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ABSTRACT

Recent research into seasonal climate prediction has focused on combining multiple atmospheric general

circulation models (GCMs) to develop multimodel ensembles. A new approach to combining multiple GCMs

is proposed by analyzing the skill levels of candidate models contingent on the relevant predictor(s) state. To

demonstrate this approach, historical simulations of winter (December–February, DJF) precipitation and

temperature from seven GCMs were combined by evaluating their skill—represented by mean square error

(MSE)—over similar predictor (DJF Niño-3.4) conditions. The MSE estimates are converted into weights for

each GCM for developing multimodel tercile probabilities. A total of six multimodel schemes are considered

that include combinations based on pooling of ensembles as well as on the long-term skill of the models. To

ensure the improved skill exhibited by the multimodel scheme is statistically significant, rigorous hypothesis

tests were performed comparing the skill of multimodels with each individual model’s skill. The multimodel

combination contingent on Niño-3.4 shows improved skill particularly for regions whose winter precipitation

and temperature exhibit significant correlation with Niño-3.4. Analyses of these weights also show that the

proposed multimodel combination methodology assigns higher weights for GCMs and lesser weights for

climatology during El Niño and La Niña conditions. On the other hand, because of the limited skill of GCMs

during neutral Niño-3.4 conditions, the methodology assigns higher weights for climatology resulting in im-

proved skill from the multimodel combinations. Thus, analyzing GCMs’ skill contingent on the relevant

predictor state provides an alternate approach for multimodel combinations such that years with limited skill

could be replaced with climatology.

1. Introduction

Planning and management of water and energy systems

are usually carried out based upon the seasonal climate

(precipitation and temperature) forecasts over a partic-

ular region. Several national and international agencies

routinely issue climate forecasts using coupled general

circulation models (GCMs; e.g., Saha et al. 2006) as well

as using atmospheric GCMs (AGCMs; e.g., Goddard

et al. 2003). Forecasts from AGCMs are typically devel-

oped in a two-tiered process with sea surface temperatures

(SSTs) being predicted first from an ocean–atmosphere

model and then the predicted SSTs are forced as boundary

conditions into the AGCMs. This two-tiered approach

primarily emphasizes that much of the predictability at

seasonal time scales primarily stems from the oceanic

conditions with the ensembles representing the atmo-

spheric internal variability. However, the skill of the cli-

mate forecasts could vary substantially depending on the

location, time, and the GCMs itself (Doblas-Reyes et al.

2000; Robertson et al. 2004).

Reducing model uncertainties through the conven-

tional approach of the refinement of parameterizations

and improved process representation is time consuming,

which led recent efforts to focus on the combination

of AGCMs for improving seasonal climatic prediction

(Krishnamurti et al. 1999; Doblas-Reyes et al. 2000;

Rajagopalan et al. 2002). Research studies from the Pre-

diction of Climate Variations on Seasonal to Interannual

Time-scales (PROVOST) experiment and from Interna-

tional Research Institute for Climate and Society (IRI)

show that multimodel combination of AGCMs provide

better calibration (i.e., improved reliability and resolu-

tion) than individual model predictions (Doblas-Reyes

et al. 2000; Barnston et al. 2003).
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Studies from the Development of a European Multi-

model Ensemble System for Seasonal-to-Interannual Pre-

diction (DEMETER) experiments show that multimodel

combination of coupled GCMs (CGCMs) also improve

the reliability and skill in predicting summer precipita-

tion in the tropics and winter precipitation in the northern

extratropics (Palmer et al. 2004). Hagedorn et al. (2005)

demonstrate that the superiority of multimodels primar-

ily arises from error cancellation, not increased ensemble

members (i.e., pooling of ensemble from single models),

resulting in improved reliability and consistency. Review-

ing the skill of various forecast products (medium range,

monthly and seasonal) over the Europe, Rodwell and

Doblas-Reyes (2006) show that multimodel ensembles

of CGCMs exhibit higher skill in predicting precipitation

and temperature during both winter and summer sea-

sons. Recently, multimodel ensembles developed using

46-yr hindcasts from five CGCMs run from the European

Union’s ENSEMBLES project have better skill in

predicting tropical SSTs than the multimodel ensembles

developed using reforecasts from the DEMETER pro-

ject (Weisheimer et al. 2009).

The simplest approach to developing multimodel com-

bination is to pool the ensembles from all the models by

giving equal weights for all the models (Palmer et al.

2000). A different approach to developing multimodel

ensembles is to optimally combine multiple GCMs so

that the resulting multimodel forecast has better skill than

individual models’ forecasts (Rajagopalan et al. 2002;

Robertson et al. 2004; DelSole 2007). Under the optimal

combination approach, weights are obtained for each

GCM as a fraction such that the chosen skill metric of

the multimodel ensembles is maximized (Rajagopalan

et al. 2002; Robertson et al. 2004). Doblas-Reyes et al.

(2005) compare the performance of two multimodel com-

bination techniques—equal weighting of all models and

optimal combination using multiple linear regression—

and show that, except in tropical regions, it is difficult to

improve upon the performance of the optimal combina-

tion due to small sample size. Studies have also employed

simple statistical techniques such as linear regression

(Krishnamurti et al. 1999) to advanced statistical tech-

niques such as the canonical variate method (Mason and

Mimmack 2002) and Bayesian techniques (Hoeting et al.

1999; Stephenson et al. 2005; Luo et al. 2007) for de-

veloping multimodel combinations. DelSole (2007) pro-

posed a Bayesian multimodel regression framework that

incorporates prior beliefs about the model weights for

estimating regression parameters.

It is well known that anomalous conditions in the

tropical Pacific influence the skill of GCMs in predicting

precipitation and temperature over North America

(Shukla et al. 2000; Quan et al. 2006). Upon diagnosing

the sources of seasonal prediction skill over the United

States, Quan et al. (2006) showed that the entire skill

level of the AGCMs could be explained by El Niño–

Southern Oscillation (ENSO) alone. For this analysis,

Quan et al. (2006) considered the multimodel mean ob-

tained by averaging all the ensembles (total of 48 sim-

ulations) from four AGCMs. Recently, Devineni et al.

(2008) proposed a new approach to developing multi-

model ensembles of streamflow that combines forecasts

from individual models by evaluating their skill contin-

gent on the predictor state.

The main intent of this study is to explore strategies

for improving the skill in predicting winter precipitation

and temperature over the continental United States by

optimally combining multiple GCMs. Given that pre-

dicting winter precipitation and temperature over the

United States primarily depends on SST conditions over

the tropical Pacific (Quan et al. 2006), we combine mul-

tiple GCMs by evaluating the skill score of seven AGCMs

conditioned on the ENSO state based on the algorithm

outlined in Devineni et al. (2008). The skill score of the

GCMs contingent on the ENSO state are estimated by

averaging the mean square error (MSE) in predictions

under similar tropical SST conditions. For this purpose,

we consider simulated precipitation and temperature re-

sults (i.e., forced with observed SSTs) from seven differ-

ent AGCMs for developing multimodel combinations.

