MONTANA

STATE UNIVERSITY

Topographic controls on the leaf area index
and plant functional type of a Fennoscandian
tundra ecosystem

Authors: Luke Spadavecchia, Mathew Williams,
Robert Bell, Paul C. Stoy, Brian Huntley, and Mark T.
van Wijk

This is the peer reviewed version of the following article: see citation below, which has been
published in final form at https://doi.org/10.1111/j.1365-2745.2008.01424.x. This article may be

used for non-commercial purposes in accordance with Wiley Terms and Conditions for Self-
Archiving.

Spadavecchia, Luke, Mathew Williams, Robert Bell, Paul C. Stoy, Brian Huntley, and Mark T. van
Wijk. “Topographic Controls on the Leaf Area Index and Plant Functional Type of a Tundra
Ecosystem.” Journal of Ecology 96, no. 6 (November 2008): 1238—-1251. doi:10.1111/
j-1365-2745.2008.01424 x.

Made available through Montana State University’s Scholar\Works
scholarworks.montana.edu



http://scholarworks.montana.edu/
http://scholarworks.montana.edu/
https://doi.org/10.1111/j.1365-2745.2008.01424.x

Topographic controls on the leaf area index and plant
functional type of a tundra ecosystem

Luke Spadavecchia', Mathew Williams'*, Robert Bell', Paul C. Stoy’, Brian Huntley? and

Mark T. van Wijk®

'School of GeoSciences, University of Edinburgh, Edinburgh, EH9 3JN; 2Institute of Ecosystem Science, School of
Biological and Biomedical Sciences, Durham University, Durham DH1 3LE, UK; and *Plant Production Systems,
Wageningen University, PO. Box 430, 6700 AK Wageningen, The Netherlands

Summary

1. Leafareaindex(LATI)isanemergentpropertyofvascularplantscloselylinkedtoprimary
productionandsurfaceenergybalance. LAlcanvarybyanorderof magnitudeamongArctic
tundracommunitiesandiscloselyassociatedwithplantfunctionaltype.

2. Weexaminedtopographiccontrolsonvegetationtypeand LAlIdistributionattwodifferent
scalesinanArctictundraecosysteminnorthernSweden. Micro-scale’'measurementsweremade
at0.2-mresolution over a40m x 40m domain, while ‘macro-scale’ data were collected at
approximately 10-mresolutionovera500m  x 500mdomain.TundralLAlvariedfrom0.1-3.6at
themicro-scaleresolution,andfrom0.1-1.6atthemacro-scaleresolution.

3. Thecorrelationbetweendominantvascularspeciesand LAlatthemicro-scale(r 2=0.40)was
greaterthanthecorrelationbetweendominantvegetationand LAlatthemacro-scale(r 2=0.14).
Atthemacro-scale, LAIwasbetterexplainedbytopographicparametersandspatialauto-
correlation(pseudor 2=0.32)thanitwasatthemicro-scale(r 2=0.16). Exposureandelevation
weresignificantlybutweaklycorrelatedwithLAlatthemicro-scale,whileonthemacro-scalethe
mostsignificantexplanatorytopographicvariablewaselevation(r ~ 2=0.12).

4. Thedistributionofplantcommunitiesatbothscaleswassignificantlyassociatedwithtopogra-
phy.SShrubcommunities,dominatedbyBetulanana wereassociatedwithlowelevationsitesatboth
scales,whilemoreexposedand/orhighelevationsitesweredominatedbycryptogams.

5. Synthesis. Dominantvegetation,topographyandl Alwerelinkedatbothscalesofinvestigation
but,forexplaininglL Al topographybecamemoreimportantanddominantvegetationlessimportant
atthecoarserscale. Theexplanatorypowerofdominantspecies/functionaltypeforLAlvariation
wasweakeratcoarserscales, becausecommunities oftencontained morethanonefunctional
typeat0mresolution. Thedatasuggestthatremotelysensedtopographycanbecombined
withremotelysensed opticalmeasurementstogenerateausefultoolfor LAImappingin Arctic

environments.

Key-words: Arcticvegetation,geostatistics,leafareaindex,multi-scaleanalysis,terrainindices,

topography,spatialauto-regression

Introduction

Therecentrateo fwarmingintheArctichasbeentwotothree
timestheglobalaveragerate(Kattsov&Kéllén2005),and
maybeacceleratedinthefuturebyavegetation-albedofeedback
(Chapin etal.2005). Warmingislikelytoresultinsignificant
changesinthedistributionandstructureo  fArcticv egetation
(Sturmetal.2005),withimportantimplicationsforland

surfacepropertiessuchastheleafareaindex(LAI).Predicting
futurechangesinL Alrequiresabetterunderstandingofthe
presentdistribution of Arctic vegetation, its physicaland
biological determinants, and the relationship between LAI
andvegetationcomposition.
Leafareaindex(LAl)isanemergentpropertyofassemblages
ofvascularplants,stronglylinkedtoalbedo,primarypro-
duction, eva potranspiration, surface energy balance and
biogeochemicalcycling(Williamse#a/.2001;Shaveretal. 2007,
Street etal.2007). Topredictthenetecosystemexchangeof



CO,inArcticecosystems,itisnotnecessarytoidentify
speciesordescribethevegeta tion,otherthantoestimateleaf
area(Shaveretal.2007). Thisprimaryimportanceof LAI
incarbon (C) cycling is consistent with recent studies
demonstratingapowerfulconvergenceinvegetationcanopy
architecture, specifically between ecosystem LAl and total
foliar nitrogen (N), among diverse low Arctic ecosystems
(Williams&Rastetter1999; VanWijketal.2005). However,
uncertaintyinthetemporalandspatialdistributionof LAT
(Williams & Rastetter 1999; Van Wijk etal. 2005) limits
efforts to predict Arctic photosynthesis and C cycling at
multiplespatialscales Williamseza/2001).Asneretal (2003)
found thatspatial LAl variability in the Arcticwashigher
thaninanyoftheotherl Sbiomesinvestigated.Itistherefore
necessarytoimproveunderstandingofthespatialdistribution
ofArcticL Altoestimatereliablytheeffectsofclimatechange
ontundraecosystemprocesses.

ThehighvariabilityinL AlinArcticecosystemsisrelated
toahighdiversityinplantfunctionaltypes(PF Tse.g.deciduous
orevergreen,woodyorherbaceous)(Shaver&Chapin1991)
andahighdegreeof spatialheterogeneityinPFTsacrossa
range of scales in low Arctic ecosystems (Williams ezal.
2008). Vegetation assemblages are governed through the
selectionofindividualplantsthroughaseriesofenvironmental
filters (for example, resources, conditions, disturbance),
operatingonahierarchyofscales(Lavorel&Garnier2002).
ThefiltersinArcticecosystemshavegenerallybeenidentified
asprimarilynutritional(Shaveretal.1986;Shaveretal.1992;
Van Wijk etal. 2004), but with other important factors
includingtolerance to winter desiccation, soil freezingand
water-logging(Shaver&Chapin1991).Theheterogeneityin
vegetationsuggestsahighlyvariabledistributionofenviron-
mentalfiltersatsimilarscales.

