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Table S1. Baseline characteristics of patients from external cohort who died or survived within 72

hours.
Alive Dead p
(N =1473) (N =200) Value*
Demographic characteristics
Age', years 41 (28, 56) 48 (32, 68) <0.001
Sex'
female 385 (26.1) 56 (28.0) 0.575
male 1088 (73.9) 144 (72.0)
BMI', kg/m”2 24.5(22.3,26.3) 25.1(23.0,27.4) <0.001
Scoring system
ISSf 27 (21, 34) 29 (25, 43) <0.001
GCST 14 (3, 15) 33,3 <0.001
Laboratory test
pH' 7.35(7.30, 7.38) 7.29(7.19, 7.36) <0.001
BET, mmol/L -2.50 (-4.30, -0.90) -5.15 (-8.55, -2.39) <0.001
Lactate’, mmol/L 2.10 (1.40, 3.00) 3.37(2.30, 5.58) <0.001

"Values are presented as the median (inter-quartile range).

Values are presented as number (percentage).

* P values between groups were assessed by the Chi-square and Mann-Whitney U tests.
Abbreviations: BMI, body mass index; ISS, injury severity score; GCS, glasgow coma scale; BE,
base excess.
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Figure S1. Cohort and sample selection. This flow diagram shows patient inclusion and exclusion
criteria in each cohort as well as the dataset partition for training, internal and external validation

cohorts.

Abbreviations: ISS, injury severity score.
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Figure S2. Proportion of missings for each variable.
Abbreviations: BMI, body mass index; BE, base excess; GCS, Glasgow coma scale; ISS, injury

severity score.
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Figure S3. Comparisons between raw data and imputation data. (A), (C)-(F) Missing data of each
variable was imputed by using the KNN algorithm. (B) Missing data was imputed by combining the
KNN algorithm and robust multivariable linear regression.

Abbreviations: KNN, k-nearest neighbor; BMI, body mass index; BE, base excess; GCS, Glasgow

coma scale; ISS, injury severity score.
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Figure S4. Grid search method to determine hyperparameters of XGBoost models.

Abbreviations: XGBoost, extreme gradient boosting; ROC, receiver operating characteristic curve.

7/ 25



XGBoost
0.7

0.6 Optimal rounds = 980

0.11

0.0 L T T T
0 250 500 750 1000

Rounds
Figure S5. Grid search method to determine best rounds of XGBoost models.

Abbreviations: XGBoost, extreme gradient boosting.
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Figure S6. Neural network interpretation diagram. The light green lines indicate positive weights
and light blue lines indicate negative weights. The first layer receives the input variables (I1 through
I7) and each is connected to all nodes in the hidden layer (H1 through H4). The output layers
(Olthrough O2) are connected to all hidden layer nodes. Bias nodes (B1 through B2) provide a
function that is similar to the intercept term in a linear model and are shown as connections to the
hidden and output layers in the plot.

Abbreviations: BMI, body mass index; ISS, injury severity score; GCS, Glasgow coma scale; BE,

base excess.
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Figure S7. ROCs for RF models in training dataset with 10-fold internal cross-validation repeated

100 times.

Abbreviations: ROCs, receiver operating characteristic curves; RF, random forest; NN, neural

network; XGBoost, extreme gradient boosting.
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Figure S8. ROCs for NN models in training dataset with 10-fold internal cross-validation repeated
100 times.
Abbreviations: ROCs, receiver operating characteristic curves; RF, random forest; NN, neural

network; XGBoost, extreme gradient boosting.
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Figure S9. ROCs for XGBoost models in training dataset with 10-fold internal cross-validation
repeated 100 times.
Abbreviations: ROCs, receiver operating characteristic curves; RF, random forest; NN, neural

network; XGBoost, extreme gradient boosting.
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Figure S10. PRs for RF models in training dataset with 10-fold internal cross-validation repeated
100 times.
Abbreviations: PRs, precision-recall curves; RF, random forest; NN, neural network; XGBoost,

extreme gradient boosting.
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Figure S11. PRs for NN models in training dataset with 10-fold internal cross-validation repeated
100 times.
Abbreviations: PRs, precision-recall curves; RF, random forest; NN, neural network; XGBoost,

extreme gradient boosting.
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Figure S12. PRs for XGBoost models in training dataset with 10-fold internal cross-validation
repeated 100 times.
Abbreviations: PRs, precision-recall curves; RF, random forest; NN, neural network; XGBoost,

extreme gradient boosting.
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Figure S13. Calibrate plots for RF models in training dataset with 10-fold internal cross-validation

repeated 100 times.

