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Abstract

Terroristattacksusingan aerosolizegathogerpreparatiorhave gainedcredibility
asanationalsecurityconcermaftertheanthraxattacksof 2001. Theability to character
ize suchattacks,.e., to estimatethe numberof peopleinfected,the time of infection,
andthe averagedosereceved, is importantwhen planninga medicalresponse.We
addresshis questionof characterizatiorby formulating a Bayesianinverseproblem
predicatedon a shorttime-seriesof diagnosedatientsexhibiting symptoms. To be
of relevanceto responseplanning,we limit oursehesto 3-5 daysof data. In tests
performedwith anthraxasthe pathogenwe nd thatthesedataareusuallysufcient,
especiallyif themodelof the outbreakusedin theinverseproblemis anaccurateone.
We alsoexplore the effect of modelerror—situationsfor which the modelusedin the
inverseproblemis only a partially accurateepresentationf the outbreak We nd that
while thereis a consistentiscrepang betweerntheinferredandthetrue characteriza-
tions,they arealsocloseenoughto be of relevancewhenplanningaresponse.

1To whomcorrespondencehouldbe addressedAddress:MS 9159,PO Box 969, SandiaNationalLaborato-
ries,Livermore,CA 94550-0969Email: jairay@somnet.sandiaxgd®hone:925-294-3638.



1 Intr oduction

Theanthraxattacksof 2001[1] raisedthecredibility of aerosolizeghathogenseingusedn
bioterroristattack.Early warning,eitherin theform of ananomalougncreasén syndromes
detectedby public healthmonitoringnetworks[2] or via detectionby ervironmentalsen-
sors,holdsthe highestpotentialto reducecasualtiesHowever, syndromicsurweillancecan
only provide heightenedwareness—itesultsin neitherde nite evidenceof anattacknor
in the identi cation of the pathogen. Also, the introductionof an aerosolizedbathogen
into a populationmay not always be capturedon ervironmentalsensors. Examplesin-
clude small releaseghat may not travel far, low quality formulations(coarseand heavy
particulatematter)which precipitateeasily aswell asrelease$n areaswvhich arenotwell
instrumentedIn suchacasethe rst de niti ve diagnosisof a patientwill bethe rst inti-
mationof anattack,but by thenthe diseasanay have establishedtself in the population.
Being ableto infer the characteristicef the releasqalsoreferredto asthe bioterroristor
BT attack)—i.e.thenumber of the peopleinfected,thetime of infection,andarepre-
sentatve dose recevedby theinfectedpeople—hasmportantrami cationsin planning
aresponsg¢3]. Theinferredcharacteristiceanalsosene asinitial conditionsfor various
epidemicmodelsthatcanpredicttheevolution andspreadf thediseasén apopulation4]
andits rami cation on society[3, 5].

Inferring the characteristic®df the outbreakcan be challenging. The obsenableson
which inferencesarebasedconsistof the time the diagnosedgatientsturnedsymptomatic
(typically expressedas a time interval during which they developedsymptoms)andthe
locationof their residenceandplaceof work. In caseof a very mobile population.e.g.,a
military force engagedn operationsthe location of residenceand/orwork may be hard
to de ne. The modelthat relatesthe time of exhibition of symptomsto the characteris-
tics of the genesisof the outbreakis the incubationperiod distribution, which in mary
caseds dependenbn the dosageeceived. To berelevantin anoperationalconsequence-
managemengensetheseinferenceshave to be dravn earlyin the outbreak;a time-series
obtainedfrom a 3—5day obsenationperiodmaybe consideredepresentatie. Apartfrom
scarcityof obsenations,theincubationperioddistribution usedin theinferencesnaybea
poormodelfor the particularinstanceof thediseaseThusthesenferredcharacteristicare
expectedto be ratherapproximateandquantifyingthe uncertaintyin the characterization
becomes key requirementf theinferenceprocess.

