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Biological age may be a more valuable predictor of morbidity and mortality than a person’s chronological age. Mathe-

matical models have been used for decades to predict biological age, but recent developments in artificial intelligence (AI)

have led to new capabilities in age estimation. Using deep learning methods to train AI models on hundreds of thousands of

electrocardiograms (ECGs) to predict age results in a good, but imperfect, age prediction. The error predicting age using

ECG, or the difference between AI-ECG–derived age and chronological age (delta age), may be a surrogate measurement of

biological age, as the delta age relates to survival, even after adjusting for chronological age and other covariates asso-

ciated with total and cardiovascular mortality. The relative affordability, noninvasiveness, and ubiquity of ECGs, combined

with ease of access and potential to be integrated with smartphone or wearable technology, presents a potential paradigm

shift in assessment of biological age. (J Am Coll Cardiol EP 2024;10:775–789) © 2024 Published by Elsevier on behalf of

the American College of Cardiology Foundation.
A ging is defined as ongoing functional decline:
a progressive reduction in physiological and
cellular function over time.1 With decreased

physiological response to stresses, and a failure of
complex molecular mechanisms, aging is associated
with a reduction in repair and regeneration in the tis-
sues and organs.2 Advancing age is commonly accom-
panied by increased morbidity and a higher risk of
mortality, and is particularly associated with the
development of chronic conditions.1,3,4

THE RATE OF AGING

The rate of aging, beyond the passing of years, is
influenced by the hallmarks of aging, which include
genetic factors, telomere attrition, cellular senes-
cence, epigenetic changes, loss of proteostasis, and
lifestyle and environmental influences.1,4 The stability
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of DNA is continuously challenged by extrinsic phys-
ical, chemical, and biological agents, and by intrinsic
events including DNA replication errors, spontaneous
hydrolytic reactions, and reactive oxygen species.5

Genomic instability interferes with mechanisms
responsible for maintaining the length and function-
ality of telomeres and for ensuring the integrity of
mitochondrial DNA (mtDNA), both of which are also
hallmarks of the aging process.6,7 Somatic variations
accumulate within cells with advancing age, and copy
number variations, chromosomal aneuploidies, and
increased clonal mosaicism for large chromosomal
anomalies have been associated with aging.1,8-10 The
oxidativemicroenvironment of the mitochondria, lack
of protective histones, and limited repair mechanism
efficiency mean that aging-associated somatic muta-
tions occur at a higher rate in the mtDNA than in
chromosomal DNA.11 However, the role of mtDNA
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HIGHLIGHTS

� Chronological age only partially predicts
morbidity and mortality.

� Measures of biological age can provide
additional insight into a person’s physi-
ological and health status.

� AI can derive age from ECGs; delta age is
the difference between AI-ECG age and
chronological age.

� Large positive delta age is associated
with increased risks of all-cause and
cardiovascular mortality, suggesting that
AI-ECG is a valid surrogate measure of

ABBR EV I A T I ON S

AND ACRONYMS

AF = atrial fibrillation

AI = artificial intelligence

CAC = coronary artery

calcification

CNN = convolutional neural

network

CVD = cardiovascular disease

ECG = electrocardiogram

MLR = multiple linear

regression

PCA = principal component

analysis

dage = delta age
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mutation in aging has been controversial
because of the heteroplasmic nature mito-
chondrial genomes (coexistence of mutant
andwild-type genomes within the same cell).1

Telomeres are repetitive DNA sequences
found at the ends of linear chromosomes;
telomeres shorten with each cell division,
eventually leading to replicative senescence
or apoptosis.6 As telomeres reach a critical
length, they become unable to bind sufficient
telomere-capping proteins and are sensed as
exposed DNA ends, which activates a DNA
damage response, which enforces a perma-
nent proliferative arrest and contributes to
cellular senescence.12

Cellular senescence is a stable state of

biological aging.
growth arrest in which cells are unable to proliferate

despite optimal growth conditions and mitogenic
stimuli, and typically arises from chromatic remod-
eling, processes activated by telomere dysfunction,
oxidative stress caused by accumulation of dysfunc-
tional mitochondria, and oncogene expression.13-15

There are 3 key mechanisms of epigenetic aging:
DNA methylation, histone modification, and chro-
matin remodeling.1,16,17 DNA methylation is the most
studied epigenetic mechanism. The process engages
the proteins required in gene silencing or impeding
the interaction between DNA and transcription fac-
tors, regulating gene expression.16 DNA methylation
occurs at the cytosines in CpG dinucleotides to form
5-mC, and 60% to 90% of CpG sites in the mammalian
genome are methylated. The genome is generally
hypomethylated during aging, although many CpGs
are subject to age-related hypermethylation.16,17 The
change in level of methylation at CpG sites with age
has been used as a biomarker to predict chronological
age—the epigenetic clock.18-21

Post-translational modification of histones, often
by methylation or acetylation at the lysine residues,
can activate or silence gene expression and regulate
the aging process. Global changes to H3K9me3,
H4K20me3, H3K27me3, and H3K9ac levels have been
observed during aging.16,17 A reduction in expression
the H3K9me3 methyltransferase SUV39H1 is observed
with aging and is associated with perturbed hetero-
chromatin function; this loss of heterochromatic
integrity is a common feature of aging.22

