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ABSTRACT

Objective To assess the value of magnetic resonance imaging (MRI)-based deep learning in classifying
glioma subtypes. Methods 747 adult glioma patients from public databases were retrospectively
included in the study, and patients were classified into three categories based on pathological findings:
IDH wild type (IDHwt), IDH mutant with 1p/19q co-deletion (IDHmut-intact) and IDH mutant with
1p/19q non-co-deletion (IDHmut-codel). The MRI of the target patients were randomly divided into a
training set, a validation set and a test set according to 8:1:1 for training and testing of the convolutional
neural network. The receiver operating characteristic curve (ROC) and area under the curve (AUC)
were calculated and generated in the jupyter notebook tool using python language to evaluate the
classification effect. Resufts The AUCs for IDHwt, IDHmut-intact and IDHmut-codel in the test set were
0.994, 0.993 and 0.994, respectively. Conclusion The model has utility in classifying subtypes of gliomas.
Keywords: Glioma,; IDH; 1p/19q; Magnetic Resonance Imaging; Deep Learning
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