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Abstract

Terroristattacksusinganaerosolizedpathogenpreparationhave gainedcredibility
asanationalsecurityconcernaftertheanthraxattacksof 2001.Theability to character-
ize suchattacks,i.e., to estimatethenumberof peopleinfected,the time of infection,
and the averagedosereceived, is importantwhenplanninga medicalresponse.We
addressthis questionof characterizationby formulatinga Bayesianinverseproblem
predicatedon a short time-seriesof diagnosedpatientsexhibiting symptoms. To be
of relevanceto responseplanning,we limit ourselves to 3–5 daysof data. In tests
performedwith anthraxasthepathogen,we �nd that thesedataareusuallysuf�cient,
especiallyif themodelof theoutbreakusedin theinverseproblemis anaccurateone.
We alsoexploretheeffect of modelerror—situationsfor which themodelusedin the
inverseproblemis only apartiallyaccuraterepresentationof theoutbreak.We�nd that
while thereis a consistentdiscrepancy betweentheinferredandthetruecharacteriza-
tions,they arealsocloseenoughto beof relevancewhenplanninga response.

1To whomcorrespondenceshouldbeaddressed.Address:MS 9159,POBox 969,SandiaNationalLaborato-
ries,Livermore,CA 94550-0969.Email: jairay@somnet.sandia.gov. Phone:925-294-3638.
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1 Intr oduction

Theanthraxattacksof 2001[1] raisedthecredibility of aerosolizedpathogensbeingusedin
bioterroristattack.Earlywarning,eitherin theformof ananomalousincreasein syndromes
detectedby public healthmonitoringnetworks [2] or via detectionby environmentalsen-
sors,holdsthehighestpotentialto reducecasualties.However, syndromicsurveillancecan
only provideheightenedawareness—itresultsin neitherde�nite evidenceof anattacknor
in the identi�cation of the pathogen.Also, the introductionof an aerosolizedpathogen
into a populationmay not always be capturedon environmentalsensors.Examplesin-
cludesmall releasesthat may not travel far, low quality formulations(coarseandheavy
particulatematter)which precipitateeasily, aswell asreleasesin areaswhich arenot well
instrumented.In sucha case,the�rst de�niti vediagnosisof a patientwill bethe�rst inti-
mationof anattack,but by thenthediseasemayhave establisheditself in thepopulation.
Beingableto infer thecharacteristicsof the release(alsoreferredto asthebioterroristor
BT attack)—i.e.,thenumber� of thepeopleinfected,thetime � of infection,andarepre-
sentativedose� receivedby theinfectedpeople—hasimportantrami�cationsin planning
a response[3]. The inferredcharacteristicscanalsoserve asinitial conditionsfor various
epidemicmodelsthatcanpredicttheevolutionandspreadof thediseasein apopulation[4]
andits rami�cation onsociety[3, 5].

Inferring the characteristicsof the outbreakcanbe challenging. The observableson
which inferencesarebasedconsistof thetime thediagnosedpatientsturnedsymptomatic
(typically expressedas a time interval during which they developedsymptoms)and the
locationof their residenceandplaceof work. In caseof a very mobilepopulation,e.g.,a
military force engagedin operations,the locationof residenceand/orwork may be hard
to de�ne. The model that relatesthe time of exhibition of symptomsto the characteris-
tics of the genesisof the outbreakis the incubationperiod distribution, which in many
casesis dependenton thedosagereceived. To berelevantin anoperational,consequence-
managementsense,theseinferenceshave to bedrawn early in theoutbreak;a time-series
obtainedfrom a 3–5dayobservationperiodmaybeconsideredrepresentative. Apart from
scarcityof observations,theincubationperioddistributionusedin theinferencesmaybea
poormodelfor theparticularinstanceof thedisease.Thustheseinferredcharacteristicsare
expectedto beratherapproximate,andquantifyingtheuncertaintyin thecharacterization
becomesa key requirementof theinferenceprocess.

