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ABSTRACT
We proposea new classof spatio-temporalclusterdetectionmeth-
odsdesignedfor the rapiddetectionof emerging space-timeclus-
ters. We focus on the motivating applicationof prospective dis-
easesurveillance: detectingspace-timeclustersof diseasecases
resultingfrom anemergingdiseaseoutbreak.Automatic,real-time
detectionof outbreakscanenablerapidepidemiologicalresponse,
potentiallyreducingratesof morbidity andmortality. Building on
theprior work on spatialandspace-timescanstatistics,our meth-
ods combinetime seriesanalysis(to determinehow many cases
we expectto observe for a givenspatialregion in a given time in-
terval) with new “emerging cluster” space-timescanstatistics(to
decidewhetheranobservedincreasein casesin a region is signif-
icant),enablingfastandaccuratedetectionof emerging outbreaks.
We evaluatethesemethodson two typesof simulatedoutbreaks:
aerosolreleaseof inhalationalanthrax(e.g. from a bioterroristat-
tack)andFLOO(“Fictional LinearOnsetOutbreak”),injectedinto
actualbaselinedata(Emergency Departmentrecordsandover-the-
counterdrugsalesdatafrom Allegheny County). We demonstrate
thatour methodsaresuccessfulin rapidly detectingbothoutbreak
typeswhile keepingthe numberof falsepositives low, andshow
thatournew “emergingcluster”scanstatisticsconsistentlyoutper-
form thestandard“persistentcluster”scanstatisticsapproach.

Categoriesand SubjectDescriptors
H.2.8[DatabaseManagement]: DatabaseApps-DataMining

GeneralTerms
Algorithms
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1. INTRODUCTION
In many datamining applications,we arefacedwith thetaskof

detectingclusters: regionsof spacewheresomequantityis signi�-
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cantlyhigherthanexpected.For example,ourgoalmaybeto detect
clustersof diseasecases,whichmaybeindicativeof anaturallyoc-
curringdiseaseepidemic(e.g. in�uenza), a bioterroristattack(e.g.
anthraxrelease),or anenvironmentalhazard(e.g. radiationleak).
In medicalimaging,wemayattemptto detecttumorsor otherhaz-
ardousgrowths; in neuroscience,we may be interestedin detect-
ing spatialpatternsof brainactivity (measuredby fMRI activation)
that correspondto variouscognitive tasks. [11] discussesmany
otherapplicationsof clusterdetection,includingminingastronom-
ical data(identifying clustersof starsor galaxies)andmilitary re-
connaissance(monitoringstrengthandactivity of enemyforces).
In all of theseapplications,we have two main goals: to pinpoint
the location,shape,andsizeof eachpotentialcluster, and to de-
termine(by statisticalsigni�cancetesting)whethereachpotential
clusteris likely to bea“true” clusteror simplyachanceoccurrence.

While mostof theprior work on clusterdetectionis purelyspa-
tial in nature(e.g.[1, 10,6]), it is clearfrom theabove list of appli-
cationsthattimeis anessentialcomponentof mostclusterdetection
problems.We areoften interestedin clusterswhich areemerging
in time: for example,a growing tumor, anoutbreakof disease,or
anincreasein troopactivity. In someapplications,thetimedimen-
sioncanbedealtwith easily, eitherby applyingsomepurelyspatial
clusterdetectionmethodateachtimestep,orby treatingtimeasan-
otherspatialdimensionandthusapplyingspatialclusterdetection
in ad+ 1 dimensionalspace(d spatialdimensions,plustime). The
disadvantageof the �rst approachis that by only examiningone
dayof dataat a time, we mayfail to detectmoreslowly emerging
clusters.Thedisadvantageof thesecondapproachis thatwe may
detectlessrelevantclusters:thoseclustersthathavepersistedfor a
long time,ratherthanthosethatarenewly emerging.

To improve on thesemethods,it is helpful to considertheguid-
ing question,“How is time,asa dimension,differentfrom space?”
We arguethat therearethreeimportantdistinctionswhich require
us to treatspatio-temporalclusterdetectiondifferently from spa-
tial clusterdetection. First, time (unlike space)hasan important
point of reference:the present. We often careonly aboutthose
space-timeclustersthat arestill “active” at the presenttime, and
in thesecaseswe shouldusea prospective method(searchingfor
clusterswhich endat the presenttime) ratherthana retrospective
method(searchingfor clusterswhich endat or beforethe present
time). Second,in thespatialclusterdetectionframework, we typi-
cally assumethatwehavesomebaselinedenominatordatasuchas
acensuspopulation(for epidemiology),andthattheexpectedcount
(e.g. numberof diseasecases)is proportionalto this baseline.In
thespatio-temporalframework, wearegenerallynotprovidedwith
explicit denominatordata; instead,we infer the expectedvalues
of themostrecentdays'countsfrom thetimeseriesof pastcounts.
Finally, andmostinterestingly, timehasanexplicit directionor “ar-



row,” proceedingfrom thepast,throughthepresent,to the future.
Wearegenerallyinterestedin clusterswhichemergeover time: for
example,a diseaseepidemicmay start with only a few reported
cases,thenincreasein magnitudeeithergraduallyor rapidly. One
major focusof this paperis developingstatisticalmethodswhich
aremoreappropriatefor detectingsuchemergingclusters.

We focushereon themotivatingapplicationof prospectivedis-
easesurveillance: detectingspace-timeclustersof diseasecases
resultingfrom an emerging diseaseoutbreak. In this application,
we perform surveillanceon a daily (or even hourly) basis,with
thegoalof �nding emerging epidemicsasquickly aspossible.By
detectingepidemicsrapidly and automatically, we hopeto allow
morerapidepidemiologicalresponse(e.g.distributionof vaccines,
public healthwarnings),potentially reducingthe ratesof mortal-
ity and morbidity from an outbreak. In this application,we are
given thenumberof diseasecasesof somegiven type (e.g. respi-
ratory) in eachspatiallocation(e.g. zip code)on eachday. More
precisely, sincewe cannotmeasuretheactualnumberof cases,we
insteadrely on relatedobservable quantitiessuchas the number
of respiratoryEmergency Departmentvisits, or salesof over-the-
countercoughandcold medication,in a given spatiallocationon
a given day. We mustthendetectthoseincreasesthat areindica-
tive of emerging outbreaks,ascloseto thestartof theoutbreakas
possible,while keepingthenumberof falsepositiveslow.

2. THE MODEL
In the generalcase,we have datacollectedat a setof discrete

time stepst = 1: : :T (wheretime T representsthepresent)at a set
of discretespatiallocationssi . For eachsi at eachtime stept, we
aregiven a countct

i , andour goal is to �nd if thereis any region
S(setof locationssi) andtime interval (t = tmin: : :tmax) for which
the countsaresigni�cantly higher thanexpected. Thuswe must
�rst decideon the setof spatialregionsS, andthe time intervals
tmin: : :tmax, thatwe areinterestedin searching.In thescanstatis-
tics framework discussedbelow, wetypically searchover thesetof
all spatialregionsof somegivenshape,andvariablesize.For sim-
plicity, we assumehere(asin [18]) that thespatiallocationssi are
aggregatedto a uniform, two-dimensional,N � N grid G, andwe
searchover thesetof all axis-alignedrectangularregionsS� G.1

Thisallowsusto detectbothcompactandelongatedclusters,which
is importantsincediseaseclustersmaybeelongateddueto disper-
salof pathogensby wind, water, or otherfactors.For prospective
surveillance,asis our focushere,wecareonly aboutthoseclusters
whicharestill presentatthecurrenttimeT, andthuswesearchover
time intervalswith tmax= T; if wewereperformingaretrospective
analysis,on theotherhand,wewouldsearchoverall tmax � T. We
mustalsochoosethesizeof the“temporalwindow” W: weassume
thatwe areonly interestedin detectingclustersthathave emerged
within the lastW days(andarestill present),andthuswe search
over time intervalstmin: : :T for all T � W < tmin � T.

In the diseasedetectionframework, we assumethat the count
(numberof cases)in eachspatialregionsi oneachdayt is Poisson
distributed,ct

i � Po(l t
i ) with someunknown parameterl t

i . Thus
our methodconsistsof two parts: time seriesanalysisfor calcu-
lating theexpectednumberof cases(or “baseline”)bt

i = E[ct
i ] for

eachspatialregion on eachday, andspace-timescanstatisticsfor
determiningwhethertheactualnumbersof casesct

i in someregion
S are signi�cantly higher than expected(given bt

i ) in the last W
days. The choiceof temporalwindow sizeW impactsboth parts
of our method:we calculatethebaselinesbt

i for the“current” days

1Non-axis-alignedrectanglescanbedetectedby examiningmulti-
ple rotationsof thedata,asin [18].

