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Abstract

In spatialeconometricsthetypical alternatve of spatialautocorrelations ex-
pressedn the form of a spatialautorrgressie process. While the bulk of the
literatureis devotedto specificationtestsand estimationmethodsfor this model,
alternatves have beensuggestedswell. In this paper we consideran alterna-
tive thattakesthe form of the spatialerror componentgormulation proposedoy
KelejianandRobinson(1995).We considera numberof specificatiortestsagainst
this alternatie, basedon both a maximumlikelihood framework aswell ason a
generalmethodof momentsestimatiorapproachWe comparehe performancef
thesetestsin a seriesof Monte Carlosimulationexperimentgor arangeof differ-
entspatiallayoutsandundera numberof differenterrordistributions.
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1 Introduction

A largenumberof diagnosticdor spatialerrordependenchave beensuggestedh the
spatialeconometriditerature. Thesecan be broadly catgyorized as testsagainstan
unspecifiedalternatie of spatialcorrelation,or testsagainstspecificspatialprocesses.
Examplesof theformerareMoran’s| (Cliff andOrd 1981)andthe Kelejian-Robinson
test(KelejianandRobinson1992). Examplesof the latter aretestshasedon the max-
imum likelihoodprinciple, suchasWald (W) tests likelihoodratio (LR) testsandLa-
grangeMultiplier (LM) tests(for areview, seeAnselinandBeral998,Anselin2001).

Most of the testsagainstspatialerror processesave beenformulatedfor spatial
autorgressve (SAR) or spatialmoving average(SMA) processesisthe alternatve.
In arecentpaper Kelejianand Robinson(1995) suggested differenttype of spatial
procesghat combinesa location-specifior local error componenwith a regional or
spillover componentn whatthey referto asa spatialerror componenprocess

Thespatialerrorcomponentsnodelseemgatrticularlyappropriatavhentherange
of spatialautocorrelations constrainedo closeneighborsandit hasbeenappliedin
studiesof local public finance,suchastherole of spatialspilloversin the productvity
of infrastructuranvestmentgKelejianandRobinsonl997).1n this paperwe focuson
thepropertiesof specificatiortestsagainstlternatvesof the spatialerrorcomponents
form. KelejianandRobinson(1993,1995)suggestwo testingstratgiesfor this case.
One consistsof an applicationof the original Kelejian-Robinsortest (Kelejian and
Robinson1992),the otherof atestfor the significanceof a coeficientin anauxiliary
regression(Kelejianand Robinson1993). In Anselin (2001), a LagrangeMultiplier
statisticis outlined. To date very little is known aboutthe propertiesof theseests,and
in particularabouttheir performancen situationstypically encounteredn empirical
practice. The objective of our paperis to shedsomelight on this issueby examining
thesizeandpower of thetestsin a numberof Monte Carlo simulationexperiments.

In the next section,we first review the modelandhighlight someof its properties
relative to otherspecificationdor spatialerror correlation. We thenoutline four test
statisticsin somedetail. Thisis followed by a descriptionof the designof the simula-
tion experiments.The resultsarediscussedext, andwe closewith someconcluding
remarksandpracticalrecommendations.

2 The Spatial Error Components Model

The spatialerror componentsnodel (SEC) incorporatesa local and a spillover ele-
mentin the variance-cwariancematrix of the errortermin a linearregressiormodel.
Formally, themodelis

y=XB+¢, 1)
with

e=WUY+¢E, (2

1Sucha processshouldnot be confusedwith the traditional notion of error componentsn paneldata
analysiswhererandomeffectsyield an errorvariancethatis decomposeéhto a location-specifiozariance,
atime-specificvarianceanda remaindewariance.
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wherey is an n by 1 vector of obsenationson the dependentariable, X is a n by

k matrix of obsenationson the explanatoryvariables,and 3 is a k by 1 vector of

regressioncoeficients. In the error specification(2), W is a spatialweightsmatrix of

dimensionn by n, Y is ann by 1 vectorof errorsthatincorporatethe spillover across
neighborsandg is ann by 1 vectorof location-specifidisturbanceerms.Eachvector
of errorsis assumedo consistof i.i.d. termsandthe two componentaretakento be

uncorrelated?

E[Y] =0, E[g]=0 3)
Ewy] =0y I, E[€E] =0t |, @)
E[Wigj] =0, Vi, j. (5)

Giventheuncorrelatednedsetweerthe spillover componentaindthe location-specific
componentn (5), thecompleteerrorvariance-ceariancematrix is obtainedas

E[eg'] = Qsec = 05, WW' + 07 |, (6)

wherecrfIJ is thevariancecomponenassociatedvith thespatialspiIIovers,ando% isthe
usualvarianceterm. The variance-cwariancematrix (6) is positive definitefor oﬁJ >0
and og > 0, sinceWW' is positive semidefinite. This avoids a singularity problem
associateavith the SAR procesgseeKelejianandRobinson1995,for details).

It is interestingo compareghevariance-cwariancestructureof aspatialerrorcom-
ponentsspecificatiorto thevariance-cwariancematrix thatresultsfrom a spatialmov-
ing averageprocesdor the errors.With

€=AWE +&, (7)
theerrorvariance-cwariancematrix follows as
Qswma = 0 [1 + AW +W) + A2WW'] . (8)
We canrewrite equation(6) as
Qsec = 0f [1 +6WW'] (9)

where 8 = oﬁ/og is the ratio of the variancesof the two error components. This
variance-cgariancematrix is nearlyidenticalto the SMA error variance(8), except
thatit lacksthetermin W +W'. Note that sinceequation(9) cannotbe obtainedby
imposingparameterconstraintson equation(8) (settingA to zerowould remove both
spatialtermsin equation8), thetwo specificationsarein factnon-nested. The nature
of theinducedrangeof thenon-zeracovariancess similarhowever, in thatbothmodels

2Note that the model considerechereis the specificationpresentedn Kelejianand Robinson(1995).
Additional forms of misspecificationmaybeintroducedaswell, in theform of heteroskdasticityin eithery
or &, or both (providedthe properidentificationconditionsaresatisfied).Also, higherorderprocessesould
be consideredWe leave thesecomplicationsfor futurework.

