STATISTICAL ANALYSIS (SUPPLEMENTARY FILE)

The second part of the statistical analysis in the present study was aimed at elaborating a new accurate, generalizable and easy-to-use classification rule to identify high-risk patients that could be applied in the first 12-24 hours after admission. In order to render the Methods section clearer and easier to follow, we have included this supplementary information describing with more detail the process followed to elaborate the classification rules:

To analyze 6-week mortality in our cohort, we considered logistic regression as an appropriate alternative to the Cox model due to the short follow-up time, availability of complete follow-up data for all patients, and easier clinical interpretation of odds ratios and probabilities compared to hazard ratios. A hierarchical and exhaustive logistic regression analysis strategy was conducted. As starting point, the choice of all candidate variables was based on clinical relevance according to the most recent prognostic and therapeutic studies on the issue (5-8,13,14), and all variables were considered for multivariate analysis regardless of the p-value obtained in the descriptive univariate analysis. The strategy to identify the best prognostic model from our cohort consisted in the generation and evaluation of all possible models from all candidate variables by a specific SPSS script (AllSetsReg - 2010, Domenech JM and Navarro JB, Laboratori d’Estadistica Aplicada, UAB, Barcelona, Spain). This script considers all possible combinations of variables and their interactions (specified by the researchers based on previous knowledge and pairwise correlation analysis of candidate variables), then performs the logistic regression analysis, calculates a prognostic index from the beta coefficients of the model (as previously described)(5) and classifies them according to different statistical parameters. However, in order to refine the strategy and minimize spurious results, three prespecified rules were followed to choose among all candidate models. First, knowing that the number of deaths in the cohort was 26, only those models with a maximum of three variables were retained for further consideration, in order to avoid overfitting. Second, based on the well-known central role of parameters of liver function in the prognosis in this setting, it was considered that all finals models should include either Child-Pugh score (or class), MELD score or a combination of at least two of their components. However, in order to avoid the expected interaction between these variables, any model including at the same time Child-Pugh and MELD score or either one of them with their individual components was discarded. And third, the strategy was optimized to maximize the specificity of the classification rule over its sensitivity (to minimize unnecessary aggressive procedures in patients that otherwise would have good outcomes with the current treatment, according to our main hypothesis). Baseline creatinine was introduced separately in models either as a quantitative variable or categorized (2 or 3 categories). The choice of cut-off points (1.0, 1.35 or 1.50 mg/dl) was based on previous knowledge (5) and inspection of probability plots and Receiver Operating Characteristic (ROC) curves. Final models were then classified based on different statistical criteria. Reduction of the logarithm of the likelihood ratio (-2LL) was used as a descriptive measure of calibration (the closer –2LL gets to 0, the better the model adjusts to explain the outcome). For discrimination (how well classes in the data set with different outcomes are separated), we used the Area under the ROC curves (AUC) of the predicted probability of mortality for each model. The final model was selected taking these statistical parameters into account, in accordance to previous knowledge and especially to its potential clinical and research value. 

In order to facilitate the interpretation of the model by the non-statistician, and to serve as guide of expected outcomes for research purposes, a pocket-chart with the expected probabilities of the different combinations of included variables was constructed. To build the chart, the predicted probabilities of 6-week mortality were calculated from a logistic regression model including Child-Pugh class (A/B/C), baseline creatinine level <1.0 mg/dL (no=0, yes=1) and presence of hepatocellular carcinoma (no=0, yes=1). Although the logistic regression model including Child-Pugh as a score yielded a slightly more accurate model, Child-Pugh score was included categorized in Child-Pugh classes when constructing the table for ease of interpretation. The combination of Child-Pugh class A, baseline creatinine <1.0 and no hepatocellular carcinoma was used to define the reference group from which mortality probabilities were calculated. The formula to calculate the predicted probabilities for the different subgroups according to this model was: [Child-Pugh class B (0/1) x 0.901] + [Child-Pugh class C (0/1) x 2.586] + [hepatocellular carcinoma (0/1) x 1.717] + [Creatinine ≥1.0 mg/dl (0/1) x 1.359] – 4.479. The SPSS statistical package (SPSS Inc., version 15.0, Chicago, IL, USA) was used for the analysis.

Finally, a Classification And Regression Tree  (CART) analysis was conducted, using the same variables included in the logistic regression approach. This method is especially suited to detect relevant interactions between variables, and allows a straight-forward visual identification of subgroups of patients that share a specific combination of clinical characteristics and a similar prognosis (5,15). For CART analysis, we used the CART Pro v6.0 software (Salford Systems, San Diego, CA, USA). 
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