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Abstract

While the new economicgeographyof tradeandlocationhas,understandablgnough,
concentrate@n developingmodelsof stylisedrelationshipsit now seemghatareview of some
techniquesvhich maybeappliedin empiricaltestingcould prove useful.lt is this taskthatwill be
approachethere,conditionedby the advancegaking placein new economicgeographyntheone
hand,andin spatialdataanalysisonthe other

Spatialdataanalysisrangedrom the visualizationandexplorationof spatialdata,through
spatialstatisticsto spatialeconometricsThetechniquesnvolvedareintendedto explore for and
demonstrat¢he presencef dependencbetweerobsenationsin space.Typically, obsenationsare
classifiednto threebroadtypes:fields or surfaceswith valuesat leasttheoreticallyobsenableover
thewhole studyarea,asin geostatisticspoint patterngepresentinghe occurrencef an
obsenation,suchasreportedcasesn epidemiologyandfinally lattice obsenations whereattribute
valuesadhereo atesselatiorof the studyarea.This lastform hasmuchin commonwith time series
studiesandsharesa numberof key testingtechniquesvith econometrics.

The paperreviews chosertechniquesvhich canbe appliedin new economicgeographyPoint
patternsfor instancecanbereadily usedto attemptto detectclustering.Lattice obserationsare
usedin the studyof dynamicexternalities,andconsequentlyhe effectsof testinghypothesedased
on spatialseriesshouldbe examined.Finally, attentionwill bedrawvn to problemsarisingfrom
spatialnon-stationaritywhencausakelationshipsnayvary acrossspace andfrom the modifiable
arealunit problem ,whentestresultsareinfluencedby the choiceof spatialaggreyationemployed.

1 Intr oduction

Therelationshipdetweerknowledge,especiallyconceptuaknowledge,scientificdisciplines,and
empiricalobsenationsareoftenfar from simple. Insightandintuition play animportantrole in leading
to new conclusionsA striking exampleof the significanceof locationin suchintuition is the mapping
of thelocationsof choleradeathsn Londonin 1854by Dr JohnSnaw, indicatingthatproximity to the
BroadStreetwaterpumpcouldbeimportant.By disablingthe pump,Dr Snav endecthe epidemic(cf.
Tufte,1997).Few of uswill beableto make suchdramaticinterventionsjust by mappingour data,but
wheredataarelocatedat geographicatoordinatesit seemsaunfortunatenotto examinethe possibility
thatlocal dependencenay be partof the story

Spatialstatisticsspanmary disciplines with methodsvaryingin relationto the specificresearch
guestiondeingaddressedyhetherpredictingore quality in mining, examiningsuspiciouslyhigh
frequencie®f diseasavents,or handlingthe vastdatavolumesbeinggeneratedby GPS(global
positioningsystem)andsatelliteremotesensing A uniquefeatureof spatialdatais thatgeographical

*This papethasbeenpreparedn connectiorwith the CEPRsymposiunon New Issuesn TradeandLocation(2277),Lund,
Sweden28-30August,1998.



locationprovidesakey shareckeitherexactly or approximatelybetweerdatasetsof differentorigins.
Censuglatacanbeoverlayedover patientor customeidata;ervironmentaldatacanbe integratedwith
diseasdrequenciesproblemswhich hithertodid not admitreadyempiricaltestingarebecoming
approachableGeographicainformationsystemsarecontrituting to the developmentandspreacbf
spatialstatisticalmethodswhich have, largely sincetheir inception,remainedwithin narrov research
confinesatleastpartly becausehey wereseenasbeingcomputationallyburdensome.

In thisreview, | will concentrat®n indicatingthe kinds of researctproblemsto which spatialstatistical
methodscanbe applied,with particularreferenceo tradeandlocationwherepossible.lt shouldbe
admittedthatthe numberof suchapplicationds asyet very limited, but this doesnot appeato be
becaus¢hereareno opportunities— ratherit seemghatKrugmans argumentaboutlack of mutual
acquaintancealsoapplieshere(1995). Further few of the econometrid¢ools economistarefurnished
with provide suitableestimationmethods Haining (1990)givesa broadgeneraintroductionto the
field, supplementely Hepple(1996)andGetisandOrd (1996). Threerecentsuneys, including
availablesoftware,areLevine (1996),GatrellandBailey (1996),andBivand(forthcoming).

Having examinedresearchraditionsin tradeandlocationin relationto the testingof modelsagainst
empiricalobsenrations,basicissuesn spatialstatisticswill be discussedfocusingonhow the
relationshipsbetweenocationsareexpressedWe move next to the analysisof point patternsandfields.
Most of the paperdealswith lattice datatypical of socialsciencearesearciproblems.Startingfrom the
exploratoryanalysisof spatialdata— alsoavital stagein point patternanalysisandgeostatisticsglobal
measuresf spatialassociatiorarepresentedbeforethe mostrecentwork on local indicatorsis
reviewed. Attentionis alsodravn to the modifiablearealunit problemoftenpresentn theanalysisof
lattice data.Finally, we turnto spatialeconometricsfirstly the detectionof spatialdependencin
estimatiorresultsbasedn the assumptiorihatthe mutuallocationof obserationsis without
importanceandsecondlythe explicit modellingof this dependenceThis sectionis concludedoy a
discussiorof a methodof geographicaleighting,providing a way of revealingnon-stationarityn
spatialdataunderanalysis.

1.1 Reseach traditions

Many of the pointstaken by Krugman(1995)in his accountof the developmentof economicgeography
andregionalsciencearewell taken,anddesere to berecevedwith moregracethanhasappearedn
repliessofar. Economicsdoesnot however sharetheinstitutionalcontexts andresearchraditionsof
geographywhich, like economicshasbothadisciplinarycoreand“flavours” extendingin mary
directions.Several of thesearemanifestlypresentwithin this review, particularlymedicalandphysical
geographyAt presenttheclearfocusof mary quantitatve andappliedgeographers on geographical
informationsystemsandcollaborationwith disciplineslike computerscienceandsuneying. In spatial
statisticsthe key breakthrougloccurredn 1973,with the publicationof Cliff andOrd’s Spatial
Autocorrlation Cliff hasdeepenedhis concernwith epidemiologicamodellingin geography(Cliff
andHaggett,1996),while Ord, a statisticianof note', worksfrom time to time with geographersuchas
Getis(GetisandOrd, 1996).

An intelligentdescriptionof the currentsettingandresearchraditionsof quantitatve geographyhas
beenwritten by Hepple(1998)in reply to anaggressie social-theoreti@attack,in which all contactwith
correlationandregressioris condemnedor thelinks betweenGaltonandPearsorandlate nineteenth
centuryeugenics! feelthatit is worth noting Hepples approachHe is carefulto express
understandindor thecriticism advanced andproceedso usethe samemethodsasthe socialtheorists
in orderto demonstrat¢hat, with amorecontetual readingadmittingadditionalinformationfrom the
periodin questiononewould have foundthatopinionswerealsodivided. In the caseof regression,

1J.K. Ordjoinedin thework of updatingkendall's advancedheoryof statisticsin the late 19705, andhasbeeninvolved
in boththe 4th and5th editions.



