[ BE2A AR AR 2022 AR5 38 %5 11 8] Chin J Med Imaging Technol,2022, Vol 38,No 11 e 1715 -

CEZMBE TR

Combining multiple MR sequences transfer learning networks for
automatic grading of glioma
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[Abstract] Objective To propose an automatic grading algorithm with combining multiple MR sequences transfer
learning networks for low grade glioma (LLGG) and high grade glioma (HGG) , and to evaluate its efficacy. Methods Axial
MR T1WI. T2WI and fluid attenuated inversion recovery (FLAIR) images of 76 LGG and 259 HGG patients were
extracted from public database, each consisted 20 adjacent images of the largest tumor layer on the axial image, including
6 700 images which were divided into training set (n=4 690), validation set (n=1 005) or test set (n=1 005) at the ratio
of 7:1.5: 1.5 with the same random sequence. Googl.eNet pretrained network was used as transferred source of the
parameters of glioma grading model, and the output module was redesigned. The single sequence models, i. e. TIWI,
T2WI and FLAIR model, were trained respectively, and the convergence of the models were judged according to the
accuracy curve and loss value curve during training process. The combined multi-sequence model voting mechanism was
introduced to reduce the impact of single sequence model on misclassification, then the performances of single sequence
model and combined multi-sequence model were evaluated based on the test set. Results The accuracy curves of glioma
grading of each single sequence model in both training set and validation set showed steady upward trend, and the loss value
curves showed steady downward trend. and then gradually converged. The area under the curve (AUC) of TIWI, T2WI,
FLAIR model and combined multi-sequence model for grading of glioma in test set was 0.951 3, 0.934 2, 0.961 4 and
0.995 0, and the accuracy was 97.01%, 97.01%, 98.11% and 99. 00% , respectively. Conclusion Combining multiple
MR sequences transfer learning networks for automatic grading of glioma was concise and highly efficient.
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