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Resumo

A demanda por sistemas capazes de detectar mudancas ndsspaspacial e tempo-
ral de ocorréncia de eventos tem crescido em diversas aveaantiecimento. Os avancos
tecnolégicos ocorridos nos ultimos anos facilitaram ateoéeandlise da informacédo geo-
gréfica, causando um aumento no interesse por sistemas gtargdb de conglomerados
espaco-tempo. O estudo deste tipo de sistema € recenteaeeaintém poucas propostas.

Nesta tese nés estudamos sistemas prospectivos de vigigapaco-temporal utilizando
dados pontuais e dados de area. NG6s propomos dois sistemagana dados pontuais e
outro para dados de area, ambos baseados na estatisticgal@a®nRoberts. A eficiéncia
destes sistemas € avaliada via simula¢cdo. Dados reaisil&Zadios para ilustrar a aplicacdo
destes sistemas. Nés propomos também outros trés sisteonaqropriedades parecidas,
para dados pontuais. Simula¢des também séo utilizadavgrdfiear o desempenho destes
sistemas. Finalmente, nés fazemos uma analise criticaajaaruso da estatistica scan no
contexto prospectivo.



Abstract

The demand for systems capable of detecting changes irmkpati temporal patterns of
occurrence of events has grown in several areas of the kdgeld&echnological advances in
recent years have facilitated the collection and analylsgeographic information, causing
an increase in interest in systems for detecting spacediusters. The study of this type of
system is still new and there are few proposals.

In this thesis we study systems of prospective space-timeslance using point data
and areal data. We propose two systems, one for point dat@ramndor areal data, both
based on the Shiyayaev-Roberts statistic. The efficiencheaxfet systems is evaluated via
simulation. Real datasets are used to illustrate the apiolicaf these systems. We propose
three other systems, with similar properties, for poinad&imulations are also used to check
the performance of these systems. Finally, we make a drditalysis about the use of the
scan statistic in the prospective context.
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1 Introducao

Atualmente, os registros feitos pela maioria das agén@asadde publica trazem infor-
macodes sobre o tempo e o local de ocorréncia dos casos deipaisrdoencas que atingem
uma populacdo. A informacao geogréfica é coletada e analisgdlarmente, através do uso
de softwares de geoprocessamento.

Uma vez que os registros sao atualizados com uma frequé&taa/ez maior, as agéncias
passaram a demandar métodos e softwares apropriados ez gt precoce de mudancas
nos padrdes espacial e temporal de ocorréncia destes gvdiste tipo de método € util
nao apenas no contexto de saude publica. Métodos para @leteaspectiva de mudancas
no padrdo espacial ou temporal dos valores de um processmststo, de forma rapida e
eficiente, sdo de grande interesse em diversas areas daitnehw®, tais como vigilancia de
acidentes de transito, crimes em grandes cidades, din&cudadgica, etc.

Nesta tese, sdo estudados métodos prospectivos de vigigpaco-temporal. Dois tipos
de dados estatisticos sao considerados. O primeiro detes#taido pelos processos pontu-
ais espago-temporais. Neste tipo de dados, observamasepemtuais da forme, yi, ti),
onde(X;,Yi) séo as coordenadas geogréaficséea coordenada temporal do evento. Exem-
plos de situagcdes dando origem a este tipo de dados sao e&mtas de uma doenca dentro
de uma regido geografica e o monitoramento de queimadas nzdAra

O segundo tipo de dados considerado sao os dados de arealéCensna regiao geogra-
fica particionada erdl &reas denotadas pot 1,...,H. A observacao na aréao instante de
tempot sera denotada pgr. Neste trabalho, os dados de &rea terdo sempre uma estieitura
tempo discreto corh=1,2,... Assim, os dados podem ser vistos como uma série temporal
de mapas onde, em cada teniptemos um mapa composto pelas observagges ., yut.

Com estes dois tipos de dados, estaremos ocupados em esttddosnde vigilancia
prospectiva. Para isto, é util ver as duas estruturas desdamno processos estocasticos
{X(t);t > 0}, ondeX(t) depende do tipo de dado. No caso de dados de processos p@ntuai
tempo continuo, temos

X(t) ={N(xy,)},

ondeN(x,y,t) € o numero de eventos ocorridos na posigdy) desde o inicio do processo
emt = 0 até um instante arbitrarto SejaY;; a variavel aleatéria observada na area tempo
t. No caso de dados de area, temos

X(t) = (Yat,-- -, YHt) 5
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0 mapa de valores dg no instante.

No caso de processos pontuais dgimsplestemosP(N(x,y,t) > 2) = 0 para toddx,y,t).
Isto é, em cada posicda,y), podemos ter no maximo um evento em qualquer instante de
tempo. Isto significa que o processo pontual espaco-teinadeampo continuo pode ser
equivalentemente visualizado como um conjunto de pontae®@etas no espaco tridimensi-
onal. A Figurdd mostra um exemplo de eventos de um procesgagwistos desta forma.
Cada evento é representado por uma seta. A coordenada tétripdeala pela altura da seta.

[ &

Figura 1: Exemplo de um processo pontual espacgo-temporal a tempo continuo ddoaizmo um
conjunto de setas no espaco tridimensional, onde cada seta represeavanton A altura da seta é
igual a coordenada temporal.

Assuma que existe um modelo descrevendo a distribuicAomesso estocasticd(t).

Isto €, existe uma familia consistente de distribui¢fast > 0} tal que 7; descreve a dis-
tribuicdo da familia{X(s),0 < s<t}. Sejat o instante em que ocorre uma mudang¢a no
processX(t). O instanter é desconhecido. Se a distribuicdo do processo ndo mudao, ent
T = co. Dizemos que o processo estzb controleem um tempo qualquérset > t. Quando

t > 1, dizemos que o processo eftéa de controleemt.

Um sistema de vigilancia prospectiyinde ser definido como um critério para decidir,
em cada instante de temfyse 0 processo esta sob controle ou ndo. Quando temos aaidénc
suficiente de que o status do processo mudou do estado soblegara o estado fora de
controle, dizemos que temos watarme Podemos ter um alarme no instahte 1. Neste
caso, temos um falso alarme. Alternativamente, podemasriiearme soando num instante
t > 1. Neste caso, temos um alarme motivado.

A situacao ideal de um sistema de vigilancia prospectivorecawsoar um alarme en-
guanto o processo estiver sob controle e soar um alarmegémIprocesso saia de controle.
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E claro que esta situacao ideal dificiimente ocorre na @rassim, almejamos encontrar
um sistema em que o alarme soe pouco quando o0 processo estinsaile, e que seja ra-
pido para detectar mudancas no processo, quando elas@arente A area do conhecimento
denominada estatistica ja desenvolveu varios méetodogyd@ndia no caso puramente tem-
poral. Esta area da estatistica € conhecida como Controleialéd&de (vej 9,

Wetherill and Browh, 1991 le Montgomety, 1996).

1.1 Métodos de Vigilancia em Controle de Qualidade

Suponha gque o processo estocastico é simplesmente umtesgpi@alYy, Yo, . ... A dis-
tribuicdo 7; corresponde a distribuicdo do vetedimensionalY,...,Y;). Quando7; muda
de um modelo para outro, o status do processo muda de sobleqgrdra fora de controle. No
caso mais simples possivel, suponha4u¥,, ... sejam independentes e identicamente dis-
tribuidas com distribuicdo acumulaBg(y). No instantet, as varidveis aleatoriaé passam
a seqguir a distribuicdo acumula8ig(y). O interesse é soar um alarme o mais rapidamente
possivel ap0s e, ao mesmo tempo, evitar que o alarme soe enquanto

Um dos métodos mais utilizados € a carta de controle de Shéwega, por exemplo,
|&La1|1|L9_8bl Wetherill and BI’QA}VI|1._1§91I e MQnthulwégL._iQ%).eEBétodo assume que
Y1,Y2,... s8o variaveis aleatorias independentes e identicamesitédidas tal quép(y) é
a distribuicdo acumulada Normal com mégia varianciao?. A carta de contole de Shewart
soa um alarme no tempcse o valor de; for inferior a um limiteL; ou superior a um limite
Ls. Os limitesL; e Ls da carta de Shewart sdo dados por

Li=p—co e Lj=p+cao,

ondec é a distancia dos limites de contrdlee Ls em relacédo &, expressa em unidades de
desvio padrao.

Em geral, usa-se= 3. SeY; ~ Normal(, 02), entdadP (u— 30 < Y; < p+ 30) =0,9973.
Logo, sey: ¢ [u— 30, p+ 30], temos um forte indicio de que a distribuicdo subjacenté de
n&o € mais Norméji, 62).

O método de Shewart é muito Gtil quando o processo sofre ngadanuito bruscas. Ele é
um método bastante simples, porém insensivel a mudancasjdera magnitude ou mudan-
cas graduais- quando o0 processo vai pouco a pouco passando do estado sailecpara
um estado cada vez mais fora de controle. Este tipo de mu aal € melhor detectada
pelo método de somas acumuladas (veja, por exe@ , W&Fherill and Brgv_\,ln,
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|L9_9_1 el MQnthme&ﬁb@. A soma acumulada no tetripdada por

S=max0,S_1+y%—k),t>1 $=0,

ondek é uma constante que depende apenas dos parameros dasid@sbacumuladas
Fo(y) e Fa(y).

O meétodo de somas acumuladas (CUSUM) soa um alarme no tesg®® excede um
limiar h. A escolha do limiah est4 associada ao Average Run LendtRl(), definido como
o tempo médio até que o alarme soe dado que o processo estardailec OARL sera
definido formalmente na secéb 4. Valores altoshdsstdo associados a valores altos para
0 ARL e valores baixos dk estdo associados a valores baixos pafRt. Nos casos em
gue o valor doARL é alto, teremos poucos alarmes falsos, mas mudancas restistun® do
processo nao serdo detectadas tdo rapidamente. Da mesmaa doiando o valor dARL €
baixo, as mudancas reais geralmente serdo detectadasapidemente, mas alarmes falsos
também serdo mais frequentes.

A constantek é escolhida de forma que, para um dado linfiak minimiza o tempo
médio necessario para que o alarme soe motivadamenkg(\g€ a distribuicdo acumulada
Poisson com médi®g e F1(y) é a distribuicdo acumulada Poisson com madigentdo

B A1+Ao
~ log(A1) +log(Ag) |
SeFy(y) é a distribuicdo acumulada Normal com mégiae varianciac? e Fi(y) é a
distribuicdo acumulada Normal com médglia e varianciac?, entdok = (Lo + )/2. Se
M1 = Ho + 2wo, entdoS acumulada acumula desvios da mégiaque excedemv desvios
padrao

S =max0,S_1+¥% —Ho—wo),t >1 $=0.

Tanto a carta de Shewhart quanto o CUSUM assumem que as alisss\&ho indepen-
dentes no tempo, 0 que ndo € um suposicao realista em véhit&a;éps] Kenett and Pollak
) propdem um sistema de monitoramento puramente tainpaseado na estatistica de
Shiryayev-Roberts, que ndo requer independéncia entresasmlgbes. Seji(Y1,Y2, ..., Yn)

a densidade conjunta das primeiragariaveis quande = k. Sejafo(Y1,Y2,...,Ys) a den-
sidade conjunta das primeirayvariaveis quande = o. A estatistica de Shiryayev-Roberts

é dada pela soma da raz&o de verossimilhdpt&, sob todos os valores possiveis para o
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ponto de mudanck. Quando esta estatistica ultrapassa um certo limiar, malaoa. O

sistema proposto pbr Kenett and PdIIMQ%) é descriteq@dsh.

1.2 Métodos Espaco-temporais Prospectivos

Existe hoje um grande interesse em estender sistemas tieigipuramente temporais
para o caso espaco-tempo, devido a demanda originada petaedacilidade na coleta da
informacgéo geografica. No contexto de vigilancia espaggte os métodos séo recentes e
ainda ndo ha nenhum método amplamente aceito como sendis@os demais. Descre-
vemos a seguir algumas das recentes propostas de métodos-tsmporais para vigilancia
prospectiva.

Kulldorff (EO_OJ) sugere 0 uso da estatistica scan espagpéde baseada na estatistica
scan espaciaLLKuJJd&le&b?), para monitoramento pectipo de doencas em dados de

area. A varredura no caso espaco-tempo é feita sob toddsaisas vivos e busca-se aquele
gue maximiza a razéo de verrossimilhanca, baseada no mdisson ou Bernoulli.

Rogerson|_(2_0(})1) propds o uso de uma estatistica de Knox lacalnponitoramento de
conglomerados espaco-temporai e|[_a1_t200“?i))detrou que, para um processo
sob controle, o tempo de espera até o alarme do método po r n|_(;0_b1) e
influenciado pela densidade populacional e pela forma ddaegComo consequéncia, 0
valor nominal das medidas de desempenho nédo séo valhda.stLMml_aJ [(20_d7) também
encontrou varios problemas com as aproximacoes usadas_&mﬂhﬁzo_dl).

Kulldorff et all ;O_OJS) desenvolveram uma estatistica '&spaco-tempo de permutagéo
gue ndo requer dados da populacao de risco. Uma das vantiegasestatistica é que ela
pode ser aplicada a dados de processos pontuais.

Diggle et a‘. k;o_dS) é Rodeiro and Lans&m_(jOOG) sugeriranodoé bayesianos para
modelar a evolucéo espaco-temporal de taxas de incidénoosgorar mudancas.

I 8) propuseram uma estatistica scaigespmpo flexivel para de-
teccdo de conglomerados néo circulares. Ao contrario @adigita scan espaco-tempo de
Kulldorffi ( ), que considera uma janela cilindrica iménsinal de base circular, a es-
tatistica scan flexivel considera uma janela prisméaticintgnsinal cuja base tem formato

arbitrario.

|Img_o_e1_all. (ZQil) argumentam que a estatistica scan espapo dé KuIIo_IQr]Lf [(Lo_dl)

compara o numero observado de casos com 0 numero esperaficiawal e sugerem uma
nova estatistica scan espaco-tempo que compara o numergaidsde casos com o numero
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esperado ndo condicional.

Corberan-Vallet and Lawus_(;dll) aplicam a ordenada pradibndicional ao contexto
de vigilancia para detectar pequenas areas em que a incidBama doenca é maior. A
ordenada preditiva condicional € uma ferramenta bayega@aermite detectar observacoes
atipicas.

[Etisén_el_aII.L(ZQil) consideram o caso de vigilancia multda. Eles estudam processos
em que as mudancas ocorrem simultaneamente ou em intedeatesnpo conhecidos. O
principio da suficiéncia € utilizado para esclarecer a egtawe alguns problemas, encontrar
métodos eficientes e determinar métricas de avaliacao réguilap.

O desenvolvimento de métodos espaco-temporais € portamcarea de pesquisa im-
portante e bastante ativa, ainda sem uma definicao claratdeosétimos. Por isto, o foco
desta tese é o desenvolvimento destes métodos, como expsiGaseguir.
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2 Objetivos

2.1 Objetivos Gerais

Os dois principais objetivos desta tese sao:

1. Desenvolver sistemas de vigilancia espaco-tempo prbgpe para deteccdo de con-
glomerados emergentes.

2. Analisar alguns aspectos dos sistemas de vigilanciaatlasena estatistica scan pro-

posta pok Kulldgr}f[(;O_dl).

2.2 Objetivos Especificos

O primeiro objetivo desta tese é desenvolver sistemas déndga para dados pontuais
e dados de area. Buscamos métodos automaticos, com pouterémeia do usuario e que
nao exijam a especificacdo dos padrbes marginais espa@aipoital. A taxa de alarme
falso deve estar controlada e o0 método deve ser rapido petalemudancas reais. Procu-
ramos por métodos simples, cujos resultados sao de famipnetacdo para um usuario sem
conhecimento estatistico.

O segundo objetivo é analisar, de forma critica e detalhmdestema de vigilancia pro-
posto porl Kulldori |(;O_d1) Este sistema utiliza uma estata scan espaco-tempo, que é
também usada em varios outros sistemas de vigilancia (eon@g i 08,
|Iagg_o_e1_a| L_O_il e Kulldorff et H_,_dOS) Esta estathstem sido amplamente utilizada.
Na nossa opinido, ela ndo é adequada para o contexto pligsp&stistem alguns pontos im-
portantes que devem ser analisados cuidadosamente quaiadestatistica é utilizada neste
contexto.
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3 Organizacao

O corpo principal desta tese é formado pela colecdo de gtratvalhos que tratam de
sistemas de vigilancia prospectivos para a deteccao deéortoegdos espaco-temporais. O
primeiro deles considera um sistema de vigilancia parasipdotuais baseado em uma ver-
sdo espacial da estatisitica de Shiryayev-RodgLLs_LKanmE’_alLaI(]_lﬂ%). Este artigo, inti-
tulado “Surveillance to detect emerging space-time cig§téoi publicado no volume 53 do
periédicoComputational Statistics and Data Analysisste artigo € apresentado na sdgao 6.

O segundo trabalho desta tese considera um sistema denvigildara dados de area,

também baseado na versédo espacial da estatistica de Shh@apertsk&en_eu_a.nd_lioﬂak,
). Este trabalho est4 condensado no segundo artigolaido “Prospective space-time
surveillance for areal data”, que sera submetido ao pead8iatistics in Medicine Este
artigo é apresentado na se€do 7.

A andlise do sistema de vigilancia proposto por Kull&dmﬂi) € o conteudo do ter-
ceiro artigo desta colecao, intitulado “A close look on pexgive surveillance using a scan
statistic”. Este artigo, que foi submetido ao periédRiometricsem outubro de 2011, é
apresentado na seddo 8.

O quarto e ultimo trabalho desta tese, apresentado nal[Secdoestdera outros trés siste-
mas de vigilancia para dados pontuais. Este trabalho agmgerou resultados relevantes o

suficiente para constituir um artigo cientifico.

O restante deste capitulo esta organizado da seguinte.fdtenaeca@l4 definimos duas
medidas importantes no contexto de vigilancia prospectivarage Run Length e Conditio-
nal Expected Delay. Na sec@b 5 apresentamos a estatistRlargiayev-Roberts, conforme
Kenett and PQIIAIJ_(;QJBG). Esta estatistica € a base de deisatralhos mencionados acima.
As sec¢0eEl6 [a 9 trazem os trabalhos mencionados acima.

19



4 Tempo Medio de Espera pelo Alarme

No contexto de vigilancia prospectiva, a utilizacao daditianais probabilidades dos
erros tipos | e Il ndo fazem sentido, pois ndo temos um tamedehamostra fixo. A cada
novo evento, temos que decidir se 0 processo esta sob @antraido. Como os métodos
prospectivos sao aplicados de forma sequencial, muitass\&xz probabilidades dos erros
tipo | e Il séo iguais a 1 e 0O, respectivamente. Considere, yemplo, a carta de con-
trole de Shewart, um método de vigilancia prospectiva béstsimples, para uma sequén-
cia de variavéis aleatériag,Y>,... independentes e identicamente distribuidas. Suponha
0 caso simple¥; ~ N(0,1) quando o processo esta sob controld e N(1,1) quando o
processo esta fora de controle. A carta de Shewart paracdetde um aumento na média
indica que o processo esta fora de controle quafidapera um limiac pela primeira vez.

Se o procedimento é aplicado indefinidamente para um paeds controle, temos que
P(min{Y; >c, i=1,2,...} <ot =) =1. Ou seja, a probabilidade do erro tipo | é igual
a 1. De forma anéloga, para um processo fora de controle,balpinlade do erro tipo Il
éigual a 0, poi® (N21{Y; < c}|t < ) = 0. Por este motivo, as medidas tradicionalmente
utilizadas para caracterizar o comportamento do processa@@ntrole e fora de controle
no contexto prospectivo sdo, respectivamente, o Averagd Buoght ARL) e o Conditional
Expected DelayGED).