Heppleadwancesa persuasie casefor arguingthat Yule, studyingwhatwe would now termsocial
exclusion,madea moreimportantcontritution, andthatconsequentlyt would be prematurdo
condemrguantitatve methodsassuchon the basisof just someof their associations.

Indeed,it will beusefulfor our presentdiscussiorto cite Yule (afterHepple,1998,p. 27%):

Theinvestigationof causakelationshipdetweereconomicphenomeng@resentsnary
problemsof peculiardifficulty, andoffersmary opportunitiesor fallaciousconclusions.
Sincethestatisticiancanseldomor never make experimentdor himself,he hasto accept
the dataof daily experienceanddiscussasbesthe cantherelationsof awhole groupof
changeshecannot]ik e the physicist,narrav down theissueto the effect of onevariation
atatime. Theproblemof statisticsarein this sensdar morecomple thanthe problemsof
physics.

Beforewe proceedo take up key issuegaisedin usingthe spatial‘dataof daily experience’ afew
wordson avery few selectedexamplesof empiricalwork in tradeandlocation. The geographyof
innovationin the context of knowledgespilloversis aresearctareawith substantiainterest,but where
opportunitiedor interactionwith spatialstatisticsdo not yet seemto have beenexploitedsuficiently
(Jafe, Trajtenbeg andHenderson1993,AudretschandFeldman 1996).In work on dynamic
externalitiesandgrowth in cities,Hendersor{1997,p. 455)doesadmitthattheresiduals'may be
correlatedor all countieswithin ametropolitanarea”,andusesa simpleadhocdiagnostic.The study
of thedeterminant®f economicgrowth usingcross-sectionakgressiongSala-i-Martin,1994,Barro,
1997),despitetechnicalsophisticationdoesnot seemto have openedor thetestingof hypotheses
concerningesidualor structuralneighbourhooeaffects. In conclusion attentioncanbefruitfully dravn
to thework of Francophobe&conomistsThisse(1997)sumsup lucidly theindeterminag of regional
bounding,shaving how processefik e spillover renderthe constructiorof entitiesfor empirical
purposegproblematic— we will returnto thisissueagainasthe modifiablearealunit problem.

2 Basicissuedn spatial statistics

Sinceobsenationsof spatialdataareasunlikely to beindependenasobsenrationsontime seriesijt is
perhapssurprisingthatnot moreusehasbeenmadeof this sourceof information. With anadequate
choiceof explanatoryvariablesthis spatialdependencenaybereadilydravn into amodel,andcease
to beanuisanceHowever, spatialdependencis not necessariljusta nuisanceput mayhelpusto
captureémportantfacetsof therealitiesof economicprocessegcf. HendryandMizon, 1978). The
literatureon spatialstatisticss substantia{seeCliff andOrd, 1973,1981,Ripley, 1981,Uptonand
Fingleton,1985,Griffith, 1988,Anselin,1988,Haining,1990,andmorerecentlyCressie 1993,and
Bailey andGatrell, 1995).We will heregive abrief introductionto someof thekey issues.

In theirnow classicsurwey of problemsn analysingspatialdata,Duncan,Cuzzort,andDuncanexpress
thefocusof this studyin thefollowing way:

Interestin arealdistributionsmeigesmoreor lessimperceptiblyinto a concernwith the
‘spatial structure’of communitieseconomiesandsocieties At the presentimeit is
difficult to appreciatehe magnitudeof effort which wasrequiredto establisithe concept
of aneconomyor a societyasaterritorially organisedsystem(1961,p. 16).

They continueto identify four perspectieson spatialdifferentiation which they describeas: (a)
chorographidnterestin arealdifferentiation;(b) interestin arealdistribution; (c) interestin spatial

2from Yule, G., 1897,“On thetheoryof correlation”, Journal of the RoyalStatisticalSociety 60, p. 812.



structure;and(d) concerrnwith the explanationof arealvariation(pagel9). They desere creditfor
takingup the problemswhich spatialdataposefor analystsof society andof changen society Since
spatialdataareneitherthe outcomeof controlledexperimentsnor do they resultfrom randomsamples,
it is clearthatbeyond mappingandinformal inferencefrom patternsspecificspatialstatisticalmethods
arerequired.

Datafrom which statisticalinferencesareto bedravn oughtto fulfill anumberof criteria,key among
whichis thatthey areindependentf eachother Thefoundersof statisticsverekeenlyawareof the
difficulties of makinginferencesrom spatialandtime seriesdata.Studentdescribeshe problemin
detailin apapemublishedover ninetyyearsago(1914),while theway in which Galtonposedhe
problemis discussedbelav. In time serieswe know thatlaterobserationsmaydependon earlierones;
this dependences termedautocorrelationFirst orderautocorrelations betweerthe currentobseration
andits immediatepredecessoi he orderingof the datais cleart althoughthe choiceof temporalunits
doesmale a difference for examplehourly, daily, weekly or monthly datamay displaydifferentforms.
In thetime seriescasejt is usualto speakof atemporaldatageneratiorprocessThis canbethoughtof
asanunobserablecune, generatedbothin relationto its own previousvaluesandin relationto the
currentandpossiblypreviousvaluesof othervariables.If we obsere it atdiscreteandregularly spaced
intenals, we gettime seriesdata,from which we cantry to estimateheunderlying,unobserablecune.

Spatialdatamay be viewed asobserationstaken at discretepointson a surface,ratherthanacurwe,
sincewe arein two dimensionsnot justthe singledimensionof time series.lt is in this sensghatwe
canspeakof underlying,unobserable spatialdatageneratiorprocessesaboutwhich we would like to
infer. Theinferencesvhichwe would like to beableto make areabouttheseprocessesyhichfor a
variety of reasonsnay not bedirectly obserable. Usingpolitical behaiour asanexample,we could
seekto establisitheidentitiesof voters,hopingto link their ballot papergo their othercharacteristics,
suchasplaceof residencer birth, sex, age,occupationgtc. An exit poll couldbeusedto achieve this,
but thenthe focuswould be on theindividual level, ratherthanon thelocal, territorial, or ecological
links. While we have to accepthatwe cannot make inferencesaboutindividual behaiour from
ecologicaldata(LangbeinandLichtman1978),it is oftenbothnecessarandrelevantto studyspatial
datageneratingprocesseattheaggregatelevel. Aggregationin itself shouldnotbe avoided,not least
becauséd oftenreturnsin oneform or otherasclassificationsisedasexplanatoryvariablesrelatedto
cleavagesbeit socio-occupationatlass,organisationpr someotherstructuringvariableabove the
level of theindividual.

Spatialaggrgationbringswith it a numberof specificproblems.The boundaryeffectsat the edgesof
thestudyareaareoftenimpossibleto controlfor. If we areconcernedvith reconstructinginobserable
surfacesthenwe arefacedwith the hypotheticalquestionof whetherthe surfaceextendsoutsidethe
studyareageventhoughwe have no obserations(Haggett1981).1f we hadpossessedatafrom beyond
thestudyareawouldit alterourinferencesaboutthe shapeof the surfaceat theedgesof our studyarea?

