/or leads of the same ECG as positive pairs. PCLR treats two ECGs of the
same patient as positive pairs. 3KG constructs positive pairs by applying spatial augmentations such as
rotation and scaling in vectorcardiogram (VCG) space after converting ECG to VCG, followed by temporal
augmentations such as time masking in ECG space after converting VCG back to ECG. |Cheng et al.| (2020)
introduced adversarial training to address intersubject variability while learning ECG representations using
contrastive learning. [Mehari & Strodthofl] (2022)) adapted SimCLR (Chen et all |2020a), CPC (Oord et al.,
2018), and SwAV (Caron et al. |2020)) to ECG domain to learn ECG representations. Recently, |Oh et al.
(2022)) proposed a pre-training method that combines CMSC from [Kiyasseh et al.| (2021) and Wave2Vec 2.0
(Baevski et al., [2020) from speech domain to learn local and global contextual ECG representations.

To the best of our knowledge, there is only one work that combines ECGs with other modalities. |Raghu
et al.| (2022) developed a SimCLR-like contrastive learning model that was pre-trained using multi-modal
clinical time series data such as ECG signals and structured time series data (labs and vitals). The model
utilizes 18-dimensional structured time series data from metabolic panel, blood pressures, heart rate, and
SpO2. The model is shown to have achieved improved or comparable performance over training from scratch
on two downstream tasks: (i) Elevated mPAP; and (ii) 24-hour mortality rate. To the best of our knowledge,
we are the first to fully utilize the large landscape of electronic health records to learn ECG representations.

3 Methods

3.1 sEHR-BERT: Structured EHR Model Pre-training

Several methods have been proposed to model structured EHRs based on BERT (Devlin et all [2018):
BEHRT (Li et al. 2020), Med-BERT (Rasmy et al., 2021), CEHR-BERT (Pang et al.l 2021), and CEHR-
GAN-BERT (Poulain et al., [2022). However, none of these pre-trained models are publicly available to
use in our work. Moreover, the vocabulary in our dataset may not be aligned with the vocabulary of the
mentioned models. So we developed sSEHR-BERT, a model pre-trained to encode sEHR data and produce
sEHR representations based on the BERT architecture (Devlin et al.l 2018). We used a vocabulary of size
28593, constructed from ICD diagnosis codes, ICD procedure codes, and medication prescriptions. These
are collectively referred to as medical codes in this work. The input to the model is a sequence of medical
codes sorted in ascending order based on medical codes’ timestamps. Each code is processed by adding
its corresponding medical code embedding, time embedding, and medical code type embedding and sent
to the transformer encoder. Time embeddings are constructed in a weekly manner based on the medical
code’s timestamp, which means that all codes that were generated in the same week have the same time
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embedding. Medical code type embeddings are divided into different categories (i.e., diseases, symptoms,
procedures, special tokens, etc.). We used a custom BERT model with the number of layers, hidden size,
and number of self-attention heads set to 5, 320, and 5 respectively. This model has 15M parameters. We
initialize the model weights randomly and follow the BERT (Devlin et al., [2018)) pre-training strategy, i.e.,
Masked Language Modeling (MLM) to learn the representations of the structured EHR sequences. We
minimize the MLM loss given by £ = — 4 fil log p (D, |Dyy; ©), where © are parameters of the model,
D = {Dy,D;,...,Dn} is the sequence of medical codes of length N, M = {mqg, m1,...,mk} are indices of
masked medical codes, and D,; denotes the set of unmasked medical codes. During training, the medical
codes are masked with a probability of 15%, and the model is trained with AdamW (Loshchilov & Hutter]
2019) optimizer and batch size of 512 for 100 epochs. We set an initial learning rate of 5e-4 and the learning

rate is reduced by a factor of 2 if the validation loss stops decreasing continuously for 2 epochs.

3.2 sEHR-ECG-Text: Joint sEHR, ECG and Text Pre-training

In the sEHR-ECG-Text model, we pair the ECG modality with sEHR and text modalities to jointly learn
multi-modal representations. MultiModal Versatile Networks (MMV) (Alayrac et al., |2020]), applied con-
trastive learning to video, audio, and text multi-modal data under the assumption that the video and audio
modalities are more granular than the text modality. MMV assumes that applying contrastive loss in shared
embedding space does not maintain the specificities, so two embedding spaces are learned i.e. a fine-grained
embedding space where video and audio are matched and a coarse-grained embedding space where text is
matched with video and audio domains. We hypothesize that sEHR, ECG, and text modalities do not ex-
hibit the same level of granularity. Moreover, the ECGs are paired with sEHR and text data in a given time
window surrounding the ECG acquisition timestamp, and tokens are trimmed based on the input length
accepted by the corresponding encoders as we describe in Sections and This implies that the
same level of information might not be maintained between sEHR and text, so we follow the framework
from MMV in our sEHR-ECG-Text model and compare ECG with sEHR in fine-grained joint ECG-sEHR
embedding space and ECG with sEHR and text in coarse-grained joint sEHR-ECG-Text embedding space.

We consider a dataset S = X; x X, x X; consisting of triplets {(z, z%, 21)} M, where 2! is the SEHR sequence
of the i-th example, x¢ is the ECG waveform of the i-th example, and z¢ is the text sequence of the i-th
example, M is the total number of examples in the training set and Xs, X, and X; denote the domain of
sEHR, ECG, and text respectively.

Let E,, : X,, = R% be a parameterized model mapping from modality m to a modality-specific embedding
of dimension d,,,, where m can be s, e, t for sEHR, ECG and text respectively. Let 2, be a shared embedding
space of different modalities where modality-specific representations are projected into to maximize or mini-
mize the alignment between different modalities using the contrastive loss objective. For example, Q.s, Qes,
and Qg+ denotes ECG-sEHR, ECG-Text and sEHR-ECG-Text shared embedding spaces respectively. Let
P,,_,. : R% — R% be a projection network, mapping from the representation of modality m of dimension
d., to the representation of dimension d, in shared embedding space €2,. In order to obtain the modality-
specific representations, we use a convolutional neural network (CNN) customized to one dimension (E.) for
the ECG modality, the pre-trained sSEHR-BERT (E;) as described in Section [3.1]for the sEHR modality, and
pre-trained GatorTron (Yang et al.,|[2022) (E;) for the text modality. Global average pooling is applied at the
final layer for all three encoders to obtain the representations. We use multi-layer perceptron (MLP) for the
projection network to embed modality-specific representations into shared space. We apply the contrastive
loss between ECG and sEHR in ECG-sEHR joint embedding space €5, and contrastive loss between ECG
and text in SEHR-ECG-Text joint embedding space ,.; so that specificities are maintained.

