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Abstract

The numberof tornadoegeportedin the United Statesis believed to be less
thanthe actualincidenceof tornadoesgespeciallyprior to the 1990s,becauseor-
nadoegnay be undetectabléy humanwitnessesn sparselypopulatedareas.We
usea hierarchicaBayesiarmodelto simultaneoushcorrectfor population-based
samplingbiasandestimateornadodensityusinghistoricaltornadoreportdata.

The expectedresultis that F2-F5 comparedo FO-F1tornadoreportswould

vary lesswith populationdensity The resultsagreewith this hypothesidor the



following populationcentersAtlanta, GA; ChampaigniL; DesMoines,|A. How-
ever, theresultsindicatedustthe oppositen Oklahoma.We speculatéheresultis
explainedby misclassi cationof tornadoeshatwereworthy of F2-F5Fujitascale
rating but were classi ed as FO-F1tornadoestherebyarti cially decreasinghe

numberof F2-F5andincreasinghe numberof FO-F1reportsin rural Oklahoma.

1 Intr oduction

Tornadoreportdataform messydatasets Despitewell intentionedefforts, mary non-
meteorologicaln uences have corruptedthe data. Among theseare inconsistentre-
porting standardspnreportedtornadoesand reportsof ctitious tornadoegDoswell
andBurgessl988,ForbesandWakimoto,1983).A dif cult analyticalcircumstancéas
evolvedin whichhumanerrorsarea primary causeof spatialandtemporalvariability of
tornadoreportfrequeny (Grazulisand Abbey 1983,Brookset al. 2003). Our interest
is in quantifyingsuchfactorswith the ultimategoal of isolating,to the extentpossible,
humanandmeteorologicain uences.

Direct measurementf tornadoess unusual,sincemosttornadoesare short-lived
and have horizontaldimensionsmallerthanthe minimum resohable length of opera-
tional measuremergystems.Humaneyesandhumaninterpretationof landscapemis-
alignedby windy stormsarethe basisof our besttornadodetectionsystem.Sinceexact

measurementsf tornadoesare not made,adjustmentsatherthanexact correctionsof



tornadocountsareappliedto accounfor effectsof nonstandardbservingpracticesand
irregularerrors. However, resultsdependon choicesof adjustmenmodelandexplana-
tory variables.Many explanatoryvariableshave beenproposedthe mostextensve list
is givenin Tesconetal. 1983). Variableselectionis governedby the commontheme
that eachvariable quanti es somesort of hindranceto humandetectionof tornadoes
— lakes, trees,hills, absencef roads,andso on. Populationdensitymeasuresrethe
mostpopularexplanatoryvariables.Becausdghesedataarereadily availablefrom cen-
susbureausandrelatedirectly to landscapaneasuresadjustmenmodelsbasedupon
populationdensitymeasuresrerelatively simpleandinterpretablenodelsthatrequire
minimal datacollectioneffort.

Model designis inspiredby characteristicef the dataset. Thus,a variety of mod-
els have beenproposedTesconetal. 1983,King 1997,Nixon etal. 2000,Ray et al.
2003). It is lessimportantto adopta singlemodelingapproachthanit is to determine
whetherconclusionsaandquantitatve resultsarein agreementvhendifferentmodeling
approachesareused. Resultsfrom Schaeferand Galway (1982),Nixon et al. (2000),
andRay et al. (2003), which all usevery differentmethodologiessuggesta conser
vative estimateof the fraction of reportedto actualtornadoess about0.6. Evidence
is presentedn King (1997)andNixon et al. (2000)thatthis fraction hasgeographic
variation.

This note describesa novel approachfor estimatingpopulationin uences on tor-

nadoreportfrequeng thatusesheframavork of Bayesiarhierarchicamodels(BHMs;



e.g.,Berlineretal. 1999,Wikle 2003,Gelmanetal. 2004). Theadwantageof BHMs is
thatcomplex processnodelsmaybeincorporatednto statisticalinferencewhile math-
ematicallyrigorousestimationproceduresreretained. The methodologyoutlinedin
subsequergectiongpermitsseparateyet probabilisticallylinked, modelsfor the prob-
ability of detectionandclimatologicalfrequeng of tornadoesA fundamentahssump-
tion of our modelin this applicationis thattheregion underanalysiss smallenoughto
presumehomogeneouslimatologicaltornadofrequeng. Variability of aggreatedtor-
nadocountsover relatively smallspatialregionsis modeledfrom two primary sources.
First, thevariability associatedvith probability of detectionis modeledvia a nonlinear
dependencen populationdensity Secondthenaturalspatialvariability of truetornado
intensityaroundts climatologicalmeans modeledviaahomogeneouBoissorprocess.
Theresultsshednew insightinto how thesedifferentsourcesf variability contributeto

tornadoreportdifferencesover relatvely smallspatialdomains.

