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ABSTRACT

Development of Al for age prediction using ECG and
the search for validity of Al-predicted ECG-age
as a biomarker of atrial fibrillation risk

Background: Applying artificial intelligence (Al) algorithms to 12-lead
electrocardiograms (ECGs) to predict age is emerging as a promising method. In this study,
| investigated whether the difference between predicted age from ECG waveform data and
actual age, referred to as ECG-age gap or ECG-aging, is associated with the risk of incident
atrial fibrillation (AF), a representative cardiac condition related to aging.

Methods: | developed an ECG-age prediction model using a large dataset (1,533,042
ECGs from 689,639 individuals) and validated it using five independent multinational
datasets (637,177 ECGs from 230,838 individuals). ECG-age gap was calculated in three
cohorts from Korea and the UK, with each cohort followed for 4.14+4.27, 6.08+£3.81, and
2.99+1.56 years, comprising 111,483, 37,517, and 40,973 participants, respectively.
Participants were classified into two groups based on ECG-age gap: Normal group (ECG-
age gap <+7 years) and ECG-aging group (ECG-age gap >+7 years). The ability of ECG-
aging to predict the risk of new-onset AF was evaluated using Cox proportional hazards
models.

Results: The mean ECG-age and ECG-age gap in the three cohorts were 51.9+16.2
(0.0£6.8), 47.4+12.5 (-0.1£6.0), and 68.4+7.8 (4.7+8.7) years, respectively. The ECG-
aging group had an increased risk of new-onset atrial fibrillation compared to the Normal
group in each cohort, with hazard ratios of 2.50 (95% confidence interval [CI], 2.24-2.78),
1.89 (1.46-2.43), and 1.90 (1.55-2.33), respectively. The risk of incident atrial fibrillation
increased with increasing ECG-age gap.

Conclusion: Al-derived ECG-aging was associated with an increased risk of incident



atrial fibrillation, indicating its potential as a risk biomarker for AF in primary prevention.

Keywords: Artificial Intelligence, Electrocardiogram, Aging, Atrial fibrillation
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1. Introduction

1.1. Research background

Electrocardiography (ECG) is a simple and noninvasive diagnostic tool widely used
for CVDs including AF. ECG provides a graphical representation of an individual's cardiac
functioning.! Cardiac functioning is known to reflect body’s features, such as normal aging,
disease status, and heterogenous characteristics. !

Recently, much research has focused on applying artificial intelligence (Al) to
standard 12-lead ECG data, enabling automated analysis of complex ECG features, and
producing significant outcomes that contribute to medical decision-making processes. One
mainstream in AI-ECG research involves the automatic diagnosis of CVDs, such as
arrhythmias or coronary artery diseases, using neural networks and extensive ECG
datasets.* Another direction aims at predicting future events, including mortality or CVDs.
For instance, one study used resting 12-lead ECGs to develop a deep convolutional neural
network (CNN) for predicting long-term cardiovascular mortality and disease risk.*
Another study developed a CNN model using 12-lead ECGs to predict the 5-year incident
AF risk.> These studies demonstrated that when combined with existing risk assessment
tools, CNN model outcomes improved cardiovascular risk stratification.*

An important point to note is that neural networks can detect minute changes that may
have been undetectable due to inconsistencies in manifestation or the small magnitude of
the changes.¢

Biological aging occurs at different rates, meaning that people of the same age can
experience heterogeneous health conditions.! Biological aging represents a decline in
functional ability, whereas chronological aging simply measures the amount of time since
birth."! Effective methods for assessing biological aging have been proposed, including
blood, genome, DNA, and physiological markers.” As ECG is known to convey subtle
functional status, several studies have explored the possibility of Al-predicted ECG-age as
a biomarker for biological aging, leading to the latest stream of AI-ECG research. Some
studies have demonstrated that Al-predicted ECG-age can serve as a biomarker for
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predicting aging-related CVD or mortality risks. A larger difference between Al-predicted
ECG-age and chronological age was associated with all-cause mortality or CVDs.%?

Atrial fibrillation (AF) is the most encountered arrhythmia and is associated with an
increased risk of stroke, heart failure and mortality.'® The global burden of AF in 2019 is
estimated at 59.7 million (95% confidence interval: 45.7 to 75.3 million), which represents
a doubling of the estimated cases in 1990.!! Risk factors for AF include high systolic blood
pressure, high body-mass index, and alcohol use.”” Among all the risk factors,
chronological age is the most important factor for AF."* Due to an aging population, the
prevalence of AF continues to rise. AF is strongly connected to other cardiovascular
diseases (CVDs) associated with mortality, and given the increasing prevalence, many
efforts are underway to prevent the disease in its early stages.

ECGs are easy to obtain and accessible; therefore, using ECG for aging-related disease
risk stratification could save a significant amount of time, effort, and budget. However, the
validity of Al-predicted ECG-age as a biomarker of AF, a well-known aging-related disease,
has not been sufficiently explored in diverse ethnicities, including Asians.

1.2. Objective

AF, a common arrhythmia, increases the risks of stroke, heart failure, and mortality.!!
Aging stands out as the single most significant risk factor for AF. With rapid aging in
progress, early detection and prevention of AF are crucial for socioeconomics and quality
of life. ECG, a convenient, universal, and frequently used diagnostic tool, contains
comprehensive patient information, including biological aging status. Numerous studies
have demonstrated the potential of Al-predicted ECG-age as a biomarker for predicting
future events.

This study assumes that ECG provides multifactorial information related to an
individual's biological aging. Given that aging contributes to AF, the risk of future AF
through aging markers detected in ECG data can be inferred. Therefore, the objective of
this study is to use standard 12-lead ECGs and deep neural network (DNN) to predict heart
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age and assess the predicted age's validity as a biomarker of AF risk by conducting a
multinational cohort study. The overall study design is presented in Figure 1.

Figure 1. Overall pipeline of the study

12-lead ECG ECG-age gap Study group
500Hz, 10 sec 50 - 40 =10 -
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This study has two big phases. First, develop and validate ECG-age prediction DNN.
The model takes ECG as an input and outputs age. Second, the association between
predicted ECG-age and AF risk is estimated.
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Abbreviations: AF, atrial fibrillation; Conv, convolution; DNN, deep neural network;
ECQG, electrocardiogram; ECG-aging, electrocardiographic aging.



2. Literature Review

2.1. ECG and deep learning

ECG is the most widespread diagnostic tool for CVDs. It captures electrical activity
of the heart from different angles. There are P-wave, QRS complex, and T-wave in a single
normal heartbeat. Each part is the result of repolarization or depolarization of the atrium or
ventricle. Various ECG features (duration of waves or amplitudes etc.) are considered by
physicians to figure out the status of the patient. Standard ECG consists of 12-leads; I, II,
III, aVL, aVR, avF, V1-V6. As ECG is easy to acquire and cost-effective, it is routinely
taken as the primary monitoring exam and frequently tested during any medical procedures.
Therefore, it has ended up with a huge amount of ECG data stacked in each hospital. With
the powerful growth of computational power and deep learning techniques, many studies
have developed end-to-end automatic interpretation or diagnostic systems of ECG. Hannun
et al. developed a DNN that classifies 12 rhythm classes with 91,232 single-lead
ambulatory ECGs.!'* The network was superior to cardiologists. Ribeiro et al. proposed a
residual CNN architecture trained with over 2 million ECGs to classify 6 different
abnormalities (1* degree AV block, right bundle branch block, left bundle branch block,
sinus bradycardia, AF, sinus tachycardia) in 12-lead ECGs.? The model outperformed
cardiology medical doctors. In addition to diagnosis, Raghunath et al. developed an end-
to-end DNN to predict 1-year mortality.”> The model showed a robust performance in
predicting death in a subgroup of ‘normal’ ECGs. Similarly, Hughes et al. developed SEER
(Stanford Estimator of Electrocardiogram Risk) with CNN and 12-lead ECGs to predict 5-
year cardiovascular mortality.* When combined with the Pooled Cohort Equations, SEER
identified patients with a higher risk of atherosclerotic disease, who would not have been
considered otherwise. Recently Zvuloni et al. compared feature engineering and DNN in
multiclass-multilabel/binary classification and regression tasks using 12-lead ECGs.! The
results showed that DNN didn’t outperform feature engineering at classification tasks but
did at regression task. Further, feature engineering and DNN combined did not bring any
advantage over DNN alone.



2.2. ECG derived biomarker of aging

Human body ages at different levels.!” Especially, there is a huge heterogeneity in
health status as one gets older.!® Therefore, accurately estimating biological aging is
important and several biomarkers to express biological aging status have been developed.
Biological aging biomarkers should provide additive information about certain condition
risks over chronological age. Biomarkers include telomere length, DNA methylation age,
transcriptomic predictors, and proteomic predictors.!” Belsky et al. found that different
biomarkers of biological aging were not correlated, suggesting the differences in the
aspects that the biomarkers capture.'’

Age is known to affect ECG.?° QRS axis, PR interval, and QTc show linear correlation
with age.?! In this context, there are many efforts to estimate age from ECGs. ECG-age
prediction studies formulate with the focus on the gap between predicted age and actual
age.

