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Abstract

The numberof tornadoesreportedin the United Statesis believed to be less

thantheactualincidenceof tornadoes,especiallyprior to the1990s,becausetor-

nadoesmaybeundetectableby humanwitnessesin sparselypopulatedareas.We

usea hierarchicalBayesianmodelto simultaneouslycorrectfor population-based

samplingbiasandestimatetornadodensityusinghistoricaltornadoreportdata.

The expectedresult is that F2-F5comparedto F0-F1 tornadoreportswould

vary lesswith populationdensity. The resultsagreewith this hypothesisfor the
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following populationcenters:Atlanta,GA; Champaign,IL; DesMoines,IA. How-

ever, theresultsindicatedjust theoppositein Oklahoma.Wespeculatetheresultis

explainedby misclassi�cationof tornadoesthatwereworthyof F2-F5Fujitascale

rating but wereclassi�ed as F0-F1 tornadoes,therebyarti�cially decreasingthe

numberof F2-F5andincreasingthenumberof F0-F1reportsin rural Oklahoma.

1 Intr oduction

Tornadoreportdataform messydatasets.Despitewell intentionedefforts, many non-

meteorologicalin�uences have corruptedthe data. Among theseare inconsistentre-

porting standards,unreportedtornadoes,and reportsof �ctitious tornadoes(Doswell

andBurgess1988,ForbesandWakimoto,1983).A dif�cult analyticalcircumstancehas

evolvedin whichhumanerrorsareaprimarycauseof spatialandtemporalvariability of

tornadoreportfrequency (GrazulisandAbbey 1983,Brookset al. 2003). Our interest

is in quantifyingsuchfactorswith theultimategoalof isolating,to theextentpossible,

humanandmeteorologicalin�uences.

Direct measurementof tornadoesis unusual,sincemost tornadoesareshort-lived

andhave horizontaldimensionsmallerthanthe minimum resolvablelengthof opera-

tional measurementsystems.Humaneyesandhumaninterpretationof landscapemis-

alignedby windy stormsarethebasisof ourbesttornadodetectionsystem.Sinceexact

measurementsof tornadoesarenot made,adjustmentsratherthanexactcorrectionsof
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tornadocountsareappliedto accountfor effectsof nonstandardobservingpracticesand

irregularerrors.However, resultsdependon choicesof adjustmentmodelandexplana-

tory variables.Many explanatoryvariableshave beenproposed(themostextensive list

is given in Tesconet al. 1983). Variableselectionis governedby the commontheme

that eachvariablequanti�es somesort of hindranceto humandetectionof tornadoes

– lakes,trees,hills, absenceof roads,andso on. Populationdensitymeasuresarethe

mostpopularexplanatoryvariables.Becausethesedataarereadilyavailablefrom cen-

susbureausandrelatedirectly to landscapemeasures,adjustmentmodelsbasedupon

populationdensitymeasuresarerelatively simpleandinterpretablemodelsthatrequire

minimaldatacollectioneffort.

Model designis inspiredby characteristicsof thedataset. Thus,a varietyof mod-

elshave beenproposed(Tesconet al. 1983,King 1997,Nixon et al. 2000,Ray et al.

2003). It is lessimportantto adopta singlemodelingapproachthanit is to determine

whetherconclusionsandquantitative resultsarein agreementwhendifferentmodeling

approachesareused. Resultsfrom SchaeferandGalway (1982),Nixon et al. (2000),

andRay et al. (2003),which all usevery differentmethodologies,suggesta conser-

vative estimateof the fraction of reportedto actualtornadoesis about0.6. Evidence

is presentedin King (1997)andNixon et al. (2000)that this fraction hasgeographic

variation.

This notedescribesa novel approachfor estimatingpopulationin�uences on tor-

nadoreportfrequency thatusestheframework of Bayesianhierarchicalmodels(BHMs;
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e.g.,Berlineretal. 1999,Wikle 2003,Gelmanet al. 2004).Theadvantageof BHMs is

thatcomplex processmodelsmaybeincorporatedinto statisticalinference,while math-

ematicallyrigorousestimationproceduresareretained. The methodologyoutlinedin

subsequentsectionspermitsseparate,yet probabilisticallylinked,modelsfor theprob-

ability of detectionandclimatologicalfrequency of tornadoes.A fundamentalassump-

tion of ourmodelin thisapplicationis thattheregion underanalysisis smallenoughto

presumehomogeneousclimatologicaltornadofrequency. Variability of aggregatedtor-

nadocountsover relatively smallspatialregionsis modeledfrom two primarysources.