Let vf_n be the representation of x!, obtained by passing ¢, into modality specific encoder E,,, i.e.,_vfn =

Ep(x},), vh, . be the representation of 7, in the shared embedding space €2, obtained by passing v}, into

projection network P,,_,,, i.e., Ufn,z = P,,_.(v%)). To project a representation from one shared space to
another shared space, a different projection network is used. For example, to embed ECG representation
in ECG-sEHR shared space (v; ;) into sEHR-ECG-Text shared space (v i) to compare ECG modality

e,es

with text modality, we utilize a projection network P., .. : R%* — R% ie., vé)set = Pes_)set(véﬂes). We

assume that all the representations that are generated at different levels are Ly normalized, and we define
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Figure 1: Overview of the pre-training process for the sEHR-ECG-Text model. The model uses a contrastive
loss method that applies between the ECG and sEHR in the ECG-sEHR joint embedding space, as well as
between the ECG and text in the ECG-sEHR-Text joint embedding space. During ECG-sEHR pre-training,
the text branch is not used, while during ECG-Text pre-training, the sEHR branch is not used. In both
ECG-sEHR and ECG-Text pre-training, the P.s_,s.+(+) projection is not used.

the cosine similarity between two Ly-normalized vectors z,y € R% as, sim(z,y) = 7 - y. Following |[Zhang
et al.| (2022)), we define the contrastive objective in a bidirectional manner, i.e., in the case of contrastive loss
between ECG and sEHR domains, the loss is directed from ECG to sEHR as well as from sEHR to ECG and
similarly between ECG and text domains. In a given minibatch of size N, N ECG-sEHR, (z., zs) pairs are
considered positive, while the remaining N2 — N pairs are treated as negative. This same approach is applied
to ECG-Text (., ;) pairs. Let L.s be the contrastive loss between ECG and sEHR, L.; be the contrastive
loss between ECG and text, £ be the overall contrastive loss, A.s and A be scalar weights € [0,1] and
7 € Rt be the temperature parameter, then

r 1 i o exp (sim(vl ., 0L ..)/T) A exp (sim(v! ., 0L ..)/T) W
es — T 7 es 10 - — Xes) lo .
N ’ Yopsy exp (sim(vi ;08 ) /T) & S exp (sim (vl , vk )/ 7)

N . , .
1 exp (sTM (VY sop, Vi ser)/T
Lo =~ (Adkg P (SImVhsers Vhset IT) gy 1o

N . ;
Ek:l exp (Slm(vé,seu Uf,set)/T)

€xp (sz’m(vz,seh vé,set)/’r) )
N K ;
Zk:l exp (Szm(vz,set’ Us,set)/T)

(2)

=1

the combination of which gives the overall loss and we aim to minimize this loss.

L="Los+ Lot (3)
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3.3 ECG-sEHR: Joint ECG and sEHR Pre-training

In the ECG-sEHR model, we pair ECG signals with structured EHRs as we describe in more detail in
Sections and We apply contrastive objective between ECG and sEHR modalities in joint ECG-
sEHR embedding space (£.s), where we minimize the contrastive loss given in Equation

3.4 ECG-Text: Joint ECG and Text Pre-training

In the ECG-Text model, we pair ECG signals with clinical text data from unstructured EHRs as we describe
in more detail in Section [1.2.3] ECG and text embeddings are jointly learned by applying the contrastive
objective between ECG and text modalities in joint ECG-Text embedding space (£2¢;). Following the notation
introduced in Section we minimize the contrastive loss given by,

N

N
1 exp szmvee,ve T exp (Sim(vy o, Ve et)/T
tNZ<Aetlog (i (v “)k/) + (1= Aet) log (sim{of 1,0 tl/) > (4)
1 Zk 1 €Xp (szm(v(, ets Ut et)/T) D k=1 €XP (szm(vt et> Ve, f)/T)

3.5 ECG-MTL: Large Scale Multi-Task Learning Model

ECG-MTL model is a Multi-Task Learning (MTL) model trained in a supervised manner to simultaneously
predict 81 classification and 37 regression tasks with labels sourced from ECG reports, ECHO reports,
echocardiogram measurements, lab tests, age, and gender. In particular, for classification tasks, for each
ECG, we obtain the patient’s gender (male/female), the presence or absence of 75 heart conditions from
ECG reports commonly diagnosed by physicians using ECGs (e.g., left atrial enlargement, atrial fibrillation,
left bundle branch block, etc.), and the presence or absence of 5 valvular heart diseases from ECHO reports
(i.e., mitral regurgitation, tricuspid regurgitation, aortic regurgitation, aortic stenosis, and mitral stenosis).
For regression tasks, we obtain the patient’s age at ECG acquisition timestamp, 14 heart specifications
from ECHO measurements (e.g., left ventricular ejection fraction, aortic valve area, tricuspid regurgitation
velocity, etc.), and 22 blood, urine, other bodily fluid or tissue values, etc. from lab test records (e.g.,
serum-potassium, hemoglobin measurements, etc.). The motivation behind the MTL model is that common
ECG patterns across tasks will be learned better when compared to the individual models. This is achieved
by having a shared backbone network and a set of task-specific MLP heads on top of the backbone network
for each classification and regression task. We apply binary cross entropy loss for classification and mean
squared error loss for regression tasks and we minimize the loss obtained by adding the losses across tasks
using the random loss weighting strategy (Lin et al., [2022). We provide more details about the tasks used
and the performance of each task in Appendix [E]

