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Climate models as predictive tools
Given the unreliability of even relatively short-term 
weather forecasting, how useful are climate models 
that project as far as a century into the future? The 
answer to this question depends on the needs of 
the model user. In general, climate model outputs 
simulate both the predictable and the unpredictable 
nature of climate. They are intended to predict overall 
patterns of temperature, precipitation, winds, and 
ocean currents rather than specific weather events.

Climate patterns can be considered as a combination 
of several concurrent patterns. These include mean 
annual values (e.g., average annual temperature or 
precipitation); intraannual variability (e.g., the variability 
between seasons within a year); interannual variability 
(e.g. the variation in mean annual values over the course 
of a decade or longer); and trend (any persistent increase 
or decrease in mean annual values). 

In general, statistical analysis is necessary to 
determine whether changes from year to year are the 
result of random variation, short-term effects such as La 
Nina, or a long-term trend. Cold years can occur in the 
midst of warming trends, and wet years can take place 
during drying trends. Even if the overall tendency is 
towards more severe storms, large forest fires, or extreme 
floods, many years may go by without these events 
occurring. 

Precipitation tends to be even more variable over 
space and time than temperature. A localized cloudburst 
can drench one valley but leave the neighboring valley 
dry. Snowfall for the month of January might be ten times 
greater one year as compared to the following year.

In order to provide useful simulations of the real 
world, climate models must depict the same types of 
variability and the same degree of variability as the real 
world, as well as the same mean values. A good climate 
model can predict the frequency and magnitude of 
random fluctuations around mean values. However, it 
is impossible for any climate model to predict the exact 
timing or location of these fluctuations. 

Validating SNAP 
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Thus, climate model projections are useful for 
predicting changes in mean annual conditions, such 
as average summer high temperatures, average winter 
low temperatures, or average length of growing season. 
These projections can in turn be used to help inform 
fire management, agricultural systems, pest control, 
permafrost engineering, wildlife management, and 
many other planning tasks. Models can also be used to 
estimate the frequency and magnitude of events such as 
storms, flooding, heat waves, winter thaws, rain-on-snow 
events, or summer frosts. However, they cannot be used 
to predict the dates on which such events will occur. 
Therefore, climate models might help inform a long-term 
decision to enlarge a culvert or relocate a village, but 
planners would need to make such decisions before the 
need became pressing.

SNAP climate models
SNAP climate projections are based on outputs from 

five General Circulation Models (GCMs) from the 2007 
Intergovernmental Panel on Climate Change (IPCC, 
www.ipcc.ch). These five include ECHAM5 (Germany), 
GFDL2.1 (United States), MIROC3.2 (Japan), HADLEY3 
(UK), and CGCM3.1 (Canada). SNAP selected these 
models from a total of fifteen, based on their superior 
performance at high latitudes.

The IPCC uses complex coupled atmospheric and 
oceanic GCMs to characterize the range of future states 
for the global climate system. These GCMs integrate 
multiple equations, typically including surface pressure; 
horizontal layered components of fluid velocity and 
temperature; solar short wave radiation and terrestrial 
infra-red and long wave radiation; convection; land 
surface processes; albedo; hydrology; cloud cover; and 
sea ice dynamics.



GCMs simulate greenhouse-driven climate change 
by estimating radiative forcing (the balance between 
incoming solar energy and re-radiated energy) associated 
with increases of carbon dioxide, methane, water 
vapor and other gases, as well as associated changes in 
cloudiness. 

Different economic and social scenarios worldwide 
are likely to lead to different levels of greenhouse gas 
emissions over the coming decades. The IPCC created 
a range of emission scenarios to explore alternative 
development pathways, covering a wide range of 
demographic, economic and technological driving forces 
and resulting greenhouse gas emissions. 

SNAP’s work uses model outputs from a high-
emission scenario (A2) a midrange scenario (A1B) and 
a low-emission scenario (B1). This analysis of model 
performance is intended to test the ability of SNAP 
models to simulate future statewide climate under each 
of these emission scenarios. It is not intended to test or 
predict which scenario is most likely.

