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mptly identify high-risk patients for Acute Kidney Injury (AKI) in the Intensive Care
Unit (ICU), provide appropriate care, and achieve rational utilization of medical resources, this paper proposes to
establish a causal Bayesian network model for predicting mortality risk in high-risk AKI patients. 25 study variables
and 3 870 patient records are selected from the MIMIC-[Il (Medical Information Mart for Intensive Care [[[) database,
and causal discovery algorithm is used for feature dimension reduction. The NO TEARS algorithm is employed to
construct a causal graph and establish a causal Bayesian network for experimentation. Machine learning algorithm is
utilized to validate the rationality of important features, and causal effect estimation is performed on the network
structure. The model achieves the highest Area Under the Receiver Operating Characteristic (AUROC) score of 81.7%,
which is superior to Logistic Regression (LR), Random Forest (RF), and eXtreme Gradient Boosting (XGBoost).
Additionally, the predictive ability of important features in the model remains robust across various modeling scenarios.
The proposed causal Bayesian network has better prediction performance and good interpretability.
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Fig. 1 Data acquisition process diagram
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Fig. 2 Important feature acquisition process diagram
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Fig. 3 Structure diagram of causal Bayesian network model
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