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Abstract
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1 Introduction

Despite its necessary role in the economy, electricity generation produces emissions of global

and local pollution that cause hundreds of billions of dollars in damages annually.1 However,

during the past decade, these emissions have fallen. Figure 1 shows the emissions of four

major pollutants (sulfur dioxide SO2, nitrogen oxides NOx, fine particulate matter PM2.5,

and carbon dioxide CO2) from electric power plants in the contiguous U.S. during 2010-2017.

While emissions of each pollutant declined, some of the reductions are precipitous: SO2 fell

75%. Further, a historical perspective suggests changes in emissions after 2009 (especially

those of SO2 and CO2) clearly deviate from past trends.2

Several studies have analyzed the causes and consequences of this decline by focusing on

pollutants in isolation.3 In contrast, we calculate the economic value of these reductions. The

distinguishing characteristic of our analysis is matching time- and location-specific damage

valuations to corresponding emissions, which enables three unique contributions. First, we

calculate the magnitude of the decline in total damages and how this decline is distributed

across location. Second, we use a decomposition to quantify the relative importance of

various factors such as fuel switching and pollution control equipment to the decline in

damages. Third, we econometrically estimate whether the changes in the electricity sector

that led to the decline in total damages also led to a decline in the marginal damage of

electricity consumption.

Our first contribution calculates the decline in damages. We use the social cost of carbon

and the AP3 integrated assessment model (Clay et al 2018) to assess pollution exposure,

physical impacts, and, ultimately, monetized damage. Three factors complicate the transla-

1See National Research Council (2010), Muller, Mendelsohn, and Nordhaus (2011), and Muller (2014).
2See Figure i in the Appendix for data on the period 1990-2017.
3Feng et al. (2015), Kotchen and Mansur (2016), Cullen and Mansur (2017), Holladay and LaRiv-

iere (2017), and Fell and Kaffine (2018) analyze factors that contribute to the decline in CO2. Linn and
McCormack (2018) examine the effect of markets and regulation on the decline in NOx and SO2 emissions.
Krumholz (2018) analyzes factors that contribute to the decline in SO2. Knittel et al. (2015) and Coglianese
et al. (2017) analyze the reduction in coal production rather than emissions directly. Henneman et al. (2019)
focus on health outcomes due to the decline in emissions from coal plants. Contemporaneous work by An-
daloussi (2018) is perhaps closest to our analysis because it considers all pollutants, does a decomposition,
and does a back of the envelope damage calculation. Our work differs from Andaloussi in that we decom-
pose damages rather than emissions, determine marginal damages from electricity consumption, and, most
importantly, link emissions to time- and location-specific damage valuations.
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Figure 1: Power Plant Emissions of Four Pollutants, 2010-2017
fig-emissionstime

Notes: Normalized such that emissions in 2010 equal 100. Source: EPA’s
Continuous Emissions Monitoring System.

tion of emission changes into damages. First, the importance of a given pollutant depends

not only on the level of emissions but on damages per unit of emissions. Second, damages

per unit of local pollutants depend on where they are emitted and their dispersion through

the atmosphere. A large decline in emissions need not imply a large decline in damages if

emissions shift from low damage locations to high damage locations. Third, emissions pro-

duced by a particular facility may be more or less harmful over time because of changes in

the local population, the atmospheric conditions affecting secondary PM2.5 formation, and

the global stock of CO2 in the atmosphere. Accounting for all three factors, we find that

total damages from power plants fell from $245 billion in 2010 to $133 billion in 2017 which

is a decline of $112 billion or about $350 per capita. The largest reductions in damages per

capita accrue to residents of West Virginia, Pennsylvania, and Ohio.

Our second contribution decomposes the decline in damages. Decomposition analysis is

widely used to quantify the relative importance of various factors and can provide a roadmap
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or testable hypotheses for subsequent analysis.4 Our preferred approach decomposes the de-

cline in damages from fossil-fired electricity generation into four effects: technique (capturing

changes in emissions rates), composition (capturing fuel switching among fossil-fired power

plants), scale (capturing changes in total fossil generation), and valuation (capturing changes

in the spatially and temporally heterogeneous damage valuations). The first three effects

decrease damages, the largest being technique ($63 billion primarily at coal plants with new

SO2 control technology) and composition ($60 billion primarily from coal plants that re-

duced generation or exited), but the scale effect ($25 billion primarily from renewables) is

also substantial. The valuation effect increases damages by $35 billion. Ignoring the spatial

and temporal heterogeneity in the damage valuations would overstate the decline in damages

but not change the rank ordering of the technique, composition, and scale effects.

Although damages from electricity generation have greatly decreased, this fact does not

in and of itself have implications for policies such as support for transportation electrifica-

tion or distributed renewable energy. To evaluate these policies, one must determine the

change in damages from a change in consumption of electricity, i.e. the marginal dam-

ages. Our third contribution econometrically estimates whether marginal damages declined

concurrently with total damages. To estimate marginal damages in the three electricity in-

terconnections, we simplify and extend the econometric methods pioneered in Graff Zivin

et al (2014) and Holland et al (2016).5 Marginal damages decline in the East from 8.6¢ per

kilowatt-hour (kWh) in 2010 to 6.0¢ per kWh in 2017. In the West and Texas, marginal

damages in 2010 are lower than in the East, but increase slightly over time. In contrast,

average damages decline in all three regions, illustrating that average damages are not a

good proxy for marginal damages in policy analysis.

4Our decomposition technique is most closely related to Levinson (2009) and Levinson (2015), although
his application is trade and the environment. Sun (1998) and Melitz and Polanec (2015) provide overviews
of decomposition techniques. Other prominent environmental decompositions include Antweiler et al (2001),
Metcalf (2008), and Shapiro and Walker (2018). See Fortin et al (2011) for a survey of decompositions in
labor economics and Ang and Zhang (2000) for a survey in environmental economics.

5Our analysis is distinguished by the more recent time frame, our multi-pollutant approach, and estima-
tion of standard errors. Siler-Evans et al (2013) and Callaway et al (2017) use an alternative approach to
estimate damages as a function of fossil electricity generation within an electricity grid region. In sensitivity
analyses, we offer comparable estimates and extend this work by instrumenting for endogenous generation.
Other alternatives use generation cost modeling to simulate grid dispatch and calculate marginal emissions
factors: Denhom et al (2013) and McLaren et al (2016); or simply analyze the average emissions factor e.g.,
within a state: Samaras & Meisterling (2008), Michalek et al (2011), and Nealer et al (2015).
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We use our estimates of marginal damages to evaluate one policy that increases grid

electricity consumption (subsidies for electric vehicles) and another policy that decreases it

(subsidies for solar panels). From 2010 to 2017, electric vehicles switch from being dirtier

on average than their gasoline-powered counterparts to being cleaner, though considerable

heterogeneity across locations remains. The environmental benefit of solar panels decreases

over time in the East but increases in the West and Texas.

Myriad public policies and market forces influenced electricity consumption, generation,

and pollution control during this period. On the consumption side, market forces include

the electrification of transportation, the rise of data centers, and improvements in heating

and cooling technologies, while public policies encourage energy efficiency and technology

adoption.6 On the generation side, technological improvements in natural gas development

and renewable generation combined with public policies led to a substantial reduction in

the relative price of generating electricity from gas and renewable power plants.7 This

in turn decreased wholesale electricity prices, reduced generation from baseload coal-fired

and nuclear generation, led to plant closings, and increased the need for generation that can

quickly respond to intermittent renewable generation. As for pollution control, between 2010

and 2017, the National Ambient Air Quality Standards were tightened for both PM2.5 and

tropospheric ozone. States with counties that violate these standards often focus emission

reductions on large point sources such as power plants. There were also a number of active

and proposed regulations during this time that may have influenced adoption of pollution

control technology.8 An important caveat to our work is that we do not attempt to assign

causal implications to any of the these market forces or policies, but rather we calculate

their combined effect on damages, decompose the effect into broad categories, and estimate

marginal damages.

6Examples include weatherization programs, Energy Star appliance rebates, and electric vehicle subsidies.
7Examples include renewable production tax credits and state level renewable portfolio standards.
8These include Acid Rain Program, the Clean Air Interstate Rule, and the Cross-State Air Pollution

Rule, the Clean Power Plan, and Mercury and Air Toxics Standards. Note these regulations may also affect
generation.
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2 Calculating Damages
sec-dam

2.1 Data and Methods
sec-data

Calculating the decline in damages requires data on emissions over time and a method for

valuing the emissions of different pollutants at different times and locations. EPA’s Contin-

uous Emissions Monitoring System (CEMS) reports hourly electricity generation and hourly

emissions of SO2, NOx, and CO2 at approximately 1500 regulated fossil-fuel fired power

plants (generally above 25 megawatt capacity). Emission rates from the National Emis-

sions Inventory (NEI) and hourly generation are used to impute hourly PM2.5 emissions.9

Plant characteristics and locations come from the EPA’s Emissions & Generation Resource

Integrated Database.

To value these emissions, define damage valuations vpit as the damage per unit of pollutant

p emitted by source i at time t. For the global pollutant CO2, the damage valuations are the

same across all plants and are based on EPA’s social cost of carbon (SCC), which is $35.36

per metric ton of CO2 in 2010 and grows at 3% annually.10

For local pollutants, the AP3 integrated assessment model determines damage valuations

for each individual plant. For primary PM2.5 emissions, AP3 models physical dispersion. For

SO2 and NOx, AP3 accounts for chemical and physical processes in the atmosphere to map

emissions of these pollutants from a source location (i.e., an electric power plant) into am-

bient concentrations of secondary PM2.5 at various receptor locations (i.e., counties in the

contiguous United States). AP3 then maps ambient concentrations of PM2.5 into premature

mortality risk using peer-reviewed concentration-response functions.11 Finally, it monetizes

mortality risk using the value of statistical life (USEPA 2010). Because atmospheric chem-

istry, background (non-power plant) pollution, and population change over time, the damage

valuations change over time as well. AP3 produces damage estimates for the years 2008,

9Power plants not in the NEI are assigned an average PM2.5 emissions rate by fuel type. See the Appendix.
Summary statistics for the emission data are given in Table i in the Appendix and are illustrated in Figure 1.

10See https://19january2017snapshot.epa.gov/climatechange/social-cost-carbon_.html. All
values in the paper are reported in 2014 dollars.

11The prior version of AP3, known as AP2, tracked other consequences of exposure such as morbidity
and visibility. AP3 does not include these endpoints because they contribute a small share of total damage
(<5 percent), and due to concerns about double-counting illness valuations that ultimately culminate in a
premature death. Other differences between AP3 and AP2 are discussed in Online Appendix A.
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2011, and 2014, which are the data years for the NEI.12 For 2010, 2012, and 2013, we use lin-

ear interpolation to infer valuations from the NEI years and, for 2015 on, we hold valuations

at 2014 levels.13 Table ii in the Appendix shows that average damage valuations increase

over time.

With these damage valuations in hand, total damages Dt are given by

Dt =∑
p
∑
i

vpitepit, (1) eq-main

where epit are emissions of pollutant p from power plant i at time t. Eq. (1) assumes that

local damage valuations are independent of the emissions from power plants. If this does

not hold, Eq. (1) understates the decline in damages.14

The U.S. electricity grid is divided into the East, West, and Texas Interconnections, and

only trivial amounts of electricity flow across their boundaries. For this reason, we calculate

many of our results at the interconnection level. Throughout the paper we refer to the

quantity demanded of electricity as load, and the quantity supplied as generation.15

2.2 Total Damages and Their Distribution

Evaluating Eq. (1) for each year gives the total damages from emissions of local and global

pollutants by CEMS power plants. Table 1 shows that total damages in 2010 were $245

billion, or about $800 per capita. By 2017, damages had fallen 46% to $133 billion. This is

a decline of $112 billion or about $350 per capita, which is a substantial benefit to human

health and the environment.

To analyze the sources of the decline in damages, we break up the sums in Eq.(1) in

several ways. Panel A in Table 1 shows the damages by pollutant. In 2010, SO2 emissions

account for the majority of damages ($138 billion) followed by CO2 emissions ($79 billion)

and NOx and PM2.5 emissions ($18 and $10 billion). By 2017, this order had changed with

12NEI are published with a three year lag.
13Alternatively, we could use linear extrapolation to extend the trend from 2011 to 2014 forward to 2017.

As shown Table B-11 and Figure B-1 in Online Appendix B, our results are robust to this alternative.
14An alternative procedure that holds damage valuations fixed at their final 2017 values overstates the

decline in damages. This procedure is analyzed in the Online Appendices.
15In theory these should be equal, but in practice they may differ due to reporting practices, line losses,

and net imports from Mexico and Canada.
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CO2 emissions accounting for the majority of the damages followed by SO2, NOx, and PM2.5.

About 88% of the decline in damages is due to reduction in damages from SO2 emissions,

and this large decline caused SO2 to become a less important source of harm. Panel B shows

the damages by fuel type. Damages from coal-fired power plants are the main source of

damages, and their damages decline dramatically over time. They account for more than

100% of the decline from 2010 to 2017 because damages from gas-fired power plants actually

increased. Panel C shows the damages by interconnection. The vast majority of damages

come from power plants in the East and almost all of the decline in damages from 2010 to

2017 can be attributed to the East. In fact, damages from power plants in Texas increased

slightly. Taken together, the results in Table 1 show that the dominant sources of the decline

in damages are from SO2 emissions, from coal plants, and from plants in the East.

Table 1: Damages by Pollutant, Fuel, and Interconnection

table-dam-pfi

2010 2011 2012 2013 2014 2015 2016 2017

Panel A: Pollutant
Local Pollution

SO2 137.6 122.0 92.5 94.8 98.7 68.5 44.1 38.6
NOx 18.2 17.4 15.9 16.9 17.1 14.1 12.3 10.7
PM2.5 10.4 9.6 9.3 9.5 9.5 8.9 8.6 8.0

Total Local 166.1 149.0 117.7 121.1 125.4 91.6 65.1 57.3
Global Pollution

CO2 78.8 77.6 75.1 78.2 80.7 77.9 76.3 75.4
Total 244.9 226.7 192.8 199.3 206.0 169.4 141.4 132.7

Panel B: Fuel
Coal 224.6 202.8 167.1 175.1 181.8 141.3 111.2 105.0
Gas 19.3 22.5 24.8 22.1 21.9 25.9 28.1 25.9
Oil 0.7 1.0 0.5 1.2 1.3 1.2 0.7 0.5
Other 0.2 0.4 0.4 1.0 1.1 1.1 1.3 1.4
Total 244.9 226.7 192.8 199.3 206.0 169.4 141.4 132.7

Panel C: Interconnection
East 213.7 196.5 163.8 166.9 173.6 139.2 113.5 103.5
West 17.0 15.7 16.1 17.7 17.2 16.7 14.9 14.7
Texas 14.2 14.5 12.9 14.7 15.3 13.5 13.1 14.5
Total 244.9 226.7 192.8 199.3 206.0 169.4 141.4 132.7

Notes: Damages in billions of 2014$ aggregated across all CEMS power plants using AP3 damage estimates.
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To determine what locations benefited from the decline in damages, we calculate damages

received. Because CO2 is a global pollutant, we do not include it in these calculations.16

Due to the dispersal of pollutants in the atmosphere, a given location may receive damages

from many power plants. Let δpijt be the damages in county j due to emissions of a unit of

local pollutant p from plant i as determined by AP3. The damages received by county j are

determined by adding across all local pollutants and all power plants:

∑
p
∑
i

δpijtepit.

