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Abstract

In The George B. Moody PhysioNet Challenge 2024,
we developed a method for classifying electrocardiograms
(ECGs) captured from images or paper printouts. Our pre-
diction model consists of two neural networks. The first
network predicts the image’s rotation angle for its reverse
rotation. Thus, the second network processes the modified
image and predicts 11 possible labels for the ECG. In both
cases, we applied the modern residual convolutional net-
work ConvNeXt. We compared the performance of the
image-based prediction model with that of a model for dig-
ital signal classification. As a reference model, we used the
1D variant ResNet-50. By evaluating the image processing
model on our training set using 5-fold cross-validation, we
obtained a macro F1 score of 0.8496 for multilabel clas-
sification. In the competition’s official round, our CeZIS
team achieved a Challenge score of 0.645 on the hidden
test set (ranked 4th).

1. Introduction

The George B. Moody PhysioNet Challenge 2024
(Challenge) [1l2] focused on developing algorithms for
digitizing and classifying electrocardiograms (ECGs) cap-
tured from images or paper printouts.

For the participants of the Challenge, a synthetic ECG
image generator [3|] was provided, which, based on the
digital ECG signal, generates ECG images with various
distortions that resemble artifacts on paper ECGs. Due to
the availability of several large digital ECG databases, we
used the generator to create a large training set of synthetic
ECG images. On this set, we trained a classification model
that predicted the presence of 11 labels corresponding to
diagnostic classes. At the same time, we compared the
performance of the created model with a model directly
processing a digital ECG signal on the same set of ECGs
with the same labels.
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2. Methods

This chapter describes the training data, labels, and clas-
sification models used.

2.1. Training Data

As training data, we used several freely available
databases containing short diagnostic 12-lead ECGs. We
consider the use of multiple databases important, as in-
dividual databases differ in the ECG devices used, post-
processing, and digitization methods and may also reflect
geographical differences. We selected four databases from
the training data for the PhysioNet Challenge 2021 [4],
to which we added databases from the Hefei Cup [5] and
Shandong Provincial Hospital (SPH) [6].

Individual ECGs were captured as a digital signal with
a frequency of 500 Hz. Diagnostic codes were assigned to
each ECG as part of the metadata, the scope and seman-
tics of which differed from database to database [[7]. We
selected only those ECGs assigned an original diagnostic
code related to one of the eleven diagnostic classes used in
the multilabel classification in the Challenge. Table [T]lists
the source databases with the number of all and the number
of used ECGs.

Table 1. Source datasets for the training set.

Dataset # used # all
PTB-XL 19039 21799
SPH 21133 25770
Hefei Cup 35254 44142
Ningbo 32300 34905
Chapman/CUSPH 10 063 10 646
CPSC2018 5949 6877
Total 123738 144 139

To obtain images for training, we used the synthetic
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ECG image generator supplied as part of the Challenge.
We generated 20 images for each ECG with random pa-
per rotations and various artifacts in different formats (10,
5, and 5 images in a 4-, 2-, and 1-column design, respec-
tively). Due to the large amount of data (the training set
had more than 2.4 million images), we resized the gener-
ated images so that their width was 600 px (keeping the
aspect ratio).

2.2. Labels

In the Challenge’s classification task, 11 labels corre-
sponding to diagnostic classes were defined. The exact
definition of individual labels was not given; only a pro-
gram was provided that mapped the SCP codes used in the
PTB-XL database to individual labels.

We modified the provided mapping algorithm using
multi-valued logic. In PTB-XL, the probability of occur-
rence of the given diagnosis was given for the diagnostic
SCP codes. If there were SCP codes corresponding to the
label on the ECG, but all of them had a stated probability
of less than or equal to 50%, we set the label value to 0.5.
If any of the corresponding SCP codes had a stated proba-
bility greater than 50% or was without a stated probability,
we kept the value 1. The most cases with a value of 0.5
were for the labels Old MI, HYP, and STTC on the ECG
from the PTB-XL database (in other the databases did not
list probabilities of diagnoses, and values of 0.5 did not
occur).

