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and visualize similarities of AOGCMs at various subregions of resolution, is given in Table 1. The model output is archived
interest and identify subgroups of models that can best summan a common format and can be downloaded from the Pro-
rize the full set of AOGCMs. gram for Climate Model Diagnosis and Intercomparison web-
site (PCMDI, http://www-pcmdi.linl.gov/ ). More details
on the model output used in this work is described in Jun et al.
(2008). We originally have 20 models, as listed in Table 1, but
We consider the surface temperature from 1970 to 1999 in thenodel 1 was excluded from the analysis. As explained in Jun et
latitude range from 4% to 72N and the full longitude range al. (2008), this model has problems with model setup and data
from —180' to 180, to debne model error. The Odata product@ost-processing. Model 10 has a relatively large bias compared
that we use are monthly averages, aggregated on a regular spatigith other models, but we included this model in the analysis.
grid by the Hadley Centre, UK MetOfbce and Climate Research The AOGCM errors are debned for the climatological mean
Unit (CRU), East Anglia, UK (HADCRU) (Jones et al., 1999; state. We focus on Boreal winter (DJF) and summer (JJA) mean
Rayner et al., 2006) and is a composite of land and ocean datsurface temperature, averaged over 30 yr (197091999). Accord-
sets. ingly, the sample error for each AOGCM at each grid cell is the
The climate model experiments consist of more than 20 sepdifference between the model 30-year mean and the observed
arate models that were run as part of the coordinated modellin§0-year mean, based on the HADCRU data product. For this
effort, in support of the IPCC Fourth Assessment Report (Meehimultimodel data set, the number of ensemble runs is limited,
et al., 2007a). A list of the models used here, as well as theiand so, one would expect uncertainty in the error estimates,

2. Data and model experiments

Table 1. The names of modelling groups, country, IPCC I.D. and resolutions of the 20 IPCC model outputs used in the study

Sl. no. Group Country IPCC I.D. Resolution
1 Beijing Climate Center China BCC-CM1 19296
2 Canadian Center for Climate Modelling & Analysis Canada CGCM3.1 < 9B
3 Meteo-France/
Centre National de Recherchesfdorologiques France CNRM-CM3 12864
4 CSIRO Atmospheric Research Australia CSIRO-Mk3.0 %926
5 US Dept. of Commerce/NOAA/Geophysical
Fluid Dynamics Laboratory USA GFDL-CM2.0 14490
6 US Dept. of Commerce/NOAA/Geophysical
Fluid Dynamics Laboratory USA GFDL-CM2.1 14490
7 NASA/Goddard Institute for Space Studies USA GISS-AOM >060
8 NASA/Goddard Institute for Space Studies USA GISS-EH <726
9 NASA/Goddard Institute for Space Studies USA GISS-ER <786
10 LASG/Institute of Atmospheric Physics China FGOALS-g1.0 260
11 Institute for Numerical Mathematics Russia INM-CM3.0 <25
12 Institut Pierre Simon Laplace France IPSL-CM4 962
13 Center for Climate System Research,
National Institute of Environmental Studies, MIROC3.2
and Frontier Research Center for Global Change Japan (medres) x 628
14 Meteorological Institute of the University of Bonn,
Meteorological Research Institute of KMA, Germany/
and Model and Data group Korea ECHO-G L8618
15 Max Planck Institute for Meteorology Germany ECHAM5/MPI-OM 1936
16 Meteorological Research Institute Japan MRI-CGCM2.3.2 A B3
17 National Center for Atmospheric Research USA CCsM3 258
18 National Center for Atmospheric Research USA PCM X4
19 Hadley Centre for Climate Prediction and Research/
Met Ofpce UK UKMO-HadCM3 95< 73
20 Hadley Centre for Climate Prediction and Research/
Met Ofbce UK UKMO-HadGEM1 19 145

The resolution of the observation is 36 (5 % 5°).
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simply due to the inherent variability of the model integrations. an idea of the effective degrees of freedom, which are explained
Thus, it is important to distinguish between the sample errorby the models. Note that if the bandwidth is made very large,
that is estimated by each of these statistics and the theoretic#this estimate will be the same for all locations and will repro-
model error obtained from a large ensemble where the internadluce an EOF analysis, applied to the different models and grid
variability has been eliminated by averaging. locations. A very small bandwidth will result in a covariance
matrix estimate that has rank one and is just the outer product of

3. Statistical methods the model errors at location

The statistical methodology to quantify the correlations for pairs3 2 Comparison with empirical orthogonal functions
of model errors is based on the results in Jun et al. (2008). With ™ P P g

a single response from each model, effectively a single observasiven the role of the bandwidth, it is clear that the local eige-
tion, it is not feasible to estimate the correlations among modehanalysis provides different information from the usual EOF
errors for each gridpoint. The key idea in Jun et al. (2008)analysis. An EOF analysis would quantify the overall depen-
is to estimate the correlations between pairs of AOGCM by adence of the AOGCM error belds by expanding the spatial error
local spatial weighting, using a non-negative kernel function.pelds in terms of orthogonal spatial belds (i.e. the EOFs) and the
This spatial aggregation overcomes the problem of a single obeompanion singular values are related to the variance explained
servation but will have less spatial resolution than the modeby each orthogonal component. The orthogonal components are
grid. global in extent, and it is often difpcult to discern how isolated
spatial features are explained by a global set of EOFs. In con-
trast to EOF analysis, the local covariance method can detect
heterogenous variability among model errors at different grid
Here, we outline the local covariance estimatorX(t) denote  locations. One of the characteristics of this procedure is that for
the observations an¥(s, t) the ith model output (DJF or JJA) the locations that are far apart, the leading eigenvectors can be
at spatial grid locatiors and yeart (t = 1, ---, 30). We only  different. Therefore, even if the same amount of variability is
consider the difference of observation and model data or thexplained, they can be based on different linear combinations of
model errorD;(s, t) = X(s, t) — Yi(s, t), and letD;(s) be its  the models.

average over time. Finally, let; (s) = CoV{ Di(s), Dj (s)} be the
covariance between the error statisticsNthe theoretical target o
our estimator.

