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Abstract

Deep Learning (DL) models have exhibited high perfor-
mance in automated ECG diagnosis, yet some were devel-
oped on small datasets or biased towards a certain clinical
condition. This study applies adversarial multitask learn-
ing (AML), a technique that trains a DL model by optimiz-
ing contrastive objectives, to identify myocardial infarc-
tion (MI) from ECG signals while mitigating the influence
of age on model predictions. ECG recordings from healthy
and MI subjects were extracted from the PTB-XL dataset
and preprocessed to generate 12-lead average beats. Two
DL models sharing the initial layers were trained. The first
model was trained to identify MI, while the second to pre-
dict patient’s age, with the parameters of the common lay-
ers frozen. Finally, the parameters of the common layers
were trained to minimize the classification loss while max-
imizing the age prediction error, using two loss functions:
i) mean squared error (MSE); and ii) negative squared co-
variance (NCOV). On the validation set, the first model
achieved a classification accuracy of 0.87 while the second
one had a Pearson’s correlation coefficient (PCC) with age
of 0.67. After adversarial training with MSE and NCOV,
PCCs with age were -0.78 and -0.03, and accuracies were
0.82 and 0.85, respectively. The proposed AML reduced
the correlation between true and predicted age while keep-
ing a good performance for MI identification.

1. Introduction

In the last few years, many Deep Learning (DL) mod-
els have been implemented in the cardiovascular domain
for the automated ECG diagnosis, reaching very high per-
formances. Despite that, some of them were developed on
small datasets or biased towards a certain clinical condi-
tion. DL models trained on such data often lack reliability
and generalization to new data. There are very few stud-
ies that addressed this problem. In their work, Alday et al.
[1] analyzed the effect of age, sex and race on ECG-based
arrhythmia detection algorithms, highlighting the impor-
tance of fairness when implementing ECG classification

models.
In the context of automatic myocardial infarction (MI)

identification, various DL models have shown outstand-
ing capabilities on identifying the disease [2]. However,
in our previous study [3], we highlighted a critical aspect.
By employing an explainable AI technique, we empirically
proved that, despite achieving high test set performances,
the model was relying on features that did not align with
those recommended by the clinical guidelines for MI clas-
sification [4].

Adversarial multitask learning (AML) represents one
approach to address a known bias in a DL algorithm. The
method trains a DL model through two adversarial tasks.
The first one optimizes the DL model towards the expected
output (for instance, classification), while the second one
minimizes the dependency of the model from the known
bias. This framework has successfully been applied to
speech recognition to extract age-independent features [5]
and a speaker- and age-invariant features [6]. In another
work [7], they adopted AML in the context of ECG classi-
fication to improve the generalizability of arrhythmia clas-
sification, trying to alleviate subject dependency.

Inspired by those works, we employed AML to iden-
tify MI from ECG signals trying to mitigate the impact of
age on model predictions. The objective of our work is
to enhance the reliability of MI classification models by
proposing an alternative training technique. We selected
to compensate for age since the possibility to estimate pa-
tient’s age from ECG signals is well known [8].

2. Methods

2.1. Dataset

ECG signals were obtained from the freely available
PTB-XL dataset [9]. It consists of 21799 clinical 12-
lead ECG signals from 18885 patients (age range: 0 to 95
years). In this work, we considered the downsampled ver-
sion (100 Hz) of the original signals. For the scope of our
study, we considered only healthy control (HC) and MI pa-
tients. In particular, among the ECG signals, we excluded
those which were also associated to the following abnor-
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malities: bundle branch block, abnormal QRS, high or low
QRS voltage, supraventricular tachycardia, sinus tachycar-
dia, paroxysmal supraventricular tachycardia and left ven-
tricular hypertrophy. We also excluded ECGs of patients
whose age was not reliable (i.e., set to 300). After ECG
preprocessing (see sec. 2.2), we obtained 7735 HC sub-
jects and 1695 MI patients.

