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Application of deep learning convolutional neural networks to identify gastric
squamous cell carcinoma in mice
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Abstract: Objective To establish a assisted diagnosis model for mouse gastric squamous cell carcinoma, by implementing deep
learning technology to improve the accuracy and consistency of pathological diagnosis. Methods A total of 93 cases of gastric
squamous cell carcinoma tissue and 56 cases of normal mouse gastric tissue were collected form a carcinogenicity study. After
scanning into digital slide images, semi-automated data annotation was performed. After preprocessing all data with tissues
detection, artifact removal, and benign epithelial region removal, they were randomly divided into training set, validation set, and
test set at a ratio of 8 ¢ 1 1. Construct a DenseNet algorithm model based on the HALO Al platform to identify areas of gastric
squamous cell carcinoma and non-squamous cell carcinoma. Evaluate the performance of the constructed algorithm model using
precision, recall, and F1-score. Results The overall accuracy, recall and F1 score of the DenseNet algorithm model in the test set
were 0.904, 0.929 and 0.916, respectively. Conclusion The DenseNet algorithm model established in this study has good application
prospects for assisting diagnosis of gastric squamous cell carcinoma in mouse.
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A-normal gastric tissue of mice, including anterior stomach and glandular stomach; B-mouse gastric squamous cell carcinoma.
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Fig.1 Gastric tissue of C3H mice
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A-original pathological data image; B-tumor area automatically annotated by HALO image analysis software; C-tumor area manually revised and

annotated by pathologist.
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Fig.2 Tumor area was manually annotated by pathologist
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A-original pathological data image; B-result of recognition based on Tissue Detection BF algorithm model, with the tissue area being green and the

slide background being gray.
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Fig.3 Background and tissue regions of glass slides were identified based on HALO AI Tissue Detection-BF algorithm model
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A and B-original pathological data images; C and D-the artifacts iden-

tified by HALO AI, where the red area represents dust artifacts.
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A, B and C were the original pathological images of three normal mouse stomach tissues; D, E and F correspond to HALO image analysis software

automatically annotating images of three normal gastric tissues, A, B, and C, respectively. Red represents the benign epithelial tissue automatically

recognized by HALO, while green represents normal other tissues.
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Fig.5 Automatic recognition of benign epithelial tissue and normal tissue based on HALO

I T B N 136 273 649.37 um? . e &7 BT (1
WA S B VP A R R Re . MK AR LA 519
AN i e B ARORT 18 AN AE i AR, G b i X3
[ AR N 23 668 576.25 um?, dF it R X 45 1 AR A
121 293 506.69 pm>( % 1),

H4 K 2 i1 HALO AI DenseNet 5723 45 78 75 3%
8 E AT PEREVEAN , 45 S WOR B TN Y B 4 Pr oy
0.904,Re 5 0.929,F1-Score ¥ 0.916. -, dF s
5 ) Pr. Re Al F1-Score 43 % ¥ 0.972. 0.943.
0.957, I8 T3 I 1) Pr.Re Fl F1-Score 43 % 4 0.836

F1 NRESRAMEIEEINSGE RIEEFMNKERNS %

Table 1 Distribution of mouse gastric squamous cell carcinoma data in training, validation, and test sets

i iy P A5 A e iee A5 H A Jiev R X33 AR/ pm? e e yee X 2k 1 AR /pm?
IR LE 4825 119 2228 666 624.66 958 664 239.31
Lioan S 817 10 38 533 264.66 136 273 649.37
HRENS 519 18 23 668 576.25 121 293 506.69

0.915.0.874(FK 2) . FEMIALE b, W8 1) H LAY
B AAR A BE VA% F1-Score 5 5 (F1-Score=—=90%) , il
SIS AR 6 1 T bR A AR R B R iz A e
JIFARE SR o AH A, B X6F S Ji 8 (10 Tou il i o 22
B A 0T P98 B TR L 4T3 SR A7 A5 B 4 B8 X ek
340 5 R g DX 3 P 6-C) LA R Jirb g DX 3 gl ) 5
A X I B 6-D) [ 15450
3 it

RSN SR e i LT I RN - S ]
M ARSI R Y SRR E T M TS S B S
AR BRI LR AR I PR 259 22 4 M VAN v 7 N
R SR ) 25V AT BUE MEE T . 8 B0 It
FLR B WG VT 2R3 /N BR . /N BB IR 41 P s

%2 HALO Al DenseNet E AR i gE Tl 5 R
Table 2 Performance results of HALO AI DenseNet
Algorithm model

AL HE AR PEAL

A g Fi0 4 Pr 0.972

e Jie g T 11 Re 0.943
{8 T ¥ F1-Score 0.957
Jie g8 L ) Pr 0.836
i3 Tl Y Re 0.915

Jih 8 T F) F1-Score 0.874
Pr(f &) 0.904

Re (R £ A5 7) 0.929
F1-Score(fix & A5 1) 0.916




+ 1692 -

$F47% FE8H 2024FE8 8 ﬁ*'#‘[ﬁ % Drug Evaluation Research

Vol. 47 No. 8 August 2024

L
A DI SR T AR IR DX I8R5 B Oy i A TR S0 A b7 5 - e 88 S0 B 12 5 C oAy SREaa R TR o ) b 7 X - e R BB 12 5 D Dy SEVE R 5t
P14 A e X J- A AR A

A is the tumor area manually annotated by pathologists; B is the tumor region predicted by the algorithm model - tumor true positive; C is the tumor

region predicted by the algorithm model - tumor false positive; D is the non-tumor region predicted by the algorithm model-tumor false negative.
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Fig. 6 Example of test results for DenseNet artificial intelligence algorithm model
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