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ABSTRACT
The DEMETERmulti-model ensemble system is used to investigate the enhancement in seasonal predictability that can
be achieved by calibrating single-model ensembles and combining them to issue multi-model predictions. The forecast
quality of both deterministic and probabilistic predictions is assessed and compared to the skill of a simple multi-model
ensemble where all the singlemodels are equally weighted. Both calibration and combination are carried out using cross-
validation. Single-model seasonal ensembles are calibrated using canonical correlation analysis for model adjustment
and variance inflation for reliability enhancement. Results indicate that both model adjustment and inflation increase the
skill of tropical predictions for single-model ensembles, provided that the training time series are long enough. Some
improvements are also found for extratropical areas, although mostly due to an increase of reliability associated with the
inflation. The beneficial impact of calibration is smaller for the simple multi-model than for the single-model ensembles
due to the relatively high reliability of the former. The raw single-model predictions are also linearly combined using
grid-point multiple linear regression to create an optimizedmulti-model system. Results indicate that the forecast quality
of the simple multi-model ensemble is generally difficult to improve using multiple linear regression due to the lack
of robustness of the regression coefficients. As in the case of the calibration, longer time series would be preferred to
achieve a significant forecast quality improvement. Over the tropics, a multiple linear regression, that uses the principal
components of the model anomalies for the target area as predictors indicates a substantial gain in skill even with the
available sample size. The implications of these results in an operational context are discussed.

1. Introduction

Ensemble weather and climate forecasting (Epstein, 1969;
Molteni et al., 1996; Palmer, 2002) has been principally devel-
oped so as to estimate forecast uncertainty due to unavoidable
errors in the initial conditions. However, initial conditions are not
the sole source of uncertainty inweather and climate forecasting.
Additional contributions come from model uncertainty. Estima-
tion of the part of forecast uncertainty linked tomodel error is still
an open problem that suffers from a lack of analytical solutions
(Palmer, 2001). A pragmatic method to deal with this problem is
based on the multi-model approach (Tracton and Kalnay, 1993;
Harrison et al., 1995; Vislocky and Fritsch 1995; Doblas-Reyes
et al., 2000; Evans et al., 2000; Fritsch et al., 2000; Palmer et al.
2000, 2004). The multi-model approach consists of combining
predictions issued with different forecast systems to produce a
more skilful and reliable estimate of the forecast probability den-
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sity function (PDF). In the case of dynamical forecasting, the use
of several models as members of an ensemble is a way of taking
into account model uncertainty in the simulation of the climate
system. If, in addition, each model can produce an ensemble of
simulations with slightly different initial conditions, the multi-
model ensemble system will sample the two sources of forecast
uncertainty mentioned above, i.e. model error and uncertainty
linked to initial conditions.

As described in Barnston et al. (2003), Hagedorn et al. (2005)
and Palmer et al. (2004), a simpleway of issuing predictionswith
a multi-model system consists in pooling together all the ensem-
ble members from all the single-model ensembles and assigning
an equal weight to eachmodel. This system, denoted hereafter as
the ‘simple multi-model ensemble’, has shown a clear superior-
ity in terms of forecast quality over every single-model ensemble
(Hagedorn et al., 2005). A substantial component of this supe-
riority is due to the higher reliability of the simple multi-model.
Because single-model predictions are not perfectly reliable, there
is the possibility of improving the skill of the single-model
ensembles by calibrating the probabilities of the single-model
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ensembles through a simple inflation of the model variance (von
Storch, 1999). In addition, model anomalies tend to be systemat-
ically misplaced when contrasted with reference data sets. Thus,
an additional calibration of the single-model ensembles may be
achieved by adjusting themodel simulations, taking into account
the linear correlation between the model and observed patterns
of variability (Feddersen et al., 1999). Both techniques are used
here to create calibrated single-model ensembles for which the
forecast quality can be compared to (1) the uncalibrated single-
model ensembles, (2) the simple multi-model ensemble that is
used as a benchmark and (3) a calibrated simple multi-model
ensemble constructed from adjusted single models.

There is substantial evidence (e.g. Shukla et al., 2000) of
the fact that different single models have very different perfor-
mances, the rankingofmodel skills changing as a function of lead
time, variable, region, etc. Given that the underlying hypothesis
in the simple multi-model method is that each model is inde-
pendent and equally skilful whereas this condition is far from
being satisfied, the combination of the single models through
optimal weighting may increase further the forecast quality of
multi-model predictions. Model combination has already been
applied in the development of better standards of reference (Mur-
phy, 1992) and in the improvement of predictions by indepen-
dent forecast combination (Thompson, 1977). The predictions
combined can be either statistical or dynamical, generally the
combination methods not making any distinction between the
forecast system used. Examples of this can be found in Fraedrich
and Leslie (1987) while a comprehensive overview of prediction
merging and combination can be found in Clemen (1989). The
combination of single-model predictions to create a multi-model
forecast byfitting differentweights has already been addressed in
long-range forecasting (Fraedrich and Smith, 1989; Sarda et al.,
1996; Krishnamurti et al. 1999, 2000; Pavan and Doblas-Reyes
2000; Derome et al., 2001; Kharin and Zwiers 2002; Peng et al.,
2002; Coelho et al., 2004; Metzger et al., 2004). Although some
of the examples found a slight increase of forecast skill, there is
a great range of results, and some of the experiments proved that
it is possible to degrade the quality of the predictions if the un-
derlying assumptions of the statistical combination models are
not satisfied. Most of these examples are focused in formulating
ensemble-mean or deterministic predictions. However, the supe-
riority of the multi-model concept is more clearly evidenced in a
probabilistic framework (Doblas-Reyes et al., 2000; Palmer and
Shukla 2000; Palmer et al., 2004). Therefore, the advantages of
model combinationmay bemore clearly illustratedwhen dealing
with probabilistic predictions. Some efforts in this direction have
been described in Rajagopalan et al. (2002) and Stefanova and
Krishnamurti (2002), while themethod described inCoelho et al.
(2004) provides an estimate of the uncertainty around ensemble-
mean predictions that can be used to estimated probabilities.

In order to make a comprehensive assessment of the possi-
ble benefits of dynamical single-model ensemble combination
to construct multi-model predictions, a set of multiple linear

regression models is tested and compared with the simple multi-
model. The comparison is carried out on the basis of probabilis-
tic forecast quality properties to take into account the inherent
probabilistic nature of long-range predictions.

The paper is organized as follows. The DEMETER experi-
ment and the data used are described in Section 2. The methods
employed to calibrate and combine the forecasts, along with the
strategy to assess the forecast quality, are introduced in Section 3.
In Section 4 we present the results from the single-model cali-
bration and the model combination, illustrating the advantages
and disadvantages of these post-processing techniques. Section 5
contains a summary and discussion of the results, along with a
description of their operational consequences.

2. Data and experiment description

2.1. Data

The DEMETER project1 has been funded under the European
Union (EU) Framework-V Environment Programme to assess
the skill and potential economic value of multi-model ensemble
seasonal forecasts. One of the principal aims of DEMETER has
been to advance the concept of multi-model ensemble prediction
by installing a number of state-of-the-art global coupled ocean–
atmosphere models on a single supercomputer and producing a
series of multi-model ensemble hindcasts with common archiv-
ing and common diagnostic software.

