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Abstract

Weseekto addresstherelative importanceof initial conditionsandboundarycondi-

tionsin interannualto decadalclimatepredictability. Wedevelopasimpleframework in

which: (i) ensemblesof climatemodelsimulationswith changingexternalforcing can

bemeasuredagainstclimatologyto getanestimateof thetimescaleonwhichchanging

boundaryconditionscanprovidepredictiveskill, and(ii) therateof spreadof ensembles

of simulationswith smallperturbationsto theinitial conditionscanbemeasuredagainst

climatologyto assessthe time scaleat which the informationin the initial conditions
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is degradedby chaoticerrorgrowth. We presenta preliminarytestof themethodon a

limited numberof climatemodelsimulations.

1 Intr oduction

Predictabilityof climateon interannualto decadaltimescalescanarisein two distinctways

(Lorenz(1975)):

Predictabilityof the�rst kind focusseson theinitial valueproblem:how uncertaintiesin

theinitial stateof theclimatesystemamplify andspoil theforecastatagivenleadtime. This

is the dominantsourceof error in weatherforecasting.Errors in the atmosphericanalysis

grow suchthat thecurrentpredictabilityhorizonis oftenof theorderof a weekor so (e.g.

Molteni et al (1996)). In climateforecasting,it is clearlynot possibleto forecastindividual

weathereventsbeyond this limit. Slow processes,suchas changesin oceancirculation,

might, however, lead to predictabilityof the bulk statisticalpropertiesof weatherand, in

principle,give usefulinformationon interannualtime scalesandbeyond– e.g. forecasting

of theEl Niño SouthernOscillation(ENSO),(e.g. Stockdaleet al (1998)).To �rst order, it

is thespeci�cationof theinitial oceanstatewhich is crucialin the�rst kind predictabilityof

climatesincethisprovidesthepossible“memory” of thesystem(althoughotherfactorssuch

asvariationsin landcovermaybeimportant).

Predictabilityof the secondkind focusseson the boundaryvalue problem: how pre-

dictablechangesin the boundaryconditionswhich affect climate can provide predictive

power. A commonclassof secondkind predictabilitystudiesuseatmospheremodelswith

prescribedseasurfacetemperatures(SSTs)in orderto assestheupperlimit of predictability

associatedwith a perfectknowledgeof the future oceanstate(e.g. Zwiers (1996),Rowell

(1998)). Herewe focuson a differentproblem;that of future changesin external forcing

agentsof climate,principally anthropogenicincreasesin greenhousegasesandotherradia-
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tively active substances.Changesin radiative forcing canleadto changesin climatewhich

areoutsidethe“noise” of climatevariability and,to theextentthattheseforcingchangesare

themselvespredictable,thusprovide a sourceof potentiallyusefulskill (Stottet al (2000)).

Theusualfocusof climatechangedetectionstudieshasbeenon time scalesof 50 yearsand

greater, sincetheirpriority hasbeento attainhighlevelsof con�denceby maximisingsignal-

to-noise– e.g.Tettetal (1999).Hereweassesstheprospectsfor usefulskill onshortertime

scales.

On a practicallevel, knowing the role of the initial conditionsandboundaryconditions

will be crucial in the designof any “operational”climate forecastingsystem. Considera

climate forecastfor a lead time of 10 yearsinto the future. If predictabilityon this time

scaleturns out to be a �rst kind (initial value) problem, then there is a requirementfor

a hugemulti-national investmentin taking routine observationsof the oceanin order to

provide an accurateinitial analysiswith which to start the forecast. Conversely, if even

very small errorsin the initial conditions(i.e. errorswhich aresmallerthanthe minimum

errorsachievablein any feasibleocean-atmosphereanalysissystem)rapidlysaturate,leaving

only theresponseto changingboundaryconditions,thenweneedto focusonunderstanding

the responseto relatively predictablechangesin radiative forcing, suchasanthropogenic

factorsand(onsub-decadalto decadaltimescales)solarirradiancechanges.Somechangesin

boundaryconditions,suchasexplosivevolcaniceruptions,areunlikelyeverto bepredictable

in a deterministicsense,but their role still needsto beunderstoodsinceit placeslimits on

attainableforecastskill.

2 Comparing two kinds of predictability

Thequestionof predictabilityof thesecondkind canbeaddressedby measuringthemeanof

an ensembleof climatemodelexperimentswith changingradiative forcing andcomparing
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thatwith someestimateof climatologicalinternalvariability. Thequestionof predictability

of the �rst kind canbeaddressedby takinganensembleof climatemodelsimulationswith

smallperturbationsto theinitial conditionsandmeasuringtheensemblespreadat increasing

leadtimeagainstthespreadexpectedfrom randomsamplingof climatologicalnoise.

