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Mathematical Model Formulation1

In this section, we describe the optimization model mathematically. First, we restate the2

emissions control strategy cost optimization model presented in Macpherson et al.,1 as that3

model forms a basis for the enhancements that are the focus of this paper. Second, we4

describe the mathematical formulation of the health impacts module. Third, we present the5

mathematical formulation that enables the examination of distributional impacts of changes6

in ozone levels. Fourth, we present how the components are integrated to examine a range7

of scenarios.8

Control Strategy Cost Model9

Ozone Design Values10

Air quality monitors that measure ozone concentrations are located across the contiguous11

United States and are indexed by m = 1, . . . ,M . Each monitor has a projected future12

baseline ozone level, which is called a design value, or dvbasem . The design value is the air13

quality metric subject to ambient air quality-related regulatory constraints. Impacts on14

ozone concentrations at the monitors depend on changes in emissions of ozone precursor15

pollutants, p = 1, . . . , P , within the regions of the monitors and in upwind regions. To16

model the source-receptor relationship between changes in emissions and design values at17

monitors, we employ a system of linear air quality response factors, ap,r,m, which estimate the18

impact of emissions reductions in region, r = 1, . . . , R, on ozone concentrations at monitor19

m in terms of parts-per-billion (ppb) per ton emissions reduction in pollutant, p. Emissions20

reductions within each region r, written as err, are multiplied by the air quality response21

factors associating each region to each monitor to obtain a revised ozone level dvnewm at each22

monitor, or:23

dvnewm = dvbasem +
P∑
p=1

R∑
r=1

ap,r,merp,r for all m. (1)
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Policy scenarios then require design values at each monitor to be reduced to or below an24

ozone target, dvgoalm :25

dvnewm ≤ dvgoalm for all m. (2)

Emissions Controls26

There is a set of potentially controllable emissions sources, i = 1, . . . , I. For many sources,27

there are multiple applicable control measures, each of which may achieve different levels of28

emission reductions at different costs than other applicable measures. Decisions whether to29

control emissions at these sources are defined by a vector of binary decision variables, xi,t,30

where i indexes the source and t indexes the applicable emissions control measure for that31

source, with Ti denoting the set of applicable control measures for source i. The variable32

equals one if the control is applied, zero otherwise. There are as many binary decision33

variables as there are applicable control measures per controllable source. Here we limit34

the control application to a single control, while in practice more than one measure may be35

feasibly applied to the source. In this application, the sum of the xi,t must not exceed one,36

or:37 ∑
t∈Ti

xi,t ≤ 1 for all i. (3)

The vector of annualized costs associated with each application of these control measures is38

identified by ci,t.39

As in Macpherson et al.,1 we include a backstop emissions control measure within each40

region, which can be implemented if, for example, achieving an ozone target requires more41

emissions reductions than can be accomplished with the control measures within the emis-42

sions control measure database. We model each regional backstop measure as a non-negative,43

continuous decision variable x̂p,r indicating the amount of emissions reductions from back-44

stop technologies in region r at the assumed cost of ĉp,r. The total annual cost, TC, of the45

emission control strategy is the sum of the costs of decisions over specified and backstop46
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technologies:47

TC =
I∑
i=1

∑
t∈Ti

ci,txi,t +
P∑
p=1

R∑
r=1

ĉp,rx̂p,r. (4)

To obtain total emissions reductions of each pollutant within each region, erp,r, the48

emissions reductions from the application of control measures are added to the reductions49

produced by backstop technologies, which are obtained from the decision vector x̂p,r:50

erp,r =
I∑
i=1

∑
t∈Ti

ep,r,i,txi,t + x̂p,r for all p and r, (5)

where ep,r,i,t represents the reduction in emissions of pollutant p in region r from source i from51

the application of control t. While we do not index emission control measures by region, the52

emissions reductions produced through the applications of controls belong in regions. This53

is equivalent to saying each application of a control produces reductions within the region of54

its source, but not in other regions. Also, as it is not possible to reduce emissions in a region55

more than the level recorded in the region’s anthropogenic emissions inventories, regional56

emissions reductions are subject to an upper-bound constraint for each pollutant and region:57

erp,r ≤ ermaxp,r for all p and r. (6)
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Complete Control Strategy Cost Model58