The performance of the developed multimodel tercile

probabilities of winter precipitation and temperature

are compared with the performance of individual models’

as well as with two of the commonly employed techniques

for multimodel combination.

For better readability from here onward in this man-

uscript, we often refer to both individual and multi-

model simulations of precipitation and temperature as

‘‘predictions/forecasts’’ with an understanding that sim-

ulated GCM variables overestimate the potential fore-

casting skill. Section 2 describes the data and the GCMs

used for the study along with a description of the multi-

model combination methodology. Section 3 presents the

results and analysis by comparing the skill of individual

GCMs and multimodels in predicting the observed winter

precipitation and temperature. Finally, in section 4, we

summarize the findings and conclusions from the study.

2. Multimodel combination contingent on the
predictor state: Basis and methodology

a. Data

Seven AGCMs that are commonly employed by var-

ious research institutes and agencies are considered for

developing multimodel winter (December–February, DJF)
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precipitation and temperature forecasts over the conti-

nental United States. Table 1 gives the details on each

model along with the number of ensembles available

for predicting precipitation and temperature. Historical

monthly simulations of winter precipitation and temper-

ature, which are developed by forcing the AGCMs with

observed SSTs, were obtained from the IRI data library

(information available online at http://iridl.ldeo.columbia.

edu/SOURCES/.IRI/.FD/). Figure 1a shows the grid

points (a total of 192) that are considered for developing

multimodel predictions. Observed monthly precipita-

tion and temperature data at 0.58 3 0.58, available from

the University of East Anglia’s (UEA) Climate Research

Unit (CRU; New et al. 2000), are used to assess the skill

of each model. Monthly climate anomalies, relative to

the 1961–90 mean (New et al. 1999), were interpolated

from the station data to develop monthly terrestrial sur-

face climate grids for the period 1901–96. Recent studies

of multimodel combination have used the observed pre-

cipitation and temperature for the UEA database to show

the improvements resulting from multimodel combina-

tion (Rajagopalan et al. 2002; Robertson et al. 2004;

DelSole 2007). Grid points (0.58 3 0.58) of monthly pre-

cipitation and temperature from UEA were spatially av-

eraged to map the grid points of the GCMs.

We consider Niño-3.4, the index commonly used to

denote the ENSO state, as the primary predictor influ-

encing the winter precipitation and temperature over

the United States. Niño-3.4 denotes the anomalous SST

conditions in the tropical Pacific, which are obtained

by averaging the SSTs over 58S–58N and 1708–1208W.

The average DJF Niño-3.4, which is computed using

Kaplan’s SST database (Kaplan et al. 1998), is obtained

from the IRI data library for the 46 yr (DJF 1951–

1996; information available online at http://iridl.ldeo.

columbia.edu/SOURCES/.KAPLAN/.Indices/.NINO34/)

considered for verification. El Niño (Niño-3.4 . 0.5), La

Niña (Niño-3.4 , –0.5), and neutral conditions (jNiño

3.4j # 0.5) are identified resulting in a total of 14 yr of

El Niño, 12 yr of La Niña, and 20 yr of neutral condi-

tions from the DJF Niño-3.4 time series.

b. Basis behind combining individual GCMs
contingent on the predictor state

The multimodel combination methodology proposed

in this study is motivated by the premise that model un-

certainties could be better reduced by combining the

GCMs based on their ability to predict under a given

predictor state. Recent studies on seasonal to interan-

nual climate prediction over North America clearly

show that the skill of GCMs is enhanced during ENSO

years (Branković and Palmer 2000; Shukla et al. 2000;

Quan et al. 2006). To understand this further, Fig. 1a

shows the correlation between the observed precipitation

and ensemble mean of the GCM-predicted precipitation

without consideration of the ENSO state (i.e., over the

entire period of record), whereas Figs. 1b–d show the skill

(correlation) of two GCMs, ECHAM4.5 and that of

the Experimental Climate Prediction Center (ECPC), in

simulating winter precipitation under El Niño, La Niña,

and neutral conditions, respectively. The correlations

(1.96/
ffiffiffiffiffiffiffiffiffiffiffiffiffi

ns � 3
p

where ns denotes the number of samples

under each category) that are statistically significant at

the 95% confidence interval under El Niño (ns 5 14), La

Niña (ns 5 12), neutral conditions (ns 5 20), and over the

entire record (ns 5 46) are 0.59, 0.65, 0.48, and 0.30,

respectively.

Though Fig. 1a shows significant correlation at many

grid points (.0.30) for both models, the performances of

the models under those grid points are not consistent

under three different ENSO conditions. Further, the skill

levels of both GCMs are not significant/negative (,0.50)

TABLE 1. Details of atmospheric GCMs considered for the study. All models span from 258 to 458N and from 123.758 to 66.258W,

resulting in a total of 192 grid points. Historical simulations of winter (DJF) precipitation and temperature from the seven GCMs are

considered for multimodel combination.

Historical simulations

Model Source Ensemble size Reference

ECHAM4.5 Max Planck Institute 85 Roeckner et al. (1996)

CCM3v6 National Center for Atmospheric

Research (NCAR)

24 Kiehl et al. (1998)

COLA Center for Ocean–Land–Atmosphere Studies 10 Schneider (2002)

GFDL, AM2p12b Princeton University 10 GFDL Global Atmospheric Model

Development Team (2005)

ECPC Scripps Institution of Oceanography,

University of California, San Diego

10 Kanamitsu et al. (2003)

NCEP National Oceanic and Atmospheric

Administration (NOAA)

10 Saha et al. (2006)

NSIPP-1 National Aeronautics and Space

Administration (NASA) GSFC

9 Bacmeister et al. (2000)
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FIG. 1. Skill, expressed as a correlation between the ensemble mean of the GCM and observed precipitation,

in simulating the DJF winter precipitation by two GCMs, (left) ECHAM 4.5 and (right) ECPC, (a) over the

entire period of record, and (b) under El Niño, (c) La Niña, and (d) neutral conditions. The figure on the right

under each category shows a plus (triangle) sign, which indicates that the correlation between DJF pre-

cipitation and the ensemble mean of ECHAM4.5 (ECPC) is statistically higher than the correlation between

the DJF precipitation and the ensemble mean of ECPC (ECHAM4.5) for that category.

2450 M O N T H L Y W E A T H E R R E V I E W VOLUME 138



for most grid points under neutral conditions with the

skill being mostly significant only under El Niño (.0.59)

and La Niña conditions (.0.65). We can also infer from

Fig. 1 that grid points exhibiting significant skill by both

GCMs also vary spatially. Thus, anyone combining the

GCMs purely based on the overall skill would end up

giving higher weights to the best-performing GCM at

that grid point, which would naturally result in poor

predictions during neutral conditions.

