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ABSTRACT

Ensembles of climate models are commonly used to improve decadal climate predictions and assess the

uncertainties associated with them. Weighting the models according to their performances holds the promise

of further improving their predictions. Here, an ensemble of decadal climate predictions is used to demon-

strate the ability of sequential learning algorithms (SLAs) to reduce the forecast errors and reduce the un-

certainties. Three different SLAs are considered, and their performances are compared with those of an

equally weighted ensemble, a linear regression, and the climatology. Predictions of four different variables—

the surface temperature, the zonal and meridional wind, and pressure—are considered. The spatial distri-

butions of the performances are presented, and the statistical significance of the improvements achieved by

the SLAs is tested. The reliability of the SLAs is also tested, and the advantages and limitations of the

different measures of the performance are discussed. It was found that the best performances of the SLAs are

achieved when the learning period is comparable to the prediction period. The spatial distribution of the

SLAs performance showed that they are skillful and better than the other forecasting methods over large

continuous regions. This finding suggests that, despite the fact that each of the ensemblemodels is not skillful,

they were able to capture some physical processes that resulted in deviations from the climatology and that

the SLAs enabled the extraction of this additional information.

1. Introduction

Global circulation models are the main tools used to

simulate future climate conditions. There are two main

practices by which to initialize these models that rep-

resent predictions for two different time scales. The first

practice corresponds to long-term climate projections.

In this type of simulation, the climate models are ini-

tialized in the preindustrial era (aka uninitialized runs)

and integrated forward in time (usually until 2100). In

these simulations, the atmospheric composition in the

past is set according to observations, while for the future,

several representative concentration pathways (Moss

et al. 2008), corresponding to different scenarios of

atmospheric composition changes, are used. These cli-

mate simulations are expected to provide information

about the response of the climate system to different

emission scenarios by predicting the changes in the long-

term averages (10 yr and more) and the statistics of cli-

mate variables under different atmospheric composition

scenarios (Collins et al. 2013).

The second practice, which is considered in this work,

is near-term (decadal) climate predictions intended to

provide information on the dynamics of the climate

system in time scales shorter than those of significant

changes in the atmospheric concentration and the re-

sponse time of the climate system to such changes. In

this practice, the climate models are initialized with

observed conditions close to the prediction period. The

expected information from these simulations is the dy-

namics of the monthly to decadal averages of climate

variables (Collins 2007; Meehl et al. 2009, 2014; Warner

2011), which is of great importance for climate services

(Cane 2010). Recent studies have demonstrated a

potential decadal prediction skill in different regions

and for different physical processes (Smith et al. 2007;

Keenlyside et al. 2008; Meehl et al. 2009, 2014; Pohlmann

et al. 2009).

Supplemental information related to this paper is available at

the Journals Online website: http://dx.doi.org/10.1175/JCLI-D-15-

0648.s1.

Corresponding author address: Golan Bel, Department of Solar

Energy and Environmental Physics, Blaustein Institutes for Desert

Research, Ben-Gurion University of the Negev, Sede Boqer

Campus 8499000, Israel.

E-mail: bel@bgu.ac.il

15 MAY 2016 S TROBACH AND BEL 3787

DOI: 10.1175/JCLI-D-15-0648.1

� 2016 American Meteorological Society

http://dx.doi.org/10.1175/JCLI-D-15-0648.s1
http://dx.doi.org/10.1175/JCLI-D-15-0648.s1
mailto:bel@bgu.ac.il


Despite their relatively short term, decadal climate

predictions are still accompanied by large uncertainties,

and newmethods to improve the predictions and reduce

the associated uncertainties are of great interest. One of

the main approaches to improving climate predictions is

to combine the output from an ensemble of climate

models. This approach has two known advantages

compared with single-model predictions. First, it was

shown that the ensemble average generates improved

predictions (Doblas-Reyes et al. 2000, 2003; Hagedorn

et al. 2005; Palmer et al. 2004, 2000; Kim et al. 2012);

second, the distribution of the ensemble member pre-

dictions can provide an estimate of the uncertainties.

However, the simple average of climate simulations

does not account for the quality differences between the

ensemble members; therefore, it is expected that

weighting the ensemble members based on their past

performances will increase the forecast skill.

Uncertainties in climate predictions can be attributed

to three main sources. The first is internal variability:

that is, uncertainties due to different initial conditions

(either different initialization times or different ini-

tialization methods) that were used to run a specific

model. The second source is model uncertainties due

to different predictions of different models. The third

source is forcing scenario uncertainties due to different

scenarios assumed for the future atmospheric compo-

sition (Hawkins and Sutton 2009). The contribution of

these sources to the total uncertainty of the climate

system varies with the prediction lead time and is

also spatially, seasonally, and averaging-period de-

pendent (Strobach and Bel 2015b). It was shown that,

for global and regional decadal climate predictions,

scenario uncertainties are negligible compared to the

first two sources (Hawkins and Sutton 2009; Cox and

Stephenson 2007).

There are two contributions to the internal variability:

variability due to different starting conditions and vari-

ability due to different initialization methods. Un-

certainties due to different starting conditions stem from

the chaotic nature of the simulated climate dynamics

and cannot be reduced using the ensemble approach.

However, uncertainties due to different initialization

methods and the model variability can be reduced by

weighting the members of the ensemble. The total re-

duction of the uncertainty depends on the relative con-

tribution of these sources to the total uncertainty.

Bayesian inference is one of the methods that have

been used in the past to weight an ensemble of climate

models. The main part of this method is the calculation

of the posterior density, which is proportional to the

product of the prior and the likelihood. The Bayesian

method optimizes the probability density function

(PDF) of the climate variable to the PDF of the data

during a learning period and uses it for future pre-

dictions. It does not assign weights to the climate

models; instead, it gives an estimation for the PDF of the

predicted climate variable. Bayesian inference has been

used extensively for projections of future climate (Buser

et al. 2009, 2010; Smith et al. 2009; Tebaldi et al. 2005;

Tebaldi andKnutti 2007; Furrer et al. 2007; Greene et al.

2006; Murphy et al. 2004; Räisänen et al. 2010) and also

for near-term climate predictions (Rajagopalan et al.

2002; Robertson et al. 2004). The use of Bayesian in-

ference has reduced the uncertainties of the climate

projections and improved their near-term predictions.

However, this method relies on many assumptions re-

garding the distribution of the climate variables that are

not always valid, making the Bayesian inference sub-

jective and variable dependent.

A second, and more common, method that has been

used to improve climate predictions is linear regression

(Feng et al. 2011; Chakraborty and Krishnamurti 2009;

Doblas-Reyes et al. 2005; Fraedrich and Smith 1989;

Kharin andZwiers 2002;Krishnamurti 1999;Krishnamurti

et al. 2000; Pavan and Doblas-Reyes 2000; Peña and van

den Dool 2008; Peng et al. 2002; Yun et al. 2005, 2003).

