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In this study, the superiorities of the super-ensemble for seasonal climate predictions
are investigated based on the 500 mb geopotential height (GPH500) hindcasts
produced by four Canadian atmospheric seasonal climate prediction models. The
investigations are carried out mainly in two aspects: (i) a comprehensive evaluation of
predictions for each grid point over the global domain by deterministic, probabilistic
and potential prediction skill measures; (ii) the empirical orthogonal function
(EOF) and the Maximum Signal-to-Noise (MSN) EOF analyses in the Northern
Hemisphere. It is found that improvements of the super-ensemble are mainly
due to the increase of ensemble size in the mid-high latitudes and the offsets
of model uncertainties in the tropical regions. Measures of temporal correlation
coefficient (CORR), Brier skill score (BSS) and reliability (REL) are more affected
by the ensemble size; whereas the relative root-mean-square error (RRMSE) and
resolution (RES) are sensitive to the offsets of model uncertainties. The first EOF
mode of ensemble mean is similar to the most predictable pattern derived by the
MSN EOF method, but the latter has the temporal evolutions more associated with
the oceanic boundary forcing. The super-ensemble shows advantages in both EOF
and MSN EOF analyses. Copyright c© 2012 Royal Meteorological Society
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1. Introduction

Prompted by their great socio-economic effects, seasonal
climate predictions have been produced in more than ten
major forecast centres around the world, where a set of
dynamical models are being used. Given the nonlinear
evolution of the atmospheric system, the quality of the
dynamical seasonal climate prediction is critically dependent
on both the uncertainties of the initial conditions and
the model formulations (Palmer, 2001). To reduce initial
conditions uncertainties, different ensemble strategies and
data assimilation algorithms have been proposed and

applied practically (e.g. Epstein, 1969; Hoffman and Kalnay,
1983; Stockdale et al., 1998; Tang et al., 2005; Balmaseda
and Anderson, 2008). To reduce model formulation
uncertainties, the following methods could be used: (i) the
multi-model approach (the super-ensemble method), which
considers the structural inadequacy of individual models
(e.g. Tracton and Kalnay, 1993; Vislocky and Fritsch, 1995;
Atger, 1999; Krishnamurti et al., 1999, 2000; DelSole, 2007;
Peña and Van den Dool, 2008; DelSole et al., 2012); (ii) the
perturbed-parameter approach, in which the multiple
uncertain parameters are considered (e.g. Stainforth et al.,
2005; Collins et al., 2006); and (iii) the stochastic-physics
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approach, which tries to resolve uncertainties in the subgrid
processes (Shutts, 2005; Jin et al., 2007; Shutts and Palmer,
2007). Doblas-Reyes et al. (2009) argued that the three
methods are complementary to each other, but the multi-
model approach is better than the other two when the lead
times of climate predictions are shorter than 5 months,
namely, the multi-model method is the best for seasonal
forecasts.

The central argument of the multi-model ensemble
superiority over the single model ensemble is that the
former takes a holistic consideration of uncertainties from
both the initial conditions and the model uncertainties
(e.g. Palmer and Shukla, 2000; Palmer et al., 2004), and
our lack of understanding of atmospheric behaviour could
possibly be offset by different assumptions of model
framework. The multi-model approach has been applied in
many aspects including short- and medium-range weather
forecasting (e.g. Richardson, 2001; Mylne et al., 2002; Eckel
and Mass, 2005; Whitaker et al., 2006; Candille, 2009),
seasonal climate prediction (e.g. Krishnamurti et al., 2000;
Barnston et al., 2003; Kumar et al., 2003; Palmer et al.,
2004; Vitart, 2006), and climate change projection (e.g.
AR4 of Intergovernmental Panel on Climate Change).
By the analyses of some indices of regional average, the
benefits of the multi-model approach have been displayed
in the DEMETER (Development of a European Multi-
Model Ensemble System for Seasonal to Interannual
Climate Prediction) multi-model ensemble system (Palmer
et al., 2004; Hagedorn et al., 2005), the CliPAS (Climate
Prediction and its Application to Society) project (Wang
et al., 2009), and the El Niño/Southern Oscillation (ENSO)
multi-model (CCSM, CFS) prediction (Kirtman and Min,
2009).

The objective of this study is to systematically explore
the prediction skill of the super-ensemble in terms of
the local predictions and the large-scale climate-mode
predictions. The anomalies of the 500 mb geopotential
height (GPH500) seasonal mean prediction are used as
the analysis target. The GPH500 is a typical variable that
represents the extratropical circulations. Its predictions also
can be used to improve the seasonal climate predictions of
precipitation and temperature by post-processing methods
(Lin et al., 2008). In detail, this study addresses two
aspects: (i) the investigation of the spatial distribution
of the prediction skill over the global domain, grid
by grid; and (ii) the prediction skill of the large-
scale climate modes in the Northern Hemisphere (NH:
20◦N–90◦N, 0◦E–360◦E). In both aspects, the performances
of the super-ensemble are compared with those of each
single model ensemble. The central questions that this
study attempts to answer are: (i) whether and why
the super-ensemble is necessarily superior to the single
ensembles; (ii) whether and how the nature and merits
of the super-ensemble are geophysically dependent; and
(iii) whether the most predictable components are more
significant in the super-ensemble than in single model
ensembles. There were some similar studies focusing on
question (i) in the literature, but questions (ii) and
(iii) have been little addressed in the climate prediction
community.

This article is composed of six sections. In section 2,
the data and methods used in this work are introduced.
Section 3 compares the super-ensemble against each
single ensemble in the global domain, in terms of the

deterministic, probabilistic and potential forecast skills.
The reasons responsible for the superiorities of the multi-
model ensemble in local predictions are also discussed. In
section 4, the potential predictability is investigated based
on the ‘perfect model’ scenario. In chapter 5, the large-scale
climate modes derived by the super-ensemble and each single
model ensembles are presented and compared by using the
Empirical Orthogonal Function (EOF) method and the
Maximum Signal-to-Noise ratio (MSN) EOF method. The
merits of the super-ensemble in predictions of climate modes
are also discussed. Finally, section 6 presents the summary
and conclusions.

