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Abstract

Sex-related information might be encoded in the ECG
given the inherent biological distinctions between sexes.
The aim of this study was to predict sex from the ECG and
to uncover the representation of sex within the morphology
of the ECG waveform using saliency maps. In a secondary
analysis, different ECG rhythms and age groups were com-
pared to examine the effect of variation in the ECG mor-
phology on the outcome. 150052 patients were included
with a mean age of 59.2 + 16.5 years of which 48% were
females. The overall model resulted in an accuracy of 0.89.
Saliency maps highlighted different parts of the P-wave
and the ST-segment across leads as the most predictive re-
gions. Additionally, subgroup analysis revealed decreased
performance in subgroups with an altered P-wave and/or
ST-segment. This study demonstrates that sex can be pre-
dicted from a 12 lead ECG with high accuracy and indi-
cates that sex information is concealed in the P- wave and
the ST-segment.

1. Introduction

Electrocardiography (ECG) is used as a non-invasive as-
sessment of the cardiac condition of an individual. Ad-
vancements in Al have shown a greater potential of ECG
signals beyond its current clinical use and highlight its rel-
evance as a marker for health assessment and characteriza-
tion of patients [1].

Recent studies have demonstrated that patient character-
istics such as age and sex can be predicted from the ECG.
Particularly, deep learning (DL) models have achieved re-
markable accuracy rates of up to 90% for sex prediction
[1-3], a task that is very difficult for cardiologists. The lit-

Computing in Cardiology 2024; Vol 51

erature attributes this high accuracy to factors such as dif-
ferences in hormonal status, aging processes, anatomy and
biology that are subtly reflected in the ECG signal [1,4,5].

Despite these promising outcomes, DL algorithms are
often criticized for their “black box” nature, making it dif-
ficult to understand the underlying decision-making pro-
cesses. Recent advancements in explainable Al have in-
troduced techniques such as saliency maps, which help
to clarify these processes by highlighting the importance
of various input features to the model’s predictions [6].
Likewise, saliency maps can be used for ECG models to
identify the most predictive regions in an ECG waveform.
Examining variations in ECG morphology within these re-
gions could provide deeper insights into the robustness and
limitations of these models.

In this paper, we propose a DL sex prediction model and
provide insights into the encoding of sex at the signal level
using saliency maps. Resulting maps are further explored
with a subgroup analysis to examine the effect of variations
in the ECG morphology on the model’s performance.

2. Materials and methods

2.1. Data

This study included all ECGs from patients older than
18 years with at least one 10-second 12 lead ECG obtained
at Ziekenhuis Oost- Limburg (ZOL) (Genk, Belgium) be-
tween October 1, 2002 and August 31, 2021. The raw
ECG data, along with ECG parameters and quality and di-
agnostic labels generated by the GE Marquette software,
were extracted from the MUSE data management system.
All ECGs were acquired at a sampling rate of 500 Hz.
ECGs were excluded if there was missing data regarding
the sex, age or acquisitiondate. Furthermore, we excluded
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ECGs with a bad quality label (electrode artifacts, muscle
tremor or baseline wander, muscle tremor and low quality).
Patients were randomly split into training (48%), valida-
tion (16%) and test (36%) sets. For patients with multiple
ECGs over time, only the first available ECG was selected.
This study was reviewed and approved by the medical eth-
ical committee of ZOL.

2.2. Model

The deep learning architecture was previously described
by Attia et al. [3] and consists of eight convolutional
blocks (1D convolution, batchnormalization, relu activa-
tion and max pooling) extracting the temporal features
from the long axis of the raw ECG, followed by one con-
volutional block along the short axis to fuse the data from
all the ECG leads. Next, two fully connected blocks
(fully connectected, batchnormalization, relu activation
and dropout) are added and lastly the output is obtained
using softmax activation. The final network is trained to
predict the sex of the patient and reports a probability of
being female as a continuous number in the range O to 1.
The model input consists of the raw ECG represented in
12 leads (leads LII, III, AvR, AvL, AvF and V1-V6) and
is given by a 12 by 5000 matrix (ECG recorded for 10
s at 500 Hz). The network was implemented using Ten-
sorFlow (TensorFlow, Google, Mountain View, CA, USA)
backend on Microsoft Azure (Microsoft, Redmond, WA,
USA). Hyperparameters were tuned to the data and were
finally set at a learning rate of 3e—4, Adam optimizer and
batch size of 16.