Assume,for example,thatwe have � experimentswith changingradiative forcing (base

experiments)from which we have produced� ensembleforecastswith slight changesin

initial conditionsat somedateduring the baseexperiments(so that we have � ensemble

forecastseachwith � members).Figure1 displaysthis experimentalset-up,with ���

�

and ����� , for thesimulationsconsideredlaterin thispaper. Let �
	 �
����� bea measureof the

changein someclimatevariableover a �x ed time interval, � , asobserved in the � th mem-

ber of the � th ensembleforecast.Absolutevaluescouldbe consideredaswell aschanges,

but persistencethen introducesadditionalcomplications. From hereon we take the time

dependence,� , asgivensowedropall ����� 's from theequations.

We de�ne � asthechangein � attributableto thedeterministicresponseto externalforc-

ing over this period (i.e. � is the meanchangeover this period in a hypotheticalin�nite

ensemble).We alsode�ne ��� asthe changein � attributableto the predictablecomponent

of internalvariability giventhe initial conditionsof the � th ensemble.Thesum ������� may

bethoughtof asthemeanof anotherhypotheticalin�nite ensemblewith thesameexternal

forcingandinitial conditions“close” to thoseof ensemble� . Theterm“close” is ambiguous,

but becauseof thewide disparityof timescalesbetweentheatmosphereandocean,thepre-

cisede�nition turnsout to beirrelevant,andwe take “close” to meanidenticaloceaninitial

statesandarbitraryselectedatmosphericinitial states.

Theresidual,��	 � , is thechangein � thatcannotbepredictedevenin principlegivenboth

initial andboundarycondition information. On the assumptionof no interactionbetween
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thesedifferentcomponents,wehave:

� 	 � � � � � � � � 	 � (1)

The components� , � and � are unknown, but we have an estimateof the likely level of

variability in thesum ��� � � 	 � givenby

�

� � � � � � 	 � �

�

� ���

���

(2)

where�

�

is thevarianceof changesin � measuredoversame-lengthsegments,startedat the

samepoint in theseasonalcycle,extractedfrom a longcontrolintegrationof themodelwith

constantradiative forcing.

Theassumptionof nointeractionbetween� , � � and � 	 � maybetoorestrictiveasweexpect

that,asis thecasein weatherforecasting,climatepredictabilitywill bestatedependent(e.g.

predictabilityduring the growth phaseof a large El Niño event may be higherthanthatat

theonsetof a weakone).We proceedthoughwith this assumptionin orderto illustratethe

method,which canbe appliedto individual ensembleforecastson a case-by-casebasisto

highlight this state-dependence.

Ultimately thedecisionof which climatologicalmeasuresto usewill beproblemspeci�c

andmay be determinedby the enduser. However, equations(1) and(2) could be applied

to almostany lineardiagnostic,andcontainall theingredientswe needfor our measuresof

�rst- andsecond-kindpredictability. It is simplestto addressthesecondkind �rst.

2.1 Measuresof second-kindpredictability

Wecanestimate� simplyby averagingoverall thebaseexperimentswhichhaveaparticular

changein radiative forcing:
�

� �

�

� �

�

	

	�


�

�

	

�



�

� 	 ��� (3)
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Predictabilityarisingfrom changingboundaryconditionsmightbeconsideredusefulwhen

�

���

�

� �

(4)

meaningthat
�

50%of thevariancein theforecastquantitycanbepredictedgivenaccurate

knowledgeof theboundaryconditions,aperfectmodelandahypotheticalin�nite ensemble.

This criterionis, of course,somewhatarbitrary: theactualskill requiredfor a forecastto be

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

andsoforth. Nevertheless,it providesa reasonablebenchmark.

Ourestimateof � will containnoisedueto thesmallsamplesizes,so

�

�

�

�

�

� �

�

�

� � �

�

�

�

�

�

�

�

�

�

(5)

with thelower andupperlimits correspondingto long andshortforecastleadtimesrespec-

tively. In the casesconsideredhere,boundarycondition predictability doesnot become

signi�cant until initial conditionpredictabilityis almostnegligible, sowe will usethelong-

forecastapproximation(lowerlimit). Provided ���

�

, thedifferencein theresultingcriterion

on
�

� is atmostO(0.1).Substitutingfor � in theleft-handinequalityof equation(5) thuspro-

videsacriterionof usefulskill arisingfrom time-evolving boundaryconditions:

�	�

� �

� � �

�

�

�

�

�

�

�

�

� (6)

2.2 Measuresof �rst-kind predictability

An estimateof thechangein � in the � th ensemblethatis predictablegivenonly knowledge

of theforecastinitial conditionsis providedby

�

� � �

�

�

�

	

	�


�

� 	 ��


�

�

�

(7)

giving anestimateof thecompletelyunpredictablecomponent

�

� 	 � � � 	 ��


�

� ��


�

� � � 	 ��


�

�

�

	

	�


�

� 	 ��� (8)
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Focussingon therole of initial conditioninformation,thusassuming� is negligible (aswill

generallybethecaseearlyin theforecast),asimilar criterionto equation(6) is providedby

�

���

�

	 �

�

�

�

�

�

� (9)

Again, if thiscriterionis satis�ed,morethanhalf theclimatologicalvarianceis, in principle,

predictablegivenperfectknowledgeof initial conditions,a perfectmodelandanarbitrarily

largeensemble.

