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Who am I ? Research Interests

Research Topics

Scan statistics: methods and applications

Distribution of runs and patterns

Simulation techniques based on Monte Carlo methods

Scienti�c computing

Spatial Data Analysis

Concentration Innequalities

Languages

Matlab

R

SAS

Mathematica

Maple
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What I do ? A first example

Example from Epidemiology

JFMAMJJASONDJFMAMJJASONDJFMAMJJASONDJFMAMJJASONDJFMAMJJASOND

1991 1992 1993 1994 1995

1 year

Observation of disease cases over time:
N = 19 cases over a period of T = 5 years

Observation

The epidemiologist notes a one year period (from April 93 - through April
94) with 8 cases: 42%!

Question

Given 19 cases over 5 years, how unusual is it to have a 1 year period
containing as many as 8 cases?
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What I do ? A first example

The answer: A First approach

A First approach:

X = the number of cases falling in [April 93, April 94]

X ∼ Bin(19, 0.2)

P(X ≥ 8) = 0.023

Conclusion: an atypical situation !

But: it is not the answer to our question: the one year period is not �xed
but identi�ed after the scanning process !
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What I do ? A first example

The answer: Correct approach

The scan statistics:

S = the maximum number of cases over any continuous one year

period in [0,T ]

Thus,

P(S ≥ 8) = 0.379

gives the answer to the epidemiologist question.

Conclusion: no unusual situation !

Example
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What I do ? A first example

Animation for 2 dimensional scan statistics
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What I do ? Detecting Crohn's disease clusters

Detection of Crohn's disease

clusters using spatial scan statistics
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What I do ? Detecting Crohn's disease clusters

Problem and Data
Crohn's disease(CD) - an in�ammatory disease of the intestines, which
has no known pharmaceutical or surgical cure

genetic factors
environmental risk factors

Goal

Detect and highlight signi�cant atypical clusters of CD in terms of incidence

Data
Study region: North of France

Population: 5 790 526

Period: 1990�2006

Sub-division (cantons): 273 (small

French administrative area with

population between 1 500 and 212 000)

Per canton: strati�ed population
(gender and age group)

Cases of Crohn's disease: 6 472

BRUSSELS

PARIS

LONDON

Pas-de-Calais

Nord

Somme

Seine-Maritime
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What I do ? Detecting Crohn's disease clusters

Methods

Standardized Incidence Ratios
(SIR) [Declercq et al., 2010,
Besag and York, 1991]

detect global spatial
heterogeneity

unable to detect unusual local
clusters of CD

unable to test their signi�cance

cannot take into account the
time component

SIR

Spatial and space-time scan
statistics[Kulldor�, 1997,
Kulldor�, 2006]

detect local clusters without
pre-selection bias

detection of time-constant
clusters

detection of time-varying
clusters

able to test their signi�cance

Spatial scan statistics
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What I do ? Detecting Crohn's disease clusters

Results

Time-constant clusters

14 signi�cant clusters detected

5 clusters with high incidence (total:

726 cases)

9 clusters with low incidence (total:
521 cases)

Time-varying clusters

4 signi�cant clusters detected

3 clusters with high incidence (779

cases within a period from 9 to 12 years)

1 clusters with low incidence (4
cases over 7 years period)
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What else? Other examples

A mathematical model for matching

in two aligned sequences
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What else? Other examples

Matching in two aligned sequences

Let {Y1,Y2, . . . ,YT1
} and {Z1,Z2, . . . ,ZT1

} be two i.i.d. sequences of
r.v.'s over the four-letter alphabet A = {A,C ,G ,T}.
De�ne for 1 ≤ i ≤ T1, the score r.v.'s

Xi =

{
1, if Yi = Zi
0, otherwise

, Xi ∼ B(p), p = P(Yi = Zi )

Let Vc denote the length of the longest matching subsequence allowing at
most c mismatches.

Example (T1 = 26, p = 0.25, c = 1)

Y : A A A C C G G G C A C T A C T T T G A G A C G T G A
Z : A A T C C C C C G T G C C C T T A G C G G C G T G G

X : 1 1 0 1 1 0 0 0 0 0 0 0 0 1 1 1 0 1 0 1 0 1 1 1 1 0

c = 0: length of the longest success run LT1 ([Bateman, 1948])

c ∈ {1, 2}: almost perfect run ([Han and Hirano, 2003], [Bersimis et al., 2012])
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Appendix

Standard Incidence Ratio

SIR: is de�ned as the ratio between Oi , the number of observed cases in region
(canton) i over the studied period and the expected number of cases Ei under the
incidence rate hypothesis adjusted by sex and age group over the reference
population.

nijk - population for the i th region (canton) with age class j and sex k

λjk - incidence ratio for the age class j and sex k

Ei =
∑
j

∑
k

λjknijk

The standardized incidence ratio relative to region i :

