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Fig1 SHAP importance beeswarm plot of clinical and conventional ultrasound features
SHAP: Shapley additive explanation; PSV: Peak systolic velocity; EDV: End-diastolic velocity; CMR: Cortex-to-medulla area ratio;
RI: Resistive index; PI: Pulsatility index.
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Fig 2 Ultrasound images of representative breast cancer patients with high- or low-risk axillary lymph node metastasis

A: A high-risk (axillary lymph node metastasis positive) case. The left panels showed ultrasonography and spectral Doppler imaging
of the primary breast tumor, with a maximum tumor diameter >3.0 cm and a tumor resistive index >0.80. The right panels showed
ultrasonography and spectral Doppler imaging of the ipsilateral axillary lymph node, with a lymph node cortex-to-medulla area ratio >5.0
and a lymph node PSV/EDV ratio of approximately 4.8. Postoperative pathology confirmed axillary lymph node metastasis. B: A low-risk
(axillary lymph node metastasis negative) case. The left panels showed ultrasonography and spectral Doppler imaging of the primary
breast tumor, with a tumor diameter of approximately 1.3 cm and a tumor resistive index of approximately 0.64. The right panels
showed ultrasonography and spectral Doppler imaging of the ipsilateral axillary lymph node, with a lymph node cortex-to-medulla
area ratio of approximately 1.1 and a lymph node PSV/EDV ratio of approximately 2.2. Postoperative pathology confirmed no axillary
lymph node metastasis. PSV: Peak systolic velocity; EDV: End-diastolic velocity.
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Fig3 Ultrasomics feature selection and importance analysis

A: LASSO regression coefficient path plot. The plot showed the convergence trajectories of the partial regression coefficients of the 18

ultrasomics features as A changes. As 4 increased, the coefficients of redundant features were gradually shrunk to 0. B: Ten-fold cross-

validation AUC curve. The 2 vertical dashed lines indicated the optimal 4 for maximum AUC (right) and the 4 under 1-standard error

rule (left). C: SHAP importance beeswarm plot. The plot showed the direction and magnitude of the contributions of the included

features to the predicted probability of axillary lymph node metastasis. LASSO: Least absolute shrinkage and selection operator;

AUC: Area under area; SHAP: Shapley additive explanation.
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Tab 3 Performance of different machine learning algorithm models in training set

Algorithm AUC Sensitivity Specificity Accuracy PPV NPV F1 score
glmnet 0.979 0 0.970 1 0.989 4 0.9814 0.984 8 0.978 9 0.977 4
NNet 0.976 7 0.970 1 0.989 4 0.9814 0.984 8 0.978 9 0.977 4
svmLinear 09725 0.970 1 0.989 4 0.9814 0.984 8 0.978 9 0.977 4
XGBoost 0.970 2 1.000 0 1.000 0 1.000 0 1.000 0 1.000 0 1.000 0
C5.0 0.969 0 1.000 0 1.000 0 1.000 0 1.000 0 1.000 0 1.000 0
GBM 0.967 7 1.000 0 1.000 0 1.000 0 1.000 0 1.000 0 1.000 0
FDA 0.963 1 0.940 3 0.989 4 0.968 9 0.984 4 0.958 8 0.961 8
AdaBoost 0.960 5 1.000 0 1.000 0 1.000 0 1.000 0 1.000 0 1.000 0
LDA 0.9572 09104 0.968 1 0.944 1 0.953 1 0.938 1 0.9313
RF 0.9520 1.000 0 1.000 0 1.000 0 1.000 0 1.000 0 1.000 0
MDA 0.938 3 09104 0.968 1 0.944 1 09531 0.938 1 0.9313
svmRadial 0.9349 0.9552 0.978 7 0.968 9 0.969 7 0.968 4 0.962 4
GLM 0.9222 0.970 1 0.989 4 0.9814 0.984 8 0.978 9 0.977 4
naive Bayes 09139 0.8955 0.968 1 0.9379 0.9524 0.928 6 0.923 1
kNN 0.884 8 0.850 7 0.946 8 0.906 8 09194 0.899 0 0.883 7
rpart 0.867 4 0.865 7 0.946 8 0.913 0 0.920 6 0.908 2 0.892 3

glmnet: Generalized linear model via elastic-net regularization; NNet: Neural network; svmLinear: Support vector machine

with a linear kernel; XGBoost: Extreme gradient boosting; C5.0: C5.0 decision tree; GBM: Gradient boosting machine; FDA:

Flexible discriminant analysis; AdaBoost: Adaptive boosting; LDA: Linear discriminant analysis; RF: Random forest; MDA: Mixture

discriminant analysis; svmRadial: Support vector machine with a radial basis function kernel; GLM: Generalized linear model; kNN:

K-nearest neighbor; rpart: Recursive partitioning and regression tree; AUC: Area under curve; PPV: Positive predictive value; NPV:

Negative predictive value.
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Fig4 Performance of fusion model, clinical model, and ultrasomics model across different cohorts

