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ABSTRACT

We proposea new classof spatio-temporatlusterdetectionrmeth-
odsdesignedor the rapid detectionof emeging space-timeclus-
ters. We focus on the motivating applicationof prospectie dis-
easesunillance: detectingspace-timeclustersof diseasecases
resultingfrom anemepging diseas@utbreak Automatic,real-time
detectionof outbreakanenablerapid epidemiologicaresponse,
potentiallyreducingratesof morbidity andmortality. Building on
the prior work on spatialandspace-timescanstatistics,our meth-
ods combinetime seriesanalysis(to determinehow mary cases
we expectto obsere for a given spatialregion in a giventime in-
tenal) with new “ememging cluster” space-timescanstatistics(to
decidewhetheran obseredincreasen casesn aregionis signif-
icant),enablingfastandaccurateletectionof emeging outbreaks.
We evaluatethesemethodson two typesof simulatedoutbreaks:
aerosolreleaseof inhalationalanthrax(e.g. from a bioterroristat-
tack)andFLOO (“Fictional LinearOnsetOutbreak”) injectedinto
actualbaselinedata(Emegeng Departmentecordsandover-the-
counterdrug salesdatafrom Alleghery County). We demonstrate
thatour methodsaresuccessfuin rapidly detectingboth outbreak
typeswhile keepingthe numberof falsepositiveslow, and shav
thatour new “emenging cluster” scanstatisticsconsistentlyoutper
form the standardpersistentluster’scanstatisticsapproach.
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1. INTRODUCTION

In mary datamining applicationswe arefacedwith the taskof
detectingclusters: regionsof spacevheresomequantityis signi -
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cantlyhigherthanexpected For example,ourgoalmaybeto detect
clustersof diseaseaseswhich maybeindicative of anaturallyoc-
curringdiseaseepidemic(e.g.in uenza), a bioterroristattack(e.g.
anthraxrelease)pr an ervironmentalhazard(e.g. radiationleak).
In medicalimaging,we mayattemptto detectumorsor otherhaz-
ardousgrowths; in neurosciencewe may be interestedn detect-
ing spatialpatternsof brainactvity (measuredby fMRI activation)
that correspondo various cognitive tasks. [11] discussesnary
otherapplicationsof clusterdetectionjncludingmining astronom-
ical data(identifying clustersof starsor galaxies)andmilitary re-
connaissancémonitoring strengthand actvity of enemyforces).
In all of theseapplicationswe have two main goals: to pinpoint
the location, shape,and size of eachpotentialcluster andto de-
termine(by statisticalsigni cancetesting)whethereachpotential
clusterislikely to bea“true” clusteror simplyachanceoccurrence.

While mostof the prior work on clusterdetectionis purely spa-
tial in nature(e.g.[1, 10, 6)), it is clearfrom theabovelist of appli-
cationgthattimeis anessentiatomponenbf mostclusterdetection
problems.We are ofteninterestedn clusterswhich areemeging
in time: for example,a growing tumor, an outbreakof diseasepr
anincreasen troopactity. In someapplicationsthetime dimen-
sioncanbedealtwith easily eitherby applyingsomepurelyspatial
clusterdetectiormethodateachtime step,or by treatingtime asan-
otherspatialdimensionandthusapplyingspatialclusterdetection
inad+ 1 dimensionabpacgd spatialdimensionsplustime). The
disadwantageof the rst approachis that by only examiningone
day of dataat a time, we mayfail to detectmoreslowly emeging
clusters.The disadwantageof the secondapproachs thatwe may
detectlessrelevantclusters:ithoseclustershathave persistedor a
longtime, ratherthanthosethatarenewly emepging.

To improve on thesemethodsit is helpful to considerthe guid-
ing question;'How is time, asa dimensiondifferentfrom space?”
We aguethattherearethreeimportantdistinctionswhich require
us to treat spatio-temporatlusterdetectiondifferently from spa-
tial clusterdetection. First, time (unlike space)hasanimportant
point of reference:the present. We often careonly aboutthose
space-timeclustersthat are still “active” at the presenttime, and
in thesecaseawve shouldusea prospectre method(searchingor
clusterswhich endat the presentime) ratherthana retrospectie
method(searchingor clusterswhich endat or beforethe present
time). Secondjn the spatialclusterdetectionframeawork, we typi-
cally assumehatwe have somebaselinedenominatodatasuchas
acensugpopulation(for epidemiology)andthattheexpectedcount
(e.g. numberof diseasecases)s proportionalto this baseline.In
thespatio-temporaframevork, we aregenerallynot providedwith
explicit denominatordata; instead,we infer the expectedvalues
of themostrecentdays' countsfrom thetime seriesof pastcounts.
Finally, andmostinterestinglytime hasanexplicit directionor “ar-



ow,” proceedingrom the past,throughthe presentjo the future.

We aregenerallyinterestedn clustersvhichemegeovertime: for
example, a diseaseepidemicmay startwith only a few reported
casesthenincreasdn magnitudeeithergraduallyor rapidly. One
major focus of this paperis developing statisticalmethodswhich
aremoreappropriatdor detectingsuchemeging clusters.

We focushereon the motivating applicationof prospectivedis-
easesurveillance detectingspace-timeclustersof diseasecases
resultingfrom an emeging diseaseoutbreak. In this application,
we perform surneillance on a daily (or even hourly) basis,with
thegoalof nding emeging epidemicsasquickly aspossible.By
detectingepidemicsrapidly and automatically we hopeto allow
morerapidepidemiologicatesponsée.g. distribution of vaccines,
public healthwarnings),potentially reducingthe ratesof mortal-
ity and morbidity from an outbreak. In this application,we are
giventhe numberof diseasecasef somegiventype (e.g. respi-
ratory) in eachspatiallocation(e.g. zip code)on eachday More
precisely sincewe cannotmeasurghe actualnumberof caseswe
insteadrely on relatedobsenable quantitiessuchas the number
of respiratoryEmegeny Departmentisits, or salesof over-the-
countercoughandcold medication,in a given spatiallocationon
agivenday We mustthendetectthoseincreaseshatareindica-
tive of emeping outbreaksascloseto the startof the outbreakas
possiblewhile keepingthe numberof falsepositiveslow.

2. THE MODEL

In the generalcase,we have datacollectedat a setof discrete
timestepst = 1:::T (wheretime T representshe presenthataset
of discret%patiallocationss. For eachs at eachtime stept, we
aregivenacountc andour goalis to nd if thereis ary region
S(setof locationss) andtime intenal (t = tmin:::tmay for which
the countsare signi cantly higherthan expected. Thus we must
rst decideon the setof spatialregions S, andthe time intenals
tmin:: :tmax thatwe areinterestedn searching.In the scanstatis-
ticsframework discussedbelow, we typically searchover the setof
all spatialregionsof somegivenshapeandvariablesize. For sim-
plicity, we assuméhere(asin [18]) thatthe spatiallocationss; are
aggrgatedto a uniform, two-dimensionalN N grid G, andwe
searchover the setof all axis-alignedrectangularegionsS G.1
Thisallowsusto detecthothcompactndelongatedclusterswhich
is importantsincediseaselustersmaybe elongateddueto disper
sal of pathogendy wind, water, or otherfactors. For prospectre
suneillance,asis ourfocushere,we careonly aboutthoseclusters
whicharestill presentaitthecurrenttime T, andthuswe searclover
timeintenalswith tmax= T; if we wereperformingaretrospectie
analysispntheotherhand,we would searctoverall tmax  T. We
mustalsochoosehesizeof the“temporalwindow” W: we assume
thatwe areonly interestedn detectingclustersthathave emeged
within the lastW days(andarestill present) andthuswe search
overtimeintenalstmin::: T forall T W< tpnin T.