Chromatin remodeling refers to genome-wide
changes in the nuclear architecture that can be
observed at specific chromosomes or chromosome
domains.17 Age-related dysregulation of chromatin
organization can lead to cellular malfunctions and
exacerbate the aging process. A loss of trimethylation
of H3K9me3 with increasing age is associated with
impaired formation of heterochromatin, leading to
the de-repression of silenced genes and aberrant gene
expression patterns.23

The proteostatic pathways control the synthesis,
folding, and degradation of proteins. Proteotoxic
stress increases with age and can result in misfolded
proteins and then protein aggregates. Protein aggre-
gation has been linked to Alzheimer’s and Parkinson’s
disease.24

Environmental and lifestyle factors including diet,
exercise levels, metabolic dysfunction/obesity,
exposure to UV radiation, and toxins (including
smoking) can accelerate aging by inducing DNA
damage, oxidative stress, and other cellular
deteriorations.3,25,26
DISEASE AND AGING

It is understood that aging, at both the cellular and
organismal levels, contributes to the development
and progression of chronic diseases. However, less is
known about the inverse relationship: the contribu-
tion of chronic diseases and their treatments to the
progression of aging.27

Several specific diseases have been linked to
accelerated aging through several different mecha-
nisms. Both type 1 and type 2 diabetes drive meta-
bolic changes that affect various organs and systems
in the body. If untreated, disturbances in insulin
signaling and carbohydrate homeostasis may
contribute to the development of other age-related
complications.27,28 Chronic kidney disease, hyper-
tension, atherosclerosis, and the presence of certain
cancers can lead to increased oxidative stress and
inflammation.27,29-31 Chronic inflammation is associ-
ated with both normal and pathological aging. Murine
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model data suggest that that systemic chronic
inflammation can accelerate aging via reactive oxy-
gen species–mediated exacerbation of telomere
dysfunction and cell senescence in the absence of any
other genetic or environmental factor.32

Alzheimer’s disease and Parkinson’s disease have
been associated with increased oxidative stress and
mitochondrial dysfunction, leading to elevated
cellular senescence.33 Human immunodeficiency vi-
rus (HIV) infection has been linked to changes in T
cell telomere length, CDKN2A expression, accumula-
tion of CD28þCD8� T cells, reduced naive T cell gen-
eration, and persistent chronic immune activation,
leading to accelerated immune senescence.34 SARS-
CoV-2 (COVID-19) infection has been associated with
epigenetic aging, and an accumulation of epigenetic
alterations during infection may contribute to post–
COVID-19 syndrome (long COVID).35

Stress is associated with rapid increases in biolog-
ical age; however, these increases can be short-lived,
and have been shown to reverse on resolution of the
stress episode.36 Stress can be associated with other
conditions and is common in patients with cancer or
HIV (in which the stress may be a longer-term
consequence), and recently in people with
COVID-19.27,36

In terms of how disease treatment accelerates ag-
ing, there is a relatively small pool of research. Highly
active antiretroviral therapy in HIV appears to accel-
erate telomere attrition.27 Several cancer treatments
increase genomic instability, cellular senescence, and
stem cell exhaustion.1,27 Chemotherapy has been
associated with increased markers of aging,27,31 and
could be thus considered a progeronic intervention.

SOCIODEMOGRAPHIC FACTORS AND

PREMATURE AGING

Sociodemographic factors influence lifestyle choices
like diet, exercise, and smoking, all of which are
known contributors to premature physiological ag-
ing,3,25,26,37 and socioeconomic-associated health
disparities can lead to chronic stress and premature
aging.38 Individuals with lower income and education
levels often have limited access to health care, which
may limit the management of chronic conditions.39,40

Minority populations often experience premature
aging, driven by relatively poor access to care.41

Gender differences in biological, psychological, and
social roles can also influence aging. In general,
women live longer than men with relatively lower
biological ages; however, women have worse health
at the end of life, while men perform better in phys-
ical function examinations.42,43
Living in neighborhoods with high pollution,
violence, or lack of access to health care can lead to
synergistic forms of stress, contributing to premature
aging.44 A lack of social support and feelings of
isolation can lead to chronic stress, and loneliness has
been identified as a risk factor for increased morbidity
and mortality and accelerated physiological aging.45

INTRODUCING BIOLOGICAL AGE

Biological age refers to an individual’s internal
physiological state, as opposed to their chronological
age, and captures how well or poorly the body is
functioning relative to an average state of health for
individuals of a specific chronological age. Biological
age is driven by epigenetic, cellular, genomic, dis-
ease, and treatment states, and environmental mod-
ifiers (Figure 1), and is expected to provide insight
beyond chronological age into risk for morbidities
and mortality.46

MEASURING BIOLOGICAL AGE

The search for reliable and accessible indicators of
biological age has seen meaningful advances in recent
years.47 Although biomarker studies have commonly
found cross-sectional associations, determining pre-
dictive associations has been challenging.

