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Abstract

Validationof the decadato centenniatime scalevariability of coupledclimatemodelsis
limited by the scarcityof long obserationalrecords.Proxyindicatorsof climate,suchastree-
rings, ice-coresetc. canbe utilized for this purpose.This studypresentsa quantitatve com-
parisonof the variability of thethird versionof the Hadley Centrecoupledocean-atmosphere
modelwith a network of temperature-sensig tree-ringdensitiescovering the northernhigh
latitudes.Thetree-ringdensityrecordsareupto 600yeardong, andwe usetemperatureecon-
structionsbasedn two differentmethodsof removing the biasdueto changingireeage.The
first is a standardnethodthat potentiallyalsoremovesthe low-frequeng variability on time
scalesof the orderof the treelife-span. The secondage-bandingmaintainedow-frequeng
variability by only comparingsimilar agetreerings at eachsite, thusavoiding the needto re-
move the ageeffect (but at the costof greateruncertaintyin the earlieryearswhenfewer tree
coresareavailable). Thevariability of themodelcontrolsimulation,which representsnly the
internalvariability of theclimatesystemagreeseasonablyvell with thetree-ringreconstruc-
tionsusingthe standardnethod,althoughthe modelmay underestimataorthernhemisphere
landtemperatureotal varianceby asmuchasafactorof 1.8. Agreemenwith theage-banded
tree-ringreconstructions lessgoodwith themodelunderestimatinghehemisphericvariance
by asmuchasafactorof 2.1 onall time scalesandby asmuchasa factorof 2.7 on decadato
centenniatime scalesUnderestimatiomf the naturalvariability of climateby themodelis se-
riousasit mayleadto falseclaimsof climatechangedetectionor erroneouslyow uncertainty
estimatesn future climatepredictions.lt is shavn that someof this underestimatiomnay be
dueto thelack of naturalclimateforcing in the modelcontrolsimulationdue,for example,to
solarvariability andvolcaniceruptions. The study suggestshat further quantificationof the
uncertaintiesn the proxy data,andinclusionof naturalclimateforcingsin the modelsimu-
lations, areimportantstepsin making comparison®f climate modelswith the proxy record

overthelast1000years.



1 Intr oduction

Multi-centuryintegrationsof coupledclimatemodelsarenow routinely producedat climatemod-
elling centres.Suchsimulationsare performedfor variouspurposesgxamplesof which include:
testingthe stability of the coupledmodel(e.g. Gordonet al (2000)); examining low-frequeny
variability of the climatesystem(e.g. Collins etal (2000));anddefining“natural” climatevariabil-
ity asa basisfor statisticaltestingin studiesof the detectionattribution andpredictionof climate
change(e.g. Tett et al (1999)). Thusit is importantthat the climate of the modelis validated
againsibbsenationsof therealclimatesystem.This involvesnot only validatingthe meanclimate

of themodel,but alsovalidatingthe climatevariability over arangeof spaceandtime scales.

In orderto validatethe variability of a modelon time scalesof centuriesonerequiresmulti-
centuryrecordsof obsered climate variables. Theseare, however, sparse. The longestinstru-
mentallyrecordedseriesis the CentralEnglandTemperatureecord(Parker et al (1992), Manley
(1974)),reliablebackto 1659,but only representatie of temperaturever a relatvely smallgeo-
graphicregion. This confoundghe comparisorwith direct climate modeloutputwhichis repre-
sentatve of, atbest,temperatureatthegrid boxsize(e.g.300km)andmaybe morerepresentatie
of temperaturesnthe scalesof mary grid boxes(dueto modelformulationwhichrestrictstheac-
cumulationof enegy at the grid scalee.g. Stottand Tett (1998)). Also, we are often interested
in globalor hemisphericscalevariability, becausef its relevanceto the detection attribution and
predictionof climate change which single site recordscannotprovide. Long recordsof climate
canhowever be extractedfrom proxy indicatorssuchastreerings,ice corescorals,boreholetem-
peraturesetc (e.g. Briffa et al (1998a),Joneset al (1998), Mann et al (1998) and mary others)
which arewidely spreadover the globe. While theseproxy recordsare not direct measurements
of, for example,temperaturer precipitation,they do containa wealthof informationaboutpast

climatevariations.

Previouseffortsto comparenodelandproxy variability have beensomeavhatqualitatvein their
approach.Someexamplesinclude Joneset al (1998),who comparedhe temperaturesariability
of two coupledmodelswith 17 normalisedproxy seriesrepresenting variety of historicaland
instrumentatecordstree-ringdensityandwidth, ice-coresandcorals.They foundthatoneof the
modelsshoved similar behaiour to the proxy datain termsof their principal spatialpatternsof

variability, while the othermodelshaved markedly differentbehaiour. Crowley andKim (1999)



comparedthe spectraof global temperaturevariability of two coupledmodelswith the multi-
proxyreconstructionsf Mannetal (1998)andfoundthemto agreeatthe 90%level oncethey had
removedthe naturally-forcedvariability from the Mann et al (1998)datausinganenepgy balance
model. Delworth and Mann (1999) also comparedthe Mann et al (1998) reconstructionsvith
modelgeneratednterdecadaVariability in the North Atlantic region andfound similar patternsof
SSTvariability.

Thereare considerablehallengeghat the climate communitymustovercometo successfully
utilize proxy recordsin the validationof climate models. This includesdeveloping methodsto
make quantitatve comparisonf modelsand proxy data. We may distinguishtwo distinct ap-
proachego this problem. (i) An “inverse” method,by which the proxy dataare calibratedto
representarge-scaleclimatevariablesthatthe modelcansimulate,suchastemperaturendpre-
cipitation, prior to the comparison(e.g. the multi-proxy reconstruction®f Mann et al (1998)),
with caretakento accounfor ary residualvariancenotaccountedor in the calibrationprocedure.
(i) A “forward” method proposedy Reichertetal (1999),by which themodelvariablesarepro-
cessedo representhe proxy data. This mayinvolve scalingdown the grid-scalevariablesof the
modelto amorerepresentatie local scaleandthenusingphysicallyor statisticallybasednethods

to generateheproxy in question(e.g.glacierlength(OerlemansandReichert(1999)).

In thestudydescribedere ,a multi-centuryintegrationof thethird versionof theHadley Centre
coupledmodel(HadCM3- Gordonet al (2000))is comparedvith a numberof regional temper
aturetimeseriesgstimatedrom a network of tree-ringdensitychronologiespreadover over the
northernhemisphergBriffa et al (2000b)), primarily representagie of summer(half year) con-
ditions and extendingback 600 years. The climate systemis unlikely to be greatly affectedby
orbital variationsover this periodsowe usethe control simulationof the modelwhich hasorbital
parametershatarefixedto presentdayvalues.The validationof HadCM3during pastepochsof
very differentclimate, suchasthe last glacialmaximum,will be presenteclsavhere. We adopt
the“inverse’methodof comparingthetree-ringdataandthe model. Thetree-ringdatahave been
previously averagednto nineregionswhich aremorerepresentatie of the spacescalesvhich can
be realistically simulatedby the model (Stott and Tett (1998))and are calibratedusingobsened
recordsof temperaturdrom recenttimes(Briffa et al (2000b)). Correspondinglywe sub-sample
themodelin the ninetree-ringregionsduringthe optimal (April-Septemberjrowth seasorof the

trees(Briffaetal (2000b)),in orderto make a lik e-with-like comparison.