Considere o processo estocast{e(t);t > 0}. Um tempo de parada com respeito a
X(t) € um tempo aleatoridp tal que, para cad> 0, o evento{Ta =t} € completamente
determinado pela informacéao total conhecida até o tetmpo seja, pelos eventos contidos
em{Xo, ..., %}. Se o processo estocastico é dado pela série temyjo¥al..., entdo um
tempo de parada com respeito a sequéncia de variaveisrastoY-,... € uma variavel
aleatdrialp com a seguinte propriedade: para cada tempoocorréncia ou ndo ocorréncia
do evento{ Ta =t} depende somente dos valoresy@ders, ... Y;.

Um sistema de vigilancia consiste em um tempo de pargdano qual considera-se
gue ha evidéncia suficiente para acreditar que o processfoestde controle. No contexto
prospectivo, o temp®a € conhecido como o tempo em que o alarme soa, ou seja, um alarme
soa quando ha evidéncia empirica de que o processo esté&fooatiole.

O Average Run LengthARL) é definido como o tempo medio de espera até que o alarme
soe, dado que o processo esta sob controle:

ARL= E [Ta|T = o] .
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O Conditional Expected Delay’ED) é definido como o tempo médio até que o alarme
soe motivadamente. Isto € GED é o tempo médio de espera pelo alarme apds 0 processo
passar ao estado fora de controle:

CED(t) =E[TaA—T|TA>T=1].
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5 Sistema de Vigilancia Shiryayev-Roberts

O sistema de vigilancia Shiryayev-Robei’_Ls_(,Kﬁn_e_tI_a.nd_éAﬂESLé) é um sistema pura-

mente temporal que se destaca por apresentar algumasesmtayg relacdo ao CUSUM e a
carta de controle de Shewhart. Usarer8&para denotar o sistema de vigilancia Shiryayev-
Roberts.

5.1 Descricdo do Sistem&R

Suponha uma sequéncia de variaveis aleatdfia$, ..., ndo necessariamente indepen-
dentes. Sejd(Y1,Y2,...,Yy) a densidade conjunta das primeirasariaveis dada = k.
Sejafw(Y1,Y2, ..., Y,) a densidade conjunta das primeiragriaveis dada = oo.

SejaTa 0 tempo de parada, ou seja, a primeira vez que o alarme soegandd que o
processo esté fora de controle. SEjd-) a esperanca com respeitdfila EntdoE. (Ta) €
0 ARL SejaB o minimo aceitavel para ARL ou sejaARL= E. (Ta) > B, ondeB é uma
constante conhecida.

A estatistica de Shiryayev-Rober®R é dada pela soma da raz&o de verossimilhanca
fk/ f SOb todos os valores possiveis para o ponto de mudancga

Y17X27"'7Y>
z fo(Y1, X2, ..., Yn)

O alarme soa quando a estatis®REX supera um limiaA. O tempo de parad®, € dado por
Ta= min{n|R§R2 A} .

A questéo se reduz entdo a encontrar o linAitall queARL= E., (Ta) > B. Supondar = o,

a sequéncia
fu(Y1,Y2, ..., Yn)

foo(Y1,Y2, ..., Yn)

€ martingala com esperanca unitaria, mesmo com observdepeadentes. Entao,

/\k,n =

n

RIR—n= > (An—1)

k=1

22



€ martingala com esperancga nula. Pelo Teorema da Amosti@geional temos:
Ew(RPR—Ta) =0,

e portanto
Ew (Ta) = E (RED)..

Por definicdoRR> A e entadcE« (Ta) > A. Logo, tomando-s& = B a condiadEx (Ta) > B
é satisfeita.

Uma vez qudp € o primeiro tempo em que a estatisiRxexcede o limia, o excesso é
tipicamente pequeno, de forma que considérarB gera um procedimento moderadamente
conservador que satisfaz a equaBadTa) > B. Entdo, o sistem&8Rsoa um alarme quando
RSR> A pela primeira vez, onda é o valor desejado d&. (Ta) = ARL

5.2 Vantagens do Sistem&R
@) provou que, quando as observagdes sao indiemes e identicamente dis-

tribuidas, o sistem8Ré assintoticamentd(— o) 6timo no sentido de minimizar

SUPEK(Ta— K| Ta > k)
k>1

dentre todos os tempos de parddatal queE. (Ta) > B. [Pollak and Tartakovslql (20&)9)

mostraram, também para observacfes independentes eaeatite distribuidas, que o pro-
cedimentdSRé estritamente 6timo no sentido de minimizar

Z Ek(TA— K; Ta > k)
K=1
para todd > 1 na classe de procedimentos em §ué¢Ta) > B.
Os sistema$SRe CUSUM sao similares, em termos do tempo até o alarme soaramoti

damente| (Shirvala@d&ﬂo_bleh&jdﬁﬁ, Mevorach and |=> MJ Pollak and Siegmdnd,
1991 € Pollak and Siegmund, 1985).

A principal vantagem do sisten®&Rem relacdo ao CUSUM ¢ a relativa facilidade de sua
aplicacdo sob suposi¢cfes minimas. Ao contrario do CUSERhao requer independéncia
entre as observacfes. Além disso, 0 métB&Ryeralmente detecta uma mudanca téao ra-
pido quanto o CUSUM e, em problemas com uma estrutura de pacd@neemplicada, ele é
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freqiientemente mais facil de ser apIiCiildD_(,KenﬂLa.nd_ld?hI@jé).
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6 Vigilancia espaco-tempo para deteccéo de conglomerado
emergentes

Esta secao traz o artigo “Surveillance to detect emergiagesfime clusters”, publicado
no periddicoComputational Statistics and Data Analysis

6.1 Abstract

The interest is on monitoring incoming space-time evendetect an emergent space-
time cluster as early as possible. Assume that point prasesds are continuously recorded
in space and time. In a certain unknown moment, a small lbe@lcluster of increased inten-
sSity starts to emerge. Its location is also unknown. The aita let an alarm to go off as soon
as possible after its emergence but avoiding that it goesrwfécessarily. The alarm system
should also provide an estimate of the cluster location.duiiteon to that, the alarm system
should take into account the purely spatial and the purehpteal heterogeneity, which are
not specified by the user. A space-time surveillance systemthese characteristics using
a martingale approach to derive the surveillance systeimepties is proposed. The average
run length for the situation when there are clusters prasghe data is appropriately defined
and the method is illustrated in practice. The algorithmmiplemented in a freely available
stand-alone software and it is also a feature in a freelylaai GIS system.

6.2 Introduction

The ongoing and systematic collection of data, as well aantdysis, became essential
long ago to the planning, implementation, and evaluatigputic health practice. However,
as more and more health data are stored in electronic forntimedy way, it is increasing
the need for methods which can detect quickly anomalies ondrauously updated database
with minimum input requirements from users. Currently, yalisease outbreak detection
systems are object of intense demand by government agespedally public health de-
partments. One reason for this heightened interest on thjectus the threat of bioterrorism
.B_u&hlﬁl'_el_a|l.|._20_d)i_tl_endﬂ“m,__lg|999), but these systewesehanuch larger and much ol-
der application scope. In fact, early outbreak detectiothous have always been a matter
of concern to public healtd,@Ol). In the new contéhxdpatially referenced data,
these methods face important analytical challenges ticatde dealing with the adjustment

for natural temporal and spatial variation, the unknowretiplace and size of an emergent
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cluster, detecting an outbreak as early as possible, arlddk®f suitable population-at-risk
data.

Most statistical methods in use for the early detection gkdse outbreaks are purely
temporal in naturéanMMMMMMMIMS). Hence,
they are usually applied to monitor data from large areaoregiwithout concern to their
geographical location within the monitored regions. Thagkl power to detect outbreaks

that start locally since the affected areas are submerdedarge regions with usual inci-
dence rates. One possible solution is to partition the laegéeon into small areas and to
apply the purely temporal methods in each small area sepa@td in parallel. However,
this procedure leads to a severe problem of multiple tesgiagerating many more false sig-
nals than the nominal statistical significance level ingicaAs a consequence, these purely
temporal methods are not appropriate when the data arectaalevith space and time in-
formation. In addition to these problems, there is the etgimmn that using the now readily
available spatial information can facilitate the detettmd localization of emergent clusters
(Buckeridge et 2|, 2005).

The primary purpose of this paper is to suggest a method éoquiick detection of space-
time emergent clusters in a set of point process events. dqiérements to establish a sur-
veillance system, either accounting for spatial structuiot, are generally structured around
a basic trade-off: the need for quickly detecting possibitbieeaks must be balanced against

the need to avoid a high rate of false alarm signals. Our ndeditiows the user to control
these trade-off elements in a simple way.

We introduce a stochastic model to describe eventually g@imgespatial clusters with mi-
nimum requirement of user-defined parameters. When themoackisters, we assume that
the events’ density is separable meaning that it is the mtoofuarbitrary spatial and tem-
poral functions. More importantly, our method does not regthe functional specification
of these purely spatial or the purely temporal functions.aAsalternative to this model, we
assume that somewhere, at some moment, one or more spadeighmintensity clusters start
to emerge. We develop a likelihood model for this pair of Hjaeses and monitor the inco-
ming events with a spatial version of the Shyriaev-Robegsssic. The Shiryaev-Roberts
statistic is well known on industrial statistics applicais but it is not so common in biome-
trical work. We use the martingale structure of the ShiryReberts statistic to derive the
values for the tuning parameters of our method.

The next Section contains a brief review of the prospeciaes-time methods available
and introduces the main definitions and notation used indpep In Sectioh 614, we present
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our proposal using Shiryayev-Roberts control chart metlase:d on martingales. Sectlon]6.5
presents an analysis of the impact of tuning parameterse¢ttid®[6.6 we show the results
of a Monte Carlo study of the method performance. For this, @egrto define appropriately
what is the expected time until detection when there ardersipresent in the data. We are
specially interested in the effects of the tuning paransateour method performance. Sec-
tion[6.7 illustrates the use of the method to detect and totifyethe particular events that
are associated with the space-time clusters. We use th&acBsrkitt's lymphoma dataset
(Williams et a.l.,|;9_7|8) and a Brazilian dataset of Meningitises in three years of observa-
tion. We analyzed the data using a freely available staadesgoftware where our method is
implemented. Finally, we close in Sectionl6.8 with a dismusand a summary of the main
conclusions.

6.3 Prospective space-time surveillance for localized clusters

The traditional methods for space-time cluster detectrerretrospective in nature. That
is, they search in a database of past events for evidenceesémce of space-time clusters.
In contrast, our interest is on prospective methods for geaigcally restricted: an events’
database is updated regularly and then an algorithm shonltbrhelp deciding on the emer-
gence of localized space-time clusters. Hence, the chistast be alive, in the sense that at
least some of the most recent events belong to the eventetgted clusters. The regularly
updating nature of the database brings two difficult prolslen the first place, the possibi-
lity of using too many significance tests as, for example ni¢ statistical test is carried out
every time the database is updated. This induces a sevetplmtegsting problem with too
many false alarms for clusters. As a consequence, such adwethuld be soon discredited
as unreliable. In the second place, reducing in some wayathe &larm rate could imply in
a long delay to signal a truly emerging space-time clustee ffade-off between these two
problems must be explicitly recognized in any methodology.

A thorough literature review can be found in the book edithLbMﬂdLlein_mén

.;O_O;JS), in_.Sonesson and BMk (21)03), anch in Waller and Qd)tl&ﬁ_@b We give here a

brief overview of the main proposals. There are non-spapaitely temporal methods de-

rived from quality control ideas concerned with the monitgrof a stochastic process in
time. The Shewart Chart Control is a very simple and populahatebut it is not sensi-

tive to small changes in the process. The Cumulative Sum (CUSt#hod accumulates
the recent evidence to the previous data until a certairstiold is crossed. It is better than
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Shewart to detect small changes in the purely temporal psoged it has been shown that it
has optimal properties in very simple scenarios @@) Exponentially weighted
moving average also accumulates evidence, as the CUSUM dydihbit discounts obser-
vations as they get 0|@M03). All these methodsrasghat data are independent
in time, which is not a realistic assumption in many applaad. | Kenett and PQ||J51|J£_(L9|96)
uses a Shiryaev-Roberts statistics to allow for dependdat dfde review this work later in
this section.

There are few space-time oriented proposals. One recentigirg method has been
suggested by KuIIdo:lfli_(&bl) who used a space-time scdiststefor area data. The main
difficulty is the control of overall significance level for aguence of periodic tests, although
each individual test has error type | adjusted for all presianalysis at each time moment.
We discuss this issue in more detail in the last section.

[Rggﬂr_sdn L(ZD_C})l) suggested a statistic based on local Knastistdhat requires only
cases data in the form of a space-time point procE_Si_Maalﬁi tZO_O_b) found severe
problems with the probability approximations used in thetinods, suggesting that it should
not be usedLMatshaLelJaL(ZﬁbO?) demonstrate that the ARlopeance of the Rogerson
method is highly influenced by some required threshold &l the population density, and
by the region shape. As a consequence, the nominal perfeemaaasures associated with
Rogerson method are not valid and this makes impossible thegwf the method without
computer simulation.

Kulldorff et all QO_O;%) have developed a space-time pertiariacan statistic for the early
detection of disease outbreaks, which is currently in usthbyNew York City Department
of Health for syndromic surveillance. They use a Poissomrdbdikelihood ratio test statis-
tic scanning over all possible cylinders as clusters catdgl This method does not con-
trol overall error type | level for the sequence of periodimalysis.| Diggle et AIJ_(;OJ)S) and
[RodﬂlLo_a.nd_LaMLsﬂ)rll_(ZQbG) proposed a Bayesian method to nteglspaice-time evolution
of the incidence rate and to monitor for changes.

We base our proposal in the Shiryaev-Roberts (SR) survedlamethod that was deve-
loped only for temporal process&_@m&éﬂim M,LKE_DSH_&DQ_BQ[LEM96).
Suppose that a sequence of possibly dependent randomlgadabX,, ... is observed. Two
possible models are considered. In one, a sudden change stdbhastic process occurs
at the unknown momerkt and fi(x1, X, ... %) is the joint density distribution of the first
random variables. In the second model, no change ever odoutss case, we assume that
k = oo and write fo (X1, X2, ... %) for the joint density. Any surveillance method implies a
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stopping timeT, the first moment when the alarm goes off. Eg{(-) be the expectation with
respect tofy. The mearE, (T) is called theAverage Run Lengtand it is denoted bARLP.
Clearly, it is desirable to mak&RLC large. Typically, the user establishes an acceptable mi-
nimum thresholdB for this parameter. That is, we waARL® = E., (T) > B, whereB is
known.

One approach would be to maximize the likelihood ratio ovkepassible values of the
unknown parametek defining the statistic

f(Xg, ..., %)

T fao (X %)

Rather than adopting this approach, the Shiryaev-Robetistgtd; uses the sum of like-
lihood ratiosfy/ f. for all possible change-point mometrkts

t f (Xe, Xo, -, %)
_ < w
R‘_k; fo(X, X2, ..., %)

The alarm goes off iR; is too large, that is, iR; > A. The stopping timda is defined as
Ta=min{t|R > A} .

It remains to findA such thatARL® = E,, (Ta) > B.

Following the notation MQ&, unBgr the sequence
Ay = fi(Xe, X2, ..., %)
T o (Xe, X, - %)

is a martingale with expected value equal to 1, even with deget observations. Therefore,
t
R—-t= z (Akr—1)

K=1
is a zero mean martingale. By the Optional Sampling Theoresrhave
Ewx(Rr,—Ta) =0,
and therefore

Ew (Ta) = Ew (RTy) -
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By definition,Rr, > Aand hencé&., (Ta) > A. Therefore, takingh = B satisfies the condition
E (Ng) > B.

There are several advantages associated with the ShiR@aasrts method in the time
series context. First, it can be shown that it exhibits soptar@l properties in some sim-
ple scenarios (Pall IgﬁSS iojla{k_(;b%) proved thatSh&yaev-Roberts procedure is
asymptotically (a8 — ) optimal in the sense of minimizing the supremum averagaydel
to detection

SUpEK(T —k| T >K).
k>1

over all stopping timed that satisfyE. (T) > B. [Yaki _@) found that this procedure
is strictly optimal for the problem of minimizing the avemgun length to detection over
all stopping timesT that satisfyE. (T) > B whenXy, Xp, ..., Xk_1 are iid random variables.
Furthermore, in terms of the delay time for the alarm goinigadtier the purely temporal
clusters starts to emerge, the Shiryaev-Roberts and thé GELBIM method are similar
(Shiryael| 1963, Robelts, 1966, Pollak and Siegilind | 198si0rch and Poliak, 1991).
The Shiryaev-Roberts method does not require independestaedn observations. It can
also be shown that Shiryaev-Roberts is at least as efficiesdrags optimal classical proce-
dures [(K&n_ell_and_BQllHk_lg%).

One difficulty to use the Shiryaev-Roberts method is that fiethels on the complete
specification of the joint distribution oXy,..., X, after a change occurs &t This is not
simple to be done in the purely temporal context and the diffiaincreases in the space-time
situation. However, we suggest a solution, as we explaih nex

6.4 Detection of emerging space-time clusters
6.4.1 A model for emerging clusters

Let N be a Poisson processIi? partially observed in the three-dimensional regiox
(0, 7].

The eventss,tj) = (x,Vi,ti) are indexed by= 1,2, ..., and we assume thgt<t, < ....
Let N(C) be the number of events in the €&t- 2 x (0,7]. We haveN(C) distributed as
a Poisson random variable with mepfC) given by the integral of the intensity function
A(x,y,t) > 0 overC:

H(C) :/C)\(x,y,t)dxdydt.

A special type of set is a cylinder given byC = B(s,p) x (ta,tp] whereB(s,p) is the disc
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centered as = (x,y) € 4 with radiusp, andt; < tp.
Let u=p(a x (0,7]) be the expected number of events in the observation regidn an
define the marginal spatial and temporal densities by

Astey) =it [ Ay,
(0,7]

and
A ()=t [ Axyddxay,
A

respectively. Note that

/)\S(x,y)dxdy: Ay (t)dt=1.

a (0,7]

Given that an events,t) occurred ina x (0,7 ], the functionshs(x,y) andA (t) represent
the probability density o andt, respectively.

We define now the pair of situations we will consider. The frs¢ is that without space-
time clusters. In this case, we have a separable intehsity,t) = pAs(X,y) A+ (t) where
As(x,y) andA (t) are arbitrary and unspecified. That is, they are nuisan@pters.

The alternative situation assumes that there exists artimeonstant > 0, and a cylinder
C =B(s,p) x (ta,tp] (yet to be defined) such that

)\(X7y7t) = u)\S(Xay) Ar (t) (1+8|C(X7y7t)) :

This intensity function can not be written as a product of fwactions, one depending only
in space and the other only in time. The parametes the relative change on the events

intensity within the cluster and it must be specified by therdﬁs.&még_aad_MELiJa_(;dOY)

and|As_smt;io_e_t_H. (2d07) used a similar pair of alternaigdels in the context of space-
time point process data.

To define a useful class of cylinde@ we start considering that, if a higher incidence
cluster emerges, we must be able to detect it through thex@zsevents. That is, non-events
(or void spaces) do not bring information about an emerglogter. Hence, we decided to
constraint, to be equal to one of the observed events titpesAdditionally, the cylinders
should be centered around its corresponding spatial totati Since the interest is only
on alive clusters, the endpoity is equal to the time,, of the current last observed event.
That is, we consider cylinders of the forBis,, p) x (tk,tn], with k < n, where(s, tx) is one

31



previously observed event whiley,t,) is the last observed event at a given moment. The
disc B(sc,p) has a radiup specified by the user. To simplify notation, we denotepy;

the cylinderB(s, p) x (tk, tn] with k < n. We extend the notation to include the c&se n,
writing Cp, n to represent the null set.

