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Determinants of artificial intelligence
electrocardiogram-derived age and its
association with cardiovascular events
and mortality: a systematic review and
meta-analysis
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Folkert W. Asselbergs4 & Akbar Shafiee5

Artificial intelligence (AI)-ECG-derived age (AI-ECG age) and Heart Delta Age (HDA)—the difference
between AI-ECG and chronological age—are emerging tools for assessing cardiovascular health. We
systematically searched PubMed, Embase, Web of Science, and Scopus from inception through
September 2024. Seventeen original studies utilizing AI algorithms to measure HDA and
cardiovascular risk factors, outcomes, or mortality were included. Data were pooled using random-
and fixed-effects models for meta-analysis. Hypertension and diabetes mellitus emerged as themost
prevalent factors contributing to higher HDA, while cardiac diseases including myocardial infarction
and heart failure demonstrated the most significant impact. Pooled analysis revealed a significant
association between elevated HDA and increased risks of all-cause mortality (hazard ratio [HR] 1.62,
95% confidence interval [CI] 1.49-1.77) and cardiovascular mortality (HR 2.12, 95% CI 1.71-2.63).
HDA could enhance existing risk models and play a critical role in primary healthcare prevention.

Recently, biological age has been introduced as a surrogate indicator of
aging-related diseases, conditions, and comorbidities1. Calculating biologi-
cal age can be challenging due to the absence of a standardized method.
However, various parameters, including demographic, physiological, bio-
chemical markers, and multi-omics data, have been used for computing
biological age. Imaging techniques, such as magnetic resonance imaging
(MRI)2 and chestX-ray (CXR)3, have also been employed.Among them, the
electrocardiogram(ECG) is a simple,widely available, andnon-invasive tool
that has proven to demonstrate aging patterns, making it a suitable choice
for estimating biological age, also known as “heart age” or “cardiac age”4.

Traditionally, electrophysiologists analyze and compare the morpho-
logical features of an ECG strip with established ECG standards and cor-
relate them to specific age groups. However, this method is prone to
inaccurate estimates, as different cardiovascular diseases maymanifest with

similar patterns on the ECG, and vice versa. As a result, cardiologists are
forced to spend more time and effort on accurate evaluation, making the
process more difficult and time-consuming4. Lately, artificial intelligence
(AI) models, particularly deep learning and machine learning algorithms,
are increasingly employed in healthcare due to their capacity to learn
complex patterns and analyze large datasets, offering significant potential
for addressing healthcare challenges5.

The research community has calculated heart age through the analysis
of 12-lead ECG strips by utilizingAImodels such as deep and convolutional
neural networks4. AI-ECG-derived age, commonly referred to as AI-ECG
age, has demonstrated associations with cardiovascular diseases6. Heart
Delta Age (HDA), the difference between AI-ECG age and chronological
age, is a predictor of cardiovascular outcomes andmortality7–9.Most studies
agree that having anAI-ECGagehigher than chronological age, or apositive
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HDA, elevates the risk ofmajor adverse cardiovascular events (MACE) and
mortality10,11. Currently, the focus is mainly on the relationship between
HDA and cardiovascular outcomes. However, potential determinants and
risk factors associated with biological heart age and HDA, such as lifestyle
factors, comorbidities, and even genetic mutations, have been
investigated11–14. This indicates the potential role of HDA in primary
healthcare prevention and screening of high-risk individuals in the future10.

Despite all the advances in AI models for calculating AI-ECG age, the
associations and relationships of HDA with its determinants and
cardiovascular-related outcomes have not yet been systematically investi-
gated. Therefore, in this systematic review and meta-analysis, we provided
an overview of the determinants of HDA and summarized the predictive
role of HDA in cardiovascular events and mortality.

Results
Study selection
Our search strategy generated a total of 2473 studies through database
searches. Following the removal of duplicates, a total of 1674 articles were
identified and subsequently assessed. Articles that were excluded follow-
ing the title/abstract screening stage (n = 1635) were mostly articles
without an age estimation on ECG of human subjects. Among the 39
remaining articles, sixteen met the inclusion criteria. The primary causes
of exclusion at this stage were being a preprint or conference abstract
version of the study, application of traditional statistical methods, and
investigating participants with cardiac intervention as the main study
group (Supplementary Table 4). Citation searching identified another five
articles, which after assessing the eligibility, only one met the inclusion
criteria and was included in the study. Our PRISMA flow diagram is
presented in Fig. 1.

