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In our application, we found that health risk estimates for EC, a pollutant exhibiting large spatial het-
erogeneity, were generally larger using approaches that accounted for spatial misalignment. The adjusted
estimates exhibited the classic bias–variance trade-off with their substantially inflated standard errors.
This increased statistical uncertainty comes from accounting for the lack of information about levels of
the pollutant at all points in the county. For homogeneous pollutants (e.g. sulfate, ammonium), the infor-
mation available from the monitoring network provides sufficient information about county-wide levels
so that adjusted risk estimates are largely unchanged. In general, the pattern of effects observed for the
chemical components of PM in this analysis is consistent with our previous population health studies
incorporating the STN data (Bell and others, 2009;Pengand others,2009).

Both the regression calibration approach and the 2-stage Bayesian model produced similar adjusted
risk estimates in the 20 counties analyzed. However, in general, regression calibration should be used with
care in generalized linear models with nonlinear link functions because a separate bias can be introduced
in those situations (Carrolland others,2006). Although we employed log-linear models in this application,
the small size of the regression coefficients likely produced a nearly linear model, potentially explaining
the similar estimates given by the 2 approaches.

There exist several alternative approaches to estimate exposures for locations without monitors and
also for temporal periods without measurement for use in health-based air pollution research. These in-
clude inverse distance weighting incorporating population density (Ivy and others, 2008), air quality
modeling (Bell, 2006), and kriging (Leem and others, 2006). However, some of these approaches are
computational intensive and rely on data sets beyond those typically used in epidemiological settings.
Our approach has the advantage of relying exclusively on existing data sets that are commonly used in
air pollution studies, and our results can provide insight into the interpretation of results based on sim-
ple county average exposure metrics, such as results across different components or areas with different
monitor coverage.

We must be cautious in translating our results into specific recommendations for monitor placement.
Our analysis did not take into account the placement of the monitors in the county and the density of
the population. For counties with very high population density concentrated in one specific area, a sin-
gle monitor might be sufficient and it would make little sense to place monitors throughout the county
where few people live. Further research is certainly needed in order to determine the optimal usage and
placement of pollution monitors. The design of monitoring networks is generally important for regulatory
purposes and cost trade-offs may be prohibitive as well. Our methodology could be extended to provide a
quantitative basis for assessing the placement of monitors.

There are a number of limitations to our approach that deserve some comment. First, our use of the
Gaussian process in our spatial–temporal model was a convenient simplification and may require modifi-
cation depending on the nature of the data. In particular, a log-Gaussian model may be more appropriate
if the data are skewed. Also related to the spatial–temporal modeling is the assumption of isotropy and
separability of time and space. Given the sparsity of the monitoring network, we are skeptical of our
ability to fit more complex models. Nevertheless, we admit that this is an aspect of our work in need of
further investigation. The small values ofκ along with the large values of theφ estimated in the Matérn
model suggest that the model may be trying to compensate for misspecification of the correlation struc-
ture. In particular, there could be a number of factors that produce sharp changes in the pollutant surface
that cannot be adequately modeled with a constant scale parameterφ. A logical path to explore in this
context would be the use of nonstationary correlation models that can adapt to unknown heterogeneity
in the underlying process (Paciorek and Schervish, 2006). Perhaps, another symptom of the lack of fit of
the spatial–temporal model is the moderate correlation observed between the errors assumed by the clas-
sical error model and the estimated county-wide ambient average (Section5.1). While the classical error
assumption is not needed for the health risk estimation, it was used to estimateτ2, the spatial misalignment
error variance.
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Another limitation of our methodology is that the spatial–temporal model is estimated and then
considered fixed in the health risk estimation. As a result, uncertainty about the parameters in the spatial–
temporal model is not propagated through the risk model leading to a potential underestimation of uncer-
tainty in the risk parameters. We note, however, that there is a substantial amount of data for estimating
the parameters in the spatial–temporal model and that they appear to have been estimated to reasonable
precision. In addition, our approach has the advantage that it greatly simplifies the analysis of multiple
health outcomes by removing the need to refit the spatial–temporal model separately for every health
outcome examined.

One extension to our model would be to incorporate population density information, if available. In
our spatial–temporal pollutant process, we create the county-wide averages by integrating the process
against a uniform density over the county boundary. However, if we could specify a functiong(s) which
indicates the proportion of population at locations, then we could compute the following county-wide
average instead:

xt =
∫

w(s,t)g(s)ds.