4 Experiments and Results

4.1 Dataset Splits Setup

We used De-Identified EHR data of around 2.4 million patients from a medical center consisting of around
9 million ECGs to create datasets for pre-training and downstream tasks. We initially split all the patients
into the global train, validation, and test sets in a 60%, 5%, and 35% ratio, which are then used to create
pre-training datasets and disease cohorts for downstream classification tasks. In particular train, validation,
and test sets for pre-training and classification tasks are created by drawing the EHRs from the global train,
validation, and test patients respectively. In this way, the representation quality can be evaluated more
effectively on downstream tasks as the validation and test patients’ data was not seen in the pre-training
stage. This means that all datasets across tasks will have train, validation, and test split percentages roughly
close to 60%, 5%, and 35% respectively.
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4.2 Pre-training Datasets

In this section, we describe the creation of i) the SEHR sequences for SEHR-BERT pre-training; ii) ECG-
sEHR (z.,xs) pairs for joint pre-training of ECG and sEHR modalities; and iii) ECG-Text (z., z:) pairs for
joint ECG-Text pre-training, where x. represents the ECG signal, zs represents the sEHR sequence, and x;
represents text sequence. For joint SEHR-ECG-Text pre-training, we construct the triplets (x4, z., z;) by
considering (z¢, xs) and (z¢, x¢) pairs that have ECG paired with both sEHR and text data. We provide the
number of ECGs, number of patients in global splits and pre-training dataset splits in Table

4.2.1 Dataset for sEHR-BERT Pre-training

We utilize ICD-9 (International Classification of Diseases, Ninth Revision), ICD-10 (International Classifi-
cation of Diseases, Tenth Revision), CPT (Current Procedural Terminology), HCPS (Healthcare Common
Procedures Coding System) codes, and medication prescriptions to create the dataset for sSEHR-BERT pre-
training. Since ICD-9 codes are different from ICD-10 codes, but the corresponding text descriptions are
similar, we do a mapping from ICD-9 to ICD-10 to maintain the same phenotypic information. ICD-10
diagnosis codes are shortened to the first three characters as keeping four or more characters provides little
to no extra information for large-scale pre-training. For example, the corresponding text descriptions of
ICD-10 diagnosis codes 126.0 and 126.9 are pulmonary embolism with acute cor pulmonale and pulmonary
embolism without acute cor pulmonale respectively, but these come under a common disease category, i.e.,
pulmonary embolism (126). Shortened ICD-10 diagnosis codes, ICD-10 procedure codes, CPT codes, HCPS
codes, and medication prescriptions that have an association with at least 50 patients are considered in the
vocabulary. We present short ICD-10 vs full ICD-10 diagnosis codes ablation by keeping codes from other
sources constant in Section [£.6] A vocabulary of size 28593 is constructed based on shortened ICD-10 diag-
nosis codes, ICD-10 procedure codes, CPT codes, HCPS codes, and medication prescriptions for the main
results. To create the sEHR sequence for sEHR-BERT model pre-training we randomly select one sequence
of up to 512 consecutive medical codes from a given patient’s timeline. On average, the sequence length of
the resulting dataset is 168.

4.2.2 ECG-sEHR Pairs Generation

To create the ECG-sEHR, (z.,xs) pairs, we first select an ECG of a given patient, z., and consider all
the shortened ICD-10 diagnosis codes, ICD-10 procedure codes, CPT codes, HCPS codes, and medication
prescriptions associated with that patient within a period of one year prior, and one year subsequent, to the
acquisition timestamp of that ECG. The medical codes restricted to this time range are arranged sequentially
to form the sEHR input sequence x;. The average length of the constructed sequences is 121.

4.2.3 ECG-Text Pairs Generation

ECGs are paired with unstructured EHR text data from multiple sources. These include ECG reports,
ECHO reports, pathology reports, radiology reports, microbiology reports, clinical notes, and surgical notes.
These are collectively referred to as patient notes in this work. Although GatorTron-base (Yang et al.,|2022])
model accepts sequences of length up to 512, we were only able to use a maximum of 400 tokens after the
tokenization of the text because of computing resource constraints. At first, for a selected ECG z, of a
given patient, we take all the reports from patient notes that are available in a specific time window before
and after the ECG acquisition timestamp. To incorporate patient information from a longer timeline, we
select only the reports that contain an entity belonging to a pre-determined list of bio-medical entity types,
(i.e., diseases, symptoms, procedures, medications, biomarkers, and gene mutations) using an in-house NLP
model. This step is referred to as entity detection. Through this, we eliminate irrelevant data, capture long-
term dependencies, and potentially improve the quality of the representations. We then use two methods
for pairing ECGs with selected patient notes: i) report concatenation; and ii) entity concatenation. These
methods differ in how patient notes are processed after entity detection. In report concatenation, we use a
time window of 1 month and concatenate all the reports containing bio-medical entities. This resulted in an
average sequence length of 354 after tokenization. In entity concatenation, we use a time window of 1 year
and concatenate not the reports containing entities, but only the entities themselves to further extend the
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Table 1: ECG count, unique patient count, and disease prevalence for each downstream task cohort.

Train Validation Test
Disease #ECGs  #Patients Prev.(%) #ECGs #Patients Prev.(%) #ECGs #Patients Prev.(%)
Coronary atherosclerosis 19,281 10,589 38.78 1,604 870 39.66 11,290 6,088 39.13
Myocarditis 53,432 52,299 0.97 4,366 4,260 1.17 31,715 30,984 1.02
Cardiac amyloidosis 34,465 20,011 8.54 2,795 2,462 8.04 20,071 17,508 8.51
Pulmonary hypertension 200,777 73,908 14.71 16,132 6,091 14.10 115,602 42,893 14.34
Low LVEF 166,702 166,702 7.58 13,814 13,814 7.69 97,109 97,109 7.48
AFib in NSR 1,455,626 514,871 7.28 42,627 42,627 7.45 301,022 301,022 7.32

timeline. This resulted in an average sequence length of 266 after tokenization. We use entity concatenation
for the main results as it yielded better results when compared to report concatenation. We also present the
report concatenation vs entity concatenation ablation in Section [£.6]

4.3 Classification Datasets

In this section, we provide the details of the classification datasets that are used in linear classification and
fine-tuning tasks. We evaluate the pre-trained models on both internal and external datasets.