We also compare whether the differences in positive

correlations exhibited by these two models are statis-

tically significant by using the Hotelling–Williams test

(Bobko 1995). The Hotelling–Williams test statis-

tic, (r12 � r13)f(N � 1)(1 1 r23)[2(N � 1)/(N � 3) Rj j1
r 2(1 � r23)2]�1g�1/2, follows a t distribution with (N 2 3)

degrees of freedom, where r12 (r13) denotes the correlation

between the observed precipitation and ensemble mean

from ECHAM4.5 (ECPC), r23 denotes the correlation

between the ensemble means of ECHAM4.5 and ECPC,

and N denotes the total number of years of observa-

tion with r 5 (r12 1 r23)/2 and R 5 (1� r2
12� r2

13� r2
23 1

2r12r13r23). A plus (triangle) sign on a grid point in Fig. 1b

shows that the difference between r12 (r13) and r13 (r12)

is greater than zero, indicating the better performance

of ECHAM4.5 (ECPC). We can see from Fig. 1 that,

under El Niño conditions, there are 6 (10) grid points

with r12 (r13) being significant over r13 (r12). This primarily

shows that the skill levels exhibited by these models un-

der different ENSO states are statistically significant and

that they also could be completely different from the

overall skill of the model. Hence, we propose a meth-

odology that evaluates the performance of GCMs con-

tingent on the dominant predictor state(s) and assigns

higher weights for the best-performing model under those

predictor conditions. We also consider climatology as one

of the candidate models for developing multimodel en-

sembles. By including climatology, we believe that if the

skill levels of all of the models are poor under neutral

ENSO conditions, then the algorithm could give higher

weights for climatology in developing multimodel com-

binations. In the next section, we describe the modified

version of multimodel combination algorithm presented

in Devineni et al. (2008).

c. Description of the multimodel combination
algorithm

Figure 2 provides a flow chart of the multimodel com-

bination algorithm that combines tercile predictions/

forecasts from multiple GCMs. Historical simulations of

winter precipitation and temperature available for each

GCM (1951–96) are converted into tercile categories,

Qm
i,t, where m 5 1, 2, . . . , M (M 5 8) denotes the model

index including climatology, with i 5 1, 2 . . . , N (N 5 3)

representing the categories in year t, which specifies the

time index with t 5 1, 2, . . . , T (T 5 46 yr; for additional

details, see Fig. 2). Tercile categories, Qm
i,t, are computed

from the ensembles of GCMs after the removal of

the systematic bias (i.e., each ensemble is represented

as an anomaly from the model’s seasonal climatology).

The squared error (SEt
m) in predicting the observed

precipitation/temperature is computed from the ensem-

ble mean of the simulated precipitation/temperature for

each year at 192 grid points over the United States. Based

on Quan et al. (2006), we consider the ENSO state in-

dicated by Niño-3.4 as the dominant predictor in influ-

encing the winter precipitation and temperature over the

United States.

The objective is to combine individual model simula-

tions by evaluating their skill—represented by the MSE

(lm
t,K in Fig. 2)—over K neighboring predictor conditions.

Devineni et al. (2008) considered various skill metrics

for evaluating the performance of candidate models over

similar predictor conditions and found that the mean

squared error and average rank probability score perform

well in improving the skill of multimodel combinations.

Further, the MSE, which is obtained based on the average

error in the conditional mean of the forecast over similar

predictor conditions, is also a proper skill score (Bröcker

and Smith 2007). A skill score is proper if it maximizes the

expected score for an observation drawn from a particu-

lar distribution only if the issued probabilistic forecast is

of the same distribution (Bröcker and Smith 2007). Given

that we have candidate GCMs with different ensemble

sizes, we did not consider other strictly proper scores such

as the ranked probability score (RPS) since their sam-

pling variability heavily depend on the number of en-

sembles (Weigel et al. 2007). We identify K similar ENSO

conditions by calculating the Euclidean distance between

DJF Niño-3.4 in the conditioning year t and the rest of

DJF Niño-3.4 results observed during 1951–96. It is im-

portant to note that in computing the MSE from K similar

climatic conditions, we leave out the skill of the model

(SEt
m) in that conditioning year.

Based on the MSE computed over K neighbors,

weights (wm
t,K in Fig. 2) for each model are computed for

each year using which the multimodel tercile categories

are computed. Basically, the weighting scheme should

be inversely proportional to a chosen increasing func-

tion (e.g., linearly or logarithmic) of the prediction error

metric. The idea behind the proposed approach in Fig. 2

is that the weights for each model vary according to the

ENSO conditions. Thus, if a particular GCM performs

well under the El Niño conditions at a given grid point,

then higher weights (wm
t,K in Fig. 2) will be given to the

tercile probabilities from that GCM in developing multi-

model combinations. Using the algorithm in Fig. 2, we
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develop six multimodel combinations of winter precipi-

tation (shown in Table 2) and temperature for 192 grid

points over the continental United States. We discuss the

issue of the selection of the optimal number of neigh-

bors K and various multimodel combination schemes (in

Table 2) in the next section.

d. Multimodel schemes and performance analysis

Table 2 provides a brief description on the different

multimodel schemes considered in this study. Four multi-

model (MM) schemes (MM-1, MM-2, MM-3, and MM-4)

are developed using the algorithm in Fig. 2. MM-1 and

MM-2 employ fixed neighbors K to obtain the MSE.

Under MM-1 and MM-2, if the Niño-3.4 in the condi-

tioning year is under El Niño, La Niña, and neutral states,

then we estimate the MSE (lm
t,K) of the GCM during the

observed El Niño (K 513 yr, leaving the conditioning

year out), La Niña (K 5 11 yr), and neutral (K 5 19 yr)

years, respectively. Thus, for MM-1 and MM-2, we

evaluate the skill of the model only under similar ENSO

conditions.

With multimodel schemes (MM-3 and MM-4), we ob-

tain the neighbors, Kt, by performing two-deep cross val-

idation (Stone 1974). The two-deep cross validation is a

FIG. 2. Flow chart of the multimodel combination algorithm employed in this study (modified from

Devineni et al. 2008).
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rigorous model validation technique, which is gener-

ally employed to choose optimum model parameters as

well as to reduce the overfitting that typically results

from multimodel combination (DelSole 2007). The two-

deep cross-validation technique obtains model predic-

tions recursively in two stages. In the outer loop, we leave

out the predictor (Niño-3.4) and the predictand (DJF

precipitation–temperature) in year t and use the remain-

ing T 2 1 years (T 5 46) to estimate the optimum Kt. For

the samples (which constitute T 2 1 yr of GCM pre-

dictions and Niño-3.4) in the inner loop, we obtain Kt

that minimizes the MSE of the multimodel predictions

over T 2 1 yr through a leave-one-out cross validation

(i.e., model fitting is done with T 2 2 years and validated

for the left-out year from the T 2 1 sample). We employ

this Kt from the inner loop to develop the multimodel

predictions for year t in the outer loop. This procedure is

repeated for all possible left-out samples in the outer

loop to obtain multimodel predictions for each year.

