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Abstract In this paper we propose a hierarchical Bayesian method to estimate the
relative risk for female breast cancer at the municipality level in the province of
Trento. To model the relative risk we use the so called convolution model for count
data, which takes into account random and spatially correlated random effects (un-
correlated and correlated heterogeneity). The method is adopted to obtain reliable
estimates of the relative risk in those areas where the low number of observations
makes the rough relative risk estimates unstable (where rough means a relative risk
estimated using only observations and target population data at a given area level).
This Bayesian method can be applied to a wide range of problems. Here we apply
this method to epidemiological data aiming at an on-line computational solution.
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1 Introduction

A much larger awareness of the connections between disease and environmental
factors and the availability of computerised geographic information system (GIS)
technology to manage and overlay geocoded data have certainly supported a grow-
ing interest for disease mapping methods. While collections of curated, longitudinal
data are increasingly available for disease surveillance and control, it is still hard
to downscale statistical models to a level closer to that of the local public admin-
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istration. At the same time, a large number of environmental and socio-economic
information from administrative databases could be automatically associated to epi-
demiological indicators and easily distributed as risk maps through Internet-based
technologies.

In this paper, as a prerequisite to the development of an on line Cancer Atlas
at the municipality scale, we focus on relative risk estimate at a small area level.
Relative risk is intended as the risk to acquire a certain disease in a given area with
respect to a common risk underlying the set of all the areas, e.g. the relative risk
of a municipality with respect to their province. According to [6], we can approach
the identification of epidemiological risk at the municipality level as a small area
problem. Even major killers such as cancer or cardiovascular diseases can have high
variability in a real small population: the number of observations relative to a dis-
ease in an area can be small, or even zero, while just few cases can show a highly
concentrated burden. Low numbers of observations impact on rough estimates of the
relative risk, so other solutions are needed besides resorting to upscaling. Bayesian
methods can be used to handle these problems. In our study we present a prototype
technical solution and its computational implementation for cancer mapping.

In Section 2 we present the convolution model for count data; we use this hierar-
chical Bayesian estimator to model small area relative risk. In Section 3 we describe
an application to a case study for breast cancer data and we simulate its use at the
municipality level starting from a well curated, longitudinal database from the Can-
cer Registry of the Province of Trento in which data are available at an higher level
of aggregation (“comprensori”: departments of 10-15 municipalities).

The convolution model has been already applied to similar epidemiological data
(see for example [3]). Our proposal implements the convolution model for breast
cancer relative risk with a general model approach, that can be applied to other
cancers and sub-domains (e.g. female or male, certain age classes, etc.). Moreover,
we include the possibility of introducing auxiliary variables at the area level.

In the last Section, we discuss the role of heterogeneity in our model and a pos-
sible extension.

2 The Bayesian Estimation of the Relative Risk in a Small Area
Framework

Data related to diseases are often given as count data and they are often modelled
with the Poisson distribution. Here we consider the case where count data are avail-
able, for a given disease, at a given area level. In addition, we also assume to know
auxiliary variables at the same area level.

An approximation of the risk to contract a disease in a given area is easily com-
puted as the count of new cases of the disease in a specific time period divided by
the population exposed to risk:
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where y is the count of new cases of the disease in the area and N is the population
exposed to risk; y and N are referred to a specific time period. We suppose that
the area considered is divided in m sub-areas (partitions). We are interested in the
relative risk of the sub-areas with respect to the common risk in (1). An estimator,

0, of the relative risk in a given sub-area is:
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where y; is the observed count of a disease in the ith sub-area and E; is the expected
count of the same disease in the same sub-area. The expected count E; is computed
with respect to the common risk r, computed as in Eq. 1; so E; = rN; (N; is the
population exposed to risk in the sub-area 7).

If in the sub-areas we observe too few cases, then the estimated relative risk
in Eq. (2) is very unstable and can lead to wrong conclusions. When a population
exposed to risk is small the number of observed cases of a disease can be affected
by a large variability due only to chance, and not due to environmental variables
or particular behaviour of the target population. For example let us consider two
similar sub-areas, a and b, with 3000 people exposed to risk (N, = N, = 3000). We
assume that areas are close and people are exposed to the same environmental risks
and have the same behaviour (e.g. smoke, alcohol, drug abuse, etc.). Suppose that
the common risk for the considered disease present in the main area is 0.05%, so the
expected cases in each area are 0.0005 x 3000 = 1.5. Imagine that in sub-area a we
observe 2 cases while in sub-area b we observe 0 cases. The relative risk of sub-area
ais 6, =2/1.5 = 1.33 while in sub-area b is 6, = 0/1.5 = 0. So, in sub-area a there
is a higher risk than in the main area (relative risk greater than one) and in sub-area
b there is no risk. The difference is due only to chance since we supposed identical
conditions in the two sub-areas.

To handle this problem we need a risk model that allows for reliable relative risk
estimator (in our example relative risks of area a and b must be similar).

