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Abstract

We apply the optimal fingerprintdetectionalgorithmto threeindependentdiag-
nosticsof the recentclimaterecordandderive joint probability densitydistributions
for threeuncertainpropertiesof theclimatesystem.Thethreepropertiesareclimate
sensitivity, therateof heatuptakeby thedeepocean,andthestrengthof thenetaerosol
forcing. Knowing theprobabilitydistribution for thesepropertiesis essentialfor quan-
tifying uncertaintyin projectionsof climatechange.Webriefly describeeachdiagnos-
tic andindicateits role in constrainingtheseproperties.Basedon themarginal proba-
bility distributions,the5-95%confidenceintervalsare1.4-7.7K for climatesensitivity
and0.30-0.95W/m� for the netaerosolforcing usinguniform priors; and1.3-4.2K
and0.26-0.88W/m� usingan expert prior for climatesensitivity. The oceanicheat
uptake is not sowell constrained.Theuncertaintyin thenetaerosolforcing in either
caseis much lessthanthe uncertaintyrangeusuallyquotedfor the indirect aerosol
forcingalone.
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Estimation of uncertaintyfor long-term climate changerequiresestimatesfor the

probabilitydistribution functions(pdf) of key propertiesof theclimatesystem.Attempts

thusfar [1, 2] have usedpdfs basedon expert judgmentto analyzesuchuncertainty. For

near-termclimatechange,recentstudies[3] haveappliedtheuncertaintyestimatesderived

from the climatechangedetectionalgorithmfor particularmodelsto climateprojections

basedon thesemodels.A key restrictionin thisapproachis thatbothforcing andresponse

do not changequalitatively in thetransitionfrom observedto forecastperiods.Henceit is

not applicableto modelledclimatechangeunderscenarioswhich differ significantlyfrom

therecentpast(e.g.,stabilizationcasesor severechangesin sulfur emissions).Giventhe

political priority to establishwhat constitutesa “safe” stabilizationlevel for greenhouse

gases,an objective meansof quantifying uncertaintyin the long-termresponse,despite

uncertaintyin otherforcings,is clearlydesirable.

To get aroundtheseproblems,onemustdetermineboth the rangeof climatesystem

propertiesand the rangeof forcings that producesimulationsconsistentwith twentieth

centuryclimate change[4, 5]. To determinesuch ranges,we use the MIT 2D (zonal

mean)statistical-dynamicalmodel[6] to simulatethetwentiethcenturyclimaterecordand

systematicallyvarytheuncertainmodelpropertiesandforcingsto assesswhichsimulations

“match” the observedclimaterecord. The two mostuncertainpropertiesthat control the

climatesystem’s decadalto centuryresponseto radiative forcingsareclimatesensitivity

( � ) and the rate of heat uptake by the deepocean( ��� ). 1 Simulationsby modern

atmosphere-oceangeneralcirculation models(AOGCMs) reveal significant differences

in thesepropertiesbetweenmodels[5]. Previous estimatesof the uncertaintiesin these

quantitieshavegenerallybeenbasedonly onexpertjudgmentand/orontherangeof values

found in AOGCMs. A recentexception[8] hasestimatedthe rangeof climatesensitivity

from observations,but without consideringthe uncertainheatuptake. Although positive

AOGCMclimatechangedetectionresultsplacea lowerboundonclimatesensitivity [5, 3],
1Herewe defineclimatesensitivity ( 	 ) asthe equilibrium global meantemperaturechangein response

to a doublingof CO
 concentration.We measurethe rateof heatuptake by thedeepoceanby aneffective

diffusivity of heatanomalies( �� ) into theoceanbelow theclimatologicalmixedlayer. For AOGCMs,this

effective diffusivity canbe derived from transientclimatechangeexperimentsandshouldnot be confused

with themodel’ssub-gridscalediffusioncoefficient. Wenotethat 	 and �� arecloselyrelatedto theclimate

sensitivity andtransientclimateresponsefactorsusedin ref. [7] to representboth the shortandlong term

behavior of AOGCMs.
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theupperboundon � dependsstronglyon therateof oceanheatuptake [5, 3]. TheMIT

climatemodelhastheflexibility to varyboth � and ��� , unlikeAOGCMs(seeref. [6]).

