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Skill of coupledmodelseasonalorecastsA Bayesiarassessment.

Abstract

This studyassessethe skill of DecembeNifio-3.4forecastproducedby coupledmodelforecastingsys-
temsatECMWE A comparisorhasbeenmadeof theskill of severaldifferentECMWFforecastingystems:
the old operationakystem(Systeml), the new operationakystem(System?), andtwo otherexperiments
(DEMETERassimilatiorandDEMETER control) producedaspartof theDEMETER project. All forecasts
startedfrom initial conditionsin August(5-monthlead).

The skill is assessecelative to referenceempirical persistencdorecastsobtainedby linear regressionof
Decemberon the precedingJuly Nifio-3.4index valuesover the period 1950-2001. Ratherthan assess
skill by comparingthe coupledmodelforecastdo the empiricalforecaststhis studyassessethe additional
skill obtainedby combiningthe coupledand empirical forecasts. A simple Bayesianapproachis used
to combineand calibratethe coupledmodel forecastsusing pastinformation containedin the reference
empiricalforecasts.

Bayesiarcalibrationis foundto increaseskill by around11% comparedo empirical persistencdéorecasts
andaround3% comparedo bias-correctedoupledmodelforecastsBayesiarcombinedorecastarebetter
calibratedandprovide morereliableestimate®f forecastuncertaintythanraw coupledmodelforecastsand
empiricalpersistenceeferencdorecastsTheinclusionof ensemblespreadnformationinto the calibration
modelimprovesneitherforecastskill nor estimate®f predictionuncertainty

1 Intr oduction

Coupledmodelclimateforecastoftencontainsubstantiabiaseqe.g. Stockdale 1997;Stockdaleetal., 1998).
The simplestway to correctforecastbiasess to subtractirom the coupledmodelforecastdhe meanforecast
error Themeanforecasterroris aconstanthatcanbe estimatedrom thedifferencein meansf pastforecasts
andpastobsenations. Suchbias-corectedforecastsareroutinely provided by climatepredictioncentresuch
asECMWEF. However, this kind of bias-correctiordoesnot correctbiasesn the ensemblesariancenor doesit
fully exploit all theinformationcontainedn pastobserations.

Uncorrectedbiasesin the coupledmodel forecastscan easily lead to overly pessimisticconclusionsabout
the skill of the forecastingsystem.Forecassskill is traditionally assesselly comparinga choserverification
scoreS§, of the modelforecastdo the scoreS§, obtainedfor a referenceforecast(Wilks, 1995; Jolliffe and
Stephenson2003). The referenceforecastis often chosento be either the climatologicalmeanor simple
persistencéorecastdbasedn preceedingbserations. Referencdorecastarewell-calibratedvhenbasedn
unbiasedestimateof pastobserationsand so are generallywell-calibrated(reliable). However, the lack of
reliability (presencef conditionalbias)in coupledmodelforecastdeadsto anunderestimatef thetrue skill
(resolution of themodelforecastsAn alternatve approactadoptedn this studyis to usethe simpleBayesian
methoddescribedn Coelhoetal. (2004)to first calibrateandcombineECMWF coupledmodelforecastswith
empirical persistencdreference)orecasts. The additional skill provided by the coupledmodelforecasting
systemis thenassessetly comparingthe verification score§, , of the combinedforecastswith the score
S of the empiricalreferenceorecasts.This cumulatve approachhasthe advantagethat skill is obtainedby
comparingtheverificationscoresof two well-calibratedlunbiasedforecastingsystems.

Thestudyfocuseonintenval forecastof the Niflo-3.4El Nifio-Southerscillation(ENSO)index. TheNifio-
3.4index is assumedo be normally distributed and thereforefully describedby two parametersthe mean
andthe variance. The predictedmeanand variancecan be usedto constructa Prediction Interval (P1.) in

which the future obsered index is expectedto be found with a given probability We focuson 5-monthlead
forecastof DecembemeanNifio-3.4index producedwith initial conditionson thefirst of August. This lead
time hasbeenchosenfor two reasons:a) the peakof Nifio-3.4index SSTduring ENSOis usually obsered
in Decembel(Rasmussomnd Carpenter1982);andb) Augustis afterthe springbarrier(Websterand Yang,
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1992),whencoupledandempirical(statistical)modelshave comparabldevel of skill (Oldenboghetal., 2003).
If othermonths suchasApril andAugust,hadbeenchoseraspredictorandpredictandrespectiely, different
resultswould be obtained Oldenbogh etal., 2003).An assessmerindcomparisorhasbeenmadeof different
versionsof the ECMWEF seasonaforecastingsystems.

Sections2 and 3 introducethe coupledmodel ensembleand empirical forecastsof the Nifio-3.4index used
in this study Section4 briefly describeghe Bayesianmethodusedto combineand calibratetheseforecasts,
andsection5 presentsaand compareghe resultsof the combinedforecastavith bias-correcte@ndempirical

(referenceforecasts Section6 concludeghearticle with a summaryof our findings.