A: ROC curve in the training set; B: Calibration curve in the training set; C: DCA curve in the training set; D: ROC curve in the

internal validation set; E: Calibration curve in the internal validation set; F: DCA curve in the internal validation set; G: ROC curve

in the external validation set; H: Calibration curve in the external validation set; I: DCA curve in the external validation set. ROC:

Receiver operating characteristic; DCA: Decision curve analysis.
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Tab 4 Comparison of predictive performance of each model across different cohorts

o AN HE S TR

DeLong DeLong

HL

0 e e
Cohort and model AUC (95%ClI) Sensitivity Specificity Accuracy PPV NPV Pualud Py value' P value
Training set
Fusion model 0.845 (0.818,0.872)  0.782 0.749 0.770  0.842 0.668 0.855
Ultrasomics model 0.774 (0.739, 0.808)  0.707 0.719 0.711  0.811 0.589 0.018 0.036 0.018
Clinical model 0.745 (0.710, 0.781)  0.646 0.753 0.685  0.817 0.554 0.001 0.002 0.022
Internal validation set
Fusion model 0.829 (0.779,0.878)  0.851 0.714 0.797  0.819 0.759 0.921
Ultrasomics model 0.788 (0.735, 0.840)  0.669 0.807 0.723  0.840 0.615 0.032 0.064  <<0.001
Clinical model 0.724 (0.665, 0.784)  0.696 0.706 0.700  0.783 0.604 0.004 0.008 <0.001
External validation set
Fusion model 0.854 (0.810, 0.898)  0.798 0.830 0.810  0.888 0.710 0.365
Ultrasomics model 0.775 (0.717,0.834)  0.761 0.723 0.747  0.822 0.643 0.021 0.042  <<0.001
Clinical model 0.784 (0.730,0.838)  0.840 0.625 0.760  0.790 0.700 0.006 0.012  <<0.001
Cohort and model Brier score gallbratlon Calibration Mean bias  Eavg Spicgelhalter Z test NRI" DI
intercept slope Z value P value
Training set
Fusion model 0.014 0.01 0.99 0.012 0.019 0.72 0.472
Ultrasomics model 0.243 0.10 0.85 0.041 0.075 2.80 0.005 —0.25 —0.26
Clinical model 0.242 0.12 0.82 0.049 0.083 2.95 0.003 —022 —0.22
Internal validation set
Fusion model 0.010 0.02 0.98 0.015 0.031 0.41 0.682
Ultrasomics model 0.235 0.10 0.86 0.045 0.079 3.35 0.001 —0.07 —0.14
Clinical model 0.251 0.14 0.80 0.060 0.088 3.60 <<0.001 —0.08 —0.14
External validation set
Fusion model 0.020 0.01 1.02 0.018 0.035 1.05 0.294
Ultrasomics model 0.246 0.09 0.88 0.043 0.073 3.05 0.002 —0.09 —0.11
Clinical model 0.239 0.11 0.86 0.047 0.078 2.70 0.007 —0.11 —0.13

" The P value for the AUC value was obtained by the DeLong test.

®: The NRI and IDI results were obtained using the fusion

model as the reference. AUC: Area under curve; 95%CI: 95% confidence interval, PPV: Positive predictive value; NPV: Negative

predictive value; P, P corrected by Bonferroni method; HL: Hosmer-Lemeshow test; Eavg: Average absolute error; NRI: Net

reclassification improvement; IDI: Integrated discrimination improvement.

®5 BMAKEE SLNB X R FEHIISHIRRELLE
Tab S Comparison of diagnostic performance between fusion model and SLNB in comparison subgroup
Fusion model SLNB
Diagnostic metric P value
Formula, n/N Result (95%CI) Formula, n/N Result (95%CI)
Sensitivity 50/58 0.862 (0.746, 0.939) 53/58 0.914 (0.810, 0.971) 0.286
Specificity 69/84 0.821 (0.723, 0.896) 84/84 1.000 (0.957, 1.000) <<0.001
Accuracy (50+69)/142 0.838 (0.767, 0.894) (53+84)/142 0.965 (0.920, 0.989) <0.001
PPV 50/65 0.769 (0.648, 0.865) 53/53 1.000 (0.933, 1.000) <0.001
NPV 69/77 0.896 (0.806, 0.954) 84/89 0.944 (0.875, 0.982) <0.001

SLNB: Sentinel lymph node biopsy; 95%CI: 95% confidence interval; PPV: Positive predictive value; NPV: Negative predictive

value.
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Tab 6 Discriminative performance of fusion model

across subgroups in external validation set

Subgroup N ALNM', »n AUC (95%CI)

Molecular subtype

Luminal 55 19 0.838 (0.731, 0.933)

HER2" 18 9 0.914 (0.740, 1.000)

TNBC 18 9 0.864 (0.642, 1.000)
Clinical T stage

T1 36 9 0.848 (0.691, 0.959)

T2 46 24 0.873 (0.758, 0.970)

T3 9 4 0.700 (0.250, 1.000)

ALNM": Positive axillary lymph node metastasis; AUC:
Area under curve; 95%CI: 95% confidence interval; HER2 ™
Positive human epidermal growth factor receptor 2; TNBC:

Triple-negative breast cancer.
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