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Abstract— Synthetic electrocardiograms (ECGs), obtained
with Generative Artificial Intelligence (GenAl), are currently
used to support the training of other AI algorithms, most
often decision support systems, by augmenting the dataset
for the minority classes. In this study, we proposed a Text-
to-ECG (T2ECG) framework, which could generate synthetic
ECG beats from textual data. The framework made use of
two components. The first, Bio_Clinical BERT, produced an
embedded vector from the input text (e.g., “left ventricular
hypertrophy”). Then, a second component leveraged such
representation to generate a 12-lead ECG heartbeat by means
of a Wasserstein Generative Adversarial Network with gradient
penalty. The training was performed on the PTB-XL dataset,
freely available on Physionet. The framework was designed
to generate five different diagnostic classes: i) normal sinus
rhythm; ii) inferior myocardial infarction (IMI); iii) antero-
septal myocardial infarction (ASMI); iv) left anterior fascicular
block (LAFB); and v) left ventricular hypertrophy (LVH).
The realism of the generated signals was assessed through
three different methodologies, involving both visual inspection
and quantitative analyses. Our results show that the T2ECG
framework was able to generate heartbeats of sufficient quality,
except for the the ASMI class. In conclusion, the framework
proposed does not only support data augmentation but also
facilitates the creation of ECGs by non-technical users, offering
a textual interface to the GenAl model.

I. INTRODUCTION

Generative Artificial Intelligence (GenAl) is widely em-
ployed for chatbots and image or video generation, with
an impact that quickly affected not only the scientific field
of computational intelligence, but also many applications
at global scale. However, in the context of the generation
of synthetic electrocardiograms (ECGs), GenAl is being
currently used to support the creation of other Al algorithms
(e.g., [1], [2], most often decision support systems), with
the primary scope of augmenting the size of the training
set for poorly represented diagnostic cases [3]. Therefore,
GenAl in the context of synthetic ECGs still needs to find
its applicative scope to reach non-technical end-users.

Recently, Chung et al. [4] proposed a Deep Learning (DL)
technique able to generate synthetic ECGs from medical text
reports. Despite the motivation of the work was to mitigate
the lack of annotated ECG datasets, we believe that such
Text-to-ECG (T2ECG) applications could open possibilities
not currently explored and make accessible synthetic ECG
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generation to non-technical users. For example, T2ECG may
foster the education of the future generation of cardiologists,
or facilitate the clinical practice by retrieving information
about specific ECG morphologies.

Most GenAl methodologies for ECG synthesis are based
on Generative Adversarial Networks (GANs) [5]. GANs
rely on two neural networks that compete in an adversarial
process. The two networks are a generator, whose goal is
to generate data as similar as possible to the real data from
a noise vector, and a discriminator, trained to distinguish
real from synthetic data. However, the training of GANs is
often complicated due to vanishing gradients, mode collapse
and the adversarial training itself. To address this issue,
Wasserstein GANs (WGANSs) [6] and WGANSs with gradient
penalty (WGAN-GP) [7] were recently introduced. This new
framework maintains the generator-discriminator architecture
of GANs, while leading to a more reliable training.

In this study, we investigated the use of a WGAN-GP for
designing a T2ECG pipeline able to synthesize 12-lead ECG
heartbeats conditioned on textual data. We focused on the
generation of signal of 5 different diagnostic classes, each
impacting the morphology of the QRTS complex.

II. METHODS
A. Dataset and preprocessing

The data employed in this study were taken from the
PTB-XL dataset [8], [9], one of the largest freely accessible
clinical 12-lead ECG collections on Physionet. It comprises
21837 10s diagnostic ECGs from 18885 patients, with 71
different diagnoses. Two versions of the same ECG were
available, one sampled at 500 Hz, and one downsampled
at 100 Hz. For the purpose of this study, we considered
only the ECG signals downsampled at 100 Hz. Furthermore,
we selected patients with the following diagnoses: i) normal
sinus thythm (NORM); ii) inferior Myocardial Infarction
(IMI); iii) antero-Septal Myocardial Infarction (ASMI); iv)
left anterior fascicular block (LAFB); and v) left ventricular
hypertrophy (LVH).

Signals were band-pass filtered with a zero-phase fourth-
order Butterworth filter with cut-off frequencies of 0.5-
40 Hz. Then, the ggrs_detect function of the wfdb [10]
Python package was used to detect the location of the QRS
complexes. Each signal was segmented into ‘“heartbeats”
(ECG segments of 50 samples or 500 ms, extracted from
150 ms before to 350 ms after the R peak, corresponding
approximately to the entire PQRTS duration). We then ran-
domly selected a subset of the patients for each class to
obtain a dataset approximately balanced. The final dataset
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Fig. 1: Proposed Al pipeline for Text-to-ECG generation. (a) Full model architecture from text report to synthetic ECG.
Convolutional parameters of the generative model are reported in Table II. (b) Model architecture of the “critic” in the

WGAN-GP methodology.

contained 29,391 12-lead heartbeats across the five classes
stored into 12 x 50 matrices (see Table I for details).