In section2 of the paperthe tree-ringnetwork andits calibrationareintroducedandin section
3 HadCM3is describedriefly. In section4 the modelandtree-ringreconstructionarecompared
visually. In section5 their variancesarecomparedandin section6 their power spectraare com-
pared. In section7 the dominantspatial patternsof variability of the modelandtree-ringsare
contrastea@ndin section8 the possiblecontritution to the modelvariability by solarandvolcanic

forcing is assessedinally, conclusionsaredrawn in section9.

2 Tree-Ring-DensityChronologies

Theclimatereconstructionsisedherearebasednanetwork of 387tree-ringdensitychronologies
locatedover much of the northernhemisphereextratropics(fig. 1). The chronologiesangein
lengthfrom 100 to morethan 600 years,with eachconsistingof, on average,datafrom 25 tree
coresfrom asitecloseto thepresentimberline(i.e.,athighelevationor high latitude)to maximise
the potentialtemperaturesignal. Briffa et al (2000b)shaw that, for this network, a muchmore
reliabletemperaturgeconstructiorcanbe obtainedfrom the densityof the wood formedtowards
the endof eachgrowing seasor(the maximumlatevood density),thanfrom othermeasuresuch
asthe width of eachtreering. The dominantclimate signalin the datasetas a whole is the
growing seasortemperaturgBriffa et al (2000b)). Thetiming of the growing seasorvarieswith
location,but the meantemperaturérom April to Septembeprovidesthe bestoverall correlations

with tree-ringdensity

Briffa et al (2000b)combinethe chronologiesnto nine regional averagegalsoshown in fig.
1), andcalibratethemagainstApril to Septembetemperaturefor eachof theregions,usingsim-
ple linearregressionover the period 1881-1960.The correlationsbetweenthe regional tree-ring
densityrecordsandthe temperaturesrereproducedn table 1, togetherwith the standardievia-
tionsof theresiduatemperatureariationsnot capturedoy thetree-ringdensity(RMSE).Overthe
calibrationperiod,the varianceof eachreconstructions lessthanthe varianceof thetemperature
time serieswith thedifferencebetweerthevariancedeingequalto the squareof theRMSE. This
residualvariancemustbe consideredvhencomparingthe varianceof thereconstructionsvith the
climate model simulations. The residualsexhibit significantautocorrelatiorfor four out of the
nine regions, but the strengthof the autocorrelations uncertain- particularlywith regardto how

representate the calibrationperiodis of the pre-1881period- sowe make the assumptiorthat



all theresidualsarewhite noise(this simplifiestheinclusionof theresidualsn the comparisorof

inter-decadalarianceandpower spectra).

Briffa et al (2000b) also formed a weightedaverageof the nine regional tree-ring density
records,prior to their calibration. The weightingwastime dependentandwas basedon a sta-
tistical measuref the strengthof the climatesignalin eachregion (which dependsiponthenum-
ber of chronologieswith datafor a particularyear andon the meancorrelationbetweenpairs of
chronologieswithin theregion). This recordwascalibratedagainsthe obsened April to Septem-
bertemperatureveragedver all landareasorthof 20°N, andis denotedby “NH”. Thecalibra-
tion parametersor the NH seriesarealsogivenin table 1. Briffa etal (2000b)shaw thatfor the
NH reconstructionandfor sevenout of the nine sub-rejions,the correlationwith temperatures

higheratthe decadatime scalethanthatgivenin tablel.

The calibratedtemperaturaeconstructiongor the nine sub-rgions and the NH region are
showvn in fig 2. Thesearethe standardree-ringseriesusedin the presentstudy Most regions
shov awarmingduringthefirst half of thetwentiethcentury followedby a cooling. Summetem-
peraturesn theseregionsdid coolfrom 1940to 1970,but this hasbeenfollowedby arapidwarm-
ing thatthe tree-ringdensityhasnot respondedo. Briffa etal (1998b)identifiedthis widespread
declinein the densitydata(and,to a lesserextent,in the tree-ringwidth datanot usedhere),and
speculatedhat someanthropogenicausewaslik ely to have superimposethis non-temperature-
relatedtrend onto the tree-ringdensityrecords. In this study we make the assumptiorthat this
unknawvn factoris of anthropogeniorigin anddid not occurin the past. Hencewe attribute all

earliervariationsto changesn growing-seasortemperatures.

In additionto respondingto growing-seasortemperaturethe maximum latevood density of
eachtree-ringalsodependaiponthe ageof the ring (generallyshaving a downward trend with
increasingtree age). Sincethe age-densityfunctionis unknovn (andis consideredo vary with
location and tree species)a generalisedexponentialfunction (a "Hugershof” function, Braker
(1981))wasfitted to eachtree coreandremoved. This detrendingtechniqueis known as”stan-
dardisation”,and resultsin a loss of multi-century variance,the extent of which is dependent
on treelongevity (Cook et al (1995), Briffa et al (1996)). The standardreconstructiongfig. 2)
may, therefore be lackingin multi-centuryvariability. To broadenour comparisonsve alsouse
the reconstruction®f Briffa et al (2000a). Theseare basedon the sametree-ringdensity data

set,andarefor the sameregionsasthe standardeconstructions.The differenceis thatthe tree



coresarenot standardisedi.e., detrendedand, therefore Joseno low-frequeng variability. The
age-dependends accountedor by only combiningin absoluteunits the densityfrom treerings
whoseagefalls in a restrictedrange(or band);combiningdifferentsites,speciesandagebands
(to form theregionalchronologies)s only allowedafternormalisatiorhasbeenappliedto remove

differencesn absolutemeansandvariancesFull detailsof the procedurearegivenin Briffaetal

(2000a).

Theseage-bandedegional chronologiesarecalibratedin the sameway asthe standardecon-
structions.Theonly exceptionis thatthe age-bande®IH reconstructions obtainedby a principal
componentgegressionof the nine regional series. The calibration statistics(reproducedrom
Briffa et al (2000a))aregivenin table 2, while the time seriesare shawvn in fig. 3. Thereis no
artificial lossof multi-centuryvariability, but this is at the costof greatemuncertaintyin the earlier
partof therecordfor which therearefewer treecores(becausehe age-bandetechniquerequires
moretreecores).As describedn Briffaetal (2000a),onemeasuref thereliability is to evaluate
the strengthof the variability thatis commonto all agebands.This measurdeadsusto truncate

someof theregionalage-bandederiescomparedo the standardserieqfig. 3 cf. fig. 2).

Thesetwo alternatve, but related, setsof reconstructionf regional and nearhemispheric
growing seasortemperaturesire usedfor comparisorwith the simulatedvariability. Thesesets

aredenotedy “standard’andby “age-banded”.

3 HadCM3

Theatmosphericomponenbf HadCMa3is aversionof theUK Met. Office Unified Model (Cullen
(1993)). Themodeldynamicsandphysicsaresolvedona3.75° x 2.5° longitude-latitudegrid with
19 hybrid verticallevels. The oceaniccomponenbf the modelis an updatedversionof thatused
in HadCM2 (Johnset al (1997)),which is a versionof the Cox (1984) model, with a horizontal
resolutionof 1.25° x 1.25° and20 levelsin the vertical. A significantimprovementwith respect
to the previous versionof the model(HadCM2- Johnsetal (1997))is the eliminationof the flux
adjustmentsvhich wereneededn HadCM2to keepthe modelclimate stable. HadCM3hasno
flux adjustmentermandhasa stableclimatein the globalmean.More detailsof the formulation
of HadCM3andits meanclimatecanbe foundin Gordonet al (2000)andPopeet al (2000). A



descriptionof the climatevariability simulatedby the modelis givenby Collins etal (2000).

