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[ Abstract ] Objective: To investigate the application value of deep learning ultrasound radiomics in predicting axillary lymph

node (ALN) metastasis of breast cancer. Methods: The ultrasound images of breast cancer patients pathologically confirmed
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were retrospectively analyzed in Gongli Hospital, Shanghai Pudong New Area, from January 2021 to December 2023. Based
on whether ALN had metastasized, patients were divided into two groups: those without ALN metastasis and those with ALN
metastasis. The research focused on correlating ultrasound characteristics of primary breast cancer lesions with ALN metastasis and
evaluating their predictive efficacy. The dataset was randomly split into training and testing sets at an 8 : 2 ratio. Nine deep learning
models, ResNet50, EfficientNet, MobileNetV3, DenseNetl121, DenseNet201,Vision Transforme, VGG16, MobileViT, and Mamba
Transformer, were used to predict ALN metastasis. Through five-fold cross-validation, the best-performing model was selected, and
decision curve analysis (DCA) was conducted to assess the clinical net benefit of each model. The study also compared the predictive
performance of deep learning models against traditional ultrasound features in identifying ALN metastasis in breast cancer patients.
Results: A total of 324 breast cancer patients were included in the study, with a total of 324 breast lesions. Among them, 198 cases
had no ALN metastasis, and 126 cases had ALN metastasis. Univariate analysis revealed statistically significant differences (P<<0.05)
between the non-ALN metastasis and ALN metastasis groups in terms of primary lesion characteristics, including size, shape,
orientation, margin, calcification, echogenic halo, spiculation, and lobulation. Multivariate logistic regression identified larger lesion
size, non-parallel orientation, presence of an echogenic halo, and spiculation as independent risk factors for ALN metastasis. The
combined diagnostic performance of these four features yielded an area under curve (AUC) of 0.805. Among the nine deep learning
models evaluated, DenseNet201 demonstrated the highest performance, with AUCs of 0.964 (training set) and 0.861 (testing set). The
deep learning models outperformed traditional ultrasound features in predicting ALN metastasis. DCA of DenseNet model indicated
a significant net benefits within a risk threshold range of 0.170 6 to 0.605 2. Conclusion: Deep learning ultrasound has high clinical
value in non-invasive evaluation of axillary lymph node metastasis of breast cancer before surgery, and can provide a basis for the
selection of preoperative diagnosis and treatment.

[ Key words ] Breast cancer; Axillary lymph node; Metastasis; Ultrasound; Deep learning
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Fig.1 Research subject inclusion flowchart
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Tab.1 Single factor analysis of routine ultrasound prediction of ALN metastasis in breast cancer

n (%)
T H JCALNFEREA (n=198) HALNFAA (n=126) Zly PIH
S 64 (51.75, 72.00) 62 (54.00, 69.25) 7=-0.829 0.407
ikt KA /mm 19 (14.75, 25.00) 25 (18.00, 33.25) 7=4.733 <0.001
S 2=0.010 1.000
EEEN 97 (49.0) 61 (48.4)
sl 101 (51.0) 65 (51.6)
ZIR 1=2.728 0.435
A L5 R 102 (51.5) 75 (59.5)
ANT 4R 29 (14.7) 19 (15.1)
N 4R 47 (23.7) 22 (175)
N 4R 20 (10.1) 10 (7.9)
I3 — 0.001
R 27 (13.6) 6(48)
51 8 (4.0) 0(0)
ASHLITE 163 (82.3) 120 (95.2)
I 1=14.874 <0.001
AT 122 (61.6) 50 (39.7)
AT 76 (38.4) 76 (60.3)
BUEZ 3 7=18.327 <0.001
B %S 47 (23.7) 7(5.6)
Aeax 151 (76.3) 119 (94.4)
PR S ] — 0.218
ik Ial s 163 (82.3) 108 (85.7)
ANH5] Il 14 (7.1) 12 (9.5)
i Il 7 1(0.5) 0(0)
WRA MRS 20 (10.1) 6 (4.8)
Ja g mls — 0.063
Ja TR 20 (10.1) 22 (17.5)
TR AR 7(35) 4(32)
Joest s 146 (73.8) 93 (73.8)
HhoR 25 (12.6) 7(55)
FEAL, 7=8.090 0.005
I 129 (65.2) 62 (49.2)
1 69 (34.8) 64 (50.8)
MRS — 0.072
Tei 57 (28.8) 22 (17.5)
PRI A 118 (59.6) 90 (71.4)
NG TR M AL 16 (8.1) 12 (9.5)
Rz 311k 7(3.5) 2(16)
e [l 27=23.241 <0.001
Jo 114 (57.6) 38 (30.2)
H 84 (42.4) 88 (69.8)
EHIE 7=34.951 <0.001
7o 131 (66.2) 41 (32.5)
7 67 (33.8) 85 (67.5)
g3 7=29.169 <0.001
Jeorit 43 (21.7) 10 (7.9)
Kot (<34) 64 (32.3) 20 (15.9)
N (>34) 91 (46.0) 96 (76.2)
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Fig.2 Ultrasound images of breast cancer