First, thevariability associatedwith probabilityof detectionis modeledvia a nonlinear

dependenceonpopulationdensity. Second,thenaturalspatialvariability of truetornado

intensityaroundits climatologicalmeanis modeledviaahomogeneousPoissonprocess.

Theresultsshednew insightinto how thesedifferentsourcesof variability contributeto

tornadoreportdifferencesover relatively smallspatialdomains.

2 Data

Weobtainedtornadoreportsfor theperiod1953-2001from theStormPredictionCenter

(SPC)archive of stormreports(http://www.spc.noaa.gov) andthe Grazulissigni�cant

tornadovolumes(Grazulis1993).Wesummedthereportsby countyandvarioussubpe-

riodsof the1953-2001period.Wecomputedtornadoreportcountsfor largepopulation

centersandthe surroundingtwo tiers of counties(Table1). Populationcentersin our
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analysisareAtlanta,GA; Champaign,IL; DesMoines,IA; OklahomaCity, OK; Om-

aha,NE; andTulsa,OK. ThesepopulationcentersarelocatedalongtheC-shapedaxis

of relatively high tornadoprobabilityreportedby Brooksetal. (2003).

Previous studieshave measuredcounty populationwith either county population

densityor rural populationdensity. Countypopulationdensitycanbe skewed by the

presenceof a few cities and large towns andmay not be representative of densityof

humansandhumanbuilt structuresin rural areas.Changnon(1982)argues,therefore,

that rural populationdensityratherthancountypopulationdensityis a more faithful

measureof capabilityfor tornadodetection.Thecentralcountiesin ouranalysiscontain

large metropolitanareasthat cover a large fraction of the county area. Becausethe

populationdensityis largeovermuchof thecountyratherthanconcentratedin isolated

towns,ruralpopulationdensityisnotareasonableexplanationof why tornadofrequency

is expectedto be observed well in the centralcounties.Therefore,we usepopulation

densityasanexplanatoryvariable.We obtainedpopulationdensitydatafrom the1990

UnitedStatescensus(http://www.census.gov).

3 Methodology

Generally, wehavecountsof tornadoreports���
	�� for the 
 -thFujitascale(F-scale)rating,


���������������� , aggregatedoverthe � -th county, ����������������� and � -th year, � �����������!�#" .

However, becausethenumberof annualcountsfor F4 andF5 tornadoescanbesmall,
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we aggregateadditionally over the F-scalerating and time. Thus, we have spatially

varying counts �$	 summedover rangesof F-scaleratings(F0-F1or F2-F5)andyears

(e.g., 1953-2001). However, we know that we have not observed the actualnumber

of tornadoesthathave occurredin a particularcountyover the time periodof interest.

We make the assumptionthat we have an “undercount”. That is, the true numberof

tornadoesover thesamelevel of aggregation( %&	 , anunobservablequantity),is greater

than or equalto that reported( %'	)(*�+	 ). In other words, we must accountfor the

fact that the probability of detectinga tornadois mostlikely not one. Furthermore,it

is likely thatthis probabilityof detectionvariesgeographicallyaccordingto population

density(Nixon etal. 2000).To motivatethenatureof this relationship,wenotethatthe

presentproblembaresa striking similarity to theproblemof estimatinganimaldensity

in ecologicalapplications,using“distancesampling”methods(Bucklandet al. 2001;

Williams etal. 2002).

3.1 “Distance” SamplingApproach

In classicaldistancesamplingmethods,animalsarecountedby anobserver from a sta-

tionarypoint or transect,andthedistancefrom thepoint of observation to theanimals

is measured.In someapplicationswhereit is dif�cult to obtainprecisedistancemea-

surements,animalsarecountedrelativeto � discretedistanceclasses( ���,�-�/.0�������!��� )

from a point of observation. Let %'	-�/�1�2���������3��� be the numberof animalsin each

distanceclassavailableto becounted.In thevastmajorityof animalsamplingproblems,
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abundanceis not observeddirectly. Instead,oneobservesa biasedcount �4	657%6	 , ow-

ing to thefact thatanimalsareelusive andmaygo undetectedevenif they arepresent.

