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1.  Introduction 

 This study explores the potential for probabilistic forecasts of extremes in monthly mean 2 m temperature 
and precipitation rate using the North American Multi-Model Ensemble (NMME; Kirtman et al. 2014), an 
ensemble of state-of-the-art coupled global climate models. Extremes are where the real impact of weather 
and climate are felt, yet there are currently very few forecasts for short-term climate extremes (STCE). 
Aggregate skill of deterministic forecasts of STCE (as assessed using the anomaly correlation) has previously 
been found to be higher than the aggregate skill of all forecasts (Becker et al. 2013; Becker 2017). This study 
examines the skill of a proposed forecast system providing probabilities of occurrence of the 15th and 85th 
percentile events, based on climatology.  

2.  Methodology 

The NMME currently provides real-
time guidance for NOAA’s operational 
short-term climate forecasts, and 
includes a database of retrospective 
forecasts (1982-2010), used for bias 
correction, calibration, and skill studies. 
Seven models from the NMME 
contribute to this study: NCEP-CFSv2, 
Environment Canada’s CanCM3 and 
CanCM4, GFDL’s CM2.1 and FLOR, 
NASA-GEOS5, and NCAR-CCSM4. 
This study spans the hindcast and 
forecast period from 1982-2016. 
Verification data is obtained from the 
GHCN+CAMS station-to-grid 2 m 
surface temperature dataset (Fan and van 
den Dool 2008) and the CMAP 
precipitation rate dataset (Xie and Arkin 
1997). 

Temperature extremes are herein defined as greater than 1 standard deviation or less than -1 standard 
deviation away from the mean of the 1982-2010 historical record at each gridpoint. This is very close to the 
85th and 15th percentile. A Gaussian distribution is assumed, but may not be the most accurate fit; this is a 
point that requires further examination. This study assesses forecast verification, that is, the question of “did 
the forecast come true?” at a one-month lead for the 3-month mean, over all initial conditions. Forecast 
probabilities are provided in a 3-category system, where a probability of occurrence is provided for each of 
the three unequal categories: < -1 standard deviation (SD); > -1 SD and < 1 SD; > 1 SD, very close to 
15%/70%/15% climatological likelihood. Observed probabilities are either 1 or 0.  Results are compared to 

Fig. 1  2 m temperature lead-1 3-month-mean reliability diagram 
showing forecast reliability aggregated over the northern 
hemisphere and all 12 initial conditions. Forecasts are binned 
by 10% increments. Histograms show sharpness diagrams, 
indicating how often each forecast bin was used. 
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the 3-category, equally likely tercile forecast system that is in use by the Climate Prediction Center: each 
category has a climatological likelihood of 33.33%. Metrics used in this study include the Brier skill score 
(BSS), Heidke skill score (HSS), and reliability diagram. 

3.  Results 

Cold temperature extremes in the Northern Hemisphere are found to be slightly underforecast in the 
1982-2016 data set, while warm extremes are slightly overforecast (Fig. 1); overall, however, the reliability is 
very good, indicating that forecast probabilities match up with observed frequencies. These are similar 
patterns to those found when the reliability of the tercile system is assessed. The Heidke skill score for 
extremes, examined over North America, shows similar annual-aggregate patterns to the terciles, with an area 
of low skill over the southeastern United States (Fig. 2). In general, HSS of extremes is slightly lower than for 
terciles; this is not unexpected, given the lower base rate of the extremes (15% climatological threshold). 
However, in some areas, such as the lower-skill southeastern US, the HSS is slightly higher for the extreme 
system. When comparing the BSS for the 15/70/15 category system to the BSS of the tercile system, the 
extremes system results in somewhat lower BSS (Fig. 3). However, when forecasts for extremes are isolated, 

Fig. 2  Heidke skill score of lead-1 3-month-mean 2 m temperature forecasts, aggregated over all 12 initial 
conditions. Left panel shows results for the tercile system, right panel for the extremes. 

Fig. 3  Brier skill score of lead-1 3-month-mean 2 m temperature forecast aggregated over the northern 
hemisphere land. Left panel shows results for the above average tercile, all forecasts in the 15th 
percentile, and “warm extremes,” where forecasts indicated > 25% probability of an extreme. Right 
panel shows the same for the below average/cold extremes. 
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in this case by examining only the subset of forecasts where the probability in the extreme category was > 
25%, the BSS is found to be generally higher than for forecasts in the tercile system (Fig. 3).  

Results for land-only precipitation rate over the northern hemisphere show very low skill for both the 
extreme and tercile system. Some regions and times show statistically significant positive skill, however. As a 
forecast for extremes could be issued only when there is reason for confidence, it’s possible that a forecast 
system could be developed for some regions or seasons. 

4.  Concluding remarks 

This is a preliminary study that demonstrates that there is some potential for skillful probabilistic 
forecasting of extremes. Further experimentation will examine the definition of “extreme”, including possible 
use of absolute temperature thresholds and the relationship between extreme temperature and precipitation. A 
large ensemble such as the NMME is valuable in constructing probabilistic forecasts, and further analysis will 
be necessary to discover valid thresholds for triggering an extreme forecast. 
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