http ://aammt. tmmu. edu. cn FiZEZE BE K2 ni 4, 2023 ,45(3) 227

DOI:10. 16016/j. 2097-0927. 202209187

TERNELEETENMNBIRANZHEERRE RS BR

B LRSS R, E RS E A KR 400038 P, B AE K (B S EERY)
PR R A TR AR I R E S 400042 TP, B AR (0 B8 2 D A I RR 5310016 A7 , Wi VT A 2 1 2
B B 8 3% I B T Ak P R

(FE] HBY  FIRRE ARSI N B E IR BHE S % (ulcerative colitis, UC) 5%
R (Crohn’ s disease, CD) . Jjid:  idE 2018 4= 1 H & 2020 4F 11 H 44 @ B A0l RS8P
HREFEIHANFHE 1576 fl3ZiE NG EIE, 4G CD UC 5I1EH =283t 34 300 fiF, IF4% R 9:1
() EL I FEATLR 2 DI 2R 455 A , X 25 R T DI 25050, 7E ResNet50 FEfith b #4) 7 01 114 25 [ AL
TR M 45 (SABA-ResNet ) , 5| A% 8] 7 BHLE], 38 18 2K G FRY RISz B IR R R XUE R, IS
S 5 BRI R AR C A, B N S AR AR X I, 1) R I T 4 v I 2% P R AIE R s RE T, DL —
{5 EUMBCRAAE B 9 3E GE 15 5L, DI 4 My A R (19 40 e PERE . 452k SABA-ResNet 724 X CD,
UC FIE 5B 4 S R M R 92. 67% (95%CI:91.91~93.37) , AUC 43514 0. 978 (95% CI . 0. 972 ~
0.983) .0.977(95% CI: 0. 971 ~ 0. 982) F1 0. 999 (95% CI.0. 998 ~ 1. 000) , 7R 1 i 43 % 4y 88. 40% .
89.07% .98. 89% , S 4>5K 95.49% 94. 88% 98. 93% , F1 L4351 88. 80% .89. 01% 1 98. 60%
TH S 35 5 A WS 1 8 B 28 ) 3 T R P v T AT A BB R AR O 20 A DO RRAE . 8518 BT
A P O 280 2 ) 0 5 R M T AR S L 78 CD UC 518 AR S T R Re, /T LA 3L
BN B ERITXT UC 5 CD #4730

[E$BIR ] RIEMENIN IR 2] s B RS G R 5 e R

[ REESZES ] R319; R447; R574.62 [ XEktRERD] A

Identification of ulcerative colitis and Crohn’ s disease based on spatial and bilinear
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[ Abstract | Objective To identify ulcerative colitis (UC) and Crohn’s disease (CD) with aid of
deep learning technology for endoscopists. Methods From January 2018 to November 2020, the endoscopic
images of 1 576 subjects (including 34 300 CD, UC and normal images) were collected from the Department
of Gastroenterology of Army Medical Center of PLA and Sir Run Run Shaw Hospital. The training set and test
set were randomly divided according to the ratio of 9:1 to train and test the neural network. A novel spatial
and bilinear deep network ( SABA-ResNet) was constructed on the basis of ResNet50. The spatial attention
mechanism was introduced, and the receptive field was expanded by dilated convolution to leverage contextual
information, which was combined with the local induction of standard convolution to adaptively focus the lesion
region. Bilinear attention was applied to improve the feature representation ability of the network, and the

second-order information was used to weight the channel information of the feature map, so as to improve the
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classification performance of the model. Results The overall accuracy of SABA-ResNet for the recognition of
CD, UC and normal tissues on the test set was 92. 67% (95%CI. 91.91 ~ 93.37), the AUC value was
0.978 (95%CI. 0.972~0.983), 0.977 (95%CI . 0.971~0.982) and 0.999 (95%CI. 0.998~1.000) ,
the sensitivity was 88.40% , 89.07% and 98. 89% , the specificity was 95.49% , 94. 88% and 98.93%, and
the F1 value was 88. 80%, 89. 01% and 98. 60%, respectively. The ablation experiment and the class

activation map suggested that spatial attention and bilinear attention could help the model capture more features

of the lesion region. Conclusion Our constructed network combines spatial attention and bilinear attention,

achieves excellent performance in the recognition of CD, UC and normal tissue, and effectively assist

endoscopists in the diagnosis of UC and CD.
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