4.3.1 Internal Datasets

We target six cardiac diseases whose diagnostic criteria using ECGs haven’t been established in clinical
practice, i.e., either the patterns to identify these diseases from ECG are not known or ECG is not the gold
standard for definitive diagnosis. These include coronary atherosclerosis, myocarditis, cardiac amyloidosis,
pulmonary hypertension (PH), low left ventricular ejection fraction (low LVEF i.e., LVEF<40), and atrial
fibrillation in normal sinus rhythm (AFib in NSR). These diseases are diagnosed by other means and the
diagnostic information is available in EHRs. For example, to diagnose PH, an invasive, right heart catheter-
ization (RHC) procedure is performed and to identify low LVEF, an echocardiogram test is performed. we
utilize EHRs to associate ECGs with these diseases and generate labels. In particular, we used the fol-
lowing works to create the disease cohorts: cardiac amyloidosis (Grogan et al. 2021)), low LVEF (Attia
et al., [2019a), PH (Wagner et al.), and AFib in NSR (Attia et al., |2019¢|). In order to create the coronary
atherosclerosis disease cohort, we utilized the coronary artery calcium score (CAC score) which is obtained
through computed tomography (CT) test in clinical settings. The positive group was defined as having a
CAC score greater than 300. Controls were defined as patients who have undergone a CT with no observed
coronary artery calcification (i.e., CAC score of 0) The cohort details describing patient count, ECG count
and prevalence for each disease are given in Table[T]

4.3.2 External Datasets

We also test all pre-trained models on two publicly available datasets: i) PhysioNet2020 (Alday et al.l
2020), which is itself a collection of six 12-lead ECG datasets sourced across the world with varying signal
lengths and sampling rates; ii) Chapman (Zheng et al. 2020), which contains 10-second long, 12-lead
ECGs of 10,646 patients. The details about each dataset are given in Table Following |Gopal et al.| (2021))
we merge some of the conditions from the list of 27 conditions in PhysioNet2020 due to their similarity,
i.e., complete right bundle branch block and right bundle branch block, premature atrial contraction and
supraventricular premature beats, premature ventricular contractions and ventricular premature beats, 1st-
degree atrioventricular block and prolonged PR interval, and evaluate on 23 distinct classes. Following |[Zheng
et al.| (2020)), we also merge 11 cardiac arrhythmia conditions of the Chapman dataset into 4 major classes.
The conditions in these datasets are commonly diagnosed by physicians directly using ECG, unlike the
diseases in our proprietary internal classification datasets. During evaluation, we resample the datasets
whose sampling rate is not 500Hz to 500Hz and we take a 5-second long random crop from each ECG record.
We split both datasets into 60%, 10%, and 30% for training, validation, and testing respectively.
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4.4 Baseline Models

Random initialization models We train binary classification models on all individual diseases from
scratch using the same ECG encoder used while pre-training by randomly initializing the weights.

ECG-only contrastive learning models We compare our models with the current state-of-the-art ECG-
only self-supervised learning models. In particular, we compare against the 3KG (Gopal et al.| 2021)), CLOCS
(CMSC) (Kiyasseh et al., [2021)) and PCLR (Diamant et al., |[2022)) models. For identical comparison, we pre-
train all three models using the same global splits that we used for the multi-modal contrastive pre-training
but with only ECG signal as input and we also use the same ECG encoder that we used while pre-training
multi-modal contrastive learning models.

4.5 Downstream Tasks and Results

In this section, we evaluate the pre-trained models’ transfer learning capabilities and compare them with
different baseline methods on various downstream tasks such as classification, zero-shot retrieval, and out-
of-distribution (OOD) detection.

4.5.1 Classification Tasks

We evaluate the pre-trained models on linear classification and fine-tuning tasks. After pre-training, we
assess the quality of the representations by extracting embeddings from the pre-trained ECG encoder by
passing ECG waveform as input and then employ logistic regression models to train on various cardiovascular
diseases using both internally created and publicly available datasets as outlined in Section[4.3] In fine-tuning
tasks, we add a classification head (MLP) on top of the pre-trained ECG encoder and fine-tune the entire
network. We compare our pre-trained models with various baseline models as described in Section [£.4] One
of the most useful applications of pre-trained models is in providing downstream tasks with data efficiency,
which refers to a model’s performance remaining roughly constant despite a reduction in the amount of data
used to train it. This is very valuable when a large amount of labeled data is not available due to the low
prevalence of the diseases or is too expensive to procure. To demonstrate the data efficiency of different pre-
training methods, we create different fractions (1%, 10%, 100%) of the training set by maintaining roughly
the same prevalence as the original prevalence of the full training set. For low data environment diseases
such as coronary atherosclerosis, myocarditis, and cardiac amyloidosis, we drop 1% split. This is because
even the complete cohort sizes are relatively small. We use the area under the ROC curve (AUROC) as our
evaluation metric. We execute five separate runs with different seeds for each split of each disease and report
the average AUROC score. In the case of internal datasets, we report the AUROC score using a single run
on the 100% split to ensure that train, validation, and test sets remain separate, as specified in section
On external datasets, we report the AUROC score averaged over all disease classifiers.

Results Table [3| shows the performance (AU- Table 2: Linear classification results (AUROC, aver-
ROC) of various disease linear classifiers and Table[d] aged over five independent runs) on external datasets,
shows the performance (AUROC) of various disease i.e., PhysioNet2020 (23 classes) and Chapman (4
fine-tuned classification models. We also present lin- classes).

ear classification results on external datasets in Ta-

ble i) We observe that linear classifiers trained PhysioNet2020 Chapman
using representations obtained from our pre-trained  ethod 1% 10%  100% 1% 10%  100%
models consistently outperform all baseline models ECG-only SSL
by large margins across different fractions for all dis- 3k 6751 7637 8571 0045 9631  98.50
eases. ii) We find that classification models fine- CLOCS(CMSC) 6626 7449  85.79 82.34  89.10  94.37
tuned by initializing with our pre-trained models’ PCLR 65.26 7543  83.24 7234 8221 90.98
weights outperform all baseline models by a large  Our models
margin in low-data environments and by a small sEHR-ECG-Text 70.71 79.27  89.20 94.02 97.38  98.92
margin in high-data environments. ii) We have no- ~ECG-sEHR 68.60  78.20  88.02 89.23 9554 98.07
ticed that our pre-trained models, when trained on ECG-Text 73.00  81.40  89.49 97.09 98.33  99.14
ECG-MTL 69.18 7538 83.86 93.44 97.03 98.84

just 10% of the training data for various diseases,
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Table 3: Linear classification performance (AUROC) on coronary atherosclerosis, myocarditis, cardiac amy-
loidosis, pulmonary hypertension, low LVEF, AFib in NSR diseases across different fractions of the training
set, i.e. 1%, 10%, 100%. Results are compared with random initialization and ECG-only SSL methods.