2 Data

We obtainedornadoreportsfor theperiod1953-200Xfrom the StormPredictionCenter
(SPC)archie of stormreports(http://www.spc.noaa.gg andthe Grazulissigni cant

tornadovolumes(Grazulis1993).We summedhereportsby countyandvarioussubpe-
riodsof the 1953-2001period. We computedornadoreportcountsfor large population

centersandthe surroundingiwo tiers of counties(Table 1). Populationcentersin our



analysisare Atlanta, GA; Champaign]L; DesMoines,|A; OklahomaCity, OK; Om-
aha,NE; andTulsa,OK. Thesepopulationcentersarelocatedalongthe C-shapedxis
of relatively high tornadoprobabilityreportedoy Brooksetal. (2003).

Previous studieshave measureccounty populationwith either county population
densityor rural populationdensity County populationdensitycan be skewed by the
presenceof a few cities and large towns and may not be representatie of density of
humansand humanbuilt structuredn rural areas.Changnon(1982)amgues,therefore,
that rural populationdensityratherthan county populationdensityis a more faithful
measuref capabilityfor tornadodetection.Thecentralcountiesn ouranalysiscontain
large metropolitanareasthat cover a large fraction of the county area. Becausethe
populationdensityis large over muchof the countyratherthanconcentrateth isolated
towns,rural populationdensityis notareasonablexplanationof why tornaddfrequeny
is expectedto be obseredwell in the centralcounties. Therefore we usepopulation
densityasan explanatoryvariable.We obtainedpopulationdensitydatafrom the 1990

United Statescensughttp://www.census.go).

3 Methodology

Generallywe havecountsof tornadareports  for the -th Fujitascale(F-scaleyating,
, aggrgatedoverthe -th county and -thyear

However, because¢he numberof annualcountsfor F4 andF5 tornadoesanbe small,



we aggr@ate additionally over the F-scalerating andtime. Thus, we have spatially
varyingcounts summedover rangesof F-scaleratings(FO-F1or F2-F5)andyears
(e.g.,1953-2001). However, we know that we have not obsened the actualnumber
of tornadoeghat have occurredin a particularcountyover the time periodof interest.
We malke the assumptiorthat we have an “undercount”. Thatis, the true numberof

tornadoe®ver the samelevel of aggrgation( , anunobserablequantity),is greater
than or equalto that reported( ). In otherwords, we mustaccountfor the
factthatthe probability of detectinga tornadois mostlikely not one. Furthermorejt

is likely thatthis probability of detectionvariesgeographicallyaccordingto population
density(Nixon etal. 2000). To motivatethe natureof this relationshipwe notethatthe

presenproblembaresa striking similarity to the problemof estimatinganimaldensity
in ecologicalapplicationsusing“distancesampling”methods(Bucklandet al. 2001;

Williams etal. 2002).

3.1 “Distance” Sampling Approach

In classicaldistancesamplingmethodsanimalsarecountedby anobserer from a sta-
tionary point or transectandthe distancefrom the point of obsenationto the animals
is measuredIn someapplicationswhereit is dif cult to obtainprecisedistancemea-
surementsanimalsarecountedelatveto  discretedistanceclasseg )
from a point of obsenation. Let be the numberof animalsin each

distanceclassavailableto becounted.In thevastmajority of animalsamplingproblems,
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alundancaes notobseneddirectly. Instead oneobseresa biasedcount , OW-
ing to thefactthatanimalsareelusive andmay go undetectedavenif they arepresent.
The mostcommonassumptiono expresstherelationshipbetweerthe obsened counts

andthepopulationsizes , is thebinomialsamplingmodel

Bin Q)
where is afunctionof thedistancdrom the point of obsenationandsomeparam-
eter . More precisely whencountsin discretedistanceclassesarecollected, is

anintegral of somedistancefunction. For example,a commondistancefunctionis the
half-normal , Where is the distancefrom the point of obsena-
tion and is ascaleparameteto be estimated.Thus,the probability thatanindividual

in distanceclass is detecteds equalto

where and arethelowerandupperboundsyespectrely, of distanceclass .