Themostcommonassumptionto expresstherelationshipbetweentheobservedcounts

�+	 andthepopulationsizes%'	 , is thebinomialsamplingmodel

�+	98 Bin :;%6	<�>=?	-:;@-A#A3� (1)

where=?	B:C@�A is a functionof thedistancefrom thepointof observationandsomeparam-

eter @ . More precisely, whencountsin discretedistanceclassesarecollected,=+	�:C@�A is

an integral of somedistancefunction. For example,a commondistancefunctionis the

half-normal D+:FEHG�@-AI�KJ�EB=4:ML9E

�!N

@�A , where E is thedistancefrom thepoint of observa-

tion and @ is a scaleparameterto beestimated.Thus,theprobability thatanindividual

in distanceclass� is detectedis equalto

=O	B:;@-A �7PRQCSUT�V

Q
S

D+:FEHG�@-A�W�EH�

whereX3	 and X3	�Y

� arethelowerandupperbounds,respectively, of distanceclass� .

We note that explicit in this developmentis the intuitive notion that animalsare

moredif�cult to observe astheir distancefrom thepoint of observationincreases.The

parameter@ determinesthe relative detectabilityof animalsasa function of distance.

Largevaluesof @ indicatelessof a decreasein detectabilityasdistanceincreases,and
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vice versa.That is, @ is theeffect of thecovariate“distancefrom point of observation”.

Conceptually, however, thereis noreasonatall that E needbeEuclideandistance.In the

presentapplication,we supposethat thedetectabilityof tornadoesis primarily affected

by populationdensity. Thus,we equateEZ�2E+	 to the inverseof populationdensity

for the � -th county, %'	 to actual(unobserved) tornadoabundancein the county, and

�+	 the respective observed tornadocounts. In the presentapplicationof adjustingfor

imperfectdetectionin estimationof tornadodensity, theobservationsarenotpooledinto

distanceclasses.However, it is reasonableto assumethatpoolingaccordingto countyis

analogous,with differing populationdensitiescorrespondingto distance.Thus,in this

caseweequate=?	B:C@�A �[D+:FE\	<G�@�A .

Thus far, we have not speci�ed additionalmodel structureon %]	 . The assump-

tion madein classicaldistancesamplingapplicationsis thatanimalsareuniformly dis-

tributedovertheareabeingsampled.Thatis, animallocationsareahomogeneousPois-

sonpointprocess.Althoughclearlynot thecasewith tornadofrequency over largespa-

tial domains,this is a reasonableassumptionoverrelatively smallspatialareasin which

theclimatologyis thesame.Underthis assumption,we have that %]	]8 Poisson:;^B	`_aA

where ^B	 is the areaof the �

�cb distanceclass(in our case,the �

�cb county). Note

also that % � d

	

%e:>�OA is Poissonwith mean _fd

	

^B	 . Then, the distribution of

%6	<�/�g� �-�������!��� conditionalon the total % is multinomial with cell probabilities

^B	`_

N

:>_
d

^B	`Ah� ^B	

N

:
d

^B	`A . Finally, the distribution of the samplecounts ij��	jkml

	�n

�

conditionalon thetotal populationsize % , underthebinomialsamplingassumption,is
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alsomultinomialof theform

o

:Mij�p	<k

l

	�n

��q

%rAtsvu

l

w

	�n

�yx

^B	�=?	�:;@�A

d ^B	{z |

SB}

x

�~L€•

	

=O	B:;@-A

zt•y‚

d

S

|

S

� (2)

wherethe last cell of this multinomial correspondsto thoseindividualsnot detected.

This is thedistancesamplinglikelihoodwhendataarerecordedinto distanceintervals

(in our case,counties).Estimationof theunknown parameters@ and % maybebased

on this likelihood.