Theprimaryuncertaintyin theradiativeforcingis thetotaluncertaintyin anthropogenic

aerosolforcing which arisesfrom theuncertaintyin aerosolradiative propertiesandcloud

effects as well as in their concentrationsover the industrial period [9]. [Uncertaintyin

the naturalforcings(primarily solarandvolcanicforcings)exists althoughthe estimated

changesduring the 20th centuryappearto be small comparedto the uncertaintyin the

aerosolforcing [9].] Hereweextendtheanalysisin refs. [4, 5] by includingthestrengthof

theanthropogenicaerosolforcingasa third majoruncertainty. Wemeasurethis forcingby

thenetforcing (bothdirectandindirect)for thedecadeof the1980s( ������� ).
We applytheoptimalfingerprintdetectionalgorithm[10, 11,12] to threeindependent

diagnosticsof the recentclimaterecordandto ensemblesof climatesimulationswith the

MIT climate model covering the period 1860-1995. By comparingthem, we derive a

joint probability density function (pdf) for the threeuncertainpropertiesof the climate

systemdefinedabove: � , ��� , and ������� . Thesepropertiesjointly determinethelarge-scale

responseof theclimatesystemto changesin theradiativeforcing. Knowing theprobability

distributionfor theseproperties,wecanthendeterminethelikelihoodof theclimatesystem

responseto individual forcing scenarios[13].

The three diagnosticsare derived from the upper-air temperaturerecord [14], the

surfacetemperaturerecord[15, 16], and the recordof oceantemperatures[17]. As in

refs. [4, 5], we usethe sameupper-air temperaturediagnosticas in refs. [18, 12]. The

temperaturechangesarecomputedfor pointson a latitude-heightgrid asthedifferencein

the 1986-1995and1961-80zonalmeans.The years1963-4and1992wereremoved to

limit theeffectof theMt. AgungandMt. Pinatuboeruptionson theestimatedtemperature

changes.

Weconstructasurfacetemperaturediagnosticby computingdecadalmeantemperature

anomaliesfor the 1946-1995periodswith respectto a 1906-1995climatology from the

surfacetemperaturerecordof [15, 16]. Using an observationaldatamask,we compute

area-weightedzonalaveragesfor thetemperatureanomaliesover4 zonalbands(90S-30S,

30S-0,0-30N, 30N-90N) and createa latitude-timepatternof temperaturechange. By

usinga longerclimatology, wemakeuseof theadditionalinformationthatthemostrecent

50 yearswerewarmerthanthe previous 40 (seerefs. [3, 19]). For both the surfaceand
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upper-air temperaturediagnostics,theobservationalerrorsaresmallon suchspatialscales

[20] andareneglectedin this analysis.

Our third climatechangediagnosticis the trendin global-averageoceantemperatures

down to 3000mdepthcomputedfrom datain ref. [17]. We computea trendfrom a 44-

point time seriesof 5-yearaveragesusingthe 1948-1995period. Ordinary leastsquares

regressionis usedto computethetrendwith theobservationalerrorsproviding uncertainty

in the estimatedtrend. Becausethedataaresparselydistributedacrossoceanbasins,the

globalaveragewill haveuncertaintydueto thissamplingerror. Oneattemptto includethis

is provided [17] but the true uncertaintyremainsunknown. This observationalerror was

thenaddedto theclimatenoiseestimatediscussednext.

Eachdiagnosticis usedto computea goodness-of-fitstatistic, � � , which is inversely

weightedby the size of the deviations that we shouldexpect from climatenoise[4, 5].

For the surfaceand upper-air diagnostics,the climate noiseestimateswere taken from

successive segmentsof the control simulationof the Hadley Centre’s secondgeneration

coupledatmosphere-oceangeneralcirculation model (HadCM2) [21]. For the ocean

diagnostic,we useda control simulationof the GeophysicalFluid DynamicsLaboratory

(GFDL) R30 model [22] in addition to the observationalerror. From the � � statistics,a

likelihoodis computedto provide a joint probabilitydistribution for themodelparameter

spacegiven the independentobservations[4, 5]. This likelihoodestimaterepresentsthe

probability that a particular choice of model parametersis correct given the observed

recordof climate change. More formally, we reject a choiceof model parameters,�
( �������! "���# $�������&% ) asproducingasimulationof thetwentiethcenturythatis inconsistent

with observed climate given the unforcedvariability of the climate as estimatedby the

HadCM2andGFDL R30modelsat somelevel of significance.