We note that explicit in this developmentis the intuitive notion that animalsare
moredif cult to obsene astheir distancefrom the point of obsenationincreasesThe
parameter determineghe relative detectabilityof animalsasa function of distance.

Largevaluesof indicatelessof a decreasén detectabilityasdistanceincreasesand



vice versa.Thatis, is theeffectof the covariate“distancefrom point of obsenation”.
Conceptuallyhowever, thereis noreasoratall that needbeEuclideardistanceln the
presen@pplication,we supposeahatthe detectabilityof tornadoess primarily affected
by populationdensity Thus,we equate to the inverseof populationdensity
for the -th county to actual (unobsered) tornadoalundancen the county and

the respectre obsenedtornadocounts. In the presentapplicationof adjustingfor
imperfectdetectionin estimatiorof tornadodensity theobsenationsarenotpooledinto
distanceclassesHowever, it is reasonabléo assumehatpoolingaccordingo countyis
analogouswith differing populationdensitiescorrespondingo distance.Thus,in this
casewe equate

Thusfar, we have not speci ed additionalmodel structureon . The assump-
tion madein classicaldistancesamplingapplicationss thatanimalsareuniformly dis-
tributedovertheareabeingsampled.Thatis, animallocationsareahomogeneouBois-
sonpoint processAlthoughclearlynotthe casewith tornadofrequeny over large spa-
tial domainsthisis areasonablassumptiorover relatively smallspatialareasn which
the climatologyis the same.Underthis assumptionywe have that Poisson
where is the areaof the distanceclass(in our case,the county). Note
also that is Poissonwith mean . Then, the distribution of

conditionalon the total  is multinomial with cell probabilities
Finally, the distribution of the samplecounts

conditionalon thetotal populationsize , underthe binomialsamplingassumptionis



alsomultinomial of theform

— (2)

wherethe last cell of this multinomial correspondgo thoseindividuals not detected.
This is the distancesamplinglik elihoodwhendataarerecordednto distancentervals
(in our case counties).Estimationof the unknovn parameters and may be based
onthislikelihood.

In somecasesit is corvenientto remove  from (2) by integratingover the distri-
butionof  (recallthat Poisson ). In this casethe are,mamginally,
independenPoissorrandomvariableswith mean . A morecompletediscus-
sion of theintegratedlik elihoodapproacho estimationin distancesamplingunderthe
Binomial-Poissormodelcanbe foundin Royle etal. (2004)(seeDorazioet al. 2005
for arelatedapplication).Thus,in ourtornadocountproblem for county ,
we have

Poisson (3)

with

(4)

where s theinverseof the populationdensityof the -th county



3.2 Estimation

In this relatively simplecasewherewe have assumed constant and , we candeter
mine numericallythe maximumlik elihoodestimate§fMLESs) for and asdescribed
in Royle etal. (2004).However, for  relatively small,asin our casetheusualasymp-
totic theorythat providesnice propertiesof the MLES no longerholds. A consequence

of thisis thatonedoesnot getgoodestimate®f thevariationin theestimateof and

Ratherthan usethe MLE approachwe considerthe problemfrom the Bayesian

perspectie. Thatis, we simplylet and have prior distributionsof theform,

(5)

where refersto alog-normaldistribution,andtheassociatetheanandvariance
are and ,respectiely. These'hyperparametersarespeci edto be.5and10000,
respectrely, correspondingo anon-informatve prior (soour prior beliefsdo notoverly

affecttheresults).Furthermoreyve let

(6)
where refersto agammadistribution with parameters and . In our casewe
let and , againcorrespondingo a non-informatve prior distribution.
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In this Bayesiancase,ratherthan consideringthe point estimatesof the parame-
ters of interest,we get their posteriordistributions. That is, we get the distribution
. By Bayes'rule, this posteriordistribution is proportionalto the

likelihood(3) timesthe prior distributions(6) and(5):

(7)

wherethe proportionalityconstanis given by the integral of the right-handsideof (7)
with respecto and (i.e.,the mawginal distribution of the data, ). For
all but somevery simple casesone cannot nd this proportionalityconstantanalyti-
cally. However, onecanusenumericalproceduresuchasMarkov ChainMonte Carlo
(MCMC) to obtainMonte Carlo sampledrom this posteriordistribution (seeCongdon
2001, Gelmanet al. 2004, or Robertand Casella2004 for discussionsof Bayesian

estimatiorandnumericalapproaches).

