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Abstract

Severalrecentefforts have focusedon addingexploratorydataanalysisfunctional-
ity to geographidnformationsystemgGIS) by integratingestablishedtatisticalsoft-
warewith a GIS. In this paper we outline analternatve approachwherethefunction-
ality is built from scratch,usinga combinationof small libraries of dedicatedfunc-
tions, ratherthanrelying on the full scopeof existing software suites. The suggested
approachis modularand freestanding.Within an overall framevork of dynamically
linkedwindows, it combinesa cartographigepresentatioof dataon amapwith tradi-
tional statisticalgraphics suchashistogramsbox plots,andscatterplotsin addition, it
includesseveraldevicesto visualizespatialautocorrelatiorin lattice (or regional)data,
suchasthe Moran Scatterplotand LISA maps. This new program(DynESIA2) also
implementsthe capabilityto brushpolygoncoveragessimultaneoudinking of multi-
ple mapswith multiple statisticalgraphics andinteractive LISA maps.

Key Words spatialstatistics exploratory spatialdataanalysis visualization,dynamic
graphicsGIS.

1 Introduction

With the proliferation of userfriendly geographicnformation systemsthe easyaccess
to geocodeddataand the increasednterestin substantie “spatial” researchquestions,
the demandfor sophisticatedpatialanalyticaltools hasincreasedconsiderablyin recent
years(Goodchildet al. 2000). Building on an earlyinterestin linking standardstatistical
softwarepackagesndGISin orderto carryout genericdataanalysesseveralmorerecent
efforts have focusedon addingexploratoryspatialdataanalysig ESDA) functionality. The
approachcommonlytakenis to establisha link betweena statisticalpackageanda GIS
by meansof remoteprocedurecalls and a client/sener architecture(often referredto as
“closecoupling”). Thereareby now quiteafew implementationsf thisidea,for example,
linking statisticalsoftware packagesuchas S-Plus,XGobi, or XploReto GIS software,
suchasArcView andArc/Info (for recentreviews of the relevant literature,seeAnselin
1998,2000,Symanziketal. 2000,ZhangandGriffith 2000,Wiseetal. 2001).

In this paper we reporton an‘in progress’softwaretools developmentprojectto fa-
cilitate exploratoryspatialdataanalysis.We approachhis problemin a differentway than
mostrecentlinking effortsin thatthe ESDA functionalityis built from scratch ratherthan

1Contact:ansel i n@i uc. edu. Thisresearctwassupportedn partby NSF GrantsSBR-9410612andBCS-
99780580 the Centerfor SpatiallylntegratedSocialSciencgcsiss), andby agrantfrom the NationalConsor
tium on ViolenceResearcl{NCOVR). NCOVR is supportedindergrantSBR-9513040rom the NationalScience
Foundation. The considerablecontritutions by ShumingBao to the developmentof the initial versionsof the
SpaceStat-Arcléw linkage softwarearegratefully acknavliedged. Programminghelp wasprovided by Widodo
Baroka. We alsothank SuahasiNazarafor kindly providing the dataand GIS from the SUSEMS Indonesian
EconomicSuney.
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by connectingexisting software suites. This is accomplishedy using a combinationof

smalllibrariesof dedicatedunctionsassoftware“components. Theapproachs modular
andextensible,aswell ascompletelyfreestanding.lt implementsdistributed computing,
allowing the analyticalengineandthe datato be storedon differentmachinesandfacili-

tatesthe useof dataformatsfrom differentvendors.

The currentsetof toolsis built usingESRI's MapObjectssoftwarecomponents$o im-
plementmappinganddatabaseaccessaugmentedvith functionalityto carry out the spa-
tial analysis(writtenin C++). This doesnot requirethe useof a particularGIS andallows
for the visualizationof spatialdatastoredin differentformats. The userinterfaceconsists
of fully dynamicallylinked windows thatinclude multiple cartographidthematic)repre-
sentationof dataon mapsaswell astraditional statisticalgraphics,suchas histograms,
box plots, andscatterplotsIn addition,it includesseveral devicesto visualizespatialau-
tocorrelationin lattice (or regional) data,suchasthe Moran Scatterplotand LISA maps
(Anselin1995,1996,2000).

In the remainderof this paper we first provide somebackgroundandsituateour ap-
proachamonga numberof otherefforts thathave beenreportedn therecentiterature.We
thenproceedoy outlining the architectureandfunctionality of the software,followedby a
simpleempiricalillustrationdealingwith thespatialdistribution of householdtonsumption
in the greaterJakarta(lndonesia)metropolitanregion, or JabotabekWe closewith some
concludingcommentson futuredirections.

