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Abstract Ris alanguagesimilarto S for statisticaldataanalysisbasedn mod-
ern programmingconceptsandreleasedinderthe GNU GeneralPublic License.
It permitstheintegrationof programscriptswith compileddynamicallyloadedli-
brariesof functionswhencomputingspeeds important.Following abroadoutline
of existing collectionsof functionsfor spatialstatisticawrittenfor S , we shov how
they maybeportedtoR , andcomparaheir characteristica/Ve furtherdemonstrate
how existing work maybe extendedo topicsnotyet cavered,andhow librariesof
functionsmaybe constructed.

Functionsfor threetypesof spatialstatisticsarecovered:spatiallycontinuous
data,point patterndata,andareadata.We presenpackaged functionsfor spatial
statisticalanalysis,andtheir applicationto standarddatasets.Both the develop-
mentof R , and of thesefunctions,is on-going,but have now reacheda critical
massmakingR anattractize platformfor teachingandapplyingspatialstatistics.

1 Introduction

While spatialstatisticsoughtarguablyto be atleastasfrequentlytaughtandused
astime seriesmethodsjt hasbeenthe caseover mary yearsthatlack of accesgo
suchmethodsn statisticsor GIS softwarehashindereddiffusion. Wheresoftware
hasbecomeavailable,asindeedwith GIS, costper seathasbeena further con-
siderationat leastin the academiaccommunity Observingthe researchpractices
of statisticiansjt hasbeenpossibleover recentyearsto seea tendeng for new
methoddgo be publishedbothin written form, andascollectionsof scriptswritten
in the S languageandsubsequentlgrchivedat Statlib (http: //1ib.stat . cmu.
edu/8/). With theadwentof R , a statisticalprogramminganguagesimilar to S
madeavailable underthe GNU GeneralPublic Licenseversion2 (main archie:
http://www.ci.tuwien.ac.at/R/), mary packagedave beenportedfrom S
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to R, including somefor spatialstatistics.SinceR canbe installedwithout diffi-
culty on all Unix systemsandalsoexistsin binaryform for MS Windows9* and
NT 4, writing or porting spatialstatisticssoftware for a wider rangeof potential
usersseemgo bebecomingeasier

Our concernhereis to review packageslreadyported,to describework in
progresswhereno S scriptscould be identified as appropriate,and to point to
areagequiringfurthereffort' . We begin by settingthe scenewith regardto spatial
statisticsgoingonto introducetheR language.

Sinceobsenationsof spatialdataareunlikely to beindependentt is perhaps
surprisingthatnot moreusehasbeenmadeof this sourceof information.With an
adequatehoiceof explanatoryvariables this spatialdependencenay be readily
drawn into a model,and ceaseto be a nuisanceHowever, spatialdependencés
not necessariljjust a nuisancebut may help us to captureimportantfacetsof
the realitiesof spatialprocessesThe literatureon spatialstatisticsis substantial
(seeCliff andOrd, 1973,1981,Ripley, 1981,UptonandFingleton,1985,Griffith,
1988,Anselin,1988,Haining,1990,andmorerecentlyCressie 1993,andBailey
and Gatrell, 1995, amongmary others).We will heregive a brief introduction
to someof the key issuesThreerecentsuneys, including availablesoftware,are
Levine (1996),GatrellandBailey (1996),andBivand(1998).

After having setthe context, we will review thecomponentaireasof spatialsta-
tistics, dealingin turn with point patternanalysis,geostatisticsandlattice (area)
dataanalysis,shaving what hasbeendonein R , and giving exampleslargely
takenfrom theliterature Wherepossible resultsirom R scriptshave beenchecled
againstesultsfrom usingothersoftware.First, however, we will presentheback-
groundof the S andR languagesandthe opportunitiesandchallengeofferedby
open-sourcsoftware .

2 S, R and open-sour ce software

The history of S is relatively long, and as with so mary other innovationsin
software, stemsfrom researcherat Bell Laboratoriesfor a detailedaccountsee
Becker (1994).Thetwo majorsourceonthelanguageareBecker, Chambersand
Wilks (1988) and Chambersand Hastie (1992); Venablesand Ripley provide a
very usefulintroductionto appliedstatisticsusings (1997).S presentshe data
analystwith arich toolboxof componentspermittingboththeroutineprocessing
of statisticaltasks,andthe programmingof new functionsnot initially included
in the languagelt employs vectorsasbasicbuilding blocks,both permittingthe
corvenientuseof linearalgebraoperationsandtheapplicationof standardr user
definedfunctionsto data.It alsoincorporateslatastructuresandanobject-based
task dispatchapproachbasedon methodsand classesMarny of theseelements
have beenaddedwith time, anddo changes is now only availablecommercially
ass-PLUS 2, afactwhichhasconcernedJS userswhofaceaFederarequirement
thatthey oughtnot to developsoftwarein alanguagenot availablefrom multiple
independensourcesS-PLUS is an excellentsystem,but is not alwaysideal for
teachingpurposedecausef its per seatcost,even wherestudentandacademic
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pricing maybeavailable.ln 1996,MathSoftintroduceda spatialstatisticsmodule
for S-PLUS (Kaluzry etal., 1996),andlinks to GIS softwarearealsoavailable.