2 Coupledmodel ensembleforecastsof ENSO

ECMWF numericalmodelNifio-3.4index forecastavere obtainedfrom Systeml (SYS1),System2 (SYS2)
andtwo otherexperimentsDEMETER assimilation(DEMA) andDEMETER control (DEMC), aspartof the
Developmentof a EuropearMulti-model Ensemblesystemfor seasonato inTERannuabrediction(DEME-
TER) project (Palmeretal. 2004). DEMA andDEMC experimentswereboth performedusingthe System?2
ECMWEF coupledmodelwith initial conditionsfrom theERA-40project.SY S1andSY S2useinitial conditions
from the ERA-15projectfor the period1987-1993andNWP operationatatafor the period1993-2001.

Forecast description period members

SYS1 old operationakystem 1987-2001 5

SYS2 new operationakystem 1987-2002 5 (40in 2001
andin 2002)

DEMA  with oceanmassimilation 1987-1999 9

DEMC  withoutocearassimilation 1958-2001 9

Table1: Coupledmodelforecastingsystemsbgerimentsnvestigatedn this study

Figurel shavs the ECMWEF coupledmodelensembldorecastdor the seasonalorecastsystemshigperiments
listedin Tablel. Theforecastshave beenbiascorrected.In generalthe interannuablvariability of the bias-
correctedorecastdollows that of the obsenrations. However, in several caseghe obsenationslie outsidethe

predictioninterval given by the ensemblespread. In section5 we will discussquantitatve comparisonof

theskill andpredictionuncertaintyof the uncorrectedoupledmodel,bias-correcte@gndempirical(reference)
forecasts.

3 Thereferenceforecast: July-Decemberempirical prediction of Nifio-3.4

Figure 2a shaws the historical (1950-2001)July and DecemberNifio-3.4 index time seriesobtainedfrom
Reynoldsoptimuminterpolationversion2 SSTdataset (Reynoldset al., 2002). The two time seriesare pos-
itively correlatedr = 0.87), illustrating the importanceof persistencén predictabilityof the Nifio-3.4index.

http://www.ecmwf.int/research/demeter/
2http://www.cpc.noaa.gddata/indices/indehtml
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Figure 1: Decembemifio-3.4index bias-coriectedcoupledmodelensembldorecasts(°C) from a) SYS1)p) SYS2.)
DEMA d) DEMC. Observedvalues(dashedline), forecasts(solid line) and the 95% predictioninterval, given by the
ensemblemeanplus or minus1.96 the standad deviation of the ensembldorecasts(sy), is representedoy the grey
shading Theshort-dashedine is the Decemberl950-2001climatological mean(26.5°C). Forecastsare givenfor the
periodsindicatedin Table1.
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Figure 2: a) Observedluly (solid line) and Decemberdashedine) Nifio-3.4time series(1950-2001)in °C. Thehor-
izontal thick solid line is the July climatolagical meanof 27.1°C and the horizontalthick dashedine is the December
climatolagical meanof 26.5°C for this period; b) Decemberl958-2002Nifio-3.4index empirical forecasts(°C). Ob-
servedvalues(dashedine), forecastgsolid line) andthe 95% predictioninterval (grey shading). Theshort-dashedine
is the December1950-2001climatolagical mean(26.5°C). c) Forecasterrors givenby the differencebetweerempirical
forecastandobservedsalues.
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ThelargestEl Nifio (1972,1982and 1997)and La Nifia (1970,1973,1988and 1998) eventscan clearly be
seen.

Thesimplests-monthleadempiricalmodelfor forecastingDecembemeanNifio-3.4index usedinearregres-
sionwith theprecedingluly meanNifio-3.4index historicaltime seriesasthelinearpredictor Mathematically
6 = Bo+ B Yk + &, where§, andy, arethe DecembeiandJuly Nifio-3.4monthly-mearvalues respectrely,
Bo and B, arethe interceptandslopeparametersiespectrely, & is a “Normal (Gaussian)randomvariable
with zeromeanandvarianceg? [i.e., & ~ N(0,0?)] andt is theyearbeingforecast.This model,which will be
usedto producereferencdorecastscanbewritten explicitly in probabilisticnotationas

& |t ~ N(Hor, 00%) 1)

with the predictedmeanof 6, givenby
Hoy = Bo+ By Uk (2)

whichis alinearfunction of the predictorys. Thesymbol| denotesgiven” and~ denotesis distributedas”.
TheNifio-3.4index is known to be well approximatedy the normaldistribution andsothe normalregression
modelis appropriatgBurgersand Stephensor 999;Hannachietal., 2003).