The damage received by each county in 2010 are shown in Figure 2 (a). Counties in Penn-

sylvania, New York, and Ohio, including rural counties, account for a large share of the

damages in 2010. In addition, we see significant damages in other large metropolitan areas.

Holding the scale constant, Figure 2 (b) shows the damages received in 2017. There are large

reductions in damages relative to 2010, particularly in the Northeast.

Because damages depend on the number of people harmed, we also examine this change

in damages received on a per capita basis in Figure 3. This figure reflects improvements in

air quality as experienced by the average person in the county. The declines are greatest

in the Mid-Atlantic region, but are also substantial throughout the Northeast and parts

of the Midwest and South. Aggregation of these results to the state level reveals that the

average individual in West Virginia received damages of $1746 in 2010 and $492 in 2017,

for a decline of $1253.17 Pennsylvania and Ohio also received large per capita reductions

in damages ($988 and $775). Damages and declines are both much smaller in the West.

The average individual in California received damages of $33 in 2010 and $22 in 2017. It is

important to stress that damages received by a state may be influenced by emissions in other

states. For example, much of the decline in damages in West Virginia is due to emissions

reductions from power plants throughout the Ohio River Valley.

We next explore the factors that contributed to the significant decline in damages.

16The SCC measures global damages from carbon over hundreds of years. It is difficult to attribute this
damages to specific places in the US.

17Online Appendix A contains additional information about the distribution of damages received, including
damages received by county for each year in 2010-2017 (see Figure A-2), the decline in damages over 2010-
2017 by county (see Figure A-3), and the aggregation to the state level (see Table A-1).
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(a) 2010

(b) 2017

Figure 2: Local Damages Received by County and Year (millions of 2014$)fig-dam-received-two
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Figure 3: Reduction in Local Damages Received Per Capita by County 2010-2017
fig-dam-received_county_pop_decile
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3 Decomposing the Decline in Damages
sec-explain

Decompositions can analyze which factors are quantitatively important in the decline in

damages. We could decompose Eq. (1) directly into a valuation effect and an emissions

effect.18 But, to examine how changes in electricity generation contribute to the changes

in emissions, we further decompose the emission effect into the scale, composition, and

technique effects, which capture total fossil generation, generation shares, and emissions

rates. This is similar to Levinson (2009)’s analysis of manufacturing, except that in the

electricity sector not all plants emit pollution.

To derive our decomposition equation, let qit be electricity generation at fossil plant i at

time t and Qt = ∑i qit be total fossil generation.19 We can write Eq. (1) as

Dt =∑
i

∑
p

vipteipt =∑
i

∑
p

vipt
eipt
qit

qit
Qt

Qt =∑
i

∑
p

viptriptθitQt, (2) eq-products

where ript = eipt
qit

is the emissions rate for pollutant p at plant i and θit = qit
Qt

is the share of

fossil electricity generated by plant i.20 Next define the ∆ operator as the difference across

year t and year 0 (for example ∆Q = Qt −Q0). Differencing both sides of Eq. 2 gives our

decomposition equation:

∆D =∑
i

∑
p

vipripθi∆Q

´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶
Scale

+∑
i

∑
p

viprip∆θiQ

´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶
Composition

+∑
i

∑
p

vip∆ripθiQ

´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶
Technique

+∑
i

∑
p

∆vipripθiQ

´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶
Valuation

+error, (3) eq-decom

where the bar operator indicates our choice of base, which we define to be the average of

values in the initial and final years (for example Q = 1
2(Qt +Q0)).

Several things are worth noting about our decomposition equation. First, it decomposes

the product of four variables which rules out some approaches used in the literature.21 Sec-

18See Table B-23 in Online Appendix B.
19Below we discuss using total generation rather than total fossil.
20For plants that enter or exit, we construct a panel across the two years by setting eipt = 0 and qit = 0

for years in which the plant is not generating. When rip0 or ript is undefined, we set it equal to its value
when it is observed. For example, with a plant that enters we set rip0 equal to ript, which is well-defined.
We follow a similar procedure for vipt. This ensures that entry and exit do not contribute to the technique
effect (since emissions rates are constant) or the valuation effect (since valuations are constant). See Melitz
and Polanec (2015) for a similar analysis of entry and exit.

21Melitz & Polanec (2015) discuss several two variable decompositions.
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ond, the structure of Eq. (3) resembles the derivative of equation Eq. (1) with respect to

time using the product rule. Intuitively, the product rule isolates the change in one variable

while holding the other variables constant at the base value. In Eq. (3), the technique ef-

fect, for example, shows how much the change in emissions rates contributes to the change

in damages, keeping valuation, generation shares, and fossil generation constant. Our base,

which is analogous to a Marshall-Edgeworth price index, is the average of the initial and final

values and is clear and easy to interpret.22 Third, the product rule analogy is not perfect,

however, because the change in time in Eq. (3) is discrete, not continuous. As a result, Eq.

(3) includes non-zero interaction terms such as vip∆rip∆θi∆Q, which we aggregate and call

“error” (the complete expression for error is given in the Appendix). Some decompositions

include the interaction terms explicitly or implicitly in one of the main effects, which makes

the base values difficult to interpret.23 Our decomposition has a clear base at the cost of a

small error.24 Finally, as we shall see, our decomposition equation allows us to break up the

main effects into component parts, which elucidate the underlying mechanisms.

Table 2 shows the decomposition over 2010 to 2017. The main column accounts for both

spatial and temporal heterogeneity in the damage valuations and thus captures our best

estimate of the decline in damages. The scale effect (totaling -$25 billion) is the decrease in

damages that can be attributed to changes in overall fossil generation, holding valuations,

emissions rates, and generation shares constant at their average levels. Similarly, holding

the other variables constant, the composition effect (totaling -$60 billion) is the decrease in

damages from changes in fossil generation shares across power plants. The technique effect

(totaling -$63 billion) is the decrease in damages from changes in power plant emissions rates.

The valuation effect (totaling $35 billion) is the increase in damages from changes in AP3

valuations and the SCC.25 Because of the off-setting valuation effect, the scale, composition,

and technique effect account for more than 100 percent of the total decline in damages.

22If the base corresponds to values in the initial time period, then the decomposition is analogous to a
Laspeyres price index, and if the base corresponds to values in the final time period, then the decomposition
is analogous to a Paasche price index.

23The two variable decomposition ∆(xy) = xt∆y+y0∆x is exact but has an unclear base. See Sun (1998).
24Table B-6 presents results using the Laspeyres base, the Paasche base and an yet another base we call

the average base. These bases yield much larger errors.
25In Table iv in the Appendix, we decompose emissions rather than damages. The technique effect is more

prominent for SO2. Table B-4 shows the decompositions for each interconnection.
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Table 2: Decomposition of Change in Damages from 2010-2017

table-decomp-average-spat-1

Main Limited Heterogeneity
vipt vpt vip vp

Spatial No Spatial Spatial No Spatial
Temporal Temporal No Temporal No Temporal

Scale −25.19 −27.90 −25.69 −28.55
Composition −59.98 −61.42 −63.97 −66.54
Technique −62.58 −69.91 −64.56 −72.22
Valuation 35.28 38.14 0.00 0.00
Error 0.33 0.43 0.43 0.46
Total −112.14 −120.65 −153.79 −166.84

Notes: Effects in billions of 2014$.

A unique feature of our paper is the spatial and temporal heterogeneity in the damage

valuations vipt. To understand the importance of this heterogeneity, we modify the decom-

position by limiting the heterogeneity in three ways. First, ignore the spatial heterogeneity

by holding all damage valuations fixed at the average value over all power plants for a given

year. If emissions reductions occur primarily at low damage plants then this will overstate

the decline in damages. The column labeled vpt in Table 2 shows that the decline in dam-

ages would be $120 billion, which overstates the decline by about $8 billion. Figure B-5

in Online Appendix B shows that emissions reductions do occur primarily at low damage

plants for all three local pollutants. Second, ignore the temporal heterogeneity (but allow

spatial heterogeneity) by holding all damage valuations fixed at the average over all years

for a given plant. Because damage valuations are actually increasing over time (see Table ii

in the Appendix), this leads to an overstatement of the decline in damages. The column

labeled vip in Table 2 shows the decline in damages would be $154 billion, which overstates

the decline by about $42 billion.26 Third, ignore both temporal and spatial heterogeneity

by using a single value for each pollutant equal to the average of all valuations for all power

plants. The vp column shows the interaction between ignoring both the spatial and temporal

heterogeneity exacerbates the individual effects and leads to an $55 billion overestimate of

the decline in damages. The relative importance of the scale, technique, and composition

26By definition the valuation effect is zero.
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effect do not vary much across columns. In contrast, the heterogeneity has a large effect on

the estimate of total damages, primarily from the temporal heterogeneity.

To illustrate the mechanisms underlying the four effects of our decomposition, we divide

the effects into component parts. For the scale effect, consider changes in load and generation

from wind, solar, nuclear, and hydropower.27 Because load must equal total generation, the

change in fossil generation, ∆Q, in Eq. (3) can be written

∆Q = ∆L −∆R −∆N −∆H −∆O,

where ∆L is the change in load, ∆R is the change in renewable generation, ∆N is the

change in nuclear generation, ∆H is the change in hydroelectric generation, and ∆O is the

residual.28 Substituting for ∆Q in Eq. (3) gives the results in Panel A in Table 3. The

increase in renewable generation is by far the biggest contributor to the scale effect as it

reduced damages by $16 billion.

The composition effect captures anything that changes the generation shares: market

forces or regulations that shift generation from coal-fired to gas-fired plants or cause en-

try/exit. To study these mechanisms, we group the power plants into eight categories and

then determine the composition effect for a given category by summing the plant specific

composition effect (∑p v̄ipr̄ip∆θiQ̄) over all the power plants in that category. The “Coal”

row Panel B of Table 3 shows the portion of the composition effect attributable to plants

whose primary fuel type is coal throughout the time period is $32 billion. The “Exit of

Coal” plants contributed an additional $31 billion and the “Switch from Coal” plants re-

duced damages by $5 billion.29 These results are consistent with Table iii, which shows that

coal’s share of fossil generation fell from 64% to 38%. The increase in generation share from

existing gas plants and the entry of new coal and gas plants only contributed modestly to

the composition effect.

27There could also be a contribution from efficiency policy, but we cannot observe counterfactual electricity
consumption. Efficiency policy may have offset increases in damages that would have occurred due to
population growth and economic growth induced increases in electricity consumption.

28Annual load comes from Federal Energy Regulatory Commission form 714 and renewable, nuclear,
and hydroelectric generation come from Energy Information Administration form 923. See Table iii in the
Appendix and Table B-15 in Online Appendix B for summary statistics.

29See Tables B-16 to B-21 in Online Appendix B for additional information on plant entry and exit.
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Table 3: Components of the Decomposition of Change in Damages from 2010-2017

table-decomp-mainonly-1

Main
Panel A: Scale (Total Fossil Generation)

Load ∆L −3.56
Renewables −∆R −15.86
Nuclear −∆N 0.15
Hydroelectric −∆H −3.00
Other −∆O −2.92

Total Scale −25.19
Panel B: Composition (Generation Shares)

Coal −32.03
Switch from Coal −5.31
Gas 4.48
Entry of Coal 2.40
Entry of Gas 2.68
Exit of Coal −31.05
Exit of Gas −0.43
Other −0.71

Total Composition −59.98
Panel C: Technique (Emissions Rate)

Coal - New SO2 Control Tech. −35.71
Coal - No New Tech. −8.92
Switch from Coal −15.92
Gas −2.45
Other 0.42

Total Technique −62.58
Panel D: Valuation

SO2 15.69
NOx 2.37
PM2.5 1.22
CO2 16.00

Total Valuation 35.28
Error 0.33

Total −112.14

Notes: Effects in billions of 2014$. Fuel types are from EPA’s Emissions & Generation Resource Integrated
Database. “Coal” and “Gas” denote plants whose primary fuel type did not change. “Switch from Coal”
denotes plants whose primary fuel type is coal in 2010 but switches to gas or other fuels in 2017. “Entry”
denotes plants that were not in the 2010 sample and “Exit” denotes plants that were not in the 2017 sample.
“Other” denotes the residual category. “New SO2 Control Tech” denotes plants that installed SO2 emissions
control technology between 2010 and 2017.
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The technique effect captures anything that changes a plant’s emissions rate including:

installing emissions control technologies; switching to low-sulfur coal; replacing a coal-fired

boiler with a new gas-fired boiler; or switching generation at the plant from existing coal

generating unit to an existing gas unit. To study these mechanisms we group the power

plants into five categories. Panel C of Table 3 shows that a $36 billion decline in damages

comes from coal plants that installed SO2 emissions control technologies, such as flue gas

desulfurization (scrubbers) or dry sorbent injection, between 2010 and 2017. These plants

account for over half of the technique effect and approximately 25 percent of the overall

decline in damages.

As discussed in the introduction, power plants were subject to a number of pollution

regulations during this time period. Some evidence about the influence of these regulations

on the decision to adopt SO2 emission control can be gleaned from EPA’s Air Market Pro-

gram, which reports the regulations that apply to each plant in CEMS in each year. Figure 4

summarizes the regulations listed for a plant in the year in which the plant installed SO2

emissions control.30 Before our sample period begins in 2010, most pollution control equip-

ment was installed at plants under EPA’s Acid Rain Program or New Source Performance

Standard. The Acid Rain Program features a cap-and-trade market for SO2 permits, and

the permit price from the annual EPA auction is also shown in Figure 4. In 2010, the SO2

permit price fell to $40 per ton from over $1000 per ton in 2006, but emissions control con-

tinued to be installed to comply with other regulations. Indeed, there were a substantial

number of installations since 2010, and plants that made these installations were responsible

for the $36 billion decline in damages noted above. Between 2010 and 2014, most of the

installations were under the Acid Rain Program and the Clean Air Interstate Rule. After

2014, most of the installations were under the Mercury and Air Toxics Standards. As it

turns out, scrubbers are one compliance strategy for these standards.

Lastly, we consider the component parts of the valuation effect. Damage valuations from

a unit of local pollution emitted at a power plant may change over time due to changes

in factors such as population, atmospheric chemistry and ambient pollution concentrations.

The SCC also increases over this time period. To study these effects, we calculate the

30Figure B-4 in Online Appendix B shows similar data for NOx pollution control equipment.
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Figure 4: Power Plant SO2 Emissions Control Installations
fig-anyso2reg-excel

Notes: The year is the first year a pollution control technology is active as
indicated by Energy Information Administration form 860. “ARP” is Acid
Rain Program; “CAIR” is Clean Air Interstate Rule; “MATS” is Mercury
and Air Toxic Standard; and “NSPS” is New Source Performance Standard.

valuation effect separately for each pollutant. Panel D in Table 3 shows the bulk of the

valuation effect comes from SO2 and CO2.

There are two important caveats to interpreting our decompositions. First, because our

emissions rates are measured at the plant level, switching to cleaner fuels within a power

plant contributes to the technique effect. An alternate decomposition might label this as

composition effect. About $16 billion of our technique effect is from plants that have coal

as their primary fuel source in 2010 but not in 2017. These plants could have replaced

coal-fired boilers with gas-fired boilers or switched generation from existing coal-fired to

gas-fired units. Table B-22 in Online Appendix B shows that the within-plant share of

generation by coal decreased while the gas share increased from 2010 to 2017. Second, our

scale effect is based on total fossil generation, so changes in renewables contribute to it. An

alternate decomposition might label this as composition effect. Using total electricity load

Lt instead of fossil generation Qt, the decomposition in Table B-5 in Online Appendix B
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shows that almost all of the scale effect is shifted into the composition effect. However, this

decomposition does not allow us to quantify the effects of renewables on damages.