Combining (1) through (6) into an optimization framework yields a mixed integer linear59

programming problem:60

minimize
xi,t,x̂p,r

TC =
I∑
i=1

∑
t∈Ti

ci,txi,t +
P∑
p=1

R∑
r=1

ĉp,rx̂p,r

subject to dvbasem +
P∑
p=1

R∑
r=1

ap,r,merp,r ≤ dvgoalm for all m

I∑
i=1

∑
t∈Ti

ep,r,i,txi,t + x̂p,r ≤ ermaxp,r for all p and r

xi,t ∈ {0, 1} for all i and t∑
t∈Ti

xi,t ≤ 1 for all i

x̂p,r ≥ 0 for all p and r.

(7)

This model chooses controls to meet design value targets while minimizing total cost.61

Health Impacts and Benefits Module62

Daily Maximum 8-Hour Average Ozone Concentrations63

The assessment of changes in ozone concentration for health impacts analysis differs from64

the assessment of changes in ozone design values for evaluating compliance with ambient65

air quality standards. Whereas the analysis of design values focuses on changes at specific66

monitor locations, the assessment of ozone changes for health impacts analysis is performed67

where people might experience the air quality changes, which are measured by the change in68

daily maximum eight-hour average ozone (MDA8) concentrations across all days from May69

through September.70

Similar to health impacts analysis performed using BenMAP,2 we perform analysis using71

geospatial grid cells that contain population data. We index these grid cells by g = 1, . . . , G.72
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Like we do with the regulatory ozone metric for monitoring stations, we leverage source-73

receptor relationships between emissions changes in regions to ozone concentrations in re-74

ceptor grid cells to estimate the change from baseline summertime average MDA8 concen-75

trations, mda8baseg , to concentrations under the policy, mda8newg . Using a system of linear76

air quality response factors, bp,r,g, which estimate the impact of emissions reductions of pre-77

cursor pollutant p in region r on summertime MDA8 concentrations at grid cells in terms78

of parts-per-billion (ppb) per ton emissions reduction, the equation describing changes in79

summertime average MDA8 concentrations is80

mda8newg = mda8baseg +
P∑
p=1

R∑
r=1

bp,r,gerp,r for all g, (8)

where s denotes a summertime average and erp,r is calculated as in (5) above. For convenience81

in later equations, we define the change in summertime mean MDA8 concentrations under82

a policy as mda8∆
g , where83

mda8∆
g =

P∑
p=1

R∑
r=1

bp,r,gerp,r for all g. (9)

Ozone Health Impact Functions and Valuation84

The approach to the ozone health impact analysis in the benefits module requires estimat-85

ing the change in population-level exposure from changes in summertime MDA8 concen-86

trations. From this change in population exposure, we calculate health impacts by apply-87

ing concentration-response (C-R) relationships drawn from the epidemiological literature.388

While there are numerous functional forms for various health impact endpoints in the litera-89

ture, in presenting the mathematical framework of the this model, we focus upon a common90

C-R functional form that is used to estimate the change in premature deaths from ozone91

pollution. We index health impacts by h = 1, . . . , H and the baseline incidence rate for92

health impact h in grid cell g as y0
h,g. For expositional convenience, we assume that the93
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population in each grid cell is demographically homogeneous so that we do not need to index94

sub-groups that may have different baseline incidence levels within a grid cell. In the nu-95

merical representation of the model, there are different demographic groups within grid cells96

that have different baseline incidence levels. Where the C-R function parameter is indicated97

by βh, the change in the health impact incidence rate, y∆
h,g, is98

y∆
h,g = y0

h,g ×
(
eβh×mda8∆

g − 1

)
for all h, g. (10)

The change in health impact incidence is then the population subject to the health impact99

h in grid cell g, indexed by poph,g, multiplied by the change in the incidence rate:100

z∆
h,g = y∆

h,g × poph,g (11)

To estimate the monetary value of the change in incidence, benefitsh,g, we multiple a valu-101

ation parameter, valuationh, by the change in incidence:102

benefitsh,g = valuationh × z∆
h,g for all h, g. (12)

Where total benefits is represented by TB, the complete ozone benefits module combines (8)

through (12):

TB =
H∑
h=1

G∑
g=1

benefitsh,g,
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with103

erp,r ≤ ermaxp,r for all p and r

mda8∆
g =

P∑
p=1

R∑
r=1

bp,r,gerp,r for all g

y∆
h,g = y0

h,g ×
(
eβh×mda8∆

g − 1

)
for all h, g

z∆
h,g = y∆

h,g × populationh,g for all h, g

benefitsh,g = valuationh × z∆
h,g for all h, g.