In addition,the oftenarbitrarynatureof the assignmendf obseration unitsto aggrejates known asthe
modifiablearealunit problem,hasto berecognisedlt hasbeendemonstratethatthereis arelationship
betweerthe coherencer simplicity of the procesgieneratinghe surfacewe aretrying to make
inferencesabout,andtheway in which the obserationsareaggrgated(Opensha andTaylor 1979).
They separat¢he scaleproblem,whereresultschangdrom lessaggrgatedto moreaggrgatedspatial
units,from theaggreyationproblemcausedy arbitrarychoicesmadein zoning,thatis assigningoasic
spatialunitsto contiguouszones.Zonesin turnimply the contiguity of memberunits, while groups
requireno contiguity Openshe andTaylor wereableto demonstratéhattheinteractionbetween
spatialautocorrelatiorandthe zoningprocedurairectly affectedresultingstatisticS(1979,p. 142).1t is
quiteclearthattheresultsof analysisaredependenbn the particularlattice of arealunit boundaries
chosenandthatdifferentresultsmaybeyieldedby analysesisingdifferentboundariesFor this reason,
unitsof obserationmaybetermedzonesio shav thatthey have beensubjectto a processof
aggreationfrom basicspatialunitsfor which datamay oftennot be available.
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Finally, the non-stationarityof varianceacrosgshe studyareais a problemanalogougo thatfacedin
mary studiesusingstatisticalinference We recallthatregressionfor example,assumeshatthe
varianceof the errortermshouldbe constantandnot vary with theindependentariable.In thetime
seriescase we cansaythattheseriess stationanyif it hasa constantnean,andfluctuatesaboutthat
meanwith a constantariance.The meanmay of coursebe aresidualafterthe removal of estimated
structuralfeaturesof the curve underlyingthe obserations.In orderto make inferencesaboutthe
curwe, it is importantthatthe varianceaboutthe estimateshouldnot vary in time. In the sameway, with
spatialdatawe shouldbe avareof problemsthatarisein inferenceif varianceaboutthe estimated
surfaceis not constanbverthewhole studyarea.

Haining (1990,p. 22-26)providesa usefuldiscussiorof mary of theissuesnvolvedin inferring from
spatialdata.If it is possiblethatobserationsbeingtreatedasindependenin factderive from ashared
ancestqrthenthey will not contritute separat@egreesof freedomto the formal testusedfor inference,
or to thejudgemeninvolvedin thedrawing of informal conclusionsFurtherlight is thrown onthe
difficultiesinvolvedin reachingsubstantie conclusiongy Haining (1991),in adiscussiorof the
Clifford-Richardsoradjustmenbf the"effective” samplesizefor bivariatecorrelation. Therés aclear
link betweerthe methodsuggestedby Haining (1991,page215),for the calculationof therelevant
adjustmentandthefamily of distancestatisticssummarisedy GetisandOrd (1996).Both the
adjustmenmethodanddistancestatisticsrely on the explication of the correlationstructureat varying
distances.

Summingup, we areoftenfacedby non-eperimentaldatafor sitesor zoneswhich we would like to
analyse Abstractingfrom zoneso simplify theagumentwe arein aninherentlymultivariatesituation,
whereeachsite standsn arelationshipto every otherone.We arefacedwith a setof probably
non-independenaindomvariables{Y (s),s € ® 2}, commonlyreferredto asa spatialstochastigrocess,
andwheres arethepointlocationcoordinatesA typical datasetthenconsistoof obseredy(s), andis
referredto asarealizationof the spatialprocesslt is only a singleobseration from thejoint

probability distribution of therandomvariables{Y (s),Y(s), ...}, from whichlittle canbegleaned
abouttherelationshipdetweernthesesites,evengiventhatwe accepthatthey arereasonably
representate in somesensegBailey andGatrell,1995,p. 24-28).

Onthis basis,we will now proceedo review the componentreasof spatialstatisticsdealingin turn
with point patternanalysis geostatisticsandthe analysisof lattice data.

3 The analysisof point patterns

Pointpatternanalysiss concernedvith thelocationof events,andwith answeringquestionsaboutthe
distribution of thoselocations specificallywhetherthey areclusteredrandomlyor regularly
distributed. Pointpatternanalysisis very sensitve to the definition of the studyarea,sincearegularly
distributed patterncanbe madeto seemclusteredoy includinglarge maginswithin the studyarea.
Measuresrealsosubjectto boundarycorrectionsandmostoften studyareaboundariehave to be
definedascorvex polygonsover the studyarea,or in the simplestform asrectangledoundingthe
pointsunderanalysis.lt is of coursealwaysimportantto plot the eventsto detectoutliersvisually,
togethemwith theboundariedbeingapplied(Bailey andGatrell,1995,Cressie 1993).

Thesimplestway of exploring point patterndatais by examininga two-dimensionafrequeny
distribution of countswithin equal-areainitsimposedon the studyareagiving animpressiorof how
theintensityof the point processvaries;this canbe extendedo kernelestimation.Nearesneighbour
distance@realsousedto analysentensity Intensityin this sensas afirst orderproperty themean
numberof eventsperunit areaat points. Spatialdependences capturedoy the secondorderproperties
of aspatialpoint processwhich involve therelationshipbetweemumbersof eventsin pairsof arbitrary
areaswithin thechoserstudyarea:y(s, sj) = y(s —s;j) = y(h). For astationaryprocessthis
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relationshipdepend®n thedistanceanddirectionbetweerthe pair of areaswhentherelationship
depend®n distancealone the processs termedisotropic.

Having anempiricaldatasetis not sufficientto testfor divergencedrom randomnesdn generaltests
areconductecdhgainsia standardnodelfor completespatialrandomnes$ollowing ahomogeneous
Poissomrocessverthe studyarea.Thisimpliesthatary of the eventscould have occurredanywhere
in the studyareaandthatthelocationsof the eventsaremutuallyindependentThis is enoughfor a
start,but quickly encounterdlifficulties, whenthe underlyingcontrol distribution is nothomogeneous
acrosghestudyarea.Further onemaywish to testhypotheseshattheincidenceof eventsis raisedat
or neargivenlocations.Both of theseissueshave attractedsubstantiatontritutionsin the pastdecade,
andmethodsarenow availablefor testingpoint patternsagainstypothesesf non-randomness
relationto a secondcontrolvariablewith avarying spatialdistribution (CuzickandEdwards,1990,
Diggle, 1990,Diggle andChetwynd,1991,Diggle andRowlingson,1994,Kingham,Gatrelland
Rowlingson,1995,Gatrelletal., 1996).

