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a b s t r a c t
We estimated PM2.5-related public health impacts/ton emitted of primary PM2.5, SO2, and NOx for a set of power
plants in the Mid-Atlantic and Lower Great Lakes regions of the United States, selected to include varying emission proﬁles and broad geographic representation. We then developed a regression model explaining variability
in impacts per ton emitted using the population distributions around each plant. We linked outputs from the
Community Multiscale Air Quality (CMAQ) model v 4.7.1 with census data and concentration–response functions for PM2.5-related mortality, and monetized health estimates using the value-of-statistical-life. The median impacts for the ﬁnal set of plants were $130,000/ton for primary PM2.5 (range: $22,000–230,000), $28,000/
ton for SO2 (range: $19,000–33,000), and $16,000/ton for NOx (range: $7100–26,000). Impacts of NOx were a
median of 34% (range: 20%–75%) from ammonium nitrate and 66% (range: 25%–79%) from ammonium sulfate.
The latter pathway is likely from NOx enhancing atmospheric oxidative capacity and amplifying sulfate formation, and is often excluded. Our regression models explained most of the variation in impact/ton estimates
using basic population covariates, and can aid in estimating impacts averted from interventions such as pollution controls, alternative energy installations, or demand-side management.
© 2014 Elsevier Ltd. All rights reserved.

1. Introduction
Ambient ﬁne particulate matter (PM2.5 — particles with aerodynamic
diameter ≤2.5 μm) has been linked to higher risks of all-cause, cardiovascular, and lung cancer mortality (National Research Council, 2010; Pope
and Dockery, 2006; Pope et al., 2002; Schwartz et al., 2008; Zanobetti
and Schwartz, 2009); in 2005, this amounted to between 130,000 and
320,000 excess deaths in the United States (U.S.) (Fann et al., 2012b).
A substantial portion of ambient PM2.5 in the U.S. is attributable to
electricity generation with fossil fuels. In 2005, electricity generation
was responsible for 69% of sulfur dioxide (SO2) and 17% of nitrogen
oxide (NOx) emissions, both of which form PM2.5 through secondary
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atmospheric chemistry, and for 19% of primary PM2.5 emissions, and
projections indicate that electricity generation will continue to be a
substantial contributor to these emissions in upcoming years (Fann
et al., 2012a; U.S. Environmental Protection Agency).
Public health impacts of emissions from power plants in the U.S.
have been examined recently at a variety of scales, and using different
atmospheric chemistry and transport models (Epstein et al., 2011;
Fann et al., 2009, 2012a,b, 2013; Levy and Spengler, 2002; Levy et al.,
2002, 2003; Machol and Rizk, 2013; Muller and Mendelsohn, 2009;
Muller et al., 2011; National Research Council, 2010; U.S. Environmental
Protection Agency Ofﬁce of Air Quality Planning and Standards, 2006;
U.S. Environmental Protection Agency Ofﬁce of Air and Radiation,
2011a,b; U.S. EPA Ofﬁce of Air Quality Planning and Standards, 2009;
Weber et al., 2010). These studies have generally used one of two
approaches: 1) reduced-form atmospheric chemistry and transport
models to produce impact/ton estimates for a large set of individual
power plants; 2) response-surface models (RSM) derived from a series
of speciﬁcally-designed Community Multiscale Air Quality (CMAQ)
model simulations that provide impact/ton estimates for a generalized
set of source classes (including fossil-fuel power plants and many
other sources) in different regions in the U.S. (Arunachalam et al.,
2011; Byun and Schere, 2006; Fann et al., 2009, 2012a,b; Levy et al.,
2012; U.S. Environmental Protection Agency Ofﬁce of Air Quality
Planning and Standards, 2006). CMAQ is a well-vetted, peer-reviewed,