2.3. Evaluation metrics

The performance of the neural network to differentiate
between male and female was assessed using the area un-
der the receiver operating characteristic curve (AUROC),
accuracy, specificity, and sensitivity. Two-sided 95% con-
fidence intervals (CI) for the AUROC were estimated us-
ing the Sun and Xu optimization of the Delong method [7].
The cut-off threshold for the classification was optimized
to the point that yielded similar accuracy, specificity and
sensitivity on the validation set.

Saliency maps were calculated over each ECG after
which the Pan-Tompkins peak detection algorithm was
used to detect the heartbeats [8]. All heartbeats were seg-
mented and aligned on the R peak and an average heart-
beat and saliency map was calculated within the ECG and
across patients for final visualisation.

In a secondary analysis, we looked into subgroups (age
and ECG rhythm) targeted at varying ECG morphology,
potentially linking saliency map outcomes to these varia-
tions. Both the effect of different ECG rhythms and in-
creasing age were compared using the AUROC metric.

Furthermore, we modeled the effect of a correct prediction
of the sex on the log probability using a binary logistic re-
gression model. The probability function is given by:

1

P(Correct) = { T e(BotBixAget Bax AP+ B3xODR)

where [ is the intercept, 5, the coefficient of the age rep-
resented as the effect of a one year increase in age. 52 and
(5 are the coefficients representing the change in effect for
atrial fibrillation (AF) /atrial flutter (AF1l) ECGs and other
diverging rhythms (ODR) ECGs, respectively, relative to
sinus rhythm (SR) ECGs.

3. Results

3.1. Data

Data extraction from the ECG database identified
218460 patients. After applying the exclusion criteria, we
included 150052 patients with mean age of 59.2 + 16.5
years of which 48.0% were female. 91.6% of ECGs were
acquired in SR, 4.3% were in AF or AFI and 4.2% showed
ODR. The algorithm was trained using 71905 ECGs, in-
ternally validated using 24022 ECGs and tested on 54125
ECGs. Detailed demographics for the training, validation
and testset can be found in Table 1.

Table 1. Dataset demographics. SR = sinus rthythm, AF =
atrial fibrillation, AFI = atrial flutter, ODR = other diverg-
ing rhythms.

Patients (%)

Demographics Train Validation Test
Total number 71905 24022 54125
of patients
Sex (Female) 34426 11407 26247
(47.9) (47.5) (48.5)
Mean age 59.2 59.2 59.3
(years) +16.5 +16.5 +16.5
Number of 3070 1035 2279
AF/AF1 ECGs (4.3) (4.3) (4.2)
Number of 65852 21938 49596
SR ECGs (91.6) (91.3) (91.6)
Number of 2983 1049 2250
ODR ECGs (4.1) (4.4) (4.2)

3.2. Performance

Table 2 shows the performance of the sex classification
model. The model obtained an AUROC of 0.956 (95%
CI, [0.957-0.960]). Our sex prediction model shows strong
performance that is comparable to literature.
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Table 2. Model performance as compared to literature.
AUROC = area under the receiver operator curve, acc =
accuracy, sens = sensitivity, spec = specificity.

Metric Our model Attia [3] Demolder [2]
AUROC 0.956 0.969 0.946
Acc 0.890 0.904 0.880
Sens 0.889 / 0.880
Spec 0.890 / 0.882

Figure 1 shows the saliency map for the average ECG
heartbeat in each lead calculated over a random sample of
4096 ECGs in the testset. The results suggest that the area
around the P-wave and the ST-segment play an important
role in the prediction of the sex.
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Figure 1. Saliency map of the average ECG heartbeat in
each lead. The red line depicts the average heartbeat. The
background indicates the gradient. Darker regions indicate
higher weight in the prediction.

