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Abstract

Using Magnetic Resonance Imaging(MRI), brain diseases can be analyzed by calculating the Oxygen Extraction
Fraction(OEF) in the blood of the brain tissue. In existing research, the oxygen extraction rate was calculated using
cluster techniques such as CCM and CAT through the QQ model, and research using deep learning models such as
DNN is also in its early stages. Because brain MRI data has time-series characteristics, the GRU model with a
circular structure can process time-series data more effectively than the DNN model. Therefore, this paper propose a
method to improve the accuracy of OEF prediction by constructing a GRU model based on the QQ model. The
proposed GRU model was trained and tested using MRI signal attenuation and susceptibility of 17 patients. A OEF
prediction accuracy of 5.39 was achieved.
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