Senescence-associated beta-galactosidase staining
was one of the first biomarkers for senescence and is
still a widely used measure.13,48 Senescent cells
demonstrate an increased expression of cell cycle-
inhibitory proteins, and the cyclin-dependent kinase
inhibitor p16INK4A is a robust marker of senescence.13

There are several epigenetic clocks that analyze
DNA methylation levels at sets of CpG sites;19,49 these
clocks are recognized as accurate measures of age and
predictors of mortality. Although the clocks work on
the same principle, they analyze methylation in
different ways: the Horvath clock is based on
methylation levels of 353 CpG sites,19 and the Han-
num clock uses 71 CpG sites.49 Developments in this
field continue, including DNAm PhenoAge and
GrimAge.50-52 AgeAccelGrim added quantification of
the difference between GrimAge and a patient’s
chronological age, and was found to be broadly pre-
dictive of time to congestive heart disease, coronary
heart disease, hypertension, and type 2 diabetes.51 A
recent meta-analysis found that each 5-year increase
in DNA methylation age was associated an 8% to 15%
increased risk of mortality and that there was “some,
although inconsistent, evidence for an association
between increased DNA methylation age and risk of
disease,” suggesting that further research is needed



FIGURE 1 Biological Aging Is a Multifactorial Process

Biological aging is different from chronological aging, and is accelerated by genetic, disease, and lifestyle factors.
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in order to use DNA methylation as a clinical
biomarker.53

Telomeres can be measured using several
methods, the most common being quantitative po-
lymerase chain reaction, terminal restriction frag-
ment analysis, a variety of quantitative fluorescence
in situ hybridization methods, single telomere
length analysis, and telomere shortest length
assay.54,55 The rate of telomere shortening may be
more predictive of life span and mortality than
structure length alone.38

Several omics-based biomarkers of aging have been
investigated. Transcriptomics studies the output of
the transcriptome, which encompasses the full range
of RNA and messenger RNA expressed at a given time,
is highly dynamic, and is responsive to environ-
mental changes. Transcriptomic age correlates well
with epigenetic age but less so with chronologic age.
However, the combination of transcriptional markers
and other and epigenetic markers can outperform
either marker alone in age prediction.56 Proteomics
provides a quantitative description of the sum of
protein expression in an organism and demonstrates
influence by perturbation.56 Metabolomics studies
the metabolic responses of living systems to manip-
ulation and was incorporated into a Metabolic Age
Score.57 However, this assessment cannot yet esti-
mate the metabonomic changes of aging at the indi-
vidual level.56
A study of a panel of blood biomarkers found that
various biomarker signatures exist with significant
associations with physical function, morbidity, and
mortality. However, a signature of dysregulation of a
single biomarker can change with dysregulation of
other biomarkers, and age-related changes of indi-
vidual blood biomarkers alone do not necessarily
indicate disease or functional decline.46

Several mathematical models are commonly used
to measure biological age. In use for over 50 years, the
multiple linear regression (MLR) approach is a basic
and preliminary method of estimation. MLR uses
clinical biomarkers of aging, including renal, cardio-
vascular (cholesterol), hepatic, hematocrit, and
immunoglobin measurements, that are determined
based on their correlation with chronological age.58,59

The key limitation of the MLR estimate is that
because biological age is constructed linearly with
chronological age, it cannot be determined whether
chronological age is performing as a biomarker or a
selection criterion. MLR also distorts biological age at
the regression edge and does not account for the
discontinuity of the aging rate over the individual’s
lifetime.58

Principal component analysis (PCA) uses parame-
ters closely related to chronological age, and is per-
formed using uncorrelated parameters to identify
biomarkers that can explain the majority of biological
age variance—the principal component.58,60 The
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biomarkers of aging, which include clinical measures
of renal function, blood pressure, hemoglobin levels,
height, and waist and thigh circumference, are
weighted and combined according to the PCA to give
a biological age score.59 The biological age score is not
expressed as an age in years, and this age score is
difficult to compare directly with chronological age.58

Recently, research groups have modified the PCA
model to account for this by adding a chronological
age input.58

Klemera and Doubal’s method is a graphing
method that uses a reverse regression technique for
biological age estimation. Several presumptions are
made about the relationship between chronological
age, biological age, and biomarkers, including that
the speed of aging is different between individuals
of the same species, and that measurable indicators
that change with chronological age should be
defined as aging biomarkers.58 In this model, chro-
nological age is input as a standard biomarker and
not an outcome to be predicted, and estimates are
based on minimizing the distance between
regression lines and biomarker points, within a
dimensional space of all biomarkers.58,59,61 This re-
sults in a biological age that is equal to the chro-
nological age, plus the effect of any variables.61

Although Klemera and Doubal’s method is gener-
ally accepted as the optimal estimate of biological
age, including in young adults, it still has significant
limitations.58 Comparisons between the pre-
sumptions are unavailable for the evaluation of
lifespan and longevity. Biomarkers to predict mor-
tality and those of longevity may not necessarily be
reciprocal and may not be the same biomarker or
hallmark.58