The DEMETER prediction system comprises the global cou-
pled ocean–atmosphere models of the following institutions: the
European Centre for Research and Advanced Training in Sci-
entific Computation, France (CERFACS); Centre National de
Recherches Météorologiques, France (CNRM); the European
Centre for Medium-Range Weather Forecasts (ECMWF); Is-
tituto Nazionale de Geofisica e Vulcanologia, Italy (INGV);
Laboratoire d’Océanographie Dynamique et de Climatologie,
France (LODYC); Max-Planck Institut für Meteorologie, Ger-
many (MPI); the UKMeteorological Office (UKMO). To assess
seasonal dependence in forecast skill, the DEMETER hindcasts
have been started four times a year from 1 February, 1 May, 1
August and 1 November at 00 GMT. The atmospheric and land-
surface initial conditions are taken from the ECMWF Reanaly-
sis2 (ERA-40) data set. The ocean initial conditions are obtained
from ocean-only runs forced by ERA-40 fluxes, except in the
case of MPI that used a coupled initialization method. Ocean
observations have been assimilated only in the UKMO ocean-
only run after 1987. Each hindcast has been integrated for six
months and comprises an ensemble of nine members. Hindcasts
have been produced over the period 1958–2001, although the
common period to the seven models is 1980–2001. A significant

1A complete description of the project and its main results can be found
on the DEMETER website, http://www.ecmwf.int/research/demeter.
2See http://www.ecmwf.int/research/era.
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Table 1. Number of models and sample length of the sets of hindcasts
used in the construction of different multi-model predictions

Set of hindcasts Number of models Length of the sample

LSSP 7 1980–2001
SSLP 3 1959–2001
SSSP 3 1980–2001

part of the DEMETER data set is freely available for research
purposes through a public on-line data retrieval system installed
at the ECMWF.3 The data can be retrieved in both GRIB and
NetCDF format.

A key result is that probability scores for the simple multi-
model ensemble are, on average, better than those from any of
the single-model ensembles, this improvement not being only a
consequence of the increase in ensemble size. Results indicate
that the multi-model ensemble is a viable pragmatic approach
to the problem of representing model uncertainty in seasonal-
to-interannual prediction, leading to a more reliable and skilful
forecasting system than that based on any one single model.

2.2. Experimental design

A range of experiments has been carried out to test the perfor-
mance of different methods of single-model and multi-model
calibration as well as single-model combination. To assess the
benefits of the different methods, the calibration, combination
and score calculations are carried out over three regions before
the corresponding average skill score is computed. These regions
are the tropical band (20◦S–20◦N), the Pacific–North Amer-
ica (PNA; 30◦N–75◦N, 160◦W–40◦W) and the North Atlantic–
Europe (NAE; 35◦N–75◦N, 60◦W–45◦E) regions.

Three different sets of single-model ensembles are used for
calibration and combination (Table 1). A first set of predictions
for sevenmodels and the period 1980–2001 will be referred to as
‘large set–short period’ (LSSP). Another set of predictions from
the three models available for the period 1959–2001 is denoted
as ‘small set–long period’ (SSLP). For comparison purposes, a
‘small set–short period’ (SSSP) has also been assessed, using
the same three models as in SSLP.

The performance of the DEMETER system has been eval-
uated from this comprehensive set of hindcasts (Palmer et al.,
2004; Hagedorn et al., 2005). In addition, a complete set of
diagnostics can be accessed on-line at http://www.ecmwf.int/
research/demeter/verification. The predictions considered in this
paper correspond to the seasonal averages for the simulation
period going from months 2 to 4 and months 4 to 6. That is,
the results are described for the following seasons: December
to February (DJF), March to May (MAM), June to August

3See http://www.ecmwf.int/research/demeter/data.

(JJA) and September to November (SON) in the case of the
two–four month predictions, and for February to April (FMA),
May to July (MJJ), August to October (ASO) and November to
January (NDJ) for the four–six month predictions. For brevity,
only predictions for the hindcasts starting inMay and November
will be discussed here. Due to the model biases, the raw model
output in long-range dynamical forecasting is not generally use-
ful (Déqué, 1991). Thus, anomalies have to be computed as de-
partures from the corresponding long-term climatology. Calcu-
lation of model and reference anomalies, and the adjustment
of the coefficients for the inflation and combination have been
carried out in one-year out cross-validation mode (Michaelsen,
1987; Wilks, 1995) to obtain unbiased estimators. This implies
eliminating the target year from the computation and using the
rest of the sample to perform the statistical analyses.

3. Methodology

The methods employed to calibrate the predictions and to com-
bine the single-model ensembles are described in this section.
While the combination needs to be undertaken using several
models, the calibration has been carried out separately for each
single-model and for the multi-model ensembles. The depen-
dence of the results on the data used to train the statistical mod-
els is a drawback of any post-processing method. The quality
of the data sets that are employed as a reference has usually
been considered as a limitation to estimate the actual forecast
quality of the predictions (e.g. Mason et al., 1999). The same
data sets are used either to calibrate predictions or to construct
weighted multi-models, being an additional source of forecast
error in post-processed seasonal predictions. Given that assess-
ing the impact of such a source of uncertainty requires the use of
independent data sets, which may not be available for some of
the variables dealt with here, this problem will not be addressed
in this paper.

3.1. Calibration

A sample of climate model output is not equivalent to a sam-
ple of observed climate. Calibration can be considered as a way
of obtaining predictions with average statistical properties sim-
ilar to those of a reference data set. This implies that dynam-
ical predictions need to be calibrated against a reference data
set. Calibration has been often addressed using ad hoc meth-
ods given the large variety of statistical models available. As
an illustration, variance inflation (von Storch, 1999) and model
adjustment (Feddersen et al., 1999; Feddersen, 2000) have been
used in this paper as calibration strategies.Model adjustment has
also been used to perform a downscaling of seasonal predictions
(Feddersen, 2003; Feddersen and Andersen, 2005).

Single-model probabilistic predictions may be unreliable due
to symmetric, conditional biases linked to either model error
or weaknesses of the method used for generating the ensemble
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(Atger, 2003), or both. Therefore, an inflation of the ensemble
spread is required in order to obtain reliable probabilities (Hamill
andColucci, 1998). The inflationmodifies the predictions to have
the same interannual variance as the reference data set at every
grid point. Note that the simplemethod applied here is equivalent
to the additive randomization described in von Storch (1999). If
zi is an ensemble-mean prediction for any grid point in time i
and zij is the difference of ensemble member j with the ensemble
mean, the inflated estimate of the ensemble member j can be
expressed as

wi j = αzi + βzi j . (1)

The coefficients α and β are found under the constraints that
(1) the standard deviation of the inflated prediction is the same
as that of the reference sr and (2) the correlation ρ between the
inflated prediction and the reference does not change with the
inflation. A solution to this problem is

α = abs(ρ)
sr

sem
(2)

β =
√
1 − ρ2

sr
se

, (3)

where sem is the standard deviation of the ensemble mean and
se is the square root of the mean variance of the ensemble. This
method corrects the underestimation or overestimation of the
ensemble spread with no modification of the ensemble-mean
correlation. The experiment that performed the inflation of the
different ensembles is denoted as INF hereafter (Table 2). When
applied in cross-validation, the inflation is equivalent to the im-
provement of the prediction reliability with minor prejudice to
the resolution or relative operating characteristic (ROC) area
(see Appendix A for their definition) as described in Kharin and
Zwiers (2003a,b). The method is applied separately for each
grid point. However, Atger (2003) showed that the inflation with
area-averaged parameters could provide better results because
the parameter estimates are more robust. The inflation is always
carried out in cross-validation mode.

Table 2. Set of calibration and combination experiments

Post-processing Acronym Description

None SMM Simple multi-model ensemble (with equal weighting) is constructed with original single-model ensembles.

Calibration INF Inflated single-model ensembles. A calibrated simple multi-model ensemble (with equal weighting)
is obtained from the original single-model ensembles and then inflated.