Coronary Cardiac Pulmonary

i Myocarditis L X Low LVEF AFib in NSR

atherosclerosis amyloidosis hypertension
Method 10% 100% 10% 100% 10% 100% 1% 10% 100% 1% 10% 100% 1% 10% 100%
Supervised Baseline
Random Init. 77.06  82.55 74.63  86.32 91.42 9447 81.16 88.79  92.85 85.35  92.06 94.38 83.84 89.62 92.19
ECG-only SSL
3KG 72.77  79.14 72.28  82.90 87.21  90.82 79.63  85.98 87.22 85.06  90.23  91.46 82.61 86.56  86.78
CLOCS (CMSC) 74.70  80.41 66.45 7821 88.22  91.68 78.95 85.69  87.08 86.42  90.40  91.62 81.99  86.09 86.55
PCLR 76.46  82.58 71.91 8210 89.85  92.71 84.57  89.51  90.70 89.33  92.66  93.59 86.45  89.62  90.08
Our models
sEHR-ECG-Text 84.16 88.98 86.05  89.85 93.66 95.84 90.08  93.09 93.85 91.00 94.05 95.13 90.03 9249 92.31
ECG-sEHR 83.68 89.05 86.48 90.25 93.37 95.84 90.40 9321 93.99 90.98  94.09  95.08 90.06 92.67 92.56
ECG-Text 82.27  87.52 79.91  88.84 92.36  94.77 89.30 9241  93.06 90.25  93.67  94.68 89.47  91.89  91.53
ECG-MTL 80.55  86.04 76.29  88.06 9249  95.72 89.39 93.30 94.08 90.17 94.52 95.56 88.35 9145 91.56

Table 4: Fine-tuned performance (AUROC) on coronary atherosclerosis, myocarditis, cardiac amyloidosis,
pulmonary hypertension, low LVEF, AFib in NSR diseases across different fractions of the training set, i.e.
1%, 10%, 100%. Results are compared with random initialization and ECG-only SSL methods.

Coronary Myocarditis Cardiac Pulmonary Low LVEF AFib in NSR

atherosclerosis amyloidosis hypertension
Method 10% 100% 10% 100% 10% 100% 1% 10% 100% 1% 10% 100% 1% 10% 100%
Supervised Baseline
Random Init. 77.06  82.55 74.63  86.32 91.42 9447 81.16  88.79  92.85 85.35 92.06 94.38 83.84 89.62 92.19
ECG-only SSL
3KG 74.31  82.70 72.58  85.30 90.37  94.56 79.46  89.02  92.58 86.83  92.12  94.38 83.94 89.93 92.10
CLOCS (CMSC) 78.16  80.23 72.92  86.69 90.86  94.89 83.36  89.22  92.55 89.54 92,57  94.36 84.95 89.75  91.88
PCLR 80.65  83.51 71.50  85.57 92.67  95.20 86.89  91.15  93.23 90.55  93.76  94.87 87.48 90.54  92.08
Our models
sEHR-ECG-Text 87.92  89.12 86.04 90.77 94.80  96.32 91.61 93.34  93.80 93.37  94.16  95.10 91.28 91.76  92.70
ECG-sEHR 88.01 89.35 86.08 90.59 94.90 96.37 91.85 93.53 94.16 93.19  94.11  94.99 91.74 91.89 92.74
ECG-Text 86.86  88.08 85.39  89.35 94.09  95.98 90.75 9249  93.40 92.85 93.62 94.92 90.67 9145 92.35
ECG-MTL 85.16  86.20 83.31 87.23 94.51  96.14 92.19 93.65 94.31 93.89 94.79 95.47 89.85 91.98 92.93

produce classification results that are just as good or even better (highlighted in boldface) than those
obtained by training on all the training data using the baseline models, showing the effectiveness of our
pre-trained models for data efficiency. iv) We also show that our models consistently outperform all baseline
models on external datasets on linear classification tasks, showing the generalization ability to other datasets.
v) We observe that the ECG-MTL model performs the best on low LVEF and PH diseases. We speculate
the reason for this is, LVEF which is used to diagnose low LVEF, i.e., LVEF <40, and tricuspid regurgitation
velocity (TRV) which is a suggestive factor to diagnose PH, although not accurate, are part of the regression
tasks in the ECG-MTL model.

4.5.2 Retrieval Tasks

Following (Zhang et al., [2022)), we also evaluate the pre-trained models on two zero-shot retrieval tasks: i)
Zero-shot ECG-ECG Retrieval, ii) Zero-shot Text-ECG Retrieval. We used data only from the global test
split to create the queries and candidates for the retrieval tasks. For a given query, we rank the candidates
by computing the cosine similarity between the representations of the query and the candidates obtained
from pre-trained encoders. For the Text-ECG retrieval task, we obtain ECG and text embeddings from
shared ECG-Text embedding space ).;. We report the precision@k metric for k=100, 500, and 1000, which
represents the percentage of top k ranked candidates that are relevant to the query.

10
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Zero-shot ECG-ECG Retrieval We take 1000 different ECGs as search queries for each of the 41
cardiovascular conditions that are based on ECG reports. For every condition, we select 100,000 candidate
ECGs, of which 10,000 are classified as positive for the condition and 90,000 are classified as negative for
the condition. The query ECGs and positive candidate ECGs are completely exclusive.

Zero-shot Text-ECG Retrieval We choose Table 5: Zero-shot ECG-ECG retrieval and Text-ECG
1000 distinct ECG reports as search queries for each retrieval results. The random category results are from
of the 41 cardiovascular conditions. For each of the random guesses. PQk denotes Precision@k.
conditions, we choose 100,000 ECGs, out of which

10,000 ECGs show the condition and 90,000 ECGs ECG-ECG Retrieval Text-ECG Retrieval
have no connection to the condition. We also make  Method ~ P@100 P@500 P@1000 P@100 P@500 P@1000
sure that no ECG corresponding to the 1000 distinct 5, qom 1000 1000 10.00 1000 1000  10.00
ECG.report queries is chosen as a candidate for the POLR 54l 3531 3374

positive set. 3KG 4035 3734 35.74

Table Blshows the zero-shot ECG-ECG retrieval and CLocs A8 3T68 8582

ECG-Text retrieval results. Our multi-modal ECG- ~ECG-Text 55.13 49.47 46.33 7302 66.92 63.58

Text model outperforms random (random guess)
and ECG-only contrastive learning models by a large margin on both tasks.

