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Advances in Application of Ultrasound-based Deep Learning Ra-

diomics in Breast Cancer
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Abstract: Deep learning radiomics(DLR) extracts high-level features from medical images through different
frameworks, and further analyzes the extracted high-level features to assist clinical decision-making. Com-
pared with traditional radiomics, DLR can automatically extract high-level features without relying on manual
annotation by physicians, further improving accuracy and reliability in tumor diagnosis and prognosis. Ultra-
sonography is the main way of early diagnosis of breast cancer. This article reviews the research progress of
ultrasound-based DLR in the differential diagnosis of benign and malignant breast tumors, the prediction of
breast cancer molecular typing, the assessment of axillary lymph node status, and the evaluation of neoadju-
vant chemotherapy efficacy.
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Figure 1 Work procedure of traditional radiomics
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Table 2 The technological flow chart of deep learning radiomics
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