Due to the large presence of non-English text reports in the
PTB-XL dataset, original reports were replaced with English
ones based on the diagnostic class. To do so, we manually
created a list of approximately 25 equivalent possible reports
for each class by translating or rephrasing into English
language some of the existing reports, and by consulting
online medical repositories. An example of a text report
was “left ventricular hypertrophy”. The 75th percentile of
the length of the report was 47 characters, while the longest
had 108 characters. All heartbeats in a given diagnostic
class was then assigned a randomly selected report from the
corresponding list for that class.

B. Al Pipeline

The AI pipeline of our method is depicted in figure 1
and further detailed in table II; it involved mainly two

TABLE I: Number of heartbeats for each class of the dataset.

Diagnostic class ~ No. of heartbeats

NORM 5856
IMI 6000
ASMI 5640
LVH 6096
LAFB 5799

components. The first one was a DL. model meant to embed
the input text into a single vector. The second component was
instead a conditional generator taking in input the embedded
text and a random noise to generate the output ECG. The
text reports were embedded through the Bio_ClinicalBERT
model [11], ie., a well-known DL model pretrained on
the notes of the MIMIC-III dataset [12], which comprised
also ECG reports. With Bio_Clinical BERT, all text reports
were embedded to vector of fixed size (768 dimensions).
Bio_Clinical BERT was used as-is, without any further fine-
tuning on the reports of our dataset.

The embedded report, together with a noise vector z
sampled from a uniform distribution of size 300 (selected
empirically), served as inputs to the generative model, which
was based on convolutional layers (see figure 1a). The output
of the model was a 12 x 50 matrix representing the generated
ECG for each of the 12 leads.

C. Training

The training of the generator was based on a WGAN-
GP approach. It required the use of a model called “critic”
which goal was to identify real signals from generated ones.
Its architecture is reported in figure 1b and additional details
are reported in Table III. Specifically, the critic was meant
to minimize the following loss, where D and G are the
differentiable functions associated to the critic and generator
respectively, A is a regularization constant, x is the 12 lead



ECG segment, y is the vector embedding the text report, p,
is the noise distribution (uniform in our case) and pgqtq 1S
the distribution of the dataset:

L=Ewy)piae {D(G(ZIy)Iy) — D(zly)
u~U(0,1) (1)

A (19Dl - 1)

Also, VD(v|y) is, with a little abuse of notation, the gradient
of D with respect to all its inputs then evaluated at v. The
vector v was defined as a random sample extracted from the
line connecting the vector z and the generated vector G(zy).
Formally, v = [G(z|y) + (z — G(z|y)]u with u ~ U(0, 1).
The generator was instead trained to minimize:

L= ~E.np. | DGGIIY)|- @

The weights of both the generator and critic were initialized
using values drawn from a normal distribution.

After extensive experiments to train both networks, the
final training was carried out with a batch size of 1024 and
over 83 epochs. The critic was updated 100 times each epoch
to reach its optimal state. In our experiment, the optimal
value of the A constant was found to be 10. Both the gener-
ator and critic were optimized with the Adam optimizer [13]
with a learning rate of 0.0001 and /3 values of 0.9 and 0.999,
respectively. The hyperparameters of the batch normalization
layers were set to € = 0.0001 and momentum = 0.001. To
prevent the critic from overpowering the generator during
training, inspired by [14], Gaussian noise with a standard
deviation of 0.001 mV was added to both the fake and
real signals fed into the critic. The training process took
approximately 200 minutes to complete on a NVIDIA L40S
GPU.

D. Assessment of the generated ECGs

The generated signals were evaluated both visually and
quantitatively to assess their quality and diversity using three
different approaches, as similarly performed in [15].

UMAP algorithm [16]: for each diagnostic class, the ECG
signals in the real and generated datasets were projected

TABLE II: Parameters for each of the five repeated block
(composed of Upsample, 1D Conv, BatchNorm and ReLU)
in the generator. Each row corresponds to one block in the
generator, detailing the upsample size, number of 1D con-
volution filters, and convolutional layer parameters (kernel
size, stride, padding). The 6th row corresponds to the block
following the repeated ones.

Block Upsample size N° of Conv filters Conv parameters
Ist 7 128 3,1, 1)
2nd 17 64 5, 1,2
3rd 25 32 5, 1,2
4th 37 24 5,1,2)
5th 47 16 G, 1L,
- 50 12 3,1, 1)

to a bi-dimensional plane by using the well-known UMAP
algorithm trained on all classes together. The probability
density function for the projections of the real signals for
each diagnostic class was obtained using kernel density
estimation and plotted using heatmaps. The scatterplot of
the synthetic ECG projections of the corresponding class
was plotted over each heatmap. In this way, we visually
checked whether the two distributions on the 2D plane were
overlapping.