The linear regression method does not assign weights to

the ensemble members but rather attempts to find a set

of coefficients such that the scalar product of the vector

of coefficients and the vector of the model predictions

yields the minimal sum of squared errors relative to past

observations. The same set of coefficients is then used

to produce future predictions. Similarly to the Bayesian

method, the regression method also relies on a few

inherent assumptions, such as the normal distribution

of the prediction errors (therefore, defining the optimal

coefficients as those minimizing the sum of squared

errors) and the independence of the ensemble member

predictions.

Sequential learning algorithms (SLAs, also known as

online learning) (Cesa-Bianchi and Lugosi 2006) weight

ensemble members based on their past performances.

These algorithms were shown to improve long-term

climate predictions (Monteleoni et al. 2010, 2011) and

seasonal to annual ozone concentration forecasts

(Mallet et al. 2009; Mallet 2010). More recently, it was

shown that decadal climate predictions of the 2-m tem-

perature can be improved using SLAs and can even

become skillful when the climatology is added as a

member of the ensemble (Strobach and Bel 2015a). The

SLAs have several advantages over the other ensemble

methods described above. First, they do not rely on any

assumption regarding the models and the distribution of

the climate variables. In addition, the weights assigned

to the models can be used for model evaluation and the
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comparison of different parameterization schemes or

initialization methods. Third, the weighted ensemble

provides not only predictions but also the associated

uncertainties. All these characteristics suggest that the

SLAs are suitable for the improvement of various cli-

mate variable predictions.

Here, we test the performances of SLAs in predicting

the previously investigated 2-m temperature (Strobach

and Bel 2015a) and three additional climate variables:

namely, the zonal and meridional components of the

surface wind and the surface pressure. The performances

of the SLAs are compared with those of the regression

method. The comparison with the Bayesianmethod is not

straightforward and is not included here. We also study

the effects of different learning periods and different bias

correction methods on the SLA performances. In addi-

tion, we consider a newmetric, the reliability, to assess the

performances of the forecasters. The SLAs are used here

in a nontraditional way. Namely, the weights of the en-

semble members are updated during a learning period,

and the predictions are made not only for the next out-

come but for the whole time series during the validation

period. This type of prediction is different from previous

climate predictions made using the SLAs (Monteleoni

et al. 2010, 2011) and is also beyond the framework in

which the SLAs are expected to perform well. The results

of phase 5 of the CoupledModel Intercomparison Project

(CMIP5) (Taylor et al. 2009) decadal experiments con-

stitute the ensemble, and the NCEP–NCAR reanalysis

data (Kalnay et al. 1996) are considered as the observa-

tions. This paper is organized as follows. In section 2, we

present the data that we used in this study, including the

models and the reanalysis data. In addition, we discuss

the different bias correction methods that we used. In

section 3, we describe the SLAs and the regression fore-

casting methods as we implemented them. We also pro-

vide the details of the climatology that we derived from

the reanalysis data. In section 5, we present the pre-

dictions of the different forecasting methods. We also

evaluate their global and regional performances based

on their root-mean-square errors (RMSEs). The

global and regional uncertainties and reliabilities of

the predictions of the different forecasting methods

are presented in sections 6 and 7, respectively. The

weights assigned by the SLAs to the different models

and to the climatology (all the members of the en-

semble) are presented in section 8. The results are

discussed and summarized in section 9.

2. Models and data

The decadal experiments were introduced to the

Coupled Model Intercomparison Project multimodel

ensemble in its fifth phase. The objective of these ex-

periments is to investigate the ability of climate models

to produce skillful future climate predictions for a de-

cadal time scale. The climate models in these experi-

ments were initialized with interpolated observation

data of the ocean, sea ice, and atmospheric conditions,

together with the atmospheric composition (Taylor et al.

2009). The ability of these simulations to produce skillful

predictions was not investigated widely, but it was shown

that they can generate skillful predictions in specific re-

gions around the world (Kim et al. 2012; Kirtman et al.

2013; Doblas-Reyes et al. 2013; Meehl et al. 2009;

Pohlmann et al. 2009;Müller et al. 2012;Meehl et al. 2014;

Müller et al. 2014; Kruschke et al. 2014).

The CMIP5 decadal experiments were initialized every

5yr between 1961 and 2011 for 10-yr simulations, with

three exceptional experiments that were extended to

30-yr simulations. One of these 30-yr experiments was

initialized in 1981 and simulated the climate dynamics until

2011. The output of four variables from this experiment is

tested here: surface temperature, zonal and meridional

surface wind components, and surface pressure. In what

follows, we analyze the monthly means of these variables.

Table 1 shows the eight climate models included in

our ensemble. The decadal experiments of the CMIP5

include a set of runs for each of the models, differing by

the starting date and the initialization scheme used. We

chose, arbitrarily, the first run of each model. As long as

the model variability is the main source of uncertainty,

the choice of the realization should not be significant for

our analysis. Indeed, it was found that, in the CMIP5

decadal experiments, the model variability is the main

source of uncertainty, independent of the prediction

lead time, as long as the predictions are not bias cor-

rected. Bias correction reduces mainly the model vari-

ability; however, the contribution of the model

variability remains important (Strobach and Bel 2015b).

The NCEP–NCAR reanalysis data (Kalnay et al.

1996) were used as the observation data for the learning

and for the evaluation of the forecasting methods per-

formances. We are aware of other reanalysis projects

(Uppala et al. 2005; Onogi et al. 2007); however, we

selected the NCEP–NCAR data based on its wide use

(note that the assessment of the quality of the different

reanalysis projects is subjective and is beyond the scope

of this paper). The effects of using different reanalysis

data are left for future research.

Bias correction

The predictions made by the climate models often

suffer from inherent systemic errors (Goddard et al.

2013), and it is common to apply bias correction

methods to the model outputs before analyzing them.
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For long-term climate projections, this procedure is

more straightforward because of the available reference

period. Bias correction in decadal climate predictions is

not trivial not only because there is no clear reference

period but also because some of these experiments are

known to have a drift from the initial condition to the

model’s climatology during the first years of the simu-

lation (Meehl et al. 2009).

Here, two bias correction methods and the original

data were considered. The original data without any bias

correction is denoted as ‘‘no correction.’’ The first bias

correction method corresponds to subtracting from each

model results their average during the learning period

and adding the climatological average (the average of

the NCEP–NCAR reanalysis data for the same period).

This method is denoted as the ‘‘average correction.’’

The second bias correction method corresponds to

subtracting from each model and for each calendar

month the corresponding average during the learning

period and adding theNCEP–NCAR reanalysis average

for that calendar month during the same learning pe-

riod. This method is denoted as the ‘‘climatology cor-

rection.’’ The two bias correction methods described

above do not account for the explicit time dependence

of the bias. However, it is reasonable to assume that, for

decadal climate predictions, the bias does not change

considerably with time.