3They mayalsodiffer in termsof higherordermoments.
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yield zerocovarianceseyondthe secondrderneighbors® In otherwords,bothSMA
and SECcanbe considerecasmodelsfor local spatialautocorrelationasopposedo
the SAR specification which inducesglobal autocorrelationjncluding more remote
neighborsaswell througha distancedecayeffect (for technicaldetails,seeAnselin
andBera1998). Note alsothat this interpretationdiffers from the original suggestion
by KelejianandRobinson(1995),who sav the SECmodelprimarily asanalternatve
to aspatialautorgressve specificationKelejianandRobinsonl995,p. 89). Thelatter
is only valid approximatelyandfor very smallvaluesof the autor@ressive parameter
suchthat higherorderlag termsin the covariancematrix (higherthan secondorder)
canbeignored. Typically, this is not the case andthe spatialcovarianceinducedby a
SAR procesgjoesbeyondthesecondrderneighbors.

3 Test Statistics

For eachof theteststatisticghatfollow, the null hypothesiss thatof theclassicregres-
sion modelwith uncorrelatecand homosledasticerrors,E[e€'] = 6?l. More specifi-
cally, for the SECmodelin (9), thisimpliesa constrainton the parametersf theform

Ho:08=0, (10)

or
Ho : 03, = 0. (11)

We now turn to threedifferentapproachegor testingthis null hypothesisagainsta
spatialerrorcomponentslternatve.

3.1 Kelgian-Robinson Test

The original KelejianandRobinson(1992)test, hereaftereferredto askKR, doesnot
requirea completespecificatiorof the generatingprocesdor theerrorterm? Instead,
thealternatve is thatthe covariancebetweentwo neighboringerrortermsis non-zero,
or that

Covlei,gj] = Gij = )V, (12)

wherezj is al by q vectorof covariatestypically takento beafunctionof theoriginal
explanatoryvariablesati and j, with i and j as“contiguous”locationsin a general
spatialorderingof the obsenations.For example thez; couldbeconstructedrom the
crossproductof x; andx;. Theq by 1 coeficientvectory indicateshedegreeto which
thecovariatesn z canexplainthe non-zeo covariancein (12). Intuitively, theabsence

4Strictly speakingthis remarkpertainso the situationwhereW is simplefirst ordercontiguity butit has
asimilar generalizatiodor otherweightsspecifications.

5The KR testis developedfor a very generalsettingand also doesnot require normality or linearity:
However, in this paper we will limit our commentsto the context of a linear regressionmodel. A later
version,presentedn KelejianandRobinson(1998)dealswith a situationwherebothspatialautocorrelation
andadditionalheteroskdasticityare present.We do not considerthis alternatve hereandfocussolely on
thespatialautocorrelatiorandheteroskdasticityinducedby the SECmodelassuch. The heteroskdasticity
follows whenthe diagonalttermsin WW' arenot constanthichis typically the casefor irregularlattices.
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of spatialautocorrelatiorshouldnotyield asignificantrelationshipbetweerCov(;, €; ]
andz;j, or, theestimategor the coeficientsy shouldnot besignificant.More formally,
theKR testboils down to atestonthe null hypothesidHg : y=0in (12).

Thetestis implementeddy regressingh, cross-productsf ordinaryleastsquares
(OLS)residualdor neighboringocations(wherethereareh, suchuniquepairs),éij =
& - €}, on matchingcross-product®f explanatoryvariables,z; = X - xj. With v=
(Z2)~ 17'C asthe OLS estimatesn this regression(wherez andC are,respectiely, a
hn, by g matrixandhy, by 1 vector),thetestis constructeds

% Z’Zv
g4

In (13),6 is aconsistenestimatorfor 0*. Underthenull hypothesistheKR statisticis
asymptoticallydistributedasx?(q), whereq correspondso the numberof columnsin
thematrix Z.° KelejianandRobinson(1992)proposedwo asymptoticallyequivalent
estimatordor 3. In whatfollows, we will used” = & = (C —z9)'(C — Z§) /hn.

In KelejianandRobinson(1995,p. 89, fn. 16) it is outlinedunderwhatconditions
theKR testcanbeappliedto alternatvesof the SECform. In generaltheseconditions
aresatisfiedin practicefor spatialweightsbasedon contiguity, wherethe numberof
neighborsfor eachlocationis bounded. For more complex weights,they needto be
verifiedin eachindividual case.

Even thoughthe KR testdoesnot explicitly referto a spatialweightsmatrix W,
thereis anunderlyingnotionof a “spatialordering’ In KelejianandRobinson(1992),
thisorderingis takento beequivalentto thenotionof first orderneighborswhich corre-
spondgo thenon-zercelementsn the upper(or lower) triangularpartof a contiguity-
basedspatialweightsmatrix.” The rationalebehindthe selectionof thei, j pairsis
to identify thosepairsthat correspondo nonzerocovarianceq12). While it is often
assumedhatthisis thesameasthenon-zercelementof W (i.e.,theneighbors)thisis
not correct. Most spatialprocessesducenon-zerocovariancesor locationpairsbe-
yondtheimmediateneighborgsee,for example,theinducedcovariancestructurefor
a spatialmoving averageprocessn equation8). For the SECmodel,non-zerocovari-
ancesarenot presenfor thefirst orderneighborsput pertainto all non-zeroelements
in the upper(or lower) triangularpart of WW’. We thereforebelieve that considering
bothfirst and secondorderneighborsin the KR testmay yield higherpower. In the
simulationexperimentswe considentwo formsof the KR test: onebaseghe pairsi,
on the non-zeroelementdn W, KRy; the otheron the non-zeroelementsn bothwW
andWww’, KRww .8

8For atechnicalderivation andthe necessaryegularity conditions seeKelejianandRobinson(1992). A
slightly differentexpositionis givenin AnselinandBera(1998,pp.268-269).

"KelejianandRobinson(1992)amuethattheir testdoesnot requirethe specificatiorof a spatialweights
matrix. This is indeedthe casewhenthe weightsarenot simple contiguity weights. However, in the latter
situation,which is predominanin empirical practice,the informationcontainedn W andthe information
usedto constructhei, j pairsin theKR testis exactly the same.

80necouldamguethata “proper” specificatiorshouldonly considerthe non-zeroelementsn WW' and

excludethefirst orderneighbors.We keptthe latterin orderto enhanceeomparabilitywith the original KR
statistic.

