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Summary

Air pollution is amajor burden to human health, and
electricity generation is a major source of air pol-
lution. Nuclear electricity generators do not emit
significant amounts of air pollution during opera-
tion. Within the area governed by the PJM electrical
interconnection, three currently operating nuclear
plants have submitted plans for closure. In this re-
port, we investigate the air pollution implications of
the potential closure of these plants, as well as the
implications of the potential decommissioning of
other nuclear plants in PJM. We assume that if a nu-
clear plant is decommissioned, its historical gener-
ation will be replaced by other generators currently
in PJM. We model the air pollution caused by gener-
ating this replacement electricity, then use standard
epidemiological and economic relationships to esti-
mate health impacts and monetized damages from
this additional air pollution. We find that if the
three nuclear plants in PJM that are currently sched-
uled to close (providing 3% of total PJM generation)
are replaced with generation with the average emis-
sions intensity and locations of existing non-nuclear
PJM generators, the result would be an increase of
126 (range: 73–196) human deaths per year, equiv-
alent to $806 (interquartile range: $431-$1,404) mil-
lion per year in economic damages (year-2017 USD).
The types of plants that provide replacement gener-
ation may be different than the grid average, how-
ever. If replacement generation is provided by all
natural gas plants, damages would be ∼5× lower;
if it comes from all coal plants, damages would be
∼1.5× higher. If additional nuclear plants close, ad-
ditional damages are expected.
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1 Introduction

Human inhalation of fine particulate matter air pollution
(PM2.5; particles less than 2.5 µm in diameter) is responsible
for more than 60% of deaths from environmental causes and
3% of deaths from all causes in the US. More people die each
year in the US from PM2.5 exposure than from car crashes and
murders combined [1]. Electricity generation is a major source
of air pollution, responsible for ∼8% of deaths from PM2.5 ex-
posure [2].
Not all types of electricity generating units (EGUs) con-

tribute equally to air pollution. PM2.5 concentrations result
from direct emissions of PM2.5, and also from particles formed
in the atmosphere by emissions of gases including sulfur diox-
ide (SO2), oxides of nitrogen (NOx), volatile organic com-
pounds (VOCs) and ammonia (NH3). Within the area governed
by the PJM Interconnection— an organization that coordinates
electrical generation in the Northeastern and Mid-Atlantic US
(Fig. 1) — generators fueled by nuclear power, coal and natural
gas contributed 34%, 34% and 27% respectively of total gener-
ation [3]. However, coal generators contributed 94% of SO2
emissions and 78% of NOx emissions, and natural gas genera-
tors contributed 2% of SO2 emissions and 9% of NOx emissions
[4]. Nuclear-fueled generators do not emit significant amounts
of air pollution as they operate and therefore contributed 0%
of emissions [4].

Figure 1: The boundaries of the PJM Interconnection regional
transmission organization (blue lines).

As of the end of year 2018, nine nuclear plants in PJM had
not recovered their avoidable costs in at least two of the last
three years, and three plants are not expected to cover their
avoidable costs on average during the next four years. These
three plants — providing 3% of total generation in PJM — have
submitted plans to deactivate [5].

In this report, we investigate the PM2.5 air pollution im-
plications of the potential closure of eleven generating units

spread across seven nuclear plants in PJM (providing 12% of
total generation), including the three plants mentioned above.
Because existing nuclear plants were running at 94% capac-
ity in 2018 and there are not currently any new nuclear plants
under construction in PJM [5], replacement electricity genera-
tion is likely to be provided by natural gas or coal-fired plants.
Combined cycle natural gas plants in PJMwere running at 64%
capacity in 2018 and coal plants are running at 44% [5].
Although previous research has studied the economic and

climate effects of nuclear plant closure [6] and the avoided air
pollution health effects of continued nuclear plant operation
[7], the air pollution and health effects of potential nuclear
plant closures in PJM have not been previously reported.

2 Methods

To estimate the air quality and resulting health impacts of the
potential closure of nuclear power plants, we start with the
assumption that if a nuclear plant closes, its year-2017 elec-
tric generation will be replaced by generation from other fuel
types. This assumption is warranted because existing nuclear
plants are currently running at nearly full capacity — while
other types of generators are not — and there are not currently
any new nuclear plants under construction in PJM [5]. We
investigate two hypothetical scenarios, wherein replacement
generation is provided by either:

1. All existing PJM non-nuclear generators proportionately
to existing generation (“PJM average” scenario), or

2. Existing natural gas-fueled generators in PJM proportion-
ately to existing generation (“PJM NG” scenario).

We then model the impact of each replacement emissions
scenario on ambient PM2.5 concentrations, estimate the health
damages that would result from those PM2.5 concentrations,
and finally translate the health damages into economic damage
costs.