3. Forecasting methods

In this work, we consider three SLAs, introduced

below. More thorough descriptions of the SLAs can be

found in Cesa-Bianchi and Lugosi (2006) and in

Monteleoni and Jaakkola (2003). We also consider the

linear regression (REG) (Krishnamurti et al. 2000)

method in order to compare the performances of

the SLAs to the well-known regression method. The

climatology (CLM) is considered here as the threshold

for skillful predictions. For clarity, the equations that

describe the forecasting methods omit the spatial in-

dices. However, the forecasting schemes were applied to

each of the grid cells independently, thereby allowing the

spatial distribution of the weights (or the coefficients in

the case of the REG) and the reference climatology. The

consideration of the effect of geospatial neighborhoods

(McQuade and Monteleoni 2012) is beyond the scope of

this manuscript. The data that we used consists of time

series of monthly means, and the weights were updated in

each time step (i.e., every month) during the learning

period.

a. The EWA and the EGA

The SLAs use an ensemble of ‘‘experts’’ (climate

models), each of which provides a prediction for a future

value of a climate variable, to provide a forecast of the

climate variable in terms of the weighted average of

the ensemble. The process is sequentially repeated, with

the weights of the models being updated after each

measurement according to their prediction skill. We

divide the period of the model simulations into two

parts. The first part is the learning (or training) period,

the data of which is used to update the model weights in

the manner described above, and the second part is used

for validating and evaluating the forecaster perfor-

mance. At the end of the learning period, the learning

ends, and the weights generated by the SLA in the last

learning step are used to weight the predictions of the

climate models during the validation period.

The deviation of the prediction of model E fE,t from

the observed value yt determines the loss function,

l( fE,t, yt), at time t. Similarly, the loss function of the

forecaster (the SLA) is determined by the deviation

of its prediction pt from the observed value at time t.

The loss function is themetric used to evaluate themodels

TABLE 1. Model availability. (Expansions of acronyms are available online at http://www.ametsoc.org/PubsAcronymList.)

Institute Model name Modeling center (or group) Grid points (lat 3 lon)

BCC BCC_CSM1.1 Beijing Climate Center, China

Meteorological Administration

64 3 128

CCCma CanCM4 Canadian Centre for Climate

Modelling and Analysis

64 3 128

CNRM–CERFACS CNRM-CM5 Centre National de Recherches Météorologiques/Centre Européen
de Recherche et de Formation Avancée en Calcul Scientifique

128 3 256

LASG–IAP FGOALS-s2 LASG, Institute of Atmospheric Physics, Chinese

Academy of Sciences

108 3 128

IPSLa IPSL-CM5A-LR L’Institut Pierre-Simon Laplace 96 3 96

MIROC MIROC5 Atmosphere and Ocean Research Institute (The University of Tokyo),

National Institute for Environmental Studies, and Japan

Agency for Marine-Earth Science and Technology

128 3 256

MIROC4h 320 3 640

MRI MRI-CGCM3 Meteorological Research Institute 160 3 320

a Not available for the U and V components of the wind.
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performances. In our study, we define the loss function

as the square of the deviation: namely, l( fE,t, yt) [
( fE,t 2 yt)

2 for model E and l(pt, yt)[ (pt 2 yt)
2 for the

forecaster.

The output of the exponentiated weighted average

(EWA), the first SLA described here, at time t is the set

of the weights of the models in the ensemble:

wEWA
E,t [

1

Z
t

3wEWA
E,t21 3 e2h3lE,t , (1)

where h is a positive number representing the learning

rate of the forecaster, and Zt is a normalization factor.

The EWA prediction at time t is defined below:

pEWA
t [ �

Ne

E51

wEWA
E,t21 3 f

E,t
, (2)

where Ne is the number of models in the ensemble.

The second SLA considered here is the exponentiated

gradient average (EGA). The EGA assigns the weights

according to the following rules:

wEGA
E,t [

1

Z
t

3wEGA
E,t21 3 e2h3l0

E,t , (3)

where l0E,t is the gradient of the forecaster loss function

with respect to the weight of model E at time t2 1. The

mathematical definition of l0E,t is provided below:

l0( f
E,t
,pEGA

t , y
t
)[

›l(pEGA
t , y

t
)

›wEGA
E,t21

5 23 (pEGA
t 2 y

t
)3 f

E,t
, (4)

where the prediction of the EGA, pEGA
t , is defined

similarly to the prediction of the EWA:

pEGA
t [ �

Ne

E51

wEGA
E,t21 3 f

E,t
. (5)

An important difference between the EWA and the

EGA is the fact that, under ideal conditions and sta-

tionary time series, the EWA converges to the best

model in the ensemble, while the EGA converges to the

observations (Strobach and Bel 2015a).

Note that, for the first learning step, one has to assign

initial weights to the models. Without any a priori

knowledge of the models performances, the natural

choice is to assign equal weights to all the models. If the

hierarchy of the models is known, it is possible to assign

their initial weights accordingly.

The learning rate h was optimized by scanning a wide

range of values and using the value that resulted in the

minimal RMSE during the learning period. However,

we added a restriction that the maximal change in the

weight of each of the models, between two learning steps,

will be smaller than theweight of eachmodel in an equally

weighted ensemble: namely, 1/Ne. This restriction was

added to ensure the stability of the weights. The metric

that we used for this optimization is defined below:

M[RMSE3

 
11Q

("
max

E51,‥,Ne,t51,‥,n

Dw
E,t

(1/N
e
)

#
21

)!
,

(6)

where Q represents the Heaviside theta function, and

RMSE is the root-mean-squared error of the forecaster

during the n time steps of the learning period. The

RMSE for a grid cell (i, j) is conventionally defined.

RMSE(i, j)[

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
(1/n)�

n

t51

[p
t
(i, j)2 y

t
(i, j)]2

s
. (7)

The value of h that minimizes M was found using a re-

cursive search within a very wide range of values re-

stricted only by the machine precision. The optimization

was done for each grid cell separately.

b. The learn-a algorithm

The basic form of the EWAwas modified to explicitly

allow switching between experts. This switching im-

proves the performance of the SLA when dealing with

nonstationary time series. The fixed–shared algorithm

introduced by Herbster and Warmuth (1998) is defined

by the following rules:

wFSA
E,t11 5

1

Z
t

3 �
Ne

E*51

wFSA
E,t 3 e2h3l

E*,n 3K(E,E*), (8)

where

K(E,E*;a)[ (12a)3 d(E,E*)

1
a

N
e
2 1

3 [12 d(E,E*)]. (9)

Here, a 2 [0, 1] is the switching rate parameter, and

d(�, �) is the Kronecker delta.

Monteleoni and Jaakkola (2003) have extended the

fixed-share algorithm by also learning the optimal

switching rate parameter a. This modified SLA is known

as the learn-a algorithm (LAA). In the LAA, the algo-

rithm scans a range of switching rates, aj, j 2 1, . . . , Na,

and assigns weights to each value of aj based on a loss

per alpha function, lt(aj) [ 2log½�Ne

E51wE,t(aj)e
2lE,t �.

