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Abstract

We apply the optimal fingerprintdetectionalgorithmto threeindependentliag-
nosticsof the recentclimaterecordandderie joint probability densitydistributions
for threeuncertainpropertiesof the climatesystem.Thethreepropertiesareclimate
sensitvity, therateof heatuptale by thedeepoceanandthestrengthof thenetaerosol
forcing. Knowing the probabilitydistribution for thesepropertiess essentiafor quan-
tifying uncertaintyin projectionsof climatechange We briefly describeeachdiagnos-
tic andindicateits role in constrainingheseproperties Basedon the maginal proba-
bility distributions,the5-95%confidencentervalsarel.4-7.7K for climatesensitvity
and0.30-0.95W/m? for the netaerosolforcing using uniform priors; and 1.3-4.2K
and0.26-0.88W/m? usingan expert prior for climate sensitvity. The oceanicheat
uptale is not sowell constrained The uncertaintyin the netaerosofforcing in either

caseis much lessthanthe uncertaintyrangeusually quotedfor the indirect aerosol
forcing alone.
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teurrentlyat: Curriculumin PublicPolicy Analysis,University of North Carolina

1
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Estimation of uncertaintyfor long-term climate changerequiresestimatesfor the
probability distribution functions(pdf) of key propertiesof the climate system. Attempts
thusfar [1, 2] have usedpdfs basedon expert judgmentto analyzesuchuncertainty For
neartermclimatechangerecentstudieq 3] have appliedthe uncertaintyestimateslerved
from the climate changedetectionalgorithmfor particularmodelsto climate projections
basednthesemodels.A key restrictionin this approachs thatbothforcing andresponse
do not changequalitatively in thetransitionfrom obseredto forecastperiods.Henceit is
not applicableto modelledclimatechangeunderscenariosvhich differ significantlyfrom
therecentpast(e.g.,stabilizationcasesr severechangesn sulfur emissions).Giventhe
political priority to establishwhat constitutesa “safe” stabilizationlevel for greenhouse
gasesan objectve meansof quantifying uncertaintyin the long-termresponsedespite
uncertaintyin otherforcings,is clearlydesirable.

To get aroundtheseproblems,one mustdetermineboth the rangeof climate system
propertiesand the rangeof forcings that producesimulationsconsistentwith twentieth
century climate change[4, 5]. To determinesuchranges,we usethe MIT 2D (zonal
mean)statistical-dynamicaihnodel[6] to simulatethe twentiethcenturyclimaterecordand
systematicallywarytheuncertairmodelpropertiesaandforcingsto assesshich simulations
“match” the obsened climaterecord. The two mostuncertainpropertiesthat control the
climate systems decadalto centuryresponseo radiatve forcings are climate sensitvity
(S) and the rate of heatuptale by the deepocean(k,). ! Simulationsby modern
atmosphere-oceageneralcirculation models (AOGCMs) reveal significant differences
in thesepropertiesbetweenmodels[5]. Previous estimatef the uncertaintiesn these
guantitieshave generallybeenbasednly on expertjudgmentand/oron therangeof values
foundin AOGCMs. A recentexception[8] hasestimatedhe rangeof climate sensitvity
from obsenations,but without consideringthe uncertainheatuptale. Although positive

AOGCMclimatechangedetectiorresultsplacealowerboundon climatesensitvity [5, 3],

IHerewe defineclimate sensitvity (S) asthe equilibrium global meantemperaturehangein response
to adoublingof CO, concentrationWe measurdhe rate of heatuptale by the deepoceanby an effective
diffusivity of heatanomalieq k) into the oceanbelow the climatologicalmixedlayer For AOGCMs,this
effective diffusivity canbe derived from transientclimate changeexperimentsand shouldnot be confused
with themodel's sub-gridscalediffusioncoeficient. We notethatS and K, arecloselyrelatedto theclimate
sensitvity andtransientclimate responsdactorsusedin ref. [7] to represenboth the shortandlong term
behaior of AOGCMs.
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the upperboundon S dependstronglyon the rate of oceanheatuptale [5, 3]. The MIT
climatemodelhastheflexibility to varyboth.S and K, unlike AOGCMs(seeref. [6]).

