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Feasibility study of artificial intelligence algorithm in diagnosis of internal orifice of
anal fistula based on T1 enhanced imaging
YUAN Jun',CHEN Xinyue’,CHANG Shixin',WANG Le’,ZHOU Ziming'
Author Affiliations:'Yueyang Hospital of Integrated Traditional Chinese and Western Medicine, Shanghai University
of Traditional Chinese Medicine, Shanghai 200437, China; *Xuhai College, China University of
Mining and Technology, Xuzhou, Jiangsu 221008, China; *Academy for Engineering
and Technology, Fudan University, Shanghai 200433, China
Abstract: Objective To evaluate the accuracy of different models and different learning methods of artificial intelligence algo-
rithms in the diagnosis of the internal orifice of anal fistula based on magnetic resonance (MR) T1 enhanced imaging. Methods MR
T1 enhanced sequence images of 58 anal fistula patients and 45 normal individuals in Yueyang Hospital of Integrated Traditional Chi-
nese and Western Medicine, Shanghai University of Traditional Chinese Medicine from May 2019 to May 2021 were retrospectively an-
alyzed. The number of images was enlarged to 3 400 by data augmentation method, stratified according to whether the disease was pres-
ent, and the data were assigned into training group (n=2 720) and verification group (n=680) by stratified random sampling method. The
ResNet-18, ResNet-34 and DenseNet-121 network models were both constructed for anal fistula. Transfer learning and end-to-end
learning were utilized to train the above two models on the training set images. Then the testing set images were assigned to validate the
models, comparing the performance of two kinds of models and analyzing the differences between two learning methods.Results  The
sensitivity and specificity of the Resnet-34 model via transfer learning method for the diagnosis of the internal orifice of anal fistula
were 96.97% and 94.94%, respectively, which the evaluation effect was the best.Conclusion The ResNet-34 model transfer learning

algorithm based on the MR T1 enhanced sequence can effectively diagnose the internal orifice of anal fistula and improve the diagnos-

tic efficiency.
Key words:
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