Thus, under MM-3 and MM-4, the number of neighbors

(Kt) varies from year to year.

We also employ different strategies for combining

individual model simulations with climatological en-

sembles. MM-1 and MM-3 utilize seven different GCMs

(Table 1) along with climatological ensembles to de-

velop multimodel ensembles. MM-2 and MM-4 combine

each model with climatology in the first step and then

combine the resulting seven models in the second step.

Recent studies have shown that a two-step procedure of

combining each of the individual model forecasts sepa-

rately with climatology and then combining the resulting

M combinations in the second step improves the skill of

the multimodel ensembles (Robertson et al. 2004). For

climatology, we simply consider the 45 yr (leaving the

conditioning year out) of the observed precipitation and

temperature results at each grid point from the UEA

dataset. To compute the squared error for each year at

the second step of the combination of MM-2 and MM-4,

we assume the conditional distribution obtained from

the first step to be normal. MM-P is the multimodel

combination scheme that is obtained by pooling all

the ensembles from seven individual models and cli-

matology. The reason we consider climatology under

MM-P is the desire to be consistent for comparisons

with other multimodel schemes (MM-1–MM-4). Hence,

in the MM-P scheme, we have an increased number of

ensembles (203) since we are now pooling ensembles from

all the models.

MM-OS combines individual models based on their

overall skill (without consideration of the ENSO state),

which is specified based on the MSE for the period 1951–

96 in predicting the winter precipitation–temperature at

a given grid point. Thus, under MM-OS, the weight

f(MSE
m

)�1[�M

m51(MSE
m

)�1]�1g for a given model m is

obtained based on the inverse of the MSE of model m to

the sum of the inverse of MSE of all the models. MM-P

and MM-OS provide the baseline comparison with some

of the commonly employed techniques in developing

multimodel combinations (Palmer et al. 2000; Rajagopalan

et al. 2002; Robertson et al. 2004). The performance of

multimodel predictions is compared with individual

models’ skill using standard verification measures such

as the average ranked probability score (RPS), the av-

erage ranked probability skill score (RPSS), reliability

diagrams, and average Brier scores. Expressions related

to these metrics may be found in Wilks (1995) and hence

they are not provided here. The next section discusses

the performance of multimodels in predicting winter

precipitation and temperature over the continental United

States.

TABLE 2. List of multimodel combinations considered for the study.

Multimodel indices–schemes Brief description

MM-1 Individual models 1 climatology in one step, with a fixed

number of neighbors contingent on the ENSO state

MM-2 Individual models 1 climatology combined in the first step

and the resulting model outputs combined at the second

step, with a fixed number of neighbors contingent on the

ENSO state

MM-3 Individual models 1 climatology in one step, using optimized

neighbors obtained by two-deep cross validation

MM-4 Individual Model 1 Climatology combination in the first

step and the resulting model outputs combined at the

second step using optimized neighbors obtained by

two-deep cross-validation

MM-P Multimodel combination using pooled ensembles

MM-OS Multimodel combination using weights based on the overall

skill in the calibration period.
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3. Results and analysis

Six multimodel predictions (in Table 2) of winter pre-

cipitation and temperature are developed by combining

seven AGCMs with climatology based on the algorithm

shown in Fig. 2. The developed multimodel predictions

are represented as tercile probabilities in 192 grid points

over the continental United States for the period 1951–96.

a. Baseline comparison between multimodels and
individual models

Figure 3 shows the box plot of RPSS for the seven in-

dividual models and for six multimodels over the entire

United States. RPSS computes the cumulative squared

error between the categorical forecast probabilities

and the observed category in relevance to a reference

forecast (Wilks 1995). The reference forecast is usually

composed of climatological ensembles that have equal

probabilities of occurrence under each category. A

positive score for RPSS indicates that the forecast skill

exceeds that of the climatological probabilities. Alter-

nately, if the RPSS is negative, it indicates that the

forecast skill is less than that of climatology. Since it

evaluates the performance of entire conditional distri-

butions, RPSS is a rigorous metric for evaluating cate-

gorical forecasts. Using the multimodels’ and individual

FIG. 3. Box plots of RPSS for predicting winter (a) precipitation and (b) temperature for

individual GCMs and various multimodel schemes given in Table 2. Numbers in parenthesis

above each box plot indicate the number of grid points having RPSS greater than zero.
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models’ tercile probabilities, we compute the RPSS for

the period 1951–96.

Figures 3a and 3b show the box plots of RPSS for

predicting winter precipitation and temperature, respec-

tively, over the United States for the period 1951–96.

Figure 3 also shows the number of grid points that

have RPSS values greater than zero. Similarly, Figs. 4a

and 4b also show the box plots of mean squared error–

based skill scores (MSSSs) in predicting winter precip-

itation and temperature, respectively. For computing

MSSS, we assume the conditional distribution result-

ing from the multimodel combination as being normal.

From both Figs. 3 and 4, we can infer that the individual

models’ RPSS and MSSS values are less than zero in

most of the grid points, which implies that the skill of

the AGCMs is poorer than climatology. Among the

individual models, ECHAM4.5 and version 6 of the

Community Climate Model (CCM3v6) perform bet-

ter than other GCMs in predicting winter precipitation

and temperature. Further, we can also see that all six

multimodels (in Table 2) perform better than the

GCMs, with more grid points having positive RPSS and

MSSS trends in predicting winter precipitation and

temperature.

FIG. 4. Box plots of MSSS for predicting winter (a) precipitation and (b) temperature for

individual GCMs and various multimodel schemes given in Table 2. Numbers in parenthesis

above each box plot indicate the number of grid points having MSSS greater than zero.
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Comparing the performance of the multimodels in

predicting precipitation (Figs. 3a and 4a) and temperature

(Figs. 3b and 4b), we infer that the two-step multimodel

combination schemes (MM-2 and MM-4) perform bet-

ter than the currently employed techniques (MM-P and

MM-OS) with a greater number of grid points having pos-

itive RPSS and MSSS. MM-2, which uses fixed neighbors

contingent on the ENSO conditions in evaluating the

skill of the models, also performs better than MM-P or

MM-OS in predicting winter precipitation and temper-

ature. Furthermore, we notice from both Figs. 3 and 4

that both individual models and multimodels have better

skill in predicting winter temperature in comparison to

their skill in predicting winter precipitation. Among the

individual models, we see that ECHAM4.5 and CCM3v6

are the best individual models in predicting winter pre-

cipitation and temperature. So, all further analyses in

quantifying the improvements resulting from multimodels

will focus only on comparing with the performance of

ECHAM4.5 and CCM3v6.

b. Statistical significance of multimodel predictions:
Hypothesis testing

To ensure that the improved RPSS exhibited by the

multimodel schemes (MM-1-MM-4) is statistically sig-

nificant compared to the skill of ECHAM4.5, we per-

form detailed nonparametric hypothesis tests (Hamill

1999) by testing the null hypothesis that RPS of a mul-

timodel scheme is equal to RPS of ECHAM4.5 in pre-

dicting the precipitation–temperature at each grid point.

