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Skill of coupledmodelseasonalforecasts:A Bayesianassessment. . .

Abstract

This studyassessesthe skill of DecemberNiño-3.4forecastsproducedby coupledmodelforecastingsys-
temsatECMWF. A comparisonhasbeenmadeof theskill of severaldifferentECMWFforecastingsystems:
theold operationalsystem(System1), thenew operationalsystem(System2), andtwo otherexperiments
(DEMETERassimilationandDEMETERcontrol)producedaspartof theDEMETERproject.All forecasts
startedfrom initial conditionsin August(5-monthlead).

The skill is assessedrelative to referenceempiricalpersistenceforecastsobtainedby linear regressionof
Decemberon the precedingJuly Niño-3.4 index valuesover the period 1950-2001. Ratherthan assess
skill by comparingthecoupledmodelforecaststo theempiricalforecasts,this studyassessestheadditional
skill obtainedby combiningthe coupledand empirical forecasts. A simple Bayesianapproachis used
to combineandcalibratethe coupledmodel forecastsusingpast information containedin the reference
empiricalforecasts.

Bayesiancalibrationis found to increaseskill by around11%comparedto empiricalpersistenceforecasts
andaround3%comparedto bias-correctedcoupledmodelforecasts.Bayesiancombinedforecastsarebetter
calibratedandprovidemorereliableestimatesof forecastuncertaintythanraw coupledmodelforecastsand
empiricalpersistencereferenceforecasts.Theinclusionof ensemblespreadinformationinto thecalibration
modelimprovesneitherforecastskill nor estimatesof predictionuncertainty.

1 Intr oduction

Coupledmodelclimateforecastsoftencontainsubstantialbiases(e.g.Stockdale,1997;Stockdaleetal., 1998).
Thesimplestway to correctforecastbiasesis to subtractfrom thecoupledmodelforecaststhemeanforecast
error. Themeanforecasterroris aconstantthatcanbeestimatedfrom thedifferencein meansof pastforecasts
andpastobservations.Suchbias-correctedforecastsareroutinelyprovidedby climatepredictioncentressuch
asECMWF. However, this kind of bias-correctiondoesnot correctbiasesin theensemblevariancenor doesit
fully exploit all theinformationcontainedin pastobservations.

Uncorrectedbiasesin the coupledmodel forecastscan easily lead to overly pessimisticconclusionsabout
theskill of the forecastingsystem.Forecastskill is traditionallyassessedby comparinga chosenverification
scoreSM of the model forecaststo the scoreS0 obtainedfor a referenceforecast(Wilks, 1995; Jolliffe and
Stephenson,2003). The referenceforecastis often chosento be either the climatologicalmeanor simple
persistenceforecastsbasedonpreceedingobservations.Referenceforecastsarewell-calibratedwhenbasedon
unbiasedestimatesof pastobservationsandso aregenerallywell-calibrated(reliable). However, the lack of
reliability (presenceof conditionalbias)in coupledmodelforecastsleadsto anunderestimateof thetrueskill
(resolution) of themodelforecasts.An alternative approachadoptedin thisstudyis to usethesimpleBayesian
methoddescribedin Coelhoetal. (2004)to first calibrateandcombineECMWF coupledmodelforecastswith
empiricalpersistence(reference)forecasts.The additional skill provided by the coupledmodel forecasting
systemis thenassessedby comparingthe verification scoreSM � 0 of the combinedforecastswith the score
S0 of theempiricalreferenceforecasts.This cumulative approachhasthe advantagethat skill is obtainedby
comparingtheverificationscoresof two well-calibrated(unbiased)forecastingsystems.

Thestudyfocusesoninterval forecastsof theNiño-3.4El Niño-SouthernOscillation(ENSO)index. TheNiño-
3.4 index is assumedto be normally distributed and thereforefully describedby two parameters:the mean
and the variance. The predictedmeanand variancecanbe usedto constructa Prediction Interval (P.I.) in
which the futureobserved index is expectedto be foundwith a given probability. We focuson 5-monthlead
forecastsof DecembermeanNiño-3.4index producedwith initial conditionson thefirst of August.This lead
time hasbeenchosenfor two reasons:a) the peakof Niño-3.4index SSTduring ENSOis usuallyobserved
in December(RasmussonandCarpenter, 1982);andb) Augustis after thespringbarrier(WebsterandYang,
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1992),whencoupledandempirical(statistical)modelshavecomparablelevel of skill (Oldenborghetal., 2003).
If othermonths,suchasApril andAugust,hadbeenchosenaspredictorandpredictand,respectively, different
resultswouldbeobtained(Oldenborgh etal., 2003).An assessmentandcomparisonhasbeenmadeof different
versionsof theECMWF seasonalforecastingsystems.

Sections2 and3 introducethe coupledmodelensembleandempirical forecastsof the Niño-3.4index used
in this study. Section4 briefly describestheBayesianmethodusedto combineandcalibratetheseforecasts,
andsection5 presentsandcomparesthe resultsof the combinedforecastswith bias-correctedandempirical
(reference)forecasts.Section6 concludesthearticlewith asummaryof ourfindings.

