
 

Hadley Centre
for Climate Predictions and Research

 

A comparison of the variability of a climate model with 
palaeo-temperature estimates from a network of

tree-ring densities

 

  by:  

Matthew Collins
Timothy J.Osborn ,Simon F.B. Tett,

Keith R. Briffa and Fritz H. Schweingruber

 

  HCTN 16 March 2000 

 

Hadley Centre Technical Note

   



A comparison of the variability of aclimatemodel with

palaeo-temperature estimates from a network of

tree-ring densities.

Matthew Collins
�
,

Timothy J. Osborn
�
, Simon F. B. Tett

�
,

Keith R. Briffa
�

and Fritz H. Schweingruber
�
.

March 31, 2000

�
Hadley Centre for Climate Prediction and Research, The Met. Office, London Road, Bracknell,

RG12 2SZ, UK.
�
Climatic Research Unit, University of East Anglia, Norwich, NR4 7TJ, UK.
�
Swiss Federal Institute for Forest and Snow Research, Zurcherstrasse 111, CH-8903 Birmens-

dorff, Switzerland.

Corresponding Author: Matthew Collins

Hadley Centre for Climate Prediction and Research,

The Met. Office, London Road, Bracknell, RG12 2SZ, UK.

Tel: (44) 01344 856370

Fax: (44) 01344 854898

matcollins@meto.gov.uk

1



Abstract

Validationof thedecadalto centennialtime scalevariability of coupledclimatemodelsis

limited by thescarcityof longobservationalrecords.Proxyindicatorsof climate,suchastree-

rings, ice-coresetc. canbeutilized for this purpose.This studypresentsa quantitative com-

parisonof thevariability of thethird versionof theHadley Centrecoupledocean-atmosphere

modelwith a network of temperature-sensitive tree-ringdensitiescovering thenorthernhigh

latitudes.Thetree-ringdensityrecordsareupto 600yearslong,andweusetemperaturerecon-

structionsbasedon two differentmethodsof removing thebiasdueto changingtreeage.The

first is a standardmethodthatpotentiallyalsoremovesthe low-frequency variability on time

scalesof theorderof the treelife-span.Thesecond(age-banding)maintaineslow-frequency

variability by only comparingsimilar agetreeringsat eachsite,thusavoiding theneedto re-

move theageeffect (but at thecostof greateruncertaintyin theearlieryearswhenfewer tree

coresareavailable).Thevariability of themodelcontrolsimulation,whichrepresentsonly the

internalvariability of theclimatesystem,agreesreasonablywell with thetree-ringreconstruc-

tionsusingthestandardmethod,althoughthemodelmayunderestimatenorthernhemisphere

landtemperaturetotal varianceby asmuchasa factorof 1.8. Agreementwith theage-banded

tree-ringreconstructionsis lessgoodwith themodelunderestimatingthehemisphericvariance

by asmuchasa factorof 2.1onall timescalesandby asmuchasa factorof 2.7ondecadalto

centennialtimescales.Underestimationof thenaturalvariability of climateby themodelis se-

riousasit mayleadto falseclaimsof climatechangedetectionor erroneouslylow uncertainty

estimatesin futureclimatepredictions.It is shown thatsomeof this underestimationmaybe

dueto thelack of naturalclimateforcing in themodelcontrolsimulationdue,for example,to

solarvariability andvolcaniceruptions.Thestudysuggeststhat furtherquantificationof the

uncertaintiesin the proxy data,andinclusionof naturalclimateforcingsin the modelsimu-

lations,areimportantstepsin makingcomparisonsof climatemodelswith the proxy record

over thelast1000years.
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1 Intr oduction

Multi-centuryintegrationsof coupledclimatemodelsarenow routinelyproducedat climatemod-

elling centres.Suchsimulationsareperformedfor variouspurposes,examplesof which include:

testingthe stability of the coupledmodel (e.g. Gordonet al (2000)); examining low-frequency

variability of theclimatesystem(e.g.Collinsetal (2000));anddefining“natural” climatevariabil-

ity asa basisfor statisticaltestingin studiesof thedetection,attribution andpredictionof climate

change(e.g. Tett et al (1999)). Thus it is importantthat the climateof the model is validated

againstobservationsof therealclimatesystem.This involvesnotonly validatingthemeanclimate

of themodel,but alsovalidatingtheclimatevariability overa rangeof spaceandtimescales.

In orderto validatethe variability of a modelon time scalesof centuriesonerequiresmulti-

centuryrecordsof observed climatevariables. Theseare,however, sparse.The longestinstru-

mentallyrecordedseriesis theCentralEnglandTemperaturerecord(Parker et al (1992),Manley

(1974)),reliablebackto 1659,but only representative of temperatureover a relatively smallgeo-

graphicregion. This confoundsthecomparisonwith directclimatemodeloutputwhich is repre-

sentativeof, atbest,temperaturesatthegrid boxsize(e.g.300km)andmaybemorerepresentative

of temperaturesonthescalesof many grid boxes(dueto modelformulationwhichrestrictstheac-

cumulationof energy at the grid scalee.g. Stott andTett (1998)). Also, we areoften interested

in globalor hemisphericscalevariability, becauseof its relevanceto thedetection,attribution and

predictionof climatechange,which singlesite recordscannotprovide. Long recordsof climate

canhoweverbeextractedfrom proxy indicatorssuchastreerings,icecores,corals,boreholetem-

peraturesetc (e.g. Briffa et al (1998a),Joneset al (1998),Mann et al (1998)andmany others)

which arewidely spreadover theglobe. While theseproxy recordsarenot directmeasurements

of, for example,temperatureor precipitation,they do containa wealthof informationaboutpast

climatevariations.

Previouseffortsto comparemodelandproxyvariability havebeensomewhatqualitativein their

approach.SomeexamplesincludeJoneset al (1998),who comparedthe temperaturevariability

of two coupledmodelswith 17 normalisedproxy seriesrepresentinga variety of historicaland

instrumentalrecords,tree-ringdensityandwidth, ice-coresandcorals.They foundthatoneof the

modelsshowedsimilar behaviour to theproxy datain termsof their principal spatialpatternsof

variability, while theothermodelshowedmarkedly differentbehaviour. Crowley andKim (1999)
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comparedthe spectraof global temperaturevariability of two coupledmodelswith the multi-

proxyreconstructionsof Mannetal (1998)andfoundthemto agreeat the90%level oncethey had

removedthenaturally-forcedvariability from theMannet al (1998)datausinganenergy balance

model. Delworth andMann (1999) also comparedthe Mann et al (1998) reconstructionswith

modelgeneratedinterdecadalvariability in theNorthAtlantic regionandfoundsimilarpatternsof

SSTvariability.

Thereareconsiderablechallengesthat theclimatecommunitymustovercometo successfully

utilize proxy recordsin the validationof climatemodels. This includesdevelopingmethodsto

make quantitative comparisonsof modelsandproxy data. We may distinguishtwo distinct ap-

proachesto this problem. (i) An “inverse” method,by which the proxy dataare calibratedto

representlarge-scaleclimatevariablesthat themodelcansimulate,suchastemperatureandpre-

cipitation, prior to the comparison(e.g. the multi-proxy reconstructionsof Mann et al (1998)),

with caretakento accountfor any residualvariancenotaccountedfor in thecalibrationprocedure.