KR = (13)
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3.2 GMM-Based Test

A secondtestingstratay, outlinedin Kelejianand Robinson(1993) (seealso Kele-
jian andRobinson1997,for an application),is basedon generaimethodof moments
(GMM) estimation.A GMM estimatorfor the variancecomponenparametersn (6)
canbe obtainedfrom the momentconditionfor the diagonalelementof the variance-
covariancematrix Qsgc,

E[¢f] = of + o4, WW i, (14)
or, with d; = [WW'];; asthediagonalelementsn the matrix WW/',

E[ef] = 0f + o dh. (15)

With & asthe residualbasedon a consisteniestimatorfor the regressionparameters
(suchasthe OLS residuals)p = (0%, 0§)', andwith an by 2 matrix of auxiliary vari-

ablesQ = (1, d;), aconsistenestimatorfor the variancecomponents$ollows as
0=(QQ'Q#. (16)

A testagainstspatialerrorcomponentsfurtherreferredto asKRgmwm, is basedon
a t-statisticfor the null hypothesidHg : crflJ = 0. In practicethis is obtainedfrom the

estimateﬁﬁJ andits estimatedtandararrorin theOLSregressior(16) ° Dueto thefact
thattheparametespacas constraineci;uchthatcrﬁJ > 0, thet-testmustbeone-sidedIn
certainempiricalsituationsijt is possiblethatnegative estimatesareobtainedor 6%.10

By usinga one-sidedest, suchvaluesareignored,or, more precisely interpretedas
evidencein favor of thenull hypothesig!

3.3 LagrangeMultiplier Test

Both the original KR statisticandthe GMM basedestare asymptoticanddo not re-
quiredistributionalassumptionswhensuchassumptiongrereasonabléfor example,
an assumptiorof normality), a maximumlik elihood framewnork may be usedas the
basisfor inference. A testfor spatialerror componentsanthenbe formulatedasa
specialcaseof testingconstraintson the parametersn regressionmodelswith non-
sphericakrrorterms.With thevariance-ceariancematrix Qsgc = og [I + 6WW'], the
null hypothesigs of theform Hp : 6 = 0.

Unlike the standardnaximumlik elihood case this null hypothesigeflectsa true
parameteralue on the boundaryof the parametespace sincef = oﬁ/og > 0. This
doesnot satisfythe basicregularity conditionsfor ML inferenceandthusprecludeghe

9SeeKelejianandRobinson(1993,1997)for technicaldetailsandderiations.
10For example, Table2, p. 122in KelejianandRobinson(1997)reportsa negative andsignificantcrﬁJ for
their “basic” model.
11An intuitive way to interpretnegative variancecomponengestimatess to considertheseto be a conse-
guenceof “uncooperatie” data,andhenceasnot providing supportfor a modelwith spatialerror compo-
nents.
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applicationof Wald or Lik elihoodRatiotestswithoutfurthercorrections? A Lagrange
Multiplier or Rao Scoretesthowever doesnot suffer from this problem. Sucha test
statisticcanbe basedon the generalprinciplesfor testingin spatialmodelsoutlinedin
Anselin(1988),andis derivedin Anselin(2001). Thetestonly requiresheresidualof
anOLSregressionWith 62 = €e/n astheestimateof errorvariancebasecntheOLS
residualse, T; = trWW’ (andtr asthe matrix traceoperator)andT, = trWW'WW/, the
statisticis obtainedas

i 2 2
LMSH;:[GIV?;VG—H] /Zsz—%]. (17)

Underthenull hypothesisthis statisticis asymptoticallydistributedasy?(1).

4 Design of Monte Carlo Experiments

The performanceof the four statisticsoutlinedin sections3.1to 3.3 (LM sgc, KRy,
KRww, andKRgmwm) is evaluatedn a seriesof Monte Carloexperimentsor anumber
of differentspatiallayouts,aswell asfor differentunderlyingerrordistributions. They
arealsocomparedo the performanceof the moretraditionalMoran’s | (1) andLM-
Error (LM grR) statistics.The simulationdesignfollows the samegeneraformatasin
earlierwork suchasAnselinandRey (1991)andAnselinandFlorax (1995).

In total, twelve differentspatiallayoutsareconsideredevenly divided amongreg-
ular and irregular lattice structurest® The six regular lattice structuresare 7 by 7
(n=49),9by9(n=81),11by 11 (n=121),16 by 16 (n = 256),20 by 20 (n = 400)
and32 by 32 (n = 1024). For all these therook criterion of contiguityis usedto con-
structthespatialweights.Theirregularlayoutsmatchascloselyaspossiblehenumber
of obsenationsfor the regularlattices,althoughtheir internalconnectednesstructure
will differ. They areobtainedby takingspatialgroupingsof WesternU.S. countiesfor
dimensions = 46,80, 124, 264,413and1013

A summaryof the connectednessharacteristicef the spatialweightsis givenin
Tablel in termsof the averagenumberof neighborsfor eachlocationandthe percent
non-zeroelementsor sparsenessThe regular latticesare always sparser(and with
fewer neighbors)thantheir irregular counterpartdor similar samplesize. Sincethe
rook contiguity criterionis usedto defineneighborspnewould expectthe averagefor

125eeAnselin (2001) for a more elaboratetreatment. Also, note that the regularity conditionsfor the
“spatial” modelarenot the sameasthe classicML regularity conditions.Additional constraintsneedto be
imposedto limit the degreeof dependencand heterogeneityf the underlyingprocessandusemustbe
madeof triangulararraysto establishconsisteng andasymptoticnormality A technicaltreatmenif these
issuesaswell asthe fundamentatheoremsaindlemmascanbefoundin KelejianandPrucha(1998,1999).

137 limited studyof the performancef theLM ¢ statisticwascarriedoutin Anselin(2001)for five regular
lattice structureswith n = 25,39,81,121 and400. The earlier studywas limited to normally distributed
errorsonly, anddid notconsiderthe otherteststatistics.To retaincompatibility with theresultsfor the other
tests,all simulationswererecomputedor the currentpaper

14The spatial groupingsare madeup of the countiesin Utah and Nevadafor n = 46; Montanaand
Wyomingfor n = 80; MontanaWyomingandldahofor n = 124(S124);S124plusColorado Arizona,New
Mexico andUtahfor n = 264 (S264);S264plus Nevada,California, Oregon and Washingtorfor n = 413
(S413);andS413plus North Dakota, SouthDakota, NebraskaKansasOklahomaand Texasfor n= 1013.
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theregularlatticesto be closeto 4. As the samplesizegrows, this is indeedthe case,
thelower valuesin the smallerdatasetsreflectingthe influenceof the boundarycells.
The degreeof sparsenessngesfrom 11.11%for the irregularn = 46 to 0.38%for

theregular 32 by 32 lattice. It is importantto keepin mind thatin the assessmeruf

the propertiesof the teststatistics,samplesizeis not the sole determiningfactor, but

othercharacteristicef the“layout” of the obsenationsplay arole aswell. Of thefour

tests,KRgmm may be mostsusceptibleo this, sinceit relieson the variationin the
diagonalelementsof WW, which is muchhigherin theirregularthanin the regular
lattices. Wereit notfor boundarylocations,the regularlattice structurewould violate
one of the basicassumptionsinderlyingKRgmm, namelythat the WW! shouldnot
be constant.For constantdiagonalelementge.g.,aswould be the casefor a weights
matrix basedon k-nearesheighbors)the auxiliary regressiorn(16) breaksdown.