2 Background

The currentframeawork, referredto as DynESDA2, is our latestiterationin an ongoing
effort to augmentthe visualizationand spatialdatamanipulationfunctionality of a GIS
with an analyticalenginethat containsspatial statisticaland spatial econometricmeth-
ods? The original outline of the conceptualframevork for suchan integration can be
foundin AnselinandGetis(1992)and Goodchildet al. (1992). Thefirst implementation
of our integratedframework consistedof interfacing the spatialeconometricand ESDA
functionality of SpaceSta{Anselin 1992,1999b)with ESRI’s Arc/Info GIS in Anselin
etal. (1993). Theinteractionbetweenthe two software packagesvasbasedon so-called
“loose coupling, which consistedof moving dataandlocation-specifiaesultsback and
forth betweenSpaceStaasthe analyticalengineand Arc/Info asthevisualizationengine.
This early effort wasmorea proof of concepthana practicaltool, asit sufferedfrom per
formanceproblemsand limitations for dynamicinteractiondueto the designof Arc/Info
(aswell asfrom the useof two differentoperatingsystemsUnix for Arc/Info andDOS
for SpaceStat)Arc/Info wasusedasthe basisfor anintegratedor linked framework by a
numberof othersaswell (in a Unix ervironment),althoughusinga differentarchitecture.
For example,dynamicallylinked windows from XGobi wereinterfacedwith Arc/Info by
Symanziket al. (1994b),basedon a client/sener architecturebut only limited interaction
wasprovidedwith the mapsin Arc/Info. Similarly, the extensionof Arc/Info with spatial
statisticalfunctionalityimplementedn the SAGE Projectusesa client/sener architecture
to avoid performanceroblemswith loosecoupling(Hainingetal. 1996,1998,2000,Wise
etal. 2001).

Thepopularizatiorof theArcView desktopGI1S softwarein themid-1990ssaw this GIS
becomethe primary focus of extensionefforts2 Initially, spatialstatisticalfunctionality

2More extensie descriptionsf the evolution of softwaretools canbefoundin Anselinetal. (1993),Anselin
andBao(1996,1997),BaoandAnselin (1998),AnselinandSmirnos (1999a,bandAnselin (2000).

30therpopulardesktopGIS software,suchasMapinfo, hasonly seenlimited useasa platformto implement
spatialstatisticalextensions A rareexampleis Wall andDevine (2000).
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wasaddedby meansof the built-in Avenuescriptinglanguage.For example,Zhangand
Griffith (1997)provide limited spatialautocorrelatiorstatisticsthroughthe applicationof

Avenuescripts. Also, in Anselin and Bao (1997) and Bao and Anselin (1998), Avenue
scriptsare usedto implementthe link with SpaceStat.Performanceproblems(both in

termsof speedasin termsof the sizeof problemsthatcouldbe handled)quickly led to the
adoptionof differentdesigns.Popularamongthesewasthe useof remoteprocedurecalls
to link ArcView with other(statistical)software. For example,thisis appliedin the series
of integrationefforts in a Unix ernvironmentbetweenexploratory softwaresuchas XGaobi

andXploReontheonehand,andthe ArcView GIS ontheotherhand,by Cook,Symanzik
and co-workers (see,e.g., Cook et al. 1996,1997, Symanziket al. 1994a,1997,1998,
2000). Similarly, the link betweenthe S-Plusstatisticalsoftware and ArcView is based
onremoteprocedurecalls (implementedn Avenuescripts),allowing S-Pluscommandgo

be invoked from within ArcView andvice versa(Bao et al. 2000). While exploiting the
functionality of ArcView for interactve mappingandquerying,combinedwith thelinking

and brushingcapabilitiesin the EDA software, theseinterfacesweresstill limited by the
constrainton the numberof links thatcould be openat the sametime (a limitation of the
remoteprocedurecall implementationson thesesystems). Also, to the extent that they

relied on built-in Avenuescriptsfor somespatialdatahandlingfunctionality, they tended
to beslow andlimited in the numberof spatialobjectsthatcould be handled.