With model A denoting ECHAM4.5 and model B de-

noting one of the multimodel schemes (in Table 2), the

null hypothesis for testing RPS could be written as

H
O

:RPS
A �RPS

B
5 0 or (1)

H
A

:RPS
A �RPS

B 6¼ 0. (2)

The distribution of the null hypothesis, RPS
1,*�RPS

2,*,

is constructed by resampling equally likely from the

RPSt
A of model A (i.e., ECHAM4.5) and the RPSt

B of

model B (MM-1 to MM-4, MM-P, and MM-OS each

year). In other words, RPS
1,* and RPS

2,*, the average

rank probability score (RPS) estimated from 46 yr to

construct the null distribution, are resampled equally

likely to incorporate RPSt
A and RPSt

B. A total of 10 000

estimates of RPS
1,* �RPS

2,* are obtained to develop the

null distribution for each grid point over the United

States. The percentiles at which the observed test statistic

at each grid point, RPS
A �RPS

B
, has fallen in the con-

structed null distribution are computed. Results from the

hypothesis tests, the percentiles of the observed test sta-

tistic RPS
A �RPS

B
on the constructed null distribution,

are plotted on the U.S. map to identify grid points

showing significant improvement from multimodel com-

binations (Figs. 5 and 6). For a significance level of 10%, if

the percentile of the observed test statistic is between 0.9

and 1 (0 and 0.1) at a given grid point, then the model B

(model A) RPS is statistically lower than the model A

(model B) RPS. For additional details on the performed

nonparametric hypothesis test, see Hamill (1999).

Tables 3 (precipitation) and 4 (temperature) summa-

rize the results from hypothesis tests across the six mul-

timodels. Entries in the upper triangles in Tables 3 and 4

provide the numbers of grid points having the percentiles

of observed test statistic between 0.9 and 1 on the con-

structed null distribution, which implies that the RPS of

model B—represented by the columns—is statistically

higher than the RPS of model A, which is represented as

row entries. For instance, from the upper triangle in Ta-

ble 3, from the hypothesis tests between MM-1 (Model

A) and MM-P (Model B), we find that MM-P’s RPS is

statistically smaller than the RPS of MM-1 at 24 grid

points (with the percentiles of the observed test statistic

between 0.9 and 1 in the null distribution). Similarly,

results from the same hypothesis tests are also summa-

rized in the lower triangle between the two models, in-

dicating the number of grid points over which the

percentiles of the observed test statistic fell between

0 and 0.1 on the constructed null distribution, which

implies the MM-1’s (model A) RPS is statistically smaller

than the RPS of MM-P (model B) at 20 grid points. For

both Tables 3 and 4, the best-performing model in terms

of the increased number of significant grid points is ita-

licized by its column entry. Thus, between MM-1 and

MM-P, we infer that MM-P (underlined by the column)

performs better in more grid points in comparison to

MM-1 in predicting precipitation.

Figure 5 shows the relative performance of six multi-

model combination schemes over the best individual

model (ECHAM4.5) in predicting winter precipitation

over the entire United States. From Fig. 5a and Table 3,

39 (5) grid points have the percentiles of the test statistic

falling between 0.9 and 1(0 and 0.1), which indicates that

MM-1(ECHAM4.5) performs better than ECHAM4.5

(MM-1) in those grid points by rejecting the null hypoth-

esis that the difference in RPS between the ECHAM4.5

and MM-1 is zero for a significance level of 10%. We can

also see that many grid points fell between 0.1 and 0.9,

indicating the difference in skill is not statistically signifi-

cant at 10%. However, a plus sign is used in Fig. 5 to in-

dicate that the RPS of the corresponding multimodel at

that grid point is lesser than the RPS of ECHAM4.5. Even

though the difference in RPS is statistically not significant

at 10%, we observed that the percentage reduction in

using multimodel combinations is around 5%–15% for
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grid points with the percentiles of the observed test

statistic, RPS
A �RPS

B
, from 0.5 to 0.9.

Among the multimodels, MM-2 and MM-4 perform

better than the rest of the multimodels, which is indicated

by the greater number of grid points (Fig. 3 and Table 3)

having statistically significant RPS than the RPS of the

rest of the multimodels and ECHAM4.5. From Table 3,

we clearly understand that the multimodel scheme pro-

posed in this study (MM-2 and MM-4) perform better

than the existing techniques on multimodel combinations

(MM-P and MM-OS). It is important to note that both

MM-2 and MM-4 employ two-step combinations to de-

velop multimodel predictions. Comparing between MM-2

and MM-4, we infer that in 52 (25) grid points MM-2’s

(MM-4) RPS is statistically more significant than the

RPS of MM-4 (MM-2) with the observed test statistic

between the two models falling between 0.9 and 1 (0 and

0.1) on the constructed null distribution. This indicates

FIG. 5. Performance comparison of multimodels with the best individual model, ECHAM4.5, for predicting U.S.

winter precipitation. The background color indicates the percentile of the test statistic (RPSECHAM4.5 �RPSMM)

obtained from the resampled null distribution that represents RPSECHAM4.5 �RPSMM. A lower (higher) value of the

percentiles from the test statistic indicates ECHAM4.5 (multimodel) performs better than multimodel (ECHAM4.5).

A plus (blank) sign indicates that the RPS from the multimodel (ECHAM4.5) is lesser than the RPS of ECHAM4.5

(multimodel).
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that the two-step combination seems to be more effec-

tive in reducing the RPS of multimodels in predicting

precipitation. Recently, Chowdhury and Sharma (2009)

showed that combining multimodels that have their least

covariance at the first step seems to be more effective for

developing better multimodel predictions. Given this, it

seems obvious that climatology will have the smallest

covariance with individual model predictions, thereby

indicating that two-step combinations are very effective

in reducing the RPS of multimodels.

Figure 6 and Table 4, which are similar to Fig. 5 and

Table 3, summarize the multimodel combination results

for temperature. From Fig. 6, it is very clear that all the

multimodels perform better than ECHAM4.5 in pre-

dicting temperature. Among the multimodels, the MM-1

proposed in the study performs better than the rest of

the multimodels. From Table 4, we also infer that the

performance of MM-OS is equally good at predicting

the winter temperature. Comparing the performance of

MM-1 and MM-2, we infer that in 48 (24) grid points

FIG. 6. Performance comparison of multimodels with the best individual model, ECHAM4.5, for predicting U.S.

winter temperature. The background color indicates the percentile of the test statistic (RPSECHAM4.5 �RPSMM)

obtained from the resampled null distribution that represents RPSECHAM4.5
5 RPSMM. A lower (higher) value of the

percentiles from the test statistic indicates ECHAM4.5 (multimodel) performs better than the multimodel

(ECHAM4.5). A plus (blank) sign indicates that the RPSS from the multimodel (ECHAM4.5) is lesser than the RPS

of ECHAM4.5 (multimodel).
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MM-OS’s (MM-1) RPS is statistically more significant

than the RPS of MM-1(MM-OS), indicating that com-

bining models purely based on their long-term skill

seems to be a good strategy in multimodel combinations.