We analyseheHadCMa3controlsimulationin whichall concentrationsf greenhousgasesand
aerosolsetc. aresetasconstantgepresentatie of the pre-industrialera. Surfaceair temperatures
(ataheightof 1.5m)wereextractedfrom theHadCM3controlexperimentn away consistentvith
the calibratedtree-ringdensities.Monthly meantemperaturesvere averagedat modelland grid
pointsfor April-SeptemberThe northernhemispheref the modelwasthensub-sample@ccord-
ing to theregionsdefinedn fig. 1 to form nineregionaltime seriesof modeltemperaturesf length
1200years(the first 100 yearsof the experimentwereignoredbecausef spin-upeffects). The
model“NH” serieswasformedby averagingall the April-Septembetand temperaturesorth of
20°N. Thisisin contrasto thereconstructedree-ring“NH” serieswhichis formedasaweighted
meanof the nineregionaltree-ringreconstructiongalthoughthis meanseriesvasthencalibrated
againstthe obsened meantemperaturdrom all land north of 20°N). A simplemeanof the nine
regional seriesfrom the model explains 72% of the varianceof the true “NH” seriesat all time
scalesand 90% of the varianceon decadaltime scales. Forming a weightedmeanof the nine
modelregional series,usinglinear regressionto determinethe weights,increaseshesefractions
to 88% and96%,respectrely.

4 Examination of Time Series

TheregionalandNH seriesof thetree-ringtemperaturelata,with theage-efectremovedby using
the standardechnique or removed by usingthe age-bandingechnique andthe modelseriesare
all shown in figs. 2-4. A cleardifferencebetweenthe modeland standardree-ringtemperature
reconstructionss the existenceof large negative temperatur@anomalieson yearly time scalesor
“negative spikes” in thetree-ringreconstructionThesearemostlik ely dueto volcaniceruptions,
which cancausewide-spreadooling over the northernhemispherdandif the eruptionis violent
enoughto inject sufficient aerosolparticlesinto the stratospherée.g. Satoet al (1993)). Briffa et
al (1998a)have performedadetailedexaminationof thesignatureof volcaniceruptiondn thetree-
ring chronologiesandhave relatedthemto historicalrecords.In the 595yearsof the standard\NH
seriesthereare5 eventsin which the temperaturenomalydropsbelow threestandardieviations
from the mean,a numberwhich is significantly greaterthanthat which would be expectedfrom

a Gaussiarprocessat lessthanthe 1% level. In the 1200 year model NH seriesthereis only



onenegative 30 eventwhich would have a 73% chanceof occurringin a Gaussiartime seriesof
the samelength. The regional tree-ringtemperatureeconstructionshowv similar large negative
anomalieswhile the modelregion seriesdo not (e.g. therearethree—30 summersn the ECCA
standardree-ringseriegsignificantat <1%) but only one—3c summeifor themodelECCA series
(73% changeof occurring)). The age-bandederiesalsoshav these‘negative spikes” but arenot
soamenabldo the simpleanalysisof countingnegative anomaliedbecaus®f the complicationof
removing thelow-frequeng variability from the seriegseelater). Thusthemodelcontroldoesnot
agreewith thetree-ringreconstructions thatit lackslarge negative temperatur@anomaliesvhich
areassociatedvith historicalvolcaniceruptions.Of coursethis is not surprisingasthe modelis
notforcedwith theradiative effectsof suchvolcanoesin section8 weincludeaparametrisatioof
“naturally forcedvariability”, includingvolcaniceruptionsandassesthedifferencesn variability

betweerthosesimulationsandthe control.

Figures2-4 alsoshav thetime seriesaveragednto decadesvhichemphasizebwer frequeng
variability and, to a certainextent, averagesout the effects of volcanic eruptions. The level of
variability of the standardree-ringdecadalNH seriesseemso be in good agreementvith the
modelNH variability. Thereis clearlymorelow-frequeng variability in the age-bandettee-ring
seriedn comparisorwith thestandardree-ringdata,whichis expectetecausef thenatureof the
age-bandingechnique For example thereis oneparticularlylargeandextendechegativeanomaly
in the age-banded\NSIB series,from 1560to 1650, which is not evidentin the standard\SIB
series Becaus®f thislow-frequeng behaiour, theredoesnotappeato besuchagoodagreement
betweenthe age-bandederiesandthe modelseriesasin the caseof the standardree-rings.In
the following sectionswe make a quantitatve comparisonof model and tree-ringtemperature

reconstructions.

5 Comparison of Variance

A simpleway of comparingthe variability of the tree-ringreconstructionsand the modelis to
computethe standarddeviation or varianceof eachserieg(fig. 5). As indicatedin section2, there
is someuncertaintyin thevarianceof thetemperatur@econstructionslueto residualvariancenot
capturedby tree-ringseriesduringthe calibrationperiod. Hencewe make a comparisorwith and

withoutthis extra varianceincludedin the calculation.



For theregionalseriesthedifferencedetweerthestandardree-ringreconstructionandmodel
standarddeviations on all time scales(fig. 5(a)) are generallystatistically significant(because
of the large samplesizes)althoughthey are not generallylarge in absoluteterms. The biggest
differenceis 0.25K for both the ECCA and NSIB serieswith residualvarianceaccountedor,
leadingto anunderestimatiomf the varianceby the modelin theseregionsby factorsof 2.2 and
1.8respectiely. It seemghoughthatthereis no systematiover or under estimationof variance
in the modelcontrolsimulation,nor is thereary obviousregional pattern.This is alsotruefor the
decadaktandarddeviations(fig. 5(b)) althoughsomedifferencesarelesslik ely to be statistically
significantbecauseof the reducedsamplesize. Hencethereappeardo be no consistenbiasin
the amplitudeof the variability simulatedby the modelcontrol,in comparisorwith the standard
tree-ringreconstructiongor the regional series. For the NH series,the amplitudeof the model
variability is statisticallyindistinguisabldrom the standardree-ringbasedreconstructionsvhen
theresidualvariancefrom the calibrationproceduras not takeninto account.However, whenthe
residualis consideredthe modelunderestimatethe NH varianceby a factorof 1.8 on all time

scalesandafactorof 1.50ondecadabhndlongertime scales.

As is evidentby theage-bandetree-ringseriesn fig. 3, theagreemenbetweertheamplitude
of variability of the modelandthe age-bandedree-ringsis lessgood. On the whole the model
underestimatethe standarddeviation of temperatureespeciallyfor the decadallyaverageddata
(fig. 6(b)) wherethe tree-ringreconstructionfiave morevariancefor all the time series,except
CAS andTIBP. Themaximumdisagreemerit with the NSIB serieswhich hasover5 timesmore
variancethanthe correspondingnodelseries.The standarddeviation of the age-banded\H tree
ring series,including the residualfrom the calibration period, is 0.29K (varianceof 0.084K?)
comparecto 0.20K (varianceof 0.040K?) for the model NH series. This would meanthat the
varianceof the HadCM3summerNH land temperaturesould be underestimatetly asmuchas
a factor of 2.1 on all time scalesand a possiblefactor of 2.7 on time scalesof a decadeand
greater Hencethereis a consistenunderestimatioof hemispheriscalevariability by the model
in comparisorwith boththeage-bandetree-ringreconstructionandthetree-ringsanalysedising

thestandardnethod.
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6 Power Spectra

A comparisorof standarddeviationsor varianceonly highlightsdifferencesn the absoluteam-
plitude of variability. The climate systemvariesdifferently on differenttime scalesandhenceit
might be moreinstructive to comparetherelative varianceof the modelandtree-ringtemperature
reconstructionst differenttime scales.This canbe achieved by comparingthe power spectraof
eachseries. We calculatepower spectraby taking the Fourier Transformof the autocwariance
function of the time seriesandthenapplyingthe Tukey-Hanningwindow to geta consistenand
unbiasedestimatge.g. Chatfield(1984)). A window width of 100yearswasusedin orderto get
relatvely smooth,bias-freespectrawhile retainingthe centurytime scale(the lowestfrequeng
estimatedy the procedurecorresponds$o twice thewindow width, 200years).As in thecompar
ison of variance accountwastaken of the residualvariancefrom the calibrationprocedure.This
wasassumedo be uncorrelatedn time (white) sothatthe sameresidualpower wasaddedto the

tree-ringspectraat eachfrequeng.

