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Abstract; The open source database , the medical information mart for intensive care ( MIMIC) , which contains a large amount of medical
data, has been favored by many researchers since its release. However, inefficient mining methods are difficult to find internal hidden in-
formation, which makes the MIMIC database not well utilized and causes resource waste. It is extremely important to explore emerging
mining methods for knowledge discovery. We summarize the various mining methods around the MIMIC database , focusing on emerging
machine learning and deep learning methods. At the same time,the traditional statistical model is compared with the emerging artificial
intelligence technologies including machine learning and deep learning. It was found that machine learning and deep learning generally
perform better in predicting early mortality and finding factors affecting the disease than traditional statistical models, which helps improve
the quality of medical care,assist doctors in diagnosis,and reduce the cost of medical care for patients to some extent.
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