Although Table 2 decomposes the change in damages over the entire time period, we can

also decompose the change in damages for each year relative to 2010, as shown in Figure 5.31

Damages generally decline throughout the sample so the effects are increasing over time.

However, the relative importance of the different effects is consistent in most years. Early in

the sample the composition effect dominates. This effect, which is sensitive to natural gas

prices, is relatively large in 2012 and 2016 when gas prices were low. The technique effect is

particularly strong toward the end of the sample. The valuation effect, which increases until

2014 and then is roughly constant, illuminates our assumptions about damage valuations.

Figure 5: Decomposition of Change in Damages by Year
fig-decomp-mono

Notes: All changes relative to 2010. Data are in Table B-2.

We conclude this section with a sensitivity analysis of two key parameters in our method

for determining damages: the SCC and the value of statistical life (VSL). The baseline

VSL of $8.7 million is the EPA’s recommended estimate (see USEPA 2010, Appendix B,

converted from year 2006 dollars). We consider a low value of $3.9 million based on stated

preference studies and a high value of $13.3 based on hedonic wage studies (see Kochi et

31Table B-3 reports small standard errors for these effects. Standard errors are unnecessary since we have
a census of CEMS power plants. However the standard errors inform whether the reductions are similar
across plants or are driven primarily by outliers.
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Table 4: Damages from 2010-2017: Sensitivity

table-damages-sensitivity

2010 2011 2012 2013 2014 2015 2016 2017
Baseline 245 227 193 199 206 169 141 133
High VSL 332 305 254 263 272 217 175 163
Low VSL 142 134 119 122 126 111 100 96
High SCC 264 246 211 218 226 188 160 151
Low SCC 226 208 174 180 186 150 123 114

Notes: Effects in billions of 2014$. Baseline VSL is $8.7, high VSL is $13.3, and low VSL is $3.9 million.
Baseline SCC starts at $35.36 in 2010, high SCC starts at $44.00, and low SCC starts at $26.74.

Table 5: Decomposition of Change in Damages from 2010-2017: Sensitivity

table-decomp-sensitivity

Baseline High VSL Low VSL High SCC Low SCC

Scale -25.19 -32.84 -15.98 -27.78 -22.61
Composition -59.98 -84.63 -30.53 -63.13 -56.82
Technique -62.58 -97.66 -20.13 -61.52 -63.65
Valuation 35.28 45.38 21.21 39.18 31.38
Error 0.33 0.63 -0.13 0.27 0.39
Total -112.14 -169.12 -45.56 -112.98 -111.31

Notes: Effects in billions of 2014$. Baseline VSL is $8.7, high VSL is $13.3, and low VSL is $3.9 million.
Baseline SCC starts at $35.36 in 2010, high SCC starts at $44.00, and low SCC starts at $26.74.

al. 2006, Table II, converted from year 2000 dollars). The baseline SCC is also the EPA’s

recommended estimate, which starts at $35.36 in 2010 and grows at 3 percent per year. We

consider a high value that starts at $44.00 and a low value that starts at $26.74 in 2010,

which are approximately 25 percent deviations.

The sensitivity of our damage calculations are given in Table 4 and the sensitivity of our

decompositions are given in Table 5. Both the VSL and the SCC have a significant effects

on the absolute level of damages. The VSL also has a significant effect on the change in

damages over time, but the SCC does not. As for the decompositions, there is some variation

in the magnitudes of the various effects, but, in general, their relative importance is similar

across all values for the VSL and SCC.
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4 Implications for Policy Analysis
sec-policy

Sections 2 and 3 showed that the grid has become much cleaner and explored the mechanisms

of how this occurred. We now assess how these changes in the grid have implications for

policies that affect electricity consumption. For this, we need to calculate a damage function

that specifies how a change in consumption changes damages. One way to calculate the

damage function that would follow directly from the results above is to assume a proportional

relationship between damages and consumption (i.e., simply calculate average damages). We

adopt a more general procedure that estimates marginal damages of consumption and use

them to evaluate policies for electric vehicle and solar panel adoption.

4.1 Damage Functions

Figure 6 illustrates two possible ways in which a damage function that relates air pollution

damages to electricity use may change over time. In case A on the left, the damage function

rotates down, so that marginal damages do indeed decrease as electricity generation becomes

cleaner. For example, if dirty coal plants retire and are replaced by cleaner natural gas

plants, this leads to lower total damages and lower marginal damages. In case B on the

right, however, the damage function shifts to the right but the slope does not change. For

example, if renewable generation increases, this leads to lower total damages, but no change

in marginal damages. Notice that simply calculating average damages would not correctly

capture any of these functions nor the changes illustrated.

Empirically assessing changes in damage functions requires several choices, starting with

the geographic scope. Our main analysis focuses on the electricity interconnections: East,

West, and Texas.32 Second, the measure of electricity use must be determined. We use load

as our primary measure of electricity use but revisit this assumption below. Third, power

plants face dynamic production decisions due to ramping constraints and start up costs.

These considerations may complicate the relationship between the time at which electricity

32We explore other definitions of geographic scope in Table C-4 in Online Appendix C.
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is consumed and how power plants operate. Our estimates examine the average response to

these dynamic processes.33

We first use non-parametric regressions to estimate the damage function using flexible

functional forms. Figure 7 shows local polynomial regressions for each of the three intercon-

nections in the early (2010-12) and late (2015-17) years of our sample. For the East, the

damage function shifts down between the early and late years indicating that electricity is

cleaner at all load levels. The marginal damage (slope) is positive, and the function appears

to be flatter for 2015-17. The West and Texas are different, as there is no clear downward

shift in the damage function. In fact, for these regions the more recent estimated damage

function is lower for low load levels, but higher for high load levels. This suggests that

marginal damages are increasing over time in these regions.34

The univariate non-parametric regressions do not show evidence of substantial non-

linearities. To examine the effect of adding control variables, we regress damage and load on

hour of day by month of sample fixed effects, and then repeat the non-parametric regressions

on the residuals. The results are shown in Figure C-4 in Online Appendix C. Once again we

see no substantial non-linearities, so we turn to linear regression.

4.2 Estimating Marginal Damages

Parametric regression analysis allows us to estimate marginal damages precisely and to

statistically test whether marginal damages changed. Our main estimating equation is

Dt = βLoadt + γLoadtY eart + αmh + εt, (4) eq-regress

where Dt is damages from emissions in hour t, Loadt is load in hour t, αmh are month of

sample times hour fixed effects (8 years * 12 months * 24 hours fixed effects), and Y eart

is the annual trend since 2010. The coefficients of interest are β, which is the marginal

damage, and γ, which is the annual change in the marginal damage. We specify units such

33Mansur (2008), Reguant (2014), and Cullen (2015) analyze dynamic considerations in other contexts.
34Figures C-1to C-3 in Online Appendix C also present the damage functions as functions of fossil gener-

ation, which shows that the general relationship between load and damages is similar whether we measure
electricity usage by load or by fossil generation.
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Figure 6: Shifts in the Damage Function: Two Possibilities

fig-dams

Electricity Load (megawatt)Electricity Load (megawatt)

Damages Damages

Case A Case B

Figure 7: Local polynomial estimates of damage functions

Notes: Graphs are local polynomial regressions of hourly damages onfig-DamageFcn
hourly load for the three interconnections: East, West, and Texas. Load
measured in thousands of megawatt-hours, and damages measured in
millions of 2014$. In East, mean load is 339 and mean damages is 21. In
Texas, mean load is 39, and mean damage is 1.8. In West, mean load is 85,
and mean damage is 2.2.
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that marginal damages are in ¢ per kWh and estimate Newey-West standard errors using 48

hour lags.

The results of estimating Eq. (4) with and without the annual trend, are given in Table 6.

For the East, the marginal damage estimate over the sample is 7.3¢ per kWh with a tight

standard error. This social cost is substantial relative to the average retail price of electricity

(13¢ per kWh in 2017).35 The annual trend shows a statistically significant decrease in

marginal damages over this time frame starting at 8.6¢ per kWh in 2010 and decreasing by

0.38¢ per kWh per year to 6¢ per kWh in 2017. Figure 8 illustrates this trend line and shows

that the annual point estimates are tightly clustered around the trend line.36 In the West

and Texas, the marginal damages estimated over the sample are much lower: 2.5¢ per kWh

in the West and 3.2¢ per kWh in Texas. However, the trends show a small but statistically

significant increase in marginal damages of 0.1¢ per kWh per year. Annual estimates with

confidence intervals, shown in Figure 8, are again tightly clustered around the increasing

trend lines.

Marginal damages are appropriate for policy, but total damages and average damages

(damages divided by load) are frequently used measures of grid cleanliness.37 In 2010, average

damages were 7.0, 2.3, and 4.4¢ per kWh in the East, West, and Texas, respectively (see

Table C-5 in Online Appendix C). Table 7 shows that the compound annual growth rates

for total and average damages are similar to each other, but they substantially overstate the

decline in marginal damages in all three regions. These differences suggest that focusing on

total or average damages gives a misleading implication for the degree to which policies may

need to be adjusted due to the cleaner electricity generation.

Our main results weight all hours equally and are appropriate to evaluate a use of elec-

tricity that is distributed uniformly across hours and seasons, e.g., refrigeration. However,

other electricity uses may have different time profiles. For example, electric vehicle charging

occurs primarily in the nighttime with some charging at midday but very little charging

during peak commuting hours. Electric lighting is primarily at night, whereas industrial ap-

35https://www.eia.gov/energyexplained/index.php?page=electricity_factors_affecting_

prices.
36The annual point estimates and standard errors are reported in Table C-1 in Online Appendix C.
37For example, see the electric vehicle webpage for the Union of Concerned Scientists. https://www.

ucsusa.org/clean-vehicles/electric-vehicles/life-cycle-ev-emissions#.W8y2TVJRcdU
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Table 6: Marginal Damage Estimates: Main

table-reg-main

Variables (1) (2)
East

Load (β) 7.321∗∗∗ 8.644∗∗∗

(0.071) (0.096)
Load Trend (γ) −0.377∗∗∗

(0.024)

West
Load (β) 2.492∗∗∗ 2.032∗∗∗

(0.030) (0.047)
Load Trend (γ) 0.122∗∗∗

(0.011)

Texas
Load (β) 3.227∗∗∗ 2.825∗∗∗

(0.053) (0.085)
Load Trend (γ) 0.110∗∗∗

(0.023)

Observations 70,128 70,128
*** p<0.01, ** p<0.05, * p<0.1

Newey-West Standard errors (48 hour lag)

Notes: Dependent variable is hourly damages in the interconnection. Coefficient estimates in ¢ per kWh.
Regressions are unweighted and include month of sample by hour fixed effects, i.e., 2,304 (=8*12*24) fixed
effects.

Table 7: Compound Annual Growth Rates 2010-2017

table-growth-withave

Interconnection Total Damages Average Damages Marginal Damages
East -9.84% -9.32% -5.07%
West -2.08% -2.70% 5.14%
Texas 0.38% -1.29% 3.51%

Notes: Compound annual growth rate is defined as (end value/begining value)1/7 − 1.
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Figure 8: Marginal Damages by Interconnection
fig-MD-Year-all

Notes: Estimates in ¢ per kWh. Predicted trends are from regressions
reported in Table 6. Annual point estimates with 95% confidence intervals
are from regressions reported in Table C-1.

plications may use electricity primarily during the day. Air conditioning, one of the heaviest

uses, occurs primarily during the day in the summer months. Table 8 shows marginal dam-

age estimates from weighted regressions that account for various time profiles. For the East,

relative to the main results, the electric vehicle charging profile shows higher initial marginal

damages and a steeper decline. Conversely, the Day Time Hours profile shows lower initial

marginal damages and a shallower decline. Overall, the differences are larger across regions

than across profiles within a region.

We apply the results in Table 8 to assess two prominent environmental policies: the sub-

sidy for electric vehicle purchases and the subsidy for household solar adoption. Holland et

al (2016) show that the environmental benefit of an electric vehicle is equal to the damages

from the forgone gasoline vehicle minus damages from the electric vehicle. Electric vehicles

cause air pollution damages due to the emissions from power plants that charge them. The

marginal damages in the “Electric Vehicle Charging” row in Table 8 together with electricity

use (kWh per mile) determine the damages per mile from an electric vehicle in each intercon-
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Table 8: Heterogeneous Marginal Damage Estimates
table-reg-hetero2b

East West Texas
Level Trend Level Trend Level Trend N

Main Results
8.64∗∗∗ −0.38∗∗∗ 2.03∗∗∗ 0.12∗∗∗ 2.83∗∗∗ 0.11∗∗∗ 70,128
(0.10) (0.02) (0.05) (0.01) (0.08) (0.02)

Electric Vehicle Charging
9.18∗∗∗ −0.42∗∗∗ 2.13∗∗∗ 0.13∗∗∗ 3.09∗∗∗ 0.06∗∗ 70,128
(0.11) (0.03) (0.06) (0.01) (0.10) (0.03)

Day Time Hours (8:01am to 6:00pm)
8.27∗∗∗ −0.34∗∗∗ 1.96∗∗∗ 0.12∗∗∗ 2.45∗∗∗ 0.17∗∗∗ 29,220
(0.11) (0.03) (0.05) (0.01) (0.10) (0.03)

Night Time Hours (6:01pm to 8:00am)
9.03∗∗∗ −0.42∗∗∗ 2.13∗∗∗ 0.12∗∗∗ 3.17∗∗∗ 0.06∗∗ 40,908
(0.12) (0.03) (0.06) (0.01) (0.11) (0.03)

Summer (May-October)
8.68∗∗∗ −0.46∗∗∗ 2.06∗∗∗ 0.12∗∗∗ 2.67∗∗∗ 0.09∗∗∗ 35,328
(0.11) (0.02) (0.06) (0.01) (0.11) (0.03)

Winter (November-April)
8.63∗∗∗ −0.28∗∗∗ 1.98∗∗∗ 0.12∗∗∗ 2.93∗∗∗ 0.15∗∗∗ 34,800
(0.16) (0.04) (0.08) (0.02) (0.13) (0.03)

Summer Day Time
8.12∗∗∗ −0.39∗∗∗ 1.99∗∗∗ 0.12∗∗∗ 2.41∗∗∗ 0.15∗∗∗ 14,720
(0.13) (0.03) (0.06) (0.01) (0.13) (0.04)

Notes: *** p<0.01, ** p<0.05, * p<0.1, Newey-West Standard errors (48 hour lag). “Electric Vehicle
Charging Profile” weights all hours according to a charging profile from EPRI. Other profiles restrict the
sample to the indicated hours. Estimates in ¢ per kWh. “Level” refers to β and “Trend” refers to γ in

Eq.(4).
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nection. Gasoline vehicles cause damages due to emissions from their tailpipes. Emissions

per mile from Holland et al (2016) and damage valuations from AP3 determine damages per

mile for each county.