Thesedevelopmentsave led to empiricalwork usingpoint patterndor cases— obsered events—
andcontrols— for theunderlyingnon-homogeneousistribution. In this framework, K functionsare
definedfor alabelledstationaryisotropicpoint procesdor case-casesontrol-control,andcase-control
pairsfor distancesip to anarbitrarymaximum,andthe differenceis calculatecbetweerthe case-case
andcontrol-controlpairsfor the choserdistancesteps.An confidencenterval ervelopecanbe
constructedroundthe null of no difference permittingthe analystto detectat which distances
significantdifferencesccurbetweerthedistancedbetweercasesandbetweercontrols. Thesemethods
have beenemplg/edby JoneslLangfordandBentham(1996)to explorethe outcomesf road
accidentsandwithin thefield of locationby Sweeng andFeser(1998)to examinesmall
manufcturingbusinesdocationpatterngn North Carolina.They find conclusve evidenceof plants
from 8—-49emplgyees,with 8—17employeeplantsdisplayingclusteredocationsat rangesup to 15
kilometres while thelarger 18—49emplosee plantsclusteredat all spatialscaleswithin thebound
calculated Large plantswith over 205emplo/eeswerefoundto seekdispersedocationssignificantly

4 Geostatistics

Geostatisticaimethodsmostoftenstartfrom obserationsat pointsof singleor multiple attributes,and
areconcernedvith their statisticalinterpolationto afield or continuoussurfaceassumedo extend
acrosghewholestudyarea.lt is of coursepossibleto interpolatein a deterministiowvay, or to use
polynomialregressioron the site coordinatevaluesto predictatrendsuriace,but thesemethodslo not
give thedggreeof statisticalcontrolto be hadfrom variogramanalysisandsubsequentlynodellingby
kriging. Geostatisticainethodsarealsosubjectto a variantof the modifiablearealunit problem ,known
asthe changeof supportproblem(Cressie,1996);althougha surfaceis assumedo exist throughouthe
studyarea,it is notfeasibleto gatherdataatall of thesin the studyarea,or to know onthebasisof the
samplepointshow they representhestudyarea.Geologistsarealsovitally interestedn finding
anomaliesperhapssimilarto clustersthe sameappliesto ervironmentalscientistexaminingthe
distribution of radioactve isotopeswho areconcernedo locate*hot-spots”.

In practicea sampledatasetmaybetreatedfor systematicsariationin thefirst two momentsbefore
geostatisticahnalysishegins. The next stepis to usevariogramdor exploring spatialvariability
betweenall pairsof pointsa specifieddistanceapart. Measuresretakenacrosshe whole map,andcan
betakenassumingsotropy, orin achoserdirection. The chief sourcedor exploratoryvariographyand
variogrammodellingareCressig1993),Isaaksand Srivastaa (1989),and DeutschandJournel(1992).
Semiariogramanalysisandmodellinghasbeenattractinggrowing attentionin the spatialanalysisof
datafrom othersthanthe earthscience®ver recentyears.Amongotherexamples geostatistical
methodshave beenemployedin medicalaswell asphysicalgeographyOliver andWebster1 986,
WebsterOliver, Muir andMann1994).



Thedistancemeasuré is avectorexpressinglistanceanddirection,within specifiedtolerancesand
thushasa naturalheadandtail. The headandtail variablescanbethe same put candiffer; in such
bivariatecasesausakffectis manifestedn thedirectionandatthe distancespecified.It is assumed
thatthe samedependengcrelationshipbetweerlocationswill be manifestirrespectre of placingin the
studyarea althoughtherelationsmaybe anisotropic.Theclassicakemiariancemeasurés:

N(h)
W)= o 3 05w

whereN(h) is thenumberof pairsfulfilling relationshiph, x; is thetail value,andy; is the headvalue.
Thecovariogramis similarly defined:

1 N 1 N g N
o= i 2, (i 2 2.

The semvarianceis thusthe sumof squaredlifferencesetweerpairsof valuesat distancen, divided
by twice thenumberof suchpairs. Thisis analogoudo the Gearystatistic,while the covariance
correspond$o adistance-bandelloran’s | statistic(describedn sectionson the analysisof lattice data
below). Many furthersemvarianceestimatorsareavailable,providing robustnesdo outliers,and
perhapsa betterseparatiorof the structuredaspectelatedto the overall distribution of the phenomenon
from the oftenerraticlocal behaiour of the phenomena.

Modellingis derivedfrom thefitting of oneor moreof afamily of functionsto theobsered cune,
adjustedwith respecto a numberof parametersThe principle advantageof usinggeostatistical
methodss yieldedwhentheresultantmodelsareusedfor predictionto otherlocationswithin the study
area,usingbothresultsof trendanalysesandof local dependencieslheseresultin surfacesof fitted
values perhapsplottedoveraregulargrid andcontouredandmoreimportantlysurfacesof variances,
permittingconfidenceantenalsto be constructecdiroundmodelpredictionsover the studyarea.For
environmentalscientistan generalandmining geologistdn particular attemptingto squeezehe most
informationpossibleout of eachsamplecore,thesemethodshave provedto be of considerablealue.
Socialscienceapplicationsarelimited chiefly becausé¢herearerelatively few phenomenavhich can
reasonablye supposedo exist assuriacesof this nature althoughby the useof analogy onemight
relaxthis limitation. Therearesomeparallelsbetweenwork in geostatisticandthe treatmenbf
non-stationarityusinggeographicallyweightedregressiordiscussedbelow.

5 Exploratory spatial data analysisand lattice data

In this section,we will find thatapplicationsof spatialstatisticsto tradeandlocationbecomemore
realistic,notleastbecaus¢he methodausedandthe underlyingdependengcstructuresappeamorelike
econometricén thetime seriesdomain.While the methoddiscussedbore arerelatedto thosefor
moretypical socialsciencdattice data,they areperhapsnoresimilarto theapplicationof time series
methodsn engineeringpr the physicalsciences— thekinds of processeseconomist@ndhuman
geographerareinvolvedin studyingareonly seldomeventsof the point patternkind, or surfaces
analysedn geostatisticsThe understandinghowever, of stationarityandisotropy thatthey bring with
themdoeshowever carry overinto studiesof lattice data,including attemptdo detectthe spatialrange
atwhich neighbourhooaffects,spillovers,make themselesfelt. Two recentsuneys coveringthearea
of exploratoryspatialdataanalysisexplicitly areby Bivand(forthcoming)andD. Unwin (1996).
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5.1 Visualization

D. Unwin (1996)specificallyfocuseon visualizationasa necessarfirst stepin all spatialdata
analysis simply becausé¢he positionof particularattribute valueson a mapinducesassociatie
processe theanalystdraving uponanalogiespossibleprior information,or memory(for instanceof
possiblesourcesf dataerror). In geostatisticahnalysisHaslettetal. (1991)andCooketal. (1996,
1997)have introducedinkedvariogramcloud plots, displayingthe valuesof the squarediifferenceof
the pair of headandtail obserations(x — yi)2 in onewindow, andthe specifictail to headline ona
mapin asecondvindow. By maoving a pointingdevice aboutthevariogramcloud plot, the analystis
ableto seewhereonthe mapdisplaythe choserpairsarelocated.In generallinked plot technologyfor
dynamicdatavisualizationis becominganimportantpartof the modernstatisticaltoolbox, perhaps
exemplifiedby XLispStat(Tierney, 1990)andXGobi (Buja, CookandSwayne,1996),neitherof which
is specificallydesignedor spatialdata,but whereboth have beensuccessfullytilised (Cooketal.,
1996,1997,BrunsdorandCharlton,1996). Furtherexamplesof visualizationtechniquegor
socio-economidataaregivenby A. Unwin (1996).

