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Motivation

* How to adapt traditional prediction tasks for COVID-19 patients in intensive care units? .
 How to choose the best model among various options of predictive models?

Datasets and Experiment Settings

Dataset 1 (Tongji Hospital COVID-19 Dataset (TJH)):
* 361 patients, 1,338 records, 45.98% (166) mortality rate
 Dataset 2 (Covid Data Save Lives (CDSL)):

Objective: Build a fair, comprehensive and open-source benchmark for COVID-19 , ,
e 4,255 patients, 42,204 records, 45.98% (540) mortality rate

prediction models in ICU.

18 baseline models
* 1 Clinical scoring model: 4C mortality score [1]
 Task 1 (Early mortality prediction): Predict the mortality risk at the early stage. 5 Machine learning models: Decision tree (DT), Random forest (RF), ...
* Task 2 (Outcome-specific length-of-stay prediction): Predict the outcome and length-of- * 6 Basic deep learning models: MLP, RNN, Transformer [2], ...
stay simultaneously. * 6 EHR-specific predictive models: RETAIN [3], AdaCare [4], ...

Prediction Tasks

Results
Early mortality prediction (part):
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* m denotes the model trained with multi-task setting, t denotes two-stage —
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