(ii) A “forward” method,proposedby Reichertetal (1999),by which themodelvariablesarepro-

cessedto representtheproxy data.This may involve scalingdown thegrid-scalevariablesof the

modelto amorerepresentative local scaleandthenusingphysicallyor statisticallybasedmethods

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

In thestudydescribedhere,amulti-centuryintegrationof thethird versionof theHadley Centre

coupledmodel(HadCM3- Gordonet al (2000))is comparedwith a numberof regional temper-

aturetimeseries,estimatedfrom a network of tree-ringdensitychronologiesspreadover over the

northernhemisphere(Briffa et al (2000b)),primarily representative of summer(half year)con-

ditions andextendingback600 years. The climatesystemis unlikely to be greatlyaffectedby

orbital variationsover this periodsowe usethecontrolsimulationof themodelwhich hasorbital

parametersthatarefixedto presentdayvalues.Thevalidationof HadCM3duringpastepochsof

very differentclimate,suchasthe last glacialmaximum,will bepresentedelsewhere. We adopt

the“inverse”methodof comparingthetree-ringdataandthemodel.Thetree-ringdatahave been

previouslyaveragedinto nineregionswhicharemorerepresentativeof thespacescaleswhichcan

be realisticallysimulatedby the model(Stott andTett (1998))andarecalibratedusingobserved

recordsof temperaturefrom recenttimes(Briffa et al (2000b)).Correspondingly, we sub-sample

themodelin theninetree-ringregionsduringtheoptimal(April-September)growth seasonof the

trees(Briffaet al (2000b)),in orderto makea like-with-likecomparison.
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In section2 of thepaperthetree-ringnetwork andits calibrationareintroducedandin section

3 HadCM3is describedbriefly. In section4 themodelandtree-ringreconstructionsarecompared

visually. In section5 their variancesarecomparedandin section6 their power spectraarecom-

pared. In section7 the dominantspatialpatternsof variability of the modeland tree-ringsare

contrastedandin section8 thepossiblecontribution to themodelvariability by solarandvolcanic

forcing is assessed.Finally, conclusionsaredrawn in section9.

2 Tree-Ring-DensityChronologies

Theclimatereconstructionsusedherearebasedonanetwork of 387tree-ringdensitychronologies

locatedover muchof the northernhemisphereextratropics(fig. 1). The chronologiesrangein

lengthfrom 100 to morethan600 years,with eachconsistingof, on average,datafrom 25 tree

coresfrom asitecloseto thepresenttimberline(i.e.,athighelevationor highlatitude)to maximise

the potentialtemperaturesignal. Briffa et al (2000b)show that, for this network, a muchmore

reliabletemperaturereconstructioncanbeobtainedfrom thedensityof thewoodformedtowards

theendof eachgrowing season(themaximumlatewooddensity),thanfrom othermeasuressuch

as the width of eachtree ring. The dominantclimate signal in the dataset as a whole is the

growing seasontemperature(Briffa et al (2000b)).Thetiming of thegrowing seasonvarieswith

location,but themeantemperaturefrom April to Septemberprovidesthebestoverall correlations

with tree-ringdensity.

Briffa et al (2000b)combinethe chronologiesinto nine regional averages(alsoshown in fig.

1), andcalibratethemagainstApril to Septembertemperaturesfor eachof theregions,usingsim-

ple linear regressionover theperiod1881-1960.Thecorrelationsbetweenthe regional tree-ring

densityrecordsandthe temperaturesarereproducedin table1, togetherwith thestandarddevia-

tionsof theresidualtemperaturevariationsnotcapturedby thetree-ringdensity(RMSE).Overthe

calibrationperiod,thevarianceof eachreconstructionis lessthanthevarianceof thetemperature

timeseries,with thedifferencebetweenthevariancesbeingequalto thesquareof theRMSE.This

residualvariancemustbeconsideredwhencomparingthevarianceof thereconstructionswith the

climatemodelsimulations. The residualsexhibit significantautocorrelationfor four out of the

nineregions,but thestrengthof theautocorrelationis uncertain- particularlywith regardto how

representative the calibrationperiodis of the pre-1881period- so we make the assumptionthat
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all theresidualsarewhite noise(this simplifiestheinclusionof theresidualsin thecomparisonof

inter-decadalvarianceandpowerspectra).

Briffa et al (2000b)also formed a weightedaverageof the nine regional tree-ring density

records,prior to their calibration. The weightingwas time dependent,andwasbasedon a sta-

tisticalmeasureof thestrengthof theclimatesignalin eachregion (whichdependsuponthenum-

berof chronologieswith datafor a particularyear, andon themeancorrelationbetweenpairsof

chronologieswithin theregion). This recordwascalibratedagainsttheobservedApril to Septem-

bertemperatureaveragedover all landareasnorthof 20� N, andis denotedby “NH”. Thecalibra-

tion parametersfor theNH seriesarealsogivenin table1. Briffa et al (2000b)show that for the

NH reconstruction,andfor sevenout of theninesub-regions,thecorrelationwith temperatureis

higherat thedecadaltimescalethanthatgivenin table1.

The calibratedtemperaturereconstructionsfor the nine sub-regions and the NH region are

shown in fig 2. Theseare the standardtree-ringseriesusedin the presentstudy. Most regions

show awarmingduringthefirst half of thetwentiethcentury, followedby acooling.Summertem-

peraturesin theseregionsdid cool from 1940to 1970,but thishasbeenfollowedby arapidwarm-

ing that thetree-ringdensityhasnot respondedto. Briffa et al (1998b)identifiedthis widespread

declinein thedensitydata(and,to a lesserextent, in the tree-ringwidth datanot usedhere),and

speculatedthatsomeanthropogeniccausewaslikely to have superimposedthis non-temperature-

relatedtrendonto the tree-ringdensityrecords. In this studywe make the assumptionthat this

unknown factor is of anthropogenicorigin anddid not occur in the past. Hencewe attribute all

earliervariationsto changesin growing-seasontemperatures.

In addition to respondingto growing-seasontemperature,the maximumlatewood densityof

eachtree-ringalsodependsuponthe ageof the ring (generallyshowing a downward trendwith

increasingtreeage). Sincethe age-densityfunction is unknown (andis consideredto vary with

locationand treespecies),a generalisedexponentialfunction (a ”Hugershoff” function, Bräker

(1981))wasfitted to eachtreecoreandremoved. This detrendingtechniqueis known as”stan-

dardisation”,and resultsin a loss of multi-centuryvariance,the extent of which is dependent

on treelongevity (Cook et al (1995),Briffa et al (1996)). The standardreconstructions(fig. 2)

may, therefore,be lacking in multi-centuryvariability. To broadenour comparisonswe alsouse

the reconstructionsof Briffa et al (2000a). Thesearebasedon the sametree-ringdensitydata

set,andarefor the sameregionsasthe standardreconstructions.The differenceis that the tree
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coresarenot standardised(i.e., detrended)and,therefore,loseno low-frequency variability. The

age-dependenceis accountedfor by only combiningin absoluteunits thedensityfrom treerings

whoseagefalls in a restrictedrange(or band);combiningdifferentsites,speciesandagebands

(to form theregionalchronologies)is only allowedafternormalisationhasbeenappliedto remove

differencesin absolutemeansandvariances.Full detailsof theprocedurearegivenin Briffa et al

(2000a).