5.2 Global measuresof spatial association

At this point, a numberof definitionsandexplanationsof standardpatialstatisticalnotationsare
required.A measuref spatialdependences boundto make someassumptionaboutthe underlying
datageneratiorprocesr processesAmongtheassumptionshathave beenusedin studiesof
autocorrelationthe oneimplying leastaboutour prior knovledgeof relationshipsetweerobserations
for spatialunits, saypoint sites,or boundedzonesexhaustvely dividing up the studyarea,s basedn
contiguity It is not usualto beableto estimatetheserelationshipgrom data,involving asthey do
N2—N interactionspmitting thosewithin zonesthey arenotthe sameaszonalfixedeffectseither
althoughthe eliminationof suchfixedeffectsin panelstudiescanalterthewaysin whichinteraction
mayappear

Cliff andOrd (1973,p. 11-13)provide theinitial formalizationof therelationshipsasa generalized
weightingmatrix, mostusuallytermedW. The mostrecentsystematizatiormeviewing the Markovian
propertieof someweightingmatricess givenby Bavaud(1998).In arecentstudyreviewing the useof
differentformsof weightingmatrices Griffith (1995)hasdemonstratethata parsimonious
specificatiorof therelationshipdetweerpbsenrationsis to be preferredo onemakingassumptions
aboutsaydistancedecay Brett andPinkse(1997)alsonotedifferencesn inferencewhich canoccurin
usingdistancebandsandcontiguities which they call “Hotelling neighbours’for obviousreasons.

It is usualin theliteratureto definethe contiguity relationin termsof setsN;) of neighboursf zoneor
sitei. Thesearecodedin theform of aweightsmatrix W, with a zerodiagonal.andthe off-diagonal
non-zercelementoftenscaledio sumto unity in eachrow (a.k.a.standardizedveightsmatrices) with
typical elements:

Cij

N
Gi
&°

Wij =

whereg;j = 1if i islinkedto j andc; = 0 otherwise.This impliesno useof otherinformationthanthat
of neighbourhoodetmembershipSetmembershipnay be definedon the basisof sharedooundaries,
of centroiddying within distancebands or othera priori grounds.

FigurelA shavs theway in which the setsof contiguouseighboursf eachzoneareconstructedin
Figure 1B, neighboursaredefinedwithin afixeddistancerom the zonein question.In tableform, the
setsof neighbourdor selectedzonesareshavn in Tablel.
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Figurel: Latticesof irregularpolygonzonesandpointsites.

Tablel: Neighbourhoodetsfor latticesshavn in Figurel.

Zone A: contiguity B: distance
number neighbours number neighbours
1 2 (2,9 2 (2,9
6 3 (5,7,8) 2 (57
8 6 (3,4,56,7,9) 4 (3,4,7,9)
9 5 (1,2,3,7,8) 3 (1,7,8)

As GetisandOrd point out (1992,p. 190), therearegoodreasongor examiningpatternsof spatial
dependencatamorelocal scale.lf we do not have goodreasorto supposehatthe processn question
is spatiallystationaryit seemshaturalto apply distance-basetbststo the obsered spatialseries.For
usewith distancestatistics pnedefinesa symmetricone/zercspatialweightingmatrix usingthe
distancebetweerthe coordinate®f a pointassociateavith the obserations. The choiceof pointfor
non-siteseriess notarbitrary noris the choiceof the distancemetric. Herethe administratre centres
of the obseration units have beentakenasadequatelyepresentinghe locationof the obseration.
Distancehasbeenassumedo bethe simpleEuclideandistancebetweerpoints,ignoringbarriersand
otherfactors.Distancehasfurtherbeenbandedn the basisof thefrequencie®f interpointdistances,
andthefurthestnearesteighbourdistanceasshavn in Figure2. A typical elemenif the
non-standardizespatialweightmatrix C(d) for distanced is definedas:

gy § 1 iFhypoti, ) <d,i # ]
i(d) _{ 0 otherwise

andhypo(i, ) = /(x — %)+ (% — y;)2.

Theextentto which resultsareaffectedby the choiceof pointsrepresentingonesandthe choiceof a
simplerepresentatioof distances unknavn. Distancebandedspatialweightmatricesmaybe storedin
thesamefashionascontiguitymatricesandmayalsoberepresentedsslicedincrementsagain
reducingstoragerequirements.

In Figure2A, thenearesheighbourf eachzoneareshavn. It is zone9 thathasthefurthestnearest
neighbourdistanceat 50 km from zone7, while zone3 is 39 km from zone8. Figure2B illustratesthe
useof distancebandsat 30,60,90,and120km. Table2 shavs theincrementaheighbourhoodetsfor
zone8 for thesebands.If zoneswerepermittedto betheir own neighboursthenzone8 would belong
to thesetof neighbourdor bandl.



Figure2: Nearesneighboursaanddistancebands.

Table2: Theincrementaheighbourhoodetsof zone8 (Figure2B).

Band | Distance| Number Neighbours
1 <30 0

2 30-60 |3 (3,4,7)
3 60-90 |3 (5,6,9)
4 90-120 | 2 (1,2)

Table3: Spatiallag valuesfor zone8.

Zone8 \Number Neighbours Laggedvalue
6 (3,4,5,6,7,9)

Sum 6 (15.0,17.0,19.0,18.0,17.0,14.0) 100.00

Average| 6 Eachcontritutes1/6 16.67
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We canexemplify the spatiallag usingthe neighbourhoodetfor zone8 from Figurel andTablel. If
thesetof obsenationsfrom all theninezoness (10.0,12.0,15.0,17.0,19.0,18.0,17.0,16.0,14.0),
thenwe canseefrom Table3 how the spatiallylaggedvalueis calculatecasa sumor anaverageof the
valuesof six neighbourf zone8, in this case.The averagelaggedvalueof 16.67correspondslosely
to theobsenredvalueof 16.0.

Usingtheseconstructionswe candefinetwo commonlyusedglobalmeasuresf spatialautocorrelation
(Cliff andOrd, 1973,p. 12, Haining,1990,p. 230),Moran’s |:

NZ\ZW”ZZJ
PO

takingdifferencesrom themean:z = x; — x, andthe Gearycoeficient:
N

) BB
ST E

In addition,mentionshouldbe madeof the generaklassof crossproductstatisticsdueto Mantel
(1967),anddevelopedby Hubertetal. (1981):

C=

N N
M= wijij-
22

If we setw;j =w; j, we canexpressthe Morancoeficientasé;; = (x — X)(xj —X), while the Geary
measurgakestheform: &;; = (x — Xj)z. I" yieldsageneraframavork for the developmentof additional
measuresncluding space-timenteractionandmultivariatetests(Haining,1990,p. 230-231).

