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Abstract

We seekto addressherelative importanceof initial conditionsandboundarycondi-
tionsin interannuato decadatlimatepredictability We developasimpleframenork in
which: (i) ensemblesf climatemodelsimulationswith changingexternalforcing can
bemeasurecgainstlimatologyto getanestimateof thetime scaleon which changing
boundaryconditionscanprovide predictive skill, and(ii) therateof spreacf ensembles
of simulationswith smallperturbationgo theinitial conditionscanbe measuredgainst

climatologyto assesshe time scaleat which the informationin the initial conditions



is degradedby chaoticerrorgrowth. We presenta preliminarytestof the methodon a

limited numberof climatemodelsimulations.

1 Intr oduction

Predictabilityof climateon interannuato decadatime scalescanarisein two distinctways
(Lorenz(1975)):

Predictabilityof the rst kind focusse®n theinitial valueproblem:how uncertaintiesn
theinitial stateof the climatesystemamplify andspoiltheforecastatagivenleadtime. This
is the dominantsourceof errorin weatherforecasting.Errorsin the atmospheria@analysis
grow suchthatthe currentpredictabilityhorizonis often of the orderof a weekor so (e.g.
Molteni etal (1996)). In climateforecastingjt is clearly not possibleto forecastndividual
weathereventsbeyond this limit. Slow processessuchas changesn oceancirculation,
might, however, leadto predictability of the bulk statisticalpropertiesof weatherand, in
principle, give usefulinformationon interannuakime scalesandbeyond— e.g. forecasting
of the El Niflo SouthernOscillation(ENSO),(e.qg. Stockdaleet al (1998)). To rst ordet it
is thespeci cationof theinitial oceanstatewhichis crucialin the rst kind predictabilityof
climatesincethis providesthe possiblé‘'memory” of thesystem(althoughotherfactorssuch
asvariationsin landcover maybeimportant).

Predictability of the secondkind focusseson the boundaryvalue problem: how pre-
dictable changesn the boundaryconditionswhich affect climate can provide predictve
power. A commonclassof secondkind predictability studiesuseatmospherenodelswith
prescribedseasurfacetemperature§SSTs)in orderto asseshe upperlimit of predictability
associateavith a perfectknowledgeof the future oceanstate(e.g. Zwiers (1996), Rowell
(1998)). Herewe focuson a differentproblem;that of future changesn externalforcing

agentsof climate, principally anthropogeniencreasesn greenhousgasesandotherradia-



tively active substancesChangesn radiative forcing canleadto changesn climatewhich
areoutsidethe“noise” of climatevariability and,to the extentthattheseforcing changesre
themselespredictablethusprovide a sourceof potentiallyusefulskill (Stottetal (2000)).
Theusualfocusof climatechangedetectionstudieshasbeenon time scalesof 50 yearsand
greatersincetheir priority hasbeento attainhighlevelsof con denceby maximisingsignal-
to-noise—e.g. Tettetal (1999).Herewe assesghe prospectsor usefulskill on shortertime
scales.

On a practicallevel, knowing the role of theinitial conditionsandboundaryconditions
will be crucialin the designof ary “operational” climate forecastingsystem. Considera
climate forecastfor a leadtime of 10 yearsinto the future. If predictability on this time
scaleturnsout to be a rst kind (initial value) problem, thenthereis a requirementfor
a huge multi-nationalinvestmentin taking routine obsenationsof the oceanin orderto
provide an accuratenitial analysiswith which to startthe forecast. Corversely if even
very small errorsin theinitial conditions(i.e. errorswhich aresmallerthanthe minimum
errorsachiezablein ary feasibleocean-atmospheemnalysissystemYapidly saturateleaving
only theresponséo changingooundaryconditions thenwe needto focuson understanding
the responsdo relatively predictablechangesn radiatve forcing, suchas anthropogenic
factorsand(onsub-decadab decadatimescales}olarirradiancechangesSomechangesn
boundaryconditions suchasexplosivevolcaniceruptionsareunlikely everto bepredictable
in a deterministicsenseut their role still needsto be understoodinceit placeslimits on

attainableforecastskill.