To avoid artificial skill, the empiricalmodelparametertiave beenestimatedisingthe cross-alidation (“leave
oneyearout”) method(Wilks 1995, Section6.3.6). To producea forecastfor time t, only dataat othertimes
(years)differentthant have beenusedto estimatanodelparameteranderrors.

Figure 2b shavs empirical persistencéorecastgfor the period 1958-2002. The 95% PLI. is calculatedusing
flot £1.966, wherefly = Bo + B; 4 is theNifio-3.4index predictedmeanfor a particularDecemberand
is the predictedstandarddeviation estimatedusingEqn. (4) of Coelhoetal. (2004). This simplemodelshavs
surprisinglyaccurateesults,especiallyfor the 1988and 1998 La Nifa episodesandfor the recent1997 and
2002El Nifio episodegFig. 2c). Within the 45 yearsof Decembeihindcastdshe modelhasonly forecastthe
Nifio-3.4index outsidethe 95%P.I1. in 1982and1987.Thisis in agreemenivith the expectederrorrateof 5%.
Persistencevorkswell for the July to Decembeforecastghatoccurafterthe springbarrier(Oldenbogh etal.,
2003).

4 Bayesiancalibration and combining of forecasts

If one hadno accesgo an ensemblemeanforecastX, the only possibleprobabilisticassessmergboutthe
obserablevariable8 would have to be basedsolely on the assumptiorthatfuture valuesof 8 will behae like
they did in the past.For example the probability distribution of 8 canbe estimatedy usingtheclimatological
probability densityfunction p(6) basedon historical obserations. In Bayesiantheoryp(6) is knowvn asthe
prior distribution andencapsulateprior knowledg aboutlikely possiblevaluesof 6 - from pastexperience
notall valuesof 8 areequallylikely to occur

However, whena particuIarensembleneanforecagr)?: X is available,it is possibleto updatethe prior p(8) to
obtainthe (conditional)posteriordistribution p(8|X = X). In otherwords,this is the probability distribution of
8 giventheforecastX = x. Conditioningon forecastshelpsto focusthe uncertaintyaboutfuture valuesof 6.
The posteriordistribution p(8|X = X) is foundfrom the prior p(8) by makinguseof Bayes’'theorem

pogerior Ikelihood ,E)Lii
e =) = P B e
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where 6 is the obserable variableat time t andx is the predictedensemblemeanforecastat time t. Note
that both the posteriordistribution andthe likelihood function are consideredo be functionsof 6. Finally,
p(X = x) doesnotdependdn 6, andthereforeonly playstherole of normalisingconstant.

In this study we will usetheempiricalmodelforecastsastheprior. In otherwords,we assuméhenormalprior
distribution 6 ~ N(Lo, o), Wherep,, and .2 areprovided by the empiricalregressionon preceedingluly
values(Egns.1 and2).

Thelikelihood p()?| 6) of obtainingan ensemblemeanforecastX given an obsered value 6 is an essential
ingredientin this updatingprocedurethat can be estimatedby regressionof pastensemble-meaforecasts
(hindcasts)n pastobsenrations. The likelihood provides a convenientsummaryof the calibrationandreso-
lution of pastforecastqJolliffe and Stephensori2003). For morediscussiorof this methodof calibrationof

forecastseeCoelhoetal. (2004).

In this study thelikelihoodis modelledby linearregressiorbetweerensembleneanforecastgX,) andmatch-
ing obsenrations(6,). To demonstrat¢he methodof calibration,insteadof bias— correded forecastsssuedoy
ECMWEF, uncorreded (raw) coupledmodeloutputswill beused.

Two differentlikelihood modelshave beenexamined. Oneassumesonstantvariancefor the ensemblenean
and the otherincludesensemble-spreahformationinto the regressionmodel. The likelihood model that
assumesonstantvariancefor theensemble-meais givenby

X | 6 ~N(a+B8,0d) (4)

wherea and 3 aretheinterceptandslopeparametersiespectiely, andd is the constantvarianceparameter
Figure 3 shawvs scatterplots betweenthe coupledmodel ensembldorecastsand obsened Decembemifio-
3.4index for the four ECMWEF forecastingsystems.The solid lines arethe bestfit linearregressiorbetween
ensemble-meavalues)i andobsenrationsé,, from which a, B andd areestimated.This figure revealsthat
all theforecastingsystemsarebiased(& # 0 and3 # 1).