J.J. Buonocore et al. / Environment International 68 (2014) 200–208

comprehensive atmospheric chemistry and transport model that includes complex chemical pathways for secondary PM2.5 formation and
interactions with background chemistry and other emission sources
(Arunachalam et al., 2011; Byun and Schere, 2006; Levy et al., 2012).
While CMAQ has many strengths, applying it to estimate impacts individually for a large number of sources would be a time- and resourceintensive process (Fann et al., 2012a,b). Recent innovations using
CMAQ, such as the decoupled direct method (DDM), can potentially
allow for greater source-speciﬁc impact assessment, but such methods
remain too computationally intensive to characterize all individual
sources within a large geographic domain (Bergin et al., 2008; Itahashi
et al., 2012).
Studies using both reduced-form models and CMAQ RSM outputs
produced monetized estimates of impact/ton emitted for fossil-fuel
power plants, and found that they varied widely among regions and
emitted pollutants (Fann et al., 2009; Levy et al., 2009; Muller and
Mendelsohn, 2007, 2009; Muller et al., 2011; National Research
Council, 2010). This variability is largely due to plant location, which determines both meteorological and geographical conditions and population distributions around the plants (Levy et al., 2009; Muller and
Mendelsohn, 2007, 2009; Muller et al., 2011; National Research
Council, 2010). The reduced-form models can provide estimates for individual power plants, therefore including variability among plants and
within region, but they have simpliﬁed meteorology and do not include
many complex chemical pathways of secondary PM2.5 formation (Greco
et al., 2007; Innovative Strategies and Economics Group, Ofﬁce of Air
Quality Planning and Standards, U.S. Environmental Protection
Agency, 1999; Levy et al., 2009; U.S. Environmental Protection Agency,
1999). As a result, these models may mischaracterize how emissions affect PM2.5 concentrations downwind, especially at long distances from a
source. Since a substantial part of the health impact from an emission
source can occur beyond 500 km from the source (Levy et al., 2002,
2003), accurately modeling the contribution of emissions to PM2.5 concentrations at these distances is critical. Studies to date using RSM provide impact/ton estimates by source class and region that include
complex atmospheric chemistry and better characterization of impacts
far from the source, but provide estimates based on source region, not
an individual source's location (Fann et al., 2009, 2012a,b; U.S.
Environmental Protection Agency Ofﬁce of Air Quality Planning and
Standards, 2006). These estimates omit potential variation within a region, and may also not represent sources located outside modeled
source regions well. Additionally, the impact/ton estimates generated
in these studies often do not include impacts of PM2.5 that has crossed
national boundaries, which could contribute substantially to the total
public health impact of a source.
In this study, we used CMAQ 4.7.1 to estimate PM2.5-related health
impacts/ton emitted for primary PM2.5 as well as NOx and SO2 (through
secondary PM2.5 formation) from each of a set of power plants in one region. We then used these estimates to develop regression models that
predict impacts/ton emitted for primary PM2.5, NOx, and SO2, considering as predictors stack characteristics, meteorology, and the population
distribution around each plant. The output of these regression models
provides a method to calculate CMAQ-based impact estimates for primary PM2.5, NOx, and SO2 emissions based on an individual source's
emissions and location. This allows for comparison of impacts of different emitted pollutants and different sources, and the regression models
can be used to estimate impacts of other emissions sources in the region. These estimates can be used in both policy and intervention design
and beneﬁt–cost analyses for interventions.
We developed this model using a set of plants within the lower
Great Lakes and Mid-Atlantic region of the U.S. This region contains a
large concentration of fossil energy facilities (U.S. Environmental
Protection Agency, 2013), has elevated air pollution levels and a large
number of at-risk individuals downwind, and is affected by current
and pending state and federal regulations (Innovative Strategies and
Economics Group, Ofﬁce of Air Quality Planning and Standards, U.S.
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Environmental Protection Agency, 1999; U.S. Environmental
Protection Agency Ofﬁce of Air Quality Planning and Standards Health
and Environmental Impacts Division, 2011; U.S. Environmental
Protection Agency Ofﬁce of Air and Radiation, 2011b; U.S. EPA Ofﬁce
of Air Quality Planning and Standards, 2009).
2. Methods
2.1. Scenario design and rationale
The two main goals of this study were to: 1) estimate the total public
health impacts and impacts/ton emitted for primary PM2.5, NOx, and SO2
for a set of power plants in the Mid-Atlantic and Lower Great Lakes region of the U.S., and 2) develop a regression model from these estimates
predicting impacts/ton based on plant attributes, prevailing meteorology, and population distribution around each plant, allowing for application throughout the region.
A CMAQ simulation includes effects of all emission sources within its
domain, but its standard implementation does not explicitly track the
contributions of individual emission sources. Isolating the effects of an
individual emission source using “brute force” methods would require
a baseline scenario that included all sources in the domain, and a case
scenario exactly the same as the baseline scenario except with the emissions from that source set to zero. Subtracting each case scenario PM2.5
surface from the baseline PM2.5 surface would therefore produce surfaces with PM2.5 concentrations attributable to the zeroed source. The
resulting surfaces would have concentrations of primary PM2.5 species
attributable to primary PM2.5 emissions from the source, and concentrations of secondary PM2.5 species attributable to SO2 and NOx emissions
from the source. However, this alone would not allow separation of
the inﬂuences of SO2 and NOx emissions, since SO2 and NOx emissions
have a common inﬂuence on ambient concentrations of ammonium
sulfate and nitrate. Producing separate surfaces for SO2 and NOx
would require using two separate case scenarios, with different emissions zeroed. We applied this in our analytical design by removing
both SO2 and NOx from one of the case scenarios, and just NOx from
the second. To determine the inﬂuence of SO2 alone, we subtracted
the inﬂuence of NOx from the inﬂuence of both pollutants combined.
The inﬂuence of a source could therefore be adequately represented
using a baseline scenario and two case scenarios with differing emissions removed.
Ideally, we would have two case scenarios for every power plant in
our domain, but we were constrained to 40 case runs. If we only isolated
one power plant per case run, we would be restricted to 20 sources with
two case scenarios per source. To include more plants in the analysis, we
allowed for more than one plant to be removed in each case scenario
and developed a statistical method to separate the inﬂuence of each
source. To assign plants to scenarios, we ﬁrst placed each of the 20
highest SO2-emitting plants in the region in one of the 20 case scenario
pairs. All emissions were removed in the ﬁrst of each pair, and only NOx
and primary PM2.5 were removed in the second of the pair. We then included between one and three additional plants in 18 of the 20 case scenario pairs. Additional plants were selected to represent the full range of
plants in the region, including a variety of geographic locations, emission rates, and stack heights. Plants were assigned to case scenario
pairs with as much geographic separation as possible to minimize
plume overlap. To further enhance our ability to separate the contributions of each plant in a case run, we zeroed the opposite set of emissions
from what was zeroed for the initial plant (if the ﬁrst plant had all pollutants zeroed, the additional plants had NOx and primary PM2.5 zeroed,
and vice versa). Within the additional plants, we included a subset of
power plants with very low emissions to determine a potential threshold below which power plants could not be reasonably characterized
using this scenario design and statistical separation methodology. Our
ﬁnal sample for the 20 case scenario pairs consisted of 51 power plants.
Scenario assignments are provided in Tables S1–S2.
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2.2. Method overview
With this scenario design, we implemented a 5-step analysis to
estimate the public health impacts from emissions from our 51 power
plants, develop estimates of impact/ton for each plant and emitted
pollutant, and develop our ﬁnal regression model predicting each
impact/ton based on the stack characteristics, prevailing meteorology,
and population distribution around each source. Each of the ﬁve
sections that follow describes each step in detail, and an overview of
the methodology is described below:
1. We simulated the 20 pairs of case scenarios and one baseline
scenario (with no sources removed) in CMAQ (41 scenarios
total), subtracting each case scenario from the baseline scenario
to isolate the contribution of the selected plants' emissions;
2. We aggregated the speciated CMAQ output to primary and
secondary PM2.5 (assignments in Table S3), and visually examined
the layers to determine a threshold below which low-emitting
plants were likely to be undetectable using our statistical
apportionment methodology;
3. We then separated the contribution of individual sources and
pollutants to produce surfaces representing primary PM 2.5 ,
secondary PM 2.5 from SO 2 , and secondary PM 2.5 from NO x
emissions from each plant. For scenarios with multiple emitting plants, we implemented a statistical method to apportion PM 2.5 concentrations between emitting plants, removing
plants for which the apportionment method did not meet
predeﬁned criteria;
4. We estimated the PM2.5-related health impacts of emissions
by linking U.S. and Canadian population and baseline mortality
data with a literature-based concentration–response function.
We calculated impacts/ton emitted for each pollutant and source,
and monetized these health impacts;
5. We created a ﬁnal regression model predicting impact/ton for
each emitted pollutant as a function of the stack characteristics,
meteorology, and population distribution around each plant.
We conducted two different diagnostic tests at different stages of the
analysis (detailed below) to examine and evaluate the performance of
the analytical methods, and included in our regression model-building
approach a methodology to remove plants that were either poorly
characterized or were inﬂuential points.
2.3. CMAQ simulations
We used 2005 emission data for SO2, NO2, volatile organic compounds (VOCs), carbon monoxide (CO), and PM2.5 from the U.S. EPA
National Emissions Inventory (NEI) (U.S. Environmental Protection
Agency) as inputs to the CMAQ modeling framework version 4.7.1
(Byun and Ching, 1999; Byun and Schere, 2006) using Mesoscale
Model 5 (MM5) version 3.7.4 (Grell et al., 1994), meteorology inputs
for the year 2005 and the sparse matrix operator kernel emissions
(SMOKE) version 2.7 modeling system for emission inputs (Houyoux
et al., 2000). The CMAQ model domain was the 240 × 279 Eastern U.S.
grid with 12 km × 12 km grid squares and simulations were run for
one model year.
2.4. CMAQ output post-processing
The CMAQ output provides surfaces with concentration estimates
for multiple particle constituents for each grid square, which we
aggregated to produce estimates of total annual primary PM2.5 and
total secondary PM2.5. Primary PM2.5 was the sum of PM2.5 elemental
carbon (PM_EC), PM2.5 as primary organic carbon (PM_POC), other
primary PM2.5 (PM_OTHER), sodium (PM_NA), chloride (PM_CL), and
primarily emitted sulfate and nitrate. As there are no secondary