The weights are updated sequentially for both the
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switching rate and the experts. The updating rule for

the weight of a specific value aj is provided below:

W
t
(a

j
)5

1

Z
t

W
t21

(a
j
)e2lt(aj) . (10)

The updating rule for the weight of expert E, given aj, is

provided below:

wLAA
E,t (a

j
)5

1

Z
t
(a

j
)
�
Ne

E*51

wLAA
E*,t21

(a
j
)e2l

E*,tK(E,E*;a
j
).

(11)

The prediction at time t is the weighted average of the

experts and the different values of a:

pLAA
t 5 �

Ne

E51
�
Na

j51

W
t21

(a
j
)3wLAA

E,t21(aj
)3 f

E,t
. (12)

Here, we adopted a discretization of a to optimize the

LAA performance (Monteleoni and Jaakkola 2003).

c. Regression

The linear regression algorithm considered here is

described by Krishnamurti et al. (2000). In this algo-

rithm, the forecast is a linear combination of the climate

model predictions as described below:

pREG
t 5 y1 �

N

E51

a
E
( f

E,t
2 f

E
). (13)

Here, y[ (1/n)�n

t51yt is the temporal mean of the ob-

served values during the learning period (similarly, f E is

the temporalmean value of the predicted values by expert

E during the learning period), and aE are the regression

coefficients minimizing the sum of squared errors during

the learning period G, which is defined below:

G[ �
n

t51

(p
t
2 y

t
)2 , (14)

where n is the number of time steps in the learning period.

In a small number of grid cells, some of the models pre-

dicted zero (or very close to zero) values throughout the

time series. Therefore, we removed these models and ap-

plied the regression to the ensemble excluding thesemodels.

d. Climatology

The climatology is defined here as the monthly averages

of the observed conditions during the learning period.

Namely,

C
m
5 �

n1

t51

y
t,m

(15)

where yt,m is the observed value in month m 2 [1, 12] of

year t (t is measured in years from the beginning of the

simulations), and n1 is the duration of the learning period

in years (for simplicity, we assume here that both the

learning and the validation periods span an integer number

of years). The 12months of the climatologywere replicated

to match the duration of the validation period; that is,

CLM
t,m

5C
m
, (16)

for t 2 [n1 1 1, n1 1 n2] (n2 is the duration of the valida-

tion period in years). The climatology is often considered

as the threshold for a skillful prediction (i.e., a forecaster

that outperforms the climatology is considered skillful).

4. Evaluation metrics

Three main evaluation metrics are used here: the av-

erage magnitude of the error, quantified by the RMSE

of each of the forecasters, the variability of the ensemble

predictions, characterized by their standard deviation

(STD) and the ‘‘reliability’’ of the predictions, charac-

terized by the deviation of the mean-squared error from

the variance (REL). The global averages of the RMSE,

the STD, and the REL are calculated by weighting each

grid cell by the fraction of Earth’s surface it spans. The

precise details are provided here for clarity. During the

validation period, the RMSE of each forecaster was

calculated for each grid cell [because all the climate

variables studied here are two-dimensional, each grid

cell has two indices (i, j)] from the time series of the

forecast and the observations. The RMSE is defined as

RMSE(i, j)5

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n
�
n

t51

ERR2
t (i, j)

s
, (17)

where

ERR
t
(i, j)5 p

t
(i, j)2 y

t
(i, j). (18)

The global area-weighted average of the RMSE

(RMSEGAW) was calculated as detailed below:

RMSE
GAW

[ (1/A
Earth

)�
i,j
A

i,j
RMSE(i, j), (19)

whereAEarth is the total Earth surface area, andAi,j is the

area spanned by the (i, j) grid cell. In what follows, we

will present both the spatial distribution of the RMSE

and its global average.

Similarly to the RMSE, the variance of the ensemble

predictions was calculated for each of the grid cells at

each time point:

VAR
t
(i, j)[

1

N
�
N

E51

w
E
(i, j)[f

E,t
(i, j)2 p

t
(i, j)]2. (20)
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The regression does not weight the models but instead

optimizes the coefficients in a linear combination of the

models. The optimization method can provide not only

the optimal values of the coefficients but also the un-

certainties in determining these values, and these un-

certainties can be used to calculate the variance. Here,

we used the method described in Ross (2014). The

square root of this temporally averaged (over the vali-

dation period) variance is what we define here as the

STD of each grid cell. The mathematical definition of

the STD is provided below:

STD(i, j)[

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
(1/n)�

n

t51

VAR
t
(i, j)

s
. (21)

The global area-weighted average was then calculated:

STD
GAW

[ (1/A
Earth

)�
i,j
A

i,j
STD(i, j). (22)

A common method to measure the quality of a fore-

cast is to study its reliability. The reliability attempts to

quantify the frequency in which the measured values are

within the forecast range of likely values. One of these

measures is the reliability score (Leutbecher and Palmer

2008), which is defined as

REL(i, j)[ (1/n)�
n

t51

[ERR2
t (i, j)2VAR

t
(i, j)]. (23)

For a reliable forecaster, REL / 0. Overconfidence (a

spread smaller than the error) results in positive values,

and underconfidence (a spread larger than the error)

results in negative values of the REL. It is important to

note that the reliability does not favor a forecaster with

smaller errors as long as the spread (the range of likely

values) grows in accord with the error. Therefore, all

three metrics suggested here are necessary for the as-

sessment of the forecasters’ performances. The global

average of the REL is defined as

REL
GAW

[ (1/A
Earth

)�
i,j
A

i,j
REL(i, j). (24)

The skill of the forecasters was measured by com-

paring their RMSE and STD to those of some other

reference forecaster. For convenience, we define below

the RMSE skill score Rref,fct:

R
ref,fct

[
RMSE

ref
2RMSE

fct

1

2
(RMSE

ref
1RMSE

fct
)

. (25)

The indices ref and fct are used to identify the fore-

casters whose skills are compared. Similarly, we define

below the STD skill score Sref,fct:

S
ref,fct

[
STD

ref
2 STD

fct

1

2
(STD

ref
1 STD

fct
)

. (26)

For the reliability, we have not defined a skill score, and

we present its values explicitly in order to keep both the

magnitude and the sign of the REL. Note that the skill

scores are defined such that a forecaster with a smaller

RMSE than the reference forecaster has a positive

Rclm,fct score, and similarly, a forecaster with a smaller

STD (i.e., smaller uncertainty) than the reference fore-

caster has a positive Sref,fct score. The climatology was

used as the reference forecaster for Rref,fct and the

equally weighted ensemble (AVR) as the reference

forecaster for Sref,fct.

