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Abstract

Pneumonia refers to pulmonary parenchyma and interstitial inflammation caused by various patho-
genic factors, which is one of the common respiratory diseases in the world, and severe pneumonia
develops on the basis of pneumonia, with high mortality, multiple complications and poor progno-
sis, and increases the economic burden of medical care, and poses a major threat to human health.
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With the rapid development of artificial intelligence and the rapid growth of medical and health
data, machine learning has been widely used in the prediction of pneumonia death, helping clini-
cians to accurately personalize clinical medication and improve treatment effects, extend the sur-
vival time of patients, and improve their quality of life.
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