Thelikelihoodmodelthatincorporateensemblespreadnformationinto the varianceof theensembleneanis
givenby _
% |6 ~N(a+B6,0+ W) 5)

The estimationof the parametersr, 3, & andy is donein threesteps. In thefirst stepthe linear regression
betweercoupledmodelforecastsandobsered DecembeNifio-3.4index is performed.In the secondstepthe
interceptd andthe slopey areobtainedfrom the regressiorbetweerthe residualof the regressiorof thefirst
stepandthe samplevarianceof theensembleneany;. Thevariancey; is estimatedisingV; = s /m, wheresg
is the varianceof the ensemblgX) andm is the ensemblesizegivenin Tablel. Finally, in thethird step,the
intercepta andtheslopef areobtainedrom theweightedlinearregressiorbetweerensembleneanforecasts
(%) andmatchingobsenations(8,), with regressionweightsgivenby w; = (5 + W;) 1

To avoid introducingartificial skill, both prior andlikelihood distribution parametersre estimatedusingthe
cross-alidationmethod,in which parametersre obtainedby leaving out the yearbeingforecast. The mean
valuesof the cross-alidatedlikelihood estimatedparametergor the likelihood modelsof Eqgns. (4) and (5)
for the commonperiod (1987-99)amongthe four available forecastsare givenin Tables2 and 3. Valuesin
bracletsarestandarderrors.It canbenotedthatthe coupledmodelensemble-meaforecastsarebiased @ # 0
andB # 1). Note, however, that & andB in Table2 do not have exactly the samevaluesasthe estimates
indicatedin the legendof Fig. 3 becausdérable2 estimatedave beenobtainedusing ensembldorecastdata
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Figure 3: Decembemifio-3.4index likelihood modelsassumingconstant(d) variancefor the ensemblemean(X). a)
SYS& = —1.39°C, B = 0.99andR? = 0.84), b) SYSZa = 7.69°C, B = 0.69andR? = 0.86), ¢) DEMA (G = 6.65°C,
B =0.73andR? = 0.93) andd) DEMC (& = 5.14°C, 3 = 0.77 andR? = 0.83). Each black dotis oneensemblenember
Big opencirclesare ensemblaneans. The solid lines are regressionshetweernensemblaneansand observations.The
dashedinesis whatwouldbeobtainedfor perfectforecasts.Thefour likelihoodmodelswvere constructedisingensemble
forecastdor the periodsindicatedin Table 1.
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for the commonperiod (1987-99)while in Fig. 3 all the available datahave beenusedto estimatethese
parametersThe estimatedraluesin Tables2 and3 indicatethat: a) SYS2,DEMA andDEMC underestimate
the interannualvarianceof the obsered Nifio-3.4index (B < 1); b) all systemggenerallyunderestimat¢he
meanSSTin the Nifio-3.4region [solid lines generallybelov dashedinesin Fig. (3)]; andc) inclusion of
ensemblespreaddoesnot provide additionalinformation when forecastingNifio-3.4index at 5-monthlead
(W =~ 0in Table3). Thisis in agreementvith recentresultsby Jaevsonetal. (2003),who proposedninverse
regressiorcalibrationmodelof obsered valueson coupledmodelensemble-meaforecasts.

System/gperiment & [°C] B o [°C R 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-validateestimatedikelihoodparametesfor thelikelihoodmodelwhich assumesonstant
variancefor the ensemblenean(Eqn. 4), R? and numberof membes (m) for the commonperiod 1987-99. Valuesin
bracketsare standad errors.

System/gperiment & [°C] B 1% o [°C Wi[°Cl R 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-validatecestimatedikelihood parametes for the likelihood modelwhich incorporates
ensemblespreadinformationfor the varianceof the ensemblenean(Eqn. 5), estimateof the term V;, R? and number
of membes (m) for thecommorperiod 1987-99.ThevarianceV, is thetime meanof ;. Valuesin bradketsare standad

errors.

The calibrationand combinationof ECMWF coupledmodelforecastswvith empirical persistencéreference)
forecastds determinedusingBayes’theorem(Eqn. 3). Fromthis theorem,t canbe shavn thatfor a normal
prior andnormallikelihood, the posteriordistribution is alsonormal(e.g. Lee, 1997). The resultingnormal
posteriordistribution in our caseis givenby

6 | % ~ N(k,07) (6)
with themeany; andthevarianceg? givenby
1 1 p?
- 4 F 7
Fh Hot B? (K — a)
st o, 7 8
o Ox? Of B (®)

wheregd} is thevarianceof thelikelihood,which canbeeitherequalto § or 5 + W, dependingnthelikelihood
modelthatis used[Eqns. (4) or (5)]. Equationg6), (7) and(8) definethe Bayesiarnormal-normamodelfor
calibrationandcombinatiorof forecast§Coelhoetal., 2004). The calibrationcomesfrom thetermin braclets
in Egn. (8), wherethe meanbiasof the ensemblesystemis correctedvhenthe differencebetweenx; anda is
dividedby there-scalingactor3. Thecombinationis dueto theinclusionof theempiricalpersistencéorecast

8 TechnicalMemoranduniNo. 426
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(Ug) in Egn. (8). Whenthe varianced,? is imposedto beinfinite in Eqns. (7) and(8) we have the so-called
combinedorecastwith uniform prior (seedefinitionbelav). More explanationsaboutthe Bayesiarmethodare
givenin Coelhoetal. (2004). Theskill of calibratedforecastgroducedisingthis approachwill be compared
to the skill of empiricalpersistencéreferenceandbias-correctedorecastsn section5.

