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ABSTRACT
A Bayesian statistical model developed to produce probabilistic projections of regional climate change
using observations and ensembles of general circulation models (GCMs) is applied to evaluate the probability distribution of global mean temperature change under different forcing scenarios. The results are
compared to probabilistic projections obtained using optimal fingerprinting techniques that constrain GCM
projections by observations. It is found that, due to the different assumptions underlying these statistical
approaches, the predicted distributions differ significantly in particular in their uncertainty ranges. Results
presented herein demonstrate that probabilistic projections of future climate are strongly dependent on the
assumptions of the underlying methodologies.

1. Introduction
Two different approaches, based on fundamentally
different assumptions, have recently been developed to
estimate the uncertainty in climate model predictions of
future global and regional mean surface temperature
change, under different forcing scenarios.
The method introduced by Allen and coworkers
(Allen et al. 2000, 2003; Stott and Kettleborough 2002,
hereafter referred to as ASK) assumes that since general circulation models (GCMs) are designed and tuned
to reproduce the observed climate, any robust prediction of uncertainty in future climate should be as model
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independent as possible, and be constrained by the only
objective information available, that is, the observed
climate and recent climate change.
On the other hand, the statistical model developed
by Tebaldi and coworkers (Tebaldi et al. 2004, 2005)
uses Bayesian statistics to estimate a distribution of future climatologies, from the combination of past observed and the corresponding GCM-simulated climatologies. The Bayesian approach is motivated by observing that the earth’s climate is a nonrepeatable
experiment, and probabilities cannot be determined
through a frequentist approach, as that would require a
sample from a large number of planets earth and their
corresponding climates. Therefore, a GCM ensemble is
assumed to be a sample of the full potential climate
model space compatible with the observed climate, and
a statistical model is developed that combines the information from these GCMs with the single observed
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climate realization. The characteristics of the predicted
distribution of climate change will of course depend on
the assumptions built into the statistical model that describes the data.
The goal of this work is to compare predictions of
global temperature change using these two methodologies in order to better understand their characteristics
and limitations, and the dependence of their predictions on the underlying assumptions. We note that
Tebaldi’s method has been conceived and used to estimate probability density functions (PDFs) of climate
change specifically for regionally aggregated signals,
deriving its conceptual framework from the work by
Giorgi and Mearns (2002), whose criteria to weight the
ensemble members were formulated for the specific regional scales analyzed therein. On the other hand, the
ASK approach only recently has been applied at the
regional scale (Stott 2003; Stott et al. 2006a). Therefore
only by applying Tebaldi’s approach at the global scale
can a comparison of the two methodologies be carried
out. Thus, after positing this caveat about the different
original conceptualization, we proceed with the comparison believing that it might nonetheless provide insights into the assumptions and results of both approaches.
In what follows, we apply the Bayesian model to a set
of 16 coupled GCMs, from the second Coupled Model
Intercomparison Project (CMIP-2; Covey et al. 2003),
including the NCAR–Washington-Meehl (NCARWM)
coupled model (Meehl et al. 1996). We use the control
and forced runs of these models to compute the probability distribution for the transient climate response
(TCR; the mean temperature change at the time of CO2
doubling under a 1% annual increase of CO2 concentration). We compare our results with those obtained
using ASK (Allen et al. 2003). We also apply this model
to five of the above GCMs for which simulations under
different future forcing scenarios are available at the
Intergovernmental Panel on Climate Change Data Distribution Center (IPCC DDC; information online at
http://www.ipcc-ddc.cru.uea.ac.uk). In this case we
compute the distribution of global temperature change
under alternative forcing scenarios in the twenty-first
century for three different decades and compare our
results with the ones obtained using the ASK methodology (Stott and Kettleborough 2002).
The paper is organized as follows. In section 2 we
summarize the basic assumptions of the ASK approach
following Kettleborough et al. (2006), outline the
Bayesian model from Tebaldi et al. (2005), and describe
the data used in our analysis. In section 3 we use the
Bayesian model to compute PDFs for the transient climate response and global temperature change under
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different Special Report on Emissions Scenarios
(SRES) forcing scenarios in the twenty-first century.
We compare the ASK approach with our results and
explore how changes to the assumptions of the Bayesian model modify them. We conclude in section 4 with
a discussion of our results and possible modifications to
the Bayesian model that would take into account some
of the aspects of GCM datasets not accounted for in its
present form, such as model tuning to observations and
intermodel dependence.

