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Aims Artificial Intelligence (Al) models applied to standard 12-lead ECGs enable estimation of biological age (AI-ECG age), which
has shown prognostic value in general populations. However, its clinical utility in high-risk patients with cardiovascular dis-
ease (CVD) or acute medical conditions remains insufficiently explored.

Methods We analysed the first ECG of 48 950 consecutive patients presenting to a tertiary care centre with CVD or acute illness

and results between 2000 and 2021. AI-ECG age was derived using a validated deep learning model. A-age, defined as the difference
between AI-ECG and chronological age, was analysed categorically (+8 years) and continuously using multivariable Cox
models adjusted for clinical and ECG variables. Primary endpoint was long-term total mortality (up to 10 years). Saliency
map analysis was performed to identify input regions that the model was most sensitive to. AI-ECG age correlated strongly
with chronological age (r=0.72, P <0.001), though this correlation weakened in patients with multiple comorbidities.
Patients with a positive A-age (>+8 years) had significantly higher 10 year mortality risk (HR: 1.45, P < 0.001), while those
with a negative A-age (<—8 years) had lower risk (HR: 0.88, P < 0.001). These associations were consistent across care set-
tings and remained robust when A-age was analysed continuously. Saliency maps indicated that the Al model was most sen-
sitive to the P-wave.

Conclusion Al-ECG age is a strong and independent predictor of long-term mortality in cardiovascular and acute care patients.

* Corresponding authors. Tel: +43 512 504 25621, Email: axel.bauer@i-med.ac.at; Tel: +43 512 9003 71360, E-mail: clemens.dlaska@i-med.ac.at

© The Author(s) 2025. Published by Oxford University Press on behalf of the European Society of Cardiology.

This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted reuse,
distribution, and reproduction in any medium, provided the original work is properly cited.

202 1990}20 £ U0 1s9nB Aq 1.82/28/60 1181Z/UPIYS/E60 |0 L/10P/3I01E-80UBAPE/P[YS/WO09"dNO"D1WaPED.//:SA)Y WO} PAPEOjUMOQ


https://orcid.org/0009-0004-2243-6902
https://orcid.org/0000-0002-0190-5958
https://orcid.org/0000-0003-3074-8637
https://orcid.org/0000-0001-5251-6971
https://orcid.org/0000-0002-6499-7933
https://orcid.org/0009-0008-5128-9680
https://orcid.org/0000-0003-1431-0045
https://orcid.org/0000-0002-7700-1357
https://orcid.org/0000-0002-8798-0827
https://orcid.org/0000-0001-9201-8555
mailto:axel.bauer@i-med.ac.at
mailto:clemens.dlaska@i-med.ac.at
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1093/ehjdh/ztaf109 

D. Pavluk et al.

Graphical Abstract

Al-ECG-derived biological age as a predictor of mortality in cardiovascular and acute care patients
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Al-ECG-derived biological age enhances risk stratification in CVD and acute care,

supporting personalized treatment strategies
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Introduction

Cardiovascular disease (CVD) remains the leading cause of death and
disability-adjusted life years worldwide.! With an ageing global popula-
tion, its impact is expected to continue to increase.”® The electrocar-
diogram (ECG) remains a cornerstone of diagnosis as it is cost-effective,
non-invasive, and widely available.*~® Despite its utility, traditional ECG
analysis is often limited by its reliance on predefined signal features,
rule-based algorithms, and individual expertise in interpretation.”®

In recent years, advances in artificial intelligence (Al), particularly
deep neural networks (DNNSs), have provided new opportunities to
uncover hidden patterns within ECG signals that are not accessible
using conventional methods.” "> Unlike traditional approaches that
rely on predefined features, DNNs process raw ECG waveforms to
automatically learn relevant features, enabling the identification of sub-
tle patterns associated with ageing, disease, and other physiological or
pathophysiological characteristics.”> Al approaches have successfully
developed accurate models for predicting CVD risk and mortality."*"®

A particularly promising application of Al-driven ECG analysis is the estima-
tion of biological age from ECG signals, referred to as AI-ECG age.'”'® The
difference between AI-ECG age and chronological age, A-age, has been
shown to be predictive of mortality and cardiovascular outcomes across dif-
ferent study populations. Previous studies investigating AI-ECG age and mor-
tality have primarily relied on data from preventive care clinics, where the

prevalence of CVD s relatively low.'” ™ To date, the relationship between
A-age and all-cause mortality has not been systematically evaluated in patients
with known high-risk CVD, including both outpatients and inpatients, as well
as individuals presenting to a medical emergency department (ED).

This gap in evidence raises a critical question: Does Al-ECG age gen-
eralize as a prognostic biomarker across higher risk populations?
Addressing this question is essential for determining the clinical utility
of AI-ECG age beyond population-based risk prediction.

To bridge this gap, this study aims to validate an open-source
DNN-based model for predicting AI-ECG age in a hospital-based car-
diology population, including outpatients and hospitalized patients with
established CVD, as well as patients admitted to a medical ED for acute
cardiovascular events or other urgent conditions. By analysing this het-
erogeneous group of patients, this study seeks to evaluate the prognos-
tic value of AI-ECG age in routine cardiovascular care, with a particular
focus on its association with all-cause mortality and its potential role in
enhancing risk stratification for patients with CVD.

