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Abstract

Among brain disease diagnostic techniques, there is a method of calculating oxygen extraction fraction(OEF) in the
blood of a tissue using a magnetic resonance imaging(MRI) in order to determine the degree of activation of brain
tissue. Various algorithms such as cluster analysis for calculating OEF have been proposed in the past, but research
using deep learning models has not yet been actively conducted. In this paper, we propose a method for calculating
OEF using signal data collected through brain MRI after constructing a DNN model for QQ model. The DNN model
consisted of 1 input layer, 4 hidden layers, and 1 output layer, and optimization was performed to improve
performance. The DNN model was trained and verified using the MRI signal attenuation and susceptibility of a total
of 17 patients, and it was confirmed that OEF was stably predicted with average RMSE 6.0 accuracy.
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