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Abstract The most recent Global Burden of Disease study (Lim SS et al, Lancet
380(9859):2224–2260, 2012), for example, finds that combined exposure to ambient
and indoor air pollution is one of the top five risks worldwide. Of particular concern
is particulate matter (PM). Health researchers are now trying to assess how this
mixture of air pollutants links to various health outcomes and how to tie the mixture
components and health outcomes back to sources. This process involves the use of
air quality models. As part of an EPA Clean Air Research Center, the Southeastern
Center for Air Pollution and Epidemiology (SCAPE), a variety of air quality models
are being developed and applied to provide enhanced temporal and spatial resolution
of pollutant concentrations for use in epidemiologic analysis. Air quality models that
are being further developed and used as part of the center include Bayesian-based
ensemble methods and hybrid chemical transport-chemical mass balance modeling.
The hybrid method uses knowledge of the emissions, modeling and measurement
uncertainties, and can provide spatially and temporally complete pollutant fields.

1.1 Introduction

Evidence continues to grow that exposure to ambient air pollutants impacts health.
The most recent Global Burden of Disease study [11], for example, finds that
combined exposure to ambient and indoor air pollution is one of the top five
risks worldwide. This study, as well as similar ones conducted for more limited
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domains (e.g., by country), relies on results from epidemiologic studies that quantify
exposure-health effect relationships (e.g., by calculating concentration-response
functions). Traditionally, epidemiologic studies associate observed pollutant con-
centrations with observed health endpoints (e.g., hospital admissions or deaths).
However, air pollutant observations are limited spatially, temporally, and chemi-
cally, and do not directly identify source contributions to pollution and, thus, health.
Air quality models, both receptor-based and chemical transport models, are now
being used to address the limitations of using observations alone. However, air
quality models also have limitations, in particular uncertainties and biases that arise
from errors in the inputs (e.g., emissions timing, speciation and magnitude and
meteorological) and model parameters and structure (e.g., grid resolution).

1.2 Methods and Results

Air pollution is a mixture of a variety of pollutants. Historically, the related health
effects have been tied to individual pollutants, though a question of current interest is
how the “mixture” of pollutants plays a role. Past studies have found that particulate
matter (PM) is the primary air pollutant of concern when considering premature
death or disability adjusted life-years [11], while ozone is of concern for respiratory
diseases, such as asthma [15]. Identifying the sources of those two pollutants is
challenging. Ozone is a secondary pollutant, and is formed by a series of non-linear
chemical reactions involving emissions from a variety of sources. PM formation
and morphology is more complicated, being composed of thousands of different
compounds which can be both secondary and primary in origin on differently
sized particles. Health researchers are now trying to assess how this mixture of air
pollutants links to various health outcomes and how to tie the mixture components
and health outcomes back to sources. This process involves the use of air quality
models. Various methods of identifying sources of ozone using chemical transport
air quality models have been used, including both “brute force” and direct sensitivity
(e.g., DDM and adjoint) approaches [4, 5, 7, 16]. Identifying source impacts on
PM (e.g. PM2.5, PM with aerodynamic diameters less than 2.5 �m) have utilized
both receptor models (e.g., [13]) and chemical transport models (e.g. [3, 6, 10]).
Marmur et al. [12] examined the use of various types of air quality models for use
in epidemiologic research and found that source apportionment models based on
chemical transport models tend to reduce day-to-day variability in source impact
estimates (e.g., due to reducing variability in temporal and spatial source emissions
and missing sub-synoptic scale meteorological variability), while receptor models
can increase variability. More recently, Balachandran et al. [1] applied a number
of source apportionment models to assess model differences and uncertainties and
also found increased variability in receptor model results, and that the various
air quality models, including receptor and chemical transport models, had similar
uncertainties in their results. As part of an EPA Clean Air Research Center, the
Southeastern Center for Air Pollution and Epidemiology (SCAPE), a variety of air
quality models are being developed and applied to provide enhanced temporal and
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Fig. 1.1 Spatial fields of biomass burning impacts on January 4, 2004, as simulated by CMAQ
(original, left) and a hybrid CTM-RM model (refined, right). Spatial fields are generated for a 36-
km resolution grid. Biomass burning fields include impacts from agricultural burning, lawn waste
burning, open fires, prescribed burning, wildfires, wood fuel burning, and woodstoves

