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Abstract

Electrocardiograms (ECGs) are essential for evaluat-
ing electrical and structural heart problems, but pedi-
atric ECG (pECG) interpretation remains a challenging
area due to the dynamic physiological changes occurring
throughout infancy and adolescence. Accurate interpre-
tation of pECG is crucial for the diagnosis and manage-
ment of various cardiac conditions in children, yet age
and sex-related variations in ECG patterns complicate this
task. Different from previous studies, which have typi-
cally focused on either age or sex predictions, this study
aims to develop an artificial intelligence-based system that
simultaneously predicts both age and sex from 12-lead
pECGs. We employed a multitask deep learning model
(DLM) trained on a curated dataset of 54,230 pediatric
12-lead ECG recordings collected at the Buzzi Children’s
Hospital in Milan, Italy, from 2011 to 2020. The DLM
achieved a mean absolute error of 0.532 years for age pre-
diction and an R2 score of 0.932, indicating high accuracy
in age prediction. For sex prediction, the model attained
an accuracy of 0.712 on the test set. Overall, these results
are consistent with prior studies and highlight the feasi-
bility and novelty of applying multitask DLM to the pECG
analysis.

1. Introduction

Cardiovascular disease is a leading cause of global mor-
tality, responsible for around 17.9 million deaths annu-
ally [1]. Electrocardiograms (ECGs) are a common, non-
invasive tool for assessing cardiac electrical function, and
artificial intelligence (AI) has been increasingly applied to
ECG analysis, particularly for arrhythmia detection and di-
agnosis [2, 3]. One notable application is the estimation
of biological age from ECG signals. For example, Lima

et al. [4] showed that AI-predicted age is a strong inde-
pendent predictor of all-cause mortality, while Hirota et
al. [5] found a significant link between AI-estimated ECG
age and cardiovascular events, with larger age deviations
correlating with higher myocardial infarction risk in indi-
viduals under 60 years.

While there has been considerable progress in AI ap-
plications to adult ECG datasets, pediatric applications re-
main comparatively underexplored, largely due to the lim-
ited availability of large, labeled pediatric ECG (pECG)
datasets. However, recent studies have begun to ad-
dress this gap, reflecting growing interest in the field
[6,7]. Given the unique physiological differences between
pECGs and adult ECGs, pECG offers valuable insights
into cardiac function across developmental stages, aiding
in the detection of conditions such as congenital heart
disease [8], arrhythmias [9], ventricular dysfunction [10],
and predicting mortality in congenital heart defect patients
[11]. Within this context, predicting age and sex from
pECG adds clinical value by improving patient assess-
ment, guiding personalized care, and aiding early detec-
tion of developmental or pathological abnormalities [12].
Age-related changes in ECG parameters, such as heart
rate, wave morphology, and interval durations, provide in-
sights into pediatric physiological development. Addition-
ally, sex-based differences in ECG features, driven by hor-
monal and genetic factors, can further aid clinical interpre-
tation [13].

Motivated by these clinical insights, recent studies have
leveraged AI, particularly deep learning models (DLMs),
to predict age and sex from pECG. For instance, Junmo
An et al. [6] used a residual DLM to classify pediatric
and adult groups, achieving an F1-score of 0.78 with 10 s
standard 12-lead pECG. Similarly, Dutenhefner et al. [7]
trained a residual DLM on 163,242 pECGs from 148,738
pediatric patients aged 0 to 18 years, reporting a mean ab-
solute error (MAE) of 2.12 years in age prediction, despite



Figure 1: Age distribution in the pediatric dataset.

a significant age group imbalance.
In parallel, sex prediction from pECG has also shown

promising results. O'Sullivan et al. [13] analyzed ECG
data from 90,133 children (mean age: 12 years; 46.7%
male), stratified into prepubertal (0–7 years), peripuber-
tal (8–14 years), and postpubertal (15–18 years) groups.
Performance was highest in the postpubertal (area under
the curve or AUC = 0.980), moderate in the peripubertal
group (AUC = 0.880), and lower in the prepubertal group
(AUC = 0.650).

