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Objective: The biological age progression of the heart varies from person to person. We
developed a deep learning model (DLM) to predict the biological age via ECG to explore
its contribution to future cardiovascular diseases (CVDs).

Methods: There were 71,741 cases ranging from 20 to 80 years old recruited from
the health examination center. The development set used 32,707 cases to train the
DLM for estimating the ECG-age, and 8,295 cases were used as the tuning set. The
validation set included 30,469 ECGs to follow the outcomes, including all-cause mortality,
cardiovascular-cause mortality, heart failure (HF), diabetes mellitus (DM), chronic kidney
disease (CKD), acute myocardial infarction (AMI), stroke (STK), coronary artery disease
(CAD), atrial fibrillation (AF), and hypertension (HTN). Two independent external validation
sets (SaMi-Trop and CODE15) were also used to validate our DLM.

Results: The mean absolute errors of chronologic age and ECG-age was 6.899 years
(r =0.822). The higher difference between ECG-age and chronological age was related
to more comorbidities and abnormal ECG rhythm. The cases with the difference of more
than 7 years had higher risk on the all-cause mortality [hazard ratio (HR): 1.61, 95% Cl:
1.23-2.12], CV-cause mortality (HR: 3.49, 95% CI: 1.74-7.01), HF (HR: 2.79, 95% Cl:
2.25-3.45), DM (HR: 1.70, 95% ClI: 1.563-1.89), CKD (HR: 1.67, 95% ClI: 1.41-1.97),
AMI (HR: 1.76, 95% CI: 1.20-2.57), STK (HR: 1.65, 95% CI: 1.42-1.92), CAD (HR:
1.24, 95% Cl: 1.12-1.37), AF (HR: 2.38, 95% CI: 1.86-3.04), and HTN (HR: 1.67,
95% ClI: 1.561-1.85). The external validation sets also validated that an ECG-age >7
years compare to chronologic age had 3.16-fold risk (95% Cl: 1.72-5.78) and 1.59-fold
risk (95% Cl: 1.45-1.74) on all-cause mortality in SaMi-Trop and CODE15 cohorts. The
ECG-age significantly contributed additional information on heart failure, stroke, coronary
artery disease, and atrial fibrillation predictions after considering all the known risk factors.

Conclusions: The ECG-age estimated via DLM provides additional information for CVD
incidence. Older ECG-age is correlated with not only on mortality but also on other CVDs
compared with chronological age.
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ECG-Age Is a CVD Predictor

###p < 0.001.

FIGURE 5 | The relationship between ECG-age and ECG important features. The plots display three groups, with ECG-age more than 7 years greater than the
chronological age (denoted by: ECG-age —Age >7, red columnar) those with ECG-age within a range of 7 years from their chronological age (denoted by: ECG-age
—Age-7 to 7, blue columnar); and, those with ECG-age more than 7 years smaller than the chronological age (denoted by: ECG-age —Age <7, green columnar). Sinus
rhythm is associated with ECG-age —~Age <7, green columnar. ECG abnormal is associated with ECG-age —Age >7, red columnar. #p < 0.05; ##p < 0.01;

chronologic age. Abnormal ECG features account for about 25%
of the total in our validation set, which is 7,729 ECGs. The high
residual (ECG age - age >7) is significantly increased hazard ratio
of new-onset CVD-related outcomes (Figure 7B). We conducted
a Global Schoenfeld test for the above Cox models (the details
were shown in Supplementary Figure 2). The analyses using all
the ECGs, normal ECGs, and abnormal ECGs were conducted in
this assumption test. The violated analyses were new-onset AMI
(p = 0.04091), new-onset STK (p = 0.001849), new-onset AF (p
= 0.01449), and new-onset HTN (p < 0.00001) in all ECG, and
new-onset STK (p = 0.01883), new-onset CAD (p = 0.00127),
and new-onset HTN (p < 0.00001) in normal ECG group. In
the above violated cases, some of them were contributed from
sex and age, and the new-onset AMI in all ECGs (p = 0.0229),
new-onset AF in all ECGs (p = 0.0016), new-onset HTN in
all ECGs (p = 0.0004), new-onset AF in normal ECGs (p =
0.0359), and new-onset HTN in normal ECGs (p = 0.0012).
These violated analyses results should be interpreted carefully. In
summary, the high residual represented that the patient might
lead to a higher incidence of extensive CVD events.

Cox proportional hazard model and C-index are used as
the performance assessment for a series of models in Figure 8.
We conducted 3 kinds of models to analyze the additional
contributions of ECG-age on each outcome. Model 1 includes
significant demographic data selected by the stepwise program
for each outcome. Model 2 includes variables in model 1
and additional significant comorbidities, and model 3 includes
variables in model 2 and additional significant laboratory tests.
The more valuable variables were included, and the better C-
index was conducted on each interesting outcome. In model 1

and model 2, ECG-age almost provided additional contributions
on each interested outcome with statistical significance. The
analysis presented here shows that the ECG-age can provide
more information of the CVD-related outcomes than traditional
cardiovascular risk factors. In model 3, ECG-age provided
additional contributions with statistical significance on newly
onset HE newly onset STK, and newly onset AF. While
not statistically significant, ECG-age demonstrated a trend to
improve the C-index on each interested outcome.