Inmorenutrient-richareas,thedominantPFTtendstobe
deciduouswoodyshrubs,whicharethemostcompetitivein
lightcaptureandutilisation(Shaverezal.1996). Toleranceof
groundfreezingisrequiredifaspeciesistogrowonthemore
exposed sites, which may have shallow or no snow cover.
These exposed heaths tend to be dominated by evergreen
dwarf shrubs. Poorly drained areas, where tolerance of
waterloggedsoilsisrequired, favoursedges(Williamsetal.
2006). Themostexposedfellfieldsaredominatedbycryptogams,
withjustasparsepopulationofvascularplantsabletotolerate
theshallow,dryandcoldsoilsandexposedmicro-climates.

Snowisanimportantdeterminantof vegetationcoverin
Arcticecosystems.Attheendofthewinter,snowdepthscan
rangefromafewcentimetresonwindsweptridgestodepths
of>1minshelteredareas,ortheleesideofslopes(Hinzman
etal.1996).Plantscanbeprotectedbydeepsnow-coverfrom
winter desiccation and wind damage (Shaver etal. 1996).
Soilsin areas with deeper snow cover tend to beinsulated
fromextremelowwintertemperatures,thusincreasingrates
ofnutrientcycling(Nobrega&Grogan2007).Snowbedsalso
accumulateorganicdebrisandlitter,whichgeneratenutrient
additions(Sturmeral.2005).

We canidentifysix broad controls on plantdistribution
anddevelopmentthatdeterminespatial patternsof LAlin

Arcticecosystems:(i)snowcover;(ii)climate,throughdirect
effectsoftemperature,insolationandwindonplantdevelop-
ment;(iii)hydrology,throughtheeffectsofsoilmoisture;(iv)
soil/substratevariability,determiningsoilnutrientsandsoil
water status; (v) biodiversity, determining the species pool
and(vi)disturbanceandsitehistory,includingtheeffectsof
herbivoryandecosystemmanagement.
Thefirstfourcontrolsarebroadlyrelatedtothetopography
and form the focus of this study. We examine four related
hypothesestotesttherelativeimportance of topographical
controlsonLAldistributioninatundraecosystem.Ourfour
hypotheses (H1-4)arethatthe primaryconstrainton LAI
distributionisthroughenvironmentalfilters determined by
either (H1) topographic parameters like elevation, slope
and aspect, (H2) estimated landscape soil moisture, (H3)
topographicexposureandassociatedlikelihoodofsnowcover
or(H4)derivedpotentialinsolation.
Therelationshipsbetweentopographicvariablesand LAI
may vary with scale. The relationships between insolation,
exposureand LA Imaydifferatmicro-topographical(0.1-1m)
versusmacro-topographical(50-100m)scales.Hydrological
variabilitymaybeimportantacrossarangeof scales,from
hummockstohillslopes. Therearecloselinksamongthe
controls,whichcomplicatesattribution. Forinstance,soil
conditionsaffectinfiltration,hydraulicconductivity,andplant-
wateravailability(Darmodyetal.2004).
Wetestedthehypothesesattwodifferentscales,definedby
thehorizontalresolutionor‘grain’oftheL Aldata.Thefirst
scale test was with 0.2m horizontal resolution LAI data
withina4d0m x40m‘micro-scale’area,andthesecondwas
with approximately 10m resolution LAI data within a
500mx500m ‘macro-scale’area. Detaileddigitalelevation
maps(DEM)wereavailableatbothscaleswithappropriate
resolutions.V egetationcommunityinformationwascollected
at both scales, allowing investigation into the connection
betweentopography,dominantspeciesand LAI.
Thisstudyisnovelinthatitusesauniquelydetaileddata
set,onplantcommunitydistribution, LAlandtopography,
toinvestigatevegetation-environmentinteractions. Thedata
werecollectedattworesolutions,allowingtheinfluencesof
scaleandtopographytobeproperlydeterminedforthefirst
time in Arctic tundra. We used statistical techniques that
quantify spatial auto-correlation for appropriate fitting of
geostatisticalmodels.Anadditionalgoalofthepaperwasto
demonstratehowtopographicdatacanbeusedtoimprove
landscapemappingof LALthatismosttypicallyundertaken
usingremotesensingof land surfacereflectance (Raynolds
etal.20006).

Methods

STUDY SITE

Thestudysitewasloca tedinthesub-Ar cticzoneof Fennoscandia,
inSwedishLapland,centredon68 °1854”N, 18 °50’58”E,4.5
kilometresSSEof the AbiskoResearchStation. Thesite, hereafter
referred to as the Abisko ‘intensive valley’site (IV), lies within a



small (approximately 30 ha) catchmentinatr ansition zone tha t
intersectsthelocal treeline (Williams ~ ezal .2008). The IV hasa
gentle(approximately5%o)slopefromsouthtonorthwithanaverage
elevationo fapproximately 620 m (Fig.1). Astreamrunsthr ough
thecentreo fthearea.TheAbiskoweatherstationrecordedan aver-
agerainfallo f300-400mmperannumandanaveragetemperatureof

—1 °C(ASRS2007).Thehillslopesurr  oundingtheIVreflectedan
extensivecovero fglacialandfluvioglacialdeposits,withhummocks
anddepressionsatspatialfrequenciesontheordero fseveralmetres
(Sonesson etal .1975).

VEGETATION DESCRIPTION

Anumbero fdistinctvegetationtypeswereobservedinthel V.The
willowassemblagewasashrubbyripariancommunitydominatedby
grey-leaved Salixspp.witha Betulanana understore y.Dwar fbirch
was a community dominated by  Betula nana , with the evergreen
dwarf shrubs Empetrum hermaphroditum andto alesser extent
Vaccinium vitis-idaea . The hea th community comprised the same
speciesasobservedinthedwar  fbirchcommunit y,butwaslower-
growinganddominatedby  E.hermaphr oditum. Themosscommunity
wastypifiedby Sphagnumspp .andcharacterisedbythepresenceof
Rubuschamaemorus ,amongotherherbandgraminoidspecies  .The
graminoidcommunitieswereassemblageso f Carexor Eriophorum
spp.,andwereassociatedwithmoistsites. Thefellfieldcommunity

was associated with ridges and hummock tops, comprising o fa
patchy (typically < 25% ground cover) cryptogam community
predominantly o f lichens, and a few mosses, interspersed with B.
nana,E.hermaphroditum ,stonesandgr avel.