2 Coupled modelensembleforecastsof ENSO

ECMWF numericalmodelNiño-3.4index forecastswereobtainedfrom System1 (SYS1),System2 (SYS2)
andtwo otherexperiments,DEMETERassimilation(DEMA) andDEMETERcontrol(DEMC), aspartof the
Developmentof a EuropeanMulti-model Ensemblesystemfor seasonalto inTERannualprediction(DEME-
TER) project1 (Palmeret al. 2004).DEMA andDEMC experimentswerebothperformedusingtheSystem2
ECMWFcoupledmodelwith initial conditionsfrom theERA-40project.SYS1andSYS2useinitial conditions
from theERA-15projectfor theperiod1987-1993andNWP operationaldatafor theperiod1993-2001.

Forecast description period members
SYS1 old operationalsystem 1987-2001 5
SYS2 new operationalsystem 1987-2002 5 (40 in 2001

andin 2002)
DEMA with oceanassimilation 1987-1999 9
DEMC without oceanassimilation 1958-2001 9

Table1: Coupledmodelforecastingsystems/experimentsinvestigatedin this study.

Figure1 shows theECMWF coupledmodelensembleforecastsfor theseasonalforecastsystems/experiments
listed in Table1. The forecastshave beenbiascorrected.In general,the interannualvariability of the bias-
correctedforecastsfollows thatof theobservations.However, in severalcasestheobservationslie outsidethe
predictioninterval given by the ensemblespread. In section5 we will discussquantitative comparisonsof
theskill andpredictionuncertaintyof theuncorrectedcoupledmodel,bias-correctedandempirical(reference)
forecasts.

3 The referenceforecast:July-Decemberempirical prediction of Niño-3.4

Figure 2a shows the historical (1950-2001)July and DecemberNiño-3.4 index time seriesobtainedfrom
Reynoldsoptimuminterpolationversion2 SSTdataset2 (Reynoldset al., 2002). Thetwo time seriesarepos-
itively correlated(r � 0 � 87), illustrating the importanceof persistencein predictabilityof theNiño-3.4index.

1http://www.ecmwf.int/research/demeter/
2http://www.cpc.noaa.gov/data/indices/index.html
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Figure 1: DecemberNiño-3.4 index bias-correctedcoupledmodelensembleforecasts(oC) from a) SYS1,b) SYS2,c)
DEMA d) DEMC. Observedvalues(dashedline), forecasts(solid line) and the 95% prediction interval, givenby the
ensemblemeanplus or minus1.96 the standard deviation of the ensembleforecasts(sX), is representedby the grey
shading. Theshort-dashedline is the December1950-2001climatological mean(26.5oC). Forecastsare givenfor the
periodsindicatedin Table1.
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Figure 2: a) ObservedJuly (solid line) and December(dashedline) Niño-3.4time series(1950-2001)in oC. Thehor-
izontal thick solid line is the July climatological meanof 27.1oC and the horizontal thick dashedline is the December
climatological meanof 26.5 oC for this period; b) December1958-2002Niño-3.4index empirical forecasts(oC). Ob-
servedvalues(dashedline), forecasts(solid line) andthe95% predictioninterval (grey shading).Theshort-dashedline
is theDecember1950-2001climatological mean(26.5oC). c) Forecasterrors givenby thedifferencebetweenempirical
forecastandobservedvalues.
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The largestEl Niño (1972,1982and1997)andLa Niña (1970,1973,1988and1998)eventscanclearly be
seen.

Thesimplest5-monthleadempiricalmodelfor forecastingDecembermeanNiño-3.4index useslinearregres-
sionwith theprecedingJulymeanNiño-3.4index historicaltimeseriesasthelinearpredictor. Mathematically,
θt � βo � β1ψt � εt , whereθt andψt aretheDecemberandJuly Niño-3.4monthly-meanvalues,respectively,
βo andβ1 arethe interceptandslopeparameters,respectively, εt is a “Normal (Gaussian)”randomvariable
with zeromeanandvarianceσ2

o [i.e., εt 	 N 
 0 � σ2
o � ] andt is theyearbeingforecast.Thismodel,whichwill be

usedto producereferenceforecasts,canbewrittenexplicitly in probabilisticnotationas

θt  ψt 	 N 
 µot � σo
2 � (1)

with thepredictedmeanof θt givenby

µot � βo � β1ψt (2)

which is a linearfunctionof thepredictorψt . Thesymbol  denotes“given” and 	 denotes“is distributedas”.
TheNiño-3.4index is known to bewell approximatedby thenormaldistribution andsothenormalregression
modelis appropriate(BurgersandStephenson,1999;Hannachiet al., 2003).

To avoid artificial skill, theempiricalmodelparametershave beenestimatedusingthecross-validation(“leave
oneyearout”) method(Wilks 1995,Section6.3.6). To producea forecastfor time t, only dataat othertimes
(years)differentthant have beenusedto estimatemodelparametersanderrors.

Figure2b shows empiricalpersistenceforecastsfor the period1958-2002.The 95% P.I. is calculatedusing
µ̂ot � 1 � 96σ̂ot , whereµ̂ot � β̂o � β̂1ψt is theNiño-3.4index predictedmeanfor a particularDecemberandσ̂ot

is thepredictedstandarddeviation estimatedusingEqn. (4) of Coelhoet al. (2004).This simplemodelshows
surprisinglyaccurateresults,especiallyfor the1988and1998La Niñaepisodesandfor the recent1997and
2002El Niño episodes(Fig. 2c). Within the45 yearsof Decemberhindcaststhemodelhasonly forecastthe
Niño-3.4index outsidethe95%P.I. in 1982and1987.This is in agreementwith theexpectederrorrateof 5%.
Persistenceworkswell for theJuly to Decemberforecaststhatoccurafterthespringbarrier(Oldenborgh etal.,
2003).