In this paperwe will limit ourselvesto temporalanalysis;we will not take thelocation
of diagnosedpatientsinto consideration.Further, all testswill beperformedwith anthrax
asthepathogen.Broaduniform priorswill beusedin the inferenceprocess.We will op-
eratewithin a self-imposedlimit of a 3–5dayobservationperiod. We presentfour cases
to demonstratetheeffectof thesizeof theoutbreak( � ) andarepresentativedosereceived
( � ) ontheinferences.They will alsoexplorethedemonstratetheeffectof modelmismatch
i.e. whenthemodelof anthraxusedfor theinferenceis apoorapproximationof theactual
behavior of anthrax(which producestheobservables/data).We concludewith anapplica-
tion of this methodto theSverdlovsk outbreakof 1979[6]. Theresultsof this studywill
providea measureof theaccuracy androbustnessof this Bayesianmethod,preparatoryto
extendingthis purelytemporalanalysisinto aspatio-temporalone.
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2 Previous work

Thequestionof inferring thecharacteristicsof thegenesisof anoutbreakfrom a partially
observed epidemichasnot beenextensively studied. WaldenandKaplan [7] developed
a Bayesianformulation to estimatethe sizeand time of a bioterroristattackwhich they
testedon a low-doseanthraxattackcorresponding,approximately, to theSverdlovsk out-
break[6] of 1979,usingan incubationperiodmodeldevelopedby Brookmeyer [8]. They
alsodemonstratedthe useof priors—priorbelief regardingthe size � of theoutbreak—
to develop a smoothPDF for � in spiteof a small infectedpopulation( ���

�����

) and
a shorttime-series(5 dayslong), with datacollectedon a daily basis.An alternative ap-
proach(maximumlikelihood)wasusedby BrookmeyerandBlades[9] to infer thesizeof
the 2001anthraxattacks[1], beforeestimatingthe reductionof casualtiesby the timely
administrationof antibiotics.This inferenceprocesswasdif�cult dueto thesmallnumber
of symptomaticpatients(11 infecteesin 3 separateattacks).They alsousedthe anthrax
incubationmodelin [8]. Both [7] and[8] developedsimilar expressionfor the likelihood
function, i.e., theprobabilityof observinga time seriesgivenan attackat time � with �

infectedpeople.Theincubationperioddistribution wasnot dose-dependent,andhenceno
dosageswereinferredin thetwo studies.

Signi�cantly moreeffort hasbeenspentin characterizingthe incubationperiodof in-
halationalanthrax.Thebulk of thework hasbeenexperimental,with non-humanprimates
beingsubjectedto anthraxchallenges[10, 11, 12, 13, 14, 15]. Brookmeyeret al [8] devel-
opedalow-doseincubationperiodmodelapplicableto theSverdlovskoutbreak;theirmore
recentwork, basedon a competingrisks formulation,includesdose-dependence[16]. A
moreempiricalstudy, but basedon signi�cantly moredata,wasdonerecentlyby Wilken-
ing [17], wherehecomparedfour differentmodelscalledModelsA, B, C andD. ModelD
is a slight modi�cation of Brookmeyer's dose-dependentmodeldescribedin [16]. While
Wilkening'sModelA agreedwith ModelD at thehigh-doselimit, their low-dosebehavior
wasdifferent.Further, Wilkeningdevelopedtwo variantsof his Model A, A1 andA2. A1
is a simplermodelbut its comparisonwith experimentalresultsis slightly worsethanA2.
In this study, we will useWilkening's ModelsA2 andD for simulatedBT attackswhile
Model A2 will beusedin theinferencescheme.