SIRi =
Oi

Ei

with E[SIRi ] = θi and V[SIRi ] =
θi
Ei

estimated by Oi

E2

i

Return

A. Am rioarei (INCDSB) Detection of local clusters BIS Workshop 2016 21 / 21



Appendix

Standard Incidence Ratio: Interpretation

Interpretation

SIRi = 1: the incidence in the region (canton) i is not di�erent than the
expected one in the reference population (no risk)

SIRi > 1: the incidence in the region (canton) i is higher than the expected
one in the reference population

SIRi < 1: the incidence in the region (canton) i is lower than the expected
one in the reference population

Statistical Test

H0: SIR = 1

H1: SIR 6= 1

Test statistics [Breslow and Day, 1980] and [Samuels et al., 1991].
Return
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Appendix

SIR: Crohn's disease example
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Appendix

Spatial scan statistics

Assumption

The number of CD cases in each canton is Poisson distributed

The null hypothesis: the risk of being a�ected by CD is constant
throughout all cantons

The alternative hypothesis: there is at least one region for which the
underlying risk is higher inside the region as compared to outside

Description:

circular window of �exible size (varying form 0 up to a maximum radius so
that the window never contains more than 50% of the population-at-risk)

uses as center of the window the centroid of the cantons

for each circle, the likelihood to observe the number of CD cases within and
outside is computed and the circle, which maximizes the likelihood, is
de�ned as the most likely cluster (MLC)

Return
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Appendix

Spatial scan statistics: likelihood

Under a Poisson model, the likelihood of a zone Z is given by:

L(Z ) = e−nG

nG !

(
nZ

µ(Z)

)nZ (
nG−nZ

µ(G)−µ(Z)

)nG−nZ ∏n

i=1
µ(di )

where d1, d2, . . . , dn are the sites locations (centroid), µ(di ) is the population at
risk in the location di and nZ , µ(Z ), nG , µ(G ) are the number of CD cases and
the population at risk inside the circular zone Z and in the whole region G .
The test statistic used is

ν = max
Z

L(Z )

L0

where the likelihood under the null hypothesis is

L0 =
e−nG

nG !

(
nG

µ(G )

)nG n∏
i=1

µ(di )

The p-value, P(ν > νobs), associated to the MLC is obtained based on
Monte-Carlo random replications under the null hypothesis. Return
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Appendix

Spatial scan statistics: illustration

CHAPITRE 2. STATISTIQUE DE SCAN SPATIALE 32/64

Cependant, la mesure µ peut prendre d’autres formes en fonction des applications. Par exemple,
dans le cadre des données de santé, les épidémiologistes s’intéressent à la détection de clusters de
maladie. Or, il est important de prendre en compte l’hétérogénéité de la population sous-jacente
afin de déterminer si la zone étudiée présente un nombre de cas vraiment élevé. Aussi, ∀A ⊆ D,
µ(A) correspond à la population sous-jacente relative à A. Dans le cadre des données latticielles,
la mesure est associée à chaque sommet du graphe.

La méthode se décompose en deux parties distinctes que sont la phase de détection de cluster
d’évènements potentiellement atypique et la phase d’inférence statistique liée au cluster détecté.

2.1 Phase de détection

Soit Z une fenêtre circulaire qui va se déplacer dans la totalité de l’ensemble spatial D. La taille
de la fenêtre est variable et son rayon varie, en théorie, de 0 à +∞. En pratique, il est considéré
comme discret et sa valeur maximale est définie comme étant la longueur maximale séparant deux
éléments de D. De surcrôıt, la méthode se limite aux zones Z contenant au maximum 50% des
évènements. En effet, la détection d’un cluster comprenant plus de 50% des évènements reviendrait
à mettre en évidence un nombre d’évènements beaucoup trop faible à l’extérieur et non à l’intérieur
de ce dernier. Le balayage de l’ensemble spatial D est effectué par le centrage de la fenêtre circulaire
en un élément de D et l’augmentation du rayon jusqu’aux limites définies supra. Cette procédure
est réitérée pour chaque élément de D et conduit à l’ensemble discret fini Z défini par l’ensemble
des zones Z possibles de centres et tailles différentes (Figure 2.4).

d1

d4

d2 d3

D

Figure 2.4 – Ensemble Z de zones

Lorsque le rayon de la fenêtre de scan est fixe, la statistique de scan est définie comme la fenêtre
présentant le maximum d’évènements parmi toutes les fenêtres possibles. cf Section 6.

Cependant, si la taille de la fenêtre de scan est variable, la statistique de test ne peut plus être
une statistique de scan à fenêtre fixe et par conséquent un rapport de vraisemblance est utilisé. A
améliorer avec l’article de Nagarwalla [Nagarwalla, 1996].

Aussi, à chaque fenêtre de scan Z ∈ Z est associée un rapport de vraisemblance. Soit L(Z, p, q) la
fonction de vraisemblance d’une fenêtre Z dans laquelle la probabilité d’apparition d’un évènement

Return
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