6.4.2 A sequential procedure to detect emerging clusters

To define a statistic, we consider the likelihood of the sgaoe Poisson processes when
n events have been observed. If no cluster is emerging, we have

Lo = (_'ﬂl)\(xi,yi,ti)> exp<—/R3)\(x,y,t)dxdydt) .

Under the alternative scenario that a cluster started engeag timetx < t,, we have

Lk = (_ﬁh(m,yi,ti)(1+8lckﬁn(>q,yi,ti>)>

exp(—/m)\(x,y,t)dxdydt> exp(—a/ )\(x,y,t)dxdydt) :
Ckn

whereA(x,y,t) = HAs(X,y) A, (t) andCy  is the putative cluster cylinder.
Therefore, a space-time version of the SR test stafgtizecomes

Rn

x

M-
—
e

n

.I_l(1+8|ck_’n(Xi,Yi,ti)] exp(—s/Ck A(x,y,t)dxdydt)}

=
'[\M:
—

k§1<1+s>N<Ck-fn> exp(—€(Cy)) 1)
/\k,n (2)
k=1

The expressiof , can be seen as a contrast between the observed niN{Der) of events
in G n and its expected value under the no-cluster situation.dn ifee is small,

Ain = (14 )NGen) (1 — g)HCa) ~ 1+ & (N(Cip) — K(Cin)) -
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The parametee > 0 is known (user-specified) and measures the anticipatedives|
change in the events’ density. Note that

Ann = (1+&)NCnn) exp(—ep(Chp)) = (1+¢)%exp(0) = 1.

Our surveillance method calculats as then-th event arrives, substituting the unknown
H(Cyxn) by an estimat@(Ty ). The estimation ofi(Cy ) is discussed in Sectidn 6.4.3. The
alarm goes off whel, > A for the first time.

In summary, the algorithm associated with our proposaliregas input:

e aset ofn case events, specified by their spatial coordinatgsand timet;
¢ the value of three user-specified tuning parameters:

— the anticipated relative changen the density within the cluster;
— the anticipated radiug for the cluster;

— the thresholdh, which should be approximately equal to the desi1P.

Iteratively inn, we calculatdR,. The output is a sequence of valugswheren is the number
of events. IfR, > Afor anyn, the alarm goes off.

If the alarm goes off, one important practical issue is thacsptime cluster location.
Suppose that the alarm goes off at thth event. That isR > A for the first time at = n.
Since

n
Ry = z Aen=N1n+Aon+...Anpn.
k=1

The large values of , are those contributing to the alarm triggering. Mgt n = max{Axpn, 1 <
k < n}. A cluster estimate is built by taking the spatial coordasdixx, yx*) of the k«-th
event as the center of the cylinder basis, and by taking ighbequal to[tc+,t,]. That is,
C« n is the space-time cluster estimate.

6.4.3 Estimation ofp(Cy )

Typically, the user will not be able to specify the purely tilaAs(x,y) and the purely
temporalAt (t) functions. Therefore, it is relevant in practice to allégiaim from such re-
quirements. Rather than using the meédy ) in (1), we use the data themselves to estimate
it. From the non-homogeneous Poisson process propertiegr the null hypothesis, for
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k < nwe have:

W(Cxn) = A<X7y,t)dxdydt=u/ As(xy)dxdy [ Ar(t)dt.
Ckn B(sc.p) (tto]

Therefore, an estimate pfCy n) under the hypothesis that there are no clusters is given by

o) = NE(S:P) X QDN st

whereN(B(sc, p) x (0,ty]) is the number of events within the digs,, p) irrespective of
occurrence timelN(4 x (t,tn]) is the number of events between tintgandt, irrespective
of their spatial location, andis the total number of events at that moment (see Figlure 2).

Figura 2: The estimate(Cy )
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6.4.4 Iterative calculation of R,

Every new event requires the recalculation ofetbrms in [2). We can decrease substan-
tially the amount of numerical calculations by means of araitive procedure. Fér< n, let
lkn=1(]|Sh— sl < p). We have

N(Ck,n+l) = N(Ck,n) + Ik,n+l

and
H(Cxn+1) = K(Cn) + H(B(s, p) X (tn,tht1]) -

Therefore, sincé\1 1 = 1, we can write recursively fdt < n+1,

Aini1 = Nicn (1+€)"ntt exp(—ep(B(S, p) X (tn,tns1])) -

By definition,An1n+1 = 1 and this completes the recursion.
In practice, to run the procedure, we ng&@y 1), rather tham(Cy n41). However, this
estimated term can also be calculated iterativelykfarn+ 1:

N 1
PCini1) = 77 N(B(S6R) ¢ (0,tns1]) N(A X (tthea))
n+1-—k
= o1 (N(B(s:P) x (0ta]) + 1)
_ _n n—k+1A@ )+n+l—k
T onrl nok Rtk n+1 e
- K . n+1—k
= PACin)+ mu@k,n) T lkntt-

Fork < n+ 1, we can write
Ak = (L4+g)NCenlHlenis exp(—edn i) +Antinit

where
nin—k+1) . n+1-—k

nk = mll(ck,n) + Wlk,mrl'

35



Therefore,

Nl
R = Z/\k,n+1
k=1

c A —ek
+ kZl k,n p((n+ )(n _ k) U( k,n)) e,nk>

where

n_|_1_k |k,n+1
Lenk = <(1+s) exp(—s ] )) )

We let 1= Any1nt1 = /A\n+1’n+1. As a consequence, we obtdn, 1 simply by updating the
values of/A\Kn with a few numerical calculations.

6.5 Choice of tuning parameters

The variance of the test statists = 5 /\x n increases witle when we have no clusters.
More importantly, the distribution oR, is quite asymmetric. Indeed, for one side a large
negative deviate di(Cy ) from its meanu(Cyn) push/Ay  towards its lower bound, equal
to zero. For the other side, increasing a large positiveadewdrives/\i , towards infinity.
As a consequence, the false alarm rate increaseswithe simulations in Sectidn 6.6 will
show these effects of changiagn the surveillance system performance. Although analltic
results are difficult to obtain, simple approximations pdevsome insight into this trade-off.

When there is no cluster emerging, we h&(@\ ) = 1 for all € because

E(AknlHo) = exp(—ep(Cin)) E[(1+g)NCkn)]

= exp(—ep(Cyn)) exp(U(Cin) (1+€)) exp(—(Cn))
— 1.

Then,E(R,) = nfor all €, as we could expect from the martingale approach of Selcii®n 6
Suppose now that a cluster emerges andiii@l ) ~ Poissofiu(Cy n) (1+€*)). At this
point, we distinguish the true relative changjefrom the one specified by the methag).(
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They do not need to coincide. In this alternative situati@enhave

E(An) = exp(—el(Cn)) E[(1+)NCer)]
= exp(—eW(C«n)) expi(Cin)(1+£")(1+€—1)]
= expH(Cygn)ee"] > 1.

That is,E(Ax ) increases witle (and withe®).

Therefore, apparently, the choicesofloes not affecR, when there is no cluster. When a
cluster emerges, choosing a lagjewill increaseR, and speed up the threshold crossing, as
we wish in this case. Hence, it seems that takirg « is the a good strategy.

However, there is a penalty for choosigigtoo large in that the Var\y ) increases with
€* when there is no cluster. In fact,

Var(Ayn) = Varjexp(—e* W(Cipn)) (1+ g*)N(Ck,n)]
which is equal to

exp(— 26" U(Cicn)) {EXPM(Cin) (1 +€%)2 — 1)) — eXp(2(Cun) (148" — 1))}

This reduces to
exp(U(Cin)e*?) — 1 — o0,

asg® — oo,

Ultimately, this will increase the false alarm rate. Underaluster, increasing* too
much implies in a larger variability oR,. This is so because the pairs of terig, are
either uncorrelated (if the corresponding cylinders ame-imbersecting) or positively correla-
ted (with correlation proportional of the intersectingwaie). As a consequence, the variance
of the stopping timdx increases as well as the probability tiigf crosses the threshohl
at a very early moment, as well as much later than the exp&gf€g = A. Hence, there is
a larger probability that the threshold will be crossed befany cluster emergence. These
effects will be clear in the simulations of Sectionl|6.6.

As shown in the simulations, changing the radius producesl| ®fiects on the surveil-
lance system performance.
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6.6 Method performance

We evaluated the performance of our method with Monte Cantwksition using three
types of scenarios. In the first type, there were no clustedstlae purpose is to evaluate if
the approximatiorA = B ~ ARLY is appropriate. The geographical region was the rectan-
gle [0,10] x [0,10] and the spatial location of an event was obtained by indegrgtydand
uniformly generating coordinates on the square. Times éetvevents were modelled by
independent exponential random variables with mean equhll Times and locations were
independently generated and heA¢r,y,t) = 0.01. The events were generated sequentially
until the alarm was triggered.

In the second type of scenario, in addition to the eventsrgéee as in the first scenario,
we also simulated events within a cylindrical cluster thaieeged at some moment. The
purpose of this second type of scenario is to evaluate thectiet performance and the
effects of the user-specified tuning parameters of our naetfide cluster had the square
basis[4,5] x [4,5]. It was kept alive from its outbreak until the alarm went dffe selected
three different times for the cluster outbreak. In one ctsecluster starts at the beginning
of the time period (wheh= 50) and we label this asase B In the second case, the cluster
starts in the middle of the time period, whes 150, and this is labelledase M Finally, in
the third case, the cylinder cluster starts lat¢,-at300, and we labelled this asse L

In each cylinder cluster, we have two types of events: theseiated in the larger square
and that happened to fall within the cluster, and those svgenerated within the cluster
itself. The intensity at a locatiofx,y,t) within the cluster is slightly larger than2 times
the intensity outside the cluster. This implies that theecdrvalue of the tuning parameter is
approximatelye = 0.2.

We will call this second type of scenario as the homogenecesssio because there is no
spatial variation in the events’ intensity except that duée cluster emergence. The third
type of scenario was generated in the same way as the sequa@xgept by the use of a
spatially heterogeneous density of the events locationthis third scenario type, the spatial
coordinates were generated using a mixture of four bivenatmal distributions. Therefore,
at any time, some regions were more likely to observe an gkiantother regions.

We generated 1000 independent replications of each soen&oi run the surveillance
procedure, we used several values §0r0.1,0.2,0.4,0.5,2.5,5,10,20. Note that, for the
scenario without clusters, the true value of this paramsteero, while in the scenarios with
clusters, it is equal to.Q.

No comparison with the scan statistic method f|[gm Kull&i@iﬁ) has been attempted
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because it takes too long to run. In each scenario, for aessigiulated space time data-
set with 1000 events, Kulldorff’s method takes 2 hours andri2gutes in a machine with
1.66GHz and 1 Gb RAM when we ask for 999 Monte Carlo replicatiohs repeat this
procedure for all the simulated datasets over the many gosna unfeasible.

6.6.1 Scenario without clusters

We used the values 50, 100, 200, 300, 400, and 500 for thehtticebmit A andp =1
for the spatial radius of the presumed cluster. If there arelusters, any surveillance signal
is a false signal. If the time period goes to infinity, theistat R, will cross the threshold
A with probability one, irrespective of the presence of a ohadter. It is expected that, in a
fixed time period, the number of events until the alarm goémofeases with the increase of
the threshold\. If the approximatiorA = B is reasonable, we should hatke= ARLC.

The graph in FigurEl3 shows in the vertical axis the estimaRt’, the average number
of events observed before a false signal is issued, versuirishold limitA in the horizontal
axis. The dashed line represents the iiRL® = A. The other lines represent the test results
for different values ot.

As we expectARL® increases with the thresholdl Fore = 0.1 and 02, the approxi-
mation ARLY = A is very good. For other values efthis approximation deteriorates with
the increase oA. Initially, the departure from the linARL® = A is larger the greater is.
For example, whel = 500 ande = 0.5, the estimatedRLC is 33% larger than the nominal
value of 500. However, the difference between the nomintaleva and the trueARLY does
not increase monotonically with With € > 10, this difference is almost null. Settisg> 10
is an extreme choice since it means an emerging cluster atigmsity 10 times larger than
the baseline intensity. It is unlikely that our method isisioned for such type of anticipated
changes.

This result shows that, when no cluster is present and wjghaatical bounds for the
expected relative change in intensity, selecting largkregfor the user-specifiedparameter
leads to conservativeRL°. That s, if the user is unsure abaselecting a larger value leads
to longerARLC times than the nominal value

However, there is a trade-off in selectiagoo large in that the false alarm rate can in-
crease, as we show in the next section. The reason for thavioehs the increase on the
standard deviation of the stopping timigwith the increase of. Tablel shows this standard
deviation for different choices af and thresholdA. The larger variability will increase the
chances of observing much earlier and much I&ggthan its expected value. This increases
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the chance that an unmotivated alarm sounds off before aisyeclemerges. This behavior
can be fully understood after we present the results of sitimunls with clusters.

Threshold €¢=01 €=02 €=04 €=05 €=25 ¢=5 €e=10 €=20
50 0.498 0.518 0.928 1.143 7.115 12.610 17.473 23.009
100 0.561 0.996 1.933 2.483 26.050 39.971 40.410 40.037
200 1.051 2.088 4.746 6.630 95582 103.240 96.583 97.584
300 1565 3.291 8.851 13.663 180.976 178.143 142.034 163.956
400 2.137 4.647 15.484 26.544 254284 233.516 196.761 210.668
500 2.982 6.915 25.488 48.344 294.398 283.244 239.812 254.411

Tabela 1: Standard deviation of the stopping tifigfor different choices of thresholdl ande. In all
cases we usepl= 1.

800

X+ D> o

mmme

W
=]
»

ARLO

600
1

400

200

800
|

*®QO
™ oo
1

=25
=10

=20

600
|

ARLO
400
|

200
|

100 200 300

Threshold limit A

0

g7
,"t/r

i\ 0\

v

/o
?ﬁ

\\\

7

400 500 0

100

T T T T
200 300 400

500

Threshold limit A

Figura 3: Scenario without cluster. The plots show the estim#Bd® = E(Ta), the average number
of events observed before a false signal is issued, versus thedlréstit A. Each curve corresponds
to a value ok. In all cases, we usgol= 1.

6.6.2 Scenarios with clusters

One of the usual performance measures of temporal sunvedlgystems is théED, the
expected delay to trigger a signal after the emergence afsderl Assume that the cluster
emerges at. Given that the stopping timg, is greater or equal to, the usual definition of
CED s the expected number of observations one needs to walitlhetalarm signal. That
is, CED(1) = E [Ta — T|Ta > T]. One problem with this definition in the space-time situatio
is that all events betweanandTx contribute taCED, either they belong to the cluster or not.
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We think that a more appropria@E D definition is the average number of events within the
space-time cluster until the alarm goes off. We denote tl@asure byYCED* to distinguish
it from the more usual temporal definition.

We tested with four different values for the spatial ragpu$.25,0.5,1, and 2. It is worth
remembering that the cluster basis is an unit square. Wadmyesl a more refined grid for
values of the threshold than in the without cluster scenario. Namely, we Aetqual to
50,100,150, 200, 250 300,350,400,450, and 500.

The plots in Figurél4 show the estimai@e D* (1) against the values of the threshéld
The first row of plots corresponds to the homogeneous saenérfom) while the second
row corresponds to the inhomogeneous scenarios (Inh). ifieeett columns correspond
to different values ot. There is one plot for each value of the anticipated relatiensity
increase. In each plot, we have three lines depending on the valuewalfiich can ba = 50
(caseB), T = 150 (caseM), andt = 300 (casd.). It only makes sense to analyze the data for
threshold values larger than the emerging cluster tim&ccordingly, for casd3, we do not
showCED*(1) whenA = 50 because almost always the alarm is falsely motivated s&ine
occurs in cas# with thresholdA < 150, and in cask with thresholdA < 300. The estimated
CED"(1) in these plots are obtained in simulations where the falerapercentage is zero.

We analyze initially only the the Middle and End scenariasthese cases, the plots in
Figurel4 lead to the preliminary conclusion that the larbegt the better the performance of
the surveillance method. Indeed, {G& D*(1) decreases with the increasesofOne should
rather sek = 0.5 thane = 0.2, which is the true value used in the simulation.

However, increasing too much leads to very large false alarm rates. Figlre 5 skiwsvs
false alarm rates fog equal to 25,5.0,10, and 20 in the homogeneous scenarios. The left
hand size plot corresponds to the Middle and the right hatheltsithe End scenario. Then, it
is clear that increasingwithout bounds renders the method useless because thalaise
rate is beyond tolerable standards. This behavior is \iytidentical in the inhomogeneous
scenarios.

Returning to the more practically oriented valueg shown in Figuré ¥4, we see that the
delay for the alarm to go off is smaller if the cluster is at #m&l of the observation period.
Basically, this means that the alarm system learns what imtlesity for a long time under
the no cluster situation. When a cluster finally starts emeygt is quickly detected. Unless
the cluster is at the beginning of the observation period,GBD"(1) curves are almost
parallel lines. Hence, the effect of the emerging time the CED*(1) is approximately
linear, unlesg is close to zero.
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There is a heavy penalty for clusters located at the beginairthe observation period
and with e larger than the true relative change in intensity. In thisaion, the expected
delay increases very quickly. The alarm system takes a weny fime to tell apart what is
the baseline intensity from the emerging cluster higheamsity.

Contrasting the homogeneous with the inhomogeneous caseamwsee from Figure 4
that, in the inhomogeneous case, @eD*(1) is greater than in the homogeneous case. This
effect is especially dramatic if the cluster is located i ltleginning of the observation period
ande is larger than the true relative change.

In Figure[6, we show the effects of the radpusn the surveillance system performance for
the homogeneous case. We ran simulations of the homogeseeniario with spatial radius
p=0.250.5,1, and 2. The inhomogeneous case has virtually identicallgsions and it is
not shown. The relative change parametkad the values.Q,0.2,0.4, and 05. With respect
to the observation period, the clusters started early §0), at the middletq= 150), or late
(t =300). Most often, the procedure is insensitive to the chofdke radiugp. Except for the
cluster at the beginning and larggthere is very little difference on the estimateB D*(1).
The exceptional behavior occurs only in a special conjonadif factors: when the parameter
p is larger than the true cluster radius, when the clusterssstanerging early, and wheris
much larger than its true value.

6.7 lllustrative examples

We illustrate our method using two real datasets: the Bigkytthphoma cases in Uganda,
the same dataset usedin_RdirMOOl), anidrengitiscases occurred in Belo Hori-
zonte, Brazil, between 2001 and 2005.

6.7.1 Burkitt's lymphoma cases in Uganda

A classical example of retrospective detection of spate-ttlustering is that based on
the Burkitt’s lymphoma in UgandJa (Williams et M?&. Tdeta consist of the place of re-
sidence and onset time for all 188 cases of Burkitt's lymphbetaween 1961 and 1975 in the
West Nile district in Uganda (see Figurk iZL_Rog_e|r4;Qn_(b00mmtﬂ evidence of space-time
clusters using local Knox tests and adopting a probabilitialse alarm of OL. Notwiths-
tanding the problems found in Rogerson’s metho M), we compare our
results with his.