2 Comparing two kinds of predictability

Thequestiorof predictabilityof thesecondind canbeaddresselly measuringhe meanof

an ensemblef climate modelexperimentswith changingradiative forcing andcomparing



thatwith someestimateof climatologicalinternalvariability. The questionof predictability
of the rst kind canbe addressedy takingan ensemblef climatemodelsimulationswith
smallperturbationgo theinitial conditionsandmeasuringheensemblepreacdhtincreasing
leadtime againsthe spreadexpectedirom randomsamplingof climatologicalnoise.

Assume for example,thatwe have experimentswith changingradiative forcing (base
experiments)from which we have produced ensembldorecastswith slight changesn
initial conditionsat somedate during the baseexperiments(so thatwe have ensemble
forecasteachwith  members).Figure 1l displaysthis experimentalset-up,with
and , for thesimulationsconsideredaterin this paper Let beameasuref the
changein someclimatevariableover a x edtime interval, , asobsenedin the th mem-
ber of the th ensembldorecast. Absolutevaluescould be consideredaswell aschanges,
but persistenceéhenintroducesadditionalcomplications. From hereon we take the time
dependence, asgivensowedropall 'sfrom theequations.

Wede ne asthechangan attributableto the deterministiacesponséo externalforc-
ing over this period (i.e. is the meanchangeover this periodin a hypotheticalin nite
ensemble).We alsode ne  asthechangen attributableto the predictablecomponent
of internalvariability giventheinitial conditionsof the th ensembleThesum may
be thoughtof asthe meanof anotherhypotheticalin nite ensemblavith the sameexternal
forcingandinitial conditions‘close” to thoseof ensemble. Theterm*“close” is ambiguous,
but becaus®f thewide disparityof time scaledbetweertheatmospherandoceanthepre-
cisede nition turnsoutto beirrelevant,andwe take “close” to meanidenticaloceaninitial
statesandarbitraryselectecatmospherignitial states.

Theresidual, ,isthechangan thatcannotbepredictedevenin principlegivenboth

initial and boundaryconditioninformation. On the assumptiorof no interactionbetween



thesedifferentcomponentsye have:

(1)

The components, and areunknown, but we have an estimateof the likely level of

variability in thesum givenby

(@)

where isthevarianceof changesn measuredversame-lengtisegmentsstartedatthe
samepointin theseasonatycle, extractedfrom along controlintegrationof the modelwith
constantadiatve forcing.

Theassumptiormf nointeractionbetween, and maybetoorestrictveaswe expect
that,asis the casein weatheiforecastinggclimatepredictabilitywill be statedependente.g.
predictability during the growth phaseof a large El Nifio event may be higherthanthat at
the onsetof aweakone). We proceedhoughwith this assumptionn orderto illustratethe
method,which canbe appliedto individual ensembldorecaston a case-by-casbasisto
highlight this state-dependence.

Ultimately the decisionof which climatologicalmeasure$o usewill be problemspeci ¢
andmay be determinedoy the enduser However, equationy1) and(2) could be applied
to almostary lineardiagnosticandcontainall theingredientsve needfor our measuresf

rst- andsecond-kindoredictability It is simplestto addresshesecondkind rst.

2.1 Measuresof second-kindpredictability

We canestimate simply by averagingoverall thebaseexperimentavhich have aparticular

changedn radiatve forcing:

— 3)



Predictabilityarisingfrom changingooundaryconditionsmight be consideredisefulwhen

(4)

meaningthat 50% of the variancein the forecastguantitycanbe predictedgivenaccurate
knowledgeof theboundaryconditionsaperfectmodelandahypotheticain nite ensemble.
This criterionis, of course someavhatarbitrary: the actualskill requiredfor a forecasto be

usefulwill dependon the detailsof the application,feasibleensemblesize, pay-of matrix

andsoforth. Neverthelessit providesareasonabl®enchmark.