Characteristics of included studies
All of the included studies were published in the years following 2019 and
utilized patients’ electrocardiograms and information derived from both
retrospective15 and prospective16 cohorts. Most of the studies were con-
ducted in theUSA10,11,14–20. The included studies involved a variable number

of participants, ranging from 3717 up to 226,47621 individuals. Primarily,
participants were adults ranging from 169 to 8522 years.

In the studies analyzed, standard 12-lead ECGs were collected from
participants and converted into digital formats. These digital ECGs
underwent preprocessing steps to ensure consistency across the dataset. The
preprocessed ECG data were then input into advanced AI techniques, such
as deep learning or convolutional neural networks to perform age estima-
tion. For this purpose, the AI models were trained using a diverse dataset,
and their performance was evaluated on multiple validation sets. Once the
training and validation processes were completed, the holdout set was uti-
lized toobtain a conclusive evaluationof theAImodel’s effectiveness10,18,23.A
majority of studies employed themodel trained on the patients of theMayo
Clinic19 and CODE study9. The difference between the AI-ECG age and the
individual’s chronological age, referred to as HDA, was calculated. A
positive HDA indicates accelerated cardiovascular aging, while a negative
HDA suggests a younger heart age relative to chronological age (see Sup-
plementary Note 1 and Supplementary Fig. 1 for further explanation).

The risk of bias assessments consisted of 34 criteria based on the
STROBE checklist. Within this assessment, the mean score was approxi-
mately 20 out of 34. Two studies met fewer than half of the criteria17,19, and
the highest reported score was 27 out of 3416. Detailed results of the risk of
bias are shown in Fig. 2.

High HDA determinants
Sixteen of the included studies identified various factors associated with
elevated HDA. The genetic basis of cardiovascular aging was shown to be
mainly determined by genes directly involved in the cardiovascular system,
such as those related to cardiac muscle development and those associated
with cardiovascular diseases. This influence surpasses that of genes con-
nected tomore general agingmechanisms24. The occurrence ofmutations in
these genes, including the Lamin A/C (LMNA) gene14 and changes in the
activity of the telomerase enzyme17 was also associated with a higher HDA.

In investigating imaging modalities, ECG abnormal findings, such as
left bundle branch block, atrial fibrillation (AF), atrioventricular block, left
ventricular hypertrophy, left atrial enlargement, ventricular premature

Fig. 1 | The PRISMA flow diagram. Illustration of the identification, screening, eligibility assessment, and inclusion of studies in the systematic review.
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complex, and prolongedQT interval, were all associated with higherHDA8.
Moreover, cardiac MRI abnormalities like dilation of the left ventricle,
presence of late gadolinium enhancement, decrease in the ejection fraction
of the left ventricle, and increase of the left ventricular mass were associated
with an increment of 5 years in the HDA16.

Asdemonstrated inTable 1, adopting ahealthy lifestylewas reported to
be associated with a reduced AI-ECG age13. Conversely, making unhealthy
lifestyle choices, particularly leading a sedentary life, engaging in alcohol
consumption13,24, having a high body mass index, and dyslipidemia8,10,22–24

was associated with a higher HDA. Several studies have investigated
smoking as a risk factor for cardiovascular diseases, with the majority
indicating that it is associatedwith an elevatedAI-ECG, and consequently, a
higher HDA9–11,13,22,24.

HTN and DM have been identified in various studies as contributing
factors to the acceleration of HDA7,9–11,13,15,16,19. It has been reported that,
apart from the DM itself, increased fasting blood sugar and hemoglobin
A1C levels were associatedwith a higherHDA8. Furthermore, systolic blood
pressure, diastolic blood pressure, and mean arterial pressure were all
associated with an increase in HDA22–24. Besides these conditions, the use of
medications such as antihypertensive and lipid-lowering drugs significantly
contributes to an elevated HDA22.

Cardiac diseases, including ischemic heart diseases and HF, were also
reported to be associated with elevated levels of HDA7,10,13,15,16,19. Among the
various conditions, ischemic heart diseases and HF were reported to have
the greatest impact on increasing HDA (Supplementary Table 5). Addi-
tionally, previous cardiac surgery and prevalent stroke have also been
reported to be associated with increased HDA19,20. More details on HDA
determinants are presented in Supplementary Table 5.

