Spatial statistics in
environmental
epidemiology

The planet earth is rich in carbon, oxygen, and
hydrogen; it is third from the sun in an orbit that
delivers just the right amount of heat and light;
and it travels through space with a thin shell of
protective ozone that has been crucial to the evolution
of terrestrial-based organisms. Our environment has
in recent times been seen as delicate and not to be
taken for granted. The study of the interaction of one
or many organisms with its environment is known
as ecology. In this entry, we shall concentrate on
one organism, the species Homo sapiens, which is
unique in its ability to modify the environment of all
organisms on this planet.

Changes in the environment, anthropogenic or
natural (see Global environmental change), can
have deleterious effects on humans. The study of
these effects can range in scale from the molecular
to the demographic. This entry is concerned with the
demographic scale, where the study of disease and its
progression through the population of H. sapiens is
known as epidemiology.

Environmental epidemiology is a discipline that
relies to a large extent on observational studies; even
the case—control studies that are a standard tool of
epidemiologists [3] (see Deviance function) do not
approach the rigor of the design of agricultural field
trials [14]. There is a very real tension in environ-
mental epidemiology between the desire to establish
a network of causation and the lack of experimental
control available in observational studies. However,
when the ‘signal’ is strong enough, sometimes it is
possible to establish causative relationships.

One of the earliest success stories in environ-
mental epidemiology is the study by Snow [26] that
related the street addresses of cholera victims to puta-
tive pollution sources, water supply pumps. Through
the use of maps and the careful study of each case
of a cholera epidemic in London in 1848, John
Snow discovered that cholera is a waterborne infec-
tious disease (see Disease mapping). This is all the
more amazing because it was done some 20 years
before Koch and Pasteur established the beginnings
of microbiology as we know it today.

To make progress with noisy data and vaguely
formulated hypotheses, statistical models have been
developed that allow inference even down to individ-
ual levels, such as in frailty models [4]. Many of these
models are hierarchical and some are spatial, and it is
on these we shall concentrate in this entry. Methods
of longitudinal data analysis [18], which emphasize
changes in disease state over time, are not addressed
here; see instead the entry on longitudinal studies.

Spatial Statistical Methods

Spatial aspects of environmental epidemiology can be
extremely important; see [16] for an extensive review
of spatial statistical methods used in this field. Dis-
ease incidences that cluster geographically can sound
alarm bells among the general public and government
health agencies. Are such disease clusters associ-
ated with pollution sources? Raised case intensities
near a source of ionizing radiation (see Radioac-
tivity), or directional preference related to a domi-
nant wind direction near a waste-product incinerator,
may provide evidence of a link between environ-
mental insult and human health. The types of data
observed can vary from case locations (usually res-
idence addresses) to case counts within small areas
(that are often administratively defined, such as coun-
ties, zip codes, etc.). Spatial point process models (see
Point processes, spatial) are appropriate for analyz-
ing case-location data [1, 8], and Markov random
field models have often been used for small-area
counts [2, 24] (see Small area estimation). A review
of statistical methods for detecting spatial patterns of
disease around putative sources of hazard is given
by Lawson and Waller [17], and a review of spatial
smoothing of small-area disease maps is given by
Cressie et al. [7].

Environmental epidemiologists search for a casual
link between a spatial variable S measuring pol-
lution and the variable Y giving case locations or
small-area case counts. Typically, both S and Y vary
spatially and are observed with error. Since the sta-
tistical model for Y usually requires knowledge of
S, some preliminary spatial (usually geostatistical —
see below) analysis is done to obtain S, which is
then substituted into the model in place of S as if it
were known perfectly. In the example that follows,
it is seen that there is a better way to deal with the
various sources of spatial variability.
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Example of a Spatial Hierarchical
Statistical Model

This example is taken from Cressie [6]. Suppose that
a spatial domain D is made up of disjoint regions
A, ...,Ar, and that the number of nonaccidental
deaths of people aged 65 years or older in a one-
month period is counted in each region. For illus-
trative purposes, we assume that this population at
risk is homogeneous. Should it be heterogeneous,
stratification (e.g. male/female) is needed; however,
the concepts given below remain unchanged. Let
Y1, ..., Yy denote the mortality counts in regions
Aq, ..., Ag, respectively. Suppose also that ambient
air pollution measures (e.g. particulate matter with
mean diameter less than or equal to 10um, often
abbreviated to PMg) are available, and that we wish
to relate the mortality counts with the severity of
the pollution. This is a common problem environ-
mental regulators face when trying to set pollution
standards in the interest of public health (see Stan-
dards, environmental). However, many times the
associated epidemiological analyses are not spatial,
the investigators having aggregated across regions.
Unfortunately, this could incur a severe ecological
bias, as is discussed in a subsequent section. More
and more, regulations are being written for smaller
regions, invoking the principle of environmental jus-
tice; see [27]. In these situations, a proper statistical
analysis requires spatial statistics.

