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Abstract

This paper studies the mortality benefits of the transition from coal-fired power gen-

eration in the US. Using hourly operational data of every generator from 1999-2019

combined with a high-frequency atmospheric dispersion model, we estimate the con-

tribution of each plant’s generation to downwind air quality. We use the reshuffling of

generation across plants to estimate the mortality impacts of acute exposure to partic-

ulate matter among the elderly population. We find that 25% of U.S. fine particulates

(PM2.5) in 1999 came from power plants, and that 40% of the air quality improvement

from 1999–2019 was due to changes in electricity generation. We calculate one day of

exposure to 1 µg/m3 of PM2.5 raises elderly mortality by 0.12%, and that one month

of exposure raises total mortality by 0.5%. Using an empirical dispatch model to esti-

mate counterfactual outcomes, we find that the shift away from coal was worth $50B
per year in reduced mortality by 2019.
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1 Introduction

Coal-fired power plants have long been among the largest sources of air pollution in the

United States (Muller, Mendelsohn, and Nordhaus, 2011). The particulate matter, sulfur

dioxide, and nitrogen oxides they emit travel hundreds of miles downwind, contributing to

elevated mortality in counties far from the plants themselves (Holland et al., 2020; Henne-

man et al., 2023). Over the past two decades, the U.S. electricity sector has undergone a

dramatic transformation: coal generation fell by half as natural gas and renewables expanded

(Coglianese, Gerarden, and Stock, 2020). This paper asks how much this energy transition

improved public health due to reduced fine particulate (PM2.5) pollution.

Answering this question requires solving two problems. First, we must trace emissions

from each power plant to pollution exposure in each county—a task complicated by the fact

that wind patterns vary from day to day, so the same plant affects different places at different

times (Henneman et al., 2019). Second, we must estimate the causal effect of pollution on

mortality, accounting for the many confounders that affect both electricity generation and

health (Finkelstein, Notowidigdo, and Shi, 2026; Barreca et al., 2016).

We address these problems by combining three elements: hourly data on generation

from every U.S. power plant, a high-frequency atmospheric dispersion model that tracks

pollution transport under actual weather conditions, and a research design that isolates

quasi-experimental variation in pollution exposure. Our instrument exploits the fact that

electricity demand must be met in real time, so when one plant generates more, others

generate less to keep the grid stable at a given load. Holding total generation fixed, vari-

ation in which plants operate—driven by fuel prices, equipment outages, and transmission

constraints—reshuffles pollution across downwind counties many miles away. This reshuffling

provides variation in pollution exposure that is plausibly unrelated to local determinants of

mortality.

We find that particular matter from electricity generation substantially increases mor-

tality, particularly among the elderly. A 1 µg/m3 increase in PM2.5 for a single day raises
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same-day mortality by 0.14% among the elderly population. Extending the analysis to longer

horizons for the entire age distribution, we estimate that a 1 µg/m3 increase in PM2.5 for

1 month raises total mortality by 0.5% over the subsequent five years. The fact that these

estimates do not diminish over time suggests that pollution causes deaths that would not

otherwise have occurred rather than merely hastening deaths by a few days. We find larger

effects in counties without pollution monitors. These places tend to be more rural and have

greater barriers to accessing medical care.

Combining these mortality estimates with predicted pollution from each plant, we cal-

culate that electricity generation caused roughly 45,000 deaths per year at the start of our

sample in 1999. By 2019, this had fallen to fewer than 20,000 deaths per year—a reduction

of more than 50 percent. To isolate the contribution of the energy transition, we construct a

counterfactual in which the grid remains frozen at its 2003 configuration. Under this coun-

terfactual, deaths from electricity generation would have risen near 70,000 per year through

2019 due to an aging population. The difference—roughly 50,000 deaths prevented annually

by the end of the sample—represents the mortality benefit of the shift from coal to cleaner

generation.

This paper makes several contributions. First, we construct a fully-integrated pipeline to

both measure pollution from power plants, and credibly estimate subsequent health impacts.