Four differentcorrectionmethodswereappliedto DecembeNifio-3.4index forecastsasdescribedelow:

a) bias-corectedforecastgivenby p, = %, —X+6 andg; =sy, whereX, is theensembleneanforecastattime
t, X and @ arethe time meansof the ensemblemeanforecastandthe obsered meanvaluesover the forecast
period respectrely, ands, is thestandardieviation of theensembldorecast{X). Thisrepresentashiftin the
forecastvalues,which is constantn time, andno correctionis appliedto s, . Basicallythe meanforecastbias
is removedfrom theforecastsThisis a specialcaseof a Bayesiarforecastwith uniform prior (definedbelow)
andsimplifiedlikelihoodestimate[ 3 = 1 in Egns. (4) and(5)]. The simplified likelihoodmodelsthe bias of
theensembleneanasa constantr = X —6 andthesample/arianceof theensembldorecastsoj = 5.

b) combinedforecastwith uniformprior givenby 4 9 andg; = G“ . It is obtainedwheno? is takento

beinfinite in Eqns.(7) and(8), thatis, all valuesof thelndﬁe< in therange[ o, co] areequallylikely. This prior
characterisea “no-previous-infomation” referencecase. The combinedforecastwith uniform prior canbe
seenasa Bayesiarbias—correctiorin the ensembleneanandis usefulfor comparisorwith the bias-corrected

forecast.Note,however, thatg; = B“ is notthesameasa; = s, of thebias-correctedorecast.

¢) combinedforecastwith climatolagical prior givenby L, = a+ b)§ anda; = AY/2, wherea, b andA arecon-
stantparametergstimatedrom thelinearregressiorbetweerobseredvaluesf andcoupledmodelensemble-
meanforecastsX.

d) combinedorecastgivenby p; ando; definedby Eqns.(7) and(8).

Forecast Likelihood Prior

a) bias-corrected X | & ~N(a+6,%) Uniform (i.e. g% — )
b,) uniformprior 1 (a+pB6;,0) Uniform (i.e. g2 — o)
b,) uniform prior 2 (a+B8,5+W,;) Uniform (i.e. ;% — )
¢) climatologicalprior (o +B6,9) 6 ~ N(6,,02) (*)
(
(

d,) combinedl a+p6,0) 6 ~ N(Bo+ By, 0x°)
d,) combined? a+B6,0+W) 6 ~N(Bo+Bith,0u”)

Table4: Likelihoodandprior distributionsfor thecorrectionmethodsppliedto DecembeNifio-3.4index forecasts.The
numbes 1 and 2 in front of uniform prior and combinedforecastsare usedto distinguishthe likelihood modelthat has
beenused,i.e. eitherthemodelthatassumesonstantvariance(d) for theensembleneanor themodelthatincorporates
spreadinformationinto the varianceof the ensemblenean(é + W;). (*) 8, and g2 are the climatological meanandthe
climatolagical varianceof 8, respectivelywhich are obtainedwith the samedatasetusedto estimatethe likelihood.

XXX XX

| &
| &
| & ~
| &
| &

Thesefour correctionmethodscanall be seenascombinedforecastswith particularlikelihoodandprior dis-
tributionsasindicatedin Table4. Eachlikelihood modelprovidesa differentway for the calibrationof cou-
pled modelforecastsagainstobserations. The incorporationof previous knowvledgeis obtainedby the use
of the prior distribution. Whenthe prior is taken to be uniform, no-previous-knavledge is incorporatedn
the correctionmethod. Notethatby usingthelikelihoodmodelX; | 6 ~ N(a + 36;,0) andthe normalprior
8 ~ N(6,,02), where8, anda? aretheclimatologicalmeanandtheclimatologicalvarianceof 8, respeciiely,
whichwereobtainedwith the samedatasetisedto estimatehelik elihood,onegetsa posteriordistribution that
is exactly thesameasthelinearregressiorbetweerobseredvaluest andcoupledmnodelensemble-meafore-
castsX. This posteriordistribution is givenby theinverseregressiormodel§, | X, ~ N(a+ bX;,A) thatis here

TechnicalMemoranduniNo. 426 9
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referedto ascombinedorecastwith climatolggical prior (forecast) of Table4). Theproofof thisequivalence
canbefoundin Hoadlegy (1970).