2. Statistical models and climate data
a. ASK approach
The ASK approach evolved from climate change attribution studies, in which past warming detected in
climate observations was attributed to different possible forcing factors applying optimal fingerprinting
techniques (Allen and Stott 2003; Hasselmann 1997).
Using spatiotemporal linear regression, the observed
warming ( y) over the twentieth century is written as a
linear combination of the modeled response patterns
(xi) to different forcings (labeled by the index i) as
follows:
m

y⫽

兺共x ⫺  兲␤ ⫹  ,
i

i

i

0

共1兲

i⫽1

where the ␤i are the linear regression coefficients.
These coefficients can be interpreted as the numbers by
which the model’s simulated response to each forcing
can be scaled up or down and still remain consistent
with the observations. The sources of uncertainty in
Eq. (1) are the errors in the response patterns (i) and
the error that causes the observations to be different
from the linear fit (0), which in turn are due to internal
variability of the climate system. Moreover, in Eq. (1)
the observations and response patterns can be space
and time dependent. In this way, that is, by keeping
information about spatial patterns (even for global
studies), the signal-to-noise ratio is maximized, and signals that are not isotropically distributed in the atmosphere (such as aerosols) can still be detected (Stott et
al. 2006b). Notice that since the ␤i are space independent, this approach only allows for errors in the GCMs
simulations that change the magnitude of the response,
but not its shape (Kettleborough et al. 2006).
Allen et al. (2000) extended optimal fingerprinting to
quantify uncertainty in predictions of global mean temperature change in the following way. Assuming that a
model that over- or underestimates the climate response to past forcing will continue to do so by a similar
fraction in the future, the same scaling factors [␤i computed in Eq. (1)] were applied to the model predictions
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represents uncertainty in the model response
where  for
i
(due to internal variability, model error, and/or uncerrepresents any
tainty in the future forcing), and  for
0
reason why the future climate is different from the
scaled version of the modeled forced response (including internal variability and errors resulting from assuming that the optimal fingerprinting scaling factors can be
used to predict future response). The distribution for
future climate change, y for
i , can be calculated from Eq.
for
(2) given the distributions for ␤i,  for
i , and  0 . The
distributions of the ␤i are Gaussians with mean and
variance determined by the total least squares solution
of the regression Eq. (1), provided that the noise in the
observations and the model responses are Gaussian and
independent, and all the possible values of ␤i are
equally probable a priori (Kettleborough et al. 2006).
Stott and Kettleborough (2002) used this approach to
compute the future global mean temperature rise under
a range of SRES emissions scenarios, and Allen et al.
(2003) applied it to the data from the coupled model of
the Hadley Centre (HadCM3) to estimate a probability
distribution for TCR.
A crucial property of this technique is that, for the
projected global warming over the twenty-first century
under a given forcing scenario, the predictions are primarily constrained by the observations and depend
only secondarily on the GCM used to produce them
(Allen et al. 2000; Kettleborough et al. 2006; Stott et al.
2006b). It is reasonable to expect that for this particular
forecast (i.e., global warming over the twenty-first century), the consistency of the results for different GCMs
can be justified by the fact that all properly formulated
climate models must satisfy a set of basic physical constraints that regulate global mean temperature change
at the time scales considered in this analysis (Allen et
al. 2003; Kettleborough et al. 2006).
However, this method can be applied to other variables and spatial scales, provided that in Eq. (1) the
strength of the anthropogenic signal in the given variable is large compared to the internal variability. Otherwise, the predicted change will be poorly constrained
by observations and its corresponding uncertainty very
large (Stott et al. 2006a). For some variables, such as
global precipitation, the signal of attributable change is
delayed with respect to the signal in global temperature, and the method will not be applicable until the
signal appears in the variable of interest (Allen and
Ingram 2002).

Another important characteristic of this approach is
that the uncertainty limits in the predictions are determined by a combination of the error in the linear fit
between a given GCM and observations, and a GCMbased estimate of the noise introduced by the natural
variability [0 and 0for in Eqs. (1) and (2), respectively].
This provides a natural limit to how much the uncertainty can be reduced by improving the fit.

b. Tebaldi et al. approach
Tebaldi et al. (2005) developed a Bayesian statistical
model that combines data from observations and a multimodel ensemble of GCMs to compute PDFs of future
temperature and precipitation change over large regions (Giorgi and Francisco 2000b) under different
forcing scenarios. This model constitutes a formal
Bayesian implementation and extension of the reliability ensemble averaging (REA) approach (Giorgi and
Mearns 2002, 2003). A basic assumption of the REA
approach is that the ability of a GCM to reproduce
current mean climate (its bias) constitutes a measure of
its reliability. However, smaller bias in the currentclimate model data does not necessarily imply greater
accuracy in the future; therefore, the criteria of convergence is introduced, where a GCM is also considered to
be more reliable if its future projection is closer to the
weighted ensemble mean. In the Tebaldi et al. approach, these two criteria inform the shape of the posterior distribution as a consequence of the assumptions
formulated in the statistical model, without being explicitly formalized in it.
Within the framework of Bayesian statistics, all uncertain variables of interest are assumed to be random
quantities. Thus, given these variables (for instance
present and future temperature) and the data (observed and GCM-simulated present temperature and
GCM-simulated future temperature), Bayes’s theorem
states that the probability of the variables given the
data (the posterior distribution) is proportional to the
probability of the data given the variables (the likelihood) times the probability of the variables (the prior
distribution). In the rest of this section, we briefly describe the likelihoods, and the prior and posterior distributions of the Tebaldi et al. model. For a more complete discussion, including the methodology used to
compute the full posterior distribution, we refer the
reader to Tebaldi et al. (2005).
As a first approximation, which does not account for
issues such as tuning models to observations or intermodel correlations, models and observed climate are
treated as statistically independent, and are assigned
Gaussian likelihoods. Thus, the likelihoods for the observations of current global mean temperature (X0),
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and simulations of present (Xi) and future (Yi) mean
temperature by the ith model, are normal distributions
given by
X0 ⬃ N 关, 共0兲⫺1兴
Xi ⬃ N 关, 共i兲⫺1兴