2.1 Emissions estimation

To estimate the emissions that would occur to replace the elec-
tricity generated by a given nuclear plant, we use the eGRID
database [4] to calculate year-2016 emissions per TWh electric-
ity generated in each scenario. eGRID is useful because it con-
tains information on amounts of both electric generation and
pollutant emissions for each power plant. The eGRID database
contains emissions of SO2 and NOx, which are the PM2.5 pre-
cursorsmost emitted frompower plants, but it does not contain
emissions PM2.5 itself (“primary PM2.5”) or of VOCs or NH3,
the other potential sources of PM2.5 concentrations. Therefore
we augment the eGRID database by adding emissions of PM2.5,
VOCs, and NH3 to each eGRID power plant from the geograph-
ically nearest power plant in the US Environmental Protection
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Agency’s (US EPA’s) year-2014 National Emissions Inventory
[8].
For the PJM average scenario, we select all electric gener-

ators listed by eGRID as being managed by PJM and as not
being powered by nuclear fuel, and then divide the emissions
from each generator by the sum of electricity generation by
all of the selected generators. This gives us the average mass
of emissions at each generator location per TWh generated by
the sum of all non-nuclear generators in PJM.

For the PJMNG scenario, we follow the steps above but only
select generators powered by natural gas rather than all non-
nuclear generators. This gives us the average mass of emis-
sions at each generator location per TWh generated by the sum
of all natural gas fired generators in PJM.

For both scenarios, we assume that all electricity generated
per year by a nuclear plant would, if that plant shuts down,
be replaced with generation from other pre-existing plants. In
other words, we assume that plant closures would not cause
any change in demand for electricity and would not cause the
contruction of new plants. We consider emissions from the
operation of the power plants only, and do not consider “life
cycle” or “upstream” emissions (for example caused by the ex-
traction and refining of natural gas or nuclear fuels), nor do we
consider impacts other than health impacts from long-term in-
halation of PM2.5. We do not consider impacts related to han-
dling, transporting, or storing spent fissile material.

2.2 Air quality modeling

After air pollution is emitted from electricity generators, it can
be transported by wind, it can react with other pollutants —
including, potentially, to form PM2.5— and eventually it is re-
moved from the air via wet or dry deposition.

The average PM2.5 concentration at a person’s location of
residence over the course of a year has been determined to af-
fect that person’s health [9, 10]. Therefore, our goal is to esti-
mate the effect of our emissions scenarios on annual average
PM2.5 concentrations at people’s places of residence.

The chemical and physical processes impacting the trans-
port, transformation and removal of pollution are complex.
As a result, the spatial patterns of PM2.5 concentrations are
not always closely related to the spatial patterns of the emis-
sions that cause them. Therefore, we use models that represent
the physical and chemical phenomena that drive the relation-
ship between emissions and annual-average concentrations of
PM2.5. To provide an estimate of the range of uncertainty in
our air quality modeling, we use two separate models, ISRM
and APSCA, to create independent estimates of the PM2.5 con-
centrations caused by each emissions scenario.

The Intervention Model for Air Pollution (InMAP; [11])
splits up a three-dimensional spatial area into grid cells that
vary in size according to population density. It then numer-
ically solves equations representing air pollution transport,
transformation, and removal to provide spatially-explicit esti-

mates of annual-average PM2.5 concentrations resulting from
an emissions scenario. The predictive performance of In-
MAP has been evaluated in a number of different situations
[2, 11, 12, 13]. Here, we use the InMAP Source-Receptor Ma-
trix (ISRM), a version of InMAP described by Goodkind et al.
[12].

The Air Pollution Social Cost Accounting (APSCA; [14])
model also splits up a three-dimensional spatial area into grid
cells. However, instead of solving air-pollution-related equa-
tions, it estimates the spatial relationships between emissions
and concentrations using empirical methods which attempt to
reproduce the predictions of a more complex air quality model.
Because the two models use fundamentally different meth-

ods tomake predictions, we expect they do not share structural
biases and therefore the range of predictions made by the two
models provides a useful estimate of uncertainty in the rela-
tionship between emissions and concentrations.
After running the air quality models, we have spatially-

explicit estimates of PM2.5 concentrations resulting from each
emissions scenario, per TWh electricity generated.

Both air quality models make predictions of PM2.5 concen-
trations throughout the continental US, even though the emis-
sion scenarios focus on the PJM region.

