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Abstract

For the diagnosis of brain disease, magnetic resonance imaging(MRI) can be used to determine the degree of
activation of brain tissue by calculating the oxygen extraction fraction(OEF) of blood within brain tissue. Although
previous studies mainly applied methods such as cluster analysis, this paper proposes a method to predict OEF using
a Long Short-Term Memory(LSTM) deep learning model based on the QQ model. This LSTM deep learning model
consists of one input layer, four LSTM layers, three Dense layers, and one output layer, and additional optimization
was performed to improve the performance. In the experiment, we trained and validated the proposed model using
MRI signal attenuation and susceptibility data from a total of 17 patients, and showed that this model could reliably
predict OEF with an average RMSE value of 5.33.
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Epoch| Loss RMSE | Epoch | Loss RMSE

1 0.0357 | 02993 8 00329 | 02699

00333 | 02793 9 00327 | 02694

00332 | 02792 10 0.0321 | 02655

00332 | 02709 12 00321 | 02655

00327 | 02688 13 00324 | 02674

2
3
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5
6
7

00327 | 02687
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