Methods

Data source, population, and follow-up

We analysed data from 74 175 patients with a total of 234 945 ECGs re-
corded at the Medical University Hospital Innsbruck, Tyrol, Austria,
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Figure 1 Study population flowchart. A CONSORT-style diagram illustrating the selection process for the final study population and subpopulations.

between 2000 and 2021. These patients were seen in the cardiology in-
patient and outpatient clinic as well as the ED. Patients younger than
18 years were excluded from the analysis (n = 346).

We retrospectively collected clinical data from hospital registries, result-
ing in a final dataset of 48 950 patients after excluding 9266 individuals with
incomplete clinical information and 15 613 patients due to poor ECG qual-
ity (Figure 7). Based on patient admission, we defined four cohorts: a total
cohort (n =48 950) including all patients and three subcohorts stratified
by the clinical setting in which the ECG was recorded: outpatient (n =36
289), inpatient (n = 5680), and ED (n =6981) cohorts.

Our dataset included demographic characteristics, medical history, and
clinical outcomes, all precisely matched to the time of ECG recording. We
used the International Classification of Diseases Tenth Revision (ICD-10)
to define specific CVD-related diseases.”® We screened the hospital registry

for a predefined list of ICD-10 codes to identify relevant diagnoses (see
Supplementary material online, Table S7) that were present at time of
ECG recording as well as that became apparent during follow-up. Future car-
diovascular diagnoses were captured via newly documented ICD-10 codes
during subsequent hospital visits occurring after the baseline ECG.

The primary endpoint of our study was death of any cause. We retrieved
mortality data from the electronic medical record through data access from
the federal institution Statistics Austria. For the current analyses, mortality
data were last updated on 22 April 2023.

Follow-up information on death was available for all patients (100%).
Information on the ICD-10 code was available for 44 674 of the 48 950
patients (91.3%).

Median follow-up was 1167 days (Cl: 1144-1189). All follow-up data
were collected from the date of ECG recording until 22 April 2023,
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when clinical information was assessed (see Supplementary material online,
Tables S2 and S3).

The Medical University Hospital Innsbruck is a tertiary care centre re-
sponsible for managing all major cardiovascular diseases in Tyrol, a region
with ~760 000 inhabitants. As the region’s primary referral centre, it pro-
vides specialized care for complex cases. Additionally, it houses the only car-
diac catheterization laboratories for acute patients, ensuring access to
interventional procedures for time-sensitive conditions.

This study was approved by the Institutional Ethics Committee (No.
1244/2022).

ECG acquisition

A total of 234 943 ECGs were collected from recordings performed on GE
ECG machines (GE HealthCare Technologies; Chicago, USA): MAC2000,
MAC5000, MAC5500, and MAC700. Raw ECG data were stored and ex-
ported in.XML format for further processing and analysis.

We also extracted automated measurements, including intervals and am-
plitudes, using the machines’ built-in analysis software. To ensure data qual-
ity, we excluded 45 510 ECGs from 15 613 patients due to incorrect lead
placement, insufficient recording time, or other technical errors. After fil-
tering out ECGs unsuitable for Al analysis, we retained 189 433 ECGs suit-
able for further analysis. For patients with multiple ECG recordings, we
used the first recorded ECG in our database.

Data processing and age estimation

Pre-processing of the raw ECG data included extracting signals for each
ECG lead, resampling the signal from 500 to 400 Hz, and converting ampli-
tudes from microvolts (uV) to millivolts (mV). These standardized steps en-
sured consistency in data input and compatibility with the Al algorithm.
Pre- processm; was performed using Python (version 3.13.1) with the
SciPy library.”

For age estimation, we used a validated open-source Al algorithm trained
on data from 1558 415 patients to fredict a patient’s ‘ECG age’ directly
from their ECG signals. The CODE study cohort was used to develop
a DNN based on a re5|dual network architecture to predict patient age
from raw ECG tracings.”® The development and validation of the AI-ECG
age model, including its evaluation using the CODE, ELSA Brasil, and
SaMi-Trop datasets, has been described in detail previously.”> The Al model
was applied without any recalibration or modification. To ensure compar-
ability with previous studies, we used the originally published version of the
model as provided, allowing for direct benchmarking against prior findings.

The Al model used only the pre-processed raw signals as input, without
access to patient-specific metadata such as age, gender, or clinical history.
No information about the time or date of the ECG recording was provided
to the algorithm. The algorithm generates the estimated AI-ECG age as a
numerical value with two decimal places.

Group classification based on the difference

between AI-ECG age and chronological age

To assess the prognostic value of AI-ECG age, we divided patients into three
groups based on the dlfference between AI-ECG age and chronological age,
referred to as A-age.'® We divided patients into the following three groups:
negative A-age, AlI-ECG age >8 years younger than chronological age; posi-
tive A-age, AI-ECG age >8 years older than chronological age; and reference
group, AlI-ECG age within +8 years of chronological age. The chosen +8 year
threshold reflects prior studies® and corresponded to ~1 SD from the ori-
ginal training error in the Al model. This choice also allowed for an intuitive
classification, dividing the population into roughly balanced groups (~25%
negative, 50% reference, 25% positive).