SNAP scaled down coarse GCM outputs (ranging 
from 0.5 to 5 degrees of latitude and longitude) using 
PRISM (Parameter elevation Regressions on Independent 
Slopes Model www.prism.oregonstate.edu/) data, which 
accounts for variations in slope, aspect, elevation, and 
coastal proximity coupled with data from nearby weather 

Figure 1. Locations of the 32 weather stations used in this analysis. These stations are 
grouped into 8 geographic regions based on ecological zones. Note that in some regions 
coverage is good, while in others weather station data is sparse. 



stations. SNAP maps are currently available at 2km 
resolution.

Model validation
How can we best judge the reliability of predictive 

models? Obviously, we have no future weather data with 
which to compare model projections. However, we do 
have historical weather data. By generating model runs 
for past time periods and then analyzing the statistical 
relationship between real weather patterns and model 
outputs, we can assess the validity of the model. 

GCM output for dates in the past is not linked in 
any way to historical weather station data. Hence, this 
validation provides an excellent means for characterizing 
both the strengths and weaknesses of the models. 
However, as noted above, we can expect that even the 
best model data will match real data only in terms of 
mean values, variability between seasons, variability 
between years, and long-term trends, not in day-to-day 
values.

We compared GCM output to historical weather 
station data based on four different metrics: monthly 
mean values, seasonal (month-to-month) variability, 
annual (year-to-year) variability, and long-term climate 
change trends. We performed each of these comparisons 
with both temperature data and precipitation data.

Each of the analyses described below was based on 
data from 32 Alaska weather stations (Fig. 1) for the 
period 1980-2007. Data were obtained from the Western 
Region Climate Center (WRCC, www.wrcc.dri.edu/
summary/climsmak.html). The requirement for selection 
of a climatic station was that no more than 5% of the 
monthly observations from 1980-2007 were missing. 

Historical GCM outputs for 1980-2000 are based 
on actual atmospheric concentrations of greenhouse 
gases. For 2001-2007, we used outputs based on the A1B 
(midrange) emissions scenario.

Correlation of means
This analysis examined the degree to which the 
GCM output for average monthly temperature and 
precipitation matches observed values from the 
weather station data. For each of the 32 sites, we 
created scatterplots in which the modeled temperature 
for each month from 1980-2007 was graphed against 
the real (weather station) mean for that month. Each 
graph therefore includes 336 points (12 months x 
28 years). We created a separate scatterplot for each 
of the five downscaled GCMs. Thus, we generated 
a total of 160 graphs (32 weather stations x 5 
models). A sample scatterplot is shown in Figure 2. 
Complete results are included in Appendix A. 

We created an analogous set of 160 graphs for 
precipitation. However, precipitation was assessed across 
a larger spatial domain (5km radius circle) and a bigger 
temporal window (4 month periods) due to its larger 
variability relative to temperature. 

We used a simple linear model to compute an 
R-squared value for each scatterplot. This R-squared 
value represents the proportion (from 0 to 1) of 
variability in the station data that was explained by the 
GCM data. If model outputs exactly matched station data 
for every monthly mean, the R-squared value would be 
1. In addition, the slope of the regression line represents 
the degree of bias exhibited by the model. A completely 
unbiased model would be expected to show a slope of 
approximately 1.

For temperature values, results from all 32 sites 
yielded average R-squared values ranging from 0.71 
(GFDL2.1) to 0.81 (MIROC3.2) for the five models. This 
indicates that the models have a strong and consistent 
predictive capacity for mean monthly temperature. The 
R-squared values varied slightly by region, as shown in 
Figure 3.

The scatterplots show a close fit between model 
data and real data for warmer temperatures, and a wider 
scatter for cooler temperatures. This is consistent with 
observed natural variability—and lower predictability—of 
winter temperatures in Alaska. For example, based on 
Alaska Climate Research Center data for 1948 to 2004, 
the range of mean January temperatures in Fairbanks is 
49.8°F (from -31.7 to +18.1), while the range for July is 
only 13.4°F (53.4 to 66.8).

