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[Abstract] Objective To construct a prediction model based on machine learning algorithm for cirrhosis-related hepatic
encephalopathy. Methods A cross-sectional survey was conducted in 1498 patients from 7 medical institutions in Chongqing
from June 2019 to June 2020, who were divided into hepatic encephalopathy group (7=285) and non-hepatic encephalopathy group
(n=1213) according to whether hepatic encephalopathy occurred. 70% (1048 in total) of the data collected from 1498 patients
was randomly chosen as the training set for establishing the prediction model and the rest 30% (450 in total) was used for internal
verification. Univariate logistic regression was used to filter input indicators. Logistic regression, random forest, decision tree and
XGBoost algorithm based on machine learning were used to construct a diagnostic predictive model. The models constructed by
the four methods were compared for predictive and diagnostic value of cirrhosis-related hepatic encephalopathy. Results Logistic
regression, random forest, decision tree and XGBoost models all suggested prothrombin activity (OR=0.933, 95%CI 0.921-0.946),
age (OR=1.045, 95%CI 1.029-1.061), blood sodium (OR=0.964, 95%CI 0.928-1.000) and urea nitrogen (OR=1.063, 95%CI 1.022-
1.105) are important influencing factors of hepatic encephalopathy. The sensitivities of the four models were 0.843, 0.904, 0.759
and 0.892; the specificities were 0.785, 0.695, 0.717 and 0.706; the area under the curve (AUC) were 0.875, 0.883, 0.767 and 0.847
respectively. Conclusions The risk prediction model of cirrhosis-related hepatic encephalopathy established based on machine

learning has high diagnostic value. The diagnostic effects of logistic and random forest models are better than those of decision tree
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and XGBoost models.
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Tab.1 Comparison of the baseline data between hepatic encephalopathy group and control group
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Tab.2 Influencing factors of hepatic encephalopathy (logistic

regression model) 601
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Tab.3 Index importance of random forest model Tab.4 Analysis of decision tree model parameters
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Fig.2 Visual analysis of decision tree model
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Tab.S Comparison of the prediction performance of four

models in test set
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