An effort with aimssimilarto oursis theBayesianAerosolReleaseDetector(BARD) [18].
It posesan inverseproblemto infer the locationandheightof ananthraxrelease(theap-
proachis generalbut hasonly beentestedwith anthrax),thetimeof releaseandthequantity
of materialreleased.Theobservablesarethenumberof respiratoryvisits to emergency de-
partmentscollatedin 24-hourintervalsandby zip code- suchinformationcanbeobtained
from typical syndromicsurveillancesystemssuchas RODS [19, 20]. BARD doesnot
calculatethethenumberof peopleinfectedor thedosage- however, givenPDFsfor thelo-
cationandquantity, themagnitudeof theoutbreakandthedosagemaybetrivially obtained
by usingtheBARD inferencesastheinitial conditionin a Gaussianplumeto dispersethe
aerosolandusingGlassman's [21] (or Druett's [22]) model to decidethe probability of
infection.

3 The inverseproblem

Consideranattackattime � where� peopleareinfected,with eachof the � peoplereceiv-
ing thesamedoseof � anthraxspores.Theincubationperiodobeysadose-dependentdis-
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tribution;wereferto its cumulativedistributionfunction(CDF)as ������� ��� . For afew days
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� of times,theendpointsof 24-
hr intervals,whenpatients'symptomsareobservedand(2) theseries� 
 ��
 �

�������

	

, of
new patientswhoturnedsymptomaticbetween� 
���� � and � 
 where� 
�� � 
���� � � ����
��

�

,
and � � is aconstant.Wede�ne survival probabilityas �! �"$#&%'����� ��� �

�

� ������� ��� . Wecan
statethe problemassuch: Given a time-series��� 
 �(� 
 ����
 �

�������

	

, of patientsshowing
symptomsovera few days,estimate� �)� �*� ��� from thesedata.

Let + �-,/.


1032

� 
 bethetotalnumberof peoplewhohavedevelopedsymptomsby �

.

.
Thus � � + infectedpeoplearestill asymptomaticandthe probability of suchan event
is 45�6 �"$#&%'���

.

� �*� ���87$9

�;: . Theprobabilitythat � 
 peoplewill developsymptomsin the
time interval between�(
��3� and ��
 is 45������
 � �*� ��� � ������
 �<� � � �*� ���87$=?> . Theproba-
bility of observingthe 4$�(
��(�3
(7@��
 �

�A�����

	

time-seriesgivenaBT attackcharacterizedby
� �B� �*� ��� , or equivalently, thelikelihoodfunction C , is

CD� �)� �*� ���FE GH��4���
(�(�3
(7@�(
 �

�������

	JI

�)� �K� ���

�

�ML

� �
�

+N��L8OP.


Q0�2

�3
�L

R

45�
 �"$#&%

���

.

�
�K� ����7

9

�S:

R

.

T


Q0�2

45������

�

�K� ���
�

������
����
�

�*� ���87

=U>

�

(1)

ExploitingBayesrule,weobtain

V

� �)� �*� �

I

4���
��(�3
�7@��
 �

�A�����

	

� �

CW� �)� �K� ���

V

9

� �P�

VYX

� �K�

VYZ

� ���

V

�[4$�



���



7��(
 �

�������

	

�

(2)

where V
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time-seriesin any circumstance.In
this study, we usebroaduniform distributionsaspriors. The joint probabilitydistribution
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� is marginalizedto obtainindividual PDFsfor � , � and
� . A moredetailedderivationcanbefoundin [23].

TheCDF ������� ��� in Eq.1 canbeeitherthatof Wilkening'sModelA2 or D. Thesecan
befoundin [23, 17]. Theparametersin thesemodelswereobtainedby �tting to theincuba-
tion periodsobservedin experimentswith non-humanprimates(performedby Henderson
et al [10] andFriedlanderet al [13]) andthedatafrom theSverdlovskoutbreak.However,
theaveragedoseduringtheSverdlovskoutbreakhadto beinferredfrom atmosphericdis-
persionmodelsandtheprobabilityof exhibiting symptoms(in in�nite time) givena dose
of � spores.This wasdoneby Wilkening[17]. If oneusesGlassman's model[21] for the
probability of infection, oneobtainsan averagedoseof 2.4 spores.Alternatively, if one
usesDruett's model [22] oneobtainsa doseof 300 spores.Wilkeningretainedboth the
possibilitiesandincorporatedtheminto separatemodels.Model D is basedon a doseof
300sporesat Sverdlovskwhile A2 assumes2.4spores.