To the best of our knowledge, no prior studies have
simultaneously addressed pediatric age and sex predic-
tion from pECG. The main contributions of this study are
twofold: i) the development of a multitask DLM for age
and sex prediction from standard pECG, and ii) the anal-
ysis of its performance with reduced lead setting. Unlike
previous studies that developed solely on 12-lead ECGs,
we explore model performance under reduced-lead set-
tings, which can enhance the clinical applicability and
portability of the proposed method.

2. Materials and methods

2.1. Dataset and preprocessing

ECG recordings for this study were collected at Buzzi
Children’s Hospital in Milan, Italy, from 2011 to 2020 us-
ing GE Healthcare’s MAC 5500 HD and MAC 2000 sys-
tems, with a 12-lead setting and 500 Hz sampling rate. The
dataset includes 54,230 pediatric ECG recordings (ages
0–17 years), with a mean age of 3.16 years (SD: 4.17), and
46.5% females. The age distribution is shown in Figure 1.

Subjects were stratified into six pediatric groups based
on age: neonates (0–6 months), infants (6 months–1 year),
toddlers (1–3 years), preschoolers (3–6 years), children
(6–12 years), and adolescents (12–17 years).

As for preprocessing, a 3rd-order Butterworth filter with
a cut-off frequency of 0.5–40 Hz was used on the pECG to
remove baseline wander and broadband noise. Ages (in
years, months, and days) were converted into continuous
values in years for regression. For developing the DLM,

Table 1: Distribution of pediatric age groups across train,
validation, and test datasets.

Age Group Train Validation Test
Neonates 22858 2858 2876
Infants 1517 196 188
Toddlers 2796 339 338
Preschoolers 5815 678 741
Children 8140 1057 995
Adolescents 2258 295 285
Total 43384 5423 5423

subjects were split into 80% for train, 10% for validation,
and 10% for test. The distribution of pediatric age groups
across train, validation, and test sets is reported in Table 1.

2.2. Deep learning model and experiments

We designed a multitask DLM, which is more efficient
than training separate models as it shared learned features
across tasks (age and sex prediction), reducing the need for
separate resources for each task. We used a residual tem-
poral attention (RTA)-based model, which is a modified
version of an architecture previously proposed for arrhyth-
mia detection [3].

To evaluate the model’s adaptability to different lead set-
tings, we developed different models for 12 leads, 8 leads,
by excluding lead III and the three augmented limb leads,
and a reduced 6-lead setting, composed solely of the pre-
cordial leads (V1–V6). A combination of binary cross-
entropy loss for sex classification, and mean square error
for age prediction was used. Finally, the following hyper-
parameters were used during training: i) the Adam opti-
mizer with a learning rate of 0.001, ii) a batch size of 32,
iii) a total of 100 epochs, and iv) early stopping with a
patience of 6, which was employed to terminate training
when no improvement was observed.

3. Results and discussions

The models were evaluated using various metrics, in-
cluding MAE, R2, sensitivity (Se), specificity (Sp), posi-
tive predictive value (PPV), and F1-score. For age predic-
tion, the MAE and R2 values for the 12-lead were 0.937
and 0.538, respectively. The scatter plot is presented in
Figure 3. For the 8-lead, the MAE and R2 values were
0.936 and 0.548, while for the 6-lead, they were 0.934 and
0.544, respectively. Overall, the differences in age predic-
tion performance across lead settings were minimal, pos-
sibly due to the imbalanced dataset. We further assessed
model performance across different pediatric age groups to
obtain more insights. The classification results were sum-
marized in Table 2.

The 12-lead setting demonstrated high performance
for neonates (Se: 0.983) and preschoolers children (Se:
0.755), but lower performance for infants (Se: 0.551) and
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Figure 2: Architecture of the deep learning model for age and sex prediction from pECG.

Table 2: Performance for age group classification across
different lead settings.