共3兲

Yi ⬃ N 关 ⫹ ␤共Xi ⫺ 兲, 共i兲⫺1兴 ,
where,  and  are random variables representing the
(unknown) true present and future mean temperatures,
respectively. The random variables i2 ⫽ i⫺1 can be
thought of as a measure of the ith GCM precision, and
02 ⫽ 0⫺1 is a number that estimates the natural variability specific to the time average applied to the observations. The random variable  allows for the possibility of the future and present temperatures having
different variances by a multiplicative factor common
to all GCMs. Finally, the random variable ␤ introduces
a correlation between present and future temperature
responses.

兿 冉
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The likelihoods described above are defined in terms
of the random variables , , i, , and ␤ whose prior
distributions need to be specified. At times prior
knowledge, independent of the data at hand, is available, either as expert judgment or as a result of previous
studies that produced information about the random
variables of interest. In such cases, the prior distribution can be assigned a specific, “informative” shape. In
Tebaldi et al. (2005) all the prior distributions are chosen to be uninformative, to make the analysis as objective as possible. In particular, the prior distributions for
, , and ␤ are uniform densities over the real line;
those for i and  are gamma distributions whose parameters (a, b and c, d, respectively) are chosen such
that the distribution has mean one and a large variance
over the positive real line.
Using Bayes’s theorem, the joint posterior distribution for the parameters , , , ␤, i is obtained as the
product of the likelihoods and the prior distributions
specified above, and is given by (up to a normalization
constant)

i
exp ⫺ 兵共Xi ⫺ 兲2 ⫹ 关Yi ⫺  ⫺ ␤共Xi ⫺ 兲兴2其
2

In obtaining this distribution, the likelihood of the
data given the unknown variables has been written as a
product of the likelihoods of each individual GCM and
the observations, the underlying assumption being that
model-simulated temperatures and observations are
statistically independent.
From the joint posterior distribution, we can derive
the conditional posterior distribution for the present
temperature for instance, by fixing the rest of the variables and considering the resulting distribution as a
function of present temperature only.
The conditional distribution for  is a Gaussian with
mean and variance

˜ ⫽
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0
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0

respectively. Since it was assumed that the observations
(X0) and the GCM climatologies (Xi) are statistically
independent, their roles in the predicted posterior of
present temperature are similar. However, while the
Bayesian model self-consistently computes the model’s
weights (i), the observation’s weight (0) is a fixed
parameter.

冔冊

冋
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Analogously, the conditional distribution for  is a
Gaussian with mean and variance

˜ ⫽
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Notice that in the determination of the mean present
and future true temperatures, the precision parameter
i acts as a weight for the data points of its corresponding GCM. Equations (5) and (6) show that the variances of  and  scale as 1/N for large N, where N is the
number of GCMs in the ensemble. Thus, there is no
lower bound to the uncertainty associated to these
quantities.
Similarly derived, the conditional posterior distribution of i is a Gamma function with mean

˜ i ⫽

a⫹1

关Yi ⫺  ⫺ ␤共Xi ⫺ 兲兴2
共Xi ⫺ 兲
⫹
b⫹
2
2
2

.