Theprimaryuncertaintyin theradiatveforcingis thetotaluncertaintyin anthropogenic
aerosolfforcing which arisesfrom the uncertaintyin aerosokadiative propertiesandcloud
effectsaswell asin their concentration®ver the industrial period [9]. [Uncertaintyin
the naturalforcings (primarily solarandvolcanicforcings) exists althoughthe estimated
changeduring the 20th centuryappearto be small comparedo the uncertaintyin the
aerosoforcing[9].] Herewe extendtheanalysign refs.[4, 5] by includingthe strengthof
theanthropogeni@aerosoforcing asathird majoruncertainty We measurehis forcing by
thenetforcing (bothdirectandindirect)for the decadeof the 1980s(F,.,).

We applythe optimalfingerprintdetectionalgorithm[10, 11, 12] to threeindependent
diagnosticof therecentclimaterecordandto ensemble®f climate simulationswith the
MIT climate model covering the period 1860-1995. By comparingthem, we derive a
joint probability density function (pdf) for the three uncertainpropertiesof the climate
systemdefinedabove: S, K,, andF,.,. Thesepropertiegointly determinehelarge-scale
responsef theclimatesystenmto changesn theradiatve forcing. Knowing the probability
distributionfor thesepropertiesye canthendetermineghelik elihoodof the climatesystem
responséo individualforcing scenario$13].

The three diagnosticsare derived from the upperair temperaturerecord [14], the
surfacetemperatureecord[15, 16], and the record of oceantemperature$l7]. As in
refs. [4, 5], we usethe sameupperair temperaturediagnosticasin refs. [18, 12]. The
temperaturehangesrecomputedor pointson alatitude-heighgrid asthe differencein
the 1986-1995and 1961-80zonalmeans. The years1963-4and 1992 were removed to
limit the effect of theMt. AgungandMt. Pinatuboeruptionsonthe estimatedemperature
changes.

We constructasurfacetemperatureliagnostidoy computingdecadameantemperature
anomaliesfor the 1946-1995periodswith respectto a 1906-1995climatology from the
surfacetemperaturgecordof [15, 16]. Using an obsenational datamask,we compute
area-weightedonalaveragedor the temperatur@nomaliever 4 zonalbands(90S-30S,
30S-0,0-30N, 30N-90N) and createa latitude-time patternof temperaturechange. By
usingalongerclimatology we make useof the additionalinformationthatthe mostrecent

50 yearswerewarmerthanthe previous 40 (seerefs. [3, 19]). For boththe surfaceand
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upperair temperatureliagnosticsthe obsenationalerrorsaresmall on 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-yearaverageausingthe 1948-1995period. Ordinaryleastsquares
regressions usedto computethetrendwith the obsenationalerrorsproviding uncertainty
in the estimatedrend. Becausdhe dataare sparselydistributedacrossoceanbasins the
globalaveragewill have uncertaintydueto this samplingerror. Oneattemptto includethis
is provided [17] but the true uncertaintyremainsunknown. This obsenationalerrorwas
thenaddedo theclimatenoiseestimatediscusseadhext.

Eachdiagnosticis usedto computea goodness-of-fistatistic,72, which is inversely
weightedby the size of the deviationsthat we shouldexpectfrom climate noise[4, 5].
For the surface and upperair diagnostics the climate noise estimateswvere taken from
successie sggmentsof the control simulationof the Hadley Centres secondgeneration
coupled atmosphere-oceageneralcirculation model (HadCM2) [21]. For the ocean
diagnostic,we useda control simulationof the GeophysicaFluid DynamicsLaboratory
(GFDL) R30 model[22] in additionto the obserationalerror From the r? statistics,a
likelihoodis computedo provide a joint probability distribution for the modelparameter
spacegiven the independenbbsenations[4, 5]. This likelihood estimaterepresentshe
probability that a particular choice of model parameterss correctgiven the obsened
recordof climate change. More formally, we reject a choice of model parametersJI
(IT = {S, K, Fy.., }) asproducingasimulationof thetwentiethcenturythatis inconsistent
with obsened climate given the unforcedvariability of the climate as estimatedby the
HadCM2andGFDL R30modelsat somelevel of significance.