Prior work on the health impacts of PM2.5 has either used quasi-experimental designs with

coarse measures of pollution source (Deryugina et al., 2019), has been limited to studying

impacts in the immediate vicinity of the source (Anderson, 2020), or has employed detailed

exposure modeling without quasi-experimental variation (Henneman et al., 2023; Holland

et al., 2020). Our approach integrates both elements, using atmospheric dispersion models

to transport pollution, and the reshuffling of generation across plants to provide variation to

identify the exact LATE of interest.

Second, we estimate mortality effects over horizons ranging from same-day to five years,

documenting how effects accumulate and testing for mortality displacement. Short-horizon
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studies cannot distinguish between pollution that accelerates imminent deaths and pollution

that causes deaths that would not otherwise have occurred. Our distributed lag estimates

show that cumulative effects grow and then become stable with the horizon, indicating that

the deaths we attribute to pollution are not simply displaced by a few days or weeks.

Third, we quantify the health benefits of a major change in the U.S. energy system. The

shift from coal to gas and renewables was driven primarily by market forces—declining nat-

ural gas prices following the shale revolution (Hausman and Kellogg, 2015)—rather than by

policies targeting health outcomes. Our estimates suggest that this market-driven transition

generated health benefits on the order of $50 billion per year by 2019, measured at the EPA’s

value of a statistical life year (U.S. Environmental Protection Agency, 2020). These benefits

accrued over enormous swathes of the US east of the Mississippi River.

The infrastructure and data we develop for this paper yields multiple insights. The first

stage of our estimation strategy produces the important finding that changing generation

patterns is responsible for about 40% of the decline in ambient PM2.5 over the sample

period. It also produces estimates of exposure to power plant pollution throughout the US,

including in areas without monitors. Our estimates yield plant- (and equipment-) specific

external marginal costs for the entire distribution of plants, both observed, and under various

counterfactual scenarios.

The paper proceeds as follows. Section 2 provides background on air pollution from power

plants and discusses related literature. Section 3 describes the data. Section 4 presents the

estimation strategy. Section 5 reports results, including mortality estimates, aggregate death

calculations, and counterfactual simulations. Section 6 concludes.
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2 A Framework for Measuring the Mortality Impacts

of Economic Activities

We are interested in measuring the external marginal costs of generation from U.S. power

plants. In this section we break down the components of such a calculation, discuss prior

work on each component, and motivate the need for an integrated estimation strategy.

Let Ajt′ represent a unit of polluting activity at plant j on day t′. In our setting, this

will be the burning of fuel required for 1 MWh of electricity. Its units are MMBTU/MWh.

Each MMBTU of fuel burned by plant j releases ejt′ kg of particulate matter (primary and

secondary). This pollution is then dispersed over time and space in a manner that depends on

the weather. This dispersion can be characterized by a time-varying matrix, whose elements

Dijt′t represent the share of emissions released from plant j on date t′ arriving in county

i on date t. Dividing by V oli, the volume of atmosphere in county i, yields the ambient

PM2.5 concentration produced by these emissions. This change in emissions represents the

‘dose’ of pollution, which, when multiplied by a dose-response estimate, τ , and the exposed

population in the county, popi yields the estimated mortality impact. Multiplication by a

value of statistical life, V SL, yields the monetized mortality cost of this marginal change in

generation. Putting these elements together, the external marginal cost of generation from

j’s emissions on t′ can be expressed as:

Mjt′ = τ · V SL · popi ·
∑
i,t

Ajt′ejt′Dijt′t

V oli︸ ︷︷ ︸
∆PM2.5it

(1)

Equation (1) is useful for framing the discussion of work on the health impacts of pol-

lution. When the Environmental Protection Agency (EPA) conducts a regulatory impact

assessment (RIA), it combines the various elements of equation (1) to estimate the health

benefits of a proposed regulation (National Research Council, 2002; U.S. Environmental Pro-

tection Agency, 2024b,a). Though referred to as integrated assessment models, this process
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is conducted piecewise, going back to at least Mendelsohn (1980). Engineering estimates of

emissions rates feed into dispersion modeling to estimate changes in ambient pollution. These

changes are then multiplied by estimates of the dose-response relationship, drawn from the

broader epidemiology literature (U.S. Environmental Protection Agency, 2009). This change

in mortality is then combined with economic valuations to produce a final estimate of the

regulation’s benefits.