5 Results

Figure 4 shavs the meanof the combinedforecastobtainedusing Egns. (6), (7) and (8) andthe likelihood
modelthatassumesonstanvariancefor theensemblenean(Eqn. 4), i.e. forecasd, of Table4. Comparisons
of theseforecastswith theempirical(referencejorecastlone(Fig. 2b) andcoupledmodelensembldorecasts
alone(Fig. 1) shaw thatthe ensemblespreadof the combinedforecastis smallerthanthe uncertaintyof the
empiricalforecastandlarger thanthe ensemblespreadof the coupledsystems.Most of the obsenationsnow
lie insidethe 95% predictioninterval, indicatingthat the combinedforecastPl. is morereliable,duebothto
incorporatiorof climatologicalinformationandcalibrationof themodels.Resultsn Tables5 and6 (discussed
belav) indicatethattheimproved reliability of the combinedforecastwith respecto the coupledmodeldoes
not comeonly from the wideningof theensemblespreadbut alsofrom a moreskillful meanforecast.

Tables5 and 6 shav the root meansquarecerror (RMSE), the MSE skill scoreandthe meanpredictionun-
certaintyfor the empirical persistencdorecaststhe uncorrectecensembleorecasts,and the four different
correctionmethodsappliedto DecembeiNifio-3.4index forecastsasdescribedn section4 (Table4). Results
areshowvn separatelyor eachof thefour ECMWF ensembldorecastdetailedin Tablel.

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)
uniform prior 1 0.67(75) 0.60(80) 0.46(89) 0.58(77)
uniform prior 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)
combinedl 0.56(83) 0.52(85) 0.39(92) 0.45(87)
combined? 0.49(86) 0.52(85) 0.39(93) 0.44(87)

Table5: RMSEin °C andMSEskill scor in percentage (in bradkets)of all forecastsystemségerimentsnvestigatedor
the empirical persistenceforecasts uncorrectedcoupledmodelforecastsand for the four different correctionmethods
appliedto DecembeNifio-3.4index forecastdetailedin Table 4, i.e., bias-corection,Bayesiarcombinedwith uniform
prior assumptionBayesiancombinedwith climatolagical prior and generl Bayesiancombinedwith empirical prior
(combined)Valueswere obtainedfor the periodsindicatedin Table 1.

The MSE skill scorein Table5 is definedasSS=1— (MSE/MSE.), whereMSE; is the climatologicalMSE
obtainedfrom the historical (1950-2001)Nifio-3.4index Decembemeanvalue (8) of 26.3C. The mean
predictionuncertaintyin Table 6 is measuredy the time meanof the predictedforecaststandarddeviations
over theforecastperiodof eachsystem/gperimentasindicatedin Table1l. The MSE skill scoreis ameasure
of how muchbetteris a forecastthanthe climatologicalforecast.Empirical forecasttRMSE andskill scores
(Table5) do nothave exactly thesamevaluesfor all systems/gperimentsecausdorecasperiodsaredifferent
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Figure 4: Decembeifio-3.4index combinedl forecast(°C) [d,) of Table 4] for a) SYS1p) SYS2c) DEMA andd)
DEMC. Observedralues(dashedine), forecastqsolid line) andthe 95% predictioninterval (grey shading). Theshort-
dashedine is the Decemberl950-2001climatolagical mean(26.5°C). Forecastsare givenfor the periodsindicatedin
Tablel.
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Figure5: a) RMSEin °C andb) meanpredictionuncertaintyin °C of the5-monthlead DecembeNifio-3.4index forecasts
for the empirical persistence uncorrectedcoupledmodel, bias-coriectedforecasts,Bayesiancalibrated forecastwith
uniform prior assumptior{b,) uniform prior 1 of Table 4] and geneial Bayesiancombinedwith empirical prior [d,)
combinedl], which usethelikelihoodmodelof Eqgn(4). Notethat the differentsystemsigerimentsvere evaluatedover

differentperiodsgivenin Table 1.
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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 0.64 058 0.38 0.54
climatologicalprior 0.60 0.56  0.43 0.53
combinedlL 0.44 0.43 0.36 0.41
combined? 0.43 0.42 0.32 0.39

Table 6: Mean prediction uncertaintyin °C of all forecastsystemsigerimentsinvestigatedfor the empirical persis-
tenceforecastsuncorrectedcoupledmodelforecastsandfor the four differentcorrectionmethodsappliedto December
Nifio-3.4index forecastsdetailedin Table 4, i.e., bias-coriection, Bayesiancombinedwith uniform prior assumption,
Bayesiancombinedwith climatological prior and genel Bayesiancombinedwith empirical prior (combined).Values
were obtainedfor the periodsindicatedin Table 1

for thedifferentsystems/feperimentgTablel). However, by coincidencghe meanuncertaintyof theempirical
forecasthave thesamevalue,althoughthe periodsaredifferent(Table6). Uniform prior 1 anduniform prior 2
areexpectedo have thesameRMSE andMSE skill scorebecausehey usethe sameprior andthe samemodel
for the ensemble-meaim thelikelihood(Table4). However, Table5 shavs thatthe RMSE andthe MSE skill
scoreof uniform prior 1 anduniform prior 2 forecastsarevery similar but not exactly the same.Theseslight
differencesaredueto samplingerrorsin the estimationof modelparameters.