In the diseasedetectionframavork, we assumethat the count
(numberof cases)n eachspatialregion s; oneachdayt is Poisson
distributed, ¢t Po(l !) with someunknavn parametet {. Thus
our methodconsistsof two parts: time seriesanalysisfor calcu-
lating the expectednumberof casegor “baseline”) bt E[d] for
eachspatialregion on eachday, andspace- tlmescanstatlstlcsfor
determiningwhethertheactualnumbersf cases! in someregion
S are signi cantly higher than expected(given b%) in the lastW
days. The choiceof temporalwindow sizeW impactsboth parts
of our method:we calculatethe baselines} for the“current” days

INon-axis-alignedectanglesanbe detectedy examiningmulti-
ple rotationsof thedata,asin [18].

T W<t T bytime seriesanalysis,basedon the “past” days
1 t T W,andthendeterminevhetherthereareary emeging
space-timeclustersin the lastW days. In additionto the tempo-
ral window size,threeotherconsiderationsnayimpactthe perfor
manceof our method: the type of space-timescanstatisticused,
the level on which the datais aggrejated,andthe methodof time
seriesanalysis.We discusgheseconsiderationin detailbelow.

3. SPACE-TIME SCAN STATISTICS

Oneof themostimportantstatisticaltoolsfor clusterdetectioris
the spatial scanstatistic[15, 10, 11]. This methodsearchesver a
givensetof spatialregions, nding thoseregionswhich maximize
alikelihoodratio statisticandthusaremostlikely to be generated
underthe alternatve hypothesisof clusteringratherthanunderthe
null hypothesisof no clustering. Randomizatiortestingis used
to computethe p-value of eachdetectedregion, correctly adjust-
ing for multiple hypothesistesting,andthuswe canboth identify
potentialclustersanddeterminewhetherthey aresigni cant. The
standardspatialscanalgorithm[11] hastwo primarydravbacks:it
is extremelycomputationallyintensve, makingit infeasibleto use
for massve real-world datasetsandonly compact(circular) clus-
tersaredetected.In prior work, we have addressedoth of these
problemsby proposingthe “f astspatialscan”algorithm[18, 19],
which canrapidly searchfor elongatedclusters(hyperrectangles)
in large multi-dimensionaldatasets.As notedabove, we choose
hereto searchover rectangularegions,usinga space-timevariant
of thefastspatialscanasnecessaryo speedip our search.

In its original formulation[15, 10], the spatialscanstatisticdoes
nottaketimeinto accountlnsteadjt assumeasinglecountc; (e.qg.
numberof diseasecasesfor eachspatiallocations;, aswell asa
givenbaselindy; (e.g.at-riskpopulation).Thenthegoalof thescan
statisticisto nd regionswheretherate (or expectedratio of count
to baseline)is higherinsidethe region thanoutside. The statistic

usedfor this is thelikelihoodratio D(S) = %, where

the null hypothesisHg representsio clustering,and eachalterna-
tive hypothesisH1 (S) representslusteringin someregion S. More
preciselyunderHp we assumauniformdiseaseateqy, suchthat
¢ Pdgqhb;) for all locationss. UnderH1(S), we assumehat
¢ Pdqinby) for all locationss; 2 S andc;  Po(qouby) for all lo-
cationss 2 G S, for someconstantsjin > gou. Fromthis,wecan
derive an expressiorfor D(S) usingthe maximumlik elihoodesti-
matesof din, Qout, andqg: D(S) = %:: o %’Tﬁ o %:: Ca”,
if C'" > g‘)" andD(S) = 1 otherwisewhere'in,” “out,” and“all”
aret"he sumsof countsand baselinegor S G S andG respec-
tively. Thenthemostsigni cant spatialregion Sis 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 determindts statisticalsignif-
icance,i.e. whetherS is a signi cant spatialcluster To adjust
correctly for multiple hypothesistesting,we nd the region's p-
value by randomization:.we randomlycreatea large numberR of
replicagridsunderthenull hypothesiss;  Pa(gq bi), and nd the
highestscoringregion andits scorefor eachreplicagrid. Thenthe
p-valuecanbe computedas Rbr\?ﬂl, whereRyez is the numberof
replicagridswith D higherthanthe original grid. If this p-value
is lessthansomeconstania (herea = :05), we canconcludethat
thediscoveredregionis unlikely to have occurredby chanceandis
thusa signi cant spatialcluster;we canthensearchor secondary
clusters.Otherwise no signi cant clustersexist.

The formulation of the scanstatisticthat we usehereis some-
what different, becauseave areinterestedhot in detectingregions




with higherratesinsidethanoutside put regionswith highercounts
thanexpected Let us assumehat baselines; representhe ex-
pectedvaluesof eachcountc;; we discusshow to obtainthese
baselinedelon. Thenwe wish to testthe null hypothesisHp: all
countsc; aregeneratedy ¢ Po(bj), againstthe setof alterna-
tive hypothese#1(9): for spatiallocationss; 2 S, all countsc; are
generatecby ¢  Po(ghy), for someconstantq > 1, andfor all
otherspatiallocationss 2 G S all countsc;  Pd(b;). We then
computethelikelihoodratio:

D(S) = Pr(Data:I Hl(S)) = maxq 16525Pr(ci

Pr(Dataj Ho) Os2sPr(ci  Pabi))

_ maxy 10425(qb)%e B max, 1qCre 9B
Os2sbie b e Bn

Pa(gh))

Usingthe maximumlik elihoodestimateg = max 1;%: , we ob-

Cin
tainD(9) = g—i: ebn Cn if Cip > Bin, andD(S) = 1 otherwise.
As before,we searchover all spatialregionsSto nd the highest
scoringregion S . Thenthe statisticalsigni cance (p-value)of S
canbefoundby randomizatiortestingasbefore wherethereplica
gridsaregeneratedinderthenull hypothesisc;  Pa(by).

3.1 The 1-day space-timescanstatistic

To extendthis spatialscanstatisticto the prospectie space-time
casethesimplestmethodis to usea 1-daytemporalwindow (W =
1), searchindor clusterson only the presentdayt = T. Thuswe
wishto know whetherthereis ary spatialregion Swith higherthan
expectedcountsonday T, giventheaotualcountsciT andexpected
countsbiT for eachspatiallocations. To do so, we comparethe
null hypothesisHo: ¢ Po(b) for all 5, to the setof alternatve
hypothesedd1(S): ¢f  Pdgh’) for all s 2 S, for someconstant
g> 1,andc]  Pobl) elsavhere. Thusthestatistictakesthesame
form asthe purely spatial scanstatistic,and we obtain: D(S) =

c
S € CifC> B,andD(S) = 1 otherwisewhereC = &4osc’

andB = észsbiT denotethetotal countandtotal baselineof region
Sontime stepT. Again, we searchover all spatialregions S to
nd the highestscoringregion S andits scoreD . To compute
the p-value, we perform randomizationtesting as before, where
eachreplicagrid hascountsciT generatedrom Po(biT) andall other
countsc} (t 6 T) copiedfrom theoriginal grid.

3.2 Multi-day space-timescanstatistics

While the 1-dayprospectie space-timescanstatisticis very use-
ful for detectingrapidly growing outbreaksijt may have dif culty
detectingmore slowly growing outbreaks,as noted above. For
the multi-day prospectie space-timescanstatisticswe have some
temporalwindow W > 1, and must determinewhetherary out-
breakshave emepgedwithin the mostrecentW days(andarestill
present)In otherwords,we wishto nd whetherthereis ary spa-
tial region S with higherthan expectedcountson daystmin::: T,
for someT W<ty T. Todoso,we rst computethe ex-
pectedcountsht andthe actualcountsc! for eachspatiallocation
s oneachdayT W<t T,; we discusshow the baselineéo}
are calculatedin the following section. We then searchover all
spatialregionsS G, andall allowablevaluesof tmin, nding the
highestvalueof the spatio-temporascorefunction D(S; tmin). The
calculationof this function dependson whetherwe are searching
for “persistent”or “emerging” clusters,aswe discussbelov. In
ary caseoncewe have foundthe highestscoringregion (S ;t,,)
andits scoreD , we cancomputethe p-valueof thisregion by per
forming randomizatiortestingas before,whereeachreplicagrid

hascountsc} generatedrom Po(b}) forT W<t
othercountsc! copiedfrom theoriginal grid.