Several studies were conducted with classical statistical methods (including machine
learning models) to estimate age from ECG. These studies mostly included feature
engineering of ECG parameters in the initial step of the main analysis. Starc et al. utilized
5 highly age-correlated ECG parameters from a healthy population and predicted functional
heart age by linear regression analysis.?? In 2014, Ball et al. introduced a Bayesian
statistical model for heart age estimation from ECG.? Healthy non-athlete participants’
heart age was in line with chronological age. Higher heart age than chronological age was
revealed in subjects with risk factors or cardiac conditions. Using the same database,
Lindow et al. reported that the heart age gap estimated by 10-second 12-lead ECG features
and regression models well reflected cardiovascular risk and diseases.>* With 438 ECG
parameters, Hirota et al. estimated biological age with principal component analysis and
Klemera and Doubal’s method.* The predictive capability of estimated biological age for
all-cause and cardiovascular death was analyzed. Principal component analysis was
superior in the prediction of all-cause death but was inferior to the predictive capability of
chronological age. These studies suggested that age inferred from ECG reflects
cardiovascular status. The study results are limited to small populations with limited racial
or ethnicity diversity (which is related to generalizability issues) and a burdensome of
feature engineering process.



With the development of deep learning techniques, three main research teams have
conducted consecutive ECG-age studies using DNNs. Raw ECG waveforms were used as
the input for the network commonly.

Researchers from the Mayo Clinic (United States) first utilized 1-dimensional (1D)
CNN to estimate age and sex with standard 10-second 12-lead ECGs.?® The study
demonstrated evidence for ECG as a biomarker and its reflection of health status. In a
further study, with 25,144 participants, the associations between CNN-predicted ECG-age
and chronological age gap and total or cardiovascular mortality were revealed.! Using the
same architecture, Benavente et al. examined the relationship between ECG-age gap and
CVD risk factors or age-related CVD markers in the Russian population.?” Whether the
population difference in CVD mortality is reflected in the CNN-predicted age was explored
in a subsequent study.?® The mean difference between predicted age and chronological age
was higher in the Russian population who showed seven times higher CVD mortality than
the Norway population. Another research team from Brazil developed a large ECG-age
prediction DNN using approximately 1.3 million participants’ data (namely the CODE
study).® Remarkably, this study developed a CNN model with residual units, which are said
to be efficient in time-series data. The ECG-age gap was associated with mortality even
when analyzed using normal ECGs. Further, the difference between ECG-age and
chronological age was associated with death and cardiovascular outcomes including atrial
fibrillation in a long-term community-based population.’ Lastly, a Taiwan research team
found that excessive ECG-age compared to chronological age was associated with higher
risk of all-cause mortality, cardiovascular mortality, heart failure, diabetes mellitus, chronic
kidney disease, acute myocardial infarction, stroke, coronary artery disease, AF, and
hypertension in a relatively healthy population (ECG12Net).? The study was externally
validated with Brazil data only for all-cause mortality. The latter two research teams
incorporated methods for model explainability in ECG-age prediction. With subsequent
research using these developed ECG-age prediction algorithms, the studies provided
evidence that 1) ECG-age conveys information on CVD related risk factors and 2) ECG-
age is associated with future CVD risk in diverse populations. There was a single center
study in Korea that examined the association of ECG-age with the risk of mortality or
CVDs.*



2.3. Atrial fibrillation and risk prediction

AF is the most common arrhythmia with severe outcomes. Various AF risk prediction
methods have been proposed. A well-known AF risk score is the CHARGE-AF (Cohorts
for Heart and Aging Research in Genomic Epidemiology-AF) score published in 2013.3!
Variables including age, race, height, weight, blood pressure, current smoking, use of
antihypertensive medication, diabetes, and a history of myocardial infarction and heart
failure are used for the calculation. The score was validated across diverse populations in
the United States and Europe. Several studies have tried to predict AF risk with 12-lead
ECG and AlL.>**3* Christopoulos et al. and Khurshid et al. compared the performance of
AF risk estimation between AI-ECG detected AF risk and the CHARGE-AF score.>* They
showed comparable performance while AI-ECG doesn’t require any data abstraction
procedure. The combination of multi-modal digital biomarkers (including demographics,
clinical information and ECG features — heart rate variability, morphology, deep learning
representation features) showed a robust performance in AF risk prediction.?® This study
revealed that structural changes in ECG are associated with AF.



3. Materials and Methods

3.1. Data sources

Informed consent was waived for the use of deidentified data in the Severance and
SHC datasets. The UK Biobank received ethical approval from the North West Multi-
Centre Research Ethics Committee (11/NW/0382). Analysis of the UK Biobank dataset
was conducted under application number 77793. All study analyses were approved by the
Institutional Review Board of the Yonsei University Health System (4-2022-0731).

In this study, total 5 datasets from 4 different countries were utilized. 5 datasets are
Severance (South Korea), Severance Health Check-up (South Korea), UK Biobank (United
Kingdom), Shaoxing (China), and PTB-XL (Germany). 3,672,020 ECGs from 837,666
participants were identified in the Severance dataset. This dataset contains medical records,
exams, and other health-related data from all patients who visited Severance Hospital from
January 2006 to September 2021. Severance Hospital is a large tertiary referral center in
South Korea. Participants who lacked ECGs with proper waveforms (12-leads / 500Hz / 10
seconds), under 20 or over 90 years old, or without age information were excluded,
resulting in 3,494,908 ECGs from 811,341 participants. This was separated into training
(1,443,298 ECGs from 649,072 participants), validation while training (89,744 ECGs from
40,567 participants), and internal validation dataset named Severance hold-out (522,261
ECGs from 121,702 participants). One internal validation dataset (Severance hold-out) and
four external validation datasets were employed for the validation of ECG-age prediction:
Severance Health Check-up (SHC; 37,956 ECGs from 37,903 participants), UK Biobank
(45,610 ECGs from 42,791 participants), Shaoxing (10,198 ECGs from 10,198
participants), and PTB-XL (21,152 ECGs from 18,244 participants).>**’” Severance hold-
out, SHC, and UK Biobank datasets were further utilized as cohorts for AF risk analysis.
Details are described in Study cohorts and study design section of the MATERIALS AND
METHODS. A schematic flowchart of data sources with exclusion criteria is available in
Figure 2 and detailed version is present in Figure 3.



Figure 2. Schematic flowchart of datasets

Study
datasets
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< Severance >
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< UK Biobank >
N =42,791
ECG = 45,610

< Shaoxing >
N = 10,646
ECG = 10,646

<PTB-XL >
N = 18,885
ECG = 21,837

- -| Exclusion 1: lacked ECGs with proper waveforms (12-leads / 500Hz / 10 seconds) / aged under 20 or over 90 |- .

Training
N = 689,639
ECG = 1,533,042
(up to 5 for 1 pt.)
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Severance
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ECG-aging & AF
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[Model development] Up to five ECGs for a single participant was used for the ECG-

age prediction model development. The participants for training include those for

validation during the training process. [Model validation] The Al model was then validated

in one hold-out test set and four external test sets. Participants without proper ECG

waveforms (12-leads / S00Hz / 10 seconds), aged below 20 or above 90, or without age

information were excluded from the model development and validation phase (Exclusion

1). [AF risk assessment analysis] For AF risk analysis, participants with a history of AF, a

follow-up duration less than a day, or an AF occurrence during the 30-day blanking period

were excluded (Exclusion 2).

Abbreviations: AF, atrial fibrillation;
electrocardiogram; ECG-aging, electrocardiographic aging; N, numbers of participants; pt.,

participants; SHC, Severance health check-up.

Al

artificial

intelligence; ECG,



Figure 3. Detailed flowchart of datasets
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837,666 participants with 38,142 participants with 42,791 participants with 10,646 participants with 18,885 participants with
at least 1 ECG at least 1 Check-up ECG atleast 1 ECG at least 1 ECG at least 1 ECG
from 2006.01 to 2021.09 from 2014.10 to 2021.05 from 2014.10 to 2021.05 from 2018.01 to 2018.12 from 1984.11 to 2001.06
(3,672,020 ECGs) (38,195 ECGs) (45,610 ECGs) (10,646 ECGs) (21,837 ECGs)

26,325 Excluded;

- 17,052 without ECG ‘

waveform of 12 leads 239 Excluded; 0 Excluded, 448 Excluded;

- 448 aged under
20 or over 90
(448 ECGs)
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- 82null age (89

ECGs)

- 559 Age under

20 or over 90
(596 ECGs)

689,639 participants for
training (up to 5 ECGs
per 1 participant)
(1,533,042 ECGs)

121,702 participants
for hold-out internal

test (37,9

37,903 participants
for external test

56 ECGS)

42,791 participants
for external test
(45,610 ECGs)

10,198 participants
for external test
(10,198 ECGs)

18,244 participants
for external test
(21,152 ECGs)

(522,261 ECGs)
T

| 121,702 participants |

| 37,903 participants |

| 42,791 participants |
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- 6,917 with - 16 with - 96 with
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A DNN-based Al algorithm history history history
ot ARpiElsics) HeSege - 834 AF within - 60 AF within - 16 AF within
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Severance hold-out cohort SHC cohort UK Biobank cohort

111,483 participants with first
ECG and no prevalent AF

37,517 participants with first
ECG and no prevalent AF

40,973 participants with first
ECG and no prevalent AF

E—N

AI-ECG age gap = AI-ECG age minus chronological age
based on the date of first ECG acquisition (index date)

!