Theseage-bandedregionalchronologiesarecalibratedin thesameway asthestandardrecon-

structions.Theonly exceptionis thattheage-bandedNH reconstructionis obtainedby aprincipal

componentsregressionof the nine regional series. The calibrationstatistics(reproducedfrom

Briffa et al (2000a))aregiven in table2, while the time seriesareshown in fig. 3. Thereis no

artificial lossof multi-centuryvariability, but this is at thecostof greateruncertaintyin theearlier

partof therecordfor which therearefewer treecores(becausetheage-bandedtechniquerequires

moretreecores).As describedin Briffa et al (2000a),onemeasureof thereliability is to evaluate

thestrengthof thevariability that is commonto all agebands.This measureleadsusto truncate

someof theregionalage-bandedseries,comparedto thestandardseries(fig. 3 cf. fig. 2).

Thesetwo alternative, but related,setsof reconstructionsof regional and near-hemispheric

growing seasontemperaturesareusedfor comparisonwith the simulatedvariability. Thesesets

aredenotedby “standard”andby “age-banded”.

3 HadCM3

Theatmosphericcomponentof HadCM3is aversionof theUK Met. OfficeUnifiedModel(Cullen

(1993)).Themodeldynamicsandphysicsaresolvedona �	��

������������� longitude-latitudegrid with

19 hybrid vertical levels. Theoceaniccomponentof themodelis anupdatedversionof thatused

in HadCM2(Johnset al (1997)),which is a versionof the Cox (1984)model,with a horizontal

resolutionof �
���
�������
���
��� and20 levels in thevertical. A significantimprovementwith respect

to thepreviousversionof themodel(HadCM2- Johnset al (1997))is theeliminationof theflux

adjustmentswhich wereneededin HadCM2to keepthe modelclimatestable. HadCM3hasno

flux adjustmenttermandhasa stableclimatein theglobalmean.More detailsof theformulation

of HadCM3andits meanclimatecanbe found in Gordonet al (2000)andPopeet al (2000). A
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descriptionof theclimatevariability simulatedby themodelis givenby Collins et al (2000).

WeanalysetheHadCM3controlsimulationin whichall concentrationsof greenhousegasesand

aerosolsetc. aresetasconstantsrepresentative of thepre-industrialera.Surfaceair temperatures

(ataheightof 1.5m)wereextractedfrom theHadCM3controlexperimentin awayconsistentwith

the calibratedtree-ringdensities.Monthly meantemperatureswereaveragedat modellandgrid

pointsfor April-September. Thenorthernhemisphereof themodelwasthensub-sampledaccord-

ing to theregionsdefinedin fig. 1 to form nineregionaltimeseriesof modeltemperaturesof length

1200years(the first 100 yearsof the experimentwereignoredbecauseof spin-upeffects). The

model“NH” serieswasformedby averagingall theApril-Septemberland temperaturesnorth of

20� N. This is in contrastto thereconstructedtree-ring“NH” serieswhich is formedasaweighted

meanof thenineregional tree-ringreconstructions(althoughthis meanserieswasthencalibrated

againsttheobservedmeantemperaturefrom all landnorth of 20� N). A simplemeanof thenine

regional seriesfrom the modelexplains72% of the varianceof the true “NH” seriesat all time

scalesand90% of the varianceon decadaltime scales. Forming a weightedmeanof the nine

modelregionalseries,usinglinear regressionto determinetheweights,increasesthesefractions

to 88%and96%,respectively.

4 Examination of Time Series

TheregionalandNH seriesof thetree-ringtemperaturedata,with theage-effect removedby using

thestandardtechnique,or removedby usingtheage-bandingtechnique,andthemodelseriesare

all shown in figs. 2-4. A cleardifferencebetweenthemodelandstandardtree-ringtemperature

reconstructionsis theexistenceof large negative temperatureanomalieson yearly time scalesor

“negativespikes” in thetree-ringreconstruction.Thesearemostlikely dueto volcaniceruptions,

which cancausewide-spreadcoolingover thenorthernhemispherelandif theeruptionis violent

enoughto inject sufficient aerosolparticlesinto thestratosphere(e.g. Satoet al (1993)).Briffa et

al (1998a)haveperformedadetailedexaminationof thesignatureof volcaniceruptionsin thetree-

ring chronologiesandhave relatedthemto historicalrecords.In the595yearsof thestandardNH

seriesthereare5 eventsin which thetemperatureanomalydropsbelow threestandarddeviations

from the mean,a numberwhich is significantlygreaterthanthatwhich would be expectedfrom

a Gaussianprocessat lessthan the 1% level. In the 1200 year model NH seriesthereis only
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onenegative ��� eventwhich would have a 73%chanceof occurringin a Gaussiantime seriesof

the samelength. The regional tree-ringtemperaturereconstructionsshow similar large negative

anomalieswhile themodelregion seriesdo not (e.g. therearethree ����� summersin theECCA

standardtree-ringseries(significantat � 1%)but only one ����� summerfor themodelECCAseries

(73%changeof occurring)).Theage-bandedseriesalsoshow these“negativespikes” but arenot

soamenableto thesimpleanalysisof countingnegativeanomaliesbecauseof thecomplicationof

removing thelow-frequency variability from theseries(seelater).Thusthemodelcontroldoesnot

agreewith thetree-ringreconstructionsin thatit lackslargenegativetemperatureanomalieswhich

areassociatedwith historicalvolcaniceruptions.Of coursethis is not surprisingasthemodelis

not forcedwith theradiativeeffectsof suchvolcanoes.In section8 weincludeaparametrisationof

“naturallyforcedvariability”, includingvolcaniceruptions,andassessthedifferencesin variability

betweenthosesimulationsandthecontrol.

Figures2-4alsoshow thetimeseriesaveragedinto decadeswhichemphasizeslower frequency

variability and, to a certainextent, averagesout the effectsof volcaniceruptions. The level of

variability of the standardtree-ringdecadalNH seriesseemsto be in goodagreementwith the

modelNH variability. Thereis clearlymorelow-frequency variability in theage-bandedtree-ring

seriesin comparisonwith thestandardtree-ringdata,whichis expectedbecauseof thenatureof the

age-bandingtechnique.For example,thereis oneparticularlylargeandextendednegativeanomaly

in the age-bandedNSIB series,from 1560 to 1650,which is not evident in the standardNSIB

series.Becauseof thislow-frequency behaviour, theredoesnotappearto besuchagoodagreement

betweenthe age-bandedseriesandthe modelseriesasin the caseof the standardtree-rings. In

the following sectionswe make a quantitative comparisonof model and tree-ringtemperature

reconstructions.

5 Comparisonof Variance

A simple way of comparingthe variability of the tree-ringreconstructionsand the model is to

computethestandarddeviation or varianceof eachseries(fig. 5). As indicatedin section2, there

is someuncertaintyin thevarianceof thetemperaturereconstructionsdueto residualvariancenot

capturedby tree-ringseriesduringthecalibrationperiod.Hencewe make a comparisonwith and

without this extra varianceincludedin thecalculation.
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For theregionalseries,thedifferencesbetweenthestandardtree-ringreconstructionsandmodel

standarddeviations on all time scales(fig. 5(a)) are generallystatisticallysignificant(because

of the large samplesizes)althoughthey arenot generallylarge in absoluteterms. The biggest

differenceis 0.25K for both the ECCA and NSIB serieswith residualvarianceaccountedfor,

leadingto anunderestimationof thevarianceby themodelin theseregionsby factorsof 2.2 and

1.8respectively. It seemsthoughthatthereis no systematicover- or under- estimationof variance

in themodelcontrolsimulation,nor is thereany obviousregionalpattern.This is alsotruefor the

decadalstandarddeviations(fig. 5(b)) althoughsomedifferencesarelesslikely to bestatistically

significantbecauseof the reducedsamplesize. Hencethereappearsto be no consistentbias in

theamplitudeof thevariability simulatedby themodelcontrol, in comparisonwith thestandard

tree-ringreconstructionsfor the regional series. For the NH series,the amplitudeof the model

variability is statisticallyindistinguisablefrom thestandardtree-ringbasedreconstructionswhen

theresidualvariancefrom thecalibrationprocedureis not takeninto account.However, whenthe

residualis considered,the modelunderestimatesthe NH varianceby a factorof 1.8 on all time

scalesanda factorof 1.5on decadalandlongertimescales.