Table 9 shows the annual environmental benefit across all counties in the contiguous

U.S. for an electric v. gasoline Ford Focus driving 15,000 miles per year.38 For 2010, the

annual environmental benefit has a substantial range across counties (from -$390 to $781)

and weighted mean (weighted by vehicle miles travelled) that is slightly negative (-$81 per

year). In 2017, the environmental benefit is higher by about $150 across all counties, and

the weighted mean is now positive. The increase is largest in the East (about $200 across

the distribution) so electric vehicles are now cleaner than gasoline vehicles on average in

the East. Even though marginal damages from electricity use increased in both the West

and Texas, the environmental benefit of electric vehicles increased in these regions because

damages from gasoline vehicles increased even more. To provide context for these benefits,

Holland et at (2016) show that the optimal purchase subsidy for an electric vehicle is equal to

the lifetime environmental benefit. Electric vehicles in the U.S. are eligible for a federal tax

credit of $7,500 and many states offer additional incentives. Using the 2017 environmental

benefits and assuming a 10-year lifetime and a 3% discount rate, the net present value of

the lifetime environmental benefit at the mean is only $630, but at the maximum value is

$8250. Thus even with the cleaner grid in 2017 the air pollution benefits cannot justify the

magnitude of the federal subsidy for the mean of the counties although the benefit exceeds

the federal subsidy in some counties due to the considerable heterogeneity in the benefit.

Turning to household solar adoption, the electricity from solar panels reduces the demand

for grid electricity and thus reduces air pollution damages. Under the assumption that elec-

tricity generated from solar panels is a one-for-one replacement for grid generated electricity,

the environmental benefit is simply the product of the electricity created by the panel and

the marginal damages from electricity generation in the interconnection in which the panel

is located. Following the methodology in Siler-Evans et al (2013), and Sexton et al (2018),

we combine annual solar insolation data with marginal damage estimates from the “Day

38Figure C-5 in Online Appendix C maps this data.
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Time Hours” row in Table 8.39 Table 10 shows the summary statistics for the distribution of

environmental benefit per year for a 6 kW system across approximately 83,000 unit areas in

the contiguous U.S.40 Overall the mean benefit is $418 in 2010 with a range across locations

from $94 to $825. In 2017, the mean benefit fell to $356 and the range narrowed. Across

regions, the environmental benefit is largest in the East because the grid is dirtiest. The

environmental benefit decreased in the East (because marginal damages fell) but increased

in the West and Texas (because marginal damages increased). Overall, these changes caused

the range of the environmental benefit to become smaller in 2017. Solar panels are eligible

for a tax credit of 30%, which implies a subsidy $5652 for the average system.41 Using the

2017 environmental benefits and assuming a 20-year lifetime and a 3% discount rate, the

average environmental benefit ($5455) is approximately equal to the subsidy.

4.3 Robustness

The regression in Eq. (4) estimates the damage function as the relationship between elec-

tricity load and damages. This may underestimate marginal damages if load is correlated

with omitted non-fossil generation. An alternative specification that estimates damages as

a function of fossil generation may have endogeneity bias, which can be large if interregional

trading is not modeled.42 Table C-3 in Online Appendix C explores potential endogeneity

bias in our estimates. In particular, we use two alternative specifications: one with fossil

generation as the independent variable and another that instruments for fossil generation

with electricity load. Table C-3 shows similar estimates across all specifications.

Table 11 explores the sensitivity of the marginal damage estimates to assumptions about

key parameters. Our main results use AP3 damage valuations for NEI years (2008, 2011

and 2014) and interpolate valuations for non-NEI years. Column (2) presents estimates

in which all damage valuations are held fixed at the final year values.43 Under the fixed

valuations, the 2010 point estimates are higher and marginal damages fall more or increase

39See details on solar insolation in Online Appendix C.
40See Figure C-6 in Online Appendix C for a graphical display of this data.
41https://www.energystar.gov/about/federal_tax_credits/2017_renewable_energy_tax_

credits. The average cost of a 6 kW system is $18840.
42Marginal distributional losses are another possible source of bias (Borenstein and Bushnell 2018).
43Table C-2 in Online Appendix C shows the results for both levels and trends.
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Table 9: Environmental Benefit of an Electric Vehicle ($ per year)

table-cars

Interconnection Year Mean St Dev Min Max
East 2010 -192 128 -390 657

2017 13 143 -186 939

West 2010 233 225 20 781
2017 258 267 0 910

Texas 2010 75 41 -24 183
2017 107 51 -14 246

National 2010 -81 234 -390 781
2017 72 201 -186 939

Notes: Vehicle miles travelled weighted across all counties in contiguous US.

Table 10: Environmental Benefit of an Solar Panel System ($ per year)

table-solar

Interconnection Year Mean St Dev Min Max
East 2010 622 57 488 825

2017 443 41 348 588

West 2010 170 23 94 213
2017 242 33 134 305

Texas 2010 213 18 184 252
2017 316 26 274 375

National 2010 418 227 94 825
2017 356 103 134 588

Notes: We assume a 32 square meter system (approximately 6 kW) with 13% efficiency. Each observation
is the environmental benefit in a 0.1 degree by 0.1 degree unit area in the contiguous US.
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less. In particular, the Texas trend is statistically insignificant instead of positive. The

other columns in Table 11 use the high and low values for the SCC and the VSL defined

earlier. The high SCC value increases the marginal damages and the low value decreases the

marginal damages. The trends are more positive for the higher SCC values reflecting the

higher growth of the SCC. The high and low VSL has the greatest effect on the results in

the East where damages are higher. Overall, the results are largely robust to these different

modeling assumptions.

Table 11: Marginal Damage Estimates: Sensitivity
table-reg-main-sensitivity

(1) (2) (3) (4) (5) (6)
Variables Base Fixed Value High SCC Low SCC High VSL Low VSL

East
Load (β) 8.64∗∗∗ 10.29∗∗∗ 9.17∗∗∗ 8.12∗∗∗ 12.05∗∗∗ 4.59∗∗∗

(0.10) (0.11) (0.10) (0.09) (0.14) (0.04)
Load Trend (γ) −0.38∗∗∗ −0.65∗∗∗ −0.36∗∗∗ −0.40∗∗∗ −0.62∗∗∗ −0.10∗∗∗

(0.02) (0.03) (0.03) (0.02) (0.03) (0.01)

West
Load (β) 2.03∗∗∗ 2.48∗∗∗ 2.36∗∗∗ 1.70∗∗∗ 2.39∗∗∗ 1.61∗∗∗

(0.05) (0.05) (0.05) (0.04) (0.06) (0.04)
Load Trend (γ) 0.12∗∗∗ 0.06∗∗∗ 0.15∗∗∗ 0.10∗∗∗ 0.13∗∗∗ 0.11∗∗∗

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Texas
Load (β) 2.83∗∗∗ 3.49∗∗∗ 3.23∗∗∗ 2.42∗∗∗ 3.44∗∗∗ 2.10∗∗∗

(0.08) (0.10) (0.09) (0.08) (0.11) (0.05)
Load Trend (γ) 0.11∗∗∗ 0.01 0.13∗∗∗ 0.09∗∗∗ 0.13∗∗∗ 0.08∗∗∗

(0.02) (0.02) (0.02) (0.02) (0.03) (0.01)

Observations 70,128 70,128 70,128 70,128 70,128 70,128
*** p<0.01, ** p<0.05, * p<0.1

Newey-West Standard errors (48 hour lag)

Notes: Dependent variable is hourly damages in the interconnection. Coefficient estimates in ¢ per kWh.
Regressions are unweighted and include month of sample by hour fixed effects, i.e., 2,304 (=8*12*24) fixed
effects. Baseline VSL is $8.7, high VSL is $13.3, and low VSL is $3.9 million. Baseline SCC starts at $35.36
in 2010, high SCC starts at $44.00, and low SCC starts at $26.74.
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5 Conclusion

From 2010 to 2017, the U.S. population grew by over five percent and real gross domestic

product expanded by more than 15 percent. Despite these trends, electric power consumption

remained effectively unchanged and emissions of important pollutants fell. We translate

emissions into monetary damage and find that total annual damages from emissions of local

and global pollutants fell by $112 billion, or 46 percent, over eight years. The benefits of these

reduced damages from local pollutants were particularly concentrated among households in

the Mid-Atlantic and Northeastern states.

Our decomposition of the decline in damages quantifies the relative importance of four

effects. The technique effect measures within plant changes in emission rates and contributed

$62 billion in decreased damages. The composition effect, which captures changes in gen-

eration shares across plants, contributed a similar amount ($60 billion). By comparison,

the reduction in fossil generation contributed an effect that was considerably smaller (the

scale effect is about $25 billion). Running counter to these three effects, the valuation of

damage per unit of emissions increased damages by $35 billion. This increase was driven by

changes in the composition of the atmosphere, population growth and demographic change,

and increases in the social cost of carbon.

The decline in total damages need not imply a decline in marginal damages. Our econo-

metric analysis of the relationship between load and damages reveals that marginal damages

did fall in the East but at a much slower rate than total damages or average damages. De-

spite lower overall emissions in the West and Texas, marginal damages increased in these

markets. Grid-powered electric vehicles are now cleaner than gasoline vehicles, on average,

though substantial heterogeneity remains. The benefits of solar power decreased in the East

but increased in the West and Texas.

Although the paper demonstrates an extraordinary reduction in damages from the U.S.

power generation sector, we offer the following caveats. First, this is not a causal analysis of

which policies and market forces drove these changes. The installation of scrubbers was the

result of several state and federal policies including the Mercury and Air Toxics Standards.

The fuel switching and coal plant retirements were likely affected by the decreased prices for
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natural gas due to hydraulic fracturing. Renewable investment was likely affected by poli-

cies like the federal Production Tax Credit and Investment Tax Credit, states’ Renewable

Portfolio Standards, and technological improvements that have lowered costs and improved

operations. We explore these plausible explanations, but do not disentangle them causally.

Second, the application of AP3 to estimate air pollution damage imparts considerable un-

certainty on our results. This arises through parameter uncertainty (especially the VSL and

the functional linkage between exposure to PM2.5 and adult mortality), and through the

representation of air quality modeling in AP3. Third, we also note that the social cost of

carbon is a necessarily uncertain parameter, both in its level and rates of change through

time.

The results presented in this paper provide useful benchmarks for future research on

the causes behind the reported changes in emissions and damages. For example, low gas

prices could cause the composition effect and parts of the technique effect, but are unlikely

to cause increases in renewable generation or lead to installation of pollution control equip-

ment on coal plants. The paper also effectively demonstrates the importance of tracking

emissions through to their final monetary damage. Simply reporting emission reductions,

while an important step, masks crucial heterogeneity in the toxicity of different pollutants,

changes in the exposed populations, and trends in valuation due to changes in environmental

conditions.

Appendix

Details on Emissions Data

The CEMS (Continuous Emissions Monitoring System) database is part of EPA’s Air Mar-

kets Program.44 CEMS power plants do not include non-fossil power plants, small fossil

plants (capacity < 25 megawatt), and plants in Hawaii or Alaska. CEMS provides hourly

emissions of SO2, NOx, CO2, and gross generation, which includes electricity use within the

plant. We measure a plant’s annual PM2.5 emissions through the following steps. First, for

44The database is accessed through the public ftp site ftp://newftp.epa.gov/DMDnLoad/.
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the 248 largest CEMS plants that are modeled at the plant level in AP3, we calculate each

plant’s PM2.5 emissions rate as the ratio of PM2.5 emissions from the National Emissions

Inventory (NEI) over the annual gross generation from CEMS (Winsorizing at the second

and 98’th percentile). For the remaining plants that are modeled at the county level in AP3,

we assign the average PM2.5 emission rate of NEI plants with the same fuel type. Because

the NEI is only available in 2008, 2011, and 2014, we approximate PM2.5 emissions rates for

other years with linear interpolation. Second, we calculate PM2.5 emissions at each plant as

the product of this PM2.5 emissions rate and the plant’s gross generation from CEMS.45

Table i shows annual emissions of the pollutants. These emissions correspond closely with

annual emissions reported in the National Tier I summary data from US EPA.46 Figure 1

illustrates this same data normalized to 2010 emissions.

Table i: Aggregate Emissions of Four Pollutants

table-emissionstime

Pollutant 2010 2011 2012 2013 2014 2015 2016 2017
SO2 10.33 9.09 6.64 6.48 6.31 4.43 2.98 2.68
NOx 4.28 4.02 3.49 3.51 3.39 2.81 2.46 2.16
PM2.5 0.45 0.41 0.38 0.37 0.37 0.34 0.32 0.30
CO2 2.46 2.35 2.21 2.23 2.23 2.09 1.99 1.91

Notes: Total emissions from all CEMS power plants. SO2, NOx, and PM2.5 emissions in billion pounds.
CO2 emissions in billion tons.

For a historical perspective, we illustrate emissions from 1990-2016 in Figure i.47 For each

pollutant, the solid line shows power plant emissions normalized to 1 in 1990. The dashed

line shows the trend line from a regression based on data from 1990 to 2009, and the dotted

line shows the rolling five-year percentage change in emissions. For SO2 and CO2, emissions

from 2010 to 2017 clearly deviate below trend.

45Additional information on PM2.5 emissions rates is available from the Energy Information Adminstration
form 923 (at the control technology level) or from EPA (at the annual sector level). These sources are less
comprehensive than the NEI.

46See https://www.epa.gov/air-emissions-inventories/air-pollutant-emissions-trends-data
47The data source for this figure is the Energy Information Administration (see EIA-767, EIA-906, EIA-

920, and EIA-923). The data are posted at https://www.eia.gov/electricity/data/state/emission_

annual.xls.
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Figure i: Power Plant Emissions from 1990 to 2016
fig-emissionstime-history-all

Notes: Data are from Energy Information Administration’s US Electric Power Industry Estimated
Emissions by State.

Details on AP3

AP3 reports damage valuations by location and stack height in each NEI year. We interpolate

valuations in non-NEI years and assign relevant valuations to each CEMS power plant.

Table ii shows the mean damage valuations across the unbalanced panel of power plants.

Reflecting our assumptions, local pollutant damages are flat after 2014, and CO2 damage

valuations increase throughout the sample period.

Eq. 1 assumes that damage valuations are independent of aggregate power plant emis-

sions. This assumption may not hold because atmospheric conditions affect the efficiency

with which emissions of NOx and SO2 form secondary PM2.5. In particular, damage valu-

ations in AP3 are generally increasing over time from 2008-2014. This is due, at least in

part, to lower total emission levels of NOx and SO2 over time, which leaves considerably

more free ammonia (NH3) in the atmosphere. This implies that marginal emissions of NOx

and SO2 are more likely to interact with the free ammonia to form ammonium sulfate and

ammonium nitrate, both of which are important constituents of ambient PM2.5. Part of the
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Table ii: Damage Valuations

table-sumdam

Year SO2 NOx PM2.5 CO2

2010 14.8 5.3 34.8 35.4
2011 15.1 5.3 35.6 36.4
2012 16.1 5.6 36.8 37.5
2013 17.1 6.0 37.9 38.6
2014 18.1 6.3 39.0 39.8
2015 18.0 6.3 38.9 41.0
2016 18.0 6.3 39.0 42.2
2017 18.0 6.3 38.9 43.5

Notes: SO2, NOx, and PM2.5 damages in 2014$ per pound are the unweighted average of the damage per
pound from the AP3 model across the unbalanced panel of all power plants reporting CEMS emissions in
that year. CO2 damages in 2014$ per metric ton.

decreased total NOx and SO2 emissions may be due to reduction in power plant emissions.

In Online Appendix A, we discuss an alternative procedure to determining the decline in

damages and show how our main procedure and the alternative procedure can be used to

put bounds on the decline in damages when damage valuations and power plant emissions

are not independent.

Details on Electricity Generation

Table iii shows electricity generation by fuel type over time. Gas, solar, and wind generation

are increasing over time, coal is decreasing over time, and nuclear and hydro vary but show

no dominant pattern.