TheS-PLUS spatialstatisticanoduleincludesafairly wide rangeof techniques
for spatialdataanalysiscoveringmary of the key methodspresentedn Haining
(1991)andCressig(1993); Ripley actedasa consultanton the designanddevel-
opmentof themodule.SinceVenablesandRipley hadincludedsoftwarefor some
geostatisticahndpoint patternanalysesn their book (1997;first edition 1994),it
is notsurprisingthatsomeof theirwork is reflectedn themodule.In addition,two
techniquegarallellingthoseusedby PaceandBarry (1997)areincluded:using
guadtreedatastructuresfor finding spatialneighboursand using sparsematrix
methodsfor fitting spatiallinear regressionmodels.The moduledoesnot cover
a numberof frequentlyusedtechniquesn point patternandirregularlattice data
analysisandit is indeedcuriousthat Anselin’swork is not citedin Kaluzry etal.
(1996).

The backgroundo R is interesting,in thatit is basedon two computerpro-
grammingtraditions:Bell Laboratorieghroughs , andMIT throughSchemeAs
Itaka (1998) relates,meetingthe first edition of the classicSructure and Inter-
pretation of Computer Programs (1985, secondedition: Abelson, Sussmarand
Sussman1996)openedup “a wonderfulview of programming”.He metScheme
atthesametime asanearlyversionof S , andquickly realizedthatsomefeatures
of modernprogramminganguagedesign,suchaslexical scoping,canleadto su-
periorpracticalsolutions. Theseadvantagesiave, amongothers broughtTierney,
the authorof Lisp-Stat(1990),into theR coredevelopmentteam.Differencesn
the underlyingcomputingmodelsbetweens andR aremary andimportant,and
sometimegoncerrtheactive user They areoutlinedbothin R systemdocumenta-
tion, theR-FAQ availableatthearchiesite,andin therR complemertt to Venables
andRipley (1997).VenableandRipley arealsoactively portingtheir own work to
R, partly asa serviceto their readersandpartly because¢hedifferencesn theun-
derlying computingmodelsteaseout potentialcodinginfelicities. Many of these
issuesareactively debatedn R discussiorlists — for details,seetheR archies.
Becauseof the closenesbetweens-PLUS andR , the codedescribedbelov has
eitherbeenportedto R from S-PLUS with no or minor modificationswhile code
written in theR ervironmentcanbe movedbackto S-PLUS with the samefacility.

Thekey differencedie in scopingandmemorymanagemeniScopingis con-
cernedwith the environmentsn which symbolhaluepairsaresearchedluringthe
evaluationof a function,andposesa problemfor portingfrom S toR , whenuse
hasbeenmadeof the S model,ratherthanthat derived from Schemg(ltaka and
Gentleman,1996, p. 301-310).Memory managemendliffersin thatS generates
large numbersof datafiles in the working directoryduring processingallocating
andreallocatingmemorydynamically R , beingbasedon Schemestartsby occu-
pying auserspecifiedamountof memory but subsequentlyorkswithin this, not
committing any intermediateresultsto disk. Within the memoryheap,a simple
but efficient garbagecollector makesthe bestpossibleuseof the memoryat the
programs disposal.This may hinderthe analysisof very large datasets,sinceall
datahave to be heldin memory but in practicethis problemhasbeenalleviated
by falling memoryprices.Onereasorcited by someauthorsfor alsousingR , is
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thataccesso the samecompilersasthoseusedby MathSoftto permitthedynamic
loadingof compiledC andFortranobjectcodeis not a problemwith R : you just
needthe same(open-sourcefompilerthat you usedto installR in thefirst place.
This hasaffectedusersof S-PLUS on MS Windows platformsin particular

Itaka (1998) placesthe future of R clearly within open-sourcesoftware. In-
deed,the rapid developmentof R asa computingervironmentfor dataanalysis
andgraphicsearsoutmary of thepointsmadeby Raymond1997)in his percep-
tive paperonthedynamicsof user/deeloperinteraction.Over severalyearsit has
begunto beclearthat,evenwhenwell-regardedcommerciakoftwareproductsare
available,communitiesof usersand developersare often ableto gaina momen-
tum basedon very rapid detugging by large numbersof interestedparticipants
— bazaarstyle development.indeed,commercialorganizationsanbenefitfrom
the activity ensuingfrom this kind of brainstorming:over half the web siteson
the Internetuseopen-sourceeners,andmostof therestreply on Perl,an open-
sourcelanguageto deliver active content.Opensourceis not limited to Unix or
Unix-basedoperatingsystemssinceopen-sourc&ompilersand associatedools
have beenportedto proprietarydesk-topsystemdike MS Windows95,MS NT 4,
andothers.Thesein turn have permittedsoftware,like R , to be portedto these
platforms,with little or no versionslack.