High HDA outcomes
Study characteristics with outcomes associated with high HDA are pre-
sented in Table 2. Detailed hazard ratios can be found in Supplementary
Table 6. Nine of the included studies investigated cardiovascular outcomes
of highHDA. In a study exploring new-onset cardiovascular diseases, it was
reported that an elevation in HDA exceeding seven years is associated with
an elevated risk ofHF (HR = 2.79 [95%CI; 2.25, 3.45]), AF (HR = 2.38 [95%
CI; 1.86, 3.04]), DM (HR = 1.70 [95% CI; 1.53, 1.89]), HTN (HR = 1.67
[95% CI; 1.51, 1.85]), chronic kidney disease (HR = 1.67 [95% CI; 1.41,
1.97]), acute myocardial infarction (MI) (HR = 1.76 [95% CI; 1.20, 2.57]),
and stroke (HR = 1.65 [95% CI; 1.42, 1.92]) in the future8. In a separate
investigation, HDA exceeding 9 years was found to be associated with an
elevated onset of HF (HR= 1.75 [95% CI; 1.45, 2.12]) and AF (HR = 1.44

[95% CI; 1.23, 1.69])11. In the same study, each 10-year increment in HDA
was associatedwith an increased risk ofMI (HR = 1.10 [95%CI; 1.01, 1.20]),
AF (HR = 1.18 [95% CI; 1.12, 1.24]), and HF (HR = 1.31 [95% CI; 1.21,
1.43])11when the competing risk of deathwas taken into account.Moreover,
HF hospitalization or death probability escalated with each 5-year incre-
ment inHDA(HR = 1.11 [95%CI; 0.01, 1.21])16.A10-year increase inHDA
was associatedwith a 22% increased risk of stroke (HR = 1.22 [95%CI; 1.00,
1.49])20. All outcomes extracted from the studies, along with reported HRs
are shown in Table 2 and Supplementary Table 6.

All-cause mortality
Five studies reported the HR of high HDA on all-cause mortality8–11,21, two
ofwhich also calculated this estimate using external cohorts for validation8,9.
Ultimately, nineHRs from these studieswere included in themeta-analysis.
The pooled estimate for all-cause mortality was HR = 1.62 [95% CI; 1.49,
1.77] indicating a significantly increased risk associated with high HDA.
Heterogeneity among the included studies was substantial, with I² = 68.38%
and a significant Cochran’s Q test (p < 0.001) (Fig. 3). To evaluate pub-
lication bias, a funnel plot was generated (Supplementary Fig. 2). Further-
more, Begg’s test didn’t demonstrate a statistically significant result
(p = 0.18). A subsequent trim-and-fill analysis showed that no studies were
missing, confirming that all eligible studies were included in the meta-
analysis, which supports the robustness of the pooled estimate (Supple-
mentary Fig. 3).

Cardiovascular mortality
Similarly, three studies reported the HRs of high HDA on cardiovascular
mortality8,10,21. The pooled estimate for cardiovascular mortality was HR =
2.12 [95% CI; 1.71, 2.63], demonstrating a significantly higher risk asso-
ciated with high HDA. Heterogeneity among the included studies was low,
with I² = 20.25% and a Cochran’s Q test result of p = 0.29, suggesting no
substantial variability across the studies (Fig. 4). The Begg’s test showed no
statistically significant results (p = 0.30). Two studies were imputed using
the trim-and-fill method to address potential publication bias in the funnel
plot (Supplementary Fig. 4). After adding these studies, the pooled effect size
decreased from 2.12 [1.71, 2.63] to 1.94 [1.61, 2.33] (Supplementary Fig. 5).
This adjustment does not substantially alter the overall results, suggesting
that the results are still robust.

Discussion
This systematic review and meta-analysis outlined HDA determinants and
related outcomes, such as mortality and cardiovascular events. Among the

Fig. 2 | Quality assessment of the included studies. Evaluations of each of the included studies with the Strengthening the Reporting of Observational studies in
Epidemiology (STROBE) checklist, with criteria categorized as “Complete”, “Incomplete”, “No Information”, or “Not Applicable” to evaluate methodological rigor.
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potential determinants of HDA, HF, AF, and MI demonstrated the most
impact on HDA. In addition, higher HDA increases the risk of all-cause
mortality and cardiovascular events.

Aging extends beyond the mere passage of time and is closely asso-
ciated with changes in cellular function. The stability of DNA and genetic
profiling have been proven to play an important role in determining
lifespan25. Several genetic and epigenetic factors, including DNA methyla-
tion, repair mechanisms, histone modification, and protein translation
modifications, regulate aging26. Furthermore, chronic diseases (e.g., cancer
and diabetes) and lifestyle factors (e.g., diet and physical activity) have also
been associated with accelerated aging through several different
mechanisms27,28. Biological age, which takes these factors into account, has
been introduced as a surrogate biomarker that provides a deeper under-
standing of the aging process than chronological age.