In somecases,it is convenientto remove % from (2) by integratingover thedistri-

bution of % (recall that % 8 Poisson:;_fd

	

^B	�A ). In this case,the �+	 are,marginally,

independentPoissonrandomvariableswith mean^0	�=?	-:;@-A#_ . A morecompletediscus-

sionof theintegratedlikelihoodapproachto estimationin distancesamplingunderthe

Binomial-Poissonmodelcanbe found in Royle et al. (2004)(seeDorazioet al. 2005

for arelatedapplication).Thus,in our tornadocountproblem,for county �R�,���������!��� ,

wehave

�p	I8 Poisson:;^B	�=?	�:;@-A#_aA3� (3)

with

=?	�:;@�Ay�[D$:ƒE\	<G„@�A �†…/‡�ˆ4:ML‰@jE\	jA3� (4)

whereEa	 is theinverseof thepopulationdensityof the � -th county.
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3.2 Estimation

In this relatively simplecasewherewe have assumeda constant_ and @ , we candeter-

minenumericallythemaximumlikelihoodestimates(MLEs) for _ and @ asdescribed

in Royle etal. (2004).However, for � relatively small,asin ourcase,theusualasymp-

totic theorythatprovidesnicepropertiesof theMLEs no longerholds.A consequence

of this is thatonedoesnot getgoodestimatesof thevariationin theestimatesof _ and

@ .

Ratherthan usethe MLE approach,we considerthe problemfrom the Bayesian

perspective. Thatis, wesimply let @ and _ haveprior distributionsof theform,

@Š8Z‹FŒjD0%1:F•$Ž��#•

�

Ž

A3� (5)

where‹FŒ`D�%e:HA refersto a log-normaldistribution,andtheassociatedmeanandvariance

are •+• and •

�

•

, respectively. These“hyperparameters”arespeci�edto be.5 and10000,

respectively, correspondingto anon-informativeprior (soourprior beliefsdonotoverly

affect theresults).Furthermore,we let

_‘8“’”^–•‘•—^a:F˜0�„™-A3� (6)

where’6^B•‘•—^ refersto agammadistributionwith parameters̃ and ™ . In ourcase,we

let ˜Š�,�š����� and ™f�,�›�-��� , againcorrespondingto anon-informativeprior distribution.

10



In this Bayesiancase,ratherthan consideringthe point estimatesof the parame-

ters of interest,we get their posteriordistributions. That is, we get the distribution

=4:C@0�/_

q

�

�

�������!�„�

l

A . By Bayes' rule, this posteriordistribution is proportionalto the

likelihood(3) timestheprior distributions(6) and(5):

=4:;@œ�/_

q

�

�

���������#�

l

A s

l

w

	�n

�

=4:F�+	

q

_���@�Aƒ=4:;@-AF=4:;_pA/� (7)

wheretheproportionalityconstantis givenby the integral of theright-handsideof (7)

with respectto @ and _ (i.e., themarginal distribution of thedata,=4:C�

�

���������#�

l

A ). For

all but somevery simplecases,onecannot�nd this proportionalityconstantanalyti-

cally. However, onecanusenumericalproceduressuchasMarkov ChainMonteCarlo

(MCMC) to obtainMonteCarlosamplesfrom this posteriordistribution (seeCongdon

2001, Gelmanet al. 2004, or Robertand Casella2004 for discussionsof Bayesian

estimationandnumericalapproaches).

3.3 Implementation

WeusethefreelyavailableWinBUGSsoftware(http://www.mrc-bsu.cam.ac.uk/bugs/welcome.shtml)

to performtheMCMC analysisof theBHM with thesedata. An exampleof theWin-

BUGScodefor thisanalysisis givenin theAppendix.
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4 Results

4.1 Sensitivity to Data Set

We examinedsensitivity of model resultsto alternative reportingstandardsby com-

paringparameterestimatesthatwereobtainedfrom two distinctdatasets:SPCsevere

weatherlog andGrazulisvolumes.We summedtornadoreportsfor theentireperiodof

record1953-2001.TheGrazulisdatasetis uniquein thata singlepersonclassi�ed all

tornadoreports,and,therefore,it is lesssusceptibleto variability causedby inconsistent

reportingstandards.TheGrazulissigni�cant tornadoreportsarecomparableto F2-F5

tornadoreportsin the SPClog. We comparedparameterestimatesfor the Oklahoma

City, OK region.