Lead Age Group Se Sp PPV F1

12

Neonates 0.983 0.969 0.972 0.978
Infants 0.551 0.983 0.534 0.542
Toddlers 0.598 0.982 0.689 0.640
Preschoolers 0.755 0.962 0.760 0.758
Children 0.828 0.940 0.757 0.791
Adolescents 0.535 0.990 0.745 0.623

8

Neonates 0.974 0.971 0.973 0.973
Infants 0.503 0.982 0.505 0.504
Toddlers 0.604 0.979 0.660 0.631
Preschoolers 0.755 0.955 0.735 0.745
Children 0.824 0.936 0.749 0.785
Adolescents 0.507 0.990 0.746 0.604

6

Neonates 0.986 0.957 0.961 0.973
Infants 0.342 0.987 0.496 0.405
Toddlers 0.530 0.981 0.663 0.589
Preschoolers 0.719 0.957 0.737 0.728
Children 0.808 0.940 0.760 0.783
Adolescents 0.694 0.981 0.672 0.683

adolescents (Se: 0.535). The 8-lead setting also yielded
strong results for neonates (Se: 0.974), but showed reduced
performance for infants (Se: 0.503). The 6-lead setting
performs well for neonates (Se: 0.986), but sensitivity de-
creased for infants (Se: 0.342) and toddlers (Se: 0.530).
Overall, the 12-lead and 8-lead pECG settings provided the
most consistent performance across age groups, whereas
the 6-lead setting exhibited greater variability, particularly
in younger age groups such as infants and toddlers.

For the 12-lead setting, the DLM’s sex prediction
achieved a recall of 0.641 for females and 0.770 for males,
with an AUC of 0.790. The 8-lead setting improved female
recall to 0.742 and male recall to 0.701, while maintain-
ing the same AUC. In the 6-lead setting, recall was 0.681
for females and 0.701 for males, with an AUC of 0.758.
Overall, the 12 standard leads and the 8 independent leads

Figure 3: Scatter plot for the test set (12-lead).

settings performed similarly, with the 8-lead setup offering
a practical advantage in computational cost without com-
promising accuracy.

In general, our results align with previous studies on
pECG-based age and sex prediction, though direct com-
parisons are limited by differences in population distri-
bution, dataset size, age groups, and model architecture.
For instance, [13] reported a sex prediction AUC of 0.910,
while we obtained 0.790, likely due to greater physiolog-
ical variability and reduced ECG signal amplitude in chil-
dren. Their dataset had 76% of samples from the 8–18 year
age group, which may have made sex prediction easier. In
age prediction, [7] reported a MAE of 2.12 years with a
dataset skewed toward older groups, whereas our model
achieved a significantly lower MAE of 0.532 years, despite
a narrower age range and more younger samples. To make



a thorough comparison, we computed the MAE separately
for each age group using 12-lead pECG, yielding the fol-
lowing values: neonates (0.081), infants (0.581), toddlers
(0.732), preschoolers (0.890), children (1.312), and ado-
lescents (1.561). The MAE increases with age, while still
remaining promising even for the older age groups. Re-
garding age-group prediction, [6] reported an average F1-
score of 0.732 with four age groups (excluding adults),
while our model achieved a comparable F1-score of 0.722
across six groups, demonstrating strong performance with
the added complexity of age groups.

In addition, we trained age-only and sex-only single-
task DLM baselines with the same number of parameters
and hyperparameters as the multitask DLM for the 12-lead
setting. The multitask model achieved lower age MAE
(0.532 vs. 0.574), higher R2 (0.932 vs. 0.924), and sim-
ilar sex accuracy (0.712 vs. 0.708), while halving the pa-
rameter count relative to deploying two single-task mod-
els. Therefore, in this regard, the multitask DLM is more
efficient than training two different DLMs.

Overall, AI models predicting age and sex from pECG
data can be combined with other clinical variables to assess
future cardiovascular risk. Discrepancies between pre-
dicted and chronological age may reveal underlying health
issues, such as accelerated aging or developmental anoma-
lies, allowing for earlier, targeted clinical interventions.

The main limitation of this study is the imbalanced
dataset and potential overlap in pECG features across age
groups, as well as possible regional or population-specific
characteristics. Future work will validate the model using
diverse, multi-center datasets and incorporate longitudinal
pECG data to capture growth trajectories.

4. Conclusions

In this study, we presented a multitask DLM capable of
classifying pediatric age and sex from 12-lead pECGs. The
results demonstrated that the DLM can capture age- and
sex-specific patterns in pECGs, offering new avenues for
personalized medicine and enabling better predictive tools
for early intervention and risk assessment.
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