5. Predictions

a. Global

The simplest measure of the performance of the

forecasters is the global average of the root-mean-squared

error RMSEGAW. Figure 1 shows the RMSEGAW of the

validation period for the six different forecasters—

EWA, EGA, LAA, REG, AVR, and CLM—and the

different learning periods. The rows of Fig. 1 (from top

to bottom) correspond to the surface temperature, zonal

wind, meridional wind, and pressure, respectively. The

columns of Fig. 1 (from left to right) correspond to no

bias correction, average bias correction, and climatology

bias correction, respectively. We found that the clima-

tology outperforms all the other forecasters (for an en-

semble that does not include the climatology) for all the

learning periods and bias correction methods studied

here. Therefore, we added the climatology as an expert

to the ensemble and its initial weight was 0.5, whereas

the initial weight of all the other models was 0:5/(Ne 2 1)

(Ne 2 1 is the number of the models excluding the cli-

matology). This higher initial weight of the climatology

was motivated by its superior performance [as shown in

Fig. 1 of the supplementary information and Strobach

and Bel (2015a)]. The RMSEGAW for the ensemble

without the climatology is provided in Fig. 1 and Tables

1–4 of the supplementary information. The decadal cli-

mate simulations considered here span a 30-yr period

that is split such that the first part is used for learning and

the second part is used for the evaluation of the per-

formances; that is, for the 5-yr learning period, the val-

idation period is the next 25 yr, and for the 10-yr learning

period, the validation period is the next 20 yr, etc. The

RMSEGAW s of the individual models are not presented

because they are much higher than those of the fore-

casters. The RMSEGAW of the equally weighted en-

semble is much lower than those of the models, but for
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the case of no correction it is too high to be included

within the scale shown in Fig. 1 (the relevant data can be

found in Tables 5–8 of the supplementary information).

TheRMSEGAWs of the EWAand LAAare less sensitive

to the bias correction for the longer learning periods

(compared with the EGAand theREG). In addition, we

see that, for all the learning periods but the longest

(25 yr), the REG is worse than the SLAs (larger

RMSEGAW). The smallest RMSEGAW was obtained for a

learning period of 20 yr and a prediction period of 10 yr.

FIG. 1. Globally averaged RMSE with climatology. RMSEGAW for the six forecasting methods [EWA, EGA, LAA, REG, AVR, and

CLM (different colors)], learning periods of 5, 10, 15, 20, and 25 yr (x axis) and (top)–(bottom) the four climate variables (surface

temperature, two wind components, and pressure). The ensemble used by the forecasters includes the climatology. The columns corre-

spond to (left) no bias correction, (center) average bias correction, and (right) the climatology bias correction. For the no correction case,

the RMSEs of the AVR are too large to be included in the panels.
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The minimal RMSEGAW (varying the learning period

and the bias correction method) is obtained by the EGA

for all the variables but the surface pressure. For the

surface pressure, the minimal RMSEGAW (in the same

sensementioned above) is obtained by the LAA, but the

value is almost equal (deviation of less than a tenth of a

percent) to that of the CLMand the EWA. The data that

were used to generate Fig. 1 are provided in Tables 5–8

of the supplementary information. It is important to

note that the results of Fig. 1make comparisons between

predictions with different learning and prediction pe-

riods. However, in each of the experiments, we used all

the data of the decadal experiments (viz., all the 30 yr

simulated). The fact that the RMSEGAW is minimized

after 20 yr of learning can be related to two factors:

(i) for short learning periods, there is a longer prediction

period and, therefore, a larger RMSEGAW and (ii) for

the 25-yr learning period, the time lead from the ini-

tialization to the prediction period is long, and, in ad-

dition, the short 5-yr prediction period does not

represent the climate variability over a time scale of

25 yr (the duration of the learning period). To better

understand the effects of the learning and the prediction

periods on the RMSEGAW, we present in the supple-

mentary information, the results of experiments varying

only the learning or the prediction periods. Figure 2 of

the supplementary information (the corresponding data

are provided in Tables 9–12 of the supplementary in-

formation) depicts the results of an experiment in

which the prediction period spanned the last 10 yr of

the simulation and the learning period varied between 5

and 20 yr. For all the variables but the surface temper-

ature, there is a decrease of the RMSEGAW of the SLAs

for longer learning periods. The regression does not

show a significant change in the RMSEGAW for the dif-

ferent learning periods. A possible explanation for the

absence of a decrease in the RMSEGAW of the surface

temperature for learning periods longer than 5 yr might

be different trends of this variable during the learning

TABLE 2. The optimal bias correction [no correction (nbias),

average correction (bias), and climatology correction (mbias)] for

each forecaster and each climate variable: the surface temperature

T, zonal wind U, meridional wind V, and pressure P.

Climate variable

Forecaster T U V P

EGA nbias nbias nbias bias

EWA mbias nbias nbias nbias

LAA bias bias nbias bias

REG nbias nbias nbias nbias

AVG mbias mbias mbias mbias

FIG. 2. Surface temperature RMSE skill score: (top left) EGA, (top right) EWA, (bottom left) LAA, and (bottom right) REG. Positive

values correspond to a smaller RMSE than the climatology and vice versa. White dots represent significant improvement, and black dots

represent a significantly poorer performance.
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and prediction periods. Figure 3 of the supplementary

information (the corresponding data are provided in

Tables 13–16 of the supplementary information) depicts

the results of an experiment in which the learning period

spanned the first 10 yr of the simulation and the pre-

diction period varied between 5 and 20 yr. It shows that,

in general, the longer the prediction period, the larger

the RMSEGAW (as expected); there is a large increase in

the RMSEGAW when the prediction period is increased

from 5 to 10 yr and a smaller increase when the pre-

diction period is increased from 15 to 20 yr. The pre-

dictions of the surface pressure show different behaviors

(see the supplementary information for more details).

Similar results for an ensemble that does not include

the climatology are provided in Figs. 4 and 5 and Tables

17–24 of the supplementary information.

In the rest of this section, we focus on the case of 20 yr

of learning and 10 yr of prediction. This learning period

is chosen because it extends well beyond the drift of the

models and it is also long enough to capture the simu-

lated climate dynamics over the time scale of the pre-

diction period. In Table 2, we detail the bias correction

that resulted in the smallest RMSEGAW for each fore-

caster and for each climate variable. We find that all the

SLAs have a lower or equal RMSEGAW than the cli-

matology for the surface temperature and wind com-

ponents. For the surface pressure, only the LAA

outperforms the climatology. We also see that, for most

climate variables, the RMSEGAWs of the EWA and the

climatology are almost equal. This is not a coincidence;

it reflects the fact that the EWA tracks the best model,

which inmost grid cells is the climatology. The two other

SLAs reduce the RMSEGAW below that of the clima-

tology by extracting information from the other models

in the ensemble. The LAA outperforms the EGA for

short learning periods (,15 yr) and for all learning pe-

riods in the predictions of the surface pressure. This

better performance can be attributed to the design of the

LAA for the learning of nonstationary data. The poorer

performance, relative to the climatology, of most of the

forecasters (except for the LAA) in the prediction of the

surface pressure is not fully understood. However, we

found that, for the surface pressure, the variability be-

tween the models is often larger than its seasonal vari-

ability, while all the other climate variables considered

here show seasonal variabilities that are larger than the

variabilities between the models. It is also possible that

the model predictions of the monthly mean surface

pressure are worse than the predictions of the other

climate variables.

b. Regional

The RMSEGAW is convenient because it aims to

quantify the performances of the forecasters using only

FIG. 3. As in Fig. 2, but for zonal wind.
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one number. However, often the more scientifically and

practically relevant information is the spatial distribu-

tions of the RMSE. We focus on the 20-yr learning pe-

riod, average bias corrected data and the ensemble that

includes the climatology. In this subsection, the spatial

distribution of the forecaster performances will be in-

vestigated using the Rref,fct metric defined above. This

metric will allow us to compare the performances of the

different forecasters and, in particular, to compare their

performances to that of the trivial forecaster: the cli-

matology. The statistical significance of the improve-

ment achieved by the forecasters was tested by

introducing the null hypothesis that the temporal dis-

tribution of Rref,fct is symmetric around 0. Grid cells in

which the hypothesis was rejected with a 90% confi-

dence level in favor of a better forecaster performance

are marked with white dots. Similarly, grid cells in which

the hypothesis was rejected in favor of a poorer fore-

caster performance are marked with black dots. Grid

cells in which the data do not provide enough evidence

to reject the null hypothesis are not marked.