Risk assessment analysis of early- and
new-onset AF by ECG-aging

The flow-chart includes study inclusion and exclusion criteria, and analysis flow,
which is largely divided into two sections: model development & validation and AF risk
assessment analysis. The AI-ECG age prediction model was trained on up to five ECGs per
each participant in the training split of the Severance dataset to predict their chronological
age. The participants for training include those designated for validation during the training
process. The Al model was then validated in one hold-out internal test set and four external

test sets.

Abbreviations: AF, atrial fibrillation; Al, artificial intelligence; DNN, deep neural
network; ECG, electrocardiogram; ECG-aging, electrocardiographic aging; f/u, follow-up;
SHC, Severance health check-up.
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Detailed information about the five study datasets is as follows:
1. Severance

Severance Hospital, a tertiary acute-phase hospital in Seoul, South Korea, health data
system contains medical records, medications, procedures, exams (encompassing a vast 12-
lead ECG database), and other health-related information of all visiting patients. The
Severance dataset comprised of participants who had more than one electrocardiogram
(ECG) recorded between January 2006 and September 2021. The standard 12-lead ECG
data was extracted from GE Healthcare’s MUSE™ Cardiology Information System, with
patient’s information anonymized to a research ID. The ECG database includes multiple
components, such as raw waveforms, measurement data (heart rate, atrial rate, ventricular
rate, PR interval, QRS duration, QT interval, etc.), personal information (age, sex, etc.),
and automated ECG diagnosis statements generated by the built-in software. The raw
waveforms have a sampling rate of either 250Hz or 500Hz and a length of 10 seconds. Out
of 837,666 participants with more than one ECG, 3,672,020 ECGs were identified, and
only ECGs with a sampling rate of 500Hz were included in this study. Participants with
ages below 20 or over 90 were excluded, as they are relatively rare in taking ECG tests
(accounting for about 1% of the whole dataset). After exclusion, 3,494,908 ECGs from
811,341 participants were included, with a mean age of 59.8 (standard deviation [SD], 15.8)
and 46.4% female. The same initial exclusion criteria set for the model development and
validation phase were applied to all datasets. The Severance dataset was divided randomly
into a model development (85%) and a hold-out (15%) split based on participants. Baseline
data, including demographics, anthropometric measurements, and comorbidities, and the
study outcomes were extracted from the Severance Clinical Research Analysis Portal
(SCRAP), which is a medical big data platform integrating all in-hospital data and
providing anonymized data extraction with various conditions. ECG data were linked to
the SCRAP by research ID.

2. Severance Health Check-up

The Severance Health Check-up (SHC) dataset is from SHC center, an institution
specializing in health check-ups. The dataset includes standard 12-lead ECGs that were
extracted from GE Healthcare’s MUSE™ Cardiology Information System between
October 2014 to May 2021. Only participants who underwent at least one check-up ECG
at the SHC center were included in this dataset. The SHC dataset was also sourced from
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the SCRAP and comprises 38,142 participants with 38,195 ECGs. Data integrity was
ensured through the de-identification of personal details. The same exclusion criteria as the
Severance dataset were applied, resulting in 37,903 participants with 37,956 ECGs. The
mean age of the dataset was 47.6 (SD, 12.2), with 47.2% female. Baseline data were
extracted in the same way as the Severance dataset. There was no participant overlap
between the two datasets.

3. UK Biobank

The UK Biobank is one of the largest population-scale prospective cohort studies,
including >500,000 participants aged 40—69 years across the United Kingdom from 2006
to 2010, and the details of the data have been described and published elsewhere.?**
Approximately 9.2 million individuals living within 25 miles of the 22 assessment centers
in England, Wales, and Scotland were invited and 5.4% participated in the baseline
assessment. The UK Biobank has collected and continues to collect extensive phenotypic
and genotypic data from questionnaires, physical measures, sample assays, accelerometry,
multimodal imaging, genome-wide genotyping, and longitudinal follow-up for a wide
range of health-related outcomes.*®

For the ECG data, the UK Biobank collected it as 12-lead resting ECGs during the
assessment center visits. The ECG data in the UK Biobank typically contains the raw ECG
waveforms along with automated interpretations of those waveforms, providing a lot of
information to analyze various ECG parameters and characteristics. The ECG data is
commonly provided in the "XML" file format. XML (eXtensible Markup Language) is a
markup language used for storing and transporting data. Each XML file represents the ECG
data for an individual participant and is linked via the participant’s unique ID. No
participants were excluded according to the initial exclusion criteria. The UK Biobank
dataset comprises 42,791 participants with 45,610 ECGs, a mean age of 63.9 (SD, 7.8), and
51.5% females. ECG data was obtained between October 2014 to May 2021.

4. Shaoxing

The Shaoxing dataset is a publicly available dataset of 12-lead ECG signals that was
created by Chapman University and Shaoxing People’s Hospital (Shaoxing Hospital
Zhejiang University School of Medicine).>® The dataset consists of 10,646 participants with
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12-lead ECGs, sampled at a rate of 500Hz for 10 seconds, that feature 11 common rhythms
and 67 additional cardiovascular conditions labeled by experts. After excluding 448
participants based on age limits, the final ECG dataset included 10,198 participants with
10,198 ECGs, with a mean age of 60.2 (SD, 15.9) and 44.0% female. The dataset was solely
used for the validation of age prediction model.

5. PTB-XL

The PTB-XL ECG dataset is a publicly available dataset comprising 21,837 clinical
12-lead ECGs from 18,885 participants, each 10 seconds in length.?” The raw signal data
was recorded by Schiller AG devices between November 1984 and June 2001 and was
curated by the Physikalisch Technische Bundesanstalt (PTB). Two cardiologists assigned
potentially multiple ECG statements to each record, with a total of 71 different ECG
statements conforming to the SCP-ECG standard and covering diagnostic, form, and
rhythm statements. After applying exclusion criteria, 18,244 participants with 21,152 ECGs,
with a mean age of 60.6 (SD, 15.8) and 47.3% female were included. PTB-XL dataset was
also solely used for the validation of age prediction model.

3.2. Development of the ECG-age prediction model

For model training, I used ECG data from Severance dataset. 80% of the participants
(1,443,298 ECGs from 649,072 participants) were used to train the model and 5% (89,744
ECGs from 40,567 participants) were used as the validation set during training for model
optimization. In case of training and validation data, maximum ECGs per participant were
limited to five to prevent overfitting as some people take relatively many ECGs.

Convolutional neural network (CNN) was trained to predict age with ECG. The input
of the model is an ECG waveform data, and the output is age. The unidimensional CNN
with residual blocks has been shown to be effective in previous studies.>® The network
receives signals composed of 5,000 data points and is structured with a convolutional layer
followed by five residual blocks, each containing two convolutional layers. Each residual
block includes a skip connection with max pooling and a convolutional layer, enabling
efficient training of sequential data.*’ Furthermore, batch normalization, ReLU activation
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function, and a dropout rate of 0.5 are applied after each convolutional layer.**> Figure 4
depicts the architecture of ECG-age prediction model. To address the uneven distribution
of ages in the data used for model development, I applied weight correction during model
training by assigning inversed weights to the input data samples based on the frequency of
the given age. The model was optimized to lower the mean squared error (MSE) with
weights. The Adam optimizer was used with a learning rate scheduler, with a default
learning rate of 0.001 that decreased by a factor of 10 when the validation loss did not
improve for 7 epochs.* Additionally, the training session consisted of a total of 100 epochs
and was stopped if the validation loss did not improve for 30 consecutive epochs.

Figure 4. Architecture of ECG-age prediction model
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The unidimensional convolutional neural network is structured with a convolutional
layer followed by five residual blocks, each containing two convolutional layers. Each
residual block includes a skip connection with max pooling and a convolutional layer,
enabling efficient training of sequential data. Furthermore, batch normalization, ReLU
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activation function, and a dropout rate of 0.5 are applied after each convolutional layer. The
network receives signals composed of 5,000 data points with 8 channels.

Abbreviations: Conv, convolution; ECG, electrocardiogram.

To assess the model performance across five datasets, MSE and mean absolute error
(MAE), along with their corresponding standard deviations (SD) were utilized. Further,
Pearson’s correlation coefficient (r) was used to assess the correlation between
chronological age and the ECG-age.

