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Artificial Intelligence-Assisted Magnetic Resonance Imaging in Assessment of Neo-

adjuvant Chemotherapy for Breast Cancer: A Review

LIU Kaiwen, JIN Yingying, WANG Shouju
(Department of Radiology, The First Affiliated Hospital of Nanjing Medical University, Nanjing 210000, China)

Abstract: Neoadjuvant chemotherapy has become a standard treatment strategy for breast cancer, and
magnetic resonance imaging (MRI) is the preferred imaging method for assessing the response of breast
cancer to neoadjuvant chemotherapy. Although MRI can provide detailed information of tumor, including
location, size, and microenvironment, the precise assessment of neoadjuvant chemotherapy of breast
cancer suffers from the diverse changes in tumors present in MRI images. Artificial intelligence methods
based on machine learning and deep learning have demonstrated the ability to recognize complex patterns in
MRI data. Through clinical radiologic feature analysis, radiomics analysis, and habitat analysis, artificial
intelligence technology has significantly enhanced the performance and efficiency of assessments for breast
cancer neoadjuvant chemotherapy, aiding in the realization of personalized treatment strategies. This paper
introduces the MRI data and performance indicators in assessing breast cancer neoadjuvant chemotherapy,
summarizes the progress of artificial intelligence applications in this field, and discusses the current
challenges and potential future research directions for artificial intelligence technology in practical

applications.
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Table 1 Summary of MRI clinical radiologic features of breast cancer
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Table 3 Summary of deep learning studies for NAC assessment in breast cancer based on MRI
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Table 4 Summary of habitat analysis studies for NAC assessment in breast cancer based on MRI
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