[bookmark: _GoBack]Justification for the choice of climate predictors in linear mixed-effects models

Climate covariates in linear mixed-effects models were chosen based on initial comparisons between RWI mean-value chronologies and PRISM climate model output (4km resolution) [1].  We downloaded monthly (1898-2010) PRISM temperature, precipitation, and dew point data for each study site, and from these data calculated monthly precipitation minus potential evapotranspiration (P-PET) according to [2] and vapor pressure deficit (VPD) according to [3]. Monthly climate variables and RWI chronologies were entered as inputs to the program Seascorr, which utilizes correlation and bootstrapped estimations of correlation significance to assess the strength of relationships between growth chronologies and monthly, seasonal, and annual climatic variables [4]. RWI correlated most strongly with PRISM-derived precipitation and P-PET averaged over the nine-month period ending in May or June of the growth year, depending on site. May-July or May-August and previous September-November average temperature and VPD consistently resulted in the highest correlations between annual growth and temperature-related variables. These correlation windows are consistent with findings from other studies of conifer climate response in the region [3].  For ease of interpretation, we used 9-month cool season precipitation ending in May and May-July average VPD as the climatic predictors in mixed effects models presented here. Models using slightly different seasonal combinations of precipitation and VPD, as well average temperature and P-PET covariates, were also evaluated but are not shown because results were very similar.  
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