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H I G H L I G H T S

• Ten-year CMAQ simulations for population air pollution exposures of gases and PM
• Inverse-distance weighting is used to create observation-fused concentration fields.
• Differences in population exposure based on five estimation methods were studied.
• Population-weighted average should be used to account for spatial variability.
• Exposure based on raw CMAQ or observations alone might have significant biases.
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In this study, Community Multiscale Air Quality (CMAQ) model was applied to predict ambient gaseous and
particulate concentrations during 2001 to 2010 in 15 hospital referral regions (HRRs) using a 36-km horizontal
resolution domain. An inverse distance weighting based method was applied to produce exposure estimates
based on observation-fused regional pollutant concentration fields using the differences between observations
and predictions at grid cells where air quality monitors were located. Although the raw CMAQ model is capable
of producing satisfying results for O3 and PM2.5 based on EPA guidelines, using the observation data fusing tech-
nique to correct CMAQ predictions leads to significant improvement of model performance for all gaseous and
particulate pollutants. Regional average concentrations were calculated using five different methods: 1) inverse
distance weighting of observation data alone, 2) raw CMAQ results, 3) observation-fused CMAQ results,
4) population-averaged raw CMAQ results and 5) population-averaged fused CMAQ results. It shows that
while O3 (as well as NOx) monitoring networks in the HRRs are dense enough to provide consistent regional
average exposure estimation based on monitoring data alone, PM2.5 observation sites (as well as monitors for
CO, SO2, PM10 and PM2.5 components) are usually sparse and the difference between the average concentrations
estimated by the inverse distance interpolated observations, raw CMAQ and fused CMAQ results can be signifi-
cantly different. Population-weighted average should be used to account for spatial variation in pollutant concen-
tration and population density. Using raw CMAQ results or observations alone might lead to significant biases in
health outcome analyses.

© 2014 Elsevier B.V. All rights reserved.

1. Introduction

Investigations of the effects of air pollution on population health are
dependent on the quality of available air pollutant exposure estimates
(Bell et al., 2004; Laden et al., 2000). Traditionally, exposure levels are
estimated based on measurements made at nearby air monitoring sta-
tions that are limited in space and time (Bell et al., 2007). However,
many of the populations in air pollution epidemiology studies are

located in areas without sufficient air quality monitoring activities. In
addition to the lack of spatial coverage of standard air quality monitor-
ing networks, air quality measurements are limited by the capability of
the analytical instruments and may not be able to provide sufficient
temporal resolution or detailed chemical composition information to
support detailed health outcome analyses.

Three-dimensional chemical transport models (CTMs) can provide
detailed gaseous and particulate matter (PM) concentrations and their
source and chemical composition information at one-hour resolution
over large areas. The complete spatial and temporal coverage of CTMs
makes them an ideal tool to fill in the spatial and temporal gaps in the
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exposure estimation solely based on air quality measurements at fixed
monitors (Bell, 2006; Bravo et al., 2012). One of the challenges in apply-
ing CTM-predicted exposure in health outcome studies is to reduce the
error in exposure classifications. Uncertainties in the meteorology and
emission inputs, the underlying chemical mechanisms and numerical
techniques, as well as spatial resolution (i.e. grid size) of the CTM
model itself can all lead to errors in the predicted concentrations. Even
though previous studies showed that the long-term performance of
a three-dimensional regional air quality model for ozone and PM can
generally meet the criteria recommended by the United States Environ-
mental Protection Agency (US EPA), systematic biases do exist in the
predicted concentrations which could lead to biases in the exposure
estimations (Zhang et al., 2014).

Data fusing techniques have been proposed to improve exposure
estimations by adjusting the rawCTMmodel predictionswith the ambi-
ent observation data (Fuentes and Raftery, 2005; Sahu et al., 2010).
However, the effectiveness of these data fusing techniques on predicted
air pollutants has only been examined for a small number of species for
relatively short simulation periods (such as SO2 in Fuentes and Raftery,
2005). Many epidemiologic studies would benefit from long-term
exposure inputs of multiple air pollutants such as carbon monoxide
(CO), nitrogen oxides (NOx), ozone (O3), particulate matter with aero-
dynamic diameters less than 2.5 and 10 μm (PM2.5 and PM10), as well
as a number of air toxics and PM components to address the public
health implications of poor air quality in a more comprehensive man-
ner. The number of available stations for these different species and
their spatial and temporal coverage in a given area can be significantly
different. No study to date has examined the effectiveness of data fusing
techniques on multiple species in the same air quality domain over a
long study period.