The MoranandGearycoeficientsmaybetestedusinganalyticalexpectationsandvariancegCliff and
Ord, 1973)basedargely onthe neighbourhoodtructureassumedn the spatialweightingmatrix, and
areasymptoticallynormally distributed. In additionto testsfor interval scaledvariablestherearealso
join-countstatisticsfor nominalvariables basedasthe namesuggest®n countingthe numbersof
same-colouanddifferent-colourjoins betweemeighboursiefinedby theweightingschemeadopted.
Lowell (1997)providesareview of thesemeasure thelight of morerecentdevelopmentsA study
adaptingMoran’s | to heteroscedasticitgasbeenconductedy Waldhér(1996),who is concernedvith
situationswhentestingthe obsered estimateof the statisticagainsia null in which arny permutatiorof
valuesto zonesis not equallylikely, anassumptiorunderlyingthe analyticalexpectationandvariance
of themeasureFinally, nev measuretiave beenintroducedoy ShermarandCarlstein(1994)and
Shermar(1996)usinga method-of-momentsolutionusingonly the dataat hand,andby Brettand
Pinkse(1997)for spatialindependencbasedn characteristi¢unctions. The Moranstatistichasbeen
usedin studiesof pricesin internationatradeby Aten (1996,1997).

5.3 Local indicators of spatial association

While globalmeasurepermitusto testfor spatialpatterningover thewhole studyareajt maybethe
casethatthereis significantautocorrelatiorin only a smallersectionwhichis swampedn the contet
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of thewhole. Both distancestatistics(GetisandOrd, 1992,1996,0rd andGetis,1995),andthelocal
indicatorsof spatialassociatiorderved by Anselin(1995,seealsoGetisandOrd, 1996),resemble
passinga moving window acrosghe data,andexaminingdependencwithin the choserregion for the
siteonwhich thewindow is centred.The specificationgor thewindow canvary, usingperhaps
contiguityor distanceat somespatiallag from the consideredzoneor point.

Thereareclearconnection$ierebothto the studyof point patterns— althoughmethodgor boundary
correctionhave not beenspecificallyaddedto weightingmatrix definitionsyet— andto geostatistics,
sincethesestatisticshave applicationto the explorationof non-homogeneitieis relationshipdetween
locationsacrosghe studyarea.They arehowever subjectto a correlationproblem thatestimatedialues
of thelocalindicatorfor neighbouringzonesor siteswill be correlatedwvith eachotherbecausehey are
necessarilgalculatedrom mary of the samevalues recallingthatneighbouringplacementsf the
moving window will mostlikely overlap.Ord andGetis(1995)provide suitableadjustmentso critical
valuesof the G; andG; statistics.

By extensionfrom theglobalmeasurd™ presentedbove, Getis(1991,seealsoGetisandOrd, 1996,
Anselin,1995)defines:

N
riZZwijEij,
J:

whererl’; is themeasurdor locationi definedin termsof theweightingmatrix with elementsy;j, and
&ij capturegheinteractionbetweertheattribute valuesat locationsi and j. GetisandOrd (1996)define
six differentmeasureghelocal Moranl;: &jj = (x — X)(x; — X), threelocal Geary-typestatisticS(C;,
K1, andKy) with &;j = (X —Xj)z, andthe G; andG! statisticswith &;; = (x;j) and&ij = (X + X;j)
respectrely (G; andG; differ in thatG;" includesthe attribute valueatlocationi aswell asthoseat

] € N(j)). Gi andG}' have beenshavn to beasymptoticallynormally distributed asthe numberof
neighbourf locationi, j € N;), increasesfor instanceby increasingheradiusd aroundi usedto
definetheweightingmatrix.

Theusego which local statisticshave beenput areto identify “hot-spots”,to assesstationarityprior to
theuseof methodsassuminghatthe datado conformto this assumptionandotherchecksfor
heterogeneityn the dataseries.A typical applicationis to plot the estimatewvaluesof alocal statistic
with increasinglistancefrom a selectedocationi, perhapsalsocontrolling for direction(Getisand
Ord, 1996,Bivand,1997).In addition,Anselin (1996)hassuggestedhata plot of x; againsiits spatial
lag 3 ; wijX;, termedaMoranscatterplotparticularlyusedwith dynamiclinkedvisualization,mayassist
in revealinglocal patterning.

Examplesof theapplicationof local statisticsin relationto topicsin economicgeographyare
O’Loughlin andAnselin(1996),examiningtradebloc formation— challengingassertionsnadeby
Krugman,andby Barkley etal. (1995)andBaoandHenry (1996)in exploring the useof local
indicatorsin assessinthe appropriatenessf definitionsof functionaleconomicareas.Talenand
Anselin(1998)have alsousedthesemethodgo evaluatethe measuresisedto defineaccessibilityto
public playgroundsa studyin the equity of urbanservicedelivery.

5.4 The Modifiable Areal Unit Problem (MAUP)

Having outlinedthe MAUP aborve, it remainshereto indicateprogressn addressingndin part
resolvingtheissuesnvolved. Arbia (1989)madea major contritution by studyingin deptha rangeof
links betweerthe presencef spatialautocorrelatiorandthe MAUP; until thattime mostanalystshad
choserto sidestegOpensha andTaylor’s (1979)potentiallydevastatingfinding thatthe resultsof
statisticalanalysisof datafor spatialzonescouldbevariedatwill by changingthe zonalboundaries.
The problemincludestwo parts,the problemof scale,involving the aggregationof smallerunitsinto
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largerones,andthe problemof alternatve allocationsof componenspatialunitsto zonesalsoknown
asgerrymandering.

A furtherpositive contrikution wasmadeby FotheringhamandWong(1991),followed up by Amrhein
(1995),FisherandLangford(1995),AmrheinandReynolds(1996),andMorphet(1997). Openshe
(1996)summariesnary of thetechnologiesmow availablefor choosingzoningsystemdo optimize
results.Perhapshe mostactive groupof recentpublicationshasresultedirom collaborationbetween
socialstatisticiansxperiencedn complex suney designandgeographersncludingHolt, Steel,
TranmerandWrigley (1996)andHolt, Steel,andTranmer(1996),andWrigley etal. (1996).Focusing
closelyonthe scaleandzoningeffects,they concludethatthe useof well chosergroupingvariablesto
adjustthearea-l@el resultsmayyield reliableestimatesf underlyingindividual-level relationships,
thusproviding atleasta partial solutionto the MAUP with respecto the“ecologicalfallag”, the
drawing of individual-level inferenceshasedn area-leel analyses.

6 Spatial econometricsand lattice data

Estimationmethodsfor modelsusinglattice dataandtaking spatialdependencato accountareas
matureasglobalstatisticsfor spatialautocorrelatior{Ord, 1975,Hepple,1976);the form of modelmost
commonlyusedis known asthe simultaneouswutorgressionSAR). Tenyearshave now passedince
AnselinandGriffith (1988)suneyedtheregional scienceandeconomicgeographyiteratureto seehow
farthesemethodswerebeingappliedto datasetsfor which they shouldhave beensuited. Thelow
penetratiorthey reportedseemedelatedto thelack of accesdo thesetoolsin standardstatistical
packagesaddressedubsequentlpy AnselinandHudak(1992),Griffith (1993),Bivand(1992),and
others.The mostsubstantiakffect hasbeenachiezed by Anselin’s “SpaceStatprogram permittingthe
estimationof mostof the specificatiortestsandmodelsdescribedn theliterature(1995b).