Calibration ADI Inflated and CCA-based adjusted single-model ensembles. The calibrated simple multi-model (with equal
weighting) is obtained from the CCA-based adjusted single models previous to inflation and then inflated.

Combination REG Multi-model with the coefficients computed at each grid point using multiple linear regression.
Combination RPC Multi-model with the coefficients computed at each grid point using principal component linear regression.
Combination RAP Multi-model with the coefficients computed at each grid point using multiple linear regression with the

model principal components for the area as predictors.

To correct for systematic spatial shifts of the simulations, a
canonical correlation analysis (CCA; von Storch and Zwiers
1999) between time series of ensemble-mean predictions and the
reference data set is performed for each single-model ensemble.
CCA searches for sequences of linearly related modes that can
be used to form an expansion of the time series of the matrices
A and B, the model and reference data sets, respectively. A(B) is
an N T × N p matrix where each column is the ensemble-mean
(reference) time series for a grid point. There are N p grid points
in the target region and NT cases, where the number of cases
is the amount of time-steps. The reference and model data sets
are standardized to have zero mean and standard deviation equal
to one. As the computations are carried out in cross-validation
mode, the CCA is computed as many times as the number of
years available. This implies that after removing the target year,
the number of cases available in the training data set is NT − 1.
A principal component analysis is performed with this sample in
order to reduce the spatial dimension to a number smaller than
the number of grid points. Only the components explaining at
least 90% of the variance have been retained, which results in
a different number of principal components depending on the
target year, region and variable. The CCA decomposition of the
original fields can be written as

A = D(CAF)T (4)

B = E(CBG)T. (5)

Matrices D and E contain the expansion coefficients (time se-
ries) for the simulated and reference data sets, respectively, while
the columns of F and G contain the corresponding patterns and
CA and CB are the covariance matrices of the fields A and B. T
denotes transposed matrix. As CCA maximizes the linear corre-
lation between pairs of patterns, the relative importance of the
modes is given by the correlation between the expansion coeffi-
cients, which is stored in a diagonal matrix H.

The prediction field has been reconstructed separately for
each target year using a certain number of patterns ranging from
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J = 1 to 4. The underlying hypothesis is that themost predictable
patterns in a linear sense will be captured by the leading CCA
modes, although in theory this only holds for statistically sta-
tionary fields. In order to correct the spatial biases of the model
variability, the reconstruction of the predictions should express
the predictable time series within the phase space of the refer-
ence data. The adjustment of the predictions is carried out in
cross-validation. Therefore, the estimated canonical correlation
patterns for the training period are used to reconstruct an adjusted
single-model ensemble for the target year τ , arec

τ

arec
τ = aτ D′H′(CAG)

′T, (6)

where aτ is the vector of ensemble members for time τ . The
prime indicates that the matrices are truncated for the J leading
canonical correlation patterns. The number of patterns included
in the reconstruction is arbitrary, so that an additional adjustment
has been performedusing a selection of themost robust canonical
patterns. The selection is based on the double cross-validation
concept (Feddersen et al., 1999). A set of CCA analyses is made
using the training data set and excluding one of the NT − 1 cases
each time. The expansion coefficients are reconstructed from the
CCA decompositions. The canonical patterns corresponding to
the reconstructed expansion coefficients with a correlation above
a certain threshold were then used to adjust the target year.

Given that CCA maximizes the correlation between pairs of
patterns of the two fields, it is preferred to maximum covari-
ance analysis because large variability differences are generally
found between the models and the reference. The drawback of
the method is that the most correlated patterns are also those that
reduce the ensemble spread (Feddersen et al., 1999), so that an
inflation of the ensemble predictions is required. The previously
described inflationmethod has been applied and the results of the
adjustment and posterior inflation will be denoted as experiment
ADI (Table 2).

3.2. Combination

The linear combination of NM predictions for a given grid point
can be written as

y = Xb (7)

where b is the vector of coefficients, X is an N T × N M matrix
of predictors, NT is the sample size or number of cases and y
the vector of predictands. Both predictors and predictands are
assumed to have zero mean. In this multiple linear regression
problem, the least-squares solution for b is obtained from

Cxy = Cxx b, (8)

where Cxy and Cxx are the covariance matrices of the predictand
with the predictors and of the predictors (von Storch and Zwiers,
1999), respectively. In our case, the predictand is the reference
value and the predictors the ensemble-mean values of each single
model for the specific grid point. This regression is also known

as inverse regression (Coelho et al., 2004) because the obser-
vations are regressed against the predictions. The prediction for
time τ is obtained by substituting the corresponding predictors
for that time in the regression equation. An estimate of the pre-
diction uncertainty (Anderson, 1972) assumes a Gaussian error
distribution with the mean given by the predicted value yτ and
the standard deviation by

sτ = s0

√(
1 + 1

NT
xτ C−1

xx xτ

)
. (9)

xτ is the vector of predictor values for time τ and s0 is the stan-
dard deviation of the regression residuals. The method applied
to single grid points will be referred to in the following as ex-
periment REG (Table 2).

As pointed out by Kharin and Zwiers (2002), the superiority
of this linear combination is more easily evidenced when the
sample size is large. This not being generally the case in seasonal
forecasting, a way to avoid biased estimates of the coefficients
is to compute them with an independent sample. However, the
short length of the time series available only allows for the use
of cross-validation as an alternative method. As in the rest of
the paper, a leave-one-out scheme has been used to estimate the
vector of coefficients. This implies that the parameter estimation
is carried out separately for each target year using the NT − 1
remaining values.

Some authors (e.g. Thompson, 1977; Vislocky and Young,
1989) have pointed out that an optimal blend of predictions will
perform better than any of the individual systems, provided that
they have some skill and some independence. In the case of
combination with multiple linear regression, the independence
criterion is also important because co-linearity of the predictors
(linear correlation between the ensemble mean of the different
singlemodels) introduces a large uncertainty in the estimated co-
efficients that is particularly evidenced in cross-validationmode.
In this sense, Kharin and Zwiers (2002) suggest that the poorer
performance of the combined multi-model predictions through
multiple linear regression is due to overfitting or, in other words,
biased estimates of the coefficients. Because co-linearity of the
predictors may explain part of the failure, principal component
regression (von Storch and Zwiers, 1999) offers an alternative
way of performing the regressionwith linearly uncorrelated vari-
ables. The matrix of predictors for a grid point can be decom-
posed using a principal component analysis

X = PQR, (10)

where P and R are the matrices whose columns contain the prin-
cipal components and the loadings, respectively. Q is the matrix
of eigenvalues. This method intends to build up a reduced set
of uncorrelated variables that explain most of the variability of
the NM predictions. The principal components have been com-
puted using both the covariance and the correlation matrix of the
single-model ensemble-mean predictions. An interesting feature
of the principal component regression is that a number K < N M
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of principal components can be retained to construct a matrix
P′. The criterion used was based on retaining a certain amount
of the variance between the models. A multiple linear regres-
sion between P′ and y is then carried out to estimate a new set
of regression coefficients. Finally, the predicted value for time
τ is obtained from the regression equation with the vector of
predictors given by

pτ = xτ R
′TQ

′−1, (11)

where the prime indicates that the matrices are truncated to the
K leading components. It is important to note that, as a conse-
quence of the cross-validation process, the reconstructed predic-
tors are not uncorrelated.However, some tests have indicated that
the correlation between the reconstructed PCs is not statistically
significant.