Now we mustconsiderhow to computethe function D(S; tmin)-
The standardmethodfor computingthe space-timescanstatistic,
proposedor theretrospectie caseby [13] andfor the prospectie
caseby [12], builds ontheKulldorff spatialscanstatistic[10] given
abore. As in thepurelyspatialscan thismethodassumethatbase-
lines b} aregivenin adwance(e.g. populationin eachlocationfor
eachtime intenval), andthat countsc} aregeneratedrom Poisson
distributionswith meangroportionalto b}. Thenthegoalisto nd
space-timeclusters(S tmin) Wheretherate(ratio of countto base-
line) is signi cantly higherinsidetheregionthanoutside.As in the
purelyspatialcasethis canbe adaptedo our framework, in which
the goalis to nd space-timeclusterswherethe obsered counts
c} arehigherthanthe@(pectedcountsb}. For the “persistentclus-
ter” casewe maintainthe othermajorassumptiorof the standard
model:thatthe multiplicative increasen counts(“relative risk”) in
an affectedregion remainsconstanthroughthe temporalduration
of thecluster For the“ememging cluster’casewe insteadmale the
assumptiorthat the relative risk increasesnonotonicallythrough
the clusters duration. It is also possibleto assumea parametric
form for theincreasen relative risk over time (e.g. exponentialor
linearincrease)andwe considersuchstatistican [17].

3.3 Persistentclusters

Thetestfor persistentlustersassumeshattherelative risk of a
clusterremainsconstanbver time; asaresult,the scorefunctionis
very similar to the 1-daystatistic,with sumstaken over the entire
durationof a clusterratherthanonly a singleday.

As notedabove, we mustsearchover all spatialregions S and
all valuesof tmin (WhereT W< tmin  T), nding themaximum
scoreD(S tmin). For agivenregion S andvaluety,, we compare
the null hypothesisHo: ¢ Po(kt) for all spatiallocationss; and
alT W<t T,tothealternatve hypothesisHi(S tmin): c}
Po(qb}) for s 2 Sandt = tyjn::: T, for someconstany> 1, and
c  Pob!) elsavhere. Thuswe cancomputethe likelihoodratio:

max, 10Pid  Pdgh)) _ max 10(qd)%e
OPrcf Pab)) j

O(bh)cie b
wherethe productsaretakenover s 2 S andtyn t

T, andall

D(S tmin) =

T. This
. . C B

simpli es to max, 1%;—, whereC and B are the total count
85258y, t TC andtotalbaselindspsay,, + Tbf respectiely.
Finally, usingthe maximumlikelihood estimateq = max 1;% ,

. cCaec. .
weobtainD(Stmin) = § €8 Cif C> B, andD = 1 otherwise.

3.4 Emerging clusters

While thespace-timecarstatisticfor persistentlustersassumes
thatrelative risk of a clusterremainsconstanthroughits duration,
this is typically not true in diseasesurneillance. Whena disease
outbrealoccursthediseaseatewill typically risecontinuallyover
the durationof the outbreakuntil the outbreakreachests peak,at
which pointit will level off or decreaseOur maingoalin the epi-
demiologicaldomainis to detectemenping outbreakg(i.e. those
thathave not yet reachedheir 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 agivenregion Sandvaluetmn, we
comparehenull hypothesidHo: ¢ Po(b}) for all spatiallocations
sandall T W<t T,tothealternatve hypothesisH(S tmin):
d  Poqbt) for s 2 Sandt = tyin::: T, for somemonotoni-



cally increasingsequenceof constantsl ¢, gr, and
c} Po(b}) elsavhere.Thuswe cancomputethelik elihoodratio:

max g, : qTOPr(C} PC(th}))

D(S tmin) = OPr(c  Pabl))

ar O(qtb})c}e aebt
O(bl)ce b
wherethe productsaretakenover sy 2 Sandtmin  t
max Otin 9T oqqe B
B

— maX]_ Gtmin -+

T. This

simpli es to , whereC: andB; arethetotal
countd s andthetotal baselined s, sbf ondayt, andB is the
total baselined 5258y, + 10 asabove.

Now, we mustmaximizethenumeratosubjectto theconstraints
ontheq;. Todoso,letE = E;:::Ep beapartitioningof tmin::: T
into setsof consecutie integers,suchthatfor all t1;t> 2 Ej, o, =
a, = Qj, andfor all Ej, andEj,, wherej; < j2, Qj, < Qj,. In other
words, the Ej de ne a partitioning of tmin:::T into time periods
wherethe relative risk is constant. Note that the g; are uniquely
de ned by the partitionsE; andtheratesQj. We canthenwrite:

~ Ci B
ma)El:::Epma)Ql:::onEj Qj ‘e QiBj

D(S; tmin) = e B

Wherij = éSZSétZEj b} ande = éSZSétZEj C}.
In [17], we prove thatthis expressions maximizedwhenQ; =
g—j for all j. Thisallows usto simplify theexpressiorto:

C ~ G <
D(S;tmin) = eB max O —_—
EiEp E j
Thenthequestionis how to choosehe optimal partitioningE =
fE;jg, andin [17] we presenthefollowing algorithm. This method
usesa stackdatastructure whereeachelementof the stackrepre-
sentsa partition Ej by a5-tuple tgar;tend;Cj; Bj; Qj . Thealgo-

rithm startsby pushing T;T;Ct;Bt;max 1; % ontothestack.
Thenfor eacht, fromT 1 down to tyin, we do thefollowing:

temp = (t, t C.t B_t max(l, C_t / B.)
while  (temp.Q >= stack.top.Q)
temp2 = stack.pop
temp = (temp.start,
temp2.B,
stack.push(temp)

temp2.end,
max(1, (temp.C+temp2.C)

temp.C+temp2.C, temp.B +
| (temp.B+temp2.B)))

As we prove in [17], this “step method” producesthe unique
optimal partitioning E andratesQ, andthusthe valuesof g; that
maximizethe scoresubjectto the monotonicityconstraintabove.

4. INFERRING BASELINE VALUES

In orderto infer thebaselined! 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 considerthreedifferentlevels of
spatialaggreation, which we term “building-aggrgatedtime se-
ries” (BATS), “cell-aggreyatedtime series”(CATS), and “region-
aggrejatedtime series”"(RATS) respectrely. FortheBATS method,
we considetthetime seriedfor eachspatiallocationindependently;
for example, we may have a separatdime seriesfor eachstore
or hospital, or countsmay be alreadyaggrejated at somelevel
(e.g. zip code). For eachof theselocationss;, we independently
computethe baselined! (T W<t T) from the pastcountsct
(I t T W), usingoneof thetime seriesanalysismethodse-
low. Thenwhene&er we calculateD(Stmin) for a region, we use

the baselines andcountsc! for eachlocationin the region. The
CATS method rst computesheaggr@atecountc} for eachcell of
thegrid 5 2 G oneachdayt, by summingcountsof all spatialloca-
tionsin thatcell. Thenthebaselinesb} arecomputedndependently
for eachgrid cell 5 2 G, andwhene&erwe calculateD(S; tyn) for a
region, it is thecell countsandbaselineshatwe useto computethe
score.Finally, the RATS method wheneer it searchesaregion S,
aggreatesthetime seriesof countsC;(S) “on the y” by summing
countsof all spatiallocationsin that region, computesbaselines
B: (S for the“current”daysT W<t T, andappliesthescore
functionD(S tmin) to theresultingcountsandbaselines.