In Fig. 1, we plot the medianincubationperiodaspredictedby Model A2 andD, as
a function of dosage� . The dosageat Sverdlovsk, inferred as 2.4 spores(represented
by \ ) is usedto derive theparametersfor Model A2 (solid line); thealternative inference
of 300 spores(representedby a �lled ] ) is usedfor Model D (dashedline). Studiesby
Henderson[10] with ^

� �

R

� �@_

, `

� a

R

� �?_

and b

� c

R

� �?_

spores(representedas�lled d )
andFriedlanderwith `

� e

R

���@_

spores(representedby �lled f ) wereusedto derive the
parametersof both the models. Studiesby Ivins et al [14] (un�lled f ) and Gleiseret
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Figure1: Themedianincubationperiodfor anthraxasa functionof dosage� . Thesolid
line is Model A2 which assumesa doseof 2.4 sporesat Sverdlovsk, while the dashed
line is Model D, which assumes300 spores. The solid symbolsare medianincubation
periodswhich wereobtainedfrom experimentalinvestigationsor from the datafrom the
Sverdlovskoutbreak.Symbolswhich arenot �lled denoteexperimentswherethepopula-
tion of primatesweretoo small to draw statisticallymeaningfulresults.Theexperiments
by Brachmanet al [15] areshown by vertical linesbetweensymbols.In thesetests,only
the lower andupperboundsof the incubationperiodwereprovided. Thesewerenot used
for determiningmodelparametersandareonly providedfor reference.

al [12] (un�lled � ) wereconductedwith very few primatesandconsequentlyareplotted
only for reference.Brachman[15] conductedstudieswherehetried to simulatetheeffect
of a low dose,receivedregularly over anextendedperiodof time, asmight bethecasein
a contaminatedwool-sortingmill. Theprimateswentthroughextendedperiodswhenthey
receivednosporesatall. Thedosewascalculatedasthetotalnumberof sporesbreathedin
andwasgenerallylow, between1000and10,000spores.We plot therangesof incubation
periodsobserved(only therangewasprovided)for variousdosagesfor reference.

We seethatthetestsby Gleiseret al andIvins et al agreewith boththemodels,which
in turn agreewith eachother, exceptat thelow doselimit. Brachman's testsshow median
incubationperiodswhich areat oddswith the models'predictions;however themodeof
infection, that approximatinga continuous,low-level infection processspreadover days
or monthswasvery differentfrom the quick (timescaleof an hour) challengeonewould
expectin a BT attack.Both themodelsshow a kink at � �

� ���

; this is becausethey are
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evaluatedwith a lower valueof � ( �

�?�

`

R

���

���������;��� ) correspondingto a primate
	�


_

2 of 55,000sporesfor comparisonwith primateanthraxchallengeresultsat the high
doselimit, while the low dosepredictionswere developedwith a human

	�


_

2 of 8600
sporesfor comparisonwith the inferencesof thedosereceivedat Sverdlovsk. To thebest
of the authors'knowledge,this is the sumtotal of experimentaldataobtainedfrom an-
thraxchallengesof non-humanprimateswhereincubationtimesweremeasured.We have
omitteda studyby Klein et al [24] in which an incubationperiodincreasewasobserved
with increasingdoses,becauseonly oneprimatewassubjectedto agivendose,makingthe
behavior statisticallyunreliable.