2.2. Preprocessing

ECG signals were filtered with a Butterworth filter (3rd
order, 0.5-40 Hz, zero-phase) to reduce baseline wan-
dering, high-frequency noise and powerline interference.
Beats were detected on the vector magnitude (i.e., square
root of the sum of squares of the 12 leads) using the gqrs al-
gorithm [10] and aligned using the Woody algorithm [11].
Signal quality was performed on each lead. Specifically,
the mean Pearson’s correlation coefficient was computed
between each QRS (Q-20 ms; Q+100 ms) complex and an
average QRS template. ECG signals presenting an aver-
age cross-correlation higher than 0.9 were considered of
good quality. For the experiments, patients were further
included if this condition was matched in at least 8 leads.
We computed the average beat for each of the 12 leads,
considering only beats whose inter beat-time interval did
not vary more than 50 ms with respect to the median QQ
value. We considered average beats lasting 580 ms (Q-250
ms; Q+330 ms).

2.3. Adversarial multitask learning

Adversarial multitask learning refers to techniques
where a DL model is trained by minimizing certain losses,
while maximizing others. These different losses are called
primary and secondary tasks respectively, and they com-
pete with each other as adversaries in a game. The training
of the model is typically achieved through the gradient re-
versal layer (GRL) approach proposed by Ganin et al. [12].
Specifically, layers between the input and a certain hidden
layer are trained by reversing the gradient with respect to
secondary tasks, so that a worsening would occur on these
tasks. Here, we defined MI identification as primary task
and age prediction from ECGs as secondary one.

To implement AML, we followed the approach reported
in [7]. Specifically, the DL model for the primary task,
meant to detect MI vs HC, was defined as the composition
of two functions p = mθM (bθB (x)), where x is the 12-
lead average beat and p is the probability of detecting MI
from the input ECG, mθM and bθB are neural networks pa-
rameterized by their respective parameter vectors θM and
θB . The model for the secondary task was instead defined
as y = aθA(bθB (x)), where y is the predicted age and aθA
is a neural network with parameters θA. It is worth noting
that the two models shared the same layers defined in the
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Figure 1: Diagram of AML.

function bθB .
The training of the models worked as follows. First, the

parameter vectors θB and θM were determined by mini-
mizing the binary cross-entropy (BCE) loss for MI vs HC
classification via stochastic gradient descent by the follow-
ing update formulas

θM ← θM − η
∂LBCE

∂θM

θB ← θB − η
∂LBCE

∂θB

(1)

where η is the learning rate.
Once the model was trained, the parameter vector θA

was updated by minimizing the mean squared error (MSE)
loss between the true and predicted age from the network
aθA , as follows

θA ← θA − η
∂LMSE

∂θA
(2)

while keeping the parameter vector θB fixed. This allowed
to create a model able to predict patient’s age using the
same bθB model for MI identification.

Finally, the adversarial training to remove age prediction
from the model bθB was performed using GRL. Specifi-
cally, using the following update formula

θB ← θB − η

(
∂LBCE

∂θB
− α

∂LMSE

∂θB

)
(3)

where α controls the effect of the reverse gradient.
Figure 1 shows a diagram of the models described.

2.4. DL model

The model bθB included two 1D convolutional blocks
with ReLU activation, batch normalization and max pool-
ing. One fully connected layer was then concatenated. The
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classification head mθM for MI identification consisted of
2 fully connected layers, with the output layer having a
softmax function applied. The network aθA for the sec-
ondary task, i.e. age estimation, comprised one fully con-
nected layer. The input to the network was a 12x58 matrix
representing the samples of the average beat for each of the
12 leads.

2.5. Compensation of age-related ECG
changes

In the original AML framework, the same loss function
was applied to both the secondary and adversarial tasks.
In our study, the secondary task was to predict the age of
the patients. To do so, we trained the model using the MSE
loss function. However, maximizing it during the adversar-
ial tasks does not necessarily discourage the model from
relying on age-related features. Indeed, a perfect nega-
tive correlation between the true and predicted age worsen
significantly the MSE, but keeping the network relying on
such feature. To mitigate this, we proposed to modify the
loss function only during the adversarial task, replacing the
MSE loss in (3) with the negative squared covariance be-
tween the true and predicted age.