The distribution of the r? statisticfor a given diagnosticindicatesthe diagnostics
importancefor rejectingparticularregions of parametesspace(Fig. 1). To interpretthe
r? figures, we first choosea level of significanceand then calculatethe Ar? value for
rejectionwhereAr? is the differencefrom the minimum+2 value. This meanghatif Ar?
is largerthanthis cutoff value,we rejectthehypothesighatthis Ar? valuecouldarisefrom
unforcedvariability of the climatesystem.This criteriondesignates region of parameter
spacesbeingrejectedatthegivensignificancdevel. Therejectionregionswereestimated

usingAr? ~ mF,, , whereF,, , is the F-statisticwith m andn degreesof freedom,m is
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thenumberof constrainednodelpropertiesandn is the degreesof freedomin the control
simulations.

In general,the combinationof lower oceanicheatuptale, higher climate sensitvity,
andwealer aerosolcoolingwill provide a simulationwith a larger changen surfaceand
upperair temperatures.For the deepocean,however, a larger warming will occur for
strongeroceanicheatuptake. For low climate sensitvity, the r? statisticsfor both S
and K, for a given aerosolforcing shaw little variationwith oceanicheatuptale. Thus,
differentdiagnosticgrovide constraintdn the differentregionsof parametespace.The
surfaceand upperair diagnosticsreject similar regions of parameteispace,namelylow
K, andhigh S, while the oceandiagnosticshows a rejectionof the high K, andhigh S
region. Whenaerosokoolingis increasedqdecreasednot shovn for eachdiagnostic)the
rejectionregionsshift toward the higher (lower) responseegionsindicatingthata higher
sensitvity is requiredto reproduceghe obsenedtemperaturehanges.

Becauseeachindividual diagnosticprovidesthe lik elihoodthatthe modeledtempera-
turechangés correctgivenasetof modelparametergor in Bayesiamotation,p(AT |IT)),
we useresultsfrom eachdiagnosticto updatethe probability distribution p(ITI|AT') by ap-
plying Bayes' Theorem[23].? By taking oneof the distributionsasthe initial prior, two
sequentiaposteriordistributionsare computedwith the final distribution representinghe
combineduncertaintyfrom the threeclimatechangediagnosticsIf desireda prior distri-
bution basedon expertjudgmentcanbe usedinitially. In the absencef anexplicit expert
prior, we assume uniform probability distribution asthefirst prior. 2

The combinedprobability distribution (Fig. 2) resulting from the Bayesianupdat-
ing procedureshaws cross-section®f the three-dimensionapdf at six aerosolforcing

strengthsTheconstrainton climatesensitvity andaerosoforcing arefairly strong,while

2To computethe updateddistributionsfor p(II|AT'), we first interpolatethe r2 valuesonto a finer grid
(AS =0.1K, A(Kﬁﬂ) =0.1cm/$/?) usingathin platesplinealgorithmovertherange:S = 0.5-10.K and
K, = 0.2-64.cm?/s. After the datawereinterpolatedn the S-K, plane,a cubic splineinterpolationwas
usedto interpolatebetweerthe aerosofforcing levelsto aresolutionof AF,., = 0.05W/m? overtherange
0-1.5W/m?. After ther? valueswereinterpolatedthe probability of rejectionwasestimatedo generatghe
probability distribution on the finer grid spacing. For all integral estimatesf total probability or marginal

probability distributions,thefiner grid spacingwasusedover therangesdefined.
3Therangesexploredfor the modelparametersetthe limits of the uniform priors: S = 0.5-10.K, K, =