The tuning parameters in our surveillance method were:0.1,0.2,0.4, and 05; p =
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Figura 4: EstimatedCED* (1) against the values of the threshéldThe first row of plots corresponds
to the homogeneous scenarios (Hom) while the second row correspahdstbomogeneous scena-
rios (Inh). The different columns correspond to different values. dtach plot has three lines. The
circles correspond to ca® when the cluster emerges soon in the observation peried50). The
crosses correspond to caddg(t = 150), and the triangles correspond to chge = 300).

2.5,5,10, and 20 km; alarm threshol= 161. Hence, in average, we expect 161 events

before the alarm goes off falsely. In all cases, the alarmtwérand the triggering event
varied from 142 to 158. The difference is 15842 = 16, which corresponds to.®%6 of
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Figura 5: Left hand side: False alarm rates versus threshold Aol the scenarios when the cluster
emerges on the middle of the observation period with 2.5,5,10,20. Right hand side: Idem for
cluster emerging at the end of the observation period.

the total number of observations. With respect to the emgrgmerT, the estimates varied
from 103 to 138. The largest number corresponds to the sshailidius (2.5). Except for
this rather extreme radius, all the estimated startinggimearied from 103 to 107, a very
short range. More relevant than this, the estimated cleister located approximately in the
same region in all cases. Hence, the results are relatnsgnsitive to the tuning parameters
values.

FigurelT shows the graphs Bf versusn for p equal to 10 and 20 km. Far= 20 km and
€ = 0.5, the alarm goes off at event number 148 (February, 1973jrenthethod estimates
that the clusters started on event 107 (November, 1970)s dibster is represented in the
map on the right hand of Figuré 7. Note that, among the 40 swsturring all over the map
between November, 1970 and February, 1973, only 20 belotigtoluster.

It is notable that the cases in the emerging cluster showngaré{ coincide with one
of the clusters identified by Williamet al. (1978) through the pairs of cases whose disease
onset was in the period 1972-1973, within 10 km apart and B§8 df each other.

[RQgﬂLSdnL(ZO_(})l) ran his procedure with several differenbtuparameters and his results
are sensitive to these choices. Many of his detected chustancide with ours. However,
one should keep in mind the criticisms to Rogerson procedregsepted iI.

).
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Figura 6: Effect of changingp. The rows correspond to the three cluster emerging tire
50,150,300, and the columns correspond to different values. ddnly the homogeneous case was
considered. The curves with circles correspong te 0.25, the curves with triangle tp = 0.5, the
curves with crosses o= 1.0, and the curves with axes fo= 2.0. The true value op is 0.5.

We ran the space-time prospective scan statistic methqebpea by Kulldorif (2001)
and implemented in the software SaTScan (Kulldorff, 203 TScan is a freely available
software and it was developed under the joint auspices otiM#&wulldorff, the National
Cancer Institute, and Farzad Mostashari of the New York Citpdbenent of Health and

Mental Hygiene.
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Figura 7: Burkitt's lymphoma cases in West Nile district of Uganda from 1961 to 19&l{sregion

is approximately 80 kmx 170 km). The left hand side map shows all the events in the period while
the right hand side map shows the events identified in the emerging cluster imethod. Each one

of the plots show&,, versusn for four different choices of: 0.1,0.2,0.4, and 05. The left hand side
plot usep = 10 km and the right hand side plot uges- 20 km.

There is a difficulty to compare our method with tha{ of Kulﬂﬂcﬁbo_oj). His method,
as implemented in the software, receives a dataset and fwaas alive cluster. That is,
it searches for a cylinder-shaped cluster whose height antlhee last available observation
time. Running his method with all 188 events will not allow fdusters that could have
been found before the last observation. To avoid runningrteéghod manually repeatedly
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by adding a single observation each time, we ran it initialith all 188 observations. The
scan statistic finds a non-significant cluster centered exsatial coordinate&273 332),

with a radius equal to 182 km, and ranging from 9/2/1972 to 10/24/1975, when the scan
alarm sounded off. Based on 999 simulations, the Monte Cavialye associated with this
space-time cluster is equal tal@9.

We then used this same .12 km radius found by the scan statistic in our own method.
The alarm sounded off four times, in 6/15/1973, 4/24/19M8, 2/1/1973, fok equal to 01,

0.2, 04, and 05, respectively. The clusters found were all centered aspla¢ial coordina-
tes (273 332), the same non-significant cluster found by the scan statistsed on all data
points. Our method estimated the cluster emergence atl®7/B/

Finally, we ran Kulldorff’'s method again but using only theeats that happened until
the dates our method sounded off. Using the events until tid@ant 6/15/1973 or until
the endpoint 4/24/1973, we have essentially the same seasilbur own method. A 5%
significant cluster is found with radius equal to.4Q km centered g273 332), and ranging
from 2/9/1972 until the corresponding endpoint. Runningl#aiff's procedure with the
events until 2/1/1973, we find a 5% significant cluster wittliua equal to ® km centered
at the spatial coordinat¢263 333), and emerging at 9/2/1972, the same date as the previous
cases. Therefore, in this example, the two methods givdasinaisults.

6.7.2 Meningitis cases in Belo Horizonte

We apply our method using data with place and onset date fat Meningitis cases that
occurred between 2001 and 2005 in Belo Horizonte, Brazil (sgar€{8). In 60% of the
days no cases were recorded and, in 72% of the remainingaayspne case was recorded.
The maximum number of cases in a single day was equal to 6. frenime series plots in
Figure[8, no discernible trend or periodicity is present.

The tested the following parameters:= 0.1,0.2,0.4, and 05; p = 1,2,3, and 4 km;
alarm thresholdA = 500. ThresholdA = 500 means that we expect 500 cases before the
alarm goes off without need. Since we have around 200 casge@e we are expecting two
unmotivated alarms in a period of 5 years.

The alarm went off in all situations, irrespective of thegaeters values. The triggering
event varied from 490 to 949 and it increased if either of th@rtg parameters andp,
increased. However, there was a positive interaction Etwieese two tuning parameters:
the waiting time increased faster wiphf € was larger.

Figure[8 shows th&, statistics[(R) versus for € = 0.1,0.2,0.4,0.5 andp = 1.0,2.0 km.
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These plots illustrate the effects of changmgnde.

City health officials were not suspicious of any emerging telugduring this period be-
fore our analysis. Since the triggering event occur arotnedetxpected time under the no
cluster situation, our method supports this opinion. Thermo convincing evidence for the
emergence of meningitis clusters in Belo Horizonte.

This lack of evidence is reinforced by Kulldorff’s prospeetscan statistic method. Run-
ning his method with all the events, we did not find a significelnster. Its most likely
cluster, with p-value equal to 0.129, had radius zero, ohioly only two events with identical
spatial coordinates.

6.8 Conclusions

Compared to the main space-time surveillance methods inténature, our method has
some advantages and disadvantagg_&_lﬁuﬂdbtﬁ_zom) doteequires tuning parameters
and he does not use the concepts of average run length aniti@osicexpected delay prefer-
ring the hypothesis testing concepts of error type | and po@ee problem with his method
is that it does not control the error type | over repeated amibgic surveillance. It adjusts for
all previous analysis in each time moment the scan is peddramd a correat error type |
probability is achieved at that moment. However, considgtihe simultaneous inference for
all points in time, the correct level is nat This is clearly seen if one considers the situation
in which no cluster ever emerges. Running &vel test at each moment in sequence, even
when controlling for the past analysis at each moment, wéawad to provide a significant
result eventually. Therefore, the true significance levelild be 1 for the infinite sequence
of tests.

We avoid this problem by adopting the quality control ideéds\eerage run length but
our method requires the specification of tuning parameté@iiough we think that users
should be able to propose reasonable values for these paramane needs more studies to
understand fully the impact of them in practice. This neesdibtuning parameters is also a
requirement irleogﬂsblL(LdOl) butJ as Marshall H_JLZ@B@\)VS, his method has several
shortcomings.

Our surveillance method assumes a spatially circular shelpster. A completely arbi-
trary shaped cluster is unfeasible computationally arcutar shaped clusters provide a good
trade-off between computational cost and meaningful aadtmal solutions. However, there
are situations when a truly irregularly shaped cluster @dnd of concern such as a narrow
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Figura 8: Map of Belo Horizonte divided into neighborhoods and the location of 1demingitis
cases that occurred between 2001 and 2005. The study region gragiagately 31 kmx 16 km.
The time series plots show the number of events in different time units: fortnightnthly, and
quarterly. Each one of the plots sho®s versusn for four different choices o€: 0.1,0.2,0.4, and
0.5. The threshold i& = 500. The left hand side plot usps= 1 km and the right hand side plot uses
p=2km.

zone along a river or an avenue. To solve this problem in thelpspatial cluster detection

context, several authors have proposed spatial scartistsatising an irregular shaped scan-

ning window PDuczmaI and Assuncéio_._Zb 4, Patiland T ,.Duczmal et ;l\ll ZQbG,
hangp_and_liLZD_di_Amng&o_e} E_L._ﬁ006). Such scanningdowis could also be adopted
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for our space-time statistic with some cost in additionahpating time.

Our method has many desirable features. First, it does gatreeinformation about the
population at risk, only cases are necessary. Second ustador purely spatial and purely
temporal clustering, and it provides statistical inferefior the emerging cluster detected.
Third, it does not require many input parameters and the mrees have a clear practical
interpretation. This interpretation should help the useestablish reasonable values for
them. We think it will be of great use in many practical apations.

Our method has been implemented in a stand-alone C++ sofagaveell as in TER-
RAVIEW, a free GIS software based on the open-source TERRALEIY. A suite of R
functions has also been developed and they are availablerepoest.
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7 Vigilancia espaco-tempo prospectiva para dados de area

Esta sec¢do traz o artigo “Prospective space-time sumeéldor areal data”, que sera
submetido ao periddicBtatistics in Medicine

7.1 Abstract

Nowadays, government agencies, specially public heajfhrdeents, are monitoring di-
sease cases looking for the early detection of space-tigteihiensity clusters. We propose
a method for prospective space-time disease surveillasiog counting data at fixed spatial
areas with discrete time. The method sounds off an alarm wiere is empirical evidence
that a spatially localized cluster starts to emerge, kegthia rate of false alarms at a desired
level. The number of disease cases is assumed to be Poissdouted. The method adjusts
for purely spatial and temporal variability over the map &rdoks for cylindrical clusters
with circular base. It does not depend on the knowledge optmilation at risk. When the
monitoring statistic, based on the Shiryayev-Robertsstiatiexceeds a threshold, the alarm
sounds off. A martingale structure is used to derive thisghold. We use Monte Carlo simu-
lation to study the impact of the input parameters in thegrarance of the proposed method.
An example of meningococal cases in Germany is presenutdridite the application of the
method.

7.2 Introduction

In |Assungj§.o_a.ndLOLdeE_(ZdO9), we proposed a method for tleetaet of space-time

emergent clusters using data from a point process at cantitime and space. This method
is available in the R package Surveillan@%?)wéker, the most common is to
record the number of cases at fixed spatial areas (eg. nelgtdmh city) and time intervals

(eg. week, month, year). The reasons for that may be linkednéidentiality concerns. In
this case, there is one time series of counts for each spatial

Consider the problem of purely temporal prospective suar@k using a single time se-
ries of counts. The Farrington meth ' Lalﬂél&)the Shewhart control chart
for counts and the Poisson cumulative sum Wetheril |;9_9_11 Montgomery,
|L9_9j$ anMMQ for Shewhart control charts and cumalatim methods) can be used
to deal with this problem. In this prospective case, at emsh & new count is available, the

surveillance method should test if the series remains irséimee baseline state. The test is
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based on the series values up to the current time. Thereéf@régsts are conducted sequen-
tially in time. The Farrington method did not take this ingar multiple testing structure of
the problem into account, since it is based on the repeatdfusonfidence intervals over
time. The Shewhart control charts have this same difficultye cumulative sum methods
overcomes this difficulty by controlling the expected wagtitime for a false signal, instead
of adopting the error type | probability used in the statsthypothesis tests framework. Of
course it is possible to evaluate the expected waiting tione ffalse signal in the Shewhart
control charts. However, the control limits used in thesartshare calculated so that, at each
time, the error type | probability is equal to a fixed leeel/Correa et @M_(&il) discuss the
problem of using the error type | probability in the prospexsurveillance context.

Recently, as geographic information is collected more gasiany methods have been
proposed for on line space-time surveillance using one serees of counts for each spa-
tial area. The aim is to sound off an alarm as soon as a spaliaiélized cluster starts
to emerge. The rate of false alarms should be kept at a reglével. |_I£ulld_o_r_t} .ZQ_QJL)
for example, suggested to use the space-time scan stédistids purposeuLkLh&smej al.
) proposed the use of a flexibly shaped space-time datistis. Unlike the space-
time scan statistic suggestedLb;LKuJJd huzbm), whichgiders a cylindrical window with
circular base, the flexible scan statistic consider a prismandow whose base has an arbi-
trar shape[la.ngp_eﬂail_(zdll) argue that the space-tiamessatistic proposed Mrﬁ
) compares the observed number of cases with the amaliexpected number of ca-
ses. They suggest the use of a new space-time scan stdiasticdampares the observed
number of cases with the unconditional expected numbersm‘&ﬁ;o&_mb‘._(;dll) high-
lighted the problems of using a method based on a space-tiamestatistic for prospective
surveillance.

Neil and QggpérL(;O_iO) proposed the multivariate Bayesian statistic (MBSS) for
event detection and characterization in multivariateiaptte series of counts. MBSS inte-
grates prior information and observations from multipléadstreams, calculating the poste-
rior probability of each type of event in each space-timéacne’.dlC_OLb_%frlLVﬂej_md_LMQon
) apply the conditional predictive ordinate to thevsilance context to detect small
areas of increased disease incidence. They incorporat@aaon probability that each small
area signals an alarm when there is no change in the riskrpattalisease to address the
problem of multiple comparisons.

.[(29_d9) illustrate the use and the Eotential ofspective and retrospective

statistical surveillance in veterinary epidemiol ) ) proposed an extension of the
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stochastic susceptible-infectious-recovered (SIR) mtalsupport a regression framework
for modeling infectious disease data. A multivariate coumprocess specified by conditional
intensities is the base of the proposal. The conditionahisities contain an additive epidemic
component and a multiplicative endemic componénL_DiggEI 29_0;45) consider a point
process model in which the spatial-temporal intensity haset multiplicative components.
The two components describing the purely spatial and thelptemporal variation in the
normal disease incidence pattern are both deterministize third component represents
spatially and temporally localized departures from themadrpattern and it is an unobserved
stochastic component.

In this paper we propose a method for space-time surveélarsing counting data at
pre-defined spatial areas with discrete time. Our method doedepend on the knowledge
of the population at risk and it adjusts for purely spatiadl @a@mporal variability over the
map. The number of cases at afeand timet is assumed to be Poisson distributed. We
assume that somewhere, at some moment, one or more spa&chifjmintensity clusters
start to emerge. The Poisson mean is greater inside thecl\Wge consider cylindrical clus-
ters with circular base. The monitoring statistic is basedh® Shiryayev-Roberts statistic
_ASiungéo_and_C_QLdeE.._Zd)OQ). The alarm goes off when the anmgtstatistic exceeds a
threshold. We adopted the martingale structure of the 8hay-Roberts statistic to derive
the value of the threshold.

In Sectiori 7.B, we present our proposal. In Sedtioh 7.4 wlyaméhe impact of the input
parameters in the method performance using a simulatialy.stle also analyze the impact
of the true spatial size of the cluster. Secfion 7.5 illussahe method using a real dataset
with meningococal cases in Germany. We close in Se€tidn it6ansummary of the main
conclusions and final considerations.

7.3 Statistical formulation
7.3.1 Monitoring statistic

Consider a map divided intbl spatial areas. The map is observed at discrete times
t=12,.... LetY; be the number of disease cases in adimet. Let P; be the population
at risk in area at timet. AssumeAj, 0 < Ait < 1 for all i,t, to be the per capita rate of
occurrence of cases. The number of cagesre independent random variables such that
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: Poissorft ), if i¢Sort<t

! Poissofipi (1+¢€)), if ieS andt>1
wherepiy = AitPt, € > 0 is a constant; is an unknown change time, aBlis a spatial circle.
The intensityAi; may be a function of known covariates such as social charstits of the

areas and seasonal effects, alg in Hohle eJt al. k2009):

S
log(Ait) = o + Bt + Z [yssin (2—115'[) +6scos(2—nstﬂ ,
s=1 r r

wherer is a known period (e.g. 12 for monthly data). We assume tleptrameters inj
have been previously estimated with training data and asesknFor simplicity, we will take
Air non-parametrically, not imposing any functional form oarth The center d§; coincides
with the centroid of a certain argaand the radius o§; is equal top. The process is under
control at timet if t < T and the process is out of control at timd t > 1. We letT = o
denote an under control process.

Our method sounds off an alarm at timewhen there is empirical evidence that the
process is out of control at tim®. At each new timgm+ 1) in which the map of counts
is observed, the method should decide if the process is wrdeut of control at(m- 1).
When the alarm sounds off, the method also provides an estifoathe spatial location of
the emerging cluster.

Let Lo m be the likelihood function fom observed maps when= o:

(Uit)yit
Lom = exp(—Hh)
" 1§i§|—||]§t§m Yit!

LetCj kx be a cylinder with basi§; that begins at timé= k and reaches the current time
t = m. We consider only those cylinders that reach the currer@nmrsince we are interested

in detecting live clusters. That is, we are interested ieck@ig clusters that are still in activity
at the actual timen.

LetL; xm be the likelihood function fom observed maps when= k and a cluster around
areaj starts emerging. We have:
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it (L+€li ) )Y
Lj,k,m: I_J (Mt( o It)) eXF(—p.it(l—i—Slit))
1<i<H.1<t<m Yit:

where

L — 1, if ieS§ andt>Kk
"7 ) 0, otherwise

The likelihood ratio is given by

Njkm =

= |K'| (1+ €)Yt exp(—€pit)
i€Sj,k<t<m

2> Y
= S e ey Y W
ieS k<t<m

= (1+&) i exp(—epe,,) .

where 5 5 Vyi=Yyg,and y > Mt =g,

€S k<t<m i€S k<t<m
One possibility is to define max(Aj xm) as the monitoring statistic. This would lead to

difficulties since we do not know the distribution of thistitc. Instead of this, we follow

the idea ok Kenett and PQII|ak (1§96) and define the monitastagsticR,, as the sum of the

likelihood ratioA | m for all possible change timleand all spatial location. That is,

H
z (1+¢)Cix exp(— Elc;,) Yik -

HMB

The monitoring statistic has a factgji multiplying the likelihood ratioAj x m. There
are two reasons for this. The first one is related to the piisisib for the spatial location
j of the emerging cluster. The monitoring statistic consdamly those areas that have at
least one case at tinle There is no sense in considering an area that has no case®at t
k as the center of a cluster that begins exactly at tm&he second reason is related to the
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possibilities for the change time Suppose a cylinder shaped cluster centered atjaaed
that starts emerging at timle Theyjc cases observed in timeat areaj did not occurred
exactly at the same time. Then, based on thgseases, there angy possibilities for the
change time, since the time of occurrence of each one of thggeases is a possible value
for 1.

Our surveillance method calculatg as them-th map is observed, substituting the unk-
nowng, , by an estimatgc, . In Sectiori Z.3}4 we discuss the estimatiopgf, and provide
a non-parametric estimate that does not require the kngeletithe population sizes, only
the number of cases in each area. The alarm goes off RhenA for the first time, wheré\
is a threshold specified by the user. The specificatiof isfdiscussed in Sectién 7.8.3. The
user also has to specify values toandp.

