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In-house data

Collected 5 COVID-19 cohorts
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Feature
engineering

251 genes are related to
severity (Pearson
coefficient>0.55)
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(251x250)/2= 31375
gene-pairs
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5925 gene-pairs

lABESS algorithm

Construction of basic learners
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10-fold CV and grid search I

:

7 gene-pairs
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Elastic net models

RF models

Construct 50 models (m1-mS0) using
methods below
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KNN models

SVM models

Start genetic algorithm for basic
model selection in ensemble learning
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Calculate fitness of current |
chrom es

Keep best chromosome unchanged

Cross selected chromosomes using
selection operator
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Perform chromosome mutation

Construction of
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Analysis of AGAE score:

1.Compared with S
baseline models.

2.GSVA analysis.

3.5sGSEA analysis.

5.Clinical information
analysis.

6.Web-tool.
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4. Ablation experiments.
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Algorithm 1: The algorithm of AGAE

Input: Training set, 7.

Output: The trained AGAE score model My, 4000 -

The feature engineering. Select the signaficant genes whose absolute
Pearson coefficient with severity level is greater than 0.55 in in ;. These
genes are labelled as G ;

Pair the genes of G; (Equation 1) in 77 set to avoid batch effect and
then select the gene-pairs whose frenquency of "1 label is greater than
0.2 and less than 0.8 in the training set and get the gene-pair set Ga ;
Perform ABESS algorithm (Equation 4-11) on G> in 77 and then get
the gene-pair set Gy ;

The construction of basic learners. Construct 4 kinds of severity
prediction models. Firstly, perform 10-fold CV and grid search in the 7,
set and then built Aj.,. models using the whole T; set and these models
are sorted by MSE value in CV from low to high (my...mpy):

The construction of AGAE score model using genetic
algorithm. Set up an ensemble learning model using the m; model

parameters. Perform the genetic algorithm in the 7; set. And set the

paramete ‘mgy Nraunds Nehromosome

for training iterations i = 1, ....Nrouna do

Compute current fitness value f(x) by Equation 13 and keep the

chromosome with highest fitness unchanged ;

Selecte chromosomes according to Selection operator (Equation 14);

Cross selected chromosomes ;

Generate mutated chromosomes according to A7, (Equation 15);
endfor

All features  {1,2,.......p}
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Fitness value in genetic algorithm
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1FEXC

(A)

(B)

In-house data (internal test set, n=53)

In-house data (training set, n=125)
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1FEXC

ROC in training and internal test sets ROC in 4 external test sets
= | =
o o
= =
o o
= . ==
] T
5 o
wl =t o=
= =T
)
B | i
= = — GEENT2114, AU = B921°
) = GSE165484 ALKC = 0.759"
— In-hnme‘]:ll'rg-:e{.ﬁulﬂ = 0881 . GEEITTATT. ALK = 0. p06*
[} . — Imshiouse internal best s, AUC = 085 i i — GEEIETION. ALK = 0, o
= | 1 | | | | = | ] | ] | | |
1.0 0.8 0.6 0.4 0.2 0.0 1.0 0.8 0.6 0.4 0.2 0.0
Spacificity Speacificity

AGAE B3 EVIZER 5 MIRE LRI .



1FEXC

(A) Gene features (before ComBat) (B) Gene features (after ComBat)
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*NFEFE 4. AGAE 7F43 B ROC-AUC 1 5 MRS 5 ML,

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
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ABESS and Genetic algorithms Aided Ensemble learning score
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