Randomizatiortesting must also be performeddifferently for
eachof the threelevels of aggr@ation. To generatea replicagrid
for BATS, we independentlydrav a countfor eachspatiallocation
s for eachcurrentdayt, usingits baselineb}. To generatareplica
grid for CATS, we independentlydrav a countfor eachcell of the
grid 5 2 G for eachcurrentdayt, usingthe cell baselineb}. Fi-
nally, randomizatiortestingfor RATS is somavhat moredif cult
thanfor the othermethodssincewe mustproducecell countsfrom
acorrelatedistribution. Varioussamplingmethodscanbe usedto
do this, but this makes randomizationextremely computationally
expensve; see[17] for moredetails.

4.1 Time seriesanalysismethods

For agivenlocation,cell, or region s;, our goalis to estimatethe
expectedvaluesof the“current” countsp! = E[cl], T W<t T,
from thetime seriesof “past” countsc}, 1 t T W.Avarietyof
methodsarepossible dependingnhow we wishto dealwith three
questions:day of week effects, seasonatrends,and bias. Many
epidemiologicalquantities(for example, OTC drug sales)exhibit
strongday of weekand seasonatrends. Herewe considerthree
methodsof dealingwith day of weekeffects: we canignorethem,
stratify by dayof week(i.e. performaseparatéime seriescalcula-
tion for eachday of theweek),or adjustfor dayof week.To adjust
for day of week,we assuméhatthe obseredcounton agivenday
is the productof an“actual” countanda constantiependentn the
dayof week. Thuswe computethe proportionof countsb; oneach
dayof theweek(i = 1:::7). Thenwetransformeachpastday's ob-
sened countby dividing by 7b;, do asingletime seriescalculation
on the transformedpastcountsto predictthe transformedcurrent
counts,and nally multiply by 7b; to obtainthe predictedcountfor
eachcurrentday By adjustinginsteadof stratifying, more datais
usedto predicteachday's count(potentiallyreducingthe variance
of our estimates)but the succes®f this approachdependsn the
assumptiorof a constanandmultiplicative day-of-weekeffect.

We alsoconsidetthreemethodsf adjustingfor seasonatrends:
to useonly the mostrecentcounts(e.g. the pastfour weeks)for
prediction to useall countsbut weightthemostrecentcountsmore
(asis donein our exponentiallyweightedmoving averageand ex-
ponentiallyweightedinearregressiormethods)andto useregres-
sion techniquego extrapolateseasonatrendsto the currentdata.
Finally, we considemoth methodswhich attemptto give an unbi-
asedestimateof the currentcount(e.g. meanof pastcounts),and
methodswhich attemptto give a positively biasedestimateof the
currentcount (e.g. maximumof pastcounts). As we shaw, the
unbiasednethodgypically have betterdetectionpower, but the bi-
asedmethodshave the adwantageof reducingthe numberof false
positivesto amoremanageabléevel (seeSection?.5).

Herewe considera total of 10 time seriesanalysismethodsjn-
cluding“all_max” (b} = maximumcountof last28days),"all_mean”
(bt = meancountof last 28 days), “stratmax” (b} = maximum
countof sameday of week, 1-4 weeksago), “strat mean” (b} =
meancountof sameday of week, 1-4 weeksago),two exponen-



tially weightedmoving averagemethodq“strat EWMA” strati ed
by day of week,“adj_ EWMA” adjustedfor day of week),andtwo
exponentiallyweightedlinear regressionmethods(“strat EWLR”
strati ed by day of week,“adj_ EWLR" adjustedor day of week).
Our nal two methodsareinspiredby therecentwork of Kulldorff
etal.[14] onthe“space-timgermutatiorscanstatistic; sowe call
them “strat Kull” (strati ed by day of week)and “all Kull” (ig-
noring day of weekeffects). In this framework, the baselinebt is

computedas ﬁf—‘ i.e. spaceandtime areassumedo beinde-

pendentsothe expectedfractlon of all casesccurringin location
s ondayt canbe computedasthe productof the fraction of all
caseccurringin locations; andthefractionof all caseccurring
ondayt. The problemwith this methodis thatthe currentday's
countsareusedfor predictionof the currentday's expectedcounts.
As aresult,if thereis a clusteron the currentday, the baselines
for thecurrentdaywill alsobehighet reducingour powerto detect
thecluster Neverthelessthestrat Kull andall_Kull methodslo ex-
tremelywell whendetectindocalizedclusters(wheretheincrease
in countsis noticeablefor a small region, but the region is small
enoughthatthetotal countfor thedayis essentialljunafected).
We alsonotean interestinginteractionbetweerthe level of ag-
gregation andthe methodof time seriesanalysis. If the expected
countsbt (T W<t T)arecalculatedasalinearcombinatiorof
patstcountsct (2 t T W), andtheweightsfor eachpastday
t areconstantfrom locationto location,thenwe will calculatethe
samebaselinegandthus, the samescores)egardlessof whether
we aggreate on the building, cell, or region level. This turns
our to be true for mostof the methodswe investigate: all_mean,
stratmeanstratEWMA, stratEWLR, all_Kull, andstratKull. On
theotherhand,if we choosdlifferentweightsfor eachlocation(as
is the casewhenwe adjustfor day of week,asin adi EWMA and
adj EWLR), we will calculatedifferent baselinesand thus, dif-
ferentscores)dependingon our level of aggreation. Finally, we
have very differentresultsfor the “max” methods(stratmax and
all_max)dependingn the level of aggreation, becausehe maxi-
mumis notalinearoperator Sincethesumof themaximumcounts
of eachlocation(d 52 smax d) is higherthanthe maximumof the
sum(max aszSc‘) we alwaysexpectBATS to predictthe highest
baselinesand RATS to predictthe lowest baselines.For the re-
sultsgiven belon, we only distinguishbetweerBATS, CATS, and
RATS aggraation for thosemethodswvherethe distinctionis rele-
vant(all_max,stratmax,adi EWMA, andadj EWLR).

5. RELATED WORK

In general,spatio-temporamethodscan be divided into three
classes:spatialmodelingtechniquessuchas “diseasemappind;
whereobsenedvaluesarespatiallysmoothedo infer the distribu-
tion of valuesin space-timd4, 3]; testsfor a generaltendenyg of
thedatato cluster[9, 16]; andtestswhich attemptto infer theloca-
tion of clusterg[13, 12, 14]. We focuson the latter classof meth-
ods, sincetheseare the only methodswhich allow usto both an-
swerwhetherary signi cant clustersexist, andif so,identify these
clusters. Threespatio-temporatlusterdetectionapproachefiave
beenproposedy Kulldorff etal.: theretrospectie andprospectie
space-timescanstatisticq13, 12], andthe space-timgermutation
scanstatistic[14]. The rst two approachesattemptto detectper
sistentclusters,assuminghatbaselinesaregiven basedon census
populationestimates.The retrospectie statisticsearchesver all
space-timdntervals, while the prospectie statisticsearchesver
thoseintervals endingat the presenttime. As notedabove, these
formulationsmale sensdor the caseof explicitly givendenomina-
tor data,andcountsproportionalto thesebaselinege.g. we expect

apopulationof 10000to have twice asmary casesasa population
of 5000,but do notknow how mary casesve expectto see).They
arenotappropriatdor the casewherewe infer the expectedvalues
of countsfrom the time seriesof pastcounts(e.g. basedon past
data,we expectto see40 casesn the rst populationand15 cases
in the second).Evenif accuratedenominatodatais provided,the
retrospectie and prospectie statisticsmay pick up purely spatial
clustersresultingfrom spatialvariationin the underlyingrate(e.qg.
differentpartsof thecountryhave differentdiseaseates) or purely
temporalclustersbhasedon temporal uctuationsin rate (seasonal
effectsor long-termtrends),andthusthe detectectlusterstendto
belessusefulfor prospectie detectionof emeping outbreaks.