As is evidentby theage-bandedtree-ringseriesin fig. 3, theagreementbetweentheamplitude

of variability of the modelandthe age-bandedtree-ringsis lessgood. On the whole the model

underestimatesthe standarddeviation of temperature,especiallyfor the decadallyaverageddata

(fig. 6(b)) wherethe tree-ringreconstructionshave morevariancefor all the time series,except

CAS andTIBP. Themaximumdisagreementis with theNSIB serieswhichhasover5 timesmore

variancethanthecorrespondingmodelseries.Thestandarddeviation of theage-bandedNH tree

ring series,including the residualfrom the calibrationperiod, is 0.29K (varianceof 0.084K
�
)

comparedto 0.20K (varianceof 0.040K
�
) for the modelNH series. This would meanthat the

varianceof theHadCM3summerNH land temperaturescouldbe underestimatedby asmuchas

a factor of 2.1 on all time scalesand a possiblefactor of 2.7 on time scalesof a decadeand

greater. Hencethereis a consistentunderestimationof hemisphericscalevariability by themodel

in comparisonwith boththeage-bandedtree-ringreconstructionsandthetree-ringsanalysedusing

thestandardmethod.
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6 Power Spectra

A comparisonof standarddeviationsor variancesonly highlightsdifferencesin theabsoluteam-

plitudeof variability. Theclimatesystemvariesdifferentlyon differenttime scalesandhenceit

might bemoreinstructive to comparetherelativevarianceof themodelandtree-ringtemperature

reconstructionsat differenttime scales.This canbeachievedby comparingthepower spectraof

eachseries. We calculatepower spectraby taking the Fourier Transformof the autocovariance

functionof the time seriesandthenapplyingtheTukey-Hanningwindow to geta consistentand

unbiasedestimate(e.g. Chatfield(1984)).A window width of 100yearswasusedin orderto get

relatively smooth,bias-freespectra,while retainingthecenturytime scale(the lowestfrequency

estimatedby theprocedurecorrespondsto twice thewindow width, 200years).As in thecompar-

isonof variance,accountwastakenof theresidualvariancefrom thecalibrationprocedure.This

wasassumedto beuncorrelatedin time (white) sothat thesameresidualpower wasaddedto the

tree-ringspectraat eachfrequency.

Figure7 shows thepower spectraof themodelandstandardtree-ringNH, NEUR andECCA

series,andfig. 8 shows thesamefor themodelcomparedto theage-bandedtree-ringreconstruc-

tions. The spectraof both the modelandthe tree-ringseriesaregenerallyred in character(i.e.

thereis morepowerat low frequenciesthanathigh frequencies)althoughthey arenotstronglyso.

Wecanjudgetherednessof thespectraby fitting anAuto-regressiveprocessof order1 (AR(1) or

Markov processdefinedas ����� �! #"$� ���&% "('*) wherethesubscriptsreferto discretetime intervals

(yearsin thiscase)and ) is randomvariable(whitenoise)with unit variance)to eachseriesin turn

(table3). In anAR(1) processthe "	� coefficient (i.e. thelag-oneautocorrelation)definestheyear-

to-year“memory” of thesystem. Theage-bandedtree-ringdatahaslarger "	� coefficientsthanthe

standarddata(asexpectedbecauseof the age-bandingtechnique)thusthereis a greaterlevel of

low-frequency variability comparedto high-frequency variability. The "	� coefficientsfor boththe

standardandage-bandedNH seriesarerelatively larger thannearlyall of the correspondingre-

gionalseriesindicatingthatthereis moreyear-to-yearmemoryonthehemisphericscalecompared

to theregionalscale.In comparisonwith themodel,boththestandardandage-bandedtree-rings

havegreater"	� coefficients,andhenceredderspectra.

Thereareno obviouspeaksin themodelor tree-ringspectrashown in figs. 7 and8 andtest-

ing eachindividual spectrumagainsta null hypothesisof AR(1) noisegivesno consistentpeaks

11



above, for example,the 95% confidencelevel. In termsof the detection,attribution andpredic-

tion of climatechange,themostimportanttimescalesaredecadesto centuriesandtherearesome

statisticallysignificantdifferencesbetweenthe modelandthe standardtree-ringreconstructions

on thesetimescales,andmany significantdifferencesbetweentheage-bandedandmodelspectra.

For boththetree-ringNH temperatureseries(fig. 7(a)and8(a))thereis significantlymorepower

at the20-40yeartime scalethanthemodelcontrol. Thustheremaybea “mode” of variability of

thenorthernhemispheresummerwhich hasa time scaleof theorderof severaldecadeswhich is

notsimulatedby themodel.Weusetheterm“mode” looselyastheenhancedpowerat20-40years

in thetree-ringreconstructionscanbeexplainedby anAR(1) model,somaynot begeneratedby

a cyclic phenomenon.Nevertheless,thereis a clear“hump” in thespectraat 20-40yearsin many

of the regional tree-ringseries(seealsoBriffa andSchweingruber(1992))andno corresponding

featuresin themodel.

For theage-bandeddatathereis alsosignificantlymorepowerthanthemodelcontrolatperiods

of around100yearsandlonger. Again, this is unlikely to bea cyclic “mode” of variability, but if

thereis real variability in the climatesystemwhich is not simulatedby the modelon thesetime

scales,this will have have implicationsfor estimatinguncertaintiesin detection,attribution and

predictionof climatechangeif themodelis usedasa surrogatefor naturalclimatevariability. As

we shallseein section8 below, therearenaturalclimateforcingswhich varyon thesetime scales

thatmayberesponsiblefor theunderestimationof variability by themodelcontrol.

7 Spatial Variability

To comparespatialpatternsof variability of themodelandtree-ringtemperaturereconstructions

we useEmpiricalOrthogonalFunction(EOF)analysis(e.g. North (1984)). Firstly thedatawere

averagedinto decadesas we are interestedin patternsof low frequency variability. The TIBP

serieswas discardedbecauseof its poor performancein the temperaturecalibrationprocedure

(seesection2). EOFswerecomputedfrom the covariancematrix of the eight remainingseries

wherecovariancesbetweenindividual serieswerecalculatedusingall thecontemporaneousdata

for thoseseriesandeachserieswasweightedby relative area. Principal component(PC) time

series,which give thetime-varyingamplitudeof theEOFpatterns,wereformedby projectingthe

EOFsonto the dataonly whendatain all eight regionsexists. This is true for years1615-1985
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of the standardtree-ringdatabut only for years1745-1985for the age-bandeddata,due to the

reducedlengthof theseriesthatresultsfrom theage-bandingof individual trees(seesection2 and

Briffa et al (2000a)). In comparingthe modelandtree-ringvariance(fig. 5) andpower spectra

(fig. 7) accountwastakenof theresidualvariancein thecalibrationprocedure.In computingthe

EOFsweassumethattheseresidualsareuncorrelatedin spaceandhencedonotaffect theshapeof

theEOF(althoughthey will affect thefractionof thevariancecapturedby the leadingEOF).All

spatialpatternsshown areorthonormalsothatthedot productof thepatternwith itself is unity.