Takinginto accountsmallensemblesizes,wehave

�

�

�

�

�

	 �

� �

� 


�

�

�

���

�

	 �

� � (10)

Usingsummationto approximatetheroleof theexpectationoperatorandsubstitutingfor � 	 �

in equation,(9) thecriterionbecomes

�

�

�




�

� � � 
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�
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���

� (11)

In thespeci�c casedescribedlateronwhere � ��� , this reducesto

�

�

�




�

�

�

	

�



�

���

�

� 
 �

�

� �

�

�

�

���

� (12)

This is intuitively plausible,makingthe forecastuselesswhenthe averagespreadbetween

membersof individualensemblesexceedstheclimatologicalvariancein thequantityin ques-

tion (seealsoBoer(2000)).

3 A Preliminary Application of the Method

In this sectionwe illustratethemethodsdevelopedabove by applyingthemto a limited set

of coupledclimatemodelsimulations.Thesesimulationswerenot performedspeci�cally

to addresstheproblemof initial andboundaryconditionpredictability, but neverthelessthe

presentasuitabletest-bedfor our ideas.
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Theclimatemodelusedis versiontwo of theHadley CentreCoupledOcean-Atmosphere

model.Themodelhasahorizontalresolutionof 2.5� latitudeand3.75� longitudein boththe

atmosphereandoceancomponentswith 19 and20 levelsin theverticalrespectively andthe

two componentsarecoupledusing�ux adjustments– seeJohnsetal (1997)for moredetails.

We useninesimulationsof thecoupledmodel.Foursimulationsfrom 1860to 1996with

increasesin greenhousegasesandsulphateaerosols(Mitchell andJohns(1997))which we

denoteGS1-4.Fromeachof theseensemblemembers,theinitial conditionsfrom September

1974wereusedto starta furthersetof simulationswith identicalgreenhouseandsulphate

forcing to GS1-4plusanestimateof thedownwardtrendin stratosphericozonesince1974:

thesewe denoteGSO1-4.Hencein September1974,GS1andGSO1haveexactly thesame

initial conditionsin both the atmosphereand ocean,but have slight changesin radiative

forcingwhichcanbethoughtof asasmallperturbationto theatmosphericinitial state(asdo

GS2andGSO2etc.). Globalmeantemperaturesfrom theseexperimentsareshown in �g.

1. We alsousea controlexperimentwhich wasrun for 200yearswith �x edconcentrations

of greenhousegasesetc. This representsthebackgroundinternalvariability of theclimate

system.

Fortunately, for ourpurposes,theimpactof stratosphericozonedepletiononsurfacetem-

peraturesis small,at leastfor the �rst 10 years,sowe cansensiblytreatGS1andGSO1as

two membersof aninitial-conditionensemble.Moreover, Allen andTett (1999)haveshown

thatthemostaccuratereproductionof observedtropospherictemperaturetrendsis obtained

by reducingtheamplitudeof theozonecontribution by approximatelya factorof 2, sowe

canexaminepotentialpredictabilityarisingfrom thetotal anthropogenicresponseusingthe

meanof the GS andGSOensemblemembers.The precisedetailsof the externally-forced

signalusedareunimportant,sincethe magnitudeof this signal is changingover time: our

aim hereis simply to provide an indicationof its importancefor predictability relative to
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initial conditioninformation.

Figure2 shows
�

, themeasureof predictabilityarisingfrom changingboundarycondi-

tions,computedfor a “forecast”startingin September1974. We considertwo diagnostics:

the linear trendversusthe net changeover the forecastperiod. For global meantemper-

atures,the boundaryconditionsareunimportantat a leadtimesof lessthana decade,but

thereafterthesignalemergesfrom thenoiseandwe seethein�uence of a signi�cant warm-

ing trend.For NorthernHemispherelandtemperatures,thesignalemergesat a similar lead

time,althoughthenet-changediagnostichighlightsa seasonaldependenceon predictability

with winter beingpredictableandsummernot. Thisshows thein�uence of feedbacksin the

climatesystem(herea snow-albedofeedback)which cansigni�cantly modulatetheclimate

changesignal.

