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Abstract.
Theupperlimit of thepredictabilityof theEl NiñoSouthern
Oscillation (ENSO) is examinedusing ensemblesof sim-
ulationsof a coupledocean-atmosphereglobal circulation
modelwhichhasarelatively realisticENSOcycle. By mak-
ing smallperturbationsto theinitial conditionsandmeasur-
ing the rateof divergenceof nearbytrajectories,it is found
that given a perfectmodel and near perfect initial condi-
tions,ENSOcouldbeusefullypredicted,onaverage,upto 8
monthsin advance(where“useful” is definedfor a forecast
with ananomalycorrelationcoefficient of greaterthan0.6).
This is at the low end of potentialpredictability estimates
obtainedusingintermediatemodels.Someensembleexper-
imentsdo show potentialpredictabilitybeyond 12 months,
but in otherssmall“errors” in theinitial conditionscansatu-
ratein lessthan6 months.Thephysicalmechanismswhich
underliethe high andlow predictablestatesarebriefly ex-
aminedwith a view to predicting the reliability of ENSO
forecasts.

Intr oduction

TheEl NiñoSouthernOscillation(ENSO)involvesaquasi-
periodicwarmingandcoolingof theEasternTropicalPacific
seasurface,accompaniedby correspondingchangesin at-
mosphericcirculationpatterns.ENSOhasa significantim-
pacton world ecology, societyandeconomicsandthereare
currently internationalefforts to predictENSOat seasonal
lead times using both dynamicaland statisticalmethods,
bothof whichhavemetwith considerablesuccess(Barnston
et al. [1999]). A typical dynamically-basedENSO fore-
castsysteminvolvesassimilatingobservationsinto a cou-
pledocean-atmospheremodelto produceanestimateof the
currentstateof thesystem,andrunningthemodelforwardin
timetoproduceaforecast(oftenthemodelis runmany times
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to produceanensemble- Stockdaleet al. [1998]). In sucha
system,therearethreeprincipalwaysin which theforecast
cangowrong: (i) theobservations(andthedataassimilation
scheme)maybeinsufficient to produceanaccurateestimate
of theinitial ocean-atmospherestate;(ii) themodelcanbein
errorand;(iii) the systemmaybe inherentlyunpredictable,
suchthat infinitesimalerrorsin the initial conditionsgrow
rapidly, i.e. thesystemexhibits sensitivedependenceon ini-
tial conditions. The latter is of considerableimportanceas
even if we couldassimilateperfectobservationsinto a per-
fectmodel,theleadtimewouldbeconstrainedby thechaotic
natureof thesystem.

Method

ENSOssensitive dependenceon initial conditionscanbe
isolatedfrom otherpotentialsourcesof error usinga “per-
fect model” or “perfect ensemble”approach. Ensembles
of the Hadley CentreCoupledOceanAtmospheremodel
(HadCM3- Gordonet al. [2000]) areperformedwith small
perturbationsto the atmosphericinitial conditions,andthe
ensemblespreadis examinedasa function of lead-timeto
assessthe potentialpredictability limit. HadCM3is a non-
flux-adjustedcoupledmodelwhichsimulatesENSOwith an
amplitudeand period (of approximately3-4 years)which
is very similar to that observed (Collins [2001]). Hence
the potentialpredictability limit for the model is likely to
be close to that of the real system. The major advance
in this study over previous potential predictability studies
(Goswami and Shukla [1991], Inesonand Davey [1997],
Kirtman andSchopf[1998],Grotzneret al. [1999],Thomp-
son and Battisti [2000]) is that we utilize a fully coupled
dynamicalocean-atmospheremodelthat (i) hasa relatively
realistic simulationof the ENSO cycle, and (ii) hasa sta-
blesurfaceclimatologywhich is achievedwithout theuseof
flux correctionswhich mayeffect predictability. Themodel
explicitly simulatesthe dynamicalcomplexity of both the
oceanand the atmosphere;complexity which may signifi-
cantlyeffect thepredictabilityandmaynot besimulatedin
intermediateENSOmodels.

