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A B S T R A C T

In this study, we modeled concentrations of fine particulate matter (PM2.5) and ozone (O3) attributable to
precursor emissions from individual airports in the United States, developing airport-specific health damage
functions (deaths per 1000 t of precursor emissions) and physically-interpretable regression models to explain
variability in these functions. We applied the Community Multiscale Air Quality model using the Decoupled
Direct Method to isolate PM2.5- or O3-related contributions from precursor pollutants emitted by 66 individual
airports. We linked airport- and pollutant-specific concentrations with population data and literature-based
concentration-response functions to create health damage functions. Deaths per 1000 t of primary PM2.5

emissions ranged from 3 to 160 across airports, with variability explained by population patterns within 500 km
of the airport. Deaths per 1000 t of precursors for secondary PM2.5 varied across airports from 0.1 to 2.7 for NOx,
0.06 to 2.9 for SO2, and 0.06 to 11 for VOCs, with variability explained by population patterns and ambient
concentrations influencing particle formation. Deaths per 1000 t of O3 precursors ranged from −0.004 to 1.0 for
NOx and 0.03 to 1.5 for VOCs, with strong seasonality and influence of ambient concentrations. Our findings
reinforce the importance of location- and source-specific health damage functions in design of health-
maximizing emissions control policies.

1. Background and introduction

Exposure to ground-level ozone (O3) and fine particulate matter
(PM2.5) is associated with adverse health impacts, including cardiovas-
cular and respiratory premature mortality (Jerrett et al., 2009; Krewski
et al., 2009). PM2.5 and O3 are believed to dominate health impacts
caused by air pollutants (Brook, 2002). To minimize public health
impacts, air pollution management requires information regarding the
contribution of different individual sources to ambient pollutant
concentrations and associated health effects. These health effects can
be summarized through health damage function models, which quanti-
fy health impacts per unit emissions through the combination of
predicted changes in air quality, population patterns, baseline health
effect incidence rates, and concentration-response functions derived
from the epidemiological literature (Levy et al., 2009; Tagaris et al.,
2009; Hubbell et al., 2009; Fann and Risley, 2011).

Due to the long-range transport and secondary atmospheric forma-

tion of both PM2.5 and O3, associated health risks will manifest on a
regional scale, necessitating the use of a chemistry-transport model like
the Community Multiscale Air Quality (CMAQ) model to predict air
quality changes. CMAQ simulates the formation and fate of pollutants
given meteorological and ambient conditions in a one-atmosphere
setting (modeling tropospheric ozone, aerosols and air toxics and their
interactions) (Byun and Ching, 1999; Byun and Schere, 2006; Fann
et al., 2012), allowing meteorology and emissions to interact at once.
CMAQ has been evaluated comprehensively (Foley et al., 2010; Simon
et al., 2012; Arnold et al., 2003) and applied to simulate O3 (Hogrefe
et al., 2004) and PM2.5 concentrations in multiple regions of the United
States (US) and elsewhere (Wesson et al., 2010; Zhang, 2004). CMAQ
has been used extensively for health impact analyses, largely looking at
entire source sectors of multi-source combinations (Fann et al., 2013),
with fewer applications focused on individual source impacts (Bergin
et al., 2008).

To understand the impacts of individual sources within CMAQ,
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there are multiple options within CMAQ ranging from simple “brute-
force methods” or somewhat sophisticated source apportionment
methods such as the Integrated Source Apportionment Method
(ISAM) to advanced forward or inverse sensitivity approaches such as
the Decoupled Direct Method (DDM) and adjoint approaches respec-
tively. First-order sensitivities have previously been calculated by
varying input parameters in separate model simulations and analyzing
the change in predicted concentrations, an easy to interpret approach
referred to as the “brute-force method” (Dunker, 1984; Dunker et al.,
2002), though computationally demanding and susceptible to noise (or
unwanted signals) due to small changes in inputs (Koo et al., 2007). The
Decoupled Direct Method (DDM) improves upon the brute-force
method, decoupling sensitivity equations from model equations, allow-
ing for computational efficiency, stability and accuracy of values
(Dunker, 1984; Dunker et al., 2002; Koo et al., 2007). DDM-3D is an
advanced sensitivity analysis technique that computes the first order
and more recently second order semi-normalized sensitivity in three
dimensions to perturbations in any input field such as emissions, initial
or boundary condition, etc. DDM-3D can be used to analyze the
sensitivity of ambient concentrations to individual source emissions.
Adjoint approaches are useful to find individual sources or source
regions that contribute to a pre-defined cost function (an air quality or
health metric), but cannot be used to determine the impact of a specific
source. We specifically chose DDM-3D to perform our source attribu-
tions given that aircraft emissions are a small percent of all anthro-
pogenic emissions, and since DDM-3D is superior to “brute force” to
assess small changes in inputs (Napelenok et al., 2006). To date, DDM
has been implemented in air quality models (including CMAQ and
others) to identify how sources impact O3 and PM2.5 concentrations for
policy analysis or health risk modeling at a regional or national scale
(Bergin et al., 2008; Dunker, 1984; Dunker et al., 2002; Odman et al.,
2002; Digar et al., 2011), but has not been incorporated into individual
source health damage function modeling.