In the economics literature, the dispersion step is often simplified by using a time invari-

ant source-receptor matrix, which gives the average contribution of plant j’s emissions to

ambient PM2.5 in county i over the sample period (Muller and Mendelsohn, 2007). A time-

invariant dispersion matrix, combined with prevailing dose-response estimates, is applied to

settings such as trains (Clay et al., 2019), power (Holland et al., 2020; Jarvis, Deschenes, and

Jha, 2022) and the substitution between electricity and internal combustion for transporta-

tion (Holland et al., 2016), among others. This branch of the literature focuses on specific

activities of interest, and developing more sophisticated atmospheric chemistry to update

static source-receptor matrices.

A second branch of work in economics has focused on estimating dose-response rela-

tionships, τ , using quasi-experimental variation in pollution exposure. This includes using

changes in wind direction that do not reference pollutant sources (Deryugina et al., 2019;

Deryugina and Reif, 2023), wildfires (Miller, Molitor, and Zou, 2024; Dodier, 2024; Cabral,

Marika and Dillender, 2024), and changes in economic activity (Chay and Greenstone, 2003b;

Currie and Neidell, 2005). The key advantage of this approach is in separating the causal

effect of pollution from confounding factors that affect both pollution and health. Because

the sources of pollution in these studies are broad-based, subsequent application of their es-

timates to specific activities relies on a uniform dose-response relationship across all sources

of pollution. This is an effective approach when the emissions’ source and estimate align

(e.g. wildfires), or when the variation comes from the regulation being evaluated (e.g. the

Clean Air Act in Chay and Greenstone (2003a) and Sanders, Barreca, and Neidell (2020)).
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However, there is reason to believe that PM2.5 from ocean spray, agricultural dust, and au-

tomobiles have differing toxicities (Lippmann et al., 2013; Lippmann, 2014). This makes it

important to estimate dose-response relationships for the specific sources of pollution being

evaluated.

Economists have been able to credibly estimate source-specific dose-response relationships

under two extreme cases of pollution dispersion. The first is immediate proximity, where the

source of pollution is also the location of exposure. This includes studies of planes (Schlenker

and Walker, 2016), automobiles (Anderson, 2020; Knittel, Miller, and Sanders, 2016; Currie

and Walker, 2011), and fracking (Currie, Greenstone, and Meckel, 2017; Hill, 2018). The

second is global pollutants like CO2, where exposure is uniform, so the dispersion step can

be skipped entirely (Hogan and Schlenker, 2024; Carleton et al., 2022).

There is a vast epidemiological literature on the health effects of PM2.5; the U.S. En-

vironmental Protection Agency’s 2009 comprehensive assessment is more than 2,200 pages.

This work has tended to focus on collecting information individual confounders (e.g. smoking

habits), while ignoring the need for exogenous variation in exposure that has been the basis

of the ‘credibility revolution’ in economics. The work most similar to ours is Henneman et al.

(2023), who use a simplified dispersion model for SO2 emissions from coal-fired power plants

to estimate annual exposure. The estimated relationship is based on the coefficient on this

proxy variable, while variables that might drive both generation and mortality (e.g. economic

conditions, high frequency weather) are not included.

Our contribution is to develop a fully-integrated pipeline that uses detailed operational

data and atmospheric modeling to construct quasi-experimental variation in pollution expo-

sure. Relative to recent work that has used time-invariant dispersion matrices to develop an

index of exposure (Barreca, Neidell, and Sanders, 2021), our high-frequency analysis takes

the inner product of actual operations with predicted dispersion at the time of those op-

erations. This is important because coal-fired plants require substantial maintenance each

year, so they are only capable of operating up to around 75% of the time. Older generators
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are likely to be both more polluting, and used less often. These usage patterns depend on

electricity demand, which varies with weather: both the wind patterns that affect disper-

sion, and the temperature that directly affects mortality. Incorporating this analysis into an

instrumental variables framework allows us to directly estimate τ for PM2.5. We can then

apply this estimate to the components of equation (1) to estimate the mortality impacts of

generation from each plant, and to calculate the health benefits of the energy transition.

