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Research progress of artificial intelligence in the field of breast cancer

histopathological diagnosis
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Abstract: Artificial intelligence can be used to distinguish benign and malignant primary breast cancer, rate
pathological grading, identify mitosis and tumor-related stroma. Meanwhile, it has reached the level of pathologist
on the diagnosis of lymph node metastasis. In molecular pathological diagnosis, artificial intelligence can not only
be used to interpret the results of ER and HER2 immunohistochemical staining, but also to infer PAMS50 typing and
prognostic score. At present, such research is mainly limited to the technical field, with accuracy as the main
research goal, and there is a lack of transformative research on pathological diagnosis by artificial intelligence under
fixed clinical scenarios and clinical requirements. Such research should pay more attention to the timeliness and
stability of calculation results and the cost-effectiveness of various calculation methods. In the future, artificial
intelligence research in this area requires enterprise to carry out technological integration and innovation under the
clinical scenarios and clinical requirements given by pathologists, propose artificial intelligence products that meet
the needs of pathological diagnosis, and carry out large-sample, multi-center and prospective trials to further
promote the application of artificial intelligence in the practice of breast cancer pathological diagnosis.
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