(13)

There are two ways to use the tool to estimate the health-related impacts and monetized104

benefits of a change in ozone concentrations, as well as the net benefits, NB, of a policy. First,105

the health impacts module can be used to "post-process" the emissions reductions drawn106

from a least cost solution of a model (or any hypothetical change in emissions) as presented in107

(7). This post-processing approach yields an estimate of health impacts, monetized benefits,108

and net benefits even though health impact considerations were not directly incorporated109

into the objective function of the model. Alternatively, the health impacts module can110

be directly incorporated into the optimization problem, such that emissions reductions are111

selected to maximize net benefits (or benefits alone) subject to constraints.112

Distributional Impacts113

We next describe how the risk of ozone-related premature death is distributed across the114

U.S. population using the Atkinson Index (AI). This measure expresses quantitatively the115

degree to which air pollution attributable risks are shared equally throughout the U.S. The116

AI measures risk inequality on a scale of 0 to 1, with higher values indicating greater in-117

equality in risk. Among the measures of risk inequality, the literature frequently identifies118

the AI as being most appropriate because it is both subgroup decomposable (i.e., it can119

express inequality within and between subgroups) and because it satisfies the Pigou-Dalton120

transfer principle (i.e., the index decreases when risks transfer from high-risk to low-risk121

populations).4122
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In the interest of brevity, we calculate the AI for the total population for the baseline123

and each of five policy scenarios. We do not explore here how each scenario affects the124

distribution of risk within and between subgroups. The AI is calculated as follows:125

A =


1− 1∑G

g=1 popg

(∑G
g=1 popg

(
mda8g
mda8

)1−ε)1/(1−ε)

if ε 6= 1

1−
∏G

g=1 mda8

popg∑G
g=1 popg

g

mda8
if ε = 1

(14)

where popg is the total adult population in grid cell g, mda8 is the summertime average126

MDA8 concentration across grid cells, and ε is a sensitivity parameter describing tolerance127

for risk inequality, with greater values expressing less tolerance for inequality. Consistent128

with recent analyses, we present results for epsilon values of 0.75 and 3 (e.g., Fann et al. 5).129

Implementation130

The model is implemented in the General Algebraic Modeling System (GAMS) version 25.2.131

The cost minimization version of the model is a linear mixed-integer program (MIP) solved132

with the CPLEX 12 solver, which uses a branch and cut algorithm to solve MIPs. The133

linearity of the program is due to the assumed linear form of the cost function and in134

the relationship between emission reductions and ozone concentrations. The net benefit135

maximization version of the model is a mixed-integer nonlinear program (MINLP) solved136

with DICOPT. The nonlinearity of the model is due to the form of the concentration-response137

functions, as illustrated in Equation (10). The MINLP algorithm iterates between NLP and138

MIP sub-problems. The NLP sub-problems are solved using the CONOPT 3 solver, which139

uses a generalized reduced gradient method, and the MIP sub-problems are solved with140

CPLEX. For the case study considered here, the solution to the MINLP appears very stable.141

For example, the same solution is reached when the model variables are initialized from142

the default values in GAMS (zeros) and when they are initialized using the solution to the143

CostMin-65 scenario. Model inputs are pre-processed in R, which reads data from Microsoft144
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Excel 2013 workbooks, comma-separated values (.csv) files, and the BenMAP-CE database145

and exports .csv files to be read into GAMS. Model outputs are exported from GAMS as146

GAMS data exchange (.gdx) files and read into R using the GDXRRW version 1.0.4 package,147

where they are post-processed and summarized as figures and tables.148
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Air Quality Modeling149

Here we describe the modeling and methods used to derive the air quality response factors150