One of themain disadvantages of themethods described above
is that the combination is carried out separately for each grid
point. This implies that the spatial correlation of the fields is
not taken into account. Using a reduced set of predictors that
represents most of the variability of the region is a way of in-
troducing the spatial information in the combination. A natural
and simple set of variables to carry out that task consists in the
leading principal components over a region. O is an N T × N R

matrix, with the columns being the grid-point ensemble-mean
time series for the area and for every single model. This matrix
is used to compute U, which contains the principal components.
The predicted value and its uncertainty are computed using eqs.
(7) and (9), with the vector of predictors for time τ given by

uτ = oτ V
′TT

′−1, (12)

where oτ is the vector of ensemble-mean predictions and V and
T are the loading and eigenvalue matrices, respectively. The
prime indicates that the matrices are restricted to the L lead-
ing components. The regression may be performed either on the
grid-point values of the reference data set or on the leading prin-
cipal components of the reference data set over the region. In
the second case, the predicted principal components and their
uncertainty are used to obtain a prediction for the full field. As
before, cross-validation is used for both the calculation of the
principal components and the regression. As discussed above,
the cross-validation applied to the principal component compu-
tation prevents the reconstructed predictors from being uncor-
related. This experiment is denoted hereafter as RAP (Table 2).
Yun et al. (2005) describe results of a similar method to produce
multi-model seasonal predictions.

The probabilistic predictions obtained from the regression are
not reliable, so that an inflation of the predictions may still im-
prove their reliability. The inflation applied is similar to that
discussed previously. The coefficients α and β are computed as
in eqs. (2) and (3) with se being the square root of the average of
the variances estimated with eq. (9). The ensemble-mean predic-
tion is multiplied by α, while the prediction uncertainty is scaled
with β.

3.3. Forecast quality assessment

Forecast quality assessment is an essential component of the
forecast formulation process (Jolliffe and Stephenson, 2003).
The aim is to summarize and assess the overall forecast quality
using a statistical description of how well the predictions match
the verification data. Both deterministic (ensemble mean) and
probabilistic predictions have been considered. The skill of the
former has been estimated using the anomaly correlation coef-
ficient (ACC). Three sources of uncertainty in common scoring
metrics of probabilistic forecasts should be considered: improper
estimates of probabilities from small-sized ensembles, insuffi-
cient number of forecast cases, and imperfect reference values
due to observation errors. A way to alleviate this problem is to
use several scoring measures to offer a comprehensive picture
of the forecast quality of the system. Forecast quality is a mul-
tidimensional concept described by several scalar attributes that
provides useful information about the performance of a fore-
casting system. Therefore, no single measure is sufficient for
judging and comparing forecast quality. Forecast quality has
been evaluated in this paper using measures of bias, reliability
and accuracy. The set of verification measures are the frequency
bias, the ROC area under the curve, and the Brier score (BS),
including its decomposition in resolution and reliability terms.
Although all thesemeasures are thoroughly described in Thornes
and Stephenson (2001), Jolliffe and Stephenson (2003), Doblas-
Reyes et al. (2003) and Mason (2004), a brief description can be
found in Appendix A.

Three types of events have been considered for verification:
predictions above the upper and below the lower tercile, and
predictions above themedian.The thresholds (medianor terciles)
have been defined separately for the hindcast and the verification
data sets. Tercile boundaries were computed using two different
methods. A simple way of estimating the quantiles of a sample
is to rank the values and find the boundaries that create equally
populated bins. A more sophisticated method that allows for a
high-resolution estimate has been used instead. It relies upon
a Gaussian-kernel estimator of the population PDF (Silverman
1986). As mentioned above, there is an inherent uncertainty in
these estimates that translates into an increased uncertainty in
the forecast quality measures.

4. RESULTS

4.1. Calibration

As shown in Hagedorn et al. (2005), the simple multi-model
(SMM) ensemble performs better than any single-model ensem-
ble for most of the regions, parameters and lead times. An ex-
ample of forecast quality measures for late winter (November
start date, 4–6 month hindcast, FMA) predictions of mean sea
level pressure above themedianover the tropical band is shown in
Fig. 1. The open bars represent the scores of the single-model and
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Fig 1. (a) Frequency bias, (b) ROCSS, (c)
BSS, (d) BSSrel, (e) BSSres and (f) ACC for
seven single-model ensembles (S1–S7), the
simple multi-model (MM) ensemble and
persistence (P) predictions of late winter
(November start date, 4–6 month hindcast,
FMA) mean sea level pressure above the
median over the tropical band. The open bars
represent the raw model output. The solid
bars correspond to the results obtained with
the adjusted and inflated single-model
ensembles when retaining 1–4 canonical
patterns (from left to right). The fifth solid
bar corresponds to the adjusted single model
constructed with only the most robust
canonical patterns and then inflated. The
calibrated simple multi-model ensemble is
obtained from the ADI method of Table 2.
The hindcasts are for the period 1980–2001.

SMM ensembles. Seven single models have been used to con-
struct the SMM ensemble, with hindcasts for the period 1980–
2001. For comparison, a prediction based on persistence is also
displayed (open bar on the right end of each plot). This proba-
bilistic prediction has been obtained from the seasonal anomaly
of the three months previous to the start date of the hindcasts.
The probability of persistence is then linearly relaxed towards
a climatological probability forecast with a time-scale of six
months.

As expected, the SMM ensemble performs better than any
single-model ensemble. The SMM ensemble shows a high rel-
ative operating characteristic skill score (ROCSS) that denotes
a greater ability to distinguish between events and non-events.
A strong agreement can be found between the results of the
ROCSS and the resolution component of the Brier skill score
(BSSres), due mainly to the fact that both are measures of poten-
tial predictability. In that sense, their results are comparable to
the ACC, although the latter is defined for the ensemble-mean
prediction while the former scores are probabilistic and depend
on the event that is verified. The SMM also displays a higher re-

liability than any single-model ensemble. These results indicate
that, as in Hagedorn et al. (2005), the improvement in the BSS
of the SMM ensemble with respect to single-model ensembles
is due to an increase in both reliability and resolution. Addition-
ally, it can be observed in Fig. 1 that every single model and the
SMM ensembles are better than persistence except in terms of
reliability, which is a result common to other areas, variables and
lead times.

The solid bars in Fig. 1 correspond to the results obtained
with the adjusted and inflated (ADI) ensembles when retain-
ing one to four leading canonical patterns (from left to right).
The fifth bar corresponds to the forecast quality measures for
the adjusted single-model ensembles obtained with only the
most robust canonical patterns and then inflated. Double cross-
validation as in Feddersen et al. (1999) has been used in such
a way that, when no robust canonical pattern could be found,
a climatological prediction was taken. The correlation thresh-
old used to retain a canonical pattern is 0.15. The ADI simple
multi-model ensemble was constructed by pooling together the
ensemble members from the adjusted single models previous to
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inflation. The adjusted simple multi-model ensemble was then
inflated. The frequency bias of the ADI ensembles as well as
that of the original output is overall close to 1. This is a desir-
able feature in order to avoid any hedging of the predictions to
optimize specific scores. The reliability is improved for the ADI
single-model ensembles with low BSSrel, which is mainly due to
the inflation. A similar increase in reliability is found for the INF
ensembles but with a slight decrease of ROCSS and BSSres, as in
Kharin and Zwiers (2003a,b). The gain in reliability with respect
to the original single-model ensembles is similar to that obtained
with the SMM ensemble. This result is also valid for most of the
regions and variables and illustrates one of the advantages of the
simple multi-model.