formation pathways for PM_EC, we estimated primary sulfate and nitrate concentrations by multiplying PM_EC concentrations by the ratio
of PM_EC emissions to primary sulfate and nitrate emissions. The ratio
of these emissions did not vary among our sources. These primary sulfate and nitrate concentrations were subtracted from total sulfate and
nitrate concentrations to calculate concentrations of secondary sulfate
and nitrate. Secondary PM2.5 is the sum of the PM2.5 fractions of secondary sulfate (PM_SO4), secondary nitrate (PM_NO3), and particulate
ammonium (PM_NH3) bound to either sulfate or nitrate, and secondary
organic carbon (PM_OC). Since ammonium is reported separately
in CMAQ, we apportioned ammonium particle mass to secondary
sulfate and nitrate using a standard post-processing methodology
described elsewhere (Arunachalam et al., 2011). Brieﬂy, we estimate
particulate ammonium (PM_NH4) bound to nitrate using the molar
ratio 0.29 × (PM_NO 3 ), and assign the remaining particulate
ammonium as being bound to sulfate. The secondary PM2.5 represented
those constituents inﬂuenced by gaseous SO2 and NOx emissions
and related changes to atmospheric conditions. All CMAQ output was
aggregated and apportioned with this approach, and the case scenario
surfaces were then subtracted from the baseline scenario surface to
produce “source-inﬂuence surfaces”. These surfaces provided PM2.5
concentrations attributable to all emissions removed in the case scenario. We visually inspected the PM2.5 source-inﬂuence surfaces using
scatterplots of concentration by distance from source as a ﬁrst screening
to determine what sources could be separated and if there was a threshold below which impacts could not be reasonably estimated given this
scenario design method to separate inﬂuence of individual sources.
Derivations and deﬁnitions of pollutant layers used in this analysis are
given in Table S2.
2.5. Separation of individual source contributions to primary PM2.5
Each primary PM2.5 concentration source-inﬂuence surface represents the contribution of all primary PM2.5 emissions from plants
of interest in the corresponding case scenario. For case scenarios
with more than one plant, we developed a statistical methodology
to apportion the contribution of each plant and produce separate
surfaces representing the contribution of primary PM2.5 emissions
from each plant.
First, we calculated the portion of total health impacts from primary
PM2.5 emissions in each case scenario pair within varying radii around
the plants, to determine whether our scenario design reasonably
separated impacts. We found a need to statistically separate plumes,
so we used a two-step process to separate plumes. These steps are
described in the following two sections in detail, and an overview
is given below:
1. We approximated distance-dependent relationships from each
source in these scenarios.
2. We used these distance-dependent relationships to determine
the relative contribution of each source to concentrations in
the source-inﬂuence surface, and use these relative contribution estimates to apportion the source-inﬂuence surface to
each plant.
2.5.1. Distance-dependent relationships of PM2.5 concentrations from
each source
To develop the distance-dependent relationship, we approximated a
“capture radius” for each source-inﬂuence surface as half the shortest
distance between any two plants in a scenario, assuming that within
this distance from each plant, elevated PM2.5 concentrations would be
largely attributable to that plant. Starting with the highest-emitting
plant in the scenario, we used the grid cells within the “capture radius”
of the plant to ﬁt a distance-dependent function for primary PM2.5
concentrations in 8 cardinal directions, using the nls function in R
version 3.0.2 (R Core Team, 2014). The function is patterned after the
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function used by Baker and Foley (2011), and replicates expected patterns of pollutant fate and transport.
Emission contribution ¼