4 Bayesiancalibration and combining of forecasts

If onehadno accessto an ensemblemeanforecastX̄, the only possibleprobabilisticassessmentaboutthe
observablevariableθ would have to bebasedsolelyon theassumptionthatfuturevaluesof θ will behave like
they did in thepast.For example,theprobabilitydistribution of θ canbeestimatedby usingtheclimatological
probability densityfunction p(θ ) basedon historicalobservations. In Bayesiantheoryp(θ ) is known asthe
prior distribution andencapsulatesprior knowledge aboutlikely possiblevaluesof θ - from pastexperience
notall valuesof θ areequallylikely to occur.

However, whenaparticularensemblemeanforecastX̄ � x is available,it is possibleto updatetheprior p(θ ) to
obtainthe(conditional)posteriordistribution p(θ  X̄ � x). In otherwords,this is theprobabilitydistribution of
θ giventheforecastX̄ � x. Conditioningon forecastshelpsto focustheuncertaintyaboutfuturevaluesof θ .
Theposteriordistribution p(θ  X̄ � x) is foundfrom theprior p(θ ) by makinguseof Bayes’theorem

posterior� ��� �
p 
 θt  X̄t � x� �

l ikelihood� ��� �
p 
 X̄t � x  θt � prior� ��� �

p 
 θt �
p 
 X̄t � x� (3)
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whereθt is the observable variableat time t andx is the predictedensemblemeanforecastat time t. Note
that both the posteriordistribution andthe likelihoodfunction areconsideredto be functionsof θt . Finally,
p 
 X̄t � x� doesnotdependon θt andthereforeonly playstheroleof normalisingconstant.

In thisstudy, wewill usetheempiricalmodelforecastsastheprior. In otherwords,weassumethenormalprior
distribution θt 	 N 
 µot � σo

2 � , whereµot andσo
2 areprovidedby theempiricalregressionon preceedingJuly

values(Eqns.1 and2).

The likelihood p(X̄  θ ) of obtainingan ensemblemeanforecastX̄ given an observed valueθ is an essential
ingredientin this updatingprocedurethat can be estimatedby regressionof pastensemble-meanforecasts
(hindcasts)on pastobservations. The likelihoodprovidesa convenientsummaryof thecalibrationandreso-
lution of pastforecasts(Jolliffe andStephenson,2003). For morediscussionof this methodof calibrationof
forecastsseeCoelhoetal. (2004).

In thisstudy, thelikelihoodis modelledby linearregressionbetweenensemblemeanforecasts(X̄t) andmatch-
ing observations(θt ). To demonstratethemethodof calibration,insteadof bias � corrected forecastsissuedby
ECMWF, uncorrected (raw) coupledmodeloutputswill beused.

Two differentlikelihoodmodelshave beenexamined.Oneassumesconstantvariancefor theensemblemean
and the other includesensemble-spreadinformation into the regressionmodel. The likelihood model that
assumesconstantvariancefor theensemble-meanis givenby

X̄t  θt 	 N 
 α � βθt � δ � (4)

whereα andβ arethe interceptandslopeparameters,respectively, andδ is theconstantvarianceparameter.
Figure3 shows scatterplots betweenthe coupledmodelensembleforecastsandobserved DecemberNiño-
3.4 index for the four ECMWF forecastingsystems.Thesolid linesarethebestfit linear regressionbetween
ensemble-meanvaluesX̄t andobservationsθt , from which α , β andδ areestimated.This figurerevealsthat
all theforecastingsystemsarebiased(α̂ �� 0 andβ̂ �� 1).

Thelikelihoodmodelthatincorporatesensemblespreadinformationinto thevarianceof theensemblemeanis
givenby

X̄t  θt 	 N 
 α � βθt � δ � γVt � (5)

The estimationof the parametersα , β , δ andγ is donein threesteps. In the first stepthe linear regression
betweencoupledmodelforecastsandobservedDecemberNiño-3.4index is performed.In thesecondstepthe
interceptδ andtheslopeγ areobtainedfrom theregressionbetweentheresidualsof theregressionof thefirst
stepandthesamplevarianceof theensemblemeanVt . ThevarianceVt is estimatedusingVt � s2

X � m, wheres2
X

is thevarianceof theensemble(X) andm is theensemblesizegiven in Table1. Finally, in thethird step,the
interceptα andtheslopeβ areobtainedfrom theweightedlinearregressionbetweenensemblemeanforecasts
(X̄t) andmatchingobservations(θt ), with regressionweightsgivenby wt ��
 δ � γVt ��� 1.