3 Data

We combine datasets that allow us to capture the full chain from power plant operations

to pollution exposure to mortality outcomes from 1999–2019. Our primary sources include

hourly load and generation data from the EIA and FERC (among others), atmospheric

dispersion modeling using HYSPLIT, ambient PM2.5 measurements from EPA monitors,

weather data from ERA5, and mortality records from Medicare and the CDC. We also

incorporate economic controls from the BLS. This section describes each data source and

our approach to constructing measures of pollution exposure from electricity generation.

3.1 Electricity Generation

Data from the electricity sector extend Cicala (2022) by providing hourly generation for

every plant in the contiguous U.S. from 1999 to 2019. Hourly load data are mostly sourced

from FERC Form 714, “Annual Electric Balancing Authority and Planning Area Report.”

These data are filed annually by local balancing authorities. Gaps in reporting are filled

with complementary data from regional authorities and markets. Data on hourly generation

similarly extend Cicala (2022), synthesizing EPA’s CEMS, the Nuclear Regulatory Com-

mission, and various hydropower assets through 2019. Fuel prices, monthly generation, and

heat rates are sourced from EIA Form 923, filed annually by generators. Cicala (2022) offers

a detailed description of the data construction process, including validation and imputation
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methods.

The resulting dataset includes hourly generation (in MWh) for every plant, along with

fuel consumption (in MMBTUs). We merge this with data on plant characteristics such as

fuel type, generation technology, capacity, vintage, and pollution controls. These data come

from both EPA’s CEMS database, and EIA forms 860, 767, and 923.

Aggregating these data by fuel type and year yields the trends in generation shown in

Figure 1. Between 1999 and 2019, coal generation fell by more than half, from roughly

1,900 TWh to 900 TWh. Natural gas generation more than doubled over the same period,

driven by declining gas prices following the shale revolution. Wind and solar generation,

negligible in 1999, exceeded 300 TWh by the end of the sample. Notably, total electricity

generation has been flat since 2007, with modest growth leading up to that point. This is

important for two reasons: First, we will observe a given level of load being met in the data

with vastly different generation mixes (and thus pollution levels) over time. This is the basis

of the identification strategy, which relies on reshuffling generation across plants holding

total electricity consumption fixed. Second, the flat load trend supports the credibility of a

counterfactual in which the grid remains fixed at its 2003 configuration. Given the reserve

capacity in the U.S. grid, it is plausible that the load patterns observed through 2019 could

have been met with the 2003 grid.

Plant locations are geocoded, and we obtain stack heights from the EPA’s National

Emissions Inventory.

3.2 Atmospheric Dispersion

Translating generation at a power plant into pollution exposure in downwind counties re-

quires modeling how pollutants disperse through the atmosphere. We use HYSPLIT (Hybrid

Single-Particle Lagrangian Integrated Trajectory), an atmospheric transport model devel-

oped by NOAA’s Air Resources Laboratory. HYSPLIT inputs a date, time, location, and

elevation (in addition to various pollutant characteristics). It pulls the relevant meteorolog-
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Figure 1: Annual Net Generation by Fuel Type, 1999–2019
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ical data from the NCEP/NCAR Reanalysis Data product, then simulates the dispersion of

individual particles through the atmosphere.

Data on power plant locations and stack heights are sourced from the EPA’s National

Emissions Inventory (NEI). When plants have multiple stacks, we assume that coal emissions

are released from the tallest stack. We estimate stack height for plants without stacks

reported in the NEI based on the plant’s generation technology, vintage, and capacity.

For each power plant and fuel (associated with stacks of different heights), we simulate

four emission releases per day of 500 particles each. We track the dispersion of particles for

48 hours. The model outputs the fraction of emitted particles passing through each county

during each hour of the simulation. This is run for every power plant and fuel in the country,

regardless of whether the plant is operating or not. Aggregating across hours in the recipient

county yields a daily dispersion matrix Djt′hit giving the share of emissions from plant j on

day t′, hour h that arrives in county i on day t.

