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Accurate estimation of the Oxygen Extraction Fraction (OEF) in the brain is essential for the early diagnosis and
prognosis of brain disorders. Conventional QQ model-based OEF estimation is highly sensitive to Magnetic Resonance
Imaging (MRI) acquisition parameters, particularly Echo Time (TE). In this study, mGRE signal decay was modeled
using an exponential function to estimate generalized parameters independent of acquisition conditions, and a sequence
was constructed incorporating susceptibility. By inputting this sequence into an LSTM-based deep learning model, we
proposed a method to predict the five input parameters of the QQ model and subsequently estimate OFEF.
Experiments on MRI data from 18 patients demonstrated reduced prediction errors for several parameters, including
venous oxygenation, compared with a conventional clustering-based CCM approach. The OEF RMSE decreased by
approximately 0.12, reaching 5.23 + 0.035, indicating robustness to variations in MRI acquisition conditions.
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