Figure 2 depicts the spatial distributions ofRCLM,EGA (top-

left panel), RCLM,EWA (top-right panel), RCLM,LAA (bottom-

left panel), and RCLM,REG (bottom-right panel) for the

surface temperature. This figure better clarifies the origin

of the EGA’s superior performance over the other fore-

casters (as seen from the surface temperature panels,

the 20-yr learning period bins of Fig. 1). The largest

variability is observed for RCLM,EGA and the smallest

variability forRCLM,LAA.While the LAA shows a positive

skill score over large regions, the score is relatively low,

reflecting a small improvement in the prediction com-

pared with the climatology. For the EGA, on the other

hand, we see that over regions in the North Atlantic,

central Africa, the tropics of the Atlantic and Indian

Oceans, and Oceania, there is a large improvement rela-

tive to the climatology, while in regions in Southeast Asia,

west of Australia, and the eastern central Pacific Ocean,

there is a much poorer performance compared with the

climatology. The regression forecaster shows a poorer

performance compared with the climatology (negative

skill score) over large regions and, in particular, over

the Southern Hemisphere. All the forecasters show a

positive skill over regions in North Africa, Asia, and

North America, suggesting that the models are capable

of capturing deviations from the climatology in these

regions.

The spatial distribution of the RMSE skill score for

the zonal and meridional wind components is shown in

Figs. 3 and 4, respectively. The errors in the predictions

of both wind components have similar characteristics.

The EGA shows a lower spatial variability in the errors

of the wind component predictions compared with the

errors of the surface temperature predictions. The EWA

FIG. 4. As in Fig. 2, but for meridional wind.
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and LAA show similar variability to the one found for

the surface temperature. All the SLAs show smaller

regions of significantly lower errors than the climatol-

ogy. The REG shows a poorer performance compared

with the climatology over most of the globe.

Figure 5 shows the spatial distribution of the surface

pressure RCLM,EGA (top-left panel), RCLM,EWA (top-right

panel), RCLM,LAA (bottom-left panel), and RCLM,REG

(bottom-right panel). The EGAs performance for the

surface pressure is poor compared with its performance

for the other variables. Large regions in the Pacific and

Indian Oceans show a larger RMSE of the EGA than

theclimatology,while in someregions in theAtlanticOcean,

northern Eurasia, Greenland, and the South Pacific, the

EGA shows a better performance than the climatology.

The EWA and LAA assign a very high weight to the

climatology and, therefore, show an RMSE skill score

close to zero.However, the small improvement achieved

by the LAA is statistically significant over large regions.

The REG shows a poorer performance than the clima-

tology over most regions, with some exceptions in the

central Atlantic and Pacific Oceans and the Arabian

Peninsula.

The SLAs show a positive RMSE skill score over most

of the globe for the surface temperature and wind com-

ponents. The LAA shows the highest score (relative to

the other forecasters) for the surface pressure. There are

several regions (such as the North Atlantic, north Indian

Ocean, and northernEurasia) where all the SLAs seem to

provide a smaller RMSE than the climatology. This sug-

gests that at least some of the models capture processes

that result in a deviation from the climatology and that the

SLAs are capable of tracking these models.

6. Uncertainties

The RMSE is an important measure of the quality of

the predictions; however, the uncertainties associated

with the predictions of the forecasters are crucial for a

meaningful assessment of the predictions’ quality. The

uncertainties are quantified here using the standard

deviation of the ensemble. A natural reference for

comparing the variance of the ensemble weighted by the

forecasters is the variance of the equally weighted en-

semble that represents no learning. It was mentioned

earlier that the linear regression does not assign weights

to themodels in the ensemble but rather attempts to find

the linear combination of their predictions that mini-

mizes the sum of squared errors. Therefore, the variance

of the regression predictions is based on the uncertainty

in determining the regression coefficients. In this section,

we will compare the uncertainties of the three SLAs,

the regression, and the equally weighted ensemble. Our

analysis proceeds similarly to the analysis of the RMSE;

FIG. 5. As in Fig. 2, but for pressure.
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first, we present the globally averaged standard de-

viation STDGAW, and then we present the spatial dis-

tribution of the STD skill score.

a. Global

Figure 6 shows STDGAW of the EGA, EWA, LAA,

REG, and AVR for different learning and prediction

periods and for the four climate variables considered in

this study. The results of Fig. 6 were derived from an

ensemble that includes the climatology. The four left

panels correspond to no bias correction, the four center

panels correspond to average bias correction, and the

four right panels correspond to climatology bias cor-

rection. The data are provided in Tables 25–28 of the

FIG. 6. As in Fig. 1, but for STDwith STDGAW for the three SLAs (EWA,EGA, and LAA), for the regression (REG), and for theAVR.

The ensemble used by the forecasters (and AVR) includes the climatology. (See section 3a for the details of the different bias correction

methods.)
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supplementary information. The equally weighted en-

semble has the largest STDGAW, and the EGA has the

second highest STDGAW for all the variables and all bias

corrections. The more detailed the bias correction, the

smaller the uncertainty of the equally weighted ensem-

ble because it is associated with the anomaly rather than

with the actual prediction. For the learning periods

longer than 5 yr, the regression has a higher STDGAW

than the EWA and LAA for all the variables and all bias

corrections. In general, the LAA and EWA have a

smaller STDGAW (the smaller uncertainty is associated

with the fact that these SLAs are designed to track the

best model, if it always performed better than the

others). In addition, we notice that, for the bias cor-

rected data, the STDGAW is smaller for longer learning

periods, or more precisely, for shorter prediction pe-

riods. Figure 6 of the supplementary information (the

corresponding data are provided in Tables 29–32 of the

supplementary information) depicts the STDGAW for an

experiment in which the prediction period was set to the

last 10yr of the simulations and the learning period varied

between 5 and 20yr. It shows similar results to those pre-

sented in Fig. 6. Figure 7 of the supplementary information

(the corresponding data are provided in Tables 33–36 of

the supplementary information) depicts the STDGAW for

an experiment in which the learning period was set to the

first 10yr of the simulations and the prediction period

varied between 5 and 20yr. It shows that the duration of

the prediction period has almost no effect on the STDGAW

of the EGA and the AVR, while for the EWA, LAA, and

REG, the longer the prediction period, the larger the

STDGAW. Similar results, for an ensemble that does not

include the climatology, are provided in Figs. 8–10 and

Tables 37–48 of the supplementary information.