The ADI single-model ensembles show an overall increase
of ROCSS and BSSres, especially with a large number of pat-
terns retained. Better results, on average, can be found for the
best set of canonical patterns, as in Feddersen et al. (1999).
While the increase in reliability can be considered a consequence
of the inflation, the improvement in terms of resolution is due
to the CCA-based adjustment. TheACC results are close to those
of ROCSS and BSSres, although the improvement over the orig-
inal single-model skill scores is not always found for the three
skill scores. As a consequence of the gain in reliability and res-
olution for the ADI single-model ensembles, the BSS also im-
proves. An interesting feature of the model adjustment is that
in some specific cases, as for model 1 in Fig. 1, the calibrated
scores are almost as good as those of the SMM ensemble. How-
ever, when this occurs, the specific single model depends on the
event, region, variable, etc.

In spite of the positive impact of the single-model calibra-
tion, the ADI simple multi-model displays a very small increase
of skill. None the less, a positive impact of the calibration for
the simple multi-model can be found when longer time series
are available. Figure 2 depicts the ROCSS, BSS and BSSrel for
the three single-model ensembles and their corresponding sim-
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Fig 2. (a) ROCSS, (b) BSS and (c) BSSrel for
three single-model ensembles (S1–S3), the
corresponding simple multi-model (MM)
and persistence (P) predictions of late winter
(November start date, 4–6 month hindcast,
FMA) mean sea level pressure above the
median over the tropical band. The reading
of open and solid bars is as in Fig. 1. The
hindcasts are for the period 1959–2001.

ple multi-model for the period 1959–2001. These three models
are the same as the first three in Fig. 1. Skill scores for the unad-
justed ensembles are lower than in the previous figure, although
persistence is still beaten in terms of ROCSS. The ADI single-
model ensembles show an important increase in ROCSS (and
also in BSSres) with respect to the original ensembles. Along
with an improvement of the reliability due to the inflation, the
skill improvement of the calibration explains the change of sign
from negative to positive BSS, which is then better than for per-
sistence. In addition, these improvements are at the origin of a
general increase of the multi-model ensemble skill. Both relia-
bility and resolution increase and the BSS increases up to three
times the SMM value.

Part of the decrease in skill observed when using longer time
series (compare open bars in Figs. 1 and 2) could be linked to the
relative inability of the single models to correctly reproduce the
observed multi-annual variability, as suggested by Pavan et al.
(2005). It has been found that single models reproduce such
variability in the first month of the simulation. However, the
hindcasts for longer lead times display a clear disagreement with
the low-frequency variability of the observations. This issue is
currently under investigation and additional experimentation is
being carried out.

Predictability is higher over the tropical regions than in the
extratropics. Therefore, an improvement of predictability for
the latter region may be more relevant than for the former.
Figure 3 displays the ROCSS, BSS and BSSrel for the same mod-
els of Fig. 1, but over the NAE region. Predictions are for winter
(November start date, 2–4month hindcast,DJF) 2-m temperature
of the upper tercile. This is another example of the superiority
of the SMM ensemble over the original single-model ensem-
bles. As before, the ADI skill scores tend to be higher for the
adjustment that uses the set of robust canonical patterns. There
is a general improvement of the ADI single-model reliability,
the solid bars improving every time with respect to the value
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Fig 4. As in Fig. 3, but for three
single-model ensembles and hindcasts for
the period 1959–2001.

of the unadjusted ensemble. This increases the BSS, although a
general decrease of the resolution, which has a behaviour similar
to the ROCSS, prevents a higher rise. The skill scores of the ADI
simple multi-model ensemble do not generally increase with the
calibration, the reliability skill score of the simple multi-model
being already close to 1, and therefore difficult to improve. Sim-
ilar results have been found for the other two events verified over
the same region.

Given that a large improvement in scores is found when no
cross-validation is used (not shown), one of the reasons for the
poor performance of the adjustment method may be the small
sample size that gives less robust estimates. Figure 4 shows the
ROCSS, BSS and BSSrel for the set of single-model ensembles
available for the period 1959–2001. The same event, variable
and lead time as in Fig. 3 are depicted. As in the case of the
tropical region, the skill scores of the original single-model en-
sembles are slightly lower with this longer set of hindcasts. A
comparison with the persistence scores indicates that the single-
model ensembles have low reliability. The SMM skill scores are

also lower than in Fig. 3, part of this decrease being due to the
smaller number of models considered. As in Fig. 3, the ROCSS
is not improved for the ADI single-model (except for model 1)
and multi-model ensembles. However, the ADI single-model
ensemble BSS is greatly improved, mainly due to an increase in
reliability, which allows them to have a less negative skill score.
The ADI simple multi-model marginally improves the BSS with
respect to that of the SMM ensemble.

The example described in Fig. 4 can be used to illustrate how
the CCA-based adjustment can increase the skill of the single-
model ensembles. Figure 5a depicts the grid-point correlation
between the ensemble-mean prediction of model 1 and ERA-40.
Areas with positive correlation appear over the North Atlantic,
the European continent showing mainly zero values. Figure 5b
shows the correlation of the ADI ensemble-mean using the first,
second and fourth canonical patterns. The third patternwas found
in the double cross-validation process to be not robust enough
to be retained in the reconstruction. The correlation decreases
over the western subtropical North Atlantic. However, there is a
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hFig 5. Grid-point ensemble-mean
correlation with ERA-40 of (a) the winter
(November start date, 2–4 month hindcast,
DJF) 2-m temperature issued with model 1
and (b) the corresponding ADI prediction.
Three canonical patterns (patterns 1, 2 and 4)
have been retained for the reconstruction.
The patterns are reproduced in (c), (e) and
(g) for ERA-40 and in (d), (f) and (h) for the
model. The hindcasts are for the period
1959–2001.

substantial gain over continental Europe (with two spots of neg-
ative correlation over the Mediterranean), the regional ACC be-
tween ensemble-mean predictions and ERA-40 increasing from
0.08 to 0.14. The shift of the adjusted model anomalies is the
consequence of the three pairs of canonical patterns shown in
Fig. 5. This result indicates that calibration for this area, season
and variable can be beneficial as skill is improved in areas where
the predictions might be most useful.

Precipitation is a special case in itself. Unfortunately, homo-
geneous global precipitation data sets are not available before
1979 (Adler et al., 2003). As a consequence, precipitation hind-
casts have been calibrated only for the set of predictions for the
period 1980–2001. ADI single-model ensembles show a much
higher reliability for all areas and seasons (not shown). Over the

tropics, the ADI single-model ensembles do not show improve-
ments in ROCSS and BSSres. This reduces the positive effect of
the gain in reliabilitywhen theBSS is computed.As for the rest of
the variables, the verification of probabilistic predictions offers
a more complex picture of predictability than the ACC, which
provides a single estimate regardless of the threshold the user is
interested in. As extratropical skill is very low, the interpretation
of the results in terms of improvements is difficult. As in previ-
ous cases, the most relevant feature is a gain in reliability that
increases the BSS.

The calibration process reduces the skill score differences be-
tween the single-model and themulti-model ensembles. The pre-
vious examples indicate that single-model ensembles generally
improve their reliability with the calibration and, sometimes, can

Tellus 57A (2005), 3



244 F. J . DOBLAS-REYES ET AL.

perform as well as the simple multi-model ensemble. However,
the single-model ensemble that achieves such an improvement
changes with the region, variable and lead time considered. As in
Hagedorn et al. (2005), the main advantage of the simple multi-
model is that, in spite of not being the best forecast system for
every possible prediction, the likelihood of having a better score
is higher than for any single model.