Once we have an alarm at time we need to provide an estimate for the cluster spatial
location. This estimate is given by the area with the greatstribution to the monitoring
statistic at the moment the alarm was triggered. That is;ltreter is centered at thjeth area
that maximizes

m

Z (1+¢)”Cix exp(—¢ Pc,-,k) Yik -
K=1

It is unlikely, but possible, that two or more areas have #@@es contribution. If this
is the case, the method gives more than one cylinder as anagstfor the cluster. These
cylinders can have some intersection or not. It is also ptesso detect the area with the
second greatest contribution, the third greatest cortabyand so on.

7.3.2 Expected value for the monitoring statistic

We can obtain the expected value of the monitoring statitiegvhent = co:

Er—w{(1+ s)YCJ%k exp(—apcj,k) Y} = ET:(,O{(1+8)YC§<’k exp(—¢ (Mc;, — Hik))
(1+€)Yk exp(—e k) Yik}
= ET:(,O{(1+8)Y"1k exp(—¢ (K, — Hik)) }
Er—o{(14€)" exp(—e k) Yik}
= 1x(14¢€)pjk
= (1+€)p,
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whereCj’k is the three-dimensional region formed by the cylindgg excluding the area
j at timek.
Therefore

m H
k(1+€)=(1+¢) Z Zujk=(1+€)|,ln1, (3)
==t

IIMI

m
EelRr) = 5

wherepn, is the expected number of cases, underco, in them observed maps.
For the out of control situation, whan< c, we have:

Ec{(1+8) % exp(—epc,) Vi) = exXplHcy &) exp(icee” )M (1+€) (1+€7)
= exp(ee” (Kor, + Mik) )Mjk(1+€)(1+¢€)
= eXp(ES*”Cj,k)“jk(1+8)(1+€*)7

whereeg* is the true value of the relative change in the expected vdlberefore,

m H
EiRn) = ) Y exmesTho (L e)(1+e)
=1j

m H

= (1+€)(1+e) Y Y explee He; ) Hik
k=1j=1

> (1+€)bm.

The monitoring statistid?y, increases faster under< o than undemr = c by a global
multiplicative factor(1+¢€"). Itis also larger due to local factors equal to éeeijc, )

7.3.3 Specification of the thresholdA

Undert = oo,

Njkm=

Ljkm o .
o = (14¢€)" exp(—ept)
Loo,m i€|1j t|:l<

is a martingale with respect ta, (see the Appendix for details).
Let M be a random stopping time with respecfXdt) = (yi,...,Ynt), t > 0]. Thatis,M
is a random time such that, for eaglthe occurrence or non-occurrence of the eféht=t}
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depends only on the values £X(0), ... ,X(t)}. Suppose

Er—w(M) > B. (4)

The stopping timeM is discrete, since it must be equal to one of the discretestitine
map is observed. The expectatiBp...(M) is the expected waiting time for a false alarm,
called the Average Run LengtARL). The constanB reflects the user acceptalA&®L We
declare that we have an alarm at the first tihethat Ry, crosses a threshokt

Ma = min[m|Ry > A].

Undert = o, Ry, is a martingale (sincBy, is a sum of martingales) with expectation equal

to (14 €)um. ThereforeRym— (1+€)pm is a martingale with zero expectation. By the Optional
Sampling TheoremE;—w(Rv, — (1+€)pv,) = 0. Hence Er—w(Rv,) = Er—c[(1+ €)Hm,]-
By definition,Ry,, > A. Then,Er—«(Rwv,) = Er—w[(1+&)um,] = (1+ &) HE=w(Ma), Where
pis the expected number of cases in a single map. Sihces the first timeR,, exceeds\,
we assume that the excess is typically not great. TheredetengA = B(1+¢€), whereB
is the desired\RL, yields a procedure that satisfiés (4).

7.3.4 Estimation ofyg,,

In practice, g, is unknown. Under = o, we assume that space and time are separa-
ble. Then, at the current tina, we can estimatec;, using the following non-parametric

estimator:
m H m
Z > Vit (_Z > Yit>
N i€Sjt=1 i=1t=k
UCjﬁk = . (5)

H m
2 2 Vi
i=1t=1

Using the above estimate, we have the following monitortagsic:

H
z (1+¢)ik exp(—¢€fic; ) Vik -

||M3

This monitoring statistic does not require the knowledgthefpopulation sizes, only the
number of cases in each area.
One can also use a parametric or a semi-parametric estifoates . The rate\i can be
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estimated depending on covariates, @2009). iBeaske surveillance, the ratg
can be time varying due to seasonality of the disease. Faasoregetation, control measures,
or the existence of disease vectors, can lead to spatialogeteeity. e|_(2_0ﬁ)9) uses a
time-dependent baseline risk €Xg ) and possible time-dependemnk 1 covariate vectoz;

to model the raté;:

Ait = exphot +2¢ ' B) .

where3 is aq x 1 vector of coefficients. All spatial heterogeneity is exgsed through
covariates and the baseline depends on time only.

7.4 Simulation study

We evaluated the performance of the proposed method ineliffscenarios using Monte
Carlo simulation. The geographical region we consideredava&gular grid of size 12 12
with H = 144 areas. Each area was represented by a square with side tap is observed
attimes =1,...,100. We used four different values for the spatial ragu@.0,1.0,1.5, 2.0.
The valuep = 0.0 means that the circl§; includes only the areq. Settingp = 1.0 means
thatS; contains five areas: argaand the four areas closest to afedf p = 1.5, §j contains
nine areas: arepand the eight areas closest to aje&inally, p = 2.0 means tha$; includes
twelve areas: arepand the eleven areas closest to area

In Sectior 7,411, we evaluate the performance of the methioaif under control process
in two different situations: whepg;, is known and when it is estimated according[ib (5).
In Sectio 7.4 we analyze the impact of estimatigg, for both under and out of control
processes. In Sectign 7.1.3 we evaluate the impact of thmbkpiae of the cluster for an out
of control process. In this evaluation, we ugegl, sincepc;, is unknown, in practice.

7.4.1 Simulation results for an under control process

The number of case was generated independently according to a Poisson ditstnib
with mean equal t®; Aj;, whereA;; = 0.005 for alli,t. Then, the expected number of cases
at a single map igt.=0.005% ;i< P = 0.005x 5500x 144= 3960. The expected number
of cases in the firgh maps is equal tp, = L x M~ 3960x m.

Figurd® shows the behavior of the monitoring statiBtjc In this Figure, the first, second,
third and fourth rows of plots correspond po= 0.0,1.0,1.5,2.0, respectively. The first,
second and third columns of plots correspong400.01,0.03,0.05, respectively. In all plots,
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the horizontal axis represents the time the map was obsefedvertical axis represents the
trimmed average value of the monitoring stati®jg, taken over 300 simulations, divided by
W This trimmed average excludes the highest and lowest 1%eadata points. The dashed
and dotted lines correspond Ry calculated with knowny,, andi;,, respectively. The
solid line represent&;—«(Rm), given by [3), divided by

According to Figurd®, the impact of estimatipg, , is a more conservative method.
When estimatingic; , one have to wait longer for a false alarm, compared to thenggitme
when g, is known. The waiting time for a false alarm wifly,, is also longer than the
desiredARL The dashed line, that correspondsR calculated with knownic, , exceeds
the threshold (solid line) earlier than the dotted line. Tuwdted line corresponds &y,
calculated withic; . Even wheny;, is known, the waiting time for a false alarm is longer
than the desiredRL, except for some especial combinationg ahdp. Here, as the process
is under control, the true value for the parametés equal to zero, and there is no circle
Sj where the per capita rateis higher. Then, as the input values@fnde increases, we
are more distant from this true situation. Whe#, is known, the especial combinations of
€ andp for which the waiting time for a false alarm is no longer thhe tlesiredARL, are
those where the values efandp are closest to the true situation. Bd®h, calculated with
knownpc;, and withfic, ,, move away down from its expected valuesaandp move away
from their true values. That is, the waiting time for a faldaria increases witlp ande,
for bothpc,, andiic;,. Fore = 0.01, Ry calculated with the knowpg, is very close to its
expected value for all values pf The monitoring statisti®m,, calculated withic; , moves
away down from the expected valueRf, asp increases. For = 0.03, Ry, calculated with
the knownuc,  is very close from its expected value for= 0.0,1.0. Ry calculated withic,
also moves away down from the expected valu®gfasp increases, but faster than when
€ = 0.01. Fore = 0.05, this deviation is even faster. In this caRg,calculated with known
Hc, . is close from its expected value only for= 0.0.

7.4.2 T, versus i, for under and out of control processes

In this section, we analyze the waiting time until the alaourgls off, for under and out
of control process, using botl;, andfic;,. For the under control process, the number of
casesyiy was generated as in Section 714Y}:~ PoissoiiP; At ), whereAi; = 0.005 for all
i,t. For the out of control process, the artificial cluster hasgigpradiugp* = 1.00,£* = 0.25
and the change time 5= 15.

Figures[ID an@11 show summary statistics for the numbemaé fperiods until the
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Figura 9: Time m (horizontal axis) versus the trimmed average valuBgftaken over 300 simula-
tions, divided byu (vertical axis). The trimmed average value excludes the highest andt|b%esf
the data points. Rows, 2, 3,4 correspond t@ = 0.0,1.0,1.5,2.0, respectively. Columns,2,3 cor-
respond t& = 0.01,0.03,0.05, respectively. The dashed and dotted lines correspoRg talculated
with pc,, andi; ., respectively. The solid line represefs...(Rm) divided by
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alarm sounds off in 300 simulations in under control and dutantrol cases, respecti-
vely. In these two Figures, the first, second, third and fowoivs of plots correspond to
p=0.0,1.0,1.5,2.0, respectively. The first, second and third columns of ptoisespond

to € = 0.20,0.25,0.30, respectively. In all plots, the horizontal axis représehe threshold
limit A= ARL(1+¢)u for ARL= 20,30,40 time periods. The vertical axis represents the
number of time periods until the alarm sounds off. The cg@ead the triangles represent
the average value using, , andfi, , respectively. The segments in each symbol represent
one standard deviation above and below the mean. The nurab#re bottom correspond
to the proportion of alarms when usimpg,, and the numbers at the top correspond to this
proportion when usingc; . For the out of control situation, shown in Figlrd 11, all ste-
tistics (mean, standard deviation and proportion of ala@mns related to motivated alarms.
In Figured 10 and 11, the mean and the standard deviatio® ofimber of time periods until
the alarm sounds off (or until a motivated alarm, in the outaitrol case corresponding to
Figure[11) are censored measures, since the proportioamhslis always smaller than one.

Figure[10 shows that, for an under control process, the ptiopmf simulations in which
we had alarms is always smaller when usikg,. This is an expected behavior, since ac-
cording to Figuré9 we have to wait longer for a false alarm wasingiic, . In both cases,
usingpc; , or fic; ., the proportion of alarms decreasegascreases, for fixeg. For fixede,
the proportion of alarms decreasespascreases. These two behaviors were also expected.
Figure[® shows thaR, calculated withye,, or fic; ., decreases asandp increases. This
decrease of the monitoring statisRg, leads to a decrease in the proportion of alarms. Here,
as we already mentioned, asand p increase we are more distant from the true situation
(¢* = 0.0 and no circles;). The difference between the proportion of alarms wath, and
e, decreases as we move away from this true situation.

Figure 11 shows that the best performance of the method ighetproportion of motiva-
ted alarms and the lowest standard deviation of the numbtmnefperiods until a motivated
alarm), occurs whep is equal to its true valuep(= p* = 1.0). In this case, the parameter
seems to have a small impact in all statistics. For all vafug the proportion of motivated
alarms is very similar (around 0.9) when usjrg, andfic, . The mean of the number of time
periods until a motivated alarm is also similar, but the déad deviation is larger foic, .
This larger standard deviation fgg,, can be explain by the fact that we introduce another
source of variation in the monitoring statistic when estimgyc; .. Whenypc; , is known, the
proportion of motivated alarms varies little with bgitande. When usingic, ,, this variation
is larger, and the parametgiseems to impact it more. In the out of control situation shown
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in this figure, the cost of estimating:,  is a longer waiting time for a motivated alarm. If
p is set equal to its true valyg", then this cost is quite small. Except for= p*, this cost
increases witlp ande.

7.4.3 Impact of the spatial size of the cluster

We used out of control processes, Wi, in the monitoring statistic, to evaluate the
impact of the spatial size of the cluster. The input valuepfaras always set equal to the true
valuep®, taken ap* = 0.0,1.0,1.5,2.0. The number of casé&g was generated as in Section
[7.4.1:Y;; ~ PoissofiP; At ), wherehi = 0.005 for alli,t. We usect* = 0.25 andt = 15.

Figure[12 shows summary statistics for the observed nunftiane periods until a mo-
tivated alarm in 300 simulations. Each plot correspondsni value for the spatial radius
p = p*. In all plots, the horizontal axis represents the threstiolid A = ARL(1+ €)u for
ARL = 20,30,40 time periods. The vertical axis represents the obseruatbar of time pe-
riods until the motivated alarm. The traces, crosses, asahiges represent the average value
for € = 0.20,0.25,0.30, respectively. The segments in each symbol represenstandard
deviation above and below the mean. The numbers at the togpspand to the proportion of
motivated alarms. For each threshold limit, the first, secamd third numbers are related to
€ =0.20,0.25,0.30, respectively.

Figure[12 shows that, as expected, the proportion of metivatarms increases as the
spatial size of the clustep() increases. The standard deviation of the number of timeger
until a motivated alarm decreasespsncreases. It seems that there is no significant impact
of the parameter in the proportion of motivated alarms. For fixpdthe mean of the number
of time periods until a motivated alarm is almost the samealioralues ofe, but the standard
deviation increases with this parameter. Except for a etusbmposed by only one area
(p* =0.0), the method seems to be efficient. This efficiency is in #mse that the proportion
of motivated alarms is high and the mean waiting time for thena, after the change tine
is small. Herer = 15 time periods, and the mean number of time periods untifrtb&vated
alarm is around 20. Then, the waiting time for the alarm,rafte change time = 15, is
around 5 time periods only.

7.5 lllustrative example

Infection with meningococci in human generates public eonbecause of its often lethal
outcome, and its occasional appearance in clusters. Wgzatah meningococcal disease
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database provided by the National Reference Center for Meoougi, German Ministry of
Health. The database contains 636 meningococcal casexthated in Germany from 2002
to 2008.

Figure[13 shows all the available 636 meningococcal cases 2002 to 2008 on a map
of Germany, divided in federal states. There are two are#fiseimap where the number of
cases appears to be higher: Berlim and the Ruhr district. ThedRsthict is an urban area in
North Nordrhein-Westfalen. In fact, a higher number of sagghese two areas is expected
since they are areas with large population. Berlin is theslsir@erman city with a population
of more than 3.4 million inhabitants. The Ruhr district is theest urban agglomeration in
Germany, with a population density of 1195.04 inhabitamtskp?.

The time series plot in Figufe 114 shows the number of caseggaefquarter. In all the
years, the number of cases is larger in the first quarter. duesto the seasonality of the
meningococcal disease, with a larger incidence in the wintde cold causes people to
agglomerate, facilitating the transmission of the disease

We applied our method using the number of cases in each dt&@ch quarter. We
used three different values for the paramete0.20, 0.25,0.30. The spatial radipswas
set as 20% of the maximum distance between the states. E§uskows the value of the
monitoring statistidR at each quarter. The solid, dashed and dotted lines comddpe =
0.20,0.25, and 030, respectively.

We adopted the threshofkl= ARL(1+ €)Y, wherep was set as the total number of cases
(636) divided by the number of quarters (28). We tried seviéfiarént values for theARL
4,8,12,16,20,24,28 quarters. Tablg 2 shows, for eachnd eactARL, the number of quar-
ters until the alarm sounds off and the estimate for the aldatiation of the cluster. The first
value in each cell is the number of quarters until the alaramds off, and the second one is
the estimate for the spatial location (identification numiethe state). NA means that the
alarm did not sound off. The alarms around quarter numbela@0duarter of year 2006) are
related to the peak in the monitoring statistic around thiasrter, observed in the three curves
of Figurel[15. The spatial estimate for the cluster in theses the state number 2 (Bayern).
For the considered value of the spatial ragiishe circleS;, j = 2 (Bayern), includes only
the Bayern state. For the alarms observed when usRig= 4and8 quarters, the spatial
estimate for the cluster are states numbers 4 (Brandenbuody) @ (Nordrhein-Westfalen).
For the considered valuyg the circleSj, j = 4 (Brandenburg), includes three states: Bran-
denburg, Sachsen and Berlin. The cir§lej = 10 (Nordrhein-Westfalen), includes only the
Nordrhein-Westfalen state.
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Tabela 2: In each cell, the first value is the number of quarters until the alarm saaffidsnd the
second one is the estimate for the spatial location of the cluster (identificatiobanwof the state).
NA means that the alarm did not sound off.

€ ARL (quarters)

ARL=4 | ARL=8 | ARL=12 | ARL=16 | ARL=20 | ARL=24 | ARL=28
€=020| 5,10 11,10 17,2 19,2 25,2 NA NA
€=025| 6,4 12,10 17,2 19,2 20, 2 NA NA
€=030| 6,4 12,10 17,2 19,2 19,2 20, 2 NA

7.6 Final considerations

We analyzed the characteristics of the proposed method) usider an out of control
simulated processes. We believe that the results we olasantae particular cases of our
simulation represent the general characteristics of thbade Future studies could be done
using different scenarios to check the performance of thibaode

The results we present in Section]7.4 show that, the costtimhating Hc;, is @ more
conservative method. When estimatigg, the waiting time for an alarm, under= o, is
longer than the desiredRL, and also longer than whew, , is known. Furthermore, the
waiting time for a false alarm increases wiitandg, for bothnc,, andi; .

Undert < oo, the impact of estimatingg; , is a longer waiting time for a motivated alarm.
However, ifp is equal to its true valug*, this impact is very small. In this situatiop & p*),
we observed the higher proportion of motivated alarms aadawest standard deviation of
the number of time periods until a motivated alarm. For kngy), we observed a little
variation in the proportion of motivated alarms with bptande. When estimatingc, ,, this
variation is larger, and the paramepeseems to impact it more than the parameter

As expected, the waiting time for a motivated alarm decreasethe spatial size of the
cluster increases, when usiﬁgj’k. In this case, if the input value ¢ is equal to its true
valuep*, the proportion of motivated alarms was observed to be lagt,the mean waiting
time for a motivated alarm was observed to be small, excea dtuster formed by only one
area p = p* = 0.0).

One should be aware of the cost of estimatiag, and the cost of setting the spatial
radiusp too different from its true value (unknown, in practice) whegpplying the method.
We believe that the method can used with different valuep fande as a guide for on line
disease control.
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8 Um olhar cuidadoso sobre vigilancia prospectiva usando
uma estatistica scan

Esta secéo traz o artigo “A Close Look on Prospective Suareit Using a Scan Statis-
tic’, submetido ao periddicBiometrics

8.1 Abstract

The scan statistic is undoubtedly a great success. It was@adl to the prospective case
and it has a lot of successful applications. However, wetfeslthere are some difficulties of
interpretation related to the prospective scan statiséitrequire the attention of the statistical
community. In this paper we used simulation results fromSh&Scah' software to raise
these difficulties systematically. Our aim is that it can bepoesed statistical solutions. We
also analyzed some characteristics of the scan statisbagh simulation results. For the
prospective context, we evaluated the average run lengtb@npared it with the recurrence
interval.

8.2 Introduction

Epidemiologists typically perform geographical sunagilte of diseases to detect statis-
tically significant temporal, spatial or space-time digeelsisters. Looking for hints about
unknown risk factors, they also want to test whether a des@asandomly distributed over
space, over time or over space and time. This procedure d¢aohéhe evaluation of the sta-
tistical significance of disease cluster alarms. The s@is8t method proposed rff
) is a superb method for these purposes. For retragpacitrveillance and cluster de-
tection, it is one the most popular methods among publichedficials and researchers and
the SaTScah" software (seL;KMﬂLLOQ&) is a widely used free impleta¢ion of the
method with users from many countries.