2. Data and methods

2.1. Data

The ensemble forecasts used in this study are from the second
phase of the Historical Seasonal Forecasting Project (HFP2),
which aims to study the seasonal climate predictability.
The seasonal hindcasts were produced by four Canadian
atmospheric models: the second and third generations
of the general circulation models (GCM2 and GCM3)
developed at the Canadian Centre for Climate Modeling
and Analysis (CCCma) (Boer et al., 1984; McFarlane
et al., 1992), the Global Environmental Multi-scale model
(GEM: Côté et al., 1998a, 1998b) developed at Recherche
en Prévision Numerique (RPN) in Montreal, Canada,
and the reduced-resolution version of the global spectral
model (SEF: Ritchie, 1991). For each model, an ensemble
of ten parallel integrations of 4-month duration, with
initial conditions at 12-hour intervals of the National
Centers for Environmental Prediction-National Center for
Atmospheric Research (NCEP-NCAR) reanalysis (Kalnay
et al., 1996) preceding the first day of the forecast seasons,
was produced from the beginning of each month for the
period from January 1969 to December 2001. The sea
surface temperature (SST) in HFP2 was taken as the sum
of the SST anomaly of the month preceding the forecasts
and the monthly varying climatological SST, i.e. the same
SST anomaly persists through the whole 4-month forecast
periods. Detailed instructions for the initial conditions
and boundary forcing of these models can be found in
Lin et al. (2008) or Kharin et al. (2009). For validation,
the NCEP reanalysis dataset (Kalnay et al., 1996) over
the same time period was used as the observation. In
order to get rid of model bias, the climatology of both
hindcasts and observation data were removed individually,
and all data used in this work were the anomalies of
GPH500.

2.2. Skill scores and analysis methods

2.2.1. Deterministic skill scores

To evaluate the deterministic prediction skill of the
ensemble products, two measures are used in this study: the
temporal correlation coefficient (CORR) and the relative
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root-mean-square error (RRMSE):
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where z is the anomalies of GPH500, the superscripts p
and q represent prediction and observation, respectively, t
is the lead time, the overbar indicates the average over the
entire time period, and N is the total number of samples.
Larger CORR and RRMSE indicate good forecasts. The
statistical test for the difference of two CORRs, obtained
by the super-ensemble prediction and by a single ensemble
separately, both against observation, is evaluated by Steiger’s
Z-test (Meng et al., 1992). RRMSE was used instead of the
root-mean-square error (RMSE) to remove the effect of
climatological variability at different locations.

2.2.2. Probability skill scores

For evaluations of the probabilistic forecast skill, the
standardized Brier Skill Score (BSS) and its two components
of reliability (REL) and resolution (RES) are calculated at
each grid in the global domain. Higher BSS values suggest
better forecasts. With a perfect score of 1, BSS lies in the range
of [1 − 1/{Pc(1 − Pc)}, 1], where Pc is the climatological
frequency of the forecast event. Positive BSS values indicate
that the model forecasts are better than the climatological
forecasts. REL reflects the statistical consistency between the
forecast probability and the mean observed frequencies over
a long-term period (Toth et al., 2003; Wilks, 2006). Smaller
REL values suggest more reliable probabilistic forecasts.
RES describes the ability of the forecast system to resolve
the set of sample events into subsets with characteristically
different outcomes by quantifying the difference between
the conditional observed frequencies and climatological
frequency (Murphy, 1973). Larger RES values suggest better
resolution ability of forecast systems.

The reliability diagram (Murphy, 1985) can visually reveal
the dependence of the relative frequency of an observed
event on the forecast probability. The joint distribution of
the forecast probability and the corresponding observation
frequencies is close to the diagonal line in the reliability
diagram if the forecast system is reliable. But it is impractical
to present the reliability diagram at each grid point given
the large number of grid points over the global domain, for
which the REL is calculated instead. Similarly, the sharpness
histogram can be used to characterize the resolution in a
reliable forecast system. It can visually show a tendency of
one system to forecast the extreme probabilities near 0 or
1 rather than values gathering around the mean. Since the
sharpness histogram just shows an attribute of the forecasts
alone without correspondence to observations, it is only
meaningful if the forecast system is reliable.

2.2.3. Potential prediction skill

The potential prediction skill (PCORR) is an upper limit
of the model prediction skill usually obtained with the
assumption of the ‘perfect model scenario’, under which
each ensemble member could be viewed as the real
observation. The PCORR is obtained by averaging all
correlation coefficients between an individual ensemble
member (viewed as the observation) against the ensemble
mean of remaining members (Peng et al., 2005):
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where zp is the prediction of the anomalies of GPH500 at a
fixed lead time t, the superscripts k and ens represents the
prediction of ensemble member k and the ensemble mean of
the remaining members, the overbar indicates the average
over the entire time period, and N is the total number of
samples.

Due to the uncertainties of model frameworks, the
atmospheric predictability is usually model dependent.
Comparisons of PCORR among different models will be
reasonable only if the practical prediction skills (CORR) of
those models are comparable (e.g. a perfect PCORR of 1
would be meaningless if the CORR is 0). For a particular
model, the closer the CORR approaches the PCORR, the
closer the actual prediction skill approaches the upper limit
(or better prediction). Thus, the PCORR can be regarded as
an indicator of the accuracy of predictions, offering a means
to estimate prediction skill when the observations are not
available. The difference between the potential prediction
skill and the practical prediction skill is quantified by their
relative errors:

REE = PCORR − CORR

CORR
× 100%. (5)

A smaller REE value implies a better prediction.