Figure 6 depicts the BSS of the SMM ensemble versus the
BSS of the ADI simple multi-model for the LSSP and SSLP
sets of hindcasts. Predictions for different regions, lead times,
events and variables have been included, although the detail of
the results is sacrificed to obtain an overall picture of the per-
formance. The calibration of the single-model ensembles, based
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Fig 6. BSS for the SMM ensemble versus the ADI simple multi-model
constructed from adjusted single models using the most robust
canonical patterns for (a) the LSSP (seven models for the period
1980–2001) and (b) the SSLP (three models for 1959–2001) sets of
hindcasts. Scores for three areas have been included: tropical band
(plus symbols), PNA (diamonds) and NAE (crosses). Results for three
events (anomalies within the upper and lower tercile and anomalies
above the median), three variables (2-m temperature, 500-hPa
geopotential height and sea level pressure), two lead times (one- and
three-month lead) and two start dates (May and November).
Precipitation results are only included in (a). The numbers on top of
each panel correspond to the number of times the score of the system in
the abscissa has a larger value than the one in the ordinates axis, the
total number of cases and, in brackets, the percentage.

on CCA and posterior inflation for the 22-yr (1980–2001) long
data sets, improves the reliability of the calibrated simple multi-
model predictions in most cases, but only increases their resolu-
tion in some specific cases, most of them in extratropical areas.
In those cases, the ADI simple multi-model performs better than
the SMM ensemble, as indicated in Fig. 6a for the BSS (seven
models are used), while barely any improvement is found for
the tropical area. Different results are obtained with the longer
time series available (43 yr of hindcasts, 1959–2001) for three
of the models. This larger sample size allows more robust es-
timates of the canonical patterns and the posterior multi-model
inflation. As a consequence, the BSS for the ADI simple multi-
model is increased with respect to the SMM BSS (Fig. 6b) in a
larger proportion of cases than for the shorter time series. This
improvement is achieved as a result of a consistent increase in
BSSrel, BSSres only increasing for the tropical region. It has been
found that in both sets of time series the improvement is more
important in the 4–6 month seasonal hindcasts than in the 2–4
month ones.

4.2. Combination

Previous results have shown that the ADI simple multi-model
might be, in some cases, as skilful as (or even more skilful
than) the simple multi-model obtained from the original single-
model ensembles, depending on the sample size. In this sec-
tion we intend to explore whether linear model combination can
achieve a similar degree of improvementwith regard to the SMM
ensemble.

Multiple linear regression at each grid point has been em-
ployed by Krishnamurti et al. (1999, 2000) and Kharin and
Zwiers (2002) as a method to formulate multi-model predic-
tions, finding slightly contradictory results. Figure 7 shows the
frequency bias, ROCSS, BSS and BSSrel for the SMM ensemble
versus the values for the REG multi-model. The LSSP set of
hindcasts (seven models, 22 yr) has been used. As in Fig. 6, pre-
dictions for different regions, lead times, events and variables for
the period 1980–2001 have been included. In this example the
predictors have been standardized before computing the coeffi-
cients. This approach estimates the best linear unbiased estimator
(BLUE) as inSarda et al. (1996), Pavan andDoblas-Reyes (2000)
and Derome et al. (2001). The combined predictions tend to be
more skilful with this method than in a multiple linear regression
where each single model keeps its own variability, although dif-
ferences are minor (not shown). In order to compensate for the
loss of variability in the regression process, the inflation method
has been applied in cross-validation mode to the predictions. As
in the INF experiment, the inflation increases the reliability of
the predictions introducing a small decrease inACC,ROCSS and
BSSres (not shown).

The SMM predictions have a frequency bias lower than 1 and
worse than for the REGmulti-model predictions, indicating that
the SMM ensemble tends to underpredict the events. In contrast,
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Fig 7. (a) Frequency bias, (b) ROCSS, (c)
BSS and (d) BSSrel for the SMM ensemble
(ordinates) versus those for the REG
multi-model predictions (abscissa). The
BLUE method has been used for the multiple
linear regression. The LSSP set of hindcasts
(seven models, 22 yr, period 1980–2001)
was used. Symbols are as in Fig. 6.

there is a decrease of BSSrel for the REG predictions with respect
to the SMM ensemble. The lack of robustness of the inflation
parameters estimated in cross-validation mode may play a role
in the decrease of reliability. BSS, ROCSS and ACC are worse
for the REG multi-model, except for a few cases over the ex-
tratropics, where the skill is already very low. To illustrate the
actual potential of this method to combine single-model predic-
tions, Fig. 8 depicts the same skill scores as Fig. 7, but for the
longer time series of the SSLP set of hindcasts (three models,
43 yr). The REG multi-model forecast quality values are closer
to those of the SMM in this case, indicating that the length of the
time series used to estimate the coefficients is an important factor
in the construction of REG predictions. The REG multi-model
BSS improves with respect to the SMM ensemble for almost all
the tropical cases, mainly due to an increase in reliability linked
to a higher-than-one frequency bias. ROCSS also increases for
some tropical events and so does BSSres. Nevertheless, an over-
all decrease of the forecast quality is found for the extratropical
events.

The previous results suggest that there is a relationship be-
tween the improvement in the skill of the REG predictions and
the sample size used for the estimation of the coefficients. The
beneficial impact of the sample size can be evidenced more
clearly by comparing Fig. 9, the BSS of the SSSP multi-model
(three models, 22 yr), with the BSS panel of Fig. 8 (three models,
43 yr). The clear improvement for some areas appearing in the

former are totally absent in the latter. The improvement of the
REGmulti-model BSS with longer time series is mainly due to a
decrease of the difference inBSSres of the REGmulti-model with
the SMM ensemble. Stefanova and Krishnamurti (2002) found
that the resolution term is the most important contributor to the
improvement of regression-based multi-model predictions with
regards to a simple multi-model probabilistic hindcast system.

A comparison of Figs. 7c and 9 reveals a small improvement
of the REG prediction constructed with three single models with
respect to the prediction made using seven single models. This
indicates that an excess of models may have a negative impact on
the multiple linear regression if the samples are not long enough,
as also found by Kharin and Zwiers (2002) and Krishnamurti
et al. (2000). Part of the lack of robustness of the estimates is
due to the co-linearity of the single-model predictions. The sin-
gle models used tend to show similar skill over certain regions.
Some of the coupled models may present a similar behaviour
because they share the same atmospheric or ocean component.
This lack of independence appears as co-linearity between the
predictors of the regression and prevents the estimates of the
modelweights frombeing robust enough, especiallywhen a large
number of models are used. To reduce the impact of this burden,
principal component regression has been used, where the prin-
cipal component analysis has been computed in cross-validation
separately for each grid point (RPC experiment). Figure 10 de-
picts the ROCSS for the RPC predictions versus that of the REG
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Fig 8. As Fig. 7, but for the SSLP set of
hindcasts (three models, 43 yr, period
1959–2001). Precipitation results are not
included.
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Fig 9. BSS for the SMM ensemble (ordinates) versus the REG
multi-model predictions (abscissa). The BLUE method has been used,
as well as the SSSP set of hindcasts (three models, 22 yr, period
1980–2001). Symbols are as in Fig. 6.

predictions, both computed with the LSSP set of hindcasts. The
BLUE approach has been used. The input for the regression is
the set of uncorrelated principal components that explain at least
95% of the covariance (three to five principal components de-
pending on the variable, season and region). Although there is
a gain in skill with respect to the REG experiment that is also
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Fig 10. ROCSS for the REG (ordinates) versus the RPC predictions
(abscissa). Symbols are as in Fig. 6. The LSSP set of hindcasts (seven
models, 22 yr, period 1980–2001) and the BLUE method have been
used in both cases. The principal components used as predictors in the
RPC experiment explain at least 95% of the variance.

found with other skill scores, it is not yet enough to beat the
SMM ensemble (not shown). These results do not show any sen-
sitivity to the computation of the principal components using the
covariance or the correlation matrix. Tests where fewer princi-
pal components have been retained (variance explained in the
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range of 50–75%) have shown that the introduction of a reduced
number of predictors reduces the skill with regard to the stan-
dard multiple linear regression version. It has also been found
that the skill of the SSLP and SSSP multi-model versions ob-
tained through multiple linear regression in each grid point is
not improved by using uncorrelated variables. In other words,
the beneficial impact of principal component regression is only
observed when a large number of models are used.

