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Introduction Methods cont. Discussion

» The electrocardiogram (ECGQG) is a recording of the electrical activity of the heart » Use the features from the VAE to construct a point cloud of ECGs and use a » This algorithm has the advantage
which can be used to diagnose a patient. nearest neighbour based algorithm to find the diagnosis of a new ECG. that
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Fig. 3: lllustration of the algorithm used to make the diagnoses based on the features from
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diagnoses, can seamlessly use new ECGs as they become available and better [ | » Thjs algorithm requires that the number of features are few and that they are linear
be used in other populations than what is trained on in their impact on the reconstruction

» Make a classification algorithm based on NN that are more flexible to change in

» Analyzing the feature space of the
VAE to make sure that it is sufficiently
linear in nature so the algorithm is
feasible

» Analyze the features to find out which
morphologies or diseases they en-

Methods

Preliminary results

» Train a Variational Autoencoder (VAE)[2] to compress the median heart beat into » Reconstruction of the medians is going very well, but the linearity of the latent

few but informative features and afterwards reconstructing it features has not yet been analyzed . . .
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