The results of the secondary analysis are shown in Fig-
ure 2. To visualize the effect of the non-categorical value
age on the AUROC and the ROC curve, a cutoff at 50
years was chosen. Increased values are observed for pa-
tients under 50 years and ECGs in SR (0.97 and 0.98), and
decreased values are found for AF/AFI and ODR ECGs as
wel as patients over 50 years (0.86, 0.81 and 0.95).
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Figure 2. Receiver operator characteristic curve of the

main analysis and subgroup analysis. AUROC = area un-

der the receiver operator curve, SR = sinus thythm, AF =

atrial fibrillation, AF] = atrial flutter, ODR = other diverg-

ing rhythms, y = years.

Table 3 shows the results of the uni- and multivariate lo-
gistic regression. The univariate analysis indicates that age
is negatively correlated with the likelihood of a correct pre-
diction. For each additional year of age, the odds of mak-
ing a correct prediction decrease by about 1 —e%930 ~ 3%.
Even more significant is the impact of the variation in
rhythm on the log odds, where, compared to SR, having
ODR or AF/AFI decreases the likelihood of a correct pre-
diction by 1 — €037 ~ 64% and 1 — e''12® ~ 68% re-
spectively. After adjusting for the effect of both variables
using a multivariate analysis, age and rhythm remain sig-
nificant (p-value < 0.001) in decreasing the likelihood of
the outcome, with 2.5%, 47% and 56% respectively.

Table 3. Univariate (1) and multivariate (2) logistic regres-
sion results. Coeff. = coefficient, CI = confidence interval,
SR = sinus rhythm, AF = atrial fibrillation, AFl = atrial
flutter, ODR = other diverging rhythms.

Variable Coeff. 95% CI p-value

1 Intercept 3.958 3.836,4.079 < 0.001

Age —0.030 —0.032,-0.028 < 0.001

1 Intercept 2.216 2.187,2.246 < 0.001
Rhythm

SR-AF/AFl —1.037 —1.138,-0.936 < 0.001

SR-ODR  —1.128 —1.228,—1.029 < 0.001

2 Intercept 3.755 3.633, 3.878 < 0.001

Age —0.025 —0.027,—-0.024 < 0.001
Rhythm

SR-AF/AFlI —0.637 —0.742,—0.532 < 0.001

SR-ODR  —0.825 —0.927,—-0.722 < 0.001
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4. Discussion and Conclusion

This study aimed to develop an ECG-based sex predic-
tion model and to explore how sex-related information is
encoded in ECG signals. Results indicate a high predic-
tion accuracy of 89.0%. Saliency maps identified the P-
wave and the ST-segment as most predictive regions across
all leads, suggesting that anatomical and biological differ-
ences between the sexes are more prominently pronounced
in these regions [1, 4, 5]. However, further investigation
is needed to fully understand these findings. Subgroup
analysis revealed reduced prediction power for non-SR
ECGs and in older individuals. Non-SR ECGs are char-
acterized by irregular electrical activity, which is often re-
flected in alterations in the P-wave and the ST-segment and
may explain the reduced performance in these cases. Fur-
thermore, the age-related decline in performance is par-
tially explained by the higher prevalence of AF and ODR
in older populations. However, the multivariate analysis
demonstrated that the effect of age remained significant
even after correcting for rhythm, as was also found in the
study by Lyle et al. [9]. Notably, it was found that ECGs
from healthy individuals over 50 years old often show P-
wave alterations [10].

Some limitations should be noted. First, saliency maps
should be interpreted with care as it is difficult to know
whether an explanation is correct. There is a need for
evaluation metrics for saliency maps yet current saliency
metrics can be statistically unreliable and inconsistent
[11-13]. Second, our analysis is performed in a single
center, necessitating further validation studies to assess the
model’s generalizability beyond a Western-European con-
text. Lastly, we want to emphasize that predicting sex from
ECG is not clinically crucial, yet, it demonstrates that an
ECG contains latent information about a individual’s char-
acteristics, challenging to detect with the human eye [1].

In conclusion, sex can be predicted with high accuracy
from a 12 lead ECG using deep learning. An Al explain-
able technique, saliency maps, highlights regions around
the P-wave and the ST-segment as most important for its
prediction. Subgroup analysis focusing on age and ECG
rhythm confirm the significance of these regions in the out-
comes. Futher exploration of covariates could help us un-
derstand the impact of sex of the ECG.
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