The main reason for the widespread popularity of the scdiststamethod for retrospec-
tive surveillance and cluster detection is its control abetype | probability over multiple
tests. When searching for temporal or geographical disdasters, there are a huge number
of potential candidates due to the overwhelming number oflipations of areas or times
to form a cluster. Carrying out a statistical significance teseach potential cluster candi-
date leads to a large number of false positives, an undésisabation thaklﬁuﬂdmh[(l&é?)
solved in a simple way. The scan statistic is based on thmattanaximum likelihood ratio
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for a simple comparison of disease occurrence between tawpgr within and outside the
candidate cluster. This maximum is obtained by scanningaatible candidate clusters and
hence the multiple tests situation is reduced to a singlestegtion. Its statistical signifi-
cance is evaluated by means of Monte Carlo replications. falgs positive control feature,
coupled with its good power performance in simulation stadiransformed the scan statistic
into a standard test for retrospective surveillance anstefudetection problems.

The scan statistic methodology has also been proposedgpgutive surveillance, when
we perform repeated time periodic disease surveillanceedoly detection of disease out-
breaks. This is an important issue for public health agenarel, unfortunately, in contrast
with retrospective surveillance and cluster detectioaspective space-time surveillance mo-
dels are rare. Among the few options available, we have trbgde proposed d@ﬁ

(2001 Kulldorff et al. [(2005), Takahashi ef al. (2008)nga et al. ((2011). All these propo-

sals are based on the repeated application of the scanist@sime accrues. Recent reviews
covering the space-time situation incILkd_eJALo_o_dalI;H e(loé an&&nkel_el_étll_(ZQlll).

While the scan statistic method proposeci by Kullghdi(ig&?a standard method for
cluster detection in a retrospective setting, we feel thaas many difficulties to deal with
the prospective situation. The essence of this difficultyhet the scan statistic is based
on a statistical hypothesis testing framework that is n&gadte to the prospective situa-
tion. |AALO_0£IalI_el_a|I.L(20_68) pointed this out by criticizingetuse of p-values and recurrence

intervals, since these measures do not reflect appropriatektatistical performance of pro-
cedures repeated indefinitely.

Statistical hypothesis testing uses error type | and |l gbilities as performance mea-
sures and tuning parameters. These concepts are not mieguwvhgn a statistical test is
applied sequentially with no pre-defined number of repeafaalications. This is different
from the retrospective situation, when we scan over a numobpotential candidates gene-
rating a large but pre-established number of statistics. WWhe number of test statistics is
undefined, the error type | and Il probabilities may be eqod! &ind 0, respectively, rende-
ring these performance measures worthless in the progpecise. For example, consider the
most simple prospective surveillance method for a sequefnimerandom variableZ;, Z, . ..
in which Z; ~ N(0,1) in thein control state andZ; ~ N(1,1) in the out of controlstate. A
Shewart chart procedure declares that the system is outntfotevhen the firsg; is larger
than a threshold. If the system is run indefinitely under the in control statés clear that
P(mini{Z >c,i=12..} <o) =1. Therefore, any meaningful error type | probability
definition will be equal to 1 in this case. In the same way, urnlde out of control state, the
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error type Il probability is equal to O for any

Instead of error type | and Il probabilities, one should usgerappropriate measures for
the prospective context. We say that an alarm goes off atttnineen we have some empirical
evidence that the system under surveillance has changedtifi®in control state to the out
of control state. In this situation, it is more common to useRun LengthRL), the waiting
time until the alarm goes off. The Average Run LengiiRQ) is the expectedrRL when the
process is under control. One tries to fix a talyet.and aims for a procedure that minimizes
the expected waiting time for a true alarm when the processati®f control. This is called
the conditional expected delay in the quality control atere.

One of the main advantages of the scan test statistic, s gmwe | probability control,
is not guaranteed over the multiple sequential tests in thepgctive situationmﬁ
_ﬂ) was aware of this difficulty and he proposed an adjestrby establishing critical
thresholds for the test statistic at each time based onetdaqus values. Unfortunately, this
adjustment is not enough to overcome the problem, as we halvs BothJ_KulIdQLﬂ‘ tZD_Q|1)
and|Kulldorff et a‘. [(;O_dS), are highly cited papers but ieses that this prospective issue
is not sufficiently clear in the application of the prospeetscan. For examplm al.
) proposed recently a modificationLQLKulldbmzbﬂhalt is perfectly fine in the re-
trospective setting but that retains part of the major potd we see in the scan method in the
prospective setting. Since their method is proposed fdn bibtiations, we decided to write
this note where the prospective difficulties are highlighte

In this paper, we aim to show through a simulation study ugiiegsoftwareSaTScaf"
that, when applied in a prospective way to detect emergimgiets, the scan statistic methods
from|Kulldorff (2001), Kulldorff et al. (2005), Takahashi all (2008) and Tango et al. (2011)
are difficult to interpret. More specifically, the scan stdi do not adjust for the sequential
and repeated tests carried out during the surveillance ngi&t ion the specificity of our com-
ments: they are directed towards the use of the scan testitigoaiology in the prospective
scenario. We think that the scan statistic is an excellamrigue for cluster detection in the
retrospective situation.

In sectior 8.8, we review the prospective methods basedeoadhn statistic. In section
[8.4, we present simulation results that highlight the peots with the prospective scan statis-
tic. We analyzed some important aspects of the scan statistetrospective and prospective
cases. For the prospective situation, we evaluated thevioelad the p-values and the pro-
portion of alarms when the scan statistic is applied sedgignas data become available. We
considered different possibilities, with and without edjuents for earlier analysis, showing
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that these adjustments do not work as expected. We alsaeekttiie quality of the recurrence
interval, as considered by KleinaLaLL(;bOS) End Klginman.edza_oj) in the spatial-temporal

aggregated case, to estimate the average run length ofahg@szspective method. We close
with final considerations in sectign 8.5.

8.3 The Scan Statistic for Emerging Outbreaks

In this section we review the scan-based methods of Ku!ic(b_ﬁ_oi) ano‘_Taagp_eﬂal.

(2011).

8.3.1 |Kulldorffl(2001)

The purely spatial scan statistic uses a circular windowrti@ves on the map, including

different sets of neighboring areas. The radius of eacHecircreases so that the circle
includes at most 50% of the total population at risk. The nenab events can be considered
either Poisson or Bernoulli distributed. The spatial scahigttcSis the maximum likelihood
ratio over all possible circleg, conditioning on the observed total number of cdses
s-me e () ©
wherelg is the likelihood function under the null hypothesis of aglyrrandom Poisson
process andl(Z) is the maximum likelihood for circl&.

Definenz as the number of cases inside cirgle Assuming the Poisson modei(Z) is
the expected number of cases under the null hypotﬂeﬂ&ﬂdﬂl&&i’) shows that

if nz > pu(Z) andL(Z)/Lo = 1 otherwise.
Circles containing more than half the population at risk widag more suitably interpre-

ted as a negative cluster of lower risk. The choice of 50% efgbpulation at risk as the
maximum circle is intuitive, since it ignores these type lokters.

The space-time scan statistic uses a cylindrical windowriee dimensions, instead of a
circular window in two dimensions. The base of the cylindspresents the space, and the
third dimension is the time. Letandt be the start and end dates of a cylinder, respectively.
Let[Y1, Y»] be the time interval for which data exists. The prospecipars-time scan statistic

69



considers all cylinders for whicly <s<t =Y. That is, in the prospective context, the
space-time scan statistic considers only alive clustelisstars that reach the actual time.

To evaluate the statistical significance for a cluster, tis&idution of the statistic given
in (@) under the null hypothesis is constructed by Monte Cagfilications. For the random
data sets, cases are generated so that space and time penthel®t. To solve the problem of
multiple testing, the likelihood for the random data setsiéximized over all cylinders used
in the previous analysis in addition to the current cylirsdere, those cylinders for which
Y1 <s<t <Y andt > Yy whereYy is the time in which the surveillance began. At a
given moment, if the probability of having detected a clustéh higher likelihood during
any of the previous analysis or the present analysis is at mdken the observed cluster is
statistically significant at thea level. That means, using the random data sets, it is possible
to find the critical value for the level of significance.

The method might be too conservative to adjust for all presianalysis if it is in place for
along period. Itis possible to handle this problem by ingigdnly those cylinders analyzed
during he precedingtimes for the random data sets, i.e, those cylinders foriic< s<t
andY —v<t<Yo.

8.3.2 |Tango etal.[(2011)
|Ia.ng9_el_all.|_(2Qil) criticized the conditional expected hanof cases used Mrﬁ

(2001). They propose an outbreak model based on a new SpaEedan statistic which
compares the observed number of cases with the uncondigpeacted number of cases.

Under the null hypothesis of no outbreak, the number of cases in regioat timet is
assumed to be independent negative binomial distributed

HO:Nit ~ NB(“’ita(ﬂt)a

whereE(Ny) = i andVar(Ni) = pie 4 (Hit )2/ @t = Hit Wit -

The temporal overdispersion is given by

Wi =1+ & .
O

The parameteq; regulates the overdispersion. If there is no overdispersiagegioni,
thenwj; = 1 or @ = co.

The parameterns; and@; are estimated using data from a predefined baseline pertbd an
applying a negative binomial regression model:
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I0gE(Ye) = 3 %uiBj +bi, Ye ~ NBG", ),
=1

whereY; is a random variable for the observed count data in the prestebaseline period,
bi is a random regional effect independently normally distiélol with mean Ox;; is the
value of covariatg, andg is usually assumed to be constant over time, e~ @. Then,
we = ) andey = ",

If the surveillance system starts in the recent past, a ngosirerage method is used
to estimatey; and @, instead of the negative binomial regression model. In ¢hise, i
is assumed to be constant during the baseline period andatiaenptergy; and@; can be
estimated using baseline mean and variance respectively.

The alternative is given by

H1 : Nit ~ NB(Oit pit , @it )

whereBj is the relative risk in regionat timet and (i, @t ) are known.
The outbreak model is given by

5, — h(t+Bw(t—tp+u)), if (i,t) eW=2Zxly
" 1, otherwise
whereh(t) is the relative risk at =t, — u. The initial slope of emerging disease outbreak
starts just after the time poity — u within the domainV. It is given by
BTG
at t:tp—u
whereh(.) is any monotonically increasing function so thdt) = 1 and the differentials

H(.) andh”(.) are both finite. The above hypothesis testing is then redtectte following
hypothesis testing over all possible Séts=Z x |:

Ho:PBw =0, Hi:Bw>0.

The likelihood function under the outbreak model is knowt,the likelihood ratio test for
Ho : Pw = 0 againsH; : fw > 0 requires the maximum likelihood estimator fay and the
functional form ofh(.).

Let
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_;Z(nit—lﬁt)(t—tp+u)/wit
S = sup 2 Y

(0,1).
1<u<T,Zez Z Mit (t —tp+ U)Z/Wit
iG te u

S is a score test statistic fodg : Bw = 0. The score test based &p does not depend
on neither the maximum likelihood estimator f& nor the functional form oh(.) and it is
asymptotically equivalent to the likelihood ratio test.

One should usevi;y = 1 for all regions if the Poisson distribution is adopted @ast of
the negative binomial distribution. The most likely outikeis identified by the domain
W* = Z* x |+ that maximizes the score statistic. Monte Carlo simulatedlpe is defined

as inI_KulLdQL& tZD_QJl).

If a hotspot cluster model is assumed

0. w(>1), if (i,t))eW=2Zxly
L otherwise

then the score test statistic fdp: tw =1 is

(it — Mt ) /Wit

1<u<T,Zez % bt /Wit
ieZtely

~N(0,1).

If the Poisson distribution is used, the score statistiedtkiced to

S = sup M ~ N(0,1)
Wew H(W)
which is asymptotically equivalent to the unconditionkelinood ratio test, since the expec-
ted number of casggW) is calculated unconditionally from the baseline data.

8.4 Simulation Results

In this section, we present the results of the prospectideramospective scan statistics
for purely temporal analysis. The issues we want to disciesprasented in both, space-time
and purely temporal contexts. Addressing the purely tealp@se is simpler to understand
and simulate, and it is enough to show the problems impliethbyprospective situation.
We generated 1000 time series of iid random varialgles . , Y400 with Poisson distribution
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with mean equal to 3. For each time series, a sequential gisa$ycarried out. We begin
with a time series of length = 100 and increased it sequentially until the length reached
n=400. That is, the firsh observations for a time series of length- 1 are the same as
the n observations for the series of length For each time series and each lengthwe
used thesaTScaH" software selecting always 999 Monte Carlo replications ohemalysis

to obtain the critical value foa = 0.05 significance level and the p-value. In all analysis,
we used the maximum temporal cluster size as 50% of the stadgdy as suggested by
Kulldorff (bopj). We considered four different situationetrospective scan, prospective
scan with no adjustment, prospective scan adjusting f@rallious analysis, and prospective

scan adjusting for a fixed number of analysis.

Figure[16 shows the results for the retrospective scan (fereed situation (a)). The ho-
rizontal axis in all three graphs represents the lemgihthe time series. In this retrospective
situation, the scan statistic analysis is carried out ah @awithout any concerns with the
analysis carried out in different time series lengths. Tibathe analysis at lengthis run
as a single analysis, as if no other analysis would be caotigdh later moments. For each
time series length, we used th&aTScal" software to calculate the scan test statistic given
in ). The set of candidate clusters were all the time irtisrup to timen, including the
non-alive ones. We denote this test statisticShyWe also took the critical value associated
with the 5% significance level and the p-value fr@aTScah" software. This p-value is
correctly obtained by evaluating the test statiStiin many Monte Carlo replications in each
time series and each length That is, for eacln and each realized time serigs we repli-
cated 999 time series with the same mean as the observes, s¥aduated the test statistic
S, considering all possible clusters, aliverabr not, and obtained the p-value by ranking
the observed, with respect to these replicat&d values. We repeated this procedure 1000
times. Then, for each time series lengthwe can calculate summary statistics for the critical
value and p-value.

The first graph shows in solid line the average critical vdrethe scan statistic taken
over the 1000 simulations together with the pointwise 95%fidence bandk(n) andU (n)
in dashed lines. That is, 2.5% of the 1000 simulations welewb&(n) at each time series
lengthn, and 2.5% of them were abolkn) at each lengtim. There is a continuous, appro-
ximately linear, increase in the critical value with incseay time series length This is due
to the larger number of temporal clusters scanned and thigeidnjprger variance of the scan
statistic. The second graph shows in solid line the p-valeesmed over the 1000 simulations
together with the 95% confidence bands for the observedye\atl each time series length
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n (in dashed lines). As predicted by the theory, the p-valueaah lengtm should have a
uniform distribution in(0, 1) and this plot is in agreement with this result. The third grap
shows the proportion of simulations in which the p-valuetisiasta. It shows, for each time
series lengtm, an estimate of the error type | probability which is knowrb#®0.05. The
clear serial correlation in this plot is due to the high aotoelation in the p-value series for
each individual time series realization. That is, the psedbr a realized time series of length
n+ 1 is typically very close to the p-value of that same seriksrianly up to length.

Figured 1V t¢ 19 are identical to Figlire 16, except by the offnalysis. They corres-
pond to different types of prospective scan statistic aiglyThat is, the candidate clusters
for a time series of length must include the current last observation at timeThe scan
test statistic given i {6) is calculated using only alivestérs and to differentiate it from the
situation (a) we denote this test statistic § where the indexa stands for alive. In these
prospective time periodic analysis, we will say that we hamealarm at lengtim when its
corresponding p-value is smaller or equal tlas 0.05. The calculation of the p-value uses
a different reference distribution in each figure, as we @xphext.

Figure 1Y shows the results for the prospective scan witldjustment for earlier analysis
(named situation (b)). There are two differences betweisrsttuation and situation (a), both
connected to the alive status of the candidate clusters. oDtiem is the test statisti€](6),
which is equal tdS, in situation (a), and equal t& in situation (b). The other difference
is the reference distribution to calculate the p-value.itimasion (a), we replicated 999 time
series and obtaine§, in each one of them to generate a Monte Carlo p-value. In gtuat
(b), we obtained in each replicated time series and used these values tdateltie Monte
Carlo p-value.

Figure[I8 corresponds to the prospective scan adjustinglfprevious analysis (named
situation (c)). The only difference between this situatmal situation (b) is the calculation of
the p-value. At lengtim, we find the most likely alive cluster and its associated seststatis-
tic . The p-value is calculated empirically by considering tekrof the observe with
respect to the distribution & , = maxn{ S, for m < n}. This distribution is found by Monte
Carloreplications in each particular time seiesWe replicated 999 time series and obtained
Si in each one of them, as well &, for m < n. Note that we ignore the time series values
after m when calculating thesg;,. We then calculated th& , = max{$;,§_1, S 5,---}
in each replication. These maxima compose the referentebdison. It is important to
observe that the reference distribution for the test skt uses a different statistic, the
maximums; .. With respect to situation (a), the situation (c) has twdedénces: the test
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statistic, which isS, in (a), and the reference distribution, which always comsidseries of
fixed length at eachin (a).

Finally, Figure[ 19 corresponds to the prospective scanstidgifor the last 100 analysis
(situation (d)). In this case, the only difference with respto the situation (c) is that the
reference distribution is that & 9o = maxn{;, for n—99 < m< n}.

Considering Figure17, we can see in the first plot that thegafthe average threshold is
smaller than in situation (a). This is due to the smaller $§eaadidate clusters. In situation
(a), all possible clusters, alive or not, are under conatitem while, in situation (b), only
those alive at the given length are considered. As a consequthe range of the scan statistic
(@) and its threshold are smaller. There is a strong inangasend in this average threshold
but, in contrast with Figure_16, we can not find clear evideoica linear trend due to the
large variability present in this plot. As in Figurel 16, theeeage p-value is around 0.5 and its
distribution agrees with a uniform distribution {A,1). Since this is a prospective situation,
the vertical axis in the third plot is labeled as proportidalarms. It shows the proportion of
times the 1000 simulated time series of lengtiad a p-value smaller or equal thar- 0.05.
For each fixed, this proportion should be aroundd®. Comparing with Figure 16, we see
less serial correlation in this plot. In situation (a) thediaate cluster is often the same when
we increment the time series from lengtto n+ 1. In contrast, in situation (b), the candidate
cluster must change from lengtito n+ 1 since it must include the most recent observation
of the time series. This weakens the serial correlation efpdvalues observed in situation
(a).

The first plot of Figuré 18 is almost identical to the corrasgiag plot in Figuré 16. The
values in this graph refer only to the reference distributised to evaluate the p-value of a
given scan statistic. Since the reference distributioasbmost the same in situations (a) and
(c), one can anticipates that the average thresholds wéldmealmost the same.

Substantial differences between the situations (a) anstée) to show up in the second
plot, where we can see the average p-value and the lowerlqandncreasing towards 1 as
the lengthn increases. The upper babdn) is equal to 1 for alh. The reference distribution
in these two situations are almost the same but the tesstgtas different. In situation (a),
the test statistic i§,. In situation (c), it isS. This leads to very different p-values in these
two situations. Because of the apparent p-value convergeritethere could be a positive
probability that the alarm never goes off, even if we allo@ time series length goes towo.
This would imply anARL= o, which illustrates our argument that the error type | prolisb
a is not meaningful in the prospective context. The third pidEigureI8 shows that, for all
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lengthn, there is no relationship between the nominal vaiue 0.05 and the probability of
having an alarm. The discreteness of this last time serigsvalues is due to the rareness
with which an alarm sounds off making the values to jump betw@ 0001, Q002, etc.