(ap,r,m for ozone design values and bp,r,g for summertime mean MDA8 concentrations used151

in the health impacts analysis). First we describe the underlying photochemical modeling152

simulations. Then we describe how air quality model results and ambient air quality data153

are processed to project future year design values. Next, we describe how ambient ozone154

measurement data and model results are used to project ozone season average gridded fields155

for the future year of 2023. Finally, we describe how additional data derived from the156

instrumented model simulations using the source apportionment technique are applied in157

concert with projected 2023 ozone values to derive the air quality response factors.158

Baseline Air Quality Modeling Simulations159

Air quality modeling results for a 2011 base year and a 2023 projected year were obtained160

from EPA’s modeling to support the 2018 – Final Cross-State Air Pollution Rule Close-161

Out.6 The modeling was performed using the CAMx v6.4 photochemical grid model using a162

12 km-by-12 km resolution grid covering the contiguous United States.7 Both base year and163

projected future year modeling simulations used the same 2011 meteorological and boundary164

condition inputs. Meteorological inputs representing 2011 were derived from a simulation165

of the Weather Research Forecasting model version 3.4.8 Boundary conditions were created166

from a global chemistry model simulation using GEOS-Chem standard version 8-03-02 with167

8-02-01 chemistry.9 Base year emissions (2011) and projected future year emissions (2023)168

are described in detail in U.S. EPA.10169

Seasonal average 8-hour daily maximum (MDA8) modeled ozone concentrations for 2011170

were compared to measured values at over 1,000 monitors across the United States. Aggre-171

gate model performance statistics were calculated by region for the summertime ozone season172

(May–September). The model evaluation, which is described in detail in U.S. EPA,6 found173
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that model bias and error were generally within the range of model performance statistics174

reported in other recent state-of-the-science air quality modeling simulations. Overall, the175

comparison with measured values showed that the model does a good job of replicating the176

magnitude and variability of ozone across the United States and is suitable for regulatory177

and scientific research applications.6178

Projection of 2023 Design Values at Monitor Locations179

MDA8 design values (DVs) for 2023 were calculated in accordance with EPA guidance.11180

First, a five-year weighted base year DV was calculated using 2009–2013 data at each moni-181

toring site. While DVs for the purpose of showing compliance with the NAAQS are calculated182

as the three-year average of the annual 4th highest MDA8 at a particular monitor, five years183

of ambient data were used to project values into the future with the intent of providing a184

more stable value due to the impact of year-to-year meteorological changes. Next, the 2011185

and 2023 model values were used to calculate a relative response factor (RRF), which is the186

ratio of the future year ozone divided by the current year ozone. The procedure used to187

calculate the RRF for each monitor was as follows:188

• Start with a 3× 3 matrix of 12 km-by-12 km grid cells surrounding each monitor.189

• Eliminate any grid cells that are predominantly covered by water.190

• Calculate the RRF for each monitor location using the following equation:191

RRFm =
MDA82023,m,highdays

MDA82011,m,highdays

, where (15)

– RRFm is the RRF for monitor m192

– MDA82011,m,highdays is the average 2011 modeled MDA8 on high days near monitor193

m, calculated as follows:194
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∗ On each day in 2011, find the highest modeled MDA8 values in the 3 × 3195

matrix of grid cells surrounding the monitor excluding water cells.196

∗ If more than 10 days have MDA8 values ≥ 60 ppb in the 3× 3 matrix, then197

take the average of the MDA8 values on the 10 days with the highest modeled198

2011 MDA8 ozone values.199

∗ If at least 5 days but fewer than 10 days have modeled MDA8 values of ≥ 60200

ppb, then take the average of all days ≥ 60 ppb.201

∗ If fewer than 5 days have modeled MDA8 values ≥ 60 ppb, then no value202

RRF can be calculated and no DV is projected.203

– MDA82023,m,highdays is the average 2023 modeled MDA8 on high days near monitor204

m, calculated as follows:205

∗ For each monitor find the days and grid cells used to calculateMDA82011,m,highdays.206

∗ For those days and grid cells, average the 2023 modeled MDA8 values to-207

gether.208

Using the RRF, the 2023 design value was calculated using the following equation:209

DV Fm = RRFm ×DV Bm, where (16)

