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Establishment of prediction model in patients with AMI complicating

AKI based on random forest model method
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[ Abstract] Objective To establish a prediction model based on the random forest model method to pre-
dict the patients with acute myocardial infarction (AMI) complicating acute kidney injury (AKI) for finding
relevant important indicators. Methods A total of 1 362 patients with AMI admitted and treated in the emer-
gency department of this hospital from January 2014 to January 2021 were selected as the research subjects.
The patients with AMI complicating AKI served as the observation group(270 cases) and those without com-
plicating AKI as the control group(1 092 cases). After determining 30 variables, the relevant statistics and a-
nalysis of the data were performed,and 75% of the cases were randomly selected to conduct the training data-
base establishment,25% of the cases as the test database,the R language was used to conduct the data screen-
ing and model establishment, the related evaluation on them was conducted, then which was compared with
the other three kinds of machine learning models. Results Among 1 362 cases, there were 270 cases
(19. 82%) complicating AKI. The comparison of platelets, globulin,admission body temperature, blood sodi-
um, glutamic oxalacetic transaminase and alanine aminotransferase between the two groups showed no statis-
tical difference (P >>0. 05). The other indicators showed statistically significant differences between the two
groups (P <C0. 05) ;the area under the receiver operating curve of the random forest model was 0. 894, which
was higher than those in the other three models, the sensitivity was 0. 792 and the specificity was 0. 867 ; the
importance of variables in the model was as follows: first time creatinine, urea value, mechanical ventilation,
age and D-dimer. Conclusion Based on the random forest model, predicting the occurrence of AKI in the pa-
tients with AMI has good predictive power,and has a certain reference value in actual clinical work.

[Key words] acute myocardial infarction;acute kidney injury; machine learning;pedictive model;receiver

operating curve
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