The SpaceStaandDynESDA extensiondor ArcView in aMS Windows ernvironment
(AnselinandSmirnor 1999a,b Anselin2000)weredesignedo addressomeof theseper
formanceissues While they alsosuffer from someof thelimitationsimposedby the Arc-
View software, performancebottleneckqparticularly for intensive numericaloperations)
dueto the useof the Avenuescriptinglanguagevere avoided. Ratherthanusing Avenue
for computationsthe mainanalyticalenginefor the statisticaloperationds containedn a
numberof dynamicallylinkedlibraries,writtenin C++. This formstheimmediateprecur
sorto the currentDynESDA2 implementatiorin termsof mostof its statisticalfunctional-
ity. However, we alsofelt that someof the overheadassociatedvith usinga “complete”
GIS could be avoided, especiallyfor usersmoreinterestedn dataanalysisthandatama-
nipulation. Therefore,the (rudimentary)mappingand databaseaccesdunctionality in
DynESDA2wasconstructedisingESRI's MapObjectsoftwarecomponentsThesedo not
requireArcView or ary otherGIS to be openandallow the softwareto operatefully inde-
pendently In thatrespectDynESDA2 is similar in spirit to the variousdescendantsf the
original Spidersoftware (Haslettetal. 1990,1991),which implementdynamicallylinked
windowsin aself-containedramework (i.e., notrelyingon a GIS for mapping) wherethe
“map” is but oneof severallinkedviews? In additionto beingfreestandingDynESDA2
alsoincludesa numberof otheradvancesover its predecessorsuchasthe capabilityto
brushpolygoncoveragessimultaneoudinking of multiple mapswith multiple statistical
graphics,andinteractive LISA maps. We considerthis functionality more closely below.
First, we turnto the overall designandarchitectureof theintegratedframework.

3 Architecture and Design

The DynESIA2 framework is conceptualize@sa collectionof modulesthateachhandle
a differentaspectof the userinteractionwith the data. Four major modulescan be dis-
tinguished,respectiely dealingwith dataretrieval and databasemanagementhematic
mapping,statisticalanalysesandqueries asillustratedin Figurel. Both dataaccessand

4SeeUnwin (1996) and Wilhelm and Steck (1998) for recentexamples. Similar ideasunderliethe Tcl/Tk
basedcdv toolkit of Dykes (Dykes 1997,1998) aswell as Brundsons exploration of local spatialassociation
usinga dynamicallylinked “map” constructedvith toolsavailablein xlispstat(Brundson1998).
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Figurel: Basicarchitectureof DynESDA2.

thematicmappinghave beenimplementedby customizingESRI's MapObjectscompo-
nents,whereaghe statisticalanalysesanddataqueriesweredevelopedin C++, usingthe

dynamicallylinked librariesfrom the earlierversionof DynESDA asa point of departure
(seeAnselinand Smirnos 1999a,Anselin 2000).

The modulesaretied togetherin a Microsoft Windows “multiple documentinterface”
(or MDI), with eachtype of analysigmapping descriptve statistics spatialstatistics)cor
respondingdo adistincttypeof “document. All windowsareimplementedisingMicrosoft
FoundationClasse{MFC) to provide a consistentook andfeel® In total, therearefive
genericclasse®f windows, eachenablinga different“view” of thedata: map,histogram,
box plot, scatterplotandtable. A specializedorm of the scatterplois usedfor the Moran
scatterplotandspecialiinstance®f themapview yield the Moransignificancemapandthe
LISA map.

An analysigsinitiatedby loadinga dataset(suchasanESRIshapefile)which contains
both the datatableaswell asa digital boundaryfile for visualizationof the map. While
differentmapsmaybeconstructedrom thesamedatatable thetableitselfis uniquein each
“analysis! Specificanalyticalfunctionsareinvoked throughthe Explore and Thematic
Map menusasillustratedin Figures2 and3. Eachof the Exploremenuitemsstartsa nen
window, whereaghe ThematicMap menuitemsimplementa specificform of visualization
for thebasemap(multiple suchvisualizationscanbe openat the sametime).

The differentviews of the dataaresynchronizedy meansof a so-calledbit string (or
bitmap). This storesthe “selected”obsenationsin an efficientmannerandis updatedary
timeanobsenationor setof obsenationsis highlightedby meansf apointerin any oneof
theviews. Two typesof selectionsareimplemented:spatialandnon-spatial.Non-spatial
queriesare built from SQL statementsnd selectitems from the datatable that matcha
given setof criteria. This canalsobe carriedout by pointing andclicking on recordsin
the“Table”view. Spatialqueriesareimplementedy interactively clicking or clicking and
draggingon a mapview, usingoneof the geometricshapegprovidedin the Selectpop up

5In otherapplicationghatlink ArcView to astatisticalpackagethe GUI is acombinatiorof theinterfacesfor
eachseparatgroduct,which mayleadto confusionandinefficiencies.By choosingMFC asthe building blocks
for theinterfacethroughoutthisis avoidedin thecurrentdesign.
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menuto graphicallydelineatehe selection.Five suchshapesrecurrentlyincluded:point,
rectanglepolygon,line andcircle (seeFigure4).