Recently, several methods such as principal component analysis,
multiple linear regression, and Klemera and Doubal’s method have been
introduced for estimating biological age29. However, these approaches have
significant limitations, making them less suitable for widespread use29.
Recently, advancements in deep learning models and convolutional neural
networks have led to the development of new approaches. Among them is
AI-ECG age, introduced by Attia et al., which provides a more compre-
hensive assessment of overall cardiac health and aging processes than tra-
ditional scoring methods19. As individuals age, several changes in the ECG,
such as changes in rate, ST-T wave alterations, and axis deviation, are
expected to occur30. The AI-ECGmodel identifies age-related patterns and
alterations caused by various conditions and diseases to estimate biological
age. The discrepancy between this biological age (AI-ECG age) and
chronological age, known asHDA, has been extensively studied and proven
to effectively and transparently indicate cardiovascular risk, establishing it as
a promising and reliable biomarker for overall health.

In addition to AI-ECG age, efforts have been made to estimate biolo-
gical age using chest X-rays (CXR) and cardiac MRI. While both AI-ECG
age andCXR-derived age provide valuable prognostic insights, AI-ECG age
offers a deeper understanding of latent cardiovascular factors due to its
direct reflection of heart physiology. Furthermore, cardiacMRI-derived age
is based on ventricular shape and myocardial characteristics, highlighting
sex-specific aging patterns and linking biological heart age to cardiovascular
risk factors. However, its use in routine clinical practice is limited by
accessibility. Integrating these modalities could enable a more compre-
hensive assessment of cardiovascular health2,3.

Cardiovascular risk factors and diseases have been extensively studied
as potential predictors of HDA. For example, individuals who maintain a
healthy lifestyle tend to have a lower HDA, making them biologically
younger than those with unfavorable habits13. Thus, we encourage
researchers to focus on identifying protective factors for HDA to slow aging
and enhance life expectancy.

Although the exact mechanisms underlying these predictors remain
unclear, biological age—and consequently, HDA—is believed to be closely
linked to vascular endothelial function. Disruptions in endothelial function,
particularly in the coronary vasculature, may contribute to increased
HDA18. Current literature primarily associates HDA with mortality and
cardiovascular events, with preliminary findings on ECG-derived heart age
supporting its relevance to cardiovascular health6. In addition, studies have
indicated that an elevated brain delta age may be linked to a higher risk of
future mortality31,32.

Genome-wide association studies (GWAS) serve as a comprehensive
catalog of genome-wide associations with various diseases and have iden-
tified numerous genes related to cardiovascular health. GWAS have
demonstrated connections between genetic variants and traits such as left
ventricular mass and other cardiac structures, potentially influencing ECG
readings and biological age33.

For instance, variants of the SIPA1L1, VGLL2, and DEFB136 genes
have been associated with specific ECG morphologies, AF, and blood
pressure34. LMNAis a crucial gene involved in theprocessing of LaminA, an
essential protein in the nuclear scaffold, and is associated with physiologicalT

ab
le

2
(c
o
nt
in
ue

d
)|

C
ha

ra
ct
er
is
ti
cs

o
ft
he

st
ud

ie
s
ex

p
lo
ri
ng

ca
rd
io
va

sc
ul
ar

o
ut
co

m
es

as
so

ci
at
ed

w
it
h
he

ar
t
d
el
ta

ag
e

A
ut
ho

r-
ye

ar
C
o
un

tr
y

S
tu
d
y
d
es

ig
n

D
at
a

co
lle

ct
io
n

p
er
io
d

Fo
llo

w
-

up
(y
ea

rs
)

A
rt
ifi
ci
al

in
te
lli
g
en

ce
m
o
d
el

S
am

p
le

si
ze

P
o
p
ul
at
io
n

M
al
e
%

H
D
A

C
ut
-o

ff
O
ut
co

m
es

as
so

ci
at
ed

w
it
h
H
D
A

La
d
ej
ob

i
et

al
.1

0
U
S
A

H
is
to
ric

al
co

ho
rt

19
97

–
20

16
12

.4
±
5.
3

C
on

vo
lu
tio

na
ln

eu
ra
l

ne
tw

or
k
(d
ev

el
op

ed
b
y

A
tt
ia
et

al
.2

4 )

