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Abstract Recent studies using regional climate models to make probabilistic projections break important
new ground. However, they typically lack cross validation, pull the projections toward agreeing models
(which can agree due to shared biases), and ignore model skill at reproducing internal variability when
weighing the models. Here we conduct the ﬁrst, to our knowledge, application of Bayesian model averaging
(BMA) to make probabilistic projections using regional climate models (RCMs). We weigh the RCMs from the
NARCliM project based on their skill at representing temperature over 12 southeast Australian regions in
terms of trend, bias, and internal variability. The weights do not depend on model agreement with other
models. Using the weighted ensemble, we provide probabilistic seasonal temperature projections. We cross
validate the method, and demonstrate that weighted projections are well calibrated and more precise than
the unweighted ones. We ﬁnd considerable differences between the weighted and the unweighted
projections in some cases.

1. Introduction
Regional climate modeling is one way to provide stakeholders with decision-relevant climate information
[Giorgi and Bates, 1989; Christensen et al., 2007; Giorgi et al., 2009; van der Linden and Mitchell, 2009; Evans
et al., 2013, 2014; Mearns et al., 2013; Solman et al., 2013]. The information coming from regional climate models
(RCMs) is typically in deterministic form and does not include uncertainties associated with model response to
forcings or with internal climate variability. To rectify this problem, several recent projects ran ensembles of
RCMs for the same region [Christensen et al., 2007; Giorgi et al., 2009; van der Linden and Mitchell, 2009;
Mearns et al., 2013; Solman et al., 2013; Wang et al., 2016]. While the information coming from such projects
provides some sample of these uncertainties, the task of translating model output to probability distribution
functions (pdfs) requires application of some postprocessing methods. While much work has been previously
done to extract regional pdfs from global climate model (GCM) projections [Tebaldi et al., 2005; Tebaldi and
Knutti, 2007; Bhat et al., 2011; Sexton et al., 2011; Steinschneider et al., 2015; Kim et al., 2016], the literature using
RCMs is just developing [Buser et al., 2010; Fischer et al., 2012; Kerkhoff et al., 2015; Wang et al., 2016]. Moreover,
existing approaches used with RCMs still suffer from certain shortcomings. For example, they do not generally
provide model likelihoods—a useful diagnostic of model adequacy. Furthermore, they are typically restricted
to long calibration time series, due to the large number of model parameters that requires estimation.
However, regional climate modeling often involves short time series for annual or seasonal-mean variables
[e.g., Evans et al., 2013, 2014]. In addition, they do not explicitly penalize the models for the lack of skill at
modeling internal climate variability. Finally, they typically pull the projection toward the region of model
agreement. However, such an agreement can be due to shared model biases and may be unrelated to model
proximity to the true climate.
Here we take a different approach and apply Bayesian model averaging (BMA) [Hoeting et al., 1999; Raftery
et al., 2005; Montgomery and Nyhan, 2010] to provide probabilistic RCM climate projections for seasonal
temperature using output from the NARCliM ensemble [Evans et al., 2013, 2014] for southeast Australia.
This is, to the best of our knowledge, the ﬁrst such use of BMA to make RCM-based projections. NARCliM is
the ﬁrst large-scale regional climate modeling project for southeast Australia. It downscales four general
circulation models (GCMs) each with three versions of Weather Research and Forecasting (WRF) model
[Skamarock et al., 2008], with a total of 12 model simulations. The proposed BMA method obtains model
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weights by statistically modeling the
relationship between model outputs
and observations and then using
these weights to provide probabilistic projections. Since the introduction
of BMA to weather forecasting by
Raftery et al. [2005], BMA has been
applied to environmental science
problems numerous times [e.g.,
Duan et al., 2007; Bhat et al., 2011;
Terando et al., 2012; Mendoza et al.,
2015]. However, it has not been previously used in conjunction with
RCM ensembles to generate future
probabilistic projections.
There are a number of differences
and improvements in this study
compared to previous work. First,
previous BMA studies did not, to our knowledge, consider model performance in terms of internal variability.
We improve on that by explicitly downweighting models that underestimate or overestimate the variability
through model priors. Thus, our BMA weights depend on model performance in terms of internal variability,
trend, and bias. Second, as opposed to previous BMA studies in environmental sciences [Raftery et al., 2005;
Bhat et al., 2011], our method works on spatially averaged data, making it arguably easier to implement and
less affected by small-scale internal climate variability. Third, our BMA approach uses very few parameters
compared to most available multi-RCM probabilistic projection methods [Buser et al., 2010; Fischer et al.,
2012; Kerkhoff et al., 2015], making it suitable for short-length (e.g., ~ 20 data points) calibration data sets.
Finally, as opposed to previous RCM-based studies (and to the vast majority of GCM-based work as well)
[Tebaldi et al., 2005; Tebaldi and Knutti, 2007; Buser et al., 2010; Fischer et al., 2012; Steinschneider et al.,
2015; Kim et al., 2016; Wang et al., 2016], here raw observations are modeled statistically as a function of
smoothed climate model time series. In this formulation, “model convergence” or model agreement does
not affect our weights. This is in line with our assumption that models can all agree on the wrong climate
due to shared inadequacies.