Thereis no indicationof any secondkind predictabilityat leadtimesof lessthat20years

for North Atlantic SSTsnor for NINO3 SSTs. The climatechangesignal is more likely

to emergeon globalscalesbecauseof the“noise” beingreducedrelative to the“signal” by

spatialaveraging(StottandTett (1998)).Also landareasarelikely to warmat agreaterrate

thanthe oceanbecauseof the differencein thermalinertia andbecause,over water, much

of the excessenergy from the increasedconcentrationsof greenhousegasesis taken up in

greaterevaporationratherthanheating.

Thereappearsto be somediscrepancy between�gure 2 andthe typical conclusionsof

climatechangedetectionandattribution studies,which have often arguedthat 30 yearsor

moreis requiredfor theanthropogenicsignalto emerge robustly from climatologicalnoise

(Hegerletal (1997)).In fact,thereis none:becauseof theeconomicimplicationsof a“f alse

positive”, thesestudiestypically demandahigh level of con�dencebeforeconcludingthata

signalis clearlydetectable.A muchlower level of con�dencemaynone-the-lessbeuseful

for practicalpredictability:hereweonly requirethatatrendbelargerthantheclimatological
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spreadof trendsof equallength(equivalentto “detection”at the50%level).

Figure3 shows
�

, themeasureof predictabilityarisingfrom perfectknowledgeof theini-

tial conditions,computedfor leadtimesupto 5 years.Plotsof
�

basedin simpledifferences

in temperatureshow large variationsfrom month-to-monthwhereasthe measurebasedon

trendssmoothesthis indicator. Clearly largerensemblesarerequiredto make �rm conclu-

sions,but it seemsthat,in general,global temperaturesmaybepredictableup to leadtimes

of acoupleof years,NorthAtlantic SSTsmaypredictableondecadaltimescalesbut thereis

little predictabilitypastamonthor sofor temperaturesoverland.Theseresultsarecompara-

bleto thoseof Grif�es andBryan(1997),Grötzneretal (1999)andBoer(2000).Wesuspect

thatskillful leadtimesmay, in fact,behighly variableandwill be“statedependent”in the

senseof differentinitial statesmaybemoreor lessamenableto prediction.Thatthenleaves

theproblemof eitherrelatingensemblespreadto skill, or of determiningphysicalprecursors

of predictablestates.

The
�

measurefor theNINO3 index shows a rapiddrop-off of skill on theseasonaltime

scaleanda returnof skill at a leadtime of 1-2years.This seasonalmodulationis consistent

with the experienceof ENSOforecasters,but the suggestionof potentialpredictabilityon

interannualtimescalesmayindicatea lack of realismin themodelENSO.Samplinguncer-

taintywith thesesmallensemblesis alsoanissue.

4 Discussion

This study hasserved to illustrate the importanceof two kinds of ensembles:an ensem-

ble of perturbationson a given oceanicinitial conditionto give an accurateassessmentof

forecastdivergence;and an ensembleof initial conditionsto provide information on the

state-dependenceof this divergence.For standardstatisticalmeasuresto beeasilyapplica-

ble,theseindividualensemblesshouldcontainatleastfour members,unlikethetwo-member
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ensemblesshown here.Also, otherdiagnosticmeasuresof predictabilityshouldbeapplied

to variablesotherthansurfaceair temperature.

Ultimately, �rst andsecondkind climatepredictabilitywill be limited by our ability to

estimatetheprecisestateof theoceanat any giventime andto predictthe futureevolution

of external factorsaffecting climate (e.g.explosive volcaniceruptions). Hencestudiesof

this typemustbeinterpretedcarefullyasthey representonly thepotentialpredictability. The

message,however, is clear:bothinitial andboundaryconditioninformationwill needto be

consideredwhendesigningoperationalclimateforecastingsystemsin thefuture.
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Figure1: Globalmeantemperatureanomaliesfor theGSandGSOexperiments(seetext for

moredetails).TheGSOsimulationshave initial conditionstakenfrom theGSensembleon

1stSeptember1974.
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Figure2:
�

(seeequ. 6), a measureof predictabilitydueto changingboundaryconditions,

which is 0 when thereis no signi�cant responseandgreaterthan1 whenthe responseis

signi�cantly greaterthanclimatologicalnoise(asindicatedby the shadedregion). Curves

areshown for four differenttemperatureindicesasindicatedonthe�gure. Theblackcurveis
�

computedusinglineartrendsover theforecastperiodandthegrey curve is thatcomputed

by takingasimpletemperaturedifferencebetweeninitial and�nal months.
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Figure3:
�

(seeequ.9), ameasureof theinitial conditionpredictability, whichis 1 for aper-

fect forecastand0 whentheensemblespreadis of thesamemagnitudeastheclimatological

spread(asindicatedby theshadedregion). Curvesareshown for four differenttemperature

indicesasindicatedonthe�gure. Theblackcurve is
�

computedusinglineartrendsandthe

grey curve is thatcomputedby takingsimpledifferencesin monthlymeantemperature.
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