Additionally, we identified prognostically relevant thresholds of A-age bg
systematically varying the cutoff value and calculating the log-rank
statistics.

Explainability of AI-ECG age and explorative

analyses

To investigate which parts of the ECG input signal the Al model is most sen-
sitive to, we drew a random subset of 20 000 ECGs from the entire data-
base and computed gradient-based saliency maps for each.?” A subset was

used to limit the computational load. Saliency maps highlight the regions of
the input signal that the model is most sensitive to.

For further analysis, we used automatic ECG dellneatlon to identify on-
and offsets of P, QRS and T-waves, using neurokit.”® Saliency was mean-
averaged within each wave as well as within segments between the waves.
We computed the mean saliency by identifying R peaks, aligning each heart
cycle centred on the R peak, warping cycles to a uniform length, and calcu-
lating the average saliency at each time point across cycles.

To assess the temporal stability of A-age, we identified patients with re-
peated ECG recordings spaced at least 1 year apart. We first sorted all avail-
able ECGs by patient and recording date, and selected individuals who had
at least two ECGs recorded >365 days apart. For each of these patients, we
extracted all corresponding ECGs and quantified intra-individual A-age vari-
ability over time. Specifically, we calculated the standard deviation, range,
and mean of A-age per patient, along with the total number of ECGs and
the time span between the earliest and latest ECG. We tested whether
the number of hospital admissions during the period between ECG record-
ings was associated with variability in A-age. For this purpose, we used linear
regression, modelling the standard deviation of A-age as a function of the
total number of hospital admissions per patient.

Statistical analysis

All statistical analyses were conducted using R (version 4.4.1).%” Continuous
variables were summarized as means with standard deviations or medians
with interquartile ranges, as appropriate. Comparisons between two groups
were performed using the Mann—Whitney U test, while comparisons across
more than two groups were conducted using the Kruskal-Wallis test.
Categorical variables were expressed as absolute numbers and percentages
and compared using two-sided y? tests or Fisher's exact test when expected
frequencies were low. Statistical significance was defined as P < 0.05.
Correlations were assessed using Pearson correlation coefficient, while dif-
ferences between correlation coefficients were analysed with an adaptation
of Fisher’s exact test using the CorCor package in R:*® Pearson correlation
was chosen instead of Spearman correlation because the relationship was ap-
proximately linear, as confirmed by visual inspection of scatter plots.

To evaluate the prognostic value of A-age, we applied four Cox propor-
tional hazards models. Proportional hazards assumptions for Cox models
were tested using Schoenfeld residuals. No significant violations were ob-
served. The first model was adjusted for chronological age and sex. The se-
cond model included additional adjustments for arterial hypertension,
stroke, coronary artery disease, chronic kidney disease, diabetes mellitus,
and atrial fibrillation. The third model included adjustments for PQ interval,
P duration, QRS duration, QT interval, and RR interval. The fourth model
combined all variables from the second and third models. hazard ratios
(HRs) with 95% confidence intervals (Cls) were reported for each model.
Follow-up times were censored at the last recorded follow-up or death,
and for graphical survival analysis, age-adjusted Kaplan Meier curves were
constructed using the ‘adjustedCurves’ package in R3" To further explore
the robustness of A-age, we conducted subgroup analyses by age categor-
ies, <40, 40-60, and >60 years.

To evaluate potential non-linear relationships between A-age and mor-
tality, we conducted additional analyses using natural cubic splines with
three degrees of freedom within the Cox proportional hazards framework,
adjusted for age and gender. This approach allowed us to model potential
J-shaped relationships, acknowledging that extreme values of A-age (both
negative and positive) could carry increased risk compared with moderate
deviations. The spline analysis was performed using the R package splines.**

To assess the ability of the models to predict mortality, we evaluated
their performance using the area under the curve (AUC) of receiver oper-
ating characteristic (ROC) curves. We generated time-dependent ROC
curves to account for variations in follow- up duration and dynamic risk pre-
diction, using the ‘timeROC’ package in R.”” To further quantify the incre-
mental predictive value of incorporating A-age, we calculated the net
reclassification improvement (NRI) and integrated discrimination i improve-
ment (IDI) for all four Cox models using the ‘NRIcens’ package in R3* To
account for varying follow-up durations across patient cohorts, we re-
ported separate AUC values for 30 day, 1 year, and 10 year mortality.