共7兲

This expression shows how the bias and convergence
criteria are implicitly built into the statistical model,
since the individual precision parameter or weight i for
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each GCM is large provided that bias | Xi ⫺  | and
convergence |Yi ⫺  | are small. Within this framework,
due to the fact that the main criteria to weight a GCM
are its bias and convergence, the weighted ensemble
mean has a strong influence on the predictions. In other
words, the results are constrained by their convergence
to a future climate essentially determined by the
weighted ensemble mean. Note, however, that these
weights or precision parameters are formulated as random variables themselves, and their distribution is estimated jointly with the other random quantities’ distributions. In other words, these weights are not fixed
quantities assigned to each GCM but rather they are
random quantities, self-consistently determined by the
Bayesian model once the initial choices for likelihoods
and prior distributions are made, incorporating the uncertainty inherent in the evaluation of the relative skills
of the different GCMs. In fact, talking about “weights”
for the Bayesian model is a conceptual, but useful, simplification of the role of the parameters i in the analysis.
Given the predicted posterior distributions for 
and , the Bayesian model can estimate the signal of
temperature change as the posterior distribution of
⌬T ⫽  ⫺ , which by definition does not include the
uncertainty related to the natural variability. This fact
alone will likely make the PDFs from this approach
tighter than the ones from ASK in which the noise
associated with the natural variability is explicitly taken
into account in the determination of the scaling factors
(see section 2a).

c. Data
To compute the PDF for transient climate response
(TCR), we apply the Bayesian model to data from 16
CMIP2 GCMs, for which there are constant forcing
(control run) and perturbed (1% yr⫺1 increasing atmospheric CO2) simulations. We take the mean of the
control run for each model as the simulated present
climate (Xi), because the CO2 concentrations in the
control runs are comparable to the observed ones during the period 1960–90. Since the time of CO2 doubling
in the perturbed runs is year 70, the simulated future
climate (Yi) is computed as the 20-yr mean centered at
year 70 of these runs, except for the NCARWM model
where data are available only up to year 75. In this case,
we consider the average of the last 15 yr of the forced
run.
The observed temperature for the period 1960–90 is
taken as X0 ⫽287.25 K (Jones et al. 1999) and its natural variability as 0 ⫽56.33 K⫺2 (0 ⫽ 0.13 K), estimated, as in Tebaldi et al. (2005), by computing 30-yr
moving averages of observed, detrended global mean
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temperatures over the twentieth century and taking the
differences between maximum and minimum values.
For the computation of global temperature change in
the twenty-first century under different SRES scenarios, the available data compose time series for global surface temperature for the period 1900–2100 for five
different GCMs (ECHAM4, HadCM3, CGCM2, CSIR,
CCSR) with twenty-first century runs under A2 and B2
forcing scenarios.
We take as model data for the present climate (Xi)
the 1960–90 mean for each model. We wish to compare
our results against those of Stott and Kettleborough
(2002), who used the ASK approach to calculate PDFs
for global temperature change for the decades 2020–30,
2050–60, and 2090–00 relative to the 1990–2000 decade,
under A2, B2, A1FI, and B1 SRES forcing scenarios.
We therefore apply the Bayesian model to different
sets of Yi calculated as the 30-yr mean centered at 2025
and 2055, respectively. We ignore the last decade of the
twenty-first century because most of the data are available only up to 2099, and a comparison with a 30-yr
mean centered at 2085 introduces artificial discrepancies between the two results. We take a 30-yr mean
instead of the 10-yr mean used by Stott and Kettleborough so that we can compare analogous climatologies
within the Bayesian approach (which uses a 30-yr mean
for the present and future climate).

3. Results
a. TCR
Figure 1 shows the predicted posterior distributions
for present (, left curve in top panel) and future temperature (, right curve in top panel), and for the global
temperature change ⌬T ⫽  ⫺  (bottom panel). It is
clear that the Bayesian model PDF for the global temperature change is much narrower than the one obtained using ASK (Allen et al. 2003, their Fig. 1, repeated in Fig. 2 below); the 95% interval for the Bayesian PDF is 1.66–1.97 K, while that for ASK is 1.12–3.43
K. The bimodality in the Bayesian PDF is due to the
fact that there are two clusters of climate models converging to two different points in ⌬T ⫽  ⫺ .
It is not surprising that the two methods predict different uncertainty limits, since they are based on fundamentally different assumptions. However, since
probabilistic predictions of climate change are increasingly being required for climate change impacts analysis, it is important to be able to provide explanations on
how the different assumptions of the statistical models
modify their predictions. There are various characteristics of Tebaldi’s approach that may be responsible for
the relatively narrower width of its PDF compared to
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FIG. 1. (top) Predicted posterior distributions for present (,
plotted on the left) and future global temperature (K) (, plotted
on the right) using the Bayesian approach. The vertical solid line
is the observed temperature X0, and the vertical dotted lines are
the limits of the observed temperature’s natural variability
(⫾20). The marks along the horizontal axis correspond to
present and future temperatures simulated by the 16 GCMs. (bottom) Predicted global temperature change ⌬T ⫽  ⫺  (K) using
the Bayesian (solid line) and the ASK (dashed line) approaches.