Abbreviations: RF, random forest; NN, neural network; XGBoost, extreme gradient boosting.
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Figure S14. Calibrate plots for NN models in training dataset with 10-fold internal cross-validation
repeated 100 times.

Abbreviations: RF, random forest; NN, neural network; XGBoost, extreme gradient boosting.

17 / 25



1.0

— = RF (Brier = 0.11£0.01) ;
=== NN (Brier = 0.12£0.01) /4
—— XGBoost (Brier = 0.12£0.01) 7
0.8
>
—
206
©
Q
o
-
o
©
204
&}
<
0.2
0.0

0.0 0.2 0.4 0.6 0.8 1.0
Predicted Probability

Figure S15. Calibrate plots for XGBoost models in training dataset with 10-fold internal cross-

validation repeated 100 times.

Abbreviations: RF, random forest; NN, neural network; XGBoost, extreme gradient boosting.
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Figure S16. Decision curves for RF models in training dataset with 10-fold internal cross-validation

repeated 100 times.

Abbreviations: RF, random forest; NN, neural network; XGBoost, extreme gradient boosting.
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Figure S17. Decision curves for NN models in training dataset with 10-fold internal cross-validation
repeated 100 times.

Abbreviations: RF, random forest; NN, neural network; XGBoost, extreme gradient boosting.
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Figure S18. Decision curves for XGBoost models in training dataset with 10-fold internal cross-

validation repeated 100 times.

Abbreviations: RF, random forest; NN, neural network; XGBoost, extreme gradient boosting.
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Figure S19. Rank score of importance for predictors.
Abbreviations: RF, random forest; NN, neural network; XGBoost, extreme gradient boosting; GCS,

Glasgow coma scale; ISS, injury severity score; BMI, body mass index; BE, base excess.
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Figure S20. Confusion matrix plots, calibration plots, AUROCs, AUPRCs, and DCAs for models
in the external validation cohorts.

Abbreviations: RF, random forest; NN, neural network; XGBoost, extreme gradient boosting; AUC,
area under curve; AUROC, area under the receiver operating characteristic curve; AUPRC, area

under the precision-recall curve; DCA, decision curve analysis.

23/ 25



1.0 1.0 i —— Combine: AUC = 0.67
. — = ISS+GCS: AUC = 0.51
! - -~ pH+BE+Lac: AUC =042
08 o8 t——-—-~ - — Age+BMI: AUC =03
EO.S § 0.6
2 @
B 04 04
0.2 P —— Combine: AUC = 0.87(0.84-0.83) 0.2 .
.-',' — - ISS+GCS: AUC = 0.77(0.73-0.8) .
,',‘ - == pH+BE+Lac: AUC = 0.71(0 67-0.75)
0.0 == Age+BMI: AUC = 0,58(0.53-0.62) 0.0
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 04 0.6 0.8 1.0
1 - Specificity Recall
0.3 4
1.0 ~=— Combine: Brier = 0.115, Log Loss = 0.359 w— ALL
—~e— ISS+GCS™™": Brier = 0.162, Log Loss = 1.784 . Nane
—s— pH+BE+Lac***: Brier = 0.161, Log Loss = 0.542 —— Combine
0.8 —— Age+BMI""™ Brier = 0.202, Log Loss = 0.997 ya — - ISS+GCS
0.2 *-"-_‘ - == pH+BE+lac
g. k! == Age+BMI
Sos =
5 2
o )
a @ -
S04 2
©
<
0.2
0.0 ] Lo n n un n w1 01 . . : : .
0.0 0.2 04 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Predicted Probabilibty Threshold Probability

Figure S21. AUROCs, AUPRCs, calibration plots, and DCA for random forest models in the
internal validation cohorts.

Abbreviations: AUROC, area under the receiver operating characteristic curve; AUPRC, area
under the precision-recall curve; DCA, decision curve analysis; GCS, Glasgow coma scale; ISS,
injury severity score; BMI, body mass index; BE, base excess. **P for Hosmer-Lemeshow test <

0.001.
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Figure S22. AUROCs, AUPRCs, calibration plots, and DCA for random forest models in the
external validation cohorts.

Abbreviations: AUROC, area under the receiver operating characteristic curve; AUPRC, area
under the precision-recall curve; DCA, decision curve analysis; GCS, Glasgow coma scale; ISS,

injury severity score; BMI, body mass index; BE, base excess.
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