R-squared values were lower for precipitation, 
ranging from 0.39 (ECHAM5 and GDFL2.1) to 0.43 
(CGCM3.1 and HADLEY3). This indicates less predictive 

Figure 2. Correlation of mean monthly model outputs with 
weather station. This scatterplot shows values for the village 
of Bettles, using downscaled temperature outputs from the 
CGCM3.1 model vs. Bettles weather station data.
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capacity for precipitation despite the slightly larger area 
and longer timeframe considered.

Mean slope values for the temperature scatterplots 
were close to 1, ranging from 0.83 (HADLEY) to 0.92 
(MIROC), and were relatively consistent across all 
models and all regions. These data indicate a slight bias 
of model outputs towards extreme values (high summer 
temperatures and low winter temperatures) as compared 
to station data. 

For precipitation data, mean slopes ranged from 0.75 
(ECHAM and MIROC) to 0.85 (CGCM3.1) with greater 
variability between sites, as compared to temperature 
data. This indicates both the less predictable nature of 

precipitation and a slight model bias towards extreme 
values.

In cases where less variability is desired in model 
outputs (in favor of outputs closer to mean values), 
fluctuations can be dampened by creating a composite 
model based on mean values from all five models.

Seasonal variability
Changes in radiative forcing associated with 

increasing greenhouse gases have thus far been small 
relative to existing seasonal cycles. Thus, the ability of a 
model to accurately replicate seasonal radiative forcing 

Figure 3. Mean R-squared values for five GCMs for each of 32 weather stations. These values 
represent the proportion of variability in recorded mean monthly temperatures from 1980-2007 
that was explained by the GCM data.



is a good test of its ability to predict anthropogenic 
radiative forcing. In other words, if a GCM can accurately 
depict the existing variation between summer and winter 
temperatures for a given location, then it is more likely to 
be able to accurately project long-term climate change for 
that area.

In order to compare the distribution of seasonal 
data, we computed the variance of the GCM data and 
the variance of the station data for each year from 1980-
2007, using mean monthly values in each case. This 
provided two sets of 28 values that were compared for 
similarity (using a two-sample Anderson-Darling (AD) 
test for differences among the two distributions). This 
generated a total of 160 results each for temperature and 
precipitation (32 locations x 5 models). Complete results 
and a summary table are included in Appendix B.

At the 95% confidence level, we would expect 
statistically indistinguishable distributions 95% of the 
time if the models perfectly mimicked real seasonal 
variability. Our results for temperature indicated that 
model distributions were statistically indistinguishable 
from real distributions for between 47% (HADLEY3) and 
84% (CGCM3.1) of the 32 stations. For precipitation, 
the range was from 34% (GDFL2.1 and CGCM3.1) to 
56% (ECHAM5). It should be noted that accuracy varied 
considerably by region. For example, all models tended 
to do an excellent job in boreal and tundra regions for 
both temperature and precipitation, but performed less 
accurately in the coastal rainforest of Southeast Alaska.

Interannual variability
In every climate and in every era, there have been 

cold years and warmer years, irrespective of overall 
trends. Since land managers and other planners need to 
take into account the possibility of randomly occurring 
extremes, a good climate model will accurately simulate 
this type of variability. 

We analyzed the performance of the downscaled 
GCMs in mimicking true interannual variability by 
testing to see whether the distribution of annual mean 
values was statistically similar. We compared the two 
sets of 28 annual means using a two-sample AD test 
for differences among the two distributions. As in the 
analysis of seasonal variability, this generated a total 
of 160 results each for temperature and precipitation, 
of which we would expect about 152 of each (95%) to 
be statistically indistinguishable from real historical 
distributions at the 95% confidence level, given perfect 
models. Complete results and a summary table are 
included in Appendix C.