Therecentlyproposedspace-timgermutatiorscanstatistic’[14]
attemptgo remedytheseproblemsjik e the presentvork, it allows
baselinedatato beinferredfrom thetime seriesof pastcounts.As
notedabove, baselinesrecalculatedby assuminghatcasesrein-
dependentlgdistributedin spaceandtime, anda variantof thetest
for persistentclustersis used(searchingfor regions with higher
rate inside than outside). Thenrandomizatiortestingis doneby
permutingthe datesandlocationsof cases.This methodfocuses
on detectingspace-timenteraction, and explicitly avoids detect-
ing purely spatialor purely temporalclusters. The disadwantages
of this aretwofold. First, it losespower to detectspatially large
clusterspecauséasnotedabore) thecurrentday's countsareused
to estimatewhat the currentday's countsshouldbe. In the most
extremecase a spatiallyuniform multiplicative increasen disease
rate over the entire searchareawould be completelyignored by
this method,andthusit is unsafeto usefor sunweillanceexceptin
combinationwith othermethods.The seconddisadwantages that
if the countdecreasef one spatialregion and remainsconstant
elsavhere thisis detectedhsa spatio-temporatluster Thisresults
in falsepositivesin casesvherestoresin oneareaare closedand
storesin a differentarearemainopen:the openstoresare agged
asaclusterevenif their countshave actuallydecreased.

Severalotherspatio-temporatlusterdetectiormethodshave also
beenproposed. lyengar [8] searche®ver “truncatedrectangular
pyramid” shapesn space-time thus allowing detectionof clus-
terswhich move and grow or shrink over time; the disadwantage
is thatthis muchlarger setof possiblespace-timeegionscanonly
be searchedapproximately Assuncacet al [2] assumea spatio-
temporalPoissorpoint processthe exactlocationof eachpointin
time andspaces given, ratherthanaggreating pointsto discrete
locationsandintenvals. A teststatisticsimilar to the space-time
permutationscanstatisticis derived, assuminga Poissonintensity
functionthatis separablén spaceandtime.

6. COMPUTATIONAL CONSIDERATIONS

We begin by makingtwo importantobsenations. First, for ary
of the time seriesanalysismethodsgiven above, the baselinesb}
(T W<t T)canbe inferredfrom the pastcountsc! (1
t T W)in O(T). Secondwe cancomputethe scorefunction
D(Stmin), for agivenspatialregionSandforall T W< tpyin T,
in total time O(W), regardlessof whetherthe persistenor emep-
ing scanstatisticis used.This is obviousfor the persistenstatistic
sincewe cansimply proceedackwardin time, addingthecumula-
tive countC; andcumulatve baselineB; for eachdayt, andrecom-
putingthe score.(We canaccumulatehesecountsandbaselinesn
O(W) by usingthe “cumulative counts”trick discussedn [18] for
eachof theW currentdays.)The O(W) compleity is lessobvious
for the emenping statistic,sinceaddingary new dayt may result
in up to O(W) popsfrom the stack. But eachday is pushedonto
the stackat mostonce,andthusthetotal numberof popsfor thew
daysis at mostW, giving total compleity O(W), not O(W?2).



For the BATS method, our computationmay be divided into
threesteps: rst, we computebaselinesor eachspatiallocation,
requiringtotal time O(NsT), whereNs is the numberof locations.
Secondwe aggrejate “current” storebaselinesand countsto the
grid, requiringtime O(N2W) whereN is the grid size. Third, we
searchover all spatio-temporategions(S;tmin): for eachsuchre-
gion, we must computethe aggreate countsand baselinesand
apply the scorefunction D. As notedabove, we cando this in
O(W) per region, but sincea nave searchrequiresus to exam-
ine all O(N*) griddedrectangularegions, the total searchtime is
O(N*W), bringing the total compleity to O(NsT + N*W). For
CATS, we rst aggregateall storebaselinesndcountsto thegrid,
requiring time O(NsT + N2T). Thenwe calculatebaselinesfor
eachof the N2 grid cells, requiringtotal ime O(NZ2T). Finally, we
searchover all spatio-temporategions;asin BATS, this requires
time O(N*W), bringing the total compleity to O(NsT + N2T +
N4W). For RATS, we rst aggrejateall storebaselinesindcounts
to the grid (asin CATS), requiringtime O(NsT + N2T). Thenfor
eachof the N* regionswe searchwe mustcalculatethe baselines
for “current” dayson the y, requiringtime O(T), and compute
the scorefunction usingthe countsandbaselinegor currentdays,
requiringtime O(W). Thusthetotal compleity is O(NsT + N*T).

For large grid sizesN, the O(N4) compleity of searchingpver
all spatialregionsmakesa nawe searchover all suchregionscom-
putationallyinfeasible.However, we canapplythefastspatialscan
of [18, 19], allowing usto nd thehighestscoringregion andits p-
valuewhile searchingonly a smallfraction of possibleregions. In
thepurelyspatialcasethefastspatialscanworksby usinga multi-
resolution,branch-and-boundearchto prune setsof regionsthat
canbeprovento have lower scoreghanthebestregion scorefound
sofar. We caneasily extendthis methodto the space-timecase:
givenaspatialregion S, we mustupperboundthescoreD(S tmin)
for all regionsS® SandT W< tyn T. Thesimplestway of
doingsois to computeseparatdoundson baselinesandcountsof
P for eachtime stept, usingthe methodsgivenin [18], thenuse
theseboundsto computean upperboundon the score. It might
alsobe possibleto achiese tighter bounds(andthus, betterprun-
ing) by enforcingconsistencygonstraintsacrosamultiple days,i.e.
ensuringthat S’ hasthe samespatialdimensionn eachtime step.

7. RESULTS

We evaluatedour methodson two typesof simulatedoutbreaks,
injectedinto realEmegeny Departmenandoverthe-countedrug
saledatafor Alleghery County PA.2 First, we consideredaerosol
releaseof inhalationalanthrax(e.g. from a bioterroristattack),
producedby the BARD (“BayesianAerosol ReleaseDetector”)
simulatorof Hogan et al. [7]. The BARD simulatortakesin a
“baselinedataset’consistingof one year's worth of Emegeng
Departmentecords,andthe quantity of anthraxreleased.lt then
producesnultiple simulatedattacks gachwith arandomattacklo-
cationandervironmentalkconditions(e.g.wind direction),anduses
a Bayesianmetwork modelto determinethe numberof sporesin-
haledby memberf the affectedpopulationtheresultingnumber
and severity of anthraxcasesandthe resultingnumberof respi-
ratory Emegeny Departmentaseson eachday of the outbreak
in eachaffectedzip code. Eachsimulatedoutbreakcanthen be
injectedinto the baselineED datasetand our methods'detection
performanceanbe evaluatedusingthetestingframewvork belaw.

2All datawasaggregatedto thezip codelevel to ensureanorymity,
giving 88 distinct spatiallocations(zip codecentroids). The ED
datacontainedan averageof 40 respiratorycases/daywhile the
OTC dataaveraged4000salesof coughandcold medication/day

Secondwe considered “Fictional Linear OnsetOutbreak”(or
“FLOQ"), with alinearincreasein casesover the durationof the
outbreak A FLOO outbreakis asimplesimulatedoutbreakde ned
by a setof zip codes,a durationTs oo, andavalueD. The FLOO
simulatorthenproducesnoutbreakasting T oo days,with tDres-
piratory casesn eachof the zip codeson dayt, 0< t  T¢jg0=2,
and T ooD=2 casen dayt, Tfjg0=2 t < Tfigo- Thuswe have
anoutbreakwherethe numberof casegsampsup linearly for some
periodof time, thenlevels off. While thisis clearly alessrealistic
modelthanthe BARD-simulatedanthraxattack,it doeshave ses-
eral advantages. It allows us to preciselycontrol the parameters
of the outbreakcurve (numberof casesn eachday), allowing us
to testthe effects of theseparameter®n our methods'detection
performanceAlso, it allows usto performexperimentaisingover-
the-countedrug saledataaswell asEmegeng Departmentlata,
while the BARD simulatoronly simulatesED cases.