LAl MEASUREMENTS

Measurementso fLAIwereconductedonanestedsamplinggridat
twospatialscalesinthe IV (Fig. 1)duringthe Arcticsummer. All
locationmeasurementsw ererecordedinthe Universal =~ Transverse
Mercator(UTM)pr ojection;zone34North, WGS1984datum.
Micro-scale measurements were collected from 10-31 July 2002
withina40mby40mareacentredonthestreaminthefootslopes
of the IV. The micr o-scale measurements were made in nine
10m x10mplotslaidoutona3 x3grid,with5-mspacingbetw  een
eachplot(Fig.1b).Withineacho  f the ninemicro-scaleplots,indirect
LAImeasurementsatanominalr  esolutiono f0.2mwereobtained
bycombining:(i)NormalisedDif ference VegetationIndex(NDVI)
obtainedwithaSkyelnstruments2ChannelSensorSKR 1800(Skye
Instruments, Po wys, UK, channel 1 =0.56-0.68 nm, channel 2=
0.725-1.1nm) with the diffuser off, held 0.9 mabove the ground
(referredtohereafteras'SkyeNDVI’);and(ii)LAlestimatebyalI-
CORLAI-2000CanopyAnalyzer(LI-COR,Lincoln,NE),collecting
oneabove-andonebelow-canopymeasurement(referredtoasLAI-
2000 LAT’). Thepair ed LAI-2000and NDVImeasurements were
conductedonaregulargridat0.4-minterv alsforeachplot,givinga
totalof 5625measurements.Subsequentl  y,ninedestructiveharvest
measurements(0.2m x 0.2m)o f vascularplantL Alweretakenfor
eachmicro-scaleplot( 7=81).W eusedtheharvestdatatocalibrate

amodel that combined the NDVIand LAI-2000 observations to
generate an improved LA estimate (van Wijk & Williams 2005).
The95%confidenceintervalonindirectLAlestimationvariedfrom
0.07to0.2overarangeof LAIfrom0-1.5(Van Wijk & Williams
2005).Beforeeachdestructiveharvestthedominantvascularplant
speciesineach0.2m  x0.2mquadratweredetermined by%cover.
We defined the dominant vascular species as the most abundant
basedoncover.

Macro-scalemeasurementswerecollectedon14-25August2004,
ina500m x500m area encompassing the micro-scale study site.
Themacro-scaleareawassubdividedintoonehundred50m x50m
plotsSixteenoftheseplotswerefurthersubdividedintonineintensive
10m x10mplots, giving228 measurementlocations(Fig.1). The
centralintensiveplotcorrespondedwithandre-sampledthemicro-
scalearea.Atthecentreofeachofthemacro-scalesamplingpoints,
aNDVImeasurementwasmadeusingtheSkyesensorwithitsdiffuser
on,suspendedat3mabovegroundlevel,resultinginanominalresolu-
tionofappro ximatelylOmindiameter.Macro-scalemeasurements
of LAlwereobtainedusingthecalibrationdevelopedfromthemicro-
scaledata(vanWijk&Williams2005),withadetailedrecalibration
toaccountforchangeofsensorresolutionusingmulti-scalenested
NDVImeasurements(Williams ezal/ .2008). Theroot-mean-square
errorof LAldeterminationat9-mresolutionwasestimatedat0.08
(Williams ezal .2008).Thelocationofeachplotwasdeterminedto
anaccuracyof 6musingahandheld GPS(Garmine-trex).Some
plots( n=31)hadacoveringofbirchtreesover2mtall.Itwasnot
possibletosampleNDVleffectivelywiththesuspendedSkyesensor
fortheseplots,sotheywereexcludedfromallsubsequentanalyses.
Weconsideronlytheremaining 197tundravegetationplotsinthis
study.Basedonavisualestimateof cover,werankedthedominant
threevegetationcovertypes,includingvascularplants,mossesand
lichens,foreachplot. Wedefinedthedominantvegetationbasedon
thevegetationwiththemostabundantcover.

LAlIsurveysatthetwoscaleswereconducted2yearsapart. How-
ever,bothsurveyswereconductedinthepeakseasonof maximum
vegetationgrowth,basedonphenologicalstudiesatthissite(Street
etal .2007).Wethusbelievethatourresultsarerobusttothediffer-
enceinsamplingtime.

DIGITAL ELEVATION MODEL

Adigitalelevationmodel (  DEM)wasproduced forthemicro-scale
sitebymanuallysurveyingeachofthe5625samplelocationswitha
levelandasurveypoletorecordthelevelof thesoilsurface,asref-
erenced toazerodatumatthelowest pointinthe plot. Measure-
mentswerecollectedatthesametimeasL. Alandspeciesdata,inthe
period10-31July2002.Instrumentalprecisionwas0.0 lmandthis
wastheestimatederror. Thesurveypointswereinterpolatedusing
inversedistanceweighting(IDW)inArcInfo(ESRI,Redlands,Cal-
ifornia)toproduceacontinuoussurface.
Themacro-scaleDEMwasproducedfromairborneLIDARdata
collectedbya NERCaircraftflightinJuly2005usingan Optech
AirborneLaserTerrainMapper3033(Optechlnc.,Vaughan,Ontario,
Canada).Thegeneratedpointcloudwasgriddedat4-mresolution,

Fig.1. (a)Digital elevation model of study site near Abisko, Sweden, showing the extent of the ‘macro-scale’study area. Macro-scale
measurementsof LAlandvegetationtypewererecordedateachlocationmarkedwithanopencircle. Thelocationof the9micro-scaleplots
areindicatedbyclosedcircles. ThecoordinatesareinUTM(m),witheastonthexaxisandnorthonthey-axis. Thecontoursareinmabove
meansealevel.(b)Digitalelevationmodelof the‘micro-scale’areaanditsapproximateorientation. Thelocationof themicro-scaledatais
indicatedinthemacro-scaleDEM(Fig.1a)bythefilledcircles. Theaxesaremarkedinm,andthecontoursareincmabovealocaldatumat
approximately615ma.s.]. Thelocationsofthe8 1harvestplotsareindicatedbyfilledcircles. TheindirectL Alestimateswereobtainedwitha

25 x25gridoneachofthe9subplots.
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usingminimumvalueso fthelastreturnpulse. Estimatedelevation
errorsw ereapproximately I m. Missingdata valueswereinterpo-
latedusingID W,andstandardpitremovalprocedureswereunder-
takeninAr clnfo.
Forbothmicro-scaleandmacro-scaledata,aserieso
indicesweregener atedrelatedtoslope,aspectandsurfacecurvature
fromtheDEMs,b ytakingquadraticapproximationstothefirstand
seconddifferentialso fthesurface(Evans1980).Theslopewassimply
thefirstdifferentialo ftheelevationsurface,whilethecurvaturewas
givenbytheLaplaciano fthe DEM. Aspectwasderived fromdirec-
tionalestima teso fsurfacegradient(Zevenbergen&Thornel987).

TERRAIN INDICES

Thecompoundtopographicindex(CTI)wasdevelopedtosummarize
landscapelev elsoilmoisture(Beven1977).CTIwascalculatedfrom
surface drainagecharacteristicso fthe DEM,namely the upslope

area( A,)andlocalslope( B)(eqnl). A4 wasestimatedinAr clnfoby

using slope and aspect to estimate how many upstream pixels

ftopographic

theresponse(LAI)intodistinctclustersin parameterspace. The
processproceedsbyforwardselection(binaryrecursivepartitioning),
splittingthedataset usingthe predictor variable thatexplainsthe
maximumamountof theremainingdevianceintheresponsevariable.
Theprocessresultsinaseriesof splittingrules,bywhichparameter
spacecanbepartitionedintoorderedcategoriesof LAL.

Trends in the parameter space were examined by principal
componentsanalysis(PCA) (Pearson 1901; Hotelling 1933). PCA
re-projectstheoriginalparameterspaceontoanorthogonalcoordi-
natesystemof principleaxes, maximisingthe proportionof the
variation in the parameter space represented by the first few
dimensions. The original topographic variables were used in the
analysis. Thenewvariablescreatedbytherotationarereferredto
asprincipal components(PCs).ByexaminingthefirstthreePCson
Gabrielbi-plots(Gabriel1971),wesearchedforclustersof parame-
tersthatwerewellassociatedwithLAT .

