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Abstract This paper aims to look at the perspective that the latest cutting-edge technologies are
predicting individual diseases in the actual medical environment in a situation where various types of
wearable devices are rapidly increasing and used in the healthcare domain. Through the process of
collecting, processing, and transmitting data by merging clinical data, genetic data, and life log data
through a user—participating wearable device, it presents the process of connecting the learning model
and the feedback model in the environment of the Deep Neural Network. In the case of the actual field
that has undergone clinical trial procedures of medical IT occurring in such a high-tech medical field,
the effect of a specific gene caused by metabolic syndrome on the disease is measured, and clinical
information and life log data are merged to process different heterogeneous data. That is, it proves the
objective suitability and certainty of the deep neural network of heterogeneous data, and through this,
the performance evaluation according to the noise in the actual deep learning environment is performed.
In the case of the automatic encoder, we proved that the accuracy and predicted value varying per
1,000 EPOCH are linearly changed several times with the increasing value of the variable.
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