T � W < t � T by time seriesanalysis,basedon the “past” days
1 � t � T � W, andthendeterminewhetherthereareany emerging
space-timeclustersin the lastW days. In additionto the tempo-
ral window size,threeotherconsiderationsmayimpacttheperfor-
manceof our method: the type of space-timescanstatisticused,
the level on which thedatais aggregated,andthemethodof time
seriesanalysis.Wediscusstheseconsiderationsin detailbelow.

3. SPACE­TIME SCAN STATISTICS
Oneof themostimportantstatisticaltoolsfor clusterdetectionis

thespatialscanstatistic[15, 10,11]. This methodsearchesover a
givensetof spatialregions,�nding thoseregionswhich maximize
a likelihoodratio statisticandthusaremostlikely to begenerated
underthealternative hypothesisof clusteringratherthanunderthe
null hypothesisof no clustering. Randomizationtesting is used
to computethe p-valueof eachdetectedregion, correctlyadjust-
ing for multiple hypothesistesting,andthuswe canboth identify
potentialclustersanddeterminewhetherthey aresigni�cant. The
standardspatialscanalgorithm[11] hastwo primarydrawbacks:it
is extremelycomputationallyintensive,makingit infeasibleto use
for massive real-world datasets,andonly compact(circular) clus-
tersaredetected.In prior work, we have addressedboth of these
problemsby proposingthe “f astspatialscan”algorithm[18, 19],
which canrapidly searchfor elongatedclusters(hyper-rectangles)
in large multi-dimensionaldatasets.As notedabove, we choose
hereto searchover rectangularregions,usinga space-timevariant
of thefastspatialscanasnecessaryto speedupoursearch.

In its original formulation[15, 10], thespatialscanstatisticdoes
nottaketimeintoaccount.Instead,it assumesasinglecountci (e.g.
numberof diseasecases)for eachspatiallocationsi , aswell asa
givenbaselinebi (e.g.at-riskpopulation).Thenthegoalof thescan
statisticis to �nd regionswheretherate(or expectedratioof count
to baseline)is higherinsidethe region thanoutside. The statistic

usedfor this is the likelihoodratio D(S) = Pr(Dataj H1(S))
Pr(Dataj H0)

, where

the null hypothesisH0 representsno clustering,andeachalterna-
tivehypothesisH1(S) representsclusteringin someregionS. More
precisely, underH0 weassumeauniformdiseaserateqall , suchthat
ci � Po(qall bi) for all locationssi . UnderH1(S), we assumethat
ci � Po(qinbi) for all locationssi 2 S, andci � Po(qoutbi) for all lo-
cationssi 2 G� S, for someconstantsqin > qout . Fromthis,wecan
derive anexpressionfor D(S) usingthemaximumlikelihoodesti-

matesof qin, qout , andqall : D(S) =
�

Cin
Bin

� Cin
�

Cout
Bout

� Cout
�

Call
Ball

� � Call
,

if Cin
Bin

> Cout
Bout

, andD(S) = 1 otherwise,where“in,” “out,” and“all”
arethe sumsof countsandbaselinesfor S, G� S, andG respec-
tively. Thenthemostsigni�cant spatialregionSis theonewith the
highestscoreD(S); we denotethis region by S� , andits scoreby
D� . Oncewe have found this region by searchingover the space
of possibleregionsS, we muststill determineits statisticalsignif-
icance,i.e. whetherS� is a signi�cant spatialcluster. To adjust
correctly for multiple hypothesistesting,we �nd the region's p-
valueby randomization:we randomlycreatea largenumberR of
replicagridsunderthenull hypothesisci � Po(qall bi), and�nd the
highestscoringregion andits scorefor eachreplicagrid. Thenthe
p-valuecanbecomputedas Rbeat + 1

R+ 1 , whereRbeat is thenumberof
replicagridswith D� higherthantheoriginal grid. If this p-value
is lessthansomeconstanta (herea = :05), we canconcludethat
thediscoveredregionis unlikely to haveoccurredby chance,andis
thusa signi�cant spatialcluster;we canthensearchfor secondary
clusters.Otherwise,nosigni�cant clustersexist.

The formulationof the scanstatisticthat we usehereis some-
what different,becausewe areinterestednot in detectingregions



with higherratesinsidethanoutside,but regionswith highercounts
than expected. Let us assumethat baselinesbi representthe ex-
pectedvaluesof eachcount ci ; we discusshow to obtain these
baselinesbelow. Thenwe wish to testthenull hypothesisH0: all
countsci aregeneratedby ci � Po(bi), against the setof alterna-
tive hypothesesH1(S): for spatiallocationssi 2 S, all countsci are
generatedby ci � Po(qbi), for someconstantq > 1, and for all
otherspatiallocationssi 2 G� S, all countsci � Po(bi). We then
computethelikelihoodratio:

D(S) =
Pr(Dataj H1(S))

Pr(Dataj H0)
=

maxq� 1Õsi2SPr(ci � Po(qbi))

Õsi2SPr(ci � Po(bi))

=
maxq� 1Õsi2S(qbi)ci e� qbi

Õsi2Sbci
i e� bi

=
maxq� 1qCin e� qBin

e� Bin

Usingthemaximumlikelihoodestimateq = max
�

1; Cin
Bin

�
, we ob-

tainD(S) =
�

Cin
Bin

� Cin
eBin� Cin , if Cin > Bin, andD(S) = 1 otherwise.

As before,we searchover all spatialregionsS to �nd the highest
scoringregion S� . Thenthestatisticalsigni�cance(p-value)of S�

canbefoundby randomizationtestingasbefore,wherethereplica
gridsaregeneratedunderthenull hypothesisci � Po(bi).

3.1 The 1­dayspace­timescanstatistic
To extendthisspatialscanstatisticto theprospectivespace-time

case,thesimplestmethodis to usea1-daytemporalwindow (W =
1), searchingfor clusterson only thepresentdayt = T. Thuswe
wishto know whetherthereis any spatialregionSwith higherthan
expectedcountsondayT, giventheactualcountscT

i andexpected
countsbT

i for eachspatiallocationsi . To do so, we comparethe
null hypothesisH0: cT

i � Po(bT
i ) for all si , to thesetof alternative

hypothesesH1(S): cT
i � Po(qbT

i ) for all si 2 S, for someconstant
q> 1,andcT

i � Po(bT
i ) elsewhere.Thusthestatistictakesthesame

form as the purely spatialscanstatistic,and we obtain: D(S) =
�

C
B

� C
eB� C, if C > B, andD(S) = 1 otherwise,whereC = å si2ScT

i

andB = å si2SbT
i denotethetotalcountandtotalbaselineof region

S on time stepT. Again, we searchover all spatialregionsS to
�nd the highestscoringregion S� and its scoreD� . To compute
the p-value, we perform randomizationtestingas before,where
eachreplicagrid hascountscT

i generatedfrom Po(bT
i ) andall other

countsct
i (t 6= T) copiedfrom theoriginalgrid.

3.2 Multi­day space­timescanstatistics
While the1-dayprospectivespace-timescanstatisticis veryuse-

ful for detectingrapidly growing outbreaks,it mayhave dif�culty
detectingmore slowly growing outbreaks,as notedabove. For
themulti-dayprospective space-timescanstatistics,we have some
temporalwindow W > 1, and must determinewhetherany out-
breakshave emergedwithin themostrecentW days(andarestill
present).In otherwords,we wish to �nd whetherthereis any spa-
tial region S with higher thanexpectedcountson daystmin: : :T,
for someT � W < tmin � T. To do so, we �rst computethe ex-
pectedcountsbt

i andthe actualcountsct
i for eachspatiallocation

si on eachday T � W < t � T; we discusshow the baselinesbt
i

are calculatedin the following section. We then searchover all
spatialregionsS� G, andall allowablevaluesof tmin, �nding the
highestvalueof thespatio-temporalscorefunctionD(S;tmin). The
calculationof this function dependson whetherwe aresearching
for “persistent”or “emerging” clusters,as we discussbelow. In
any case,oncewe have foundthehighestscoringregion (S� ; t �

min)
andits scoreD� , wecancomputethe p-valueof this regionby per-
forming randomizationtestingasbefore,whereeachreplicagrid

hascountsct
i generatedfrom Po(bt

i ) for T � W < t � T, andall
othercountsct

i copiedfrom theoriginalgrid.
Now we mustconsiderhow to computethe functionD(S;tmin).