β1
1 þ ðβ2  distanceÞ

This function, with the plant's ﬁtted parameters, was then used to
generate a surface representing the contribution of that plant to PM2.5
throughout the source-inﬂuence surface. This statistically-derived
surface was subtracted from the source-inﬂuence surface to produce a
remainder surface that represents the primary PM2.5 concentrations
from all the other sources of interest in the scenario. This procedure
was then repeated for the remaining plants in the scenario, in order of
decreasing emissions and starting with the previous plant's remainder
surface, resulting in a series of statistically-derived surfaces representing
the inﬂuence of each plant of interest in the scenario.
2.5.2. Determining relative contributions of each source to the sourceinﬂuence surface
We used these statistically-derived surfaces to apportion the initial
source-inﬂuence surface among plants of interest represented in that
surface. We created surfaces that represent the proportion of the
source-inﬂuence surface that is attributable to each plant in the
scenario by dividing each statistically-derived surface by the sum
of all statistically-derived surfaces. Finally, we multiplied each
proportion surface by the initial source-inﬂuence surface to produce
a set of separate surfaces representing primary PM2.5 concentrations
from each source in the scenario.
This process statistically separates each source-inﬂuence surface
into components representing the contribution of each source, while
still directly linking estimates for each plant to the original surface and
ensuring that the sum of the contributions of the individual plants in
the run will always equal the total of the surface. While this approach
clearly simpliﬁes the complex spatially-dependent associations within
CMAQ, it provides a reasonable estimate of the portion of the scenario
health impacts attributable to each source.
2.6. Separation of individual source contributions of NOx and SO2 emissions
To produce similar surfaces for both SO2 and NOx for each plant,
we ﬁrst produced a surface representing secondary PM2.5 from SO2
emissions from each plant of interest by subtracting the second
source-inﬂuence surface of each pair from the corresponding ﬁrst
source-inﬂuence surface of the pair. We then calculate the absolute
value of the layer to correct for the negative concentrations produced
by subtracting. To develop surfaces representing the inﬂuence of SO2
emissions from each plant, we applied the same statistical method
used for primary PM2.5. To develop surfaces representing secondary
PM2.5 from NOx, we subtracted the secondary PM2.5 from SO2 surfaces
from the total secondary PM2.5 surface. We then separate the inﬂuence
of each plant in each scenario using the same statistical procedure as
we did for primary PM2.5 and SO2, and develop separate surfaces
representing secondary PM2.5 from NOx for each plant. This provides
two NOx surfaces for each plant — one with NOx emitted alone, and
one with NOx co-emitted with SO2.
2.7. PM2.5 health impact assessment
We projected the CMAQ domain grid to USGS Lambert Conformal
Conic and intersected it with 2010 U.S. Census Tracts aggregated
to county level (U.S. Census Bureau) and 2011 Canadian Census Division
boundaries (Statistics Canada, 2013) using R version 3.0.2 (R Core Team,
2014) and the R package rgeos version 0.2-17 (Bivand et al., 2014). We
then calculated the population 25 years of age and over in each grid
square by determining the proportion of each U.S. Census County and
Canadian Census Division in each grid square, multiplying that by the
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population in each County or Division, and calculating total population
in each grid square. This assumes that population was evenly geographically distributed throughout either the U.S. Census county or Canadian
Census Division. Mortality rates within each grid square were then calculated using population-weighted average U.S. county-level mortality
rates for 1999–2010 from the U.S. Centers for Disease Control and Prevention WONDER database (U.S. Centers for Disease Control and
Prevention, National Center for Health Statistics, 2013) and average Canadian Division-level mortality rates for 1999–2010 (Statistics Canada,
2013).
The mortality attributable to each plant's emissions was then
calculated by merging the population data, baseline mortality rate, the
annual PM2.5 concentration surfaces for each emitted pollutant from
each plant, and a concentration–response function of a 1.06% increase
in mortality risk per 1 μg/m3 increase in annual average PM2.5 concentration (Roman et al., 2008; Schwartz et al., 2008; U.S. Environmental
Protection Agency Ofﬁce of Air and Radiation, 2010, 2011b). The excess
mortality cases were then monetized using the value of statistical life,
an estimate of the societal value of a small reduction in mortality risk.
We applied a value of $7.2 million (2010 USD), commonly used in U.S.
EPA regulatory impact analyses, health risk assessments, and other
applications (Dockins et al., 2004; Levy et al., 2009; Muller et al., 2011;
National Research Council, 2010). This produced estimates of attributable mortality for each emitted pollutant from each power plant in
terms of both number of cases and monetized health impact cost.
Since the estimates of total impact for each pollutant contain impacts
from all plants in the initial CMAQ scenario, not just those that could
be detected using our apportionment algorithm and are therefore in
our ﬁnal sample, we developed our impact/ton estimate by apportioning the emissions of undetectable plants between the detectable plants.
We used the mean of the two NOx estimates for each plant as our ﬁnal
NOx impact/ton estimate. For scenarios with only one discernible
plant, we were able to generate estimates of impacts/ton emitted for
each particle species (i.e., separate estimates for ammonium nitrate/
ton of NOx emitted and ammonium sulfate/ton of NOx emitted).
In addition to the diagnostic tests during the analysis, we also
examined the distribution of impact per ton estimates for signiﬁcant
outliers, inspecting values to determine if the value depended on the
emission rate, ﬁt of the apportionment algorithm, or other factors not
causally related to the magnitude of damages. At this stage, we removed
from the primary PM2.5 analysis any plants where the curve-ﬁtting
algorithm failed to discern any inﬂuence from the emissions, deﬁned
as a value of zero for β1 coefﬁcient in the curve-ﬁtting in any direction,
and removed from both the SO2 and the NOx analysis any plant that
failed either SO2 or NOx.
2.8. Construction of ﬁnal regression model
We constructed a linear regression model to explain the plant-toplant variability in impacts/ton for primary PM2.5, SO2, and NOx, using
physically interpretable predictors and functional form. We therefore
focused on population terms within various annuli in the east (downwind) and west (upwind) directions, with no intercept included to reﬂect the fact that impacts would be zero if exposed population were
zero. We also tested interaction terms between stack height
and population. We selected distances for the annuli that maximized
predictive power with a small number of covariates. Preliminary
model-building indicated that three population terms were most
predictive across models — population within 100 km (in all directions),
100–500 km east, and 500–2000 km east of each plant.
To make models for each pollutant that could be applied to sources
across the region in other studies, but still maintain physical interpretability, we followed a model-building procedure starting with a
no-intercept model and the three population terms. We then removed
the least signiﬁcant variable and reran this next model until only significant variables remained. We then tested this candidate model for
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inﬂuential points using a Cook's Distance test, and removed points with
Cook's Distance greater than 4/(degrees of freedom) (Cook and
Weisberg, 1982). As an additional QA/QC measure, we then manually
examined the statistically-derived pollutant layers for all highly inﬂuential plants that remained, along with pollutant layers for a sample
of the less inﬂuential plants. We removed any plants with pollutant
layers that exhibited features that were more likely due to the apportionment algorithm, such as serious deviations from the expected exponential decay with distance or extremely sharp changes in pollutant
concentrations. With this trimmed sample of power plants, we retested
the candidate model and versions of the model including an intercept
and previously removed variables, and removed least signiﬁcant
predictors until we had a new candidate model with only signiﬁcant
predictors. We then performed the Cook's Distance diagnostic again,
and similar retesting on the model until we produced a ﬁnal model.
To test the validity and generalizability of these ﬁnal models, we
performed a 5-fold cross-validation procedure using these ﬁnal model
variables. This method randomly splits each data set into 5 groups or
“folds”. Four folds are used as a model training set and one is used as a
veriﬁcation set — a regression model is derived from this training
set using the same variables as our main regression, and the results
of this regression model are used to predict impacts/ton for the veriﬁcation set. This method is then repeated with each fold serving as the
veriﬁcation set.