Details on Decompositions

Deriving a decomposition formula involves specifying the base; writing the main terms of

the decomposition formula in terms of the base and changes in the variables, and then

determining the error. Here we derive the error for our Marshall-Edgeworth base. First note

we can write ∆D in Eq. 3 as ∑i∑p ∆(vipripθiQ). Ignoring the summations and subscripts
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Table iii: Total Electricity Generation by Fuel Type

table-fuels

Fuel 2010 2011 2012 2013 2014 2015 2016 2017
Fossil

Coal 1,845.1 1,730.6 1,511.1 1,579.1 1,578.9 1,344.8 1,237.1 1,202.4
Gas 994.5 1,020.1 1,233.8 1,132.4 1,131.8 1,329.7 1,387.2 1,304.5
Oil 28.0 20.7 14.6 19.1 22.7 20.3 16.7 13.8

Total Fossil 2,867.7 2,771.4 2,759.6 2,730.6 2,733.4 2,694.9 2,641.0 2,520.8
Renewable

Wind 94.1 119.1 139.1 167.0 180.5 189.9 226.1 253.5
Solar 1.2 1.8 4.2 8.9 17.5 24.7 35.9 53.0

Total Renew 95.3 120.9 143.3 176.0 198.0 214.6 262.0 306.5
Other

Nuclear 807.0 790.2 769.3 789.0 797.2 797.2 805.7 804.9
Hydro 258.7 317.7 274.4 267.0 257.7 247.3 266.1 298.6
OtherGen 77.7 78.5 81.0 84.4 85.9 86.8 84.6 84.1

Total Other 1,143.4 1,186.3 1,124.8 1,140.5 1,140.8 1,131.3 1,156.3 1,187.7
Grand Total 4,106.3 4,078.6 4,027.6 4,047.0 4,072.2 4,040.7 4,059.2 4,015.0

Notes: Annual net generation from all power plants (in millions of megawatt-hours) and fuel type as reported
in Energy Information Administration form 923.

we can write the decomposition as48

∆(vrθQ) = v̄r̄θ̄∆Q + v̄r̄∆̄θQ + v̄∆rθ̄θQ +∆vr̄θ̄θQ +Error

where

Error = (v̄∆r∆θ∆Q +∆vr̄∆θ∆Q +∆v∆rθ̄∆Q +∆v∆r∆θQ̄)/4

The Error for Eq. 3 simply sums this equation over all i and p.

In the main paper, we present decompositions of damages. We can also decompose

emissions. We set vipt = 1 for every i, p, and t in Eq. (3) and calculate the decomposition for

each pollutant separately (rather than summing over p). The results are given in Table iv

(expressed in percentage of total emissions in 2010).

48To derive the decomposition, note that the difference of a product can be written ∆(xy) = ∆xȳ + x̄∆y
and the mean of a product can be written xy = x ⋅ y +∆x∆y/4. Repeatedly applying these formulas to the
product vrθQ yields the decomposition and error.
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Table iv: Decomposition of Change in Emissions from 2010-2017 (percent of 2010 total
emissions)

table-decomp-all-emission

SO2 NOx CO2 PM2.5

Effect
Scale −7.7 −9.7 −11.5 −10.7
Composition −24.4 −23.3 −10.1 −14.8
Technique −41.9 −16.8 −0.7 −8.2
Error −0.1 0.2 0.1 0.1

Total −74.0 −49.6 −22.2 −33.5
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Online Appendices

A Supplementary Information for Section 2
app-dam

AP3 Updates

The primary difference between the updated AP3 model (Clay et al 2018) and the prior

AP2 model lies in the NOx-ammonium nitrate calculations. The contribution of emitted

NOx to ambient PM2.5 is dictated by the atmospheric transformation of NOx first to gas

phase nitrate (NO3), gaseous nitric acid (HNO3), and then to particulate ammonium nitrate

(NH4NO3). AP2 relied on a discrete-form computation of ammonium nitrate. Using pre-

dicted ambient levels of NH4, SO4, and NO3, AP2 assumed that NH4 reacted first with SO4 to

form (NH4)2SO4, and then any remaining NH4 reacted with ambient NO3 to form NH4NO3.

In AP3, the model still relies on estimated ambient levels of NH4, SO4, and NO3, but then,

after NH4 and SO4 form (NH4)2SO4, formation of NH4NO3 is dictated by a polynomial fit

to predictions from the PM-CAMx model—a state of the art chemical transport model.

The polynomial is linear in gaseous nitric acid (HNO3), NH4, and it includes an interaction

term between HNO3 and NH4. The model also includes ambient temperature, humidity,

and their interaction as well. A range of polynomial functional forms were tested with the

corresponding predictions evaluated against those from PM-CAMx (Sergi et al 2018). The

selected function outperformed the others according to the following criteria: mean squared

error, mean proportional error, mean fractional bias, and mean fractional error. To estimate

marginal changes in ambient NH4NO3, two additional polynomials are fit. Each is linear in

HNO3 and were calibrated from PM-CAMx output. One polynomial estimates incremental

changes when conditions are HNO3 limited, the other when conditions are NH4 limited.

Independence of Damage Valuations and Emissions

Atmospheric chemistry is one reason that damages may not be independent of aggregate

emissions. There are at least two additional reasons. First, the function that links ex-

posure to ambient PM2.5 to adult mortality risk may exhibit thresholds or nonlinearities.
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The function used herein, which is also widely used in federal government policy analyses

(USEPA, 1999; 2010) and academic research (Holland et al 2016) is essentially linear in

ambient PM2.5 concentrations, with no threshold. Second, the willingness-to-pay to avoid

mortality risk (the underlying conceptual metric of the VSL) may vary with the risk level. In

accord with the literature that estimates the VSL and subsequently applies it to value envi-

ronmental risk, we do not vary the VSL according to ambient PM2.5, and hence, risk, levels.

If compelling empirical evidence were presented on such a relationship, the AP3 model is

able to accommodate a functional relationship between the VSL and risk.

To provide an upper bound on the actual reduction in damages if the independence

assumption does not hold, consider an alternative procedure in which all valuations are fixed

at the highest values. If damage valuations are Vi in the initial period and Vf in the final

period, i.e., are independent of the aggregate level of emissions of power plants, Figure A-1

shows how to calculate the decline in damages. If emissions in the initial period are ei and

in the final period are ef , total damages in the initial period are given by the sum of areas

A and B. Total damages in the final period are given by B +C. Thus the actual decline in

damages is A − C. If we instead evaluate damages in both periods using Vf , this gives the

decline in damages equal to A+D1 +D2, which significantly overstates the decline, but is an

upper bound on the decline.

Next suppose that damage valuations are not independent of the aggregate level of emis-

sions from power plants. In this case, Eq. 1 is inappropriate for assessing total damages,

which can instead be found by integrating under the marginal valuation curve. Figure A-1

shows how to calculate the decline in damages if the marginal valuation curve is constant over

time but decreasing in emissions as indicated by the line V . The actual decline in damages

is equal to A +D1. Our main procedure using Eq. 1 determines the decline in damages in

the same manner as before, but now we are inappropriately using Vi and Vf rather than V .

Thus our main procedure determines the decline in damages to be A−C, which understates

the decline in damages. The upper-bound procedure determines the decline in damages to

be A +D1 +D2, which overstates the decline in damages, but to a lesser degree than in the

independent case.
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Figure A-1: Decline in Damages: Not Independent Case
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If we hold all damage valuations fixed at the final year for a given plant, then the decline in

damages turns out to be $167 billion. This provides an upper bound on the actual reduction

in damages.

Distributional Effects: Geography

Here we supplement the information presented in Figure 2 and Figure 3 with additional

details. Figure A-2 shows local damages received by each county for each of the individual

years from 2010-2017. Taking the difference between the first and last of these figures gives

the reduction in local damages (not per capita) in Figure A-3. Aggregating the county data

to the state level gives the results in Table A-1. In addition to the per capita values, the

table also shows the reduction in total damages received as well as damages received in 2010.

West Virginia has the greatest per capita reduction in damages, but it has only the 19th

greatest reduction in total damages due to its smaller population. Pennsylvania, New York,

and Ohio have the greatest reductions in total damages due to the high per capita damages

and large populations.
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Table A-1: Damages Received by State

table-distribution-full

Reduction in Reduction Damages Received per Captia per Capita
State Damages Received per Capita in 2010 in 2010 in 2017

Pennsylvania 12.51 988 17.1 1350 362
New York 10.75 557 14.99 777 220
Ohio 8.93 775 13.23 1148 373
New Jersey 5.64 644 7.73 883 239
Virginia 5.1 644 6.99 882 238
Michigan 5.04 508 7.79 785 277
North Carolina 5.01 532 7.04 748 216
Illinois 4.88 382 7.92 619 238
Maryland 3.72 649 5.18 902 254
Georgia 3.7 385 5.15 537 151
Florida 3.66 196 6.07 325 129
Indiana 3.6 558 5.97 924 367
Tennessee 3.47 550 5.3 842 291
Massachusetts 3.43 526 4.51 692 166
Kentucky 3.06 708 4.69 1087 379
Alabama 2.54 536 3.67 774 238
South Carolina 2.48 542 3.32 725 183
West Virginia 2.31 1253 3.22 1746 492
Connecticut 2.14 603 2.81 790 187
Texas 2.04 82 6.98 282 199
Missouri 1.81 305 3.46 581 276
Wisconsin 1.75 310 2.89 510 201
Mississippi 1.17 397 1.89 640 243
Louisiana 1.04 232 1.97 440 208
Arkansas .89 308 1.77 612 304
Iowa .86 283 1.48 488 205
New Hampshire .79 599 1.01 766 167
Oklahoma .75 201 1.67 448 247
Minnesota .71 134 1.25 237 103
Delaware .65 731 .89 1001 270
Maine .63 476 .83 628 152
Rhode Island .61 575 .8 760 185
Kansas .56 198 1.08 382 185
California .4 11 1.21 33 22
District of Columbia .36 614 .51 852 238
Colorado .34 68 .78 157 89
Vermont .31 502 .43 683 180
Nebraska .28 155 .56 310 155
Arizona .14 22 .39 62 40
South Dakota .1 130 .2 243 113
New Mexico .1 49 .26 129 80
Washington .1 15 .22 33 18
Utah .08 31 .22 80 49
North Dakota .06 96 .12 181 85
Oregon .06 16 .13 34 18
Nevada .06 21 .15 55 33
Idaho .05 30 .1 66 36
Montana .04 44 .09 91 47
Wyoming .04 66 .08 149 82

Notes: Damages and reduction in damages are in billions of 2014$.
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(a) 2010 (b) 2011

(c) 2012 (d) 2013

(e) 2014 (f) 2015

(g) 2016 (h) 2017

Figure A-2: Local Damages Received by County and Year (millions of 2014$)fig-dam-received-many
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Figure A-3: Reduction in Local Damages Received by County 2010-2017 (millions
of 2014$)

fig-dam-received
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B Supplementary Information for Section 3
app-decomp

Decompositions

Here we give more details about the decomposition in the main text and provide a number of

additional decompositions as sensitivity analysis. To understand our decomposition formula,

consider first the product rule from differential calculus. Suppose we have two variables x(t)
and y(t) that are multiplied together to form a third variable a(t) = x(t)y(t). We have

da

dt
= dx
dt
y + dy

dt
x.

The first term on the right hand side is the effect of changing x with y kept fixed.

With discrete data, we need to make assumptions about what it means to keep the

variables fixed. In other words, we need to determine base quantities.49 And this decision

has implications for the error term in the decomposition. To see this, start with with a

two variable decomposition in discrete time. Suppose at time 0 we have a0 = x0y0 and

at time 1 we have a1 = x1y1. In the main paper, we use a base that is analogous to the

Marshall-Edgeworth price index. This gives

∆a = ∆xȳ + x̄∆y.

In this case the error is zero because the left hand side is algebraically equivalent to the right

hand side. In contrast, using a base that is analogous to the Laspeyres price index gives

∆a = ∆xy0 + x0∆y +Error,

where Error = ∆x∆y. We see that the Marshall-Edgeworth base gives lower error than the

Laspeyres base.50

49Oaxaca (1973) calls this the “index number problem”.
50To derive the decomposition formulas, one uses two expressions repeatedly. First, the variable decom-

position formula is ∆a = ∆xȳ + x̄∆y. Second, note that xy = x ⋅ y +∆x∆y/4.
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Table B-1: Decomposition Summary Stats
table-decomp-full-stats

2010 2011 2012 2013 2014 2015 2016 2017
Generation

Always Coal 1,645.2 1,564.3 1,404.4 1,465.4 1,466.8 1,279.9 1,215.7 1,190.3
Switch Coal 225.3 195.0 152.9 157.2 151.3 126.7 98.1 93.4
Always Gas 824.2 834.9 994.2 880.4 870.0 1,005.6 1,032.8 934.3
Other 55.1 56.3 90.0 110.5 130.6 166.6 179.3 196.6

Total Generation 2,749.9 2,650.6 2,641.6 2,613.5 2,618.7 2,578.8 2,525.9 2,414.6
Damage

Always Coal 168.12 158.49 137.32 146.15 150.82 124.73 107.22 101.85
Switch Coal 56.51 48.10 31.25 29.75 30.83 16.64 4.94 3.28
Always Gas 18.06 17.98 21.12 19.34 19.51 22.67 23.41 21.36
Other 2.11 2.01 2.98 3.93 4.71 5.37 5.79 6.17

Total Damage 244.80 226.57 192.67 199.17 205.88 169.41 141.36 132.66
Plants

Always Coal 293 293 293 293 293 293 293 293
Switch Coal 169 163 151 138 126 115 92 78
Always Gas 750 750 750 750 750 750 750 750
Other 214 211 223 230 226 246 246 236

Total Plants 1426 1417 1417 1411 1395 1404 1381 1357

Notes: Generation in billions of megawatt-hours (MWh). Damages in billions of 2014$. Total damages do
not exactly match the damages in Table 1 because the decomposition requires that we drop plants that
report zero generation. Fuel types are from EPA’s Emissions & Generation Resource Integrated Database
(eGRID). “Always Coal” denotes plants with coal as primary fuel type in all years. “Switch Coal” denotes
plants that start with coal but switch to gas or other fuels or exit. “Always Gas” denotes plants with gas as
primary fuel type in all years. “Other” denotes the residual category.

Next consider a three variable decomposition with a0 = x0y0z0 and a1 = x1y1z1. The

Marshall-Edgeworth base gives

∆a = ∆xȳz̄ + x̄∆yz̄ + x̄ȳ∆z +Error

where Error = ∆x∆y∆z/4. The Laspeyres base gives

∆(xyz) = ∆xy0z0 + x0∆yz0 + x0y0∆z +Error

where Error = ∆x∆yz0 +∆xy0∆z + x0∆y∆z +∆x∆y∆z. Once again error is clearly larger

with the Laspeyres base.

A.8



In the main paper, we have a four variable decomposition. The error terms in this case

are given in the Appendix to the main paper. In Table 3 in the main paper, we use the

Marshall-Edgeworth base, which keeps the other variables fixed at the average of the initial

and final values. Our decomposition does not seem to have been used before, although

it is numerically equivalent to the decomposition in Sun (1998) in the two variable case.

In the three and four variable case, our decomposition is slightly different than the one

in Sun (1998). For example, in the three variable case, if we take the error term in our

decomposition, divide it by 3, add the resulting value to each of the remaining terms in the

decomposition, then our formula is equivalent to the formula in Sun (1998). Thus our scale

effect plus one third of the error term is equal to Sun (1998)’s scale effect. Table B-1 shows

the summary statistics, broken down by plant category, for the variables q and e used in the

decomposition as well as the number of plants in various categories.

