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[ Abstract| Objective: To leverage radiomics based on ultrasonography to extract quantitative features from both the intratumoral
volume and a 4 mm peritumoral rim of triple-negative breast cancer (TNBC), and to integrate these features with multiple machine-
learning classifiers to construct a high-accuracy diagnostic model. Methods: A retrospective cohort of pathologically confirmed
breast-cancer patients who underwent ultrasonography between April 2017 and July 2023 was collected and randomly split into
training and testing sets. After manual segmentation of the intratumoral region and a 4 mm peritumoral annulus, radiomic descriptors
(morphological, first-order, and texture features) were extracted. Following minimum redundancy maximum relevance (mRMR)

feature selection, sixteen radiomics models were built by combining four machine-learning classifiers—random forest, extra-trees,
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XGBoost, and LightGBM—with four distinct feature-source strategies: intratumoral features only, peritumoral features only, fused
images of both compartments, and concatenated intratumoral + peritumoral features. Model performance was evaluated by area
under the receiver-operating-characteristic curve (AUC). SHapley Additive exPlanations (SHAP) were used to interpret the optimal
model. Results: A total of 563 breast cancer patients were included, consisting of 107 TNBC cases and 456 non-TNBC cases.
Patients were randomly divided into a training set (n=394) and a test set (n=169) at a ratio of 7: 3. A total of 1 561 ultrasound
radiomics features were extracted from each of the intratumoral, peritumoral, and image fusion regions, respectively. The extra-trees
model trained on concatenated intratumoral and peritumoral features achieved the highest AUC (training set 0.952, test set 0.857),
outperforming intratumoral-only (0.912, 0.820), peritumoral-only (0.909, 0.806), and fused-image models (0.924, 0.848). SHAP
analysis identified three intratumoral and two peritumoral radiomic features as the five most influential determinants of TNBC
prediction. Conclusion: Integrating intratumoral and peritumoral ultrasound radiomics via an extra-trees classifier significantly
enhances the non-invasive identification of TNBC, underscoring its translational potential in precision oncology.

[Key words ] Triple-negative breast cancer; Ultrasound radiomics; Feature fusion; Peritumoral region; Machine learning; SHapley
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Tab.1 Comparison of clinical and ultrasonic characteristics between the training and test cohorts
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Tab.2 Performance comparison of different models based on the extra-trees algorithm
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Tab.3 Performance comparison of the intratumoral-peritumoral feature fusion model between the training and test sets
IS Mg
AUC (95% CI) W REJE FERE ORHE AUC (95% CI) HEREE RIGJE FERIE ORI
Random forest  0.949 (0.9260~0.9725)  0.901 0.917 0.841 0.957  0.846 (0.7496~0.9415) 0.811 0.812 0.8 0.959

APk

Extra-trees 0.952 (0.9287~0.9755)  0.871  0.865 0.89 0.968 0.857 (0.7723~0.9427) 0.822  0.833 0.76  0.952
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LightGBM 0.941 (0.9157~0.9654) 0.855  0.856  0.854  0.957 0.821 (0.7271~0.9143) 0.852  0.882 0.68  0.941
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