Figure7 shaws the power spectraof the modelandstandardree-ringNH, NEUR andECCA
seriesandfig. 8 shavsthe samefor the modelcomparedo the age-bandetree-ringreconstruc-
tions. The spectraof both the modelandthe tree-ringseriesare generallyredin characteri.e.
thereis morepower atlow frequencieshanat high frequenciesgalthoughthey arenot stronglyso.
We canjudgetherednes®f thespectraby fitting an Auto-regressve procesf orderl (AR(1) or
Markov procesglefinedasz, 1 = a1z, + agz Wherethesubscriptgeferto discreteime intenals
(yearsin this case)andz is randomvariable(white noise)with unit varianceto eachseriesn turn
(table3). In anAR(1) processhea, coeficient(i.e. thelag-oneautocorrelationflefinesheyear
to-year‘memory” of thesystem Theage-bandettee-ringdatahaslargera, coeficientsthanthe
standarddata(asexpectedbecausef the age-bandingechnique)thusthereis a greaterevel of
low-frequeng variability comparedo high-frequeng variability. Thea; coeficientsfor boththe
standardand age-bandedH seriesarerelatively larger thannearlyall of the correspondinge-
gionalseriegndicatingthatthereis moreyearto-yearmemoryonthehemispheriscalecompared
to the regional scale.In comparisorwith the model,boththe standardandage-bandetree-rings

have greatera; coeficients,andhenceredderspectra.

Thereareno obvious peaksin the modelor tree-ringspectrashowvn in figs. 7 and8 andtest-

ing eachindividual spectrumagainsta null hypothesisof AR(1) noisegivesno consistenpeaks

11



above, for example,the 95% confidencdevel. In termsof the detection,attribution and predic-
tion of climatechangethe mostimportanttime scalesaredecadeso centuriesandtherearesome
statisticallysignificantdifferencesbetweenthe modelandthe standardree-ringreconstructions
onthesetime scalesandmary significantdifferencedetweernthe age-bandedndmodelspectra.
For boththetree-ringNH temperatureseries(fig. 7(a)and8(a))thereis significantlymorepower
atthe 20-40yeartime scalethanthe modelcontrol. Thustheremaybea “mode” of variability of
the northernhemispheresummerwhich hasa time scaleof the orderof severaldecadesvhich is
notsimulatedoy themodel. We usetheterm“mode” looselyastheenhancegowerat 20-40years
in the tree-ringreconstructionganbe explainedby an AR(1) model,somaynot be generatedby
acyclic phenomenonNeverthelessthereis a clear*hump” in the spectraat 20-40yearsin mary
of theregionaltree-ringseries(seealsoBriffa and Schweingrube(1992))andno corresponding

featuresn themodel.

For theage-bandedatathereis alsosignificantlymorepowerthanthemodelcontrolat periods
of around100yearsandlonger Again, thisis unlikely to be a cyclic “mode” of variability, but if
thereis realvariability in the climate systemwhich is not simulatedby the modelon thesetime
scales this will have have implicationsfor estimatinguncertaintiesn detection,attribution and
predictionof climatechangeaf the modelis usedasa surrogatefor naturalclimatevariability. As
we shallseein section8 below, therearenaturalclimateforcingswhich vary on thesetime scales

thatmayberesponsibldor the underestimatiof variability by the modelcontrol.

7 Spatial Variability

To comparespatialpatternsof variability of the modelandtree-ringtemperaturgeconstructions
we useEmpirical OrthogonalFunction(EOF) analysis(e.g. North (1984)). Firstly the datawere
averagedinto decadesas we are interestedn patternsof low frequeng variability. The TIBP
serieswas discardedbecauseof its poor performancen the temperaturecalibrationprocedure
(seesection2). EOFswere computedfrom the covariancematrix of the eight remainingseries
wherecovariancesetweenndividual serieswere calculatedusingall the contemporaneoudata
for thoseseriesand eachserieswas weightedby relative area. Principal componentPC) time
serieswhich give thetime-varyingamplitudeof the EOF patternswereformedby projectingthe

EOFsonto the dataonly whendatain all eightregionsexists. This is true for years1615-1985

12



of the standardree-ringdatabut only for years1745-1985for the age-bandedlata,dueto the
reducedengthof theserieghatresultsfrom theage-bandin@f individualtrees(seesection2 and
Briffa et al (2000a)). In comparingthe modelandtree-ringvariance(fig. 5) and power spectra
(fig. 7) accountwastaken of theresidualvariancein the calibrationprocedureln computingthe
EOFswe assumehattheseresidualsareuncorrelatedn spaceandhencedo not affectthe shapeof
the EOF (althoughthey will affect the fraction of the variancecapturedby the leadingeEOF). All

spatialpatternsshovn areorthonormalkothatthe dot productof the patternwith itself is unity.

TheleadingeOF of thestandardree-ringreconstructiongfig. 9) explains39%of thetotal vari-
anceandhaspositiveloadingsfor all regions. Thusthereis a“mode” of variability whichinvolves
coherentemperatureanomaliesof the samesign over the whole northernhemispherdand area.
Again,weusetheterm“mode” looselyasthereis noevidencefor any cyclic behaiour. Thesecond
EOFexplains19%of thevarianceandthethird EOF explains16%. Typical decadabnomaliesas-
sociatedvith aonestandardieviation anomalyin theamplitudeof EOF 1 are,for example,0.13K
in the WNA region and0.04Kin the NWNA region. Thereis no obvious physically-basedpatial
patternto the EOF (otherthanbeinga hemispherigattern),andthe patternis stableto truncating
eachseriesby upto a half andrepeatinghe analysis.The PCfor EOF 1 hasa correlationwith the

NH seriesof 0.96indicatingfurtherthe existenceof a hemispheric-widenodeof variability.

The leading EOF of the age-bandedree-ringreconstructiongfig. 10) explains 53% of the
total varianceand haspositive loadingsin all but one of the regions, CAS, which hasa weak
negative loading. The secondEOF explains16% of the varianceandthe third EOF explains11%.
A measureof the similarity of EOFsis the dot productof the two vectorswhich, asthe EOFs
are constrainedo be orthonormal,is 1 for vectorswhich areidenticaland O for vectorswhich
areorthogonal(i.e. equialentto a patterncorrelation). The dot productof the standardree-ring
andage-bandedeadingEOFsis 0.81indicatinga high degreeof similarity betweenthe leading
“modes” of variability. The PCfor the age-bande&OF 1 hasa correlationwith the age-banded
NH seriesof 0.95.