TheleadingEOFof thestandardtree-ringreconstructions(fig. 9) explains39%of thetotalvari-

anceandhaspositiveloadingsfor all regions.Thusthereis a“mode” of variability which involves

coherenttemperatureanomaliesof the samesign over the wholenorthernhemisphereland area.

Again,weusetheterm“mode” looselyasthereisnoevidencefor any cyclic behaviour. Thesecond

EOFexplains19%of thevarianceandthethird EOFexplains16%.Typicaldecadalanomaliesas-

sociatedwith aonestandarddeviationanomalyin theamplitudeof EOF1 are,for example,0.13K

in theWNA region and0.04Kin theNWNA region. Thereis no obviousphysically-basedspatial

patternto theEOF(otherthanbeinga hemisphericpattern),andthepatternis stableto truncating

eachseriesby up to ahalf andrepeatingtheanalysis.ThePCfor EOF1 hasacorrelationwith the

NH seriesof 0.96indicatingfurthertheexistenceof ahemispheric-widemodeof variability.

The leadingEOF of the age-bandedtree-ringreconstructions(fig. 10) explains 53% of the

total varianceand haspositive loadingsin all but one of the regions, CAS, which hasa weak

negative loading.ThesecondEOFexplains16%of thevarianceandthethird EOFexplains11%.

A measureof the similarity of EOFsis the dot productof the two vectorswhich, as the EOFs

areconstrainedto be orthonormal,is 1 for vectorswhich are identicaland0 for vectorswhich

areorthogonal(i.e. equivalentto a patterncorrelation).Thedot productof thestandardtree-ring

andage-bandedleadingEOFsis 0.81 indicatinga high degreeof similarity betweenthe leading

“modes”of variability. ThePCfor theage-bandedEOF1 hasa correlationwith theage-banded

NH seriesof 0.95.

TheleadingEOFof themodeldata(fig. 11)explains37%of thetotal varianceandhaspositive

loadingsfor eachtime series,with theexceptionof NWNA, which hasa weaknegative loading.

The secondEOF explains20% of the varianceandthe third EOF explains13%, so thereis less

varianceseparationthanin thecaseof thetree-rings.ThePCfor themodelEOF1 hasacorrelation

of 0.76with themodelNH series,somewhatlessthanis thecasefor thetree-ringsagainindicating
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thattheleadingEOFis notsodominanta“mode” for themodel.Thisdiscrepancy is moreapparent

when one considersthat the tree-ringreconstructionsare not completelyaccurateand that the

regionsarefully sampledby thetree-ringnetwork, bothof which would tendto reducethespatial

coherenceof the tree-ringreconstructions.Thedot-productof themodelEOFwith the tree-ring

EOFsis 0.90for thestandardtree-ringsand0.86for theage-bandedtree-ringsindicatingthough

thattheleadingmodesof variability aresimilar for themodelandthetree-ringreconstructions.

Thuswe concludethat for boththetree-ringrecnstructions,andfor themodelcontrol,thereis

a leadingmodeof variability which is of onesignover theentirenorthernhemisphere.Moreover

thereis a large degreeof similarity betweenboth tree-ringleadingEOFsandthe model leading

EOF.

TakingtheEOFanalysisof tree-ringandmodelseriesandcomparingthemasabovegivessome

qualitative ideaof thesimilarity or differencein thespatialpatternsof variability. Thealgorithm

describedby Venzke et al (1999)andoutlinedin theappendix,however, providesa morequanti-

tativeapproachto identifyingdifferencesbetweenthemodelandthetree-ringdata.Thealgorithm

essentiallymaximisesthesignal-to-noiseratio (S/N) of thetree-ringandmodeldatain thespatial

domaingiving thepatternof variability which is “mostdifferent”betweenthetwo datasets(equa-

tion 6). TheS/N ratio is a measureof thedifferencein thespatialpatternsof variability between

thedatasets.

TheS/N patternof thestandardtree-ringreconstructionsandthemodelis shown in fig. 12. It

hasan eigenvalue(signal-to-noiseratio) of 1.29andexplains34% of the tree-ringvarianceand

24%of themodelvariance.An eigenvalueof 1.29is not particularlylargeandis not statistically

significantat any high probability basedon the significancetestoutlined in the appendix. The

patternis similar to the leadingEOFsof boththemodelandtree-ringdata(dot productsare0.74

and0.92respectively). Thusthe “most different” modeof variability betweenthestandardtree-

ring dataandthemodelpointsin thedirectionof theleadingtree-ringEOF, hasonly smallsignal-

to-noiseratio andis not significantlydifferent to that which might be expectedby chance.The

time coefficient of theS/N patternhasrelatively morepower at the20-40yeartime scalesin the

standardtree-ringreconstructionsthanin the model(not shown), a featurethat is evident in the

powerspectraof theNH series(fig. 7), althoughthis resultis somewhatmarginal dueto theshort

periodof timeoverwhich thetimecoefficientscanbeestimated(1615-1985).
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TheS/N patternof the“most different” modebetweenthemodelandtheage-bandeddata(fig.

13) doeshowever have a significanteigenvalueof 5.64(i.e., thereis morethan5 timesasmuch

variancein theage-bandedtree-ringreconstructionsin this patternin comparisonwith themodel)

and is somewhat different from the leadingEOFsof the model andage-bandedtree-rings(dot

productsof 0.45and0.64 respectively). The maximumloadingsoccurover the Siberianregion

(NSIB andESIB) which correspondsto a region with a largeprolongednegativeanomalyduring

the17thcentury, thelikeof which is not seenin themodelNSIB series(fig. 3).

Thus,aswasalsoindicatedby theanalysisof thestandarddeviationsandpowerspectra,thereis

little differencein theleadingspatialpatternsof variability of themodelandthestandardtree-ring

reconstructions,apartfrom anindicationof somevariability at 20-40yearswhich themodeldoes

notsimulate(althoughthestatisticalsignificanceof this resultis questionable).Thereis, however,

a significantpatternof variability of theage-bandedtree-ringreconstructionsthat themodeldoes

not representat all. This patternis dominatedby theSiberianregion wheretheage-bandedtree-

ringsshow aperiodof negativeanomalieswhich lastedfor severaldecades.

8 The contribution of “natural” climate forcing

Wehaveseenthatthemodelcontrolsimulationunderestimatesthevariability of summerNH tem-

peraturesin comparisonwith boththestandardandtheage-bandedtree-ringreconstructions.Part

of this underestimationmaybedueto whatwe termnaturallyforcedvariability (e.g.,changesin

totalsolarirradiance,volcaniceruptions,naturalvariationsin greenhousegases,land-usechanges,

etc.) which arenot representedin the control simulation. It would be desirableto run HadCM3

with theseforcingsincludedover thetime periodof interesthere,the last600years,to seeif the

modelcould simulatefeaturessuchasthe “negative spikes” andmoreprolongedlarge regional

anomalies.Thereis, however, considerableuncertaintyin suchforcings(e.g.,Crowley andKim

(1999))suggestingthata numberof simulationsutilizing differentforcing datashouldbeconsid-

ered.