The multiple linear regression method in each grid point al-
lows the estimation of an upper limit of predictability when the
method is applied without cross-validation. This setting is not
feasible in a realistic framework so that the results should not be
interpreted as a measure of useful skill. In a realistic setting, only
a cross-validated forecast quality assessment provides some in-
formation about useful skill. Instead, these results illustrate the
importance of cross-validation. The ROCSS of the REG pre-
dictions with the LSSP set of hindcasts computed in-sample is
shown in Fig. 11a. As expected, the skill is well above that of the
simple multi-model and that of the cross-validated prediction,
especially for the extratropics. The ROCSS is high, not only for
the tropical events, but also for the extratropical ones. The same
conclusion applies to the other scores. This result can be con-
sidered as the maximum skill that could be achieved with such
a multi-model if the coefficients of the linear combination could
be perfectly estimated, which would only occur with infinitely
long time series and a stationary climate. Not surprisingly, this
upper limit of the skill depends strongly on the number of mod-
els, as shown in Fig. 11b, where the ROCSS is lower for the
SSSP multi-model than for the LSSP. An increase in the num-
ber of predictors without cross-validation necessarily provides a
higher skill than a smaller multi-model. A certain improvement
may also be observed in actual predictions, provided that the
coefficients are robust estimates. However, given that climate is
non-stationary, even if the time series are long enough, the po-
tential skill should be reduced because the statistical model does
not take this feature into account. This can be noticed in Fig. 11c,
where the ROCSS for the SSLP set of hindcasts (three models,
43 yr) appears to be lower than that of the SSSP (three models,
22 yr).

The use of grid-point predictors does not take into account
the spatial distribution of the anomalies. A way to include the
spatial information is to use as predictors the leading principal
components obtained from all the single models over the region
of interest. Figure 12a shows theBSS for the SMMensemble ver-
sus that of the RAP experiment for the SSLP set of hindcasts. Up
to four model principal components have been used. The regres-
sion has been performed on the leading principal components of
the reference data set that explain at least 75% of the variance.
The predicted reference principal components have then been
used to reconstruct the predicted spatial field and its uncertainty
before applying the inflation. The BSS increases with respect
to that of the SMM ensemble for the tropical region due to a
simultaneous increase in both resolution and reliability. This in-
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Fig 11. ROCSS for the SMM ensemble (ordinates) versus that of the
REG multi-model predictions (abscissa, BLUE method) without
cross-validation. The sets of hindcasts used are: (a) LSSP (seven
models, 22 yr, period 1980–2001); (b) SSSP (three models, 22 yr,
period 1980–2001); (c) SSLP (three models, 43 yr, period 1959–2001).
Symbols are as in Fig. 6. Precipitation results are not included in (b).

crease is for some cases not as large as for the REG experiment
(Fig. 8), although the results tend to be similar. Some improve-
ment is also found for extratropical areas, especially due to an
increase in reliability. In this case, the forecast quality is higher
than that obtained in the REG experiment. Figure 12b depicts
the corresponding ACC. In contrast with the BSS, the ACC is

Tellus 57A (2005), 3



248 F. J . DOBLAS-REYES ET AL.

-0.1 0.0 0.1 0.2 0.3 0.4
RAP

-0.1

0.0

0.1

0.2

0.3

0.4

S
M

M

a) BSS:  58 / 108 (53.7 %)

0.0 0.2 0.4 0.6 0.8
RAP

0.0

0.2

0.4

0.6

0.8

S
M

M

b) ACC:  24 / 108 (22.2 %) Fig 12. (a) BSS and (b) ACC for the SMM
ensemble (ordinates) versus the
corresponding skill scores of the RAP
multi-model predictions (abscissa). Up to
four model principal components have been
used. The regression has been performed on
the leading principal components of the
reference data set that explain at least 75% of
the variance. The predicted reference
principal components have then been used to
reconstruct the predicted spatial field and its
uncertainty before applying the inflation.
The SSLP set of hindcasts (three models, 43
yr, period 1959–2001) has been used.
Symbols are as in Fig. 6.

clearly worse with respect to the SMM ensemble. This is an-
other example of the benefits of considering forecast quality as a
multidimensionalmagnitude. The reduction of the sample length
has a strong impact in the combination. The combination of the
SSSP set of hindcasts showed only a small improvement with re-
gard to the SMMensemble for the tropical areas and degradation
elsewhere. Slightly worse results have been obtained when the
regression is carried out separately for each reference grid point
instead of for the reference leading principal components.

5. Discussion and concluding remarks

A comprehensive assessment of the impact of model calibration
(using CCA and variance inflation) and combination (based on
multiple linear regression) in the formulation ofmulti-model pre-
dictions has been described. The forecast quality of the systems
has been discussed mainly for two different sets of hindcasts:
(1) seven models and 22 yr; (2) three models and 43 yr. The re-
sults have been described taking into account previous published
results of seasonal prediction calibration and combination.

The single-model seasonal predictions have been calibrated
using CCA for model adjustment and variance inflation to in-
crease the reliability. The gain in forecast quality has been com-
pared with that of the original single-model ensembles and with
the SMM ensemble. The results indicate that both model ad-
justment and inflation increase the skill of tropical predictions,
provided that the sample size for training the statistical model
is large enough. Some improvements are also found for extrat-
ropical areas, although it is mostly due to the increase in relia-
bility. The larger improvements are found for longer-range pre-
dictions, a likely consequence of the drift of the coupled models
beyond the initial month of the simulation. The skill increase is
smaller for the calibrated simple multi-model than for the cali-
brated single-model ensembles.

The rawsingle-model predictions have also been linearly com-
bined using grid-point multiple linear regression to create an
optimized multi-model system. Results indicate that the overall
forecast quality of probabilistic predictions is not significantly

improved with respect to the SMM ensemble due to the lack of
robustness of the coefficients. Much longer time series would
be required to achieve a significant skill improvement as well
as a reduction of the co-linearity between the single models.
Vislocky and Fritsch (1995) showed that linear regression did
not add any additional improvement over a simple multi-model
in the case of temperature and precipitation short-term forecasts
because of the correlation among the forecast systems. Similar
conclusions were found by Kharin and Zwiers (2002) in the case
of seasonal predictions. Principal component regression of the
grid-point ensemble-mean hindcasts was used to solve the prob-
lem with very little success. The beneficial impact with regard
to standard multiple linear regression is only observed when the
number of single models is high.

A multiple linear regression experiment was carried out, for
which the predictors are the leading principal components from
a joint principal component analysis using the ensemble mean of
every single model over a region. This method has the advantage
of taking into account the spatial correlation of the anomalies and
of estimating the coefficients from uncorrelated variables. It is
shown that there is potential for improving the skill of the multi-
model especially for the tropical band. Instead, the ROCSS and
BSSres of extratropical events do not increase when compared to
the SMM ensemble. However, it is likely that a careful choice
of the region used to compute the principal components may
provide improved results for many areas and variables (Pavan
et al., 2005).

