Deep Learning Based Sepsis Intervention: The Modelling and Prediction of Severe Sepsis Onset
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Utility Score AUROC AUPRC Accuracy FI Score
Team Name
SR Set A SetB | SetA SetB | SetA SetB | Set A SetB | SetA SetB
Proposed Methodology 0415 0450 | 0.855 0893 | 0391 0351 | 0971 0979 | 0.420 0.412
Can I get your signature? | 0.433  0.434 | 0000 0000 | 0.000 0000 | 0828 0888 | 0.130  0.140
Comb|ned Loss Function Sepsyd 0409 0396 | 0811 0853 | 0105 0.119 | 0.819 0901 | 0.131 0.142
Separatrix 0422 0395 | 0814 0844 | 0102 0110 | 0803 0.882 | 0.128 0130
FlyingBubble 0420 0401 | 0813 0855 | 0108 0117 | 0798 0.878 | 0.126  0.129
CTL-Team 0401 0407 | 0806 0846 | 0101 0116 | 0797 0.891 0.122  0.137

Significantly Improved
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