To avoid introducingartificial skill, both prior andlikelihooddistribution parametersareestimatedusingthe
cross-validationmethod,in which parametersareobtainedby leaving out theyearbeingforecast.Themean
valuesof the cross-validatedlikelihoodestimatedparametersfor the likelihoodmodelsof Eqns. (4) and(5)
for the commonperiod(1987-99)amongthe four available forecastsaregiven in Tables2 and3. Valuesin
bracketsarestandarderrors.It canbenotedthatthecoupledmodelensemble-meanforecastsarebiased(α̂ �� 0
and β̂ �� 1). Note, however, that α̂ and β̂ in Table2 do not have exactly the samevaluesas the estimates
indicatedin the legendof Fig. 3 becauseTable2 estimateshave beenobtainedusingensembleforecastdata
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d) DEMETER control

Figure 3: DecemberNiño-3.4index likelihoodmodelsassumingconstant(δ ) variancefor the ensemblemean(X̄). a)
SYS1(α̂ ��� 1 � 39oC, β̂ � 0 � 99 andR2 � 0 � 84), b) SYS2(α̂ � 7 � 69oC, β̂ � 0 � 69 andR2 � 0 � 86), c) DEMA (α̂ � 6 � 65oC,
β̂ � 0 � 73andR2 � 0 � 93) andd) DEMC(α̂ � 5 � 14oC, β̂ � 0 � 77andR2 � 0 � 83). Each black dot is oneensemblemember.
Big opencirclesare ensemblemeans.Thesolid lines are regressionsbetweenensemblemeansand observations.The
dashedlinesis whatwouldbeobtainedfor perfectforecasts.Thefour likelihoodmodelswereconstructedusingensemble
forecastsfor theperiodsindicatedin Table1.
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for the commonperiod (1987-99)while in Fig. 3 all the available datahave beenusedto estimatethese
parameters.Theestimatedvaluesin Tables2 and3 indicatethat: a) SYS2,DEMA andDEMC underestimate
the inter-annualvarianceof theobserved Niño-3.4index (β̂ � 1); b) all systemsgenerallyunderestimatethe
meanSSTin the Niño-3.4region [solid lines generallybelow dashedlines in Fig. (3)]; andc) inclusionof
ensemblespreaddoesnot provide additionalinformationwhen forecastingNiño-3.4 index at 5-monthlead
(γ̂Vt  0 in Table3). This is in agreementwith recentresultsby Jewsonetal. (2003),whoproposedaninverse
regressioncalibrationmodelof observedvalueson coupledmodelensemble-meanforecasts.

System/experiment α̂ [oC] β̂ δ̂ [oC2] R2 m
SYS1 -3.22(2.31) 1.05(0.09) 0.21(0.01) 0.94 5
SYS2 6.76(1.85) 0.72(0.07) 0.13(0.01) 0.91 5
DEMA 6.69(1.65) 0.73(0.06) 0.11(0.01) 0.93 9
DEMC 0.60(2.56) 0.93(0.10) 0.26(0.01) 0.90 9

Table2: Meanvaluesof cross-validatedestimatedlikelihoodparametersfor thelikelihoodmodelwhich assumesconstant
variancefor the ensemblemean(Eqn. 4), R2 and numberof members (m) for the commonperiod 1987-99. Valuesin
bracketsarestandard errors.

System/experiment α̂ [oC] β̂ γ̂ δ̂ [oC2] γ̂Vt [oC2] R2 m
SYS1 -2.41(2.33) 1.02(0.09) -1.77(1.91) 0.22(0.09) -0.07(0.32) 0.93 5
SYS2 7.18(1.82) 0.71(0.07) -3.07(1.94) 0.15(0.05) -0.06(0.39) 0.91 5
DEMA 6.51(1.56) 0.74(0.06) 2.95(3.62) 0.04(0.05) 0.03(0.33) 0.94 9
DEMC 0.51(2.43) 0.93(0.09) 1.07(3.47) 0.15(0.14) 0.03(0.20) 0.91 9

Table 3: Meanvaluesof cross-validatedestimatedlikelihoodparameters for the likelihoodmodelwhich incorporates
ensemblespreadinformationfor thevarianceof theensemblemean(Eqn. 5), estimateof the term γ̂Vt , R2 andnumber
of members (m) for thecommonperiod1987-99.ThevarianceVt is thetimemeanof Vt . Valuesin bracketsarestandard
errors.

The calibrationandcombinationof ECMWF coupledmodelforecastswith empiricalpersistence(reference)
forecastsis determinedusingBayes’theorem(Eqn. 3). Fromthis theorem,it canbeshown that for a normal
prior andnormal likelihood,the posteriordistribution is alsonormal(e.g. Lee,1997). The resultingnormal
posteriordistribution in ourcaseis givenby

θt  X̄t 	 N 
 µt � σ2
t � (6)

with themeanµt andthevarianceσ2
t givenby

1
σ2

t
� 1

σot
2 � β 2

σ2
Lt

(7)

µt

σ2
t
� µot

σot
2 � β 2

σ2
Lt

!
X̄t � α

β " (8)

whereσ2
Lt is thevarianceof thelikelihood,whichcanbeeitherequalto δ or δ � γVt dependingonthelikelihood

modelthat is used[Eqns. (4) or (5)]. Equations(6), (7) and(8) definetheBayesiannormal-normalmodelfor
calibrationandcombinationof forecasts(Coelhoetal., 2004).Thecalibrationcomesfrom thetermin brackets
in Eqn. (8), wherethemeanbiasof theensemblesystemis correctedwhenthedifferencebetweenX̄t andα is
dividedby there-scalingfactorβ . Thecombinationis dueto theinclusionof theempiricalpersistenceforecast
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(µot ) in Eqn. (8). Whenthevarianceσot
2 is imposedto be infinite in Eqns.(7) and(8) we have theso-called

combinedforecastwith uniformprior (seedefinitionbelow). MoreexplanationsabouttheBayesianmethodare
givenin Coelhoet al. (2004).Theskill of calibratedforecastsproducedusingthis approachwill becompared
to theskill of empiricalpersistence(reference)andbias-correctedforecastsin section5.