STATISTICS TO MEASURE SPATIAL DEPENDENCY

drainedintoacandidatepixel(Burrough  etal.1998). Higherscores Toassessthevalidityof OLS,wetestedforauto-correlationinLAI .

usingMoran’s Istatistic(Moran1950).Moran’s  [testsforsignificant
correlationinneighbouringpoints,controlledfortheoverallvariance

areassociatedwithmoistsites.

CTI=In( A/tan(B)) eqnl

Forexposure, Toposcale .2AML(Zimmerman 1999)for ArcInfo
wasusedtoestimatethe TOPEX (Pyatt 1969; Wilson 1987)index.
TOPEXscoresweredevelopedfromthedifferencebetweenaverage
elevationofasearchwindowandtheelevationatthecentralpixelof
the window. The process was repeated at a number of increasing
searchradii,andthefinal TOPEXestimatewasachievedbyhierarchical
integrationoverallscales(Zimmerman1999).Ahighscoreindicates
exposedpositions,whilenegativescoresindicateshelter.

Potential incoming shortwave radiation was calculated over the
growingseason(mid-Maytomid-September),usingtheShortwave
AML(Kumar etal .1997)forArcInfo. Themodelcalculatedthesolar
geometry for each time step (30min), taking into account the
instantaneous terrain effects (slope and aspect). Shadows were
projectedonthesurfaceateachtimestep,soterrainadjacencyissues
were also accounted for (Kumar  eral . 1997). Edge effects were
avoidedbyextendingtheDEMbeyondthe LAldataextent.

DATA TRANSFORMATION AND MODEL TESTING

PriortoanalysisweensuredthatthepooledLAldataapproximated
anormaldistributionusingaBox-Coxtransform(Box&Cox1964).
TheBox-Coxtransform( Y,)ofavariable Yisgivenbyequation2.
The power parameter A was estimated by maximum likelihood
methods.

Y=(Y>~1)/ A eqn2

Ordinaryleastsquares(OLS)regressionswerefittedtothetrans-
formeddata(LAI ,)toassessthesignificanceof thederivedterrain
indicesandmodelswhereindicated.

ORDINATION METHODS

Becauseofthelargedatasetusedforthemicro-scaleanalysis,some
degreeofdatathinningwasrequiredforpracticalhypothesistesting.
Topographicvariableswereselectedonthebasisof ordination, initially
partitioningtheparameterspaceusingaregressiontree(Breiman1984).
Theregressiontreemethodselectsvariablesthatarebestabletoclassify

inthedataset.Semivariograms(Cressiel 991 )wereusedtoquantify
thespatialauto-correlationstructureof thedata. Weexpressed the
semivariogramintermsofaspatiallycontinuousmodeltoconveniently
quantifyspatialdependenceinthedata. Thesphericalandexponential
functionswhichareknowntobepermissiblewereused(Christakos
1984; Mcbratney&Webster1986).Spatialvariationwascharacterised
bytherange( ¢)overwhichauto-correlation wasobserved,anda
‘nugget’ ( T) parameter at zero separation, indicating noise or
variabilityatsmallerspatialscalesthanthoseobserved.

SPATIAL REGRESSION MODELS

To account for spatial auto-correlation, we implemented spatial
latticemodelsusingmaximumlikelihood(M L)methods.Spatiallattice
modelsweredesignedfordatasampledonagrid,andincludetheeffects
of spatialauto-correlationbyincorporatinginformationonsample
adjacencywhenfittingregressions. Adjacencywasquantifiedusing
thesphereofinfluence(SOI)method(Jaromczyk&Toussaint1 992).
Threelattice-type models were applied to the macro-scale data:
lagged-response,lagged-error,andspatial Durbinmodels(Haining
2003,andseeAppendixSlinSupportingInformation). Thelagged-
responsemodelwasidenticaltoaregularlinearregression, except
thattheneighbouringvaluesof LAI ,werealsousedinthepredic-
tion. Lagged-errormodelsdiffer from OLSmodelsbyalteringthe
errortermtoreflectthespatialdependence, byincorporatinginfor-
mation about the magnitude of residuals in neighbouring points.
Thespatial Durbinmodelwasthemostcomplexmodelfitted,and
incorporatesaspatiallylaggedresponse,alongwithspatiallylagged
predictors,i.e.neighbourhoodeffectsforalltopographicvariables
tested,andanL Al auto-correlationterm p.Detailsofthesemodels
canbefoundintheAppendix.
Latticemodelswerenotfeasibleforthemicro-scaledata,dueto
computationalrestrictionsonthe5625datapoints.Insteadwefitted
spatial analysis of covariance( ANcova) models onacontinuous
spatial metric. The ANcova was fitted by ML methods, with two
additionalparameters( T, ¢p)todescribethespatialerrorstructure,as
defined by the semivariogram. Allstatisticalanalyses were carried
outin R version 2.4.1 (R Foundation for Statistical Computing,
Vienna,Austria).



Results

Themicro-scale LAldatawereheavily skewed (skewness=
0.23),withmostvaluesbetween0-1,butsomevaluesupto
approximately3(Williamseta/.2008). Themacro-scaledata
were more normally distributed, because of averaging
occurringataresolution of approximately 10m (Williams
etal.2008).ABox—Coxtransformationresultedinanormal
distribution for all data, and a constant was added to the
transformed LAI data to make them strictly positive. The
maximumlikelihoodestimateoftransformationparameter A
was0.4.Unlessotherwisestated,allanalyseswereundertaken
usingthetransformedvariable, LAT .

MICRO-SCALE ANALYSIS

ThemedianuntransformedLAlofthemicro-scaledatawas
0.9,rangingfrom0.1t03.6. Elevationranged from615to
618m,withameanof 616.6m.Slopesweregenerallyona
north-westerly aspect, with 31% of allslopesfacingnorth,
23% facing east, 14% facing south, and 32% facing west.
Slopesweregenerallymoderate,with74%ofallobservations
<10° jalthoughsteepinclineswereobserved,withamaximum
0f39°.CTIwasgenerallyabovezero,withameanof2anda
maximumof15 Plrangedfrom10to25MJm *day ~!,witha
medianof20MJm  2day ~'.Surfacecurvaturewasgenerally
convex,withameancurvatureof6andameanTOPEXof3.
TOPEX was approximately normally distributed, witha
standarddeviationof68 andarangeof-297t0274 Histograms
ofthederivedterrainindicesareprovidedinFig.2.
Exploratoryanalysisofthemicro-scaledatabyunivariate
linearregressionindicated thatalltopographicfactorsand
physicalmodelsforLAI ,werehighlysignificant(P<0.001),
withtheexceptionof aspect(P  =0.33)(Tablel). Despite
statistical significance, all factorshadlowr  *values, witha
maximumof0.05forelevation(Tablel).Agreaterpercentage
ofthevariationinmicro-scaleLAI  ,wasexplainedbydiffer-

ever, thiscorrelationwasonlyfortheharvestsites(n=81),
ratherthanforthefullmicro-scalearray(n=5625)forwhich
topographicdatawereavailable.