Comparisonof _ (Table 2) revealshigher incidenceof F2-F5 reportsin the SPC

archive comparedto signi�cant tornadoreportsin the Grazulisvolumes. This is con-

sistentwith resultsreportedin Brooks(2000)thatshow a higherincidenceof national

F2-F5reportsin theSPClog comparedto Grazulis' frequency of signi�cant tornadoes.

Despitethis disparity, the probability of detectionin high andlow populationdensity

countiesis comparablein thetwo datasets.Theseresultssuggestthat inconsistency of

reportingstandardsmayhave directly in�uencedoverall frequency but hadlessimpact

on spatialvariability of reports.Thus,we presentresultsderivedfrom theSPCdataset

only, and,unlessotherwisestated,the resultsarevalid for the entireperiodof record

1953-2001.
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4.2 RegionalDependenceof Population Effects

Theprobabilityof detectionmaybeinterpretedasthefrequency of tornadooccurrences

thatarereportedandclassi�edcorrectly. Whenatornadooccurs,therearefour possible

reportoutcomes:correctclassi�cation,underestimatedF-scalerating,overestimatedF-

scalerating,or unreported.TheSPClog mayalsoincludereportsof thingsmistakento

betornadoes,which areunaccountedfor in ourstochasticmodel.

It hasbeenarguedthat,sinceF2-F5tornadoesaregenerallylargerandlonger-lived

thanF0-F1tornadoes,thereportedincidenceof F2-F5tornadoesis lessaffectedby un-

reportedtornadoes(Concannonet al. 2000,Brooks2004).In thecontext of ourmodel,

thiseffectwouldbemanifestedashigherprobabilityof detectionin low populationden-

sity countiesfor F2-F5comparedto F0-F1tornadoes.However, in theOklahomaCity

andTulsaregions,theresultsshow theopposite– higherprobabilityof detectionin low

populationdensitycountiesfor F0-F1comparedto F2-F5tornadoes.An alternativeef-

fect of populationdensitythat is consistentwith this resultis thepossibility thatsome

tornadoeswereunderrated,possiblydueto sparsebuildingsor poorconstruction,sothat

thenumberof F0-F1tornadoesreportedwasin�ated by reportsof tornadoesthatwould

haveproducedF2-F5damage.

BrooksandCraven(2002)�nd evidenceof anabruptchangein 1973of proximity

soundingindicesassociatedwith F2-F5tornadoes.This year is the �rst in which the

NationalWeatherServicewasresponsiblefor tornadoveri�cation. They foundF2-F5
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tornadoreportsprior to 1973 were sometimesassociatedwith environmentsthat are

more like environmentsof F0-F1 reportssubmittedsince1973. This implies the re-

portsweremisclassi�edsuchthat moreF2-F5tornadoeswerereportedprior to 1973

thanmight have beenexpectedgiven the meteorologicalenvironmentandcontempo-

rary reportingstandards.This could in�uence theresultsfrom our modelsuchthat the

disparitybetweenhigh andlow populationdensitycountiesof probabilityof detection

for F2-F5tornadoesmay be smallerthanit is for F0-F1tornadoesduring 1953-1973.

We examinedthis possibility by estimatingmodel parametersusing two subperiods:

1953-1973and1974-2001.Higher probability of detectionin low populationdensity

areasfor F0-F1comparedto F2-F5tornadoesoccurredin bothperiods.

Parametervaluesfor Champaign,IL, Atlanta,GA, andDesMoines,IA re�ect the

expectedrelationshipbetweenpopulationdensityand probability of detection. It is

possiblethat tornadostatisticsin Oklahomamight be differentthanelsewherein part

becauseof the activities of the National Severe Storm Project,which sentscienti�c

teamsin searchof tornadicstormsbeginning in the late 1950's (NSSP1963). The

resultsfrom Omahashow almostno differenceof (very high) probabilityof detection

for F0-F1andF2-F5tornadoes.The tornadodensity _ for the Omaharegion is much

lower thanin all otherregions.This impliesthereportsamplesizemaybetoo small to

estimatetheeffectof populationdensity.