Fourdifferentcorrectionmethodswereappliedto DecemberNiño-3.4index forecastsasdescribedbelow:

a)bias-correctedforecastgivenby µt � X̄t � X̄ � θ̄ andσt � sX, whereX̄t is theensemblemeanforecastat time
t, X̄ andθ̄ arethe time meansof theensemblemeanforecastandtheobserved meanvaluesover the forecast
period,respectively, andsX is thestandarddeviationof theensembleforecasts(X). Thisrepresentsashift in the
forecastvalues,which is constantin time, andno correctionis appliedto sX. Basicallythemeanforecastbias
is removedfrom theforecasts.This is aspecialcaseof a Bayesianforecastwith uniform prior (definedbelow)
andsimplified likelihoodestimate[β � 1 in Eqns. (4) and(5)]. Thesimplified likelihoodmodelsthebiasof
theensemblemeanasaconstantα � X̄ � θ̄ andthesamplevarianceof theensembleforecastasσ2

Lt � s2
X.

b) combinedforecastwith uniformprior givenby µt � X̄t � α
β andσt � σLt

β . It is obtainedwhenσot
2 is takento

beinfinite in Eqns.(7) and(8), thatis, all valuesof theindex in therange[ � ∞ � ∞] areequallylikely. Thisprior
characterisesa “no-previous-information” referencecase. The combinedforecastwith uniform prior canbe
seenasa Bayesianbias-correctionin theensemblemeanandis usefulfor comparisonwith thebias-corrected
forecast.Note,however, thatσt � σLt

β is not thesameasσt � sX of thebias-correctedforecast.

c) combinedforecastwith climatological prior givenby µt � a � bX̄t andσt � λ 1# 2, wherea, b andλ arecon-
stantparametersestimatedfrom thelinearregressionbetweenobservedvaluesθ andcoupledmodelensemble-
meanforecastsX̄.

d) combinedforecastgivenby µt andσt definedby Eqns.(7) and(8).

Forecast Likelihood Prior
a� bias-corrected X̄t  θt 	 N 
 α � θt � s2

X � Uniform (i.e. σot
2 $ ∞)

b1 � uniformprior 1 X̄t  θt 	 N 
 α � βθt � δ � Uniform (i.e. σot
2 $ ∞)

b2 � uniformprior 2 X̄t  θt 	 N 
 α � βθt � δ � γVt � Uniform (i.e. σot
2 $ ∞)

c� climatologicalprior X̄t  θt 	 N 
 α � βθt � δ � θt 	 N 
 θo � σ2
o � (*)

d1 � combined1 X̄t  θt 	 N 
 α � βθt � δ � θt 	 N 
 βo � β1ψt � σot
2 �

d2 � combined2 X̄t  θt 	 N 
 α � βθt � δ � γVt � θt 	 N 
 βo � β1ψt � σot
2 �

Table4: Likelihoodandprior distributionsfor thecorrectionmethodsappliedto DecemberNiño-3.4index forecasts.The
numbers 1 and2 in front of uniformprior andcombinedforecastsare usedto distinguishthe likelihoodmodelthat has
beenused,i.e. eitherthemodelthatassumesconstantvariance(δ ) for theensemblemeanor themodelthat incorporates
spreadinformationinto thevarianceof theensemblemean(δ % γVt). (*) θo andσ2

o are theclimatological meanandthe
climatological varianceof θ , respectively, which are obtainedwith thesamedatasetusedto estimatethelikelihood.

Thesefour correctionmethodscanall beseenascombinedforecastswith particularlikelihoodandprior dis-
tributionsasindicatedin Table4. Eachlikelihoodmodelprovidesa differentway for thecalibrationof cou-
pled model forecastsagainstobservations. The incorporationof previous knowledgeis obtainedby the use
of the prior distribution. When the prior is taken to be uniform, no-previous-knowledge is incorporatedin
thecorrectionmethod.Note thatby usingthe likelihoodmodelX̄t  θt 	 N 
 α � βθt � δ � andthenormalprior
θt 	 N 
 θo � σ2

o � , whereθo andσ2
o aretheclimatologicalmeanandtheclimatologicalvarianceof θ , respectively,

whichwereobtainedwith thesamedatasetusedto estimatethelikelihood,onegetsaposteriordistribution that
is exactly thesameasthelinearregressionbetweenobservedvaluesθ andcoupledmodelensemble-meanfore-
castsX̄. This posteriordistribution is givenby theinverseregressionmodelθt  X̄t 	 N 
 a � bX̄t � λ � thatis here
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referedto ascombinedforecastwith climatological prior (forecastc) of Table4). Theproofof thisequivalence
canbefoundin Hoadley (1970).