25
,1
44

P
at
ie
nt
s
≥
30

ye
ar
s
ol
d
w
ho

ha
d
p
rim

ar
y

ca
re

ou
tp
at
ie
nt

vi
si
ts

46
%

0.
88

±
7.
41

+
2
S
D

ab
ov

e
1- 2
S
D

ab
ov

e

A
ll-
ca

us
e
an

d
ca

rd
io
va

sc
ul
ar

m
or
ta
lit
y

D
at
a
ar
e
re
p
or
te
d
w
ith

m
ea

n
±
S
D
,m

ed
ia
n
(IQ

R
),
un

le
ss

sp
ec

ifi
ed

.
A
F
at
ria

lfi
b
ril
la
tio

n,
A
M
Ia

cu
te

m
yo

ca
rd
ia
li
nf
ar
ct
io
n,

C
A
D
co

ro
na

ry
ar
te
ry

d
is
ea

se
,C

K
D
ch

ro
ni
c
ki
d
ne

y
d
is
ea

se
,D

M
d
ia
b
et
es

m
el
lit
us

,E
C
G

el
ec

tr
oc

ar
d
io
gr
am

,H
D
A
he

ar
td

el
ta

ag
e,

H
F
he

ar
tf
ai
lu
re
,H

TN
hy

p
er
te
ns

io
n,

IQ
R
in
te
rq
ua

rt
ile

ra
ng

e,
M
A
C
E
m
aj
or

ad
ve

rs
e

ca
rd
io
va

sc
ul
ar

ev
en

ts
,M

Im
yo

ca
rd
ia
li
nf
ar
ct
io
n,

M
R
Im

ag
ne

tic
re
so

na
nc

e
im

ag
in
g,

N
R
no

tr
ep

or
te
d
,S

D
st
an

d
ar
d
d
ev

ia
tio

n.
a S
p
ec

ia
lp

op
ul
at
io
n.

b
M
ea

n
ab

so
lu
te

er
ro
r±

S
D
us

ed
fo
r
re
p
or
tin

g.

https://doi.org/10.1038/s41746-025-01727-7 Article

npj Digital Medicine |           (2025) 8:322 8

www.nature.com/npjdigitalmed


aging35. LaminAdeteriorationwith age canpotentially bemitigated through
genetic therapies (e.g., FTIs, CRISPR)35, lifestyle interventions (caloric
restriction, antioxidants)26,28, and telomere maintenance36 strategies.
Emerging approaches like senolytics27 and mTOR37 inhibition also show
promise in preserving Lamin A function, delaying aging-related decline.
Further research is needed to validate these strategies in humans.

Mutations in LMNA are linked to premature aging disorders and have
been found to correlate with ECG abnormalities, including atrioventricular
block,flat Pwaves, andboth ventricular and supraventricular arrhythmias38.
Both LMNA14 and GWAS-obtained genes24 have shown statistically sig-
nificant associations with HDA, even in asymptomatic patients. However,
when comparing results across diverse genetic models, not all associations
could be explained by the currently known loci, highlighting the need for
validation in larger studies. Another genetic factor is telomerase activity37,
which can potentially shorten the lifespan via altering the telomere length
and has an established role in aging-related diseases36 and HDA17.

While GWAS have identified cardiovascular-specific genes as key
drivers of HDA multi-omics studies reveal how these genetic variants
manifest inprotein-leveldysfunction.AshighlightedbyBelfiori etal.39, atrial
fibrillation exhibits proteomic signatures (e.g., dysregulated collagen turn-
over, impaired energy metabolism proteins) that mirror aging pathways
implicated in HDA.

The mark of various cardiovascular diseases could be captured by the
ECG (e.g. axis deviations, conduction blocks, and QRS widening)40. In fact,
studies have used ECG abnormalities as predictors of MACE41. Traditional
methods (e.g. Bayesian approach6 or Linear regression42) have been utilized
to estimate age from ECG strips and have identified correlations between
certain ECG features, such as widened QRS-T angle, and ECG age43.
Similarly, studies8 using AI have depicted the association of abnormal ECG
changes, such as AF, conduction blocks, chambers hypertrophy, and

enlargement, with groups of patients with a higher HDA. However, this
method of risk classification cannot be fully relied upon; since there is
evidence of patients with different categories of aging (accelerated, normal,
and decelerated) that show no significant difference in various ECG
parameters9. To clarify, the risk ofmortality remains significantly high even
in patients with an apparently normal ECG. The precise mechanism by
which AI-ECG age predicts adverse cardiovascular events is not yet fully
understood. However, one hypothesis suggests that AI may detect subtle
variations in low-frequency components of the ECG, such as P andTwaves.
This supports the idea that AI-ECG age estimation enables a more com-
prehensive risk assessment, potentially incorporating variables beyond
those captured by conventional ECG analysis9.