2.3 Health damages

We estimate the number of mortalities that would be caused by
changes in PM2.5 concentrations resulting from the closure and
replacement of nuclear power plants. We do not estimate non-
mortality (i.e., morbidity) health impacts of PM2.5 exposure,
such as the increased prevalence of nonfatal ischemic heart dis-
ease, stroke, lung cancer, chronic obstructive pulmonary dis-
ease, diabetes [1] or childhood asthma [15].

The PM2.5 concentration at a person’s location of residence
is commonly used as a surrogate for the amount of pollution
they inhale [9, 10]. To predict the health impacts of each emis-
sion scenario, we combine information about where people
live from the US Census [16] with baseline mortality rate in-
formation [17] and information on the relationship between
PM2.5 concentrations and mortality rate to estimate the num-
ber of deaths caused by each emissions scenario (in units of
deaths per TWh generation) as in Eq. 1:

D =

N∑
i=1

{[
exp

(
lnR
10

Ci

)
− 1

]
PirPMirM

}
, (1)

where D is the the number of deaths caused by the emissions
scenario andR is the mortality change ratio caused by a PM2.5
concentration change of 10 µgm−3. Here we use two values
of R, 1.06 [9] and 1.14 [10], to provide an estimate of the un-
certainty in the relationship between PM2.5 concentration and
mortality. Ci is the concentration estimate in air quality model
grid cell i (out of N total grid cells), Pi is the human popula-
tion count in grid cell i, andMi is the baseline mortality rate in
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grid cell i. The functional form of Eq. 1, the choice of PM2.5 as
the pollutant studied, and the values of R we use are common
choices for quantifying health impacts of air pollution [18].
The vast majority of total health damages from air pollution
are typically attributed to PM2.5 [1], therefore in this study we
exclusively quantify damages from PM2.5.
Population data in the ISRM model [19] are based on the

five-year period 2008–2012 (mid-point 2010); we include an
adjustment factor rP = 1.047 (the ratio of year-2016 to year-
2010 US total population [17]))), reflecting that the population
was 4.7% greater in 2016 than in 2010. Similarly, for mortal-
ity data, the ISRM model uses data for year 2005; we include
an adjustment factor of rM = 1.025 (the ratio of year-2016
to year-2005 US overall baseline mortality rate [17]), reflecting
that the mortality rate was 2.5% greater in 2016 than in 2005.
As of this writing, 2016 is the most recent year for which base-
line mortality rates are available [17].

2.4 Economic damages

We translate the health impacts attributable to each emissions
scenario into economic damage costs using standard economic
methods. The approach here follows recommendations by the
US EPA [20]. Following this recommendation, we assume a
stochastic, Weibull-distributed Value of a Statistical Life (VSL)
with a central estimate of 4.8 million year-1990 US dollars
(USD) — updated for year 2017 by adjusting for inflation [21]
to yield 9.0 million — with a Weibull shape parameter equal to
1.51 [20].
Economic damages calculated using VSL values represent

estimates of the amount of money people would be willing
to pay to avoid a small increase in their risk of death, or the
amount of money they would accept in exchange for doing
something that increases their risk of death, scaled to the risk
in question. For example, suppose that people on average were
willing to take a job that increased their risk of death in any
given year by 0.1%, if the salary is at least $10,000 per year
more than a comparable job that didn’t have the added risk.
The value of a statistical life would then be $10,000 / 0.1% =
$10 million. In this example, if a hypothetical improvement
in air pollution caused 100 fewer people to die per year, then
using the calculated VSL of $10 million, the reduction of 100
deaths per year would be equivalent to an economic benefit of
100 deaths × $10 million per death = $1 billion per year.

2.5 Uncertainty assessment

As described above, for each emissions scenario we estimate
damages using two air quality models, two estimates of the re-
lationship between PM2.5 and mortality rate, and a stochastic
(Weibull) distribution of VSL values, with the purpose of quan-
tifying uncertainty in our estimates of health and economic
impacts.

Because our mortality calculations are based on four point

estimates (two air quality models and two concentration-
mortality relationships) for each scenario, we represent uncer-
tainty in the number of deaths as the median and range (small-
est and largest value) of the four estimates.
To represent uncertainty in economic damages, we combine

these different methods in a Monte Carlo analysis using 10,000
random samples from the VSL distribution for each combina-
tion of air quality model and concentration-mortality relation-
ship. We present the median of the resulting 40,000 values as
a central estimate of the impacts and the interquartile range
(IQR; 25th to 75th percentile) as a characteristic range of uncer-
tainty.