This valuext might reflect more accurately the population-level exposure than our current approach. We
consider this an interesting avenue for future work. It should be noted, however, that this approach is
subject to a different type of error, namely exposure misclassification, if residents of a county/region do
not spend the majority of their time in the area where they live.

A second natural extension of our model would be to extend it to the multisite setting where data
are available for many locations. Our approach here was to apply the single-location model described
in Section3 independently to each available county. However, a unified model for multiple locations
would estimate location-specific and national average risks while borrowing strength across locations.
Developing a multi-pollutant version of this model which incorporates correlations between pollutants
would be a third extension (e.g.Shaddick and Wakefield, 2002). This extension is potentially important
because in a multi-pollutant model, pollutants that are measured with error could bias risk estimates for
pollutants that are measured without error. Finally, employing a spatial–temporal model for pollutants
could be useful in cross-sectional studies of chemical components of PM2.5. In particular, the model
could be integrated across time to obtain a long-term average concentration which could be compared
with long-term mortality rates across locations.

Ultimately, the best way to address the problem of spatial misalignment might be to move away
from the county-based summaries of the outcome of interest when possible and begin using summaries
with finer spatial resolution, such as zip codes. Unfortunately, many types of health data are simply not
available at finer spatial resolution, and we often must accept what is available. Furthermore, due to
activity patterns, a high spatial resolution does not necessarily better capture personal exposure than a
larger area when individuals move between areas (e.g. live in one zip code, but work in another). Thus,
there is a strong need for methods that address spatial misalignment of air pollutant concentrations used in
health studies. In such cases, the methods proposed here should be useful for determining the magnitude
of the errors incurred and for obtaining adjusted risk estimates.

SUPPLEMENTARY MATERIAL

Supplementarymaterial is available at http://biostatistics.oxfordjournals.org.
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APPENDIX A

A.1 Algorithm for fitting the 2-stage Bayesian model

We propose the following Metropolis–Hastings sampling algorithm for sampling from the joint posterior
density ofθ andx, wherex represents the vector of unobserved true county-wide daily average chemical
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componentlevels andw is the vector of observed daily monitor average values. Briefly, the full condition-
als for bothθ andx are sampled using a Metropolis–Hastings rejection step. All calculations were done
using R version 2.7.1 (R Development Core Team, 2008).

We make use of the profile likelihood forθ andx which profiles out the many nuisance parameters
in the likelihood (Cheng and Kosorok,2008). These parameters include the spline coefficients for the
smooth function of time and the nonlinear functions of temperature and dew point temperature. Including
these parameters in the model would complicate implementation and make prior specification difficult.
The use of the profile likelihood simplifies the MCMC algorithm, but it comes at a cost of theoretical
unity given that the profile likelihood is not a proper likelihood. However, we note that the results of the
2-stage Bayesian model closely mirror the results of the regression calibration method.

Let ηηη be the vector of nuisance parameters in the full likelihood. We evaluate the profile likelihood
Lp(θ, x) = maxηηη L f(θ, x, ηηη), where for each pair of values(θ, x), we maximize the full Poisson likelihood
L f with respect toηηη. This can be done simply by fitting a standard generalized linear model with an offset
for θ andx. Then in the steps to sampleθ andx, we use the profile likelihood to calculate the acceptance
ratios.

1. Samplingθ . We use a random walk Metropolis step so that the proposal distribution at stepi is

θ?|θ(i −1) ∼ N (θ(i −1), V̂),

where V̂ is the variance of the maximum likelihood estimate ofθ . The acceptance ratio is then
calculated as

r =
Lp(θ

?, x(i −1))π(θ?)

Lp(θ(i −1), x(i −1))π(θ(i −1))
,

wherethe priorπ(θ) is taken to be a Normal distribution with mean 0 and standard deviation 10.
2. Samplingx. We sample the vectorx as a block of lengthT , whereT is the number of observations

we have for a given county. The prior distribution forx is the posterior distribution specified in (3.6)
and derived from fitting the spatial model described in Section3. For the proposal distribution, we
use the distribution in (3.6) so that the proposal equals the prior. Given a proposal valuex?, we
compute the acceptance ratio, which in this case is simply the profile likelihood ratio,

r =
Lp(θ

(i −1), x?)

Lp(θ(i −1), x(i −1))
.

Eachsampler was run for 10 000 iterations. Convergence of the chains was diagnosed by estimating Monte
Carlo standard errors of the parameters using the method of batch means described inJonesand others
(2006).
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