A key benefit of HYSPLIT is its relatively low computational cost per simulation. Par-

allelized on a research cluster, we are able to run the full set of simulations for over 4,000

plant-fuels over the 21-year sample period. This allows us to construct a complete dispersion
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matrix with about 12TB of storage.

The main drawback of using the HYSPLIT model is the absence of chemical transforma-

tion. HYSPLIT tracks the physical dispersion of particles but does not model the chemical

reactions that can occur in the atmosphere, such as the formation of secondary PM2.5 from

precursor gases. This problem would be especially severe if we were measuring a subset of

mass emitted for subsequent conversion into PM2.5 concentrations in the dispersion model

itself.1

We address this issue in our first stage regression, which converts exposure to shares of

production (in MMBTU) from plants of various characteristics, into ambient PM2.5 concen-

trations. Any secondary PM formation is therefore captured in the estimated coefficients.

This approach allows us to leverage the computational efficiency of HYSPLIT while still

capturing the relevant variation in pollution exposure for our mortality analysis.2 Section 4

describes this approach in more detail.

3.3 Air Quality

We measure ambient PM2.5 concentrations using daily readings from the EPA’s Air Quality

System (AQS). The AQS network includes roughly 2,500 monitors reporting PM2.5 measure-

ments in approximately 1,000 counties. We include counties with at least 1,000 monitor-days

of data over the sample period, which includes over 75% of the U.S. population.

Figure 2 shows how the spatial distribution of PM2.5 has changed between 1999 and

2019. There were hot spots of high PM2.5 in California, the Ohio River Valley, and the

Southeast in 1999, with annual averages above 25 µg/m3 in some locations. This is more

than double the current standard of 9.0 µg/m3 set by the EPA. By 2019, these hot spots

had largely disappeared, with most monitored counties reporting annual averages below that

standard.

1For example, 1 kg of particles evenly dispersed over 1 km3 would yield a 1 µg/m3 increase in concen-
tration. If 0.5 kg of secondary particles formed, this calculation would be off by 50%.

2Note that this strategy is necessitated in part by the absence of PM2.5 emissions data collection at U.S.
power plants.
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Figure 2: Annual Mean Ambient PM2.5 Concentrations, 1999 and 2019

(a)

(b)

Notes: Data from sites with at least 1,000 monitor-days of data over the sample period are included.
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Figure 2 also highlights that the monitor network is sparse: most U.S. counties have

no PM2.5 monitor, and even monitored counties may have readings on only a subset of

days. This sparsity motivates our reduced-form approach, which uses predicted pollution

from generation rather than relying solely on monitor readings. The first-stage regression,

estimated on the subset of county-days with monitor data, translates exposure to generation

by plant characteristics into ambient concentrations. We then apply these coefficients to

construct predicted pollution for all counties, whether or not they have monitors. We detail

this approach in Section 4.

3.4 Weather

Weather data come from ERA5, the fifth-generation reanalysis produced by the European

Centre for Medium-Range Weather Forecasts. We extract daily county-level measures of

temperature, humidity, and precipitation. Our primary temperature variable is wet bulb

temperature, which combines heat and humidity into a single measure of thermal stress. We

calculate heating and cooling degree-days relative to a 65◦F baseline.

Weather is a critical control because it affects both pollution concentrations (through

atmospheric chemistry and dispersion) and mortality (through heat stress, cold exposure,

and respiratory illness). Failing to control adequately for weather would bias estimates of

pollution’s effect on mortality.

3.5 Mortality

Mortality data come from two sources. For the elderly population, we use the Medicare

Beneficiary Summary File, which records the date of death for all Medicare enrollees. These

data cover 1999–2019 and allow us to construct daily death counts by county and five-year

age group (65–69, 70–74, 75–79, 80–84, 85+).3 The Medicare data provide high-frequency

3For administrative reasons, our access to these data are separated across two contracts at differing
institutions. One covers 1999-2013 and the other covers 2014-2019. We run the analyses separately and
report inverse-variance weighted estimates. cite XXX

12



mortality information for the population most vulnerable to air pollution.