We have beenunableto perform suchan ensemblebecauseof constraintson computerre-

sources,but we have performedanensembleof four simulationsfrom 1860-1997which include

estimatesof solar(Leanet al (1995))andvolcanic(Satoet al (1993))forcing for usein thedetec-
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tion andattribution of recentclimatechange.This “natural” ensembleprovidessomeinformation

abouthow muchextra variancethe naturalforcingsmay addto the control estimatesof climate

variability. Althoughit shouldberememberedthat thesimulationsuseforcing estimatesonly for

theperiod1860-1997,which mayexhibit a differentlevel of variability thanover the full period

from 1400to presentthatthetree-ringdatarepresent.

TheregionalandNH seriesfrom thenaturalensembleareshown in fig. 14. Therearesix “neg-

ativespikes”or -3� eventsin thenaturalensemblecorrespondingto volcaniceruptions,compared

to only onesuchevent in thecontrolwhich hasno representationof volcanoesandhenceoccurs

by chance.The NH time seriesfor the four ensemblemembersshow somecommonvariability

andthevarianceof theNH seriesis significantlygreaterthanthe control NH variance(fig. 15),

by a factorof 1.6 for all time scalesanda factorof 1.9 for decadalandgreatertime scales.The

regionalseriesalsoshow morevariancethanthecontrol,althoughsomeof thedifferencesarenot

statisticallysignificant.

Weestimatethepowerspectrumof thenaturalensembleby computingthespectrumof eachin-

dividualmemberandaveraging(fig. 16). For the20-40yeartimescale,wherethemodelwasfound

to be lackingin variance(fig. 7), thepower spectrumof theNH seriesof thenaturalsimulations

shows someenhancementin comparisonwith the control, indicating that this 20-40 variability

could be forced. However, thereis little sign of the “hump” which is apparentin both tree-ring

spectra.At low frequencies,thereis significantenhancementin thenaturalensemblein compari-

sonwith thecontrol,indicatingthattheunderestimationof variability by themodelon timescales

of 100 yearsandgreateris possiblydue the lack of naturalforcings. Again it is difficult to be

certainbecauseof therelatively shorttimeperiodof thenaturalruns.

Comparingthe averageAR(1) coefficients of the naturalensemble(table 4) with the AR(1)

coefficientsof thecontrol(table3) weseethatthenaturalforcingsproducelittle changein the "+' ,
or noise,coefficient. For "	� coefficients,which give theyear-to-yearmemoryor autocorrelation,

therearesmall increasesin the regional coefficientsin the naturalsimulationsin comparisonto

the control, anda morethandoublingof the coefficient for the NH series. Hencethe naturally

forcedrunshave morethantwice thehemisphericyear-to-yearmemoryof thecontrolsimulation

for summerlandtemperaturesandthushavea redderNH spectrum(fig. 16).

Thereis alsoa significantenhancementof spectralpower in thenaturalNH seriesaroundthe
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10 yeartime scalein comparisonwith thecontrol. While it is impossibleto assessthe individual

contribution of thesolarandvolcanicforcing without runninga further two ensembleswith each

forcing separately, a spectralanalysisof the forcing seriesshows that, aroundthe 10 year time

scale,muchof theforcingcomesfrom thevolcanictermnot from the11yearsolarcycle.

TheEOFanalysisof thenaturalensembleproducesa leadingmodeof variability which is very

similar to the leadingEOF of the control simulation(dot productof 0.98),but explainsmoreof

thetotal variance(55%). The“most different” or S/N patternanalysisshows no significantmode

of variability which is differentfrom thecontrol (the patternhasa signal-to-noiserationof only

1.52andadotproductof 0.97with thecontrolEOF1). Thusthesolarandvolcanicforcingproject

ontoandenhancethenaturalhemispherewidemodeof modelclimatevariability, but donot force

a modeof variability which is significantlydifferent from the internalvariability of the model.

Thuswe may tentatively concludethat, althoughthe varianceis enhancedat low-frequenciesin

thenaturalensemble,thepatternof variability which is differentbetweentheage-bandedtree-ring

reconstructionsandthemodel(fig. 13) is a realpatternof variability of theclimatesystemwhich

is not representedby the modelandthusthemodelis inadequatein its simulationof variability.

This conclusionis tentative becauseof uncertaintiesin the tree-ringdataandbecausethenatural

ensembleis only valid for the1860-1997period,not over the full periodof tree-ringdata,1400-

1994.

9 Conclusions

We have comparedthevariability of a controlrun of a coupledatmosphere-oceanmodelwith the

variability of the real climatesysteminferred from a network of temperature-sensitive tree-ring

densities.Two methodsof combiningtherecordsfrom individual treecoreswereused.Thefirst

(standardmethod)removesany age-dependentsignal by fitting and removing a curve for each

record,but potentiallylosesclimatefluctuationson time scalesof theorderof thelife time of the

tree(Briffa et al (2000b)).Thesecond(“age-banding”)attemptsto retainthis low-frequency be-

haviour, but at thecostof lower reliability whentherearefewer treecores(Briffa et al (2000a)).

Themodelcontrolis unforcedby changesin greenhousegases,solarvariability etc.sothusrepre-

sentsonly the“internal” variability of theclimatesystem.
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Thevariability of themodelcomparesreasonablywell with thestandardtree-ringreconstruc-

tionsin termsof theabsolutemagnitudeof thevariance,thefrequency distributionof thevariance

andthe spatialpatternof the variability. However, the modelunderestimatesthe northernhemi-

spherelandvarianceby a factorof 1.8onall timescalesanda factorof 1.5ondecadalandgreater

time scalesif we take into accountresidualtemperaturevariancenot capturedduring thecalibra-

tion of the tree-ringdata. Also, the modellackslarge single-yearnegative anomaliesassociated

with volcaniceruptionswhicharenot representedin thecontrolsimulation.Thereis anindication

that the tree-ringreconstructionshave somevariability on time scalesof 20-40which the model

lacks,althoughthis is unlikely to beacyclic modeof variability of theclimatesystemandit could

easilybeexplainedby anAR(1) process.

Thevariability of themodeldoesnot compareaswell to theage-bandedtree-ringreconstruc-

tions. Themodelunderestimatesthenorthernhemispherelandvarianceby a factorof 2.1 on all

timescalesanda factorof 2.7ondecadalandgreatertimescalestakinginto accountresidualvari-

ancefrom thecalibrationprocedure.As well asthenegativeanomaliesassociatedwith volcanoes

andthe20-40yearvariability differencesseenin thecomparisonwith thestandardtree-ringdata,

thereis significantlymorevariancein theage-bandedtree-ringreconstructionson time scalesof

100years- muchgreaterthanexhibitedby themodelcontrol. Theselong time scalesareimpor-

tantfor thedetection,attributionandpredictionof climatechangeandthereexiststhepossibilityof

falseclaimsof climatechangedetectionor unrealisticallylow uncertaintyestimatesfor futurecli-

matepredictionsif thetree-ringestimatesarecorrectandthemodelunderestimatesthemagnitude

of “natural” climatevariability.