The standardmethodfor computingthe space-timescanstatistic,
proposedfor theretrospective caseby [13] andfor theprospective
caseby [12], buildsontheKulldorff spatialscanstatistic[10] given
above. As in thepurelyspatialscan,thismethodassumesthatbase-
linesbt

i aregiven in advance(e.g. populationin eachlocationfor
eachtime interval), andthatcountsct

i aregeneratedfrom Poisson
distributionswith meansproportionalto bt

i . Thenthegoalis to �nd
space-timeclusters(S;tmin) wheretherate(ratio of countto base-
line) is signi�cantly higherinsidetheregionthanoutside.As in the
purelyspatialcase,thiscanbeadaptedto our framework, in which
the goal is to �nd space-timeclusterswherethe observed counts
ct

i arehigherthantheexpectedcountsbt
i . For the“persistentclus-

ter” case,we maintaintheothermajorassumptionof thestandard
model:thatthemultiplicative increasein counts(“relative risk”) in
anaffectedregion remainsconstantthroughthetemporalduration
of thecluster. For the“emergingcluster”case,weinsteadmakethe
assumptionthat the relative risk increasesmonotonicallythrough
the cluster's duration. It is alsopossibleto assumea parametric
form for theincreasein relative risk over time (e.g.exponentialor
linearincrease),andweconsidersuchstatisticsin [17].

3.3 Persistentclusters
Thetestfor persistentclustersassumesthattherelative risk of a

clusterremainsconstantover time;asaresult,thescorefunctionis
very similar to the1-daystatistic,with sumstakenover theentire
durationof aclusterratherthanonly asingleday.

As notedabove, we mustsearchover all spatialregionsS and
all valuesof tmin (whereT � W < tmin � T), �nding themaximum
scoreD(S;tmin). For a given region S andvaluetmin, we compare
thenull hypothesisH0: ct

i � Po(bt
i ) for all spatiallocationssi and

all T � W < t � T, to the alternative hypothesisH1(S;tmin): ct
i �

Po(qbt
i ) for si 2 S andt = tmin: : :T, for someconstantq > 1, and

ct
i � Po(bt

i ) elsewhere.Thuswecancomputethelikelihoodratio:

D(S;tmin) =
maxq� 1Õ Pr(ct

i � Po(qbt
i ))

Õ Pr(ct
i � Po(bt

i ))
=

maxq� 1Õ(qbt
i )

ct
i e� qbt

i

Õ(bt
i )

ct
i e� bt

i

wherethe productsare taken over si 2 S andtmin � t � T. This

simpli�es to maxq� 1
qCe� qB

e� B , whereC and B are the total count
å si2Så tmin� t� T ct

i andtotalbaselineå si2Så tmin� t� T bt
i respectively.

Finally, usingthe maximumlikelihoodestimateq = max
�

1; C
B

�
,

weobtainD(S;tmin) =
�

C
B

� C
eB� C if C > B, andD = 1 otherwise.

3.4 Emerging clusters
While thespace-timescanstatisticfor persistentclustersassumes

thatrelative risk of a clusterremainsconstantthroughits duration,
this is typically not true in diseasesurveillance. Whena disease
outbreakoccurs,thediseaseratewill typically risecontinuallyover
thedurationof theoutbreakuntil theoutbreakreachesits peak,at
which point it will level off or decrease.Our maingoal in theepi-
demiologicaldomainis to detectemerging outbreaks(i.e. those
thathave not yet reachedtheir peak),sowe focuson �nding clus-
ters wherethe relative risk is monotonicallyincreasingover the
durationof the cluster. Again, we mustsearchover all spatialre-
gionsSandall valuesof tmin (whereT � W < tmin � T), �nding the
maximumscoreD(S;tmin). For a givenregionSandvaluetmin, we
comparethenull hypothesisH0: ct

i � Po(bt
i ) for all spatiallocations

si andall T � W < t � T, to thealternative hypothesisH1(S;tmin):
ct

i � Po(qtbt
i ) for si 2 S and t = tmin: : :T, for somemonotoni-



cally increasingsequenceof constants1 � qtmin � : : : � qT , and
ct

i � Po(bt
i ) elsewhere.Thuswecancomputethelikelihoodratio:

D(S;tmin) =
max1� qtmin� :::� qT Õ Pr(ct

i � Po(qtbt
i ))

Õ Pr(ct
i � Po(bt

i ))

=
max1� qtmin� :::� qT Õ(qtbt

i )
ct

i e� qtbt
i

Õ(bt
i )

ct
i e� bt

i

wherethe productsare taken over si 2 S andtmin � t � T. This

simpli�es to
max1� qtmin� :::� qT Õ qCt

t e� qt Bt

e� B , whereCt andBt arethetotal
countå si2Sct

i andthetotal baselineå si2Sbt
i on dayt, andB is the

total baselineå si2Så tmin� t� T bt
i asabove.

Now, wemustmaximizethenumeratorsubjectto theconstraints
on theqt . To do so,let E = E1 : : :Ep bea partitioningof tmin: : :T
into setsof consecutive integers,suchthat for all t1; t2 2 E j , qt1 =
qt2 = Q j , andfor all E j1 andE j2, wherej1 < j2, Q j1 < Q j2. In other
words, the E j de�ne a partitioningof tmin: : :T into time periods
wherethe relative risk is constant.Note that the qt areuniquely
de�ned by thepartitionsE j andtheratesQ j . Wecanthenwrite:

D(S;tmin) =
maxE1:::Ep maxQ1:::Qp ÕE j

�
Q j

� Cj e� Q j B j

e� B

whereB j = å si2Så t2E j
bt

i andCj = å si2Så t2E j
ct

i .
In [17], we prove that this expressionis maximizedwhenQ j =

Cj
B j

for all j . Thisallowsusto simplify theexpressionto:

D(S;tmin) = eB� C max
E1:::Ep

Õ
E j

�
Cj

B j

� Cj

Thenthequestionis how to choosetheoptimalpartitioningE =
f E jg, andin [17] wepresentthefollowing algorithm.Thismethod
usesa stackdatastructure,whereeachelementof thestackrepre-
sentsa partitionE j by a 5-tuple

�
tstart ; tend;Cj ;B j ;Q j

�
. Thealgo-

rithm startsby pushing
�

T;T;CT ;BT ;max
�

1; CT
BT

��
ontothestack.

Thenfor eacht, from T � 1 down to tmin, wedo thefollowing:

temp = (t, t, C_t, B_t, max(1, C_t / B_t))
while (temp.Q >= stack.top.Q)

temp2 = stack.pop
temp = (temp.start, temp2.end, temp.C+temp2.C, temp.B +

temp2.B, max(1, (temp.C+temp2.C) / (temp.B+temp2.B)))
stack.push(temp)

As we prove in [17], this “step method” producesthe unique
optimal partitioningE andratesQ, andthusthe valuesof qt that
maximizethescoresubjectto themonotonicityconstraintsabove.

4. INFERRING BASELINE VALUES
In orderto infer thebaselinesbt

i for the“current” daysT � W <
t � T, we mustconsidertwo distinct questions:on what level to
aggregate the datafor time seriesanalysis,and what methodof
time seriesanalysisto use. We considerthreedifferent levels of
spatialaggregation, which we term “building-aggregatedtime se-
ries” (BATS), “cell-aggregatedtime series”(CATS), and“region-
aggregatedtimeseries”(RATS)respectively. For theBATSmethod,
weconsiderthetimeseriesfor eachspatiallocationindependently;
for example,we may have a separatetime seriesfor eachstore
or hospital, or countsmay be alreadyaggregated at somelevel
(e.g. zip code). For eachof theselocationssi , we independently
computethebaselinesbt

i (T � W < t � T) from thepastcountsct
i

(1 � t � T � W), usingoneof thetimeseriesanalysismethodsbe-
low. Thenwhenever we calculateD(S;tmin) for a region, we use

thebaselinesbt
i andcountsct

i for eachlocationin theregion. The
CATSmethod�rst computestheaggregatecountct

i for eachcell of
thegrid si 2 G oneachdayt, by summingcountsof all spatialloca-
tionsin thatcell. Thenthebaselinesbt

i arecomputedindependently
for eachgrid cell si 2 G, andwheneverwecalculateD(S;tmin) for a
region,it is thecell countsandbaselinesthatweuseto computethe
score.Finally, theRATS method,whenever it searchesa region S,
aggregatesthetimeseriesof countsCt (S) “on the�y” by summing
countsof all spatial locationsin that region, computesbaselines
Bt (S) for the“current” daysT � W < t � T, andappliesthescore
functionD(S;tmin) to theresultingcountsandbaselines.