Bayesian estimators are widely used in order to obtain reliable estimate for the
relative risk when there are sub-areas with small population and rough (traditional)
estimates of relative risk (as in (2)) lead to unreliable results.

In what follow we refer to the set of all areas as main area and to the m partitions
as small areas.

Let y; be the number of count of a given disease in the small area i and let N; be
the population (exposed to risk) in small area i.

We assume that y; is Poisson distributed with mean y; and likelihood:

" exp{ — i}
P(yilui) = T
i=1 i

Under the assumption that data are independently distributed and using the rela-
tionship expressed in Eq. (2) we can write:

Ely;] = u; = E;6;, 3
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where 6; is the true and unknown relative risk of small area i (with respect to the
main area). E; is the same as in Eq. (2).

Our objective is to estimate 6; and provide a confidence interval that allows for
testing the hypothesis that 6; is equal to one or not.

Under the assumption that the relative risk varies smoothly in the space we use
the Bayesian convolution model to estimate the relative risk. This is a Bayesian hier-
archical model for count data that takes into account for correlated and uncorrelated
heterogeneity between small areas.

The [2] parametrization is:

vi|6; ~ Poisson(6;E;), conditional distribution of y;,

7; = log 6; = X|B + u; + v;, link function,

X: B, trend of fixed covariate component,

u; ~ N(0,12), uncorrelated heterogeneity,

vilv_i ~ N(Xj_near—ivi/ S, 12/8§;), correlated heterogeneity,
Ty ~ Gamma(y,, , Wy, ), prior distribution on T,

T, ~ Gamma(y,, , Y, ), prior distribution on 7,,

&;, number of neighbours of the area i,

E;, expected count for the area i.

The spatially correlated heterogeneity follow an intrinsic Conditional Autore-
gressive model, a particular specification of the Conditional Autoregressive model
(CAR):

v N]Vm(‘l.t,"[,"%Z),

where v = (vi,...,vy,) is the vector of the random effects, ( is the mean vector and
72X is the variance-covariance matrix. 72 controls the overall variability of the v;
and X is an mxm positive definite matrix.

The variance-covariance matrix has the following structure:

TE=17(1-yC)"'M,

where I is an mxm identity matrix, M is an mxm diagonal matrix, with elements
M;; proportional to the conditional variance v;|v;. C is an mxm weight matrix, with
elements C;; reflecting spatial association between areas i and j. y controls the over-
all strength of spatial dependence. Giving these definitions it is possible to show
that the joint multivariate Gaussian model can be expressed in the form of a set of
conditional distributions

vivoi ~ N+ Y ¥C(vy— W) M) -
Jj—near—i
The use of this conditional specification requires only to specify matrices C and M
and the spatial dependence parameter y'.
The intrinsic CAR model, proposed by [2], sets C;; = 1 /6; if areas i and j are
adjacent and C;; = 0 otherwise (with Cj; = 0), M;; = 1/8; and y = 1. Giving these
settings we obtained our proposed intrinsic CAR model specification.

! Various constraints are needed on the values of C, M and ¥ in order to ensure that ¥ is symmetric
positive definite. See [1] for details
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Using the MCMC method we can obtain estimates and predictions with their
confidence intervals for each of the parameters present in the model, according to
the Bayesian inference technique.

3 A Breast Cancer Study in the Province of Trento

The application that motivated this approach is the potential mapping of oncology
risk for the province of Trento at high resolution. In this study, we consider an
estimate of the breast cancer relative risk for women for all municipalities. The
province of Trento has about 500,000 inhabitants subdivided into 223 municipal-
ities. Amongst them, 210 municipalities have a population that is less than 5,000
inhabitants. We consider small area methods to obtain a reliable estimate of the rel-
ative risk. Note that as an additional complication, several municipalities are further
divided into two or three parts (administrative islands), for a total of 262 different
small areas. For our purposes, a small area is a municipality or a part of a municipal-
ity. This definition must be taken into account to create the contiguity matrix used
for the intrinsic CAR model.

To estimate breast cancer relative risk for women we used data provided by the
Epidemiological Observatory together with demographic data collected by the IS-
TAT. However, these downscaled data can not be used for clinical applications but
only for simulation purposes. These data give us the number of female breast cancer
registered in each municipality from 1999 to 2002 and the female population in the
same years. We consider these data as population data measured without errors.

We estimate the relative risk following the model presented in Section 2. In order
to obtain a comparison with the estimated relative risks we also compute the rough

relative risks following the formula in Eq. 2.

Let y; be the number of female breast cancer cases registered in the ith small area
and let N; be the female population in the small area i, i = 1,...,m = 262. First of
all we compute the risk of female breast cancer in the province of Trento, that is the
underlying common risk: r =Y, y;/ ¥ | N; . Given the common risk we compute
the expected number of cancer cases in each small area: E; = rN; . To estimate the
relative risks, 6;, we specified the Bayesian convolution model as suggested by [6]:

vi|6; ~ Poisson(6;E;), the likelihood of y;

log 0; = o+ u; + v;, the link function,

u; ~ N(0, 13) the uncorrelated heterogeneity,

Vilv_i ~ N(¥ j—near—iVj/ i, 12/§;), the correlated heterogeneity,

T, ~ Gamma(y,, = 10,y,, = 10), the hyperprior distribution on T,

T, ~ Gamma(y,, = 1000, y,, = 1000), the hyperprior distribution on 7,.