Additionally, we explored whether A-age could predict new CV diagno-
ses in the future using two-sided logistic regression, adjusting for age and sex
to control for confounders.
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Table 1 Baseline characteristics for total population n =48 950

Total Positive A-age Reference group Negative A-age P-value
n=48950 n=12602 n=24867 n=11481

Chronological age (years) 62.19 (16.73) 52.99 (15.54) 62.90 (16.4) 70.72 (13.5) <0.001
Al-ECG age (years) 62.65 (16.00) 68.54 (13.90) 63.03 (16.10) 55.36 (13.90) <0.001
A-age (years)® 0.46 (12.20) 15.55 (6.83) 0.12 (4.48) —15.13 (6.33) <0.001
Females 22216 (45.39%) 4783 (38.00%) 11310 (45.50%) 6123 (53.30%) <0.001
Avrterial hypertension 19031 (38.88%) 4310 (34.20%) 9902 (39.82%) 4819 (41.97%) <0.001
Diabetes mellitus 5780 (11.81%) 1606 (12.74%) 2971 (11.95%) 1203 (10.48%) <0.001
Dyslipidaemia 11804 (24.11%) 2710 (21.50%) 6164 (24.79%) 2930 (25.52%) <0.001
Coronary artery disease 17 895 (36.56%) 4298 (34.11%) 9239 (37.15%) 4358 (37.96%) <0.001
Chronic kidney disease 4450 (9.09%) 1123 (8.91%) 2188 (8.80%) 1139 (9.92%) 0.003
Previous myocardial infarction 3970 (8.11%) 1016 (8.06%) 2047 (8.23%) 907 (7.90%) 0.530
Heart failure 2782 (5.68%) 632 (5.02%) 1369 (5.51%) 781 (6.80%) <0.001
Peripheral arterial disease 3215 (6.57%) 782 (6.21%) 1645 (6.62%) 788 (6.86%) 0.116
Previous stroke 2827 (5.78%) 574 (4.55%) 1453 (5.84%) 800 (6.97%) 0.127
Atrial fibrillation 7910 (16.16%) 1953 (15.50%) 4044 (16.26%) 1913 (16.66%) 0.035
Death 10612 (21.7%) 2172 (17.2%) 5367 (21.6%) 3073 (26.8%) <0.001

Data are n (%) or mean (& SD).

?Calculated as AI-ECG age minus chronological age.
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Figure 2 Correlation between AI-ECG age and chronological age across cohorts. Each correlation is visualized using a hexbin plot, where a hexagon
represents the density of patients within a region, with darker shading indicating a higher density of patients. The marginal histograms display the dis-
tribution of AI-ECG age (y-axis) and chronological age (x-axis). The subplots correspond to different patient populations: (A) The total cohort. (B)
Outpatients. (C) Inpatients. (D) Emergency department (ED) patients.
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Figure 3 Correlation between AI-ECG age and chronological age
across morbidity burden. The curve shows the Pearson correlation
coefficient between AI-ECG age and chronological age, stratified by
the number of morbidities with 95% Cls displayed. A significant de-
creasing trend is observed, as confirmed by Fisher’s Z-test, indicating
that the correlation weakens as the number of comorbidities
increases.

Results

A total of 48 950 patients, each with a single ECG recording, were in-
cluded in the analysis. Table 1 shows the baseline characteristics of the
total cohort. Baseline characteristics of the subcohorts are available in
the supplements (see Supplementary material online, Tables S4-S6).
Mean age was 62 (+ 16.70) years and 45% were female. The most
prevalent morbidities were coronary artery disease (37%) and arterial
hypertension (39%). The discharge diagnoses in ED patients were most
frequently related to cardiology (19%), endocrinology (12%), and aller-
gology/immunology (10%; Supplementary material online, Table S7).

Correlation between AI-ECG age and
chronological age

Figure 2 illustrates the distribution of chronological age and AI-ECG age.
Overall, AI-ECG age was strongly correlated with chronological age
(Pearson correlation r=0.72, P <0.001). However, substantial vari-
ation was observed between the three cohorts (r=0.56 in the in-
patient cohort, r=0.79 in the outpatient cohort, and r=0.78 in the
ED cohort; Pearson correlation test, P < 0.001 for all). The differences
between these correlation coefficients were statistically significant (P <
0.001, fisher Z-test for comparison of correlation coefficients), likely
due to the markedly different prevalence of morbidities across the co-
horts. As illustrated in Figure 3 and detailed in Supplementary material
online, Table S8 the correlation between AI-ECG age and chronological
age weakened with an increasing number of morbidities to r=10.30 in
those with >8 morbidities. This difference was statistically significant
in most pairwise comparisons (P < 0.001, Fisher’s Z-test), suggesting
that AI-ECG age is increasingly influenced by disease burden rather
than solely reflecting chronological ageing. However, the difference be-
tween some adjacent morbidity groups (e.g. 8 vs. >8 morbidities, P =
0.90) was not statistically significant. A regression analysis demon-
strated that both chronological age and the number of comorbidities
significantly contributed to the prediction of AI-ECG age (P < 0.001).
Each additional comorbidity increased the predicted age by an average
of 0.97 years, independent of chronological age.
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Figure 4 Age- and gender-adjusted Kaplan—Meier survival curves
across cohorts. Each Kaplan—Meier survival curve is stratified by
Al-ECG A-age (negative (>8 years younger), reference, and positive
(=8 years older). Survival probabilities are adjusted for age and gen-
der. Survival curves are shown for (A) the total cohort, (B) outpatients,
(C) inpatients, and (D) patients admitted to the medical emergency de-
partment (ED). The number of patients at risk is shown below each
plot at different time points. Log-rank tests indicate significant differ-
ences in survival across A-age groups in all cohorts.