3 Results

3.1 Emissions

Table 1 shows that in 2016, emissions per TWh of electricity
produced in the PJM average scenario were 16 times greater
for SO2 (and 4 times greater for NOx) than in the PJM NG sce-
nario. Emissions of SO2 and NOx are substantially greater than
emissions of primary PM2.5, NH3, and VOCs in both scenarios.
In the PJM average scenario, emissions are dominated by coal
generators along the Ohio River Valley, whereas in the PJMNG
scenario a larger fraction of pollution is emitted from the large
natural gas generators near the eastern and western edges of
the domain (Fig. 2).

Table 1: Emissions (short tons) per TWh Generation in PJM

Pollutant PJM Average PJM NG
SO2 657 40
NOx 528 119
PM2.5 34 11
NH3 4 3
VOCs 2 1

3.2 Concentrations

Ambient PM2.5 concentrations caused by the PJM average
emissions scenario are spatially diffuse, reflecting that SO2
emissions from coal combustion can take several days to react
to form particulate SO4 (a type of PM2.5), and can travel long
distances during that time (Fig. 3). For the PJM NG scenario,
concentrations are more localized around emissions sources,
reflecting the shorter reaction time required for NOx — the
main type of PM2.5 precursor emissions from natural gas com-
bustion — to form PM2.5 (Fig. 3).
The two air quality models — ISRM and APSCA — broadly

agree on the magnitude and spatial patterns of concentrations
in both emissions scenarios, although ISRM predicts concen-
trations that are larger and more spatially diffuse in the PJM
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Figure 2: Locations of electrical generators in the eGRID database [4] (blue dots) attributed to PJM in “PJM average” and “PJM
NG” scenarios (columns). The area of each dot is proportional to the emissions of each pollutant per TWh generated (rows).
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average scenario (Fig. 3). Because the two models have similar
predictive accuracy [11, 14], areas where they disagree can be
considered to represent a range of uncertainty in the relation-
ship between emissions and concentrations.

3.3 Health impacts

We estimate 5.1 (range: 3.0–8.0) deaths per TWh generated for
the PJM average scenario and 1.0 (range: 0.6–1.4) for the PJM
NG scenario. We find that the PJM average scenario caused
more deaths than the PJM NG scenario by a factor of 5.4 on
average, predictions made by the two air quality models differ
by 12% on average (with a maximum difference of 18%), and
predictions made with the two concentration-mortality rela-
tionships differ on average by a factor of 2.3 (Table 2).

Table 2: Deaths per TWh Generation in PJM

Scenario PJM Average PJM NG
AQM/C-Ma Krewski LePeule Krewski LePeule
APSCA 3.0 6.7 0.6 1.4
ISRM 3.5 8.0 0.6 1.3

aRows: Air quality model (AQM); Columns: Relationship between PM2.5
concentration and mortality (C-M), as estimated by either Krewski et al. [9]
or LePeule et al. [10].

3.4 Economic damages

We estimate median (and IQR) economic damages of $33.1
(17.7–57.7) million year-2017 USD per TWh generated for the
PJM average scenario and $6.2 (3.3–10.7) million per TWh
generated for the PJM NG scenario. Our uncertainty range
for economic damages includes uncertainty in the emissions-
concentration and concentration-mortality relationships as
well as in the VSL.

3.5 Total closure damages by generator

We estimate the health damages — and the related economic
externality damages — that could result from the potential clo-
sure of each of eleven generating units across seven plant lo-
cations in PJM. Combined, these plants generated 101 TWh
of electricity in 2017, which is 13% of the total generation in
PJM [22]. If all eleven plants were closed and replaced with
generation with the emission intensity and locations of the
PJM average scenario, we estimate that would result in 516 ex-
cess deaths per year (range: 301–802), causing $3 billion per
year in economic externality damages (IQR: $1.8–5.8 billion).
If the plants were instead all closed and replaced with genera-
tion with PJM NG emission intensity and locations, the result
would be 98 (range: 59–143) excess deaths per year and $624
million (IQR: $334–1,084 million) per year in economic dam-
ages (Table 3).

If the three plants that have already submitted plans to close
(Davis Besse, Perry, andThreeMile Island [5], with a combined
generation of 27 TWh, or 3% of the PJM total [first three rows of
Table 3]) are replaced with PJM average scenario generation,
we estimate that would result in 126 (range: 73–195) excess
deaths per year and $812 (IQR: $436–$1,417) million per year in
economic damages. If, however, those plants were all replaced
with PJM NG scenario generation, it would cause 24 (range:
14–35) excess deaths per year and $152 (IQR: $81–264) million
per year in economic damages (Table 3).