Although air quality management would benefit greatly from
insights about health damages from individual sources, prior studies
examining variability in health damage functions have typically
focused on between-sector rather than within-sector variability, where
sectors are defined as grouped sources of emissions, like the on-road
mobile sector or industrial point source sector. These prior studies have
not had a sufficient sample size of individual sources using an advanced
atmospheric model. For example, Fann et al. (2013) estimated damage
functions for PM2.5 and O3 for individual source sectors between 2005
and 2016, but they did not explore within-sector variability. Levy et al.
(2009) estimated PM2.5-related damage functions from individual coal-
fired power plants, but relied on a simpler atmospheric model that may
not adequately capture secondary pollutant formation. Buonocore et al.
(2014) utilized a CMAQ brute-force method to examine variability in
health damage functions of individual power plants across the mid-
Atlantic, but had a limited sample size given challenges in separating
plumes from individual power plants within CMAQ runs.

One important source sector for which health damage function
modeling would be informative is aviation. Airport emissions are
garnering more concern due to rapid growth of air transport and
expected expansion to meet population needs going forward (Amato
et al., 2010; Kurniawan and Khardi, 2011; Kinsey et al., 2011; Woody
et al., 2011; United States Department of Transportation, 2015) while
emissions from other prominent sources are expected to decrease (Levy
et al., 2012). However, few studies have characterized the health
impacts of individual airports or airport-related emissions specifically
(Wolfe et al., 2014; Ashok et al., 2014). CMAQ has been used to
estimate mortality risks from three airports in the eastern US
(Arunachalam et al., 2011) and to quantify health benefits of nation-
wide aviation emissions reductions (Ashok et al., 2013). However, due
to their lack of focus on individual emitted pollutants from a significant
number of individual airports, these analyses do not provide a
comprehensive foundation for national-scale air quality management.

In this study, we analyze the contribution of 66 individual airports
to ambient air pollution and quantify related health damage functions.
We designed CMAQ-DDM airport group runs to capture the majority of
fuel burned in the aviation sector, used image segmentation techniques
to extract individual airport contributions from multi-airport DDM
surfaces, and created physically interpretable regional predictors of
health damage functions within regression models (e.g., exposed
population and background atmospheric conditions). This would allow
for health damage functions to be estimated for any airport in the
continental US, and our modeling approach would generalize to other
source sectors contributing to ambient air pollution and related health
effects.

2. Methods

2.1. Study design

We used CMAQ-DDM (Dunker, 1984; Napelenok et al., 2006) to
isolate O3-and PM2.5-related contributions from individual airport-
related precursor pollutants. These airport-specific and precursor-
specific pollutant concentrations were then spatially linked with
population and mortality rate data (Centers for Disease Control and
Prevention, 2015) and literature-based concentration-response func-
tions for mortality. We estimated health damage functions as mortality
risk per 1000 t of emissions for all ambient concentration – pollutant
precursor relationships. We included primary elemental carbon (PEC),
primary organic carbon (POC), and primary sulfate (PSO4) as primary
PM2.5 precursors; nitrogen oxides (NOx), sulfur dioxide (SO2), and
volatile organic compounds (VOCs) as secondary PM2.5 precursors; and
NOx and VOCs as O3 precursors (Table S1). Regression models were
created to explain variability in airport-specific health damage func-
tions as a function of population, meteorological, and chemistry-related
predictors.

2.2. CMAQ-DDM design and modeling

Because of the computationally intensive nature of CMAQ-DDM and
the number of airports across the US, and given our objective to directly
model the majority of nation-wide aircraft emissions, we needed to
incorporate multiple airports into a single DDM run. However, the
outputs would only be interpretable if the concentration surfaces from
each individual airport within a run could be readily separated from
one another. We therefore conducted extensive preliminary analyses to
determine optimal run design.

