ke

(M B85 6% ) 20254F 55345553 00) :
ﬂ?&&ﬂs:ﬂ]’\ﬁ 201

Oncoradiology 2025 Vol.34 No.3
L] i@ % L]

ET4H#EFEGRNEEFEIEE ARG
ZURRERE IR — I AMLITEL A 3R

REE, K, T W, D 5, THIE, ST
OB A P B R RIS B A BESER, 1387 200233

ELWH: AKX ERILES S
b B A B AR BB 3 9T T AR 5
(PKJ2023-Y52) .

FEEMIR: R I ICR 5 o
SIBHE M 2024-KY-117K.,

MmERE: W,

SRR : K&E, Mk, I B, 45
FETF YR A R TR B 2 2] A AR
TN FLAR R KA IR . — T A ML H A
g8 [T . RSS2, 2025, 34(3): 201-
207.

(FE ] B WG T 875 BUR R B 2 SASE IR A i 190 0 2L i ik e
121 (lymphovascular invasion, LVI) BRI, I b S5 RHEITE S
FITREE R, DA AE AR TR YT R S0 RN S A Vi <7 S0 A 52 AR 2 A 3

Fik: W95 A20204E1 H—20234E 12 7 76 1 13200 K7 B 2 B M@ 45 7S
R R B 32 FUBR AL F R LR P A AR A0 12 M FLIRE A0 R o SR kL K B 1
(G FRAEAAL B , ST B2 M 4% (convolutional neural network,

CNN ) (VR B 24 ) MR AR IOH 75 MR AR, DALV, THRMEeh . R
BE L R EERIMZE R B (area under curve, AUC) DIPEAGEIEIPERE, If 54K
[FIAFE 0% R P R B I Y 352 e & SR E A T E A, TRIESH A AT TR 2 ) B A ) 7 B s
I B2 W skaE. SR A0, 2320k K EdRTLs « 2
L BIRARL S 2R (18561 ) MEAESE (4761) o 2326FL R BHE T, 102
B (43.97% ) ZARJGIRILAG A UETAFAELVL, REE2E IR (S Rpin )
TEI R B IE A A AUC 9 50.917 (95% CI 0.877~0.956 ) #10.863 (95%
CI 0.750~0.975) , RSP ACAYAYHERG B . S BB VR = B2 23 301 24183.0%

85.7%M180.8%. MILLZ T, HATS~104EFN10~1S4FL 56 18 A R} s i 7r 0 TF 42 11
AUCHH250.623F10.709, (L TR B (P<0.05) o fEVREEFE IR

Funding: Pudong New Area Science
and Technology Development Fund —
Public Institution Livelihood Research
Special Project Medical and Health Project
(PKJ2023-Y52).

Conflicts of interest: authors declare no

conflicts of interest.

RIREIEN T, BAT10~15F S5 0 RHE T A IAUCHE = 220.914, IR
TAHE RSB IR T E91.5% . 90.5%192.3%, 518 LT Z4E A BUER
TR 2 ) RSB TE ZLRIRA LV L A i 3000 v e300 1 B s v v 5 T e o 2y
B ERTRARIEIMAEGeW Ik, EREew RN T, A
B THRAARFPEARLVIFASIEEE , SO E AR I R HIT .

Ethical approval: 2024-KY-117K.
Informed consent: exemption.

Cite this article: LAI J, ZHONG L, SHI
L, et al. Deep learning model based on

two-dimensional ultrasound images for

preoperative prediction of breast cancer

[RgEiR | LMo i, AR, REs)
hESES: R737.9; R445.1 SCHEIERERRL: A
DOI: 10.19732/j.¢nki.2096-6210.2025.03.001

lymphovascular invasion: a human-machine
comparison study [ J | . Oncoradiology,
2025, 34(3): 201-207.

Deep learning model based on two-dimensional ultrasound images for preoperative prediction of breast cancer
lymphovascular invasion: a human-machine comparison study LAI Jinyu, ZHONG Lichang, SHI Lin, MA Fang,
LI Weimei, GU Liping (Department of Ultrasound in Medicine, Sixth People’s Hospital Affiliated to Medical College
of Shanghai Jiao Tong University, Shanghai 200233, China)
Correspondence to: ZHONG Lichang E-mail: tjuzhonglichang@163.com

[ Abstract | Objective: To assess the feasibility and accuracy of a deep learning model based on two-dimensional ultrasound
images for preoperative prediction of lymphovascular invasion (LVI) in breast cancer, and compare its results with traditional
interpretations by ultrasound physicians, providing novel imaging insights to support personalized treatment decisions and precision
medicine. Methods: A retrospective analysis was conducted on patients diagnosed with breast cancer through postoperative
pathology, who underwent breast surgery in Sixth People’s Hospital Affiliated to Medical College of Shanghai Jiao Tong University
between January 2020 and December 2023. Standardized grayscale ultrasound images of lesions were processed, and features were

extracted using a convolutional neural network (CNN)-based deep learning model to predict LVI. The model’s performance was
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evaluated using accuracy, sensitivity, specificity, and the area under the receiver operating characteristic curve (AUC). Comparisons
were made with the diagnostic performance of ultrasound physicians with varying levels of experience, and the impact of the
deep learning model on improving physician diagnostics was analyzed. Results: A total of 232 patients were included, with a
total of 232 lesions. The dataset was divided into a training set (185 cases) and a validation set (47 cases) in an 8 : 2 ratio. Among
the 232 patients, 102 cases (43.97%) were confirmed to have LVI by postoperative pathology. The deep learning model (support
vector machine) achieved AUCs of 0.917 (95% CI 0.877-0.956) and 0.863 (95% CI 0.750-0.975) in the training and validation
sets, respectively. For the validation set, the accuracy, sensitivity, and specificity were 83.0%, 85.7%, and 80.8%, respectively. In
comparison, ultrasound physicians with 5-10 years and 10-15 years of experience achieved AUCs of 0.623 and 0.709, respectively,
which were significantly lower than the deep learning model (P<<0.05). When assisted by the deep learning model, the AUC for
the physician with 10-15 years of experience increased to 0.914, with corresponding improvements in accuracy (91.5%), sensitivity
(90.5%), and specificity (92.3%). Conclusion: The deep learning model based on two-dimensional ultrasound images demonstrated
superior accuracy and reliability in the preoperative prediction of LVI in breast cancer. It significantly outperformed traditional

diagnostic approaches by ultrasound physicians and showed potential as a clinical auxiliary tool to improve the precision of

preoperative assessments of LVI, supporting personalized patient treatment planning.

[ Key words | Breast cancer; Ultrasound; Lymphovascular invasion; Deep learning
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