We now discussour basicsemi-synthetitestingframework, fol-
lowedby adiscussiorof theperformancef ourmethodoneachof
the threemain experiments(anthraxoutbreaksn ED data,FLOO
outbreaksn ED data,andFLOO outbreaksn OTC data).

7.1 Semi-synthetictesting

Ourbasicgoalin thesemi-synthetitestingframework is to eval-
uatedetectiorperformancewhatproportionof outbreak@method
candetectandhow long it takesto detecttheseoutbreaksClearly
thesenumbersaredependenbn how often the methodis allowed
to “soundthealarm’ andthuswe have atradeof betweersensitv-
ity (i.e. ability to detecttrue outbreaksppnddetectiontime on the
onehand,andspeci city (i.e. frequeng of falsepositives)on the
other More preciselyour semi-synthetiframevork consistof the
following components First, given oneyearof baselinedata(as-
sumedto containno outbreaks)we run the space-timescanstatis-
tic for eachday of the last nine monthsof the year(the rst three
monthsareusedto provide baselinedataonly; no outbreaksn this
time areconsidered)We thusobtainthe highestscoringregion S ,
andits scoreD = D(S), for eachof thesedays.Thenfor each‘at-
tack” thatwe wishto test,we do thefollowing. First,weinjectthat
outbreakinto the data,incrementinghe numberof casesasabove.
Thenfor eachdayof theattack we computethehighestscoringrel-
evantregionS andits scoreD , wherearelevantregionis de ned
asonewhich containghe centroidof all thecasesnjectedthatday.
Thereasorthatwe only allow thealgorithmto searchoverrelevant
regionsis becausewe do not want to reward it for triggeringan
alarmand pinpointing a region which hasnothingto do with the
outbreak.We thencompute for eachdayt = 0::: Toypreak (Where
Toubreak iS the length of the attack),the fraction of baselinedays
(excluding the attacled interval) with scoreshigherthanthe max-
imum scoreof all relevantregionson days0 tot. Thisis the pro-
portionof falsepositiveswe would have to acceptin orderto have
detectedhat outbreakby dayt. By repeatingthis procedureon a
numberof outbreakswe canobtainsummarystatisticsaboutthe
detectionperformanceof eachmethod: we computeits averaged
AMOC curwe [5] (averageproportionof falsepositivesneededor
detectionon dayt of an outbreak),andfor a x ed level of false
positives(e.g. 1 falsepositive/month) ,we computethe proportion
of outbreaksletectecandthe averagenumberof daysto detection.

Note that this basic framevork doesnot perform randomiza-
tion testing,but only comparescorsof attackandbaselinedays.
Thereareseveraldisadantageso thismethod: rst, sincethebase-
Iinesb} for eachdayaredifferent,thedistribution of scoredor each
day'sreplicagridswill bedifferent,andthusthehighestscoringre-
gionsmaynotcorresponaxactly to thosewith thelowestp-values.
A secondlisadantagéds thatit doesnottell ushow to performcal-



ibration: settingthresholdp-valuesin orderto obtaina x edfalse
positive ratein realdata.Thisis discussedh moredetailbelow.

We testedatotal of 150 methods:eachcombinationof thethree
aggreationlevels(BATS,CATS,RATS), vespace-timecarstatis-
tics (1-day 3-dayemening, 3-day persistent,/-day emeging, 7-
day persistentiand the ten methodsof time seriesanalysislisted
abore. We comparedthesemethodsagainst two simple “straw
men”: apurely spatialscanstatistic(assuminguniform underlying
at-risk populationandthussettingthe baselineof aregion propor
tionalto its area) andapurelytemporakcanstatistic(analyzingthe
singletime seriesformedby aggreating togetherall spatialloca-
tions,using1-dayall_mean).Sinceboththe ED andOTC datasets
wererelatively smallin spatialextent(containingonly recordsrom
Alleghery County),we usedasmallgrid (N = 16, maximumclus-
ter size= 8), andthusit wasnot necessaryo usethe fastspatial
scan. For larger datasetssuchas nationwideOTC data,a much
larger grid size (e.g. N = 256) is necessaryo achieve adequate
spatialresolution,andthusthe fastspatialscanwill be animpor
tantcomponenbdf our nationwidediseasesuneillancesystem.

For eachoutbreaktype,we comparedhedetectiorperformance
of ourmethodgo thetwo strav men,andalsodeterminedvhich of
our methodsvasmostsuccessfu{Tablel). Performancevaseval-
uatedbasedon detectionrate (proportionof outbreaksdetected)
at 1 falsepositive/month,with ties broken basedon averagenum-
ber of daysto detect;we list both the performanceof our “best”
spatio-temporamethodaccordingto this criterion, aswell as a
representatie “median” method(i.e. the 75th bestmethodout
of 150). We comparethe methodsin moredetailin Table2, giv-
ing eachmethods averagenumberof daysto detectionat 1 false
positive/month,assuminghat undetectedutbreaksveredetected
on day Toubreak: FOr eachof the ve scanstatistics,we report
performanceassumingts bestcombinationof time seriesanaly-
sis methodand aggregation level; for eachof the ten time series
analysismethods,we report performanceassumingits bestscan
statistic. Level of aggreation only madea signi cant difference
for the all_max andstratmax methods so we reporttheseresults
separatelyor BATS, CATS, andRATS. For eachoutbreakwe also
constructAMOC curvesof the“best; “median; purelytemporal,
andpurely spatialmethodswe presenthreeof thesecurves(one
for eachoutbreaktype)in Figurel. We alsodiscussachoutbreak
typein moredetailbelow.

7.2 Anthrax outbreaks,ED data

For the anthraxoutbreaksye began with real baselinedatafor
respiratoryEmegeny Departmenvisits in Alleghery Countyin
2002. We usedthis datato simulateepidemicsusing BARD at
two differentlevels of anthraxrelease:0.125(high) and0.015625
(low). For eachreleaseamount,60 simulatedepidemicswerecre-
ated.Separatelyor thehighandlow levels,we testedall methods,
forming an averageAMOC curwe for eachover all simulatedepi-
demics,andmeasuringletectionrateandaveragedaysto detect.

For the high releasedatasetall of the methodgestedwereable
to rapidly detectall 60 outbreaks.For a x ed falsepositive rate
of 1/month,every methoddetectedall outbreakg100%detection
rate),with averageimeto detectiorrangingfrom 1.6to0 2.067days.
The top method(1.6 daysto detect)wasthe 1-day statisticusing
all_mean,and half of all methodsdetectedn 1.8 daysor fewer.
Sincethe averagedelayfrom releasdo the rst reportedcasewas
1.18days,thesetimeswerecloseto ideal detectionperformance.
All methodsxceptall_maxoutperformedhepurelytemporalscan
statistic(100%detectionrate, 1.9 daysto detect),andall methods
outperformedhe purely spatialscanstatistic(100%detectiorrate,
2.317daysto detect).For this datasettherewasvery little differ-

encebetweenthe bestandworst performingmethods andthusit
is hardto draw de niti ve conclusions.Neverthelesswe obsered
thatshortetemporalwindows performedetter(1-daywasbest,7-
daywasworst), andtherewereno signi cant differencesetween
emeging and persistentscanstatistics. Looking at the outbreak
cunwe for this epidemic,it is clearwhy this is the case: all out-
breakshave hugespikesin the numberof casesstartingon day 1
or 2, sothereis no adwantageo having alongerwindow; andsince
thereis essentiallyno “ramp-up” in the numberof casegjust the
large spike, at which point the outbreakis obviousto ary method)
thereis no advantageo the emeging over persistenstatistics.For
time seriesanalysistheall_meanmethodperformedbest,followed
by adf EWMA. Thisresultis somavhatsurprising suggestinghat
the ED baselinedatahasvery little day of weekor seasonatrends.

