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In many fields, modelers consider a variety of plausible models for a given research question.
They might combine the individual predictions into a multi-model ensemble, e.g. using
weighted averages or Bayesian methods. The purpose of multi-model ensembles is to obtain a
better prediction than the one of the single best model because one model’s strength could
compensate for another one’s weakness. To make the compensation work, the models must
not be too similar, e.g. in terms of explanatory variables or underlying assumptions.

Figure 1(a) and Figure 1(b) show different positions of three models relative to the data. In
Figure 1(a) the models are distinct and there is no intersection between them. In Figure 1(b)
two models intersect, representing redundancy in their structure. We propose to use the
distances that are indicated in these figures to diagnose model redundancies, gaps and data
match.

George (2010) and Garthwaite and Mubwandarikwa (2010) address the issue of model
redundancy relating to Bayesian Model Averaging (BMA). In the BMA framework, one has to
assign prior weights to the models. These weights reflect the modeler’s belief in the adequacy
of each model without having seen data yet. The commonly used uniform prior gives equal
weights to the models without taking into account their similarity or dissimilarity. To illustrate
the problem arising from model redundancy in this context, let us assume we add a model
that is identical to one that is already in the set. Using uniform prior weights doubles their
importance in the weighted average. However, it would be more plausible to dilute the prior
probability between the duplicate models.

Assigning prior weights for BMA is one example that illustrates why modelers should pay
attention to model redundancy. Beyond that, it should be identified in any multi-model
ensemble if the models surround the data or if they all mismatch in a similar way. This insight
can point the modeler towards the direction of most rewarding model development.

The poster presents a method to identify redundancy, gaps and data match based on the
distances between the models. The method is based on a distance metric between probability
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density functions and is interpretable in a Bayesian sense.
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(a) Three models surrounding the data without intersection.
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(b) Three models, two of them intersecting.

Figure 1: Two exemplary multi-model settings. The arrows indicate the distance between two
models, respectively the distance between the data and a model.
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