In this papemwe will limit oursehesto temporalanalysiswe will nottake thelocation
of diagnosedgatientsinto considerationFurther all testswill be performedwith anthrax
asthe pathogen.Broaduniform priorswill beusedin the inferenceprocess.We will op-
eratewithin a self-imposedimit of a 3-5day obsenation period. We presenfour cases
to demonstratéhe effect of thesizeof theoutbreak( ) andarepresentatie dosereceved
() ontheinferencesThey will alsoexplorethedemonstratéheeffectof modelmismatch
i.e. whenthe modelof anthraxusedfor theinferences a poorapproximatiorof theactual
behaior of anthrax(which produceghe obsenables/data)We concludewith anapplica-
tion of this methodto the Sverdlovsk outbreakof 1979[6]. The resultsof this studywill
provide a measuref the accurag androbustnes®f this Bayesiarmethod preparatoryto
extendingthis purelytemporalanalysisinto a spatio-temporabne.



2 Previouswork

The questionof inferring the characteristicef the genesiof an outbreakfrom a partially
obsened epidemichasnot beenextensiely studied. Waldenand Kaplan[7] developed
a Bayesianformulationto estimatethe sizeandtime of a bioterroristattackwhich they
testedon a low-doseanthraxattackcorrespondingapproximatelyto the Sverdlovsk out-
break[6] of 1979,usinganincubationperiodmodeldevelopedby Brookmeyer[8]. They
alsodemonstratedhe useof priors—priorbelief regardingthe size  of the outbreak—
to developa smoothPDF for  in spite of a smallinfectedpopulation( ) and
a shorttime-serieg5 dayslong), with datacollectedon a daily basis. An alternatie ap-
proach(maximumlik elihood)wasusedby Brookmeyer andBladeg[9] to infer the sizeof
the 2001 anthraxattacks[1], beforeestimatingthe reductionof casualtiedy the timely
administratiorof antibiotics. This inferenceprocessvasdif cult dueto the smallnumber
of symptomaticpatients(11 infecteesin 3 separatettacks). They also usedthe anthrax
incubationmodelin [8]. Both[7] and[8] developedsimilar expressiorfor thelikelihood
function, i.e., the probability of observinga time seriesgiven an attackat time  with
infectedpeople.Theincubationperioddistribution wasnot dose-dependeréandhenceno
dosagesvereinferredin thetwo studies.

Signi cantly moreeffort hasbeenspentin characterizinghe incubationperiodof in-
halationalanthrax.Thebulk of thework hasbeenexperimentalwith non-humarprimates
beingsubjectedo anthraxchallenge$10, 11, 12, 13, 14, 15]. Brookmeyeretal [8] devel-
opedalow-doseincubationperiodmodelapplicableto the Sverdlovsk outbreak theirmore
recentwork, basedon a competingrisks formulation, includesdose-dependendé&6]. A
moreempiricalstudy but basedon signi cantly moredata,wasdonerecentlyby Wilken-
ing [17], wherehe comparedour differentmodelscalledModelsA, B, C andD. Model D
is a slight modi cation of Brookmeyer's dose-dependemhodeldescribedn [16]. While
Wilkening's Model A agreedwith Model D atthe high-dosdimit, theirlow-dosebehavior
wasdifferent. Further Wilk eningdevelopedtwo variantsof his Model A, A1 andA2. Al
is a simplermodelbut its comparisorwith experimentalresultsis slightly worsethanA2.
In this study we will useWilkening's Models A2 andD for simulatedBT attackswhile
Model A2 will beusedin theinferencescheme.

An effort with aimssimilarto oursis theBayesiamerosolReleas®etecto{BARD) [18].
It posesaninverseproblemto infer the locationandheightof ananthraxreleasegthe ap-
proachis generabut hasonly beentestedwith anthrax) thetime of releaseandthequantity
of materialreleasedTheobsenablesarethe numberof respiratoryisits to emegeng de-
partmentsollatedin 24-hourintervalsandby zip code- suchinformationcanbe obtained
from typical syndromicsuneillance systemssuchas RODS [19, 20]. BARD doesnot
calculatethethenumberof peopleinfectedor thedosage however, givenPDFsfor thelo-
cationandquantity themagnitudeof theoutbreakandthedosagemaybetrivially obtained
by usingthe BARD inferencesastheinitial conditionin a Gaussiarplumeto dispersethe
aerosoland using Glassmars [21] (or Druett's [22]) modelto decidethe probability of
infection.