b. Regional

The uncertainty has a large spatial variability. We

focus on the 20-yr learning period, average bias cor-

rected data and the ensemble that includes the clima-

tology. The STD skill score shows the temporally

averaged variability of the ensemble weighted by the

forecasters compared with that of the equally weighted

ensemble during the validation period. Figure 7 shows

the spatial distribution of the surface temperature STD

skill score for the three SLAs and the regression. All the

SLAs have a positive skill score over almost all the

globe, which reflects the fact that they have smaller

uncertainties than the equally weighted ensemble. Over

FIG. 7. Spatial distribution of the surface temperature STD skill score: (top left) EGA, (top right) EWA, (bottom left) LAA, and

(bottom right) REG. Positive values correspond to a smaller STD than the equally weighted ensemble and vice versa. White dots

represent a statistically significant reduction of the STD and black dots represent a statistically significant increase of the STD relative to

the STD of the equally weighted ensemble.
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most of the globe, SAVR,EWA and SAVR,LAA are around 2,

which reflects an almost vanishing STD of the EWA and

LAA (because they assign a very high weight to the

climatology, which is the best member in the ensemble

considered here). The regression shows similar STD

skill scores to the EWA and LAA but with somewhat

lower values, which reflects a less dominant role of the

climatology in its predictions. All the forecasters show

similar reductions of the uncertainties for the surface

wind and pressure. The results are depicted in Figs. 11–

13 of the supplementary information.

7. Reliability

An ideal forecaster should have low errors and low

uncertainties; however, an uncertainty that is lower than

FIG. 8. As in Fig. 6, but for REL.
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the error reflects an overconfident forecaster, while an

uncertainty that is larger than the error reflects an

underconfident forecaster. The difference between the

error and the uncertainty is often used to measure

the reliability of the predictions. In this work, we use the

reliability score defined in section 4.

a. Global

Figure 8 shows the RELGAW of the EGA, EWA,

LAA, REG, and AVR for different learning and pre-

diction periods and for the four climate variables con-

sidered in this study. The results of Fig. 8 were derived

from an ensemble that includes the climatology. The

four left panels correspond to no bias correction, the

four center panels correspond to average bias correc-

tion, and the four right panels correspond to climatology

bias correction. The data are provided in Tables 49–52 of

the supplementary information. For all the variables,

bias correction methods, and prediction periods (except

for the surface temperature and pressure with no bias

correction), all the forecasters are overconfident;

namely, the averaged variance is smaller than the av-

eraged squared error. For the surface temperature with

no bias correction, the equally weighted ensemble is

underconfident, and for the surface pressure with no bias

correction, both the equally weighted ensemble and the

EGA are underconfident. In most cases, we find that

learning of 10 yr or longer does not affect the RELGAW

of the SLAs and the REG, while the RELGAW of the

equally weighted ensemble shows a larger over-

confidence for longer learning periods. Figure 14 of the

supplementary information (the corresponding data are

FIG. 9. Surface temperature REL: (top left) EGA, (top right) EWA, (bottom left) LAA, and (bottom right) REG; (middle) The equally

weighted ensemble. Positive values indicate overconfidence and vice versa.
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provided in Tables 53–56 of the supplementary in-

formation) depicts the RELGAW for an experiment in

which the prediction period was set to the last 10 yr of

the simulations and the learning period varied between

5 and 20 yr. It shows similar results to those presented

in Fig. 8, but the RELGAW of the equally weighted

ensemble does not grow for longer learning periods.

Figure 15 of the supplementary information (the corre-

sponding data are provided in Tables 57–60 of the sup-

plementary information) depicts the RELGAW for an

experiment in which the learning period was set to the

first 10yr of the simulations and the prediction period

varied between 5 and 20yr. It shows similar results to

those presented in Fig. 8 and Fig. 14 of the supplementary

information. Similar results, for an ensemble that does

not include the climatology, are provided in Figs. 16–18

and Tables 61–72 of the supplementary information.

b. Regional

The reliability also varies spatially. We focus on the

20-yr learning period, average bias corrected data, and

the ensemble that includes the climatology. The REL

shows the temporal average of the reliability of the

ensemble weighted by the forecasters during the val-

idation period. Figure 9 shows the spatial distribution

of the surface temperature REL for the three SLAs,

the regression, and the equally weighted ensemble.

The equally weighted ensemble is seen to have higher

reliability than the other forecasters over most of the

globe. The SLAs and the regression are mostly over-

confident; namely, the magnitude of the error is larger

than the estimated standard deviation of the results.

All the SLAs show higher reliability in the tropics

and lower reliability in the midlatitudes and toward the

poles. In Figs. 19–21 of the supplementary information,

we depict the spatial distribution of the forecasters’ re-

liability for the surface wind and pressure. In all the

variables, the equally weighted ensemble shows higher

reliability than the other forecasters. For the surface

wind components, we find higher reliability over land

(except for Antarctica) and lower reliability over the

oceans. The surface pressure shows a spatial distribu-

tion that resembles the one observed for the surface

temperature.

8. Climatology weights

Some of the results above regarding the skill of the

forecasters were explained by the weights assigned to

the climatology. Because of its superior performance,

compared with each of the models in the ensemble, it is

expected that the SLAs would assign it a high weight.

FIG. 10. Spatial distribution of the weight assigned to the climatology by the EGA forecaster for surface (a) temperature, (b) zonal wind,

(c) meridional wind, and (d) pressure.
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However, assigning too high a weight to the climatology

implies that the forecaster is not capable of capturing

deviations from the climatology because of the physical

processes captured in the models. Ideally, forecasters

should balance between the smaller RMSE of the cli-

matology and the additional information available from

the other models.

Figures 10, 11, and 12 show the spatial distribution of

the weight assigned to the climatology, for each of the

four climate variables, by the EGA, EWA, and LAA,

respectively. The weights in these figures correspond to

the weights assigned at the end of the 20-yr learning

period (i.e., the weights used for the predictions). The

average bias correction was applied to the data.

The color bar was set to emphasize the differences.

The EWA assigns the climatology weights close to 1

over most of the globe for the variables considered here.