Dynamiclinking is implementedby refreshingall windows with a new selectionary
time thebit stringis altered.This centralprocessingf the bit stringtiesall theinterfaces
together asillustratedin Figure5. The usercan“enter” the tools from arny numberof
views, suchasthe map,the datatableor ary of the statisticalgraphs.Only a singledata
table canbe active at onetime, sinceit definesthe available variablesand the locations
of the obsenations,but the numberof mapsand graphslinked togetheris unrestricted.
Thisremovesalimitation thatis presenin mary othercurrentimplementationsyherethe
architectureof the statisticalsoftware or the GIS supportsonly one-to-onglonemapand
onestatisticalgraph)or one-to-magy (onemapto multiple statisticalgraphs)inks.

4 Functionality

The main functionality of DynESDA2 replicatesthat of its predecessofseeAnselin and
Smirnos 1999a,Anselin 2000). It containsmaps,histogramspox plots, scatterplotsaand
Moran scatterplotqwith the associatedomputationand permutation-basedignificance
testfor Moran’s| statistic)in a frameawork of dynamicallylinkedwindows. As such,both
linking andbrushingof thesegraphsis supported.This basicfunctionality is extendedin

five mainways.

First, thelinking of views hasbeenaugmentedvith theability to link multiplemaps to
eachotheraswell asto thestatisticalgraphs.Thiswasaccomplishedby usingMapObjects
component$or themaprenderingandthebit stringto tie all windowstogether Previously,
whenworking within ArcView, an Avenuescriptwaslaunchedo establisha corversation
with the dynamicallylinked libraries. However, in ArcView's architecture this is tied
to a single“active” View (the mapin ArcView terminology). In orderto establishlinks
to a differentView, the runningscript hadto first be shutdown andthenrestartedrom
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the new View. In this processary links to the original view werelost® In the current
implementationthereis no suchconstraint.

In additionto linking morethanonemapwith the statisticalgraphsmultiple mapscan
now be linkedto eachotheraswell. In otherwords,whenerer a featureis highlightedin
oneof thewindows, the correspondingbjectis highlightedin all of them,irrespectve of
their nature(maps,graphsor table). SinceArcView 3.x doesnot supportlinks between
differentViews, this aspecbf dynamiclinking cannotbe implementedn interfacesbuilt
on ArcView. 7 The useof MapObjectscomponentircumventsthis constraint sincethe
bit string keepstrack of the relevant objects. Moreover, sinceall the mapsaretied to the
samedatatable and boundaryfile, thereis no possibility of confusionbetweendifferent
“geographies.

Secondfruemapbrushingis now included.Previously, featuresouldonly beselected
onamapby meansof the built-in ArcView selecttools. As aresult,in the previous Dyn-
ESDA, true brushingwasonly possiblebetweenstatisticalgraphsanda map,in the sense
thatthe “brush” could be appliedto the graph,but not to the map. & By keepingthe cen-
troids of themappolygonsin memory andapplyingthe brushto those(andthusindirectly
to the polygonsthemseles),true mapbrushingcapabilityis obtained.Currently the brush
is implementedasarectangleshapebut eventuallyit will be allowedto take on ary of the
shapeswvailableasselecttools (seeFigure4).

Third, atable hasbeenaddedasa new view onthe data(in theterminologyof dynam-
ically linkedwindows). This implementssomesimpledatabasequeriesusingSQL, such
astheselectionof specificrecordsand/orspecificfields. Therowsin thetablearelinkedto
the otherstatisticalgraphs.Thereis no brushingpersein thetable,but whenothergraphs

6Thiswasnotuniqueto thefirstversionof DynESDA, but otherimplementationsf linkagesbetweerstatistical
softwareandArcView similarly suffer from thislimitation.

7 ArcView implementsaform of dynamiclinking betweertheactive View andthecorrespondingable,aswell
asa correspondingraph,but notbetweenVviews.

8Truemapbrushingof polygons(asopposedo points)wasoriginally suggesteih Monmonier(1989),but to
ourknowledge, DynESDA2 is thefirst actualimplementatiorof thisideain a softwaretool.
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Figure6: Functionalityof DynESDA.

arebrushedthe matchingrecordsin thetablearehighlighted.