that of ASK. Since in this work we restrict ourselves to
an exploration of the current formulation of this Bayesian model, without reformulating its basic assumptions,
we analyze to what extent the relaxation of the bias and
convergence criteria, by varying the settings of the
model priors, changes the uncertainty ranges of its predictions. Other possible causes of the discrepancies and
suggestions for modifications of the basic statistical
model to account for them will be discussed in section 4.
In the Bayesian approach, the variables that control
bias and convergence are 0, , and i. In what follows,
we will only focus on how 0 and the prior distribution
for  change the predictions of the statistical model. In
principle, we could also explore the effect of modifying
the priors fori. However, it is difficult to justify a particular choice of i priors for each different GCM, since
there is no objective way to determine by how much
each model should be deemed more or less precise.
The parameter 0 could be given a full Bayesian
treatment if we had a sufficiently long record of observations (a multi-30-yr time series) that could be used
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FIG. 2. Global temperature change (K) for different values of
0. The values of 0 chosen correspond to 0 ⫽ 135 K (dashed
line), 0 ⫽ 0.01 K (dashed–dotted line), and 0 ⫽ 0.13 K (solid
line). The dotted line corresponds to the ASK approach. The
marks along the horizontal axis indicate the temperature changes
simulated by the 16 analyzed GCMs.

for its estimation. In that case, we would obtain a posterior distribution for 0 consistent with the data analyzed. However, we do not follow that approach here
because our goal is simply to explore whether very different values of 0 could substantially change the predictions of the Bayesian model. It is clear from Fig. 1
that with sufficiently small 0 (large 02), all presentday GCM temperatures would fall within the range of
the X0-postulated likelihood. However, Eq. (5) shows
that, for small enough 0, observations have very little
influence on the predictions and the bias simply measures the distance between the GCM-simulated temperature and the weighted ensemble mean (Tebaldi et
al. 2005). On the other hand, increasing 0 (decreasing
02) ties ˜ closely to the observations [Eq. (5)], but
leaves more GCMs as outliers of the X0-postulated
likelihood (top panel in Fig. 1). Therefore, changing 0
between extreme values gives us information about
how the observations are weighted in the model predictions and how stringent the bias criterion is, since
large 0 imposes a stricter constraint for the models to
agree with the observations.
Figure 2 shows the PDFs for global temperature
change for different values of 0, compared to that obtained using ASK’s approach. It is clear from this plot
that allowing for the likelihood of the observations X0
to be more inclusive (small 0, large 0) or less inclusive
(large 0, small 0) of the estimations for present climate of the different GCMs does not affect the width of
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the PDF. The distributions of climate change are still
bimodal, again due to the fact that there are two clusters of climate models converging to two different
points in ⌬T ⫽  ⫺ , but the amplitude of the two
modes depends on the value of 0 since, as can be seen
in Eq. (5), the values of 0 influence the estimate of .
For the dataset analyzed here, larger posterior probabilities are attributed to smaller or larger values of the
predicted present temperature for very small or very
large 0, respectively. This causes the shift in the mass
of the distribution of ⌬T ⫽  ⫺  as a function of the
value of 0 observed in Fig. 2.
Figure 2 indicates that changing the estimated uncertainty in the observations in this Bayesian model does
not alter significantly the uncertainty in the predictions
for TCR. This is in marked contrast to the TCR distribution computed by ASK where the estimate of the
uncertainty in observations (natural variability) effectively determines the width of the final distribution
(Allen et al. 2003).
We next explore the variable , which was introduced
to allow for the models to have different present and
future temperature variances. A characteristic property
of Bayesian models is that in the presence of a large
dataset the influence of the prior on the posterior distribution becomes negligible. However, for small
datasets, such as those used here, the priors’ assumptions influence the results, which are then conditional
on the assumptions made in defining the priors. Tebaldi
et al. (2005) chose an uninformative prior for  based
on the fact that this choice ensures that the data points
have maximum impact on the results in the absence of
any a priori opinion. Alternatively, we can assume that
the choice of prior for  can be thought of as a tuning
parameter for loosening the convergence criterion.
Thus, a narrow prior with a small value for  implies
that we do not expect the future simulations to be as
accurate as the present ones, so we make the convergence criteria less stringent.
Figure 3 shows PDFs of global temperature change
for different priors for . The range of temperature
changes predicted by the Bayesian model increases as
the prior distribution for  becomes more concentrated
over very small values on the real line, that is, if both
the mean value and the variance of this prior are very
small. By inspecting Fig. 3, we see that 具 典prior somewhere between 0.1 and 0.01 produces a PDF of global
temperature change whose uncertainty range is similar
to the one produced using the ASK approach.
The effect of choosing small values for  on the posterior distributions can be seen in Eq. (6), where it is
evident that smaller  values decrease the accuracy of
the predicted future temperature. Moreover, Eq. (7)
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FIG. 3. Global temperature change (K) for different priors for .
The dotted line corresponds to the ASK approach. The marks
along the horizontal axis indicate the temperature changes simulated by the 16 analyzed GCMs.