Figure 1. Map of the 12 southeast Australian regions. Victoria and ACT are
states; the rest are planning regions within the state of New South Wales.

We focus on the mean seasonal temperature here; our method could be easily applied to other variables that
are independent and normally distributed.

2. Data and Methods
Seasonal-mean temperatures are extracted from the inner domain of 12 NARCliM RCMs [Evans et al., 2013,
2014] for years 1990–2009 (present) and 2060–2079 (far future). We discard partial seasons from the analysis
(e.g., austral 1989–1990 summer that includes only January and February for year 1990). NARCliM ensemble
downscales four GCMs (MIROC3.2, ECHAM5, CCCMA3.1, and CSIRO-Mk3.0) with three versions of the WRF
modeling framework (which we call R1, R2, and R3) [Skamarock et al., 2008] to a common 10 km × 10 km resolution. Future NARCliM simulations follow the SRES A2 emissions scenario [Nakicenovic and Swart, 2000]. The
WRF versions differ in parameterizations of radiation, cumulus physics, surface physics, and planetary boundary layer physics [Evans et al., 2014]. We average the temperatures over 12 southeast Australian regions
(Figure 1). We smooth the raw model output using Theil-Sen slopes [Sen, 1968] to provide time series of
estimated mean climate that are insensitive to the outliers. This reduces the effects of internal climate variability.
We focus on Austral summer (December–February, DJF) here; detailed results for other seasons are presented in
the supporting information.
Corresponding temperature observations are derived from the Australian Water Availability Project (AWAP)
[Jones et al., 2009]. For consistency, the observations are ﬁrst interpolated to the model grid before averaging
over the regions [Olson et al., 2016]. Many models capture the warming trend, although some models appear
to experience a slow cooling for some regions (Figure 2). The models are generally cooler than the observations;
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Figure 2. NARCliM modeled (colored straight lines) and AWAP (thick red lines) observed DJF temperatures for years 1990–2009. Model output has been smoothed
using Theil-Sen slope estimators. RCM ensemble member coloring convention as in Figure 3.

however, in many cases the observations span the mean model climate. This indicates that (a) the models provide a reasonable simulation of present-day regionally averaged climate and (b) models can be discriminated
based on their ﬁt.
BMA is a method to calculate model weights based on their skill at representing observations and to make
weighted probabilistic projections [Hoeting et al., 1999; Raftery et al., 2005; Montgomery and Nyhan, 2010].
The projection probability density function (pdf) of some quantity Δ from K models given observations D is
the sum of pdfs from individual models Mk, weighted by the corresponding model weight p(Mk|D):
pðΔjDÞ ¼

K
X

pðΔjMk ; DÞpðMk jDÞ

(1)

k¼1
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Our implementation is discussed in detail in the supporting information; we only provide a summary of our
method here. For each region, we relate the observations y′t for time t (the prime symbol indicates that the
observations have not been smoothed) to a smoothed time series from an ith model using the following
statistical model:
y′t ¼ x ðpÞ t;i þ bi þ εðpÞ t;i

(2)

