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A. Method 1: Assimilate Observed Temperature and Climate Forecasts
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Figure 1. Simulated example showing the three different approaches to climate data integration for both
observed (pre-issue date) and forecast (post-issue date) temperatures. The dotted vertical line indicates
the issue date. Black lines indicate observed temperatures from the year of the forecast up to the issue
date is used. Method 1 (A) uses 5 climate forecast members (purple lines) each integrated with observed
temperature. Method 2 (B) uses 20 historic climate members for forecasts (green lines; historic data from
from 1996-2015), which are each integrated with observed temperature up to the issue date. Method 3 (C)
uses only data on historic climate, using 20 historical time series of observed temperature for both the
observed and forecast temperatures.
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Figure 2. The root mean square error (RMSE) and coverage of all forecasts using the three
methodologies for data assimilation. Horizontal orange lines indicate the RMSE from using the long-term
climatological average. Coverage was calculated using all three sources of uncertainty (climate, model,
and parameter).
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Figure 3. The root mean square error at different issue dates for the four taxon with the most observed
data points in USA-NPN network dataset in the spring of 2018.
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Figure 4. The average coverage for all forecasts. The dashed line indicates perfect coverage, 0.95, when
using a 95% prediction interval. Panels indicate the three methods for climate data integration; current
year observed temperature and forecast temperature (Method 1; A), current year observed temperature
and climatology (Method 2; B), and climatology only (Method 3; C). Colors indicate the coverage when
different sources of uncertainty are propagated.
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