shows that small  values reduce the impact of the convergence criterion in the determination of the GCMs’
precision parameters i. Notice that, if one would like
to drop the convergence criterion completely, a model
with entirely different likelihoods has to be proposed.
To set  ⫽ 0 is not a viable option, since that would turn
the likelihoods of future climate (Yi) into improper distributions.
We have seen so far how the choice of prior for 
affects the posterior distributions for global temperature change. It is natural to ask what will be its effect on
regional predictions, in particular when choosing the
informative prior for  (with small 具 典prior) that produces a PDF of similar spread to the ASK distribution.
It is possible therefore to use this “best fit” prior for 
at the global scale as an informative prior to compute
PDFs at regional levels. However, there is no physical
or mathematical justification as to why the prior for a
global analysis should be similar to a regional one. The
question may simply be posed as an issue of the robustness of the regional results, that is, in terms of how
much the regional PDFs will change when adopting
different priors for . Tebaldi et al. (2004) explored this
issue for changes in precipitation and found a consistent
widening of the PDFs for small values of . However,
the sensitivity of the results was different for different
regions depending on the degree of clustering of the
individual GCMs. Moreover in all cases, while the tails
of the distributions changed significantly, the location
of the central mass was basically unchanged. In Fig. 4
we present the results for two regional temperature
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FIG. 4. Regional temperature change (K) for the uninformative
prior for  (具 prior典 ⫽ 1, solid line), and for the informative prior
(具 prior典 ⫽ 0.01, dashed–dotted line). The two regions illustrated
in the figure are (top) southern South America and (bottom)
northern Europe. The marks along the horizontal axis correspond
to regional temperature changes simulated by the 9 GCMs analyzed by Tebaldi et al. (2004).

change PDFs obtained with the uninformative prior ,
and with a prior that makes the global predictions with
the Tebaldi model comparable with the ASK approach
prediction for the A2 scenario. The two regions illustrated [southern South America (SSA) and northern
Europe (NEU) as defined by Giorgi and Francisco
(2000a)] are representative of two extreme cases. Using
the standard prior for , in the SSA region five out of
nine of the GCMs cluster around values of ⌬T between
3 K and 4 K, thus the central mass of the distribution
falls in that region. In the case of NEU, seven out of
nine models are more evenly distributed between 3 K
and 6 K, producing a distribution that has roughly that
range. Figure 4 shows that for regions with many outliers the posterior PDF is very sensitive to changes in
the priors, but it is far more stable when there are no
outliers. However, in both cases the tails of the distributions change significantly when changing to the informative  prior, indicating that care should be taken
if these distributions are going to be used for impact
analysis. We should also remark that our choice of
具典prior implies a very small value for its variance as well,
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FIG. 5. Distributions of temperature change (K) under (top) A2
and (bottom) B2 forcing scenarios for 2020–30 and 2050–60, computed using the Bayesian approach (thicker lines) and that of
Stott and Kettleborough (2002) (thinner lines).

effectively constraining the estimation of  to the value
chosen for 具典prior. In this case it is reasonable to expect
that it will have a strong impact in the inferences.

b. SRES scenarios
In Fig. 5, we present the results obtained by analyzing
five GCMs for which twenty-first century runs under
A2 and B2 forcing scenarios are available from the
IPCC DDC. These PDFs are calculated assuming an
uninformative prior for . The Bayesian method predicts higher temperature changes for the two decades
(2020–30 and 2050–60) than Stott and Kettleborough
(2002). This is due to the fact that the mean of the
distribution for the Bayesian prediction is the weighted
ensemble mean for ⌬T, which turns out to be larger
than the scaled temperature change for the HadCM3
model, that is, the mean of Stott and Kettleborough’s
distribution.
We also observe that the range of uncertainty of the
Bayesian PDF is closer (compared to the TCR calculation) to the one predicted by ASK without any tuning
of the parameters. A possible explanation of this result
is that the sample we are analyzing is very sparse and
roughly evenly distributed within its range. Therefore,
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FIG. 7. Standard deviation of the posterior for ⌬T ⫽  ⫺  (K)
as a function of the number of samples n, for 15 different random
choices for each n. The asterisk for n ⫽ 1 corresponds to the result
obtained using the ASK approach. The black solid line connects
the means of the plotted standard deviations.