As in AnselinandFlorax(1995),theregressiorpartof the modelis a + Bxj,where
o andp aresetto 1, andthex; areU|[0,10]. In orderto minimizethe randomvariation
associateavith the simulationsthex; arekeptfixedin all replications.We alsoexper
imentedwith valuesfor X thatincorporatedspatialautocorrelationbut no qualitative
differencein theresultswasfound.

Following thedesignin KelejianandPrucha(1999),threedifferenterrorstructures
are considered:a standarchormal, a log-normaland a mixture of two normals. The
two variatesthat make up the mixture area standarchormalandani.i.d. normalwith
variancel00. As in KelejianandPrucha(1999),thelog-normalandmixture errorsare
transformedo obtainan overall varianceunderthe null hypothesiqof 8 = 0) thatis
thesameasfor the standarchormal. For thelognormal,the errorvariateis obtainedas

& = [exp(vi) — exp(0.5)] / [exp(2) — exp(1)]*°, (18)
wherev; is standarchormal. The mixed errorsareconstructedis
& = [Kivi+ (1—Ki)¢]/(5.95) 0‘5, (29)

with v; asin (18) andthe ¢; areindependenthormal with meanzero and variance
100. This structureinduces‘outliers” beyond what can be expectedin a single nor-
mal distribution. The randomvariatek; is ani.i.d. Bernouilly randomvariablewith
Problk; = 1] =0.95.

Underthealternatve hypothesisthe spatialerrorcomponentyariance-cwariance
structureis obtainedby applying a Choleskidecompositionto the matrix Qsgc =
og[l + 6WW'] and transformingthe original uncorrelatedvariates. Threedifferent
valuesfor the parameteB areconsidered® = 1,4 and8. As shown in Kelejianand
Robinson(1995),theparamete® indicategherelatveimportanceof thespillovervari-
ancecomponento the location-specificomponent.Clearly, the larger this variance,
themoreimportantthespatialerrorcomponentsln orderto facilitatetheinterpretation

of theresultswe setog = 1, suchthatin effect® = o§,.'> In Anselin(2001),resultsare

15Underthe null hypothesisthe“fit” of the modelis thereforeroughly the samebetweerthe threeerror
distributions. The actualfit will vary slightly due to the extra heterogeneityin the mixture distribution.
Underthe alternatves, an additionalsourceof error is addedto o?, thusdecreasinghe fit relative to the
modelunderthe null. However, sincewe are primarily interestedn the relative performanceof the tests,
thiswill notaffectouroverall conclusions.
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alsoreportedfor LM sgc usingvaluesfor 6 < 1. Theseresultsarequalitatively similar
towhatis foundin thecurrentpaperhenceto keepthescopeof thestudywithin reason,
suchvalueswerenot considerechere.Moreover, smallvaluesof 6 arenot very mean-
ingful in practice sincethey induceminimal spatialcovariance For example,atypical
casecanbeillustratedusingthe contiguity structurefor the third andfourth obsenra-
tion from the often usedColumtus datasetin Anselin (1988)1¢ The corresponding
value of WW;, is 0.125(the two locationshave neighbors2 and5 in common,each
with weight0.25). With og =1andf = 0.01 (thesmallestvalueconsideredn Anselin
2001),this yields a spatialcovariancebetweerlocations3 and4 of 0.00125whichis
unlikely to affect OLS inferenceto ary greatextent.

5 Empirical Results
5.1 Sizeof the Tests

We first considerthe empiricalrejectionfrequenciesinderthe null hypothesisi.e., in
the absencef spatialautocorrelation.Tables2 to 4 provide aninitial assessmerior
anominalsizeof a = 0.057 Therejectionfrequenciesorrespondo the numberof
timesthe null hypothesiss rejected,usingthe 5% critical value of the asymptoticx%
distribution. Theseresultsarebasedon 10,000replicationswhich yieldstwo standard
deviationintervalsaroundthe nominalrejectionlevelsof 0.0466—0.0534.

For normal error terms, the idealizedcondition reflectedin Table 2, all testsex-
ceptKRgmm perform “properly” in the largestsamplesizes,achieving the correct
size (allowing for the randomnessf the experiment)for the regular latticeswith n =
400 and 1024, andfor the largestirregular lattice, with n = 1023. KRgmwm IS never
within the acceptableange,andoverrejectsthe null for all spatiallayouts. However,
for theirregularlattices(with greatervariancefor thed;), the degreeof over-rejection
seemdo decreasasthesamplesizegrows (or thedegreeof sparsenesacreases)This
may indicatethatthe examplesconsideredrenot sufficiently largefor theasymptotic
propertienf the KRgmm testto bereflected.

For the smallerdatasets,the resultsare lessencouragingand highlight the dif-
ferencedetweerregularandirregularlattices. For example, KRy overrejectsin the
regularlatticesfor n < 400, but is within theacceptableangefor all irregularsamples.
In contrast,KRww underrejectsin all but the threemostsparsesettings. A similar
patternis foundfor LM sgc. Thetwo traditionaltestsshaw lik e resultsasfoundin the
earlierstudiesby AnselinandRey (1991)and AnselinandFlorax (1995). Moran’s |
is within the acceptableangefor all but one case(regularn = 121), and LM ggRr is
within therangefor all regularlattices,but underrejectsin all but thelargestirregular
situations.

A lognormalerrordistribution (Table3) affectsthesepropertiessignificantly Only

18The data used are not the onesreportedin the book, but the ones available from http://www-
spacestat.comThereare slight differencesin the orderingof the obserationsbetweenthe two that may
causeconfusion.

17A completeset of resultsis available from the authors. To consere space,only selectedtablesare
includedhere.
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in a few instancegdo the rejectionlevels fall within the properrange,but without a
clearpatternt® Eventhe threeteststhatdo not rely on normality (KRw, KRww and
KRgmm) do not have the propersizefor the samplesizesconsidered Both KRy and
KRww tendto over-rejectandKRgum shaws rathererraticresults,not suggestingry
type of corvergencewith growing samplesizes. Again, in accordancewith earlier
findings,bothMoran’s| andLM grg seriouslyundetrejectin this case.