5 Results

Figure4 shows the meanof the combinedforecastobtainedusingEqns. (6), (7) and(8) andthe likelihood
modelthatassumesconstantvariancefor theensemblemean(Eqn.4), i.e. forecastd1 of Table4. Comparisons
of theseforecastswith theempirical(reference)forecastalone(Fig. 2b)andcoupledmodelensembleforecasts
alone(Fig. 1) show that theensemblespreadof the combinedforecastis smallerthantheuncertaintyof the
empiricalforecastandlarger thantheensemblespreadof thecoupledsystems.Most of theobservationsnow
lie insidethe 95%predictioninterval, indicatingthat thecombinedforecastP.I. is morereliable,dueboth to
incorporationof climatologicalinformationandcalibrationof themodels.Resultsin Tables5 and6 (discussed
below) indicatethat the improvedreliability of thecombinedforecastwith respectto thecoupledmodeldoes
not comeonly from thewideningof theensemblespread,but alsofrom amoreskillful meanforecast.

Tables5 and6 show the root meansquarederror (RMSE), the MSE skill scoreandthe meanpredictionun-
certaintyfor the empirical persistenceforecasts,the uncorrectedensembleforecasts,and the four different
correctionmethodsappliedto DecemberNiño-3.4index forecastsasdescribedin section4 (Table4). Results
areshown separatelyfor eachof thefour ECMWF ensembleforecastsdetailedin Table1.

Forecast SYS1 SYS2 DEMA DEMC
empirical 0.67(75) 0.65(77) 0.69(76) 0.62(74)
uncorrected 1.76(-73) 0.77(68) 0.69(76) 1.11(16)
bias-corrected 0.57(82) 0.56(83) 0.47(89) 0.51(82)
uniformprior 1 0.67(75) 0.60(80) 0.46(89) 0.58(77)
uniformprior 2 0.66(75) 0.60(81) 0.45(90) 0.57(78)
climatologicalprior 0.59(81) 0.56(83) 0.41(92) 0.53(83)
combined1 0.56(83) 0.52(85) 0.39(92) 0.45(87)
combined2 0.49(86) 0.52(85) 0.39(93) 0.44(87)

Table5: RMSEin oC andMSEskill score in percentage(in brackets)of all forecastsystems/experimentsinvestigatedfor
the empirical persistenceforecasts,uncorrectedcoupledmodelforecasts,and for the four different correctionmethods
appliedto DecemberNiño-3.4index forecastsdetailedin Table4, i.e., bias-correction,Bayesiancombinedwith uniform
prior assumption,Bayesiancombinedwith climatological prior and general Bayesiancombinedwith empirical prior
(combined).Valueswere obtainedfor theperiodsindicatedin Table1.

TheMSE skill scorein Table5 is definedasSS � 1 �&
 MSE � MSEc � , whereMSEc is theclimatologicalMSE
obtainedfrom the historical (1950-2001)Niño-3.4 index Decembermeanvalue (θ̄ ) of 26.5oC. The mean
predictionuncertaintyin Table6 is measuredby the time meanof the predictedforecaststandarddeviations
over theforecastperiodof eachsystem/experimentasindicatedin Table1. TheMSE skill scoreis a measure
of how muchbetteris a forecastthantheclimatologicalforecast.Empirical forecastsRMSEandskill scores
(Table5) donothaveexactly thesamevaluesfor all systems/experimentsbecauseforecastperiodsaredifferent
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Figure 4: DecemberNiño-3.4index combined1 forecast(oC) [d1 ' of Table 4] for a) SYS1,b) SYS2,c) DEMA and d)
DEMC.Observedvalues(dashedline), forecasts(solid line) andthe95% predictioninterval (grey shading).Theshort-
dashedline is theDecember1950-2001climatological mean(26.5oC). Forecastsare givenfor theperiodsindicatedin
Table1.
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Figure5: a) RMSEin oC andb) meanpredictionuncertaintyin oC of the5-monthleadDecemberNiño-3.4index forecasts
for the empirical persistence, uncorrectedcoupledmodel,bias-correctedforecasts,Bayesiancalibrated forecastwith
uniform prior assumption[b1 ' uniform prior 1 of Table 4] and general Bayesiancombinedwith empirical prior [d1 '
combined1], which usethelikelihoodmodelof Eqn(4). Notethat thedifferentsystems/experimentswere evaluatedover
differentperiodsgivenin Table1.
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Forecast SYS1 SYS2 DEMA DEMC
empirical 0.60 0.60 0.60 0.60
uncorrected 0.38 0.28 0.33 0.44
bias-corrected 0.38 0.28 0.33 0.44
uniform prior 1 0.66 0.62 0.45 0.58
uniform prior 2 0.64 0.58 0.38 0.54
climatologicalprior 0.60 0.56 0.43 0.53
combined1 0.44 0.43 0.36 0.41
combined2 0.43 0.42 0.32 0.39

Table 6: Mean prediction uncertaintyin oC of all forecastsystems/experimentsinvestigatedfor the empirical persis-
tenceforecasts,uncorrectedcoupledmodelforecasts,andfor thefour differentcorrectionmethodsappliedto December
Niño-3.4 index forecastsdetailedin Table 4, i.e., bias-correction,Bayesiancombinedwith uniform prior assumption,
Bayesiancombinedwith climatological prior andgeneral Bayesiancombinedwith empirical prior (combined).Values
were obtainedfor theperiodsindicatedin Table1

for thedifferentsystems/experiments(Table1). However, by coincidencethemeanuncertaintyof theempirical
forecastshave thesamevalue,althoughtheperiodsaredifferent(Table6). Uniform prior 1 anduniformprior 2
areexpectedto have thesameRMSEandMSEskill scorebecausethey usethesameprior andthesamemodel
for theensemble-meanin thelikelihood(Table4). However, Table5 shows that theRMSEandtheMSE skill
scoreof uniform prior 1 anduniform prior 2 forecastsarevery similar but not exactly thesame.Theseslight
differencesaredueto samplingerrorsin theestimationof modelparameters.