3 Theinverseproblem

Considemnattackattime where peopleareinfectedwith eachofthe peoplerecev-
ing thesamedoseof anthraxsporesTheincubationperiodobeys a dose-dependenlis-



tribution; we referto its cumulative distribution function (CDF) as . Forafew days

(say3-5days)we canexpect(1l) aseries of times,theendpointof 24-
hr intervals, whenpatients'symptomsareobsernedand(2) the series , of
new patientawvho turnedsymptomatidetween and where ,
and isaconstantWe de ne survival probabilityas . Wecan
statethe problemassuch: Given a time-series , of patientsshowing
symptomsover afew days,estimate from thesedata.

Let bethetotal numberof peoplewho have developedsymptomsby
Thus infectedpeoplearestill asymptomati@andthe probability of suchan event
is . Theprobabilitythat  peoplewill developsymptomsn the
time interval between and is . Theproba-
bility of observingthe time-seriegivenaBT attackcharacterizedy

, or equialently, thelikelihoodfunction ,is

1)

Exploiting Bayesrule, we obtain
2
where and arethe priorsfor , and and is
the probability of observinga time-seriesin ary circumstance.In
this study we usebroaduniform distributionsaspriors. Thejoint probability distribution
is maminalizedto obtainindividual PDFsfor , and

. A moredetailedderivationcanbefoundin [23].

TheCDF in Eg. 1 canbeeitherthatof Wilkening's Model A2 or D. Thesecan

befoundin [23, 17]. Theparameteri thesemodelswereobtainedby tting totheincuba-
tion periodsobsenedin experimentswith non-humarprimates(performedby Henderson
etal [10] andFriedlandeet al [13]) andthe datafrom the Sverdlovsk outbreak.However,
the averagedoseduringthe Sverdlovsk outbreakhadto beinferredfrom atmospherialis-
persionmodelsandthe probability of exhibiting symptomg(in in nite time) givena dose
of  spores.Thiswasdoneby Wilkening[17]. If oneusesGlassmars model[21] for the
probability of infection, one obtainsan averagedoseof 2.4 spores. Alternatively, if one
usesDruett's model[22] oneobtainsa doseof 300 spores. Wilkeningretainedboth the
possibilitiesandincorporatedheminto separatanodels. Model D is basedon a doseof
300sporesat Sverdlorskwhile A2 assume®.4 spores.

In Fig. 1, we plot the medianincubationperiod as predictedby Model A2 andD, as
a function of dosage . The dosageat Sverdlovsk, inferred as 2.4 spores(represented
by ) is usedto derive the parametergor Model A2 (solid line); the alternatve inference
of 300 spores(representethy a lled ) is usedfor Model D (dashedine). Studiesby
Hendersorj10] with , and sporeqrepresenteas lled )
and Friedlanderwith spores(representethy lled ) wereusedto derive the
parameter®f both the models. Studiesby Ivins et al [14] (unlled ) and Gleiseret
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Figurel: The medianincubationperiodfor anthraxasa functionof dosage . Thesolid

line is Model A2 which assumes doseof 2.4 sporesat Sverdlovsk, while the dashed
line is Model D, which assumes300 spores. The solid symbolsare medianincubation
periodswhich were obtainedfrom experimentalinvestigationsor from the datafrom the

Swerdlovsk outbreak.Symbolswhich arenot lled denoteexperimentsvherethe popula-
tion of primatesweretoo smallto draw statisticallymeaningfulresults. The experiments
by Brachmaret al [15] areshown by verticallines betweersymbols. In thesetests,only

thelower andupperboundsof theincubationperiodwereprovided. Thesewerenot used
for determiningmodelparameterandareonly providedfor reference.

al [12] (unlled ) wereconductedvith very few primatesand consequentlare plotted
only for reference Brachmar{15] conductedstudieswherehetried to simulatethe effect
of alow dose recevedregularly over an extendedperiodof time, asmight be the casein

a contaminatedvool-sortingmill. The primateswentthroughextendedperiodswhenthey

recevednosporesatall. Thedosewascalculatedasthetotal numberof sporesreathedn

andwasgenerallylow, betweenl000and10,000sporesWe plot therangesof incubation
periodsobsened(only therangewasprovided)for variousdosagegor reference.