Partitioning the parameter space via regression-tree
analysisontherawLAlvaluesrevealedthatexposure,slope
andelevationcould bestseparatehighandlow LAlvalues
(Fig.3).HigherLAlvalues(meanLAI=0.82)wereassociated
withshelteredsiteswithhighlynegativeTOPEX(< —-26),low
elevationsites,orareasonsteeperslopes. Lower LAlvalues
(meanL.AI=0.48)wereassociatedwithexposedtopographic
positionsonflatsurfacesathigherelevations.Whileindicative,
thisapproachdoesnotquantifytheproportionof variance
explainedbythetopographicdata.

Re-projecting the parameter space via PCA similarly
indicated that elevation, TOPEX and slope were strongly
related to LAI ,. Principle component loadings positively
associated with LAThadnegativeloadingsof TOPEX and
elevationandpositiveloadingsforslope Table2) Inparticular,
principalcomponent3(16%ofvariance)displayedastrong
positiveloadingfor LAI ,,andstrongnegativeloadingsfor
elevationand TOPEX. Comparingthefirst three principal
componentsonGabrielbi-plots(Gabriel 1971),whichwere
splitintoloadingandscoresplotsforclarity,the0.05and0.95
percentileswerewellseparatedbythecoordinaterotation.On
theplaneof PClandPC3,thereareclearlinksfromLAI to
elevation,TOPEXandslope(Fig.4),whileaspect,insolation
andcurvatureareallorthogonal,andthusunrelated, tolL Al -

FittingalinearregressionmodeltopredictLAI ~ fromthe
parametersselectedfromordinationresultsindicatedthatall
termswerehighlysignificant(P<0.001,  r*=0.11).However,
significantauto-correlationinthedataset(Moran’s/=0.68,
P<0.0001) indicated that robust parameter inference was
notpossiblebysimpleOLSmethods.Afactorialancovafor
un-balancedsamplesizeswasfittedtothedata(Table3),and
significant effects were identified for slope (F=33.4, P<
0.0001) and TOPEX ( F=37.8, P<0.0001). However,
auto-correlationinthe ANCova residuals wasevident when

ences in the dominant species (P<0.001, r*=0.40). How- semivariogramanalysiswasperformed(Fig.5).

Tablel. Linearassociationsbetweentransformedmicro-scale(0.2m)LAlandterrainpropertiesderivedfromadigitalelevationmodel, ata
studysitenearAbisko,Sweden

Micro-scaledata

Parameter Estimate Standarderror tvalue Pr(>[t|) r’ Kendall’s T
Elevation(m) -2.06 x 10! 1.29x 10 -16.00 <0.001 0.05 —-0.15
Aspect* -2.89 x 107 2.94 x 107 —-0.98 0.33 0.00 —-0.01
Slope( ©) 2.17x 107 1.48x 10 14.67 <0.001 0.04 0.13
Curvature -3.02x10™ 3.84x 10 -7.86 <0.001 0.01 —-0.08
CTIf 1.61 x 10 3.14x 10 5.12 <0.001 0.00 0.01

PI -4.30x 10 5.61x 107" -7.69 <0.001 0.01 —-0.06
TOPEXY -1.63x10% 1.24x10* -13.26 <0.001 0.03 —-0.13

* Aspectconvertedtocircularscorerangingfrom0: 1 viasin(Aspect™® 1/360).

tCompoundtopographicindex.

1Potentialinsolationoverthegrowingseason(May—September)inMJm =2d

§Topographicexposureindex.
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TOPEX = 26
0.82 Slope < 8.9
Elevation < 1.1 0.78
0.75 0.48

Fig. 3. Repression tree for micro-scale LAI observations. Terminal
points in the tree indicate clusters in parameter space associated with
high or low LAIT values (mean LAI of the cluster is displayed at the
terminus).

In order explicitly to treat the auto-correlation present in
the data, the ANCOVA was repeated specifying exponentially
structured spatial errors and spherically structured spatial
errors (Fig. 5). In both cases, the fitted semivariogram models
indicated auto-correlation at separation distances below 2.5 m.
The models with spatial error structures both outperformed

PC1
== 0 2 4 &

Fig. 4. Ordination matrix from principal
components (PC) analysis of the micro-scale
data. The matrix illustrates the relationship
between the first 3 principal components of
the data set, which capture 62% of the total
variation. For all plots, the 95% quantiles
of LAT, are indicated in white and the 5%
guantiles in dark grev. The boxplots on the
diagonal show the distribution of the PC
scores for the 25% and 5% LAI quantiles,
labelled High and Low respectively. Motches
indicate the non-parametric 95% confidence

=1 =05 0 05 1

=1 =05 0
interval of the median. The scatter plots in PCi
the top right of the matrix show the pairwise
relationship between components. The plots -
on the lower left of the matrix illustrate - LA
the loading of the factors for each PC. =] A
Abbreviated factor names are: LAI=  J g Fpv
transformed LAI E = elevation, 51 = slope, & " cTl
A = aspect, Cv = curvature, T = topographic g ET
exposure index, CTT = compound topographic -
index, PI = potential insolation over the 4 —os o
ETOWINE SEa50M. PCA

0.5

0.5

the original model (Table 4), with the additional exponential
spatial structure providing the best results (Likelihood ratio
= 500.0, P < 0.0001). After inclusion of the exponential
spatial error term (Table 3) TOPEX remained highly significant
(F=66.0, F < 0.0001), but the slope effect became insignificant
(F=22, P=0.14), and a significant effect of elevation was
revealed (F = 8.1, P < (.0]). The spatial ANCOVA model could
explain 16% of the observed variation in micro-scale LAL

Summarising the LAI data by dominant vascular species
for the 81 harvest sites indicated a strong relationship that
followed expectation from plant functional types (Fig. 6).
Highest LAI values were associated with deciduous shrub
dominated communities (B.nana and Salix spp) and the
lowest with dwarf ericaceous shrubs (Fig. 6). The high LAI
associated with deciduous species is related to their thin leaves
(Van Wijk et al. 2005) compared to ericaceous shrubs. Thus,
deciduous shrubs can produce a larger leaf area than can ever-
green shrubs for the same investment of C in foliage.

When grouped by dominant species, there were close links
between LAI values and elevation within the micro-scale site,
with lower LAI values occurring at higher elevations. We
grouped the dominant species data into the 10 m = 10 m plots
(n=19), and found that the mean number of ‘micro-scale’
dominant species per 10 m x 10 m *‘macro-scale’ plot was 3.2,
with a range from 2-5.

