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I b ﬁl X~ ﬂg!a Background

Proteomic and metabolomic characterization of COVID-19 patient sera
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I 3 ”ftﬂ R %!’ The study design and modeling workflow

A : B : —— Cc
Patients screened Matrix (reading*indexes)
(N'=841) 3065*124 Patients
SARS-CoV-2 nucleic acid tests Including criteria =29
1) Symptom onset dose not Diagnosis criteria
exceed 12 days.
2) Missing value for each
reading is less than 90%.
RNA negative RNA positive Exclusion criteria Y Y
(N=697) (N =144) 1) Readings with definite Non-Severe patient Severe patient
] o diagnosis for severe COVID-19. (N=14) (N=11)
Exclusion criteria Diagnosis criteria
1) Lacking chest CT results. 1) Respiratory distress, respiratory rate Matrix
> 30 beats/min. (358*124)
2) Oxygen saturation < 93% in the Extract 11 features
e resting state. By month cutoff A 4
on- - atien - :
(N = 65) p 3) Arterial blood oxygen part_lal Independent test dataset
pressure/oxygen concentration < 300 4 (25*11)
Hg (1 Hg = 0.133 kPa).
mmHg (1 mmHg a) Discovery dataset
(228*124)
Y
l l | Predicted results
Non-Severe patient Severe patient Training | /| Validation
(N'=108) (N =36) 8/10) |~ | (2/10 .
| i) (2/19) Independent test patient cohort.
Y
17 categories of data Feature selection y | Test dataset
past medical history and modeling 7| (130*124)

Matrix (reading*indexes) ¢
3065*124 Predicted results

The COVID-19 patient cohort The workflow of the modeling process.
Eleven Routine Clinical Features Predict COVID-19 Severity
medRxiv 2020.07.28.20163022; (Unpublished, not peer-reviewed)
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The detailed process of building up the machine learning model

Feature Selection Model Training Prediction

Discovery dataset (reading*indexes) Discovery dataset (reading*indexes)

Test dataset (reading*indexes)
228*124 228*124

130*124, 25*11

Import imputation and
standardization

Data imputation and Data imputation and parameters | Data imputation and
standardization standardization standardization
¢ ¢ Import active
Active

1 feature loading [
Randomly generate Feature —>| Load 11 acitve featuresl
feature combinations

‘rILoad features and data
Pool
¢ 7'y ¢
Load dat A split Random split into training \ 4
oad data and spll and validation set (228*11 ; _»l A |
| cross validation set ( ) ;;?"\;‘ed Predict

Selection, ¢ Iﬁ Model l
Crossover, - - - T
variation of Get fitness by > ‘Trflln‘ the SV:VI 1rggg|1e1l —3
feature cross-validation in training set ( ) Classification results

combinations l *

Optimize the hyper- ||Validate the model in
parameter of the model || validation set (46*11)

alidation results are
optimal2
Yes

Add effective features to |— Yes
Active Feature Pool

Get effective feature?

Import SVM model parameters
and hyper -parameter

The detailed workflow contains four major steps: i) data preprocessing (green); ii) feature
selection (blue); iii) building up the machine learning model (pink); iv) prediction results (yellow).
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I 7 ”}7{] 7" %ﬁ;’ Evaluation of the performance of the model

A
Discovery dataset Test datasets
Training dataset (n = 182) Validation dataset (n = 46) Test dataset (n = 130) Independent test dataset (n = 25) Severe and Non-severe cases are
1750 g5 w0l 120) "o ., shown as scatter plots in different
. xS ° Dy o
ol | 1 B ik 0] " g 20 . ! colors (red: severe; blue: non-severe).
° o °® 80 [N .
L. e . 15 s .
ik i ol @ ° . The cutoff _of_the_ predicted score was
50 | . P I oL 0.45. X-axis indicates the predicted
05 g . R . 20 f AR 5, * e scores, representing the probability of
0 0 0. ° 0 3.. o0 0 ° . . . . . a
00 02 04 06 08 10 00 02 04 06 08 00 02 04 06 08 10 00 02 04 06 08 dlgease Severlty fOf' each time pomt. Y
Label ON-—>N ©S—>S ON—>S @S—>N axis denotes the indexes of samples.
B ¢ Discovery  Test Independent N—S indicates a non-severe case
1.0 1.0 dataset  dataset test dataset . .
Count 228 130 25 383 which was predicted as a severe case.
0.8 o 0.8 Non-severe 198 94 14 306
2 b Severe 30 36 " 77
006 © 06 Ratio 0.13 0.28 0.44 0.20
2 £ N— N 197 92 13 302
804 S04 N— § 1 2 1 4
® 2 s—s 27 20 7 54
E 0.2 E 02 S— N 3 16 4 23
Training AUC = 1.00 Test AUC = 0.89 Sensitivity ~ 0.90 056 0.64 0.70
0 Validation AUC = 0.98 0 |ndependent test AUC = 0.75 SpeCIﬂCIty 0.99 0.98 0.93 0.99
PPV 0.96 091 0.69 0.93
00 02 04 06 08 10 00 02 04 06 08 10 NPV 099 085 01 0.93
False positive rate False positive rate Accuracy 098 0.86 0.80 0.93
ROC plots of the performance of support vector Summary of the performance metrics.

machine (SVM) for severity prediction.
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Evaluation of the performance of the model

A
Discovery dataset Test datasets
Training dataset (n = 182) Validation dataset (n = 46) Test dataset (n = 130) Independent test dataset (n = 25) Severe and Non-severe cases are
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B c Discovery  Test Independent N—S indicates a non-severe case
1.0 1.0 dataset  dataset test dataset . .
Count 228 130 25 38 which was predicted as a severe case.
0.8 0 08 Non-severe 198 94 14 306
2 b Severe 30 36 " 77
006 206 - - e - -
E= Z ) Time since onset (days)
So4 204 Label
2 g —l ] 14— 038 092 060 082 079 1.00
F0.2 =02 N— S
Training AUC = 1.00 Test AUC = 0.89 N 58— 058 100 100 076 082 0.50
0 Validation AUC = 0.98 0{ Vindependent test AUC = 0.75
00 02 04 06 08 10 00 02 04 06 08 10 N 912> 067 1.00 1,00 0.94 0.91 oD
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ROC plots of the performance of support vector
machine (SVM) for severity prediction.

Summary or the perrormance metrics.
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\E ”ﬁj 7’: ﬂﬁﬁ;’ Dynamic changes of key clinical features over 7 weeks
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