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[ Abstract ] Breast cancer is the most commonly diagnosed cancer in women, with the higher mortality. The early detection and

treatment are critical for a good prognosis. Ultrasound-based radiomics is one of the new computer-aided technologies, which can
extract a large amount of image information from the region of interest by automatic algorithm and use the information for decision
support. In recent years, ultrasound-based radiomics has been applied in the diagnosis, prediction of molecular typing and lymph
node metastasis in breast cancer. The application of ultrasound-based radiomics in breast cancer was systematically described in
this article.
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