However, among these grid points, if we drop grid points

with the RPSS of both models being negative, then we

end up with 27 (19) grid points that show the RPS of

MM-OS (MM-1) being statistically more significant than

the RPS of MM-1 (MM-OS). This indicates MM-1’s

better performance is more pronounced in grid points

exhibiting positive RPSS. From Tables 3 and 4, we also

understand that the improvements in predicting winter

temperature from multimodel combinations is more sim-

ilar to the improvements in predicting winter precipi-

tation. In section 3e, we discuss in detail improvements

resulting from multimodel combinations from a regional

perspective over the continental United States, particu-

larly for grid points that exhibit positive RPSS.

It is important to note that Figs. 5 and 6 show spatial

correlation in the reported percentiles of the test sta-

tistic. This is because we resample the RPSt from models

A and B available at each grid point to construct the null

distribution. Performing hypothesis tests with a spatially

correlated forecast error metric would reduce the ef-

fective number of independent samples (Wilks 1997;

Hamill 1999). One way to overcome the spatially cor-

related prediction error metric is to spatially average the

verification measure over a region and perform the hy-

pothesis tests over the spatially averaged verification

measure. However, we felt that such an approach would

first require the identification of homogenous regions

for spatial averaging of the skill metric, so this approach

is not pursued here.

c. Comparison of forecast reliability between
multimodels and individual models

Ranked probability scores only quantify the squared

errors in forecasted cumulative probabilities for categor-

ical forecasts. In addition, they do not provide information

on how the forecasted probabilities for a particular cat-

egory correspond to their observed frequencies. For this

purpose, this section compares the reliability, resolu-

tion of multimodel predictions with the reliability, and

resolution of individual model predictions. Reliability

diagrams provide information on the correspondence

between the forecasted probabilities for a particular

TABLE 3. Number of grid points showing a significant difference in RPS when predicting precipitation based on the hypothesis testing

between ECHAM4.5 and the various multimodel schemes given in Table 2. Entries in the top (bottom) triangle of the table summarize the

number of grid points having percentile values of the test statistic RPS
A �RPS

B
between 0.9 and 1 (0 and 0.1) in the resampled null

distribution for hypothesis testing between model A and model B. For values in the top (bottom) triangle, model A (model B) is indicated

by its row entry and model B (model A) is indicated by its column entry. The best-performing models in terms of the increased number of

significant grid points are italicized.

Models ECHAM4.5 MM-1 MM-2 MM-3 MM-4 MM-P MM-OS

ECHAM4.5 39 42 36 41 53 40

MM-1 5 50 22 51 24 59

MM-2 5 6 7 25 11 9

MM-3 10 65 57 64 43 81

MM-4 5 16 52 6 11 16

MM-P 6 20 33 19 37 20

MM-OS 8 17 35 16 43 17

TABLE 4. Number of grid points showing significant differences in RPS when predicting temperature based on the hypothesis testing

between ECHAM4.5 and the various multimodel schemes given in Table 2. Entries in the top (bottom) triangle of the table summarize the

number of grid points having percentile values of the test statistic RPS
A �RPS

B
between 0.9 and 1 (0 and 0.1) in the resampled null

distribution for hypothesis testing between model A and model B. For values in the top (bottom) triangle, model A (model B) is indicated

by its row entry and model B (model A) is indicated by its column entry. The best-performing models in terms of an increased number of

significant grid points are italicized.

Models ECHAM4.5 MM-1 MM-2 MM-3 MM-4 MM-P MM-OS

ECHAM4.5 70 48 65 59 81 77

MM-1 5 6 27 17 3 48

MM-2 6 39 28 33 19 41

MM-3 7 51 9 23 8 58

MM-4 9 44 49 36 24 46

MM-P 5 42 18 34 31 52

MM-OS 5 24 4 17 9 3
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category (e.g., above-normal, normal, and below-normal

categories) and how frequently that category is observed

under the issued forecasted probability (Wilks 1995).

For instance, if we forecast the probability of the below-

normal category as 0.9 over n1 yr, then we expect the ac-

tual outcome to fall under the below-normal category for

0.9 3 n1 times over the entire forecast verification period.

Figures 7a and 7b compare the reliabilities of three

multimodels (MM-2, MM-4, and MM-OS) with the re-

liabilities of ECHAM4.5 and CCM3v6 in predicting

precipitation for below- and above-normal categories,

respectively. Similarly, Figs. 8a and 8b compare the reli-

abilities of MM-1, MM-3, and MM-OS with the reli-

abilities of ECHAM4.5 and CCM3v6 in predicting the

temperature for the below- and above-normal categories,

respectively. We did not consider MM-P since it did not

reduce the RPS over many grid points in comparison to

the rest of the multimodels in predicting precipitation and

temperature (Tables 3 and 4).

For developing reliability plots, the tercile probabilities

for 46 yr under each category are grouped at an interval

of 0.1 over all grid points (46 3 192 5 8832 forecasts for

a tercile category for each model). The observed category

is also recorded; using this, the observed relative fre-

quency under each forecasted probability is calculated for

each tercile category. The inset in each of the reliability

plots shows the attribute diagram indicating the loga-

rithm of the number of forecasts that fell under each

forecast probability bin for a given model. Figures 7 and 8

also show the perfect (diagonal) reliability line with one

to one correspondence between the forecasted proba-

bility and its observed relative frequency.

From Figs. 7 and 8, we observe that the selected mul-

timodels improve the reliability of forecasts showing

better correspondence between forecasted probabilities

and their observed relative frequencies. The basic reason

multimodel predictions result in better reliability is by

reducing the overconfidence of individual model pre-

dictions. This could be understood from the attribute

diagram, which clearly shows a reduction in the number

of predictions with high forecast probabilities (0.8–1)

under individual models (ECHAM4.5 and CCM3v6).

These findings are in line with earlier studies (Weigel

et al. 2008). On the other hand, multimodels show in-

creases in the number of predictions under moderate

forecast probabilities (0.4–0.7), thereby resulting in the

reduction of false alarms. Similarly, under low forecast

probabilities, individual models seem to be less reliable,

indicating a higher frequency of occurrence, whereas

multimodels have better reliability resulting in a re-

duction in the number of missed targets. To better

quantify the information in Figs. 7 and 8, we summa-

rize the ability of a model to predict a particular tercile

category using the average Brier score (BS; Wilks

1995).