I conducted an additional analysis to compare the ECG-age prediction performance
with Lima’s model, another known ECG-age prediction model (provided by Lima et al. in
their 2021 publication).® Lima’s model, a state-of-the-art ECG-age prediction model, was
chosen for comparison due to its public availability and its extensive use of a large ECG
dataset for training. This model, developed using a CNN on 12-lead ECGs, highlighted an
association between the ECG-age gap (the difference between the ECG-age and
chronological age) and mortality rates. Trained utilizing 1.5 million ECGs predominantly
from Brazil, it achieved an MAE of 8.38 £+ 7.00 in ECG-age prediction. While the model
architectures of this study and Lima’s model were similar, they differed in ECG sampling
rates: 500Hz in my model and 400Hz in Lima’s model. To compare the performance
between the two models, I down sampled validation ECG datasets to 400Hz using the
Fourier method.

3.3. Saliency map and segmentation of ECG

Saliency maps were generated to visualize the regions of the ECG that are of relative
importance for ECG-age prediction, using Severance hold-out and SHC sets. Following the
ECG-age prediction, I computed the derivative of the predicted ECG-age with respect to
each ECG point using a single back-propagation step.®* Then a composite saliency map
was created by averaging the saliency maps from each lead. The saliency values were
visualized using a red colormap, where deeper shades of red indicate greater influence on
ECG-age prediction. Furthermore, to identify which ECG segment received the most
attention during age prediction, each ECG was divided into four segments (PR, QRS, ST,
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and TP) using the NeuroKit2 Python library.* Subsequently, the average saliency values
for each segment were calculated across all ECGs. Cases where segments were not detected
were excluded from the analysis. An illustrative example of a saliency map with
segmentation superimposed on an ECG lead II is shown in Figure 5.

Figure 5. Illustrative example of saliency map and ECG segmentation

(A) Saliency map

(B) ECG segmentation

| aaeesnnnl

(A) Saliency map superimposed on ECG lead II. The gradient bar of dark red shades
represents the saliency values, which indicate the degree of influence on age prediction.
Deeper and darker red shades indicate more focused ECG regions with higher saliency
values. (B) ECG segmentation superimposed on ECG lead II. PR, QRS, ST, and TP
segments are represented by pink, green, blue, and yellow colors, respectively. Average
saliency values for each segment were calculated.

Abbreviations: ECG, electrocardiogram.

3.4. Study cohorts and study design

For a longitudinal analysis of AF risk, three (Severance hold-out, SHC, and UK
Biobank) datasets were included as the main study cohorts. These datasets were included
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as they provided longitudinal follow-up data with participant information including
demographics, comorbidities, clinical diagnoses, anthropometric measurements, and health
behaviors. While up to five or all ECGs were used for model development or validation
phase, only the first single ECG per participant was used for this phase.

Participants with AF history, less than a day of follow-up, or outcome occurrences
during the 30-day blanking period were excluded. After the exclusion, 111,483, 37,517,
and 40,973 individuals in the three cohorts were included, respectively. The blanking
period was applied to exclude potential abnormal AF diagnoses around the time of the first
ECG acquisition (index date).

3.5. Study variables and outcome assessment

The ECG-age was estimated by the ECG-age prediction model using the first acquired
ECG in three cohorts. Then, the ECG-age gap (ECG-age - Chronological age) was
calculated. Participants were classified into two groups by the threshold of ECG-age gap
+7 years: ECG-aging group (age gap >+7 years) and Normal group (age gap <+7 years,
including cases with the ECG-age younger than chronological age).?***¢ The cutoff +7
approximates the mean of MAEs (6.816) in validation sets.

Demographics, anthropometric measurements, comorbidities, smoking, and drinking
status were extracted for baseline comparisons and risk assessment based on the index date.
The study outcomes of interest were new-onset AF. New-onset AF was defined as the first
diagnosis of AF after the index date. Diagnoses of comorbidities and outcomes were
extracted using the International Classification of Diseases, 10th Revision (ICD-10) codes,
based on more than one inpatient or two outpatient records to ensure accuracy. In the UK
Biobank, self-reported non-cancer illness codes were also used, and the ICD-10 codes
included converted 3-character ICD-10 codes from ICD-9-based diagnoses. Definitions
and ICD-10 codes used for diagnoses are in Table 1.
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Table 1. Definitions and ICD-10 codes for comorbidities and study outcomes

Severance hold-out & SHC

UK Biobank

ICD-10 codes

ICD-10 codes

Comorbidities Definitions o Definitions o
or conditions or conditions
Defined from  Scii-reported
Atrial Defined from UK Biobank flon-cancer
S : . ICD-10: 148 illness code:
fibrillation diagnosis* self-report or
diagnosis™ 1471, 1483
ICD-10: 148
Self-reported
non-cancer
Defined from ICD-10: 110, BeKﬁ]g?gbfarglI:l illness code:
Hypertension diaenosis™* 111,112,113, selforeport or 1065, 1072
£ 115 Lo ICD-10: 110,
& 111,112, 113,
115
Self-reported
non-cancer
Defined from illness code:
Diabetes Defined from {Eclll)-]li(iZE]IE(ig UK Biobank 1220, 1222,
mellitus diagnosis* E1l 4’ ’ > self-report or 1223, 1521
diagnosis* ICD-10: E10,
Ell,El12, E13,
El4
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Dyslipidemia

Chronic
kidney disease

Previous
myocardial
infarction

Heart failure

Defined from
diagnosis*

Defined from
eGFR (if
laboratory
value was not
available,
diagnosis code
was used)

Defined from
diagnosis*

Defined from
diagnosis*

ICD-10: E78

eGFR <60
mL/min per
1.73 m?
ICD-10: N18,
NI19

ICD-10: 121,
122,125.2

ICD-10: 111.0,
150, 197.1

19

Defined from
UK Biobank

self-report or
diagnosis*

Defined from
eGFR (if
laboratory
value was not
available,
diagnosis code
was used)

Defined from
UK Biobank

self-report or
diagnosis*

Defined from
UK Biobank

self-report or
diagnosis*

Self-reported
non-cancer
illness code:
1473
ICD-10: E78

eGFR <60
mL/min per
1.73 m?
Self-reported
non-cancer
illness
code:1192,
1194

ICD-10: N18,
N19

Self-reported
non-cancer
illness code:
1075
ICD-10: 121,
122,125.2

Self-reported
non-cancer
illness code:
1076
ICD-10:111.0,
150, 197.1



Self-reported

Defined from non-cancer
Peripheral Defined from ICD-10: 170, UK Biobank illness code:
arterial disease diagnosis* 171 self-report or 1067, 1087
diagnosis* ICD-10: 170,
171
Self-reported
Defined from non-cancer
Ischemic Defined from ICD-10: 163, UK Biobank illness code:
stroke diagnosis* 164 self-report or 1583
diagnosis* ICD-10: 163,
164
Self-reported
Defined from non-cancer
Hemorrhagic  Defined from ICD-10: 160, UK Biobank illness code:
stroke diagnosis* 161, 162 self-report or 1086, 1491
diagnosis* ICD-10: 160,
161, 162
Study Definition ICD-10 ¢ ?de Definition ICD-10 ¢ ?de
outcome or condition or condition
D.eﬁned. from Defined from
diagnosis* or diaenosis* or
New-onset related death rel fte d death
atrial without ICD-10: 148 . ICD-10: 148
fibrillation previous Wlthput
insurance previous
claim for AF history of AF

In the UK Biobank, the ICD-10 codes included converted 3-character ICD-10 codes
from ICD-9-based diagnoses, using data-coding 1836.
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* Diagnoses were established based on more than one hospital-inpatient or two
outpatient records (equivalent to primary care records in the UK) corresponding to ICD-10
codes in the database to ensure accuracy.

Abbreviations: AF, atrial fibrillation; eGFR, estimated glomerular filtration rate; ICD-
10, international classification of diseases 10th revision; SHC, severance health check-up.

Participants were followed until their first AF diagnosis, death, or the last follow-up
date whichever happened first from the index date. For the Severance hold-out and SHC,
follow-up was made until December 31, 2022 and the UK Biobank was followed until
December 31, 2020.

3.6. Statistical analyses

The clinical characteristics were summarized by representing continuous variables as
mean with SD, while categorical variables were expressed as numbers with corresponding
percentages. For comparing categorical variables, Pearson’s chi-squared test or Fischer’s
exact test was used, and for continuous variables, the one-way analysis of variance or
Kruskal-Wallis test was used. To impute the body mass index (BMI), smoking status, and
drinking status missing data, the “multivariate imputation by chained equations” R package
was used to minimize bias.?’

During the AF risk assessment phase, the relationship between the ECG-age and the
risk of new-onset AF was investigated, stratified by the ECG-age groups and increasing
ECG-age gap. Adjusted event rates were reported as events per 1,000 person-years and
adjusted cumulative incidences of new-onset AF were graphically presented using the age-
and sex-adjusted Cox regression models. Hazard ratios (HR) for new-onset AF were
estimated with Cox proportional hazards models with 95% confidence intervals (CI).

To account for confounding factors, two levels of Cox proportional hazards model
adjustment were conducted: [Model 1] adjusted for chronological age and sex and [Model
2] adjusted for age, sex, BMI, comorbidities (hypertension, diabetes, dyslipidemia, chronic
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kidney disease, prior myocardial infarction, heart failure, peripheral arterial disease, and
prior stroke), smoking, and drinking status.