• DV Fm is the projected future-year (2023) DV at monitor m, and210

• DV Bm is the 5-year weighted average (2009–2013) base year DV at monitor m.211

Projection of Gridded Seasonal Average MDA8 Values212

Gridded seasonal average 2011 MDA8 ozone values were created by fusing gridded 2011 model213

fields with observed (2009–2013) data at monitor locations, using enhanced Voronoi Neighbor214

Averaging (eVNA). This technique starts with an interpolated field of observed MDA8 ozone215

values using Voronoi Neighbor Averaging with inverse distance weighting. Then interpolated216
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values in model grid cells away from monitors are adjusted based on the modeled ozone217

spatial gradient.12–15 The technique allows for accurate values at monitor locations where218

ozone concentrations are known but still takes advantage of the extra information provided219

by the model in locations with no observed data. The eVNA processing was performed220

using the Software for EPA’s Modeled Attainment Test – Community Edition (SMAT-CE)221

software package.16222

Use of Source Apportionment Modeling to Calculate Air Quality223

Response Factors224

Source apportionment is a technique within the CAMx photochemical model that allows225

predefined groups of emissions to be tracked through the model’s chemical and physical226

processes. When applying this method, the model is instrumented with capabilities that227

track the source of ozone precursors, determine how much of the ozone formed through228

chemical reactions results from each of the predefined emissions categories, and track the229

ozone formed from each emissions category (called a tag) as it is transported from one230

location to another and lost from the atmosphere through chemical reactions and deposition231

to surfaces. For this analysis, we used outputs created with the Anthropogenic Precursor232

Culpability Analysis (APCA) source apportionment method within CAMx as part of the233

EPA 2023 modeling to support 2015 NAAQS transport State Implementation Plans.17 This234

modeling tagged ozone from anthropogenic NOx and VOC emissions by state resulting in235

estimates of contributions from anthropogenic NOx and VOC in each state to ozone at every236

grid cell in the modeling domain for every hour in 2023. These hourly contributions were237

then aggregated up to MDA8 values matching the hours that were used to calculate the total238

2023 MDA8 values for each grid cell and day. This information was used to determine both239

state-level NOx and VOC contributions to 2023 DVs at each monitor location and state-level240

NOx and VOC contributions to 2023 fused surfaces of summertime average MDA8 values.241

The following equation was used to calculate each state’s NOx and VOC contribution to242
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2023 projected DVs at monitor locations:243

DV Ct,p,m =

∑n
d=1MDA8t,p,m,d∑n

d=1

∑T
t=1

∑2
p=1MDA8t,p,m,d

×DV F (17)

• DV Ct,p,m represents the DV contribution (ppb) from tag t and pollutant p to monitor244

m. Note that here we use subscript t for tag, rather than r for region, because there were245

some additional source apportionment tags that did not track emissions by regions,246

such as a tag to track ozone coming from all biogenic emissions across the U.S. All247

ozone sources are included in exactly one of the source apportionment tags, and there248

are T tags in total.249

• MDA8t,p,m,d represents the 2023 MDA8 contributions from tag t and pollutant p to250

monitor m on day d, with n days included in the DV calculation.251

Linear air quality DV response factors ap,r,m were then calculated by dividing DV Ct,p,m by252

the annual tons of emissions from tag t (i.e., region r) and pollutant p.253

To calculate the response factors (denoted bp,r,g) from tag t to summertime average MDA8254

at grid cell g, we started with the 2023 eVNA value (eV NAg,2023) at grid cell g. Similar to255

the method used to determine DV Ct,p,m, we used:256

eV NACt,p,g =

∑153
d=1MDA8t,p,g,d∑153

d=1

∑T
t=1

∑2
p=1MDA8t,p,g,d

× eV NAg,2023 (18)

where257

• eV NACt,p,g is the contribution (ppb) of emissions from tag t and pollutant p to the258

2023 eVNA seasonal fused surface at grid cell g.259

• MDA8t,p,g,d represents the 2023 MDA8 contributions from tag t and pollutant p to260

grid cell g on day d, with 153 days occurring in summertime.261

Linear air quality summertime mean MDA8 response factors bp,r,g are then calculated by262
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dividing eV NACt,p,g by the annual tons of emissions from tag t (i.e., region r) and pollutant263

p.264
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Backstop Cost Sensitivity265