FETPATAER, BGAEE, BN, A BRIER R NHRE .

F2 EMBETMNEBREALNEZ R £ EFRlogisticEl )3 5 #7

Tab.2 Multivariate logistic regression analysis of conventional ultrasound in predicting ALN metastasis of breast cancer

2 B FrifEiz Wald Pl OR 95% CI
kAR 0.050 0.011 19.305 <0.001 1.052 1.028~1.076
Jrii 0.569 0.282 4.069 0.044 1.766 1.016~3.069
e [l 0.909 0.279 10.589 0.001 2.482 1.435~4.290
ERIAE 1.111 0.292 14.423 <0.000 3.036 1.712~5.385
#3 FBRKEEZEMIIRBALNEBRISHMNE
Tab.3 Diagnostic value of risk factors for ALN metastasis of breast cancer
2R AUC Frifis PfE 95% CI
kAR 0.656 0.031 <0.001 0.595~0.716
FifiL 0.610 0.032 0.001 0.547~0.673
e [l 0.637 0.031 <0.001 0.575~0.699
FEHIAE 0.668 0.031 <0.001 0.607~0.729
BeAisW 0.805 0.024 <0.001 0.758~0.852
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Fig.3 ROC curves of various risk factors for diagnosing ALN

metastasis in breast cancer patients
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Tab.4 Comparison of performance parameters of deep learning models
TR IS AUC 95% CI RS R S
ResNet50 MERS 0.951 0.822~0.906 0.864 0.833 0.814
S 0.837 0.633~0.869 0.766 0.720 0.720
EfficientNet MIERS 0.591 0.575~0.639 0.634 0.587 0.526
AR 0.561 0.481~0.719 0.600 0.632 0.500
MobileNetV3 pIERS 0.759 0.692~0.798 0.745 0.699 0.619
AR 0.722 0.625~0.841 0.733 0.737 0.637
DenseNet121 pl[ERS 0.955 0.906~0.966 0.936 0.927 0.907
AR 0.856 0.664~0.870 0.767 0.842 0.739
DenseNet201 pIERS 0.964 0.910~0.968 0.939 0.934 0.914
il 0.861 0.627~0.841 0.734 0.785 0.712
Vision Transformer DlIER:S 0.689 0.634~0.746 0.690 0.693 0.697
e 0.655 0.559~0.787 0.673 0.682 0.682
VGG16 PI[EERES 0.634 0.618~0.732 0.675 0.700 0.658
e 0.617 0.516~0.750 0.633 0.694 0.500
MobileViT pllE RS 0.850 0.733~0.833 0.783 0.833 0.853
4 0.753 0.600~0.820 0.710 0.865 0.865
Mamba Transformer PIZRAE 0.872 0.762~0.858 0.810 0.931 0.931
M4E 0.842 0.697~0.893 0.795 0.947 0.947
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