T AR IR 2 AR (BB ) 2025 4F 6 A% 17 % %5 2 W] ] Dig Oncol (Electronic Version), June 2025, Vol 17, No.2 237

ETEFZZGIITHENENISHES BB
e EREIZ T R R PR SRR

wk B AR
MTERREWMET R ANRER (JAREESRAB) R, TR M 510000

[(FE) FHETENEEARALTANEER G HAEFH G AAEEEHNEAEREMK
T MEFRERNAERIAEFENZRE#ESZRHRME, ﬁﬁﬂ‘{,ﬁ%ﬁﬂﬁﬂ}]y’)Hf}f((:omputer—aided
diagnosis, CAD)BZ R ERHE FENE, CAD WK BB AL B AN NEFIMREFEI ERY
GAFERMTFIRMERRENEF IR FEFEEY HAWNSE ZhBITRERA, BE
FINAHBANWEG O 2 E T G S RAERBGE S RFOERTRARZ/RED, B%HEHALHE
AMBERGHEERE AXEAGRTETEZR RN REFIBRAET W TR EFE D,
BIWRB ST HNRFFARER,

(k@A) BEmuShmy, EFERER, HEVNEDE, RE¥Y

Advances in medical imaging —based computer —aided diagnosis

for clinical decision—making in gastrointestinal malignancies
Qiu Qing, Hu Lei, Liu Zaiyi
Department of Radiology, Guangdong Provincial People’s Hospital (Guangdong Academy of Medical
Sciences ), Southern Medical University, Guangzhou 510000, Guangdong, China
“Corresponding author: Liu Zaiyi, E-mail: liuzaiyi@gdph.org.cn

[Abstract]  Gastrointestinal malignancies represent a critical global public health challenge.
Conventional medical imaging techniques face multiple limitations, including inefficient processing of massive
data volumes, inadequate identification of tumor heterogeneity, and inter —observer variability among
clinicians. In recent years, computer—aided diagnosis (CAD) technology has emerged as a pivotal solution,
with its core methodologies encompassing radiomics, machine learning, and deep learning. Traditional
radiomics approaches, reliant on manual feature extraction and conventional machine learning models, are
constrained by labor —intensive workflows, oversimplified models, and limited generalization capabilities. In
contrast, deep learning demonstrates superior performance through automated image segmentation, self —
optimized feature extraction, enhanced representational capacity, and exceptional generalization ability,
particularly in handling large—scale, high—dimensional datasets. This review focuses on recent advancements
in deep learning —based medical imaging technologies for gastrointestinal malignancies, systematically
analyzing their transformative potential in clinical decision-making and precision oncology.
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