2.2.4. EOF and MSN EOF methods

EOF analysis has been widely applied in atmospheric studies.
It finds the spatial patterns of variability and their temporal
variation, and gives a measure of the ‘importance’ of each
pattern by the explained variance. Differences between the
EOF method and PCA (Principal Component Analysis)
method are quite confusing in the literature. Some authors
(Richman, 1986) define the two methods differently; some
authors (Preisendorfer and Mobley, 1988; Peixoto and Oort,
1992) refer to PCA and EOF methods as the same. In this
study, the phrases EOF and PCA are used interchangeably.
The patterns were referred to as the EOF modes; the
associated time series were referred to as PCs (principal
components).
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Different from the EOF analysis, the MSN EOF analysis
is essentially a discrimination issue aiming to maximize the
ratio of signal over noise (SNR) (Fukunaga, 1990; Schneider
and Griffies, 1999). The MSN EOF analysis introduced by
Allen and Smith (1997) is an optimal method that can derive
the signal correctly by removing the influences of noise. It
is used in finite ensemble forecasts to derive signals driven
by the external forcing (Venzke et al., 1999; Sutton et al.,
2000; Straus et al., 2003; Huang, 2004; Hu and Huang, 2007;
Liang et al., 2009). In ensemble forecasts, the response of
the signal to the external forcing can be represented by
the ensemble mean anomalies, which are the potentially
predictable components; whereas the noise (overall internal
variability) is estimated by the average ensemble spread,
which is essentially unpredictable due to the atmosphere’s
chaotic internal dynamics (Straus and Shukla, 2002; Straus
et al., 2003; Kang et al., 2004; Tippett and Giannini, 2006;
Liang et al., 2009). The signal and noise are theoretically
independent when the ensemble size is infinite (e.g. Venzke
et al., 1999; Sutton et al., 2000). When the ensemble size is
finite, the estimation of the signal is often contaminated by
the noise. The goal of MSN EOF is to exclude the impact of
noise as much as possible while the signal is extracted.

The MSN EOF is essentially the same as the most
Predictable Component Analysis (PrCA), which is based on
information theory to maximize predictive information, the
difference between the entropy of the forecast distribution
and the entropy of the climatology distribution (Schneider
and Griffies, 1999). Both the MSN EOF and PrCA methods
are equivalent to the discriminant analysis given that the
two methods, though from different perspectives, can be
understood to search for a best linear combination of
variables that separates the signal (entropy of the forecast)
and the noise (entropy of the climatology) as much as
possible (DelSole and Tippett, 2007).

In this study, the phrases MSN EOF and PrCA are used
interchangeably. The MSN EOF method finds the spatial
pattern, or weight matrix providing an optimized filter to
discriminate the signal and noise, the time series reflecting
the temporal evolution of the dominant mode of the signal,
and the spatial pattern characterizing the spatial distribution
of the dominant mode of signal. In this study, the pattern
of discrimination is referred to as the filter pattern, the
associated time series are referred to as the PrCs, and the
spatial distribution of the dominant mode of optimized
signal is referred to as the most predictable pattern.

According to the Raleigh Quotient theorem, the
maximization of SNR leads to a generalized eigen-
value–eigenvector problem (DelSole and Tippett, 2007).
Practically, the number of grid points is always much larger
than the number of total samples in climate studies, thus the
covariance matrix of noise, denoted by �N , is usually not
full-rank, leading to a solution of ill-conditioned inversions.
To solve this issue, the SNR is optimized in a truncated EOF
space, in which the pre-whitening and regularization tech-
niques were both used to make �N an identity matrix, and
whiten the covariance matrix of signal (�S) simultaneously.
A further EOF analysis is then applied to the whitened signal
covariance matrix. In this study, the MSN EOF analysis
mainly follows the algorithm by Venzke et al. (1999). The
algorithm is briefly summarized as follows:

• Make the covariance matrix of noise (�N ) identity,
namely,

D−1/2ET�N ED−1/2 = I. (6)

D and E are the eigenvalue and eigenvector matrices
of �N . ED−1/2 is a transformation matrix that makes
the covariance matrix of noise (�N ) identity.

• Whiten the signal covariance matrix by the transfor-
mation matrix ED−1/2:

�WS = D−1/2ET�SED−1/2. (7)

• Apply the EOF analysis to the whitened signal
covariance matrix �WS to obtain the optimized SNRs
in descending order:

SNR = TT�WST

= TT D−1/2ET�SED−1/2T, (8)

where T is the matrix of eigenvectors of the whitened
signal covariance matrix; the matrix U = ED−1/2T
contains the filter patterns.

• Project the ensemble mean on the filter patterns to
obtain the predictable components PrCs:

PrCs = XsU. (9)

The most predictable component is the one
corresponding to the largest SNR. All PrCs are
temporally orthogonal (uncorrelated) with each
other.

• Obtain the corresponding predictable patterns V by
projecting the ensemble mean on the PrCs:

V = XT
x XsU. (10)

3. Actual prediction skill

In this section, the actual prediction skills of all model
ensembles are evaluated using the deterministic and
probabilistic skill metrics discussed in section 2. To enlarge
the sample size, all predictions initialized at each calendar
month for the period from 1969 to 2002 are used to form
a total sample size of 33*12. For brevity, the seasonal mean
prediction (the average over forecasts from 2 to 4 months)
is used to evaluate model skills. The emphasis of this study
is to reveal the geophysical dependence of the superiorities
of the super-ensemble over the global domain.

3.1. Deterministic prediction skill

For each single ensemble, the ensemble mean over all
members is used to evaluate the deterministic prediction
skill. For the super-ensemble, initially we attempted to
construct a weighted average of the four single ensemble
means for its deterministic prediction. Both the linear
weighted and the nonlinear weighted combinations were
carried out using linear regression and neural network.
Sets of cross-validation experiments show that the equally
weighted average of the four single ensemble means is
the best construction for the deterministic prediction of
the super-ensemble for the seasonal prediction of GPH500
anomalies. This might result from the insufficient samples
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for the training in the cross-validation scheme. However,
it was argued in DelSole et al. (2012) that the approach of
unequal weighting of forecasts may contribute to advantages
of multi-model ensemble only in relatively limited regions
of the globe, which was also supported by the multi-model
forecasts through ridge regression (DelSole, 2007; Peña
and Van den Dool, 2008). Thus, the equally weighted
average of the four ensemble means is used to construct
the deterministic prediction for the super-ensemble in this
study.

Figure 1 shows the global distributions of CORR
(a)–(d) and RRMSE (e)–(h) of GCM2, GCM3, GEM
and SEF. The CORR and RRMSE of all models reach
maximum in the tropical regions and decrease poleward
rapidly to the mid-high latitudes in both hemispheres. At
the approximately same latitudes, regions of the Pacific-
North America (PNA) (Wallace and Gutzler, 1981) and
Antarctic Dipole (ADP: 55◦S-75◦S, 180◦-120◦W) (Yuan and
Martinson, 2000, 2001) have higher CORR and RRMSE
skills. Among all models, SEF has the poorest deterministic
prediction skill.