0.2-64cn?/s,and F,., = 0-1.5W/m?. We canassessheimpactof thesepriors by examiningthe posterior
distributions.
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oceanicheatuptale is lessconstrained Recentpaperg24, 25 have examinedthe ocean
temperaturgrendsasa function of basinwhich may betterconstrainthe oceanicheatup-
take. We alsointegratethe threedimensionalpdf to obtainmaiginal or one-dimensional
pdfsfor eachmodelparametefFig. 3 andTablel). For the maginal pdfs, we alsoshav
theresultif anexpertprior from ref. [26] is usedfor climatesensitvity while keepingthe
uniformpriorson K, andF,.,.. Thisdemonstratethatincludingexpertjudgmentwill alter
the shapeof the mamginal pdf for climate sensitvity and changeghe net aerosolforcing
pdfto compensatéor thereducecdlimatesensitvities. While expertjudgmentsarein part
subjectve, they cantake into accountinformation not includedin our analysis,suchas
paleoclimatedata.

Summaryof Results.

1. Thejoint probability distributionfor S, K,, and F,.. shavs strongerconstraintson
model propertiesthanour earlierresults[4, 5]. This is becausef two improvementsin
our analysis: aerosol-forcinguncertaintyis now consideredexplicitly andthe additional
diagnosticsplace limits on previously unconstrainedegions of parameterspace(high
climatesensitvity andhigh oceanheatuptale).

2. With uniform priors, the strengthof the net aerosolforcing lies within 0.25-0.98
W/m? for the 5-95%confidenceange.Themaindiagnosticconstraininghis forcing is the
surfacetemperaturgecord. We stressthat the constrainedjuantityin this caseis the net
non-greenhousgasforcing. We notethatthis uncertaintyrangeis muchsmallerthanthe
uncertaintyrangegivenby the IPCCJ9] for theindirectaerosoforcing alone.

3. For the effective oceandiffusivity, the 5-95% confidencerangeis 0.15-56.0cm?/s.
Althoughthelower boundis well constrainedy theobsenations(seeFig. 1), we notethat
the estimatedorobabilitieswill be affectedby the assumedrior. This large uncertainty
in K, is muchgreaterthanthat usuallyassumed9, 2]. Oceanheatuptake remainsone
of the leastunderstoodarge-scaleprocessesn climate changestudies. Although mary
mechanismsareknown to affect heatuptale in the oceanthe sensitvity of theglobalheat
uptale to changesn modelparameterizationfor thesemechanismss poorly understood
[27]. Ourresultsuggestshatmoreresearchs required.

4. With uniform priors, the 5% to 95% confidenceangefor the climate sensitvity is
estimatedo be1.2-8.5K. We estimatethe probabilityof S beingoutsidethe IPCC'srange
of 1.5-4.5K [9] to be 30% with a 23% chanceof exceeding4.5 K. With an expert prior
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appliedto climatesensitvity anduniform priorselsavhere climatesensitvity is estimated
to be within 1.3-4.2K for the 5-95% rangeand the probability of S being outsidethe
IPCC’srangeincreases$o 12%with a 3.5%chanceof exceedingd.5K.

Althoughthe estimatedpdf is consistenwith the 2 distribution, therewill alwaysbe
a non-zeroprobability outsidethe explored region (as indicatedby the non-zeropdf of
climatesensitvity at10.0K). We couldfit specifictheoreticaldistributionsandusetheseto
calculatethe probability of thetail regions. For example,arangeof theoreticaldistribution
familiesfit to the climate sensitvity pdf indicateroughly a 3.5% chancethatS > 10 K.
However, thesedistributionsall have infinite tails. Alternatively, we could assumehatthe
probability outsidetheregion exploredis negligible.