Randomizationtestingmust also be performeddifferently for
eachof the threelevelsof aggregation. To generatea replicagrid
for BATS,we independentlydraw a countfor eachspatiallocation
si for eachcurrentdayt, usingits baselinebt

i . To generateareplica
grid for CATS,we independentlydraw a countfor eachcell of the
grid si 2 G for eachcurrentday t, usingthe cell baselinebt

i . Fi-
nally, randomizationtestingfor RATS is somewhat moredif�cult
thanfor theothermethods,sincewemustproducecell countsfrom
acorrelateddistribution. Varioussamplingmethodscanbeusedto
do this, but this makesrandomizationextremelycomputationally
expensive; see[17] for moredetails.

4.1 Time seriesanalysismethods
For agivenlocation,cell, or regionsi , ourgoalis to estimatethe

expectedvaluesof the“current” counts,bt
i = E[ct

i ], T � W < t � T,
from thetimeseriesof “past” countsct

i , 1 � t � T � W. A varietyof
methodsarepossible,dependingonhow wewishto dealwith three
questions:day of weekeffects,seasonaltrends,andbias. Many
epidemiologicalquantities(for example,OTC drug sales)exhibit
strongday of weekandseasonaltrends. Herewe considerthree
methodsof dealingwith dayof weekeffects:we canignorethem,
stratify by dayof week(i.e. performaseparatetimeseriescalcula-
tion for eachdayof theweek),or adjustfor dayof week.To adjust
for dayof week,weassumethattheobservedcountonagivenday
is theproductof an“actual” countandaconstantdependenton the
dayof week.Thuswecomputetheproportionof countsbi oneach
dayof theweek(i = 1: : :7). Thenwetransformeachpastday'sob-
servedcountby dividing by 7bi , doasingletimeseriescalculation
on the transformedpastcountsto predict the transformedcurrent
counts,and�nally multiply by 7bi to obtainthepredictedcountfor
eachcurrentday. By adjustinginsteadof stratifying,moredatais
usedto predicteachday's count(potentiallyreducingthevariance
of our estimates),but thesuccessof this approachdependson the
assumptionof aconstantandmultiplicativeday-of-weekeffect.

Wealsoconsiderthreemethodsof adjustingfor seasonaltrends:
to useonly the mostrecentcounts(e.g. the pastfour weeks)for
prediction,to useall countsbut weightthemostrecentcountsmore
(asis donein our exponentiallyweightedmoving averageandex-
ponentiallyweightedlinearregressionmethods),andto useregres-
sion techniquesto extrapolateseasonaltrendsto the currentdata.
Finally, we considerbothmethodswhich attemptto give anunbi-
asedestimateof thecurrentcount(e.g. meanof pastcounts),and
methodswhich attemptto give a positively biasedestimateof the
currentcount (e.g. maximumof pastcounts). As we show, the
unbiasedmethodstypically havebetterdetectionpower, but thebi-
asedmethodshave theadvantageof reducingthenumberof false
positivesto amoremanageablelevel (seeSection7.5).

Herewe considera total of 10 time seriesanalysismethods,in-
cluding“all max” (bt

i = maximumcountof last28days),“all mean”
(bt

i = meancount of last 28 days), “strat max” (bt
i = maximum

count of sameday of week, 1-4 weeksago), “strat mean” (bt
i =

meancountof sameday of week,1-4 weeksago), two exponen-



tially weightedmoving averagemethods(“strat EWMA” strati�ed
by dayof week,“adj EWMA” adjustedfor dayof week),andtwo
exponentiallyweightedlinear regressionmethods(“strat EWLR”
strati�ed by dayof week,“adj EWLR” adjustedfor dayof week).
Our �nal two methodsareinspiredby therecentwork of Kulldorff
etal. [14] onthe“space-timepermutationscanstatistic,” sowecall
them “strat Kull” (strati�ed by day of week) and “all Kull” (ig-
noringday of weekeffects). In this framework, the baselinebt

i is

computedas å t ct
i å i c

t
i

å t å i ct
i

, i.e. spaceandtime areassumedto be inde-
pendent,sotheexpectedfractionof all casesoccurringin location
si on day t canbe computedas the productof the fraction of all
casesoccurringin locationsi andthefractionof all casesoccurring
on day t. The problemwith this methodis that the currentday's
countsareusedfor predictionof thecurrentday'sexpectedcounts.
As a result, if thereis a clusteron the currentday, the baselines
for thecurrentdaywill alsobehigher, reducingourpowerto detect
thecluster. Nevertheless,thestratKull andall Kull methodsdoex-
tremelywell whendetectinglocalizedclusters(wheretheincrease
in countsis noticeablefor a small region, but the region is small
enoughthatthetotal countfor thedayis essentiallyunaffected).

We alsonotean interestinginteractionbetweenthe level of ag-
gregation andthe methodof time seriesanalysis. If the expected
countsbt

i (T � W < t � T) arecalculatedasalinearcombinationof
pastcountsct

i (1 � t � T � W), andtheweightsfor eachpastday
t areconstantfrom locationto location,thenwe will calculatethe
samebaselines(andthus, the samescores)regardlessof whether
we aggregate on the building, cell, or region level. This turns
our to be true for mostof the methodswe investigate: all mean,
stratmean,stratEWMA, stratEWLR,all Kull, andstratKull. On
theotherhand,if wechoosedifferentweightsfor eachlocation(as
is thecasewhenwe adjustfor dayof week,asin adj EWMA and
adj EWLR), we will calculatedifferent baselines(and thus, dif-
ferentscores)dependingon our level of aggregation. Finally, we
have very different resultsfor the “max” methods(stratmax and
all max)dependingon thelevel of aggregation,becausethemaxi-
mumis notalinearoperator. Sincethesumof themaximumcounts
of eachlocation(å si2Smaxt ct

i ) is higherthanthemaximumof the
sum(maxt å si2Sct

i ), we alwaysexpectBATS to predictthehighest
baselines,andRATS to predict the lowestbaselines.For the re-
sultsgivenbelow, we only distinguishbetweenBATS, CATS, and
RATS aggregationfor thosemethodswherethedistinctionis rele-
vant(all max,stratmax,adj EWMA, andadj EWLR).

5. RELATED WORK
In general,spatio-temporalmethodscan be divided into three

classes:spatialmodelingtechniquessuchas “diseasemapping,”
whereobservedvaluesarespatiallysmoothedto infer thedistribu-
tion of valuesin space-time[4, 3]; testsfor a generaltendency of
thedatato cluster[9, 16]; andtestswhichattemptto infer theloca-
tion of clusters[13, 12, 14]. We focuson the latterclassof meth-
ods,sincethesearethe only methodswhich allow us to both an-
swerwhetherany signi�cant clustersexist, andif so,identify these
clusters.Threespatio-temporalclusterdetectionapproacheshave
beenproposedby Kulldorff etal.: theretrospectiveandprospective
space-timescanstatistics[13, 12], andthespace-timepermutation
scanstatistic[14]. The �rst two approachesattemptto detectper-
sistentclusters,assumingthatbaselinesaregivenbasedon census
populationestimates.The retrospective statisticsearchesover all
space-timeintervals, while the prospective statisticsearchesover
thoseintervals endingat the presenttime. As notedabove, these
formulationsmakesensefor thecaseof explicitly givendenomina-
tor data,andcountsproportionalto thesebaselines(e.g.weexpect

a populationof 10000to have twice asmany casesasa population
of 5000,but do not know how many caseswe expectto see).They
arenotappropriatefor thecasewherewe infer theexpectedvalues
of countsfrom the time seriesof pastcounts(e.g. basedon past
data,we expectto see40 casesin the�rst populationand15 cases
in thesecond).Evenif accuratedenominatordatais provided,the
retrospective andprospective statisticsmay pick up purelyspatial
clustersresultingfrom spatialvariationin theunderlyingrate(e.g.
differentpartsof thecountryhavedifferentdiseaserates),or purely
temporalclustersbasedon temporal�uctuations in rate(seasonal
effectsor long-termtrends),andthusthedetectedclusterstendto
belessusefulfor prospectivedetectionof emergingoutbreaks.

Therecentlyproposed“space-timepermutationscanstatistic”[14]
attemptsto remedytheseproblems;like thepresentwork, it allows
baselinedatato beinferredfrom thetime seriesof pastcounts.As
notedabove,baselinesarecalculatedby assumingthatcasesarein-
dependentlydistributedin spaceandtime,anda variantof thetest
for persistentclustersis used(searchingfor regions with higher
rate inside thanoutside). Thenrandomizationtestingis doneby
permutingthe datesandlocationsof cases.This methodfocuses
on detectingspace-timeinteraction, andexplicitly avoids detect-
ing purely spatialor purely temporalclusters.The disadvantages
of this are twofold. First, it losespower to detectspatially large
clusters,because(asnotedabove) thecurrentday'scountsareused
to estimatewhat the currentday's countsshouldbe. In the most
extremecase,aspatiallyuniformmultiplicative increasein disease
rate over the entire searchareawould be completelyignoredby
this method,andthusit is unsafeto usefor surveillanceexceptin
combinationwith othermethods.Theseconddisadvantageis that
if the countdecreasesin onespatialregion andremainsconstant
elsewhere,this is detectedasaspatio-temporalcluster. This results
in falsepositivesin caseswherestoresin oneareaareclosedand
storesin a differentarearemainopen: theopenstoresare�agged
asaclusterevenif their countshaveactuallydecreased.