The Brier score, which summarizes the squared error

in the categorical forecast probabilities, can be decom-

posed into reliability, resolution, and uncertainty (Wilks

1995). For BS to be close to zero, it is important that the

reliability term should be close to zero and the resolu-

tion term should be large. Figures 9a (9c) and 9b (9d)

provide the reliability, resolution, and BS for ECHAM4.5,

CCM3v6, and all six of the multimodels in predicting

the below- and above-normal categories of precipitation

(temperature). From Figs. 9a and 9b, we infer that all

multimodels have smaller reliability scores in compari-

son to the reliability scores of individual models under

both tercile categories, thereby contributing to the re-

duction in the BS. Among the multimodels, MM-2 has

the smallest reliability score when compared to the re-

maining five multimodels in predicting precipitation. In

terms of resolution, ECHAM4.5 has a larger resolution

score than the resolution scores of CCM3v6 and the

other multimodels in predicting precipitation. Among

the multimodels, we clearly see that MM-2 has the

largest resolution score, which leads to MM-2 and MM-4

having the lowest BS in predicting precipitation. Similarly,

from Figs. 9c and 9d, we infer that MM-1 and MM-OS

have the smallest BS, which results primarily from smaller

reliability scores and larger resolution scores in predict-

ing the temperature in the below- and above-normal

categories.

To summarize the multimodel schemes, MM2 and

MM4 (MM1 and MM-OS), perform better than indi-

vidual models as well as yielding better results than the

remainder of the multimodels in predicting winter pre-

cipitation (temperature) over the continental United

States (Figs. 9a–d). The proposed multimodel combi-

nation schemes in this study (MM-2 and MM-4) have the

lowest BS among all the models in predicting pre-

cipitation, whereas MM-1 also performs equally well (in

comparison to the best multimodel, MM-OS) in pre-

dicting winter temperature. To understand why the

multimodel combination schemes proposed in Fig. 2

result in improved predictions, we plot the weights

(wk
m) obtained for each of the multimodel schemes in

the next section and analyze how they vary conditioned

on the ENSO state.

d. Analysis of weights

Figure 10 shows box plots of the ratio of the weights

(wm
t,kjMM-1) for each model under the MM-1 scheme to

the weights (wmjMM-OS) obtained for each model

based on the MM-OS scheme in predicting temperature.

The weight ratios plotted in Fig. 10 are grouped into two

categories, namely grid points exhibiting significant skill
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FIG. 7. Reliability diagrams for individual models, ECHAM4.5 and CCM3v6, and for various multimodel

combination schemes in predicting (a) below- and (b) above-normal categories of precipitation.
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FIG. 8. Reliability diagrams for individual models, ECHAM4.5 and CCM3v6, and for various multimodel

combination schemes in predicting (a) below- and (b) above-normal categories of temperature.
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under El Niño years (Fig. 10a) and La Niña years (Fig.

10b) by ECHAM4.5. This resulted in a total of 20 and

43 grid points exhibiting significant skill (based on the

correlation between the observed temperature and the

ensemble mean) under El Niño and La Niña years, re-

spectively. The weights (wm
t,kjMM-1, wmjMM-OS) are

pooled over 46 yr and the computed weight ratios for

these grid points are shown as separate box plots (as

columns) conditioned on the ENSO state (El Niño, La

Niña, and neutral). Weight ratios above 1 indicate that

the MM-1 weights for a given model are higher than the

weights assigned by the MM-OS scheme.

From Fig. 10a, which shows the weight ratios for grid

points showing significant skill during El Niño years,

we can clearly see that weight ratios are greater than 1

for ECHAM4.5 around 25% of the time and lesser

than 1 for climatology around 85% of the time during

El Niño conditions (first column in Fig. 10a). However,

the weight ratios for the Geophysical Fluid Dynamics

Laboratory (GFDL) model are higher than 1 (around

75% of the time), indicating GFDL’s better performance

during El Niño years for the grid points considered in

Fig. 10a. This implies that if a particular GCM performs

well during El Niño years, then higher weights are as-

signed for that GCM during those conditions in com-

parison to the weights based on the long-term skill of the

model (MM-OS). Further, the weights assigned for cli-

matology under the MM-1 scheme are less since all GCMs

have good skill in predicting temperature during El Niño

conditions.

On the other hand, during neutral conditions (last col-

umn in Fig. 10a), the weight ratios are substantially less

than 1 for both ECHAM4.5 and GFDL, whereas the

weight ratios are greater than 1 for climatology (around

90% of the time). Under La Niña conditions for grid points

exhibiting significant skill during El Niño years (Fig. 10a,

middle column), we can clearly infer that the weights for

ECHAM4.5 from the MM-1 schemes are higher in com-

parison to the weights for ECHAM4.5 received from the

MM-OS scheme during La Niña years. This analysis again

FIG. 9. Performance comparison of individual models, ECHAM4.5 and CCM3v6, with various multimodels based on the Brier score and

its components (reliability and resolution) in predicting below normal [(a), precipitation; (c), temperature] and above-normal

[(b), precipitation; (d), temperature] events.
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confirms our argument that if a GCM’s skill is poor

during certain predictor conditions, then it is better to

consider climatology as the best information available.

Our multimodel combination algorithm shown in Fig. 2

basically implements this by evaluating the models’ skill

contingent on the dominant predictor state and assigns

a higher weight for the model that exhibits better skill

during those predictor conditions.

Figure 10b shows similar results for grid points exhib-

iting significant skill in predicting DJF temperature by

ECHAM4.5 during La Niña years. From Fig. 10b, we

can clearly see that the weight ratios for ECHAM4.5 are

mostly less than 1, with ECPC’s ratio being higher than 1

during El Niño conditions (Fig. 10b, leftmost column).

On the other hand, during La Niña conditions, the

ECHAM4.5 weight ratios are greater than 1 (around

85% of the time), which forces the weight ratios for

climatology to be substantially less than 1 (around 60%

of the time; Fig. 10b, middle column). Under neutral

conditions (Fig. 10b, rightmost column), with none of the

models exhibiting significant skill, the weights assigned by

the MM-1 scheme for climatology are higher than the

weights assigned by the MM-OS scheme (around 90%

of the neutral conditions in those grid points). Similar

analysis on weights under MM-2 in predicting precip-

itation revealed the same pattern (figure not shown).

Thus, our study clearly shows that combining multiple

climate models based on their ability to predict under

a given predictor (or predictors) condition is a potential

strategy for improving the skill of multimodel climate

forecasts.