(p) 2
and ε(p)
t,i ~ N(0, [σ i ] ) is

where bi is time-independent bias
independent and identically distributed error. Here
superscript (p) refers to present day. For each region and model, we ﬁrst derive probabilities for statistical
models shown in equation (2). Model weights are based on the corresponding marginal likelihood
(integrated over statistical parameters bi and σ i(p)). These weights, as well as maximum-a-posteriori parameter
estimates, are computed by Monte Carlo integration over the statistical parameters.
Our method combines new information derived from observations, with parameter and model priors in a
Bayesian way. To penalize biased models, we use sharp priors on the bias parameter loosely following
Goes et al. [2010]. We improve on the standard BMA formulation [Hoeting et al., 1999; Montgomery and
Nyhan, 2010] by giving lower priors to models not capturing the regional internal temperature variability
on the interannual scale (as measured by the standard deviation of seasonal temperatures from a TheilSen smoothed time series). Thus, the weights depend on model trend, bias, and variability.
The ﬁnal step is creating weighed probabilistic projections. We ﬁrst bias correct future raw model output
using the best bias estimates from the weight estimation. We then perform bootstrapping to generate the
pdfs for future temperature change from each model accounting for the uncertainty in internal climate variability. The number of samples from each model depends on model weight, as in previous work [Raftery et al.,
2005; Duan et al., 2007]. Last but not least, the projection pdfs are obtained from the bootstrapped samples
through binned kernel density estimates. This method uses Gaussian kernel smoothing along the temperature axis to estimate probabilities at equally spaced temperature change intervals. The 90% credible intervals
are obtained from the 5th and 95th percentiles of the projection pdfs. The analysis is repeated for all seasons
and regions.
As shown in the supporting information, the method passes validation tests for both the weight estimation,
and for making projections. Speciﬁcally, when one of the raw models is substituted for real observations and
is assumed to be a “true” representation of the climate system, the method correctly places large weight on
the corresponding smoothed model (Figure S1 in the supporting information). When the ”true“ model is then
excluded from the ensemble for making the projections, we achieve an approximately correct coverage of
91.7% for the theoretical 90% credible interval (Figures S2–S6), suggesting that our method is well calibrated.

3. Results and Discussion
For DJF, the models exhibit a range of weights, indicating the BMA has the power to differentiate between
well-performing and poor-performing models (Figure 3). The models forced with ECHAM5 GCM typically perform well, while those with MIROC3.2 do not. The latter models are typically too cold, and they also do not
simulate the regional internal variability well, as evidenced by their low priors (Figure 3). Thus, the prior,
derived from model performance in terms of variability, has a considerable effect on the weights. The discrimination between the “good” and “bad” models differs for other seasons (Figures S7–S10 in the supporting
information): for example, for September–November (SON), one or few models tend to get almost all the
weight. Caution should be used when interpreting projections from such cases, since they are based on a
limited effective number of models. Overall, weights can provide a useful formal model skill statistic and
can guide model selection for future runs, especially when there are computational constraints on the
ensemble size.
Projection pdfs tend to extend beyond the range of the original bias-corrected ensemble, indicating that
using just the spread of the bias-corrected ensemble underestimates the uncertainty range (Figure 4). This
is not surprising, because for each region and model we use bootstrapping to account for the uncertainty
in the internal climate variability. This uncertainty is not included in the raw projections from each model.
Weighting the models tends to reduce the projection uncertainty (Figure 4 and Table 1): for all seasons sharpening happens in 78% of cases. A good example of this is NC region, where MIROC3.2 and CSIRO-MK3.0-forced
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Figure 3. BMA model weights for each region. Model colors are the same as in Figure 2. Prior weights are denoted by grey lines. Each triplet left to right represents a
GCM (MIROC3.2, ECHAM5, CCCMA3.1, and CSIRO-Mk3.0). Within each triplet the RCMs change left to write as (R1, R2, and R3).