3 Point pattern analysis

Pointpatternanalysiss concerneavith thelocationof events,andwith answering
guestionsaboutthe distribution of thoselocations,specificallywhetherthey are
clusteredrandomlyor regularly distributed.Pointpatternanalysids very sensitve
to thedefinitionof thestudyarea sincearegularly distributedpatterncanbemade
to seemclusteredby including large mamgins within the studyarea.Measuresare
alsosubjectto boundarycorrections and mostoften study areaboundarieshave
to be definedascorvex polygonsover the studyarea,or in the simplestform as
rectanglesboundingthe points underanalysis.It is of coursealwaysimportant
to plot the eventsto detectoutliers visually, togetherwith the boundarieseing
applied(Bailey andGatrell,1995,Cressie 1993).

Theimmediateplaceto begin in pointpatternanalysiss thespatial package
accompaying VenablesandRipley (1997),portedto R , andofficially releasedat
theR archie site. Loadingthe packageye find thatthe functionsavailablecover
the input of point processbjects,settingthe rectangulawindow usedfor edge-
correction,andcalculationof Ripley’s K functionandsimulatedervelopesabout
it undervariousalternatve point processes.

Runningthe examplegivenin Venablesand Ripley (1997, p. 482-3,Figure
16.9)for oneplot of L(t) shaving the envelopeof 100 binomial simulations we
gettheresultshovnin Figurel; distancaunitsarein metresandthattheestimated
functiondifferssignificantlyfrom straightnessThis packages limited bothin the
useof only rectangularegions,andin only providing the K function. It may be
supplementedly the Splancackagey RowlingsonandDiggle (1993 , which
requiredvery few modificationsunderportingto R . It consistsof a numberof
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Fig. 1 Swedishpinedatasetexampleusingthespatial package.

functions, differing from the spatial packagefor the input of point patterns,
kerneldensityestimation andspatialpoint patternanalysisncluding case-control
studies.

In orderto try out Splancstheexampleusedabove wasre-runusingsbox () to
settherectangulastudyregion; hadbbox () beerused,t wouldhaveemulatedhe
spatial packagemoreexactly. As Bailey and Gatrell (1995) point out, in point
patternanalysismuchdepend®on the interpretatiorof graphicaloutputproduced
undervarying assumptionsboutthe boundingregion and the spatialscaleand
natureof theprocessConsequentlytheeasewith whichR (andof courseS) permit
resultsto be plottedis amajoradvantage.

Turningto Bailey and Gatrell (1995,INFOMAP datasets)asa sourceof ex-
amplesfor thevalidationof selectedSplancdunctionsunderr , we replicateBai-
ley andGatrell's Figures4.1 and4.7 (1995,pagesl22 and130) for the locations
of ‘thefts from property’ offencesin OklahomaCity, including information on
the ethnicbackgroundf the offenders.We have hereuseda region boundedby
sbox () of thejoint datasetin theabsencef indicationghatanotheboundarywas
usedin the original. Using randomlabelling, we aretestingwhetherthe ‘black’
crimesarejustarandomsubsef the overall patternof all crimes.As the plot of
theKj2 functionk12hat () againstherandomlabellingervelopeKenv.label()
shaws, the visual impressionthat offencescommittedby ‘blacks’ are more spa-
tially clustereds confirmed.

In addition, Splancsincludesfunctionsfor raisedincidenceand space-time
clustering.It would be of advantageif both Splancsandthe spatial package
definedpoint objectsin the sameway, or at leastif corversionfunctionswere
written, permittingdatato be movedbetweerthemwithout uncertaintyaboutthe
boundingregionbeingusedBothinitially datefrom aperiodwhenobject-oriented
mechanismsvereonly beginningto enters , andasVenablesandRipley comment,
the S-PLUS spatialstatisticsmoduleprovides more comprehensie and polished
facilitiesthantheir packageincludingF, G, K andL functions,ervelopesaboutk
andL functions,andkerneldensityestimationusingconvex boundingpolygons It
will berecalledthatSplancgunctionspermitconcare boundingpolygonsmaking
its approachthe mostgeneral.
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Fig. 2 OklahomaCity crime datasetpresente@ndanalysedisingSplancgunctions.

4 Geostatistics

Today there are somegeostatisticapackagedor S-PLUS , either available for
freefromtheS andsS-PLUS archiveat StatLib(http://1ib.stat.cmu.edu/S/)
likespatial or funfitsandalsocommerciapackagesik e S+SpatialStatsNow,
with the availability of R , the questionarisesof which of thesepackageanbe
usedwith this free free statisticalervironment.Of courseit is not possibleto use
commercialS-PLUS moduleslike S+SpatialStatsvith R . But this is morethan
compensatedtly the existing free geostatisticapackageswhich all canbe or are
beingportedto R . Moreover, theopensourceconcepbf R givesbetterchanceso
modify thesepackageso meetparticularneeds.