Weperturbtheensemblesfrom the4 experimentsof Stott
et al. [2000] which simulatemuch of the surfacetemper-
aturevariability of the 20th centuryon multi-decadaltime
scalesby includingestimatesof bothanthropogenicandnat-
ural factorswhich effect climate. The questionof how to
perturbatmosphericinitial conditionshasbeenoneof con-
siderableresearcheffort with the developmentof singular
vectors(Molteni et al. [1996]) andbreedingvectors(Toth
andKalnay [1993]). While someprogresshasbeenmade
in applyingsimilarmethodsto intermediatecoupledmodels
of the climatesystem(Chenet al. [1997]), herewe usea
morepragmaticapproach.Becauseit is theoceanwhich is
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theslowly varyingcomponentof thecoupledsystemwhich
mayleadto predictability, andbecausetheweatherforecast-
ing limit is on the orderof a weekor so,we simply fix the
oceaninitial stateand take successive model daysfor the
atmosphericinitial statesof the ensemble. Thus for each
ensembleexperimenttheindividualmembershave identical
oceaninitial conditionsand atmosphericinitial conditions
which differ acrossthe ensembleonly by as much as the
weathercanchangein oneweek. Becauseof limited com-
puter resourceswe take ensemblesof size 5 in this study,
but perform experimentsat variouspoints on the “climate
attractor” in order to build up a pictureof potentialENSO
predictability. While thenumberof experimentsperformed
hereis clearly lower thanthosestudieswhich useinterme-
diateENSOmodels,they involveover300yearsof coupled
GCM integrationandthusrepresentthemostcomprehensive
studyof thiskind to date.

Results

NINO3 anomalies(anindex of ENSOactivity) from such
ensembleexperimentsareshown in fig. 1. Eachsetof ex- fig. 1
perimentsstartsin Decemberof the indicatedyear and is
run for 5 years.Whatis first apparentis thatsimplyby mak-
ing relatively small perturbationsto the atmosphericinitial
conditionstherecan be rapid divergenceof the ensemble
members,i.e. the systemdoesappearto exhibit sensitive
dependenceon initial conditions.Thereis a richnessof be-
haviour in theseexperimentswhichindicatesawiderangeof
potentialpredictability. Ensemblesd, e andl, for example,
show that after oneyearthe ensemblespreadis essentially
on theorderof theclimatologicalvariability, indicatingloss
of predictabilityat this leadtime. Otherensembles,for ex-
ampleb, g andh show relatively smallensemblespreadout
to 1 yearand,in thecaseof g andh, theindividualmembers
appearto track eachother for many yearsinto the experi-
ment. Ensemblek is uniquein thatnoneof the 5 members
simulatea largeENSOevent for the full 5 yearsof the ex-
periment.Variability in thepredictabilityof ENSOhasbeen
highlightedin ENSOforecastingstudieswhichuseinterme-
diatecomplexity models(e.g. Kirtman andSchopf[1998])
andhasbeenassociatedwith decadalfluctuationsin thecli-
mateof the Pacific region. This variability is confirmedby
this studyusinga comprehensivecoupledmodel.