MACRO-SCALE ANALYSIS

The mean LAI at the macro-scale was 0.8 with a standard
deviation of 0.3 (Williams ef al. 2008) and a range from
0.1-1.6. The smaller range of LAI at the macro-scale reflects
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Table2. Principalcomponents(PC)analysisresultsforthemicro-scaleLAldataset

Loadingsbycomponent

Factor PCl1 PC2 PC3 PC4 PC5 PC6 PC7 PC8

LAJ, 0.26 -0.13 0.59 -0.21 0.42 -0.57 0.10 -0.04
Elevation(m) -0.20 0.20 -0.44 -0.78 -0.05 -0.33 0.04 0.01
Aspect* -0.49 0.08 0.41 -0.27 0.16 0.33 -0.52 -0.33
Slope( °) 0.40 0.40 0.31 -0.29 -0.20 0.29 -0.17 0.59
Curvature -0.39 0.25 0.24 0.29 -0.56 -0.54 -0.15 0.15
CTI} 0.05 -0.65 -0.19 -0.03 -0.01 —-0.15 -0.61 0.39
PIi -0.57 -0.22 0.15 -0.04 0.22 0.16 0.46 0.56
TOPEX§ -0.09 0.50 -0.28 0.32 0.63 -0.16 -0.29 0.24
Standarddeviation 1.40 1.32 1.12 0.93 0.86 0.82 0.65 0.57
variance 0.25 0.22 0.16 0.11 0.09 0.08 0.05 0.04
Cumulativevariance 0.25 0.47 0.62 0.73 0.82 0.91 0.96 1.00

Factorloadingsforeachcomponentindicatethedirectionandmagnitudeoftheloadingofeachvariableontothecomponent.Datacaptureis

indicatedbythecumulativevariance.
* Aspectconvertedtocircularscorerangingfrom0: 1 viasin(Aspect™®
+Compoundtopographicindex.

/360).

tPotentiallnsolationoverthegrowingseason(May—September)inMJm 2d .
§Topographicexposureindex.
Table3. Datasummaryofdigitalelevationmapderivedtopographicindicesforthemicro-scalespatialclustersLAI ~valuesfromatundrasite

nearAbisko,Sweden

Highclusters Lowclusters ANCOVA Spatial ANCOVA
Parameter Mean SD Mean SD Fvalue Pr(> F) Fvalue Pr(> F)
LAT* 1.51 0.42 0.20 0.22
Elevation(m) 1.45 0.65 1.85 0.50 2.41 0.12 8.12 <0.01
Slope(%o) 8.99 6.29 5.84 4.05 33.39 <0.0001 2.17 0.14
TOPEX+ -7.21 76.82 22.65 54.66 37.75 <0.0001 66.03 <0.0001
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the spatial auto-correlation of LATI of approximately 0.5—
1.0mobservedatthesite( Williamsezal2008). Theelevation
rangesampledwas604—640m,withameanof62 1 m.Thesite
wasonanorth-facingslope,with51%ofallobservationson

Fig.5. Semivariogram of the residualso f
the micro-scale ANCOVA. Semivariance ( )
measuresstatisticaldifferencebetweenpoints
separated by a distance vector (/). Two
models were fitted to describe the spatial
structureoftheresiduals. Thesolidlineisan
exponentialmodel withintercept( 1)=0.2,
andrange( ¢)=2.4m.Thebrokenlineisa
sphericalmodelwith 1=0.3, ¢=2.3m.In
bothcases,acontributionparameter(  c¢)was
used to scale the model. For separation
distancesgreaterthan @,thesphericalmodel
takes a value equal to the sill variance
(t+ o).

anortherlyaspect.Slopesweremoderateonthemacro-scale,
with91%ofallobservations<10°,whilethesteepestslope

recordedwas18° .Mostof thevalley wasconcave, with
curvatureandTOPEXscoresbelowzero. Themeancurvature



Table 4. Analysisof covariance (awcova)model selection criteria for
micro-scale transformed leaf area index (LAT,) data

Model Log likelihood — AIC Pseudor® DF
ANCOVA ] 1565 18 &
Spatial ancova 1* -3526 1069 16 8
Spatial ancova 2§ —528 1071 16 3

The first model is a non-spatial analysis of covariance, fitted by
maximum likelihood methods. The two spatial models add a spatially
auto-correlated error function to the model, requiring an extra two
degress of freedom for the nugget (intercept ©) and (p) range

parameters. AIC is Akaike information criterion. DF is degrees of
freadom.

was —0.3, while the mean TOPEX was —4. TOPEX scores
were generally close to zero, indicating the macro-scale DEM
with 4-m resolution was flatter than the micro-scale observations
(Fig. 2). CTI scores ranged from 2 to 14, with a median value
of 6. PI ranged from 15-22 MJ m® day', with a median of
20 MJ m* day'. A summary of the DEM derived topographic
indices is presented in Fig. 2.

Initial exploratory analysis of the macro-scale data by
univariate linear regression indicated that only a small
proportion of variation in LAT, could be explained by topo-
graphic factors. However, there were significant relationships
for elevation (P<0.001, #=0.12), TOPEX (P<0.001,
r* =0.08), aspect (P < 0.001, * = 0.06) and potential insolation
(P <0.01, 7 =0.03) (Table 5).

Just as at the micro-scale, there was also a significant
correlation between dominant vegetation type and LAL (P <
0.001, r*=0.14). Summarizing topographic variables by
dominant vegetation indicated a strong interaction between
landscape level community structure and topographic position.
In particular, a toposequence of community types became
apparent, with a corresponding downward shift in LAT with
increasing elevation (Fig. 6).

We fitted a linear mixed effects model to the macro-scale
data to predict LAI, from the full set of topographic indices
and physical models, but analysis of the residuals of the fitted
model showed that significant auto-correlation was presentin
the error term (Moran's [ = 0.14, P < 0.001), indicating that
OLS fitting methods were inappropriate. Residuals were
found to be auto-correlated below a distance of 116 m, when
an exponential auto-correlation structure was imposed upon
the error term of the model. To incorporate the spatial auto-
correlation structure, a series of simultaneous auto-regressive
linear models were fitted to the data. Lagrange multiplier tests
(Anselin 1988; Anselin & Rey 1991) indicated that fitting
spatial auto-regressive models were appropriate; diagnostics
for lagged-response, lagged-errors and Durbin models were
all highly significant (F < 0.0001 ).

Clear improvements to the spatial regression model fit over
OLS were observed for increasingly complex ML models
(Table 6). The best choice of model for macro-scale LAL as
indicated by the Akaike information criterion { Akaike 1974),
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Fig. 6. Box and whisker plots of LAT by vegetation type for macro-
scale (upper panel) and micro-scale (lower panel) sites sorted by
elevation. In the upper panel, the macro-scale LAI was sorted by
plant community type. In the lower panel the micro-scale LAT was
sorted by dominant species (% cover). In both panels the data are
presented in increasing order of mean elevation (a.sl. for macro-
scale, and above a zero datum at approximately 615 m a.sl. for the
micro-scale) The box extent indicates the interguartile range, while
the bold central lines indicate the sample medians. The whiskers
correspond to the sample 5% and 95% confidence intervals (CI).
Mean LA is indicated with an square, asterisks are the 1% and 99%
CI. and indicate observed maxima and minima. Salix spp, Betula
nana and Faccinfum wliginoswm are deciduous dwarf shrubs;
Empetrum hermaphroditum, Andromeda polifolia and Lotseleuria
Procumbens are everpregn dwarf shrubs

was the spatial Durbin model (pseudo r* = 0.32). An examina-
tion of the terms of the Durbin model (Table 7)indicated that
the only significant local topographic term was elevation
(P < 0.001); however, significant adjacency effects were
indicated forelevation (P < 0.01)and PI{ P < 0.05). Significant
residual variation was also indicated by the auto-correlation
parameter p (P < 0.001). The residuals of the Durbin model
were not auto-correlated (Moran's J=-0.002, F=04T7),
indicating robust estimation of model parameters.