But evenwith the corefunctionality of R , somespatialanalysiscanbe done.
Linear modelscanbe usedfor trendremoval, althoughcarehasto be shavn in
predicting from fitted trend surfaces,and local smoothingtechniqueglibraries
locfit andmodreg) canbeusedto generatdocally weightedregressiorsurfaces
or to estimatedensitiesAn importantgeostatisticapackagecomeswith Venables
andRipley (1997).Chapterl5 of their book describeghe useof this packagen
detail. The first port of the spatial packagewas madeavailablein late 1997.
Meanwhile they took noticeof thedevelopmenbf R , andnow maintainthe pack-
agefor R alongwith the S-PLUS version.The advantageof this implementation
of kriging predictionis thatcritical computationsare carriedout in dynamically
loadedC functions.
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Fig. 3 Fourrepresentationsf the surfaceof log PCB scoresPontypooldataset.

Figure3 shavstheresultsof usingfour surfacemodellingfunctions.The data
modelledaretakenfrom Bailey andGatrell (1995),andreporton the scoreson a
numberof PCBindicesfor 70 locationsarounda possibleemissionsite nearPon-
typool; logarithmsof the PCBscoresareusedhere.Firstly a cubictrendsurfaceis
fittedusingthesurf . 1s () functionfromthespatial packagethepredictedval-
uesbeingobtainedusingthetrmat () functiononthetrendsurfacemodelobject.
Next, theinterp () functionfrom theakima packageaninterpolatingalgorithm
basedon FORTRAN codeby H. Akima (1996), containingcodefor linear and
bicubic splineinterpolation,is used.Thirdly, the 1loess () local regressionfunc-
tion from modreg packageysingpredict.loess () to generateghe predictions.
Finally, after estimationof the empirical variogramfrom the cubic trend surface
model,andthefitting of atheoreticamodelby eye, kriging predictionsveremade
usingsurf.gls() andprmat () fromthespatial packageAll of the methods
usedshaow the clusteringof highervaluesaroundthe possibleemissionsite, with
the globaltrendsurfacemodelbeingleastsatishctory Both kriging andlocal re-
gressiorcanalsoprovide standarcerrorsof prediction.
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The spatial packagedoesnot provide functionsfor fitting theoreticalvari-
ogramsthesemaybefoundin thesgeostat packagéportedto R from S+GeoStat,
Majure, 1995), which containsmary variogramexploration tools, for instance
the spacebox () functionfor examininga variogramcloud usingboxplots.There
areevenimplementation®f robustvariogramestimationasdescribedn Cressie
(1993).The sgeostat packagds written throughouin interpretedcode,making
it moretransparenatthe costof executionspeedgespeciallyfor kriging prediction.

5 Lattice data analysis and spatial econometrics

In thissectionwewill usethetermlatticedatafor dataassociatedvith anarbitrary
division of the areabeingstudiedinto anirregular lattice; theseare the kinds of
datamostoftenassociatedavith spatialeconometricsechniquesWherepossible,
resultshave beencross-checi&dwith othersoftware.

In the S-PLUS spatialstatisticsmodule,neighbourhoodelationshipsarerep-
resentedy a dataframe,in which thefirst two columnsidentify the pairsof zones
thatareneighboursandthe weightassignedo therelationship A fourth column
is usedto recordwhichtype of relationships referredto by column3: wheresev-
eraldifferentdefinitionsareusedcolumnsthreeandfour arerepeatedpermitting
subsettingor exampleto thoseneighbourswith centroidslessthan50 km apart
whichwerenot contiguoudn the senseof belongingto zoneswith sharedbound-
aries.Thisformatprovidesfor convenientconstructiorof distance-baseuahatrices,
but no automatictally of the numbersandidentificationsof neighbourof a given
zoneor site.

Work belov hasfollowed earlier structuredformats, returningan R list ob-
ject containinga vector card with the numbersof neighboursof eachzone,and
two vectorsof pointerscontrollingaccesdo theneighbouttablemap suchthatthe
sequenceipi[i] :ip2[i] containscard[i] elementsAt presentweightsare
eitherstandardizear non-standardizedut generalforms may readily be imple-
mentedby addinga vector of length(map), containingthe weight values.All
the list componentareinteger vectors,taking 3*length (card) + sum(card)
positionsof integer memory a matterof lessimportancenow thanformerly. Un-
fortunatelyfor both formats,accesgo vectorand matrix elementds costlyin R
ands , sothatthe preparatiorandtestingof weightsmatricesusinginterpreted
codeonly is not fast,andcould be speededip by usingdynamicallyloadedC or
Fortranfunctionsor subroutines.