sulfate, and a very small portion of organic carbon aerosols, both of
which followed an exponential decay with distance (Figs. S5–S10,
S12, S14, S16).
There were 8 scenarios that either had one plant or had two plants,
one of which was below our initial emission cutoff. We used these
runs to determine the proportionate contribution of the different
constituents of the secondarily formed PM2.5 to the total impacts of
SO2 and NOx emissions. For SO2, ammonium sulfate contributed a
median of 112% (range: 105%–116%), ammonium nitrate contributed a
median of −13% (range: −5% to −16%), and organic carbon aerosols
contributed a median of 0.4% (range: 0.2%–0.5%). For NOx emissions,
ammonium sulfate contributed a median of 66% of the impact (range:
25%–79%), ammonium nitrate contributed a median of 34% of the
impact (range: 20%–75%), and organic carbon contributed a median of
0.7% (range: −0.2%–1.4%) (Fig. 1). All percentages are by mass.
When the apportionment algorithm was used to estimate impacts/
ton, there was more variability for low-emitting plants than for highemitting plants, which could either be explained by more variability in
plant characteristics or greater error for lower emitters. Examining the
associations of impact per ton as a function of emissions, there appear
to be limited biases but increased errors for low-primary PM2.5emitting plants, increased errors and potentially underestimated impacts for low-SO 2 -emitting plants, and increased errors and
potentially overestimated impacts for low-NO x-emitting plants.

