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[ Abstract ]| Objective To develop and validate a machine learning model for predicting disease-free survival (DFS)
in invasive breast cancer by integrating clinicopathologic and ultrasound-radiomics features. Methods A total of 978 eligible
patients with invasive breast cancer were retrospectively enrolled, and 4 414 ultrasound images were collected and allocated

to training, validation, and test sets at a patient-level ratio of 6 : 2 : 2. Pyradiomics software was employed to extract tumor
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ultrasound radiomic features (from both 2-dimensional and color Doppler images). Feature dimensionality reduction was
performed using #-distributed stochastic neighbor embedding (-SNE), least absolute shrinkage and selection operator (LASSO),
and correlation coefficients. The selected features were subsequently incorporated into a nomogram prediction model.
Model performance was evaluated using the concordance index (C-index), area under curve (AUC) of the receiver operating
characteristic curve (ROC), precision, recall, specificity, and F1-score. Additionally, the contribution of individual features
to model predictions was quantified with Shapley additive explanations (SHAP). Results Twelve radiomic features and
6 clinicopathological features closely associated with DFS events in invasive breast cancer patients were ultimately selected.
The nomogram model constructed from these features achieved a C-index of 0.787, AUC of 0.827, precision of 0.623, recall
of 0.701, specificity of 0.812, and F1-score of 0.584. SHAP analysis revealed that the radiomics score (Rad-Score) exerted
a significantly positive influence on model outputs. Conclusion The model based on ultrasound radiomics and machine

learning algorithms can effectively predict DFS events in invasive breast cancer patients, with radiomic features serving as

significant independent prognostic factors for DFS events.
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Tab 1 Sociodemographic characteristics and clinical features of invasive breast cancer patients in training, validation,

and test sets

Index Training set N=587 Validation set N=196 Test set N=195 P value
Agelyear, M (Q,, O5) 56 (44, 67) 56 (45, 68) 56 (45, 68) 0.467
BI-RADS category, 1 (%) 0.424
4a 157 (26.75) 49 (25.00) 42 (21.54)
4b 227 (38.67) 74 (37.76) 78 (40.00)
4c 144 (24.53) 58 (29.59) 55(28.21)
5-6 59 (10.05) 15 (7.65) 20 (10.26)
Molecular marker, 7 (%)
ER 0.454
0 146 (24.87) 53(27.04) 62 (31.79)
>0-20% 68 (11.58) 28 (14.29) 12 (6.15)
>20% 373 (63.54) 115 (58.67) 121 (62.05)
PR 0.082
0 209 (35.60) 84 (42.86) 81 (41.54)
>0-20% 65 (11.07) 20 (10.20) 25 (12.82)
>20% 313 (53.32) 92 (46.94) 89 (45.64)
Ki-67 0.245
0-20% 177 (30.15) 47 (23.98) 54 (27.69)
>20% 410 (69.85) 149 (76.02) 141 (72.31)
HER-2 0.383
Positive 265 (45.14) 80 (40.82) 79 (40.51)
Negative 322 (54.86) 116 (59.18) 116 (59.49)
P53 0.301
Positive 367 (62.52) 125 (63.78) 111 (56.92)
Negative 220 (37.48) 71 (36.22) 84 (43.08)
E-cadherin 0.565
Positive 557 (94.89) 182 (92.86) 184 (94.36)
Negative 30 (5.11) 14 (7.14) 11 (5.64)
Molecular subtype, 1 (%) 0.980
Luminal-A 60 (10.22) 16 (8.16) 25(12.82)
Luminal-B 354 (60.31) 128 (65.31) 111 (56.92)
HER-2-enriched 69 (11.75) 20 (10.20) 26 (13.33)
TNBC 104 (17.72) 32 (16.33) 33 (16.92)
Histological grade, n (%) 0.486
I 22 (3.75) 5(2.55) 6(3.08)
I| 389 (66.27) 130 (66.33) 122 (62.56)
1l 176 (29.98) 61 (31.12) 67 (34.36)

BI-RADS: Breast Imaging Reporting and Data System; ER: Estrogen receptor; PR: Progesterone receptor; HER-2: Human

epidermal growth factor receptor 2; TNBC: Triple-negative breast cancer.
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Fig1 Examples of ultrasound images of enrolled cases
A: Two-dimensional grayscale image; B: Color Doppler blood

flow image.
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Fig2 Radiomics feature selection process

A: The coefficient paths of the 145 features after #-distributed stochastic neighbor embedding reduction; B: Selecting non-zero

coefficient feature based on the optimal regularization parameter 4; C: Sorting and selecting the features with the strongest correlation

based on the regression coefficients.
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Fig3 Nomogram prediction model for invasive breast cancer 5-year DFS events

P53 and E-cadherin were scored as 0 for negative and 1 for positive. Molecular subtype was classified and scored as 1 for Luminal-A,

2 for Luminal-B/HER-2-positive, 3 for Luminal-B/HER-2-negative, 4 for HER-2-positive, and 5 for triple-negative breast cancer.

Histological grade was assigned as 1 for grade 1,2 for grade II, and 3 for grade Il . BI-RADS category was scored as 1 for category 4a,

2 for 4b, 3 for 4c, and 4 for 5-6. DFS: Disease-free survival; BI-RADS: Breast Imaging Reporting and Data System.
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Fig4 SHAP visualization summary for contribution of each feature to nomogram prediction model for invasive breast

cancer 5-year DFS events

DEFS: Disease-free survival; SHAP: Shapley additive explanation; BI-RADS: Breast Imaging Reporting and Data System.
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