4.5.3 Out-of-Distribution Detection

It is observed that the representations learned via self- Table 6: Out-of-distribution detection re-
supervised learning techniques help to better distinguish be- sults using ECG representations obtained
tween in-distribution (IND) and out-of-distribution (OOD) from the PH disease model and generic ECG
datasets. We demonstrate this using representations obtained representations obtained from the ECG-
from our ECG-sEHR model to differentiate between two dis- sEHR model. sig. denotes significance level.
parate ECG datasets. We take the proprietary ECG pul-

monary hypertension (PH) cohort as the IND dataset and  pfetric ECG-sEHR  PH
Holter ECGs (ECG recorded continuously over 24 hours or

longer) from the open-source St Petersburg INCART 12-lead  Rejection at 1% sig. 13.94 10.35
Arrhythmia Database (Tihonenko et al., 2008) as the OOD  Rejection at 5% sig. 49.67 29.87
dataset. Non-overlapping 10-second long segments are taken N v 00D AUC 7570 62.00

from Holter ECGs and resampled to 500Hz to be consistent
with ECGs from the IND PH dataset. We use the relative Mahalanobis distance (RMD) (Ren et al., [2021))
method which is based on the Mahalanobis distance of embeddings from the distribution of the nearest pre-
dicted class, to determine whether the data is in-distribution or out-of-distribution. We compare the results
obtained using representations extracted from the ECG-encoder of the pre-trained ECG-sEHR model with
that of the representations obtained from the penultimate layer of the PH binary classifier trained from
scratch on the PH cohort and show that the rejection rate at different significance levels is much higher
in the case of ECG-sEHR model. The results are given in Table [6] which clearly shows that generic ECG
representations are better at detecting out-of-distribution data compared to disease-specific representations.

4.6 Ablation Study

We perform two ablations: i) short ICD-10 vs full ICD-10 codes in sSEHR modality as described in and
ii) report concatenation vs entity concatenation in text modality as described in We performed these
two ablations using bi-modal contrastive learning models to understand the affect of each component. We
performed short ICD-10 vs full ICD-10 codes ablation using ECG-sEHR model and report concatenation vs
entity concatenation ablation using ECG-Text model. A vocabulary of size 28593 and 42355 is used for short
ICD-10 and full ICD-10 codes respectively. we show the ablation study results on the linear classification
task in Table[7] The difference in performance between short ICD-10 and full ICD-10 codes is very minimal
which can be attributed to the point that full ICD codes provide little to no extra information, whereas
in report concatenation vs entity concatenation ablation, entity concatenation yielded better results in the
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Table 7: Ablation study results. Linear classification performance (AUROC) comparison between short ICD
codes vs full ICD codes and report concatenation vs entity concatenation.

Coromary — \pocarditis  Cordiac - Pulmonary R AFib in NSR
Method atherosclerosis amyloidosis  hypertension
ECG-sEHR
Short ICD-10 codes 89.05 90.25 95.84 93.99 95.08 92.56
Full ICD-10 codes 88.87 90.10 95.66 94.00 95.14 92.72
ECG-Text
Report concatenation 88.18 89.72 93.41 91.85 93.44 91.19
Entity concatenation 87.52 88.84 94.77 93.06 94.68 91.53

majority of the diseases. We speculate that the reason for this is, entity concatenation captures better
long-term dependencies than report concatenation as we incorporate information from 1 year around ECGs.

5 Conclusion

The EHRs utilized in this study have undergone a rigorous de-identification process, guaranteeing the utmost
privacy and data security. These records have received approval from the Institutional Review Board (IRB)
of the medical center, ensuring compliance with ethical guidelines and regulations. Consequently, there are
no privacy or data security issues associated with the use of these de-identified EHRs. Our work introduces
a series of three multi-modal contrastive learning models and a multi-task learning model. These models
leverage both structured and unstructured EHRs to produce high-quality ECG representations. We have
demonstrated that our pre-trained models outperform randomly initialized models and other ECG-only
contrastive learning models by a wide margin on classification and retrieval tasks. Specifically, we perform
the classification tasks using ECGs on cardiovascular diseases whose definitive diagnoses are obtained from
more expensive and /or invasive tests in clinical settings. This is a significant breakthrough as ECG tests are
widely available, non-invasive, and less expensive. Furthermore, our ECG representations have been shown
to excel in detecting out-of-distribution data when compared to disease-specific representations.

6 Future Work

In this work, we make use of both structured EHRs and unstructured EHR text data to learn ECG rep-
resentations. However, there are additional modalities present in unstructured EHRs such as images (MRI
scans, CT scans, X-rays, and histopathology images related to cardiology), videos (echocardiograms/heart
ultrasounds), and time-series signals (heart and lung sounds), which can provide even more meaningful infor-
mation through multi-modal contrastive learning. Another interesting future work would be the integration
of federated learning frameworks to leverage multi-institutional medical data. This approach aims to capture
a more diverse range of patient information, leading to enhanced ECG representation learning. While the
disease models presented in this study undergo training and testing using real-world datasets, it is of ut-
most importance to conduct clinical validation across a diverse set of health systems before deploying them.
This ensures that the models are equitable, unbiased, and trustworthy. We hope our work will serve as an
inspiration for future endeavors in harnessing multi-modal EHR data to learn robust ECG representations.
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Appendix
A Training Details

We execute all pre-training and classification tasks using 2 Nvidia V100 (16G) GPUs. However, for the
pretraining tasks involving the text domain, we utilize 2 Nvidia A100 (40G) GPUs. All the original ECGs
consist of 12 leads and are 10 seconds long with a sampling rate of 500Hz. During training, we use a random
crop of 5 seconds in length, i.e., 2500 samples. We optimize all pre-training and classification models with
AdamW optimizer (Loshchilov & Hutter, 2019) with (51, 82) set to (0.9, 0.999).