Let S(s) denote the logarithm of the PM ;g value at
location s € D. Although S(-) is the exposure variable
with which we wish to work, we have incomplete
knowledge of it. We only observe it at monitoring
stations located at sy, ..., s, and, importantly, when
we do take observations, it is hidden from us by a
measurement-error process £(-). That is, the observa-
tion process is

Z()=S8C)+¢() (1
where £(-) is a zero-mean, white-noise process with
variance o2. To make inference on S(-), we can use

a geostatistical methodology known as kriging [5,
Chapter 3; 19]. Specifically, let

S(s)=> xi()Z(s;)), seD )
i=1

where the coefficients are chosen to minimize mean
squared prediction error, subject to the unbiasedness
condition, E[S(s)] = E[S(s)], s € D.

Let us now turn to the mortality counts. The spatial
model for Yi,..., Yy is rather simple. Consider a
generic random vector X and let [X] denote its (joint)
density. We assume that, conditional on the hidden
mortality process A(-),

[Yi,....Y ] =[Y1]...[Yi]
[Y;] = Poi [/ A(w)d(ua) du] ,
A;
i=1,...,k 3)

where ‘Poi’ denotes the Poisson distribution, A(-) is
the intensity function of the underlying point process
of mortality events, and 48(-) is the density of the
(homogeneous) population at risk. Then the mortality
rate for region i is Yi/fA,. Sw)du,i=1,..., k. We
condition on knowing &(-), although in reality it has
probably been estimated from demographic studies.

Conditional on 4(-), we can characterize mortality
through A(-); it is common to link mortality and
exposure through the loglinear relationship

A(s) = expla + BS(s)], seD 4)
Now, S(-) is known imperfectly, and so an ad hoc
solution is often obtained by substituting S() into
(4), in place of S(-):

A(s) = expla + S(s)], seD 5)
While this might seem to be a reasonable solu-
tion based on technology available in the 1980s and
1990s, it is unsatisfactory from several more modern
points of view.

First, the spatial variability in S() is inherently
different from that of the original process S(-); by
construction, kriging is much smoother than the pro-
cess S(-), although it is calibrated to be unbiased.
Second, even though kriging is unbiased, E[i(s)] #*
E[X(s)]. The first and second points can be addressed
somewhat satisfactorily by developing constrained
kriging [6, p. 289], which takes the same linear form
as (2) but now is calibrated so that E[g(s)] = E[S(s)]
and var[§(s)] = var[S(s)]. This last constraint ensures
that E[A(s)] = E[A(s)].
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The third point is the difficulty of doing valid
inference on « and B given in (4). The negative log-
likelihood of « and B is, up to an additive constant,

(o, B) = / A(w)d(u)du
D

k
— ) vilog { / A(u)(S(u)du} (6)
i=1 Aj

where recall that A(u) = exp[o + BS(u)]. Minimizing
(6) to obtain maximum likelihood estimates of «
and B is straightforward if S(-) were known. If we
substitute ):(~) given by (5), into (6), we obtain
a pseudo-likelihood function z(a, B) (in the sense
of Gong and Samaniego [12]). This could then be
minimized with respect to o and 8.

However, proper statistical inference must rec-
ognize that (5) is used instead of (4) and hence
it must account for the covariational properties of
the small-area counts Yyx1 = (Y, ..., Y%), and the
geostatistical data Z, x| = [Z(s1), ..., Z(sy)]. This
is a formidable task and will almost certainly rely on
the delta method and/or other asymptotic approxi-
mations. Fortunately, there is another way, namely
a general approach to solving scientific questions
through hierarchical statistical modeling (see Hier-
archical model).