In [23], Eq. 2 was usedto infer “idealized” attackswhere � peoplewere infected
identicallywith � sporeseach.Wilkening's Model A2 wasusedto evolve thediseasein
eachpersonandwasalsousedto infer theattack- thustheonly sourceof uncertaintyin
the inferenceswasthe incompleteness(3–5 days)of the observables. It wasnoticedthat
the time of the attack � wasgenerallyeasyto infer regardlessof the sizeof the attack.
The dose � wasvirtually impossiblefor small ( �
�

��� �

) attacksand in generallarge
attackswere easierto infer accuratelythan smallerones. In somecases,the observed
datasupportedmultiplecharacterizations(andsometimesthewrongcharacterizationmore
thanthecorrectone)but with theavailability of data(andconsequentlytime) thecorrect
characterizationwasalwaysrecovered.

4 Results

4.1 Testswith simulatedattacks

We conductfour testswith simulatedanthraxBT attacks.The infectedpopulationof size
� receivesa rangeof dosesre�ecting atmosphericdispersionof anaerosolizedpathogen.
We assumea generalpopulationdensitydistribution over a 10 km squaredomain,over
whichwerelease

���

�

�

spores.Assuminga4 m/swind andaPasquillstabilityclassof “B”,
we usea Gaussianplumeto developdosecontoursandexposethepopulation.For CaseA
andB, we useGlassman'smodel[21] to determinetheprobabilityof infectionof a person
exposedto a dose� while for CasesC andD, we useWilkening'sModel D. Quantilesof
thedosedistribution for thefour casesarein Table1. Notethat80%of theinfectedpeople
receivea rangeof dosesspanninganorderof magnitude.Detailscanbefoundin [23].

In CasesA andB, theevolutionof anthraxin theinfectedpeopleisgovernedbyWilken-
ing's Model A2; this modelis alsousedin the inferenceprocess.Thusuncertaintyin the
inferenceis dueto theincompletenatureof theobservationsandtheerrorsincurredby �t-
ting a constantdosemodel(Eq.2) to variabledosedata.In CasesC andD, we useModel
D for theevolutionof anthraxin theinfectedpeople;however, Model A2 is usedin thein-
ferenceprocess.Table1 containsthetime-seriesfor thefour attacks,aswell asthecorrect
valuesof �)� � and � , theaveragedosereceivedby the � infectedpeople.

In Fig. 2 we plot theprobabilitydensityfunctions(PDFs)for CasesA andB for � , �

and �����

��2

� ��� . In Table2 we tabulatetheir maximuma priori (MAP) estimatesand90 %
credibility intervals(CIs) developedfor thedataavailableon Day 5. Thesearecompared
with thetruecharacterizationsfrom Table1. Sincetheinfectedpopulationreceivesarange
of doses,wecomparethelogarithmof themediandose�����

�[2

� �

_

2
� to thelogarithmof the

“representative” dose�����

��2

� ��� inferredby �tting a constantdosemodelto variabledose
data. In CaseB we seemultimodalPDFsfor � and � with Day 5 data,thoughby Day 7
(see[25] for databeyondDay 5) thePDFsarenarrow andunimodal.The90%CIs for � ,
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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
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Table1: The daily numberof new symptomaticpatientsfor CasesA, B, C andD. The
middle 3 rows of the tableprovide the true characteristicsof the attacks.

�

� is the mean
of thedosedistribution, in unitsof spores.� , thetime of theattack/infection,is measured
from themomentthe�rst patientexhibitedsymptomsandis thereforealwaysnegative.The
values��� arequantilesof thedosedistribution; 
 % of the infectedpopulationreceivesa
doseof ��� sporesor less.Time is measuredin days.

� and �����

��2

� ��� bracket the true values.The time of theattackis easilyinferred,though
withing the �nite time resolutionof the observeddata. The doseis harderto infer in the
smallerCaseA. Thuswhile theerrorsintroducedby violating theassumptionof constant
dosein Eq. 2 arenot negligible, thecurrentformulationprovidesa reasonableanduseful
characterizationof theattack.