A mixture error distribution (Table 4) similarly affectsthe size of the four tests
againstspatialerror components.The Moran's | andLMggg arelessinfluenced,re-
jecting within the acceptableangefor the larger datasets,especiallyfor the regu-
lar lattices. LM sgc is clearly unreliableunderthe null in this case,yielding a high
degreeof overrejection, particularly for the irregular lattices,and even in the large
samples Suprisingly thethree“robust” testsaresimilarly affected,with considerable
overrejectionby KRgmm, but someweakevidenceof a convergencetowards0.05for
thetwo KR tests.

A morecompletepictureof the extentto which theteststatisticsfollow theasymp-
totic distribution underthe null in the simulatedsampless provided by the recently
introducedP value plots and P valuediscrepancyplots of DavidsonandMacKinnon
(1998).Figurel shavstheempiricaldistribution functionof the p-valuesfor theall six
testsplottedagainstheirnominalsizes for thesmallessamplesize(n = 46) andunder
normality. In orderto focusattentionon the Type | errorstypically usedin practice,
we limited the x-axisto p < 0.12.° Onewould wantthis plot to follow a 45 degree
line, sincethe p-valuesaredistributeduniformly betweerD and1. Discrepanciesrom
the 45 deggreeline suggestan empirical distribution that differs from the theoretical
(asymptoticpneusedto establishthecritical values.Figurel illustratestheworstcase
for the normalerrordistribution, with the smallestsampleanddensesspatialweights.
Clearly Moran’s| is considerablyabore the 45 degreeline andKRyyy is considerably
below. Neitherof theseteststatisticsseemsgo follow the “theoretical” null distribu-
tionwell. Thisis notsurprisingfor Moran’s|, sincepreviouswork hasshavn thatthis
statisticrequireamediumto large sampleseforeit startsto approximatets asymptotic
properties. The other statisticsin Figure1 aremoreor lessparallelto the 45 degree
line, althoughboth KRgmm and LM s crossthis line (going from over-rejectionto
underrejection,andvice versa)Z°

We take a closerlook at the differenceshetweenthe theoreticaldistribution of p-
valuesandits empiricalcounterparfor the four SECteststatisticsin the P valuedis-
crepang plotsin Figures2to 5. ThePvaluediscrepang plotshighlightthedifferences
betweerthe empiricaldistribution function andthe 45 degreeline in the P valueplot
andareparticularlyusefulto compareteststatisticsthat performsimilarly. The com-
parisonis overtherangeof relevantcritical values ratherthanfor a singlevalue,asin
Tables2 to 4, althoughour primaryinterestcenterson the behaior nearthe origin (for
small p-values).We thereforetruncatedhe graphsat p = 0.12.

Figures2 and3 comparethe teststatisticsfor the two largestsamplesizes(irreg-
ular andregular) undernormality. For all statistics the discrepang is smallerfor the

18For example,LM sgc is acceptablén the regularlatticesfor n = 81,121 and1024,but only for n = 46
in theirregularlattice, wheretherejectionfrequenyg increasesvith samplesize.

19Graphswith thefull rangeof p-valuesfor the x-axisareavailablefrom theauthors

20| M s crossesheline for valuesof p outsidetherangereportechere.
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regular lattice thanfor the irregular one, againillustrating the importanceof spatial
characteristicef the databeyond simplesamplesize. The KRgmm testdoesnot show
ary indicationof a parallelpattern althoughslightly lesssofor n = 1024.For LM sgc,
the situationis slightly better althoughfor theirregularcasethereis still considerable
discrepang. Thetwo KR testsaremoreor lessparallelto the horizontalline for this
samplesize.Whentheerrortermis notnormal,theresultsaremuchlessattractve. As
illustratedin Figure4 for thelognormaldistributionin anirregularlatticewith n= 413,
bothLM sz andKRgum shav considerablaliscrepanciesyith the latteryielding an
erraticpattern.For the correspondingegularlattice (not showvn here),the erratic pat-
tern for KRgmm remains,but LM sgc hasbecomemore or lessparallel. While the
KR testsalsoshav somediscrepang from the asymptoticdistribution, this is much
lessthe casethanfor the other statistics. Finally, in Figure5, we illustrate how the
strangepatternfor KRgvm persistan the mixed normalcaseaswell, while the other
statisticsaremoreor lessparallelto the horizontalline, with relatively minor discrep-
ancies.Overall, thefigureswould suggesthatthe statedasymptotiadistribution under
thenull is notachievedin the absencef normality, or for the samplesizesconsidered
here. While this is somevhatdisturbing,it is muchlessof a problemfor the smallest
p-values,which are of interestin appliedwork. Here,somesize adjustmenimay be
necessaryo reflectthe correctTypel error.

5.2 Power of the Tests

The power of the six teststatisticis comparedor anominalsizeof 0.05andfor three
valuesof thevarianceratio 8, asillustratedin Tables5 to 7.21 A numberof interesting
patternscan be distinguished. First, and somevhat surprisingly the LM s statistic
dominatesall othersandachievzeshigh power evenin moderatelysizedsamplesespe-
cially in theregularlattices.For example,it is theonly statisticthatrejectsin morethan
80% of the casedor all valuesof 8 whenn > 40022 The closestcompetitoris KRy,

which alsoachieves90%rejectionlevelsin moderatelysizedsamplesfor alternatves
with 8 > 4. The surprisingelementis that this performances virtually unafected
by the error distribution and LM sgc retainsits high power evenin thelognormaland
mixednormalcases.

A secondinding is theweakpower of the KRgmm approachlt consistentlyrates
lowestand never rejectsmuch morethan 25% of the casedor lognormaland mixed
errors,evenwhen® = 8. In the normalcase performancas slightly moreacceptable,
but only for large 8 andin the two largestirregular datasets. It is possiblethat much
largersamplesizesmayberequiredbeforetheasymptotigpropertief thistestareob-
tained,(especiallyin the non-normakase) but theevidencein the samplesonsidered
herewould suggesthatthis statisticis not appropriatdor smallto medium-sizediata

21The rejectionfrequenciesare basedon 1,000replications. For somecaseswe experimentedwith in-
creasinghenumberof replicationgo 10,000.However, thisincreasegbrecisiondid notaffectthequalitative
resultsandrelative rankingof theteststatistics.In orderto consere computingtime, we performedhe sim-
ulationsfor 1,000replications.