The distribution of the � � statistic for a given diagnosticindicatesthe diagnostic’s

importancefor rejectingparticularregionsof parameterspace(Fig. 1). To interpretthe

� � figures,we first choosea level of significanceand then calculatethe '(� � value for

rejectionwhere '(� � is thedifferencefrom theminimum � � value.This meansthat if '(� �
is largerthanthiscutoff value,werejectthehypothesisthatthis '(� � valuecouldarisefrom

unforcedvariability of theclimatesystem.This criteriondesignatesa region of parameter

spaceasbeingrejectedatthegivensignificancelevel. Therejectionregionswereestimated

using '(� �*),+ �.-0/ 1 where �.-0/ 1 is theF-statisticwith m andn degreesof freedom,+ is



Quantifyinguncertaintiesin climatesystemproperties 5

thenumberof constrainedmodelproperties,and 2 is thedegreesof freedomin thecontrol

simulations.

In general,the combinationof lower oceanicheatuptake, higherclimatesensitivity,

andweaker aerosolcoolingwill provide a simulationwith a largerchangein surfaceand

upper-air temperatures.For the deepocean,however, a larger warming will occur for

strongeroceanicheat uptake. For low climate sensitivity, the � � statisticsfor both �
and ��� for a given aerosolforcing show little variationwith oceanicheatuptake. Thus,

differentdiagnosticsprovide constraintsin the differentregionsof parameterspace.The

surfaceandupper-air diagnosticsreject similar regionsof parameterspace,namelylow

��� andhigh � , while the oceandiagnosticshows a rejectionof the high ��� andhigh �
region. Whenaerosolcoolingis increased(decreased)(notshown for eachdiagnostic),the

rejectionregionsshift toward thehigher(lower) responseregionsindicatingthata higher

sensitivity is requiredto reproducetheobservedtemperaturechanges.

Becauseeachindividual diagnosticprovidesthe likelihoodthat themodeledtempera-

turechangeis correctgivenasetof modelparameters(or in Bayesiannotation,3�4�'65�7 �98 ),
we useresultsfrom eachdiagnosticto updatetheprobabilitydistribution 3.4���7 '6598 by ap-

plying Bayes’Theorem[23].2 By taking oneof the distributionsasthe initial prior, two

sequentialposteriordistributionsarecomputedwith thefinal distribution representingthe

combineduncertaintyfrom thethreeclimatechangediagnostics.If desired,a prior distri-

bution basedon expert judgmentcanbeusedinitially. In theabsenceof anexplicit expert

prior, weassumeauniformprobabilitydistributionasthefirst prior. 3

The combinedprobability distribution (Fig. 2) resulting from the Bayesianupdat-

ing procedureshows cross-sectionsof the three-dimensionalpdf at six aerosolforcing

strengths.Theconstraintsonclimatesensitivity andaerosolforcingarefairly strong,while
2To computethe updateddistributionsfor :<;>=@? A0B!C , we first interpolatethe D 
 valuesonto a finer grid

( AE	 = 0.1K, AF;G�6H�I 
� C = 0.1cm/sH�I 
 ) usinga thin platesplinealgorithmover therange: 	 = 0.5–10.K and

�� = 0.2–64. cm
 /s. After the datawereinterpolatedin the 	 - �� plane,a cubic splineinterpolationwas

usedto interpolatebetweentheaerosolforcing levelsto a resolutionof AEJLK�MON = 0.05W/m
 over therange

0-1.5W/m
 . After the D 
 valueswereinterpolated,theprobabilityof rejectionwasestimatedto generatethe

probability distribution on the finer grid spacing.For all integral estimatesof total probability or marginal

probabilitydistributions,thefinergrid spacingwasusedover therangesdefined.
3Therangesexploredfor themodelparameterssetthe limits of theuniform priors: 	 = 0.5-10.K, �� =