spatial resolution of pollutant concentrations for use in epidemiologic analysis. The
Center is also assessing how pollutant mixtures and the sources of these mixtures
are linked to various health endpoints. In particular, two hybrid approaches that use
both observations and air quality models address many of the limitations identified
in the direct use of measured or modeled concentrations. One method, the Bayesian
Ensemble approach [2], uses results of multiple models to develop an ensemble
simulated source impact and then used with observed air quality to develop an
improved estimate of the composition of source emissions. With the updated source
compositions, a Bayesian approach is used to get improved estimates of air quality
impacts and uncertainties.

A second set of methods use results of a chemical transport model (CMAQ) to
provide simulated species concentrations and source impacts based on estimated
emissions and modeled meteorology. In one approach, simulated species concentra-
tions are fused with observations to develop spatial pollutant fields that are coherent
with observations but use the air quality model to provide spatial gradients [8, 14].
This does not link the pollutant fields to individual sources, but does provide a
spatially and temporally complete data set of pollutant fields for use in health
assessments. In a more involved approach used to link the pollutants to sources,
observed concentrations of individual pollutant species (e.g., single elements and
gaseous compounds) are used to adjust source impacts to better match observations.
This is done in a manner similar to the Chemical Mass Balance Method. However,
the method involves using knowledge of the emission uncertainties and can be
used to quantify many more source impacts. These results are then used to develop
spatially and temporally complete fields for epidemiologic analysis using kriging
[9] (Fig. 1.1).

Chemical transport model pollutant fields can also be used with satellite and
ground-based observations and land-use information to develop finer scale (e.g.,
sub-grid scale) pollutant concentration estimates.
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Questions and Answers

Questioner Name: Heinke Schlunzen

Q: Is the outdoor air quality really relevant for epidemiology and human health
since most people spend most of their time indoors?

A: While much of the time is spent indoors, the air indoors is strongly impacted
by outdoor air. Epidemiologic studies continue to find associations between
outdoor air quality and health. The Global Burden of Disease study finds
ambient PM exposure to be one of the top ten contributors to premature death.
Exposure to outdoor air continues to be a serious, and apparently growing,
contributor to adverse health outcomes.

Questioner Name: Clemens Mensink

Q: You focus on source impacts on health. The fact is that it’s difficult to obtain
statistical significant results. Does that say something about the relevance of
background conditions.?

A: Background concentrations are relevant, but multiple epidemiological, animal
and mechanistic studies strongly support that air pollution, above the back-
ground, has a significant impact on health. It is true that any one study may not
(many are) be statistically significant, but that is due not only to the influence
of background concentrations, but other confounders and small sample sizes.
Using models to isolate source impacts can help identify which sources and
components of the air pollution mixture are of greatest concern and then help
direct control efforts.

Questioner Name: Stefano Galmarini

Q: Did you consider the non-independence of your modeling tools and that the
results cluster about the truth may be accidental?

A: First, the ensembled methods have a variety of different inputs, and while some
are less independent than others (e.g., PMF and CMB-LGO that use similar, but
not the same inputs), others use rather different inputs, e.g., CMB-molecular
markers is driven by detailed organic chemical speciation that is not used in
PMF or CMB-LGO, and CMAQ does not use observations at all, except for
initialization, which has little impact on the simulated values during the modeled
period. Still, we were concerned about demonstrating that the ensemble results
are an improvement over any one method because you can not measure source
impacts directly. To provide further support, we took independent data for water
soluble organic compounds (WSOC) that can be used as a marker for SOA, and
levoglucosan (though for a period not used in the ensemble development), and
compared the ensemble results to those, and found better agreement than any
one method.
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