Fourth, new visualizationdeviceshave beenincluded,suchasboxmapsandpercentile
maps aswell asalimited degreeof animationin the form of amapmaovie. As mentioned
before,the mappingfunctions,which previously relied on the cartographiccapability of
the ArcView “View” arenow implementedusingMapObjectscomponentsin additionto
standarcchoroplethmaps,suchasquantilemapsandstandardieviational maps(with the
facility to zoomin andout), specializednapshave beenaddedthat highlight outliersin
the data(seeFigure 3). Two suchdevicesarethe box map, a quartile mapwith outliers
identified, and a percentilemap? Previously, it wasnecessaryo link backandforth to
SpaceStatio computetheinformationneededor thesemaps.In addition,atype of motion
graphicis implementedn the form of a mapmovie. The mapmovie is equivalentto an
automaticbrushingof a box plot from low to high values.Eachobsenationon the mapis
highlightedin turn, in the orderof its magnitudefor a selectedvariable. The mapmovie
canhighlightonevalueatatime, or becumulatve,slowly filling upthemapasnew values
areadded.A mapmovie is a usefuldevice to suggespatternsof spatialheterogeneityn
thedata(e.g.,whenall low valuesarein oneregion, andhighervaluesin another)

Finally, thevisualizatonof spatialautocorrelatiorextendsthe earlieruseof the Moran
Scatterplotandthe computationof Moran’s | with a“local” variant,for which the signif-
icantlocationsareshavn in a LISAmapandMoran SignificanceMap. The Local Moran
statistic(Anselin 1995)indicates for eachlocation,the extentto which the patternof val-
uesin neighboringlocationsis compatiblewith spatialrandomnessRejectionof this null
hypothesisuggestgitherclustering(of high or low values) or spatialoutliers(low values
surroundedby high, or viceversa).TheLISA statisticsaarevisualizedin four windows. One
shavs a mapwith the locationswith significantvaluesfor the local Moran, with different

9SeeAnselin(1999a)for amoreextensie descriptiorof theseESDA tools.
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Figure7: Distribution of householdconsumptiorin the Jabotabekegion.

colorsfor differentdegreesof significancep < 0.01andp < 0.001). Thisis referredto as
a Moran SignificanceMap (seeFigure2). The secondnapdistinguishedbetweerthe four
typesof local associationbut only for the locationswith significantLISA statistics.This
is referredto asa LISA map. Note thatthe four typesof associatioralsomatchthe four
quadrantsn the Moran Scatterplott® A third graphicassociateavith the computationof
the LISA consistsof a box plot for theindividual statistics.On average the Local Moran
equalthe global Moran statistic,and the box plot canbe usedas a diagnosticto assess
the extentto which this averageis representatie of the overall pattern. Thefinal graphic
consistof thematchingMoranscatterplot Thefour windows arelinkedto all otherviews,
allowing for interactive brushingamongdifferentrepresentationsf localandglobalspatial
autocorrelationThis comescloseto theideaof a “spatial associatiorvisualizer” outlined
in Anselin(1998).
Thefull functionality of the DynESDA2 tool is outlinedin Figure®.

5 Illustration

We briefly demonstratehe designand functionality of DynESIA2 by meansof a sim-
ple example,usingdataon the spatialdistribution of householdconsumptiorin the greater
Jakartanetropolitarareaof Indonesiat! Thisregionis referrecto astheJabotabeknetropoli-
tanareaandit comprisesl30subdistrictscovering,in additionto Jakartatheurbanareas
of Bogor, Tangerangand Bekasi. This metropolitanregion is characterizedy internal
restructuringhoth physicalaswell asin termsof socio-economicharacteristicsThe pri-
mary patternis one of decentralizatiorof manufcturing(away from the city center)and
concentratiorof financeandserviceschanginghenatureof urbanareasn thecorel? We
considetthe spatialdistribution of medianhouseholdconsumptionn theregion, aswell as
its relationto disposabléhouseholdjncomein a simplelinearconsumptiorfunction.

In Figure 7, the centralgraphshaws a quartile mapfor householdconsumptionwith
the“outliers” highlightedin the center The districtsin questionhapperto all be nearthe
coreof Jakartasuggestinghe existenceof a “cluster” While thesearethe locationsthat
matchthe outlying datapointson the traditionalbox plot on theright, the latter doesnot

10For amoretechnicaldescription seeAnselin (1995,1996).