In addition to the values 1, 0.5, and 0, we also used
a special value NA for the labels in cases where:

« In the source database, the relevant diagnoses were not
evaluated at all (e.g., myocardial infarctions).

o Collision original codes were indicated on the ECG,
e.g., the ECG was labeled as normal and had a serious
diagnosis code.

o The ECG had no code assigned to the diagnostic class,
but there was a possible diagnosis symptom code, e.g.,
the presence of code for “Prolonged PR interval” for CD
class (attempt to reduce underlabeling)

We extended the mapping algorithm to other databases
as well. Table 2] shows the frequencies of label values in
our training set.

During training the models, we did not take the NA val-
ues into account when calculating the loss function (we ap-
plied the value 0.5 similarly to using Mixup). When evalu-
ating the metric on the validation or test set, we used only
label values O and 1.

2.3. Model for ECG images

Our prediction model for ECG images consists of two
neural networks. The first network predicts the image’s

Table 2. Frequencies of label values in the training set.

Label 1 0.5 0 NA
NORM 30 819 209 85036 7674
Acute MI 179 17 85907 37635
Old MI 2892 2101 79 810 38935
STTC 36 859 484 80928 5467
CD 17 370 55 102864 3449
HYP 13214 1084 103388 6 052
PAC 4307 2 119431 0
PVC 5101 0 118637 0
AFIB/AFL 13 663 0 104891 5184
TACHY 15781 2 101932 6 023
BRADY 26 363 0 91357 6018

rotation angle for its reverse rotation. Subsequently, the
second neural network processes the modified image and
predicts the probabilities of individual labels.

In both cases, we used the modern residual convo-
lutional network ConvNeXt [8|], whose architecture was
optimized based on experience from visual transformers.
One of the differences compared to classic convolutional
networks is the use of larger kernels (7 x 7 versus 3 X 3).
Thanks to the greatly expanded receptive field of the neu-
rons, we were able to use the given network without chang-
ing the architecture even for images with a higher resolu-
tion of 600 x 512 compared to the commonly used lower
resolution, e.g., 224 x 224.

We trained the neural network for rotation prediction
separately on the training set with ECG images randomly
rotated between -15 and +15 degrees. After training for
3 epochs, we achieved a mean absolute error of about 0.08
degrees on the test fold. The network accurately identified
the rotation angle, and the error rarely exceeded 1 degree.

The neural network for multilabel classification was also
trained separately. Before entering the network, we rotated
the image based on the rotation angle recorded when the
image was generated. However, we added a random error
in the range of -2 to 2 degrees to the angle to simulate
possible errors of the first network.

Another difference between the ConvNeXt network and
the classic ResNet [9] is the different number of virtual
channels in network layers. In the ConvNeXt Tiny variant
we used, there were only 768 channels in the final layer,
while up to 2 048 channels in the comparable ResNet-
50. On the other hand, the final two-dimensional map
was larger due to the higher resolution of the input image,
namely 18 x 16, instead of the standard 7 x 7. Consid-
ering that some anomalies appear only in some places of
the ECG and that sometimes it is useful to compare a local
value (e.g., the length of the RR interval) with the global
average, we doubled the number of final latent factors by
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applying not only GlobalAveragePooling but also Global-
MaxPooling layer to the final feature map (Figure T).
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Figure 1. Architecture of the image processing network.

We initialized the network with weights pre-trained on
ImageNet (available directly in the PyTorch ConvNeXt
implementation). We trained the first epoch with frozen
weights except for the final classification layer. After that,
the macro F1 reached less than 0.23, which means that the
latent factors pre-trained on ImageNet alone are not suffi-
cient for ECG classification.

Subsequently, we trained four epochs (i.e., 80 images
were processed for each ECG) with a One-Cycle learning
rate schedule (max LR = 10~%). We used Random
Erasing for data augmentation, Weight Decay, Stochastic
Depth, and Label Smoothing for regularization.

