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Synonyms

variable importance

Abstract

A feature importance score quantifies, for each feature, how much it contributes
to the predictions of a learned hypothesis or to their quality. The permutation
importance of a feature is the increase of the average loss on a dataset when the
values of that feature are randomly permuted across the data points. A deci-
sion tree additionally offers an internal score by summing the improvement of
its splitting criterion over the splits that use the feature, and averaged SHapley
Additive exPlanations (SHAP) contributions yield another global score. Impor-
tance scores are properties of the learned hypothesis and the scoring dataset:
correlated features share their credit, and an implausibly large importance is a
symptom of data leakage.

Definition

A random forest serves as a classifier that predicts whether a day will be wet from
a weather station’s morning measurements. Whether its predictions deserve
trust depends on which of the measurements they rest on — and on whether a
column that should carry no information receives a large share of the credit.

A feature importance score quantifies, for each feature, how much that fea-
ture contributes to the predictions of a learned hypothesis ĥ, or to their quality.
The permutation importance of the j-th feature is the increase of the average
loss on a dataset when the values of that feature are randomly permuted across
the data points, which breaks their association with the label while leaving the
feature’s marginal distribution intact (Breiman, 2001; Fisher et al., 2019). A
feature whose permutation leaves the average loss unchanged played no mea-
surable role for ĥ on that dataset (Fig. 1). Permutation importance treats ĥ
as a black box; a decision tree additionally offers an internal score, obtained by
summing the improvement of its splitting criterion over all splits that use the
feature (Hastie et al., 2009). SHapley Additive exPlanations (SHAP) assigns
each feature a contribution to one single prediction (Lundberg and Lee, 2017);
averaging the magnitudes of these contributions over a dataset yields another
global importance score.

1

mailto:alex.jung@aalto.fi


0 5 · 10−2 0.1 0.15
station id

cloud cover

air pressure

morning temp.

permutation importance (increase of average loss)

Figure 1: Permutation importances of four features for a hypothetical rain clas-
sifier (schematic values). Permuting the morning temperature or the air pressure
raises the average loss noticeably, so the predictions rest on these two features;
the station id contributes nothing, as it should

Importance scores are properties of the learned ĥ and the dataset used for
scoring, not of the world: two strongly correlated features share their credit,
so permuting either one alone understates how much the pair carries (Fisher et
al., 2019). The scores also serve as an audit: a feature that could not plausibly
matter but receives a large importance points to data leakage, and a feature
whose removal leaves the importance ranking and the average loss unchanged
was not needed. As a global summary of which features matter, feature impor-
tance is one of the tools of explainability for otherwise opaque methods such as
a random forest.
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