CARDIAC AGE IN PRACTICE

Cardiac, or vascular, age is used to evaluate the risk
of cardiovascular disease (CVD) and is calculated
based on variables such as blood pressure, choles-
terol levels, family history of heart disease, and
lifestyle factors like smoking status and exercise
levels.62

Developed in 2008, the HEART score combines
patient history, electrocardiogram (ECG) findings,
chronological age, established cardiovascular risk
factors, and troponin levels to give a score (0-10) that
stratifies 3 levels of risk.63,64

Whereas cardiac age focuses specifically on the
vascular system, biological age assessment provides a
comprehensive view of an individual’s aging status,
incorporating multiple biological systems.47
USING ECG TO ASSESS BIOLOGICAL AGE

Invented in 1901 by Willem Einthoven, the ECG
has become a cornerstone of cardiovascular risk
stratification and disease and management.65 With
recent rapid developments in machine learning,
neural networks, and artificial intelligence (AI), the
boundaries of the “classic” ECG have been pushed,
resulting in positive findings for application in serum
potassium level estimation and hyperkalemia
screening,66,67 screening for asymptomatic left ven-
tricular systolic dysfunction,68,69 identification of
patients with atrial fibrillation (AF) during sinus
rhythm,70 and detecting the use of cocaine.69

Following preliminary results from the experi-
ments trying to predict left ventricular systolic
dysfunction with ECGs through convolutional neural
networks (CNNs), the group at Mayo Clinic attempted
to optimize the ECG-only model by incorporating age
and sex, variables known to be associated with sys-
tolic dysfunction. The incorporation of those variables
had no effect on the receiver-operating characteristic
area under the curve, implying collinearity. The au-
thors hypothesized that the CNN had already incor-
porated age and sex prediction, or in other words, that
the model already knew the age and sex of the in-
dividuals.65 This led to the seminal analysis and sub-
sequent publication in 2019 by Attia et al65 confirming
such a hypothesis (The CNN schematic is shown in
Figure 2).71 In this study, the group trained using deep
learning on a set of 10-second 12-lead ECG data from
499,727 patients; 399,750 unique ECGs were used in
the training set and 99,977 unique ECGs were in the
internal validation set.65 This CNN was then tested on
a separate cohort of 275,056 patient ECGs. A total of
100 patients, for whom several ECGs were available
throughout the course of their lives, were selected to
test intrapatient accuracy of CNN age estimation.
Hereafter in this review, this methodology is referred
to as the Mayo Clinic ECG-age CNN.

For prediction of sex, the Mayo Clinic ECG-age CNN
model was 90.4% accurate. Age was estimated as a
continuous variable with an average error of 6.9 � 5.6
years. For a multigroup classification to the age
groups of 18 to 25, 25 to 50, 50 to 75, and 75 years and
older, the overall accuracy of the CNN was 71.6%
(Figure 3B).

There was a difference between chronological age
and CNN-predicted age of <7 years in 51% of the 100
participants with multiple ECGs.65 Rather than
assuming this suboptimal prediction of chronological
age as an error, the group hypothesized that the
difference between predicted age and actual
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FIGURE 2 Schematic of the Development of a Convolutional Neural Network

The physical signal (the electrocardiogram) is converted to a digital signal (sampled) to obtain a list of numerical values. The digital values are then convolved with the

network weights at each level to yield the layer output, each layer is continuously fed to the next, and the last layer represents the final model output. Network weights

are set during training by feeding the network signals with known outputs and adjusting them until the optimal matching between the real labels and the network output

is achieved. Reprinted from Lopez-Jimenez, et al. Artificial Intelligence in Cardiology: Present and Future. Mayo Clinic Proceedings. 2021;95(5):1015–39.71
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chronological age represented disease states or even
advanced aging. The results suggested the age gap
between predicted and actual age represented indeed
something more than random error. In those with a
o Clinic Electrocardiographic Age CNN Model: Predicted Age vs Reported

lutional neural network (CNN)–predicted electrocardiographic age (blue) vs t

ge groups of 18 to 25, 25 to 50, 50 to 75, and 75 years and accuracy of CNN-p

patients with a specific actual age who had a specific corresponding CNN-pred

ion Using Artificial Intelligence From Standard 12-Lead ECGs. Circulation: Arr
difference between chronological age and AI-ECG–
predicted age of >7 years, there was a significant in-
crease in major cardiovascular risk factors: low ejec-
tion fraction, hypertension, and coronary artery
Age

he reported chronological age (in years; red line), (B) multigroup

redicted age (x-axis, estimated age) vs the actual age (y-axis) in terms

icted age within a similar range. Used with permission from Attia, et al.

hythmia and Electrophysiology. 2019;12(9):e007284.65
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The potential of AI-ECG-derived age differences between chronological and biological age in predicting clinical risk and outcomes. AI-ECG ¼ artificial intelligence

electrocardiogram; CAC ¼ coronary artery calcification; CVD ¼ cardiovascular disease.
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disease. In the 27% of patients in which correlation
was >0.8 between AI-ECG–predicted age and chro-
nologic age, no incident events occurred over follow-
up (33.0 � 12 years). This suggested that any “error”
in AI-ECG prediction of chronological age was an
insight into a person’s biological age, and that the age
difference could be predictive of cardiovascular risk.

