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Research progresses in mammographic diagnosis of
breast cancer based on deep learning

NIE Zhenhui, LIU Lidong, SU Danke”
(Medical Imaging Center, Tumor Hospital of Guangxi Medical University, Nanning 530021, China)

[ Abstract] Breast cancer is one of the most common malignant tumors in women. Mammography is an important means of
diagnosing breast cancer, which has great value for early detection of lesions. In recent years, deep learning is a research
hotspot in the medical field due to its high efficiency and high precision. Relevant research has applied deep learning in the
field of mammography, which improves the accuracy rate of diagnosis and reduces the rate of misdiagnosis in breast cancer.
The research progresses of deep learning in mammographic diagnosis of breast cancer were reviewed in this article.
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