Figure 9 shows the DLM validation in two external cohorts,
the SaMi-Trop and CODE-15% (24). During median follow-up
years of 2.08 (IQR: 1.98-2.23) and 3.46 (IQR: 2.12-5.22), the
initial at-risk patients in SaMi-Trop and CODE-15% were 1,556,
and 218,070, respectively. Whether it be the SaMi-Trop cohort
or the CODE-15% cohort, the high residual revealed a high all-
caused death after adjustment for age and gender. The SaMi-Trop
cohort showed an HR of 3.16 (95% CI: 1.72-5.78). The CODE-
15% cohort showed an HR of 1.59 (95% CI: 1.45-1.74). In low
residual, it also revealed a decreased HR in all-cause mortality.

DISCUSSION

In this study, we trained our DLM to predict age by ECG.
The mean difference between ECG-age and chronologic age was
6.899 years, which is consistent with a previous report (22).
Such results indicated that the residual does not contribute to
random errors. We considered that ECG-age was an independent
risk factor correlated with CVD-related outcomes. In a previous
study, patients with higher residual have more comorbidities
such as low ejection fraction, hypertension, and coronary diseases
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FIGURE 6 | AI-ECG visualization of a 46-year old female with older ECG-age. A 46-year-old woman who had type 2 diabetes mellitus, hyperlipidemia under regular
OPD follow up. Her ECG-age is 61.4 years old which is much higher than her chronological age. Using the class activation mapping and attention mechanism to
explain the AI-ECG prediction, we used white-to-red gradient to indicate the importance of each lead, and the darker-to-light gradient to indicate the contribution of
each position in prediction of ECG-age. Light green and yellow mean older and younger rhythms. The most important part in this case is aVL, which accounts for
18.6%, while Al considered it was an old feature with widely green color. Although it presents sinus rhythm, we can see the part emphasized by AI-ECG shows relative
irregular baseline, which may be caused by a patient with muscle tremor, muscle tension, dry skin turgor, and Parkinson’s disease. We considered that AI-ECG may
acquire information from these tiny changes. The patient was diagnosed of coronary artery disease, single vessel disease status has post-percutaneous coronary
intervention with a drug-eluting stent implanted at left circumflex artery after 3 years.

(22). Our study evaluated the relationship between ECG-age and
ECG abnormal features, and the results revealed that the high
residual was the high frequency of ECG abnormal features. We
further applied an ECG-age to predict CVD-related outcomes
and found that patients with a high residual were significantly
susceptible to an all-cause mortality, CV-caused mortality, and
CVD-related outcomes after adjusting for potential confounding
factors. Subgroup analysis showed the group with any one of
diseases with bigger MAE than health group. In the external
validation cohort, high residual was also demonstrated with an
increased HR of all-cause mortality.

Traditional risk factors, such as age, sex, blood pressure,
smoking, DM, and cholesterol level, have been used to
predict CVD-related outcomes (2-4). Interestingly, certain ECG
abnormalities have been applied to predict adverse events
(30). In the previous study, they proposed 4 ECG variables
[ie, AF/AF, Q/QS, intraventricular conduction delay, and left
ventricular hypertrophy (LVH) by voltage] as independent

predictors for CVD-related outcomes (30). Here, we also
discovered a similar correlation between Al-derived ECG-
age and ECG abnormal features. The CVD guideline which
published by the National Vascular Disease Prevention Alliance
in Australia incorporates ECG and traditional CVD risk factors
to achieve better CVD event risk prediction (31). Many
studies were dedicated to obtaining more information from
ECG, such as predicting serum potassium concentration (13),
and the presence of AF in the future (21), or predicting
mortality from a 12-lead ECG (24-26). Although current CVD
risk prediction models and ECG abnormalities provide great
information regarding CVD events and outcomes, they lack
integration, which is not convenient for clinical use. Our
study provides a practical approach model, the ECG-age, to
predict not only the focus on mortality but also the CVD-
related outcomes.

Under normal development, the physiological age is the same
as the chronological age. Many cardiovascular risk factors can
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cumulative risk for the given time intervals in each risk stratification. (B) Continuous association of the difference between chronological age and ECG-age on each
outcome. The solid line and dashed line are the point estimation and the corresponding 95% conference interval, respectively. All hazard ratios were adjusted by
gender and chronological age. “Normal” refers to the ECGs labeled as normal by the original interpreting physician at the time of ECG acquisition, “abnormal” refers to
any ECGs not identified as normal. The black line, green line, and red line represent the risk curve in all ECGs, normal ECGs, and abnormal ECGs, respectively.
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lead to an early CVD and cause morphological changes on
ECG. We used a class activation mapping to see which portion
is Al-focused. However, we cannot fully understand how AI
can predict the age and extensive CVDs. We can only find
some abnormal ECG that is correlated with old ECG age. Some
pathologic tiny change was probably observed by DLM. The
heuristic previous study on ECG derived the heart age connected
with the Bayesian approach. They used a P-wave duration, axis
of QRS and T wave, RR interval variability, and QRS root mean
squared voltages to estimate heart age. This study showed a
good relation between ECG-age and chronological age in the
adult health. It also found highly endurance-trained athletes
and patient with CVD risk factors have older ECG age (32).
The QRS-T angle is also a well-established ECG feature about
sudden cardiac death, ventricular arrhythmia, and an all-cause
mortality. It is considered a sensitive and strong predictor of
heart ventricular remodeling. The widened QRS-T angle is also