Recent advances in AI-powered echocardiography now allow for the
estimation of biological age by detecting subtle patterns of myocardial
alterations and age-related functional decline44. New tools like natural lan-
guage processing systems for analyzing heart ultrasound reports45 com-
plements emerging AI-ECG age estimation by enabling large-scale
integration of functional cardiac parameters (e.g., ejection fraction, diastolic
measures) with HDA. For a brief review of echocardiographic aging mar-
kers, see Supplementary Note 2. Future studies could combine HDA with
AI-analyzed echocardiograms to build a more complete model of heart
aging44.

Regarding the clinical applications of HDA, it may enhance, if not
surrogate, traditional cardiovascular disease risk stratifications like the
Framingham Risk Score since physiological data could not be obtained via
questionaries21. Adding to that, vulnerable patient demographics15 as well as
outpatients and asymptomatic patients can benefit from the simplicity and
accessibility of ECG.This is crucial sincemost cardiovascular diseases have a
progressive course anddevelop silently overmanyyears andpatients remain
asymptomatic for a long time46.

Fig. 4 | Forest plot for cardiovascular mortality
meta-analysis. Pooled hazard ratios (HRs) and 95%
confidence intervals (CIs) of for cardiovascular
mortality in higher heart delta age group.

Fig. 3 | Forest plot for all-cause mortality meta-
analysis. Pooled hazard ratios (HRs) and 95% con-
fidence intervals (CIs) of for all-cause mortality in
higher heart delta age group.
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While the concept of HDA is fundamentally simple and easily
understandable for patients and clinicians, its calculation does require
specialized AI-ECG interpretation technology that is not yet universally
available. This represents both a current limitation and a future opportunity,
as the wider implementation of AI-ECG analysis could make HDA a more
accessible risk stratification tool. The true value of HDA lies in its ability to
integrate complex physiological information into an intuitive metric that
may enhance traditional risk assessment, particularly asAI-ECGtechnology
becomes more widespread.

The absence of a gold standard for measuring biological heart age
remains a fundamental challenge in validating HDA’s predictive value.
While this limitation is shared by all biological age estimators, HDA offers
unique advantages such as availability, a reflection of the integrated cardiac
pathophysiology, and an intuitivemetric (years) for risk communication. Its
ECG-based nature offers practical advantages overmore complex biological
age measures requiring specialized assays or imaging. As demonstrated in
this study,HDA’s strong associationswith outcomes acrossmultiple cohorts
suggest clinical utility as a complementary risk tool and a potential solution
for risk stratification. To establish comparative validity, future studies could
compare HDA against endpoints (e.g., mortality) employing established
biological agemarkers like epigenetic clocks (e.g., DNAmethylation), which
are strongly associated with cardiovascular mortality2,47.

Although none of the included studies utilized data from wearable
devices, the theoretical potential for HDA derivation from wearable
technology exists, as studies have demonstrated the feasibility of AI-based
ECG analysis using smartwatch-derived rhythm strips48,49. However,
important limitations regarding signal quality and clinical validation for
age estimation remain to be addressed. Integrating this biomarker with
existing health devices could lead to a more comprehensive tool for real-
time healthmonitoring. This integration has the potential to revolutionize
personal health management by combining continuous data collection
from wearables with advanced analytical algorithms. A recent review
suggests that heart age, more than absolute risk, encourages patients to
participate more deliberately and carefully in treatment or to take pre-
ventivemeasures, such as lifestyle changes andmodification ofmodifiable
risk factors50, same as when the rate of smoking cessation increased after
lung age was presented to smokers51. Lastly, HDA could be beneficial in
predicting outcomes of cardiac interventions, as examined by the latest
studies52,53. It could serve as a practical tool for identifying surgery-related
adverse events. Integrating HDA into existing surgical risk models—such
as those powered by machine learning—could enhance predictive accu-
racy beyond traditional scoring systems like EuroSCORE II54. However,
further research is needed to validate its clinical utility and reliability in
this context (see Supplementary Note 3 and Supplementary Fig. 6 for
further detail).