3. Results

3.2. Impact estimates, predictors, regression results, and cross-validation

3.1. Performance and diagnostics

Plants included in our ﬁnal analysis had a median health impact
estimate of $130,000/ton for primary PM2.5 (range: $22,000–230,000),
$28,000/ton for secondary PM2.5 attributable to SO2 emissions (range:
$19,000–33,000), and $16,000/ton for secondary PM2.5 attributable
to NOx emissions (range: $7100–26,000) (Fig. 2). Impacts occurring
in Southern Canada contributed to the total impact/ton a median
of 2.9% (range: 0%–6.8%) for primary PM2.5, 5.4% (range: 0.6%–7.2%)
for secondary PM2.5 attributable to SO2 emissions, and 6.1% (range:
0.37%–11.3%) for secondary PM2.5 attributable to NOx emissions. Plants
with the highest impacts/ton of primary PM2.5 tend to be near and
immediately upwind of major population centers. Plants with high
impacts/ton of SO2 and NOx tended to be slightly further upwind of
major population centers, with more variability for NOx (Graphical
Abstract).
At least one population variable signiﬁcantly predicted impacts/ton
for each pollutant (Table 1). Population within 100 km and population
100–500 km east of the source were a signiﬁcant predictor for primary
PM2.5 impacts/ton emitted. All three population variables were signiﬁcant for SO2 impacts/ton emitted, and just population 100–500 km
was signiﬁcant for NOx impacts/ton emitted. The regression parameter
estimates for primary PM2.5 and SO2 decrease with distance (Table 1).
Our regression models explained 88–99% of variability in impact/ton
estimates across the three emitted pollutants, albeit in zero intercept
models (Table 1). Use of stack height as an interaction term was not
statistically signiﬁcant for any emitted pollutant.
The training regressions in the 5-fold cross-validation were able to
explain between 87 and 99% of variation in impacts/ton, with stable
regression coefﬁcients and relatively small errors in predicted values.
The predictions from the training regressions had a median percent
error of − 9.7% (IQR: − 32% to 19%) for primary PM2.5, − 0.2%
(IQR: − 4.8% to 4.1%) for SO2, and − 10.7% (IQR: − 20% to 20%) for
NOx (Fig. S17).

The 40 CMAQ scenarios included a total of 51 plants. However, initial
examination of CMAQ outputs and application of the methods to
separate emission contributions suggested that the inﬂuence of many
low-emitting plants could not be separated from higher-emitting
plants. Therefore, we removed plants that emitted less than 10 tons of
primary PM2.5, 1000 tons of SO2, or 500 tons of NOx per year, leaving
38 plants for our analyses. After removing plants that could not be
separated with the apportionment algorithm, we were left with
35 impact/ton estimates for primary PM2.5, and 20 for both SO2 and
NOx that were used to construct the ﬁnal regression model. For primary PM2.5, three plants were over the Cook's Distance threshold,
and an additional 5 plants were removed after manual examination,
leaving 27 plants in the ﬁnal primary PM2.5 model. For SO 2, two
plants were over the Cook's Distance threshold and one additional
plant was removed after the manual examination, leaving 17 plants
in the ﬁnal SO 2 model. For NO x, one plant was over the Cook's
Distance threshold, and three plants were removed after the manual
examination, leaving 16 plants in the NOx ﬁnal models. Results from
the plants in these ﬁnal models are displayed here.
The apportionment algorithm was able to separate the inﬂuence of
the ﬁnal set of plants reasonably well with generally well-deﬁned
distance-dependent relationships. Across the ﬁnal power plants and
wind directions, the r2s for primary PM2.5 had a median of 0.999
(range 0.992–0.999); for SO2, a median of 0.999 (range 0.994–0.999);
and for both NOx estimates, a median of 0.996 (range 0.977–0.999).
Secondary PM2.5 formation from SO2 emissions follows an exponential
decay with distance, and examination of particle constituents shows
the anticipated “nitrate bounce-back”, where SO2 emissions react with
free ammonium and suppress formation of nitrates and a very small
contribution from induced organic carbon aerosol formation (Figs. S3,
S11, S15). Secondary PM2.5 formation from NOx emissions follows a
more variable pattern as a function of distance, largely due to different
formation patterns of sulfate, nitrate, and organic carbon aerosols
(Figs. S1–S4). Nitrate formation from NOx exhibits a complex and
occasionally non-monotonic association with distance, as anticipated
given the complexities of sulfate–nitrate–ammonium reactions.
Secondary PM2.5 from NOx consisted of an appreciable portion of

4. Discussion
Our modeling approach provided distributions of the PM2.5-related
health impacts/ton of emissions for individual power plants simulated
using CMAQ, which allowed us to include the complexities of secondary
particulate matter formation in examining between-plant variability.
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Fig. 1. Impacts of emissions of SO2 and NOx by secondary PM2.5 species type for a subset of 8 runs with one plant as the main emission source.

Fig. 2. Monetized estimates of PM-related public health impacts/ton occurring in both the United States and Canada for emissions from a set of power plants, by emission type. Inﬂuential
points, determined by Cook's Distance, and plants where the apportionment algorithm did not pass manual diagnostics, were removed.
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Table 1
Regression models predicting monetized PM2.5-related public health impacts ($/ton emitted) as a function of population distribution around each power plant.
Estimate

Std. error

t value

Primary PM2.5
Population 0–100 km
Population 100–500 km East
Adjusted r2 = 0.88, n = 27

1.09E−02
4.11E−03

4.00E−03
5.07E−04

2.74
8.11

1.11E−02
1.84E−08

SO2
Population 0–100 km
Population 100–500 km East
Population 500–2000 km East
Adjusted r2 = 0.99, n = 17

2.11E−03
6.26E−04
1.59E−04

5.98E−04
7.10E−05
2.15E−05

3.52
8.81
7.38

3.38E−03
4.36E−07
3.46E−06

NOx
Population 100–500 km East
Adjusted r2 = 0.94 n = 16

6.86E−04

4.46E−05

15.4

Pr(N|t|)