Theprimarypurposeof statisticaladjustmentof tornadocountsfor unreportedtor-

nadoeshasbeento improve estimatesof tornadorisk in hazardmodels(Tesconet al.
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1983,Schaeferet al. 1986,Nixon et al. 2000,Meyer et al. 2002,Ray et al. 2003).

Thoughtheintendeduseof our modeldiffers,it alsomaybeusedto estimatethenum-

berof unreportedtornadoes.An advantageof ourapproach,in whichmodelparameters

areconsideredrandom,is thata rangeof possibleadjustedtornadocountsis generated

for eachcounty, re�ecting uncertaintyin bothprobabilityof detectionandnatural(me-

teorological)variability. We reportfor the OklahomaCity region a rangeof the ratio

of reportedto adjustedtornadocounts,using the adjustedcountsat the 2.5 and97.5

percentilesin the posteriordistribution of % (Table3). In Oklahomacounty(highest

populationdensity),the rangeis 0.97 to 1.00; whereas,in Major county(lowestpop-

ulationdensity),the rangeis 0.33to 0.54. The rangesareconsistentwith resultsfrom

previous studies. Nixon et al. (2000) developeda populationdensityadjustmentof

tornadocountsthatsuggeststheratio ranges0.37to 0.73in thesouthernplains.A krig-

ing methoddevelopedby Ray et al. (2003)suggeststhe risk of tornadooccurrenceat

any givenlocationin thecentralUnitedStatesis only 62 percentof theexpectedvalue.

Thus,differentstatisticalapproacheshaveresultedin similar ranges,lendingcon�dence

thatourmodelingapproachprovidesa reasonableestimateof theactualrange.

5 Conclusion

We have evaluatedthe relationshipbetweenprobability of detectionof tornadoesand

populationdensity for regions aroundseveral large cities in the centraland eastern
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United States.The resultsindicatethat populationdensityeffectshave regional vari-

ability. This may re�ect oneor many demographicfactorsincluding, but not limited

to, quality of construction,rural constructiondensity, or regionally varying reporting

standards.Themainconclusionsare:

• In Oklahoma,probabilityof detectionin ruralareasof F0-F1tornadoesexceeds

thatof F2-F5tornadoes.It appearsthatin ruralareasF2-F5tornadoeshavebeen

underestimatedon theFujitascale,in�ating theincidenceof F0-F1tornadoesin

ruralareas.Theratio of reportedto actualnumberof tornadoesvariesbetween

0.97to 1.00in Oklahomacountyand0.33to 0.54in Major county, within the

rangereportedelsewhere.

• NearAtlanta,GA, DesMoines,IA, andChampaign,IL, probabilityof detection

in ruralareasof F2-F5tornadoesis greaterthanF0-F1tornadoes,consistentwith

thehypothesisthatF2-F5tornadoesaremorefaithfully detecteddueto their

comparatively largesizeandlongduration.

• NearOmaha,tornadoreportsaretoo infrequentto estimateapopulationeffect.

Theresultsindicatethatsomeof thespatialvariability of tornadoreportsmaybe

modeledby ameasureof humanpopulationdensity. In thispilot study, we limited the

domainof analysisto thevicinity of populationcenters,wherewecouldreasonably

presumeuniformclimatologicalfrequency of tornadoesover theanalysisregion. We

usedpopulationdensityto adjusttornadocountsfor populationeffects.Theability of
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themodelto uncoverdifferentbut sensiblerelationshipsbetweenprobabilityof

detectionandpopulationdensitylaysthegroundwork for moreambitiousstudyof

populationandmeteorologicaleffectsin all regions.An extensionof thiswork might

useclimatologicalinformationof indicesrelevantto tornadofrequency, suchasthose

identi�ed in BrooksandCraven(2002),andexaminealternative indicesof human

density. It is achallengeto estimatestatisticalmodelparametersgiventhespatialand

temporalvariability of climatologicaldata.However, hierarchicalBayesianmodels

providea rigorousestimationprocedureandhavebeenusedeffectively in similar

climatologicalstudies(Wikle andAnderson2003,ElsnerandJagger2004,Elsneretal.