We cansummarizeaveragepotentialENSOpredictabil-
ity by producingstatisticsfor all theensembleexperiments
shown in fig. 1. The averageanomalycorrelationcoeffi-
cient(ACC,fig. 2 (a)) showsadecreasein skill to zeroafter fig. 2
18 monthsandsubsequentrandomfluctuationsaroundzero
after this. The root meansquareerror (RMSE, fig. 2 (b))
showsa largeseasonalcycleassociatedwith thephaselock-
ing of maximumENSO varianceto NorthernHemisphere
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winter, but shows error growth followed by saturationin
agreementwith theACC.Forecastaccuracy is ultimatelyde-
finedby theuserof theforecast,but takinga valueof ACC
of 0.6 to definea “useful” forecastaccuracy (Kirtman and
Schopf[1998]), thengivena perfectmodelandnearperfect
initial conditions,ENSOwould be predictable,on average,
out to a leadtimeof 8 months.This limit is at thelowerend
of the rangefound in studiesthat useintermediateENSO
models(e.g. Goswami and Shukla [1991], Kirtman and
Schopf[1998], ThompsonandBattisti [2000]). Fitting the
modifiedLorenzforecasterror growth model(Dalcherand
Kalnay [1987]) to the RMSE we get a error growth rateof
0.19(month)�

�
. Thisgivesanerrordoublingtimeof around

3.6 monthsin comparison4.5 monthsfound by Goswami
andShukla[1991]. ThusthecoupledGCM seemsto show
morerapiderrorgrowthandlesspotentialpredictabilitythan
theintermediateENSOmodels.

The ACC for a persistenceforecast(also shown in fig.
2 (a)) dropsbelow 0.6 after 5 monthsanddropsto zeroat
around15 monthslead time. Henceeven with a perfect
modelandnear-perfectinitial conditions,the potentialav-
eragegainin skill overa simplepersistenceforecastis only
3 months(althoughthis gain maybelonger in the caseof
morepredictableENSOstates).

Averagestatisticsof predictabilityaresomewhatmislead-
ing as thereare caseswhereensemblespreadgrows more
rapidly or moreslowly leadingto shorterandlongerpoten-
tial leadtimes.Fig. 2 showstheACCandRMSEfor ensem-
blese, d andl which show morerapidensemblespreadand
ensemblesb, g andh in which the ensemblespreadgrows
less rapidly. For the least predictablestates,useful pre-
dictability (againdefinedbyanACCgreaterthan0.6)is only
potentiallypossibleout to a leadtime of 6 months,whereas
for themorepredictablestatestheusefulpredictabilitylimit
may potentially be of the order of a year or greater. By
examiningthe physicalmechanismsresponsiblefor setting
theselow andhighpredictabilitystates,it maybepossibleto
definepre-cursorsthat indicatewhenthey might occur, and
hencequantify, a priori, forecastaccuracy.

High and low predictablestates

Ensemblee (fig. 1) is a caseof rapid ensemblespread
in which 4 of the5 ensemblemembersremainin neutralor
weakEl Niño conditionsoneyear in, whereasoneensem-
blememberhasastrongEl Niñoevent.Theevolutionof the
thermoclinein 3 of theensemblemembersis shown in fig. 3. fig. 3
In all of themembersthereis a tilting of thethermoclinein
thefirst 6-7monthsof theexperimenttowardsweakEl Niño
conditions.In member1, this subsequentlydiesout andthe
systemreturnsto a neutralstate. In member2, a thermo-
cline anomalydevelopsin mid-basinbut persistsonly for a
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few monthsandeventuallyrecedes.In member3, a similar
but strongermid-basinanomalydevelopsandduringtheAu-
tumnseasonandthereis somewesterlywind activity in the
westwhich theninitiatesa strongEl Niño event. Hencein
this ensemblethereappearsto be(at least)two mechanisms
by which the systemcanbe unpredictable.Firstly, thereis
somesensitivedependenceon initial conditionswhich leads
theocean-atmospherestateto developdifferentthermocline
states(member1 and2) andsecondly, randomatmospheric
fluctuationscan further perturbthe systemcausingnearby
trajectoriesto diverge (members2 and3). This hints that
both deterministicchaosandstochasticforcing both play a
role in determiningthe predictability characteristicsof the
modelENSOcycle(seealsoThompsonandBattisti [2000]).