Our results for temperature indicated that 
model distributions were indistinguishable from 
real distributions between 34% (GDFL2.1) and 72% 

(HADLEY3) of the time. For precipitation, the range was 
from 28% (CGCM3.1 and HADLEY3) to 47% (MIROC).

Climate change trends
Clearly, SNAP’s downscaled GCMs are reasonably 

good at modeling climate. But how good are these 
models at their ultimate task, predicting long-term trends 
of climate change?

In order to test this, we used historical climate station 
data and GCM data to create regressions over time. An 
example is shown is Figure 4. The historical regressions 
tended to have positive slopes for temperature (27 out of 
32 stations), indicating that the climate became warmer 
between 1980 and 2007 statewide. Slopes for precipitation 
were more varied, with 12 stations showing a positive 
trend and 20 stations showing a negative trend. There was 
no clear pattern by region for precipitation (see Appendix 
D).

The ability of the GCMs to realistically depict trends 
that were observed in the historical station data was 
assessed quantitatively. This was done by first assuming 
that the station data represent the “true” multi-decadal 
climate trend. Then we compared the trends that were 
depicted by the GCMs to this assumed “true” trend. The 
result of this comparison is a set of residuals for each 
GCM compared against the observed trend from the 
historical data. We again used the two-sample AD test 
to compare the distributions of the residuals for each of 
the GCMs against the distribution of the residuals for the 
station data. 

If the models showed exactly the same climate trend 
as the real data, the distribution of the model residuals 
would be statistically the same (at the 0.05 significance 
level) as the climate station residuals 95% of the time. 
Our results for this comparison provide compelling 

Figure 4. Temperature trends over time for Bettles. The 
solid line shows the trend of historical data from the Bettles 
climate station, while the dotted lines show the trends of GCM 
simulations.



evidence that the GCMs do a good job of characterizing 
long-term trends For temperature, the range was from 
63% (CGCM3.1) to 94% (GDFL2.1), and for precipitation 
it was from 84% (MIROC) to 91% (all other models). 

Conclusions
Overall, SNAP models performed well when analyzed 

for concurrence with measured climate data with respect 
to monthly mean values, seasonal variability, annual 
variability, and long-term climate change trends. 

As described above, SNAP models mimicked real 
weather patterns less accurately for precipitation than for 
temperature. This may be due to the innate variability of 
precipitation across space and time. Extreme rain/snow 
events can drastically affect mean values. Each climate 
station represents only a single point, and as such may 
be a poor sample for a larger geographic region. While 
we used slightly larger areas (5 km radius circles rather 
than 2km grid cells) to analyze the correlation of mean 
precipitation values, precipitation data might be analyzed 
more optimally over even larger areas.

All models scored well when simulating climate 
change trends. However, in other areas, each model 
exhibited strengths and weaknesses, as shown in Table 
1. By comparing the performance of the different models 
on each statistical test region by region, we can fine-
tune how we use these models for predictive purposes. 
For example, if agronomists were most concerned with 
seasonal variability in the interior of the state, they might 
choose to use ECHAM5, which achieved perfect scores 
for both precipitation and temperature with regard to 
intraannual variability in the Intermontaine Boreal zone. 
On the other hand, land managers in Southeast Alaska 
might avoid using ECHAM5, given its poor performance 
in that region.

In cases where generating mean values are more 
important than capturing climate variability, using a 
composite of all five models is likely to yield the most 
robust results. 

This analysis and report were completed by the SNAP integration team, including Scott Rupp, Paul 
Duffy, Mark Olson, Anna Springsteen, Jen Schmidt, and Nancy Fresco.  

Please contact Nancy Fresco at ffnlf@uaf.edu for more information.



Table 1. Summary of statistical tests by model, region, and metric of performance. Model performance varies considerably in 
different Alaskan ecoregions, with no one model out-performing the others on all metrics. Note that some regions have better 
climate station coverage that others.
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