In addition, to ascertain if the ECG-de-aging group had a reduced incidence and risk
of AF compared to the Normal group, [ re-categorized participants into three
electrocardiographic aging (ECG-aging) groups: ECG-de-aging group (age gap <-7 years,
representing decelerated aging), Normal group (age gap between -7 and +7 years), and
ECG-aging group (age gap >+7 years, representing accelerated aging). Then the cumulative
incidence and risk of new-onset AF in the three study cohorts were re-calculated.

All analyses were performed using Python version 3.9.13 (Python Software
Foundation, http://www.python.org) and R version 4.2.3 (The R Foundation, www.R-
project.org), and P <0.05 was considered statistically significant.

The deep learning algorithm used in this study including the trained weights is
accessible at the GitHub repository: https://github.com/dr-you-group/PROPHECG-Age.
ECG-age prediction service using the ECG-age prediction model is openly available at the
website: https://www.prophecg.com (Figure 6).
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Figure 6. Screenshot of an online ECG-age prediction service
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AI-ECG Age Prediction

Predict your electrocardiographical age using deep learning
and check your atrial fibrillation risk

+ADD FILE
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1 Works only when your data
1 »is a standard 12-lead ECG

: +is sampled at 500Hz for 10s
I =is in XML or €SV format

1 - 1MB or less data

I
I
I

*Please use data from patients aged 20 to 30 with no history of atrial fibrillation

How to use Al prediction

AI'ECG age: 7
, 35 .
% B Afibrisk: 2

Upload your ECG data file Enter your actual age Check your predicted AI-ECG age
Sample data and atrial fibrillation risk
a YON SE| UNIVE RS”'V 03727 50-1, Yonsel-ro, Seodaemun-gu, Seoul, Republic of Koraa
COLLEGE OF MEDICINE

The ECG-Age prediction service provides age predictions from XML or CSV
formatted raw ECG waveforms.

Abbreviations: Al, artificial intelligence; ECG, electrocardiogram.
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4. Results

4.1. ECG-age prediction model performances and saliency analyses

For the ECG-age prediction task, the model exhibited MAEs of 6.44 (SD, 5.58), 4.70
(3.70), 7.91 (5.86), 7.23 (6.06), and 7.80 (6.59) for the Severance hold-out, SHC, UK
Biobank, Shaoxing, and PTB-XL datasets, respectively. These values indicate the average
deviation of the ECG-age from actual age within each dataset. Scatter plots in Figure 7
visually depict the correlation between ECG-age and chronological age, accompanied by
MSE/MAE/Pearson’s correlation coefficient results for each validation dataset. In contrast,
Lima’s model, a state-of-the-art ECG-age prediction model, yielded MAEs of 10.44 (SD,
8.55), 8.26 (6.45), 15.23 (8.34), 10.31 (8.52), and 9.11 (7.20) for the same datasets (Table
2).12 My model consistently outperformed Lima’s across all datasets.

Figure 7. Scatter plots presenting the relationship between the ECG-age and
chronological age along with the model performance of ECG-age prediction

(A) Severance hold-out (B) SHC
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MSE 35.78
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r 0.85
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The red line represents the identity line. The lateral histograms show the distributions
of predicted AI-ECG age and chronological age among participants of each cohort.
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Abbreviations: Al, artificial intelligence; ECG, electrocardiogram; MAE, mean
absolute error; MSE, mean squared error; N, numbers; SHC, Severance health check-up.

Table 2. Age prediction performance comparison between the developed model
and SOTA model

Validation r MSE MAE
dataset Lima* Developed Lima* Developed Lima* Developed
Severance o, 1 79 086 18199 72.64 1044 644
hold-out
SHC 37956 0.70 088 10987 3578 826 470
UK
Biopank 45610 0.17 039 30143 9691 1523 791

Shaoxing 10198  0.70 0.85 178.86 89.04 10.31 7.23
PTB-XL 21152 0.75 0.79 13498  104.38 9.11 7.80
N represents the number of ECGs of participants in the model validation phase

(described in Figure 2).

* Lima’s model is an age-prediction convolutional neural network based on raw 12-
lead ECGs introduced by Lima et al.®

Abbreviations: SOTA, state-of-the-art; ECG, electrocardiogram; MAE, mean absolute
error; MSE, mean squared error; N, numbers of ECGs; SHC, Severance health check-up.

The results of per-segment saliency calculations are summarized in Table 3, presenting
means with SD, medians with interquartile range, and minimum-maximum values. The PR
segment emerged as the most salient regions on the ECG, with the highest saliency values
observed for both the Severance hold-out and SHC datasets, with mean values of 58.13
(SD, 13.73) and 59.32 (13.30), respectively.
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Table 3. Results of focused ECG area in age prediction using saliency map and
ECG segmentation

Severance UK

ECG Segment  hold-out (Nfgg‘s) Biobank (81:1:1(:])(21;1 6g) (PNgSl- ;?6“)
(N=512083) (N=45563)
PR
58.13 59.32 72.42 61.25 63.08
Mean (SD) (13.73) (13.30) (13.43) (13.98) (14.46)
57.45 58.18 72.51 60.87 62.67
Median (IQR)  (48.45-  (49.07-  (63.40—  (51.54—  (52.99-
67.18) 68.37) 81.56) 70.50) 73.00)
Minimum-— 3.84- 10.06- 5.62— 14.55- 13.92-
Maximum 141.29 126.05 128.28 128.23 124.29
QRS
26.31 26.24 49.50 30.29 29.82
Mean (SD) (10.02) (10.85) (13.05) (10.31) (10.63)
25.14 24.40 48.69 290.18 28.86
Median (IQR)  (19.14—  (1832—  (40.05-  (22.82—  (22.16-
32.15) 32.44) 58.16) 36.44) 36.42)
Minimum-— 1.78- 321~ 7.97— 3.55- 3.98-
Maximum 161.94 103.15 108.06 80.22 133.82
ST
36.04 34.04 49.92 38.06 35.64
Mean (SD) (11.54) (11.45) (12.37) (12.01) (11.47)
35.36 32.93 49.34 37.23 34.94
Median (IQR)  (27.74—  (25.35-  (41.13—  (2922-  (27.31-
43.56) 41.81) 58.16) 46.04) 43.25)
Minimum-— 1.83— 5.58- 9.22- 5.19- 3.91-
Maximum 137.42 90.30 123.11 123.77 103.68
TP
51.70 50.57 44.35 49.11 47.08
Mean (SD) (13.53) (14.79) (10.63) (13.17) (13.04)
51.71 49.84 43.77 48.96 46.65
Median (IQR)  (42.07—  (39.09-  (36.76-  (39.55-  (37.47-
61.21) 61.38) 51.41) 58.56) 56.05)
Minimum-— 5.19- 11.87- 5.72- 12.80- 10.34—
Maximum 143.37 103.47 88.07 103.17 102.44

N represents the number of ECGs of participants in the model validation phase
(described in Figure 2). Cases with undetected ECG segments (10,178 in Severance hold-
out dataset and 108 in the SHC dataset) were excluded from the analysis. The mean and

26



median values of each ECG segment, along with their corresponding SD and IQR are
displayed.

Abbreviations: ECG, electrocardiogram; N, numbers of ECGs; SD, standard deviation;
IQR, interquartile range; SHC, severance health check-up.

4.2. Clinical characteristics and comparison of participants

The clinical characteristics of participants across the three study cohorts are outlined
in Table 4. The mean chronological age was 51.9 (16.4), 47.5 (12.2), and 63.7 (7.8) years
in the Severance hold-out, SHC, and UK Biobank, respectively, with women comprising
54.1%, 47.5%, and 47.9% of the cohorts. Notably, the UK Biobank cohort, aged 4383,
exhibited a higher mean ECG-age of 68.4 (7.8) and a larger mean ECG-age gap of 4.7 (8.7)
compared to the other two cohorts with age range 20-90. Beyond racial differences,
variations in all clinical characteristics, including BMI, blood pressure, comorbidities, and
health behaviors, were observed among the cohorts.
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Table 4. Clinical characteristics of study cohorts