11The dataarefrom the 1999Indonesiasocio-economisuney, or SUSENAS (BPS1999).
12For anextensie discussiorof the substantie issuesnvolved, see e.g.,Firman(1998).
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Figure8: Visualizinglocal andglobal spatialautocorrelation.

shedlight onary “spatial” patternasin thebox map.Ontheleft, a scatterplowith alinear
smootheillustratestheslopeof theconsumptiorfunctionandhow thisis affectedwhenthe
outlying obsenationsareremoved from the analysis(the slopeof 0.74 on the upperright
handsideof the graphis the valueobtainedwithout the outliers). Clearly, the selectionin
oneof thegraphss linkedto the matchingobsenationson the othergraphs.

We furtherinvestigatethe spatialpatternof consumptiorexpendituresy focusingon
the districts with a significantLocal Moran andthe type of spatialautocorrelatiorsug-
gestedasillustratedin Figure8. The graphon the lower right presentghe Moran scat-
terplot and suggest (significant)degreeof positive spatialautocorrelatioMoran’s | is
0.54). Thelocal autocorrelatiorprovidesa morefine grainedview of theassociatiorhow-
ever. The significantdistrictsare shovn in the lower left map, with the classificationby
type of associatiorgivenin the LISA mapattheupperleft. Both mapshave beenzoomed
in to provide a betterview of the patternnearthe corecity. While the evidenceovewhelm-
ingly suggesta significant“cluster” of high householcconsumptiomearthe centercity,
thereis onedistrict thatdoesnot fit themold. In the very center the TanahAbangdistrict
(identifiedin the Table on the upperright) shavs a significantpatternof negative associ-
ation, i.e., a low value surroundedoy high values. A look at the matchingpoint in the
Moranscatterplotonfirmsthatthisis indeeda locationwith below averageconsumption,
surroundedby above averageneighbors.This patternis suchthatit is highly unlikely to oc-
cur underspatialrandomnessThe districtin questionis indeeda remainingareaof urban
decay wherethe cornversionto businessactity, characteristiof the othercoredistricts,
hasnot (yet) takenplace.

As afinal illustration, we considerevidenceof spatialheterogeneityor the significant
differencebetweermomentsof adistributionandmodelparameterdy regional“regimes’.
In Figure9, abrushis centeredn the coreurbanarea selectingthosedistrictsin the map
andin thematchingbox plot. Thisalsoeliminategheselectegointsfrom the computation
of Moran’s | andthe slopeof the consumptiorfunction. The latter, shovn in the bottom
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Figure9: Visualizingspatialheterogeneity

right graph,is substantiallyhigherthanfor thedatasetasawhole (0.90vs. 0.76),confirm-
ing thewell-known phenomenothatthe propensityto consumetheslopeof theregression
line) is notconstantput inverselyrelatedto income(lowerincomegroups outsidethecore
districts,have higherpropensityto consume)Moving the brushoverthe mapwould allow
the analystto interactvely assesshe degreeof changein this parameteover subrgjions
of thedata,suggestingandidaté'spatial regimes”for furtheranalysisby meansof spatial
econometricsoftware.

A “static” descriptionsuchastheonegivenhererarelygivespropercreditto thetype of
additionalinsightgeneratedhrougha dynamicinteractionwith the data,especiallywhen
complementedvith substantie knowledge of the issueat hand. Suchinteractionoften
providessignificantaddedvalue over a moretraditional dataanalysis,motivating further
work on extendingandrefiningthe currentframework.13

6 FutureDirections

DynESDA2is awork in progresandpartof amorecomprehensiestratayy to facilitateand
promotethe useof spatialanalyticaltoolsin the socialscienceGoodchildet al. 2000).
Developmentis ongoing,andseveral minor refinementgo the framework (legends.color
choice,print facilities) arein the procesof beingadded.

A major medium-termeffort consistsof extendingthe functionalityto a broaderange
of spatialstatisticsanddataexplorationtools,aswell asto otherdatastructuresThecurrent
toolsapplyto polygons,a specialcaseof lattice (or regional) data. Ongoingdevelopment
dealswith addingpoints(aslattice data)aswell asflows. Informationon spatialarrange-
mentfor thesedatastructureds no longerbasedon simple contiguity (constructedrom

13For arecentexampleof aninstancewherethe useof ESDA throughdynamicallylinked windows generated
“surprising” new insights,seeMessneretal. (1999).
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theboundanfilesfor polygons) but requireghe efficient computatiorandmanagemerf
distancemeasuresThisis in the procesf beingpursued.