Severalotherspatio-temporalclusterdetectionmethodshavealso
beenproposed. Iyengar [8] searchesover “truncatedrectangular
pyramid” shapesin space-time,thus allowing detectionof clus-
terswhich move andgrow or shrink over time; the disadvantage
is thatthis muchlargersetof possiblespace-timeregionscanonly
be searchedapproximately. Assuncaoet al [2] assumea spatio-
temporalPoissonpoint process:theexactlocationof eachpoint in
time andspaceis given, ratherthanaggregatingpointsto discrete
locationsand intervals. A test statisticsimilar to the space-time
permutationscanstatisticis derived,assuminga Poissonintensity
functionthatis separablein spaceandtime.

6. COMPUTATION AL CONSIDERATIONS
We begin by makingtwo importantobservations.First, for any

of the time seriesanalysismethodsgiven above, the baselinesbt
i

(T � W < t � T) can be inferred from the past countsct
i (1 �

t � T � W) in O(T). Second,we cancomputethe scorefunction
D(S;tmin), for agivenspatialregionSandfor all T � W < tmin � T,
in total time O(W), regardlessof whetherthepersistentor emerg-
ing scanstatisticis used.This is obviousfor thepersistentstatistic
sincewecansimplyproceedbackwardin time,addingthecumula-
tivecountCt andcumulativebaselineBt for eachdayt, andrecom-
putingthescore.(Wecanaccumulatethesecountsandbaselinesin
O(W) by usingthe“cumulative counts”trick discussedin [18] for
eachof theW currentdays.)TheO(W) complexity is lessobvious
for the emerging statistic,sinceaddingany new day t may result
in up to O(W) popsfrom the stack. But eachday is pushedonto
thestackatmostonce,andthusthetotalnumberof popsfor theW
daysis atmostW, giving total complexity O(W), notO(W2).



For the BATS method,our computationmay be divided into
threesteps: �rst, we computebaselinesfor eachspatiallocation,
requiringtotal time O(NsT), whereNs is thenumberof locations.
Second,we aggregate“current” storebaselinesandcountsto the
grid, requiringtime O(N2W) whereN is the grid size. Third, we
searchover all spatio-temporalregions(S;tmin): for eachsuchre-
gion, we must computethe aggregate countsand baselines,and
apply the scorefunction D. As notedabove, we can do this in
O(W) per region, but sincea naive searchrequiresus to exam-
ine all O(N4) griddedrectangularregions,the total searchtime is
O(N4W), bringing the total complexity to O(NsT + N4W). For
CATS,we �rst aggregateall storebaselinesandcountsto thegrid,
requiring time O(NsT + N2T). Then we calculatebaselinesfor
eachof theN2 grid cells,requiringtotal time O(N2T). Finally, we
searchover all spatio-temporalregions;asin BATS, this requires
time O(N4W), bringing the total complexity to O(NsT + N2T +
N4W). For RATS,we �rst aggregateall storebaselinesandcounts
to thegrid (asin CATS), requiringtime O(NsT + N2T). Thenfor
eachof theN4 regionswe search,we mustcalculatethebaselines
for “current” dayson the �y , requiring time O(T), and compute
thescorefunctionusingthecountsandbaselinesfor currentdays,
requiringtimeO(W). Thusthetotal complexity is O(NsT + N4T).

For largegrid sizesN, theO(N4) complexity of searchingover
all spatialregionsmakesa naive searchover all suchregionscom-
putationallyinfeasible.However, wecanapplythefastspatialscan
of [18, 19], allowing usto �nd thehighestscoringregionandits p-
valuewhile searchingonly a small fractionof possibleregions. In
thepurelyspatialcase,thefastspatialscanworksby usingamulti-
resolution,branch-and-boundsearchto prunesetsof regionsthat
canbeprovento havelowerscoresthanthebestregionscorefound
so far. We caneasilyextendthis methodto the space-timecase:
givenaspatialregionS, wemustupperboundthescoresD(S0; tmin)
for all regionsS0 � SandT � W < tmin � T. Thesimplestway of
doingsois to computeseparateboundson baselinesandcountsof
S0 for eachtime stept, usingthe methodsgiven in [18], thenuse
theseboundsto computean upperboundon the score. It might
alsobe possibleto achieve tighter bounds(andthus,betterprun-
ing) by enforcingconsistencyconstraintsacrossmultiple days,i.e.
ensuringthatS0hasthesamespatialdimensionsoneachtimestep.

7. RESULTS
We evaluatedour methodson two typesof simulatedoutbreaks,

injectedinto realEmergency Departmentandover-the-counterdrug
saledatafor Allegheny County, PA.2 First, we consideredaerosol
releasesof inhalationalanthrax(e.g. from a bioterroristattack),
producedby the BARD (“BayesianAerosol ReleaseDetector”)
simulatorof Hogan et al. [7]. The BARD simulator takes in a
“baselinedataset”consistingof one year's worth of Emergency
Departmentrecords,andthe quantityof anthraxreleased.It then
producesmultiplesimulatedattacks,eachwith a randomattacklo-
cationandenvironmentalconditions(e.g.wind direction),anduses
a Bayesiannetwork modelto determinethe numberof sporesin-
haledby membersof theaffectedpopulation,theresultingnumber
andseverity of anthraxcases,and the resultingnumberof respi-
ratory Emergency Departmentcaseson eachday of the outbreak
in eachaffectedzip code. Eachsimulatedoutbreakcan then be
injectedinto the baselineED dataset,andour methods'detection
performancecanbeevaluatedusingthetestingframework below.

2All datawasaggregatedto thezip codelevel to ensureanonymity,
giving 88 distinct spatiallocations(zip codecentroids). The ED
datacontainedan averageof 40 respiratorycases/day, while the
OTC dataaveraged4000salesof coughandcoldmedication/day.

Second,we considereda “Fictional LinearOnsetOutbreak”(or
“FLOO”), with a linear increasein casesover the durationof the
outbreak.A FLOOoutbreakis asimplesimulatedoutbreakde�ned
by a setof zip codes,a durationTf loo, anda valueD. TheFLOO
simulatorthenproducesanoutbreaklastingTf loo days,with tDres-
piratory casesin eachof the zip codeson day t, 0 < t � Tf loo=2,
andTf looD=2 caseson day t, Tf loo=2 � t < Tf loo. Thuswe have
anoutbreakwherethenumberof casesrampsup linearly for some
periodof time, thenlevelsoff. While this is clearlya lessrealistic
modelthantheBARD-simulatedanthraxattack,it doeshave sev-
eral advantages.It allows us to preciselycontrol the parameters
of theoutbreakcurve (numberof caseson eachday),allowing us
to test the effectsof theseparameterson our methods'detection
performance.Also, it allowsusto performexperimentsusingover-
the-counterdrugsaledataaswell asEmergency Departmentdata,
while theBARD simulatoronly simulatesED cases.

Wenow discussourbasicsemi-synthetictestingframework, fol-
lowedbyadiscussionof theperformanceof ourmethodsoneachof
the threemainexperiments(anthraxoutbreaksin ED data,FLOO
outbreaksin ED data,andFLOOoutbreaksin OTC data).

7.1 Semi­synthetictesting
Ourbasicgoalin thesemi-synthetictestingframework is to eval-

uatedetectionperformance:whatproportionof outbreaksamethod
candetect,andhow long it takesto detecttheseoutbreaks.Clearly
thesenumbersaredependenton how often themethodis allowed
to “soundthealarm,” andthuswehaveatradeoff betweensensitiv-
ity (i.e. ability to detecttrueoutbreaks)anddetectiontime on the
onehand,andspeci�city (i.e. frequency of falsepositives)on the
other. Moreprecisely, oursemi-syntheticframework consistsof the
following components.First, given oneyearof baselinedata(as-
sumedto containno outbreaks),we run thespace-timescanstatis-
tic for eachdayof the lastninemonthsof theyear(the �rst three
monthsareusedto providebaselinedataonly; nooutbreaksin this
timeareconsidered).WethusobtainthehighestscoringregionS� ,
andits scoreD� = D(S� ), for eachof thesedays.Thenfor each“at-
tack” thatwewish to test,wedothefollowing. First,we inject that
outbreakinto thedata,incrementingthenumberof casesasabove.
Thenfor eachdayof theattack,wecomputethehighestscoringrel-
evantregionS� andits scoreD� , wherearelevantregion is de�ned
asonewhichcontainsthecentroidof all thecasesinjectedthatday.
Thereasonthatweonly allow thealgorithmto searchoverrelevant
regions is becausewe do not want to reward it for triggeringan
alarmandpinpointinga region which hasnothingto do with the
outbreak.We thencompute,for eachdayt = 0: : :Toutbreak (where
Toutbreak is the lengthof the attack),the fraction of baselinedays
(excluding theattacked interval) with scoreshigherthanthemax-
imum scoreof all relevant regionson days0 to t. This is thepro-
portionof falsepositiveswe would have to acceptin orderto have
detectedthatoutbreakby dayt. By repeatingthis procedureon a
numberof outbreaks,we canobtainsummarystatisticsaboutthe
detectionperformanceof eachmethod: we computeits averaged
AMOC curve [5] (averageproportionof falsepositivesneededfor
detectionon day t of an outbreak),and for a �x ed level of false
positives(e.g. 1 falsepositive/month),we computetheproportion
of outbreaksdetectedandtheaveragenumberof daysto detection.

