Feature Prevalence Assessment 
 Let  represent the clinical features associated with each patient. The first step of our approach is a feature ranking principle to quantify the importance of each feature with respect to each predictive power towards severe infection prediction. This can enhance computation time, classification accuracy, and model generalizability by removing noisy features, and aid model [40, 41].  
The feature prevalence step utilizes a supervised scoring metric,   representing the prevalence of a feature  (indexed  from ). This metric combines aspects of both filter and embedded methods of feature selection. The filter method selects features based on their scores in univariate statistical tests, measuring their correlation with the prediction target. This includes measuring the linear dependence between a feature and the sample label. However, it may inadvertently select redundant predictors due to correlated features. In contrast, the embedded method, typically implemented through classification models with built-in feature selection properties like L1-regularized linear models, considers multivariate relationships but is limited to detecting linear relationships between features and the target label. To address the objective of feature ranking, we've tailored the conventional embedded paradigm by scrutinizing the coefficients learned through L2-regularized linear models, evaluating the relative importance assigned to each feature. Likewise, for the filter metric, features are ranked based on their absolute correlation score with the target, rather than relying on a significance threshold for selection. The synergy of these approaches mitigates the inherent limitations of each while capitalizing on their individual strengths in feature ranking.
Towards evaluating the effectiveness of these methodologies, we partitioned the training dataset into 10 subsets. 
First, for each of the 10 subsets, various correlation metrics, lasso, χ2, ANOVA F-value and mutual information, were computed to quantify the association between each feature and the infection prediction. These metrics were used to rank features based on their correlation magnitude. The filter metric score of a feature was then determined by counting the number of splits in which it was selected across correlation metrics, resulting in a score ranging from 0 (not selected) to 10 (selected in all splits and across all metrics). By ensuring a fixed number of features for each split and scoring method, we standardized diverse feature importance metrics into a common numerical space ranging from 0 to 10. The resulting embedded and filter scores were then normalized to the range  using min-max normalization across features. These relative metrics were summed together to obtain the prevalence score . 
Parallel to that, a range of linear and tree-based ML classifiers were trained on these subsets to predict the severity of the condition under consideration. These classifiers encompassed decision tree, linear support vector machine, gradient boosting, AdaBoost. Subsequently, we extracted model coefficients or feature importance values from these classifiers and ranked the features accordingly. The top 20% of features were selected, and the embedded metric score of each chosen feature was increased by 1. This iterative process was repeated for each subset, yielding a score ranging from 0 (indicating never being selected) to 10 (indicating selection in all splits). This score provides insight into the frequency with which a feature was chosen across all models and subsets, thus aiding in discerning its significance in the predictive task at hand.
 
Low dimensional Correlation-free Signature Extraction
Let us denote the prevalence for each clinical feature, represented by , as determined through the combined filter and embedded methods presented earlier. This evaluation overlooks potential correlations between features and neglects to consider the varying accessibility of certain features compared to others. Conventional approaches to mitigate correlation often resort to pairwise comparisons across variables. However, this method is inherently recursive and recognized as suboptimal due to its failure to fully consider the intricate global interactions present across the entire set of variables. By focusing solely on pairwise comparisons, it may miss crucial dependencies and overlook complex relationships that could significantly impact the analysis. As such, there is a pressing need for more advanced techniques that can effectively address correlations while also accounting for the accessibility and practical implications of individual features in the overall modeling process. 
We adopt a comprehensive approach to address this issue. Let's consider, without loss of generality,  as a class of features grouped together due to strong statistical behavior similarities, with  being the most prominent feature for predicting severity within this group. In this scenario, it's imperative that the prevalence of this feature, denoted as , is maximized. 
Additionally, the statistical similarities between this feature and the remaining features within the group should also be maximized.  

 where can refer to any arbitrary statistical correlation metric.
This ensures effective leverage of the predictive power of the prominent feature, with a weighting factor balancing the importance of both terms. Simultaneously, it preserves consistency and coherence within the group, thereby bolstering the overall robustness and interpretability of the analysis.
This concept can be further extended to encompass all features and facilitate automatic extraction of sub-groups. Each subgroup can then be associated with its most prevalent feature, even when the number of groups, the members of each group, and the most prominent feature within each group are initially unknown. Let  being the group associated with the variable , and let  being the most prevalent feature for the group . Our objective is to minimize the number of clusters while maximizing the previous formula, leading to the following minimization formula for an arbitrary score, an arbitrary similarity function and an arbitrary weight.

 
To minimize this objective, we use linear programming exploring the duality principles as suggested by Komodakis [19].  This method offers the capability to automatically ascertain the number of subgroups, associating each variable with a subgroup, and minimizing the number of subgroups based on the weighting factor α.	Comment by Daniel Pescia: TODO Ref
For assessing similarity across variables, we utilized the Kendall correlation coefficient. Regarding the scoring mechanism, we employ the logarithm of the prevalence score. This approach ensures efficient grouping of variables while incorporating their statistical behavior and prevalence, contributing to a more structured. low dimensional and interpretable analysis. 
 The complete results of the different methods are presented in the supplementary table 3 for different \alpha weights. 
 
Addition references
40	 Kuhn M, Johnson K. Applied Predictive Modeling. 2013
41	Cai, Jie et al. Feature selection in machine learning: A new perspective. Neurocomputing 300 (2018): 70-79