In a pilot analysis, we used CMAQ-DDM to model concentration
surfaces for 99 top fuel-burning airports individually for 1-week periods
in January and July, and the resultant sensitivity fields were viewed in
ArcMap v.10.1. Based on visualized spread of secondarily formed PM2.5

concentrations (which has a greater spatial extent than primarily
emitted PM2.5), individual airports were grouped together that were
expected to have non-overlapping air quality impacts. We chose 66
airports (Fig. 1), including many of the largest airports as characterized
by fuel burned annually and airports that allow for geographic
representation across the continental US. These 66 airports accounted
for 77% of total annual fuel burned for the nation's commercial
passenger flights in 2005. We used a 2005 modeling platform to build
upon 2005–2025 aviation sector growth analyses in Woody et al.
(2011) and Levy et al. (2012) to isolate impacts from individual
airports (Levy et al., 2012; Woody et al., 2011). To minimize computa-
tional resource requirements, airports with non-overlapping sensitivity
footprints were combined into groups (Table S2). In total, 31 model
runs were conducted: one each for the 30 groups containing the 66
airports, plus a single additional run simulating the total contributions
of all airports in the modeling domain.

CMAQ v.4.7.1 instrumented with DDM in three dimensions (DDM-
3D) was used to generate sensitivities of PM2.5 and O3 concentrations to

S.L. Penn et al. Environmental Research 156 (2017) 791–800

792



emissions from individual airports. This was the most recent working
version of CMAQ available at the time of our modeling that included
DDM functionality. CMAQ has been applied and validated extensively
for landing and takeoff (LTO) emissions, within the lowest 3000 feet
(Arunachalam et al., 2011; Ashok et al., 2013; Woody et al., 2011,
2015; Barrett et al., 2012; Rissman et al., 2013a, 2013b; Woody and
Arunachalam, 2013; Vennam et al., 2015). Chorded aircraft LTO
emissions (individual flight segments in 3-D space) data from the FAA's
Aviation Environmental Design Tool (AEDT) (Roof et al., 2007;
Wilkerson et al., 2010) were linked to the airport of arrival and
departure, respectively. Airport-specific LTO emissions data were then
gridded into 36 km x 36 km cells covering the continental US using
AEDTProc, a post-processing tool to adapt AEDT outputs for direct use
in CMAQ (Baek et al., 2012). Other airport related emissions such as
ground-support equipment and traffic-related emissions at the airport
were modeled as part of the background emissions in the base case. We
used meteorological inputs from the Weather Research Forecast (WRF)
model and emissions inputs from all sources (anthropogenic and
biogenic) for the year 2005 processed through the Sparse Matrix
Operator Kernel Emissions (SMOKE) modeling system to predict
ambient concentrations, using January and July to represent the winter
and summer seasons respectively. An 11-day spin-up period preceding
each month was simulated to provide initial conditions, but these were
discarded while computing the January and July monthly average
concentrations, which were aggregated to represent an annual average
estimate. For PM2.5 constituents, 24-h average values were reported,
while for O3, daily maximum 8-h values were reported and utilized in
health risk calculations. More detail about CMAQ modeling and input
datasets, and an evaluation of CMAQ predictions against ambient
observations is provided in the Supporting Information.

2.3. Separation of individual airport concentration surfaces

To separate the contribution of individual airports within a DDM
run, we developed and applied image segmentation techniques using
MATLAB 8.1.0, R2013a (MathWorks, Natick, MA). The algorithm used
an iterative region growing technique with threshold values for

inclusion, which continued until at least 95% of the total mortalities
from the run were included and the threshold values were less than
10% of the maximum nearby concentration for all airports. The
algorithm accounted for both positive and negative concentrations, as
seen for secondary pollutant formation, and had modules to ensure that
smaller airports could have the full extent of their health impacts
captured. More detail on the image segmentation algorithm can be
found in the Supporting Information.

