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Results

(A) Gene features (before ComBat) (B) Gene features (after ComBat)
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ST4. The ROC-AUCs of AGAE score and 5 baseline models in the 5 test sets.

score
KNN RF KNN

Ensemble Elastic LASSO

learning net
Internal test set 0.852 0852 0814 0844 0815  0.692
GSE172114 0.921 0.893 0921 0895 0.889  0.508
0.759 0731 0688 0724 0.703  0.590
GSE177477 0.806 0.699 0745 0780 0.747  0.727
GSE157103 0.799 0793 0791 0.789  0.779  0.743
Average ROC- 0.827 0794 0792 0806 0.787  0.652

AUC

- 0.076 0.032 0.008 0.002 0.025




ABESS and Genetic algorithms Aided Ensemble learning score
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» We have developed a new machine learning ensemble model to predict the severity of COVID-19 cases and achieved
an average ROC-AUC of 0.827 in five test sets.

» We provided our in-house COVID-19 cohort (n=178), which was used as a training set (n=125) and an internal test
set (n=53).

» The gene-pairing feature extraction method in AGAE score can reduce the degree of batch effect. The adaptive best
subset selection algorithm and genetic algorithm can improve the accuracy and effectiveness of the AGAE score.

 An easy-to-use web-tool based on AGAE score was established (https://kwkxbioinfor.shinyapps.io/COVID19/).
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