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[ Abstract] Objective To systematically evaluate risk prediction models for unplanned 30-day readmission
in stroke patients,and to provide a reference for clinical healthcare providers in model selection.Methods
Databases including CNKI,PubMed, Embase,and CINAHL were retrieved to collect relevant studies on the
risk prediction models of unplanned 30-day readmission in stroke patients. The retrieval period was from
the inception to April 15,2024. Two researchers conducted bias risk assessment and applicability evaluation
on the included studies based on the bias risk assessment tool of the predictive model study.Results A total of
17 studies (32 models) with 108 to 803,124 patients and an outcome incidence of 2.01% to 24.1% were
included. Area under the ROC curve ranged from 0.43 to 0.989. Five studies reported calibration, six
underwent internal validation, one underwent external validation, and one underwent both internal and
external validation.The overall applicability evaluation of 15 studies was relatively good,with 1 having low
applicability and 1 being unclear. However,all of them presented a relatively high risk of bias. The high-frequency
factors included age, cardiovascular comorbidities,and length of hospital stay.Conclusions Current models are still
with deficiencies. Future research should improve research design and reporting process, recalibrate and externally
validate existing models to enhance generalization,focusing on modifiable predictors.
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