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[ Abstract] Objective To evaluate the construction and validation of risk prediction tools for unplanned re-
admission to the intensive care unit(ICU) ,and to explore their potential for clinical application.Methods
The scoping review methodology framework was used to retrieve relevant literature from PubMed, CI-
NAHL, Web of Science, Cochrane Library, Embase, CNKI, VIP, Wanfang, and China Biology Medicine
disc from the inception of each database to March 1, 2024. Results 19 studies,including 18 models, were
included, with unplanned readmission rates ranging from 2.36% to 9.93%.The area under the receiver op-
erating characteristic curve(AUC) for 12 models exceeded 0.75.Age,respiratory status,heart rate,gender,
and disease diagnosis were commonly used predictive variables.Conclusions 13 models were presented as
tools,and the majority demonstrated good discriminative ability. Machine Learning (ML) showed domi-
nance in improving accuracy, but model interpretability, clinical applicability, and external validation need
to be further investigated.It is necessary to enhance model generalizability and accuracy,optimize their clin-
ical application,and develop more intuitive and user-friendly models in the future.
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