22For comparisorpurposesit maybeusefulto repeatheresultsgivenin Anselin(2001)for n = 4000and
valuesof 6 lessthan1. With the valuesof 8 in parenthesegherejectionfrequenciesvere: 0.0477(0.01),
0.0739(0.05),0.0982(0.10),0.2372(0.25),0.5188(0.50),and0.7587(0.75).
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sets.

A third characteristids the superiorityof the KRy over the KRy form of the
statistic,acrossthe board. This contrastsvith what we found underthe null, where
KRww tendedto underreject, suggestingpossiblythe needfor an adjustmento its
nominalsize. It indicatesthat, at leastin termsof power, thereis a positive payof
whenthe“proper” rangeof interactionfor the alternatveis takeninto account.

Finally, the “classical” Moran's | andLM grR statisticsshov somepower against
the spatialerrorcomponentslternatie, althoughthis is ratherweakandonly appears
for the very largeirregular latticesandwith 8 > 4. Their performances very similar
andslightly dominateghat of KRyy.

We closewith a brief investigationof the complex interrelationshipbetweentest
power, the characteristicef the spatiallayoutandthe propertiesof the errorterm by
meansof a simpleresponsesurfaceregression. In Table 8 we shawv the resultsof a
regressiorof the rejectionfrequencien the size of the sample(n), the percentnon-
zeroelementg DENSE) to capturethe effect of sparsenesaf the layout, the value of
0, indicatorvariablesor thelognormalerrordistribution (L 0G) andfor the mixednor-
mal error distribution (M1x), aswell asan indicatorfor irregular lattices(IRREG).23
Theresultsareremarkablyconsistentcrosghesix teststatistics.As suggestedy the
interpretationof the Tables6 and7, thereis no significanteffect of the error distribu-
tion.?* In termsof the relative valuesof the coeficients, it is interestingto notethat
the largestchangesn rejectionwith 6 are obtainedfor LM s, followed by KRy,
but clearlydominatingthe others.Similarly, therelative effect of sparsenesis greater
for the LM sgc thanfor KRww, with a considerablenamgin. This suggestghat the
densethespatialweightsmatrix (higher% non-zercelements)theloweris the power
of the tests,exceptfor KRgmm, Wherethis variableis not significant. Therolesare
reversedn termsof the effect of samplesize,wherethe largestcoeficientis obtained
by KRww. Therole of lattice structureis interestingaswell. All but LM sg- obtaina
stronglysignificantpositive coeficient, pointing to higherpower in irregular lattices,
but for the latter the effect is only mamginally significant. Overall, the resultsof the
surfaceresponseegressionconfirm the superiorityof the LM sgc and KRy statis-
ticsin termsof theway in which the associatedejectionfrequenciechangewith the
characteristicsf interest.

6 Conclusion

In this paper we reviewed and comparedsix teststatisticsagainstalternatves of the
spatialerrorcomponent$orm. This representshe first extensive studyof this partic-
ular spatialprocesanodel. Overall, we foundthatthe new LM s statisticperformed
remarkablywell, especiallyin termsof power andevenin situationsnot coveredby its
normalityassumptionSimilarly, the KRy variantof the Kelejian-Robinsorstatistic,
which was suggestedn this paperto accountfor secondorderneighbors performed

23The resultsare for an OLS regressionwith heteroskdastic-robst standarderrors. The rejectionfre-
guenciesveresubjectto alogistic transformatiorto ensurethatpredictedvalueswerein the properrange.
24Confirmingour earlierinterpretatiorof thetables thereis only suchaneffect for KRgym.
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well. Boththesestatisticssuggesthemselesasusefuldiagnosticfor empiricalprac-
tice. A lesssatishctory finding was that the easyto implementKRgmm procedure
performedvery poorly in the samplesonsiderechere,andmay indeedrequire“very
large” sampledeforeit canbeusedreliably. TheMoran’sl andLM ggrR statisticswvere
shown to have somelimited power againsspatialerrorcomponentlternatves,but not
sufficiently to warranttheir useinsteadof the morespecializedliagnostics.

A few cautionaryremarksarein orderaswell, hawever. Theresultsunderthe null
hypothesisllustratehow the asymptoticcritical valuesmay be a poorguidein empir
ical practicewhenno spatialerror componentgproblemis present.In particularthe
KRgmm testlikely requiresvery large sampleqlargerthanthe onesconsiderechere)
beforeit approachedts theoreticalsize, while the LM sgc performsvery poorly for
lognormalerrors(andto alessemegreefor mixednormalerrors).Of the six teststatis-
tics consideredthe traditional Moran’s | and LM grg remainthe mostreliablewhen
it comesto rejectingthe null hypothesisvhenit shouldnot be rejected.Interestingly
thetwo original KR testsdo notshav substantiallygreaterobustnesso non-normality
thanthe otherstatistics.

Finally, the degreeof generalityof theresultsreportedchereis of courselimited by
thedesigngakeninto accountn thesimulations While otherparametecombinations
andmorecomple errorstructurecouldbeconsideredtheselectiorusednevertheless
providesa usefulinsightinto thetradeofs involvedin the applicationof thesediagnos-
tics andinto their relative power. In particular it clearlyrevealsthatteststatisticswith
attractve theoreticalbut asymptoticpropertiesdo not necessarilyperformacceptably
in realisticsamples.Theoryaloneis insufiicient to guide usin this respecandmuch
remaingto be doneto acquirefurtherexperimentalandempiricalevidence.
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Tablel: ConnectednesSharacteristicef SpatialWeights

15

RegularLattices IrregularLattices

n Avg. Links? Sparsene$s n Avg. Links? Sparsene$s
49 3.43 7.14 46 5.00 11.11

81 3.56 4.44 80 5.08 6.42
121 3.64 3.03 124 5.29 4.30
256 3.75 1.47 264 5.53 2.10
400 3.80 0.95 413 5.56 1.35
1024 3.88 0.38 1023 5.52 0.54

@ Averagenumberof neighborsor eachlocation.

b percennon-zerdinks.