Slf:le;i':fte SHC UK Biobank
=3751 =4
(N = 111483) (N =37517) (N = 40973)
Chronological age 51.9+ 16.4 475+122 63.7+7.8
(years), mean + SD
ECG-age (years), mean 5, 5, 162 47.4+12.5 68.4+7.8
+SD
ECG-age gap (years), 0.0+68 01460 47487
mean + SD
Sex
Male, N (%) 51213 (45.9) 19715 (52.5) 21364 (52.1)
Female, N (%) 60270 (54.1) 17802 (47.5) 19609 (47.9)
Racet, N 111483 37517 40861
White, N (%) 0 (0.0) 0 (0.0) 39538 (96.8)
Asian, N (%) 111483 (100.0) 37517 (100.0) 467 (1.1)
Black, N (%) 0 (0.0) 0 (0.0) 303 (0.7)
Mixed, N (%) 0 (0.0) 0 (0.0) 202 (0.5)
Others, N (%) 0 (0.0) 0 (0.0) 351 (0.9)
BMI, mean + SD 23.6+3.6 23.6+34 26.6+4.2
Systolic BP, mean £+ SD 1255+17.8 122.5+15.3 1352 +17.8
. . N
IS)[')asmhc BF, mean 763+ 11.9 76.0 +10.8 81.5+9.9
Comorbidities
Hypertension, N (%) 12898 (11.6) 2872 (7.7) 8059 (19.7)
Diabetes, N (%) 8696 (7.8) 1450 (3.9) 1066 (2.6)
Dyslipidemia, N (%) 5197 (4.7) 2258 (6.0) 4143 (10.1)
Chronic kidney
1 1. 224 (0. 2 .
discase, N (%) 737 (1.6) (0.6) 30 (0.6)
Previous myocardial
infarction, N (%) 1066 (1.0) 137 (0.4) 641 (1.6)
Heart failure, N (%) 1191 (1.1) 107 (0.3) 792 (1.9)
Peripheral arterial
934 (0.8 217 (0.6 82 (0.2
disease, N (%) 0.8) 0.6) 0.2)
Previous stroke, N (%) 2910 (2.6) 277 (0.7) 220 (0.5)
Smoking statusi, N 12678 2468 40867
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Never smoked, N (%) 8498 (67.0) 1839 (74.5) 24770 (60.6)

Ex-smoking, N (%) 2357 (18.6) 364 (14.7) 13476 (33.0)
(%furrent smoking, N 1823 (14.4) 265 (10.7) 2621 (6.4)
Drinking status}, N 12682 2467 40946

Lifeti ti N
(%)1 etime abstinence, 7307 (57.6) 1422 (57.6) 1052 (2.6)
(%liormer drinking, N 2002 (15.8) 168 (6.8) 871 (2.1)

C tly drinking, N
) urrently drinking, 3373 (26.6) 877 (35.5) 39023 (95.3)
Follow-up time (years), 4144407 6.08 + 3.81 2.99 4+ 1.56
mean + SD

Continuous variables are presented as mean + standard deviation and categorical
variables are presented as number (percentage). The participant counts in each study cohort
reflect numbers after the dataset filtering and exclusion process for observational AF risk
analysis, as outlined by Exclusion 1 and 2 in Figure 2.

T N for racial data indicates the number of participants with confirmed racial
information, excluding those marked as “Unknown or Prefer not to answer” in each cohort.

1 Smoking and drinking status denote numbers and percentages within the extent of
available information that participants responded to in that questionnaire (N represents the
number of participants who answered the questions in the questionnaire).

Abbreviations: AF, atrial fibrillation; BMI, body mass index; BP, blood pressure; ECG,
electrocardiogram; N, numbers of participants; SD, standard deviation; SHC, Severance
health check-up.

Tables 5, 6, and 7 provide comparisons of baseline characteristics between the Normal
and ECG-aging groups within each cohort, as well as among those excluded due to a history
of AF. Across all four cohorts, the ECG-aging group tended to be younger, with a higher
ECG-age and a greater proportion of men, in contrast to the Normal group. Furthermore,
excluded participants with a history of AF tended to be older, predominantly male, and
presented with a higher burden of comorbidities compared to study-included participants.
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Table 5. Comparison of clinical characteristics between the study-included and
the excluded participants in the Severance hold-out cohort

Study-included participants

. Excluded P-
Normal ECG-aging participants  value*
(age gap <+7) (age gap 2+7)
No. of participants 96418 15065 2468
Chronological age 524+165  484+157  633+123 <0.001
(years), mean + SD
fgg'age (years)mean — 5,7.160  593:160  65.0+12.8  <0.001
ECG-age gap (years), 17+55 10.9 + 4.0 16+85  <0.001
mean = SD
Sex <0.001
Male, N (%) 43780 (45.4) 7433 (49.3) 1540 (62.4)
Female, N (%) 52638 (54.6)  7632(50.7) 928 (37.6)
Racet, N 96418 15065 2468 1.00
Asian, N (%) 96418 (100.0) 15065 (100.0) 2468 (100.0)
BMI, mean + SD 23.5+3.5 23.8+3.9 242+36  <0.001
Systolic BP,mean+SD  1255+17.6  1260+19.1 123.9+20.0 0.002
Diastolic BP, mean+SD 762+ 11.7 773+12.8 7474125 <0.001
Comorbidities
Hypertension, N (%) 10812 (11.2) 2086 (13.8) 794 (32.2)  <0.001
Diabetes, N (%) 7329 (7.6) 1367 (9.1) 343(13.9)  <0.001
Dyslipidemia, N (%) 4440 (4.6) 757 (5.0) 207 (8.4)  <0.001
Chronic kidney disease, 1,94 (4 3 443 (2.9) 52(2.1)  <0.001
N (%)
Previous myocardial
infarction. N (%) 817 (0.8) 249 (1.7) 59(24)  <0.001
Heart failure, N (%) 945 (1.0) 246 (1.6) 329(13.3)  <0.001
Peripheral arterial
disease, N (%) 782 (0.8) 152 (1.0) 30 (1.2) 0.006
Previous stroke, N (%) 2363 (2.5) 547 (3.6) 215 (8.7) <0.001
Smoking status}, N 10691 1987 202 <0.001
Never smoked, N (%) 7321 (68.5) 1177 (59.2) 138 (68.3)
Ex-smoking, N (%) 1927 (18.0) 430 (21.6) 43 (21.3)
(%():““enﬂy smoking, N 1443 (13.5) 380 (19.1) 21(10.4)
Drinking status}, N 10695 1987 202 <0.001
Lifetime abstinence, N 6264 (58.6) 1043 (52.5) 122 (60.4)
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(%)
Former drinking, N (%) 1622 (15.2) 380 (19.1) 34 (16.8)

(%furrenﬂy drinking, N 2809 (26.3) 564 (28.4) 46 (22.8)

Continuous variables are presented as mean + standard deviation and categorical
variables are presented as number (percentage).

* P-values for comparing three groups were derived from Pearson’s chi-squared test
or Fisher’s exact test for categorical variables, and the one-way analysis of variance or
Kruskal-Wallis test for continuous variables.

T N for racial data indicates the number of participants with confirmed racial
information, excluding those marked as “Unknown or Prefer not to answer”.

1 Smoking and drinking status denote numbers and percentages within the extent of
available information that participants responded to in that questionnaire (N represents the
number of participants who answered the questions in the questionnaire).

Abbreviations: BMI, body mass index; BP, blood pressure; ECG, electrocardiogram;
N, numbers of participants; SD, standard deviation.
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Table 6. Comparison of clinical characteristics between the study-included and

the excluded participants in the SHC cohort

Study-included participants

- Excluded P-
Normal ECG-aging participants  value*
(age gap <+7) (age gap 2+7)
No. of participants 33254 4263 310
Chronological age 4784122  449+118  608+11.0 <0.001
(years), mean + SD
fgg'age (years), mean  4es.122 550121  614=119 <0.001
ECG-age gap (years), 1.4+49 10.1+3.0 0.6+7.6  <0.001
mean + SD
Sex <0.001
Male, N (%) 17316 (52.1) 2399 (56.3)  233(75.2)
Female, N (%) 15938 (47.9) 1864 (43.7) 77 (24.8)
Racet, N 33254 4263 310 1.00
Asian, N (%) 33254 (100.0) 4263 (100.0) 310 (100.0)
BMI, mean + SD 235+33 243 +3.7 244 +£32 <0.001
Systolic BP, mean + SD 122.3+15.2 1237+ 15.8 122.4+14.9 0.028
Diastolic BP, mean + SD 75.8+10.8 77.1+11.2 76.5+10.7 0.004
Comorbidities
Hypertension, N (%) 2503 (7.5) 369 (8.7) 157 (50.6)  <0.001
Diabetes, N (%) 1258 (3.8) 192 (4.5) 73(23.5)  <0.001
Dyslipidemia, N (%) 1998 (6.0) 260 (6.1) 102 (32.9)  <0.001
Chronic kidney disease,
N (%) 184 (0.6) 40 (0.9) 17(5.5)  <0.001
Previous myocardial
infarction, N (%) 114 (0.3) 23 (0.5) 17 (5.5) <0.001
Heart failure, N (%) 92 (0.3) 15 (0.4) 44 (142)  <0.001
Peripheral arterial
diseaso, N (%) 194 (0.6) 23 (0.5) 8 (2.6) <0.001
Previous stroke, N (%) 243 (0.7) 34 (0.8) 22 (7.1) <0.001
Smoking statusi, N 2204 264 98 0.233
Never smoked, N (%) 1654 (75.0) 185 (70.1) 73 (74.5)
Ex-smoking, N (%) 321 (14.6) 43 (16.3) 18 (18.4)
(%():““enﬂy smoking, N 5> (10.4) 36 (13.6) 7(7.1)
Drinking status}, N 2202 265 99 0.011
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Lifetime abstinence, N

o) 1287 (58.4) 135(50.9) 49 (49.5%)
Former drinking, N (%) 140 (6.4) 28 (10.6) 11 (11.1)
Currently drinking, N 775 (35.2) 102 (38.5) 39 (39.4)

(%)

Continuous variables are presented as mean + standard deviation and categorical
variables are presented as number (percentage).