Usingthedist () functionin themva packageit is easyto construchavedis-
tancebandingandincrementalweightsmatricesfor moderatenumbersof zones.
Whenthenumberis larger, sayover 300,othertechniqueshouldbe usedto avoid
theunnecessargomputatiorof distancedbetweemointsfarfrom eachother This
is doneby PaceandBarry (1997),andin theS-PLUS module by usingquadtree$o
partitionthelocations PaceandBarry alsosuggestheuseof analternatve neigh-
bourhoodcriterion stipulatingthe m nearesheighbourdo i asbeingincluded,for
fixedm. This avoids overlalge numbersof neighboursn densempartsof the map,
while preservingneighbourhoodnfluencein lessdenseparts.Finally, the imple-
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mentationof higherorderlagsbasedon contiguitiesis required,using methods
basedn AnselinandSmirnor (1996).

TheMoranandGearycoeficientsmaybetestedusinganalyticalexpectations
and variances(Cliff and Ord, 1973) basedlargely on the neighbourhoodstruc-
tureassumedh the spatialweightingmatrix, andareasymptoticallynormally dis-
tributed. New measurefiave beenintroducedamongothersby Brett and Pinkse
(1997)for spatialindependencbasedn characteristidunctions.

The datasetusedfor the examplegivenherewasincludedin the materialsof
the ESDA with LISA conferencéeldin Leicesterin 1996° , seeBrunsdon(1998)
and Dykes (1998). The dataare for the five midweststatesof lllinois, Indiana,
Michigan, Ohio, and Wisconsin,and stemsfrom the 1990censusThe boundary
datastemsrom thesamesourceput theunitsusedarenotwell documentedthere
are437 countiesncludedin thedataset.

Theimplementatiorof thesemeasuress nota majordifficulty, but onceagain
we find that the accessingf the individual elementsin the neighbourhoodist
vectorsmposesatime cost.Sincein futureversionswve wantto permitsubsetting,
the weight matrix sumsneededcannotbe computedoncefor all, but needto be
refreshedat eachrun. Evenfor this relatively large caseusingbuilt-in full matrix
methodss only slightly slover thaninterpretedook-upfor the spatiallaggingof
avariable. Thereseemto be goodreasongor moving at leasta kernelof neigh-
bourhoodlist functionsfrom interpretedto compiledcode,although,for smaller
numbersof zonesresponsdime is acceptable.

While global measurepermitusto testfor spatialpatterningover the whole
study area,it may be the casethat thereis significantautocorrelationin only a
smallersectionwhichis swampedin the context of thewhole.Both distancesta-
tistics (GetisandOrd, 1992,1996,0rd and Getis,1995),andthe local indicators
of spatialassociatiorderived by Anselin (1995b,seealso Getisand Ord, 1996),
resemblepassinga moving window acrossthe data,and examining dependence
within the chosenregion for the site on which the window is centred.The spec-
ificationsfor the window canvary, using perhapscontiguity or distanceat some
spatiallag from the considered@oneor point. In addition,Anselin(1996)hassug-
gestedhata plot of x; againstits spatiallag 3 ; wijxj, termeda Moranscatterplot,
particularlyusedwith dynamiclinked visualization,may assistin revealinglocal
patterning.

Thelocal indicatorsof spatialassociatiorpresentedy GetisandOrd (1996)
have beenimplementedn interpretedcode,andthe G; and G} statisticschecled
againstChenandGetis(1998)for accurag. Onceagain,it is clearthataccessing
the distancematrix used,herefor neighbourswithin 0.45distanceunits of each
other, in interpretedcodeimposestime penalties althoughnot morethanfor the
global measuresThe function 1isa.g() returnsann x 2 matrix with valuesof
theG; andG" statisticsreadyfor furtheranalysisandmapping.

In the example below, we examinethe value of theselocal indicatorsfor a
variabledisplayingmoderate put still significant,global spatialautocorrelation,
the percentagef the populationover 25 with a higheror professionablegree. A
summaryof G/ is presentedtogetherwith the valuesof the statisticsfor counties
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Fig. 4 G} statisticfor percentagever 25 yearswith a higher/professionadiegree,5 US
midwesterrstates,1990census.

with adifferencebetweenG; andG;" statisticsof morethanl; Washtena County
in Michigan, containsAnn Arbor. Thevaluesof G areshown in Figure4.

> mw <- read.table("midwest.tab",T, row.names=1)

> names (mw)

[1] "id.no" "poly.no"  "pdens" "pnonwhite
[7] "phigher"  "ppoverty" '"met"

> mw.d45 <- getw("mw-d0.45.gal")

Read 7955 items

> testw(mw.d45)

> global(mw.d45, mw$phigher)

pschool" "pcollege"

Global spatial dependence measures (randomization assumption):
(Weights row-standardized)

Statistic Expectation Variance Std. deviate p-value
Morans I 0.08757 -0.00229 0.00032 5.0445 4.547e-07
Gearys C 0.91966 1.00000 0.00050 -3.6006 0.0003175

> mw.g <- lisa.g(mw.d45, mw$phigher)
> summary (mw.g$Gstari)