2.4. Health damage function modeling

To determine the relationship between the change in air quality
associated with individual airport emissions and human health impacts,
we used standard health damage function modeling approaches:

∑ ∑y y e PopΔ = ( ( −1)∙ )
i

N

j

M

ij
β Δx

ij
=1 =1

0
∙ ij

where i is row number, j is column number, N is total number of rows
and M is total number of columns in the CMAQ grid. Δy is the change in
mortality across the continental US, y0 is the all-cause baseline
mortality incidence rate in grid cell ij, β is the concentration-response
function as derived from the epidemiological literature, Δx is the
change in air quality for a given precursor in grid cell ij, and Pop is
the population of interest in grid cell ij. For PM2.5, we applied a 1%
increase in mortality associated with a 1 μg/m3 increase in annual
ambient PM2.5 concentrations, a central estimate used in many previous
health damage function models that is consistent with expert opinions
and bounded by reported values from major cohort studies (Krewski
et al., 2009; Laden et al., 2006; Schwartz et al., 2008; Pope et al., 2002;
Jerrett et al., 2005; Roman et al., 2008). For O3, we developed a
concentration-response function central estimate of a 0.4% increase in
daily mortality per 10 ppb increase in daily 8-h maximum O3

concentrations, based on an average of five major meta-analyses or
multi-city studies (Bell et al., 2004; Ito et al., 2005; Ji et al., 2011; Levy
et al., 2005; Bell and Sarnet, 2005). County-resolution populations and
baseline mortality rates for individuals age 25 and over were retrieved
from CDC WONDER for 2001–2010 (Centers for Disease Control and

Fig. 1. Map of 66 airports for which health damage functions were developed.
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Prevention, 2015) to estimate mortality for 2005. Using ArcMap v.10.1,
mortality rate and population data by county were projected as Lambert
conformal conic and intersected with CMAQ grid cells, assuming
uniform density of population and mortality rates within counties.
Health damage functions were calculated for summer and winter
months separately to examine seasonal variability, as well as on
average per year by assuming that each of the January and July
concentration surfaces represented half of the year.

2.5. Regression modeling

The goal of regression modeling for health damage functions for
each precursor-pollutant relationship is two-fold. We aim to a) quantify
and understand the variability between health damage functions, and
b) use physically interpretable predictors to allow for future extrapola-
tion of health damage function values to unmodeled airports across the
US. Physically interpretable independent variables included downwind
population, or population in the direction of prevailing wind from the
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Fig. 2. Boxplots of health damage functions (premature mortalities per 1000 t of precursor emissions) for 66 individual airports, for both January (winter) and July (summer) emissions.
Panel a shows primary PM2.5 precursors; Panel b secondary PM2.5 precursors, and Panel c O3 precursors. Boxplots show 5th, 25th, 50th, 75th, and 95th percentile values with horizontal
lines, and dots show values outside of the 5th/95th percentiles.
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source, and upwind population, or population in the direction of non-
prevailing wind from the source, atmospheric chemistry regimes, and
meteorology.

After testing correlation between population cut points and health
damage functions, population variables were created by calculating
population within 100 km, 100–500 km, and 500–1200 km of each

airport using ArcMap v.10.1. Background concentrations of NOx, VOCs,
SO4, NO3, and NH4 including all sources other than aviation emissions,
as well as air temperature, were averaged over these same population
domains. Wind vectors were averaged over each domain and used to
determine the prevailing wind direction for each airport. Each of the
wind variables, as extracted from the WRF outputs used to drive CMAQ,

Fig. 3. Annual premature mortalities per year for each of the 66 individual airports, by precursor pollutant.
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were broken into downwind, defined as the quadrant in which the wind
was most often directed (prevailing wind direction), and upwind,
defined as the three quadrants (270°) in which the wind was not most
often directed (noting that the wind blows in these directions an
appreciable amount of the time) (non-prevailing wind direction). SO4

(total sulfates, including aerosol SO4, H2SO4, and other intermediate
compounds), NO3 (total nitrates, NO3 aerosol and HNO3), and NH4

(total ammonium, aerosol NH4 and aqueous NH3) background concen-
trations were combined into two variables: the molar ratio between
SO4/NH4 and the molar ratio between NO3/NH4 for inclusion in
secondary PM2.5 models. These were intended as surrogates for atmo-
spheric chemistry regimes and the likelihood that a region was
ammonia-limited, acknowledging that comprehensive characterization
of gas-aerosol dynamics is impractical in a reduced-form regression
model. VOC and NOx background concentrations were combined as the
ratio of VOC/NOx for inclusion in O3 models. A categorical variable
defining whether an airport lies east or west of the Rocky Mountains
was also tested to account for meteorological differences.