According to the Bayesian inference technique we obtain the marginal posterior
distribution for the parameters of interest, the relative risks. We use the MCMC
method based on Gibbs sampling with single chain with 30,000 iterations and
20,000 burn-in. According to the Geweke ([4]), Heidelberg-Welch ([5]) and Raftery-
Lewis ([7]) tests, the chains converged for all the relative risks and for most of the
parameters present in the model as shown in Table 1. All computations were run
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in the R statistical environment, calling the the WinBugs framework for the Gibbs
sampling algorithm. For the point estimates of the relative risks, we use the mean
of the 6 values generated by the converged MCMC (as usual), while for confidence
intervals we take the appropriate quantiles from the converged chain.

Table 1 Test statistics for MCMC convergence. Percentage of tests passed (789 parameters).

Geweke (Z-value) Heidelberg-Welch Raftery-Lewis (I)
75.67 98.76 88.78

Main results are summarised in Table 2, which shows the distribution over the
262 small areas of the Bayesian estimates of the breast cancer relative risk for
women in the province of Trento. The rough estimates obtained by Eq. 2 are listed
for comparison.

Relative risk was not estimated for 39 non inhabited small areas (all administra-
tive areas). For the remaining 223 small areas, Bayesian estimates of the relative
risk range from a minimum of 0.59 to a maximum of 1.23 while the rough estimates
range from O to 4.4. The rough relative risks are unacceptable estimates for several
areas. A value of 0 means that in that area there is no risk at all for a female to have
a breast cancer. The rough relative risk is null in 39 of the 223 inhabited small areas,
so practitioners who use these estimates can be misled?. Indeed, these 39 areas are
sparse over the province and there is no evidence to think that relative risk shall be
different from neighbours areas. On the other side, a relative risk of 4.4 means that
females living in that area have 4.4 time the risk with respect to a female living in
the province of Trento (the main area). Although specific genetic isolates can be
present and cannot be excluded in an Alpine population, such risk peaks are also
unlikely and should be in general corrected.

An advantage of the Bayesian approach is that it is easy to compute confidence
intervals for the estimates. Confidence intervals for the relative risks estimates are
useful to check if in a given small area the relative risk is different from one. In our
application (simulated data) only two small areas have a relative risk statistically
different from one at a 95% confidence level: the municipalities of “Canazei” and
“Rovereto”. The estimated relative risk for Canazei has a confidence interval that
ranges from 0.31 to 0.96 with a punctual estimate of 0.59 while Rovereto estimated

Table 2 Bayesian and rough (Eq. 2) relative risks estimates for female breast cancer in the munici-
palities of the province of Trento. Results are summarised over 223 inhabited areas. Data simulated
by downscaling according to ISTAT 2000.

Min. Ist Qu. Median Mean 3rd Qu. Max.
Relative Risk (Bayes) 0.59 090 0.96 0.96 1.02 1.23
Relative Risk (rough) 0.00 045 0.86 0.91 1.22 4.42

2 These 39 small areas are not the 39 uninhabited small areas.
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relative risk ranges from 1.02 to 1.37 with a point estimate of 1.19. Confidence
intervals and point estimates are shown in figure 3.

The map in Figure 2 shows the rough and the Bayesian estimates of the relative
risk for the breast cancer in the province of Trento. In Figure 2 relative risks are

higher where colour is darker.

4 Concluding Remarks

We used a hierarchical Bayesian method to estimate the female breast cancer relative
risk in the municipalities of the province of Trento. Statistical models are needed in
order to obtain reliable estimates of the relative risk in a small area.

Bayesian Estimates of Relative Risk
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Fig. 1 Bayesian point estimates and confidence intervals (95%) for the relative risk of the female
breast cancer in the province of Trento. Small areas are ordered from minimum to maximum esti-
mated relative risk. Data simulated by downscaling according to ISTAT 2000.
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Fig. 2 Bayesian (a) and rough (b) estimates for the relative risk of the female breast cancer in the
province of Trento. Data simulated by downscaling according to ISTAT 2000.
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The model took into account correlated and uncorrelated heterogeneity. Instead
of a CAR model with simple contiguity matrix used in this application, a significant
improvement should include time effects and the use a different area correlation
structure or distance function. Moreover, a sensitivity analysis on hyperpriors spec-
ifications for our application should be added to the system.

The application is designed to support an online cancer atlas framework. It has
been designed to be (i) as general as possible in order to be applied to other cancers
and target populations, and (ii) having computational times compatible with an on-
line application. A complete demo prototype has been developed that includes the
statistical application discussed in this paper. The statistical computing components
are currently available in batch mode, but a on-line prototype is under construction
at the moment of writing this note .
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