* P-values for comparing three groups were derived from Pearson’s chi-squared test
or Fisher’s exact test for categorical variables, and the one-way analysis of variance or
Kruskal-Wallis test for continuous variables.

+ N for racial data indicates the number of participants with confirmed racial
information, excluding those marked as “Unknown or Prefer not to answer”.

1 Smoking and drinking status denote numbers and percentages within the extent of
available information that participants responded to in that questionnaire (N represents the
number of participants who answered the questions in the questionnaire).

Abbreviations: BMI, body mass index; BP, blood pressure; ECG, electrocardiogram;
N, numbers of participants; SD, standard deviation; SHC, severance health check-up.
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Table 7. Comparison of clinical characteristics between the study-included and

the excluded participants in the UK Biobank cohort

Study-included participants

- Excluded P-
Normal ECG-aging participants  value*
(age gap <+7) (age gap 2+7)
No. of participants 24673 16300 1706
Chronological age 66.8 7.1 50064  67.7+73  <0.001
(years), mean + SD
fgg'age (years), mean 66.0 + 8.0 721459  72.0+75  <0.001
ECG-age gap (years), -0.8+5.9 13.1+4.6 42481  <0.001
mean + SD
Sex <0.001
Male, N (%) 11370 (46.1) 8239 (50.5) 1062 (62.3)
Female, N (%) 13303 (53.9) 8061 (49.5) 644 (37.7)
Racet, N 24600 16261 1701 <0.001
White, N (%) 23924 (97.3) 15614 (96.0) 1673 (98.4)
Asian, N (%) 248 (1.0) 219 (1.3) 12 (0.7)
Black, N (%) 138 (0.6) 165 (1.0) 4(0.2)
Mixed, N (%) 95 (0.4) 107 (0.7) 2(0.1)
Others, N (%) 195 (0.8) 156 (1.0) 10 (0.6)
BMI, mean + SD 26.2+4.0 27.1+4.5 27.7+4.7 <0.001
Systolic BP, mean £+ SD 136.5 £ 18.1 133.3+17.3 138.5+19.1 <0.001
Diastolic BP, mean =+ SD 81.1+9.8 82.0+10.1 82.3+£10.0 <0.001
Comorbidities
Hypertension, N (%) 5076 (20.6) 2983 (18.3)  572(33.5)  <0.001
Diabetes, N (%) 666 (2.7) 400 (2.5) 74 (4.3)  <0.001
Dyslipidemia, N (%) 2864 (11.6) 1279 (7.8)  332(19.5)  <0.001
N (Co/lsomc Kidney discase, 5, ¢ ¢ 73 (0.4) 31(1.8)  <0.001
Previous myocardial
infarction N (y%) 418 (1.7) 223 (1.4) 90(53)  <0.001
Heart failure, N (%) 440 (1.8) 352 (2.2) 100 (5.9)  <0.001
Peripheral arterial
diseasg N %) 50 (0.2) 32(0.2) 8 (0.5) 0.060
Previous stroke, N (%) 143 (0.6) 77 (0.5) 41 (2.4) <0.001
Smoking statusi, N 24606 16261 1704 <0.001
Never smoked, N (%) 14710 (59.8) 10060 (61.9) 926 (54.3)
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Ex-smoking, N (%) 8550 (34.7) 4926 (30.3) 686 (40.3)
Currently smoking, N

%) 1346 (5.5) 1275 (7.8) 92 (5.4)
Drinking status}, N 24656 16290 1706 0.473
(%Iiifetime abstinence, N 640 (2.6) 412 (2.5) 34 (2.0)

Former drinking, N (%) 527 (2.1) 344 (2.1) 43 (2.5)

Currently drinking, N

o) 23489 (95.3) 15534 (95.4) 1629 (95.5)

Continuous variables are presented as mean + standard deviation and categorical
variables are presented as number (percentage).

* P-values for comparing three groups were derived from Pearson’s chi-squared test
or Fisher’s exact test for categorical variables, and the one-way analysis of variance or
Kruskal-Wallis test for continuous variables.

+ N for racial data indicates the number of participants with confirmed racial
information, excluding those marked as “Unknown or Prefer not to answer”.

1 Smoking and drinking status denote numbers and percentages within the extent of
available information that participants responded to in that questionnaire (N represents the
number of participants who answered the questions in the questionnaire).

Abbreviations: BMI, body mass index; BP, blood pressure; ECG, electrocardiogram;
N, numbers of participants; SD, standard deviation.
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4.3. Association between ECG-aging and the risk of new-onset AF

During the mean follow-up periods of 4.14 (SD, 4.27), 6.08 (3.81), and 2.99 (1.56)
years in the Severance hold-out, SHC, and UK Biobank cohorts, respectively, a total of
2,023, 456, and 538 new-onset AF events were recorded. My investigation aimed to assess
the predictive utility of ECG-age as an indicator for AF prevention across diverse
populations from different countries.

Table 8 illustrates a clear association between ECG-aging and the risk of new-onset
AF. The event rates of new-onset AF varied between the Normal and ECG-aging groups
(4.12 vs. 10.25 per 1,000 person-years in the Severance hold-out, 1.83 vs. 3.82 in the SHC,
and 4.15 vs. 8.83 in the UK Biobank). The ECG-aging group consistently exhibited a higher
risk of new-onset AF across all four cohorts, as evidenced by multivariable Cox regression
analysis. Specifically, HRs for new-onset AF were 2.50 (95% CI, 2.24-2.78) in the
Severance hold-out, 1.89 (1.46-2.43) in the SHC, and 1.90 (1.55-2.33) in the UK Biobank.
Moreover, the ECG-age gap as a continuous variable was associated with an increased risk
of new-onset AF. For each one ECG-age gap increase, the risk of new-onset AF increased
by 6% in the Severance hold-out, 4% in the SHC, and 4% in the UK Biobank. Importantly,
the significance of ECG-aging for the risk of AF was persistent even after further
adjustment for potential confounders, in addition to age and sex in model 1. Figure 8 depicts
cumulative incidence curves of AF, consistently indicating that the ECG-aging group had
a higher risk of new-onset AF compared to the Normal group across all three cohorts.
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Table 8. The incidence and risk of new-onset AF stratified by ECG-aging groups

and the increasing ECG-age gap

Adjust Adjust
No. of Event djusted djusted
Subtype events / rates* HR P-value HR P-value
group total No.  (95% CI) (95% CI), (95% CI),
‘ ° Model 1+ Model 23
Severance hold-out
(I:;Hgl:; 1567/ (; 613— ! [ref] ! [ref]
<+7) 96418 4.62) [ref] [ref]
ECG- 10.25
aging 456 / i 2.50 2.30
9.75— <0.001 <0.001
(age gap 15065 (10 77 (2.24-2.78) (2.06-2.56)
>+7) '
Per 1-
increase 1.06 1.05
<0.001 <0.001
in ECG- (1.05-1.07) 0.00 (1.05-1.06) 0.00
age gap
SHC
(I:;;Hglzll) 383/ (11'33— ! [ref] ! [ref]
<+7) 33254 231) [ref] [ref]
ECG-
aging 73/ 382 1.89 1.96
3.44— ) <0.001 ' <0.001
(age gap 4263 (4 24) (1.46-2.43) (1.52-2.54)
>+7) '
Per 1-
increase 1.04 1.04
<0.001 <0.001
in ECG- (1.03-1.06) 0.00 (1.03-1.06) 0.00
age gap
UK Biobank
329/ 1 1
Normal 24673 4.15 [ref] [ref] [ref] [ref]
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(age gap (3.47-

<+7) 4.97)

ECG-

aging 209/ 8.83 1.90 1.76

92— <0.001 <0.001
(agegap 16300 (7.9 (155233 0000 (43506 <000
>+7)

Per 1-
increase 1.04 1.04
<0.001 <0.001
in ECG- (1.03-1.06) (1.02-1.05)
age gap
* The event rates were adjusted for chronological age and sex and presented per 1,000

9.85)

person-years.
1 Model 1 was adjusted for chronological age and sex.

1 Model 2 was adjusted for chronological age, sex, BMI, comorbidities (hypertension,
diabetes, dyslipidemia, chronic kidney disease, prior myocardial infarction, heart failure,
peripheral arterial disease, and prior stroke), smoking, and drinking status.

Abbreviations: AF, atrial fibrillation; CI, confidence interval; ECG, electrocardiogram;
ECG-aging, electrocardiographic aging; HR, hazard ratio; SHC, Severance health check-

up.
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Figure 8. Adjusted cumulative incidence curves of new-onset AF stratified by the
ECG-aging group
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(C) UK Biobank
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The incidence curves and corresponding p-values for comparing the study groups
were derived from Cox regression models adjusted for chronological age and sex, and the
number-at-risk table depicting the population at risk and cumulative risk over time is
presented below each plot.

Abbreviations: AF, atrial fibrillation; ECG-aging, electrocardiographic aging; SHC,
Severance health check-up.