4. Discussion

The main advantage of the proposed multimodel

combination technique is in its ability to evaluate GCM

skill contingent on the predictor state and to assign higher

weights for GCMs that perform better during those

(predictor) conditions. Similarly, the methodology could

also assign higher weights to climatology if all the GCMs

have limited skill under that conditioning state. On the

other hand, pursuing multimodel combinations purely

based on the overall skill (MM-OS) could result in higher

weights for GCMs under conditions during which the

model might exhibit poor/limited skill. Further, the pro-

posed approach combines both models’ skill (as quantified

FIG. 10. Box plots of the ratio of the weights (wm
t,K jMM-1) for each model using the MM-1 scheme to the weights for each model

(wmjMM-OS) using the MM-OS scheme in predicting temperature. The weights ratio, pooled (as columns) under three ENSO conditions,

for grid points having significant correlations with the observed precipitation and the ensemble mean from ECHAM4.5 during (a) El Niño

and (b) La Niña years. A weight ratio above 1, for a given GCM scheme, indicates that the weight under MM-1 is higher than the weight

assigned based on the MM-OS scheme.
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by MSE) and optimization (choosing the number of

neighbors, Kt, in MM-3 and MM-4 under two-deep

cross validation) to estimate weights as opposed to ob-

taining model weights based purely on optimization (e.g.,

Rajagopalan et al. 2002), which could lead to choosing

one or two models alone in a multimodel combination. To

overcome these difficulties, Robertson et al. (2004) pro-

posed a two-step combination. Analysis of the weights

(Fig. 10) shows clearly that model weights are linked

to their skill, with GCMs weights being higher during

ENSO conditions and climatology receiving higher

weights during neutral conditions.

Figure 11 shows the skill, expressed as RPSS, in pre-

dicting DJF precipitation (panel a) and temperature

(panel b) with each grid point’s RPSS being indicated

by the best-performing individual model or the multi-

model. Table 5 shows the number of grid points with

each individual model and requirements of having the

highest RPSS over 192 grid points shown in Fig. 11. Figure

11 and Table 5 summarize the performance results of the

models (individual model and multimodels) only if the

RPSS of at least one model is greater than zero at a given

grid point. Thus, if the RPSS of all individual models and

multimodels are lesser than zero, then climatology pro-

vides the best information for those grid points. From

Fig. 11 and Table 5, we can clearly see that multimodels

proposed in this study (MM-1, MM-2, MM-3, and MM-4)

perform better than the individual models and better

than the existing multimodel combination techniques

(MM-P and MM-OS). Among the multimodels, MM-4

seems to be the best-performing multimodel in predict-

ing precipitation and temperature, whereas the Center

for Land–Ocean–Atmosphere (COLA) and ECHAM4.5

models seem to be the best-performing individual models

in predicting precipitation and temperature, respectively.

Comparing Figs. 11a and 11b, we infer that the prediction

of temperature seems to benefit more from multimodel

combinations in comparison to the improvements re-

sulting for precipitation.

From Fig. 11a, we understand that the improvements

resulting from multimodel combinations in predicting DJF

precipitation predominantly lies over the southern United

States as well as over certain grid points in the Midwest

and Northeast. In the case of temperature (Fig. 11b), with

the exception of the Midwest, we infer that RPSS is greater

than zero for most of the regions, indicating better skill

(in comparison to climatology), which is demonstrated by

both the individual models and the multimodels. From

Fig. 11, we can see that there is a significant improvement

in RPSS for the multimodel schemes proposed in the study

(shown as open circles) over the southeast and southwest

regions of the United States and over northwest Mexico.

Figures 5 and 6 also show similar spatial structures with

the RPS of multimodels being statistically more signifi-

cant than the RPS of ECHAM4.5. The reason for this

improved performance over these regions is primarily due

to the strong correlation between the ensemble mean of

the individual models with the observed precipitation/

temperature under ENSO conditions.

It is important to note that this study has employed

historical simulations of precipitation and temperature

from AGCMs to demonstrate the utility of the multimodel

combination algorithm presented in Fig. 2. Historical

simulations from AGCMs that employ observed SSTs

as boundary conditions typically overestimate the real

predictive skill (Goddard et al. 2002; Sankarasubramanian

et al. 2008). Further, to apply the proposed methodology

within a forecasting context, one may have to use the

forecasted Niño-3.4 from multiple CGCMs as the con-

ditioning variable (Tippett and Barnston 2008). Given

that the peak ENSO activity typically coincides during

the DJF season, 3-month multimodel forecasts of ENSO

indices issued in December exhibit very high skill with

correlations of above 0.8 and root-mean-square errors

of around 0.28–0.48C (Jin et al. 2008; Weisheimer et al.

2009). Due to these results, the identified similar DJF

ENSO conditions using the forecasted multimodel mean

of the DJF Niño-3.4 could slightly differ from the iden-

tified conditions using the observed DJF Niño-3.4. More

importantly, employing retrospective forecasts from

AGCMs forced with forecasted SSTs could result in re-

duced skill from the proposed multimodel scheme if the

skill levels of the retrospective forecasts from AGCMs

are better than that of climatology under the conditioned

state. But, if the skill levels of the retrospective forecasts

from the AGCMs are poorer than that of climatology

(which is highly likely based on Figs. 3 and 4), then we

expect that the proposed multimodel scheme is likely to

be more beneficial in replacing AGCMs forecasts with

climatology. Our future investigation will evaluate the

utility of the proposed methodology in combining real-

time precipitation and temperature forecasts from

CGCMs contingent on the forecasted DJF Niño-3.4 state.

5. Summary and conclusions

A methodology for combining multiple GCMs is pro-

posed and evaluated for predicting winter precipitation

and temperature over the United States. The methodol-

ogy assigns weights for each GCM by evaluating their skill,

quantified by mean square error, over similar predictor

conditions. Considering Niño-3.4 as the primary pre-

dictor influencing the winter precipitation and tem-

perature (Quan et al. 2006), the study combines seven

GCMs with climatological ensembles to develop multi-

model predictions over the continental United States. In
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FIG. 11. Performance of multimodels and individual models, expressed as RPSS, in pre-

dicting DJF winter (a) precipitation and (b) temperature. Grid points having RPSS lesser than

zero are shown in white. Grid points with no markers, open circles, and triangles indicate the

best-performing model (having the highest RPSS) at that grid point being individual GCMs (all

seven models in Table 1), multimodels proposed in this study (MM-1, MM-2, MM-3, and

MM4), and existing multimodel techniques (MM-P and MM-OS), respectively.
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total, six different multimodel schemes are considered

with their performance being compared with individual

models based on various verification measures such as

ranked probability skill score, reliability and resolution

scores, and Brier score. The improvements resulting from

(reduction in RPS) from multimodel combinations over

individual models are also tested through a rigorous

nonparametric hypothesis based on resampling.

The study clearly shows that the proposed multimodel

combination algorithm perform better, in terms of im-

proving the RPSS, than individual models and also mul-

timodel combinations based on pooling and long-term

skill. Further, the proposed multimodel combination

methodology also improves the reliability and resolu-

tion of tercile probabilities resulting in reduced Brier

scores. The improved reliability of multimodel predic-

tions primarily arises from reducing the overconfidence

of individual model predictions, which in turn results

from the reduced number of false alarms and missed

targets in the categorical forecasts. Analysis of estimated

weights also shows that the proposed methodology as-

signs higher (lower) weights for GCMs and lower (higher)

weights for climatology during anomalous (neutral)

ENSO conditions at the grid points. These analyses show

that combining multiple models contingent on the dom-

inant predictor state is an attractive strategy for improv-

ing the skill of multimodel forecasts.
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