Table5 andFig. 5ashav thatuncorrectedcoupledmodelforecastgenerallyhave the largestforecastRMSE
andthe poorestskill. The empirical (reference¥orecastgyenerallyoutperformuncorrectedorecasts.How-
ever, bias-correcteddoupledmodelforecastsgenerallyoutperformthe empirical, uncorrecteduniform prior
1 and uniform prior 2 forecasts. Bias-correcteduniform prior 1 and uniform prior 2 forecastsncorporate
no-previous-informatim, i.e. both assumenfinite variancefor the prior distribution (0> — oo asindicatedin
Table4). This meanghatthe resultingforecastimprovementis dueto the calibration,which is given by the
likelihood. Thefactthatbias-correctefbrecastgenerallyoutperformuniform prior forecastsuggestshatthe
calibrationusedto producebias-correctedorecastswhich doesnot have thescalingfactor3, is betterthanthe
calibrationusedto produceuniform prior forecastsNote,however, thatfor DEMA thisis notthecase DEMA
uniform prior forecastswhich arecalibratedusingthe scalingfactor 3, have smallerRMSEthanbias-corected
forecastsCombinedforecastswith climatologicalprior [forecastc) of Table4], which usea similar likelihood
modelto uniform prior forecastsut a moreinformative prior given by a normaldistribution with meanand
varianceobtainedfrom the samehistoricalvaluesof 8 usedto build the likelihood, outperformuniform prior
forecastsandhave comparableRMSE andMSE skill scoreto bias-correctedorecasts.This indicatesthatthe
useof abetterprior helpedto reduceforecasterror Bayesiarcombinedl andcombined? forecastsyhich use
a similar likelihoodmodelto climatologicalprior anduniform prior forecastanda morerefinedprior, gener
ally outperformall otherforecasts.This indicatesthattheseforecastsarebettercalibrateddueto the useof a
betterandmoreinformative prior thanthoseusedin the otherforecasts.In orderto checkwhetheror notthe
scalingfactor is importantfor the calibration,combinedforecastaisingthemodelX; | 6, ~ N(a + 6, 9) for
thelikelihoodand 6, ~ N(B, + B, U, 0?) for the prior, have beenperformedor all the systemsereanalysed
andtheir resultscomparedo the resultsof the combinedl and combined2 forecastf Table5. Very simi-
lar resultsto the combinedl and combined?2 forecastsf Table5 have beenfound,indicatingthatthe major
contrikution for the combinationis from the prior.

Table5 shavs thatthe Bayesiarthecombinedl forecastsmprove theskill of bias-correctede CMWF coupled
modelforecastsy approximately3% (on averageamongall forecastingsystems)andthe skill of empirical

TechnicalMemoranduniNo. 426 13



-‘_,‘ = Skill of coupledmodelseasonaforecastsA Bayesiarassessment.

persistencéorecasty approximatelyl 1%. Theincorporationof ensemblespreadnformation(i.e. theinclu-
sion of the term (W) in the likelihood modelof combined2] doesnot helpto substantiallyincreaseforecast
skill. Thelittle additionalskill of 3% for SYS1and1% for DEMA obtainedwith theinclusionof W, into the
calibrationmodel(i.e. combined?) comparedo theskill of themodelthatassume® equalsconstantariance
for the ensemblanean(i.e. combinedl) wasperhapsachiered by the estimationof the additionalparameter
y. As shavn in Table 3 the term W, is nearly zero, which suggestghat this little additionalskill may just
be an artifact of overfitting the calibrationmodel. Table 6 shavs a measureof uncertainty- given by the en-
semblespread for all forecast/calibratiomethodshereinvestigated Reliableforecastsare expectedto have
uncertaintyestimatesscloseto theforecasRMSEaspossible Uncorrectecandbias-correctedorecasthave
uncertaintyestimatedoo small comparedo the forecastRMSE, indicatingthat the coupledmodelforecasts
areoverconfidentandnotreliable. The calibrationachieresforecastreliability by increasinghe uncertaintyto
matchthelevel of RMSE,ascanbeseerfor uniformprior 1, uniform prior 2 andclimatologicalprior forecasts.
For non-uniformprior forecastqi.e., combinedl andcombined2) both RMSE and uncertaintyare reduced
as expectedfrom the Bayesiancombination. Comparedo the uncorrectedand bias-correctedorecaststhe
Bayesiancombinationhasnarraved the gap betweenRMSE and uncertaintyi.e. it hasimproved the fore-
castreliability. Note, however, that combinedl andcombined?2 forecastsare still overconfidentwith mean
uncertaintyestimatedessthanthe forecastRMSE.