Figure 2 shows the differences of CORR (a)–(d) and
RRMSE (e)–(h) between the super-ensemble and each
single ensemble. The significant differences of CORR at
95% confidence level by Steiger’s Z-test are shaded in
Figure 2(a)–(d). Improvements of the super-ensemble are
more visible at the mid-high latitudes than in the tropical
regions. This is because the atmospheric uncertainties are
much higher in the mid-high latitudes, where the deficiency
of individual models can be more significantly offset by the
super-ensemble. But the super-ensemble outperforms SEF
over almost the whole global domain. The performance of
single ensembles may be placed in descending order: GCM3,
GCM2, GEM and SEF.

Figure 2(e)–(h) shows the RRMSE difference between
the super-ensemble and individual ensembles. Unlike the
CORR difference (Figure 2(a)–(d)), the RRMSE difference
is mostly positive, indicating that the super-ensemble always
has better RRMSE skills than single ensembles. Similar to
CORR, the super-ensemble has better RRMSE skill than SEF
in the global domain. For other single model ensembles, the
super-ensemble has higher RRMSE in the following regions:
(i) the middle latitudes of East Asia, the mid-high latitudes
of western Europe, southwest North America, northeast
Australia and the eastern tropical Pacific for GCM2; (ii) some
sporadic regions of the middle and low latitudes such as
the central Pacific, southwest North America and central
South America for GCM3; and (iii) over the Indian Ocean,
southwest Australia, a northeast–southwest oriented band
over the North Pacific and high latitudes of western North
America for GEM.

In terms of the deterministic forecasts, the superiority
of the super-ensemble is both metric measure dependent
and geophysical location dependent. Generally, the super-
ensemble is a little better than the best single ensemble but
much better than the worst single ensemble. For CORR,
the superiority of the super-ensemble is mainly at the mid-
high latitudes, whereas for RRMSE, the super-ensemble also
shows merit in the tropical regions.

3.2. Probabilistic forecast skill

To perform probabilistic skill analysis, three mutually
exclusive events (BN: below normal; NN: near normal;

AN: above normal) were defined at each grid point based
on the corresponding observation from 1969 to 2002.
The climatology used here is the sample climatology. A
number of methods have been developed to construct
super-ensemble probabilistic forecasts, including the count-
based unweighted method, count-based weighted method,
Gaussian unweighted method and Gaussian adjusted
method (e.g. Kharin and Zwiers, 2003; Kharin et al.,
2009). Kharin et al. (2009) discussed these methods and
performed the probabilistic prediction of super-ensemble
using normalized ensemble members and terciles to define
categories. In this study, we performed the probabilistic
prediction analysis of super-ensemble using the count-
based unweighted method (i.e. raw ensemble predictions of
individual models) and the terciles as the category definition.

To examine the possible impacts of the construction
methods of super-ensemble on probabilistic skills, we
performed two statistical experiments: (i) the ensemble
members of individual models were normalized as in Kharin
et al. (2009) but quartiles were used to define the category of
events; and (ii) the definition of events used the terciles but
ensemble members were not normalized. The results show
that the BSS and RES derived from normalized ensemble
data are larger for the low latitudes and tropical regions
but smaller for the mid-high latitudes, compared with
those from un-normalized ensemble data (not shown).
However, these differences are small, and under 0.05. We
also examined the difference of probabilistic skill scores
when the quartiles are used instead of terciles in the above
experiments, and found that the differences are also very
small for AN and BN events. But terciles division leads to
much worse BSS in the lower latitudes and tropical regions.
Both experiments show comparable level of REL. Since the
terciles are more commonly used in the community, we
used the count-based unweighted construction method and
terciles as the definition of event category in this study.

The global distributions of BSS, REL and RES scores,
derived from the super-ensemble prediction, are shown in
Figure 3 for BN, NN and AN, respectively. As can be seen in
this figure, positive values of BSS (Figure 3(a)–(c)) dominate
the tropical domain for all categories, suggesting that super-
ensemble prediction is always better than climatological
prediction. However, the improvement of super-ensemble
prediction relative to climatological prediction is very subtle
for mid-high latitudes, with the values of BSS less than
0.1, especially for NN. The significant improvement occurs
in the tropical regions, as shaded in Figure 3. Apparently,
the ensemble prediction skill decreases with latitude, with
the best skill located around the central equatorial Pacific.
A sharp variation in BSS occurs at the boundary, around
30◦N/S. Compared with the regions of the same latitudes,
the PNA region and the ADP region of both BN and AN
events are occupied by larger BSS, suggesting the large-scale
climate modes having better prediction skill than general
atmospheric flows. A comparison between BSS in Figure 3
with CORR in Figure 1 reveals their good consistency. For
events defined in this study, BN has the best BSS skills
and NN the worst. This is due mainly to the different
contribution of RES for different events as indicated in
Figure 3(g)–(i). As can be seen from the global distribution
of REL and RES in Figure 3, the item REL (Figure 3(d)–(f))
has little variation with different events. However, the RES
(Figure 3(g)–(i)) has a significant variation with events in
tropical regions, with the RES of NN obviously smaller
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

Figure 1. CORR (a)-(d) and RRMSE (e)-(h) of GCM2, GCM3, GEM and SEF.

than the RES of BN and AN. Because a smaller REL value
suggests larger reliability and a smaller RES indicates worse
resolution, the RELs in Figure 3(d)–(f), with values smaller
than 0.1 for most grids, indicate that the forecasts are
reliable in most regions. Thus, the BSS skill is dominated
by the RES. The small values of RES in mid-high latitudes
lead to small BSS there. The good probabilistic skill with the
super-ensemble is probably due to the increase of ensemble
size and the error offsets among individual model ensembles.

Similar analysis was also applied to individual model
ensembles. It was found that individual model ensembles
have relatively poor BSS skill (not shown). The positive
values mainly occurred in tropical regions between 30◦S
and 30◦N. In the mid-high latitudes, BSS values are usually
negative, i.e. single-model ensemble predictions are usually
worse than climatology forecasts. It is especially true for the

category of NN where the single-model ensemble predictions
generate positive BSS values only in a very limited area of
the tropical region.

