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Quantile oriented Shapley effect via projected random forest
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Global Sensitivity Analysis (GSA) is an important tool to better understand the behavior of black
box models. Among the numerous methods for GSA, variance-based approaches have received
much attention (Sobol’ indices introduced in [1]). Only a few papers focus on Quantile Oriented
Sensitivity Analysis (QOSA), which can help in analysing the behavior of the response at different
quantile levels [2 , 3, 4, 5]. In [6], we introduced a new estimation procedure of QOSA indices based
on the notion of projected random forest [7], with the initial random forest built from a criterion
designed for quantiles: the pinball loss also known as quantile loss [8], with theoretical guarantees.
Although informative, QOSA indices suffer from the drawback that they do not obey, even in the
framework of independent inputs, any analogue to the variance decomposition offered by Sobol’
indices through the theorem of Hoeffding [9]. This is the main reason why [5] introduced new
indices based on the Shapley values [10]. While [11] introduced Shapley effects as variance-based
measure importance, [12] suggested to adapt the value function to reach information on quantiles.
In the present work, we propose to estimate the so-called quantile-oriented Shapley effects (QOSE)
by combining the projection [7] of random forests built with from the quantile oriented criterion
we introduced in [6], as far as arguments from Lundberg et al. Algorithm [13]. We implement our
estimation procedure on both analytical examples and real data.
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Figure 1: Box-plot on toy example with 100 repetitions. Red cross is ground truth. Red box is
estimation from exhaustive search, blue box is our Monte-Carlo approximation result.

Model setting in Fig. 1:

Y = β⊺X, with β = (1, 1, 1)⊺. X ∼ N (µ,Σ) with µ = (0, 0, 0)⊺,Σ =
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 , σ1 =

σ2 = 1, σ3 = 2, ρ = −0.5, 0, 0.5. Sample size n = 2000.
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