Therearetwo possibleexplanationsfor thepotentialpre-
dictability at an extendedrange(i.e. beyond the average8
monthleadtime) shown in ensemblesb, g andh: Therela-
tively smalldivergenceof ensemblesmembersmightbedue
to chance(becauseof thesmallensemblesize)or theremay
be somephysicalreasonwhy ENSOis morepredictableat
thispointof ”the attractor”.Thelatteris of considerableim-
portanceasidentifyingsuchpre-cursorsto predictablestates
is crucial in assessingforecastreliability. Increasingtheen-
semblesizein experimentg by adding4 moremembers(fig.
4) broadenstheensemblespreadinitially, suchthatafterone fig. 4
yearthemembersrangefrom neutralconditionsto a strong
El Niño. Thereafteronememberdivergesfrom the other8
which all tendto indicatea weakLa Nina followed by an-
otherEl Niño event.Furtheradditionof ensemblemembers
would allow more probabilisticmeasuresof potentialpre-
dictability to be employedasthey arein ensembleforecast
verification(Buizzaet al. [2000]), however it appearsthat
the extendedrangepotentialpredictability seenin ensem-
ble g was, in fact, a statisticalfluke. Realextendedrange
predictabilitymightoccurwhenthesystemis faraway from
equilibrium,for examplewhenthethermoclineis raisedover
theentireequatorialbasinindicatinga lack of zonallyaver-
agedheatcontentwhich is subsequentlyrechargedaspartof
a recharge-dischargecycle (Jin [1997]). This is indeedthe
casefor ensemblesb andh (table1), althoughmuchmore table1
work is requiredin orderto predictthe reliability of ENSO
forecasts.

Discussion

A known modulatorof ENSOpredictabilityis thetimeof
yearfrom which forecastsareinitiated(Latif et al. [1998]).
Due to limitations on computertime it hasnot beenpossi-
ble to examinethis seasonalpredictabilitydependence(all
our ensembleexperimentswerestartedon 1st December).
However it is expectedthat the predictability limit will be
somewhat longer(of theorderof a few months)for experi-
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mentsinitiated during the borealspringseason(Thompson
and Battisti [2000]). The spring predictability barrier can
clearlybeseenasdiscontinuitiesin therateof changeof the
skill measuresshown in fig. 2 in thefirst yearof theexperi-
ments.

It is importantto re-iteratethatthepredictabilitylimit de-
rived from this perfectmodel study is an upperboundon
the predictabilityfor any real forecastingsystem.We must
furtherincreaseour ability to observetheocean-atmosphere
system,ourability to improvecoupleocean-atmospheremod-
elsandourability to successfullyassimilatetheobservations
into themodelin orderto improveENSOforecasts.
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Table 1. Theanomalousdepthof theequatorialbasinav-
eragethermocline(asmeasuredby thedepthof the20

�
C

isothermaveragedin the region 150E - 90W, 2S-2N) in
theperiodSeptember-Novemberprior to the initialisation
of theensembleexperimentsshown in fig. 1. Ensembles
b andh, which show potentialpredictabilityat extended
lead times have anomalouslyshallow thermoclinesprior
to thestartof theexperiments.Figuresin bracketsarethe
anomaliesexpressedasmultiplesof thestandarddeviation
of this quantity.

a 9.2m(0.89) e -11.5m(1.11) l -4.7m(0.46)
b -24.9m(2.40) f 10.0m(0.97) j -4.4m(0.43)
c -1.1m(0.11) g -14.9m(1.44) k -7.8m(0.75)
d 7.0m(0.67) h -19.7m(1.90) l 17.2m(1.66)
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Figure 1. SST anomaliesaveragedin the NINO3 region
(150W - 90W, 5S-5N) for the four coupledmodel realisa-
tionsof 20thcenturyclimate(blacklines)andtheensemble
experiments(grey lines labelleda-l) which have small per-
turbationsto theinitial conditions(seetext for moredetails).
The rateof spreadof the ensemblemembersgivesan indi-
cationof thepotentialpredictabilityof ENSO.Theobserved
NINO3 anomaliesarealsoshown to indicatetherelativere-
alismof thecoupledmodelENSOcycle.