2004).

We �nd apopulationdensityeffect thatrunscounterto resultsin BrooksandCraven

(2002)thatsuggestaneffectpossiblydueto changesin reportingstandards.Whereas

BrooksandCraven(2002)hypothesizefrom meteorologicalevidencethatsomeF2-F5

tornadoreportsin 1953-1973mayhavebeenoverratedif contemporaryrating

standardswereapplied,wehypothesizefrom reportdatathatsomeF2-F5tornadoesin

ruralOklahomawereunderrated.Thehypothesesarenotnecessarilyatoddswith one

another. They might simply re�ect differencesof samples,sinceouranalysisis of

regionalratherthannationaltornadoreports.It wouldbeinterestingto adjust

simultaneouslyfor meteorologicalconditionsandunderreportingdueto variationsin

populationdensityto betterunderstandregionalvariationsin relative importanceof

bothfactors.Furthermore,anadjustedtornadocountthatre�ects bothpopulation
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densityeffectsandmeteorologicalconditionsshouldprovidea morerealisticestimate

of climatologicaltornadofrequency for tornadohazardmodels.

AcknowledgmentsWe gratefullyacknowledgeThomasGrazulis,who providedhisdata

setof signi�cant tornadoreports,andHaroldBrooksfor commentsonanearlydraft.

Wikle andZhouacknowledgethesupportof NSFgrantDMS 0139903.Anderson

acknowledgesthesupportof NSFgrantATM-9911417.

Appendix: WinBUGSCodefor Oklahoma City Counties

model
{

alpha˜dnorm(0. 5, 0. 0001)
theta<-exp(alp ha)
lambda˜dgamma( 0. 001,0 .0 01)
for (i in 1:19) {

p[i]<-exp(-the ta /x[ i] )
lambda1[i]<-la mbda* ar ea[i ]
sn[i]˜dpois(la mbda1 [i ]* ar ea[i] *p [i ])

}
}

Data

list(
sn=c( 33, 18, 12, 13, 23, 21, 18, 31, 6 , 9, 16,

6, 14, 18, 9 ,23, 19, 10, 22),

area=c(709.2, 899.9, 903.1, 744.6 ,958.6, 787.9, 536.2, 1278.4,
928.6, 956.8 ,1058.5, 732.0 ,686.4, 955.6 ,624.8 ,632.5,
719.7, 569.7, 1101.0),

x=c(788.297518, 61.235693, 14.354335, 34.413914, 26.322136 ,67.049118,
240.537486, 23.178504 ,13.086367, 8.300376, 53.983562 ,14.876503,
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83.629662 ,57.204897, 18.207106, 41.419447 ,43.856051, 34.306828,
33.732425)

)

Inits
list( alpha=0.5,

lambda=1 ,
bign=c( 100, 100, 100, 100, 100, 100, 100, 100, 100, 100, 100,

100, 100, 100, 100, 100, 100, 100, 100)
)
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City SurroundingCounties

Atlanta,GA Fulton,Cherokee,Forsyth,Gwinnett,Dekalb,
Clayton,Fayette,Coweta,Carroll,Douglas,
Cobb,Pickens,Dawson,Hall, Jackson,
Barrow, Walton,Rockdale,Henry, Spalding,
Pike,Meriwether, Troup,Heard,Cleburne,
Cherokee,Haralson,Paulding,Bartow, Gordon

Champaign,IL Champaign,Ford,Vermilion,Douglas,Piatt,
McLean,Iroquois,Benton,Warren,Vermillion,
Edgar, Coles,Moultrie, Macon,DeWitt,
Logan,Tazewell, Woodford,Livingston

DesMoines,IA Polk,Story, Marion,Warren,Madison,
Dallas,Boone,Hamilton,Hardin,Marshall,
Tama,Pottawattamie,Mahaska,Monroe,Lucas,
Clarke,Union,Adair, Guthrie,Greene,Webster

OklahomaCity, OK Oklahoma,Canadian,King�sher, Logan,Lincoln,
Pottawatomie,Cleveland,Caddo,Blaine,Major,
Gar�eld, Noble,Payne,Creek,Okfuskee,
Seminole,Pontotoc,McClain,Grady