The situation (d) is illustrated in Figurel19 and it is similasituation (c) shown in Figure
[18. The differences between the two situations are due tbixteé number of 100 previous
analysis used to adjustment in situation (d). Comparingregfd8 and 19, we see that the
average threshold range in the first plot is shorter in siangd). The reason for that is the
larger number of candidate clusters considered in theaeger distribution in situation (c).
For the same reason, the second plot shows that the averadgeepand the lower barid n)
do not increase with the length in contrast with the situation in Figutel18. This is the
explanation for the higher proportion of alarms in the thptot.

Figured18 and 19 show that, for the prospective situatiatisadjustments, the distribu-
tion of the p-value is concentrated at the higher end of@hH interval and the proportion of
alarms is significantly less than= 0.05 for all lengthn. For situation (c), the minimum pro-
portion of alarms is 0.000 and the maximum is 0.005, but maxtqf the values are between
0.000 and 0.003. For situation (d), the minimum proportibalarms is 0.000 and the maxi-
mum is 0.009, but most part of the values are between 0.000.804. That means that the
probability of having an alarm when the process is in consrabt controlled when applying
the prospective scan with adjustment for all or for a fixed hanof previous analysis.

The proportion of simulations with p-value less or equahthize confidence levat =
0.05 for at least one lengthis 0.18 in situation (a), while the proportion of simulatsoim
which the alarm goes off for at least one lengil 0.90 in situation (b). Itis slightly puzzling
that these proportions are so different since the averagdue-in these two situations is very
similar and around 8 (see second plots in Figurled 16 17). We will explain ¢asan
for this difference using Figufe 20 in the next paragraphe phoportion of simulations in
which the alarm goes off for at least one lengtls 0.07 and 0.13 for situations (c) and (d),
respectively. Given that the average p-value in these ttimatsdns is around.Q5 (according
to the second plots in Figuresl18 dnd 19), this is an expeetkea\ior.

For each one of the 1000 independently simulated counting series’, ... Yoo, there
is an associated time series of p-valyms... psoo. The first column of plots of Figurie 20
shows the typical behavior of these p-value time sepiesSituation (a) is in the first row
and we show five time series of p-values, associated withridlegendent simulations of the
counting time serie we are monitoring. The horizontal line represents the cenfié level
o = 0.05. The second and third graphs in each row present thetdistm of the range and
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the variance for the 1000 time series of p-values. The paisesituations (b), (c) and (d)
are shown in rows 2, 3, and 4, respectively. Only one p-vaiue seriesp; is shown in the
first plot in the last three rows. Given the stable behaviothekep; time series, a single
realization is enough to provide a very good idea of theitguas.

For the retrospective situation (a), the first graph shows tire p-value time serieg
has a very high serial correlation. When the counting timees¥y is updated increasing its
length fromn to n+ 1 by the arrival of a new observation, the most likely clusygically
remains the same as that at lengttusually, the most likely cluster does not includes the last
observation available. By not changing the most likely @dyghe test statisti§, 1 is almost
the same a$§, and, as a consequence, the p-value does not change sudiistartbwever,
occasionally, the p-value time seripshas a very sharp decline. That is, the p-value of the
most likely cluster at tim&+ 1 becomes much smaller than the p-values of the clusters that
had been the most likely ones at the previous times. Thisgsd happens when the newly
arriving observation is such that the most likely clustearades completely and now includes
this observation at lengti+ 1. If this completely changed cluster at time- 1 is much more
likely than the previous cluster at tinmethe p-value abh+ 1 is much smaller than the p-value
at timen and this explains its occasional sharp decline.

For the prospective situation (b), the most likely clustearnges every time a new obser-
vation comes in. This is so because the most likely clustestrbe alive and, therefore, it
must change by, at least, including the newly arrived olzem. This leads to a change in
the test statisti& and its associated p-value. For the prospective situa{@rend (d), the
p-value time series has a very high serial correlation, mitist values being exactly equal to
1. Eventually, the p-value can have a huge drop but it quicdiyrns to 1. Having a p-value
equal to 1 at timen means that the observed test statiSfés the minimum among the 999
values ofS} , composing the reference distribution in situation (c). um opinion, this shows
how drastic is the adjustment undertaken. The stattic= max{S},§_1, S ,,...} used
to build the reference distribution typically generatescimbigher values than the observed
test statisticS;. In rare occasions, the observed counting time sati@sll have a few very
large counts in the last positions leading to large value$ ahd smaller p-values. However,
as we saw in Figurds 18 ahd| 19, these p-values hardly reaoiv Bed5.

The plots in the second and third columns of Fidurk 20 shoty thasituation (b), both
the range and the variance of thetime series are concentrated at higher values when com-
pared to situation (a). As a consequence, there is a largel@uof thep; series crossing the
horizontal linea = 0.05. For the prospective situations (c) and (d) the numbey; akries

1



crossing this line is small, since these series are typgicalhcentrated at values around 1.

Only situations (c) and (d) are truly prospective, in theseethat they take into account the
prospective time periodic surveillance procedure. Onéefmain characteristics of sequen-
tial methods is théRL and this motivated us to study the distribution of the rurgterRL
and the recurrence interval for the prospective situatiopand (d). The Recurrence Interval
(RI) is a measure with interpretation similar to tARL RI is defined, under the in control
state, as the length of time for which the expected numbeiarfrs is 1. |.
2008) criticized theRl in the prospective case, since it is not affected by deperetein the
counts between regions or between the monitoring statiaties over time.

The proportion of simulations in which the alarm went off east once is equal to 0.07
and 0.13 for situations (c) and (d), respectively. Thesdlgmnaportions make it difficult to
study theRL andRI. Therefore we adopt longer time series of maximum lemgth20000
to perform this study. With this new maximum time series tenghe time required to run

all the simulations would be extremely long. For examplégdatk 48 hours to simulate one
single time series of maximum length= 20000 and the corresponding p-values for situation
(d), using an Intel Core 2 Duo 1.5 GHz processor. To make thiysiagossible, we adopt

a different procedure to obtain the p-value associated thighscan statistic without using
Monte Carlo replications. We will refer to the p-value calted by this procedure as the
p*-value, to differ it from theSaTScaf" p-value calculated by Monte Carlo replications.
The procedure to obtain the p*-value has the following steps

e We generate 266 time series of ¥d . . ., Y2oooorandom variables with Poiss(8) dis-
tribution.

e For each time series, a sequential analysis is carried oatbéffin with a time series
of lengthn = 1 and increased it sequentially until lengtk= 20000.

e For each realized counting time series and each lemgth

e We obtain the value of the test statisgtfrom theSaTScah' software.

e We calculateds; = max{S'}, 1 <i < nfor situation (c) andh—99 <i < n for
situation (d).

e For each time series and lengthwe obtain the p*-value as the proportion of time
series in whicl§, > S3.
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Figure[Z1 shows that the p*-value is a very good approximatis the SaTScaf” p-
value. This graph refers to situation (d) and it is based ob01€bunting time series of
maximum lengthn = 100. We used this small maximum length ot 100 to verify the
quality of p*-value as an estimator for tf@aTScah" p-value. The good quality of the p*-
value as an approximation for taTScaH" p-value was also observed in situation (c).

Using the 266 p*-values for the counting time series of maxmiengthn = 20000, we
obtainedRL" andRI*. RL* is the smallest length so that the p*-value is less or equal than
the confidence levat = 0.05. That is, thdRL" is the smallest length so that the alarm goes
off. TheRI* is a function of the p*-value associated with this first alamna the numbeA of
previous analysis to adjust for:

1
1—(1—p*-value)X/A)

For situation (c), the proportion of alarms is 0.38. Ther, pihobability of havingRL*
larger than 20000 is 62% and there could be a positive prbtyathiat the alarm never goes
off. This impliesARL" = E(RL*) = . We already mentioned this behavior when discussing
the second plot of Figuie1L8.

Figure[22 shows the graphs BL* versusRI* for the prospective situations (c) and (d).
In both plots the vertical and the horizontal axis are in tigatithm scale. Considering the
38% of the time series in which the alarm went off in situatio)) the first plot of Figuré 22
shows that there is a clear linear relationship betwREnandRI*. However, the scales in
the two axes are completely different and we can concludehleaecurrence interval is not
a good estimate of the average run length in this situation.sfuation (d), the alarm went
off in all simulations but there is no relationship betwd®d andRI* . The values foRI*
are concentrated at different levels. This occurs becdugsp*tvalues used to obtaRI* are
also concentrated at different values. We had already wbdéhis discreteness in the third
plot of Figurd 19.

RI* =

8.5 Final Considerations

We analyzed the characteristics of the prospective scastgtaising in control simulated
counting time series of random variables with Poissonidigiion with mean equal to 3. We
consider only this particular case due to the long time megufor the simulations. We
strongly believe that the results we observed for this paldr case represents the general
characteristics of the scan statistic, including the syiee context.
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The results we present in section]8.4 show that, in the potispecontext, the nominal
confidence significance levalis not meaningful and there is no relationship betweemd
the recurrence interval or the average run length. AR& could even be equal ® in some
cases. The proposed adjustments for the previous analysistdsolve the problem of the
prospective time periodic tests. We hope that the probleitistine prospective scan statistic
that we showed in this paper can motivate future studies poowe the surveillance methods
based on the scan statistic.
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9 Sistemas Alternativos

No trabalho apresentado nesta secdo, n0s propomos teFeassprospectivos para vigi-
lancia espacgo-tempo em dados pontuais. A secé@o 9.1 trazewisaa de algumas proprieda-
des do passeio aleatério com barreiras. Estas propriedad®s utilizadas para determinar
um dos parametros dos sistemas que iremos propor. Na[s€ta@orésentamos os trés siste-
mas. A secalb 913 traz um estudo do desempenho dos sisterpastpswia simulacdo. Com-
paramos a performance destes sistemas com a do sistematprepbAssuncao an rea

2009)

9.1 Passeio aleatério com barreiras

Nas secdds 9.1.1 e 9.11.2 consideramos o passeio aleatdrionca barreira absorvente e
uma barreira refletora de uma forma geral. Na secad 9.1.8levamos esta mesma situacao
no contexto de vigilancia.

9.1.1 Passeio aleatério com uma barreira absorvente em 0 e arbarreira refletora em
b>0

Considere uma particula que esta na posicao iniciad eixox (0 < u < b inteiro) no
tempo inicialt = 0. A cada instante de tempo=1,2,..., a particula da um passo para a
direita ou para a esquerda. Cada passo € de uma unidade. 0s g@assndependentes. A
barreira emx = 0 é absorvente e a barreira em: b € refletora. Isto significa que quando a
particula atinge a barreira O ela € absorvida e o processinger Quando a particula atinge
a barreirab existe uma probabilidade dela permanecer ai no proximo instante de tempo e
existe uma probabilidadipdela mover uma unidade para a esquerda. A particula da um pass
no sentido da barreira absorvente (neste caso um passogsyaeada) com probabilidade
A particula da um passo no sentido da barreira refletorageasb um passo para a direita)
com probabilidade (g+ p=1).

EifjaT 0 numero de passos até que a particula seja absorvida. DEMMUI
(1961):

u+u(2b—u) se p=q=0,5
E(T) =

a5 T gzl (@/P"] se p#g
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9.1.2 Passeio aleatério com uma barreira absorvente ebr> 0 e uma barreira refletora
emO

Considere agora o problema descrito anteriormente, porémuata barreira absorvente
emx = b e uma barreira refletora exn= 0. A particula da um passo no sentido da barreira
absorvente (neste caso um passo para a direita) com piidadbd. A particula da um passo
no sentido da barreira refletora (neste caso um passo pagaer@s) com probabilidade
Neste caso, se p=q=0,5

E(T) = (b—u)+(b—u)(2b— (b—u))

= b—u+b’>—12.
Sep#q,
b—u pb+l b
E(T)= + 1-— u.

Em particular, se a posicao inicial da particula-€ 0 temos:

b+ b? se p=q=0,5
E<T>: b b-+1

5 TPz d— (@/P°] se p#g

9.1.3 Passeio aleatorio no contexto de vigilancia

Considere o problema do passeio aleatério descrito antexitie, com uma barreira ab-
sorvente enx = A e uma barreira refletora exn= 0. A posicéo inicial da particulawe= 0.
Seja
—1 com probabilidade p

Bn —
1 com probabilidade q

SejaS, = max0,S,-1 + Bp) a estatistica de teste, cujo valor inicigbg= 0.
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SejaT = min{n|S, > A}, ou seja,T é o numero de passos até que a barraiseja
atingida. Logo,

A+ A? se p=g=0,5

ap T Fapezlt— (/P se p#q

No contexto de vigilanciap = q = 0,5 representa um processo sob contrgle; p re-
presenta um processo fora de controle.
Entd0,ARL=E(T|p=q) = A+ A2e A2+ A— ARL= 0. Isto implica em

A—

-1+ +v1+4ARL
~ VARL.
2

Ou seja, a barreirA deve ser igual a raiz quadrada do valor desejado pafalo Note
gue, se o0 processo esta sob contrgle=(q = 0,5), o tempo médio de espera até o alarme
cresce com o quadrado do limife Se o processo esta fora de contraje-(p), 0 tempo
médio de espera até o alarme é linearA&nf\ssim, adotando o limit& = v/ARL o tempo
meédio de espera até que o alarme soe, dado que o processolestisole, € bem maior
gue este mesmo tempo quando o processo esta fora de congjal€igurd 2B). Note que,
nos quatro graficos desta figura, a escala do eixo das abéissasesma, mas a escala do
eixo E(T) é bem diferente.

9.2 Sistemas de vigilancia para dados pontuais

Nesta se¢éo descrevemos os trés sistemas de vigilanciastgneos propondo: sistema
Binario, sistema Padronizado e sistema Padronizado com &wagbtima. Considere o
processo pontual espago-tempofal) = {N(x,y,t)}, ondeN(x,y,t) € o nimero de eventos
ocorridos na posicafx,y) desde o inicio do processo érs 0 até um instante arbitrarto

SejaC, o cilindro de raiop centrado espacialmente megsimo evento, cujo tempo de
ocorréncia ép. A altura deste cilindro &, 0 < 8 <t,. SejaN(C,) o numero de eventos
no cilindroC,. SejalAg a intensidade de eventos, dado que o processo esta sobleontro
SejaA1 a intensidade de eventos, dado que o processo esta foralediir > Ap). Se o
processo esta sob controle, assumim@S,) ~ Poisson§odp?m). Caso contrariolN(Cp) ~
Poissonk1p2).

O alarme soa quando a estatistica de teste, que sera defsgidaig ultrapassa um limite
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A estabelecido. O usuario deve especificar valores®gra\g € A. A intensidade\g pode
ser estimada usando-se dados histéricos de um processorgotie

Sejam
5 N(Cn) — Aop’T®
" V/Aop2Td
e

) -1 se Zn<0
+1 se Z,>0
9.2.1 Sistema Binario

A estatistica de teste do sistema Binario é dada por
Si=max0,S-1+1n),

ondeS = 0. Adotamos o limiteA = v/ARL conforme a secdo 9.1.3. Logo, quariio>
VvARL pela primeira vez, o sistema Binario soa um alarme.

A variavell, assume apenas os valores 1 e -1, exatamente como na siteacéitacha
secad 9.113. Porénh, leva em conta apenas o sinal da diferenca eNt(@,) e seu valor
esperado, e desconsidera a informacéo sobre a magnitudeldesnca.

9.2.2 Sistema Padronizado

A estatistica de teste do sistema Padronizado é dada por
S =max0,S-1+7Zn),

ondeS = 0. Adotamos o limiteA = v/ARL conforme a sec¢do 9.1.3. Logo, quariic>
VARL pela primeira vez, o sistema Padronizado soa um alarme.

A variavelZ,, ao contrario da variave} do método Binario, leva em conta a magnitude
da diferenca entrdl(C,) e seu valor esperado. No entarfq,ndo se comporta conforme a
situacao descrita na seddo 9/1.3, ou s§jmao assume apenas os valores 1 e -1.

9.2.3 Sistema Padronizado com Constante Otima

Um dos problemas com o método Padronizado € a utilizacdoridevebz, na estatistica
de testes,, uma vez que, ndo se comporta conforme descrito na s€cdol9.1.3. J4 noanétod
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Binario, este problema é contornado com a utilizacag, @ invés de&Z,. Porém, ao utili-
zarmosl,, levamos em conta apenas o sinalZlee perdemos informacao sobre o valor de
Zn.

No método Padronizado com Constante Otima, tentamos eacomtia variavelZ;: que
seja préxima de uma variavel binaria que assume valores fhastjue leve em conta o valor
deZ,, e ndo apenas o sinal. A idéia é encontrar uma constanietal que

N(Cp) — Aop?T®
C\/Aop2Tod
seja 0 mais proximo possivel (em distribuicdo) da variyeD valor dec que satisfaz esta
condigdo & = /T1/2 (veja secdb 9.2.4).
A estatistica de teste do método Padronizado com Constaimte &dada por

zi =

S =max0,S, 1+7}),

ondeS = 0. Adotamos o limiteA = v/ARL conforme a secdo 9.1.3. Logo, quargio>
VvARL pela primeira vez, o sistema Padronizado com Constante @timam alarme.

Vamos nos referir ao método Padronizado com Constante Opieraaa como método
Padronizado com Constante.

9.2.4 Determinacgao da constante

Se 0 processo esta sob controle, assumi@esN(C,) ~ Poissoriy), ondep = Aodp>TL
Parau suficientemente grande, a distribuicdd@lpode ser aproximada por uma Normal com
média e variancia, ou seja,G ~ Normal(y, ) parap suficientemente grande. Neste caso
sejam

Cy/H +1 se G>

Queremos encontrar> 0 tal queY ~W.

_ — <
Y:G M eW:{ 1 se G<p
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- /u [(i—\/;) 2()::\/_“>+1 fo(x)dx
*/:[(%) r2( k) +1| folox
- /&(g)zfg o9ax+ [ (J) fo(x)dx
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l1 = /poo—(x— W) fe(x)dx

8

o\go\

ufe(u+p)du

ufg(n—u)du

= /i(x—p)fe(x)dx
= [ uteu-u(-dy
_ Aoufg(u—u)du
= —/Owufe(u—U)dU-

Entao,

li+12 = —/ ufe(u—u)du—/ ufg(n—u)du
0

0
= - / ufe(n—u)du
0
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Ei+E = (X — )2 fa(X)dx+1

2u e
L2 {—Z/WXf ( —x)dx]
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_ Kk _i/w _
= czu+l cUito X fe(p—x)dx
I 4 /°° X (—xz)
= —+1- expl — | dx
czp+ cy/HJo /2 P 2u
— 1+1_i@£
@ c/f 2 T
1 2\ 2
= —2+1—£.
c cy/Tt
Logo,
WP ool 2v2
Y =W]|| _f(c)—2 02-1—1 v

Portanto, queremos encontar 0 que minimizaf (c). Mas

f'(c) = 1 {—20‘3+ 2—\/20‘2} .

2 VT
Logo,
—\/T+¢V2
(o) =0 YIHEVZ g
(c)=0= S/
Entdo

—\/T+cV/2=0=c=/m/2.

Além disso,—/Ti+cv2 < 0 < ¢y/2 < /I & ¢ < /T/2. Ou seja,f(c) decresce no
intervalol0, /T1/2] e cresce no intervalp,/11/2,0]. Logoc = /1t/2 € minimo.