TheleadingeEOF of themodeldata(fig. 11) explains37% of thetotal varianceandhaspositive
loadingsfor eachtime serieswith the exceptionof NWNA, which hasa weaknegative loading.
The secondEOF explains 20% of the varianceandthe third EOF explains 13%, so thereis less
varianceseparatiorthanin thecaseof thetree-rings.The PCfor themodelEOF 1 hasacorrelation

of 0.76with themodelNH seriessomeavhatlessthanis thecasefor thetree-ringsagainindicating
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thattheleadingeE OFis notsodominanta“mode” for themodel. Thisdiscrepang is moreapparent
when one considersthat the tree-ringreconstructionsre not completelyaccurateand that the
regionsarefully sampledoy thetree-ringnetwork, both of which would tendto reducethe spatial
coherencef the tree-ringreconstructionsThe dot-productof the model EOF with the tree-ring
EOFsis 0.90for the standardree-ringsand0.86 for the age-bandedtree-ringsindicatingthough

thattheleadingmodesof variability aresimilar for the modelandthetree-ringreconstructions.

Thuswe concludethatfor boththe tree-ringrecnstructionsandfor the modelcontrol, thereis
aleadingmodeof variability whichis of onesignover the entirenorthernhemisphereMoreover
thereis a large degreeof similarity betweenboth tree-ringleadingEOFsandthe modelleading
EOF

Takingthe EOFanalysisof tree-ringandmodelseriesandcomparinghemasabove givessome
gualitatve ideaof the similarity or differencein the spatialpatternsof variability. The algorithm
describedy Venzle etal (1999)andoutlinedin the appendixhowever, providesa more quanti-
tative approactio identifying differencedetweerthemodelandthetree-ringdata. Thealgorithm
essentiallymaximiseghe signal-to-noiseatio (S/N) of the tree-ringandmodeldatain the spatial
domaingiving the patternof variability whichis “most different” betweerthetwo datasets(equa-
tion 6). The S/N ratio is a measureof the differencein the spatialpatternsof variability between

thedatasets.

The S/N patternof the standardree-ringreconstructionsndthe modelis shovn in fig. 12. It
hasan eigervalue (signal-to-noiseratio) of 1.29 and explains 34% of the tree-ringvarianceand
24% of the modelvariance.An eigervalueof 1.29is not particularlylarge andis not statistically
significantat ary high probability basedon the significancetestoutlinedin the appendix. The
patternis similar to the leadingEOFsof boththe modelandtree-ringdata(dot productsare0.74
and0.92respectiely). Thusthe “most different” modeof variability betweerthe standardree-
ring dataandthe modelpointsin thedirectionof theleadingtree-ringeOF, hasonly smallsignal-
to-noiseratio andis not significantly differentto that which might be expectedby chance.The
time coeficient of the S/N patternhasrelatively more power at the 20-40yeartime scalesn the
standardree-ringreconstructionshanin the model (not shown), a featurethatis evidentin the
power spectraof the NH series(fig. 7), althoughthis resultis somavhatmaiginal dueto the short

periodof time over which thetime coeficientscanbe estimated1615-1985).
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The S/N patternof the “most different” modebetweerthe modelandthe age-bandedata(fig.
13) doeshowever have a significanteigervalueof 5.64 (i.e., thereis morethan5 timesasmuch
variancein the age-bandettee-ringreconstruction# this patternin comparisorwith the model)
andis someavhat differentfrom the leading EOFsof the model and age-bandedree-rings(dot
productsof 0.45and0.64 respectrely). The maximumloadingsoccurover the Siberianregion
(NSIB andESIB) which correspondso a region with alarge prolongednegative anomalyduring
the17thcentury thelik e of whichis notseenin themodelNSIB series(fig. 3).

Thus,aswasalsoindicatedby theanalysisof the standardieviationsandpower spectrathereis
little differencen theleadingspatialpatternsof variability of the modelandthe standardree-ring
reconstructionsapartfrom anindicationof somevariability at 20-40yearswhich the modeldoes
not simulate(althoughthe statisticalsignificanceof this resultis questionable)Thereis, however,
a significantpatternof variability of the age-bandetree-ringreconstructionshatthe modeldoes
not represenatall. This patternis dominatedoy the Siberianregion wherethe age-bandedree-

ringsshow a periodof negative anomalieswvhich lastedfor severaldecades.

8 The contribution of “natural” climate forcing

We have seenthatthe modelcontrolsimulationunderestimatethe variability of summemNH tem-
peraturesn comparisorwith boththe standardandthe age-bandettee-ringreconstructionsPart
of this underestimatiomnay be dueto whatwe term naturallyforcedvariability (e.g.,changesn
total solarirradianceyolcaniceruptionsnaturalvariationsin greenhousgasesland-usechanges,
etc.) which arenot representedh the control simulation. It would be desirableto run HadCM3
with theseforcingsincludedover the time periodof interesthere,thelast600years,to seeif the
model could simulatefeaturessuchasthe “negative spikes” and more prolongedlarge regional
anomalies.Thereis, however, considerablaincertaintyin suchforcings(e.g.,Crowley and Kim
(1999))suggestinghata numberof simulationsutilizing differentforcing datashouldbe consid-

ered.

We have beenunableto perform suchan ensemblebecauseof constraintson computerre-
sourcesput we have performedan ensembleof four simulationsfrom 1860-1997wvhich include

estimate®f solar(Leanetal (1995))andvolcanic(Satoetal (1993))forcing for usein thedetec-
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tion andattribution of recentclimatechange.This “natural” ensemblgrovidessomeinformation
abouthow muchextra variancethe naturalforcings may addto the control estimatesf climate
variability. Althoughit shouldbe rememberedhatthe simulationsuseforcing estimatesnly for
the period 1860-1997 which may exhibit a differentlevel of variability thanover the full period

from 1400to presenthatthetree-ringdatarepresent.

TheregionalandNH seriesfrom thenaturalensemblereshownnin fig. 14. Therearesix “neg-
ative spikes” or -30 eventsin the naturalensembleorrespondindo volcaniceruptionscompared
to only onesucheventin the controlwhich hasno representationf volcanoesandhenceoccurs
by chance.The NH time seriesfor the four ensemblanembersshov somecommonvariability
andthe varianceof the NH seriesis significantlygreaterthanthe control NH variance(fig. 15),
by a factorof 1.6 for all time scalesanda factorof 1.9 for decadakndgreatertime scales.The
regional seriesalsoshav morevariancethanthe control, althoughsomeof the differencesarenot

statisticallysignificant.

We estimatehe power spectrunof the naturalensembldoy computingthe spectrunof eachin-
dividualmembemndaveraging(fig. 16). Forthe20-40yeartime scale wherethemodelwasfound
to be lackingin variance(fig. 7), the power spectrumof the NH seriesof the naturalsimulations
shovs someenhancemenin comparisorwith the control, indicating that this 20-40 variability
could be forced. However, thereis little sign of the “hump” which is apparenin both tree-ring
spectra.At low frequenciesthereis significantenhancemerin the naturalensemblen compari-
sonwith the control,indicatingthatthe underestimatioof variability by the modelontime scales
of 100 yearsandgreateris possiblydue the lack of naturalforcings. Again it is difficult to be

certainbecausef therelatively shorttime periodof the naturalruns.

Comparingthe averageAR(1) coeficients of the naturalensemblgtable 4) with the AR(1)
coeficientsof the control (table3) we seethatthe naturalforcingsproducdittle changean theay,
or noise,coeficient. For a; coeficients,which give the yearto-yearmemoryor autocorrelation,
thereare smallincreasesn the regional coeficientsin the naturalsimulationsin comparisono
the control, and a morethandoubling of the coeficient for the NH series. Hencethe naturally
forcedrunshave morethantwice the hemispherig/earto-yearmemoryof the control simulation

for summedandtemperatureandthushave aredderNH spectrun(fig. 16).