DELTA AGE

The difference between AI-ECG–predicted age and
chronological age may give pause to the medical
professional and patient to further explore unde-
tected disease or simply accelerated aging in the
absence of specific underlying disease mechanisms.
Therefore, the AI-ECG–derived delta age (dage) is a
potential biomarker for biological aging (Central
Illustration).
INVESTIGATING THE VALUE OF

AI-ECG–DERIVED dAGE

AI-ECG–derived dage has been investigated in 2
studies as a biomarker of biological age and accel-
erated aging. The Mayo Clinic ECG-age CNN was
used on a cohort of 25,144 participants $30 years of
age who had primary care outpatient visits from
1997 to 2003, who had been followed for 12.4 � 5.3
years. Patients with an existing diagnosis of coro-
nary artery disease, stroke, and AF were excluded
from the analysis.72 In this study, the mean chro-
nological age was 53.7 years, the AI-ECG–derived
age was 54.6 years, and the mean dage was 0.88 �
7.4 years. Patients with dage $1SD higher than their
chronological age had higher all-cause and CVD
mortality than patients with a dage within 1 SD
(Figure 4). Patients whose dage was #1 SD lower



FIGURE 4 Relationship Between Artificial Intelligence-Electrocardiogram–Derived dage and Mortality Outcomes

Spline curves showing the relationship between delta age (dage) and (A) all-cause mortality and (B) cardiovascular mortality. Used with permission from Ladejobi, et al.

The 12-lead electrocardiogram as a biomarker of biological age. European Heart Journal – Digital Health. 2021;2(3):379–89.72 CV ¼ cardiovascular.
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than their chronological age had lower all-cause and
CVD mortality. Results were unchanged after
adjusting for CVD risk factors and other factors
influencing survival.

These findings demonstrated that AI-ECG–derived
dage was associated with both cardiovascular and all-
cause mortality. Because the association was evident
even when adjusting for comorbidities known to
predict survival, this suggests that dage is predictive
to a greater extent than would be expected using
chronological age alone. The study did not seek to
predict chronological age from the ECG, but rather to
examine the implications of deviation from the
chronological age, indicating that AI-ECG–derived
dage could act as a marker of either advanced or
slower biological aging.

In a separate study, the Mayo Clinic ECG-age CNN
was used to predict the age of 4,542 participants in
the Know Your Heart study conducted in 2 cities in
Russia (2015-2018). The association of dage with
known CVD risk factors and markers of cardiac ab-
normalities was assessed using linear regression
models.73 The mean chronologic age was 54.6 years,
the mean AI-ECG–derived age was 59.8 years, and the
mean dage was 5.32 years. When adjusted for sex and
chronological age, dage was significantly associated
with systolic and diastolic blood pressure, mean
arterial pressure, body mass index, low-density lipo-
protein over high-density lipoprotein ratio, and
smoking status. AI-ECG–derived dage was also
significantly associated with 2 key markers of cardiac
pathology: N-terminal pro–B-type natriuretic peptide
and high-sensitivity cardiac troponin T. Mean dage
was higher in younger adults (35-60 years of age), and
the strength of the association with both risk factors
and markers of cardiac abnormalities increased
further when only including this younger cohort in
the model; AI-ECG–derived dage may help identify
working-age people at risk of developing CVD.

The association between AI-ECG–derived dage
and coronary artery calcification (CAC) was investi-
gated using the Mayo Clinic ECG-age CNN in 41,202
consecutive patients that underwent clinically
indicated CAC and ECG testing within 1 year (1997-
2020).74 The mean chronological age was 55.2 years,
the mean AI-ECG–derived age was 56.0 years, and
the mean dage was –0.78 � 7.0 years. After adjust-
ment for age and sex, those with a positive dage
were more likely to have CAC score >0, with
increasing odds with a larger dage. Those who were
estimated as younger than their chronological by
AI-ECG (negative dage) were less likely to have any
CAC. These findings are meaningful because they
suggest that AI-ECG–derived dage can identify
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people who are more likely to have subclinical
coronary atherosclerosis.

Both exercise and social isolation have been dis-
cussed here as factors that can influence the rate of
biological aging. The Mayo Clinic ECG-age CNN was
applied to 268,002 participants (mean age 59.7 � 16.4
years) to assess the effect of moderate-to-strenuous
exercise on biological age.75 Participants performed
a median 3 days per week of exercise, and the average
time of exercising was 31.3 � 30 minutes per day; a
quarter (25.7%) of the cohort were not engaged in any
exercise. AI-ECG–derived dage diminished progres-
sively with increased duration of moderate-to-
strenuous exercise, and linear regression analysis
identified exercise as an independent predictor of
dage.

A cohort of 280,323 adults seen at Mayo Clinic
(2019-2022) who completed the social determinants
of health questionnaire and had a 12-lead ECG within
1 year of completing the questionnaire was studied to
examine the effect of social interaction on aging.76 In
this study, the mean chronological age was 59.7 years,
and mean AI-ECG–derived age was 59.5 years. When
adjusted for chronological age and sex, a better social
connection status significantly correlated with lower
dage. Participants reporting the least social connec-
tion were an average of 2 years older than their
chronological age; those with the most social
connection were 2 years younger than their chrono-
logical age, both as derived from the AI-ECG age.

