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ABSTRACT

Representing the health state of a region is a helpful tool to highlight spatial heterogeneity and localize
high risk areas. For ease of interpretation and to determine where to apply control procedures, we need
to clearly identify and delineate homogeneous regions in terms of disease risk, and in particular disease
risk hot spots. However, even if practical purposes require the delineation of different risk classes, such
a classification does not correspond to a reality and is thus difficult to estimate. Working with grouped
data, a first natural choice is to apply disease mapping models. We apply a usual disease mapping model,
producing continuous estimations of the risks that requires a post-processing classification step to obtain
clearly delimited risk zones. We also apply a risk partition model that build a classification of the risk
levels in a one step procedure. Working with point data, we will focus on the scan statistic clustering
method. We illustrate our article with a real example concerning the bovin spongiform encephalopathy
(BSE) an animal disease whose zones at risk are well known by the epidemiologists. We show that in
this difficult case of a rare disease and a very heterogeneous population, the different methods provide
risk zones that are globally coherent. But, related to the dichotomy between the need and the reality, the

exact delimitation of the risk zones, as well as the corresponding estimated risks are quite different.

© 2012 Elsevier B.V. All rights reserved.

1. Introduction

Efficient disease control requires correct understanding of the
determinants and dynamics of the disease. The first questions to ask
are: Where are the high risk populations located? Are these loca-
tions structured in space? If so, how? Therefore, the analysis of the
geographical variations of a disease and their cartographical repre-
sentation is an important step in epidemiology. Representing the
health state of a region offers interesting insights into the mecha-
nism underlying the spread of adisease. It allows to highlight spatial
heterogeneity, localize high risk areas (i.e. important contamina-
tions) and identify potential sources of a disease. To go further and
help to determine protection measures, we need to clearly identify
and delineate homogeneous regions in terms of disease risk, and in
particular disease risk hot spots.

Abbreviations: BSE, bovin spongiform encephalopathy; BYM model, model
of Besag, York and Mollié; CAR, conditionally auto-regressive; EM algorithm,
expectation-maximization algorithm; MCEM algorithm, Monte-Carlo EM algo-
rithm.
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In this article, we will illustrate and comment our purpose with
the example of bovine spongiform encephalopathy (BSE) in France
between July 2001 and December 2005. This sudden, non conta-
gious and unexpected disease (see Anderson et al., 1996; Ducrot
et al., 2008) threatened bovine production in Europe and has been
intensively studied (for spatial analyses, see e.g. Abrial et al., 2005;
Allepuz et al., 2007 or Paul et al., 2007). To guarantee confiden-
tiality, the exact localization of the cases are not available. Thus,
the territory of France is divided into n=1264 hexagons of 23 km
width, in which cases and population are counted (see Fig. 1(a) and
(b)). In our BSE example, as in most of applications, the different
zones at risk we want to determine do not correspond to an under-
lying reality, but are only needed by the epidemiologists for ease of
interpretation, and to decide where to apply control procedures. As
we will illustrate it with our BSE example, this difference between
our requirements and the reality may imply estimation difficulties.
Moreover, this example has been chosen to compare the behavior
of the different methods in a challenging scenario with very low
risk values, small numbers of observed cases and population sizes
that increase the estimation difficulties.

Since we work with grouped data, a natural choice is to apply
disease mapping models, such as presented in Section 2. In Section
2.1, we present one of the most commonly used disease mapping
models, producing a continuous estimation of the risk that does
not clearly delimit zones of different disease risk. However, we can
apply a post-processing classification step that delineate different
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Fig. 1. Real data set: BSE in France. (a) Number of cases for the study period, (b) cattle population map, and (c) simple estimation of the risk: standardized incidence rate.

zones in the map. The risk partition model presented in Section
2.2 build a classification of the risk levels in a one step proce-
dure. Although our data are aggregated, we can also consider them
as point data. Section 3 present one of the most used clustering
method for point data based on the scan statistic. In Section 4, we
illustrate the performance of these different methods in determin-
ing hot spots for the BSE risk in France. A discussion ends the paper
in Section 5.

2. Disease mapping models

As in our example, epidemiological data are frequently aggre-
gated count data: for each uniti(ieS={1, ..., n}) observed cases
of a given disease are counted (y;) and compared to the popula-
tion size (n;) in this area. We denote by Y; the random variable
associated with y;. A natural simple estimation of the risk is the
common maximum likelihood estimate computed independently
in each unit: the incidence rate. The absolute epidemiological
risk 6;, the probability that an individual in i€S is contaminated
by the disease, is estimated by the raw incidence rate p;=y;/n;.
The relative risk r; measures the departure of the local risk from
the empirical mean risk over the whole spatial area. It is esti-
mated by the standardized incidence rate p;=y;/e;, where e; =n;p

2.39e-05

1.27e-04

(a) continuous standard risk map

is the expected number of cases for an homogeneous risk p =
O ,v)/(OL ). These estimations (see p; for the BSE example
in Fig. 1(c)) produce noisy maps difficult to interpret with over dis-
persion (isolated high risk values) and very extreme values of the
risk (many have either null values or estimated risks that are more
than 70 times higher than the mean overall risk). It is therefore clear
that spatial dependencies have to be taken into account when ana-
lyzing such location dependent data, in order to produce smoothed
maps.

Most statistical methods for risk mapping of aggregated data
dedicated to non contagious diseases, are based on a Poisson log-
linear mixed model (see e.g. Mollié, 1999; Pascutto et al., 2000 or
Lawson et al., 2000). The model proposed by Besag et al. (1991) (or
BYM model) presented in Section 2.1 is one of the most popular
approaches, but inference results in a real-valued estimation of the
risk at each location, see Fig. 2(a).

One of the main reported limitations (e.g. by Green and
Richardson (2002)) is that local discontinuities in the risk field are
not modeled leading to potentially over-smoothed risk maps. Also,
in some cases, as in animal epidemiology (see e.g. Abrial et al., 2005),
a coarser spatial representation of risk is needed in which locations
with similar risk values are grouped. Section 2.2 is then devoted to
risk partition models.
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(b) posterior classification from BYM

Fig. 2. Standard disease mapping model (BYM) applied to BSE data: (a) a continuous estimation of the risks and (b) a posterior classification.



Download English Version:

https://daneshyari.com/en/article/6349146

Download Persian Version:

https://daneshyari.com/article/6349146

Daneshyari.com


https://daneshyari.com/en/article/6349146
https://daneshyari.com/article/6349146
https://daneshyari.com/