To investigate the association of ECG-de-aging and AF, participants were regrouped
into three ECG-aging subtypes, including the ECG-de-aging group (age gap <-7 years,
indicating decelerated aging). The ECG-de-aging group showed lower event rates and risks

of new-onset AF compared to the Normal-aging group except in the UK Biobank (Table 9
and Figure 9).
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Table 9. The incidence and risk of new-onset AF stratified by the three subtype

groups of ECG-aging

Subtvnc No. of Event Adﬁll;ted Adﬁll;ted
rm)l,p events / rates* (95% CI) P-value (95% CI) P-value
STOUP  total No. (95% CI) o +-0) o %0
Model 17 Model 23
Severance hold-out
Eggr_:;e_ 306 / (5'573_ 0.85 0011 0.88 0.041
(age gap 15486 sony (075096 T (0.77-0.99)
<-7) :
N;grirﬂgl_ 1261/ (;‘ gé— 1 [ref] [ref] ! [ref]
(-7< age 80932 4'91) [ref]
gap <t7) '
ECG-
i 10.25
aging 456 / ~ 2.42 2.24
(agegap 15065 (191 267) 2172700 0001 h01050) <0001
>+7) '
SHC
Egg(;]r_ée_ 58/ (ll'if_ 0.72 0.022 0.76 0.06
(age gap 4415 1 '77) (0.54-0.95) ' (0.57-1.02) ’
<_7) :
N;;?r:gl- 325/ 1.95 1 1
(-7<age 28839 (21 j;)‘ [ref] [ref] [ref] [ref]
gap <+7) '
ECG-
aging 73/ (g'gi_ 1.79 < 0.001 1.88 < 0.001
(age gap 4263 o  (139-23D) ' (1.45-2.44) '
>+7) '
UK Biobank
Eggr_l(;e_ 49/ (g 'ffS, 0.82 0.20 0.87 036
(age gap 3622 a3y (060-111) ' (0.64-1.18) '
<-7) :
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Normal-
aging 280/ 4.26 1 1

(-7< age 21051 (gfls ; [ref] [ref] [ref] [ref]
gap <t7) '

ECG-

aging 209 / (g'ggi 1.85 <0.001 1.73 <0.001
(age gap 16300 1o (151-228) : (1.41-2.13) :

>+7)
* The event rates were adjusted for chronological age and sex and presented per 1,000

person-years.
T Model 1 was adjusted for chronological age and sex.

1 Model 2 was adjusted for chronological age, sex, BMI, comorbidities (hypertension,
diabetes, dyslipidemia, chronic kidney disease, prior myocardial infarction, heart failure,
peripheral arterial disease, and prior stroke), smoking, and drinking status.

Abbreviations: AF, atrial fibrillation; BMI, body mass index; CI, confidence interval;
ECG, electrocardiogram; ECG-aging, electrocardiographic aging; HR, hazard ratio;
Severance health check-up.
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Figure 9. Adjusted cumulative incidence curves of new-onset AF stratified by the
three subtype groups of ECG-aging
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(C) UK Biobank
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The incidence curves and corresponding p-values for comparing the study groups
were derived from Cox regression models adjusted for chronological age and sex, and the

number-at-risk table depicting the population at risk and cumulative risk over time is
presented below each plot.

Abbreviations: AF, atrial fibrillation; ECG-aging, electrocardiographic aging; SHC,
Severance health check-up.
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5. Discussion

In this large-scale, multi-national cohort study, I constructed an Al model to predict
age using over 1.5 million 12-lead ECGs, achieving accuracy comparable to, and further
superior to that of previous studies. The findings in this study demonstrated that individuals
with “electrophysiologically older” hearts, defined as having a higher Al-predicted ECG
age than their chronological age, have an increased risk of new-onset AF events, even after
adjusting for known confounding covariates. Importantly, this model functioned effectively
across racially and ethnically diverse populations. Further, additional analysis confirmed a
decreased risk of new-onset AF in ECG-de-aging group compared.

Aging induces electrophysiological and electroanatomic alterations in the heart, which
manifest in the ECG and are correlated with cardiac pathologies.*® These age-related
changes, identified by AI-ECG, likely signify unfavorable "atrial remodeling."*® In this
context, AF might be considered the heart's wrinkle, serving as a marker of the aging
trajectory. Utilizing AI-ECG facilitates the early detection of this aging-related process,
potentially prior to the onset of complications such as irreversible atrial myopathy, heart
failure, or stroke. Nevertheless, further investigation is warranted to validate this
hypothesis.

Previous research aimed to estimate heart age from ECGs by utilizing predefined
variables based on P-wave, QRS complex, RR interval, and T-wave characteristics
extracted from standard ECGs, albeit with limited efficacy.”>* Al analysis, on the other
hand, leverages the entire ECG signal, potentially including unnamed signal segments.
Moreover, employing nonlinear functions within neural networks enables the reflection of
multiple, simultaneous, and sequential nonlinear changes in the signal, which may stem
from the complex physiology of aging. Given the nonlinear and incompletely characterized
nature of many biological processes, this could elucidate the superior performance of
DNNs in estimating heart age compared to human-selected features. The heart age
predicted by DNNs may offer more comprehensive insights into the heart's aging status
than chronological age alone, facilitating the estimation and prediction of disease risk and
burden.!*># Notably, an elevation in ECG-age beyond chronological age, denoted by an
increased ECG-age gap, heightens the risk of cardiac diseases and cardiovascular mortality.
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82946 In this study, I utilized Al to interpret standard ECGs and endeavored to estimate heart
age, demonstrating that when Al-derived heart age surpasses chronological age, it furnishes
valuable predictive information for future risk assessment and early stratification of AF risk.
These findings underscore the notion that ECG-aging, analyzed using Al algorithms,
reflects cardiac aging, given AF's association with aging, and provides more profound
prognostic insights into latent cardiovascular factors than chronological age alone,
particularly in forecasting future AF risk.

This research sought to elucidate the role of ECG-aging as a surrogate marker of
cardiac aging for cardiovascular risk stratification, rather than merely a measure of overall
aging. My overarching objective is to develop a practical and user-friendly heart age
prediction model, capable of estimating an individual's cardiac age from ECGs. By
identifying ECG signals associated with the aging of the cardiovascular system, the aim is
to enhance cardiovascular risk prediction. This study represents an initial step towards the
practical application of ECGs in the prognostic assessment of heart age, paving the way for
improved clinical decision-making and patient care.

Obtaining ECGs has become increasingly convenient and cost-effective.”® As ECGs
can now be readily acquired, integrating heart age estimation into routine clinical
examinations holds tremendous potential. By leveraging Al algorithms for heart age
prediction, ECGs could emerge as a potent tool for assessing cardiovascular health. This
innovative approach has the potential to motivate individuals to embrace healthier lifestyles
and improve their cardiovascular well-being. Consequently, it could contribute to reducing
healthcare expenditures and yield positive impacts on public health outcomes.

The ECG-age gap holds promise in identifying individuals who are experiencing
accelerated aging of the heart beyond what is typical for their chronological age. When
combined with their medical history and other clinical data, this information can facilitate
the proactive identification of patients at risk for preclinical or undiagnosed cardiac
conditions, thereby creating opportunities for preventive interventions. Moreover, the
integration of the ECG-age gap into the ECG report can serve as a valuable reference index
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for monitoring the cardiac health status of high-risk patients, enabling timely interventions
and management strategies to maintain optimal cardiovascular health.

Studies have demonstrated that the ECG-age gap can improve with the resolution of
illness and with lifestyle modifications such as weight loss, particularly in early
observations. This suggests that it may serve as a continuous marker of relative health,
offering motivation for individuals to make positive lifestyle changes.’! The ECG-age is
not a static indicator of a person's actual age at the time of an ECG. Instead, it can be
regarded as a dynamic measure that reflects the physiological aging process and can vary
over time. Exploring the impact of the variability of the ECG-age on long-term cardiac
outcomes through follow-up ECGs obtained over time could represent a valuable starting
point for future research endeavors.

This study has some limitations. First, the representativeness of the three cohorts in
this study may be limited for the nationwide general populations of each cohort.” Second,
survival bias may affect ECG-age prediction, as individuals with greater longevity are more
likely to have a younger biological age, and accordingly a younger ECG-age. Nevertheless,
the findings are encouraging given that the results were adjusted for chronological age.
Third, some unmeasured potential confounders may still act as significant risk factors for
AF. Fourth, the UK Biobank had a shorter follow-up period for AF events, and the
performance of the Al model within the UK Biobank was found somewhat diminished
compared to the other cohorts. Finally, although the ECG-age is considered a valuable
indicator of physiological age, the nature of the relationship between physiological age and
this Al-predicted index remains uncertain as there is no definitive gold standard test for
physiological age.*
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6. Conclusion

I demonstrated that ECG-aging is associated with the risk of new-onset AF and
suggested its potential as a novel biomarker for AF risk prevention across diverse
populations. Further studies are needed in more diverse cohorts to explore the relationship
between ECG-age gap and the risk of other age-related CVDs. Still, this study suggests that
the Al-predicted ECG age prediction model could be a cost-effective, non-invasive, and
targeted screening tool for estimating heart age and risk stratification for primary

prevention.
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