Association of A-age with mortality

In the total cohort, individuals with negative A-age had a significantly re-
duced age-adjusted mortality risk (HR: 0.88, ClI: 0.84-0.92, P < 0.001),
whereas individuals with positive A-age had a significantly increased
age-adjusted mortality risk (HR: 1.45, CI: 1.37-1.52, P < 0.001), both
compared with the reference group. Figure 4 shows the adjusted sur-
vival curves for patients stratified according to A-age; Table 2 shows
the corresponding hazard ratios.

After adjustment for cardiovascular risk factors (Cox model 2), the
association between A-age and mortality risk remained significant in
the entire cohort (Table 2). A positive A-age was associated with an in-
creased risk of death (HR: 1.40, Cl: 1.32-1.47, P < 0.001), whereas a
negative A-age was associated with a decreased risk of death (HR:
0.90, Cl: 0.86-0.94, P < 0.001).
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Table 2 Prediction of mortality by categorical A-age in different Cox models

Model Group Total cohort Outpatients Inpatients ED Patients
n=48 950 n=36289 n=5680 n=6981
Hazard Ratio (95% Cl) Hazard Ratio (95% Cl) Hazard Ratio (95% Cl) Hazard Ratio (95% Cl)

Model 1 Positive A-age 1.45 (1.37-1.52) 141 (1.34-1.49) 1.73 (1.32-2.25) 1.58 (1.29-1.94)
P <0.001 P <0.001 P=0.029 P <0.001

Negative A-age 0.88 (0.84-0.92) 0.87 (0.83-0.91) 0.78 (0.63-0.98) 0.91 (0.79-1.06)
P <0.001 P <0.001 P <0.001 P=0.223

Model 2 Positive A-age 1.40 (1.32-1.47) 1.37 (1.30-1.45) 1.62 (1.24-2.12) 1.53 (1.25-1.87)
P <0.001 P <0.001 P <0.001 P <0.001

Negative A-age 0.90 (0.86-0.94) 0.88 (0.84-0.93) 0.83 (0.66-1.02) 0.93 (0.81-1.08)
P <0.001 P <0.001 P=0.079 P=0.348

Model 3 Positive A-age 1.28 (1.21-1.35) 1.28 (1.20-1.35) 1.55 (1.13-2.12) 1.32 (1.05-1.66)
P <0.001 P <0.001 P=10.006 P=0.016

Negative A-age 0.96 (0.92-1.01) 0.97 (0.92-1.02) 0.79 (0.60-1.03) 0.83 (0.69-0.99)
P=0.100 P=0227 P=0.079 P=0.038

Model 4 Positive A-age 1.26 (1.20-1.34) 1.26 (1.19-1.34) 1.49 (1.09-2.05) 1.29 (1.03-1.62)
P <0.001 P <0.001 P=0.013 P=0.032

Negative A-age 0.96 (0.92-1.01) 0.97 (0.92-1.02) 0.81 (0.62-1.07) 0.85 (0.71-1.01)
P=0.092 P=0212 P=0.132 P=0.068

ED, emergency department; Cox model 1 adjusted for age and gender; Cox model 2 adjusted for age, gender, arterial hypertension, stroke, coronary artery disease, chronic kidney disease,
diabetes mellitus, and atrial fibrillation; Cox model 3 adjusted for age, gender, PQ interval, P duration, QRS duration, QT interval, and RR interval; Cox model 4 is adjusted for all

parameters in model 2 and model 3.

Implementing standard ECG parameters in the Cox models, with
or without CV factors (Cox models 3 and 4, respectively) decreased
the predictive value of AlI-ECG. While positive A-age remained signifi-
cantly associated with increased mortality risk (model 3: HR: 1.28, ClI:
1.21-1.35, P < 0.001), negative A-age was no longer significant (model 3:
HR: 0.96, Cl: 0.92-1.01, P=0.100).

Similar findings were observed in the subcohorts (Table 2, Figure 4, and
Supplementary material online, Figure S7), as well as when A-age was used
as continuous variable (see Supplementary material online, Table S9).

The prognostic value of positive A-age remained significant across
different age strata, particularly pronounced in younger individuals (un-
der 40 years; Supplementary material online, Table S10).

Subsequent analyses demonstrated that the different models had ro-
bust performance in predicting mortality at different time points. For
the entire cohort, model 1 achieved an AUC of 0.75 (Cl: 0.74-0.77,
P <0.001, Delong test) at 30 days, 0.72 (Cl: 0.72-0.73, P < 0.001,
Delong test) at 1 year, and an AUC of 0.80 (Cl: 0.80-0-81, P<
0.001, Delong test) at 10 years (Figure 5).

In the total cohort, the inclusion of A-age improved risk classification
with NRI values of 14.6% at 6 years and 19.4% at 10 years (both P <
0.001). IDI values, although statistically significant at most time points,
remained modest, indicating only slight refinement of the risk distribu-
tion. Comprehensive data on IDIl and NRlI values for all models are pre-
sented in Table 3 and Supplementary material online, Table S71,
Supplementary material online, Figure S2.

Spline analysis revealed a J-shaped association between A-age and all-
cause mortality (see Supplementary material online, Figure S3,
Supplementary material online, Table $12).