Thereis alsoa significantenhancememf spectralpower in the naturalNH seriesaroundthe
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10 yeartime scalein comparisorwith the control. While it is impossibleto assesshe individual
contrikbution of the solarandvolcanicforcing without runninga furthertwo ensemblesvith each
forcing separatelya spectralanalysisof the forcing seriesshows that, aroundthe 10 yeartime

scale, muchof theforcing comesfrom thevolcanictermnotfrom the 11 yearsolarcycle.

The EOF analysisof the naturalensemblgroduces leadingmodeof variability whichis very
similar to the leadingEOF of the control simulation(dot productof 0.98), but explainsmore of
thetotal variance(55%). The “most different” or S/N patternanalysisshons no significantmode
of variability which is differentfrom the control (the patternhasa signal-to-noiseation of only
1.52andadotproductof 0.97with thecontrolEOF1). Thusthesolarandvolcanicforcing project
ontoandenhancehe naturalhemispherevide modeof modelclimatevariability, but do notforce
a modeof variability which is significantly differentfrom the internal variability of the model.
Thuswe may tentatively concludethat, althoughthe varianceis enhancedt low-frequenciesn
thenaturalensemblethe patternof variability which is differentbetweertheage-bandettee-ring
reconstructionandthe model(fig. 13)is areal patternof variability of the climate systenmwhich
is not representedby the modelandthusthe modelis inadequaten its simulationof variability.
This conclusionis tentatve becausef uncertaintiesn the tree-ringdataandbecausehe natural
ensemblas only valid for the 1860-1997period, not over the full periodof tree-ringdata,1400-
1994.

9 Conclusions

We have comparedhe variability of a controlrun of a coupledatmosphere-oceanodelwith the
variability of the real climate systeminferred from a network of temperature-sensit tree-ring
densities.Two methodsof combiningthe recordsfrom individual treecoreswereused. Thefirst
(standardmethod)removes ary age-dependergignal by fitting and removing a curve for each
record,but potentiallylosesclimatefluctuationson time scalesof the orderof thelife time of the
tree (Briffa et al (2000b)). The second“age-banding™)attemptgo retainthis low-frequeng be-
haviour, but at the costof lower reliability whentherearefewer tree cores(Briffa et al (2000a)).
Themodelcontrolis unforcedby changesn greenhousgasessolarvariability etc. sothusrepre-

sentsonly the“internal” variability of the climatesystem.
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The variability of the modelcompareseasonablyvell with the standardree-ringreconstruc-
tionsin termsof theabsolutemagnitudeof the variancethefrequeng distribution of the variance
andthe spatialpatternof the variability. However, the modelunderestimatethe northernhemi-
spherdandvarianceby afactorof 1.8 onall time scalesanda factorof 1.5 on decadabhndgreater
time scalesf we take into accountresidualtemperaturezariancenot capturedduring the calibra-
tion of the tree-ringdata. Also, the modellackslarge single-yeamegative anomaliesassociated
with volcaniceruptionswhich arenot representeth thecontrolsimulation.Thereis anindication
thatthe tree-ringreconstructionfiave somevariability on time scalesof 20-40which the model
lacks,althoughthisis unlikely to bea cyclic modeof variability of the climatesystemandit could

easilybeexplainedby anAR(1) process.

The variability of the modeldoesnot compareaswell to the age-bandedree-ringreconstruc-
tions. The modelunderestimatethe northernhemispherdand varianceby a factorof 2.1 on all
time scalesandafactorof 2.7 on decadabhndgreatettime scaledakinginto accountesidualvari-
ancefrom the calibrationprocedure As well asthe negative anomaliesassociatedvith volcanoes
andthe 20-40yearvariability differenceseenin the comparisorwith the standardree-ringdata,
thereis significantlymorevariancein the age-bandedree-ringreconstruction®n time scalesof
100years- muchgreaterthanexhibited by the modelcontrol. Theselong time scalesareimpor-
tantfor thedetectionattributionandpredictionof climatechangeandthereexiststhepossibility of
falseclaimsof climatechangedetectionor unrealisticallylow uncertaintyestimatedor futurecli-
matepredictionsf thetree-ringestimatesrecorrectandthe modelunderestimatethe magnitude

of “natural” climatevariability.

It is importantto consideruncertaintiesn the tree-ringreconstructionswhenconsideringhe
large underestimatiomf climatevariability by the model,andthe differencesn its spatialpattern
in comparisorwith the age-bandedree-ringdata. Examinationof figs. 3, 6 and8 all highlight
the large variability of the age-bandedNSIB series. This is the longestof the regional series
andhencehasa large influenceon the constructionof the age-bandedH series.It alsohasthe
largestvarianceof all theregionalage-bandederiesandshonvs someconsiderabléow-frequeng
variations.We have recomputedhe age-bandedNH seriessubstitutingthe NSIB seriesfrom the
standardalibrationto highlightuncertaintiesn thetree-ringdata.A comparisorof thisNH series
with themodelgivesareductionin theratiosof thetree-ringto modelvariancefrom 2.1to 1.90on

all time scalesandfrom 2.7to 2.1ondecadatime scaleqtakinginto accountheresidualvariance
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of the calibrationprocedure).The power spectrunmof this NH seriesis reducedat centenniatime
scalesin comparisornwith the age-bandedNH power spectrum,but still hassignificantly more
powerthanthemodelNH series.Thepatternof spatialvariability thatis mostdifferentbetweerthe
modelandthe age-bandetreerings(fig. 13)is relatvely unchangean substitutingthe standard
NSIB seriedor theage-bandedlSIB seriesalthoughthe signal-to-noiseatio is reducedrom 5.6
to 3.4. Hence while possibleerrorsin the NSIB seriesdo affect the detailsof the model-tree-ring
comparisonthey do not significantlyalterthe conclusionthatthe modelmay be underestimating

naturalclimatevariability onthe hemispheriscale.

The modelcontrol experimentonly attemptsto simulatethe internalvariability of the climate
system.Therearevariationsin “naturalforcings” over thetime periodof the tree-ringdatawhich
may contributeto theclimatevariability. Theexistenceof single-yeanegative“spikes”in thetree-
ring reconstructionshaw the effect of large volcaniceruptionson climatewhich arenotsimulated
in themodel.We have notbeenableto producea simulationof naturallyforcedclimate,partly due
to restrictionson computertime andpartly dueto the lack of accuratehistoriesof e.g. variations
in solaroutput, with which to force the modelfrom 1400to the presentday. However, we have
analysedan ensembleof four simulationswith solarandvolcanicforcing over the period 1860-
1997. Inclusionof theseforcingsenhanceshe NH variancein comparisorwith the controlby a
factorof 1.6 on all time scalesanda factorof 1.9 on decadatime scales.In termsof the power
spectrathereis enhancemendf NH variability at 20-40yearsand at the centennialtime scale.
Hencethe lack of naturalforcingsin the model could be responsibldor the underestimatiorof
variability in comparisorwith the tree-rinddata. This conclusionis tentatve becauseéhe model

wasnotrun with naturalforcing overthefull tree-ringperiod.

Thestudyraisesseveralrecommendation®r thefutureif the proxyrecordis goingto beuseful

in the validationof climatemodels.

Firstly, it is importantto quantify the uncertaintiesn the proxy recordin orderto make quanti-
tative comparisonsin this studywe have takeninto accounthe residualsof the calibrationin the
comparisorwith the model. In situationswhereproxy recordsare calibratedto representlimate
variables(e.g., Mann et al (1998)) knowledgeof the residualsis important. For this studyit is
the uncertaintyin the low-frequeng variability (asillustratedby the two alternatve approaches
usedto combineall the treedensityrecordstogether)thatis of mostimportance;the calibration

residualgrovide only limited informationaboutuncertaintyon thesetime scales We recommend
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furtherwork in quantifyingerrorsin suchproxy climaterecords.