Shown in Figures 4–6 are the differences of probabilistic
prediction skills between super-ensemble and individual
model ensembles. As can be seen in Figure 4, the super-
ensemble has higher BSS values than any other individual
model. In fact, the individual model ensembles had negative
BSS values for most regions (not shown). The degree of
improvement in BSS by the super-ensemble varies with
regions, models and categories of event, in a range of
0.01–0.2. Like CORR and RRMSE, the super-ensemble has
the maximum improvement of BSS relative to SEF, and
then to GCM2, GEM and GCM3. It also has the largest
improvement to BSS for the category of NN. Since the BSS is
determined by REL and RES (Wilks, 2006), either a decrease
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

Figure 2. Difference of CORR (a)-(d) and RRMSE (e)-(h) between the super-ensemble and GCM2, GCM3, GEM and SEF.

in REL or an increase in RES can lead to an improvement in
BSS. Below, we will examine in detail the REL and RES, the
reliability and resolution – two most important attributes of
probabilistic predictions.

As mentioned above, the smaller the REL is, the more
reliable is the prediction. Practically, the REL is much
smaller than the RES for weather forecasts (e.g. Jolliffe
and Stephenson, 2003; Atger, 2004). For the seasonal mean
forecasts of GPH500 anomalies, this may also be true. For
example, it was found here that the REL is one order smaller
than the RES as shown in Figure 3. Figure 5 shows the
differences of REL of super-ensemble against individual
model ensemble, indicating clearly the improvement of
super-ensemble to REL as indicated by the negative values
over the model domain for all categories of event (BN, NN
and AN), especially in the mid-high latitudes and for NN.

Different from the REL, larger RES values indicates higher
resolution. The RES measures the ability of a prediction
system to resolve predictions into different categories of
events. Figure 6 shows the differences of RES between
super-ensemble and individual model ensemble. In contrast
to the REL, the RES has relatively little improvement by
super-ensemble, especially for GEM, GCM2 and GCM3.
Even for SEF, the super-ensemble improves the RES only for
the tropical regions. These facts suggest that the reliability
score may be much more sensitive to ensemble size or
uncertainties of initial conditions or model biases than the
resolution score, resulting in a great advantage of super-
ensemble for the REL. Cheng et al. (2010) also found
similar conclusions for ENSO ensemble predictions and
concluded that the RES is little sensitive to the construction
of ensemble predictions. In other words, the merits of a good
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Figure 3. BSS (a)-(c), REL (d)-(f) and RES (g)-(i) of the super-ensemble for BN (a), (d), (g), NN (b), (e), (h) and AN (c), (f), (i).

super-ensemble prediction system may be mainly reflected
in the reliability score.

To further examine the REL and the RES, we will
analyse the reliability histogram and sharpness histogram.
Because of the large number of model grid points, it is
impractical to plot these histograms for each point. Here,
we used two indices of GPH500 anomalies, obtained by
the averages over two regions: the North America (NA:
240◦E–300◦E, 30◦N–50◦N) and the tropical Pacific (TR:
120◦E–240◦E, 15◦S–15◦N). Figure 7 and Figure 8 are their
reliability and sharpness histograms for the categories of
BN (a)–(b), NN (c)–(d) and AN (e)–(f). Figure 7 shows
that super-ensemble has significantly better REL in both
regions for BN and AN, as suggested by the fact that
the joint distribution of the observed frequencies and the
forecast probabilities of super-ensemble is more centred
on the diagonal line than any other individual model. In
North America, individual model ensembles show similar
reliability skill to each other; however, in the tropical Pacific,
the REL skill varies with individual models with a range
of forecast probabilities (Pfi) from 0.3 to 0.7, with SEF
best, followed by GEM and GCM2. For the super-ensemble,
the REL skill is comparable for different locations (e.g.
RELNA = 0.02; RELTR = 0.03). The sharpness histograms
(Figure 8) indicates that the ensemble predictions in the
tropical Pacific are much sharper than those for North

America, leading to different BSS scores in the two regions
(i.e. BSSNA = 0.04; BSSTR = 0.35). Again, the difference
of sharpness among individual model ensembles is small,
suggesting that the ability of a seasonal climate prediction
system to predict the extreme probabilities (e.g. 0 or 1)
is difficult to improve by super-ensemble approach. In
other words, super-ensemble has a very limited ability to
improve forecast resolution. However, this conclusion might
be prediction system dependent. For example, Hagedorn
et al. (2005) reported a good improvement of resolution
skill by super-ensemble when the seasonal prediction target
is the average air temperature at 2 metres over the tropical
band (30◦S–30◦N), where the super-ensemble consists of
seven coupled models. It is interesting to further examine
the resolution of the super-ensemble using other prediction
targets, which is currently in progress.

3.3. Reasons for superiorities of super-ensemble

It has been reported that the good skill achieved by super-
ensemble could be due to either the error compensation
among different individual ensemble systems or to the
large ensemble size from multi-models (e.g. Hagedorn
et al., 2005; Kharin et al., 2009). The real merit of super-
ensemble should be related to the former rather than the
latter, since a large ensemble size can also be achieved
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Figure 4. BSS difference between the super-ensemble and GCM2 (a), (e), (i), GCM3 (b), (f), (j), GEM (c), (g), (k) and SEF (d), (h), (m) for BN (a)-(d),
NN (e)-(h) and AN (i)-(m).

by a single model. Therefore, it is interesting to examine
whether the better prediction skills shown in the above
super-ensemble analysis are due simply to the increase in
ensemble size. For this purpose, we performed a bootstrap
experiment (referred to as BEXP), namely: (i) constructing
the super-ensemble of 10 members, the same size as that of
a single model, by random selection from all 40 ensemble
members; (ii) applying all analyses above (evaluations of the
deterministic and probabilistic prediction skill) to the BEXP
ensemble; (iii) repeating (i) and (ii) 1000 times, and then
averaging them for stable statistics.

Figure 9 shows the difference of CORR and RRMSE
between the BEXP and single model ensemble. As can be
seen in Figure 9(a)–(d), the BEXP has a correlation skill

better than SEF, but similar to GCM2, GCM3 and GEM.
However, in terms of RRMSE (Figure 9(e)–(h)), the BEXP
seems much worse than individual model ensembles in
the tropical regions. A comparison between Figure 9 and
Figure 2 leads to the following conclusions: (i) the super-
ensemble can significantly improve correlation skill for
poor individual ensembles (e.g. SEF here), but is of little use
for good individual ensembles (e.g. GEM); (ii) the super-
ensemble is little effective in improving RRMSE-based skills
if the potential impact of ensemble size is removed. In other
words, the significant improvement of super-ensemble to
RRMSE shown in Figure 2 is actually simply due to the
increase of ensemble size, rather than a real compensation
of model errors.
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Figure 5. REL difference between the super-ensemble and GCM2 (a), (e), (i), GCM3 (b), (f), (j), GEM (c), (g), (k) and SEF (d), (h), (m) for BN (a)-(d),
NN (e)-(h) and AN (i)-(m).