0.2-64cm
 /s, and J KPMON = 0-1.5W/m
 . We canassessthe impactof thesepriorsby examiningtheposterior

distributions.
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oceanicheatuptake is lessconstrained.Recentpapers[24, 25] have examinedthe ocean

temperaturetrendsasa functionof basinwhich maybetterconstraintheoceanicheatup-

take. We alsointegratethe threedimensionalpdf to obtainmarginal or one-dimensional

pdfs for eachmodelparameter(Fig. 3 andTable1). For themarginal pdfs,we alsoshow

theresultif anexpertprior from ref. [26] is usedfor climatesensitivity while keepingthe

uniformpriorson ��� and ������� . Thisdemonstratesthatincludingexpertjudgmentwill alter

the shapeof the marginal pdf for climatesensitivity andchangesthe net aerosolforcing

pdf to compensatefor thereducedclimatesensitivities. While expertjudgmentsarein part

subjective, they can take into accountinformation not includedin our analysis,suchas

paleoclimatedata.

Summaryof Results.

1. Thejoint probabilitydistribution for � , ��� , and ������� shows strongerconstraintson

modelpropertiesthanour earlierresults[4, 5]. This is becauseof two improvementsin

our analysis:aerosol-forcinguncertaintyis now consideredexplicitly andthe additional

diagnosticsplace limits on previously unconstrainedregions of parameterspace(high

climatesensitivity andhighoceanheatuptake).

2. With uniform priors, the strengthof the net aerosolforcing lies within 0.25–0.98

W/m� for the5-95%confidencerange.Themaindiagnosticconstrainingthis forcing is the

surfacetemperaturerecord. We stressthat the constrainedquantityin this caseis thenet

non-greenhousegasforcing. We notethat this uncertaintyrangeis muchsmallerthanthe

uncertaintyrangegivenby theIPCC[9] for theindirectaerosolforcingalone.

3. For theeffective oceandiffusivity, the5-95%confidencerangeis 0.15-56.0cm� /s.

Althoughthelowerboundis well constrainedby theobservations(seeFig. 1), wenotethat

the estimatedprobabilitieswill be affectedby the assumedprior. This large uncertainty

in ��� is muchgreaterthanthat usuallyassumed[9, 2]. Oceanheatuptake remainsone

of the leastunderstoodlarge-scaleprocessesin climatechangestudies. Although many

mechanismsareknown to affectheatuptake in theocean,thesensitivity of theglobalheat

uptake to changesin modelparameterizationsfor thesemechanismsis poorly understood

[27]. Our resultsuggeststhatmoreresearchis required.

4. With uniform priors, the5% to 95%confidencerangefor theclimatesensitivity is

estimatedto be1.2-8.5K. Weestimatetheprobabilityof � beingoutsidetheIPCC’s range

of 1.5-4.5K [9] to be 30% with a 23% chanceof exceeding4.5 K. With an expert prior



Quantifyinguncertaintiesin climatesystemproperties 7

appliedto climatesensitivity anduniformpriorselsewhere,climatesensitivity is estimated

to be within 1.3-4.2K for the 5-95% rangeand the probability of � being outsidethe

IPCC’s rangeincreasesto 12%with a3.5%chanceof exceeding4.5K.

Although theestimatedpdf is consistentwith the � � distribution, therewill alwaysbe

a non-zeroprobability outsidethe explored region (as indicatedby the non-zeropdf of

climatesensitivity at10.0K). Wecouldfit specifictheoreticaldistributionsandusetheseto

calculatetheprobabilityof thetail regions.For example,a rangeof theoreticaldistribution

familiesfit to the climatesensitivity pdf indicateroughly a 3.5%chancethat �RQ 10 K.

However, thesedistributionsall have infinite tails. Alternatively, we couldassumethatthe

probabilityoutsidetheregionexploredis negligible.

Our estimatesof probability areindependentof the MIT 2D modelto the extent that

the MIT 2D model representsthe large-scalebehavior of different 3D models(or the

climatesystem).Basedoncomparisonsof thetransientbehavior (includingthediagnostics

presentedhere)undervariousforcingscenarios[6], themodelbehavior matchesAOGCMs

well for 100-150yearsimulations.TheMIT modelcannotsimulatesomekindsof strong

nonlinearity(e.g.,theshutdown of thethermohalinecirculation)but thereis no indication

of suchbehavior over the last 150 years. As wasshown in ref. [6], the dependenceof

changesin differentcharacteristicson surfacewarmingfor differentversionsof the MIT

model is similar to that for the differentAOGCMs. Becausewe have chosento explore

rangesof modelparameterswhich extendbeyond typical valuesof propertiesof existing

AOGCMs,it is importantto notethat the MIT modelproducessimilar dependenciesfor

therangeof climatesensitivity usedin this study.

