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Model type
: : 1.00 . There is no single best feature selection algorithm (Figure A middle and Figure B left) or modelling type (Figure A bottom). Robust scaling dominated amongst the scaling methods for T and N (Figure A top).
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_ _ 050 marginal contribution, shows that each set of features have a range of importances to their classification in isolation and in combination with others (Figure B right). Boruta identifies features that
* Scaling Techn.lques. _ o | predominantly explain one class (shown in the example for M in Figure B right)
° Mean scalln_g to normalise fea_lture dlstrlbutlon.s 025 . Certain parameters have a larger effect on the model accuracy (through cross validations) compared to others (Figure C)
Robust scaling to reduce the influence of outliers 0.00 . Predictions on a holdout set shows us that the combination of scaling, feature selection and model types for the best model / predictions in terms of accuracy, sensitivity and specificity are different between

* Standard scaling for feature variance normalization
*  Imputation: Substitution of missing values with a low constant to preserve Metric [l Accuracy [ Sensitivity ll Specificity ScalingMethod ® mean ® standard ® robust
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