Figure 1. SSTanomaliesaveragedin theNINO3 region (150W- 90W, 5S-5N)for thefour coupledmodelrealisationsof
20th centuryclimate(black lines) andthe ensembleexperiments(grey lines labelleda-l) which have small perturbations
to the initial conditions(seetext for moredetails).Therateof spreadof theensemblemembersgivesan indicationof the
potentialpredictabilityof ENSO.The observed NINO3 anomaliesarealsoshown to indicatethe relative realismof the
coupledmodelENSOcycle.
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Figure2. Measuresof thepotentialpredictabilityof ENSO,
(a)anomalycorrelationcoefficient(ACC),and(b) rootmean
squarederror(RMSE).In eachthesolidblackline is theav-
eragecomputedfor all the ensembleexperimentsshown in
fig. 1. The thick grey line in (a) is the ACC computedfor
a persistenceforecastand the thick grey line in (b) is the
climatologicalRMS.Filled circlesindicatestatisticalsignif-
icanceat greaterthat the5% level for an ACC greaterthan
zeroor anRMSEgreateror lessthantheclimatologicalvari-
ability. Thethin grey linesshow theACCandRMSEfor the
high (b, g, andh, with squaresshowing statisticalsignifi-
cance)andlow (d, e andl, with trianglesshowing statistical
significance)predictabilityensembles.

Figure 2. Measuresof thepotentialpredictabilityof ENSO,(a) anomalycorrelationcoefficient (ACC),and(b) root mean
squarederror(RMSE).In eachthesolidblackline is theaveragecomputedfor all theensembleexperimentsshown in fig. 1.
Thethick grey line in (a) is theACC computedfor a persistenceforecastandthethick grey line in (b) is theclimatological
RMS. Filled circlesindicatestatisticalsignificanceat greaterthat the5% level for anACC greaterthanzeroor anRMSE
greateror lessthantheclimatologicalvariability. Thethin grey linesshow theACCandRMSEfor thehigh(b,g,andh,with
squaresshowing statisticalsignificance)andlow (d, e andl, with trianglesshowing statisticalsignificance)predictability
ensembles.

Figure 3. Longitudetime mapsof the anomalousdepthof
the 20C isotherm(an indicatorof the depthof the thermo-
cline) averagedbetween2S and2N for 3 of the ensemble
membersfrom experimente. Member3 is the ensemble
memberwhich executesa strongENSOevent while mem-
bers1 and2 do not. On eachpanelthe thick black line is
thedaily zonalwind averagedin theregion boundedby the
2 thin vertical lines,with thescaleindicatedon thetop axes
in �����

�
. Positivevaluesindicateananomalouslydeepther-

mocline.

Figure 3. Longitudetime mapsof theanomalousdepthof the20Cisotherm(anindicatorof thedepthof thethermocline)
averagedbetween2Sand2N for 3 of theensemblemembersfrom experimente. Member3 is theensemblememberwhich
executesa strongENSOeventwhile members1 and2 do not. On eachpanelthe thick black line is the daily zonalwind
averagedin theregionboundedby the2 thin verticallines,with thescaleindicatedonthetopaxesin �����

�
. Positivevalues

indicateananomalouslydeepthermocline.
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Figure 4. NINO3 anomaliesfor experimentg with anextra
4 ensemblememberscomparedto thatshown in fig. 1. By
addingextra ensemblemembersin this case,the ensemble
spreadis increasedandtheestimateof potentialpredictabil-
ity is correspondinglyreduced.

Figure 4. NINO3 anomaliesfor experimentg with an extra 4 ensemblememberscomparedto that shown in fig. 1. By
addingextraensemblemembersin this case,theensemblespreadis increasedandtheestimateof potentialpredictabilityis
correspondinglyreduced.
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