In the context of relating mortality with
particulate-matter exposure, the two substudies, one
geostatistical and one small-area counts, can be linked
naturally at a higher level of the hierarchy. Replace
(4) with:

[log A(-)] = Gaula 4 BS(), C(-, 0] (7)

where ‘Gau’ denotes a Gaussian process, here with
covariance function

C(u, v;0) = cov[log A(u), log A(v)] (8)

that depends on parameters 6. Explanatory models of
the sort given by (7) are motivated by the descriptive
geostatistical models found in [9]. A fully Bayesian
approach would create a higher level, where a prior
distribution [«, 8, 6, 02] is specified for the unknown
parameters (see Bayesian methods and modeling).
An empirical Bayesian approach would look for
frequentist-based estimating equations for «, f, 6,
and o2 that depend on the count data Y and the
exposure monitoring data Z; for the purpose of

process prediction, these estimates would then be
treated as the true values of the parameters.

In subsequent discussion of this example, we
consider the fully Bayesian approach. However, it
is important to emphasize that there is a place for
empirical Bayes methods in the preliminary stages
of a scientific investigation when little is known about
the parameters. Frequentist estimation of «, B, 6, and
o2, together with good model diagnostics, can lead
to better model specification at each level of the
hierarchy (e.g. perhaps the relation (4) should not
be loglinear). And familiarity with ranges of &, §, 6,
and 62 from previous, like studies will lead to better
prior distributional assumptions.

Inference from the fully hierarchical Bayesian
model (see Hierarchical Bayes) proceeds from the
joint posterior distribution,

[A(), SC), a, B, 6, 0%, Z] 9)

which is obtained via Bayes’ Theorem. While it
is typically not possible to obtain this distribution
analytically, we can usually simulate from it using
Markov chain Monte Carlo (MCMC) methods.
Each hierarchical model has its own special features,
which means that care is required in constructing
the MCMC, but the principles of the construction
are straightforward. A Markov chain simulation is
constructed from conditional distributions that are
generally immediately available from the hierarchical
specification [11, 25].

This example illustrates what we believe the
future will hold for spatial statistics in environmental
applications. Rather than a piecemeal analysis, a
hierarchical model consisting of (1), (3), (7), and
perhaps a prior, enables exact finite-sample inference
(up to the approximation afforded by MCMC). One
of the attractive things about such a simulation-
based inference is that the posterior distribution
of the mortality intensity [A(-)|Y, Z] is immediately
available by looking only at realizations of A(-) from
the MCMC samples. Or, for that matter, inference on
any function of the parameters is also immediately
straightforward upon computing that function for
each of the MCMC samples.

Ecological Bias

There is one feature about the behavior of spatial sta-
tistical models that deserves special mention. Spatial
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aggregation from neighborhoods into regions, from
regions into states, and from states into continents, is
natural. Health data may be collected at one level of
aggregation, environmental covariates at another, and
policy decisions might be made at a third. However,
changing the level of spatial aggregation can lead to
completely different conclusions about, for example,
the effect of particulate matter on respiratory illness
(see Respiratory epidemiology). This phenomenon
goes under the rubric of ecological bias or ecological
regression in the epidemiology literature [13, 24], and
under modifiable areal unit problem in the geogra-
phy literature [10]. Statisticians know it as Simpson’s
paradox, often seen with categorical data. If one is
designing a health-effect study a priori, it is possible
to use multilevel designs that also collect covariate
information at the individual level [21]. Otherwise,
one could try to resolve this problem by building
models at the point (or individual) level and then
aggregating up to the desired level for inference. This
is often difficult to do properly because covariates do
not enter linearly, nor are they always available at
the desired level of aggregation; typically, approxi-
mations based on Taylor-series expansions are used
(e.g. [22]).

If one is capable of specifying all joint distribu-
tions and probabilities (up to a finite set of unknown
parameters), fully or empirical Bayesian predictors of
individual-level quantities are, in principle, available
from MCMC (e.g. [20]).

Spatio-temporal Analysis

Spatial analyses are more interesting and more
consequential if a temporal component can be
incorporated. Causation is much easier to investi-
gate when the data can be modeled dynamically
in time. Using a hierarchical model, manifestly
complex space—time interactions can be handled
straightforwardly at higher levels of the hierarchy
(e.g. [15]).

In the example given above, where a model
was proposed for case counts and PMjg expo-
sure data, time was averaged out over a one-
month period. There is, however, strong evidence
to suggest that meteorology has an important effect
on PMjy readings. Because meteorology is inher-
ently dynamic, PMjg should be too, and hence
one could modify the spatial model to incor-
porate both time and meteorological conditions

at the second level by modeling spatio-temporal
processes that are hidden behind incomplete and
noisy observations.
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