Resultson the low releasedatasetwere similar, exceptfor two
differencesresultingfrom the amountof release. First, 7 of the
60 outbreaksvere missedby all of our methods;theseoutbreaks
consistedof a very small numberof cases(lessthan5 in total),
andasaresulttherewasessentiallyno signalto detect. The other
53 outbreakgypically produceda large and obvious spike in the
numberof casegagain, with very little ramp-upprior to thespike),
thoughthe delaybetweerreleaseandspike waslongeron average
(2.6daysfromreleasdo rst reportedcase).Again,thel-daywin-
dow wasbestthoughthe 3-daystatisticperformedalmostaswell,
andagain all_meanandadj EWMA werethetop two methodsOur
spatio-temporahethodsagain outperformedhestrav men,requir
ing 3.679daysto detect(best)and 3.906daysto detect(median)
at 1 false positive/month. This was substantiallybetterthan the
purely temporalandpurely spatialmethodswhich required4.250
daysand5.094daysrespectiely.

7.3 FLOO outbreaks,ED data

For the FLOO_ED outbreakswe again beganwith the 2002Al-
leghery County ED dataset. We injected three types of FLOO
attacks,assumingthat only zip code 15213 (Pittsturgh) was af-
fected:(D= 4; Tfig0= 14), (D= 2;Tf100= 20), and(D= 1; Tfjg0 =
20). Thusthe rst attackhasthe fastest-graing outbreakcurve
(4t caseson day t), and the third hasthe slowvest-graving out-
breakcurve (t caseson dayt). For eachoutbreaktype, we simu-
latedoutbreakdor all possiblestartdatesn April-December2002,
and computedeachmethods averageperformanceover all such
outbreaks. All the spatio-temporamethodswere able to detect
all injectedoutbreaksat a rate of 1 false positive/month;not sur
prisingly, mediannumberof daysto detectincreasedrom 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
thewinnerfor D= 4, with a detectiontime of 1.748days),asdid
adi EWMA andstratEWMA (3-dayemeging stratEWMA was
thewinnerfor D= 2 andD = 1, with detectiontimesof 2.898and
4.484daysrespectiely). Our mostinterestingresultwasthe effect
of thetemporalwindow sizeW: for the fastesigrowing outbreak,
the 1-daymethoddetectedutbreak®).2 daysfasterthanthe 3-day
and7-daymethodsbut for the slowestgrowing outbreak both 3-
dayand7-daymethodgetectedutbreaksa full dayfasterthanthe
1-day method. Emeging methodsoutperformedpersistenimeth-
odsfor approximately80% of our trials, thoughthe differencein
detectiontime wastypically fairly small (0.02-0.10days,depend-
ing on the time seriesanalysismethod). We also obsened that
higheraggreation typically performedbetterfor the all_maxand
stratmaxmethodg(i.e. RATS performedbest,andBATS worst).
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Figure 1: AMOC curvesfor threeof 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.

Table 1: Summary of performance. Detectionrate and averagedaysto detect, 1 false positive/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-dayemeping, strat EWMA
FLOO.ED (2,20) 1.000| 2.898 | 1.000 | 3.211 | 1.000 | 4.551 | 1.000 | 4.074 | 3-dayemeuqging, 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

Table 2: Comparison of methods. Averagedaysto detect, 1 false positive/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 1.60 453 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-dayemepging 1.75 455 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-dayemenging 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
stratmaxBATS | 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 1.75 458 4.48 2.90 1.92 16.88 11.49 12.19
adj EWMA 1.68 455 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
ad 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 the FLOO_OTC outbreakswe beganwith oneyear's worth
of datafor retail salesof overthe-countercoughand cold med-
icationin Alleghery County collectedfrom 2/13/04-2/12/05We
injectedthreetypesof FLOO attacksfor the rst two, we againas-
sumedhatonly zip code15213wasaffected,but (sincetheoverall
numbersof OTC salesweremuchhigherthanthe overall numbers
of ED visits)weinjectedlargernumbersf counts(D= 40; T¢|go =
14) and (D= 20;T¢joo = 20). For the third attack,we assumed
thatall zip codesin Alleghery Countywereaffected,using (D=
1; Tsi00 = 14) for each.For eachoutbreaktype, we simulatedout-
breaksfor all possiblestartdatesover the last nine monthsof our
data,and computedeachmethods averageperformanceover all
suchoutbreaks.Our rst obsenation wasthat theseattackswere
substantialljharderto detecthanin the ED data:for thetwo local-
ized attacks,our medianmethodsonly detecte®8.1%and59.5%
of outbreakdor the fastergrowing (D= 40) and slower-growing
(D= 20) outbreaksrespectiely. It appearghat the main reason
for this wasthe dif culty in accuratelypredictingthe OTC counts
for the baselinedays,aswe obsered hugedifferencesn perfor
mancebetweerthe varioustime seriesanalysismethods.Thedata
containedsigni cant seasonaéndday of weektrends,aswell as
otherirregularities(e.g. large spikesin salesin singlestores prob-
ably resultingfrom promotions),and mostof our methodswere
not entirely successfuln accountingfor these;neverthelessthey
performedmuch betterthanthe purely spatialand purely tempo-
ral methodswhich only detected?23-32%of theseoutbreaks.Our
secondobsenation was that the strat Kull methodperformedre-
markablywell in predictingthelocalizedoutbreaksgdetectingwith
100%accurag in 2.32and3.89daysfor D= 40 andD = 20re-
spectvely; stratKull andall_Kull detectecthe D = 20 outbreaks
over two daysfasterthanary othermethods. This suggestghat
thosemethodswere able to predict baselinesfor the non-attack
daysmuchmoreaccuratelythanary of the othertime seriesanal-
ysis methods:usingthe currentday's countsto predictthe current
day's baselinesllows accurateadjustmenfor seasonairends.and
if the attad is sufciently localized only slightly reducesdetec-
tion power. Clearly it would be betterto have a methodwhich
correctlypredictsthetrendswithoutusingthe currentday's counts,
but noneof themethoddliscussedherewereableto dothis. For the
non-localizedattack(casesaddedto every zip code),the power of
stratKull wassubstantiallyreducedandit wasonly ableto detect
36%o0f outbreakswhile ourbest-performingnethod(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 hadinsteadmultiplied countsin eachzip
codeby the samefactor stratKull would have no power to detect
this. We alsonotethat the 1-day statisticsperformedbestfor all
three outbreaktypeson the OTC data, thoughthe 3-day emeg-
ing statisticsperformedalmostaswell. Again, emeging methods
consistentlyoutperformegersistenmethodsandthedifferencen
detectiontime waslargerthanon the ED data(typically 0.05-0.20
days).Finally, we notethatthe lower levels of aggregjation (BATS
andCATS) outperformedRATS for the“max” methodsthisis the
oppositeresultfrom whatwe obseredonthe ED data.