Association of A-age with future CV
diagnoses

We also assessed the predictive value of A-age for future CV diagnoses.
Negative A-age was associated with lower odds of developing atrial

fibrillation (OR: 0.73, Cl: 0.57-0.93, P = 0.012), coronary artery disease
(OR: 0.78, ClI: 0.66-0.92, P=0.004), and arterial hypertension (OR:
0.71, ClI: 0.60-0.83, P < 0.001). In contrast, a positive A-age was asso-
ciated with higher odds of acute coronary syndrome (OR: 1.96, Cl:
1.22-3.15, P=0.006) and cardiomyopathy (OR: 1.34, CI: 1.03-1.75,
P =0.032). Predictive performance remained moderate, with AUC va-
lues ranging between 0.65 and 0.72 (see Supplementary material online,
Table $13).

Mechanistic interpretation of Al-ECG age
estimates

Exploratory Al analyses are depicted in Figure 6. As shown in panel A,
the saliency maps demonstrate a wide range of sensitivity across seg-
ments and leads. Panels C and D show mean absolute saliency for
each lead and segment, respectively. The model appears to be most
sensitive to leads | and V1 (Panel C) as well as the P-wave, TP and
PQ segments (Panel D), although other segments of the ECG are
also of importance. Panel B shows the Pearson correlations between
Al-ECG age and standard ECG measures. The strongest positive corre-
lations are observed for the PQ interval, QTc interval, and P duration,
while the strongest negative correlations are seen for the R peak and R
axis, as well as the T peak and T axis. Supplementary material online,
Table S14 shows the distribution of standard ECG parameters across
A-age groups. Detailed data for the subcohorts are available in the sup-
plementary material (see Supplementary material online, Table S15,
Supplementary material online, Figures $4 and S5).

Stability of A-age

In patients with multiple ECGs, the standard deviation of A-age, reflect-
ing its intra-individual variability, was on average 6.45 years (95% CI:
6.39-6.51; Supplementary material online, Table $16). The time span
between the earliest and latest ECG per patient was on average 5.64
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Figure 5 Receiver operating characteristic (ROC) curves for mortal-
ity prediction using A-age, chronological age, and gender. The ROC
curves are shown for (A) the total cohort, (B) outpatients, (C) inpati-
ents, and (D) patients admitted to the medical emergency department
(ED). The models were evaluated at 30 day, 1 year, and 10 year follow-
ups, with the AUC values provided for each time point. The dashed di-
agonal line represents the line of no discrimination (AUC = 0.5).

years (2060 days, 95% Cl: 2038.61-2082.29), representing the individ-
ual observation period. In linear regression, a higher number of hospital
admissions during this interval was significantly associated with greater
A-age variability (B =0.35, 95% Cl: 0.32-0.37, P < 0.001).

Exploratory analysis of the optimal cutoff
value for A-age

In an exploratory analysis using incremental A-age thresholds, 7.5 years
was identified as the optimal cutoff for prognostic discrimination (see
Supplementary material online, Figure S6), closely aligning with the pre-
defined 8 year threshold.

Discussion

The findings of our study can be summarized as follows: in a large co-
hort of patients with cardiovascular and acute medical conditions,
A-age emerged as a strong and independent predictor of all-cause mor-
tality, with consistent prognostic performance across inpatients, outpa-
tients, and ED presentations. A-age remained predictive after
adjustment for comorbidities and standard ECG features, highlighting
its added value beyond traditional risk factors. Importantly, the strength
of correlation between Al-ECG age and chronological age declined with
increasing comorbidity burden, suggesting that A-age may capture not
only biological ageing but also overt and potentially subclinical disease

processes. We further showed that A-age was associated with future
cardiovascular diagnoses and that intra-individual fluctuations over
time correlate with clinical instability, such as hospital readmissions.
Finally, explainable Al methods revealed the P-wave as the most influ-
ential ECG component for age prediction, reinforcing the biological
plausibility of the model and pointing towards atrial conduction as a
sensitive marker of cardiovascular ageing.

Compared with previous studies, our cohort represents a popula-
tion with markedly higher cardiovascular risk. Prior investigations of
AI-ECG age have primarily focused on community-based cohorts
with low disease burden and low event rates and hospital cohorts
with lower-risk patients'"'?33? (see Supplementary material online,
Table $17). For instance, Attia et al. and Lima et al. analysed general
population samples with limited cardiovascular comorbidities and re-
ported strong associations between A-age and mortality, albeit in pre-
dominantly healthy individuals.?>* Cho et dl. evaluated a hospital
population but did not perform a mortality analysis and included mainly
low-risk patients.*' Hirota et al. studied patients with CVD but focused
on incident cardiovascular events rather than all-cause mortality.** In
contrast, our cohort of 48 950 patients had a high prevalence of estab-
lished CVD and an all-cause mortality rate exceeding 6%/year during
follow-up. This high-risk clinical context allowed for a more stringent
test of AI-ECG age as a prognostic tool. Importantly, we showed that
A-age remained independently predictive of mortality even after adjust-
ing for conventional risk factors and comorbidities, and this held true
across all care settings and age strata. These findings substantially ex-
pand the existing evidence base and demonstrate the robustness and
potential clinical utility of Al-ECG-derived age estimation in real-world,
high-risk populations.