Because of the difficulty in estimating the coefficients of the
combination, an option to improve the SMM ensemble skill is
to not use the model with the lowest skill for a given variable
and region (the model selection is undertaken in cross-validation
mode). A small increase of the skill scores is then found (not
shown), especially when the number of single models used is
small. In other words, the impact of an additional model is
not large, even if it is the worst in the multi-model ensemble,
provided that enough models are used. When the number of
single models is small, the improvement of dropping a single-
model ensemble off the multi-model is at best comparable to the
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impact of the inflation. Still, all the models are required because
the worst model in the multi-model ensemble is not the same for
all regions and variables, in addition to the fact that a reliable
choice of the worst model may be impossible most of the time.

A comparison of Figs. 6 and 12a suggests that both calibration
and combination improve in a similar way the seasonal predic-
tion forecast quality, the former being superior for extratropical
predictions and the latter for tropical ones. This implies that cal-
ibration and combination complement each other. Stephenson
et al. (2005) described a recently developed general framework
to simultaneously achieve model calibration and combination
in a Bayesian context. This framework will be used to explore
those cases where post-processing seems to increase seasonal
prediction skill.

Both deterministic and probabilistic predictions have been for-
mulated and verified in this paper. The inherent probabilistic
nature of seasonal forecasting implies that scores for probabilis-
tic forecasts are more closely related to the kind of information
most relevant to the users, and thus their results aremore interest-
ing and useful. Some examples have been found wherein either
calibration or combination seemed to be beneficial in terms of
ensemble-mean ACC. Nevertheless, the same conclusion did not
hold in the case of the probabilistic predictions because either the
reliability or the resolution (or the ROCSS) was degraded. The
generally reduced information offered by the ACC should be
taken as a warning when results of previous calibration and/or
combination studies are considered. From an operational per-
spective, the benefits of post-processing methods need to be
illustrated in terms of the gain in quality of either probabilis-
tic forecasts as in Clark and Déqué (2003) or ensemble-mean
forecasts with uncertainty estimates as in Coelho et al. (2003,
2004).

The forecast quality of the original single-model and SMM
ensembles was found to be lower for the data set with longer
time series. Additional analyses indicate that the single models
have difficulties reproducing the multi-annual climate variabil-
ity. This is harmful both for forecast quality assessment and for
model post-processing (e.g. calibration and combination). The
reasons for the reduction of forecast quality for the long sets of
hindcasts have yet to be determined, although paucity of ocean
observations before 1980 may be one of them. No ocean assim-
ilation has been carried out in the hindcasts used in this paper
(except for a short period in one of the models) because of the
lack of ocean subsurface observations for the period before 1990.
Similar obstacles are found for soil wetness initialization. This
points towards the importance of properly initializing the cou-
pledmodels, which should be a priority for future developments.

The results described in this paper have two relevant impli-
cations for an operational environment. First, the calibration of
high-quality single-model ensembles and their combination re-
quire long hindcast data sets, which are difficult to create due to
both computational constraints and uncertainties in the initializa-
tion of the soil and ocean components for early dates. Secondly,

the wide range of results presented here implies that the areas
and variables where calibration and/or combination are likely to
introduce some skill increase should be carefully selected. Pre-
dictions for areas and variables where no or little improvement
with respect to an SMM ensemble is found should be taken from
the SMM ensemble. This implies that a thorough assessment
of every multi-model forecast system is required. Both aspects,
the availability of long data sets and the selection of the areas
and variables where calibration and/or combination are bene-
ficial, need to be considered in the context of the application
to end-user models (e.g. Cantelaube and Terres 2005; Challinor
et al., 2005; Marletto et al., 2005; Morse et al., 2005) and of the
decision-making process of users (Sarewitz et al., 2000; Jochec
et al., 2001; Hartmann et al., 2002;Murnane et al., 2002; Archer,
2003). This is the framework where the actual predictive poten-
tial of amulti-model seasonal forecast system can be determined.
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7. Appendix A

A set of verification measures has been used to assess the quality
of the probabilistic hindcasts. These measures are the frequency
bias, the ROC area under the curve and the Brier score (BS) along
with the terms obtained from its decomposition.

The hit rate H, or the relative number of times an event was
forecast when it occurred, and the false alarm rate F, or the
relative number of times the event was forecast when it did not
occur (Jolliffe and Stephenson, 2003), are two useful variables
to characterize the performance of a prediction system. They
are based on the likelihood-base rate factorization of the joint
probability distribution of forecasts and verifications (Murphy
and Winkler, 1987). The hit and false alarm rates take the form

H = a

a + c
, F = b

b + d
, (A1)

where a, b, c and d are the elements of a contingency table con-
taining the number of hits (a, number of cases when an event is
forecast and is also observed), false alarms (b, number of cases
the event is not observed but is forecast), misses (c, number of
cases the event is observed but not forecast), and correct rejec-
tions (d, number of no-events correctly forecast) for all ensemble
members.

The hit and false alarm rates allow the definition of a relia-
bility measure, the frequency bias B (Thornes and Stephenson,
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2001). The frequency bias is an attribute of forecast quality that
corresponds to the ability of the forecast system to average prob-
abilities equal to the frequency of the observed event. This mea-
sure indicates whether the forecasts of an event are being issued
at a higher rate than the frequency of observed events and can
be estimated from

B = a + b

a + c
. (A2)

A frequency bias greater than 1 indicates overforecasting, i.e.
the model forecasts the event more often than it is observed.
Consequently, a bias lower than 1 indicates underforecasting.

TheROC (Swets, 1973) is a signal-detection curve plotting the
hit rate against the false alarm rate for a specific event over a range
of probability decision thresholds (Mason and Graham, 1999;
Kharin and Zwiers, 2003b) where a separate contingency table
has been determined for every probability threshold. It indicates
the performance in terms of hit and false alarm rates stratified
by the verification. Ideally, the hit rate will always exceed the
false alarm rate and the curve will lie in the upper left-hand
portion of the diagram. The hit rate increases by reducing the
probability threshold, but at the same time the false alarm rate
is also increased. The standardized area enclosed beneath the
curve, A, is a simple accuracy measure associated with the ROC,
with a range from 0 to 1. A skill score can be constructed from
this area as ROCSS = 2 × A − 1 (Richardson, 2001). A system
with no skill (made by either random or constant forecasts) will
show a skill score of zero.AsROC is based upon the stratification
by the verification, it provides no information about reliability
of the forecasts, and hence the curves cannot be improved by
improving the climatology of the system. In other words, this
score is relatively independent of the forecast calibration and
should be understood as a measure of potential predictability,
being qualitatively similar to the resolution term of the BS.

The BS is an accuracy measure similar to the mean square
error. It is defined as

BS =
N∑

i=1

(pi − oi )
2, (A3)

where pi represents the probability of predicting a dichotomous
event and oi is the corresponding observed probability, which
usually is taken as 1 if the event occurs and 0 otherwise. The
corresponding skill score is

BSS = 1 − BS

pc(1 − pc)
, (A4)

where pc is the climatological probability of the event. The range
of BSS is the interval[
1 − 1

pc(1 − pc)
, 1

]
.

The BS can be decomposed into three non-negative terms:

BS = BSrel − BSres + BSunc. (A5)

The three terms are known, respectively, as: (1) reliability, which
measures the conditional bias of the forecasts and is equal to the
weighted average of the square differences between the forecasts
and conditional observed probabilities; (2) resolution, which
measures the ability of the forecast system to discriminate be-
tween event occurrences and non-occurrences; (3) uncertainty,
which is the variance of the observation probabilities. The cor-
responding BSS can be written as

BSS = BSSres + BSSrel, (A6)

where BSSrel and BSSres are the skill scores of the reliability
and resolution components, respectively. Their values are found
within the range [0, 1].
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