In this section, we describe the results of a sensitivity analysis on the cost of the backstop266

emissions controls. The results that we present in the main text are based on a backstop267

cost of $15,000 per ton of emissions reductions. Here we summarize results for alternative268

cost scenarios with backstop costs of $10,000 and $20,000 per ton of emissions reductions,269

respectively, in addition to the default $15,000 per ton scenarios. The $10,000 and $20,000270

per ton cost levels reflect low and high cost scenarios that were explored in the 2015 Ozone271

NAAQS RIA.18 To keep the presentation tractable, we focus our sensitivity analysis on cost272

minimization with a 65 ppb ozone constraint and net benefits maximization without an273

ambient air quality constraint. For illustrative purposes, we also show results assuming a274

backstop cost of $5,000 per ton for the unconstrained net benefits scenario, since they vary275

significantly when the backstop cost parameter is set at a low value. Thus, in total we com-276

pare results for seven scenarios (three backstop levels each for both program configurations,277

plus one additional net benefits scenario), denoting them by the objective function and the278

assumed backstop cost level. The scenarios denoted as CostMin-15k and BenMax-15k in279

this section are identical to to the CostMin-65 and BenMax-Free scenarios, respectively,280

described in the main text.281

Aggregate cost and benefit values for the contiguous United States are depicted in Figure282

1. The panels in Figure 1 represent total control costs (top left), total ozone reduction283

benefits (top right), net ozone benefits (bottom left), and total PM2.5 benefits (bottom284

right). Each bar within a panel represents a different scenario.285

Figure 1 illustrates how the results depend on the backstop cost assumption. For the286

cost minimization scenarios, total costs are heavily influenced by the assumed backstop cost287

parameter, ranging from $6.0 to $11 billion. Total costs for the CostMin-20k scenario are288

1.27 times higher than for the CostMin-15k scenario, which makes sense given the one-third289

increase in the assumed backstop cost. In contrast to cost levels, the total ozone (and PM2.5290

benefits levels are largely the same across scenarios. Accordingly, the net benefits vary291
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Figure 1: National cost and benefit metrics for different backstop cost assumptions.

greatly, from $3.7 to $-0.6 billion.292

For the net benefits maximization scenarios, Figure 1 provides additional context for the293

health benefits value of reducing emissions. The results for the BenMax-15k and BenMax-294

20k scenarios are identical, which is an anticipated result since no backstop reductions were295

leveraged in the solution for the BenMax-15k scenario (see Figure 4 in the main text).296

Reducing the backstop costs to $10,000 results in a relatively small increase in net ozone297

benefits, while reducing the backstop costs to $5,000 results in an enormous increase in net298

ozone benefits, demonstrating significant convexity in the relationship between backstop cost299

levels and net ozone benefits.300

The emissions reductions underlying costs and benefits are depicted in Figure 2. The301

left panels in Figure 2 represent emissions reductions for the CostMin-15k and BenMax-15k302

scenarios. The right panels represent the differences in reductions from those scenarios for303

the other cost minimization and net benefits maximization scenarios, respectively.304

The cost minimization scenarios illustrate how trade-offs between backstop and known305
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Figure 2: National NOx emissions reductions by type for the CostMin-15k and BenMax-15k
scenarios (left) and difference in reductions from those scenarios for scenarios with alternative
backstop cost assumptions (right).
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controls depend on the assumed backstop cost. Roughly 4% of the backstop cost reductions306

leveraged in the CostMin-15k scenario are displaced by reductions from known sources in307

the CostMin-20k scenario, while roughly 7% more backstop control is used in the CostMin-308

10k scenario than in the CostMin-15k scenario. In both cases, differences in emissions309

reductions from backstop control are smaller in magnitude than the corresponding differences310

in emissions reductions from known sources. Since backstop control is allowed to be used in311

any state for the same cost, known sources from further away tend to be displaced by local312

backstop control as the backstop cost decreases.313

The net benefits maximization scenarios demonstrate that, under our modeling assump-314

tions, there is significant value in reducing NOx emissions when backstop costs are inexpen-315

sive. We find that an additional five million tons of emissions reductions are net beneficial316

when moving from the BenMax-15k scenario to the BenMax-5k scenario, which is more than317

five times the total emissions reductions from all sources in the BenMax-15k scenario.318
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