In the main paper, Table 3 shows the decompositions from 2010-2017. We give the yearly

decompositions in Table B-2. Standard errors for these decompositions are given in Table B-

3. We calculate the standard errors by regressing each plant’s contribution to the given

effect on a constant with standard errors clustered by power plant. We use the number of

plants to rescale the coefficient and standard errors to match the main results. The standard

errors inform whether the reductions are similar across plants. If they are large, then this is

consistent with the declines coming from a small share of the plants. Conversely, if they are

small, then this is consistent with many plants reducing damages by similar amounts. The

decompositions for the East, West, and Texas interconnections are given in Table B-4.

In the main text, we derived the decomposition formula by dividing emissions by total

fossil production Q. It would be more in line with previous literature (e.g. Levinson (2009))

to divide by electricity load L instead. With this procedure, Eq. (1) becomes

Dt =∑
i

∑
p

vipteipt =∑
i

∑
p

vipt
eipt
qit

qit
Lt

Lt =∑
i

∑
p

viptriptθitLt, (A-1) eq-productsL

where ript = eipt
qit

is the emissions rate for pollutant p and θit = qit
Lt

is the share of electricity

generated. The results for this decomposition are shown in Table B-5. Much of the scale

effect is shifted into the composition effect.
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Table B-2: Decomposition of Change in Damages by Year (billions of 2014$)
table-decomp-full2-1

2011 2012 2013 2014 2015 2016 2017
Scale (Total Fossil Generation)

Load −2.4 −5.6 −5.3 −2.2 −5.1 −0.3 −3.6
Renewables −2.3 −4.0 −6.9 −9.1 −9.7 −12.7 −15.9
Nuclear 1.5 3.1 1.5 0.9 0.8 0.1 0.2
Hydroelectric −5.2 −1.3 −0.7 0.1 0.9 −0.6 −3.0
Other −0.3 −1.0 −0.3 −1.2 −0.8 −3.6 −2.9

Total Scale −8.7 −8.9 −11.6 −11.5 −14.0 −17.1 −25.2
Composition (Generation Shares)

Coal −4.4 −21.9 −12.9 −14.0 −33.1 −37.6 −32.0
Switch from Coal −5.4 −22.7 −21.1 −18.6 −21.2 −13.9 −5.3
Gas 0.8 4.1 1.5 1.2 4.0 6.0 4.5
Entry of Coal 0.2 0.9 1.7 1.8 1.8 2.1 2.4
Entry of Gas 0.1 0.5 0.6 0.9 1.6 2.0 2.7
Exit of Coal −0.9 −2.1 −7.1 −9.2 −14.9 −26.3 −31.1
Exit of Gas −0.1 −0.1 −0.1 −0.1 −0.2 −0.2 −0.4
Other −0.3 −0.2 −0.0 −1.8 −3.1 −3.4 −0.7

Total Composition −9.9 −41.7 −37.4 −39.8 −65.1 −71.5 −60.0
Technique(Emissions Rate)

Coal - New SO2 Control Tech. −4.8 −14.2 −19.5 −24.3 −26.7 −32.9 −35.7
Coal - No New Tech. 2.1 0.3 −1.0 1.4 −1.0 −5.4 −8.9
Switch from Coal −1.1 −2.0 −1.8 −3.2 −7.1 −12.3 −15.9
Gas −0.7 −1.4 −1.0 −1.2 −1.2 −2.4 −2.5
Other −0.0 −0.2 −0.4 1.7 3.1 3.3 0.4

Total Technique −4.5 −17.5 −23.7 −25.6 −32.8 −49.7 −62.6
Valuation

SO2 2.0 9.6 17.2 24.9 21.0 16.9 15.7
NOx 0.2 1.1 2.1 3.0 2.8 2.6 2.4
PM2.5 0.3 0.7 1.0 1.4 1.3 1.3 1.2
CO2 2.3 4.5 7.0 9.6 11.9 14.1 16.0

Total Valuation 4.8 15.9 27.3 38.9 37.0 35.0 35.3
Error 0.0 −0.0 −0.3 −0.8 −0.5 −0.1 0.3

Total −18.2 −52.1 −45.6 −38.9 −75.4 −103.4 −112.1

Notes: Total changes do not exactly match the aggregate decline in damages in Table 1 because the decom-
position requires that we drop plants that report zero generation. Fuel types are from eGRID. “Coal” and
”Gas” denotes whose primary fuel type did not change over time. “Switch from Coal” denotes plants that
start with coal but switch to gas or other fuels. “Entry” denotes plants that were not in the 2010 sample
and “Exit” denotes plants that were not in the 2017 sample. “Other” denotes plants not categorized by
one of the above distinctions. “New SO2 Control Tech” denotes plants that installed SO2 emissions control
technology between 2010 and 2017.
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Table B-3: Standard Errors of Decomposition

table-decomp-se

(1) (2) (3) (4) (5) (6)
Year Total Scale Composition Technique Valuation Error

2011 −18.23∗∗∗ −8.69∗∗∗ −9.90∗∗∗ −4.45 4.80∗∗∗ 0.01
(3.60) (0.54) (2.80) (3.08) (0.27) (0.01)

2012 −52.13∗∗∗ −8.87∗∗∗ −41.67∗∗∗ −17.53∗∗∗ 15.95∗∗∗ −0.01
(6.56) (0.53) (5.87) (4.83) (1.01) (0.04)

2013 −45.63∗∗∗ −11.61∗∗∗ −37.37∗∗∗ −23.71∗∗∗ 27.33∗∗∗ −0.27∗
(7.21) (0.69) (7.12) (6.52) (1.77) (0.15)

2014 −38.92∗∗∗ −11.54∗∗∗ −39.82∗∗∗ −25.64∗∗∗ 38.92∗∗∗ −0.85∗∗∗
(8.03) (0.69) (8.06) (8.38) (2.55) (0.32)

2015 −75.39∗∗∗ −13.99∗∗∗ −65.09∗∗∗ −32.84∗∗∗ 37.05∗∗∗ −0.52
(9.10) (0.81) (9.38) (8.50) (2.33) (0.32)

2016 −103.44∗∗∗ −17.11∗∗∗ −71.47∗∗∗ −49.74∗∗∗ 34.97∗∗∗ −0.09
(10.69) (0.94) (9.78) (9.10) (2.10) (0.32)

2017 −112.14∗∗∗ −25.19∗∗∗ −59.98∗∗∗ −62.58∗∗∗ 35.28∗∗∗ 0.33
(11.26) (1.40) (9.04) (8.93) (2.16) (0.21)

Observations 10,434 10,434 10,434 10,434 10,434 10,434
*** p<0.01, ** p<0.05, * p<0.1

Standard errors clustered by plant

A.11



Table B-4: Decomposition of Change in Damages by Interconnection (billions of 2014$)

table-decomp-inters-appendix

East West Texas
Scale (Total Fossil Generation)

Load −10.0 1.5 2.3
Renewables −9.1 −2.7 −2.3
Nuclear −1.2 0.6 0.2
Hydroelectric −0.5 −1.5 0.0
Other −3.3 −0.4 0.7

Total Scale −24.1 −2.6 0.8
Composition (Generation Shares)

Coal −28.8 −1.1 −2.0
Switch from Coal −5.0 0.0 0.0
Gas 4.3 0.2 −0.1
Entry of Coal 1.9 0.2 0.3
Entry of Gas 2.1 0.2 0.3
Exit of Coal −30.5 −0.3 0.0
Exit of Gas −0.2 −0.1 −0.1
Other −0.7 0.0 0.0

Total Composition −56.9 −0.8 −1.6
Technique (Emissions Rate)

Coal- New SO2 Control Tech. −33.8 −1.0 −0.9
Coal - No New Tech. −6.9 −0.9 −1.1
Switch from Coal −16.0 0.0 0.0
Gas −2.3 −0.2 0.0
Other 0.4 0.0 0.0

Total Technique −58.6 −2.1 −2.0
Valuation

SO2 13.8 0.5 1.4
NOx 1.8 0.4 0.1
PM2.5 1.0 0.1 0.1
CO2 12.4 2.2 1.5

Total Valuation 28.9 3.2 3.1
Error 0.4 0.0 0.0

Total −110.2 −2.3 0.4

Notes: Fuel types are from eGRID. “Coal” and ”Gas” denotes whose primary fuel type did not change over
time. “Switch from Coal” denotes plants that start with coal but switch to gas or other fuels. “Entry”
denotes plants that were not in the 2010 sample and “Exit” denotes plants that were not in the 2017 sample.
“Other” denotes plants not categorized by one of the above distinctions. “New SO2 Control Tech” denotes
plants that installed SO2 emissions control technology between 2010 and 2017.

A.12



Table B-5: Decomposition of Change in Damages by Year (billions of 2014$): Electricity
Load Rather than Fossil Generation

table-Ldecomp-full-1

Type 2011 2012 2013 2014 2015 2016 2017

Effect
Scale −1.6 −3.7 −3.5 −1.5 −3.4 −0.2 −2.3
Composition −17.0 −46.8 −45.5 −49.9 −75.7 −88.4 −82.9
Technique −4.4 −17.5 −23.5 −25.3 −32.5 −49.3 −62.2
Valuation 4.8 16.0 27.4 39.0 37.2 35.2 35.5
Error −0.0 −0.1 −0.5 −1.3 −1.0 −0.7 −0.3

Total −18.2 −52.1 −45.6 −38.9 −75.4 −103.4 −112.1

Next we consider several alternative ways to define the base in the decompositions. The

Laspeyres base keeps the other variables fixed at the initial value. The results for the

Laspeyres base are given in Table B-6. The Laspeyres based has a much bigger error (equal

to about 20 percent of the total decline in damages). As a consequence, the magnitudes of

the other effects are different, although their relative importance stays the same. The main

advantage of the Laspeyres base is that the base in the same in all time periods, which makes

it easier to interpret changes in effects across time. For the average base, we take the average

value of the variable across all years, not just the comparison year. For example, the value of

Q̄ used to calculate the time period t entry in Table 2 is equal to 1
2(Qt+Q2010), but the value

of Q̄ used in Table B-6 is equal to 1
8(Q2010+Q2011+ . . .+Q2017). This lowers the error relative

to the Laspeyres base, but it still large in comparison to the Marshall-Edgeworth base. As

with the Laspeyres base, the base is the same in each year. The last base we consider is

the Paasche base. Here all of the other variables fixed at their final value. Again the error

is large compared to the Marshall-Edgeworth base. The Laspeyres base, the Paasche, and

the Average base show much smaller declines in valuations after 2014. Even for these bases,

though, the valuation effect is not constant after 2014 due to entry and exit.

The next decomposition eliminates valuation entirely and just focuses on emissions. We

set vipt = 1 for every i, p, and t in Eq. (3) and calculate the decomposition for each pollutant

separately (rather than summing over p). A summary of these decompositions over 2010-

2017 is given in Table iv in the Appendix. Here we give results for each individual year.
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Table B-6: Decomposition of Change in Damages 2010-2017 (billions of 2014$)

table-decomp-all-appendix

Baseline Laspeyres Average Base Paasche
Effect

Scale −25.2 −29.9 −27.1 −18.4
Composition −60.0 −54.2 −72.4 −66.0
Technique −62.6 −53.6 −67.3 −71.3
Valuation 35.3 47.1 35.0 23.3
Error 0.3 −21.6 19.6 20.3

Total −112.1 −112.1 −112.1 −112.1

Notes: Total changes do not exactly match the aggregate drop in damages in Table 1 because the decompo-
sition requires that we drop plants that report zero generation.

Table B-7: SO2 Emissions Decompositions (percent of 2010 total emissions)

table-decomp-SO2MASS

Type 2011 2012 2013 2014 2015 2016 2017

Effect
Scale −3.3 −3.3 −4.2 −4.0 −4.5 −5.2 −7.7
Composition −4.5 −19.6 −15.7 −13.9 −25.1 −27.5 −24.4
Technique −4.3 −12.9 −17.6 −21.2 −27.6 −38.3 −41.9
Error 0.0 0.0 0.1 0.1 0.1 −0.1 −0.1

Total −12.1 −35.8 −37.3 −39.0 −57.1 −71.2 −74.0

Table B-7 shows the results for SO2 (expressed in percentage of total SO2 emissions in 2010).

We see the technique effect reduces emissions monotonically throughout the sample. Results

for the other pollutants are shown in Tables B-8 to B-10.

The final decomposition calculation considers a different way of treating damage valua-

tions in 2015-2017. In the main text, we kept these valuations equal to the 2014 values. Here

we consider a linear extrapolation of the trend from 2011-2014 to determine the valuations

in 2015-2017. For example, the valuation in 2017 is equal to the valuation in 2014 plus the

difference between the valuation in 2014 and the valuation in 2011. The results are shown in

Table B-11 and Figure B-1. Because valuations are generally increasing from 2011 to 2014,

the extrapolation obviously increases the valuation effect, but it does not alter the relative

importance of the other effects.
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Table B-8: NOx Emissions Decompositions (percent of 2010 total emissions)

table-decomp-NOXMASS

Type 2011 2012 2013 2014 2015 2016 2017

Effect
Scale −3.5 −3.7 −4.7 −4.4 −5.3 −6.7 −9.7
Composition −3.1 −13.5 −10.8 −13.0 −21.0 −24.9 −23.3
Technique 0.6 −1.3 −2.6 −3.4 −8.2 −11.2 −16.8
Error 0.0 0.0 0.1 0.1 0.1 0.2 0.2

Total −6.0 −18.5 −18.0 −20.8 −34.3 −42.7 −49.6

Table B-9: CO2 Emissions Decompositions (percent of 2010 total emissions)

table-decomp-CO2MASS

Type 2011 2012 2013 2014 2015 2016 2017

Effect
Scale −3.5 −3.8 −4.9 −4.7 −5.9 −7.7 −11.5
Composition −0.9 −6.2 −4.3 −3.9 −9.7 −12.0 −10.1
Technique 0.0 −0.1 0.1 −0.4 0.7 0.7 −0.7
Error 0.0 0.0 0.0 0.0 0.1 0.1 0.1

Total −4.3 −10.2 −9.1 −9.0 −14.7 −18.9 −22.2

Table B-10: PM2.5 Emissions Decompositions (percent of 2010 total emissions)

table-decomp-PM25MASS

Type 2011 2012 2013 2014 2015 2016 2017

Effect
Scale −3.4 −3.7 −4.6 −4.4 −5.5 −7.2 −10.7
Composition −0.7 −5.8 −4.9 −4.9 −12.6 −15.3 −14.8
Technique −5.3 −7.2 −7.3 −9.5 −7.4 −7.5 −8.2
Error 0.0 0.0 0.0 −0.0 0.1 0.1 0.1

Total −9.4 −16.7 −16.8 −18.8 −25.5 −29.8 −33.5
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Table B-11: Decomposition of Change in Damages from 2010-2017: Linear Extrapolation
for 2015-2017 Valuations (billions of 2014$)

table-decomp-final-interp1-small-1

vipt
Spatial

Temporal
Scale (Total Fossil Generation)

Load −3.7
Renewables −16.6
Nuclear 0.2
Hydroelectric −3.1
Other −3.1

Total Scale −26.4
Composition (Generation Shares)

Coal −33.9
Switch from Coal −5.3
Gas 4.6
Entry of Coal 2.5
Entry of Gas 2.7
Exit of Coal −31.1
Exit of Gas −0.4
Other −0.7

Total Composition −61.6
Technique (Emissions Rate)

Coal - New SO2 Control Tech. −39.1
Coal - No New Tech. −9.9
Switch from Coal −17.7
Gas −2.6
Other 0.4

Total Technique −68.9
Valuation

SO2 30.3
NOx 4.6
PM2.5 2.2
CO2 16.0

Total Valuation 53.1
Error 0.9

Total −102.8

Notes: Total changes do not exactly match the aggregate decline in damages in Table 1 because the decom-
position requires that we drop plants that report zero generation. Fuel types are from eGRID. “Coal” and
“Gas” denote plants whose primary fuel type did not change. “Switch from Coal” denotes plants whose
primary fuel type is coal in 2010 but switches to gas or other fuels in 2017. “Entry” denotes plants that were
not in the 2010 sample and “Exit” denotes plants that were not in the 2017 sample. “Other” denotes the
residual category. “New SO2 Control Tech” denotes plants that installed SO2 emissions control technology
between 2010 and 2017.
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Figure B-1: Decomposition of Change in Damages by Year: Lin-
ear Extrapolation for 2015-2017 Valuations

fig-decomp-mono1

Notes: All changes relative to 2010.
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Scale Effect

Table iii in the Appendix shows generations by fuel type. Here we show this information

for each of the interconnections (see Tables B-12 to B-14). In the East, total generation is

down slightly from 2010-2017. Fossil generation is down, and renewable generation (primarily

wind) is up about 200%. Nuclear and Hydro are up slightly. In the West, generation actually

increases slightly from 2010-2017. Fossil generation down and renewable generation is up,

with approximately equal magnitude increases in wind and solar. Nuclear is down and hydro

is up (after a marked decline in 2015 due to drought). In Texas, both total generation and

fossil generation have increased. Wind has more than doubled, though there is very little

solar or hydro.