RCMs obtain very low weights (Figures 3 and 4). These models are discredited because of their large negative bias (Figure 2). During other seasons weighting often results in dramatic sharpening and mean shifts
(Table 1 and Figures S11–S14). One example is Victoria during SON, where the mean temperature change
decreases from 1.8 to 1.3°C after weighting (Table 1). This occurs because the run with the coldest projection
(CSIRO-MK3.0 R3) gets all the weight. While our weighted projections are sharp, the cross-validation tests
show (Figures S2–S6) that they are well calibrated, with the 91.7% coverage of the theoretical 90% posterior
credible interval. This is broadly consistent with results of Raftery et al. [2005] and Bhat et al. [2011] but in
contrast to the study of Terando et al. [2012] that observed BMA overconﬁdence.
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Figure 4. Weighted (solid thick red lines) and unweighted (black lines) probabilistic projections of DJF temperature change
in 2060–2079 compared to 1990–2009 for regions in southeast Australia. The 90% credible intervals are denoted by vertical
red dotted lines. Red circles represent changes derived from the raw bias-corrected output for each of the 12 models.

Bimodality or multimodality is common in our results (Figure 4). This is sometimes associated with the
clustering of original model results (e.g., NC region). However, the bimodality can also be introduced during
the weighting (e.g., MM and Victoria regions) indicating that two groups of runs projecting differing future
changes get higher weights than the other runs with changes that fall in between those groups. In other
cases, the bimodality disappears after the weighting (e.g., FW region). Here the cluster of low-warming models gets downweighted. We note that bimodality is not a unique feature of our work; it has been previously
found for GCM projections [Tebaldi et al., 2005].
Overall, our method provides fully probabilistic policy-relevant sharp and calibrated projections for several
southeast Australian regions for all seasons and January. The 90% credible intervals, and the means for
several regions, are presented in Table 1 as examples of statistics that can be extracted from these pdfs.
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Table 1. Posterior Predictive Credible Intervals for Temperature Change in Select Regions in Southeast Australia in
a
2060–2079 Compared to 1990–2009
Metropolitan Sydney
Season
Jan
December–February
March–May
June–August
September–November
a

ACT

State of Victoria

Weighting

Mean

90% CI

Mean

90% CI

Mean

90% CI

Weighted
Unweighted
Weighted
Unweighted
Weighted
Unweighted
Weighted
Unweighted
Weighted
Unweighted

2.5
2.4
2.4
2.2
2.2
1.8
1.8
1.8
1.9
2.1

[1.3, 3.2]
[1.2, 3.3]
[1.6, 3.3]
[1.5, 3.2]
[1.7, 2.5]
[1.2, 2.5]
[1.6, 1.9]
[1.4, 2.1]
[1.5, 2.7]
[1.5, 2.8]

2.7
2.5
2.6
2.3
2.1
1.9
1.7
1.7
1.6
2.2

[1.7, 3.4]
[1.6, 3.5]
[1.8, 3.3]
[1.7, 3.3]
[1.3, 2.5]
[1.3, 2.5]
[1.3, 2.0]
[1.3, 2.2]
[1.2, 2.5]
[1.4, 2.9]

2.2
2.0
2.2
2.1
1.9
1.6
1.2
1.3
1.3
1.8

[1.6, 2.7]
[1.5, 2.6]
[1.5, 2.8]
[1.4, 2.8]
[1.2, 2.3]
[1.1, 2.2]
[0.97, 1.5]
[1.0, 1.6]
[0.97, 2.2]
[1.2, 2.4]

Bold font indicates sharper weighted projections compared to the unweighted ones.

Other useful metrics, such as modes, quantiles, and exceedance probabilities, can also be easily obtained and
can be relevant for regional planning agencies.

4. Caveats
There are some caveats associated with our study. First, we use a limited number of GCMs and RCMs for our
projections and a single emissions scenario. However, the GCMs were chosen to span the future temperatureprecipitation change space found in the full range of World Climate Research Programme’s (WCRP’s) Coupled
Model Intercomparison Project phase 3 (CMIP3) models [Meehl et al., 2007], following the approach of
Whetton et al. [2012]. Furthermore, model independence was another criteria for choosing the models
[Evans et al., 2014]. Thus, we believe our ensemble provides a reasonable sample of model structural uncertainties. Second, we do not sample the uncertainty in model bias and trend. However, our cross validation has
not revealed any overconﬁdence. In fact, with a 91.7% coverage of the theoretical 90% credible intervals, a
slight underconﬁdence may be present. Nonetheless, a slight underconﬁdence found in our idealized
cross-validation setup does not necessarily translate to underconﬁdence in real-world conditions. This is
because in the real world the true climate might be more independent from climate models than assumed
during our cross validation. Third, unlike some other studies [e.g., Raftery et al., 2005; Bhat et al., 2011] we
neglect spatially resolved information. However, using aggregated information makes our method easy to
implement. Furthermore, spatial averaging reduces the potentially detrimental effects of internal climate
variability [Kirtman et al., 2013]. Fourth, we use Monte Carlo to determine model weights. However, repeating
one of the experiments with a different random seed indicates that the number of samples we use for the
Monte Carlo for our weight estimation (n = 1,000,000) is reasonable. We hope to explore analytic solutions
for weights and projections in future work. Finally, our method is only applicable to normal variables.
Extending our BMA framework to nonnormal variables could be a useful follow-up on this work. The
approaches to incorporate such data have already been developed in other ﬁelds [e.g., Duan et al., 2007]