3.3 Implementation

We usethefreelyavailableWinBUGSsoftware(http://www.mrc-bsu.cam.ac.ukiigs/welcome.shtml)
to performthe MCMC analysisof the BHM with thesedata. An exampleof the Win-

BUGS codefor this analysigs givenin the Appendix.
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4 Results

4.1 Sensitvity to Data Set

We examinedsensitvity of model resultsto alternatve reporting standardsy com-
paringparameteestimateshat were obtainedfrom two distinctdatasets: SPCsevere
weatherlog andGrazulisvolumes.We summedornadoreportsfor the entire periodof
record1953-2001.The Grazulisdatasetis uniquein thata singlepersonclassi ed all
tornadoreports,and,thereforejt is lesssusceptibldéo variability causedy inconsistent
reportingstandards.The Grazulissigni cant tornadoreportsare comparabldo F2-F5
tornadoreportsin the SPClog. We comparedparameteestimatedor the Oklahoma
City, OK region.

Comparisonof  (Table 2) revealshigherincidenceof F2-F5reportsin the SPC
archive comparedo signi cant tornadoreportsin the Grazulisvolumes. This is con-
sistentwith resultsreportedin Brooks(2000)thatshowv a higherincidenceof national
F2-F5reportsin the SPClog comparedo Grazulis'frequeng of signi cant tornadoes.
Despitethis disparity the probability of detectionin high andlow populationdensity
countiesis comparablen thetwo datasets. Theseresultssuggesthatinconsisteng of
reportingstandardsnay have directly in uenced overall frequeng but hadlessimpact
on spatialvariability of reports.Thus,we presentesultsderivedfrom the SPCdataset
only, and, unlessotherwisestated the resultsare valid for the entire period of record

1953-2001.
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4.2 RegionalDependenceof Population Effects

Theprobabilityof detectiormaybeinterpretedasthefrequeng of tornadooccurrences
thatarereportedandclassi ed correctly Whenatornadooccurs therearefour possible
reportoutcomescorrectclassi cation,underestimate#-scalerating, overestimatedr-
scalerating,or unreported The SPClog mayalsoincludereportsof thingsmistalkento
betornadoeswhich areunaccountedor in our stochastienodel.

It hasbeenamuedthat, sinceF2-F5tornadoesaregenerallylargerandlongerlived
thanFO-F1tornadoesthereportedncidenceof F2-F5tornadoess lessaffectedby un-
reportedtornadoegConcannoretal. 2000,Brooks2004).In the contect of our model,
this effectwould be manifestedashigherprobability of detectionin low populationden-
sity countiesfor F2-F5comparedo FO-F1tornadoesHowever, in the OklahomaCity
andTulsaregions,theresultsshav the opposite- higherprobability of detectionin low
populationdensitycountiesfor FO-F1comparedo F2-F5tornadoesAn alternatve ef-
fect of populationdensitythatis consistentwith this resultis the possibility that some
tornadoesvereunderratedpossiblydueto sparséuildingsor poorconstructionsothat
thenumberof FO-F1tornadoeseportedwasin ated by reportsof tornadoeshatwould
have produced-2-F5damage.

BrooksandCraven (2002) nd evidenceof anabruptchangein 1973 of proximity
soundingindicesassociatedvith F2-F5tornadoes.This yearis the rst in which the

National WeatherServicewasresponsiblgor tornadoveri cation. They found F2-F5
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tornadoreportsprior to 1973 were sometimesassociatedvith ervironmentsthat are
more like ervironmentsof FO-F1 reportssubmittedsince1973. This implies the re-
portswere misclassi edsuchthat more F2-F5tornadoesverereportedprior to 1973
than might have beenexpectedgiven the meteorologicakernvironmentand contempo-
rary reportingstandardsThis couldin uence the resultsfrom our modelsuchthatthe
disparitybetweenrhigh andlow populationdensitycountiesof probability of detection
for F2-F5tornadoesnay be smallerthanit is for FO-F1tornadoesiuring 1953-1973.
We examinedthis possibility by estimatingmodel parametersusing two subperiods:
1953-1973and 1974-2001.Higher probability of detectionin low populationdensity
areador FO-F1comparedo F2-F5tornadoe®ccurredn bothperiods.