Table5 andFig. 5ashow thatuncorrectedcoupledmodelforecastsgenerallyhave the largestforecastRMSE
andthe poorestskill. The empirical(reference)forecastsgenerallyoutperformuncorrectedforecasts.How-
ever, bias-correctedcoupledmodel forecastsgenerallyoutperformthe empirical,uncorrected,uniform prior
1 and uniform prior 2 forecasts.Bias-corrected,uniform prior 1 anduniform prior 2 forecastsincorporate
no-previous-information, i.e. bothassumeinfinite variancefor theprior distribution (σot

2 $ ∞ asindicatedin
Table4). This meansthat the resultingforecastimprovementis dueto thecalibration,which is given by the
likelihood.Thefactthatbias-correctedforecastsgenerallyoutperformuniformprior forecastssuggeststhatthe
calibrationusedto producebias-correctedforecasts,whichdoesnothave thescalingfactorβ , is betterthanthe
calibrationusedto produceuniformprior forecasts.Note,however, thatfor DEMA this is not thecase.DEMA
uniformprior forecasts,whicharecalibratedusingthescalingfactorβ , havesmallerRMSEthanbias-corected
forecasts.Combinedforecastswith climatologicalprior [forecastc� of Table4], whichuseasimilar likelihood
modelto uniform prior forecastsbut a moreinformative prior given by a normaldistribution with meanand
varianceobtainedfrom thesamehistoricalvaluesof θ usedto build the likelihood,outperformuniform prior
forecastsandhave comparableRMSEandMSE skill scoreto bias-correctedforecasts.This indicatesthat the
useof abetterprior helpedto reduceforecasterror. Bayesiancombined1 andcombined2 forecasts,whichuse
a similar likelihoodmodelto climatologicalprior anduniform prior forecastsanda morerefinedprior, gener-
ally outperformall otherforecasts.This indicatesthat theseforecastsarebettercalibrateddueto theuseof a
betterandmoreinformative prior thanthoseusedin theotherforecasts.In orderto checkwhetheror not the
scalingfactorβ is importantfor thecalibration,combinedforecastsusingthemodelX̄t  θt 	 N 
 α � θt � δ � for
thelikelihoodandθt 	 N 
 βo � β1ψt � σot

2 � for theprior, have beenperformedfor all thesystemshereanalysed
andtheir resultscomparedto the resultsof thecombined1 andcombined2 forecastsof Table5. Very simi-
lar resultsto thecombined1 andcombined2 forecastsof Table5 have beenfound, indicatingthat themajor
contribution for thecombinationis from theprior.

Table5 shows thattheBayesianthecombined1 forecastsimprove theskill of bias-correctedECMWFcoupled
model forecastsby approximately3% (on averageamongall forecastingsystems)andthe skill of empirical
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persistenceforecastsby approximately11%.Theincorporationof ensemblespreadinformation[i.e. theinclu-
sionof the term(γVt ) in the likelihoodmodelof combined2] doesnot help to substantiallyincreaseforecast
skill. Thelittle additionalskill of 3% for SYS1and1% for DEMA obtainedwith theinclusionof γVt into the
calibrationmodel(i.e. combined2) comparedto theskill of themodelthatassumesδ equalsconstantvariance
for theensemblemean(i.e. combined1) wasperhapsachieved by theestimationof theadditionalparameter
γ . As shown in Table3 the term γ̂Vt is nearlyzero,which suggeststhat this little additionalskill may just
bean artifact of overfitting thecalibrationmodel. Table6 shows a measureof uncertainty- given by theen-
semblespread- for all forecast/calibrationmethodshereinvestigated.Reliableforecastsareexpectedto have
uncertaintyestimatesascloseto theforecastRMSEaspossible.Uncorrectedandbias-correctedforecastshave
uncertaintyestimatestoo small comparedto the forecastRMSE, indicatingthat the coupledmodelforecasts
areoverconfidentandnot reliable.Thecalibrationachievesforecastreliability by increasingtheuncertaintyto
matchthelevel of RMSE,ascanbeseenfor uniformprior 1, uniformprior 2 andclimatologicalprior forecasts.
For non-uniformprior forecasts(i.e., combined1 andcombined2) both RMSE anduncertaintyarereduced
asexpectedfrom the Bayesiancombination. Comparedto the uncorrectedandbias-correctedforecasts,the
Bayesiancombinationhasnarrowed the gapbetweenRMSE anduncertainty, i.e. it hasimproved the fore-
castreliability. Note, however, that combined1 andcombined2 forecastsarestill overconfident,with mean
uncertaintyestimateslessthantheforecastRMSE.