We seethatthetestsby Gleiseret al andlvins et al agreewith boththe models,which
in turn agreewith eachother, exceptatthelow doselimit. Brachmanstestsshav median
incubationperiodswhich areat oddswith the models' predictions;however the modeof
infection, that approximatinga continuouslow-level infection processspreadover days
or monthswas very differentfrom the quick (timescaleof an hour) challengeonewould
expectin a BT attack. Both the modelsshawv a kink at ; thisis becausehey are



evaluatedwith a lower valueof ( ) correspondingo a primate

of 55,000sporesfor comparisorwith primateanthraxchallengeresultsat the high
doselimit, while the low dosepredictionswere developedwith a human of 8600
sporedor comparisorwith the inferenceof the dosereceived at Sverdlovsk. To the best
of the authors'knowledge, this is the sumtotal of experimentaldataobtainedfrom an-
thraxchallenge®f non-humarprimateswhereincubationtimesweremeasuredWe have
omitteda study by Klein et al [24] in which anincubationperiodincreasewvasobsenred
with increasinglosespbecaus@nly oneprimatewassubjectedo a givendose makingthe
behaior statisticallyunreliable.

In [23], Eqg. 2 was usedto infer “idealized” attackswhere peoplewere infected
identicallywith  sporeseach. Wilkening's Model A2 wasusedto evolve the diseasan
eachpersonandwasalsousedto infer the attack- thusthe only sourceof uncertaintyin
the inferenceswvasthe incompletenes§3-5 days)of the obsenables. It wasnoticedthat
the time of the attack was generallyeasyto infer regardlessof the size of the attack.
Thedose wasyvirtually impossiblefor small ) attacksandin generallarge
attackswere easierto infer accuratelythan smallerones. In somecasesthe obsered
datasupportednultiple characterizationandsometimeshewrongcharacterizatiomore
thanthe correctone) but with the availability of data(and consequentlyime) the correct
characterizatiomvasalwaysrecovered.

4 Results

4.1 Testswith simulated attacks

We conductfour testswith simulatedanthraxBT attacks.Theinfectedpopulationof size
recevesarangeof dosege ecting atmospheriaispersiorof anaerosolizegathogen.
We assumea generalpopulationdensity distribution over a 10 km squaredomain, over
whichwerelease  sporesAssuminga4 m/swind anda Pasquillstability classof “B”,
we usea Gaussiarplumeto developdosecontoursandexposethe population.For CaseA
andB, we useGlassmars model[21] to determinehe probability of infectionof a person
exposedio adose while for Case<C andD, we useWilkening's Model D. Quantilesof
thedosedistribution for thefour casesarein Tablel. Notethat80% of theinfectedpeople
receve arangeof dosesspanninganorderof magnitude Detailscanbe foundin [23].

In Cased andB, theevolutionof anthraxn theinfectedpeopleis governedoy Wilken-
ing's Model A2; this modelis alsousedin theinferenceprocess.Thusuncertaintyin the
inferenceis dueto theincompletenatureof the obsenationsandthe errorsincurredby t-
ting a constandosemodel(Eqg. 2) to variabledosedata.ln Case<C andD, we useModel
D for the evolution of anthraxin theinfectedpeople;however, Model A2 is usedin thein-
ferenceprocessTablel containghetime-seriedor thefour attacks aswell asthe correct

valuesof and ,theaveragedosereceivedbythe infectedpeople.
In Fig. 2 we plot the probability densityfunctions(PDFs)for CasesA andB for
and . In Table2 we talulatetheir maximuma priori (MAP) estimatesand 90 %

credibility intervals (Cls) developedfor the dataavailableon Day 5. Thesearecompared
with thetrue characterizationsom Tablel. Sincetheinfectedpopulationrecevesarange
of doseswe comparehelogarithmof the mediandose to thelogarithmof the
“representatie” dose inferredby tting aconstantdosemodelto variabledose
data.In CaseB we seemultimodalPDFsfor and with Day 5 data,thoughby Day 7
(see[25] for databeyondDay 5) the PDFsarenarrov andunimodal. The90%Clsfor