Examplesof theapplicationof thesemethodshy economists@reDubin’s estimationof a hedonic
regressionwith cross-sectioata(1988),ananalysisof spatialpatternsn householdlemandoy Case
(1991),andtwo detailedstudiesof fiscal policy interdependenceetweerl).S. stateCase Rosenand
Hines,1993,Besley andCase 1995).1n addition,mentioncanbe madeof somerecentstudiestaking
uplocationproblems:Anselin,VargaandAcs (1997)challengeandrefineJafe’s conceptuaframevork
for theanalysisof local geographicaspilloversbetweeruniversity researctandhigh technology
innovations,modifying previous conclusionsBernat(1996)evaluatesmanuficturingandregional
economiagrowth acrosdJ.S. statesn relationto hypothesedasedon Kaldor's laws. Bivandand
Szymansk({1997)have investigatedhe attenuatiorof neighbourhooeffects,suggestetio stemfrom
local yardstickcompetition following theintroductionof compulsorycompetitve tenderingfor refuse
disposakervicedn Englishlocal authorities.A classicstudyon priceautocorrelationn spaces
reportedn Haining (1983,1984).1n all of theseexamplestheinclusionof informationaboutthe
mutuallocationof the obserationsmakesa differenceto the conclusiongdrawn.

Wewill now presentriefly the basicmodelsof spatialeconometricsAssumingthatthe varianceof the
disturbancaermis constantwe startfrom the standardinearregressiomrmodel:

y=XB+e, £~N(0,0%
wherey is an(N x 1) vectorof obserationson a dependenvariabletakenat eachof N locations X is

an(N x k) matrix of exogenoussariablesf3 is an(k x 1) vectorof parametersande is an (N x 1) vector
of disturbancesThetwo alternatve forms of spatialdependencenodelsarethe spatiallag model:

y=pWy+XB+e.
andthespatialerrormodel:
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y=XB+u, u=AWu+eg¢,

whereA is ascalarspatialerrorparameterandu is a spatiallyautocorrelatedlisturbancesector These
two modelscanalsoberelatedthroughthe CommonFactormodel(seeBurridge,1981,Bivand,1984).
The useof thenon-spatialinearmodelwith spatialdatais equivalentto assumingin theabove
parameterisatiorthatp = A = 0. Thespatiallag andspatialerrormodelscanonly be combinedfor
estimationf the neighbourhoodpecificationsherethe W matricesof thelag anderrorcomponents
differ; for testing,however, the samematrix maybe employed.

Dependencéetweernbsenationsin econometriceanstembothfrom a hypothesisediatageneration
processsuchasthekind presente@bove, andfrom omittedvariablebiasespossibleevenboth
simultaneouslyThe spatiallag modelis clearlyrelatedto adistributedlag interpretationjn thatthe
laggeddependentariable, Wy, canbe seenasequialentto the sumof a power seriesof lagged
independentariablessteppingout acrosgshe map,with theimpactof spilloversdecliningwith
successkely higherpowersof p. This maybetermeda structuralautorgressie relationshipandone
would expectit to bebasedon economigprocessesThealternatenodelpresupposea sharedspatial
processaffectingall of the variablesandis perhapsnoreoftento beinterpretedasindicatingmissing
variables.

6.1 Specificationtesting

A recentline of researchn analysingspatialdata,mainly associateavith Luc Anselin,hasfocusedon
how to establishthe characteristicef the dependencbetweerobsenrations,whetherdependencean
bedemonstratedndhow it oughtto berepresentedseefor instanceAnselin,1988b,1990,Anselin
andRey, 1991,AnselinandFlorax,1995,Anselinetal. 1996).Burridge(1980,1981)madethefirst
attemptto extendthetestsfor regressiommisspecificatiorgiven by Cliff andOrd (1973),using
Lagrangemultiplier techniquego derive simplerproceduresThesehave beenfollowed up by Anselin
andcollaboratorsandarenow at a stageat which theirusein all casesn which geographical
cross-sectionalataarebeinganalysedshouldbe expected.

A problemsolvedin Anselinetal. (1996)is thatof testsfor spatiallag andspatialerrorspecifications
beingmutually contaminatedby eachother thatis the original LM testfor non-zerop alsoresponds$o
non-zerok andvice-versa.Thenew teststake into accounthe possiblenon-zerovalueof the nuisance
parameterandappeato discriminatewell betweerthetwo alternatve forms. Resultsobtainedoy
BivandandSzymanski(1998)indicatethattheserefinedLM testsareof considerableisein model
specificationandthattestresultsdravn from OLS residualdrom theinitial model,areconfirmedby
likelihoodratio testresultsfrom maximumlikelihoodestimate®f p andA for the spatiallag andspatial
errormodelsrespecitiely.

Work on globaltestsfor mis-specifications continuing,with TiefelsdorfandBoots(1995)andHepple
(1998b)arriving independentlyat exactdistributionsof Moran's | asateststatisticfor regression
residualsusingresultson ratiosof quadratidormsin normalvariables.TiefelsdorfandBootshave also
extendedheir resultsto thelocal Moran’s |; statistic(1997).

6.2 Modelling spatially dependentdata

Ord (1975)givesthe Maximum Lik elihoodmethoddor estimatingthe spatiallag andspatialerror SAR
models;no satishctoryalternatveshave beenfound subsequentlychiefly becaus®f theimportantrole
of the Jacobiarexpressinghe spatialtransformatiorof eitherthe dependentariablein the spatiallag
model,or thedisturbancen the spatialerrormodel.Unlike the time seriescase thelogarithmof the
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determinanbf the (N x N) asymmetrianatrix (I — AW) or (I — pW) doesnottendto zerowith
increasingsamplesize;it constrainghe parametewaluesto their feasiblerangebetweertheinversesof
thesmallestandlargesteigevaluesof W, sincefor positive autocorrelationasp — 1,

In|l —pW| — —oo, andanalogouslyfor A. Thelog-likelihoodfunctionfor the spatiallag modelis:

N N
¢(B,p,0°%) = —Eln2n—§ln02+ln|l —pW|

_Z%Z[yfg — W) (1 = X(X'X)~X") (I — pW)y]

andp = (X'X)~1(1 — pW)y, wherep is theML estimateandfor the spatialerrormodel:

¢(B,\,0%) = —%InZn—glnoz-HnH —AW|

—aeally— XBY (1 - AW)'(1 W) (y — XB)]
To completethe model,thevariance-ceariancematrix of the parameterseedgo be estimatedin
mary casest is approximatediumericallyfollowing non-linearoptimizationof thelik elihoodfunction,
but SpaceStatlerivesits estimate®f theasymptoticstandarderrorsanalytically(Anselin,1995b,
AnselinandHudak,1992).For larger N, this cantake considerablgéime, requiringtheinversionof an

N x N matrix.