For the full population, we use monthly mortality counts from the CDC’s National Vital

Statistics System, covering 1999–2019. These data report deaths by county, month, and age

group, allowing us to examine mortality effects across all ages, albeit at a monthly resolution.

3.6 Economic Controls

Local economic conditions may confound the relationship between generation and mortal-

ity. Employment and wages affect both electricity demand (through industrial activity) and

health (through income, stress, and access to care). We include monthly county-level em-

ployment and average weekly wages from the Bureau of Labor Statistics’ Quarterly Census

of Employment and Wages. Monthly county-level data on unemployment rates come from

the BLS’ Local Area Unemployment Statistics.

4 Estimation Strategy

There are two central challenges in estimating the health effects of power plant emissions:

the endogeneity of pollution exposure and measurement error in pollution levels. Electric-

ity demand rises with economic activity, which independently affects mortality (Finkelstein,

Notowidigdo, and Shi, 2026). Weather conditions simultaneously drive both electricity con-

sumption and health outcomes (Barreca et al., 2016). Aside from measuring the dispersion

of pollution to particular locations, the network of monitors is sparse, and many counties

have no monitors at all. The measurements from individual monitors are also noisy proxies

for county-level exposure, especially in large counties with heterogeneous pollution levels

(Sullivan, 2017).

We address these concerns by constructing a predicted measure of pollution exposure that

combines high-frequency variation in electricity generation (holding total generation fixed)

with atmospheric dispersion modeling. This approach yields quasi-experimental variation in
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pollution that is plausibly orthogonal to local determinants of mortality.

4.1 Empirical Framework

We estimate the effect of particulate matter exposure on mortality using a distributed lag

specification:

yit =
D∑

d=0

{Pi,t−dτd +X ′
i,t−dβd + f(Li,t−d)}+ ϕi + λym + ηsm + uit (2)

where yit is the mortality rate in county i on day t, and Pi,t−d is ambient PM2.5 concentration

d days prior. The distributed lag structure allows pollution exposure on day t− d to affect

mortality on day t, capturing both immediate physiological responses and delayed effects

that unfold over subsequent days or weeks.

The vector Xi,t−d includes weather controls—wet bulb heating and cooling degrees, and

precipitation. The lags parallel those of pollution exposure to account for cumulative heat or

cold exposure. We note the importance of always preserving identical lags for pollution and

weather controls, as the two are correlated and omitting lags of weather biases the pollution

coefficients.

We control flexibly for local electricity load and its corresponding lags, f(Li,t−d), using

a spline, since load correlates with both generation-related pollution and other mortality

determinants like heating and cooling demand. County fixed effects ϕi absorb time-invariant

differences in population health, industrial composition, and baseline air quality. Year-by-

month fixed effects λym control for national trends in mortality, seasonality, and macroeco-

nomic conditions. State-by-month fixed effects ηsm allow seasonal patterns to differ across

states, accommodating regional variation in climate, flu timing, and holiday patterns.

The parameters of interest are the τd, which trace out the dynamic mortality response

to pollution exposure. The sum
∑

d τd gives the cumulative effect of a sustained increase in

PM2.5 on mortality, accounting for any displacement or delayed impacts.
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4.2 Constructing the Instrument

We employ an instrumental variables strategy to address the endogeneity of pollution ex-

posure and errors in pollution measurement. The instrument combines three elements: the

quantity of fuel burned at each plant, the characteristics of each generating unit, and the

atmospheric transport of emissions from plants to downwind counties.

For each plant j and time period t′, we observe fuel combustion Ajt′ in MMBTU. Follow-

ing the framework in section 2, combining this activity with an emissions rate and dispersion

pattern would yield the contribution of plant j to ambient PM2.5 in county i on day t. While

SO2 and NOx emissions rates are observed for many plants, PM2.5 emissions rates are not.