It is importantto consideruncertaintiesin the tree-ringreconstructions,whenconsideringthe

largeunderestimationof climatevariability by themodel,andthedifferencesin its spatialpattern

in comparisonwith the age-bandedtree-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 theconstructionof theage-bandedNH series.It alsohasthe

largestvarianceof all theregionalage-bandedseriesandshowssomeconsiderablelow-frequency

variations.We have recomputedtheage-bandedNH seriessubstitutingtheNSIB seriesfrom the

standardcalibrationto highlightuncertaintiesin thetree-ringdata.A comparisonof thisNH series

with themodelgivesa reductionin theratiosof thetree-ringto modelvariancefrom 2.1to 1.9on

all timescalesandfrom 2.7to 2.1ondecadaltimescales(takinginto accounttheresidualvariance
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of thecalibrationprocedure).Thepower spectrumof this NH seriesis reducedat centennialtime

scalesin comparisonwith the age-bandedNH power spectrum,but still hassignificantly more

powerthanthemodelNH series.Thepatternof spatialvariability thatis mostdifferentbetweenthe

modelandtheage-bandedtreerings(fig. 13) is relatively unchangedon substitutingthestandard

NSIB seriesfor theage-bandedNSIB series,althoughthesignal-to-noiseratio is reducedfrom 5.6

to 3.4. Hence,while possibleerrorsin theNSIB seriesdo affect thedetailsof themodel-tree-ring

comparison,they do not significantlyalter theconclusionthat themodelmaybeunderestimating

naturalclimatevariability on thehemisphericscale.

Themodelcontrolexperimentonly attemptsto simulatethe internalvariability of theclimate

system.Therearevariationsin “naturalforcings” over thetime periodof thetree-ringdatawhich

maycontributeto theclimatevariability. Theexistenceof single-yearnegative“spikes” in thetree-

ring reconstructionsshow theeffectof largevolcaniceruptionsonclimatewhicharenotsimulated

in themodel.Wehavenotbeenableto produceasimulationof naturallyforcedclimate,partlydue

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 period1860-

1997. Inclusionof theseforcingsenhancestheNH variancein comparisonwith thecontrolby a

factorof 1.6 on all time scalesanda factorof 1.9 on decadaltime scales.In termsof thepower

spectra,thereis enhancementof NH variability at 20-40yearsandat the centennialtime scale.

Hencethe lack of naturalforcingsin the modelcould be responsiblefor the underestimationof

variability in comparisonwith the tree-rinddata. This conclusionis tentative becausethe model

wasnot run with naturalforcing over thefull tree-ringperiod.

Thestudyraisesseveralrecommendationsfor thefutureif theproxyrecordis goingto beuseful

in thevalidationof climatemodels.

Firstly, it is importantto quantifytheuncertaintiesin theproxy recordin orderto makequanti-

tativecomparisons.In this studywe have takeninto accounttheresidualsof thecalibrationin the

comparisonwith themodel. In situationswhereproxy recordsarecalibratedto representclimate

variables(e.g.,Mann et al (1998))knowledgeof the residualsis important. For this study it is

the uncertaintyin the low-frequency variability (as illustratedby the two alternative approaches

usedto combineall the treedensityrecordstogether)that is of mostimportance;the calibration

residualsprovideonly limited informationaboutuncertaintyon thesetimescales.Werecommend
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furtherwork in quantifyingerrorsin suchproxy climaterecords.

Secondly, it appearsthat, at leastfor the climatevariableconsideredhere(summerland tem-

peratures),thatthereis significantvariability which is forcedby naturalfactorssuchasvariations

in solaroutputandvolcaniceruptions,over andabove the internalvariability of theclimatesys-

temwhich arisesfrom non-linearinteractions.It is important,therefore,to representthesefactors

in climatemodelsin orderto make a like-with-like comparison.This, in turn, requiresestimates

(with known errorcharacteristics)of thesenaturalforcings,aprocedurewhichrequiresanalysisof

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

In the absenceof instrumentalrecordsof climate, the validationof the variability of climate

modelson time scalesof centuriesand longer can only be achieved by recourseto the proxy

record.Giventheimportanceof thisvariability in thedetection,attributionandpredictingof future

climate,this validationis crucial if the modelsareto be usedasestimatesof climatevariability.

However, thereis still considerableprogressto bemadeby boththeproxydatacommunityandthe

modellingcommunitybeforethewealthof pastclimateinformationcanbeutilized to thefull.

10 Appendix: The Signal-to-NoiseEOF techniqueof Venzkeet

al.

Thetechniquedevelopedby Venzkeetal (1999)wasusedby themto find thecommonatmospheric

responseof an ensembleof atmosphere-onlymodelexperimentsforcedby observed SSTs. We

reproducethedetailsof themethodherebecauseof our slightly differentapplication,which is to

find thepatternsof variability thatare“mostdifferent”betweentwo differentdatasets,in thiscase

betweenthemodelandclimateproxy data.

Let , beaspace-timematrixof modeldata(e.g.,aseriesof spatialpatternsof surfacetemper-

atures)andlet - bea similar space-timematrix computedfrom theobservations(climateproxy).

Thenumberof spacepointsmustbethesamefor , and - but thenumberof time pointscanbe

different.
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First performanSingularValueDecomposition(EOFanalysis)of , .

,  #.0/213/5406/ (1)

Next definethepre-whiteningoperator, 7 , in thetruncatedEOFspace:

7 68 :9;9<13/5=?>�@BA<=?C � . >D@EA/ (2)

where F is thenumberof EOFsretainedin thetruncation.Thenpre-whiten- with 7 ,

-�G  7 6 -IH (3)

andperformanSVD of - G
-�G  #. G 1 G 4 G 6 (4)

where 1 G arethesignal-to-noiseratios.ProjectingtheEOFsbackinto “real” space,

J.# 7 . G H (5)

givesthesignalto noisemaximisingfilters. Theleadingspatialpatternwhich is “most different”

betweenthemodelandtheobservationsis thengivenby

KL �! -0M �N G � H (6)

whereM � is thetimeseriesobtainedby projecting - ontotheleadingspatialfilter
JL � i.e.

M �O - 6 JL �N G � � (7)

SeeVenzkeet al (1999)for moredetails.

A subtle,but neverthelesscrucial,componentof thealgorithmis thelevelof truncation,F , of the

EOFspacein thepre-whiteningoperator. Venzke et al (1999)suggestexaminingthecumulative

ratio of thevarianceof themodelandobservations,asa functionof F , for plateauswhich suggest

thestabilityof thealgorithm.Becauseof thedifferencebetweentheirapplicationof thealgorithm

andours,this is notpossibleastherearenoobviousplateaus.Hencewesimply takethepragmatic

approachof examining the S/N EOFsat all truncationsandpicking the maximum F for which

thereappearsto bea regionof stability in thepatterns.

AnotherdifferencebetweentheVenzke et al (1999)applicationof thealgorithmandoursis in

themagnitudeof thesignal-to-noiseratios. In Venzke et al (1999)themaximumS/N ratioswere
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reasonablylarge (e.g. of order10). For our applicationS/N ratiosaremorelikely to beof order

unity (unlessthereis somelargedifferencebetweenthemodelandtheobservationswhich would

be easilyseenby looking at, for example,variances)andhencethereis a questionof statistical

significance.To judgestatisticalsignificancewe substitutethematrix of observedvalues - with

randomlyselectedportionsof themodelmatrix , andrepeattheanalysis.This is thenrepeated

many times(e.g.1000)to giveapopulationof S/Nratiosthatcanbethoughtof asto haveoccurred

by chance.We thenperforma t-teston theS/N ratio from analysisto getthesignificancelevel.
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P P �
(%) Q 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 0.61 37 0.46 0.60

CAS 0.56 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

Table1: Parametersof thecalibrationprocessof thestandardtree-ringdensityregionalchronolo-

gies (seetext for the descriptionof the algorithm).
P

is the correlationcoefficient,
P �

is the

explainedvariance,Q is the regressioncoefficient andRMSE is the residualmeansquarederror

(afterBriffaet al (2000b)).
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P P �
(%) Q 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 0.43 0.64

CAS 0.53 28 0.27 0.37

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 0.68 46 - 0.19

Table2: Parametersof the calibrationprocessof the age-bandedtree-ringdensitychronologies

(seetext for thedescriptionof thealgorithm).
P

is thecorrelationcoefficient,
P �

is theexplained

variance,Q is theregressioncoefficientandRMSEis theresidualmeansquarederror. Thereis no

valueof Q for theNE reconstructionbecausemultiple linear regressionis used(afterBriffa et al

(2000b)).