Parametenaluesfor Champaign]L, Atlanta, GA, andDesMoines,lA re ect the
expectedrelationshipbetweenpopulationdensity and probability of detection. It is
possiblethat tornadostatisticsin Oklahomamight be differentthanelsavherein part
becauseof the actiities of the National Severe Storm Project, which sentscienti ¢
teamsin searchof tornadic stormsbeginning in the late 1950's (NSSP1963). The
resultsfrom Omahashav almostno differenceof (very high) probability of detection
for FO-F1andF2-F5tornadoes.Thetornadodensity for the Omaharegion is much
lower thanin all otherregions. Thisimpliesthereportsamplesizemay betoo smallto
estimatethe effect of populationdensity

The primary purposeof statisticaladjustmenbf tornadocountsfor unreportedor-

nadoeshasbeento improve estimatesf tornadorisk in hazardmodels(Tesconet al.
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1983, Schaeferet al. 1986, Nixon et al. 2000, Meyer etal. 2002,Ray et al. 2003).
Thoughthe intendeduseof our modeldiffers, it alsomaybe usedto estimatehe num-
berof unreportedornadoesAn advantageof our approachin which modelparameters
areconsideredandom,is thatarangeof possibleadjustedornadocountsis generated
for eachcounty re ecting uncertaintyin both probability of detectionrandnatural(me-
teorological)variability. We reportfor the OklahomaCity region a rangeof the ratio
of reportedto adjustedtornadocounts,usingthe adjustedcountsat the 2.5 and 97.5
percentilesn the posteriordistribution of ~ (Table3). In Oklahomacounty (highest
populationdensity),the rangeis 0.97to 1.00; whereasjn Major county (lowestpop-
ulationdensity),therangeis 0.33to 0.54. The rangesare consistenwith resultsfrom
previous studies. Nixon et al. (2000) developeda populationdensity adjustmeniof
tornadocountsthatsuggestsheratio range.37to 0.73in the southerrplains. A krig-
ing methoddevelopedby Ray et al. (2003)suggestghe risk of tornadooccurrenceat
ary givenlocationin the centralUnited Stateds only 62 percentof the expectedvalue.
Thus,differentstatisticalapproachebave resultedn similarrangesl|endingcon dence

thatour modelingapproactprovidesareasonablestimateof 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 populationdensity effects have regional vari-
ability. This mayre ect one or mary demographidactorsincluding, but not limited
to, quality of construction rural constructiondensity or regionally varying reporting

standardsThe mainconclusionsre:

In Oklahomaprobability of detectionin rural areasof FO-F1tornadoesxceeds
thatof F2-F5tornadoeslit appearghatin rural areag-2-F5tornadoedave been
underestimatedn the Fujita scale,in ating theincidenceof FO-F1tornadoesn
rural areas.Theratio of reportedo actualnumberof tornadoewvariesbetween
0.97to 1.00in Oklahomacountyand0.33to 0.54in Major county within the

rangereportecelsavhere.

NearAtlanta,GA, DesMoines,|IA, andChampaignl|L, probability of detection
in rural areasof F2-F5tornadoess greatethanF0-F1tornadoesgonsistentvith
the hypothesighatF2-F5tornadoesremorefaithfully detecteddueto their

comparatrely large sizeandlong duration.

NearOmahatornadoreportsaretoo infrequentto estimatea populationeffect.

Theresultsindicatethatsomeof the spatialvariability of tornadoreportsmaybe
modeledby a measuref humanpopulationdensity In this pilot study we limited the
domainof analysigo thevicinity of populationcentersywherewe couldreasonably
presumauniform climatologicalfrequeng of tornadoe®vertheanalysisregion. We
usedpopulationdensityto adjusttornadocountsfor populationeffects. Theability of
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themodelto uncover differentbut sensiblerelationshipsetweerprobability of
detectionandpopulationdensitylaysthe groundwork for moreambitiousstudyof
populationandmeteorologicakffectsin all regions. An extensionof this work might
useclimatologicalinformationof indicesrelevantto tornadofrequeng, suchasthose
identi ed in BrooksandCraven(2002),andexaminealternatve indicesof human
density It is a challengeo estimatestatisticalmodelparametergiventhe spatialand
temporalvariability of climatologicaldata.However, hierarchicaBayesiarmodels
provide arigorousestimationprocedureandhave beenusedeffectively in similar
climatologicalstudiegWikle andAndersorn2003,ElsnerandJagge2004,Elsneretal.

2004).