We now proceedto CasesC andD. Theseincludea systematicdifferencebetweenthe
actualevolutionof theattackandthemodelusedto interpretthedata.Table1 containsthe
observationsandthe correctcharacterizationof the attack. SinceModel A2 (usedin the
inference)generallypredictsa smallershorterincubationperiodscomparedto Model D
(seeFig. 1), therisein theepidemiccurve,assimulatedwith ModelD, will beslower than
thatpredictedby Model A2. Whenthis datais interpretedusingModel A2, theposterior
distribution compensatedfor the slower growth by underestimating� i.e. by suggesting
a smallerattack. In Fig. 3 we plot PDFsfor CasesC andD. We seethat the PDF for �

for CaseD is bimodalwhenonly 3 daysof dataareavailable;with moredata,thePDFis
unimodal.ThePDFfor �����

��2

� ��� for CaseC( � �

��c �

) is toobroadtobeveryinformative.
TheMAP estimatefor � , � and �����

��2

� ��� aretabulatedin Table2. TheMAP estimateof
� is verycloseto thecorrectvaluefor CaseC andlower thanthetruenumberfor CaseD
(for reasonsexplainedabove). � is inferredabouta daytoo late. Theinferreddose(MAP
estimate)is within anhalf anorderof magnitudeof thetrue�gure.

4.2 The Sverdlovsk incident of 1979

It is suspectedthat on April 2��� , 1979, therewasan accidentalreleaseof a high-grade
anthraxformulationfrom a military facility in Sverdlovsk, Russia[6]. 70 peoplearebe-
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(blue,redandblacklinesrespectively).
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Case � � �����

�[2

� ���

A 400, 4 3187 -1.4=5, 4 -1.57 3.0, 4 3.467

[225.8,580.2] [-1.97,-0.73] [0.48,4.12]

B 4200, 4 44377 -1.5, 4 -1.257 4.0, 4 4.097

[3894,5143] [-1.67,-1.33] [3.8,4.7]

C 170, 4 1617 -1.5, 4 -0.757 2.5, 4 3.527

[124.9,238.9] [-2.4, -0.94] [0.263,3.87]

D 2800, 4 44537 -1.5, 4 -0.757 4.5, 4 4.207

[2726,2998] [-1.97,-1.3] [4.272,4.725]

Sverd- 50, 4 75–807 -2, 4 -2 7 1.3, 4 ? 7

lovsk [41.15,66.49] [-3.22,-1.38] [0.18,3.5]

Table2: TheMAP estimateandthe90%credibility intervals(in squarebrackets)for � , �

and �����

�[2

� ��� ascalculatedfrom datain Table1. Datafrom Day 5 (Day 9 for Sverdlovsk)
areused.Correctvaluesfor � and � arein 4W7 . The“correct” representativedoseis taken
to be �����

��2

� �

_

25� , alsoin 4 7 .

lievedto havedied[6, 8] andit hasbeenestimatedthat80wereinfected[8]. Thisestimate
wasobtainedundertheassumptionthatall the fatalitiesweredueto inhalationalanthrax.
TheSverdlovskoutbreakprovidesagoodreal-world testcasefor our inferenceprocedure.
Wilkening[17] estimatesthat theaveragedosagewaseitheraround2-3 spores,basedon
his Model A, or around300sporesbasedon his Model D, which is similar to thecompet-
ing risksmodelof Brookmeyer [16]. Meselson[6] estimates100-2000sporesasthelikely
dosage.