Pre-training Details We initially pre-train sEHR-BERT as described in Section [3.1] For multi-modal
contrastive pre-training, we initialize the sEHR encoder with sEHR-BERT model weights and the text
encoder with GatorTron-base (Yang et al., [2022) model weights. GatorTron-base (Yang et al.l [2022) is a
345M-parameter language model pre-trained on large amounts of de-identified clinical notes (80B words)
from the University of Florida Health System, having a vocabulary of size 50176. We use BERT and
Megatron-BERT implementation offered by the Huggingface transformers library (Wolf et al.| 2020]) for
sEHR and text encoders respectively. For the ECG encoder, we use ResNet-like architecture (He et al.)
2016)) customized to 1 dimension which consists of around 1M parameters. The ECG encoder is initialized
randomly. More details about the architecture of the ECG encoder used are provided in Appendix [C] In
joint pre-training, we freeze the first 3 and 18 layers of sEHR and text encoders respectively, and fine-tune
the remaining layers. Following |Zhang et al.| (2022)), we set Aes, Aet, and 7 to 0.5, 0.5, and 0.1 respectively.
We used a batch size of 256 and an initial learning rate of le-4. The learning rate is reduced by a factor of
2 if the validation loss stops decreasing continuously for 2 epochs and we early stop the training based on
validation loss with an early stopping patience of 10 epochs.

Classification Details For classification tasks, we add a two-layered MLP head on top of the ECG en-
coder. We also add dropout layers after each hidden layer with a dropout probability of 0.2 for regularisation.
A batchsize of 128 is used for all classification models. We used an initial learning rate of le-3 for random
initialization training for all diseases. For fine-tuning, we used an initial learning rate of le-3 for coronary
atherosclerosis and myocarditis tasks, and le-4 for cardiac amyloidosis, pulmonary hypertension, low LVEF,
and AFib in NSR tasks. The learning rate is reduced by a factor of 2 if the validation score stops increasing
continuously for 2 epochs and we early stop the training based on validation loss with an early stopping
patience of 10 epochs. During fine-tuning, we initialize the ECG encoder with the pre-trained ECG encoder
weights and warm up the classification head (MLP) for 1024 steps by freezing the backbone network weights
and then fine-tuning the entire network. During prediction, we take 6 consecutive 5-second long crops with
a stride of 1 second from the original 10-second long ECG. The median of the predictions of these 6 crops is
taken as the final prediction for computing the AUROC score.

B Global Splits and Pre-training Dataset Splits Details

Table 8: Number of ECGs and number of patients in global splits and pre-training dataset splits.

Train Validation Test Total
Model #ECGs  #Patients #ECGs #Patients #ECGs  #Patients #ECGs  #Patients
Global Splits 5,479,435 1,463,009 450,775 121,932 3,210,110 853,477 9,140,320 2,438,418
sEHR-BERT - 1,167,991 - 97,333 - - - -
ECG-sEHR 4,553,278 1,196,478 373,649 99,608 - - - -
ECG-Text 5,416,467 1,423,999 445,342 118,628 . . . .
sEHR-ECG-Text 4,526,686 1,177,903 371,367 98,013 - - - -
ECG-MTL 5,462,181 1,455,805 449,432 121,387 3,200,116 849,414 9,111,729 2,426,606
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C ECG Encoder Details

We use ResNet-like architecture (He et al., 2016) customized to 1 dimension for time series ECG signals.
This consisted of eight 1D convolution layers based on the basic block of ResNet. Details of each layer are
given in Table[9] All convolutional layers employ Batch normalization and ReLU activation function and a
stride of 2. We add two fully connected layers with hidden sizes 128 and 64 on top of the backbone CNN
architecture for classification tasks. We use the same architecture for all pre-training methods.

Table 9: ECG encoder details. IC: Input Channels, OC: Output Channels, K: Kernel size.

Layer Layer type IC OC K
1 Conv 12 32 5
2 Conv 32 32 5
3 Conv 32 64 5
4 Conv 64 64 3
5 Conv 64 128 3
6 Conv 128 128 3
7 Conv 128 256 3
8 Conv 256 256 3

D External Classification Dataset Details

The details of the PhysioNet2020 (Alday et all |2020) and Chapman (Zheng et all [2020) datasets are
summarized in Table [I0l

Table 10: Details of the PhysioNet2020 and Chapman datasets.

Dataset #ECGs #Patients Signal length Sampling rate
PhysioNet2020

CPSC2018 6,877 6,877 6-60 secs 500 Hz
CPSC extra 3,453 3,453 6-60 secs 500 Hz

St Petersburg INCART 74 32 30 mins 257 Hz
PTB 516 516 - 1000Hz
PTB-XL 21,837 21,837 10 secs 500 Hz
Georgia 10,344 10,344 10 secs 500 Hz
Chapman

Chapman 10,646 10,646 10 secs 500 Hz

E Multi-Task Learning Model Details

The performance of the ECG-MTL model on classification tasks can be found in Table while Table
presents the model performance on regression tasks.
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Table 11: The performance of classification tasks (AUC) and the source of labels for the ECG-MTL model.