We therefore project emissions rates onto a vector of observed characteristics Kjt′ , leaving a

scalar unobserved component δjt′ that is orthogonal to those characteristics by construction:

ejt′ = K ′
jt′γ + δjt′ (3)

This vector of unit characteristics includes fuel type (coal, gas, oil), generator technol-

ogy (boiler, turbine, combined cycle), regulatory epoch of the unit’s vintage, categories of

generation capacity, and the presence of pollution control equipment (scrubbers, baghouses,

selective catalytic reduction).

Substituting this decomposition into the expression for plant j’s contribution to pollution

in county i on day t due to its generation on day t′:

pitjt′ = Ajt′ ·K ′
jt′γ ·Djt′it + ξijt (4)

Then summing over all plants and periods t′ that could affect pollution on day t in county

i gives:

pit =
∑
j

∑
t′

Ajt′ ·K ′
jt′γ ·Djt′it + ξit (5)

We use this inner product of generation, characteristics, and dispersion as the basis for
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our instrument:

Zit =
∑
j /∈i

Ajt′ ·Kjt′ ·Djt′it (6)

In words, the instrument vector is the amount of heat consumed by upwind plants with

specific characteristics that is transported to county i on day t. It is a vector because the

characteristics Kjt′ are multidimensional, and the instrument includes one element for each

characteristic: 50 MMBTU from coal-fired boilers without scrubbers built in the 1970s, 100

MMBTU from gas turbines with selective catalytic reduction built in the 2000s, and so on.

4.3 First Stage

Combining the structural equation with the instrument gives the following first-stage regres-

sion:

Pit = Z ′
itγ +X ′

itζ + f(Lit) + ϕi + ηsm + νit (7)

The coefficient vector γ translates heat-weighted characteristics into ambient pollution

concentrations: Each element gives the PM2.5 concentration (in µg/m3) associated with

full-day exposure to the emissions from 1 MMBTU of heat generated by a unit with that

characteristic, holding other characteristics fixed. As an additional precaution against local

confounding, we exclude from the instrument any plants located in the same county as the

monitor, so that Zit depends only on upwind sources of pollution in other counties.4

This first-stage regression serves three purposes. First, it validates the instrument: we

test whether the pattern of coefficients is sensible (e.g., coal units contribute more to PM2.5

than gas units). Second, it allows us to construct predicted pollution from all plants, includ-

ing those in the own county, which we excluded from the instrument. Third, by estimating

γ from the data rather than imposing engineering values, we allow the relationship between

4This restriction does not materially affect the results.
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plant characteristics and ambient pollution to be determined by the quasi-experimental vari-

ation in the instrument.

The identifying assumption is that, conditional on controls, upwind plant generation only

affects downwind mortality through its impact on ambient pollution.

4.4 Predicted Pollution and Split-Sample IV

With estimates of γ in hand, we construct predicted pollution from electricity generation for

each county-day:

P̂M it =
∑
j

∑
t′

Ajt′ ·K ′
jt′ γ̂ ·Djt′it (8)

This sum includes all plants, including those in the same county as the outcome, which we

excluded from the instrument. The predicted pollution measure P̂M it isolates the component

of ambient PM2.5 attributable to electricity generation.

We estimate the mortality effect of predicted pollution directly:

yit =
D∑

d=0

{P̂M i,t−dτd +X ′
i,t−dβd + f(Li,t−d)}+ ϕi + λym + ηsm + uit (9)

When equation (9)) is estimated using the same sample of county-days used to estimate

γ̂, the τd coefficients are identical to the two-stage least squares estimates from the standard

IV regression that uses Zit as the instrument for Pit. However, we can also estimate equation

(9)) on the full sample of county-days, including those without monitors. In this case, the

τd coefficients are equal to the IV estimates, but they still have a causal interpretation

under the same identifying assumptions. We are referring to these estimates as “split sample

IV” because we are estimating the first stage in one part of the sample (county days with

monitors), and estimating the second stage using predicted values for the whole sample.

This approach allows us to leverage all available data on mortality while still using quasi-

experimental variation in pollution exposure.