Basedon thesecon icting resultsiit is dif cult to recommend
singlemethodfor useon all datasetandoutbreakypes.As shavn
above, the optimaltemporalwindow sizedepend®n how fastthe
numberof casesncreasesyith longertemporalwindows appro-
priate for more slowly growing outbreaks.The optimal temporal
window is alsoaffectedby our desiredtradeof betweemumberof
falsepositivesanddetectiortime: alower acceptabléalsepositive

rate(andthus,longeracceptableletectiortime) increaseshe opti-
malwindow size.For example for the FLOO_ED (1,20)outbreak,
the3-dayemepingstatistichasthefastestimeto detectioratarate
of 1 falsepositve/monthwhile the7-dayemeging statistichasthe
fastestime to detectionat arateof 1 falsepositve/year As noted
above, the emeging statisticsconsistentlyoutperformthe corre-
spondingpersistenttatistics,and while the amountof difference
is notthatlarge (0.02-0.20daysacrossall outbreaksandmethods),
evenslightly earlierdetectiormay make a substantiatlifferencen
theef cacy of outbreakresponselt appearghatthe 3-dayemeng-
ing statisticis a reasonableompromisesolution, at leastfor the
setof outbreakgested. It may alsobe a goodideato run emeg-
ing statisticswith differentwindow sizesin parallel,for betterde-
tectionof bothfast-graving andslow-growing outbreakspptimal
combinationof detectords aninterestingandopenresearclgues-
tion. It is clearthatthe besttime seriesanalysismethoddepends
on the characteristicof the datasetas well as whetherthe out-
breakis spatiallylocalizedor occupiesa large spatialregion: the
stratKull methodis excellentfor localizedoutbreaksbut should
be usedonly in parallelwith anothemethodthatcandetectlarge-
scaleoutbreaks For datasetsvith little seasonalrend,suchasthe
ED datausedhere very simplemeanandmoving averagemethods
aresufcient, butit is still anopenquestiorto nd amethodwhich
canaccuratelypredictbaselinecountsfor OTC datawithout using
thecurrentday's countsto predictthe currentday's expectations.

7.5 Calibration

As notedabove, our testingframework simply comparesscores
of the highestscoringregionson eachday, andcomputesAMOC
cunwes; no randomizatiortestingis done,andthuswe do not ac-
tually computethe p-value of discoreredregions. Becauseour
detectionperformancas high, it is clearthatthe attacled regions
would have lower p-valuesthanthehighestscoringregionsonnon-
attacleddays.But this doesnot answelthe questiornof calibration:
at what threshold p-value shouldwe trigger an alarm? If non-
attacled dayswere actually generatedinderthe null hypothesis,
we couldchoosesomelevel a andbe guaranteedhatwe will only
triggerfalsealarmsthatproportionof thetime (e.g. onceevery 20
daysfor a = :05). However, our null hypothesisthateachcountc}
is generatedby a Poissordistributionwith meank!, is clearlyfalse,
sinceb} is only an estimateof whatwe @(pectc} to be, assuming
thatno outbreakis present.If this estimatewereunbiasedandex-
actly precisgzerovariance)thenwewould achieve afalsepositive
rateof a. In practice however, this estimatecanbebothbiasedand
highly imprecise. For ary methodof calculatingbaselineghatis
approximatelyunbiasedbut hasnon-zerovariance(i.e. all of our
time seriesanalysisnethodsxceptall_maxandstratmax),we ex-
pectthe proportionof falsepositivesto be greatetthana, sincethe
scanstatisticpicksoutary regionswhereb} is anunderestimatef
cl. Theall_.maxandstratmaxmethodspntheotherhand,arecon-
senatively biased(predictingvaluesof b} which overestimatec}
on average)but alsohave non-zerovariancesthusthey mayresult
in proportionsof falsepositiveseitherhigheror lower thana. To
examinethe calibrationof our methodswe calculatedhe p-value
for eachday in both the ED and OTC datasetgwith no injected
attacks).We useda 3-dayemeging scanstatistic,BATS aggr@a-
tion, with four differenttime seriesanalysismethodstwo unbiased
methodqadji EWLR andall_mean)andtwo conserative methods
(all_maxandstratmax). R= 100randomizationsvereperformed,
andwe countedthe proportionof falsepositvesata = 0:01 and
a = 0:05for eachmethodon eachdatasetSeeTable3 for results.

As expectedwe obsenre alargenumberof falsepositivesin both
datasetsor the unbiasednethods. For the OTC datasetwe also



Table 3: Proportion of false positives.

ED dataset OTC dataset
method |a=:01|a=:05|a=:01]| a=:05
adiEWLR | 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 false positive rateseven for the conserative methods.
Whatconclusionsanwe drav from this? Becausef thevariance
in our predictions,the baselinedata, especiallythe OTC data, is

not t well by the null hypothesis. Neverthelessthe likelihood
ratio statistic(which senesasa sortof distanceaway from thenull

hypothesis)s very successfuatdistinguishingoetweerattacksand
non-attackd days. So how canwe calibratethe statistic? One
option would be to use an unbiasedmethodwith a much lower
thresholda, buttheproblemwith thisis thatit wouldrequireahuge
numberof randomizationso determinenhetherthe p-valueis less
thana. Anotheroption would be to usea conserative method,
but the problemis thatthesemethodsnot only recordfewer false
positives,but alsoarelessableto detecta true positive. In fact,as
our resultsabore demonstratethe conserative methodstypically

have muchlesspowerto distinguishattackdrom non-attackddays
for agivenlevel of falsepositives,sothisis clearlynotagoodidea.
A betteroption is to trigger alarmsfor a given thresholdon the
score ratherthanon the p-value,with thatthresholdiearnedfrom

previous data(e.g. the yearof ED andOTC datausedhere). An

even bettersolutionmight be to accountfor the uncertaintyof our

baselineestimates!, asdiscussedelow, andthus make our null

hypothesianoreaccuratelydescribetherealdata.

8. CONCLUSIONS

We have presented new classof space-timescanstatisticsde-
signedfor the rapid detectionof emepging clusters,and demon-
stratedhatthesemethodsarehighly successfubnthetaskof rapidly
andaccuratelydetectingemenging diseaseepidemics.We arecur-
rently working to extendthis framevork in anumberof ways. Per
hapsthe mostimportantof theseextensionsis to accountfor the
imprecisionin our baselineestimatesb}, using methodsof time
seriesanalysiswhich not only predictthe expectedvaluesof the
“current” countsbut alsoestimatethe variancein theseestimates.
Our currentdif culty is thatwe aretestingthe null hypothesighat
all countsc! aregeneratedrom the estimatedvaluesb!, but since
thesevaluesareonly estimatesthe null hypothesiss clearlyfalse.
As aresult,aswe demonstratedh the previous section,the stan-
dardrandomizatiortestingframework resultsin large numbersof
falsepositives,i.e. on mostnon-attackdayswe still obsere a p-
valuelessthan0.05. Thecombinatiorof time serieanethodsvhich
accounftfor imprecisionof estimatesandscanstatisticswhich use
distributionsthatcanaccounfor meanandvarianceseparatelye.qg.
Gaussiarr negative binomialdistributions)shouldallow usto cor
rect theseproblems. This will alsomalke the distinctionbetween
building-aggregated, cell-aggrgated, and region-aggregatedtime
seriesmethodamorerelevant,asthevariancecomputationsvill be
verydifferentdependingnthelevel of aggregation. A secondand
related)extensionis accountingor factorssuchasoverdispersion
and spatial correlationbetweenneighboringcounts. Our current
methodsassumehat eachspatiallocation, cell, or region hasan
independentime seriesof counts,andthusinfer baselinesnde-
pendentlyfor eachsuchtime series.Whenwe extendthe modelto

distributionsthat model meanand varianceseparatelywe should
be ableto calculatecorrelationshetweentime seriesof neighbor
ing spatiallocations,andadjustfor thesecorrelations.

Finally, we arein the processof applying our spatio-temporal
scanstatisticsto nationwideover-the-countedrugsalessearching
for emepgingdiseas@utbreakonadaily basis.Scalingupthesys-
temto nationaldatacreateshoth computationalssues(the useof
the fastspatialscanis essentiafor searchindarge grids) aswell
asstatisticalissueqdealingwith irregularitiesin the data,suchas
missingdata, and increasedsalesresultingfrom productpromo-
tions). We arecurrentlyworking with stateandlocal public health
of cials to ensurghattheclusterswe reportcorrespondo relevant
potentialoutbreaksthusrapidly andaccuratelyidentifying emeg-
ing outbreaksvhile keepingthe numberof falsepositiveslow.
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