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ICU Clinical Intervention Prediction Based on GBDT
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(South China University of Technology , Guangzhou 510641 ,China)

Abstract; In the intensive care unit, real —time prediction of clinical interventions remains a challenge. As a result of the recent trend
towards digitization,a growing amount of information is recorded in hospitals. Doctors have access to a wealth of data about patients, but
they have little time and tools to process the data. Intelligent clinical decision support can provide doctors with predictive information
about when patients need specific interventions. Facing the characteristics of high density and high quality of data in ICU wards,, machine
learning algorithms that are good at processing massive data have attracted the attention of the medical profession. By extracting the
dynamic time series data and static demographic data generated by the patient during the ICU, the machine learning algorithms such as
GBDT and SVM are used to develop models to learn the representation of these data to predict when the patient needs continuous renal
therapy intervention. Forecasting is done in a forward-looking way to achieve “real—time” performance. Experiment shows that the
precision and recall of the GBDT model are both above 80% . The GBDT-based ICU clinical intervention prediction model can assist cli-
nicians in early warning of risks and timely intervention measures to improve patient prognosis.
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