GAN-train and GAN-test [17]: this technique provided two
scores called GAN-train and GAN-test. Briefly, for GAN-
train we trained an ECG classifier on a synthetic dataset
generated by our T2ECG generator and tested it on both
synthetic and real data, comparing the performances between
them. GAN-test trained instead the same classifier but on a
real dataset; the classifier was then assessed on a test set
comparing performance between real and generated signals.
The GAN-train score is supposed to provide a measure of
how diverse the generated data are, while the GAN-test score
indicates how close the generated data are to the original data
manifold. The classifier adopted in this work used the same
architecture in [18].

ECG signal distribution plot: we computed the 90%
confidence interval for each time sample of the 12-lead ECG
signals for both real and synthetic ECGs, and plotted them
together for each diagnostic class. The test was meant to
verify whether there was overlapping between the real and
generated data. In addition, we computed the intersection
over union (IoU) of these two bands to quantify such overlap.
Areas were quantified with the rectangular rule.

Details about the training of the GAN-test/GAN-train
classifiers and UMAP are reported in the Appendix.

III. RESULTS AND DISCUSSIONS

An example of an ECG signal generated by T2ECG
with the input text “antero-septal myocardial infarction” is
reported in Fig. 2. The signals resembled quite nicely the
overall morphology of a single heartbeat in this diagnostic
class.

The results obtained using UMAP are displayed in Fig.
3. In the bi-dimensional plane, for NORM (Fig. 3a) most
projections of generated and real signals shared the same
area, except few generated signals which behaved differently.
A possible explanation for the latter is the loss of informa-
tion due to dimensionality reduction or due to inaccuracies

TABLE III: Parameters for the 2D convolution in the critic
implementation. Each row corresponds to one block in the
critic, detailing, respectively, the number of filter, the 2D
kernel size, the horizontal and vertical stride and the padding
on the two axis

Block n#  n# of filters  (kz,ky) (Sz,5y) (Pz,Py)
Ist 4 (4,4) (2,2) (2,2)
2nd 8 (5,3) (2,1) (1,0)
3rd 16 (4,3) (2,1) (1,0)
4th 32 (3,3) (2,1) (1,0)
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Fig. 2: Example of 12-lead ECG generated from the text “antero-septal myocardial infarction” (black) and a real one from
the same class selected from the dataset (blue). For visualization reason, we selected, through crosscorrelation, the real ECG
which most closely matched the generated one. Thick horizontal lines are spaced 0.2 s while thick vertical lines 0.5 mV.

introduced by the generative framework. For LAFB (Fig. 3b)
and LVH (Fig. 3e) the projections of the generated signals
laid again on the same areas of the real signals, but with less
variability. For IMI, the synthetic signals projections did not
consistently lay in the expected region. This occurred for the
ASMI class too, when the generated ECG signals projections
were wrongly located where the IMI signals should be (Fig.
3c vs 3d).

The GAN-train and GAN-test scores of all experiments
are reported in Table IV, along with the number of heart-
beats used. The GAN-test results (bottom) indicated that the
generator, overall, produced ECG signals closely resembling
real data, as evidenced by a minimal accuracy drop when
tested on generated versus real signals. In contrast, the larger
accuracy drop observed in GAN-train (top) suggests that
the generator samples from a narrower distribution than the
real data distribution, resulting in reduced signal diversity.
In particular, the generator seemed to approximate the real
distributions of the NORM and LAFB classes well, while the
poor GAN-train results for the LVH class suggest that it was
reasonably captured but with smaller diversity. The IMI and
ASMI classes, however, were approximated by distributions
that did not completely match the real ones and had smaller
variability because of their poor GAN-train and GAN-test
scores. However, it is worth noting that interpreting GAN-
train and GAN-test scores when the classifier performance
is poor (trained and tested on real data) still requires further
investigation.

Figure 4 shows the 90% confidence bands for the ASMI
diagnostic class. In most leads, the generated signals laid
within the expected bands, as supported by UMAP and
GANT-train scores, and displayed a mean (+ std) IoU across
leads of 0.76 % 0.05. Similar results were obtained for other
diagnostic classes. Table V reports IoU across leads for each
class.

To the best of our knowledge, the only other Text-to-ECG
framework available in the literature is the one proposed
by Chung et al. [4]. Three major differences are present

TABLE IV: Classification results of the GAN-train (upper)
and GAN-test (lower) classifiers. Support refers to the num-
ber of heartbeat used.

