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Abstract
Objective: In this work, we aimed to isolate endocardial
electrograms with highly distinguishable activations in a
small atrial fibrillation (AF) dataset by leveraging
Siamese neural networks.
Methods: Unipolar endocardial electrograms were
captured with a basket catheter from a paced canine model
of persistent AF, and 1,006 unique electrograms were
randomly sampled from the endocardial wall and we
isolated those with highly distinguishable activations. We
trained Siamese neural networks to compare pairs of
samples and then to classify electrograms in the testing
dataset.
Results: Using a reference from the validation dataset.
the Siamese neural networks achieved a weighted
accuracy of 90.3% and an F1 score of 0.94 on the
classification testing dataset.
Conclusion: Even in an electrogram dataset with
significant size constraints, we achieved high accuracy
and improved over a conventional neural network
classifier weighted accuracy of 71.4%.

1.

Introduction

Atrial fibrillation (AF) is an arrhythmia originating from
the upper chambers of the heart and presents as rapid and
uncoordinated contractions of the atria. AF has been linked
to the existence of localized disruptive phenomena
implicated in its maintenance and progression.[1-4] These
electrical phenomena are known as drivers and have been
used as a basis for treatment. Driving mechanisms are
identified and confirmed through activation mapping, but
the results of mapping are highly sensitive to measurement
modality and choice of activation times.[5-7] As such, the
choices of activation timings and subsequent mechanisms
behind AF are often ambiguous. Factors which obscure
definitive mapping analysis include far-field effects,
intricate AF wavefront propagation mechanisms, tissuelevel effects like conduction heterogeneity from fibrosis or
scar, catheter and electrode design decisions, and other
noise generators.[7-9] However, over the course of
endocardial mapping, some signals during AF contain less
ambiguous activation timings relative to other signals.
Examples of electrograms with highly distinguishable and
poorly distinguishable activations are shown in Figure 1.

An algorithm for isolating signals with highly
distinguishable activations would allow creation of
activation maps with less ambiguity in mechanism
determination. In this study we investigated the feasibility
of using a neural network-based method of identifying
endocardial electrograms with highly distinguishable
activations for the purpose of eliminating the ambiguity
associated with activation mapping during AF.

Figure 1. Examples of 2-second unipolar electrograms
with highly distinguishable activations (top) and with
poorly distinguishable activations (bottom).
Conventional algorithms have difficulty classifying
signals based on morphological features, a difficulty which
is amplified by irregular signals such as those during AF.
Deep neural networks have been shown to improve over
conventional algorithms in image-based tasks and as such
are promising for use in classifying electrograms based on
morphology.[10,11] Traditional classifications algorithms
accept an input image and produce a classification vector
However, this typically comes at the expense of requiring
extensive datasets and can be complicated by the use of
datasets that have imbalanced class composition.
Siamese neural networks have been used for one-shot
learning and small dataset classifications.[12] These
networks are trained to accept images from two classes and
then produce a similarity metric assessing whether input
images come from the same or different classes. For
scoring, a score of 0 is dissimilar and a score of 1 is similar.
After training, the Siamese neural networks can be tested
by supplying a reference image for a target class and then
iterating over the testing dataset. We sought to lever the

advantages of a Siamese neural network training schema
to develop a classifier for isolating electrograms with
highly distinguishable electrograms. For comparison, we
also trained a convolutional neural network on a traditional
electrogram-to-class training schema with an equivalent
number of parameters.

2.

Methods

We examined 1,006 non-contact endocardial unipolar
electrograms of 2 seconds from a paced canine model of
AF (n=6, female mongrel, 29±2 kg, 4 to 24 wks. pacing)
during sustained AF with an Orion 64-electrode basket
catheter and the Rhythmia mapping system (Boston
Scientific). Electrograms were randomly sampled from
both the left and right atria. We then manually identified
86 electrograms (8.5% of total) as having highly
distinguishable activations. Classification criteria included
low fractionation, the presence of a dominant singlepotential morphology, and having few or no unclear
activation timings.
For network training, we utilized a 75%/10%/15%
training/validation/testing split. Splits were balanced such
that classes were equally represented in each dataset. For
the architecture of the Siamese networks, we adapted the
Koch 2015 model for 1D inputs. [12] Figure 2 shows the full
model architecture. The network used for comparison was
a single half of the Siamese networks, consisting of the
four convolutional layers fed directly into the final linear
layer. The model used a total of 48,145 parameters with
each half of the twin networks having identical
parameterization to the other.

from the same class. For the direct classification task,
networks are trained to directly determine the sample class.
The Siamese neural networks model was trained on the
comparison task and evaluated on the direct classification
task, whereas the comparison network was trained and
evaluated on the direct classification task only. We used
binary cross entropy loss as an objective function for
training and validation in both tasks. To adapt the Siamese
networks for the direct classification task, we evaluated all
electrograms in the validation dataset on the comparison
task and selected the single sample with the highest
accuracy when compared to other electrograms. That
sample was fed into one of the two Siamese neural
networks during testing, effectively serving as a reference
electrogram. Testing electrograms were input to the other
network for each example in the testing dataset.
The models and training algorithms were implemented
in PyTorch, a Python 3 deep learning library.[13] Training
was performed on a computer with a single GeForce RTX
2060 graphics card. The Adam optimization algorithm was
used with an initial learning rate of 1e-4 and batch size of
200.[14] Loss weighting was used to address class
imbalances. For the comparison task, we weighted the loss
according to the inverse probability of having two
electrograms come from different classes (weight of 6.67).
For the direct classification task, the loss was weighted
according to the inverse frequency of each class in the
dataset (weight of 11.7 for non-highly distinguishable
electrogram class loss).

3.

Results

We randomly sampled pairs of electrograms from the
training dataset, input the electrograms into the networks
to determine similarity and loss, and trained until
validation accuracy plateaued after 3 epochs. For the
training, validation, and testing comparison tasks, we
achieved weighted accuracies of 86.2%, 84.2%, and 85.4%
respectively. Training and validation curves for loss and
accuracy are shown in Figure 3.

Figure 2. The architecture of the Siamese neural network
model adapted for 1D signals from Koch (2015).[12]
A comparison task and a direct classification task were
both used in training. For the comparison task, two
electrogram samples are randomly sampled from a dataset
and networks are trained to determine if they originate

Figure 3. Loss and accuracy for validation and training

during Siamese model training.
For the validation comparison task, the optimal
reference electrogram is shown in Figure 4. This
electrogram achieved a validation accuracy of 92.3% when
evaluated in the comparison task against all validation
electrograms.

method in terms of performance. Other methods of
addressing small datasets in deep learning could be used
on this task. For example, self-supervised learning on a
related task, such as encoding electrograms into a latent
space and decoding them from that space, could allow the
use of a network with a greater number of parameters
which could improve accuracy.[15] Other transfer learning
tasks such as image inpainting for the 1D signals could also
be used to improve performance.[16]
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