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Abstract

Objective: To study the value of artificial intelligence-assisted diagnosis platform for gastric can-
cer T staging based on pathological large sections. At present, the overall incidence of gastric can-
cer worldwide is increasing, and the requirements for the efficiency of pathological diagnosis and
treatment of gastric cancer are increasing. Artificial intelligence can assist clinicians in diagnosis
and treatment, and the use of pathological large sections is more accurate than the use of conven-
tional pathological small sections to splicing observation. In this study, we established a deep
learning model of large digital images of gastric cancer pathology to assist pathologists in deter-
mining the T stage of gastric cancer. Methods: A total of 106 pathological specimens of gastric
cancer patients who underwent gastric cancer resection in the Affiliated Hospital of Qingdao Uni-
versity from January to December 2019 and met the inclusion criteria were collected to make pa-
thological wax blocks, and a total of 1000 HE stained whole slides were obtained after sectioning,
staining and scanning, which were grouped according to the random list method, including 700
sheets in the learning group and 300 sheets in the verification group, and the data of the learning
group were used to establish artificial intelligence models, obtain model data, and test the per-
formance of the model against the data of the verification group. The accuracy, sensitivity and
precision of each group were compared, the average diagnosis time and AUC (area under the
curve) and ACC (accuracy) of different stages were counted, and AUC and ACC were used to com-
pare the diagnostic results of artificial intelligence and senior doctors in the Department of Pa-
thology, and their learning level was analyzed. Results: There was no statistical difference be-
tween the accuracy, sensitivity and precision of the learning group and the validation group (P >
0.05). The average time to diagnosis was shorter in the learning group than in the validation group
(P < 0.05). The AUC and ACC of T1 and T4 are lower than those of T2 and T3 (P < 0.05). Conclusion:
The artificial intelligence-assisted diagnosis platform for gastric cancer T staging based on patho-
logical large sections established in this study has high accuracy of automatic T stage recognition,
short recognition time, and high performance, which can assist clinicians in more efficient diagno-
sis and treatment, and is worthy of popularization.
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Figure 1. Analysis process of deep convolutional neural network model
E 1. REESRHEMERILH T IE

3. &R
3.1 HEEHE. BRERBERENLS
S STOR ANERRE . URRE RO T RE 500 IF B4 £ 5 (P > 0.05). L3 1.

Table 1. Comparison of accuracy, sensitivity and precision of each group (%)

1 SEERE. SURERBTHEREER (%)

A5 TKE AL R R K
) 700 92.44 85.04 68.23
Ul 300 96.35 91.67 73.51

Pa 1.445 2.136 0.675
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Table 2. Average diagnosis time of each group (s/sheet)
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Table 3. Comparison of AUC and ACC in different stages
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Figure 2. ROC curve of T1 staging
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Figure 3. ROC curve of T2 staging
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Figure 4. ROC curve of T3 staging
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Figure 5. ROC curve of T4 staging
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