Beyond mortality prediction, AI-ECG age may hold significant poten-
tial for predicting future CV diagnoses or detecting latent conditions al-
ready present at the time of ECG recording.** Previous research by Cho
et al. has demonstrated that A-age can predict the future onset of atrial
fibrillation, a finding we were able to confirm in our study.*" In our study,
A-age was also associated with future CV diagnoses, including arterial
hypertension, acute, and chronic coronary syndromes and cardiomyop-
athies. However, the effect sizes were smaller in our acutely ill cohort
compared with those reported by Chang et al.?° This discrepancy may
be partly due to methodological limitations, as patients with relevant con-
ditions may not have been followed up at our institution after their initial
ECG recording. An important consideration in this context is whether
patients were truly disease-free at the time of ECG acquisition or
whether underlying conditions were already present but undiagnosed.
Addressing this question will require further investigation.

As with most neural networks, the exact mechanisms by which Al
models infer biological age from surface ECGs remain largely unknown.
To gain insight into this process, we used two different forms of model
explainability: the correlation between standard ECG parameters and
predicted age and saliency maps. Saliency maps show which regions
of the signal the model is most sensitive to, but not why the model is
sensitive to them.* Hence, the analysis of more standard ECG mea-
surements provides a valuable counterpart by providing more detail
as to why the model might be sensitive to specific segments of the
ECG. Both analyses suggest that the model’s predictions are most influ-
enced by the P-wave, as well as the PQ and TP segments, regions asso-
ciated with atrial conduction.*® Notably, the limited saliency of
high-amplitude components such as the QRS complex suggest that sub-
tle, low-amplitude signals may carry critical age-related information that
is otherwise masked by dominant ventricular activity. Prior work by
Attia et al., identified the P-wave and PQ interval as key features in pre-
dicting incident atrial fibrillation, an age-related arrhythmia, from sinus
rhythm ECGs."> Our results extend these insights by demonstrating
significant associations of Al-ECG age with both time-dependent (e.g.
P duration, PQ interval) and voltage features (e.g. P peak). While Ott
et al. showed that P-wave morphology influences AI-ECG age in healthy
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Table 3 IDI and continuous NRI when adding A-age in different Cox models for the total cohort

Model 2

Model 3

Model 4

30 days
365 days
6 years
10 years
30 days
365 days
6 years
10 years
30 days
365 days
6 years
10 years
30 days
365 days
6 years

10 years

0% (0-0) P=0.594
0.1% (0.1-02) P=0.010
0.5% (0.3-0.7) P < 0.001
0.7% (0.5-0.9) P < 0.001
0% (0.0-0.1) P=0.539

0.3% (0.2-0.4) P < 0.001
0.9% (0.7-1.1) P < 0.001
1.2% (0.9-1.4) P < 0.001
0% (0.0-0.1) P=0.150

0.3% (0.2-0.4) P < 0.001
0.8% (0.6-1.0) P < 0.001
1.2% (0.8-1.2) P < 0.001
0% (0.0-0.1) P=0.080

0.3% (0.2-0.4) P < 0.001
0.8% (0.6-1.0) P < 0.001
1.0% (0.7-1.2) P < 0.001

6.5% (0.4-17.5) P =0.008
8.3% (3.2-14.1) P < 0.001
14.6% (8.0-21.2) P < 0.001
19.4% (11.0-27.5) P < 0.001
8.8% (1.2-15.9) P=0.013
6.8% (2.8-11.0) P < 0.001
11.8% (6.6-17.1) P < 0.001
17.2% (9.5-23.3) P < 0.001
3.6% (—5.5-11.6) P =0.225
1.9% (1.4-6.7) P=0.098
7.4% (4.7-12.1) P < 0.001
10.8% (7.1-15.5) P < 0.001
4.8% (—5.5-13.4) P=0.163
3.0% (0.0-7.7) P=0.03
8.2% (5.3-11.9) P < 0.001
11.4% (8.0-16.3) P < 0.001

Cox model 1 incorporated age, gender and A-age; Cox model 2 incorporated age, gender, A-age, arterial hypertension, stroke, coronary artery disease, chronic kidney disease, diabetes
mellitus, and atrial fibrillation; Cox model 3 incorporated age, gender, A-age, PQ interval, P duration, QRS duration, QT interval, and RR interval; Cox model 4 incorporated all Parameters

from model 2 and model 3.
IDI, integrated discrimination improvement; NRI, net reclassification index.