REGION standardtree-ring Age-bandedtree-ring HadCM3

"	� "+' "	� "+' "	� "('

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: Fittedcoefficientsof anAR(1) process,���R� �O S"	� ���T% "+'*) , where) is unit variancewhite

noisefor thetree-ringandHadCM3controltime series.
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REGION HadCM3naturalensemble

"$� "('

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 coefficientsof an AR(1) process,���R� �U V"	� ���5% "('*) , where ) is unit

variancewhitenoisefor theHadCM3naturalensemble.

ECCA

NEUR

SEUR

NSIB

ESIB

CAS

TIBP

WNA

NWNA

Figure1: Locationsof individualtree-ringdensitychronologies(dots)andthedefinitionof thenine

regionalseriesusedin thecalibrationagainstobservedtemperature(afterBriffa etal (2000b)).
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Figure2: Thecalibratedstandardtree-ringseriesfor thenine regionsandfor NH (seefig. 1 for

thedefinitionsof theregions).Thegrey linesaretheannuallyresolveddataandtheblacklinesare

decadalaveragesformedfrom these.Notethechangein verticalscalefor theNH series.

28



Figure3: Thecalibratedage-bandedtree-ringseriesfor thenineregionsandfor NH (seefig. 1 for

thedefinitionsof theregions).Thegrey linesaretheannuallyresolveddataandtheblacklinesare

decadalaveragesformedfrom these.Notethechangein verticalscalefor theNH series.
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Figure4: HadCM3controlsimulationApril-Septemberlandtemperaturesfor thenineregionsand

for NH (seefig. 1 for the definitionsof the regions). The grey lines arethe annual(i.e. April-

September)dataandtheblack linesaredecadalaveragesformedfrom these.Note thechangein

verticalscalefor theNH series.Model yearsarearbitrarybut areexpressedin termsof a model

startyearat 1990.
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Figure5: Standarddeviations/variancesof thestandardtree-ringseriesandtheHadCM3control

seriesfor (a) annualdataand(b) decadaldata.Thetree-ringstandarddeviationsarethegrey bars

with the residualvariancefrom the calibrationperiod placedon top of thesein white. Model

standarddeviationsare the black bars. The ratiosof the variancesareshown buy the numbers

above thebars.Theuppernumbersaretheratioswithout theresidualvariancetakeninto account

at the lower numberswith it taken into account. Significantlydifferentratios(at the 95% level

calculatedusingan F-test)areshown in black andthosewhich arenot significantareshown in

grey.
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Figure6: Standarddeviations/variancesof theage-bandedtree-ringseriesandtheHadCM3control

seriesfor (a) annualdataand(b) decadaldata.Thetree-ringstandarddeviationsarethegrey bars

with the residualvariancefrom the calibrationperiod placedon top of thesein white. Model

standarddeviationsare the black bars. The ratiosof the variancesareshown buy the numbers

above thebars.Theuppernumbersaretheratioswithout theresidualvariancetakeninto account

at the lower numberswith it taken into account. Significantlydifferentratios(at the 95% level

calculatedusingan F-test)areshown in black andthosewhich arenot significantareshown in

grey.
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Figure7: Power spectraof themodelandstandardtree-ringseriesfor (a) NH, (b) NEUR and(c)

ECCA. In eachgraphthemodelspectrais shown in grey, thecalibratedtree-ringspectrais shown

asthe black solid line andthe tree-ringspectrawith the residualvarianceaddedis shown asthe

blackdashedline. Theresidualswereassumedto beuncorrelatedin time. Wherethemodeland

tree-ringspectraaredifferentat the95%level accordingto anF-test,thecenterof the frequency

bin is markedwith adiamond.
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Figure8: Powerspectraof themodelandage-bandedtree-ringseriesfor (a)NH, (b) NEURand(c)

ECCA. In eachgraphthemodelspectrais shown in grey, thecalibratedtree-ringspectrais shown

asthe black solid line andthe tree-ringspectrawith the residualvarianceaddedis shown asthe

blackdashedline. Theresidualswereassumedto beuncorrelatedin time. Wherethemodeland

tree-ringspectraaredifferentat the95%level accordingto anF-test,thecenterof the frequency

bin is markedwith adiamond.
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Figure9: LeadingEOFof thedecadalaveragedstandardtree-ringseries.Thefigurescorrespond

to theEOFloadingsmultipliedby 100for theregionsindicated.

Figure10: LeadingEOFof thedecadalaveragedage-bandedtree-ringseries.Thefigurescorre-

spondto theEOFloadingsmultipliedby 100for theregionsindicated.
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Figure11: LeadingEOFof thedecadalaveragedHadCM3series.Thefigurescorrespondto the

EOFloadingsmultipliedby 100for theregionsindicated.

Figure12: Leadingsignal-to-noisemaximisingpatternof thestandardtree-ringvs. modelseries.

Thefigurescorrespondto theEOFloadingsmultiplied by 100for theregionsindicated.
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Figure 13: Leadingsignal-to-noisemaximisingpatternof the age-bandedtree-ringvs. model

series.Thefigurescorrespondto theEOFloadingsmultipliedby 100for theregionsindicated.
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Figure14: Regional andNH seriesfrom an ensembleof 4 HadCM3experimentswith solarand

volcanicforcing. Thegrey linesaretheannualdataandtheblacklinesaredecadalaveragesformed

from these.Notethechangein scalefor theNH series.
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Figure15: Standarddeviationsof theHadCM3naturalensembleandtheHadCM3controlseries

for (a) annualdataand(b) decadaldata. The naturalensemblestandarddeviationsarethe grey

barsandthecontrolstandarddeviationsaretheblackbars.Theratiosof thevariancesareshown

buy thenumbersabovethebars.Significantlydifferentratios(at the95%level calculatedusingan

F-test)areshown in blackandthosewhich arenotsignificantareshown in grey.
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Figure 16: Power spectraof the naturalensembleand control for (a) NH, (b) NEUR and (c)

ECCA. In eachgraphthecontrolspectrais shown in grey andthenaturalspectrain black.Where

thecontrolandnaturalspectraaredifferentat the95%level accordingto anF-test,thecenterof

thefrequency bin is markedwith adiamond.
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Figure17: LeadingEOFof thedecadalaveragedHadCM3naturalensemble.Thefigurescorre-

spondto theEOFloadingsmultipliedby 100for theregionsindicated.

Figure18: Leadingsignal-to-noisemaximisingpatternof themodelnaturalensemblevs. model

control series. The figurescorrespondto the EOF loadingsmultiplied by 100 for the regions

indicated.
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