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Construction of a Latent Space Model of Chest
X-ray Images by Unsupervised Learning Using

Variational AutoEncoder”

Toshiki Agata

Abstract

In recent years, there has been a lot of research on computer aided diagnosis
by deep learning using medical images, such as CT and MRI images in the due
to the shortage of doctors. A Advantage of the deep learning model is that it can
learn features that are optimized to represent input data. This implies that the
representation in the hidden layer in deep learning can represent the input data as
appropriate low-dimensional variables. However, in previous researches, discrim-
ination by supervised learning for a data set in which label data was prepared in
advance was indispenasable, and a large cost for diagnosis was required to eval-
uate image details. In this study, we constructed a model to extract features by
unsupervised learning using Variational AutoEncoder (VAE). The features were
analyzed by PCA, an index indicating the difference was calculated from the mean
of the distribution, and the correspondence with medical findings was confirmed
by Fisher’s exact test. As a result, a statistically significant correspondence was

confirmed in three of the seven indices.

Keywords:

deep leaning, Variational AutoEncoder (VAE), X-ray image, latent space, anal-

ysis of distribution
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