Other studies are ongoing using the Mayo Clinic
ECG-age CNN, including examining how obesity,
depression, and adverse childhood experiences can
influence AI-ECG–derived dage.

AI-ECG–DERIVED AGE AND GENETIC

MARKERS OF CVD AND AGING

Following the initial proof-of-concept studies that
associated AI-ECG–derived dage with risk of CVD and
mortality, a genome-wide association study into the
genetic underpinning of dage was performed.77 The
Mayo Clinic ECG-age CNN was used in conjunction
with the UK Biobank to test association with
approximately 6.4 million autosomal variants from
34,432 individuals.65,77 Overall, 15 loci were found to
be associated with dage with at least suggestive
significance.

The gene SIPA1L1 on chromosome 14 had the
strongest association with dage; this gene has been
associated with kidney function and blood flow con-
trol. Variation at this locus may also affect RGS6
expression, which is demonstrably linked to systolic
blood pressure, heart rate, and heart rate variability.
Other associated genes have roles in: 1) hypertension
and immune system (DEFB136, DEFB135, DEFB134,
and CTSB); 2) cardiac sodium regulation/cvd/hf
(CAMK2D); and 3) BP, AF, BMI, waist circumference
(VGLL2). The genome-wide association study catalog
mapped a variety of cardiovascular phenotypes and
ECG traits to TTN, on chromosome 2, ranging from AF
to the PR interval and left ventricular ejection frac-
tion. In this analysis, genes associated with other
forms of biological aging (eg, telomere length) were
mostly absent from the loci identified as associated
with AI-ECG–derived dage.

Mutations in the lamin A/C (LMNA) gene are
linked to a spectrum of rare genetic disorders (lam-
inopathies) that manifest across a range of pheno-
types including arrhythmogenic cardiomyopathy and
muscular dystrophies and atrophies. More than 90%
of patients with Hutchinson-Gilford progeria syn-
drome, which is characterized by early aging and
premature death due to myocardial infarction and
stroke, carry a heterozygous de novo mutation, LMNA
(c.1824C>T, p.Gly608Gly) in exon 11. A study by
Shelly et al78 retrospectively reviewed medical re-
cords from patients with LMNA mutations who un-
derwent at least a 12-lead ECG at the Mayo Clinic
(2003-2019) and looked at association with AI-ECG–
derived age. Thirty-one patients (271 ECGs) were
included. Patients with LMNA mutations had markers
of senescence and accelerated aging, either in the
presence or absence of cardiac abnormalities, and a
higher AI-ECG–derived age than chronological age.
This study demonstrated that raw ECG, interpreted
by the CNN and AI, can identify differential aging
rates caused by mutations in LMNA, which is known
to be involved in aging.

AI-ECG age might be influenced by the presence/
absence/extent of hallmarks of aging (DNA damage,
epigenetic changes, senescence, inflammation, mito-
chondrial dysfunction) in the cardiovascular system
or elsewhere and be manifested in the ECG in ways
yet imperceptible to the human eye.

A WIDER LOOK AT AI-ECG INVESTIGATIONS

Research into the development, validation, and
application of AI-driven interpretation of ECGs has
been rapid and extensive in recent years.79-82

Following the original report from the Mayo Clinic
using CNN to predict age using ECG, a couple of years
later Lima et al83 published findings from a deep
neural network that assess 3 cohorts in a Brazilian
population (218,169 patients from a subset of the
CODE-15 [Clinical Outcomes in Digital Electrocardi-
ography Study] cohort, 14,263 from the ELSA-Brasil
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[Brazilian Longitudinal Study of Adult Health] study,
and 1631 from the SaMi-Trop [São Paulo-Minas Gerais
Tropical Medicine Research Center] study). The study
found that patients with an ECG age 8 years greater
than their chronological age had a significantly higher
mortality rate, and those with an ECG age 8 years
lower than their chronological age had a significantly
lower mortality rate,83 replicating the results by Attia
et al.65

The relevance of a difference between AI-ECG age
and chronological age was also explored by Chang
et al,84 with a deep learning model applied to 71,741
ECGs, then tested on 32,707 cases and tuned on
another 8,295 ECGs. Patients who had >7 years dif-
ference between predicted and actual age had higher
risk on all-cause mortality and cardiovascular-cause
mortality and worse outcomes in terms of heart fail-
ure, diabetes, chronic kidney disease, myocardial
infarction, stroke, coronary artery disease, AF, and
hypertension. In the external validation sets (SaMi-
Trop and CODE-15), an ECG age 7 years greater than
chronological age was associated with greater risk of
all-cause mortality.84