Discussion

The analyses at the macro- and micro-scales demonstrated
that explicit treatments for the effects of spatial auto-correlation



Table5. Linearassociationsbetw eentr ansformedleaf area index(LAI ,)andindividualmacro-scaleterrainproperties,derivedfromadigital

elevationmodel,fromastudysitenearAbisko,Sweden

Macro-scaledata

Parameter Estimate Std.error tvalue Pr(>|t]) r Kendall’s T
Elevation(m) -1.71 x 10 3.23x 10 -5.30 <0.001 0.12 -0.28
Aspect* -3.70 x 107 9.71 x 10 -3.82 <0.001 0.06 -0.17
Slope( °) 8.20 x 10 8.49x 10" 0.97 0.35 0.00 0.07
Curvature -1.30 x 10 9.70 x 10 -1.34 0.18 0.00 —-0.05
CTIY 1.52x10™ 1.18 x 10 1.23 0.20 0.00 0.03
PIi -8.32x10* 2.92x 10 -2.84 <0.01 0.03 —-0.15
TOPEX§ -8.00 x 10 1.94 x 107 —4.13 <0.001 0.08 -0.22
*AspectconvertedtocircularscorerangingfromO: 1 viasin(Aspect* 1/360).

+Compoundtopographicindex.

1Potentiallnsolationoverthegrowingseason(May-September)inMJm 24

§Topographicexposureindex.

Table6. Linearmodelselectioncriteriaformacro-scaletransformed
leafareaindex(LAI ,)data

Model Loglikelihood AIC  RMSE Pseudo /> DF
OLS -76.10 164.19 0.36 0.22 6
Laggedresponse —69.99 153.97 0.34 0.27 7
Laggederror —69.57 153.15 0.34 0.27 7
SpatialDurbin*  —62.75 147.50 0.33 0.32 11

TheOLSmodelisalinearregressionmodelfitbyordinaryleast
squaresmethods. Theothermodelsaresimultaneousspatialauto-
regressionmodelsfitbymaximumlikelihoodmethods. Thelagged
responsemodeladdsaspatialinteractiontermforLAI ~whilethe
spatialerrormodeladdsaspatiallyinteractiveerrorterm.Thespatial
Durbinmodelisthemostcomplex.addingspatialinteractionsforall
predictors,andLAI ,.AlCisAkaikeinformationcriterion.DFis
degreesoffreedom.RMSEisroot-mean-square-errorofthemodel
predictions.

*Laggedresponseandlaggedpredictors.

wererequiredtomakevalidinferencesregardingthedistribution
of LATunderoursamplingstrategy. Failuretotreatforthe
auto-correlationinthedataledtofalseinferencesonthe
significanceofeffectsmostclearlyillustratedinthe micro-scale
analysis,in whichslopeappeared tobeahighly significant
parameter,untilauto-correlationwasaccountedfor.Similarly
inthemacro-scaleanalysis,anerroneouslyhighpseudo r’was
arrived at before treating the analysis for spatial effects.
Problemsarosebecauseoftheinflationoftheprobabilityfor
committing Typelerrorsinthepresenceof spatialauto-
correlation,becauseofabiastowardsartificiallyloweringthe
estimateofsamplevariance(Haining2003;Kuhn2007).For
thisreason,themostusefulandvalidstatisticaloutputsofthe
studywerethespatialaANcovaandthespatialDurbinmodel
(Table8).

ThestatisticaltestssuggestedwecanacceptH 1 thatelevation
wasasignificantdeterminantof LAlatboththemacro-and
micro-scales(P<0.001, P<0.01respectively,althoughthe

variance explained was low). The elevation change at the
macro-scalewasanorderof magnitudegreaterthanatthe
micro-scale. Formostotherterrainindicestherewereclear
andevenstrikingsimilaritiesbetweenthescales(Fig.2).
Theelevationresponsewasmostclearlyobservedatthemacro-
scale, and decreased in influence and significance at the
micro-scale.

Increased elevation is linked with lower temperatures
throughadiabaticlapserates(approximately0.6 ~ °Cper100m).
Theelevationchangeinthemacro-scalestudy was <40m,
correspondingto< 0.2° Cexpecteddropinmeantemperature.
Thedirecteffectsofa0.2  °Cchangeinmeantemperatureon
LAldistributionisunclear, butlikely tobesmallevenina
montanesub-Arcticecosystemwithashortgrowingseason.
Atthemicro-scale(elevationchangesof2—3m),theadiabatic
effect on temperature would be trivial. The regression tree
analysis, PCAandspatialancovaallconfirmedthecombined
importanceofelevationandexposureinexplainingLAT
variationatthemicro-scale(Table3,Figs3and4)-bothfactors
arelikelytoinfluencesnowdistribution. Thusamorelikely
explanationfortheelevationeffectisthroughitsinteraction
withexposureindeterminingdistribution of snowand the
acutedesiccativeandthermalstressesthataccumulatewhen
thelandsurfaceisexposedtotheatmosphereinwinter.

There was no significant relationship between CTI and
LAlateitherthemicro-scaleorthemacro-scale,andhence
werejectH2 thattheprimaryconstraintonL Aldistribution
was throughlandscapesoil moisture. We observed that
drainageatthesitewascomplicatedbythestonynatureofthe
substrate, a result of theintense glacial activity in thelate
Pleistocene.CTImaybeapoorpredictorof watertransport
throughthiscomplexsubstrate.

Therewasevidenceatthemicro-scaletosupportH3,that
exposure was the dominant control on LAI, (P<0.0001),
where it was observed to be the most significant factor
2=0.03).However,
therewasnosupportingevidenceforexposureeffectsatthe
macro-scale,wherecalculatedTOPEXvaluesweregenerally

measured butwithlowexplanatorypower(r



Table7. Spatial Durbin model of macro-
scale LAI, against DEM derived terrain

Macro-scaledata

variables
Parameter Effect Estimate Likelihoodratio  Pr(>|z| )
Intercept Intercept 9.98
Elevation Localeffect -8.07x 10 11.50 <0.001
Aspect Localeffect -2.44x 10" 3.58 0.06
TOPEX Localeffect -232x10™  1.17 0.28
PI Localeffect L.11x10°  0.08 0.77
Laggedelevation  Spatialinteraction 7.18 x 10 8.49 <0.001
Laggedaspect Spatialinteraction 443 x10" 341 0.06
LaggedTOPEX  Spatialinteraction -6.42x 10 0.03 0.87
LaggedPI Spatialinteraction -1.69x 10" 6.31 <0.05
p Spatialauto-correlation 0.33 11.44 <0.001

Themodelincorporatesocalkffectsoftopographyatthepredictionlocation alongwithspatia 1
interactionsof thesetermswithneighbouringsamples. Aneighbourhoodinteractioninthe
response( p)isalsoincluded.

* Aspectconvertedtocircularscorerangingfrom0: 1 viasin(Aspect* 1/360).
tPotentiallnsolationoverthegrowingseason(May—September)inMJm =2d

i Topographicexposureindex.