Secondlyit appearghat, at leastfor the climate variableconsiderechere(summerdand tem-
peratures)thatthereis significantvariability which is forcedby naturalfactorssuchasvariations
in solaroutputandvolcaniceruptions,over andabove the internalvariability of the climatesys-
temwhich arisesfrom non-linearinteractionslt is important,thereforeto representhesefactors
in climatemodelsin orderto make a lik e-with-like comparison.This, in turn, requiresestimates
(with known errorcharacteristics)f thesenaturalforcings,aprocedurevhich requiresanalysisof

variousproxy indicators(e.g.,Crowley andKim (1999)).

In the absenceof instrumentalrecordsof climate, the validation of the variability of climate
modelson time scalesof centuriesand longer can only be achiered by recourseto the proxy
record.Giventheimportanceof this variability in thedetectionattribution andpredictingof future
climate, this validationis crucialif the modelsareto be usedasestimatesf climate variability.
However, thereis still considerablg@rogresgo be madeby boththe proxy datacommunityandthe

modellingcommunitybeforethe wealthof pastclimateinformationcanbe utilized to thefull.

10 Appendix: The Signal-to-NoiseEOF techniqueof Venzke et

al.

Thetechniquedevelopedby Venzle etal (1999)wasusedoy themto find thecommonatmospheric
responsef an ensembleof atmosphere-onlynodel experimentsforced by obsened SSTs. We
reproducehe detailsof the methodherebecausef our slightly differentapplication,which is to
find the patternsof variability thatare“most different” betweenwo differentdatasets,n this case

betweerthe modelandclimateproxy data.

Let M beaspace-timanmatrix of modeldata(e.g.,a seriesof spatialpatternsof surfacetemper
atures)andlet O be a similar space-timematrix computedrom the obsenations(climateproxy).
The numberof spacepointsmustbe the samefor M andO but the numberof time pointscanbe

different.
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First performan SingularValueDecompositiofEOF analysis)of M.
M = Ey Ay PL (1)
Next definethe pre-whiteningoperator F, in thetruncatedeOF space:
FT = ((Aw)") Ef} @
wherek is thenumberof EOFsretainedn thetruncation.Thenpre-whitenO with F,
O’ = F’0, (3)

andperformanSVD of O’
OI — EIAIPIT (4)
whereA’ arethe signal-to-noiseaatios. Projectingthe EOFsbackinto “real” space,

E = FE/, (5)

givesthe signalto noisemaximisingfilters. Theleadingspatialpatternwhich is “most different”

betweerthe modelandthe obsenationsis thengivenby

N Op,
€1 = —~ (6)
1 )\,1
wherep, is thetime seriesobtainedby projectingO ontotheleadingspatialfilter ¢, i.e.
OT¢,
P = (7)
1 )\,1

SeeVenzle etal (1999)for moredetails.

A subtle but neverthelesgrucial,componenof thealgorithmis thelevel of truncation k, of the
EOF spacen the pre-whiteningoperator Venzle et al (1999)suggesexaminingthe cumulatve
ratio of thevarianceof the modelandobsenations,asa functionof x, for plateausvhich suggest
the stability of the algorithm.Becausef the differencebetweertheir applicationof thealgorithm
andours,thisis notpossibleasthereareno obviousplateausHencewe simply take the pragmatic
approachof examiningthe S/N EOFsat all truncationsand picking the maximum« for which

thereappeardo bearegion of stability in the patterns.

Anotherdifferencebetweernhe Venzle et al (1999)applicationof the algorithmandoursis in

the magnitudeof the signal-to-noiseatios. In Venzle et al (1999)the maximumS/N ratioswere
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reasonablyarge (e.g. of order10). For our applicationS/N ratiosaremorelikely to be of order
unity (unlessthereis somelarge differencebetweerthe modelandthe obserationswhich would
be easily seenby looking at, for example,variances)and hencethereis a questionof statistical
significance.To judgestatisticalsignificancewe substitutethe matrix of obsenedvaluesO with
randomlyselectedoortionsof the modelmatrix M andrepeatthe analysis.This is thenrepeated
mary times(e.g.1000)to give apopulationof S/N ratiosthatcanbethoughtof asto have occurred

by chance We thenperformat-testonthe S/N ratio from analysisto getthe significancdevel.
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R |R2(%)| B8 |RMSE
NEUR |0.84| 71 |0.58| 0.37
SEUR | 0.72| 52 |0.35| 0.33
NSIB |0.76| 58 |0.70| 0.59
ESIB |061| 37 |0.46| 0.60
CAS |056| 31 |0.25| 0.36
TIBP |0.36| 13 |[0.08| 0.21
WNA [0.74| 55 |0.38| 0.34
NWNA | 0.60| 36 |0.37| 0.48
ECCA |[0.75| 56 |0.51| 0.45
NH 0.71| 50 |0.18| 0.18

Tablel: Parameter®f the calibrationproces®f the standardree-ringdensityregional chronolo-
gies (seetext for the descriptionof the algorithm). R is the correlationcoeficient, R? is the
explainedvariance,s is the regressioncoeficient and RMSE is the residualmeansquarecderror
(afterBriffaetal (2000Db)).
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R |R?(%)| B |RMSE
NEUR | 0.76| 58 |0.58| 0.44
SEUR | 0.65| 42 |0.39| 0.37
NSIB |0.77| 59 |0.63| 0.58
ESIB | 0.52| 27 |043| 0.64
CAS |053| 28 |0.27| 037
TIBP |0.43| 18 |0.12| 0.20
WNA |0.72| 52 |0.39| 0.37
NWNA | 0.65| 42 |0.40| 0.46
ECCA |0.69| 48 |0.49| 0.49
NH 068 46 | - | 0.19

Table 2: Parameter®f the calibrationprocessof the age-bandedree-ringdensitychronologies
(seetext for the descriptionof the algorithm). R is the correlationcoeficient, R? is the explained
variance S is theregressiorcoeficientandRMSE s theresidualmeansquarecerror. Thereis no
valueof g for the NE reconstructiorbecausenultiple linear regressions used(after Briffa et al
(2000D)).

REGION | standardree-ring| Age-bandedree-ring| HadCM3

a ag aq ag aq ag
NEUR 0.17 0.51 0.31 0.64 0.10 | 0.75
SEUR 0.14 0.42 0.46 0.47 0.058| 0.59
NSIB 0.1 0.61 0.4 0.76 0.097| 0.63
ESIB 0.34 0.45 0.4 0.42 0.027| 0.64
CAS 0.25 0.25 0.25 0.27 0.097| 0.47
TIBP 0.083 | 0.076 | 0.034 0.12 0.025| 0.38
WNA 0.07 0.41 0.24 0.45 0.013| 0.65
NWNA | 0.0065| 0.36 | 0.057 0.39 0.11 | 0.56
ECCA 0.11 0.48 0.13 0.5 0.056| 0.44
NH 0.33 0.18 0.54 0.18 0.18 | 0.2

Table3: Fittedcoeficientsof anAR(1) processg, .1 = a,x, + agz, wherez is unit variancewhite

noisefor thetree-ringandHadCM3controltime series.
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REGION | HadCM3naturalensemble
ai ag
NEUR 0.1 0.74
SEUR 0.071 0.58
NSIB 0.11 0.67
ESIB 0.05 0.69
CAS 0.1 0.47
TIBP 0.14 0.42
WNA 0.068 0.7
NWNA 0.21 0.57
ECCA 0.13 0.46
NH 0.4 0.23