Due to the small sample size, predictor variables were tested in
models based on a priori assumptions. Population variables were tested
first, then interactions between population variables and meteorologi-
cal and chemistry terms were tested. Meteorological and chemistry
predictors were included only as interaction terms with population
variables, as health risk will only occur in the presence of an exposed
population. Best-fit models were created for each of the 8 precursor-
pollutant pairs, with p<0.05 and variance inflation factors between
model predictors less than 3, indicating a lack of multicollinearity
between predictors. Within each model, data points with studentized
residuals> 3 or Cook's D> 1 were determined to be influential points
and were removed. As a sensitivity analysis, regression models were re-
run including influential points to ensure model conclusions were not
changed. Statistical analyses were carried out using SAS v.9.3.

3. Results

3.1. Health damage functions

Health damage functions varied across airports for each precursor-
pollutant relationship modeled, as well as across the different types of
precursor-pollutant relationships and across seasons (Fig. 2). As shown
in Fig. 2, for primary PM2.5 precursors, there is limited seasonality in
health damage functions, and the airports with the largest values are
located near large population centers like Los Angeles and New York
City (Table S3). On the other hand, for secondary PM2.5 from NOx
emissions, the largest health damage functions are often in less densely
populated areas where there may be more available NH4, and the
January and July values are not highly correlated, indicating important
influences of seasonally-varying meteorology and ambient concentra-
tions (Fig. S1). The airports with the largest health damage functions
for secondary PM2.5 from SO2 emissions include larger population
centers in the East and Midwest (Table S3), and the July health damage
functions are positively associated with those for secondary PM2.5 from
NOx, indicating common summertime drivers of secondary pollutant
formation (Fig. S2). Greater seasonal variability is seen across second-
ary PM2.5 precursors NOx and SO2 (Fig. 2). Patterns are less discernible
for health damage functions related to PM2.5 sensitivity to VOC
emissions. Health damage functions associated with O3 formation from
NOx emissions in January are largest in warmer climates while negative
values are found for most airports. In July, the largest health damage
functions associated with O3 formation from NOx emissions are at
smaller airports, which are typically located further from urban areas
and are therefore more likely to be NOx-limited (Table S3). Health
damage functions associated with O3 formation from VOC emissions
and from NOx emissions are inversely associated in January (Fig. 2), as
expected given the NOx-VOC-O3 system (Fig. S2).

The variable patterns among health damage functions lead to
variable contributions of emitted pollutants to total health impacts

Table 1
Summary of regression models linking health damage functions (premature mortalities per 1000 t of precursor emissions) for individual modeled airports with population and other
predictors. These regression models are applied as, for example, Premature Mortalities per 1000 t Associated with PM2.5 from PEC in January =β1*(Downwind population< 100 km
from source) +β2*(Upwind population between 100 km and 500 km from source).

PEC-PM2.5 POC-PM2.5 PSO4-PM2.5 NOx-PM2.5 SO2-PM2.5 VOC-PM2.5 NOx-O3 VOC-O3

January
R2 0.62 0.62 0.42 0.40 0.32 N/A 0.38 0.40
Population terms
Downwind<100 km + + + –
Downwind 100–500 km +
Downwind 500–1200 km +
Upwind<100 km
Upwind 100–500 km + + + – –
Upwind 500–1200 km –

Interaction terms
SO4/NH4 ratio> 0.5 – +
Air temperature> 65 °F +
VOC/NOx ratio> 15

July
R2 0.28 0.26 0.36 0.72 0.44 0.19 0.49 0.20
Population terms
Downwind<100 km + + + – –
Downwind 100–500 km + + + +
Downwind 500–1200 km +
Upwind<100 km – +
Upwind 100–500 km + + + + – +
Upwind 500–1200 km +

Interaction terms
SO4/NH4 ratio> 0.5 +
Air temperature> 65 °F
VOC/NOx ratio> 15 +

Shaded boxes indicate p<0.05. SO4/NH4 ratio>0.5 indicates areas where less NH4 is available to react with SO4 or NO3 species. Air temperature> 65°F is favorable for O3 formation.
VOC/NOx ratio> 15 is a highly NOx-limited regime that requires NOx for O3 formation. Detailed regression models are provided in Supporting Information Tables S5-S7.
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across individual airports. For example, while NOx emissions are
associated with 71% of the estimated 100 premature mortalities per
year across the 66 airports, the percentage contribution of NOx to
health impacts ranges from 18% to 90% across airports (Fig. 3). The
airports that contribute most to total health impacts are typically high-
emitting airports located in and around dense urban areas, with health
impacts dominated by primary PM2.5 and NOx emissions given the
relatively higher emissions of these pollutants (Table S4). That said,
some higher-emitting airports contribute relatively less to total health
impacts because of lower health damage functions (e.g., DFW, LAS),
while other airports that emit less contribute relatively more because of
higher health damage functions (e.g., PHL, IAD). In total, these 66
airports account for 85% of total mortality risk from LTO emissions
from all 145 regional-and-larger airports.