Recently, an air quality modeling project was carried out to provide
air pollutant exposure estimation over a ten-year period (from 2001 to
2010) for the Air Quality and Reproductive Health (AQRH) study with
support from the Eunice Kennedy Shriver National Institute of Child
Health and Human Development (NICHD). The AQRH study is designed
to analyze data collected during the Consortium on Safe Labor (CSL)
study (Zhang et al., 2010) and the Longitudinal Investigation of Fertility
and the Environment (LIFE) study (Buck Louis et al., 2011) to provide
improved understanding of the relationship between air quality and
various measures of reproductive health. The CSL study collected
detailed electronic medical record information on 228,562 deliver-
ies including both mother and baby records from 12 clinical centers
comprising 19 hospitals with 15 non-overlapping HRRs across the
United States between 2002 and 2008. The LIFE study was a longi-
tudinal study (2005–2009) that closely followed 501 couples trying
to conceive for up to 12 cycles or through pregnancy for those who
became pregnant.

The objectives of this paper are to: 1) evaluate the model perfor-
mance of the three-dimensional regional air quality model, 2) evaluate
the effectiveness of observation data fusing in improving regional air
quality model predictions and 3) compare the differences in the expo-
sure estimations using raw and observation-fused air quality modeling
results. In this study, modeled concentrations in the surface layer are
used to represent population exposure to air pollution. Exposure assess-
ment in health effect studies typically include time-activity measures
and either active monitoring or some assessment of indoor air as well
as ambientmeasures. Thesemethods can definitely increase the accura-
cy and precision of an individual's exposure but typically the studies rely
on volunteers who are willing to provide detailed information on their
activity/mobility and only include subjects who accept the additional
burden of personal monitoring. Our analyses reflect the ambient expo-
sures of an entire population. While there is some error in exposure
estimation at the ambient level, it is balanced with the inclusion of the
full population. It may also be helpful to note that regulations are made
at the ambient exposure level. Regardless of the individual level expo-
sure, if an effect is observable at the population level, it is actionable.

2. Methods

2.1. The Community Multiscale Air Quality (CMAQ) Model

Among themany publicly available CTMs, the CommunityMultiscale
Air Quality (CMAQ) model (Byun and Schere, 2006) is one of the most
widely used regional air quality modeling systems in the United States
in recent years (Simon et al., 2012). The CMAQmodel has been deployed
to evaluate air pollution control measures, test new atmospheric mech-
anisms and processes that control air pollution, and determine source
contributions to air pollutants. The CMAQ model has also been used
in a few recent studies (Arunachalam et al., 2011; Chang et al., 2012;
Grabow et al., 2012; Tong et al., 2009) to estimate air pollution exposure.
In this study, a recent version of the CMAQ model (version 4.7.1) with
the SAPRC-99 photochemical mechanism (Carter, 2000) and the fifth
generation aerosol model (AERO5) (Foley et al., 2010) was used. The
SAPRC-99 mechanism was modified to treat a number of explicit air
toxic pollutants and 16 gas phase polycyclic aromatic hydrocarbon
(PAH) species. Details of this extended SAPRC-99 mechanism for air
toxics and PAHswill be described in a separatemanuscript as the current
paper focuses on criteria pollutants.

2.2. Inverse Distance Weighting and Observation Data Fusing

Inverse distance weighting (Shepard, 1968) has been used to esti-
mate air pollutant exposure based on monitoring data alone. For a
given spatial location, a search of the air monitor list is performed to
find stationswith available datawithin a given search radius. The search
radius is applied based on the assumption that stations outside the radi-
us have minimal impact on the estimated exposure. Once the stations
within a given search radius are identified, the air pollutant concentra-
tion based on inverse distance weighting Cidw is estimated by Eqs. (1)
and (2):

Cidw xð Þ ¼
XN

i¼1

wi xð ÞCiXN
j¼1

wi xð Þ
ð1Þ

wi xð Þ ¼ d x;xið Þ−1 ð2Þ

where x is the location where concentration needs to be estimated;
N is the total number of monitors within the search radius; Ci is the
measured concentration at the ith monitor within the search radius;
xi is the location of the ith monitor; andwi(x) is the weighting factor
for the ith monitor at location x. The function d calculates the dis-
tance between points x and xi. Inverse distance weighting works
best for estimating exposure where air quality monitors are nearby.
More advanced spatial interpolation techniques based on geostatistical
methods such as kriging (Bogaert and Fasbender, 2007) have also
been attempted for interpolating air monitor data. However, the in-
terpolated fields using kriging are often too smooth and are not likely
to represent actual spatial variation of air pollutants. In fact, it is im-
possible to get very reliable estimates of pollutant concentrations at
locations without nearby monitor sites, regardless whether inverse
distance weighting or kriging is used for the interpolation (Bailey
and Gatrell, 1995).

The CMAQmodel can generally represent the spatial variation of the
pollutants but the magnitude of the predicted concentrations is subject
to biases in the emissions, meteorology and uncertainties due to other
model components. In this study, a data fusing technique based on in-
verse distance weighting is developed to adjust gridded raw CMAQ
predictions of major criteria pollutants and components of PM2.5 using
the observations at nearby air monitors and the raw CMAQ results, as
described below.
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