Time CaseA CaseB CaseC CaseD

0 1 9 1 3

1 5 73 5 208

2 15 317 7 478

3 29 522 11 565

4 40 628 15 490

5 31 556 19 410
318 4537 161 4453
-15 -1.25 -0.75 -0.5

2912.8 13,150.4 3606.5 16,532

Table 1: The daily numberof new symptomaticpatientsfor CasesA, B, C andD. The

middle 3 rows of thetable provide the true characteristicef the attacks.  is the mean
of the dosedistribution, in units of spores. , thetime of the attack/infectionjs measured
fromthemomentthe rst patientexhibitedsymptomsandis thereforealwaysnegative. The

values arequantilesof the dosedistribution; % of theinfectedpopulationrecevesa

doseof  sporewrless.Timeis measuredn days.

and braclet the true values. The time of the attackis easilyinferred,though
withing the nite time resolutionof the obseneddata. The doseis harderto infer in the
smallerCaseA. Thuswhile the errorsintroducedby violating the assumptiorof constant
dosein Eq. 2 arenot nggligible, the currentformulationprovidesa reasonabl@anduseful
characterizatiowof the attack.

We now proceedo CasesC andD. Theseincludea systematiaifferencebetweerthe
actualevolution of the attackandthe modelusedto interpretthe data. Table1 containsthe
obsenationsandthe correctcharacterizationf the attack. SinceModel A2 (usedin the
inference)generallypredictsa smallershorterincubationperiodscomparedo Model D
(seeFig. 1), therisein theepidemiccurve, assimulatedwith Model D, will beslowverthan
that predictedby Model A2. Whenthis datais interpretedusingModel A2, the posterior
distribution compensateébr the slower growth by underestimating i.e. by suggesting
a smallerattack. In Fig. 3 we plot PDFsfor CasesC andD. We seethatthe PDF for
for CaseD is bimodalwhenonly 3 daysof dataareavailable;with moredata,the PDFis
unimodal. ThePDFfor for CaseC ( ) istoobroadto beveryinformative.
The MAP estimatefor , and aretalulatedin Table2. The MAP estimateof

is very closeto the correctvaluefor CaseC andlower thanthe true numberfor CaseD
(for reasonexplainedabove). is inferredabouta daytoo late. Theinferreddose(MAP
estimate)s within anhalf anorderof magnitudeof thetrue gure.

4.2 The Swerdlovsk incident of 1979

It is suspectedhat on April 2 , 1979, therewas an accidentalreleaseof a high-grade
anthraxformulationfrom a military facility in Sverdlovsk, Russia[6]. 70 peoplearebe-
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Case
A 400, 318 -1.4=5, -1.5 3.0, 3.46
[225.8,580.2] [-1.97,-0.73] [0.48,4.12]

B 4200, 4437 -1.5, -1.25 4.0, 4.09
[3894,5143] [-1.67,-1.33]  [3.8,4.7]

C 170, 161  -1.5, -0.75 2.5, 3.52
[124.9,238.9] [-2.4,-0.94] [0.263,3.87]

D 2800, 4453 -1.5, -0.75 4.5, 4.20
[2726,2998]  [1.97,-1.3] [4.272,4.725]

Swerd- 50, 75-80 -2, -2 1.3, ?
lovsk [41.15,66.49] [-3.22,-1.38]  [0.18,3.5]

Table2: The MAP estimateandthe 90%credibility intervals (in squarebraclets)for
and ascalculatedrom datain Tablel. Datafrom Day 5 (Day 9 for Sverdlovsk)
areused.Correctvaluesfor and arein . The“correct” representatie doseis taken
to be , alsoin

lievedto have died[6, 8] andit hasbeenestimatedhat80 wereinfected[8]. This estimate
wasobtainedunderthe assumptiorthat all the fatalitiesweredueto inhalationalanthrax.
The Swerdlovsk outbreakprovidesa goodreal-world testcasefor our inferenceprocedure.
Wilkening[17] estimateghatthe averagedosagewaseitheraround2-3 sporesbasedon
his Model A, or around300sporeshasedon his Model D, which is similar to the compet-
ing risksmodelof Brookmeyer[16]. Meselsor{6] estimated00-2000sporesasthelikely
dosage.