1.37E−10

The monetized impact/ton estimates for primary PM2.5 and SO2 are near
the values of previous analyses that used simpliﬁed chemistry and
transport models and the same concentration–response function for
PM2.5 used here (Levy et al., 2009; U.S. Environmental Protection
Agency Ofﬁce of Air and Radiation, 2010), and were comparable to
other studies after adjusting for different concentration–response functions and other key parameters (Muller and Mendelsohn, 2007; Muller
et al., 2011; National Research Council, 2010). The training regressions
developed during cross-validation could all explain over 88% of the variability in impacts/ton, and the median and interquartile range of the
percent errors were relatively close to zero, although with extreme
values for a few plants (Fig. S17). This provides reassurance both that
simpler models could adequately capture total population exposure to
PM2.5 concentrations from primary PM2.5 and SO2 emissions and that
our CMAQ modeling and apportionment approach yielded interpretable
values for impacts/ton emitted.
Additionally, since our scenario design removes emissions from
one source or a few sources spread out over a large geographical region,
we do not substantially alter background chemistry; this ensures that
our scenario design represents individual source effects, and not effects
due to changes in background chemistry. Our SO2 impact/ton estimates
could theoretically be affected by changes in plume chemistry since
our SO2 estimates are based in part on simulations where both SO2
and NOx are removed. To test this, we calculated the ratio of SO2 and NOx
emissions for each source used to develop our ﬁnal SO2 impact/ton
estimates, and performed a linear regression to test the relationship between the SO2/NOx emissions ratio and our SO2 impact/ton estimates.
This relationship was not statistically signiﬁcant (p = 0.55), which
indicates that co-emissions of NOx are not a major inﬂuence on SO2
impact/ton values. More generally, the SO2 impact/ton values fell
into a fairly narrow range ($19,000–33,000) across power plants
with widely varying ratios between SO 2 and NO x emissions, the
estimates were similar to those found previously in the literature,
and the population-based regression had good statistical properties,
so we are conﬁdent that we have developed robust estimates for the
PM2.5-related health impacts/ton of SO2 emissions.
However, our estimates for the PM2.5-related health impacts/ton
of NO x emissions are higher than what many previous analyses
found (Fann et al., 2012a, 2012b; Levy et al., 2009; National Research
Council, 2010). This is likely due to complexities of NOx chemistry
present in CMAQ 4.7.1, but not present in simpler models. Beyond interactions with background ammonium to form ammonium nitrate, NOx
emissions are also involved in the ozone production cycle, and since
ozone interacts with SO2 and VOCs to form ammonium sulfate and
secondary organic carbon particles, increasing ozone concentrations
can amplify production of these particles (Byun and Schere, 2006;
Saltzman et al., 1983; Stein and Saylor, 2012; U.S. Environmental
Protection Agency Ofﬁce of Air Quality Planning and Standards, 1999).