3.2. Regression models

Linear regression models for health damage functions for each
precursor-pollutant relationship include population, meteorology, and
chemistry predictors (Table 1, Tables S5-S7). Across primary PM2.5

models, downwind population within 100 km of the airport and both
downwind and upwind population 100–500 km from the airport are
predictive of health damage functions. Models provide better fit for
January versus July. Sensitivity analyses of models with 1–2 influential
points removed indicate parameter estimates changed slightly with
inclusion of each point, though predictor variables remained significant
in each model. In the model for secondary PM2.5 related to NOx in
January, downwind populations 500–1200 km from the airport predict
increased health damage functions only if the SO4/NH4 molar ratio is
less than 0.5. Upwind populations 500–1200 km from the airport are
negatively associated with the health damage function. In July, the
health damage functions from secondary PM2.5 related to NOx are
associated with population 100–1200 km from the airport. For second-
ary PM2.5 related to SO2 in January, the health damage function is
positively associated with the upwind population 100–500 km from the
airport only if the SO4/NH4 molar ratio exceeds 0.5. In July, the upwind
population 100–500 km from the source remains significant but is
diminished with a SO4/NH4 molar ratio over 0.5, and the downwind
population within 100 km of the airport is significant and has a
heightened effect with a SO4/NH4 molar ratio over 0.5. For PM2.5

related to VOC in July, the downwind population within 100 km of the
airport increases health damage functions. No defined independent
variables were predictive of health damage functions associated with
VOC-related PM2.5 in January.

Health damage functions for NOx-related O3 are increased in
January where downwind populations within 100 km of the airport
are exposed to average temperatures greater than 65°F, and decreased
downwind at lower temperatures and in the far field upwind.
Downwind populations within 100 km of the airport similarly de-
creased health damage functions for NOx-related O3 in July, with a
lesser decrease where the VOC/NOx ratio is greater than 15 and a
positive contribution from upwind populations 100–500 km from the
airport. Health damage functions for VOC-related O3 are increased in
the far field in January, though decreased where populations are
exposed to high VOC/NOx ratios 500–1200 km downwind. In July,
downwind populations within 100 km of the airport experience de-
creased health damage functions, while those upwind within 100 km of
the airport experience increased health damage functions.

4. Discussion

This work provides airport-specific health damage functions for 66
of the highest fuel-burning commercial airports across the continental
US, making use of a comprehensive chemistry-transport model to trace
emissions from each airport and determine its impacts on PM2.5 and O3.
Regression models explain variability in these modeled functions to

varying degrees, using population, atmospheric chemistry, and meteor-
ological terms based on prevailing wind directions at each airport.

4.1. Health damage function analysis

Health damage functions for primary PM2.5 are generally consistent
with one another and display limited seasonality, as anticipated for
directly-emitted particles. The one difference is for PSO4 in January,
which has a somewhat lower health damage function than for PSO4 in
July or than the other primary constituents. This can be explained by
the manner in which CMAQ treats sulfate production. Based upon an
analysis of SO2 and PSO4 emissions, we assume that about 1% of all
sulfate aerosol is from primary, and the rest from secondary processes
such as oxidation of SO2 to sulfuric acid and then to sulfate aerosol at
downwind distances. However, this production of secondary sulfate
that is favored under warmer temperatures is enhanced during summer
months. This may account for the differences in health damage
functions between January and July for PSO4, though the annual
average is similar to PEC and POC. In general, the airports with
elevated primary PM2.5 health damage functions are those with large
downwind populations, as anticipated.