FIG. 6. TCR (K) for different sampling strategies, including 7
models (bmrc, pcm, gfdl, ukmo, ukmo3, ncarcsm, and ncarwm;
dashed line) and 5 models (cerf, pcm, ech3, ukmo3, and ncarwm;
dashed–dotted line) from the original 16-model ensemble. The
dotted line corresponds to the ASK approach. The marks along
the horizontal axis indicate the temperature changes simulated by
the 16 analyzed GCMs.

there is no clustering of models around any value of
⌬T ⫽  ⫺ ; in particular, there is not clustering of
models around an ensemble mean. This results in wider
distributions due to the fact that all the data points
contribute with a similar weight to the final distribution, in contrast with the case in which outliers do not
contribute at all and clustered data points have a much
higher weight.
To test the plausibility of this argument, in Fig. 6 we
repeated the TCR calculation, but for samples of 7 and
5 models chosen to sample as uniformly as possible the
range of the 16 original models. Within this sampling
strategy, the wider uncertainty range is obtained for the
five-model sample due to the fact that it samples the
range of the full ensemble more uniformly. The sample
of seven GCMs considerably widens the distribution as
well. Note that this strategy of sampling models to span
the range of uncertainty is in accord with Allen et al.
(2003).
Besides the influence of the convergence criterion in
giving large weight to models that cluster around one
another and downweighting outliers, Fig. 6 shows that
the reduction in the uncertainty range of the Bayesian
posterior PDF is also due to the fact that the uncertainty decreases with sample size. To confirm this affirmation in a more general way, we computed TCR by
applying the Bayesian model to ensembles of different
sizes (n), randomly taken from the 16 GCMs. In Fig. 7

we plot the standard deviation of the posterior for
⌬T ⫽  ⫺  as a function of the ensemble size n (n ⬎
3, otherwise the statistical model is overparameterized)
for different random samples within each choice of n.
The asterisk for n ⫽ 1 corresponds to the results obtained using the ASK approach. Since the sampling is
random, the result will depend, of course, on the way
the samples are distributed within the range of the
16 GCMs, and in particular, on whether the randomly
sampled models are outliers or close to the weighted
ensemble mean. Thus, for small values of n there are
wide variations in the standard deviation. For larger n,
the bias and convergence criteria embedded in the
Bayesian model work more effectively at discarding
outliers, reducing the dependence of the standard deviation of ⌬T ⫽  ⫺  on the sample size.
Figure 7 shows (black solid line) that the uncertainty
range predicted by the Bayesian model depends not
only on the bias and convergence criteria as shown before, but also on the size of the sample, simply reflecting the fact that the variance of a sample of N random
variables should be roughly proportional to 1/N, if only
statistical errors (i.e., those that scale with sample size)
are taken into account.
On the other hand, we may ask how the distributions
produced by the ASK approach might change, if the
method was generalized to allow for the treatment of
more than a single GCM. Central to the ASK approach
is that at the spatial scales relevant to global studies,
model-simulated response patterns are correct to
within a scaling factor, so in this sense there are no
independent models.
In an attribution study using the optimal fingerprinting approach, Gillett et al. (2002) choose to undertake
linear regression between the observations and the
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multimodel mean and produce a unique distribution in
this way, determining the uncertainty range not only by
the error in the linear fit but also by the natural variability of the climate system as simulated by the control
runs of the analyzed GCMs. Gillett’s approach suggests
that even if one could assume that the GCMs are statistically independent (as Gillett et al. do when taking
the simple mean), the uncertainty range cannot simply
scale with sample size. In a more recent study, Stott et
al. (2006b) apply the ASK approach to obtain global
predictions of climate change for three GCMs. Even
though there are differences between the means and
uncertainty ranges of the PDFs for the different GCMs,
the predicted means are closer together than for the
unscaled model simulations, and the uncertainty ranges
are comparable. Therefore, a simple mean of the three
distributions (which assumes that they are statistically
independent) has an uncertainty range similar to those
of the individual distributions. These results suggest
that the natural variability imposes a lower bound to
the uncertainty range that is violated if all the errors are
treated as statistical errors scaling with sample size.

4. Discussion
We have compared two different approaches (ASK
and Tebaldi) for estimating uncertainty (formalized
through PDFs) for global mean temperature change
predicted by small ensembles of global climate models.
We found that the uncertainty ranges predicted by the
Bayesian method of Tebaldi et al. (2005) are substantially narrower than those obtained using the ASK approach.
Due to the fact that the statistical approaches are
based on completely different assumptions, there is neither reason to expect that both methods will produce
the same uncertainty range, nor the same expected
value of temperature change. However, since impacts
assessment communities are increasingly requiring
probabilistic projections of climate change, it is important to provide clear explanations about how the assumptions made in formulating the statistical model affect its predictions.
There are several characteristics of the Bayesian
model that influence the width of its posterior PDFs,
and that are possibly relevant in determining the difference with respect to the results obtained using
ASK’s approach. In what follows, we summarize our
findings regarding the effect of bias and convergence on
Tebaldi et al.’s predictions, and discuss possible modifications of this model to account for the other factors
that determine their uncertainty range.
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a. Bias and convergence criteria
The Tebaldi et al. model formalizes the REA approach (Giorgi and Mearns 2002), giving higher weight
to predictions from those GCMs that are better at reproducing present mean climate (small bias) and that
remain close to the weighted ensemble mean in the
future (strong convergence). In the previous section, we
explored how these criteria can be relaxed by modifying the prior parameters of the model. In particular, we
found that by relaxing the convergence criteria, that is,
by assuming an informative small prior for , the uncertainty range can be increased. A possible choice of
informative  prior could be the one that gives a hindcast for attributable warming consistent with current
expert opinion in the attribution community (Goldstein
and Rougier 2004; Kennedy and O’Hagan 2001).
While the influence of bias and convergence in the
predicted uncertainty range was analyzed in this paper
without changing the basic assumptions of Tebaldi’s
model, the investigation of the following factors requires a reformulation of the statistical assumptions
that goes beyond the scope of this work.

