(R BB 8% ) 2023455325561
Oncoradiology 2023 Vo0l.32 No.6

xE 567

B THEFREZNZEREFETHREIZ B HRY

kil

T, K@, ® B

L 22 PNRAE SR TR Bel A B oLy, HOR A B AR A Do TRRPTE P, HOR R RS IR RBTTE o,

Hilr 2240 730030 ;

2. MK AF BRE S TR =B, HlF 22 730000

[ HHE ]

4N ( hepatocellular carcinoma, HCC ) Al RFEIEA B g A HLAIYE | WA 42 HCC &0 - 01 T4

HEIZWAS 2 H AT EIE A0 B APk . #7152 ( contrast-enhanced ultrasound, CEUS ) fEHCCHIZW AT REAL v )72,
G AW B e S TRSHEY YRR R, PSS A4 BAEHCCHIS W Bk A /S A W T ARG ik 17 3
T CEUSIKSAAR S AEHCCIZ W R A BB, IR T SRS (475 16) Ak

[ R8I | e, Briksy; wgdlsr
HE 4SS R735.7; R445.1 XEARERD: A

DOI: 10.19732/j.cnki.2096-6210.2023.06.014

Progress in contrast-enhanced ultrasound-based radiomics in the diagnosis of hepatocellular carcinoma
LI Nana', WU Ruichao’, NIE Fang' (1. Department of Ultrasound Medical Center, The Second Hospital of Lanzhou
University, Gansu Province Medical Engineering Research Center for Intelligence Ultrasound, Gansu Province Clinical
Research Center for Ultrasonography, Lanzhou 730030, Gansu Province, China; 2. School of Information Science and
Engineering, Lanzhou University, Lanzhou 730000, Gansu Province, China)
Correspondence to: NIE Fang E-mail: ery nief@lzu.edu.cn

[ Abstract | The early clinical manifestations of hepatocellular carcinoma (HCC) are insidious and atypical, and how to perform
precise diagnosis in the early stage of HCC is still a great challenge. Contrast-enhanced ultrasound (CEUS) is widely used in the
diagnosis and efficacy evaluation of HCC. The advent of radiomics has greatly promoted the development of precision medicine, and
the combination of the two is expected to become a more promising monitoring tool in HCC diagnosis. This review described the
current status of CEUS-based radiomics in the diagnosis of HCC, as well as the directions and challenges of future research.
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