TheSverdlovskcasepresentssigni�cant challenges.It wasa low-doseattackinfecting
fewer than a hundredpeople. The �rst patientwas detectedon April 4�

�

, 1979. The
time-seriesof symptomonsetis availableon a day-by-daybasisin [26]. Around April
12�

�

, tetracyclinewasadministeredaroundSverdlovsk;aroundthemiddleof April people
were vaccinated.Theseprophylacticmeasuresprobablycureda few and increasedthe
incubationperiodin others.Further, thedatawework with almostcertainlycontainssome
recordingerrors.Noisinessof thedata,theeffect of prophylaxis(which is not modeledin
our inferenceprocess),andthesmallsizeof theinfectedpopulationareexpectedto stress
our inferenceprocess.

In Fig.4 weplot theinferencesfor � , � and�����

��2

� ��� , basedonthedatain [26]. Model
A2 is usedfor inference.Thedatawascollectedonadaily basisfor 42days,thedurationof
theoutbreak.Thetime of release� waseasyto infer. ThePDFsfor dosage(omittedhere)
areindeterminate.The inferencefor � centersaround50 by Day 9 (April 13

���

), though
the earlier inferencesunderestimate� . Nevertheless,we arecertainlywithin a factorof
two of thecorrectvalueof � evenwith 9 daysof data.By Day9 it is alsoclearthatthethe
sizeof theoutbreakwould almostcertainlybe lessthan100. However, medicalmeasures
duringtheoutbreakaffectedabout59,000peoplein theChkalovskiy raion, of whichabout
80%werevaccinatedat leastonce[6]. In Table2, we summarizetheMAP estimatesand
con�denceintervalsdevelopedfrom 9 daysof data.
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Figure4: PDFsfor the � and � for theSverdlovsk incident.TheMAP valuesfrom 9 days
of dataarecomparedwith thetruevaluesin Table2.

5 Conclusions

We have developeda Bayesianapproachto characterizeBT attacksfrom a time seriesof
diagnosedpatients. Our testswith anthraxshow that an observation periodof 3–5 days
may be suf�cient to estimatethe numberof asymptomaticinfectedpeople,the time of
infection,anda representativedose,andto providequanti�ed uncertaintyintervalsaround
theseestimates;in theabsenceof anaccuratediseasemodel,wemayarrivewithin a factor
of two of thesizeof theattack.Theresolutionof thetime seriesof diagnosedpatientshas
a smallimpactif thediseasemodelis accurate;otherwise,modelerrorsdominate.

This Bayesianapproachis amenableto extensionand improvementin many ways.
Informativeprior distributionsfor � and � , drawn from syndromicsurveillancedata,may
increasetheef�ciency of the inferenceprocess.Theability to “fuse” disparatesourcesof
datavia prior distributionscontributessigni�cantly to therobustnessof Bayesianinference
in data-starvedenvironments.Onecouldalsoincorporateatmospherictransportprocesses
into thelikelihoodfunction,thususingthespatiallocationsof diagnosedpatientsto guide
posteriorestimates,thoughfor urbanterrainsthiscouldleadto veryinvolvedcomputations.
Also, the presentapproachcanimmediatelybe appliedto othernoncontagiousdiseases,
aswell asto contagiousdiseaseswith long incubationperiods,suchassmallpox,where
secondarycasesdonotappearin theearlytime seriesof patientdata.

Theimportanceof quantitatively characterizingaBT attackwasexplicitly identi�ed in
the“Dark Winter” exercise [3]. Participantssoughttheability “. . . to immediatelypredict
the likely sizeof theepidemicon thebasisof the initial cases;to know how many people
wereexposed.” Thusthe primary utility of our inferenceprocedureis within the frame-
work of a responseplan. Responseto a BT attackwould typically involve con�rmatory
testingandlogistics(thetransportof medicalmaterielandpersonnel),bothof whichcould
be bettertargetedby a quantitative characterizationof theattack. The probabilisticchar-
acterizationsdevelopedhere,along with resourcehedgingfor risk-mitigation,supporta
measuredapproachto addressingBT attacks.In additionto beingmoresustainable,mea-
suredresponsesmay introducefewer undesirableside effectsandbe lesssusceptibleto
feints.
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