Note that this basic framework doesnot perform randomiza-
tion testing,but only comparesscoresof attackandbaselinedays.
Thereareseveraldisadvantagesto thismethod:�rst, sincethebase-
linesbt

i for eachdayaredifferent,thedistributionof scoresfor each
day'sreplicagridswill bedifferent,andthusthehighestscoringre-
gionsmaynotcorrespondexactlyto thosewith thelowestp-values.
A seconddisadvantageis thatit doesnottell ushow to performcal-



ibration: settingthresholdp-valuesin orderto obtaina �x edfalse
positive ratein realdata.This is discussedin moredetailbelow.

We testeda total of 150methods:eachcombinationof thethree
aggregationlevels(BATS,CATS,RATS),� vespace-timescanstatis-
tics (1-day, 3-dayemerging, 3-daypersistent,7-dayemerging, 7-
day persistent)and the ten methodsof time seriesanalysislisted
above. We comparedthesemethodsagainst two simple “straw
men”: a purelyspatialscanstatistic(assuminguniform underlying
at-riskpopulation,andthussettingthebaselineof a regionpropor-
tionalto itsarea),andapurelytemporalscanstatistic(analyzingthe
singletime seriesformedby aggregating togetherall spatialloca-
tions,using1-dayall mean).SinceboththeED andOTC datasets
wererelatively smallin spatialextent(containingonly recordsfrom
Allegheny County),weusedasmallgrid (N = 16,maximumclus-
ter size= 8), andthusit wasnot necessaryto usethe fastspatial
scan. For larger datasets,suchasnationwideOTC data,a much
larger grid size (e.g. N = 256) is necessaryto achieve adequate
spatialresolution,andthusthe fastspatialscanwill be an impor-
tantcomponentof ournationwidediseasesurveillancesystem.

For eachoutbreaktype,wecomparedthedetectionperformance
of ourmethodsto thetwo straw men,andalsodeterminedwhichof
ourmethodswasmostsuccessful(Table1). Performancewaseval-
uatedbasedon detectionrate (proportionof outbreaksdetected)
at 1 falsepositive/month,with tiesbrokenbasedon averagenum-
ber of daysto detect;we list both the performanceof our “best”
spatio-temporalmethodaccordingto this criterion, as well as a
representative “median” method(i.e. the 75th best methodout
of 150). We comparethe methodsin moredetail in Table2, giv-
ing eachmethod's averagenumberof daysto detectionat 1 false
positive/month,assumingthatundetectedoutbreaksweredetected
on day Toutbreak. For eachof the � ve scanstatistics,we report
performanceassumingits bestcombinationof time seriesanaly-
sis methodandaggregation level; for eachof the ten time series
analysismethods,we report performanceassumingits bestscan
statistic. Level of aggregation only madea signi�cant difference
for the all max andstratmax methods,so we reporttheseresults
separatelyfor BATS,CATS,andRATS.For eachoutbreak,wealso
constructAMOC curvesof the“best,” “median,” purely temporal,
andpurelyspatialmethods;we presentthreeof thesecurves(one
for eachoutbreaktype)in Figure1. We alsodiscusseachoutbreak
typein moredetailbelow.

7.2 Anthrax outbreaks,ED data
For theanthraxoutbreaks,we beganwith realbaselinedatafor

respiratoryEmergency Departmentvisits in Allegheny County in
2002. We usedthis data to simulateepidemicsusing BARD at
two differentlevelsof anthraxrelease:0.125(high) and0.015625
(low). For eachreleaseamount,60 simulatedepidemicswerecre-
ated.Separatelyfor thehighandlow levels,we testedall methods,
forming anaverageAMOC curve for eachover all simulatedepi-
demics,andmeasuringdetectionrateandaveragedaysto detect.

For thehigh releasedataset,all of themethodstestedwereable
to rapidly detectall 60 outbreaks.For a �x ed falsepositive rate
of 1/month,every methoddetectedall outbreaks(100%detection
rate),with averagetimetodetectionrangingfrom1.6to2.067days.
The top method(1.6 daysto detect)wasthe 1-daystatisticusing
all mean,and half of all methodsdetectedin 1.8 daysor fewer.
Sincetheaveragedelayfrom releaseto the�rst reportedcasewas
1.18days,thesetimeswerecloseto ideal detectionperformance.
All methodsexceptall maxoutperformedthepurelytemporalscan
statistic(100%detectionrate,1.9 daysto detect),andall methods
outperformedthepurelyspatialscanstatistic(100%detectionrate,
2.317daysto detect).For this dataset,therewasvery little differ-

encebetweenthe bestandworst performingmethods,andthusit
is hardto draw de�niti ve conclusions.Nevertheless,we observed
thatshortertemporalwindowsperformedbetter(1-daywasbest,7-
daywasworst),andtherewereno signi�cant differencesbetween
emerging and persistentscanstatistics. Looking at the outbreak
curve for this epidemic,it is clear why this is the case: all out-
breakshave hugespikesin the numberof casesstartingon day 1
or 2, sothereis noadvantageto having a longerwindow; andsince
thereis essentiallyno “ramp-up” in the numberof cases(just the
largespike, at which point theoutbreakis obviousto any method)
thereis noadvantageto theemergingoverpersistentstatistics.For
timeseriesanalysis,theall meanmethodperformedbest,followed
by adj EWMA. This resultis somewhatsurprising,suggestingthat
theED baselinedatahasvery little dayof weekor seasonaltrends.

Resultson the low releasedatasetweresimilar, exceptfor two
differencesresultingfrom the amountof release. First, 7 of the
60 outbreaksweremissedby all of our methods;theseoutbreaks
consistedof a very small numberof cases(lessthan 5 in total),
andasa resulttherewasessentiallyno signalto detect.Theother
53 outbreakstypically produceda large andobvious spike in the
numberof cases(again,with very little ramp-upprior to thespike),
thoughthedelaybetweenreleaseandspike waslongeron average
(2.6daysfrom releaseto �rst reportedcase).Again,the1-daywin-
dow wasbest,thoughthe3-daystatisticsperformedalmostaswell,
andagainall meanandadj EWMA werethetoptwo methods.Our
spatio-temporalmethodsagainoutperformedthestraw men,requir-
ing 3.679daysto detect(best)and3.906daysto detect(median)
at 1 falsepositive/month. This was substantiallybetterthan the
purely temporalandpurelyspatialmethods,which required4.250
daysand5.094daysrespectively.