Table6 andFig. 5bshawv thatcoupledmodelforecastgjive thesmallesforecasuncertaintyestimatesBothun-
correctedandbias-correctethearpredictionuncertaintiehiave exactlythesamevalueshecausdias-correction
doesnot correctbiasedn thethe ensemblesariance.Empirical,uniform prior andcombinedwith climatologi-
cal prior forecastgyive largeruncertaintyestimateshanuncorrectecindbias-correctedorecasts Combinedl
andcombined? forecastgyenerallygive intermediateuncertaintyestimatebetweenhe valuesof uncorrected
andempiricalforecastsHowever, theinclusionof spreadnformation(V;) doesnot substantiallyalterthemean
predictionuncertaintyof BayesiarcalibratedforecastsNotethe similarity betweerthemeanpredictionuncer
tainty for the uniform prior 1 anduniform prior 2 andalsofor the combinedl andcombined2 forecastsvhen
thetwo likelihoodmodels(assuminghe varianceof theensembleneanasd or d + W,;) have beenused.

6 Conclusions

Theskill hasbeenassessefibr 5-monthleadDecembeiNifio-3.4forecastproduceddy differentcoupledmodel
systemsat ECMWE. All four forecastingsystemswerefoundto be ableto reproducanterannualvariations
in the DecembeNifio-3.4index five monthsin advance. The DEMA systemgivesthe mostaccuratdorecasts
with the smallestRMSE (0.69°C) andthe highestMSE skill score(76%). It is worth noticingthatthe DEMA
systemusesthe samecoupledmodelas SYS2. The differenceshetweenthe two systemdie a) on the initial
conditions(DEMA make useof ERA40data),andb) the periodfor whichthey arevalidated.

For the casechosenin this study the empiricalforecastbasedon a regressiormodel)hascomparableskill to
thatof the coupledmodels.Empiricalregressiorforecastsaareunbiasedpresenteliableuncertaintyestimates
andthereforecanbe usedasgoodreferencdorecasts.However, it shouldbe rememberedhatthe empirical
forecastof DecembelNifio-3.4index usingthe previous July index aspredictorhadhigh skill becausdhese
two chosermonthsdeterminea particularlyfavourableforecastscenario.July is afterthe springbarrierwhen
ENSO persistamore (springbarrierphenomenon)lf othermonthshadbeenchosenaspredictorandpredic-
tand,suchasApril (predictor)andAugust(predictand)forecastdbasedn persistencavould have beenworse
(Oldenbogh etal., 2003).

Insteadof comparingthe skill of coupledmodelforecastswith the skill of empirical calibrated(reference)
forecastspur stratgly herehasbeento usea simple Bayesiarmethodto first calibratethe forecastsandthen
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combinethesetwo forecastsTheskill of theresultingforecasttanbeusedto assestiov muchadditional skill
the calibratedcombinedforecastscan provide comparedo the referenceforecasts. The combinedforecasts
have an averageskill (over all the forecastingsystems)of 87% which is 11% more than the 76% average
skill of the empiricalforecastsand 3% morethanthe 84% averageskill of the bias-correctedoupledmodel
forecasts.

In additionto being more skillful, combinedforecastsare more reliable than bias-correctedoupledmodel
forecasts All the coupledmodelsareoverconfidentbecausehey underpredicforecastuncertainty(i.e., their
ensemblepreads too narraw). Theempiricalforecasis reliable(by constructionjattheexpenseof quitelarge
predictionuncertainty The Bayesiancombinationoffers a morereliable productthanbias-corrected¢oupled
modelforecastsandalsoa sharpeiforecasf(i.e. with reduceduncertaintyXhanempiricalmodelforecasts.

Two differentBayesiarmodelshave beentested:onethatassumegonstanivariancefor the ensemblanean,
andanotherthatincorporate€nsemblespreadnformationinto thevarianceof theensemblanean.lt hasbeen
foundthattheinclusionof theensemblespreadnto thevarianceof theensembleneanprovideslittle additional
information,in agreementvith Jevsonetal. (2003). Skill andpredictionuncertaintyestimatesarenot altered
by theinclusionof ensemblespreadnformationinto the calibrationmodel.

TheBayesiammethodis a powerful tool for the calibrationof coupledmodelseasonaforecasts theensemble
meanandensemblespreadiasesaneasilybecorrectedvith the BayesiarapproachFurthermorethemethod
allows oneto include useful past(historical) information - not available in the short calibrationperiod. In
addition,the Bayesiamrmethodfacilitatesthe treatmentof flow dependenforecastuncertainty However, it is
tooearlyto fully exploit this capabilitywith stateof theart seasonalorecastingsytemsbecauseoupledmodel
ensemblespreadstill provideslittle usefulinformation.

In this paper eachof the coupledmodelshasbeencalibratedindividually, andeachcoupledmodelhasbeen
combinedwith theempiricalforecastseparatelyThis is justthefirst steptowardsa moregeneralizedisageof
theBayesiarmethod whereinformationfrom differentmodelscanbe usedsimultaneouslyWork is undervay
to applythe methodto a multi-modelforecasisystem.
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