5. Conclusions
Here we present the ﬁrst, to our knowledge, fully-probabilistic regional climate projections obtained using
Bayesian model averaging of RCM output. Model weights depend on model performance in terms of bias,
trend, and internal variability. However, unlike many previous studies, they do not depend on model convergence, e.g., the closeness of modeled climate to the multi-model mean. Our method is applied to seasonal
temperature changes in 2060-2079 compared to 1990-2009 from the 12 RCMs for several regions in southeast Australia. Our results can be used to inform climate-relevant decision making in these regions.
Method validation reveals that the method can correctly place a large weight on a known ”true“ model.
Furthermore, an approximately correct coverage is achieved during cross-validation tests. This indicates that
BMA can be a useful alternative to the previously available multi-RCM probabilistic projection methods while

OLSON ET AL.

BMA OF REGIONAL CLIMATE PROJECTIONS

7667

Geophysical Research Letters

10.1002/2016GL069704

not making restrictive assumptions. Our approach can work in cases with short-length calibration time series,
as well as serve as a tool to compare model performance through model weights.
The weighted projections tend to be sharper than unweighted ones based on the 90% posterior credible
intervals, yet they are well-calibrated by virtue of having approximately correct coverage during the crossvalidation experiments. Thus, they tend to improve on the unweighted projections. At the same time, both
weighted and unweighted projections generally extend beyond the range of the original bias-corrected
ensemble because our approach provides a much more thorough sampling of internal climate variability.
Weighting can considerably shift the pdfs and the mean projection, especially for cases when one or a few
models get most of the weight. Our approach can be used with outputs from other multi-RCM projects,
and other approximately normally distributed variables.

Acknowledgments
R.O. and J.E. acknowledge funding from
the Australian Research Council through
Future Fellowship FT110100576 and
Linkage Project LP120200777, as well as
from New South Wales (NSW) Ofﬁce for
Environment and Heritage (OEH)
through the NSW/ACT Regional Climate
Modelling (NARCliM) Project. We
acknowledge the scientists responsible
for the generation of the AWAP observational data sets. We thank the NCAR
Mesoscale and Microscale Meteorology
division for developing and providing
the WRF model used in this study. We
acknowledge the modeling groups, the
Program for Climate Model Diagnosis
and Intercomparison (PCMDI), and the
WCRP’s Working Group on Coupled
Modelling (WGCM) for making available
the WCRP CMIP3 multimodel data set
used to drive the WRF model used here.
This data set is supported through the
Ofﬁce of Science, U.S. Department of
Energy. We also acknowledge helpful
discussions with C. Schär and K. Lee. The
pdf and weight data, as well as the BMA
code to generate them, are available
from the authors upon request (romanolson85.w@gmail.com).

OLSON ET AL.