As describedin the IPCC TAR [9], a long list of forcings can be identified for the

industrialperiod(1750-present).We have includedthe threeforcings(greenhousegases,

sulfateaerosols,andstratosphericozone)which we expect to be most importantfor the

diagnosticswe have used. Whenconsideringthe implicationsof the pdf for the aerosol

forcing,we notethatneglectedforcingswhich have patternssimilar to thoseof thesulfate

aerosols,are implicitly includedin the constraintwe find for the aerosolforcing. This

patternis nearlyinvariantwith longitude[28] addingfurthersupportfor our usinga zonal

meanmodel.Themostseriousomissionwouldbea forcing with auniquespatialpattern.

Among the forcing factorslisted by the IPCC [9], the changesattributed to biomass

burning, mineral dust, land-usechange, and solar activity particularly have spatial
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distributions different from sulfate aerosols. Theseforcings combine to producean

estimatedforcingof only -0.1W/m� . Theforcingswith patternssimilar to sulfateaerosols

(troposphericozone,sulfate, BC, OC, aerosolindirect effect) total an estimated-0.95

W/m� . Thus, we doubt that the additional factorswould significantly alter our results.

Wealsonotethattheaerosolforcing is estimatedfor the1980sandthatthis is with respect

to equilibriumconditions(pre-1860in our simulations).We haveassumedthatthepattern

of theforcing [9] hasnot changed.Becausewe usethetemperaturerecordfor 1906-1995,

it is reallyonly theforcingsfor thisperiodwhichmatter.

As discussedpreviously [5] theestimatednaturalvariability, which is usedto compute

the noise covariancematrix in the detectionalgorithm, is obtainedfrom two models,

HadCM2andGFDL R30,dependingonthediagnostic.Thus,wehaveimplicitly neglected

theexpecteddependenceof naturalvariability on climatesensitivity or oceanheatuptake

[29].
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Table1: Probabilityfractilesfor climatesystemproperties.Probabilitieswith uniformand

expert priors on climatesensitivity basedon ref. [26]. In both cases,uniform priors are

usedon ��� and ������� .
Fractile Uniform Priors ExpertPrioron � only

� (K) ��� (cm� /s) ������� (W/m� ) � (K) ��� (cm� /s) ������� (W/m� )
0.025 1.2 0.8 0.25 1.2 0.6 0.20

0.05 1.4 1.8 0.30 1.3 1.3 0.26

0.167 1.9 5.3 0.45 1.8 4.0 0.41

0.5 2.9 17.6 0.67 2.4 16.0 0.63

0.833 5.3 43.6 0.83 3.3 43.6 0.77

0.95 7.7 56.0 0.96 4.2 56.0 0.88

0.975 8.5 60.0 0.98 4.7 60.0 0.93

Mean 3.5 19.4 0.67 2.5 18.5 0.62
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Figure1: The distribution of � � for differentdiagnosticsgiven a net aerosolforcing of -

0.75W/m� : upperair (a),surfaceair (b), anddeepoceantemperatures(c). Thethick lines

andshadingrepresenttherejectionregionboundariesat the20,10,and1 percentlevelsof

significance(from light to dark,respectively.)
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(a) : p(Tua + Tdo + TsfcY ) : Faer = 0.0 W/m2
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(b) : p(Tua + Tdo + Tsfc[ ) : Faer = -0.25 W/m2
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(c) : p(Tua + Tdo + TsfcY ) : Faer = -0.5 W/m2
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(d) : p(Tua + Tdo + Tsfc[ ) : Faer = -0.75 W/m2
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(e) : p(Tua + Tdo + TsfcY ) : Faer = -1.0 W/m2
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(f) : p(Tua + Tdo + TsfcY ) : Faer = -1.5 W/m2
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Figure2: The dependenceof the final updateddistribution of � � on � and ��� (vertical

andhorizontalaxes)andon netaerosolforcing (panelsa-f). Shadingandcontoursareas

definedin Figure1.
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Figure3: Marginal probabilitydensityfunctionsfor threeclimatemodelparameterswith

(dashed)andwithout (solid) theuseof anexpertprior for climatesensitivity from ref. [26].
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