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Abstract: To achieve dynamic early warning of mortality events in critically ill patients based on non—invasive physiological
parameters, 30 parameters from 4 738 adult patients were extracted from the elCU Collaborative Research Data-
base. After preprocessing including one-hot encoding, sampling rate consistency processing, and data imputation,
the data were input into and used to train a LightGBM model. A lookahead window was added between the learning
window and the prediction window to provide valuable decision-making time for doctors, and a 10—fold cross—vali-
dation method was used to optimize the model parameters, constructing the optimal dynamic early warning model for
mortality events. The results showed that the prediction accuracy of the constructed model was 0.852, and the area
under the ROC curve was 0.875. The predictive performance of the model was positively correlated with the learning
window and negatively correlated with the lookahead window. The dynamic early warning model based on continu-
ous non—invasive parameters can timely detect mortality events in critically ill patients, avoiding the dependence on
laboratory parameters in traditional methods, gaining valuable foresight time for the formulation of patient treatment
strategies, and greatly improving the work efficiency of medical staff and patient treatment outcomes.
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