Shown in Figure 10 is the BSS (a)–(c), REL (d)–(f) and
RES (g)–(h) skills of the BEXP for BN, NN and AN. A
comparison between Figure 10 and Figure 3 reveals that the
decrease in ensemble size leads to a decrease in probabilistic
prediction skills to a different extent, which depends on
regions and skill measures. The significant decrease occurred
at the high latitudes for BSS and REL. For example, for BN
and AN, the BEXP has worse seasonal predictions than
climatology forecasts in high latitudes ((a) and (c)) even in
PNA and ADP regions. However, the RES in high latitudes
is relatively less impacted by the ensemble size, especially
for NN and AN. These results suggest that the real merits
of super-ensemble might be only reflected in the RES,

and the BSS and REL in tropical regions. The significant
improvement of BSS and REL of super-ensemble at mid-
high latitudes as shown in Figures 4 and 5 are probably due
to a simple increase in ensemble size.

A further analysis is to compare the BEXP against
individual models for BSS, REL and RES. It was found
that the superiorities of the super-ensemble over individual
ensemble significantly weaken when the ensemble size
decreases for these probabilistic skills, especially for REL.
The difference between the BEXP and individual ensembles
(not displayed) shows that the BEXP with 10-member super-
ensemble still has higher BSS and RES skill than SEF, but no
such significant difference in REL as shown in Figure 5(d).
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Figure 6. RES difference between the super-ensemble and GCM2 (a), (e), (i), GCM3 (b), (f), (j), GEM (c), (g), (k) and SEF (d), (h), (m) for BN (a)-(d),
NN (e)-(h) and AN (i)-(m).

Relative to other individual model ensembles, the BEXP has
less advantage, and may even be worse. For example, the
GCM2, GEM and GCM3 ensemble can actually outperform
the BEXP for some regions.

In summary, the simple increase in ensemble size is
an important contribution to the advantages of super-
ensemble. This is especially obvious for mid-high latitudes
and for BSS and REL. Thus, one should be cautious
in interpreting the superiorities of super-ensemble in
improving seasonal climate probabilistic prediction in mid-
high latitudes. However, the super-ensemble has inherent
advantages in tropical seasonal climate prediction. We also
carried out a detailed analysis for two indices: the average
over tropical regions (TR) and the average over the North

America region (NA). The results confirmed the above
summary, namely, there is a large difference of BSS and REL
between the super-ensemble and the BEXP for the NA (not
shown). However, for the TR and for RES, the BEXP shows
similar skills to the super-ensemble, suggesting that model
uncertainties responsible for RES and the tropical prediction,
rather than ensemble size, can indeed be improved by super-
ensemble.

4. Potential prediction skill

In preceding sections, we discussed the deterministic skills
and probabilistic skills of super-ensemble predictions. In
this section, we will analyse the potential prediction skill
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Figure 7. Reliability diagrams of TR and NA regions for BN (a), (b), NN (c), (d) and AN (e), (f).

under ‘perfect model scenario’ of all ensembles and examine
the possible advantages of the super-ensemble by measures
of PCORR and REE introduced in section 2.2.3.

Figure 11(a)–(e) shows PCORR under ‘perfect model
scenario’ of all ensembles. A comparison between Fig-
ure 11(b)–(e) and Figure 1(a)–(d) reveals that the potential
prediction skills are similarly distributed as the actual pre-
diction skills, with sharp transition zones at approximate
30◦N/S in both hemispheres and relatively higher prediction
skills in both PNA and ADP regions. The spatial correlation
between the distributions of PCORR and CORR are 0.66,
0.86, 0.85, 0.84 and 0.87 respectively for the super-ensemble,
GCM2, GCM3, GEM and SEF.

Figure 11(f)–(j) shows REE between the PCORR and their
corresponding CORR for all ensembles. REE of all ensembles
are mostly positive, indicating that the potential prediction
skills are generally higher than the actual prediction skills.
In the global domain, the REE are smallest in tropical
regions, and increase poleward in both hemispheres. The
REE of each single ensemble is quite large in the global
domain, indicating a large difference between the practical
prediction skill and potential forecast skill. Compared with
individual ensembles, REE skill of the super-ensemble is
better in particular in mid-high latitudes. In other words,
the potential prediction skill of the super-ensemble can be
a better reflection of the actual prediction skill. Thus, when
a predictor of the prediction accuracy is asked for before

observations are available, the best choice would be the
potential prediction skill of the super-ensemble.

A question raised by Figure 11 is why the PCORR of
a multi-model ensemble (MME) is smaller than for an
individual ensemble. Similar results were also found in
other works (e.g. Yang et al., 2012). This is most likely due
to two reasons: (i) small ensemble size in a single ensemble
may underestimate the ensemble spread (noise), which can
be greatly alleviated by MME; and (ii) the model bias of
a single ensemble can contribute spurious components to
the signal, which can be offset by MME. Thus, the potential
predictability of a single ensemble is often overestimated.

5. EOF and MSN EOF analyses

In this section, we will explore the climate variability
and climate predictability by applying the EOF and MSN
EOF methods to ensemble forecasts. Emphasis will be
placed on the comparison between the EOF and MSN
EOF methods, and between the super-ensemble and each
single ensemble. The former will identify the relationship
between the variability and predictability whereas the latter
will examine the superiorities of the super-ensemble over
individual ensembles.

In the analysis below, the sample climatology is used as the
real (population) climatology. The prediction is the GPH500
anomalies with the seasonal cycle removed. Analyses focus
on the seasonal mean (the average of 30–120 days) forecasts
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Figure 8. Sharpness histograms in TR and NA regions for BN (a), (b), NN (c), (d) and AN (e), (f).

in winter (December–February (DJF) mean) for the period
from 1969 to 2002. The super-ensemble is formed by pooling
together all ensemble members available.

In the MSN EOF analysis, we should be careful to choose
the appropriate number of modes to make the projection
basis adequate and the pre-whitened signal covariance
matrix well conditioned. It has been found in our analysis
that the SNR gradually increases with the number of modes,
especially for the first 70 modes. Typically, the SNR becomes
stable after 80 modes. In this study, we kept the first leading
80 modes in the pre-whitening process in the MSN EOF
analysis.