Ourestimateof will containnoisedueto thesmallsamplesizes,so

— — ()

with the lower andupperlimits correspondindo long andshortforecastieadtimesrespec-
tively. In the casesconsideredchere, boundarycondition predictability doesnot become
signi cant until initial conditionpredictabilityis almostnegligible, sowe will usethelong-
forecasapproximatior(lowerlimit). Provided , thedifferencan theresultingcriterion
on isatmostO(0.1).Substitutingfor in theleft-handinequalityof equation(5) thuspro-

videsa criterionof usefulskill arisingfrom time-evolving boundaryconditions:

—— (6)

2.2 Measuresof rst-kind predictability

An estimateof thechangen in the th ensembléhatis predictablegivenonly knowledge

of theforecastnitial conditionsis providedby

— (7)

giving anestimateof the completelyunpredictabl&eomponent

— (8)



Focussingon therole of initial conditioninformation,thusassuming is negligible (aswill

generallybethecaseearlyin theforecast)a similar criterionto equation(6) is provided by

— (9)

Again,if thiscriterionis satis ed, morethanhalf theclimatologicalvarianceis, in principle,
predictablegivenperfectknowledgeof initial conditions,a perfectmodelandanarbitrarily
largeensemble.

Takinginto accountsmallensemblesizes we have

— (10)

Usingsummatiorto approximateherole of the expectatioroperatorandsubstitutingor

in equation(9) the criterionbecomes

— (11)

In the speci ¢ casedescribedateronwhere , thisreducego

i — (12)

This is intuitively plausible,makingthe forecastuselessvhenthe averagespreadoetween
member®f individualensemblesxceedgheclimatologicalvariancan thequantityin ques-

tion (seealsoBoer(2000)).

3 A Preliminary Application of the Method

In this sectionwe illustratethe methodsdevelopedabove by applyingthemto a limited set
of coupledclimate modelsimulations. Thesesimulationswere not performedspeci cally
to addresgshe problemof initial andboundaryconditionpredictability but neverthelesshe

present suitabletest-bedor ourideas.



Theclimatemodelusedis versiontwo of theHadley CentreCoupledOcean-Atmosphere
model. Themodelhasa horizontalresolutionof 2.5 latitudeand3.75 longitudein boththe
atmospherandoceancomponentsvith 19 and20 levelsin theverticalrespectrely andthe
two componentarecoupledusing ux adjustments- seeJohnsetal (1997)for moredetails.

We usenine simulationsof the coupledmodel. Four simulationsfrom 1860to 1996with
increasesn greenhousgasesandsulphateaerosolgMitchell andJohns(1997))which we
denoteGS1-4.Fromeachof theseensembleanemberstheinitial conditionsfrom September
1974 wereusedto starta further setof simulationswith identicalgreenhousandsulphate
forcing to GS1-4plusanestimateof the downwardtrendin stratospheriozonesincel974:
thesewe denoteGSO1-4.Hencein Septembel974,GS1andGSOlhave exactly the same
initial conditionsin both the atmosphereand ocean,but have slight changesn radiative
forcingwhich canbethoughtof asa smallperturbatiorto theatmospheridnitial state(asdo
GS2andGSO02etc.). Globalmeantemperaturefrom theseexperimentsareshovn in g.
1. We alsousea controlexperimentwhich wasrun for 200yearswith x edconcentrations
of greenhousgasesetc. This representshe backgroundnternalvariability of the climate
system.

Fortunatelyfor our purposestheimpactof stratospheriozonedepletionon surfacetem-
peraturess small, at leastfor the rst 10 years,sowe cansensiblytreatGS1andGSOlas
two memberof aninitial-conditionensembleMoreover, Allen andTett (1999)have shovn
thatthe mostaccurateeproductiorof obsenedtropospheridemperaturérendsis obtained
by reducingthe amplitudeof the ozonecontrikution by approximatelya factorof 2, sowe
canexaminepotentialpredictabilityarisingfrom the total anthropogenicesponseisingthe
meanof the GS and GSO ensemblemembers.The precisedetailsof the externally-forced
signalusedare unimportant,sincethe magnitudeof this signalis changingover time: our

aim hereis simply to provide an indication of its importancefor predictability relative to



initial conditioninformation.