correlated with age (33, 34). The Al-derived ECG-age was used to
evaluate a patient who received heart transplantation. The result
demonstrated that the post-transplant ECG-age correlates more
closely with the donor’s than the recipient’s chronological age,
which means that the Al-derived ECG-age can reflect more of
the heart age than the chronological age (35). All of the results
partially elucidate the contribution of CVD to the morphological
changes of ECG. Our ECG-age may present a more precise
evaluation of the heart condition than the chronological age
based on the obtained ECG information.

This model exhibits an excellent predictive performance in
AF and HE for which ECG changes are related to pathological
changes in the myocardium and structural changes (36, 37). In
AF, the most frequent structural change of the atrial myocardium
is interstitial fibrosis, which interferes with atrial conduction (38).
Although these electrical signal changes are recorded by the ECG,
they are difficult to observe due to subtle changes (21). With
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Al these signals can be analyzed and integrated to make useful
predictions (36). A previous study proposed that an Al-enabled
ECG in normal sinus rhythm permits an excellent prediction
of individuals with AF in the future (21). The CHF may be
associated with several ECG characteristics (36), such as AF, a
long PR interval, LVH, pathological Q wave, and widened QRS
(37). A previous study had proposed the accurate diagnostic
power for HF via ECG-based computer-aided detection systems
(36). All of the evidence elucidates the ECG-ages on AF and
CHE, and highlights the strength of our DLM in the prediction
of CVD-related outcomes.

In the target and application, our system could be applied to
reduce the medical costs and screen for cardiovascular disease
incident, which provides beneficial effects on public health. As
illustrated by the British Whitehall II cohort study, people were
classified into three categories by the severity of CVD risk,
who received a different frequency of screening for CVD. Such
a strategy reduced the number of person-years, which were
unrecognized in the high-risk group by 62%, and decreased
the major CVD events by 8% in the study (39). Appropriate
risk stratification equals proper distribution of resources, which
means that those with the highest risk have the clearest indication
for various technologies. In another field, lung age was developed
via a pulmonary function test that compares the expected effects
of aging on the pulmonary system and the presumed additional
damage from tobacco smoke inhalation. Lung age is a tool to
motivate people to quit smoking. A previous study reported
that providing patients with their lung age was associated with

higher quit rates than the general smoking cessation protocol
(40). Such evidence points out the promising role of ECG-age on
motivating patients to conduct a lifestyle modification. If there
is more precise risk stratification, we can detect CVD earlier
and provide more precise medical interventions, which achieve
a better prognosis and reduce medical costs.

Some limitations of this study should be mentioned. First,
this is a hospital-based retrospective study. The included samples
were collected from our physical examination center, which could
not represent the community-based studies. Yet, we used open
access cohort databases to improve this problem, and similar
results were found that high residual correlated with a higher
hazard ratio of mortality. Second, there was a lack of a gold
standard for the physiological age of the heart. We directly
used ECG to predict chronological age, which was based on the
assumption of the same aging speed of chronological age and
heart age. Third, transparency, explainability, and bias are the
limitations of using Al algorithms. We tried to use class activation
mappings and attention mechanism to improve the explainability
and provide a new figure to demonstrate it. Fourth, biological
age is the accumulation of time, genetic, environment, lifestyle,
and other unknown variables that affect aging. Our electronic
medical records did not store this information, which may
influence the biological age. This single-center study included a
limited number of cases. Although the performance of our DLM
has achieved the state-of-art results of previous studies, larger
multicenter validations are needed. Finally, the Cox regression
analyses in some outcomes of interest, such as the new-onset
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AF and the new-onset HTN, violated the proportional hazard
assumption. Although similar risk curves were presented in
all analyses that patients with the higher difference between
ECG-age and chronologic age had a higher risk of CVDs, we
should emphasize this limitation for future applications in these
two outcomes.

In this study, we have achieved comparable accuracy to
previous studies in age predictions (23-26). The ECG-age is
correlated with mortality which was known by many heuristic
studies (24-26). Here, we demonstrated that ECG-age was not
only correlated with mortality but also extensive CVD-related
outcomes. Although the future study may perform better to
reduce the difference between predictions and actual value, this
study still revealed a part of difference including an extensive
biological meaning. Deep learning accelerates the production of
new risk factor prediction models by integrating unstructured
data. We have shown that DLM has the potential to provide
additional prognostic information by one of the most widely used
medical tests, the 12-lead ECG, which, with further study, could
prove useful in a clinical context, both for risk prediction and for
improving outcomes.
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