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[Abstract] Acute respiratory distress syndrome (ARDS) is a clinical syndrome defined by acute onset of
hypoxemia and bilateral pulmonary opacities not fully explained by cardiac failure or volume overload. At present, there
is no specific drug treatment for ARDS; and the mortality rate is high. The reason may be that ARDS has rapid onset,
rapid progression, complex etiology, and great heterogeneity of clinical manifestations and treatment. Compared with
traditional data analysis, machine learning algorithms can automatically analyze and obtain rules from complex data and
interpret them to assist clinical decision making. This review aims to provide a brief overview of the machine learning
progression in ARDS clinical phenotype, onset prediction, prognosis stratification, and interpretable machine learning in

recent years, in order to provide reference for clinical.
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