Table2: Empirical RejectionFrequenciesinderHp, NormaP

n LM g KRw KRww KRgmMm | LMgRrRr
49 0.0366 0.0685 0.0390 0.0613 0.0504 0.0494
81 0.0425 0.0595 0.0407 0.0662 0.0521 0.0508
121 0.0413 0.0578 0.0391 0.0614 0.0540 0.0515
256 0.0444 0.0536 0.0445 0.0646 0.0523 0.0508
400 0.0499 0.0504 0.0489 0.0604 0.0484 0.0472

1024 0.0484 0.0509 0.0479 0.0613 0.0492 0.0492
46 0.0247 0.0482 0.0254 0.0701 0.0498 0.0382
80 0.0317 0.0484 0.0339 0.0622 0.0485 0.0460
124 0.0367 0.0469 0.0341 0.0607 0.0484 0.0438
264 0.0466 0.0476 0.0399 0.0619 0.0511 0.0488
413 0.0452 0.0465 0.0446 0.0602 0.0470 0.0460

1023 0.0480 0.0496 0.0506 0.0553 0.0487 0.0486

2 a = 0.05; 10,000replications
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Table3: Empirical RejectionFrequenciesinderHg, Lognormaft

n LMsee KRw KRww KRgmMm | LMEeRrR
49 0.0441 0.0892 0.0784 0.0788 0.0348 0.0287
81 0.0472 0.0823 0.0763 0.0659 0.0363 0.0313
121 0.0502 0.0834 0.0721 0.0570 0.0365 0.0336
256 0.0592 0.0767 0.0686 0.0606 0.0402 0.0373
400 0.0610 0.0704 0.0625 0.0660 0.0399 0.0383

1024 0.0472 0.0847 0.0517 0.0812 0.0439 0.0425

46 0.0477 0.0727 0.0620 0.0900 0.0321 0.0238
80 0.0718 0.0817 0.0642 0.0700 0.0350 0.0278
124 0.0923 0.0744 0.0612 0.0600 0.0349 0.0281
264 0.1361 0.0734 0.0707 0.0674 0.0429 0.0430
413 0.1852 0.0689 0.0632 0.0550 0.0402 0.0381

1023 0.1561 0.0731 0.0572 0.0454 0.0412 0.0414

2 a = 0.05; 10,000replications

Table4: Empirical RejectionFrequenciesinderHg, Mixture?

n LMgge KRw KRww KRgmMm | LMgRrRr
49 0.0538 0.0737 0.0649 0.0826 0.0275 0.0264
81 0.0626 0.0628 0.0625 0.0631 0.0340 0.0327
121 0.0711 0.0579 0.0602 0.0569 0.0389 0.0376
256 0.0769 0.0575 0.0595 0.0652 0.0484 0.0476
400 0.0761 0.0512 0.0518 0.0636 0.0498 0.0486
1024 0.0721 0.0541 0.0524 0.0701 0.0514 0.0507
46 0.0614 0.0694 0.0604 0.0906 0.0273 0.0228
80 0.0989 0.0614 0.0574 0.0684 0.0314 0.0284
124 0.1308 0.0601 0.0534 0.0636 0.0351 0.0336
264 0.1615 0.0554 0.0571 0.0641 0.0434 0.0423
413 0.2210 0.0516 0.0526 0.0600 0.0443 0.0445
1023 0.1873 0.0394 0.0432 0.0685 0.0494 0.0499

2 a = 0.05; 10,000replications
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Table5: Empirical RejectionFrequenciesinderH;, Normal Errors?

n 0 LMsec KRw KRww KReMmm | LMERR

49 1 0.172 0.134 0.093 0.107 0.110 0.107

4 0.599 0.236 0.256 0.171 0.225 0.210

8 0.828 0.298 0.407 0.241 0.261 0.262

81 1 0.265 0.123 0.135 0.108 0.127 0.119

4 0.825 0.233 0.421 0.203 0.245 0.240

8 0.967 0.291 0.607 0.242 0.293 0.289

121 1 0.373 0.119 0.168 0.108 0.125 0.129

4 0.963 0.255 0.632 0.243 0.222 0.231

8 0.995 0.312 0.817 0.280 0.303 0.301

256 1 0.663 0.136 0.324 0.108 0.127 0.127

4 1.000 0.238 0.934 0.280 0.244 0.238

8 1.000 0.329 0.991 0.364 0.318 0.318

400 1 0.822 0.108 0.504 0.135 0.105 0.107

4 1.000 0.267 0.990 0.305 0.254 0.250

8 1.000 0.329 0.997 0.414 0.312 0.306

1024 1 0.996 0.121 0.877 0.158 0.148 0.145

4 1.000 0.265 1.000 0.425 0.256 0.252

8 1.000 0.320 1.000 0.518 0.325 0.327

46 1 0.141 0.095 0.076 0.131 0.116 0.090

4 0.448 0.249 0.287 0.278 0.287 0.240

8 0.608 0.353 0.433 0.367 0.421 0.360

80 1 0.195 0.114 0.119 0.140 0.142 0.104

4 0.664 0.377 0.483 0.322 0.429 0.377

8 0.878 0.531 0.701 0.488 0.603 0.546

124 1 0.280 0.174 0.177 0.141 0.200 0.162

4 0.849 0.482 0.656 0.352 0.604 0.549

8 0.972 0.699 0.856 0.506 0.775 0.734

264 1 0.526 0.223 0.337 0.190 0.307 0.268

4 0.992 0.765 0.922 0.519 0.842 0.826

8 1.000 0.925 0.993 0.742 0.950 0.946

413 1 0.762 0.290 0.486 0.373 0.381 0.354

4 1.000 0.884 0.993 0.790 0.914 0.905

8 1.000 0.988 1.000 0.906 0.990 0.987

1023 1 0.976 0.523 0.842 0.335 0.657 0.644

4 1.000 0.998 1.000 0.848 0.999 0.999

8 1.000 1.000 1.000 0.956 1.000 1.000

2 a = 0.05; 1,000replications
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Table6: Empirical RejectionFrequenciesinderH;, LognormalErrors?