9.2.5 Esperanca e Variancia d&, e Z;,

Se 0 processo esta sob contrale=(c0), N(Cp) ~ Poissonkodp?m). Entéo,

E(Z)t =) =0 eVar(Z;1 =) =1.
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Se o processo esta fora de contrdléC,,) ~ Poissonk18p°T). Ent&o,

P(A1—Ao) VT
VAo

E(Zn|T < ®) = > 0= E(Z|T = »)

A
Var(Zy|t < «) = A—l >1=E(Zy|T = ).
0

Em relacéo a variavel), utilizada no sistema Padronizado com Constante,

E(Zslt =) =0=E(Zn|t = )

e
Var(Z,|t =) =2/rt< Var(Zy|t =) = 1.
Além disso,
2p(A1—Ao) VT A1—MAo)VTO
E(Z;:|T < oo) _ _p( 1 0)\/_ < p( 1 0)\/_ _ E(Zn|'[ - oo)

T Vo Vo

e

Var(Z;|t < «) = A1 2 < A = Var(Z|t < o)

: N )\oTl' )\o N " )

Dadot < o, E(Zy), Var(Z,), E(Z;) eVar(Z;) aumentam a medida que aumenta a dife-
renca entrég eAj.

9.3 Estudo de simulacéao

Foram feitas simulacdes dos trés sistemas apresentadesdmamnterior, denotados aqui
por sistemas alternativos, e do sistema propostD_Qm_AmmﬁC_QLr_éaJ_(ZQJbQ). As simu-
lacOes foram feitas tanto para processos sob controle@pard processos fora de controle.
Vamos nos referir ao sistema proposo a ) (@mo sistema Spatial
Shiryayev-Roberts§SR.

Em todas as simulacdes foram gerados eventos no plano @spa¢amanho 5 por 5,
onde tanto o eixa quanto o eixgy variaram de 0 a 5. O tempo de ocorréncia destes eventos
variou de 0 até um valor inteiro grande o suficiente para goeaso de um processo fora
de controle, o alarme soasse em todas as simulacdes. Aida@dasle eventos quando o
processo esta sob controlg, foi de 4 eventos por unidade de volume.
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No caso de um processo fora de controle, além dos eventafogaransiderando-3@ =
4 eventos por unidade de volume, geramos também, a paréntgmm = 5, um determinado
numero de eventos dentro de um conglomerado artificial. &stglomerado foi represen-
tado por um quadrado espacial de lado 1, cujo centro tem enadagx; y) = (2,5; 2,5).
A1 é a intensidade de eventos dentro deste conglomekads Xo). Consideramos dois va-
lores diferentes para a intensidakle 6 eventos por unidade de volume e 12 eventos por
unidade de volume. Como o conglomerado artificial comecampden = 5, foram gerados
aproximadamente 55 x mx Ag = 500 eventos antes do processo passar ao estado fora de
controle. Em todas as simulagdes, o valor especificado paia espaciap foi igual ao seu
valor verdadeiro (0,5). O verdadeiro valor do parametlo métodoSSRe (A1/Ag) — 1.

Nos sistemas alternativos, a altura de cada cilil@iré dada pot, — d. Por este motivo,
foram gerados % 5 x d x Ag eventos no plano de tamanho 5 por 5 com tempos enire
0. Estes eventos foram usados apenas para que fosse poskivker a estatistica de teSe
para eventos com tempo< .

9.3.1 Resultados preliminares

A TabelalB apresenta estatisticas referentes a 100 sineslagbcada um dos sistemas
(sistemas alternativos e sistel®3R para processos sob controle. Nos sistemas alternativos
utilizou-sed = 3. Foram analisadas duas possibilidades para o paramétrgisteme&ESR
€=0,5ee=2,0. No métoddSSRo limite adotado foliA = ARL; nos métodos alternativos
o limite adotado folA = v/ARL O valor doARL foi fixado em 650 eventos, ou seja, espera-
se em média 1 alarme falso a cada 650 eventos. A céluddarmes mostra o proporcao
de alarmes. A coluna seguinte mostra a média e o desvio pddréadmero de eventos
observados até o alarme. Neste caso, todos os alarmes s fadis 0 processo esta sob
controle.

A Tabela 3 mostra que, em todos os sistemas, o alarme soméaitmem praticamente
todas as simulacfes. No méto8&R o numero médio de eventos até o alarme € maior
gue o valor especificado paraA&RL (650). Este comportamente ja era esperado, uma vez
gue a adocdo do limitd = ARL neste sistema gera um procedimento conservador (veja

a ela._Zd)OQ). A Figlra 24 mostra a distribudgadmimero de eventos até o
alarme no métod&SR dado que o processo esta sob controle. Esta distribuigg@ogaer
simétrica.
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Método % Alarmes | Numero de eventos até o alarme
Média Desvio padrao
SSRe=0,5 100 998,00 111,48
SSRe=2,0 98 1150,09 401,19
Binario 100 507,73 359,20
Padronizado 100 314,52 245,95
Padronizado com Constante 100 408,07 275,57

Tabela 3: Estatisticas referentes a 100 simula¢des de um processo sob contlel@-08 nos siste-
mas alternativos ARL= 650 eventos. No métod®SR o limite A= ARL Nos métodos alternativos,
A= +VARL A coluna% Alarmes mostra o proporcéo de alarmes.

A TabelaB mostra ainda que, nos trés métodos alternativoemero médio de even-
tos até o alarme, € inferior ao valor nominal 650. Esperarg&aem meédia 650 eventos até
o alarme na situacao do passeio aleatdrio descrito na EeE&o ™o entanto, nem todos
0s sistemas alternativos reproduzem exatamente estadtublos métodos Padronizado e
Padronizado com Constante, por exemi@oge Z; ndo assumem apenas os valores 1 e -1.
Além disso, a distribuicdo do numero de eventos observadasaarme nos sistemas alter-
nativos é extremamente assimétrica a direita, como mastradrigurd 25. Assim, a média
€ uma medida pouco representativa desta distribuicdo.|&pdes do passeio aleatorio com
barreiras conforme descrito na se€do 9.1.3, fora do canesfaco-tempo, mostram que a
distribuicdo do tempo até que a barreira seja cruzada peteipa vez é extremamente assi-
métrica a direita. No caso dos sistemas alternativos, a&ego@scia desta assimetria € que a
probabilidade do alarme soar falsamente é muito alta.

A Tabeld4 ilustra a situacdo descrita acima. Ela apresemeoporcdes de alarmes falsos
e motivados em 100 simulac¢des de cada sistema, considesarmmtocessos fora de controle.
Nos sistemas alternativos utilizou-8e= 3. Para o sistem&SRutilizou-see = (A1/Ag) — 1.
Foram analisadas duas possibilidades para o valag:de; = 6 eA; = 12. No métodd&SSR
o limite adotado folA = ARL; nos métodos alternativos o limite adotadoAoi= v/ARL O
valor doARL foi fixado em 650 eventos.

9.3.2 Modelo exponencial

Como dito anteriormente, nos métodos alternativos, a médiardpo de espera até que
o alarme soe falsamente é uma medida pouco representativstiilauicdo deste tempo.
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Método A1 =6-% Alarmes| A1 = 12 - % Alarmes

Falsos| Motivados | Falsos| Motivados
SSR 0 100 7 92
Binario 54 46 62 38
Padronizado 80 20 85 15
Padronizado com Constante| 70 30 74 26

Tabela 4: Proporcéo de alarmes falsos e motivados em 100 simulacfes utilizandocssgos fora
de controle, ond® = 3 nos métodos alternativosARL = 650 eventos. No métod8SR o limite
A = ARL Nos métodos alternativod,= vARL

Assumindo que o tempo até o alarme soar falsam®&itetem distribuicdo exponencial
com parametrad\, podemos encontray tal que a probabilidade do alarme soar falsamente
seja igual ax. Como o conglomerado artificial comeca no tempe 5, seRL for menor que
500 entdo o alarme é falso. Na pratica, o instante de tempaiero gonglomerado comeca
€ desconhecido.

Sejaa = 0,1 eRL~ Exp(A). Entéo

P(RL < 500) = 1—exp(—A +500) = 0,1 => A = 0,00021

SeA = 0,00021,E(RL) = ARL= 1/A = 4745. Neste caso a barreira sekie- vVARL~
69.

As Tabelas b €16 mostram os resultados de simulacdes paesposcfora de controle,
onded = 3 nos sistemas alternativos. Foram feitas 50 simulacdeadieum dos sistemas
alternativos e 100 simulacg@es do siste®&R Os limites adotados nos métodos alternativos
e no métod®eSRoramA = 69 eA = 650, respectivamente. Na Tablel&5; 0,5 no sistema
SSRe A1 = 6. Na Tabel&lég = 2,0 no sistem&SRe A1 = 12. O limite A = 650 adotado no
métodoSSRe o valor desejado paraARL; o limite A= 69 adotado nos métodos alternativos
€ o valor tal que o alarme deveria soar falsamente em aprdgimente 10% das simula-
cBes. Como estes dois limites ndo tém o mesmo significadosoka@os do métod8SR
nao sdo diretamente comparaveis aos resultados dos meiitelostivos. Nestas tabelas,
por questdes préticas, 0 método Padronizado com Constdateepsesentado apenas por
Constante. A colun&b Alarme mostra: a proporcéo de simulacdes em que o alarme néo soa
(Sem), a proporcao de simulagdes em que o alarme soa falsankatded, e a proporcéo de
simulacdes em que o alarme soa motivadamevitagiyados). A proporcéo de simulacdes
em que o alarme ndo soa é zero em todos os casos. A chlamaes Motivados mostra
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a meédia e o desvio padrao (DP) do numero de eventos até quereaae motivadamente.
A colunaDelay mostra a média e o desvio padrao (DP) da estatiGtita* para os alarmes
motivados. A estatisticdE D" é aquela definida ekn_ASium;éQ_a‘nd_C_cl)r{Lea_ZC(DED* éo
numero médio de eventos, pertencentes ao conglomeradgoegpapo, que ocorrem entre
o instantet e o instantél, em que o alarme soa, dadg > 1. A colunat.inicio mostra a
média e o desvio padrao (DP) para a estimativa do tempo de thdcconglomerado nos
casos em que o alarme é motivado. A col@h@®entro mostra a propor¢cao de simulacdes
em que a estimativa da localizacdo espacial do conglomestdodentro do quadrado que
representa o conglomerado artificial. Nos sistemas atteosaesta estimativa é dada pelas
coordenadas espaciais do préprio evento do alarme. No m&®Resta estimativa € dada
pelas coordenadas espaciais do evento com maior conéitbpéya a estatistica de teste (veja
Assuncéo and QQr[H@‘LJ)O%.

As Tabelag b €16 mostram que, quando a diferenca apteeh; € pequenaNy = 6 e
Ao = 4, na Tabel@l5), a proporcao de simulagcdes em que a estirdatlegalizacéo espacial
do conglomerado esta dentro do quadrado que representgjmic@nado artificial € baixa
em todos os métodos. Mesmo quando a diferenca @apteeA1 € maior {1 = 12 eAg =
4, na Tabel&l6), estas estimativas ndo sao tdo boas quatdnigo®s, principalmente nos
sistemas alternativos. Além disso, nos sistemas Paddmg#&adronizado com Constante,
a proporgdo de alarmes falsos é maior que o valor nominal M&anétodo Binario, esta
proporcao esta bem proxima de 10%, mas o nUmero médio deos\aBto alarme € maior,
se comparado ao sisterS&R A proporgédo de alarmes falsos nos métodos alternativos foi
avaliada em um nimero maior de simulacdes, uma vez que diadesudas Tabelds 5 ¢ 6
sao baseados em apenas 50 simulacdes.

As Tabelag17 €18 mostram os resultados de 1000 simulacdesgamaim dos sistemas
alternativos considerando-se processos fora de con&rei]. O limite adotado foA = 69,
valor tal que o alarme deveria soar falsamente em aproximawiz 10% das simulacdes.
Nestas tabelas, por questdes praticas, o0 método Padrorinad Constante esta represen-
tado apenas por Constante. A col@aAlarme mostra: a proporcao de simulagdes em que
o alarme n&o so&gm), a proporgao de simulagdes em que o alarme soa falsankafseq
e a proporcao de simulacfes em que o alarme soa motivada(votteados). A coluna
Alarmes Motivados mostra a média e o desvio padrao (DP) do niumero de eventosate q
alarme soe para os alarme motivados. Estas duas tabelaamagte, nos métodos Padro-
nizado e Padronizado com Constante, a taxa de alarmes falsalsnente maior que o valor
nominal 10%.
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Figura 10: Summary statistics for the number of time periods until the alarm sounds off igiBQ0
lations, using an under control process. Row’ 3,4 correspond tp = 0.0,1.0,1.5,2.0, respectively.
Columns 12, 3,4 corresponds te = 0.20,0.25,0.30, respectively. The horizontal axis represents the
threshold limit: 2030,40 time periods. The vertical axis represents the number of time periods until
the alarm sounds off. The circles and the triangles represents thgawetae usingic,, andfic,,,
respectively. The segments in each symbol represents one standatibdeabove and below the
mean. The numbers at the bottom and at the top correspond to the promdrélanms when using
ke, andfic, ., respectively.
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Figura 12: Summary statistics for the observed number of time periods until a motivated @larm
300 simulations, considering an out of control process. Each plagégmonds to one value for In

all plots, the horizontal axis represents the threshold limit:32310 time periods. The vertical axis
represents the observed number of time periods until the motivated alarnratas, crosses, and lo-
zenges represent the average value for0.20,0.25,0.30, respectively. The segments in each symbol
represents one standard deviation above and below the mean. The s@atnthertop corresponds to
the proportion of motivated alarms. For each threshold limit, the first, seauhthard numbers are
related tae = 0.20,0.25,0.30, respectively.
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Figura 13: Meningococcal cases in Germany between 2002 and 2008. The tEtiestates
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Figura 16: Results for the retrospective scan - situation (a). The first graphsshosgolid line the
average critical value for the scan statistic together with the pointwise 95ftienoe bandk(n) and
U (n) in dashed lines. The second graph shows in solid line the average ptogéiker with the 95%
confidence bands for the observed p-value at each time series lefigtllashed lines). The third
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Figura 17: Results for situation (b) when the prospective scan has no adjustmesarfigr analysis.
In all the three graphs, the lines (solid and dashed) have the same defasifiofiguré_16.
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Figura 18: Results for situation (c) when the prospective scan adjusts for all preeioalysis. Defi-
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Figura 19: Results for situation (c) when the prospective scan adjusts for the RQstriEdysis. Defi-
nitions of lines and plots are the same as in Figute 16.
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sob controle. No gréafico da esquerda 0,5; no gréafico da direita = 2,0. O limite A= ARL= 650
eventos.
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Figura 25: Distribuicdo do numero de eventos até o alarme nos métodos alternativosguad
processo esta sob controle. Da esquerda para a direita: método Bimétado Padronizado e método
Padronizado com Constante. O limie= v/ ARL= /650 eventos & = 3.
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Método % Alarme Alarmes Motivados Delay t.inicio % Dentro
Sem | Falsos| Motivados | Média DP Média | DP | Média | DP
SSR 0 0 100 998,20 | 121,17 | 29,85| 8,39 | 7,87 | 1,58 19,00
Binario 0 12 88 1294,02| 455,25 | 48,43 | 26,01| 9,78 | 3,52 9,09
Padronizado| O 28 72 845,11 | 188,81 | 21,72 |12,09| 5,44 | 1,89 8,33
Constante 0 18 82 992,88 | 344,61 | 30,76 | 19,22| 6,88 | 3,52 19,51

Tabela 5: Estatisticas baseadas em 50 simulagdes dos métodos alternativos e 10@ssradanetodSSRoara processos fora de controle,
ondeg = 0,5 no métodd&SSR & = 3 nos métodos alternativaBRL= 650 eA; = 6. No métoddSSR o limite A= ARL= 650 eventos. Nos
métodos alternativogy = 69 eventos.

Método % Alarme Alarmes Motivados Delay t.inicio % Dentro
Sem | Falsos| Motivados | Média DP Média | DP | Média | DP
SSR 0 3 97 856,00 319,72 39,35 | 34,82 7,64 | 294 59,79
Binario 0 6 94 951,21 257,71 51,60 | 29,75| 6,21 | 2,53| 25,53
Padronizado| O 24 76 715,21 89,22 25,13 | 11,49| 4,11 | 0,99| 55,26
Constante 0 14 86 740,93| 100,05 27,53 | 12,48| 4,29 | 1,09, 44,19

Tabela 6: Estatisticas baseadas 50 simulacées dos métodos alternativos e 100 ssnddag@oddSSRpara processos fora de controle,
ondee = 2,0 no métodd5SRd = 3 nos métodos alternativoARL= 650 eA; = 12 No métoddSSRo limite A= ARL= 650 eventos. Nos
métodos alternativogy = 69 eventos.



Método % Alarme Alarmes Motivados
Sem | Falsos| Motivados | Média DP

Binario 0 10 90 1381,56| 619,63

Padronizado| O 34 66 893,02 | 305,93

Constante 0 24,2 75,8 980,75 | 342,52

Tabela 7: Estatistica baseadas em 1000 simula¢@es de processos fora de comti@de; 3 eA; = 6.
O limite A = 69 eventos.

Método % Alarme Alarmes Motivados
Sem | Falsos| Motivados | Média DP
Binario 0 9,7 90 940,59 258,41
Padronizado| O 32,9 66 690,55 95,85
Constante 0 20,7 75,8 714,64 103,66

Tabela 8: Estatistica baseadas em 1000 simulacdes de processos fora de comnueld,= 3 e
A1 =12. O limite A = 69 eventos.

9.4 Consideracoes finais

Os sistemas alternativos ndo se mostraram eficientes noizjuesgeito ao controle da
taxa de alarmes falsos. Adotando-se o linfite- vVARL a proporcdo de alarmes falsos
€ extremamente alta. Mesmo adotando-se 0 modelo expohesstia taxa ainda é maior
gue o valor nominal nos sistemas Padronizado e PadronizaddConstante. No sistema
Binario, a taxa de alarmes falsos parece estar controladaeama do modelo exponencial.
No entanto, o tempo de espera por um alarme motivado é maiegraparado ao sistema
SSR Além disso, os sistemas alternativos se mostraram ruiggi@aliz respeito a estimar a
localizag&o espacial do conglomerado.
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10 Consideracoes Finais

Os sistemas de vigilancia propostos nestas tese atendenbjatigos propostos no sen-
tido que ndo exigem modelagem estatistica complexa. Assita sistemas podem ser facil-
mente usados por usuarios sem conhecimento estatistino,mar exemplo funcionarios de
agéncias de saude publica.

Os sistemas baseados na estatistica de Shiryayev-RcLb_en‘.eI(_Eﬂd_PoﬂilL_lQbB) se
mostraram eficientes no sentido de controlar a taxa de addats®s e detectar rapidamente
um conglomerado emergente. No entanto, a velocidade detstecdo depende dos valores
adotados para os parametros do sistema. Os sistemastalteyisa mostraram ainda pouco
eficientes neste mesmo sentido, de forma que sdo necessaliEsias neste sistemas.

Dentre as vérias possibilidades de trabalhos futurosioglados ao sistemas propostos,
destacamos a adaptacao dos sistemas para deteccédo demmadlus com outra forma geo-
métrica, diferente da forma cilindrica.

A andlise do sistema de vigilancia proposto por Kulldorf@2) mostra que este sistema
também requer melhorias, e aponta os pontos que devem lsathatdos. Esperamos que
esta analise possa motivar trabalhos futuros no sentidoldeienar o problema do uso da
estatistica scan no contexto prospectivo.
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Apéndice

LetY be a matrixH x mwith termsy;;. Letl; be an indicator function such thiat= 1 if
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