As PaceandBarry (1997,1997b,1997c)have conclusvely demonstrateda feasiblesolutionto
modellingsituationswith large N is to exploit the sparsenatureof the spatialweightingmatrix, both
saving memoryandmakingcomputatiorpracticalin reasonabléime without supercomputeresources.
They wereableto computeresultsfor amodelof the medianprice of dwellingsover all the 20,640
block groupsin Californiafrom censudata,improving thefit of the modelover OLS results halving
themedianabsoluteresidual finding a highly significantspatiallag coeficient estimateandrecording
severalsignificantsignchangesamongtheindependentariableg1997b). They alsoprovide a profile
likelihoodsolutionto the calculationof coeficient estimatestandarcerrors,avoiding the computation
of theinformationmatrix.

Hepple(1995,1995h),LeSageandPan (1995),andLeSageg(1997)proposehewideningof spatial
econometric$o include Bayesiartechniqueshot leastbecaus®f theinformationthatthis yields
aroundthe specificpoint estimateseachedn standardnodelling. PinkseandSlade(1996)andDubin
(1997)have begunwork on theapplicationof spatialeconometridechniquego discrete-choicenodels,
notingthatnon-sphericatlisturbanceareextremelydifficult to handlein thelimited dependentariable
contt. PinkseandSladeareconcernedo beableto detectspatialclusteringor dispersiorof in retail
gasolinecontracttypesacrossbrandedservicestationsn Vancouer, while Dubin modelsthe behaiour
of automobiledealers.

Simply in orderto give a flavour of thekinds of issuesnvolved, | will briefly runthroughoneof the
standardexamplesfirst analysedn this contet by Hepple(1976).

Hanna(1966)proposedhatthe 1960valueof 1955-9usedcarswould be higherin stategshathad
highersalesaxesand/orhighertransporichagesaddedo the price of new vehicles,a hypothesis
confirmedby his ordinaryleastsquaresesults(Table4). Hepple(1976)usedHannas studyto illustrate
theeffectsof errordependenca regressiormodelling,anddemonstratethatthis finding was
spurious.Thepricevariableis significantlyautocorrelatedthe standardrariateof Moran’s | is 8.07
underrandomisationproh < 0.001),asis theleastsquare®rrorterm(Moran’s| = 4.25,proh < 0.001).
Heppledrew the conclusionthatthe problemwasin the errorterm, not leastbecausat thattime other
testswerenotavailable.
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Table4: Modelling usedcarpricesin 1960,49 U.S. states(t-valuesin parentheses).

OLS | Spatiallag | Spatialerror | Autoregression

Constant| 1435.97 332.70 1526.24 282.55
(52.8) (2.97) (56.39) (2.81)
Salegax/otherchages 0.69 0.18 0.11 —
(3.96) (1.61) (1.05) —

p — 0.77 — 0.82

— (9.94) — (12.52)

A — — 0.80 —

— — (11.58) —

R? 0.25 0.73 0.73 0.73

o? | 3181.96| 1080.39 1088.18 1093.91

Testingthe OLS modelusingthe standard.agrangemultiplier testsgiveshighly significantresultsfor
bothof thealternatve specificationsbut usingthenew LM testsaccommodatinghe alternatve
non-zeronuisanceparameteryieldsvaluesof 8.42for thetestfor anunderlyingspatiallag model(x?
with 1 d.f., proh = 0.004),andof 0.035for anunderlyingspatialerrormodel(proh = 0.851).A
likelihoodratio testbetweerthe estimatedspatiallag andspatialerrormodelsjustfails to find in favour
of thespatiallag model(LR = 1.80,proh = 0.121).

Theconsequences taking spatialdependencato accountarequiteclear Theerrorvarianceof the
two spatialmodelsis muchsmallerthanthatof the leastsquaresegressiorestimatesandthe
proportionof thevariancein usedcar pricesexplainedhasrisenfrom a quarterto threequarters.The
coeficient of the costvariableis nolongersignificantatthea = 0.05level. Perhapsinsurprisinglythe
spatiallag p anderrorA coeficient estimatesrehighly significant.Werewe to preferthe spatiallag
model,we couldinterprettheresultsto indicatethatp representsheinfluenceof the averagepricein
contiguousstatesjndicatingthatprice settinginvolvesthe comparisorof pricesacrossstatelines. From
thefinal columnin Table4, we seethattheresidualvarianceof the autorgressie model,droppingthe
tax/chagesvariablealtogetherdoesvery nearlyaswell asthe spatialerrormodel,andindeedthe LR
testto differentiatebetweerthe autorgressiorandthe spatiallag modeldoesnot comedown strongly
for thelatter (LR = 2.60,proh = 0.067).

6.3 Geographically weightedregression

As globalmeasuresf spatialassociatiohave beensupplementetly local indicators,Fotheringham,
Charlton,andBrunsdon(1996,1997)andBrunsdon FotheringhamandCharlton(1996)have been
developingweightingschemedgo allow possibledifferencesn local parameteestimatedor regression
modelsto berevealed.Moving from the globalto local settings onewould perhapsexpectthelocal
parameteestimatedo vary, but within the boundsof their globalstandarderrorbasedconfidence
intenals, thatis with divergencesof morethan+2 lessthanfive timesin a hundred.Theweighting
schemausedsofaris distancebasedweightingzonei with unity, andwith weightsdecliningwith
increasingdistancefrom i. Therearesimilaritieswith kernelregressiortechniquesalthoughtheseuse
weightingin attribute spaceratherthanacrosshe obserations.Currently cross-alidationis usedto
selectanappropriatayglobalbandwidthparametemwhich thendeterminegheform of thedistancedecay
functionusedto definetheweightsfor eachobseration. Thereareclearly substantiadifficulties
involvedin makingstatisticalinferencedrom resultsof this kind of procedurealthoughit hasproved
very usefulin shaving up missingvariables.
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7 Final comments

Themaotivationfor this contritution hasundoubtediybeenrathermissionarybecausgherearetwo
possiblereasonsvhy spatialeconometrienethodshave notbeenmorewidely adoptedn economics,
andpatrticularlyin thevery relevantareasf tradeandlocation,supposinghatresearcherare
concernedo testtheir hypothesesn empiricaldata. Thefirst, whichis notimprobablejs thatthe
methodsarenot yet adequatebut hereonecanseeeconomistslike Pace,Pinkse,Dubin, or Case,
contrituting with new variantsor incrementgo the existing body of work. Indeed ,economistdendto
bevery welcometo publishin thekey journalsin thefield, suchasEnvironmentand PlanningA,
Gegraphical Analysis or Regional Scienceand Urban Economics The seconds thatwe have not
doneavery goodmarketingjob, andalthoughthis paperis notgoingto impressmy colleagues
specialisingn that“black art”, | hopethatit mayincreasecuriosity andthatthelengthylist of
referencegangive thatcuriosity somethingo feedon. Nonetheless;aveatemptor
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