2.6. Experiments

The dataset was partitioned into training (80%) and val-
idation sets (20%), ensuring that different recordings from
the same patient were included in only one of the two
sets. Since the classes MI/HC were highly imbalanced, the
cross-entropy loss was adjusted to weight the two classes
according to their number of ECGs. In our experiments,
we choose a batch size of 32. Different number of epochs
and learning rates during the three training stages were
considered. Firstly, we trained a “baseline model” consist-
ing of the shared backbone bθB and the MI classification
network mθM . Epochs and learning rate were set to 100
and 0.0001, respectively. θM was updated according (1).
In the second training phase, we trained the “age model”.
This model was composed by the pretrained network bθB
which was kept frozen and paired with aθA . The learning
rate was increased to 0.001 and the number of epochs was
set to 200. In the final training stage, we considered AML.
The pretrained network bθB was updated using GRL ac-
cording to (3), while keeping mθM and aθA frozen. We
considered 100 epochs and α = 0.001. To evaluate the ef-
ficacy of bθB in generating features not correlated with age,
we predicted the age considering mθM and aθA models to-
gether after AML. For this last stage, in addition to the
MSE loss, we used the negative squared covariance loss as
discussed before. We compared the original implementa-
tion of AML with the one proposed here and quantified the
performance using accuracy for classification of MI and

Pearson’s correlation coefficient between the predicted and
the true age of the patient.

3. Results

For the MI classification task, the baseline model
achieved a validation accuracy of 0.87, a sensitivity of 0.88
and a specificity of 0.87. The age estimation task was
assessed using Pearson’s correlation coefficient. The age
model produced a correlation of 0.67. When AML was im-
plemented, this correlation increased in magnitude to -0.78
when using the MSE loss, but decreased to -0.03 with the
negative squared covariance loss. The corresponding accu-
racies were 0.82 and 0.85, respectively. Figure 2 provides
further insights, showing the correlation between true and
predicted ages in the validation set for both models.

4. Discussion and conclusion

In this study, we employed the adversarial multitask
learning approach to address the problem of age bias in MI
identification from ECGs signals using AI models. Specif-
ically, two neural networks, performing MI classification
(primary task) and age estimation (secondary task), shared
few input layers. On the one hand, the parameters of the
common layers were trained by minimizing the classifica-
tion loss, while on the other maximizing the age prediction
error by implementing a GRL layer.

We assessed the effectiveness of the approach by test-
ing whether the model could be unable to predict the pa-
tient’s age, while correctly identifying the presence of MI.
The results presented in Figure 2, along with Pearson’s cor-
relation coefficients, show that the adopted training strat-
egy and the implemented negative squared covariance loss
function were effective in reducing the correlation between
predicted and actual ages. Unlike the approach used in
[7], where the same loss function was applied to both the
secondary task and the adversarial task, we specifically
used a distinct loss for the adversarial task to decouple the
learning of age-related features from the primary task. In
fact, the near-zero Pearson’s correlation coefficient sug-
gests that the model was not capable of predicting age.
However, in the case of adversarial training with the MSE
loss function, the model exhibited a negative high correla-
tion between predicted and true age, implying that it may
have learned to encode age-related information in a man-
ner that still influences its outputs, though inversely. This
residual bias highlights the complexity of fully eliminating
age-related features and the need for further investigation.

Regarding the MI classification task, the results showed
no significant reduction in accuracy between the baseline
model and the adversarial model.

As future works, it might be worth exploring the impact
of other demographic confounding factors, such as gen-
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Figure 2: Correlation between the real and the predicted age in the validation set for age model (a), and the AML framework
(b, c). In b), the MSE loss was adopted during the training procedure, while in c) the negative squared covariance loss.

der and race, on MI identification, since they have already
found relevant for arrhythmia detection [1]. The potential
of AML for MI identification in mitigating these possible
biases still needs investigation.
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