Health damage functions for secondarily-formed PM2.5 and O3 vary
more between seasons due to ambient conditions that impact pollutant
formation. Health damage functions for SO2-related PM2.5 in January
are lower on average than those in July due to warm weather
transformation of SO2 emissions to ammonium sulfate particles as well
as because of the influence of the O3 pathway on secondary particulate
formation, which is captured in CMAQ v.4.7.1. Ambient O3 increases
OH radical concentrations in the atmosphere which react with SO2 to
form sulfate particles, increasing PM2.5 concentrations. In addition,
sulfate formation, and thus PM2.5, is also enhanced by five sulfur
oxidation reactions, including those by O3 and H2O2 in the aqueous
phase (Sarwar et al., 2013). Similarly, although fine particle nitrates
form when the weather is colder, because of the influence of the O3

pathway in July, health damage functions for NOx-related PM2.5

display limited seasonality. Health damage functions for PM2.5 related
to VOC emissions are higher in January, as these volatile and semi-
volatile compounds transform from gas to particle phase more readily
at lower temperatures. These complexities and dependence on ambient
conditions lead to the airports with the highest primary PM2.5 health
damage functions not necessarily having the highest secondary PM2.5

health damage functions, especially given urban-rural differences in
both population patterns and background pollutant concentrations.

Ozone-related health damage functions are lower on average than
those for both primary and secondary PM2.5, related in part to the fact
that concentration-response functions were derived from cohort mor-
tality studies for PM2.5 but time-series studies for O3, as done elsewhere.
In January, NOx emissions decrease O3-related health risks in many
locations, as low-temperature conditions are not conducive to O3

formation. In July, however, health damage functions for O3 related
to NOx are positive in most locations. VOC-related O3 has higher health
damage functions in January than July, as there may be relatively more
NOx than VOCs in winter (in part because of increased biogenic VOCs
in the summer), and airport-related VOC emissions may form more O3.

4.2. Comparison of airport health damage functions with other studies

While few previous studies generated comparable health damage
functions, we can provide insight regarding the interpretability of our
values by comparing with related studies. For example, Levy et al.
(2012) used CMAQ v.4.6 to model national health risks from aviation
emissions, both with and without application of the Speciated Modeled
Attainment Test (SMAT) for improved estimation of speciated compo-
nents of PM2.5. Total annual mortality risks from our study are nearly
identical to the comparable pre-SMAT value in Levy et al. when using
identical emissions datasets, in spite of the use of different versions of
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CMAQ, DDM vs. brute force, and other model input differences. Health
damage function estimates are not directly comparable because of the
need to approximate individual precursor contributions from Levy et al.
by assigning all ammonium sulfate to SO2 emissions and all ammonium
nitrate to NOx emissions. That said, comparing pre-SMAT values, our
PM2.5 damage function estimates are similar for NOx but significantly
lower for SO2. Interestingly, while older versions of CMAQ and older
atmospheric models found PM2.5 health damage functions associated
with SO2 emissions to be an order of magnitude greater than PM2.5

health damage functions associated with NOx emissions (Levy et al.,
2009, 2012), a more recent application using CMAQ v.4.7.1 for power
plants found only a factor of two difference, consistent with our
estimates (Buonocore et al., 2014). CMAQ v.4.7.1 accounts for path-
ways of secondary PM2.5 formation from NOx emissions that were not
captured adequately in older models, related to the O3 cycle, though
limitations remain in comparison to more recent versions of CMAQ
(and in general).

4.3. Regression model analysis

Although 85% of national aviation mortality risks were associated
with emissions from 66 airports, our regression models can allow for
the airports contributing the remaining 15% of mortality risk to be
included in future analyses, albeit with greater uncertainty. While some
regression models do not sufficiently capture variability or have a
challenging interpretation, they are grounded in predictors like popula-
tion patterns and improve upon approaches that would either exclude
these airports entirely or assign them the average of the modeled
airports’ health damage functions, which would lead to biases in local
and national assessments. Primary PM2.5 regression models are similar
in structure to one another and directly interpretable, with near-field
(< 100 km) and regional-scale (100–500 km) populations influencing
health damage functions with much larger coefficients in the near-field.
The significance of upwind but not downwind populations 100–500 km
is challenging to interpret but could be explained by inconsistent wind
patterns in certain locations, making this metric less robust in certain
areas than others, and different meteorological conditions (e.g., wind
speed, atmospheric stability) during the times when the winds blow
against the prevailing direction (recalling that winds blow in the
“upwind” direction an appreciable fraction of the time).
Interpretation of secondary PM2.5 regression models is at times more
difficult, and stability of parameters would likely benefit from a larger
sample size. In general, health damage functions for secondary PM2.5 in
the winter are more associated with the sulfate-nitrate-ammonium
system than in the summer, which is consistent with the importance of
the O3 pathway. Health damage functions for secondary PM2.5 asso-
ciated with VOC emissions are more difficult to characterize, especially
in January, reflecting the complexity of SOA formation that may not be
completely captured in CMAQ v.4.7.1. Comparisons of total modeled
and measured concentrations find systematic downward bias for SOA,
but not other constituents, especially in states west of the Rockies.