In the east Pacific tropics regions, the climatology is not

the only dominant model in the EWA predictions of the

surface temperature, zonal wind, and pressure. The

LAA also assigns very high weights to the climatology

over most of the globe for all the variables. The excep-

tions here are the region between the southern west-

erlies and polar easterlies and the northern Atlantic, in

which the weight of the climatology is lower in the

predictions of the surface temperature, and the Pacific

and Atlantic tropics, in which the weight of the

climatology is lower in the LAA predictions of the sur-

face zonal wind. Both the weights assigned by the EWA

and those assigned by the LAA stem from the fact that

these SLAs are designed to track the best expert, which

in our ensemble turns out to be the climatology over

most of the globe. Note that the EWA tracks the model

that had the lowest cumulative loss during the whole

learning period, while the LAA tracks the model that

had the smallest cumulative loss during the last part of

the learning period. In addition, while the LAAassigns a

weight that is almost 1 to the best model, the LAA

assigns a lower weight if the values of a that are different

from zero obtained a nonzero weight. The EGA assigns

lower weights than the EWA and LAA to the clima-

tology over most of the globe for all the climate variables

considered here. For the surface temperature, there are

still large regions in which the predictions of the EGA are

dominated by the climatology. For the surface wind

components, the regions dominated by the climatology

have some overlap with the regions dominating the

EGA’s surface temperature predictions. For these vari-

ables, the climatology dominates the EGA’s predictions

over large regions in the tropics and southern Asia. The

weight assigned to the climatology by the EGA for the

surface pressure is lower in most regions and resulted in a

somewhat poorer performance by the EGA in the pre-

dictions of this variable. This different performance for

FIG. 11. As in Fig. 10, but for the EWA forecaster.

3804 JOURNAL OF CL IMATE VOLUME 29



the surface pressure may be related to the lower quality

of the data for this variable. Unlike the EWA and the

LAA, the EGA is not designed to track the best expert,

but rather to track the measurements. Therefore, the

lower weight assigned to the climatology suggests that

useful information can be extracted from the models, and

their ability to capture some of the processes affecting the

climate dynamics in decadal time scales can be quantified

by the weight assigned to them by the EGA.

The regression does not assign weights to the models

in the ensemble. However, one can try to quantify the

significance of the climatology by studying the ratio

between the magnitude of the climatology coefficient

and the coefficients of the other models. Figure 13 shows

the spatial distribution of
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
a2C/�N

E51a
2
E

q
, where aE is the

coefficient of theEth member of the ensemble, and aC is

the coefficient of the climatology (see section 3 for more

details regarding the regression forecasting method).

Similarly to the other forecasters, the climatology

dominates the REG predictions over most of the globe,

except for some regions in the tropics.

9. Summary and discussion

An ensemble of climate models is known to improve

climate predictions and to help better assess the un-

certainties associated with them. In this paper, we tested

five different methods to combine the results of the

decadal predictions of different models: EWA, EGA,

LAA, REG, and the equally weighted ensemble. The

first three forecasters represent learning algorithms that

weight the ensemble models according to their perfor-

mances during a learning period. The REG attempts to

find the linear combination of themodel predictions that

minimizes the sum of squared errors during the learning

period, and the equally weighted ensemble represents

no learning.

The learning algorithms were used here to update the

weights during the learning period, and the predictions,

for the whole time series of the validation period, were

made using the weights assigned to the ensemblemodels

at the end of the learning period. This use of the SLAs is

different from previous studies and is also beyond the

framework in which the SLAs are guaranteed to per-

form well. Nevertheless, we found that the SLAs per-

formed very well and showed both global and regional

skill even in predicting time series that extend long after

the learning has ended.

We tried different learning periods and found that a

learning period that is at least as long as the prediction

period yields better results. In our experiments, learning

periods longer than 10 yr ensure that the learning ex-

ceeds well beyond the drift of the models. The globally

averaged root-mean-squared error, RMSEGAW, is

FIG. 12. As in Fig. 10, but for the LAA forecaster.
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smaller for 10–20 yr of learning, which ensures a long

enough learning period and a not too short prediction

period. The globally averaged spread of the weighted

ensemble predictions, STDGAW, is smaller for shorter

prediction periods, as expected. The globally averaged

reliability is less sensitive to the duration of the learning

and prediction periods. The predictions of the surface

temperature, wind, and pressure were studied, and their

qualities were assessed.

The simple average was shown to have larger errors

and larger uncertainties than the forecasters that used a

learning period to weight–combine themodel predictions.

Over most of the globe, the SLAs performed better than

the regression in terms of the metrics we used to quan-

tify the forecasters’ performances. This poorer perfor-

mance of the regression is associated with the basic

assumptions of the linear regression and its over-

simplified method to linearly combine the model pre-

dictions. The SLAs do not rely on these assumptions and

use more advanced methods to weight the models, re-

sulting in smaller errors. The EWA and the LAA were

found to be more appropriate in cases in which tracking

of the best model is of interest. The climatology out-

performed all the other models in the ensemble; there-

fore, the EWA and the LAA converged to it over most

of the globe and for all the four climate variables. The

equally weighted ensemble was shown to be under-

confident in most cases, while all the other forecasters

were found to be overconfident. However, the measure

used for the reliability does not favor forecasters with

smaller errors and uncertainties but only forecasters with

uncertainties that are close to their errors. Therefore, we

believe that a more appropriate reliability score should be

defined. However, it is beyond the scope of this work.

Although the globally averaged RMSE of the SLAs is

only a few percentage points smaller than that of the

climatology, it was shown to be statistically significant.

In addition, we found that, in many regions, the im-

provement is larger. The spatial distribution of the

SLAs’ performance showed that they are skillful over

large continuous regions. This finding suggests that the

models were able to capture some physical processes

that resulted in deviations from the climatology and that

the SLAs enabled the extraction of this additional in-

formation. Similarly, the large regions over which the

climatology outperforms the forecasters may suggest

that physical processes, associated with the climate dy-

namics affecting these regions, are not well captured by

the models. The SLAs’ performances were much poorer

for the surface pressure than for the other variables. This

poorer performance might be related to the quality of

the models output or to the large fluctuations of this

FIG. 13. As in Fig. 10, but for the relative significance of the climatology in the predictions by the REG forecaster. See section 8 for the

exact definition of the significance.
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variable. The better predictions of the EWA and LAA

(relative to the EGA) for the surface pressure result

from their tracking of the climatology; therefore, it is

difficult to extract from their predictions new information

regarding the physics of the climate system. The reduction

of the uncertainties, relative to the equally weighted en-

semble, is muchmore substantial than the reduction of the

errors and can reach to about 60%–70%, globally. The

uncertainties considered here are only those associated

with the model variability within the ensemble. The in-

ternal uncertainties, scenario uncertainties, and other

sources of uncertainty were not studied here.

The results presented here are in agreement with

previous results [see Meehl et al. (2009) and references

therein]. However, in this work, monthly means were

considered, whereas in previous works, the averages of

longer periods, which have smaller fluctuations, were

considered. Smaller errors than the climatology (i.e.,

skillful predictions) of the SLAs can be observed in the

North Atlantic, north Indian Ocean, northern Eurasia,

and some regions in the Pacific Ocean. In addition, the

SLAs showed predictive skill for the surface tempera-

ture over many land areas, such as northern Eurasia,

Greenland, and, to some extent, also the Americas. The

results suggest that learning algorithms can be used to

improve climate predictions and to reduce the un-

certainties associated with them.
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