7.3 FLOO outbreaks,ED data
For theFLOO ED outbreaks,we again beganwith the2002Al-

legheny County ED dataset. We injected three types of FLOO
attacks,assumingthat only zip code15213(Pittsburgh) was af-
fected:(D= 4;Tf loo = 14), (D= 2;Tf loo = 20), and(D= 1;Tf loo =
20). Thus the �rst attackhasthe fastest-growing outbreakcurve
(4t caseson day t), and the third has the slowest-growing out-
breakcurve (t caseson day t). For eachoutbreaktype,we simu-
latedoutbreaksfor all possiblestartdatesin April-December2002,
and computedeachmethod's averageperformanceover all such
outbreaks. All the spatio-temporalmethodswere able to detect
all injectedoutbreaksat a rateof 1 falsepositive/month;not sur-
prisingly, mediannumberof daysto detectincreasedfrom 2.076
for the fastestgrowing outbreak,to 5.066 for the slowest grow-
ing outbreak. All of thesedetectiontimes were more than one
full dayfasterthanthepurelyspatialandpurelytemporalmethods,
with oneexception(0.22daysfasterthanpurelyspatialfor D= 4).
Again, the all meanmethodperformedwell (1-dayall meanwas
thewinner for D= 4, with a detectiontime of 1.748days),asdid
adj EWMA andstratEWMA (3-dayemerging stratEWMA was
thewinnerfor D= 2 andD= 1, with detectiontimesof 2.898and
4.484daysrespectively). Ourmostinterestingresultwastheeffect
of the temporalwindow sizeW: for the fastestgrowing outbreak,
the1-daymethoddetectedoutbreaks0.2daysfasterthanthe3-day
and7-daymethods,but for theslowestgrowing outbreak,both3-
dayand7-daymethodsdetectedoutbreaksafull dayfasterthanthe
1-daymethod. Emerging methodsoutperformedpersistentmeth-
odsfor approximately80% of our trials, thoughthe differencein
detectiontime wastypically fairly small (0.02-0.10days,depend-
ing on the time seriesanalysismethod). We also observed that
higheraggregation typically performedbetterfor the all max and
stratmaxmethods(i.e. RATSperformedbest,andBATSworst).
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Figure 1: AMOC curvesfor thr eeof the eight datasets.The four curvesare for the best spatio-temporal method (2 ), the median
spatio-temporal method (� ), the purely temporal method (� ), and the purely spatial method (+ ). Note that the purely temporal
method,unlik e the others, is not required to pinpoint the regionlocation, soits AMOC will be lower at the start of an attack (before
there are a suf�cient number of casesto detect); this is purely a function of the testing methodology, and doesnot imply better
performance.

Table1: Summary of performance.Detectionrate and averagedaysto detect,1 falsepositive/month,all datasets.
best median temporal spatial

dataset rate days rate days rate days rate days bestmethod
BARD (0.125) 1.000 1.600 1.000 1.800 1.000 1.900 1.000 2.317 1-day, all mean

BARD (0.015625) 0.883 3.679 0.883 3.906 0.867 4.250 0.883 5.094 1-day, all mean
FLOO ED (1,20) 1.000 4.484 1.000 5.066 0.988 6.119 1.000 7.289 3-dayemerging,stratEWMA
FLOO ED (2,20) 1.000 2.898 1.000 3.211 1.000 4.551 1.000 4.074 3-dayemerging,stratEWMA
FLOO ED (4,14) 1.000 1.748 1.000 2.076 1.000 3.103 1.000 2.290 1-day, all mean

FLOO OTC (20,20) 1.000 3.891 0.595 7.621 0.315 7.358 0.260 8.910 1-day, stratKull
FLOO OTC (40,14) 1.000 2.319 0.981 4.609 0.240 4.667 0.232 6.082 1-day, stratKull
FLOO OTC (all1,14) 0.475 5.424 0.179 3.340 0.274 5.000 0.213 6.036 1-day, stratEWLR

Table2: Comparisonof methods.Averagedaysto detect,1 falsepositive/month,all datasets.
BARD BARD FLOO ED FLOO ED FLOO ED FLOO OTC FLOO OTC FLOO OTC

method (0.125) (0.015625) (1,20) (2,20) (4,14) (20,20) (40,14) (all1,14)
1-day 1.60 4.53 5.62 3.05 1.75 3.89 2.32 9.92

3-daypersistent 1.75 4.58 4.53 2.93 1.94 4.02 2.61 11.61
3-dayemerging 1.75 4.55 4.48 2.90 1.92 3.96 2.53 11.57
7-daypersistent 1.80 4.67 4.73 3.06 2.01 4.35 2.83 11.89
7-dayemerging 1.77 4.67 4.71 3.09 2.00 4.29 2.78 11.73
all max BATS 1.98 5.03 6.34 3.61 2.16 6.58 3.30 10.80
all max CATS 1.97 4.92 5.75 3.18 2.03 6.58 3.46 10.80
all max RATS 1.72 4.65 5.06 3.32 2.03 10.15 5.11 11.02

all mean 1.60 4.53 4.79 3.04 1.75 15.34 6.67 11.78
stratmax BATS 1.87 4.83 5.25 3.38 2.17 7.11 3.69 11.73
stratmax CATS 1.87 4.82 5.25 3.23 2.10 7.21 3.75 11.82
stratmax RATS 1.73 4.68 5.20 3.21 2.08 12.34 4.57 11.54

stratmean 1.75 4.63 4.68 3.04 1.99 15.92 6.46 11.67
stratEWMA 1.75 4.58 4.48 2.90 1.92 16.88 11.49 12.19
adj EWMA 1.68 4.55 4.65 2.92 1.89 16.58 7.56 11.84
stratEWLR 1.83 4.82 5.17 3.42 2.29 10.84 5.23 9.92
adj EWLR 1.75 4.67 5.24 3.12 2.03 10.19 4.36 10.78

all Kull 1.80 4.65 4.69 2.96 1.95 4.25 2.59 11.63
stratKull 1.75 4.68 4.53 2.92 1.94 3.89 2.32 10.89



7.4 FLOO outbreaks,OTC data
For theFLOO OTC outbreaks,we beganwith oneyear's worth

of datafor retail salesof over-the-countercoughand cold med-
ication in Allegheny County, collectedfrom 2/13/04-2/12/05.We
injectedthreetypesof FLOOattacks:for the�rst two, weagainas-
sumedthatonly zip code15213wasaffected,but (sincetheoverall
numbersof OTC salesweremuchhigherthantheoverall numbers
of ED visits)weinjectedlargernumbersof counts,(D= 40;Tf loo =
14) and (D = 20;Tf loo = 20). For the third attack,we assumed
that all zip codesin Allegheny Countywereaffected,using(D =
1;Tf loo = 14) for each.For eachoutbreaktype,we simulatedout-
breaksfor all possiblestartdatesover the lastninemonthsof our
data,and computedeachmethod's averageperformanceover all
suchoutbreaks.Our �rst observation wasthat theseattackswere
substantiallyharderto detectthanin theED data:for thetwo local-
izedattacks,our medianmethodsonly detected98.1%and59.5%
of outbreaksfor the faster-growing (D = 40) andslower-growing
(D = 20) outbreaksrespectively. It appearsthat the main reason
for this wasthedif�culty in accuratelypredictingtheOTC counts
for the baselinedays,aswe observed hugedifferencesin perfor-
mancebetweenthevarioustime seriesanalysismethods.Thedata
containedsigni�cant seasonalandday of weektrends,aswell as
otherirregularities(e.g. largespikesin salesin singlestores,prob-
ably resultingfrom promotions),and most of our methodswere
not entirely successfulin accountingfor these;nevertheless,they
performedmuchbetterthanthe purely spatialandpurely tempo-
ral methods,which only detected23-32%of theseoutbreaks.Our
secondobservation was that the stratKull methodperformedre-
markablywell in predictingthelocalizedoutbreaks,detectingwith
100%accuracy in 2.32and3.89daysfor D = 40 andD = 20 re-
spectively; stratKull andall Kull detectedthe D = 20 outbreaks
over two daysfasterthanany othermethods. This suggeststhat
thosemethodswere able to predict baselinesfor the non-attack
daysmuchmoreaccuratelythanany of theothertime seriesanal-
ysismethods:usingthecurrentday's countsto predictthecurrent
day'sbaselinesallowsaccurateadjustmentfor seasonaltrends,and
if the attack is suf�ciently localized, only slightly reducesdetec-
tion power. Clearly it would be better to have a methodwhich
correctlypredictsthetrendswithoutusingthecurrentday'scounts,
but noneof themethodsdiscussedherewereableto dothis. For the
non-localizedattack(casesaddedto every zip code),thepower of
stratKull wassubstantiallyreduced,andit wasonly ableto detect
36%of outbreaks,whileourbest-performingmethod(stratEWLR)
detected48%. And this is far from the worst casefor stratKull:
sincedifferentzip codeshave differentaveragesales,addingthe
samenumberof countsto eachcreatesa large amountof space-
time interaction. If we had insteadmultiplied countsin eachzip
codeby thesamefactor, stratKull would have no power to detect
this. We alsonotethat the 1-daystatisticsperformedbestfor all
threeoutbreaktypeson the OTC data, thoughthe 3-day emerg-
ing statisticsperformedalmostaswell. Again, emerging methods
consistentlyoutperformedpersistentmethods,andthedifferencein
detectiontime waslarger thanon theED data(typically 0.05-0.20
days).Finally, we notethatthelower levelsof aggregation(BATS
andCATS) outperformedRATS for the“max” methods;this is the
oppositeresultfrom whatweobservedon theED data.