Figure2 shavs , the measureof predictabilityarisingfrom changingboundarycondi-
tions, computedor a “forecast” startingin Septembefl974. We considertwo diagnostics:
the linear trend versusthe net changeover the forecastperiod. For global meantemper
atures,the boundaryconditionsare unimportantat a leadtimes of lessthana decade put
thereaftethe signalemegesfrom the noiseandwe seethein uence of a signi cant warm-
ing trend. For NorthernHemispherdand temperatureghe signalemegesat a similar lead
time, althoughthe net-changeliagnostichighlightsa seasonatlependencen predictability
with winter beingpredictableandsummemot. This shavs thein uence of feedbacksn the
climatesystem(herea snav-albedofeedback)which cansigni cantly modulatethe climate
changesignal.

Thereis noindicationof any secondkind predictabilityatleadtimesof lessthat20 years
for North Atlantic SSTsnor for NINO3 SSTs. The climate changesignalis morelikely
to emepge on global scaleshecaus®f the “noise” beingreducedelative to the “signal”’ by
spatialaveraging(StottandTett (1998)). Also landareasarelik ely to warmat a greatemrate
thanthe oceanbecausef the differencein thermalinertia and becausepver water much
of the excessenepgy from the increasedtoncentration®f greenhousgasess takenup in
greaterevaporatiorratherthanheating.

Thereappeardo be somediscrepang betweengure 2 andthe typical conclusionsof
climate changedetectionandattribution studies,which have often arguedthat 30 yearsor
moreis requiredfor the anthropogenisignalto emege robustly from climatologicalnoise
(Hegerletal (1997)).In fact,thereis none:becaus®f theeconomiamplicationsof a“f alse
positive”, thesestudiestypically demanda high level of con dencebeforeconcludingthata
signalis clearly detectable A muchlower level of con dencemay none-the-lesge useful

for practicalpredictability: herewe only requirethatatrendbelargerthantheclimatological



spreadf trendsof equallength(equivalentto “detection”atthe 50%level).

Figure3shavs , themeasuref predictabilityarisingfrom perfectknowledgeof theini-
tial conditions,computedor leadtimesupto 5 years.Plotsof basedn simpledifferences
in temperatureshav large variationsfrom month-to-monthwhereaghe measurebasedon
trendssmootheghis indicator Clearlylarger ensemblesrerequiredto make rm conclu-
sions,but it seemghat,in generalglobaltemperaturesay be predictableup to leadtimes
of acoupleof years North Atlantic SSTsmay predictableon decadatime scaledut thereis
little predictabilitypasta monthor sofor temperaturesverland. Theseresultsarecompara-
bleto thoseof Grif es andBryan(1997),Grotzneretal (1999)andBoer(2000). We suspect
thatskillful leadtimesmay; in fact, be highly variableandwill be “statedependentin the
senseof differentinitial stateanaybemoreor lessamenabléo prediction.Thatthenleaves
theproblemof eitherrelatingensemblespreado skill, or of determiningohysicalprecursors
of predictablestates.

The measurdor the NINO3 index shawvs a rapiddrop-of of skill onthe seasonatime
scaleandareturnof skill ataleadtime of 1-2 years.This seasonafmodulationis consistent
with the experienceof ENSO forecastersbut the suggestiorof potentialpredictabilityon
interannuatimescalesnay indicatea lack of realismin the modelENSO.Samplinguncer

tainty with thesesmallensembless alsoanissue.

4 Discussion

This study hassened to illustrate the importanceof two kinds of ensembles:an ensem-
ble of perturbationon a given oceanicinitial conditionto give an accurateassessmeruf
forecastdivergence;and an ensembleof initial conditionsto provide information on the
state-dependena# this divergence.For standardstatisticalmeasureso be easilyapplica-

ble,thesandividualensembleshouldcontainatleastfour membersunlikethetwo-member

10



ensembleshaowvn here. Also, otherdiagnosticmeasuresf predictabilityshouldbe applied
to variablesotherthansurfaceair temperature.

Ultimately, rst andsecondkind climate predictabilitywill be limited by our ability to
estimatethe precisestateof the oceanat ary giventime andto predictthe future evolution
of externalfactorsaffecting climate (e.g. explosive volcanic eruptions). Hencestudiesof
thistypemustbeinterpreteccarefullyasthey represenonly the potentialpredictability The
messagehowever, is clear: bothinitial andboundaryconditioninformationwill needto be

consideredvhendesigningoperationatlimateforecastingsystemsn thefuture.
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