individuals, we confirm and expand this observation in a large, high-risk
clinical cohort.*® Further support for the role of atrial conduction comes
from studies linking P-wave indices, such as abnormal axis and advanced
interatrial block, to atrial fibrillation risk.*~*¢ Specific orthogonal P-wave
morphologies have likewise been associated with atrial fibrillation hospi-
talization in population-based studies.*” While our findings emphasize
the high significance of atrial conduction, our data alongside with addition-
al studies have indicated that other ECG components also contribute to
Al-derived biological age estimations. Although the QRS, ST, and T seg-
ments exhibited lower saliency scores, they were not negligible. Their
non-zero saliency indicates that these segments still contributed to the
prediction, which is further supported by strong correlations with para-
meters of the R and T segments. Lima et al. demonstrated that even
ECG tracings classified as normal could reflect subtle, age-related changes
across the entire ECG, contributing significantly to mortality predic-
tions. % Similarly further studies identified significant associations between
increased biological ECG age and altered ventricular conduction features,
including prolonged QRS duration, QT interval, and corrected QT inter-
val (QTc), underscoring the comprehensive nature of ECG-derived age
information.'® Moreover, advanced ECG parameters, such as QRS com-
plexity and spatial QRS-T angle, had been identified to contribute to
heart age from short-duration ECG recordings.* Hempel et al. further
demonstrated that AI-ECG age is a complex phenomenon, not fully ex-
plainable by simple ECG measures alone, as different leads exhibit vary-
ing areas of sensitivi‘cy.50 Additionally, Attia et al. showed that deep
learning models identify not only traditional ECG parameters but also
novel ECG features that significantly enhance the accuracy of biological
age estimation.*® These studies collectively underscore that multiple
ECG segments, beyond atrial-specific features, play a pivotal role in de-
termining biological heart age, highlighting the complexity and integrative
nature of Al-driven ECG analysis. Collectively, these observations
underscore the biological plausibility that age-related atrial remodelling,
including fibrosis and structural changes, may shape Al-ECG-derived age
estimates through their effects on conduction alongside other parts of
the ECG.

The limitations of our study should be acknowledged. First, its retro-
spective design introduces inherent methodological constraints.
Conducted at a single academic tertiary care centre, the generalizabil-
ity of our findings to broader or non-tertiary populations may be lim-
ited. Although the Al algorithm was externally validated using data
from Brazilian cohorts, external validation of our risk prediction find-
ings, particularly in other healthcare settings and ethnic groups, re-
mains necessary. Prospective studies in diverse clinical contexts are
needed to confirm and refine risk thresholds. A known limitation of
the AI-ECG age algorithm is its tendency to overestimate age in young-
er individuals and underestimate it in older individuals, which may
introduce bias in the distribution of risk factors. Nevertheless, Cox
models adjusted for chronological age and cardiovascular risk factors
confirmed the prognostic value of AI-ECG age, with significant differ-
ences in mortality risk. Follow-up duration varied across cohorts due
to technical factors, with shorter observation periods in ED and in-
patient populations. This may have limited the detection of long-term
outcomes such as chronic disease development. Additionally, future
cardiovascular diagnoses could only be captured if patients returned
to our institution, and diagnoses were extracted from the in-hospital
information system, which may be incomplete. This could lead to a sys-
tematic underestimation of comorbidities and attenuate observed as-
sociations. However, this limitation likely does not apply to acute
coronary syndromes, as our hospital is the sole provider for such cases
in the catchment area. Another important limitation is the absence of
data on medication use, particularly drugs known to influence ECG
parameters such as beta-blockers or antiarrhythmics. Therefore, we
cannot exclude potential confounding effects of pharmacological inter-
ventions. Future studies should explore whether medication-related
ECG changes impact Al-derived age estimates. Furthermore, cause-
specific mortality could not be assessed, limiting more granular out-
come analyses. Although our primary endpoint was all-cause mortality,
future investigations incorporating cause-specific data could provide
deeper insight into the predictive utility of A-age, especially with regard
to cardiovascular mortality. The explainability analysis was performed
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Figure 6 Saliency analysis and correlations of ECG parameters with Al-predicted ECG age, chronological age, and A-age. (A) Mean saliency across the
12 standard leads for a random subset of 20 000 ECGs. A representative ECG wave is included for visualization purposes. Positive saliency values in-
dicate that an increase in the voltage would increase predicted age, while negative values indicate that a decrease in voltage would increase predicted age.
(B) Pearson correlation coefficients of selected ECG parameters with Al-predicted ECG age, chronological age, and A-age in the complete patient co-
hort. (C) Boxplots of mean absolute saliency by ECG lead, calculated from the same random subset of 20 000 ECGs as panel A. (D) Boxplots of mean
absolute saliency for individual ECG segments (P-wave, PQ interval, QRS complex, ST segment, T-wave, and TP interval), also derived from the same

subset as panel A.

post hoc on a black box deep learning model, which limits the strength
of our conclusions. Since the model’s internal reasoning process is not
directly accessible, the explanations produced are approximations and
may not faithfully represent its true decision process 2 Future work
should explore interpretable-by-design models,>® where the relation-
ship between input signal and predictions is inherently understandable.
Finally, external validation in independent populations is essential to
confirm the generalizability of our findings, particularly in relation to
the identified A-age thresholds.

In conclusion, our study shows that A-age is a significant and inde-
pendent prognostic marker in patients with established CVD and
those seeking acute care that can be obtained rapidly, easily, and at
minimal cost. Its implementation in routine clinical practice could en-
hance traditional risk stratification methods, enabling more precise
identification of high-risk patients. Furthermore, AI-ECG age could
serve as a valuable tool for longitudinal monitoring of cardiovascular
health, potentially guiding personalized therapeutic interventions
aimed at modifying cardiovascular risk factors over time. Despite
these findings, the mechanistic basis of AI-ECG age estimation re-
mains incompletely understood and warrants further investigation
in future studies to advance both clinical and pathophysiological
insights.
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