5.1. EOF analysis

Often the ensemble mean, called signal, is regarded as the
external variability induced by different boundary forcings
(e.g. Straus and Shukla, 2002; Straus et al., 2003; Honda
et al., 2005; Liang et al., 2009; Matsumura et al., 2010), and
considered to be potentially predictable. The deviations
from the ensemble mean are regarded as the internal
variability, referred to as noise that is considered to be
potentially unpredictable (e.g. Venzke et al., 1999). The noise
is typically due to the chaotic or stochastic components in
the weather and climate systems. Theoretically, the resultant
signal and noise are independent if the ensemble size is
infinite (Venzke et al., 1999; Sutton et al., 2000). Given the
limited ensemble size available in reality, the signal and noise

may be dependent in either temporal or spatial scales, or in
both. To check the dependence of signal and noise in detail
given finite ensemble size, the EOF decomposition is applied
to covariance matrices of both signal and noise, respectively.

Figure 12(a)–(e) shows the spatial patterns of the first EOF
mode of ensemble mean predictions (signals) in winter for
the super-ensemble and individual ensembles, respectively.
The variance explained is shown in the upper-right corner
of each map. In winter, all the first EOF modes are PNA-
like patterns distributed with the largest active centres in
the North Pacific. Both GCM2 and GCM3 show intense
active centres above East Asia and western Europe. GEM
and SEF are more consistent with the super-ensemble. The
spatial correlations between the first EOF mode of the super-
ensemble and GCM2, GCM3, GEM and SEF are 0.83, 0.87,
0.95 and 0.96. These spatial patterns are roughly consistent
with the pattern of the SST-forced signals as reported in
Matsumura et al. (2010).

Figure 13 (left panel) shows the corresponding PCs of
the first EOF modes. The observed PC is obtained by
projecting the observation (i.e. NCEP reanalysis) onto the
corresponding EOF modes. A good agreement between the
predicted and the observed PCs is expected for a skilful
prediction. Therefore the comparison between the two PCs
in Figure 13 can reveal the prediction accuracy. As can be
seen, there are large discrepancies between the forecast and
observation. Table 1 presents the temporal correlation (AC)
and root-mean-square error (RMSE) between the two PCs.
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Figure 9. Difference of CORR (a)-(d) and RRMSE (e)-(h) between the BEXP and each single ensemble.

As can be seen, ACs of all model ensembles including the
super-ensemble are negative, indicating that these models
all have a poor prediction at the seasonal time-scale for the
large-scale variability characterized by the PC.

It is possible that the external variability forced by
boundary conditions may not be well extracted here by the
EOF analysis due to the limited ensemble size. For example,
the external variability of the extratropical atmosphere is
expected to be larger in warmer ENSO years (El Niño years)
than in neutral ENSO years, because the larger SST anomaly
in the central and eastern tropical Pacific can dramatically
affect the extratropical atmospheric circulations in the
Northern Hemisphere through teleconnection mechanisms.
However, Figure 13 does not show that the amplitudes of PCs
in El Niño years (e.g. 1972/1973; 1982/1983; 1991/1992) are
systematically larger than those in neutral years, suggesting
that the first EOF mode of the ensemble mean still includes

some noise that contaminates the signal and finally lowers
the amplitudes of PCs. A further discussion of this issue will
be given in the MSN EOF analysis.

5.2. MSN EOF analysis

As mentioned above, the MSN EOF analysis seeks the
maximum ratio of signal over noise, and produces the
most predictable pattern. To explore the improvement of
the super-ensemble in characterizing the most predictable
patterns, the MSN EOF method is applied to the
super-ensemble and individual ensembles respectively. The
observed data are also projected on the first filter pattern
to obtain the observed PrCs. Similar to the EOF analysis, a
good consistency between the predicted PrC and observed
PrC is expected for a skilful prediction.
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Figure 10. BSS (a)-(c), REL (d)-(f) and RES (g)-(i) of BEXP for BN, NN and AN.

Table 1. AC and RMSE between the observed and forecasted PCs and PrCs in winter.

PCs SUPER GCM2 GCM3 GEM SEF BEXP2

AC −0.3544 −0.0497 −0.2762 −0.3610 −0.2408 −0.1020
RMSE 13.37 9.324 9.760 10.05 9.529 9.617
PrCs SUPER GCM2 GCM3 GEM SEF BEXP2
AC 0.8806 0.8010 0.8611 0.8487 0.7912 0.8731
RMSE 9.740 23.55 25.40 19.99 26.78 6.1514

Displayed in Figure 12(f)–(j) are the PrCA spatial
patterns, i.e. the most predictable patterns in winter. The
value of SNR is shown in the upper-right corner. The
corresponding PrCs are displayed in Figure 13 (right panel).
In winter, the most predictable structure is the PNA-
like pattern in all ensembles, although there are some
subtle model-dependent features. Comparison between
Figure 12(a)–(e) and Figure 12(f)–(j) reveals that the most
predictable patterns are similar to the first EOF modes of
the ensemble mean anomaly predictions. This indicates that
the ensemble mean anomaly can indeed spatially represent
the signal to some extent. The significant relation of the
ensemble mean to the potential predictability also was found
in some previous studies (e.g. Straus and Shukla, 2002; Tang
et al., 2008).

Figure 13 (right panel) shows that the forecasted PrCs
are in good agreement with the observation counterparts.
The large amplitudes of the predicted PrC correspond well

with El Niño events such as those in 1972/1973; 1982/1983;
1986/1987; 1997/1998 etc. This suggests that the seasonal
climate predictability is probably due to ENSO forcing. The
phase and amplitude consistency between the prediction
and observation can be clearly seen from Table 1, which
summarizes the AC and RMSE of the PrCs. All ACs are
statistically significant at the 95% confidence level. The level
of CORR of the super-ensemble is comparable to that of
the single ensembles, whereas the super-ensemble has much
reduced RMSE skills. The RMSE between the predicted
and observed PrCs, mostly contributed by their magnitude
differences, may be due to the erroneous estimation of the
transient diabatic forcing (e.g. the release of latent heat of
the convective precipitation) in the atmospheric general
circulation models (AGCMs). In the NH, the transient
diabatic forcing has minor effects on the spatial structures of
atmospheric circulation, but plays an important role in the
regulation of their temporal behaviour (Sardeshmukh and
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Figure 11. PCORR (a)-(e) and RRE (f)-(j) of SUPER, GCM2, GCM3, GEM and SEF.