To date,thegoalof full modularityin the form of Microsoft compliantCOM “compo-
nents”hasonly beenpartially achieved. Futurework will focuson completingthe com-
ponentizatiorso that the functionality canbe leveragedby any com-compliantsoftware,
including variousGIS andstatisticalsoftware packagesThe endresultis ernvisagedasan
openandmodularlibrary of componentg$or exploratoryspatialdataanalysis.

References

Anselin L. 1992. SpaceStata Softwae Program for Analysisof Spatial Data, National
Centerfor Geographicinformation and Analysis (NCGIA), University of California,
SantaBarbaraCA.

AnselinL. 1995.Local indicatorsof spatialassociation— LISA, Gearaphical Analysis
27:93-115.

AnselinL. 1996.The Moranscatterploasan ESDA tool to asses#ocal instability in spa-
tial associationin FischerM., ScholtenH. andUnwin D. (eds.)Spatial Analytical Per-
spectiveson GIS in Environmentaland Socio-Economi&ciencesTaylor and Francis,
London,111-125.

AnselinL. 1998.Exploratoryspatialdataanalysisin a geocomputationatrvironment,in
Longley PA., BrooksS., Macmillan B. andMcDonnell R. (eds.)Geocomputation:A
Primer, JohnWiley, New York, NY, 77—-94.

AnselinL. 1999a.Interactive techniqguesandexploratoryspatialdataanalysis,n Longley
P.A., GoodchildM.F., Maguire D.J. and Rhind D.W. (eds.)Geayraphical Information
SystemsPrinciples, TecdhniguesManagementnd Applications JohnWiley, New York,
NY, 251-264.

Anselin L. 1999b.SpaceStaSoftwae Program for Spatial Data Analysis,Version 1.90
BioMedware,Ann Arbor, MI.

AnselinL. 2000.Computingervironmentsfor spatialdataanalysis Journal of Ge@raph-
ical Systems2: 201-220.

AnselinL. andBao S. 1996.SpaceStat.aptser’s Guide Working Paper9628, Regional
Researchnstitute,WestVirginia University, Morgantavn, WV.

Anselin L. and Bao S. 1997. Exploratory spatial data analysis: Linking SpaceStaand
ArcView, in FischerM.M. andGetisA. (eds.)RecenDevelopmentén SpatialAnalysis
SpringerVerlag,Berlin, 35-59.

AnselinL. andGetisA. 1992.Spatialstatisticalanalysisandgeographidnformationsys-
tems,TheAnnalsof Regional Science26: 19-33.

AnselinL. andSmirnos O. 1999a.TheDynESDA Extensiorfor ArcMew 3.0, BrutonCen-
ter, Universityof Texasat Dallas,RichardsonTX.

AnselinL. andSmirnor O. 1999b.TheSpaceStaExtensiorfor ArcMew 3.0, BrutonCenter
Universityof Texasat Dallas,RichardsonTX.

AnselinL., DodsonR. andHudakS. 1993.Linking GIS andspatialdataanalysisin prac-
tice, Gegraphical Systemgl: 3-23.



VisualizingSpatialAutocorrelation 12

Bao S.andAnselinL. 1998.Linking spatialstatisticswith GIS: Operationalissuesn the
SpaceStat-ArcMw link andtheS+Grasslantink, in ASAProceeding®f the Sectionon
StatisticalGraphics AmericanStatisticalAssociation Alexandria,VA, 61-66.

BaoS.,AnselinL., Martin D. andStralbeg D. 2000.Seamlesitegrationof spatialstatis-
ticsandGIS: The S-Plusfor ArcView andthe S+Grasslandlinks, Journal of Geayraph-
ical Systems2: 287-306.

BPS 1999. The National-Socialand EconomicSurve (SUSEMS). HouseholdSurvey,
CentralBureauof Statistics Republicof Indonesia,JJakartaJndonesia.

BrundsonC. 1998.Exploratoryspatialdataanalysisandlocal indicatorsof spatialassoci-
ationwith xlisp-stat,The Statistician 47: 471-484.

Cook D., Majure J., SymanzikJ. and CressieN. 1996. Dynamic graphicsin a GIS: A
platformfor analyzingandexploring multivariatespatialdata,ComputationaStatistics
11: 467-480.

CookD., SymanziklJ.,Majure J.J.andCressieN. 1997.Dynamicgraphicsin aGIS: More
examplesusinglinkedsoftware,Computes and Geoscience®3: 371-385.

DykesJ.A. 1997.Exploring spatialdatarepresentatiowith dynamicgraphicsComputes
andGeoscience®3: 345-370.

