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Abstract: Aiming atNhe problem that acoustic neuroma and meningioma in cerebellopontine angle are not easy to
distinguish in clinical diagnosis, this paper proposes an aided diagnosis model based on deep learning. Firstly, TIWI
(T1 Weighted Imaging) enhancement images and T2WI (T2 Weighted Imaging) images of tumors are collected, and the
improved s-VGG network based on VGG-net is constructed to train the two groups of images respectively. Thus, the s-
VGG-T1 and s-VGG-T2 classification models are obtained. Then a deep learning aided diagnosis model is established
based on the clinical diagnosis results of the radiology and the radiotherapy department. And the diagnosis model
results are calculated by weighted average of the classification model results and the clinical diagnosis results.
Compared to the individual diagnostic results, the diagnostic accuracy of diagnosis model for 10 tumors is improved,
which shows that the aided diagnosis model based on deep learning has good performance, and it can reduce the
misdiagnosis rate and improve the diagnostic accuracy and the efficiency of clinical work.

Key words: deep learning; aided diagnosis; acoustic neuroma; meningioma
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Fig. 1 Sketch map of image processing
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Fig. 2 Sketch map of VGG-net network
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Fig. 4 Loss curve
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Fig. 6 Flow chart of DL-MDT model
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