A deep learning–based algorithm, trained on
425,051 12-lead ECGs by Baek et al,85 was used to es-
timate the AI-ECG heart age and assess whether any
difference from chronological age would be predic-
tive of mortality or cardiovascular outcomes. The
model was tested on a separate set of 97,058 ECGs.
After adjusting for relevant comorbidity factors, the
patients with an AI-ECG heart age of 6 years older
than their chronological age had greater all-cause
mortality and more major adverse cardiovascular
events; conversely, those with an AI-ECG heart age 6
years younger had lower all-cause mortality and
fewer major adverse cardiovascular events.85

In 2022, Lindow et al86 published the heart age by
Bayesian interpretation method, which uses statisti-
cal analysis of a 10-second 12-lead ECG to determine
the age of the heart. This estimate of age, and the
resultant heart age gap (estimated heart age vs chro-
nological age) increased in line with cardiovascular
risk factors and the presence of CVD.86

These studies confirm and validate the original
findings that the age gap is a manifestation of aging
rate beyond what would be expected by the presence
of CVD or risk factors for CVD, opening the door to
numerous potential uses in medicine.

POTENTIAL UTILITY OF AI-ECG–DERIVED

AGE

AI-ECG–derived age estimation represents a paradigm
shift by using deep neural networks that can consider
linear and nonlinear dynamics in a manner that other
methods typically have not fully accounted for.
Allowing AI to explore the raw ECG on its own
potentially allows for the avoidance of investigator
biases and for AI to see ECG features that may not be
readily identified by cardiologists,72 providing an
opportunity to recognize subclinical markers of dis-
ease risk.

Using AI-ECG–derived age, physicians can take a
single biological age measurement that provides
insight into a patients current and potential
future disease status and risk factors; this can
empower immediate intervention to prevent or
manage disease progression, compared with a “wait-
and-see” approach informed by assessment along a
chronological timeline. AI interpretation of ECGs is
likely to provide benefit in the risk assessment and
management of AF, sudden cardiac death (including
risk stratification in patients with hypertrophic car-
diomyopathy or inherited arrhythmia syndromes),
congestive heart failure, and angina.87

Changes in AI-ECG–derived age could be support-
ive of data interpretation across cardiovascular,
physical, cognitive, metabolic, or other health out-
comes, and could serve as an informative surrogate
endpoint in future clinical trials that investigate in-
terventions targeting the biology of aging.

Currently, with the technology in its early stages,
any observed differences between AI-ECG–derived
biological age and chronological age might not be
fully actionable; however, there is great promise in
the future of integrating AI-ECG–derived age into
practice.

AI-ECG–derived age has the potential to offer
physicians and healthcare policy makers practical
support across a range of diseases (Figure 5). AI has
the capacity to increase the efficiency and value of
nuclear cardiology, electrophysiology, and coronary
angiography.71 With further application in preven-
tion, diagnosis, management, and monitoring of
heart failure,71 AI is poised to transform cardiovas-
cular medicine and be a driver of improving outcomes
at both the patient and population levels.87 In routine
practice, AI-ECG–derived age could help predict the
likelihood of future CV events, and support both
pharmaceutical and lifestyle interventions to reduce
this risk. In the surgical setting, AI-ECG–derived age
may become essential in accurate and accessible
prediction of risks of adverse events or surgery-
associated mortality, and of anticipated speed of
recovery.

Beyond cardiovascular medicine, changes in AI-
ECG–derived age could provide insight into
population-level characterization of health. This



FIGURE 5 The Potential Use of Artificial Intelligence-Electrocardiogram–Derived Age in Clinical Practice in the Future

Artificial intelligence-electrocardiogram–derived age could provide support in clinical decision making, with roles in diagnosis, risk stratification, and population-level

medicine, and in evaluating response to treatment. CV ¼ cardiovascular.
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could include both comparative data interpretation
across cardiovascular, physical and athletic, cogni-
tive, metabolic, or immune health and the assessment
of treatment outcomes in large datasets. A recent
study has identified that AI-ECG–derived age varied
between geographical regions, and that the differ-
ences in AI-ECG–derived age were associated closely
with the gaps in life expectancy among those pop-
ulations, suggesting that the algorithm is sensitive to
different risk factors for mortality across at the pop-
ulation level.88 Understanding the impact of treat-
ment on a large scale can inform disease management
policy, as well as practice-based decision making and
patient education. Serial assessment AI-ECG–derived
age in routine practice may be of value in encouraging
adoption of a healthy lifestyle.72 This insight could
prove particularly valuable in understanding the
management of, and response to treatment in, dis-
eases that are known to accelerate biological aging:
hypertension, obesity, and hypercholesterolemia,
among many others.

