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Additional file 2: Figure S2-11: Flow diagram for selection of patients.
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Additional file 2: Figure S2-2: Selection of variables using LASSO (least absolute shrinkage and selection operator) binary logistic regression model. 
(A) Optimal lambda selection in the LASSO model using 10-fold-cross validation, a partial likelihood deviance curve was plotted versus Log lambda. Dotted lines were drawn at the optimal values. (B) LASSO coefficients profiles of the 20 variable candidates. Dotted line indicates the best lambda value that determines an optimal model with 13 variables with coefficients other than zero (lambda = 0.0068, log(lambda) = -4.98).
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In the process of selecting the variables to be included in the definitive model, the LASSO algorithm helps us to determine within the 20 candidate variables those with the greatest weight, which are those that show, once regularized, coefficients other than a value of zero. 
In figure A the algorithm defines the best number of variables to include in a range between 12 and 18. And, in figure B the 13 variables that should be included in the definitive model are identified.



[bookmark: _Hlk79324650]Additional file 2: Figure S2-3: Performance evaluation of the Logistic Regression (LR) model.
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Additional file 2: Figure S2-4: Performance evaluation of the TRISS model.
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Additional file 2: Figure S2-5: Performance evaluation of the RETRASCORE model.
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The basic interpretation of the evaluated parameters. Optimal values: global assessment with Brier of 0, discrimination with AUCROC of 1, and calibration with Intercept of 0 and Slope of 1.
The LR model and the RETRASCORE models were analysed and the TRISS model was used as a comparison. Additional file 1: Figure S3, S4 and S5 show the values of global performance (Brier score) in the three models, which was similar in the derivation and validation sets and amongst all of them; discrimination with the AUROC with higher values (from the DeLong test with p <0.001) of the LR model and RETRASCORE (higher than 0.9) compared to the TRISS. The calibration is shown as a calibration curve in risk deciles and intercept and slope fit values, which were acceptable in the LR and RETRASCORE models and showed an overestimation in the TRISS.
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