Table B-12: Total Electricity Generation by Fuel Type: East Interconnection

table-fuels-eastinter

Fuel 2010 2011 2012 2013 2014 2015 2016 2017
Fossil

Coal 1,503.7 1,392.0 1,201.9 1,243.8 1,251.2 1,058.6 968.3 918.8
Gas 624.8 687.1 842.2 738.9 738.6 898.4 981.1 932.3
Oil 25.6 18.7 12.2 17.4 21.7 19.3 15.7 13.0

Total Fossil 2,154.1 2,097.8 2,056.3 2,000.1 2,011.5 1,976.2 1,965.2 1,864.1
Renewable

Wind 45.3 57.3 70.5 88.1 96.2 105.4 121.7 142.4
Solar 0.1 0.3 0.8 1.5 2.4 3.5 7.2 12.8

Total Renew 45.5 57.6 71.3 89.6 98.7 109.0 128.9 155.2
Other

Nuclear 693.0 677.8 671.1 692.9 699.1 698.6 702.7 708.0
Hydro 94.5 98.4 83.5 102.4 93.8 97.4 91.2 100.1
OtherGen 50.7 51.3 52.9 55.8 56.8 57.4 56.5 56.1

Total Other 838.2 827.6 807.5 851.1 849.7 853.4 850.4 864.1
Grand Total 3,037.7 2,983.0 2,935.1 2,940.8 2,959.8 2,938.6 2,944.4 2,883.4

Notes: Annual net generation from all power plants in EIA 923 in millions of MWh’s.. Fuel type as reported
in EIA 923.

Table B-15 shows three measures of total electricity consumption from three different

data sources. The first measure, annual retail sales from EIA Form 861, comes from utility-

level data on metered electricity sales, e.g., from residential household meters. The second

measure, hourly load from Federal Energy Regulatory Commission form 714, comes from
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Table B-13: Total Electricity Generation by Fuel Type: West Interconnection

table-fuels-westinter

Fuel 2010 2011 2012 2013 2014 2015 2016 2017
Fossil

Coal 221.1 209.8 199.5 213.3 205.0 188.6 167.7 168.5
Gas 215.2 173.5 221.9 231.2 226.6 236.0 222.1 202.9
Oil 1.8 1.7 1.0 0.8 0.7 0.8 0.9 0.7

Total Fossil 438.1 385.0 422.3 445.3 432.3 425.4 390.6 372.1
Renewable

Wind 24.7 33.6 39.2 46.5 48.0 44.7 51.1 49.2
Solar 1.0 1.5 3.3 7.3 14.8 20.8 28.0 38.0

Total Renew 25.8 35.1 42.4 53.8 62.8 65.5 79.1 87.2
Other

Nuclear 72.6 72.7 59.8 57.8 58.8 59.2 60.9 58.4
Hydro 163.1 218.7 190.4 164.2 163.6 149.3 173.7 197.6
OtherGen 25.9 25.8 26.7 27.2 27.6 27.5 26.3 26.5

Total Other 261.6 317.2 276.9 249.3 250.0 235.9 260.9 282.5
Grand Total 725.5 737.3 741.7 748.3 745.1 726.9 730.6 741.8

Notes: Annual net generation from all power plants in EIA 923 in millions of MWh’s. Fuel type as reported
in EIA 923.

Table B-14: Total Electricity Generation by Fuel Type: Texas Interconnection

table-fuels-texasinter

Fuel 2010 2011 2012 2013 2014 2015 2016 2017
Fossil

Coal 120.3 128.8 109.8 122.0 122.8 97.6 101.0 115.0
Gas 154.5 159.4 169.8 162.3 166.5 195.4 184.0 169.3
Oil 0.7 0.4 1.5 0.9 0.3 0.2 0.2 0.2

Total Fossil 275.5 288.6 281.0 285.2 289.6 293.2 285.2 284.5
Renewable

Wind 24.0 28.1 29.4 32.5 36.3 39.7 53.3 62.0
Solar 0.0 0.0 0.1 0.1 0.3 0.4 0.7 2.2

Total Renew 24.0 28.2 29.5 32.6 36.5 40.1 54.0 64.1
Other

Nuclear 41.3 39.6 38.4 38.3 39.3 39.4 42.1 38.6
Hydro 1.1 0.5 0.5 0.4 0.3 0.7 1.2 1.0
OtherGen 1.2 1.3 1.4 1.4 1.6 1.9 1.7 1.5

Total Other 43.6 41.5 40.3 40.1 41.2 41.9 45.0 41.0
Grand Total 343.1 358.3 350.9 357.9 367.3 375.2 384.2 389.7

Notes: Annual net generation from all power plants in EIA 923 in millions of MWh’s. Fuel type as reported
in EIA 923.
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Balancing Authority Area and Planning Areas.51 The third measure, annual net generation

from EIA Form 923, is the same as the last row in Table iii. It comes from all generating

units from all types of power plants.52 The three measures can differ due to transmission

losses, reporting differences, and imports.53

Table B-15: Retail Sales, Load, and Generation

table-sales

2010 2011 2012 2013 2014 2015 2016 2017
Retail Sales 3,712 3,695 3,615 3,627 3,676 3,683 3,686 3,634
Electricity Load 4,094 4,067 4,026 4,032 4,069 4,031 4,090 4,047
Generation 4,106 4,079 4,028 4,047 4,072 4,041 4,059 4,015

Notes: “Retail Sales” is from EIA 861 and is the sum of annual retail sales at all utilities. “Electricity
Load” is from Federal Energy Regulatory Commission Form 714 and is the sum of hourly load across non-
overlapping respondents. “Generation” is from EIA Form 923 and is the sum of annual net generation across
all power plants. These data are for the contiguous United States. All figures in millions of MWh.

The distributions of load and fossil generation provide further evidence for renewables

being the primary driver of the scale effect. Figure B-2 shows kernel density estimates for

load and fossil generation for the early years (2010-12) and late years (2015-17) of our sample.

The distribution of load (the left panel) is virtually identical across the two time periods.54

However, the distribution of fossil generation (the right panel) has shifted left (the mean has

decreased) and has become more variable (it has relatively more weight in the tails) which

is consistent with fossil generation being required to support intermittent renewables.55

51Form 714 respondents (Balancing Authority and Planning Areas) range from small municipalities (e.g.,
Eugene Water & Electric Board with mean hourly load of about 250 MWhs) to large utilities (e.g., Duke
Energy Carolinas with mean hourly load of about 11,000 MWhs) to independent system operators (ISO)
(e.g., California Independent System Operator with mean hourly load of about 25,000 MWhs). We drop
some respondents in order to avoid double counting, e.g., reporting utilities whose load is also reported by
an ISO.

52At the interconnection level, electricity generation must equal electricity consumption. At a disaggre-
gated level, e.g., NERC region level, load equals generation plus net imports.

53With transmission losses, aggregate generation should exceed aggregate load, which should exceed retail
sales.

54This is evidence for the limited role of efficiency, which would likely change the shape of the density.
55Figures C-1, C-2, and C-3 in Online Appendix C show that this pattern also holds for the East and

West interconnection, but not for Texas.
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Figure B-2: Kernel density estimates of Load and Fossil Gener-
ation

fig-LoadGen

Notes: Kernel density estimates for hourly load and hourly fossil generation
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Composition Effect

The exit of coal plants is an important component of the composition effect. Additional

data on entry and exit of plants from the CEMS data is given in Table B-16. Plants may

enter or exit the CEMS data over time for several reasons. An existing power plant may

actually be shut down, or a new power plant may be built. But it is also possible that an

existing power plant may be required to start reporting emissions to the EPA. Between 2010

and 2017, 80 coal plants, 55 gas plants, and 29 other plants exited. The exiting coal plants

generated less electricity than the average coal plant and had much higher damages per

MWh. Exiting gas plants also generated less than average with higher damages per MWh.

Between 2010 and 2017, 10 coal plants, 78 gas plants, and 20 other plants entered. The coal

plants that entered generated less than the average coal plant but were cleaner. These 10

plants are listed in Table B-17. The first three plants were producing power well before 2010

and report generation in EIA 923, so they must have been omitted from the CEMS data for

some reason. The other entering coal plants were built between 2011 and 2014. The entering

gas plants have higher than average generation and lower than average damages per MWh.

As a consistency check, we examined the entry and exit of plants using EIA 860 as well.

The results are shown in Table B-18. The EIA data generally shows a greater number of

plants, both entering and exiting, than than the CEMS data.

Tables B-19-B-21 show the entry and exit of plants by interconnection. Each of the

interconnections has at least one coal plant enter during 2010-2017.
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Table B-16: Entry and Exit of Plants Between 2010-2017

table-plant-entry4

2010 2017
Average Damages Average Damages

N Generation per MWh N Generation per MWh
Coal

Exit 80 1,234 308
Enter 10a 3,273 69

Always Coal 306 5,701 98 306 4,151 80
Gas

Exit 55 170 32
Enter 78 1,461 21

Always Gas 776 1,021 23 776 1,192 23
Other

Exit 29 44 138
Enter 20 265 42

Always Other 86 32 154 86 26 111

Notes: Primary fuel type of plants from eGRID. “N” is number of power plants. “Average Generation”
is average annual gross generation from CEMS in 1000 MWhs. “Damages per MWh” is average annual
damages in 2014$ per MWh.
aThree of these ten plants do not report emissions in CEMS for 2010 but report generation in EIA Form 923
and earlier operating years in EIA Form 860. The remaining seven plants are newly constructed coal power
plants.

Table B-17: Coal Plants Entering CEMS Data Between 2010-2017

table-coal-entry2

ORIS code Plant Name State Entry Year
10671 AES Shady Point, LLCa OK 1990
10849 Northshore Mining Silver Bay Powera MN 1955
50951 Sunnyside Cogeneration Associatesa UT 1993
55856 Prairie State Generating Station IL 2012
56564 John W. Turk Jr. Power Plant AR 2012
56609 Dry Fork Station WY 2011
56611 Sandy Creek Energy Station TX 2013
56671 Longview Power WV 2011
56786 Spiritwood Station ND 2014
56808 Virginia City Hybrid Energy Center VA 2012

Notes: “Entry Year” from EIA Form 860. Plants denoted a enter the CEMS data after 2010 but report
generation in EIA 923 and earlier Entry Years. Four additional coal plants report Entry Year of 2010 but
are not classified as entering in our decompositions.
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Table B-18: Entry and Exit of Plants 2010-2017: from EIA 860

table-plant-entry-eia

Enter Exit
Fuel Number Capacity Number Capacity
Coal 12 790 116 322
Gas 169 248 181 132
Other 239 13 212 34

Table B-19: Entry and Exit of Plants Between 2010-2017: East

table-plant-east-entry4

2010 2017
Average Damages Average Damages

N Generation per MWh N Generation per MWh
Coal

Exit 75 1,272 316
Enter 7 3,142 78

Always Coal 252 5,470 106 252 3,844 83
Gas

Exit 36 188 33
Enter 47 1,860 21

Always Gas 532 942 25 532 1,211 24
Other

Exit 28 28 136
Enter 15 327 39

Always Other 86 32 154 86 26 111

Notes: Primary fuel type of plants from eGRID. “N” is number of power plants. “Average Generation”
is average annual gross generation from CEMS in 1000 MWhs. “Damages per MWh” is average annual
damages in 2014$ per MWh.
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Table B-20: Entry and Exit of Plants Between 2010-2017: West

table-plant-west-entry4

2010 2017
Average Damages Average Damages

N Generation per MWh N Generation per MWh
Coal

Exit 5 666 102
Enter 2 2,015 43

Always Coal 38 6,121 57 38 4,812 59
Gas

Exit 13 153 28
Enter 23 430 22

Always Gas 172 1,006 19 172 919 21
Other

Exit 0 0 0
Enter 4 73 84

Always Other 0 0 0 0 0 0

Notes: Primary fuel type of plants from eGRID. “N” is number of power plants. “Average Generation”
is average annual gross generation from CEMS in 1000 MWhs. “Damages per MWh” is average annual
damages in 2014$ per MWh.

Table B-21: Entry and Exit of Plants Between 2010-2017: Texas

table-plant-texas-entry4

2010 2017
Average Damages Average Damages

N Generation per MWh N Generation per MWh
Coal

Exit 0 0 0
Enter 1 6,709 52

Always Coal 16 8,350 88 16 7,406 92
Gas

Exit 6 97 34
Enter 8 2,087 19

Always Gas 72 1,638 20 72 1,706 23
Other

Exit 1 502 142
Enter 1 100 60

Always Other 0 0 0 0 0 0

Notes: Primary fuel type of plants from eGRID. “N” is number of power plants. “Average Generation”
is average annual gross generation from CEMS in 1000 MWhs. “Damages per MWh” is average annual
damages in 2014$ per MWh.
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Technique Effect

In the main text, Figure 4 shows the installations of SO2 emissions control. Figure B-3a

show the installations of scrubbers, which are one specific technology. Figure B-3b shows

the installation of scrubbers starting from 1970. A significant number of scrubbers were

installed during the 1980’s. Also shown are the spot price of SO2 permits from the allowance

auction in EPA’s Acid Rain Program. Figure B-3c shows the break down of scrubbers that

were installed for State and Federal regulations. The majority of scrubbers were installed

for state regulations. Figure B-3d shows the break down of scrubbers that were installed for

New Source Review.56 Since 2000, only a small percentage of scrubbers were installed for

New Source Review.

Moving from SO2 to NOx, one technology for removing the latter is called Selective

Catalytic Reduction (SCR). The installations of SCR over time is given in Figure B-4. The

majority of these were installed prior to 2010.

Table B-22 shows annual average fossil fuel shares across plants. In particular, for each

power plant, we calculate the fossil generation share of each of the three fossil fuels. The

table then reports the mean across all the plants reporting non-zero shares. In 2010, we see

that across all plants reporting coal-fired generation, the mean coal share was 89%. By 2017,

the mean coal share had fallen to 65% indicating that plants with some coal-fired generation

had reduced their share of generation from coal by 22 percentage points.57 Conversely, the

share of gas-fired generation (at plants reporting gas-fired generation) increased from 76%

in 2010 to 84

56The figure is based on a dataset of New Source Review lawsuits and settlement data that was generously
provided to us by Sam Krumholz.

