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Progresses in artificial intelligence assisted analysis of
fetal brain MRI

ZHOU Shengyuan, HU Huixin, WANG Aonan, LIU Ying"
(Department of Radiology, Peking University Third Hospital, Beijing 100191, China)

[Abstract] Fetal cranial MRI is a key tool for prenatal assessment of fetal brain development, but there are difficulties
such as lacking atlas and standards of evaluation. Artificial intelligence (AI) can automatically extract image features
through deep learning, which may predict gestational age and brain age, detect neurodevelopmental abnormalities, and
process functional MRI ({MRI) data. in order to improve the accuracy of gestational age prediction, identify structural
changes such as sulci and ventricular abnormalities, and assist fMRI motion correction and functional analysis. Despite
facing challenges such as data quality, model generalization and ethics, multimodal fusion and optimization algorithms will
drive the transformation of Al into clinical decision support systems, assisting early diagnosis and intervention. The
application progresses in Al assisted analysis of fetal brain MRI were reviewed in this article.
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