Basedon thesecon�icting results,it is dif�cult to recommenda
singlemethodfor useonall datasetsandoutbreaktypes.As shown
above, theoptimal temporalwindow sizedependson how fastthe
numberof casesincreases,with longertemporalwindows appro-
priatefor moreslowly growing outbreaks.The optimal temporal
window is alsoaffectedby ourdesiredtradeoff betweennumberof
falsepositivesanddetectiontime: a loweracceptablefalsepositive

rate(andthus,longeracceptabledetectiontime) increasestheopti-
malwindow size.For example,for theFLOO ED (1,20)outbreak,
the3-dayemergingstatistichasthefastesttimeto detectionatarate
of 1 falsepositive/month,while the7-dayemergingstatistichasthe
fastesttime to detectionat a rateof 1 falsepositive/year. As noted
above, the emerging statisticsconsistentlyoutperformthe corre-
spondingpersistentstatistics,andwhile the amountof difference
is not thatlarge(0.02-0.20daysacrossall outbreaksandmethods),
evenslightly earlierdetectionmaymakeasubstantialdifferencein
theef�cacy of outbreakresponse.It appearsthatthe3-dayemerg-
ing statisticis a reasonablecompromisesolution,at leastfor the
setof outbreakstested.It may alsobe a goodideato run emerg-
ing statisticswith differentwindow sizesin parallel,for betterde-
tectionof both fast-growing andslow-growing outbreaks;optimal
combinationof detectorsis aninterestingandopenresearchques-
tion. It is clearthat the besttime seriesanalysismethoddepends
on the characteristicsof the dataset,as well as whetherthe out-
breakis spatially localizedor occupiesa large spatialregion: the
stratKull methodis excellent for localizedoutbreaks,but should
beusedonly in parallelwith anothermethodthatcandetectlarge-
scaleoutbreaks.For datasetswith little seasonaltrend,suchasthe
ED datausedhere,verysimplemeanandmoving averagemethods
aresuf�cient, but it is still anopenquestionto �nd amethodwhich
canaccuratelypredictbaselinecountsfor OTC datawithout using
thecurrentday's countsto predictthecurrentday's expectations.

7.5 Calibration
As notedabove, our testingframework simply comparesscores

of the highestscoringregionson eachday, andcomputesAMOC
curves; no randomizationtestingis done,andthuswe do not ac-
tually computethe p-value of discovered regions. Becauseour
detectionperformanceis high, it is clearthat the attacked regions
wouldhavelower p-valuesthanthehighestscoringregionsonnon-
attackeddays.But thisdoesnotanswerthequestionof calibration:
at what thresholdp-value shouldwe trigger an alarm? If non-
attacked dayswere actually generatedunderthe null hypothesis,
we couldchoosesomelevel a andbeguaranteedthatwe will only
triggerfalsealarmsthatproportionof thetime (e.g.onceevery 20
daysfor a = :05). However, ournull hypothesis,thateachcountct

i
is generatedby aPoissondistributionwith meanbt

i , is clearlyfalse,
sincebt

i is only an estimateof what we expectct
i to be,assuming

thatno outbreakis present.If this estimatewereunbiasedandex-
actlyprecise(zerovariance),thenwewouldachieveafalsepositive
rateof a. In practice,however, thisestimatecanbebothbiasedand
highly imprecise.For any methodof calculatingbaselinesthat is
approximatelyunbiased,but hasnon-zerovariance(i.e. all of our
timeseriesanalysismethodsexceptall maxandstratmax),weex-
pecttheproportionof falsepositivesto begreaterthana, sincethe
scanstatisticpicksoutany regionswherebt

i is anunderestimateof
ct

i . Theall maxandstratmaxmethods,on theotherhand,arecon-
servatively biased(predictingvaluesof bt

i which overestimatect
i

on average)but alsohave non-zerovariances;thusthey mayresult
in proportionsof falsepositiveseitherhigheror lower thana. To
examinethecalibrationof our methods,we calculatedthe p-value
for eachday in both the ED andOTC datasets(with no injected
attacks).We useda 3-dayemerging scanstatistic,BATS aggrega-
tion,with four differenttimeseriesanalysismethods:two unbiased
methods(adj EWLR andall mean)andtwo conservative methods
(all maxandstratmax).R= 100randomizationswereperformed,
andwe countedthe proportionof falsepositivesat a = 0:01 and
a = 0:05 for eachmethodoneachdataset.SeeTable3 for results.

As expected,weobservealargenumberof falsepositivesin both
datasetsfor the unbiasedmethods.For the OTC dataset,we also



Table3: Proportion of falsepositives.
ED dataset OTC dataset

method a = :01 a = :05 a = :01 a = :05
adj EWLR 0.171 0.393 0.725 0.808
all mean 0.091 0.240 0.789 0.840
stratmax 0.000 0.025 0.275 0.344
all max 0.000 0.000 0.058 0.072

have high falsepositive rateseven for the conservative methods.
Whatconclusionscanwe draw from this?Becauseof thevariance
in our predictions,the baselinedata,especiallythe OTC data,is
not �t well by the null hypothesis. Nevertheless,the likelihood
ratiostatistic(whichservesasasortof distanceawayfrom thenull
hypothesis)is verysuccessfulatdistinguishingbetweenattacksand
non-attacked days. So how can we calibratethe statistic? One
option would be to usean unbiasedmethodwith a much lower
thresholda, but theproblemwith thisis thatit wouldrequireahuge
numberof randomizationsto determinewhetherthe p-valueis less
than a. Another option would be to usea conservative method,
but the problemis that thesemethodsnot only recordfewer false
positives,but alsoarelessableto detecta truepositive. In fact,as
our resultsabove demonstrate,theconservative methodstypically
havemuchlesspowertodistinguishattacksfromnon-attackeddays
for agivenlevel of falsepositives,sothis is clearlynotagoodidea.
A betteroption is to trigger alarmsfor a given thresholdon the
score ratherthanon the p-value,with that thresholdlearnedfrom
previous data(e.g. the yearof ED andOTC datausedhere). An
evenbettersolutionmight beto accountfor theuncertaintyof our
baselineestimatesbt

i , asdiscussedbelow, andthusmake our null
hypothesismoreaccuratelydescribetherealdata.

8. CONCLUSIONS
We have presenteda new classof space-timescanstatisticsde-

signedfor the rapid detectionof emerging clusters,and demon-
stratedthatthesemethodsarehighlysuccessfulonthetaskof rapidly
andaccuratelydetectingemerging diseaseepidemics.We arecur-
rentlyworking to extendthis framework in anumberof ways.Per-
hapsthe most importantof theseextensionsis to accountfor the
imprecisionin our baselineestimatesbt

i , using methodsof time
seriesanalysiswhich not only predict the expectedvaluesof the
“current” countsbut alsoestimatethevariancein theseestimates.
Our currentdif�culty is thatwe aretestingthenull hypothesisthat
all countsct

i aregeneratedfrom theestimatedvaluesbt
i , but since

thesevaluesareonly estimates,thenull hypothesisis clearlyfalse.
As a result,aswe demonstratedin the previous section,the stan-
dardrandomizationtestingframework resultsin largenumbersof
falsepositives,i.e. on mostnon-attackdayswe still observe a p-
valuelessthan0.05.Thecombinationof timeseriesmethodswhich
accountfor imprecisionof estimates,andscanstatisticswhich use
distributionsthatcanaccountfor meanandvarianceseparately(e.g.
Gaussianor negativebinomialdistributions)shouldallow usto cor-
rect theseproblems. This will alsomake the distinctionbetween
building-aggregated,cell-aggregated,and region-aggregatedtime
seriesmethodsmorerelevant,asthevariancecomputationswill be
verydifferentdependingonthelevel of aggregation.A second(and
related)extensionis accountingfor factorssuchasoverdispersion
and spatialcorrelationbetweenneighboringcounts. Our current
methodsassumethat eachspatiallocation,cell, or region hasan
independenttime seriesof counts,and thus infer baselinesinde-
pendentlyfor eachsuchtime series.Whenwe extendthemodelto

distributionsthat modelmeanandvarianceseparately, we should
be ableto calculatecorrelationsbetweentime seriesof neighbor-
ing spatiallocations,andadjustfor thesecorrelations.

Finally, we are in the processof applyingour spatio-temporal
scanstatisticsto nationwideover-the-counterdrugsales,searching
for emergingdiseaseoutbreaksonadaily basis.Scalingupthesys-
tem to nationaldatacreatesboth computationalissues(the useof
the fastspatialscanis essentialfor searchinglarge grids) aswell
asstatisticalissues(dealingwith irregularitiesin thedata,suchas
missingdata,and increasedsalesresultingfrom productpromo-
tions). We arecurrentlyworking with stateandlocal public health
of�cials to ensurethattheclusterswereportcorrespondto relevant
potentialoutbreaks,thusrapidlyandaccuratelyidentifyingemerg-
ing outbreakswhile keepingthenumberof falsepositiveslow.
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