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The scientific significance of time-series data in the study of sepsis
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Abstract The onset and deterioration of sepsis is usually fast and leads to a critical situation. It is important

to predict the prognosis ahead of time based on limited data and information of patients. Conventional data is al-

ways cross-sectional and defined as static data. The static data represents the status at one specific time point,

such as lab tests, biomarker parameters or clinical scores on the admission day. However, the change of data in a

period is called dynamic data and is more efficient in the prediction of septic prognosis. As a key variable, the time

might be added to many parameters, including electrocardiograph, ultrasound, and even gene expression. Time-

series data has an advantage in tackling multimodal data and appears to be efficient in the prediction of prognosis,

which is a potential tendency in the future.
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