HDA could offer valuable insights into population-level health varia-
tions, enabling comparisons of biological age and its associated factors
across different demographic groups. Furthermore, itmay aid in identifying
underlying risk factors and facilitating lifestyle modifications, particularly
for chronic conditions. By supporting proactive health management, HDA
encourages preventive measures that enhance overall patient well-being.
Additionally, it could be a reliable metric for monitoring intervention
outcomes, ultimately leading to more personalized patient care.

To ensure a broader understanding of HDA determinants, large-scale,
prospective cohort studies that include diverse ethnic populations are
needed, particularly in the elderly55. This is particularly important, as some
determinants highlighted in this review were reported in only one study.
Future research should prioritize evaluating the modifiability of predicted
risk outcomes and assessing their practical utility in clinical settings.
Moreover, clinical trials may utilize HDA as a surrogate biomarker, directly
comparing it with traditional cardiovascular risk scores to determine its
relative effectiveness and potential advantages. Overall, the next steps
beyond this study would be validating HDA across diverse populations,
standardizing cut-offs, integrating it with existing risk models to enhance
clinical utility, and investigating the potential for a causal relationship

between HDA and cardiovascular outcomes through well-designed long-
itudinal and interventional studies.

Our results indicated that the use of antihypertensive medications and
lipid-lowering medications contributed to elevated HDA. This association
likely reflects confounding by indication, as these patients inherently have
higher cardiovascular7,10. However, direct ECG effects of these medications
(e.g., autonomic modulation by beta-blockers) cannot be ruled out, though
current evidence is limited19. This highlights the need for future studies to
differentiate medication-related ECG changes from true biological aging,
while clinically, elevated HDA in treated patients should prompt closer risk
assessment.

Several questions remain unanswered, including the specific ECG
characteristics that define accelerated aging compared to normal or decel-
erated aging. Similarly, the exact mechanisms through which AI models
estimate ECG age are not yet fully understood. Given the inconsistencies in
HDA cut-offs across studies included in this review, we advocate for the
development of a standardized system to ensure more consistent reporting
and interpretation.

A key strength of this systematic review lies in its comprehensive
synthesis of potentialHDAdeterminants and outcomes, consolidated into a
single study. Additionally, the robust methodology—including the absence
of language restrictions and the use of a visually intuitive quality assessment
table—enhances the credibility of our findings.

However, certain limitations should be acknowledged regarding the
quality of evidence. First, ourmeta-analysiswas based on a limitednumber of
studies, whichmay affect the generalizability of the results. Second, variations
in the classification of HDA across studies posed a challenge in conducting a
meta-analysis. To address this, we treated the different cut-off values as a
single variable, allowing for pooled results despite minor variations that are
likely negligible in clinical practice. Third, differences in the covariates used
across studies may have influenced the effect sizes obtained. Fourth, pub-
lication bias led to missing articles, which may have reduced the statistical
powerof our analysis. Fourth,whileour analysis showsHDApredicts adverse
outcomes, this association does not establish that HDA directly causes these
outcomes. Finally, wewere unable to obtain detailed statistical data (e.g., odds
ratios, p-values, and adjustments) from several studies examining potential
determinants andoutcomesofHDA.Consequently,we reliedonaqualitative
synthesis rather than a fully quantitative analysis. Lastly, several studies
adopted the same AI model developed either by Attia et al.19 or from the
CODE study9. While both models were developed using extensive ECG
datasets—CODEbeing the largest publicly accessible digital ECGdatabase—
their foundation in specific populations raises concerns about general-
izability. This could potentially affect the interpretation of results. Moreover,
the lackof a gold standard for calculatingbiological age, particularlyheart age,
limits the ability to compare HDA’s predictive value with other assessment
tools. The unique technical aspects of the AI-ECG age further complicate the
ability to draw definitive causal conclusions. Additionally, our findings may
have been influenced by publication bias, as conference abstracts and pre-
prints were excluded from this review.

Our meta-analysis highlights the predictive value of AI-ECG age and
HDA in mortality and other cardiovascular outcomes. HDA, derived from
ECG analysis using AI models, has the potential to serve as an intuitive
metric alongside other clinical variables, particularly for identifying at-risk
patients inprimaryhealthcare settings. IntegratingHDA into standardECG
reports during routine patient assessments could enhance screening for
asymptomatic individuals and facilitate early prevention strategies, given
the widespread availability of ECGs in most healthcare clinics.