Table6 andFig. 5bshow thatcoupledmodelforecastsgivethesmallestforecastuncertaintyestimates.Bothun-
correctedandbias-correctedmeanpredictionuncertaintieshaveexactlythesamevaluesbecausebias-correction
doesnot correctbiasesin thetheensemblevariance.Empirical,uniform prior andcombinedwith climatologi-
calprior forecastsgive largeruncertaintyestimatesthanuncorrectedandbias-correctedforecasts.Combined1
andcombined2 forecastsgenerallygive intermediateuncertaintyestimatesbetweenthevaluesof uncorrected
andempiricalforecasts.However, theinclusionof spreadinformation(Vt ) doesnotsubstantiallyalterthemean
predictionuncertaintyof Bayesiancalibratedforecasts.Notethesimilarity betweenthemeanpredictionuncer-
tainty for theuniform prior 1 anduniform prior 2 andalsofor thecombined1 andcombined2 forecastswhen
thetwo likelihoodmodels(assumingthevarianceof theensemblemeanasδ or δ � γVt) have beenused.

6 Conclusions

Theskill hasbeenassessedfor 5-monthleadDecemberNiño-3.4forecastsproducedby differentcoupledmodel
systemsat ECMWF. All four forecastingsystemswerefound to be ableto reproduceinter-annualvariations
in theDecemberNiño-3.4index fivemonthsin advance.TheDEMA systemgivesthemostaccurateforecasts
with thesmallestRMSE 
 0 � 69oC � andthehighestMSE skill score 
 76%� . It is worth noticingthattheDEMA
systemusesthe samecoupledmodelasSYS2. The differencesbetweenthe two systemslie a) on the initial
conditions(DEMA make useof ERA40data),andb) theperiodfor which they arevalidated.

For thecasechosenin this study, theempiricalforecast(basedon a regressionmodel)hascomparableskill to
thatof thecoupledmodels.Empiricalregressionforecastsareunbiased,presentreliableuncertaintyestimates
andthereforecanbe usedasgoodreferenceforecasts.However, it shouldbe rememberedthat theempirical
forecastsof DecemberNiño-3.4index usingthepreviousJuly index aspredictorhadhigh skill becausethese
two chosenmonthsdeterminea particularlyfavourableforecastscenario.July is after thespringbarrierwhen
ENSOpersistsmore(springbarrierphenomenon).If othermonthshadbeenchosenaspredictorandpredic-
tand,suchasApril (predictor)andAugust(predictand),forecastsbasedon persistencewouldhave beenworse
(Oldenborgh et al., 2003).

Insteadof comparingthe skill of coupledmodel forecastswith the skill of empirical calibrated(reference)
forecasts,our strategy herehasbeento usea simpleBayesianmethodto first calibratethe forecastsandthen
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combinethesetwo forecasts.Theskill of theresultingforecastcanbeusedto assesshow muchadditionalskill
the calibratedcombinedforecastscanprovide comparedto the referenceforecasts.The combinedforecasts
have an averageskill (over all the forecastingsystems)of 87% which is 11% more than the 76% average
skill of the empiricalforecastsand3% morethanthe84% averageskill of thebias-correctedcoupledmodel
forecasts.

In addition to beingmore skillful, combinedforecastsaremore reliable than bias-correctedcoupledmodel
forecasts.All thecoupledmodelsareoverconfidentbecausethey underpredictforecastuncertainty(i.e., their
ensemblespreadis toonarrow). Theempiricalforecastis reliable(by construction)at theexpenseof quitelarge
predictionuncertainty. TheBayesiancombinationoffersa morereliableproductthanbias-correctedcoupled
modelforecasts,andalsoasharperforecast(i.e. with reduceduncertainty)thanempiricalmodelforecasts.

Two differentBayesianmodelshave beentested:onethatassumesconstantvariancefor theensemblemean,
andanotherthatincorporatesensemblespreadinformationinto thevarianceof theensemblemean.It hasbeen
foundthattheinclusionof theensemblespreadinto thevarianceof theensemblemeanprovideslittle additional
information,in agreementwith Jewsonet al. (2003).Skill andpredictionuncertaintyestimatesarenot altered
by theinclusionof ensemblespreadinformationinto thecalibrationmodel.

TheBayesianmethodis apowerful tool for thecalibrationof coupledmodelseasonalforecasts- theensemble
meanandensemblespreadbiasescaneasilybecorrectedwith theBayesianapproach.Furthermore,themethod
allows one to include useful past(historical) information - not available in the short calibrationperiod. In
addition,theBayesianmethodfacilitatesthe treatmentof flow dependentforecastuncertainty. However, it is
tooearlyto fully exploit thiscapabilitywith stateof theartseasonalforecastingsytemsbecausecoupledmodel
ensemblespreadstill provideslittle usefulinformation.

In this paper, eachof thecoupledmodelshasbeencalibratedindividually, andeachcoupledmodelhasbeen
combinedwith theempiricalforecastsseparately. This is just thefirst steptowardsamoregeneralizedusageof
theBayesianmethod,whereinformationfrom differentmodelscanbeusedsimultaneously. Work is underway
to applythemethodto amulti-modelforecastsystem.
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