The kernel estimator fas;; (s), has the form, Even if the model errors are independent, the spatial averaging
from the kernel and the selection of the largest eigenvalues will
suggest some dependence among the models. In fact, Section 4
shows that even under the independence assumption across mod-
els, the effective degrees of freedom in 19 independent models is
for non-negative kernel functidftand bandwidth. Here Bj; (s) smaller than 19 (see Fig. 1). Thus, the eigenanalysi&sfiould
denotesDi(s) - Dj(s) and Bi(s) is the PlteredD;(s). We blter  be interpreted with care, and we approach this problem by a
Di(s) by subtracting the estimated linear regression term menMonte Carlo simulation of a Oreference distributiond to guide the
tioned in Section 3.3. For two spatial locatiogisands;, |s;, statistical interpretation of the data analysis. Jun et al. (2008)
s,| denotes the great circle distance between the two locationglevelop statistical models that describe the spatial dependence
In our case, we assume a Gaussian kernel functdn) = and structure of the error for each model. Briel3y, these spatial
exp(—u?), and so, the spatial weighting of the cross-productsmodels include a linear regression term that adjusts the model
decreases with distance, the grid cells beyond a distanck of 2for systematic longitude, altitude and land/ocean effects and a
getting less than 5% of the total weight. The denominator in (1)correlated, non-stationary random component that accounts for
is simply to normalize the kernel weights to sum to 1. additional spatial dependence. Under the the assumption that the

Now, let P(sibe the estimated covariance matrix for all pairs model errors are independent, one can simulate synthetic model
of models, using the kernel estimator for each entry given inerror belds and quantify the distribution of the percentage vari-
(1). It can be shown thaf(s)lis a positive debnite matrix, with  ation explained by the eigenvalues. This reference distribution,
the interpretation that it is a local estimate of the covariance, abased on the hypothesis of independent model errors, allows
locations for the model errors. This covariance can be furtherone to determine whether the actual error Pelds have some evi-
analysed using an eigenfunction decomposition, to quantify thelence for dependence. Throughout the paper, the reference dis-
amount of variability and dependence among the models. In partribution is generated from 1000 synthetic model errors (1000
ticular, we focus on the fraction of variance, which is explainedindependent simulations, based on the spatial model described
by the leading eigenfunctions of this matrix. This statistic givesabove).

3.1. Local covariances for the model errors

5.3. Reference distribution under independent models
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Fig. 7. Similar to Fig. 5 except that this result is from the local
eigenanalysis over the subregions given in Fig. 6.

We report the top three selected best regressors sets with cor-
respondingR? in Table 2. For DJF, the best 1 regressor is model
10, which is surprising since it actually has the largest model
error among all 19 models. This may be due to the fact that
with the largest model error, model 10 is fairly independent to
all other models and the SSE would be large if model 10 is not
selected as a regressor. For a relatively small number of regres-
sors, not all models from the same institutions are selected. This
is what we expect since given number of models, the method
should choose the models that can span most of the range of the
model error space. The choices of models are not the same for
both seasons. The? values are compared with the amount of
variation explained by the EOFs in Fig. 2. We expect thHe%se
values to be smaller than the amount of variation explained by
the EOFs for a given number of regressors (or number of EOFSs),
since the space spanned with a bxed number of regressors in
multiple regression is more restricted than the space that can be
spanned by the same number of EOFs. For both EOF analysis
and the multiple regression, more variation is explained by a
given number of EOFs (or regressors) for DJF than JJA. This
can be explained by the following argument. Over land, models
tend to have smaller biases and tend to be more similar in the
winter season than in the summer season because the winter
climate is more dominated by the large-scale atmospheric circu-
lation, whereas more small-scale processes (e.g. soil moisture,
land surface processes, thunderstorms) are important in the sum-
mer season. Because the land fraction is larger in the Northern
Hemisphere, models tend to be more similar overall in DJF than
in JJA, and the variance explained by a small number of models
is therefore larger in DJF.

(SST), that isR? (see Jong and Kotz, 1999 for details). Here, 4-3- Statistical permutation test
the SSR is the same as SSTDSSE and the SST is the sum Rfyitferent perspective on this problem is to consider whether

squared deviations of the 19 model errors from their own meansy,e opserved climate and the AOGCM results belong to the same
Therefore, minimizing the SSE is the same as maximighin

this analysis.

statistical population, and thus, whether the observations and the
AOGCM outputs are exchangeable. We can test this assumption

Table 2. The result of all-subsets regression described in Section 4.2.2 for both seasons

DJF JJA
Size of subgroup Subgroup members R? Subgroup members R?
1 10 0.255 5 0.213
5 0.24 9 0.201
6 0.232 19 0.199
5 57101120 0.722 59101120 0.63
710121819 0.714 58101120 0.626
710121820 0.71 910111419 0.622
10 67810111214181920 0.884 67910111213141819 0.831
2678101112181920 0.883 47910111213141819 0.831
2678101112141820 0.882 67910111213181920 0.83
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