Tested on fake data Tested on real data

Class

F1 Score  Support  F1 Score  Support
IMI 0.83 394 0.43 6017
NORM 0.98 366 0.78 5906
LVH 0.94 386 0.56 6054
LAFB 0.96 389 0.68 5822
ASMI 0.88 385 0.54 5716
Accuracy 0.92 0.60

Tested on real data Tested on fake data
Class

F1 Score ~ Support  F1 Score  Support
IMI 0.81 1183 0.56 2000
NORM 0.96 1182 0.86 2000
LVH 0.88 1253 0.78 2000
LAFB 0.82 1148 0.84 2000
ASMI 0.71 1137 0.55 2000
Accuracy 0.84 0.72

between their approach and ours. First, they designed a
DL model able to synthesize 10 s ECGs rather than single
heartbeats. Second, they trained their model on the entire
PTB-XL and also on a private dataset. Despite this task was
more challenging than what we aimed to tackle, in particular
during the training phase given that the dataset is highly
imbalanced for certain diagnosis, they eventually evaluated
the quality of generated ECGs only for 6 different diagnostic
classes, which was then similar to what done in our study.
Finally, their method was based on the temporal quantization
of the ECGs and the use of an autoregressive DL model
to generate the synthetic signals. This technique is very
different from what we proposed in here since we restrained
from degrading the temporal resolution of the ECGs.
Determining the overlap between the probability densities
estimated via UMAP and the projected synthetic ECGs is
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Fig. 3: UMAP projections of generated ECG signals (red dots) overlapped to heatmaps of the distribution of the real signals’

projections.

TABLE V: Mean and standard deviation of the IoU across
leads, for each diagnostic class.

Diagnostic class  IoU (mean =+ std)

NORM 0.78 £ 0.02
IMI 0.80 £ 0.02
ASMI 0.76 £+ 0.05
LVH 0.73 £ 0.05
LAFB 0.76 £ 0.03

technically feasible. For example, one may consider the log-
likelihood as a measure of goodness. However, this approach
would suffer from two major problems. The first one is mode
collapse. When the model outputs only the most frequent
ECGs for all input text, the likelihood is maximum but the
model is not able to generate sufficiently diverse signals. The
second, more crucial point, is that such quantification entails
the selection of a metric. However, selecting a proper metric
is challenging, if not impossible, since knowing the metric,
one could train a generator to optimize it. To conclude, the
evaluation of the quality of the generated ECGs is still an
open problem.

IV. CONCLUSIONS

In this study, we implemented a Text-to-ECG pipeline
to generate ECG heartbeats directly from short text reports
describing the cardiac condition. Despite the pipeline still
requires further improvements, the model showed satisfac-
tory results with respect to different metrics. Future studies
will investigate the possibility of augmenting the number
of cardiac conditions as well as the generation of a longer
10 s diagnostic ECG signals. The short text reports on
which the framework was trained can be enriched to include
detailed patient characteristics such as sex, age, electrode
placement and other relevant information, to increase the
personalization and clinical accuracy of generated signals.
Finally, the involvement of cardiologists to validate the
realism and fidelity of generated signals, while complex to
set up could strengthen the reliability of the framework.

APPENDIX

A. GAN-train

The ECG classifier was trained with a batch size of 256
for 10 epochs, with learning rate of 0.001 and using Adam
optimizer with 3 values of 0.9 and 0.999. A set of 10,000
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Fig. 4: 90% confidence band of 12-lead ECG signals of the real dataset (in blue) and the generated dataset (in red) for class

ASMI.

synthetic samples, i.e., 2,000 for each diagnostic class, was
generated using our T2ECG pipeline. Four percent of these
data was used as a validation dataset to determine the optimal
number of epochs to train the classifier. From the 9,600
remaining samples in the training dataset, 1,920 were used
as a test dataset and the remaining for traning. The classifier
weights were initialized using Xavier initialization [19].

B. GAN-test

The ECG classifier was trained on a new random balanced
sampling of the original dataset (see steps described in sec.
II-A) to avoid the possibility of using heartbeats of the
same patient in the construction of the WGAN generator
and GAN-test classifier. Out of the new 29, 515 total signals,
5,903 were set as the test dataset, 4, 723 were placed in the
validation dataset and the remaining 18, 889 signals formed
the training dataset. The classifier was trained with a batch
size of 256 for 40 epochs, with learning rate of 0.001 and
using Adam optimizer with § values of 0.9 and 0.999,
respectively. The classifier weights were initialized using
Xavier initialization.

C. UMAP

Each 12 x 50 heartbeat signal was reshaped to a 1 x
600 vector by concatenating each row. Subsequently, the
UMAP algorithm was trained on all the real ECG dataset’s
signals. UMAP parameters were: neighbors = 15, Euclidean
distance, min_distance= 0.1, n_.components = 1.
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