57This could occur either by converting existing coal-fired boilers to gas-fired boilers or by increasing
generation at (existing or new) gas-fired boilers and/or by decreasing generation at (or retiring) coal-fired
boilers.
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(a) Scrubbers 1990-2017fig-scrubbers (b) Scrubbers: 1970-2017fig-total-scrubbers-prices

(c) Scrubbers Federal and State Regsfig-scrubbers-fedstate (d) Scrubbers New Source Reviewfig-scrubbers-nsr

Figure B-3: Scrubber Regulationsfig-scrubber-all
Notes: Source EIA 860. The year is the first year a scrubber is active. “ARP” means Acid Rain Program;
“CAIR” is the Clean Air Interstate Rule; “MATS” is the Mercury and Air Toxic Standard; and “NSPS” is

the New Source Performance Standard. SO2 prices are in $2014. Price data from
https://www.epa.gov/airmarkets/so2-allowance-auctions.

Table B-22: Average Within-Plant Generation Shares

table-fuelshares

Fuel 2010 2011 2012 2013 2014 2015 2016 2017
Coal 0.89 0.87 0.82 0.80 0.78 0.74 0.68 0.65
Gas 0.76 0.77 0.80 0.80 0.79 0.81 0.83 0.84
Oil 0.41 0.40 0.39 0.39 0.39 0.38 0.38 0.38

Notes: Source EIA Form 923. The mean is across non-zero generation shares at the power plants. The
number of plants with each non-zero share is approximately 600 coal, 2,000 gas, and 2,000 oil.
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Figure B-4: Installation of Selective Catalytic Reduction (SCR)

fig-scr
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Table B-23: Decomposition of Damages Into Change In Emissions and Change in Valuations
: 2011-2014

table-decomp-pollutant

Total MD Effect Emission Effect
SO2 -19.1% 17.3% -36.3%
NOx -2.0% 14.9% -16.9%
CO2 3.9% 8.9% -5.0%
PM2.5 -0.8% 11.3% -12.1%

Notes: Decomposition at the plant level. Number are expressed at percentage of total damages in 2011.

Valuation Effect

The valuation effect in the main paper shows how changes in valuations have effected dam-

ages, keeping other variables fixed. Here we do a different decomposition to provide a

complementary look at the valuation effect. Let Dpt be the total damage from pollutant p

at time t. We have

Dpt =∑
i

vipteipt,

where, as in the main text, eipt and vipt are the emissions and damage valuation per unit

of emissions of pollutant p from plant i at time t. Decomposing this equation gives us a

valuation effect and an emission effect.58 As before, we account for entry and exit of plants

as well. The results are shown in Table B-23. This decomposition compares the year 2014

to the year 2011 because these years correspond to years in which we have direct data from

AP3. As we know from above, emissions are decreasing over this period. The emission

effect shows a 33% decline in emissions of SO2 and a 13% decline in emissions of NOx. The

valuation effect show that damage valuations are increasing over this period. For example,

damage valuations from SO2 have increased 17%.

The relationship between damage valuations and emissions is shown in Figure B-5. Emis-

sions are larger in low damage valuation locations, but this relationship is becoming less

strong over time.

58When there are only two variables in the decomposition, the error is zero.
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Figure B-5: Damage Valuations and Emissions

scatter_v_and_e
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C Supplementary Information for Section 4
app-policy

The local polynomial regressions based on both load and fossil generation are given in Fig-

ures C-1 to C-3. The damage function is very similar for both load and fossil generation.

Figure C-1: Local polynomial and kernel density estimates:
Texas

Notes: Top graphs are lo-fig-fourErcot
cal polynomial regressions of hourly damages on hourly load and on hourly
fossil generation. Bottom graphs are kernel density estimates for hourly load
and for hourly fossil generation.

Figure C-2: Local polynomial and kernel density estimates: East-
ern Interconnection

Notes: Top graphs are lo-fig-fourEast
cal polynomial regressions of hourly damages on hourly load and on hourly
fossil generation. Bottom graphs are kernel density estimates for hourly load
and for hourly fossil generation.

The regression results used to create the annual estimates of marginal damage shown in

Figure 8 are given in Table C-1.
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Figure C-3: Local polynomial and kernel density estimates:
Western Interconnection

Notes: Top graphs are lo-fig-fourWest
cal polynomial regressions of hourly damages on hourly load and on hourly
fossil generation. Bottom graphs are kernel density estimates for hourly load
and for hourly fossil generation.

Table C-1: Marginal Damage Estimates: Annual
table-reg-annual

Sample Year 2010 2011 2012 2013 2014 2015 2016 2017

Variables (1) (2) (3) (4) (5) (6) (7) (8)
East
Load 8.31∗∗∗ 8.37∗∗∗ 7.59∗∗∗ 7.46∗∗∗ 7.86∗∗∗ 7.40∗∗∗ 6.18∗∗∗ 5.34∗∗∗

(0.14) (0.15) (0.16) (0.17) (0.18) (0.19) (0.14) (0.17)

West
Load 1.91∗∗∗ 2.28∗∗∗ 2.23∗∗∗ 2.44∗∗∗ 2.50∗∗∗ 2.64∗∗∗ 2.91∗∗∗ 2.79∗∗∗

(0.07) (0.07) (0.07) (0.07) (0.09) (0.07) (0.08) (0.07)

Texas
Load 2.97∗∗∗ 2.70∗∗∗ 2.76∗∗∗ 3.58∗∗∗ 3.09∗∗∗ 3.93∗∗∗ 3.16∗∗∗ 3.54∗∗∗

(0.13) (0.11) (0.11) (0.15) (0.11) (0.14) (0.16) (0.17)

Observations 8,760 8,760 8,784 8,760 8,760 8,760 8,784 8,760
*** p<0.01, ** p<0.05, * p<0.1

Newey-West Standard errors (48 hour lag)

Notes: Dependent variable is hourly damages in the interconnection. Coefficient estimates in ¢ per kWh.
Regressions include month of sample by hour fixed effects.
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As with the decompositions, we consider an alternative specification in which local dam-

ages are fixed at 2014 values. The results are shown in Table C-2. Relative to Table 6 in the

main text, the trend line starts greater in each interconnection, but the slope is very small

in the West and statistically insignificant in the West.

Table C-2: Marginal Damage Estimates: Fixed Valuations

table-reg-main-sens

Variables (1) (2)
East

Load (β) 7.995∗∗∗ 10.288∗∗∗

(0.088) (0.112)
Load Trend (γ) −0.653∗∗∗

(0.026)

West
Load (β) 2.697∗∗∗ 2.485∗∗∗

(0.030) (0.054)
Load Trend (γ) 0.056∗∗∗

(0.013)

Texas
Load (β) 3.518∗∗∗ 3.494∗∗∗

(0.054) (0.099)
Load Trend (γ) 0.007

(0.025)

Observations 70,128 70,128
*** p<0.01, ** p<0.05, * p<0.1

Newey-West Standard errors (48 hour lag)

Notes: Dependent variable is hourly damages in the interconnection. Coefficient estimates in ¢ per kWh.
Regressions are unweighted and include month of sample by hour fixed effects, i.e., 2,304 (=8*12*24) fixed
effects.

Next we consider sensitivity to using generation vs load in our main regression. Our

main regressions may understate marginal damages if load, conditional on fixed effects, is

positively correlated with omitted generation. For example, large-scale hydropower that

produces during high priced hours forgoes the opportunity to produce in other hours if

reservoirs are constrained. Similarly, when small fossil generators not in CEMS meet peak
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load, we miss these marginal damages. An alternative approach is to regress damages on

fossil generation. If this is done at an electricity region and does not account for trading

with other regions, then this approach will be biased with the direction of bias determined

by electricity imports and exports. In addition, regressing one input (e.g., pollution) on a

plant’s output, as in the productivity literature, may result in biased estimates.

Table C-3, which shows the three specifications for levels and annual trend models, is

consistent with these sources of bias, but show that the bias is not extreme. In each case the

2010 coefficient on load (Model 2) is smaller than the coefficient on fossil generation (Model

6) and the IV coefficient (Model 4) lies between the two OLS results. However the results are

quite similar across the three models, likely due to our aggregation to the interconnection

level. In particular, both levels and trends are quite similar across the three specifications.

Next we look at more dissaggregated marginal damage estimates at the NERC level. The

results are shown in Table C-4.

As described in the main text, we supplement the univariate non-parametric regressions

with an additional regression on the residuals of regressions of damage and load on hour

hour of day by month of sample fixed effects. The results are shown in Figure C-4.
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Table C-3: Marginal Damage Estimates: Generation vs. Load

table-reg-genvload

(1) (2) (3) (4) (5) (6)
Variables OLS IV OLS

East
Load 7.32∗∗∗ 8.64∗∗∗

(0.07) (0.10)
Load Trend −0.38∗∗∗

(0.02)
Fossil Gen 8.11∗∗∗ 9.72∗∗∗ 8.11∗∗∗ 9.77∗∗∗

(0.07) (0.09) (0.07) (0.09)
Fossil Gen Trend −0.46∗∗∗ −0.46∗∗∗

(0.02) (0.02)

West
Load 2.49∗∗∗ 2.03∗∗∗

(0.03) (0.05)
Load Trend 0.12∗∗∗

(0.01)
Fossil Gen 3.06∗∗∗ 2.76∗∗∗ 3.09∗∗∗ 2.79∗∗∗

(0.02) (0.03) (0.02) (0.03)
Fossil Gen Trend 0.08∗∗∗ 0.08∗∗∗

(0.01) (0.01)

Texas
Load 3.23∗∗∗ 2.83∗∗∗

(0.05) (0.08)
Load Trend 0.11∗∗∗

(0.02)
Fossil Gen 3.66∗∗∗ 3.16∗∗∗ 3.86∗∗∗ 3.38∗∗∗

(0.05) (0.08) (0.04) (0.07)
Fossil Gen Trend 0.14∗∗∗ 0.12∗∗∗

(0.02) (0.02)

Observations 70,128 70,128 70,128 70,128 70,128 70,128
*** p<0.01, ** p<0.05, * p<0.1

Newey-West Standard errors (48 hour lag)

Notes: Dependent variable is hourly damages in the interconnection. Coefficient estimates in ¢ per kWh.
The IV estimates in (3) & (4) report second stage estimates using load as an instrument for fossil generation.
Regressions include month of sample by hour fixed effects.
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Table C-4: Marginal Damage Estimates for Electricity Regions

table-reg-nerc

(1) (2)
2010 Annual

Variables level base change
Florida 2.823*** 4.763*** -0.714***

(0.776) (1.129) (0.241)

Midwest 8.223*** 4.957*** 0.034
(0.653) (0.955) (0.241)

Northeast 5.334*** 2.888* -0.165
(1.053) (1.622) (0.350)

MidAtlantic 8.672*** 15.645*** -1.063***
(0.681) (1.117) (0.244)

Southeast 7.338*** 7.643*** -0.212**
(0.282) (0.427) (0.097)

South Central 4.976*** 9.436*** -0.607
(1.016) (1.576) (0.391)

California 2.303*** 1.764*** 0.138***
(0.074) (0.109) (0.026)

West (ROW) 2.668*** 2.275*** 0.110***
(0.073) (0.117) (0.029)

Observations 70,128 70,128
*** p<0.01, ** p<0.05, * p<0.1

Newey-West Standard errors (48 hour lag)

Notes: Dependent variable is hourly damages in the interconnection. Coefficient estimates in ¢per kWh.
Regressions include month of sample by hour fixed effects. ‘Florida” is the NERC region denoted FRCC;
“Midwest” is MRO & MISO; “Northeast” is NPCC; “MidAtlantic” is RFC; “Southeast” is SERC; “South
Central” is SPP; and “West (ROW)” is the Western Interconnection excluding California.
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Figure C-4: Non Linear Marginal Effects

fig-DamageFcn-Resid
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Table C-5 shows the average damages (damages divided by load).

Table C-5: Average Damages by Region (¢ per kWh)

table-region-ave

Region 2010 2011 2012 2013 2014 2015 2016 2017
East

Florida 3.1 2.8 2.9 3.0 3.2 2.8 2.6 2.6
Midwest 2.7 2.5 2.6 2.6 2.5 2.2 2.0 2.0
Northeast 2.5 2.1 1.5 1.5 1.5 1.3 1.2 1.1
MidAtlantic 15.7 14.0 10.6 10.8 11.3 9.5 6.4 5.8
Southeast 6.9 6.6 5.6 5.7 5.7 4.6 4.0 3.8
South Central 5.0 5.1 4.8 5.0 5.0 4.0 3.5 3.3

Total East 7.0 6.6 5.6 5.7 5.8 4.8 3.8 3.5
West

California 0.6 0.5 0.7 0.7 0.8 0.8 0.7 0.6
West (ROW) 3.4 3.1 3.0 3.4 3.3 3.1 2.8 2.7

Total West 2.3 2.1 2.1 2.4 2.3 2.2 2.0 1.9

Texas 4.4 4.3 3.9 4.4 4.4 3.9 3.7 4.0
Total 6.0 5.6 4.8 4.9 5.1 4.2 3.5 3.3

Notes: Damages created in billions of 2014$ aggregated across all CEMS power plants using AP3 damage
estimates. “Florida” is the NERC region denoted FRCC; “Midwest” is MRO & MISO; “Northeast” is
NPCC; “MidAtlantic” is RFC; “Southeast” is SERC; “South Central” is SPP; and “West (ROW)” is the
Western Interconnection excluding California.

A graphical depiction of the data in Table 9 is given in Figures C-5.

Next we describe the data sources for the solar panel calculation. From NREL we obtain

the solar insolation values.59 These data are described as:

The insolation values represent the resource available to a flat plate collector,

such as a photovoltaic panel, oriented due south at an angle from horizontal

equal to the latitude of the collector location. This is typical practice for PV

system installation, although other orientations are also used.60

Each data point describes annual average value of solar insolation (in kWh per meter squared

per day) for a unit area of size 0.1 degree in latitude and longitude (about 10km by 10km).

There are 83,376 observations in the contiguous U.S. Each observation is mapped to a county

59Data downloaded from https://www.nrel.gov/gis/data-solar.html. Table labelled as “Geographic
Coordinate System Name: WGS 1984”. Entry in table labelled as “Lower 48 and Hawaii PV 10-km Reso-
lution 1998-2009”. Zip file labelled as “us9808 atilt updated.zip”.

60https://www.nrel.gov/gis/solar-map-development.html.
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Figure C-5: Enviromental Benefit of an Electric Vehicle in 2010
and 2017 ($ per year)

fig-subsidy-county-2010
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using a Census Bureau GIS database.61 The counties are then mapped into interconnection.

The marginal damages for each interconnection are constructed from the estimates in the Day

Time Hour rows of Table 8 . Following Siler-Evans at al (2013), we assume 13% efficiency.

We also assume that the panels cover a 27 by 13 foot area (32 square meters) which is the

average size for a 6kW system.

A graphical depiction of the data in Table 10 is given in Figure C-6. The quantity for

each county is the mean over all unit areas within the county.

61Downloaded from https://www.census.gov/geo/maps-data/data/cbf/cbf_counties.html.

A.40

https://www.census.gov/geo/maps-data/data/cbf/cbf_counties.html


Figure C-6: Enviromental Benefit of an Solar Panel System in
2010 and 2017 ($ per year)

fig-solar-county
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