5 52 %2 ZMRFFHR(E F MR) Vol.52 No.2
20262 A Journal of Lanzhou University(Medical Sciences) Feb. 2026

ETALERPEERESTHRER:

M\ B2 I B B30 T

Ak, ;AT TR, B, £ F°

1 22JHRSF B IRREE#Be, HN 220 7300305 2 MRS BB ¥AMEF, HIlE 2291 730030

P AR R B W R, B R RIS W S REEVR ST IR 2R IR R i . SR T HLE 2 o SR T N T
BE, IEEEMBE “2-in-E" 2R 2R, A TR BRITNEL . RE RGO, B R EEER
Al AR, T BRSO AR DR 25 K s AR USSR L, R R v A A U N A2 R XU TR . A SR £
N TR REAE BESr S QU N AT, BES N TR BEAE Bm U P AOVE T, st A T B -5 e i PR 92 B A TR 2

Bt TR B .
KA B2l BENAYT; ANTERE; BUSEIN; KEERST
mESES: R735.2 XERARIAED: A DOI: 10.13885/j.issn.2097-681X.M20250928

Advances in artificial intelligence-based precision
diagnosis and treatment of gastric cancer:
from auxiliary diagnosis to prognosis

HOU Linlin', GAO Tianyu', WANG Xingang®, LIAN Shibo', FAN Yong’
1 The Second Clinical Medical School, Lanzhou University, Lanzhou 730030, China; 2 Department of
General Surgery, The Second Hospital of Lanzhou University, Lanzhou 730030, China

Abstract: Gastric cancer is a malignant tumor with a high incidence rate, and its early diagnosis and precision
therapy remain significant clinical challenges. Artificial intelligence based on machine learning and deep learn-
ing is reshaping the full-cycle model of "diagnosis-treatment-management" in gastric cancer. In diagnostics,
artificial intelligence enhances the efficiency of endoscopy and pathological image analysis, facilitating early
detection. In treatment, it predicts therapeutic responses and aids in new drug development. For prognosis, arti-
ficial intelligence constructs precise models for survival prediction and recurrence risk assessment. This article
focused on the innovative applications of artificial intelligence in gastric cancer diagnosis and treatment, sum-
marized the role of artificial intelligence in the field of gastric cancer, and provided novel insights for promot-
ing the deep integration of artificial intelligence into clinical practice.
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