We trained with the AdamW optimizer and Weighted
Cross Entropy loss function, setting the weights of the pos-
itive class for individual labels so that Recall was slightly
higher than Precission (due to the assumption of underla-
beling).

2.4.  Model for digital signals

For digital signal processing, we used a 1D variant of the
ResNet-50 network with a width of %4 , i.e., the number of
virtual channels was reduced to % , and there were 512 la-
tent factors in the final layer. The network architecture and
training process were similar to our PhysioNet Challenge
2021 solution [[7].

Signal segments with 4 608 time steps and 12 channels
corresponding to individual leads were the input to the net-
work. The network was initialized with random weights
and trained for 80 epochs with a One-Cycle learning rate
schedule (max LR = 0.01). During training, the same
optimizer and Weighted Cross Entropy loss function with
the same positive class weights as in the image processing
model were used.

As data augmentation, random fixed-length slices, lead
rescaling, lead dropout, and periodic slice cutout were uti-
lized. Weight Decay and Label Smoothing regularization
techniques were also applied.

3. Results

Both models were evaluated via 5-fold CV on the large
training set described in Chapter 2.1} The assignment of
ECGs to folds was stratified by source database and label
values. We used the macro F1 score as a metric to evaluate
the multilabel classification analogously to the Challenge.
As seen from Table[3] the performance of models was sur-
prisingly similar.

Table 3. Performance comparison of the models.

Model Macro F1 mean std

0.8496 0.0020
0.8518 0.0050

Image processing model
Signal processing model

We also analyzed the performance of the models
through F1 scores separately for each label (Figure [2).
While the performance of both models is very similar for
all labels, the given models differ significantly in the na-
ture of the input data, the number of parameters, and the
computational complexity, as shown in Table 4]
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Figure 2. Comparison of the performance of the models
by individual labels using F1 score.

Table 4. Characteristics of the models.

Model input  Input shape Params Training
Image 600 x 512 x 3 27.8 mil 46.3 h
Signal 4608 x 12 1.2 mil 2.7h

During the official round of the Challenge, the image
processing model was evaluated on a hidden test set, with
additional hidden image sets used in the final evaluation.
The results are shown in Table[3l
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Table 5. F-measure of our team’s model on the hidden
data for the classification task.

Task Score Rank

Digitization - -

Classification F-measure: 0.645 4/16
4. Discussion and Conclusions

While the signal processing model receives a fully dig-
ital signal on all leads at a high sampling frequency of
500 Hz, the second model processes an image with a lower
resolution (approx. 5 000 time steps in the signal vs. 600
pixels for the image width). In addition, images contain
various distortions and often provide only a partial view
of some leads. Nevertheless, the image processing model
demonstrated comparable performance, which testifies to
the high tuning of 2D convolutional networks for image
processing. However, these images were synthetic and in
real practice there is greater variability in ECG imaging.

The signal processing model has more details of the
ECG signal available but is also more prone to overfitting.
Our experiment shows possible reserves in data augmen-
tation methods and the architecture and training of neural
networks processing digital physiological signals. On the
other hand, these models have better starting points for fur-
ther improving and surpassing the performance of image
processing models even with fewer parameters and lower
computational complexity.

The created models show large differences in predic-
tion accuracy for individual labels. Rhythm labels such
as AFIB/AFL, BRADY, and TACHY have the best perfor-
mance. The Acute MI label was the worst, probably due to
very few positive examples in the training set. The perfor-
mance of some other labels, especially PAC, was not quite
satisfactory.

The Challenge score achieved on the hidden test set
is significantly lower than the results on the training set.
The reason may be differences in the generation and sub-
sequent processing of images, significantly worse results
were mainly for black-and-white scans. We consider the
main cause to be the different semantics of the diagnostic
classes on our training set and on the test data. Clarifi-
cation of the label semantics would help a more objective
comparison of individual Challenge solutions.
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