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Abstract

Predictor variable selection and interpretation is a core component of building correlative
ecological niche models (ENMs), but how we select predictor variables, handle collinearity,
and interpret variable importance measures is relatively poorly defined. The issue is partic-
ularly relevant for archaeological applications of ENMs due to the rather limited availability
of paleoclimate predictor variables, which primarily capture aspects of temperature, precipi-
tation, and environmental productivity (Beyer et al., 2020; Brown et al., 2018; Karger et al.,
2023; Krapp et al., 2021). As important as they are, the rather limited scope of paleoclimatic
variables results in collinearity among many of the predictor variables and is a central issue
when using these data. In addition, thresholding methods for eliminating correlated variables
(Dormann et al., 2013) results in variable selection which may not accurately reflect causal
mechanisms. Both issues require that we carefully consider what environmental variables are
really capturing and whether variable importance measures are capturing causal mechanisms
or simply minor differences in model performance as a function of correlated predictor vari-
ables. Here, we outline the trade-offs between using another method, dimensional reduction
with Principal Components Analysis, to remove collinearity from predictor variables, and
how it provides a new look at how we might better interpret measures of variable impor-
tance and identify shifts in the fundamental niche space (Jackson & Overpeck, 2000).
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