Min. 1st Qu. Median Mean 3rd Qu. Max.
-2.4680 -0.9784 -0.1537 0.1177 0.9346 4.3550
> rownames (mw.g) <- rownames (mw)
> mw.glabs (mw.g$Gi-mw.g$Gstari) > 1,]

Gi Gstari
CHAMPAIGN (IL) -0.1720360 1.11684010
JACKSON (IL) -2.1725006 -1.15061936
MONROE (IN) 0.6055050 1.60587581
WASHTENAW (MI) 2.3217825 3.70831371
DANE (WI) -1.0906615 -0.04876026
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Estimationmethodsfor modelsusing lattice dataand taking spatial depen-
denceinto accountare as matureas global statisticsfor spatialautocorrelation
(Ord, 1975,Hepple,1976);the form of modelmostcommonlyusedis known as
the simultaneousutorgyressionSAR). Tenyearshave now passeainceAnselin
and Griffith (1988) sureyed the regional scienceand economicgeographylit-
eratureto seehow far thesemethodswere being appliedto datasetsfor which
they shouldhave beensuited. Thelow penetratiorthey reportedseemedelatedto
thelack of accesgo thesetoolsin standardstatisticalpackagesaddressegubse-
quentlyby AnselinandHudak(1992),Bivand(1992),Griffith (1993),andothers.
Themostsubstantiakffect hasbeenachievedby Anselin’s “SpaceStat’pbrogram,
permittingthe estimationof mostof the specificationtestsand modelsdescribed
in theliterature(1995a).

A problemsolvedin Anselinet al. (1996)is that of testsfor spatiallag and
spatialerror specificationdeingmutually contaminatedy eachother, thatis the
original LM testfor non-zerop alsorespondgo non-zeroA andvice-versa.The
new teststake into accounthe possiblenon-zerovalueof the nuisanceparameter
andappeatto discriminatewell betweerthetwo alternatie forms.

We will testtheresidualsfrom a leastsquaresnodelof crime, relatedto in-
comeandhousingvaluefor 49 neighbourhoods Columhus,Ohio, from thedata
setprovidedwith SpaceStatandextensiely usedin theliterature.This modelis
alsousedin Anselinetal. (1996)to illustratethe modifiedtestswhich have been
maderohust to the influenceof the nuisanceparameterThe following example
shaws theregressiorresultsin brief, followedby a table of specificatiortestsfor
spatialdependence:

> col.1lm <- 1m(CRIME ~ INCOME + HOUSING, data=columbus)

> col.1lm

Coefficients:

(Intercept) INCOME HOUSING
68.6189 -1.5973 -0.2739

> 1m.sptests(col.lm, colw)

Diagnostics for spatial dependence:
statistic df prob.
LMerr 5.7230 1 0.01674

LMlag 9.3634 1 0.00221
RLMerr 0.0795 1 0.77797
RLMlag 3.7199 1 0.05377
SARMA 9.4429 2 0.00890

In the testresults,the valuesobtainedcorrespondo Table 2 in Anselin et
al. (1996, p. 87), with LMerr astheir LMy, LMlag asLMy, RLMerr as LMy,
RLMlag asLM jp, andSARMA asLM yy. The resultsalso agreewith SpaceStat
output. Moran scatterplotscorrespondingo the component®f the LM testsare
shavnin Figure5.

Ord (1975) givesthe Maximum Lik elihood methodsfor estimatingthe spa-
tial lag andspatialerror SAR models;no satishctoryalternatveshave beenfound
subsequenthchiefly becaus@f the importantrole of the Jacobiarexpressinghe
spatialtransformatiorof eitherthe dependentariablein the spatiallag model,or
the disturbancen the spatialerror model. To completethe model, the variance-
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Fig. 5 Moranscatterplotgor theresidualanddependentariable,Columhisdataset.

covariancematrix of the parameterseedso be estimatedin mary casest is ap-
proximatednumericallyfollowing non-linearoptimizationof the lik elihoodfunc-
tion, but SpaceStaterivesits estimatesof the asymptoticstandarderrorsana-
Iytically (Anselin 1995a,Anselin and Hudak,1992). For larger N, this cantake
considerabld¢ime, requiringtheinversionof anN x N matrix. As PaceandBarry
(1997)have conclusvely demonstrateds feasiblesolutionto modellingsituations
with large N is to exploit the sparsenatureof the spatialweightingmatrix, both
saving memoryandmakingcomputatiorpracticalin reasonabléime without su-
percomputeresourcesThey alsoprovide a profile likelihoodsolutionto the cal-
culationof coeficient estimatestandarderrors,avoiding the computationof the
informationmatrix.