DykesJ.A. 1998.Cartographiovisualization: Exploratoryspatialdataanalysiswith local
indicatorsof spatialassociatiorusingTcl/Tk andcdv, The Statistician 47: 485-497.

FirmanT. 1998.The restructuringof the Jakartametropolitanarea:A globalcity in Asia,
Cities 15: 229-243.

GoodchildM., Anselin L., AppelbaumR. and HarthornB. 2000. Toward spatially inte-
gratedsocialscience)nternationalRegional ScienceReview, 23: 139-159.

GoodchildM.F., Haining R.R, Wise S. andothers1992.Integrating GIS andspatialanal-
ysis — problemsand possibilities,International Journal of Geayraphical Information
Systems6: 407-423.

HainingR.F, Ma J. andWise S. 1996. Designof a software systemfor interactive spatial
statisticalanalysidinkedto a GIS, ComputationalStatistics 11: 449-466.

Haining R.F, Wise S. andMa J. 1998. Exploratoryspatialdataanalysisin a geographic
informationsystem,TheStatistician 47: 457—-469.

Haining R.F, Wise S. andMa J. 2000. Designingand implementingsoftwarefor spatial
statisticalanalysisin a GIS ervironment,Journal of Geayraphical Systems2: 257—-286.

Haslettd., Wills G. andUnwin A. 1990.SPIDER— aninteractie statisticaltool for the
analysisof spatially distributed data,International Journal of Geayraphic Information
Systems4: 285-296.

Haslett).,Bradley R., CraigP, Unwin A. andWills G. 1991.Dynamicgraphicsfor explor-
ing spatialdatawith applicationgto locatingglobal andlocal anomalies;The American
Statistician 45: 234-242.

MessnerS., AnselinL., Baller R., Hawkins D., DeaneG. and Tolnay S. 1999.The spatial
patterningof countyhomiciderates:An applicationof exploratoryspatialdataanalysis,
Journal of QuantitativeCriminology, 15: 423-450.



VisualizingSpatialAutocorrelation 13

MonmonierM. 1989.Geographidrushing:Enhancingexploratoryanalysisof the scatter
plot matrix, Gegyraphical Analysis 21: 81-4.

SymanzikJ., Majure J. and Cook D. 1994a.Dynamicgraphicsin a GIS: A bidirectional
link betweenArcView 2.0 andXGobi, ComputingScienceand Statistics 27: 299-303.

SymanzikJ.,MajureJ.,CookD. andCressieN. 1994b.Dynamicgraphicdn aGIS: A link
betweemARC/INFO andXGobi, ComputingScienceand Statistics 26: 431-435.

SymanzikJ., Megretskaia., Majure J. andCookD. 1997.Implementatiorissuesof vari-
ogramcloudplotsandspatiallylaggedscatterplotén thelinked ArcView 2.1andXGobi
ervironment,ComputingScienceand Statistics 28: 369-374.

Symanzik].,KotterT., Schmelze6.,Klinke S.,CookD. andSwayneD. 1998.Spatialdata
analysisin the dynamicallylinked ArcView/XGobi/XploRe ervironment, Computing
Scienceand Statistics 29: 561-569.

SymanzikJ., Cook D., Lewin-Koh N., Majure J.J.and Megretskaial. 2000.Linking Ar-
cView andXGobi: Insightbehindthe front end,Journal of Computationabnd Graphi-
cal Statistics 9: 470-490.

Unwin A. 1996.Exploratoryspatialanalysisandlocal statistics ComputationalStatistics
11: 387-400.

Wall P. andDevine O. 2000.Interactive analysisof the spatialdistribution of diseaseusing
ageographidnformationsystemJournal of Gegyraphical Systems2: 243—-256.

Wilhelm A. and SteckR. 1998. Exploring spatialdataby usinginteractve graphicsand
local statistics,TheStatistician 47: 423—-430.

WiseS.,HainingR. andMa J.2001.Providing spatialstatisticaldataanalysisunctionality
for the GIS user: the SAGE project, International Journal of Geayraphic Information
Sciencelb: 239-254.

ZhangZ. andGiriffith D. 1997.Developinguserfriendly spatialstatisticalanalysisnodules
for GIS: An exampleusingArcView, Computes, Ervironmentand Urban Systems21:
5-29.

ZhangZ. andGiriffith D. 2000.IntegratingGIS component&ndspatialstatisticalanalysis
in DBMSs, InternationalJournal of GegyraphicalInformationSciencel4: 543-566.



