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Abstract

When dealing with prediction problems, analysts rely on variable importance measures and
global sensitivity measures to understand the predictive power of variables and uncover the
relationships in the data [10]. When the data generating process (DGP) is unknown, analysts
typically train machine learning models to use as surrogates, and derive explanations for the
patterns in the data computing the variable importance of the best performing model. The
validity of this approach is threatened by the Rashomon Effect [2], whereby multiple models
achieve similar predictive accuracy but offer different and sometimes conflicting explanations
for the underlying patterns. Indeed, the Rashomon Set [5] – the collection of all almost-optimal
prediction models – can be seen both as a challenge and an opportunity for analysts: while this
adds uncertainty to inference, it also allows for broader exploration of potential explanations.

A number of studies have succeeded in framing a procedure to compute or approximate the
Rashomon Set for some specific model classes [11, 12, 4, 9]. Few attempts, however, have been
made to explain the relationships in the data by exploiting the whole Rashomon Set [5, 4]. In
this work, we propose a novel methodological framework that leverages all the models in the
Rashomon Set to produce more reliable and consistent insights into variable importance. Our
idea is to view the Rashomon Set for a dataset as a collection of agents, each expressing its
own possibly different preference for the features, much like how different experts may offer
varying interpretations of the same data. The strength of this preference corresponds to the
importance of each variable for the prediction, quantified through an importance measure. By
transforming the importance vectors for all the models into rankings and then aggregating them,
our method allows analysts to generate a consensus ranking which reflects the preferences of
the entire Rashomon Set, offering a comprehensive view on the mechanisms in the data. We
draw upon the established literature on ranking aggregation techniques [3, 6, 8] to combine the
individual importance rankings into a unified ranking that is robust to model variability.

The proposed framework complements existing variable importance measures and provides ana-
lysts with a powerful tool to handle model multiplicity in practical applications. We validate our
methodology using both simulated data from known DGPs and real-world datasets, to demon-
strate how the framework reconciles conflicting signals from multiple models and produces an
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importance ranking of variables that is more aligned with the true DGP. We test different ag-
gregation techniques to show how the choice of the technique impacts the consensus ranking.
Furthermore, we provide theoretical results on the structure of the Rashomon Set for the specific
class of linear regression models. In particular, we clarify the connection between the coefficients
of linear models in the Rashomon Set and the permutation importance measure [1], a widely
used measure in machine learning, exploring its relation to total indices [7].
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