Sura, 2007; Yasui and Watanabe, 2010). To some extent, the
estimation of the transient diabatic forcing in the AGCMs
can be improved by the super-ensemble.

5.3. Reasons for benefits of the super-ensemble

As in section 3.3, we will use a bootstrap experiment to
explore the influences of the ensemble size on both EOF
and MSN EOF analyses. This experiment, called BEXP2, is
designed in the same way as that in section 3.3: (i) the
ensemble with 10 members is constructed by random
selections from all single model ensembles; (ii) the EOF
and MSN EOF methods are applied to the BEXP2 ensemble

respectively; (iii) steps (i) and (ii) are repeated 1000 times,
and the averages are presented. The PCs and PrCs of BEXP2
are displayed in Figure 14. Shown in Table 1 (last column)
are the AC and RMSE between the forecasted and observed
PCs (PrCs) of BEXP2.

As in Figure 13 (left panel), the forecasted and observed
PCs of BEXP2 are quite different (Figure 14). In contrast
with the PCs, the discrepancies between the forecasted
and observed PrCs are much smaller in BEXP2. The
ENSO forcing seems well reflected in PrCs, e.g. the higher
amplitudes of PrCs occur in El Niño years (1972–1973,
1982–1983, 1986–1987 and 1997–1998). As shown in
Table 1, the ACs of BEXP2 are comparable to those of
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Figure 12. Spatial distributions of the first EOF modes (a)-(e) and the most
predictable patterns (f)-(j) of the winter seasonal mean GPH500 anomalies.

the super-ensemble, suggesting that the ensemble size does
not much impact the correlation skill. However, the RMSE
of BEXP2 are smaller than those of the single ensembles
(equal ensemble size), suggesting that the offsets of model
uncertainties occur in the super-ensemble.

The SNR of the BEXP2 is 33.13 in winter, which is
larger than SNRs of both the super-ensemble and individual
ensembles. To examine the variation of SNR, SNRs are
calculated using ensembles with changing ensemble size by
a set of bootstrap experiments. The SNR is found to be
highly sensitive to the ensemble size, i.e. it decreases quickly
with the increase of ensemble size (not shown). Given
equal ensemble size of the BEXP2 and the single ensembles,
the larger SNR of the BEXP2 may reflect the error offsets
among different model frameworks. The SNR measures the
maximum ratio of signal over noise. Mathematically the

optimized SNR equals the largest eigenvalue of the whitened
signal covariance matrix. A matrix that has a larger rank
often corresponds to a smaller variance accounted for by the
first eigenvalue. This may explain why the SNR of the super-
ensemble is smaller than those of individual ensembles as
shown in the upper-right corner of Figure 12, since the
former has much larger ensemble size.

6. Discussion and conclusions

In this study, the superiorities of the super-ensemble
are comprehensively evaluated using 500 mb geopotential
height anomalies of multiple model ensembles. First, the
predictions at each grid point over the global domain
were evaluated in terms of the deterministic, probabilistic
and potential forecast skill. Second, the most predictable
components associated with large-scale climate modes were
analysed using both EOF and MSN EOF methods.

It was found that for predictions of the seasonal mean
anomalies, the improvements of the super-ensemble are
measure, location and model dependent. In terms of
the deterministic forecast, the super-ensemble is a little
better than the best single model, especially at mid-high
latitudes where the atmospheric uncertainty is large. For
the correlation skill, the superiority of the super-ensemble
is mainly at mid-high latitudes, whereas for the RRMSE
skill, the super-ensemble is better in the tropical regions.
For the probabilistic forecast, the super-ensemble improves
BSS and REL greatly at mid-high latitudes, but improves the
RES only in the tropical regions. It has been found that the
REL is much more sensitive to the ensemble size, whereas
the RES to some extent is sensitive to the uncertainties of
model frameworks. In addition, it has been found that the
potential prediction skills PCORR represents well the actual
prediction skill CORR. Compared with the single ensembles,
the super-ensemble enables the potential prediction skill best
consistent with the actual prediction skill.

Both the EOF and MSN EOF analyses can theoretically
characterize the most predictable patterns. However, given
limited ensemble size, the principal components can hardly
represent the temporal variations of the external forcing. In
contrast, the most predictable components derived by the
MSN EOF method can well capture the temporal variations
of the external forcing, in particular the ENSO forcing.
Given limited ensemble size, the super-ensemble has a better
prediction of the PrCs than single model ensembles.

The bootstrap experiments show that, geophysically, the
improvements of the super-ensemble at mid-high latitudes
are mainly due to the increase of ensemble size. In contrast,
the improvements of the super-ensemble in tropical regions
are mainly due to the offsets of model uncertainties.
Measures of CORR, BSS and REL are very sensitive to
the increase of ensemble size, whereas RRMSE and RES are
more sensitive to the offsets of model uncertainties. Given
limited ensemble size, the offsets of model uncertainties can
lead to a better prediction for the principal components and
the most predictable components.

As found in this study, the super-ensemble indeed has
advantages over the single model ensembles. However,
the improvements from the super-ensemble are not very
impressive. This is probably due to the following two
reasons: (i) the sample size is not sufficient; and (ii) the
single model has already achieved very skilful predictions
for the seasonal mean GPH500 anomalies. It is expected
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Figure 13. The principal components (PC) (left panels) and the most predictable components (PrC) (right panels) of the seasonal mean GPH500
anomalies in winter.

Figure 14. The principal components (PC) and the most predictable components (PrC) of BEXP2.
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that the superiorities of the super-ensemble may be much
more obvious if other variables, such as precipitation and
surface temperature, are considered, using more ensemble
members. A further study using European Centre for
Medium-Range Weather Forecasts products of DEMETER
and ENSEMBLE is under way. Finally, it should be
recognized that the further improvements of forecast ability
of the super-ensemble still rely on the refinements of the
single ensemble and refinements of individual models,
especially for the parametrizations and understanding of
the physical processes at mid-high latitudes. The demand of
improving models should not be obviated by the multiple
model approach.
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