Condition Source AUC  Condition Source  AUC
Mitral Stenosis ECHO 0.9664 Inferior Injury ECG 0.9826
Aortic Stenosis ECHO 0.9186 Junctional Escape Beats ECG 0.9823
Mitral Regurgitation ECHO 0.9129 Right Axis Deviation ECG 0.9806
Tricuspid Regurgitation ECHO 0.9099 Incomplete LBBB ECG 0.9805
Aortic Regurgitation ECHO 0.8551 Ectopic Atrial Rhythm ECG 0.9795
4:1 AV Block ECG 0.9992  Short PR Interval ECG 0.9789
Complete RBBB ECG 0.9989 Premature Atrial Complexes ECG 0.9787
Atrial Fibrillation ECG 0.9987  Ventricular Escape Beats ECG 0.9781
Complete LBBB ECG 0.9984  Anterior Injury ECG 0.9769
Sinus Tachycardia ECG 0.9984  Left Ventricular Hypertrophy ECG 0.9745
Sinus Bradycardia ECG 0.9979  Wandering Atrial Pacemaker ECG 0.9739
Bifascicular Block ECG 0.9970  Second degree AV Block Type I ECG 0.9738
Junctional Tachycardia ECG 0.9966 Left Axis Deviation ECG 0.9728
Ventricular Pacemaker ECG 0.9959  Acute Pericarditis ECG 0.9727
Dualchamber Pacemaker ECG 0.9958 Gender ECG 0.9724
Variable Av Block ECG 0.9956  Wolff Parkinson White ECG 0.9716
Junctional Bradycardia ECG 0.9956  Anteroseptal Infarct ECG 0.9716
Biventricular Hypertrophy ECG 0.9954 Incomplete RBBB ECG 0.9696
Third Degree AV Block ECG 0.9950 Low QRS Voltage ECG 0.9692
Multifocal Atrial Tachycardia ECG 0.9950 Second degree AV Block Type I ECG 0.9692
Atrial Flutter ECG 0.9948  Dextrocardia ECG 0.9691
Supraventricular Tachycardia ECG 0.9946 Lateral Infarct ECG 0.9672
Ventricular Tachycardia ECG 0.9941 Early Repolarization ECG 0.9652
Anterolateral Injury ECG 0.9935 3:1 AV Block ECG 0.9649
Ectopic Atrial Tachycardia ECG 0.9934  Left Atrial Enlargement ECG 0.9647
Right Superior Axis Deviation ECG 0.9933 Nonspecific IVCD ECG 0.9634
Inferolateral Injury ECG 0.9929  Prolonged QT ECG 0.9602
Biatrial Enlargement ECG 0.9926  Inferior Infarct ECG 0.9584
Premature Ventricular Complexes ECG 0.9921  Posterior Infarct ECG 0.9520
Ectopic Atrial Bradycardia ECG 0.9920  Sinus Arrhythmia ECG 0.9505
Left Posterior Fascicular Block ECG 0.9911  Septal Infarct ECG 0.9434
Trifascicular Block ECG 0.9904  Anterior Infarct ECG 0.9423
Idioventricular Rhythm ECG 0.9904 Premature Junctional Complexes ECG 0.9420
Lateral Injury ECG 0.9898 ST Depression ECG 0.9400
QRS Widening ECG 0.9895 ST Elevation ECG 0.9390
Left Anterior Fascicular Block ECG 0.9892  Non-Specific T Wave Changes ECG 0.9316
First Degree AV Block ECG 0.9888 T Wave Inversion ECG 0.9251
Right Ventricular Hypertrophy ECG 0.9886 Normal ECG ECG 0.9248
Right Atrial Enlargement ECG 0.9865 ST And T Wave Abnormality ECG 0.9158
Junctional Rhythm ECG 0.9857 Poor R Wave Progression ECG 0.9034
Anterolateral Infarct ECG 0.9850 ST Segment Abnormality ECG 0.8585
Normal Sinus Rhythm ECG 0.9848
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Table 12: The performance of regression tasks and the source of labels for the ECG-MTL model.

Pearson Spearman R?

Measurement Source

correlation correlation  score
Age ECG 0.8699 0.8273 0.7544
Wall Motion Score Index ECHO 0.7513 0.7706 0.5627
Left Ventricular EF ECHO 0.7145 0.5812 0.5090
Left Ventricular Mass ECHO 0.7072 0.7017 0.5001
Left Atrial Volume ECHO 0.6965 0.7068 0.4839
Left Ventricle End Diastolic Diameter ECHO 0.6894 0.6386 0.4749
Mitral Valve E to E’ Ratio ECHO 0.6154 0.6294 0.3777
Interventricular Wall Thickness ECHO 0.6040 0.5486 0.3633
Tricuspid Regurgitation Velocity ECHO 0.5844 0.5458 0.3395
Tricuspid Annular Plane Systolic Excursion ECHO 0.5652 0.5788 0.3183
Left Ventricular Posterior Wall Diastolic Thickness ~ECHO 0.5623 0.5163 0.3155
Aortic Valve Area ECHO 0.5139 0.5003 0.2625
Aortic Valve Systolic Peak Velocity ECHO 0.5048 0.4731 0.2510
Aortic Valve Systolic Mean Gradient ECHO 0.5007 0.5331 0.2459
MC CV Dimensionless Index ECHO 0.4979 0.4841 0.2441
Hemoglobin Lab Test 0.6550 0.6402 0.4279
Natriuretic Peptide B Prohormone N Terminal Lab Test 0.6037 0.7756 0.3635
Potassium in Serum or Plasma Lab Test 0.5662 0.5170 0.3170
Cholesterol in HDL in Serum or Plasma Lab Test 0.5412 0.5433 0.2914
Creatinine Lab Test 0.5359 0.4949 0.2830
Urea Nitrogen Lab Test 0.5201 0.5034 0.2701
Urate Lab Test 0.5028 0.5088 0.2517
C Reactive Protein, in Serum Plasma Blood Lab Test 0.4837 0.5816 0.2331
Troponin I, Cardiac Lab Test 0.4713 0.5296 0.2210
Hemoglobin A1C, Blood Lab Test 0.4593 0.4627 0.2102
Lymphocytes 100 WBCs Lab Test 0.4430 0.5127 0.1956
Glucose in Serum, Fasting Lab Test 0.4403 0.4614 0.1918
Total Cholesterol [Massvolume] in Serum or Plasma Lab Test 0.4356 0.4453 0.1876
Creatinine Kinase (MB) Lab Test 0.4313 0.3138 0.1680
Total Bilirubin Lab Test 0.3949 0.3274 0.1484
Sodium in Serum, Plasma or Blood Lab Test 0.3854 0.3355 0.1470
LDL Cholesterol in Serum or Plasma Lab Test 0.3808 0.393 0.1434
Cholesterol, VLDL, Serum Plasma Lab Test 0.3763 0.3935 0.1397
Triglyceride in Serum or Plasma Lab Test 0.3545 0.4494 0.1250
D-dimer Lab Test 0.2902 0.3133 0.0828
Lactate Dehydrogenase (LDH), Serum Lab Test 0.2865 0.4176 0.0785
Estimated Glomerular Filtration Rate (eGFR) Lab Test 0.2843 0.2382 0.0729
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