We nd apopulationdensityeffectthatrunscounterto resultsin BrooksandCraven
(2002)thatsuggestneffect possiblydueto changesn reportingstandardsWhereas
BrooksandCraven (2002)hypothesizérom meteorologicakvidencethatsomeF2-F5
tornadoreportsin 1953-1973may have beenoverratedf contemporaryating
standardsvereapplied,we hypothesizdérom reportdatathatsomeF2-F5tornadoesn
rural OklahomawereunderratedThe hypothesearenot necessarilyat oddswith one
another They might simply re ect differencef samplessinceour analysiss of
regionalratherthannationaltornadoreports.It would beinterestingo adjust
simultaneouslyor meteorologicatonditionsandunderreportinglueto variationsin
populationdensityto betterunderstandegionalvariationsin relatve importanceof
bothfactors.Furthermoreanadjustedornadocountthatre ects bothpopulation
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densityeffectsandmeteorologicatonditionsshouldprovide a morerealisticestimate

of climatologicaltornadofrequeng for tornadohazardmodels.
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Appendix: WinBUGS Codefor 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) {
plil<-exp(-the ta/x[ 1] )
lambdal[i]<-la mida* ar ea[i ]
sn[i]"dpois(la midalli ]* areali] *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,Cherolee,Forsyth,Gwinnett,Dekalb,
Clayton,Fayette Coweta,Carroll, Douglas,
Cobb,Pickens,Dawson,Hall, Jackson,
Barrow, Walton,Rockdale Henry Spalding,
Pike, Meriwether Troup,Heard,Clelurne,
Cherolee,HaralsonPaulding,Bartav, Gordon

ChampaigniL ChampaignFord, Vermilion, Douglas Piatt,
McLean,lroquois,Benton,Warren,Vermillion,
Edgar Coles,Moultrie, Macon,De Witt,
Logan,Tazevell, Woodford,Livingston

DesMoines,|A Polk, Story, Marion, Warren,Madison,
Dallas,Boone,Hamilton,Hardin,Marshall,
Tama,Pottavattamie MahaskaMonroe,Lucas,
Clarke, Union, Adair, Guthrie,Greene\Webster

OklahomaCity, OK | OklahomaCanadianKing sher, Logan,Lincoln,
Pottavatomie,Cleveland,Caddo Blaine,Major,
Gar eld, Noble,Payne,Creek,Okfuslkee,
Seminole PontotocMcClain, Grady

OmahaNE Douglas Pottavattamie Harrison,Shelby Cass,
MontgomeryMills, Sarpy, SaundersDodge,
WashingtonMonona,Crawford, Carroll, Audubon,
Adair, Adams,Taylor, Page ,Fremont,
CasslancasterSevard,Butler, Colfax,
Cuming,Burt

Tulsa,OK Tulsa,Creek,0OsageWashingtonRogers,
WagonerOkmulgeelincoln, Pawnee,Chautauqua
Montgomery OsageNowata,Craig,Mayes,
Cherolee,Muskogee Mcintosh,Hughes Seminole

Table 1: Populationcentersand surroundingcountiesfor which tornadoreportswere
pooled.The rst countylisted containshe populationcenter
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City
OklahomaCity: FO-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:FO-F1 9.920 | 0.0406| 0.9880| 0.2800
Tulsa:F2-F5 14.060| 0.0260| 0.9830| 0.1700
Atlanta: FO-F1 22.010| 0.0189| 0.9880| 0.4000
Atlanta: F2-F5 0.080 | 0.0080| 1.0000| 0.9970
ChampaignF0-F1 | 24.150| 0.0644| 0.8910| 0.3400
Champaignf2-F5 0.010 | 0.0099| 1.0000| 0.9950
DesMoines:FO-F1 | 17.410| 0.0410| 0.9687| 0.3600
DesMoines:F2-F5 | 0.007 | 0.0115| 1.0000| 0.9960
Omaha:FO-F1 0.003 | 0.0253| 1.0000| 0.9998
Omaha:F2-F5 0.003 | 0.0193| 1.0000| 0.9998

Table2: Populationeffect paramete( ), tornadodensityparametef ), andmaximum
andminimum probability of detection( , ) for eachcombinationof population
centerandF-scalegrouping.

23



Population| County | Reported Posterior

County Density Area | Tornadoes Mean | Std.Dev. | (2.5,97.5)
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)
Pottavatomie| 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)
Gareld 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)

Table 3: Countypopulationdensity( ), countyarea( ), re-

portednumberof tornadoeg ), andmean standardieviation,2.5and97.5percentiles
from posteriordistribution of adjustechumberof tornadoeg ).
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