Our estimateof probability areindependenof the MIT 2D modelto the extent that
the MIT 2D model representghe large-scalebehaior of different 3D models(or the
climatesystem).Basedon comparison®sf thetransienbehaior (includingthediagnostics
presentedhere)undervariousforcing scenario$6], themodelbehaior matche AOGCMs
well for 100-150yearsimulations.The MIT modelcannotsimulatesomekinds of strong
nonlinearity(e.g.,the shutdavn of the thermohalinecirculation)but thereis no indication
of suchbehaior over the last 150 years. As wasshown in ref. [6], the dependencef
changesn differentcharacteristicon surfacewarmingfor differentversionsof the MIT
modelis similar to that for the different AOGCMs. Becausewne have chosento explore
rangesof modelparametersvhich extendbeyond typical valuesof propertiesof existing
AOGCMs, it is importantto notethatthe MIT modelproducessimilar dependenciefor
therangeof climatesensitvity usedin this study

As describedin the IPCC TAR [9], along list of forcings can be identified for the
industrial period (1750-present) We have includedthe threeforcings (greenhousgases,
sulfate aerosols and stratospheri@zone)which we expectto be mostimportantfor the
diagnosticswe have used. When consideringthe implicationsof the pdf for the aerosol
forcing, we notethatneglectedforcingswhich have patternssimilar to thoseof the sulfate
aerosolsare implicitly includedin the constraintwe find for the aerosolforcing. This
patternis nearlyinvariantwith longitude[28] addingfurther supportfor our usinga zonal
meanmodel. Themostseriousomissionwould be a forcing with a uniquespatialpattern.

Among the forcing factorslisted by the IPCC [9], the changesattributedto biomass

burning, mineral dust, land-use change, and solar actiity particularly have spatial
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distributions different from sulfate aerosols. Theseforcings combineto producean

estimatedorcing of only -0.1 W/m?. Theforcingswith patternssimilarto sulfateaerosols
(troposphericozone, sulfate, BC, OC, aerosolindirect effect) total an estimated-0.95

W/m?. Thus, we doubtthat the additionalfactorswould significantly alter our results.
We alsonotethattheaerosoforcing is estimatedor the 1980sandthatthisis with respect
to equilibrium conditions(pre-1860in our simulations).We have assumedhatthe pattern
of theforcing [9] hasnot changedBecauseave usethetemperatur@ecordfor 1906-1995,
it is really only the forcingsfor this periodwhich matter.

As discussegreviously [5] the estimatechaturalvariability, which is usedto compute
the noise covariancematrix in the detectionalgorithm, is obtainedfrom two models,
HadCM2andGFDL R30,dependingnthediagnostic.Thus,we haveimplicitly neglected
the expecteddependencef naturalvariability on climate sensitvity or oceanheatuptale
[29].
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Tablel: Probabilityfractilesfor climatesystemproperties Probabilitieswith uniformand
expert priors on climate sensitvity basedon ref. [26]. In both casesuniform priors are

usedon K, andF,,,.

Fractile Uniform Priors ExpertPrioron S only
S (K) K, (mPls) Fu, (W/m?) | S(K) K,(cn?/s) F,, (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 3.5 194 0.67 2.5 18.5 0.62
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Figure 1: The distribution of r2 for differentdiagnosticsgiven a net aerosolforcing of -

0.75W/m?: upperair (a), surfaceair (b), anddeepoceantemperaturefc). Thethick lines

andshadingepresentherejectionregion boundariesatthe 20,10, and1 percentevelsof

significancefrom light to dark,respectrely.)
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(b) : p(Tua + Tdo + Tsfc) : Faer =-0.25 W/mz
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Figure 2: The dependencef the final updateddistribution of 72 on S and K, (vertical

andhorizontalaxes)andon netaerosofforcing (panelsa-f). Shadingandcontoursareas

definedin Figurel.
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Figure3: Marginal probability densityfunctionsfor threeclimate model parametersvith

(dashedpndwithout (solid) theuseof anexpertprior for climatesensitvity from ref. [26].
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