Omaha,NE Douglas,Pottawattamie,Harrison,Shelby, Cass,
Montgomery, Mills, Sarpy, Saunders,Dodge,
Washington,Monona,Crawford, Carroll,Audubon,
Adair, Adams,Taylor, Page,Fremont,
Cass,Lancaster, Seward,Butler, Colfax,
Cuming,Burt

Tulsa,OK Tulsa,Creek,Osage,Washington,Rogers,
Wagoner, Okmulgee,Lincoln, Pawnee,Chautauqua,
Montgomery, Osage,Nowata,Craig,Mayes,
Cherokee,Muskogee,McIntosh,Hughes,Seminole

Table1: Populationcentersandsurroundingcountiesfor which tornadoreportswere
pooled.The�rst countylistedcontainsthepopulationcenter.
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City @ _ =Ož ŸM¡ =Ož4�

|

OklahomaCity: F0-F1 4.161 0.0414 0.9947 0.6180
OklahomaCity: F2-F5 13.060 0.0314 0.9836 0.2164
OklahomaCity: Sig. 11.960 0.0176 0.9849 0.2558

Tulsa:F0-F1 9.920 0.0406 0.9880 0.2800
Tulsa:F2-F5 14.060 0.0260 0.9830 0.1700

Atlanta: F0-F1 22.010 0.0189 0.9880 0.4000
Atlanta: F2-F5 0.080 0.0080 1.0000 0.9970

Champaign:F0-F1 24.150 0.0644 0.8910 0.3400
Champaign:F2-F5 0.010 0.0099 1.0000 0.9950
DesMoines:F0-F1 17.410 0.0410 0.9687 0.3600
DesMoines:F2-F5 0.007 0.0115 1.0000 0.9960

Omaha:F0-F1 0.003 0.0253 1.0000 0.9998
Omaha:F2-F5 0.003 0.0193 1.0000 0.9998

Table2: Populationeffect parameter( @ ), tornadodensityparameter( _ ), andmaximum
andminimumprobabilityof detection(=\ž ŸM¡ , =Ož4�

|

) for eachcombinationof population
centerandF-scalegrouping.
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Population County Reported Posterior
County Density Area Tornadoes Mean Std.Dev. (2.5,97.5)

� E

‚

�

	

^B	 �+	 %”	 %6	 %6	

Oklahoma 788.298 709 74 74.49 0.7105 (74,76)
Cleveland 240.537 536 45 46.22 1.1360 (45,49)

Payne 83.630 686 38 42.33 2.2820 (39,47)
Pottawatomie 67.049 788 47 53.14 2.7830 (48,59)

Canadian 61.236 900 61 67.64 3.1960 (63,76
Creek 57.205 956 46 54.62 3.4420 (49,62)

Gar�eld 53.984 1058 56 66.07 3.7960 (60,74)
Pontotoc 43.856 720 41 49.29 3.3310 (44,57)
Seminole 41.419 632 40 47.68 3.1630 (42,55)

Logan 34.414 745 37 47.64 3.9140 (41,56)
McClain 34.307 570 35 43.18 3.2840 (38,50)
Grady 33.732 1101 52 68.03 5.0990 (59,79)

Lincoln 26.322 959 57 74.40 5.3700 (65,86)
Caddo 23.179 1278 88 113.90 7.0880 (101,129)

Okfuskee 18.207 625 29 44.46 4.8530 (36,55)
Noble 14.877 732 28 49.11 5.9430 (38,62)

King�sher 14.354 903 45 71.77 7.0100 (59,87) )
Blaine 13.086 929 33 62.49 7.4890 (49,78)
Major 8.300 957 30 71.29 9.0340 (55,90)

Table3: Countypopulationdensity( E

‚

�

	

, =?J�™�¢`Œj��¢&•‘


‚

�

), countyarea( ^–	 , •‘


�

), re-
portednumberof tornadoes( ��	 ), andmean,standarddeviation,2.5and97.5percentiles
from posteriordistributionof adjustednumberof tornadoes( %]	 ).
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