Methods
Search strategy and selection criteria
This systematic review followed the Preferred Reporting Items for Sys-
tematic Reviews and Meta-Analyses (PRISMA) guidelines56 (Supplemen-
tary Table 1). The study protocol was registered in the International
Prospective Register of Systematic Reviews (PROSPERO) with the regis-
tration ID CRD42023470198.
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For this review, studies with the following criteria were included: 1)
Using AI methods to estimate patients’ biological heart age from ECG; 2)
Studies with measured HDA (ECG-derived biological age - chronological
age); 3) Studies reporting all-causemortality, cardiovascular diseases, major
adverse cerebro-cardiovascular events (e.g., cardiovascular-related death,
heart failure (HF), coronary artery disease, ischemic stroke), or cardiovas-
cular risk factors (e.g., hypertension (HTN), diabetes mellitus (DM),
smoking, and dyslipidemia) between the groups.

We definedAImodels as algorithms, such as neural networks, that can
learn andmake decisions based on patterns and improve their performance
as exposed to more data over time. In this manner, studies that included
traditional statistical methods like Bayesian statistics and traditional
regression models were excluded. Furthermore, reviews, case reports, case
series, conference abstracts, book chapters, letters, editorials, animal studies,
and studies investigating participants after a cardiac intervention were not
included in this review.

SM andAV systematically searched four databases (PubMed, Embase,
Webof Science, and Scopus) from inception to September 27, 2024, without
restrictions on language, country, or publication source. The search strategy
and the keywords formulated for this review are outlined in Supplementary
Table 2.

Duplicates were removed, and the remaining studies were screened by
title and abstract. Full texts of the remaining studies were then obtained for
further eligibility assessment and articlesmeeting the eligibility criteria were
included in the review. A comprehensive review was conducted on the
references of relevant articles to ascertain the presence of any additional
suitable articles. Finally,with input fromZG the two investigators compared
their search results and to ensure accuracy and address any potential dis-
crepancies, AS was consulted for further verification.

Data extraction
Cardiovascular variables were divided into two groups: 1) HDA outcomes:
Variables such as cardiovascular-related outcomes or mortality that were
recorded during a specific follow-up period for patients and reported with
hazard ratios (HR) along with 95% confidence intervals (CI). 2) HDA
determinants: Common cardiovascular risk factors and variables that have
an impact and influence on HDA, recorded with other measures of effect
(e.g., odds ratio (OR), regression coefficient).

Additional data, including authors, publication year, country, study
design, data collection period, AI method of ECG age estimation, popula-
tion, age and sex proportions, and HDA cutoffs, were extracted from the
studies.

Quality assessment
We assessed the risk of bias in the included studies with the Strengthening
the Reporting of Observational studies in Epidemiology (STROBE)
checklist57 (Supplementary Table 3). We established the following criteria
for each of the four domains: “Complete Information” if adequate infor-
mationon the checklist itemwasprovided; “NoInformation” if therewasno
information on the checklist item; “Incomplete Information” if the reported
datawas insufficient for judgment; and “Not applicable” for items that could
not be examined in the study context. The data extraction and critical
appraisal processwas conducted by two independent authors (SMandAV),
and twoother authors (ASandZG) cross-checked the extracteddata and the
critical appraisal.

Data synthesis and meta-analysis
We calculated the pooledHR and the corresponding 95%CI to evaluate the
relationship between the higher HDA group with mortality outcomes. An
HRgreater than 1 indicated a significantly highermortality for patientswith
higher HDA, provided the 95% CI did not include 1.

Toquantify theheterogeneity among studies anddeterminewhether to
apply fixed-effects or random-effectsmethods, we calculated the I2 statistic.
If I2 > 40%, the random-effects model was used; otherwise, the fixed-effects
modelwas applied. To evaluate publicationbias,we employed graphical and

statisticalmethods, including the funnel plot for visual inspectionandBegg’s
test. Additionally, we utilized the trim-and-fill method for sensitivity ana-
lysis and to address missing studies.

This meta-analysis was conducted using STATA software version 17.0
(StataCorp, College Station, Texas), and all statistical calculations were
performed with this tool. AM and MY performed the data analysis.

Data availability
The datasets used and analyzed during the current study are available from
the corresponding author upon reasonable request.

Code availability
Data extracted from included studies and data used for all analyses are
provided in Tables 1 and 2 and Supplementary Tables 5 and 6.
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