Table8. AsummaryofthetwokeystatisticalrelationshipsbetweenLLAlandtopographyidentifiedinthestudy,themethodsused,thereason

forapplyingthespecificmethod,andthekeystatisticalfinding

Relationship Method

Reason Keyfinding

TopographyandLAlatmacro-scale
ExposureandelevationeffectsonLAlatmicro-scale ~ Spatial

SpatialDurbinmodel

Interactionofcontrollingfactors pseudo  ’=0.32
Accountsforspatialauto-correlation ”=0.16

lowerthanatthemicro-scale. TOPEXisahigherorder
topographiceffect.derivedinpartfromslopecurvature,buta
betterindicator of shelteringthaninstantaneouscurvature
becauseitintegratesenclosure overawidedistance, rather
thanwithinthenarrowconfinesof DEM pixeladjacency.
Theindex of exposureislikely to beanindicator of snow
accumulation, orlack thereof. The significant result at the
micro-scale provides support for the hypothesis that areas
withsnowaccumulationarelinkedtohighLAI.

H4, that short wave radiation budget was the dominant
control on LAI, can be rejected; no significant effect was
observedateitherscaleInterestingly,PIwasobservedtohave
anegativespatial interaction with LAI atthe macro-scale,
indicating that an adjacent site with high solar intercept
reducedthe LAlatthepredictionlocation. Thismaybean
artefactofthedataset,ormaybeanoutcomeoftheirregular
hummockytopographyofthesite.

Overall,modelsof LAIdistributionbasedontopographic
parameters,andtakingaccountof spatialauto-correlation,
were able to account for 16% of the LAl variation at the
micro-scaleand32%atthemacro-scale. Thisresultsuggests
thatDEMsareusefultoolsinconstructingmapsof LAlin
Arcticenvironments,particularlyatcoarserscales.LAImaps
are often generated using airborne or satellite reflectance
data.Ourresultsatthemacro-scale,whichcorrespondstothe
scaleofhighresolutionsatellitedata suggeststhatcombining

opticalapproachesforLAldeterminationwithDEMs  gen-
eratedbyLIDARmayresultinimprovedregionalattribution
of LAIL

Therewerestrikingsimilaritiesinspecies/PFT-LAlIpatterns,
andtheirarrangementalongelevationgradients,atthedifferent
scalesofinvestigationinthisstudy(Fig.6). Therewasaclear
toposequenceof PFTsatthemacro-scalesite,relatedtothe
correlation of elevation with LAI . On highsites, fell field
communitiesdominated,withassociatedlowermeanvascular
LATI values. Down the elevation profile, graminoid and
moss-dominatedsub-Arcticmeadowcommunitiesweremore
common,associatedwithrelativelyflatbutshelteredtopographic
positions. Below this were heath communities, with an
increasing dominanceof Betulananaaselevationdecreased,
andanassociatedincreaseinmean LAl Sa/ixcommunities
dominatedonlowelevationsiteswithsteepslopesbordering
thedrainagechannels. Therewasasimilartoposequenceof
dominant vegetation at the micro-scale (Fig.6). Salix spp.
and B.nana tended to dominate at lower elevations, with
dwarfshrubsaspartofalichen-dominatedvegetationmore
commonathighersites. LAIfordominantspeciesmatched
patternsandvaluesobservedatthemacro-scale.

The correlation between dominant vascular species and
LAlatthemicro-scale(r  *=0.40)wasgreaterthanthecorrelation
between dominant PFT and LAI at the macro-scale (r
0.14). Atthe macro-scale, LAl was better explained by

2



topographicparametersandspatialauto-correlation(pseudo
r°=0.32) thanit was at the micro-scale (r ~ >=0.16). What
determinedthisswitchintherelativeimportanceoftopography
anddominantspecies/PFTwithachangeinscale?Thereduc-
tionin importanceof species/PFTatcoarserscaleswas
probablyrelatedtoproblemsindefiningasinglePFTat10m
resolutions, becauseo fheterogeneityinspeciesdominance
patterns.InthelOm  x10mmicr o-scaleplotstherewere2—5
different dominant species, often o f different functional
types,asdetermined fromthesub-samplesat(.2-mresolu-
tion.Thus jtheconcepto fadominantplantfunctionaltypeat
10-m resolution is questionable for this tundra ecosystem.
Thedatasuggest macro-scalecommunitiesareconstructed
fromcomplexcombina tionso fspecies/functionaltypesatthe
micro-scale, resultinginmore continuous variations and
severalfunctionaltypes.UncertaintyindefiningPFTsat10-m
resolutionmaye xplainwhyacontinuousmeasurelike LAI
that can integrate vegetation patterns is a more effective
means toidentify the complex topographicand related
environmentalfiltersdeter miningvegetation patternatthe
coarserscale.

The present stud y did not incorporate belowground
processesandplantcommunityinter actioneffects,andthis
mayaccountfortheresidualvariationinthespatialpatterns
of LAIL. Thesoilsof Abisk  ohavelowfertility(Hinnerietal.
1975;Ratcliffe2005),buttheirspatialvariabilityhasnotbeen
wellstudied Draina gepatternsthedistributiono fsnowbeds,
andthenatureo f therockysubstrateprobablygeneratea
heterogeneous distributiono fsoilnutrientsthatmayexplain
the residualvariationinLAI. Factorsrelatedtositehistor \A
reindeer management and disturbance may also play an
importantroleinthedistributiono  fLAI. Furtherr esearch
intobelow-groundpr ocessesandcommunityinteractionsis
thereforelikelytoimproveourunderstandingo  fthespatial
patterningo fArcticLAI

Theresultso fthisstudyshouldhavewideapplicabilityin
explaininglandscape patternso fLAlvariationintundra
ecosystemsacr osstheArctic. WecanrecognisethesamePFTs
described here in tundraselse wherein the Arctic(  Walker
etal. 1994). ThesePF Tshavethesamegeneralevolutionary
adaptations,wherevertheyoccur. Thus,althoughthespecies,
oreveninsomecasesthegenusorfamil y,maydif ferindif-
ferentArcticregions,theirfunctionissimilar.Asaresult,we
canrecognisesimilarassemblageso fPFTsoccupyingsimilar
componentsofthetundrainresponsetothevaryingabove-and
below-groundconditionsarisingfromtopographicvariabilit .
Furtherstudiesondifferent Arcticlandscapeswouldbe
valuable—forinstance, focusingonolderlandscapes(i.e.a
longertimesincedeglaciation)whereterrainindiceshavebeen
modifiedbyalongerperiodoffluvialer ~ osion,orlandscapes
overlyingpermafrost.

Conclusions

Vegetationtype,topographyand LAlaretightlycoupledin
tundraecosystemsacrossabroadrangeo  fscales. Examined
attwodifferentresolutions(0.2mandapproximately 10m)

therewerestrikingsimilaritiesin LAI,dominantvegetation
typeandmostterrainindicesforbothdomains(40m x40m,
and500m x500m). Topographicvariablesexplainedmore
ofthevarianceinLAlatthemacro-scalethanatthemicro-scale.
Theexplanatorypowerof dominantspecies/functionaltype
for LAl variation was weaker at coarser scales, because
communitiescontainmorethanonefunctionaltypeat10-m
resolution. Theexplanatorypowerofdigitalelevationmaps
forLAlsuggeststhatremotelysensedtopographycombined
with remotely sensed optical measurements would be a
powerfultoolforLAImappinginArcticenvironments.
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