Following PaceandBarry (1997)andtheS-PLUS s1m() function,useis made
of both eigervaluecomputatiorandsparsematrix method$ to implementmaxi-
mum likelihoodmodelsfor threetypes:lag, mixed,anderror models.The mixed
modelis a lag modelbut alsoincludesthe laggedX variableson the right hand
side.Thesmlr () functionhasbeenimplementedisingthe sameinterface,print,
andsummaryobject-orientedpproactastheregularim() function,whichis used
to constructthe modelframefor estimation As yet neitherweightingnor subset-
ting aresupportedput at leastsubsettings not difficult to addto the functionas
it stands.The log likelihoodfunction is maximizedwith referenceto the spatial
parameteestimateusingoptimize (), andtheremainingparameteestimatesre
reachedusing generalizedeastsquaresThe standarderrorsof the coeficients
are,following PaceandBarry (1997),computedusingtherestrictedeastsquares
estimatorratherthancomputingtheinformationmatrix directly.

> col.lag <- smlr(formula = CRIME ~ INCOME + HOUSING,

+ data = columbus, colw, type="lag", method="sparse")
> summary(col.lag)

Coefficients: (restricted least squares standard errors)
Estimate Std. Error z value Pr(>|zl|)
(Intercept) 45.079468 4.046868 11.1393 < 2.2e-16 **x*

INCOME -1.031616 0.285543 -3.6128 0.0003029 ***
HOUSING -0.265927 0.088192 -3.0153 0.0025670 **
Signif. codes: O ‘x*x’ 0.001 ‘**> 0.01 ‘x*> 0.05 ‘.” 0.1 <> 1

Rho: 0.43102 LR test value: 9.9733 p-value: 0.0015883
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Log likelihood: -182.3904 for lag model
Residual variance (sigma squared): 95.495
Number of observations: 49

Number of parameters estimated: 4

AIC: 372.78 SC: 380.35

The above exampleshows the calculationand resultsof computingthe spa-
tial lag modelfor the Columhuscrime responsevariable.Comparedvith Anselin
(1995a,tables27.2 and 27.3), the resultsare identical with the exceptionof the
standarcaerrorsof theregressiorcoeficients,andconsequentlyhesignificanttests
onthe 3 coeficientestimatesTheLik elihoodRatioteston p is correct,asarethe
measuresf fit. Thereasorfor this discrepang is thatthe restrictedeastsquares

estimatedgnorethe fact that fB—zofp # 0. In the error case,however, a%% =0, so

thattheresultsof the spatialerrormodelshavn below agreewith Anselin(1995a,
tables29.2and19.3)alsowith regardto the standarcerrorresults:

> col.error <- smlr(formula = CRIME ~ INCOME + HOUSING,
+ data = columbus, colw, type="error", method="sparse")
> summary (col.error)

Coefficients: (restricted least squares standard errors)
Estimate Std. Error z value Pr(>|zl)
(Intercept) 59.893276 5.366141 11.1613 < 2.2e-16 **x
INCOME -0.941312 0.330568 -2.8476 0.0044056 **
HOUSING -0.302252 0.090476 -3.3407 0.0008357 **x*

Signif. codes: 0 ‘*%%’ 0.001 ‘%%’ 0.01 ‘%> 0.05 ¢.> 0.1 ¢’ 1
Lambda: 0.56179 LR test value: 7.9934 p-value: 0.0046949

Log likelihood: -183.3804 for error model
Residual variance (sigma squared): 95.574
Number of observations: 49

Number of parameters estimated: 4

AIC: 372.76 SC: 378.44

Finally, we checkthetestfor the CommonFactorhypothesisgainstAnselin’s
(1995a,table29.3) LR testresult,finding, ashe does,thatthe hypothesisannot
readily be rejected,and that thusthe spatialerror specificationcan be accepted,
eventhoughthevalueof thelog likelihoodfunctionis higherfor themixedmodel;
theinformationcriteria AIC andSCalsofavourtheerrormodelhere.

> LR.smlr(col.mixed, col.error)

mixed error
LL -181.393 -183.380
AIC 374.787 372.761
SC 386.138 378.436

Sigma squared 91.791 95.574

LR test value: 3.9739 p-value: 0.13711

As global measure®f spatialassociatiorhave beensupplementedby local
indicators,Fotheringham Charlton,and Brunsdon(1996, 1997) and Brunsdon,
Fotheringhamand Charlton(1996) have beendevelopingweighting schemego
allow possibledifferencesn local parameteestimategor regressiommodelsto be
revealed.Moving from the globalto local settings,onewould perhapsxpectthe
local parameteestimatego vary, but within the boundsof their global standard
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Fig. 6 Boxplotsfor geographicallyweightedregressioncoeficient estimatesColumlus
dataset.

error basedconfidencentervals, that is with divergencesof more than +2 less
thanfive timesin a hundred.The weightingschemeausedsofaris distancebased,
weightingzonei with unity, andwith weightsdecliningwith increasingdistance
fromi. Therearesimilaritieswith kernelregressiortechniquesalthoughtheseuse
weightingin attribute spaceratherthanacrosghe obsenations.Currently cross-
validationis usedto selectanappropriateglobalbandwidthparametemwhichthen
determinegthe form of the distancedecayfunction usedto definethe weights
for eachobsenation. Thereareclearly substantiaifficultiesinvolvedin making
statisticalinferencegrom resultsof this kind of procedurealthoughit hasproved
very usefulin shaving up missingvariables.