4 Discussion
If nuclear plants cease operating in PJM, the loss in electricity
generation would likely be replaced by generation from non-
nuclear plants, a change that would impact air pollution and
health. We find that, if the three nuclear plants in PJM that are
currently scheduled to cease operation do close, and if they are
replaced with generation from the PJM average (non-nuclear)
scenario, the result would be an increase of 126 (range: 73–195)
deaths per year, equivalent to $812 (IQR: $436–$1,417) million
per year in economic damages. If they are replaced with gen-
eration from the PJM natural gas scenario, the result would be
24 (range: 14–35) excess deaths per year, equivalent to $152
(IQR: $81–$264) million per year in economic damages. If ad-
ditional plants close, predicted damages would increase pro-
portionately. Damage estimates depend on which power plant
fuel replaces the nuclear plant; estimated damages would be
∼5× lower if the electricity generation comes exclusively from
natural gas than if it comes from the grid average fuel mix.
The results presented here are consistent with other stud-

ies. For example, we calculate that 1 TWh of non-nuclear
generation in PJM causes on average $29.6 (IQR: $15.7–$51.6)
million in externality damages. An equivalent number based
on a widely used estimate of the economic benefits per unit
emissions reduction from the electricity generating sector as a
whole [23] is $34.2 million. Although this estimate is for the
average of all electricity generation in the US rather than just
PJM, it is within our estimated uncertainty range.

As an additional check, extrapolating our estimates of dam-
ages from PJM average emissions to match the total electrical
generation in the US would yield an estimate of 20,300 (range:
13,900–27,800) deaths per year. If we adjust that estimate by
multiplying by 0.66 to reflect that PJM generates 34% of its
electricity with emission-free nuclear plants, we get a value of
13,400 (range: 9,200–18,300) which is comparable to a previous
estimate of 10,400 deaths per year [2].

We reflect uncertainty in the types of electric generation
that might replace shuttered nuclear plants, and the damages
caused by that generation, using sensitivity and uncertainty
analysis. Accurately predicting the type and location of elec-
tricity generation that would replace closed nuclear plants is
outside the scope of this report. The mix of future electric gen-
eration might depend on future government policy, resource
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Figure 3: Ambient concentrations of PM2.5 caused by 1 TWh of electricity generation for each each emissions scenario (columns)
as predicted by each air quality model (rows). Although only the area near PJM is shown, both models predict concentrations
throughout the contiguous US. To facilitate interpretation, color scales are truncated at the 99.5th percentile of values. The left
and right columns have different color scales.

discovery, technological development, and individual business
decisions, all of which are difficult to predict. We therefore
present results based on two scenarios: 1) that generation is
replaced proportionately by all existing non-nuclear plants in
PJM (“PJM average”), and 2) that generation is replaced pro-
portionately by all existing natural gas plants in PJM (“PJM
NG”). (A third scenario, involving coal-only is mentioned be-
low.) While we do not expect that either of these scenarios will
be exactly correct, the scenarios are representative of the range
of variability in emissions intensity and locations of near-term
replacement generation, given current market conditions and
technological constraints.
It might be desirable for closing nuclear plants to be replaced

with generation from other non-emitting sources, such aswind
or solar power. If that happened, the replacement electricity
would also be emission-free. We do not investigate here the
degree to which renewable energy might displace fossil fuel
electricity in the long term. In the near term, wind and solar
generators would typically not be considered as replacements
for nuclear generators, which provide steady baseload gener-
ation.
Conversely, it is possible that decommissioned nuclear

plants would be replaced with generation from only coal
plants. Using the methods above, with replacement generation
assumed to come from existing coal plants in PJM proportion-
ately to historical generation, we find that this scenario would
cause 7.7 (range: 4.3–12.7) deaths/TWh replacement genera-
tion, equivalent to $50.3 (IQR: $26.7–$87.9) million USD per
TWh in economic damages. These damages are ∼1.5× larger
damages than in the PJM average scenario, mainly caused by
1.9× and 1.5× increases in SO2 and NOx emissions intensity,

respectively.
Relationships between emissions, concentrations, and

health impacts are complex; we represent uncertainty in these
relationships using interquartile ranges of Monte Carlo sim-
ulations. Although we have attempted to quantify the ma-
jor sources of uncertainty in these relationships, there remain
other sources of uncertainty, for example in emission rates,
population counts and baseline mortality rates. We expect
these unquantified sources of uncertainty to be smaller than
the sources we have quantified. Additionally, owing to limi-
tations in available data, in different parts of the analysis we
have used data from years 2014, 2016, and 2017. This is a lim-
itation of our analysis, but we do not expect it to be a large
source of error. As above, the reported uncertainty ranges are
not meant to be firm bounds regarding the actual value of dam-
ages, but rather to provide general estimates of the variability
to be expected.
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