The Swverdlovsk casepresentsigni cant challengeslt wasalow-doseattackinfecting
fewer than a hundredpeople. The rst patientwas detectedon April 4 , 1979. The
time-seriesof symptomonsetis available on a day-by-daybasisin [26]. Around April
12 , tetrag/cline wasadministerecaroundSwverdlovsk; aroundthe middle of April people
were vaccinated. Theseprophylacticmeasuregrobablycureda few andincreasedhe
incubationperiodin others.Further the datawe work with almostcertainlycontainssome
recordingerrors. Noisinessof the data,the effect of prophylaxis(whichis not modeledin
our inferenceprocess)andthe small sizeof the infectedpopulationareexpectedto stress
ourinferenceprocess.

In Fig. 4 weplottheinferencegor , and , basednthedatain [26]. Model
A2 is usedfor inference.Thedatawascollectedonadaily basisfor 42 days thedurationof
theoutbreak.Thetime of release waseasyto infer. The PDFsfor dosaggomittedhere)
areindeterminate.Theinferencefor  centersaround50 by Day 9 (April 13 ), though
the earlierinferencesunderestimate . Neverthelesswe are certainlywithin a factor of
two of thecorrectvalueof  evenwith 9 daysof data.By Day 9 it is alsoclearthatthethe
sizeof the outbreakwould almostcertainlybe lessthan 100. However, medicalmeasures
duringthe outbreakaffectedabout59,000peoplein the Chkalosskiy raion, of which about
80% werevaccinatedat leastonce[6]. In Table2, we summarizehe MAP estimatesand
con denceintervalsdevelopedfrom 9 daysof data.

10



= Day 2
77777 Day 4
Day 9

0.04 |-

0.03f |/

p (N)

p(t)

002 | wm,

0.01 7—{

AP I ik L T
60 80 100 120 140
Size of attack (N)
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5 Conclusions

We have developeda Bayesiamapproacho characterizeBT attacksfrom atime seriesof
diagnosedpatients. Our testswith anthraxshow that an obsenation period of 3-5 days
may be sufcient to estimatethe numberof asymptomatidnfected people,the time of
infection,anda representatie dose,andto provide quanti ed uncertaintyintervalsaround
theseestimatesin theabsencef anaccurateliseasenodel,we mayarrive within afactor
of two of the sizeof the attack. Theresolutionof thetime seriesof diagnosegatientshas
asmallimpactif thediseasenodelis accurateptherwisemmodelerrorsdominate.

This Bayesianapproachis amenableto extensionand improvementin mary ways.
Informative prior distributionsfor ~ and , dravn from syndromicsuneillancedata,may
increasethe ef ciency of theinferenceprocess.The ability to “fuse” disparatesourceof
datavia prior distributionscontributessigni cantly to therobustnes®f Bayesiarinference
in data-staredernvironments.Onecouldalsoincorporateatmospheri¢ransporiprocesses
into thelikelihoodfunction, thususingthe spatiallocationsof diagnosegatientsto guide
posteriorestimatesthoughfor urbanterrainsthis couldleadto veryinvolvedcomputations.
Also, the presentapproachcanimmediatelybe appliedto othernoncontagiousliseases,
aswell asto contagiousdiseasesvith long incubationperiods,suchas smallpox,where
secondargasesio not appeaiin the earlytime seriesof patientdata.

Theimportanceof quantitatvely characterizin@ BT attackwasexplicitly identi ed in
the“Dark Winter” exercise [3]. Participantssoughtthe ability “. ..to immediatelypredict
thelikely sizeof the epidemicon the basisof theinitial casesto know how mary people
wereexposed. Thusthe primary utility of our inferenceprocedurds within the frame-
work of a responseplan. Responsdo a BT attackwould typically involve con rmatory
testingandlogistics(thetransporiof medicalmaterielandpersonnel)both of which could
be bettertargetedby a quantitatve characterizatiomf the attack. The probabilisticchar
acterizationgdevelopedhere,along with resourcehedgingfor risk-mitigation, supporta
measued approactio addressin@dT attacks.In additionto beingmoresustainablemea-
suredresponsesnay introducefewer undesirableside effects and be lesssusceptibleto
feints.
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