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[ Abstract] Congenital heart disease (CHD) is one of the most common congenital birth defects. With
the increasing understanding of CHD and advancements in screening methods, children with CHD can be diag-
nosed and treated early,thereby improving survival rates and quality of life. Early screening for CHD primarily
uses a dual-indicator method ,namely heart sound auscultation and pulse oximetry. While there are mature com-
mercial devices for pulse oximetry, heart sound auscultation is highly influenced by individual experience and
external factors , making misdiagnosis and missed diagnosis more likely. In recent years,the continuous develop-
ment of artificial intelligence (AI) has led to the maturation of digital acquisition,storage,and analysis of tech-
nologies for heart sound signals,thus making intelligent auscultation-assisted diagnosis for cardiovascular disea-
ses possible. Currently ,many studies focus on Al algorithms based on deep learning (DL) for assisting in heart
sound auscultation diagnosis of CHD ,though most remain at the algorithm research stage and are based on spe-
cific datasets,yet to be validated in clinical settings. This article reviews the current state of Al auscultation
technology research , summarizing the current developments in DIL-based intelligent auscultation technology in
the field of CHD,and highlighting the issues that need to be addressed for clinical application of heart sound
auscultation.
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