Journal of Clinical Personalized Medicine Ifi/R/M%{LEE2E, 2026, 5(4), 223-229 Hans XM
Published Online August 2026 in Hans. https://www.hanspub.org/journal/jcom
https://doi.org/10.12677/icpm.2026.54243

BAERBRAFERRREGT RE%ELER28H
HIBF ST R

IR, BEX”

KB R BE IS SN R B A AL, BRI MR
2RI BR 2GR MY IR B BR R R — R, BRI MR R

Weks H . 202647 H8H: FHEM: 20264F8H2H; KA HM: 202648 H12H

HE

FRBRETR M RZE LT, WATEA]. RHE SR 45T R BRI R A R 1% G0 P OB B i 3=
MK, SWH—BMERE. BEREGAZEE FEERNEZE G ARMERBIK BRI, el
MEITEHRETUBRE, AFRIRET RBEERRME THHERR R AXRGZREFHRAF
KITAERAR . AFRBEEES(B-mode. HIEMRA. BEEHF)NM AR, SESHERERIBULS
BREFIAGENRIER, HEILSWIGRE SRR, 20 HaTm s B, TERME. KK
BACEDR, FEXE LRl Rt . WTRRRAIR RN A TR AT RE. SRS, BERRAY
FEFRIRET REBMER HRILH RIFH2HE 71, FERARHBIRRISEHAR TR,

K
ARG, FREET, RBHELR

Research Progress of Ultrasound Radiomics
in the Differential Diagnosis of Benign and
Malignant Thyroid Nodules

Huimin Wang?, Bowen Sui?*

!Department of Ultrasound, No. 962 Hospital of the PLA Joint Logistics Support Force, Harbin Heilongjiang
ZDepartment One of Oncology, The First Affiliated Hospital of Heilongjiang University of Chinese Medicine,
Harbin Heilongjiang

Received: July 8, 2026; accepted: August 2, 2026; published: August 12, 2026

EIREE

MEGIH: EEE, FERSC AR A ORI A RGBS Wb iR STk R )], IR IR AMELER 2, 2026,
5(4): 223-229. DOI: 10.12677/jcpm.2026.54243


https://www.hanspub.org/journal/jcpm
https://doi.org/10.12677/jcpm.2026.54243
https://doi.org/10.12677/jcpm.2026.54243
https://www.hanspub.org/

EREEL B

Abstract

The detection rate of thyroid nodules has been increasing annually, and non-invasive, accurate dif-
ferentiation between benign and malignant nodules remains a clinical hotspot. Conventional ultra-
sound relies on subjective physician experience, leading to unsatisfactory diagnostic consistency.
Ultrasound radiomics, by extracting high-throughput quantitative features imperceptible to the na-
ked eye from medical images and combining them with machine learning models, offers a novel
solution for distinguishing benign from malignant thyroid nodules. This review systematically sum-
marizes the workflow of ultrasound radiomics, current research progress across different ultra-
sound modalities (B-mode, elastography, contrast-enhanced ultrasound, etc.), multimodal data fu-
sion strategies, and recent advances combined with deep learning. We evaluate its diagnostic per-
formance and evidence-based support, analyze challenges including data standardization, repro-
ducibility, and clinical translation, and discuss prospects for multicenter prospective studies, ex-
plainable Al, and clinical application. Overall, ultrasound radiomics demonstrates promising diag-
nostic potential and may become an effective tool to aid clinical decision-making.
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