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MOTIVATION

« Variable Importance (VIMP) in Random Forest (RF) is relevant for variable selection, interpretability, domain knowledge and decision making.—l
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Visual Insights — easily interpretable outputs.

Scaled permutation variable importance
Figure 1: VIMP output of a RF.

PROPOSED APPROACH
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SIMULATION

DESIGN: RESULTS WITH PRE-SELECTION AND FALSE DISCOVERY RATE (FDR) ADJUSTMENT:
It was used by Degenhardt et al. (2019). Benjamini-Hochberg (BH) adjustment method.
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ILLUSTRATION: ALZHEIMER DISEASE STUDY
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Figure 4: Result of confirmatory analysis Figure 5: D) RF VIMP. E) Proposed approach (with pre-selection of variables) VIMP results.

(from Craig-Shapiro et al. (2011))
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