Frailty is understood to relate to biological age.72

AI-ECG–derived age could help in early identifica-
tion of patients at risk of becoming frail, aid in the
selection of treatment and shaping of care plans, and
help track the effectiveness of interventions used in
the management of frailty.
Finally, the awareness that a patient has an unex-
pectedly high biological age, assessed by AI-ECG–
derived delta age, could drive clinical investigation
and discovery of undiagnosed illness.71,72,87

CURRENT CHALLENGES

A lack of trust, by both patients and physicians, in AI
is a key barrier to overcome. This lack of comfort
stems from both a low tolerance for computer failure,
compared with the allowance for human error, and
the fear of a “black box” system.89 The black box
calculations give rise to several concerns, including
whether a physician can explain the process to a pa-
tient or assure the accuracy of the AI-derived con-
clusions.90-92

Commentators disagree on whether AI is suited to
the “last resort” patient, in which the physician has
used all conventional tools at their disposal, or to the
triaging and management of routine and uncompli-
cated cases.90,93,94

AI has potential race and sex bias when an algo-
rithm has been trained on a nondiverse population.
This has been reported in facial recognition software
and some medical applications.95 In the case of the
Mayo Clinic ECG-age CNN, the original AI algorithm
was trained and tested using a predominantly



FIGURE 6 Subgroup Analysis of a Relatively Homogeneous Population Can Help Increase the Generalizability of a Convolutional Neural

Network

The generalizability of a population to smaller, more diverse populations in the application of artificial intelligence reading of datasets is

unknown. Therefore, employing and validating subgroup analyses, especially of relatively homogeneous datasets, is important for the

responsible use of artificial intelligence in medicine. Used with permission from Noseworthy, et al. Assessing and Mitigating Bias in Medical

Artificial Intelligence. Circulation: Arrhythmia and Electrophysiology. 2020;13(3):e007988.95
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Caucasian population.65,95 Promisingly, subsequent
subgroup analysis demonstrated that the algorithm
performed well across racial groups, with the inter-
action between dage and racial subgroups being
nonsignificant in the detection of left ventricular
ejection fraction.95 However, while this investigation
was not affected by race, other parameters of ECG
features may not be race-invariant. It is therefore
important to maintain diverse datasets, with consis-
tent subgroup reporting and with external validation
(Figure 6).

Data sharing and privacy concerns also exist.
Because few institutions will have sufficient data to
train a neural network, multiple sources will be
needed, which raises legal and ethical barriers to the
sharing of health information. A solution to this lies
in federated learning, which uses a decentralized
model to train locally, before the outputs, which are
not personal or interpretable, are collated in a central
node that does not have access to the raw data.
Another method adds noise to the signal, blending
the individual data into the mass, and with only small
amounts of data being taken from any individual.96
EXPLAINABLE AND UNEXPLAINABLE AI

The issue of trust around a “black box” algorithm
revolves around the concepts of explainable AI and
unexplainable AI. It has been suggested that, by
enabling users to uncover the underlying rules that a
model finds during training, explainable AI might be
trusted to a greater degree.92,96,97

However, there is increasing suggestion that
reliance on explainable AI may defeat the goals that
the user is trying to achieve, and that explainable
AI may be more of an explanation of a process,
rather than an insight-generating tool.98 It could be
considered that medicine itself is practiced with a
degree of inexplicability in both diagnosis and drug
action. Some medical decision making relies on
validation in which explanation is absent, and it
might be argued that this validation-led approach is
suited to selecting AI models for use in
medicine.98,99

By not attempting to be understandable, AI may be
able to provide greater insight into a dataset because
it will not be working to a preconceived ruleset.
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FUTURE DIRECTIONS

Further research is needed to assess whether AI-
ECG–derived age will associate with long-term out-
comes in nonpatient and more ethnically diverse
populations.72 Other areas for further research
include comparing AI-ECG–derived age with other
estimators of heart age and determining if AI-ECG
will provide incremental prognostic information to
CVD risk calculators or to well-accepted comorbidity
indices (eg, Charlson comorbidity index, multi-
morbidity index).72

Beyond the work done with the LMNA gene and its
association with advanced aging,78 it will be valuable
to determine whether neural network predicted age
correlates with other known markers of accelerated
aging.72 Recently, the Mayo Clinic machine learning–
derived algorithm to assess AI-ECG age was closely
associated with brain age. Moreover, ECG-derived
dage has been associated with the results of cogni-
tive function tests, in a manner that perhaps offered
more insight than that obtained with magnetic reso-
nance imaging–derived brain dage, by capturing
vascular risk factors that might not be seen on imag-
ing results.100 This study concluded that that the
standardized, low-cost age difference information
could be valuable, alongside imaging, in the diagnosis
and management of dementia.100

With the development of mobile form factors that
allow acquisition of medical-grade ECGs from smart-
phones and smart wearables, the use of AI-ECG model
may enable massive scalability to democratize health
care.96

Finally, it is still unknown whether changes over
time to AI-ECG–derived age reflect changes in aging
rate as a biomarker of improvements on the bio-
logical aging process in response to therapies or
lifestyle modification, or whether they demonstrate
measurement error. Longitudinal studies with serial
ECGs before and after therapies may provide addi-
tional insights to answer this question.

SUMMARY

Measures of biological age may provide additional
insights into risk for chronic disease, disability, and
adverse health outcomes beyond chronological age.
The recent addition of AI to a standard ECG, which
benefits from being inexpensive, noninvasive, and
readily accessible, allows meaningful insight into the
difference between biological age and chronological
age. Where these ages differ meaningfully, there is a
clear association with risk of disease development
and/or worsening, and this is particularly apparent in
CVD at present. AI-ECG–derived age offers a point-of-
care, potentially scalable tool that represents a para-
digm shift in screening and risk stratification.
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