Table4: Averagefitted coeficientsof an AR(1) processxz, 11 = a1z, + agz, Wherez is unit

variancewhite noisefor the HadCM3naturalensemble.
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Figurel: Locationsof individualtree-ringdensitychronologiegdots)andthedefinitionof thenine

regionalseriesusedin the calibrationagainsiobseredtemperaturdafter Briffa etal (2000b)).
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Figure2: The calibratedstandardree-ringseriesfor the nine regionsandfor NH (seefig. 1 for
thedefinitionsof theregions). Thegrey linesaretheannuallyresoheddataandtheblacklinesare

decadabveragedormedfrom these Notethe changen vertical scalefor the NH series.
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Age—banded free—rings
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Figure3: Thecalibratedage-bandetree-ringseriesfor the nineregionsandfor NH (seefig. 1 for
thedefinitionsof theregions). Thegrey linesaretheannuallyresoheddataandtheblacklinesare

decadabveragegormedfrom these Notethe changen verticalscalefor the NH series.
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Figure4: HadCM3controlsimulationApril-Septembetandtemperaturefor the nineregionsand
for NH (seefig. 1 for the definitionsof the regions). The grey lines arethe annual(i.e. April-
Septemberylataandthe blacklines aredecadabveragedormedfrom these.Note the changen
vertical scalefor the NH series.Model yearsarearbitrarybut areexpressedn termsof a model

startyearat 1990.
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(a) Tree ring and model
Annual data
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(b) Tree ring and model
Decadal data
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Figure5: Standarddeviationsharianceof the standardree-ringseriesandthe HadCM3control
seriesfor (a) annualdataand(b) decadabata. Thetree-ringstandardieviationsarethe grey bars
with the residualvariancefrom the calibrationperiod placedon top of thesein white. Model
standarddeviations are the black bars. The ratios of the variancesare shovn buy the numbers
above thebars. The uppernumbersarethe ratioswithout theresidualvariancetakeninto account
at the lower numberswith it takeninto account. Significantly differentratios (at the 95% level

calculatedusing an F-test)are shavn in black glfd thosewhich are not significantare shown in

grey.



a) Age banded tree ring and model
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Annual data

[ [ [ [ [ [ [ [ [ [ -
1'27 0.82 0.81 1.7 0.51 0.36 0.1 0.51 0.49 1.3 1.1 1.4
1.2 1.2 2.5 1.5 0.99 0.38 0.81 1.2 2.6 2.1
1.0F === [ree Ring
0.8
%
C )
O 9
= e
o N
S 0.4 g
[} [
O
° i
o O
>
© 0.2
S
wn
0.1
0.05
0.025
NEUR SEUR NSIB ESIB CAS TIBP WNA NWNA ECCA NH
(b) Age banded tree ring and model
Decadal data
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Figure6: Standardleviations/hariance®f theage-bandettee-ringseriesandtheHadCM3control
seriesfor (a) annualdataand(b) decadabata. Thetree-ringstandardieviationsarethe grey bars
with the residualvariancefrom the calibrationperiod placedon top of thesein white. Model
standarddeviations are the black bars. The ratios of the variancesare shovn buy the numbers
above thebars. The uppernumbersarethe ratioswithout theresidualvariancetakeninto account
at the lower numberswith it takeninto account. Significantly differentratios (at the 95% level

calculatedusing an F-test)are shavn in black ggd thosewhich are not significantare shown in

grey.



(a) NH: Tree ring and model
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Figure7: Pawer spectraof the modelandstandardree-ringseriesfor (a) NH, (b) NEUR and(c)
ECCA.In eachgraphthe modelspectras shovn in grey, the calibratedree-ringspectras shavn
asthe black solid line andthe tree-ringspectrawith the residualvarianceaddedis shovn asthe
black dashedine. Theresidualsvereassumedo be uncorrelatedn time. Wherethe modeland
tree-ringspectraaredifferentat the 95% level accordingto an F-test,the centerof the frequeny

bin is markedwith a diamond.
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(@) NH: Age banded tree ring and model
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Figure8: Pawverspectraof themodelandage-bandettee-ringseriedor (a) NH, (b) NEUR and(c)
ECCA. In eachgraphthe modelspectras shovn in grey, the calibratedrree-ringspectras shavn
asthe black solid line andthe tree-ringspectrawith the residualvarianceaddedis shovn asthe
black dashedine. Theresidualsvereassumedo be uncorrelatedn time. Wherethe modeland
tree-ringspectraaredifferentat the 95% level accordingto an F-test,the centerof the frequeny

bin is markedwith adiamond.
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Tree Ring EOF 1: 39%
T

Figure9: LeadingEOF of the decadabveragedstandardree-ringseries.The figurescorrespond

to the EOFloadingsmultiplied by 100for theregionsindicated.

Age—Banded Tree Ring EOF 1: 53%
\

Figure 10: LeadingEOF of the decadakveragedage-bandedree-ringseries. The figurescorre-

spondto the EOFloadingsmultiplied by 100for theregionsindicated.
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HadCM3 EOF 1: 37%
\

Figurell: LeadingeEOF of the decadabveragedHadCM3series. The figurescorrespondo the
EOFloadingsmultiplied by 100for theregionsindicated.

Tree Ring and HadCM3 S/N PATTERN 1: 1.29
TRUNCATION=6, 34% (OBS), 24% (MODEL)
\ AN

Figure12: Leadingsignal-to-noisamaximisingpatternof the standardree-ringvs. modelseries.

Thefigurescorrespondo the EOFloadingsmultiplied by 100for theregionsindicated.
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Age—Banded Tree Ring and HadCM3 S/N PATTERN 1: 5.64
TRUNCATION=6, 10% (OBS), 13% (MODEL)
T R

Figure 13: Leadingsignal-to-noisemaximising patternof the age-bandedree-ringvs. model

series.Thefigurescorrespondo the EOFloadingsmultiplied by 100for theregionsindicated.
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HadCM3 natural
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Figure 14: RegionalandNH seriesfrom an ensembleof 4 HadCM3experimentswith solarand
volcanicforcing. Thegrey linesaretheannualdataandtheblacklinesaredecadabveragesormed

from these Notethechangen scalefor the NH series.
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(a) HadCM3 control and natural runs
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(b) HadCM3 control and natural runs
Decadal data
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Figure15: Standarddeviationsof the HadCM3naturalensembleandthe HadCM3control series
for (a) annualdataand (b) decadaldata. The naturalensemblestandarddeviationsarethe grey
barsandthe control standardieviationsarethe black bars. Theratiosof the variancesareshovn
buy thenumbersabove thebars.Significantlydifferentratios(atthe 95%level calculatedusingan

F-test)areshavn in blackandthosewhich arenot significantareshavn in grey.
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(a) NH: HadCM3 control and natural runs
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Figure 16: Pawer spectraof the naturalensembleand control for (a) NH, (b) NEUR and (c)
ECCA.In eachgraphthe controlspectras shovn in grey andthe naturalspectran black. Where
the control andnaturalspectraaredifferentat the 95% level accordingto an F-test,the centerof

thefrequeng bin is markedwith adiamond.

40



HadCM3 Natural EOF 1: 55%
\

Figurel7: LeadingEOF of the decadakveragedHadCM3naturalensemble.The figurescorre-
spondto the EOFloadingsmultiplied by 100for theregionsindicated.

HadCM3 Natural and HadCM3 S/N PATTERN 1: 1.52
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Figure18: Leadingsignal-to-noisanaximisingpatternof the modelnaturalensembless. model
control series. The figures correspondo the EOF loadingsmultiplied by 100 for the regions

indicated.
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