Sulfate is formed through reactions of SO2 with OH radicals in the
atmosphere. Emissions of NOx amplify the formation of ozone, and therefore act to increase the concentration of OH radicals in the atmosphere.
This increase in the concentration of OH radicals acts to accelerate the
transformation of SO2 to sulfate particles. The model results exhibit this
phenomenon largely during ozone season (Figs. S13–14), which is consistent with this formation pathway. Details of these chemical reaction
mechanisms are available in the Supplemental material.
Most prior atmospheric fate and transport models used to derive
damage functions, especially simpliﬁed ones, neglect these formation
pathways (Greco et al., 2007; Innovative Strategies and Economics
Group, Ofﬁce of Air Quality Planning and Standards, U.S. Environmental
Protection Agency, 1999; Levy et al., 2009; U.S. Environmental
Protection Agency, 1999). CMAQ v4.7.1 contains many updates to
chemical mechanisms that are relevant to this chemical pathway, and
can alter the sensitivity of the formation of ammonium nitrate and
ammonium sulfate to emissions of NOx and SO2. A major update was a
new gas-phase chemistry mechanism that provides better predictions of
ozone concentrations, particularly over urban areas. This update affected
much of the chemistry of how NOx affects the ozone cycle and the
formation of ozone and the OH radicals, which are also involved in the
formation of sulfate. There were also updates to ISORROPIA, the CMAQ
module that handles thermodynamic equilibrium of inorganic aerosols.
Notably, many of these updates have occurred since CMAQ v4.4, which
was used in one study to estimate impacts of emission reductions of
NOx and SO2 (Fann et al., 2009). Our analyses indicate that omitting the
ability of NOx emissions to amplify sulfate formation through the oxidation pathway now present in CMAQ 4.7.1 would lead to a systematic
underestimation of impacts/ton of NOx emitted, potentially by a factor
of 3, given our ﬁnding that ammonium sulfate contributes approximately
2/3 of the total impact of NOx emissions. This effect does appear to be
present both in the presence and absence of co-emitted SO2, since the
impact/ton values for NOx emitted alone and emitted in the presence
of SO 2 are similar and reasonably correlated (Pearson correlation
coefﬁcient = 0.54, with nearly all estimates falling close to the 1:1 line)
(Fig. S18), although simulations running NOx alone, SO2 alone, and both
together would be required to better characterize effects of individual
emissions and possible interactions between emitted pollutants.
We were also able to explain most variability in the impact/ton
estimates using basic population covariates. In spite of the simplicity
of the functional form, the regression results exhibit behavior that is
consistent with regional meteorology, population distributions, and
known physical and chemical behavior of these emissions. The population coefﬁcients for primary PM2.5 decrease with distance and are not
statistically signiﬁcant at distances over 500 km, consistent with expected behavior. Population coefﬁcients for secondary PM2.5 from SO2 also
decrease with distance but are more signiﬁcant at longer range, likely
reﬂecting time for the necessary reactions to occur. A similar pattern
of multiple population predictors with monotonically decreasing coefﬁcients was not found in the model of secondary PM2.5 from NOx, but this
is not unexpected given the challenge of explaining complex non-linear
patterns with simple regression terms. However, even in this case,
the regression model demonstrated the ability to reasonably estimate
impacts/ton emitted, and by extension, total impacts for other plants
in the same geographic domain.
Beyond the core ﬁndings, another key aspect of our study was the
analytical approach, in which we chose to simulate impacts of multiple
power plants in each scenario and then statistically separate impacts of
each plant, potentially increasing the sample size with which to explore
variability in impact/ton estimates but potentially increasing uncertainty in these as well. For primary PM2.5, the run design and curve-ﬁtting
algorithm performed reasonably well at separating the inﬂuence of individual plants in each CMAQ layer, except for low-emitting sources.
There was increased variability in impact/ton estimates for low emitting
plants, potentially reﬂecting errors in the curve-ﬁtting process. Both our
inability to detect very low-emitting sources and the higher variability
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for low-emitting plants are likely due to the inability of the apportionment algorithm to detect the inﬂuence of the low-emitting sources
over the inﬂuence of the high-emitting plants it shared runs with and,
not a weakness of CMAQ or other photochemical models.
This methodology did not perform as well separating individual
source contributions to secondary PM2.5 from SO2 and NOx. The greater
spatial extent of secondary PM2.5 from SO2, coupled with the involvement of atmospheric chemistry, may in part explain the greater error
in characterizing long-range impacts, with a corresponding inﬂuence
on apportionment of impacts across plants. Model performance was
somewhat poorer for secondary PM2.5 from NOx, which is unsurprising
given its complex chemistry, which makes the creation of a simple
mathematical model difﬁcult. A portion of the uncertainty in estimating
secondary PM2.5 from NOx emissions may also be due to general analytical design, since in many cases accurate estimation of NOx impacts was
dependent on estimates of the inﬂuence of SO2 emissions. This uncertainty is somewhat limited by the fact that only plants with discernable
inﬂuence from both SO2 and NOx were included in either the SO2 and
NOx analyses. Our design was based in part on the assumption that
NOx emissions would have a limited inﬂuence on sulfate concentrations,
enhancing separability, but this assumption proved to be incorrect due
to the ﬁnding of substantial ammonium sulfate formation induced by
NOx emissions. More generally, our stepwise diagnostic tests led to
the removal of a large number of power plants from the analysis,
which begs the question of the utility of our approach over CMAQ
runs with individual plants. However, simply modeling 20 individual
power plants would not have allowed us to evaluate emission thresholds or relative differences in emissions between sources where impacts
could not be reasonably estimated with this simulation design and separation methodology, and our analytical approach may have value in
multiple future investigations. Similar to the case with primary PM2.5,
our inability to detect low-emitting plants, and the higher variability
in impact/ton estimates for low-emitting plants are likely a weakness
of our simulation design and the apportionment algorithm, not a weakness of CMAQ or other photochemical models. Broadly, approaches such
as CMAQ DDM have signiﬁcant advantages over brute-force modeling
with statistical extrapolation given some of the issues above. That said,
it will remain computationally challenging to model all individual
sources directly even with CMAQ DDM, and there will be value in statistical approaches to extrapolate damage function estimates for the
foreseeable future, especially since parts of this methodology could be
used in conjunction with CMAQ DDM. Moreover, our focus on aggregate
damage/ton estimates decreases the uncertainties associated with
statistical extrapolation approaches.
Beyond issues with assigning CMAQ outputs to individual plants,
a few additional limitations should be acknowledged. There is some
residual variability in the impact/ton estimates for these plants that is
not explained by our simpliﬁed regressions. However, there are no
apparent geographical patterns in the residuals that would indicate
systematic errors related to meteorology or atmospheric chemistry,
and the errors are generally low for most plants. These values are
normalized to impacts/ton, so they can be used with present-day emissions to calculate present-day impacts, despite decreases in total emissions since 2005. However, these impact/ton estimates may still not
be completely representative of present day, since they are dependent
on background chemistry and meteorology, which have changed and
will continue to change due to factors including continuing decreases
in SO2 emissions in the Clean Air Act (U.S. Environmental Protection
Agency Ofﬁce of Air Quality Planning and Standards, 2006), other policies inﬂuencing emissions from electricity and other sources (U.S.
Environmental Protection Agency Ofﬁce of Air Quality Planning and
Standards Health and Environmental Impacts Division, 2011; U.S.
Environmental Protection Agency Ofﬁce of Air and Radiation, 2011a),
and climate change (The Interagency Working Group on Climate
Change and Health, 2010). Studies have shown that evolving background
concentrations could increase the secondary PM2.5 impact per unit NOx
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emissions, and in some settings, per unit SO2 emissions as well (Levy
et al., 2012). We also focus exclusively on PM2.5-related mortality,
which will underestimate damages for all emitted pollutants by omitting
PM2.5-related morbidity and will systematically underestimate the
impact/ton of NOx emissions by omitting ozone-related impacts.
In spite of these limitations, our analysis makes some important
contributions. We were able to obtain reliable estimates of impacts/
ton of emissions for individual power plants based on CMAQ results.
Use of this more complex atmospheric chemistry and transport model
allowed us to capture the complex chemical pathways for secondary
PM2.5 formation, and include public health impacts occurring at long
range from sources. Our approach led to signiﬁcantly greater impacts/
ton of NOx emissions than previously estimated, since we included sulfate formation through ampliﬁed oxidation. Even with the complex
chemistry, our regression modeling approach and cross-validation
showed that impacts/ton can be reasonably predicted from the
population distribution downwind of each power plant. While these
aggregated impact/ton metrics omit spatial details important for many
applications, they can be used to compare impacts of different emitted
pollutants and different sources, and the monetized metrics are useful
in beneﬁt–cost analyses and to inform the design of interventions.
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