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[ Abstract] Objective: To investigate the impact of three segmentation methods (manual, automatic, and calibrated automatic) on
the robustness of radiomic features, and to develop machine learning-based predictive models for evaluating the value of these
segmentation-derived features in predicting pathological complete response (pCR) after neoadjuvant therapy for breast cancer.
Methods: A retrospective analysis was conducted on clinical imaging data from breast cancer patients who received neoadjuvant
therapy at Maoming People's Hospital between January 2020 and December 2023. Automatic segmentation of breast ultrasound
images was achieved using the DeepLabv3 model, while manual and calibrated automatic segmentation were performed via ITK-
SNAP software. Radiomic features were extracted from regions of interest delineated by the three segmentation methods. Machine
learning models were developed to predict pCR. Feature consistency across different segmentation methods was evaluated using

intraclass correlation coefficient (ICC). The predictive performance of the models was assessed by the area under the receiver
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operating characteristic curve (AUC). Results: A total of 124 breast cancer patients were enrolled, and 1 316 features were extracted
from ultrasound images, among which good consistency (ICC=0.80) was observed for 80% of the automated and manual
segmentation features, and for 83% of the calibrated automated and manual segmentation features. The machine learning models
developed using automatic and manual segmentation features demonstrated no difference in AUC values for predicting pCR.
Compared to manual and automatic segmentation, the support vector machine model based on calibrated automatic segmentation
features demonstrated the best predictive performance, with an AUC of 0.80 in the validation cohort. Conclusion: Compared to
manual segmentation, the DeepLabv3-based deep learning model demonstrates good consistency in automatically segmenting breast
ultrasound images. Furthermore, adopting a human-machine segmentation approach through manual calibration of automatic
segmentation can enhance model performance, thereby improving the diagnostic efficiency of radiomics in pCR to neoadjuvant
therapy for breast cancer in clinical practice.

[Key words | Breast cancer; Ultrasound; Neoadjuvant therapy; Pathological complete response; Radiomics; Image segmentation;

Machine learning; Breast Imaging Reporting and Data System
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BI-RADS 432 0.48 0.49
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Fig.2 Evaluation of feature consistency in segmentation using different methods
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Fig.3 Comparative analysis of ROI boundary between automatic and manual segmentation
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Tab.2 Summary of machine learning model performance for segmentation development using different methods

A% Ban Bk AUC (95% CI) HEREE R SRR
JIgg  FT SVM 0.72 (0.602~0.831) 0.68 0.81 0.59
LR 0.71 (0.597~0.827) 0.68 0.83 0.57

LRLASSO 0.71 (0.599~0.828) 0.69 0.78 0.63

B3l SVM 0.71 (0.597~0.821) 0.69 0.78 0.63

LR 0.71 (0.603~0.825) 0.71 0.83 0.63

LRLASSO 0.70 (0.585~0.810) 0.70 0.69 0.71

KIE A SVM 0.75 (0.636~0.856) 0.71 0.78 0.67

LR 0.73 (0.625~0.844) 0.75 0.67 0.80

LRLASSO 0.75 (0.638~0.853) 0.75 0.72 0.76

WIEBAg]  F L SVM 0.74 (0.568~0.911) 0.70 0.80 0.64
LR 0.73 (0.559~0.907) 0.70 0.80 0.64

LRLASSO 0.73 (0.550~0.904) 0.73 0.80 0.68

EE5]] SVM 0.72 (0.557~0.892) 0.65 0.93 0.45

LR 0.71 (0.535~0.884) 0.70 0.73 0.68

LRLASSO 0.70 (0.525~0.876) 0.73 0.67 0.77

BOE A3 SVM 0.80 (0.643~0.957) 0.78 0.87 0.73

LR 0.73 (0.564~0.903) 0.76 0.80 0.73

LRLASSO 0.75 (0.580~0.911) 0.76 0.80 0.73
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Fig.5 Nomogram for predicting pCR after neoadjuvant therapy in breast cancer
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Fig.6 Calibration curve and decision curve of the nomogram
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