References
Bhat, K. S., M. Haran, A. Terando, and K. Keller (2011), Climate projections using Bayesian model averaging and space-time dependence,
J. Agric. Biol. Environ. Stat., 16(4), 606–628, doi:10.1007/s13253-011-0069-3.
Buser, C. M., H. R. Künsch, and C. Schär (2010), Bayesian multi-model projections of climate: Generalization and application to ENSEMBLES
results, Clim. Res., 44, 227–241.
Christensen, J. H., T. R. Carter, M. Rummukainen, and G. Amanatidis (2007), Evaluating the performance and utility of regional climate models:
The PRUDENCE project, Clim. Change, 81(1), 1–6, doi:10.1007/s10584-006-9211-6.
Duan, Q., N. K. Ajami, X. Gao, and S. Sorooshian (2007), Multi-model ensemble hydrologic prediction using Bayesian model averaging, Adv.
Water Resour., 30(5), 1371–1386, doi:10.1016/j.advwatres.2006.11.014.
Evans, J. P., L. Fita, D. Argüeso, and Y. Liu (2013), Initial NARCliM evaluation, in MODSIM2013, 20th International Congress on Modelling and
Simulation, edited by J. Piantadosi, R. S. Andersse, and J. Bolan, pp. 2765–2771, Modelling and Simulation Society of Australia and New
Zealand, Adelaide, Australia.
Evans, J. P., F. Ji, C. Lee, P. Smith, D. Argüeso, and L. Fita (2014), Design of a regional climate modelling projection ensemble experiment—
NARCliM, Geosci Model Dev., 7(2), 621–629, doi:10.5194/gmd-7-621-2014.
Fischer, A. M., A. P. Weigel, C. M. Buser, R. Knutti, H. R. Künsch, M. A. Liniger, C. Schär, and C. Appenzeller (2012), Climate change projections
for Switzerland based on a Bayesian multi-model approach, Int. J. Climatol., 32(15), 2348–2371, doi:10.1002/joc.3396.
Giorgi, F., and G. T. Bates (1989), The climatological skill of a regional model over complex terrain, Mon. Weather Rev., 117(11), 2325–2347,
doi:10.1175/1520-0493(1989)117<2325:TCSOAR>2.0.CO;2.
Giorgi, F., C. Jones, and G. R. Asrar (2009), Addressing climate information needs at the regional level: The CORDEX framework, WMO Bull.,
58(3), 175–183.
Goes, M., N. M. Urban, R. Tonkonojenkov, M. Haran, A. Schmittner, and K. Keller (2010), What is the skill of ocean tracers in reducing
uncertainties about ocean diapycnal mixing and projections of the Atlantic Meridional Overturning Circulation?, J. Geophys. Res., 115,
C12006, doi:10.1029/2010JC006407.
Hoeting, J. A., D. Madigan, A. E. Raftery, and C. T. Volinsky (1999), Bayesian model averaging: A tutorial (with comments by M. Clyde, David
Draper and E. I. George, and a rejoinder by the authors, Stat. Sci., 14(4), 382–417, doi:10.1214/ss/1009212519.
Jones, D. A., W. Wang, and R. Fawcett (2009), High-quality spatial climate data-sets for Australia, Aust. Meteorol. Oceanogr. J., 58(4), 233–248.
Kerkhoff, C., H. R. Künsch, and C. Schär (2015), A Bayesian hierarchical model for heterogeneous RCM-GCM multimodel ensembles, J. Clim.,
28(15), 6249–6266, doi:10.1175/JCLI-D-14-00606.1.
Kim, J., V. Y. Ivanov, and S. Fatichi (2016), Climate change and uncertainty assessment over a hydroclimatic transect of Michigan, Stochastic
Environ. Res. Risk Assess., 30(3), 923–944, doi:10.1007/s00477-015-1097-2.
Kirtman, B., et al. (2013), Near-term climate change: Projections and predictability, in Climate Change 2013: The Physical Science Basis.
Contribution of Working Group I to the Fifth Assessment Report of the Intergovernmental Panel on Climate Change, edited by T. F. Stocker
et al., pp. 953–1028, Cambridge Univ. Press, Cambridge, U. K., and New York.
Mearns, L. O., et al. (2013), Climate change projections of the North American Regional Climate Change Assessment Program (NARCCAP),
Clim. Change, 120(4), 965–975, doi:10.1007/s10584-013-0831-3.
Mendoza, P. A., B. Rajagopalan, M. P. Clark, K. Ikeda, and R. M. Rasmussen (2015), Statistical postprocessing of high-resolution regional
climate model output, Mon. Weather Rev., 143(5), 1533–1553, doi:10.1175/MWR-D-14-00159.1.
Meehl, G. A., C. Covey, T. Delworth, M. Latif, B. McAvaney, J. F. B. Mitchell, R. J. Stouffer, and K. E. Taylor (2007), The WCRP CMIP3 multimodel
dataset: A new era in climatic change research, Bull. Am. Meteorol. Soc., 88(9), 1383–1394, doi:10.1175/BAMS-88-9-1383.
Montgomery, J. M., and B. Nyhan (2010), Bayesian model averaging: Theoretical developments and practical applications, Polit. Anal., 18(2),
245–270, doi:10.1093/pan/mpq001.
Nakicenovic, N., and R. Swart (Eds.) (2000), Special Report on Emissions Scenarios: A Special Report of Working Group III of the Intergovernmental
Panel on Climate Change, pp. 570, Cambridge Univ. Press, Cambridge, U. K., and New York.
Olson, R., J. P. Evans, A. Di Luca, and D. Argueso (2016), The NARCliM project: Model agreement and signiﬁcance of climate projections, Clim.
Res., doi:10.3354/cr01403.
Raftery, A. E., T. Gneiting, F. Balabdaoui, and M. Polakowski (2005), Using Bayesian model averaging to calibrate forecast ensembles, Mon.
Weather Rev., 133(5), 1155–1174, doi:10.1175/MWR2906.1.
Sen, P. K. (1968), Estimates of the regression coefﬁcient based on Kendall’s Tau, J. Am. Stat. Assoc., 63(324), 1379–1389, doi:10.1080/
01621459.1968.10480934.
Sexton, D. M. H., J. M. Murphy, M. Collins, and M. J. Webb (2011), Multivariate probabilistic projections using imperfect climate models part I:
Outline of methodology, Clim. Dyn., 38(11–12), 2513–2542, doi:10.1007/s00382-011-1208-9.
Skamarock, W. C., J. B. Klemp, J. Dudhia, D. O. Gill, D. M. Barker, M. G. Duda, X.-Y. Huang, W. Wang, and J. G. Powers (2008), A description of the
advanced research WRF version 3, NCAR Tech. Note NCAR/TN-475 + STR, Natl. Cent. for Atmos. Res., Boulder, Colo.
Solman, S. A., et al. (2013), Evaluation of an ensemble of regional climate model simulations over South America driven by the ERA-Interim
reanalysis: Model performance and uncertainties, Clim. Dyn., 41(5–6), 1139–1157, doi:10.1007/s00382-013-1667-2.