Having accesgo the Fortransourcecodefor geographicallywveightedregres-
siorf , it hasbeenpossiblenot only to re-createits functioningin R , but alsoto
checkresultsfrom the samedataset, providing assuranc¢hat the two solutions
are equivalent.Using the dist () andoptimize () functionsmentionedabove,
andthe Im.wfit () functionfor fitting weightedleastsquaresnodels,it proved
uncomplicatedo providethebasicframeawork for geographicallyveightedregres-
sion. It remainedo replicatethe weightingfunction,whichin the original codeis
a Gaussiardistancedecaybasedweightingschemes=%/"* | wheredy is the dis-
tancebetween andk, andh is thebandwidth.In R the functionwasimplemented
by computingthe squareddistancematrix oncefor all, and steppingacrossits
columnsin successie weighingpasses.

Evenworkingin interpreteccode thefactthatthefunctionsusedarecompiled,
andaccesseavithout muchothercomputatiormadetheR solutioncomparabléo
the compiledFortranprogramin speedpoth for cross-alidationandfor estima-
tion, following the calibrationof the bandwidth.Onereasorfor therelative speed
of the R versionis that the distancematrix is only computedonce,ratherthan
beingcalculatedelementfor elementat eachpassthroughthe n weightingitera-
tions duringfitting, andn timesthe numberof optimizationfunction calls during
cross-alidation. Using a simple interpretedfunction also permitsthe testing of
alternatve functionalforms. Furtherprogresswill dependon the introductionof
guadtreeor similar techniquego hinderthe useof weightsso closeto zeroasto
male little differenceto thefitted parametergor eachpass.

Usingthe Columlusdataset,cross-alidationgivesa bandwidthof 3.217dis-
tanceunits. Figure 6 shavs that, while the income and housingvariableshave
significantnegative coeficient estimatesn all the global modelsreportedabove,
signchangeslo occurin bothcasesmoreparticularlyfor housing.
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6 Concluding remarks

We have demonstratedhatR canbe extendedto caterfor spatialstatisticaldata
analysisthroughthe porting of existing codewritten for S-PLUS and§. Much of
the codeis alreadyavailableon CRAN, theR archie site,andmorewill follow.
Comparedwith S-PLUS , especiallyits widespread/Nindows version,it is very
easyto build your own C or FORTRAN codeand load your functionsinto R .
Thisis thereasorfor successn portingmary packages$oR . For userswithin the
steadilygrowing Unix/Linux communitiescompilingandlinking userwritten or
portedC or FORTRAN functionscanbe doneon the fly with simplecommands
like “R COMPILE yourlib”, but recentlyalso straightforward ports with R on
Windows have succeededBoth usethe GNU C compiler, which is bundledwith
every Linux distribution. The sametaskbecomesnore complicatedwhenusing
S-PLUS andWindows, requiringspecificcommercialC andFORTRAN compilers,
and finding the correctsettingsfor integration with S-PLUS hasnot beeneasy
Finally, free availability, and easeof use,even for developmenttasks,are very
importantadvantage®f R , which surelywill show feedbackn thefuturein terms
of new packagesagrowing teamof usersanddevelopersandrapidbugfixes.

We hopethatwe have shavn thatR providesa viable platformfor work both
in developingspatialstatistics andfor their applicatior? . Sincer is alsoavailable
for Windows platforms,we areconfidentthatit will bepossibleto increaseaccess
evento relatively freshresearcrcontributionswithin an ervironmentsupporting
statisticalanalysisand graphicalvisualization.We trust that the examplesgiven
above, althoughnot part of problem-orientedesearchsuggesthat realisticdata
sizesare feasible.Somepartsof the work reportedhereare alreadydistributed
throughtheR archives,andwe hopethatthe remaindewill achieve this statusin
duetime, aftermoreadequatéesting.

Notes

1. It hadbeenourintentionto shav how thesepackagegould useaninter-
facebetweerR andGIS software,but becausef delaysin thereleaseof GRASS
5.0,no specificresultswill bepresented.

2. Opensourceis a registeredcertificationmark of software in the public
interest;seehttp: //www.opensource.org,.

3. S-PLUS is ownedand copyrightedwith all rights resened by MathSoft,
Inc.

4. availableonlinefrom thebook’s website

5. Splancgodeis availablefromhttp://www.maths.lancs.ac.uk/ " rowlings/
Splancs/.

6. http://midas.ac.uk/argus/esdalisa/midwest/Data.html.

7. Useis madeof the“sparse”softwareavailablefrom Netlib (http: //www.
netlib.org), by KundertandSangiwanni-Vincentelli(1988).

8. http://www.ncl.ac.uk/"ngeog/GWR/.

9. Both of theauthorsuseR for teaching,including usein afairly complete
coursebasedn Bailey andGatrell (1995).
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