The regression models predicting O3-related health damage func-
tions are generally consistent with known atmospheric factors influen-
cing O3 formation, but with some interesting deviations. In the near
field, NOx emissions lead to decreased mortality risk except in warmer
climates in January, as local O3 is being scavenged. VOC emissions lead
to increased O3 health damages at the regional scale, but there is an
inverse association in the near field in July. This finding is curious, as
we would expect areas near airports to be VOC-limited and O3

formation to be increased in those areas – the inverse of the relationship
with NOx and O3 in the near field. Additionally, the relatively coarse
36 km x 36 km resolution of this model may reduce the likelihood of
NOx-saturated / VOC-limited conditions. This emphasizes some of the
limitations in drawing direct causal inferences from our regression
models. Broadly, given regression models with relatively low R2, there
would be appreciable uncertainties in applying these models to predict

health risks from individual unmodeled airports, although the uncer-
tainties in a sector-wide analysis would be smaller and the estimates
would improve upon available information.

4.4. Limitations and conclusions

Despite the novel attributes of this study, there are some limitations.
The ideal approach would be to model each airport individually using
CMAQ-DDM over an entire year. Due to computational constraints, we
limited our analysis to two months chosen to be representative of
opposing meteorological and atmospheric conditions. While non-ideal,
this approach has been successfully adopted in prior studies, and our
analyses of baseline concentrations demonstrate minimal difference
between 12-month concentrations and an average of January and July
(Fig. S3). Modeling multiple airports per run created challenges in
separating the impacts of the individual airports, and our algorithm
deliberately omitted a fraction of total health impacts to ensure plume
separability and a definitive determination of the exact source. That
said, the sum of individual airport mortalities was never less than 95%
of the total captured by the entire run, so the downward bias is likely
modest. Similarly, computational constraints kept us from being able to
model all airport emissions across the US. We can therefore only fully
describe the spatial patterns of mortality risk for a subset of airports and
have relatively increased uncertainty in the total health damages for
unmodeled individual airports, although these airports only comprise
15% of national health impacts.

While application of DDM improves upon brute force modeling
approaches in multiple ways and has been shown to yield more
spatially interpretable estimates, especially for small changes in pre-
cursor emissions, DDM has some limitations. First, we computed only
first-order sensitivities. More recent versions of CMAQ (v.5.0.2) have
higher-order DDM capabilities, and one could explore this along with
additional cross-sensitivities to better capture potential interactions
between precursors of secondary PM2.5. More recent versions of CMAQ
also better capture the pathways by which SO2 and NOx can influence
SOA formation, an important limitation in our estimates. Furthermore,
CMAQ outputs from typical applications for assessing emissions reduc-
tions scenarios are post-processed with SMAT for adjusting biases and
improved characterization of the speciated PM2.5 components.
However, since CMAQ-DDM outputs are sensitivities due to a specific
input parameter, we could not apply the SMAT process on the modeled
sensitivities.

To calculate health impacts for CMAQ-defined grid cells, we
assumed population density and baseline mortality rates to be uniform
within counties, which may have led to misattributed health damage
estimates in specific cells but with limited influence on total population
estimates given the large spatial extent of impact. In addition, we
assumed linearity in the concentration-response functions as well as
equal toxicity of all particle constituents. This is consistent with current
practice and allowed for internally consistent comparisons, but poten-
tially contributes some uncertainty to our findings.

In spite of these limitations, our combination of a sophisticated air
chemistry-transport model and a complex image segmentation techni-
que allowed us to isolate the contribution of individual airports to PM2.5

and O3 concentrations and corresponding health effects. Our findings
indicated heterogeneity within and between precursor pollutants,
explained by population patterns combined with temperatures and
background concentrations. While aviation sources contribute mini-
mally to the total air pollution health burden in the US, estimated as
greater than 100,000 premature mortalities annually (Fann et al., 2012)
with contributions from power plants and residential combustion each
exceeding 10,000 premature mortalities annually (Penn et al., 2017),
air pollution management strategies for aviation and other source
sectors should take account of variable health damage functions to
yield health-maximizing emissions control policies.
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