n 0 LMsec KRw KRww KReMmm | LMERR

49 1 0.164 0.138 0.086 0.077 0.075 0.076

4 0.563 0.248 0.243 0.104 0.189 0.190

8 0.799 0.333 0.362 0.160 0.230 0.224

81 1 0.248 0.157 0.092 0.078 0.090 0.085

4 0.821 0.257 0.356 0.092 0.203 0.202

8 0.968 0.318 0.569 0.129 0.280 0.282

121 1 0.324 0.143 0.162 0.063 0.090 0.094

4 0.969 0.277 0.575 0.094 0.211 0.210

8 0.998 0.329 0.782 0.112 0.249 0.256

256 1 0.620 0.159 0.297 0.069 0.103 0.114

4 0.999 0.266 0.905 0.114 0.214 0.212

8 1.000 0.361 0.976 0.142 0.294 0.294

400 1 0.835 0.135 0.465 0.075 0.107 0.112

4 1.000 0.268 0.980 0.132 0.214 0.211

8 1.000 0.341 0.998 0.173 0.292 0.291

1024 1 0.998 0.152 0.909 0.095 0.117 0.114

4 1.000 0.260 1.000 0.161 0.228 0.230

8 1.000 0.350 1.000 0.172 0.307 0.306

46 1 0.129 0.105 0.098 0.104 0.084 0.061

4 0.418 0.262 0.296 0.156 0.268 0.218

8 0.553 0.364 0.414 0.203 0.416 0.357

80 1 0.196 0.135 0.137 0.079 0.130 0.092

4 0.621 0.352 0.496 0.136 0.403 0.345

8 0.806 0.506 0.666 0.189 0.542 0.483

124 1 0.285 0.142 0.170 0.078 0.174 0.138

4 0.796 0.498 0.670 0.131 0.570 0.520

8 0.914 0.663 0.841 0.188 0.718 0.667

264 1 0.497 0.196 0.365 0.091 0.282 0.258

4 0.950 0.767 0.918 0.140 0.812 0.786

8 0.994 0.897 0.979 0.218 0.935 0.924

413 1 0.615 0.268 0.543 0.088 0.362 0.331

4 0.988 0.895 0.993 0.192 0.910 0.905

8 1.000 0.973 0.996 0.270 0.973 0.971

1023 1 0.915 0.554 0.902 0.091 0.627 0.604

4 1.000 0.998 1.000 0.197 0.999 0.997

8 1.000 1.000 1.000 0.275 1.000 1.000

2 a = 0.05; 1,000replications
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Table7: Empirical RejectionFrequenciesinderH;, Mixed Normal Errors?

n 0 LMsec KRw KRww KReMmm | LMERR
49 1 0.152 0.134 0.109 0.074 0.087 0.077
4 0.575 0.248 0.245 0.131 0.137 0.143

8 0.798 0.298 0.321 0.169 0.197 0.192

81 1 0.269 0.115 0.157 0.070 0.077 0.076
4 0.814 0.235 0.418 0.082 0.156 0.157

8 0.956 0.277 0.525 0.099 0.199 0.202

121 1 0.352 0.139 0.209 0.064 0.078 0.078
4 0.934 0.250 0.566 0.088 0.176 0.175

8 0.988 0.313 0.748 0.098 0.225 0.223

256 1 0.625 0.125 0.396 0.067 0.102 0.098
4 0.994 0.262 0.858 0.117 0.191 0.194

8 1.000 0.331 0.952 0.106 0.231 0.235

400 1 0.817 0.113 0.542 0.086 0.105 0.102
4 0.999 0.269 0.954 0.112 0.229 0.224

8 1.000 0.360 0.985 0.142 0.282 0.273
1024 1 0.995 0.134 0.867 0.083 0.105 0.104
4 1.000 0.259 1.000 0.137 0.218 0.220

8 1.000 0.350 1.000 0.173 0.295 0.294

46 1 0.147 0.136 0.126 0.109 0.086 0.057
4 0.391 0.295 0.330 0.165 0.283 0.218

8 0.551 0.393 0.453 0.181 0.397 0.345

80 1 0.229 0.144 0.193 0.097 0.132 0.090
4 0.580 0.391 0.507 0.108 0.404 0.353

8 0.744 0.515 0.640 0.163 0.543 0.487

124 1 0.298 0.187 0.254 0.081 0.177 0.144
4 0.759 0.559 0.689 0.128 0.592 0.542

8 0.896 0.676 0.802 0.156 0.715 0.682

264 1 0.479 0.265 0.410 0.092 0.266 0.234
4 0.940 0.765 0.889 0.128 0.817 0.800

8 0.988 0.905 0.966 0.160 0.932 0.927

413 1 0.598 0.383 0.571 0.105 0.365 0.338
4 0.986 0.878 0.970 0.151 0.899 0.888

8 1.000 0.946 0.998 0.211 0.960 0.956
1023 1 0.890 0.574 0.838 0.099 0.668 0.645
4 1.000 0.979 1.000 0.177 0.994 0.994

8 1.000 0.998 1.000 0.253 1.000 1.000

2 a = 0.05; 1,000replications
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Table8: Respons&urfaceRegressions

20

VARIABLE? | LMsge KRw KRww KRaMM I LMEgrr
CONSTANT | 1.329 -2.650 -1.502 -1.812 -2.794 -2.768
(0.506) (0.047) (0.324) (0.164) (0.437) (0.442)

0.009 0.000 0.000 0.000 0.000 0.000

n 0.00337  0.00165 0.00498  0.00069 | 0.00184  0.00182
(0.00054) (0.00072) (0.00060) (0.00025)| (0.00074) (0.00074)

0.000 0.022 0.000 0.005 0.013 0.014

DENSE -0.452 -0.165 -0.284 -0.022 -0.190 -0.206
(0.063) (0.039) (0.048) (0.021) (0.039) (0.039)

0.000 0.000 0.000 0.310 0.000 0.000

9 0.628 0.319 0.529 0.159 0.330 0.335
(0.041) (0.043) (0.038) (0.018) (0.042) (0.043)

0.000 0.000 0.000 0.000 0.000 0.000

LoG -0.355 0.029 -0.155 -1.269 -0.192 -0.207
(0.329)  (0.3113)  (0.277) (0.137) (0.301) (0.302)

0.281 0.926 0.576 0.000 0.524 0.493

Mix -0.581 -0.079 -0.247 -1.349 -0.312 -0.313
(0.315) (0.274) (0.275) (0.141) (0.287) (0.294)

0.065 0.772 0.368 0.000 0.276 0.287

IRREG -0.516 2.171 0.631 0.639 2.724 2.557
(0.253) (0.251) (0.237) (0.109) (0.254) (0.257)

0.041 0.000 0.008 0.000 0.000 0.000

R2 0.844 0.667 0.867 0.755 0.722 0.712

2 a = 0.05; 1,000replicationsOLS regressiorwith heteroskdasticity-robusstandarcerrors.

b Estimatedstandarcerrorsin parenthesegrobability of null coeficient.
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Figurel: P ValuePlot, Normal,n = 46
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Testsfor SpatialError Components

Figure2: P ValueDiscrepang Plot, Normal,n = 1023
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Testsfor SpatialError Components

Figure3: P ValueDiscrepang Plot, Normal,n = 1024

Size discrepancy

-0.012 —0.004 0.004 0.012 0.020

—0.020

0.00

0.04

0.06

Nominal size

0.08 Q.10 0.12

23



Testsfor SpatialError Components

Figure4: P ValueDiscrepang Plot, Lognormal,n = 413
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Testsfor SpatialError Components

Figure5: P ValueDiscrepang Plot, MixedNormal,n = 81
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