b. Types of uncertainties
In the previous section, we have shown that besides
the influence of the bias and convergence criteria in
determining the uncertainty range predicted by the
Bayesian model, for large sample sizes the uncertainty
will scale with 1/N, consistent with the fact that all the
sources of errors are treated as statistically independent
errors. However, in this problem there are other uncertainties that do not scale with sample size, such as those
introduced by the presence of internal variability in observations and GCM-simulated patterns, and systematic biases of the GCMs, due to the fact that they have
been tuned to reproduce the observations. If these errors were taken into account in the formulation of the
statistical model, they would presumably impose a
lower bound on the estimated uncertainty range in an
way analogous to that done by the natural variability in
the ASK approach, and could potentially induce correlations between different GCMs.

c. Statistical independence of the GCMs
The Tebaldi et al. model is built on the assumption
that the GCMs and observations are statistically independent. This was originally justified by the fact that
even though the climate models are tuned to reproduce
patterns of observed climate at global scales, at regional
scales the assumption of independence was a reasonable first-order approximation. However, due to the
fact that GCMs are constructed to reproduce observa-
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tions, a more natural way of writing the likelihood of
models and observations would be through a joint multivariate distribution, whose specification is, however,
problematic because of the difficulty of quantifying intermodel dependence. Perhaps a simpler road to the
same end is the analysis of specifically designed multimodel experiments, or perturbed physics ensembles,
where the systematic sampling could admit an easier
formalization of such an issue.

d. Spatial patterns and time trends
While the ASK approach exploits the GCM information about time trends and spatial patterns, comparing
them to the observed ones, the Tebaldi et al. model has
as inputs 20- or 30-yr averages of global temperatures,
missing potentially valuable information about the ability of the models to reproduce temporal and spatial
patterns. The generalization of Tebaldi’s model to the
analysis of time trends instead of climatology is rather
straightforward, for example, by including a trend term
in the mean component of the Gaussian likelihoods.
However, preliminary results show that the uncertainty
range of the predictions is not substantially changed by
this reformulation. The treatment of climate model output at high resolution rather than aggregate regional
measures requires a nonstraightforward extension by
way of modeling spatial processes on the sphere, in
order to incorporate the spatial correlation structure
between grid locations. At present, there are no results
about uncertainty characterization at regional scales
comparable to the regionally aggregated results.
In this paper, we have compared predictions of global climate change computed using two different approaches. We found that Tebaldi et al.’s Bayesian
model predicts very tight uncertainty ranges at the
global level. Furthermore, the tails of the computed
PDFs are sensitive to the choice of models within the
GCM ensemble, and to the prior for the parameter ,
which controls the models’ convergence. This suggests
that when applied to regional predictions, this method
is useful for illustrating the relative uncertainty in the
predictions from region to region. However, its use in
providing quantitative information such as confidence
intervals on regional climate change is potentially more
problematic, since the predicted PDFs are highly conditional on the formulation of the statistical model, the
priors for the model variables, and the GCM sample.
On the other hand, even though the larger uncertainty range predicted by the ASK approach is consistent with increasingly large uncertainty ranges found
for climate sensitivity by different authors (Forest et al.
2002; Frame et al. 2005; Gregory et al. 2002; Knutti et
al. 2002; Wigley and Raper 2001), this result is also

dependent on the assumptions made to analyze the
data. In particular, it relies on a strictly linear extrapolation that is well justified for global temperature
change but might not be straightforwardly applicable to
small regional scales or different climate variables
(Allen and Ingram 2002). Moreover, even though the
method is designed to depend primarily on observations and only secondarily on the GCM analyzed, further work is needed in order to strictly quantify this
dependence and its influence on the fine details of the
predicted distributions (Stott et al. 2006a).
We conclude that probabilistic predictions of climate
change appear to be at this point highly dependent on
the assumptions built into the statistical model developed to analyze the data. In this sense, their application
to impacts or risks studies can only be made subject to
a clear understanding of the influence of those assumptions on the final results.
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