BMA OF REGIONAL CLIMATE PROJECTIONS

7668

Geophysical Research Letters

10.1002/2016GL069704

Steinschneider, S., R. McCrary, L. O. Mearns, and C. Brown (2015), The effects of climate model similarity on probabilistic climate projections
and the implications for local, risk-based adaptation planning, Geophys. Res. Lett., 42, 5014–5022, doi:10.1002/2015GL064529.
Tebaldi, C., and R. Knutti (2007), The use of the multi-model ensemble in probabilistic climate projections, Philos. Trans. R. Soc., A, 365(1857),
2053–2075, doi:10.1098/rsta.2007.2076.
Tebaldi, C., R. L. Smith, D. Nychka, and L. O. Mearns (2005), Quantifying uncertainty in projections of regional climate change: A Bayesian
approach to the analysis of multimodel ensembles, J. Clim., 18(10), 1524–1540, doi:10.1175/JCLI3363.1.
Terando, A., K. Keller, and W. E. Easterling (2012), Probabilistic projections of agro-climate indices in North America, J. Geophys. Res., 117,
D08115, doi:10.1029/2012JD017436.
van der Linden, P., and J. F. B. Mitchell (Eds.) (2009), ENSEMBLES: Climate Change and Its Impacts: Summary of Research and Results From the
ENSEMBLES Project, Met Ofﬁce Hadley Centre, Exeter, U. K.
Wang, X., G. Huang, and B. W. Baetz (2016), Dynamically-downscaled probabilistic projections of precipitation changes: A Canadian case
study, Environ. Res., 148, 86–101, doi:10.1016/j.envres.2016.03.019.
Whetton, P., K. Hennessy, J. Clarke, K. McInnes, and D. Kent (2012), Use of representative climate futures in impact and adaptation assessment,
Clim. Change, 115(3–4), 433–442, doi:10.1007/s10584-012-0471-z.

OLSON ET AL.

BMA OF REGIONAL CLIMATE PROJECTIONS

7669