17



4.5 Interpretation

Local average treatment effect. Our estimates identify the mortality effect of PM2.5

from electricity generation, not PM2.5 from all sources. If the dose-response relationship

differs by source—perhaps because generation-related PM2.5 has different chemical compo-

sition than wildfire smoke or vehicle exhaust—our estimates may not generalize. That said,

the policy-relevant question is precisely what we estimate: how much would mortality fall if

generation-related pollution declined by reallocating generation across plants?

Multiple pollutants. Power plants emit not only primary particulate matter but also

nitrogen oxides, which form ozone when combined with volatile organic compounds and

heat. Our estimates capture the combined effect of all pollutants whose emissions covary

with generation and unit characteristics. In the appendix, we show that our estimates are

robust to controlling for predicted ozone from generation, suggesting that the effects we

attribute to PM2.5 are not driven by correlated changes in ozone.

Inference. While inference when estimating equation (2) is straightforward, in the split

sample specification, the regressor P̂M it is generated from first-stage estimates. Standard

errors should account for estimation uncertainty in γ̂. Our baseline split sample specifications

do not make this adjustment; we are developing bootstrap procedures that propagate first-

stage uncertainty to the mortality estimates.

5 Results

This section presents estimates of the mortality effects of PM2.5 from electricity generation

and applies them to quantify the health benefits of the energy transition. We begin by val-

idating the first stage: confirming that generation from plants with different characteristics

contributes differentially to ambient pollution. We then estimate mortality effects at daily

and monthly frequencies, documenting how effects accumulate over time. Finally, we com-
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bine these estimates with predicted pollution to calculate aggregate deaths attributable to

generation and to simulate how mortality would have evolved had the grid remained frozen

at its 2003 configuration.

5.1 First Stage: From Generation to Ambient Pollution

The first-stage regression translates the instrument—heat input from upwind plants, dif-

ferentiated by unit characteristics and weighted by atmospheric dispersion—into ambient

PM2.5 concentrations. The coefficient vector γ̂ converts marginal generation from plants

with specific characteristics into downwind pollution. Validation of the first stage requires

not only statistical precision, but also that these coefficients align with engineering expec-

tations: coal plants should contribute more than gas plants, and plants without pollution

controls should contribute more than those with scrubbers, etc.

Figure 3 displays kernel densities of predicted plant-level contributions to ambient PM2.5,

calculated as Ajt ·K ′
jtγ̂ for each plant-month.5 To better facilitate interpretation (where the

mean ambient PM2.5 reading is about 10 µg/m3, the marginal impact is multiplied by 24

hours and 100 MWh. The x-axis therefore represents the change in ambient PM2.5 experi-

enced by exposure to the complete pollution emitted by a 100MW plant with characteristics

Kjt generating for 1 day. Ambient air quality is presented for an average-sized county. The

distributions confirm that generation technology matters substantially for pollution. Coal-

fired plants dominate the right tail: the median coal plant-day contributes several times more

PM2.5 per MMBTU than the median gas plant-day. Within coal, plants without scrubbers

show the largest contributions.

It is also worth recognizing the magnitude of these contributions. In 1999, there were

over 125 coal-fired power plants with at least 1GW of capacity. 80% of these plants had no

scrubbers, and overall there was nearly 250GW of unscrubbed coal capacity. Exposure to the

emissions of a single, typical unscrubbed coal-fired power plant of 1GW capacity would raise

5Plant characteristics, including pollution controls, heat rates, and even fuel type change over time.
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ambient PM2.5 to more than triple the national average. Scrubbing the coal clearly improves

this situation, but does not eliminate the problem: typical emissions from a 1GW coal plant

with a scrubber still raises ambient PM2.5 by about 10 µg/m3. In contrast, emissions from

gas plants tend to be tightly clustered around zero, with small positive values for the few

gas plants using internal combustion. The estimates for oil-fired plants is also notable: oil

has been largely squeezed out of the generation mix, but was an important source of peaking

capacity, especially earlier in the sample. These units tended to be located in urban areas

and without tall stacks so their contributions to local PM2.5 was likely concentrated in the

manner calculated for this figure. The various bumps reflect types of prime movers, with

internal combustion diesel units showing the largest contributions. Overall, the first stage

results align well with expectations and provide confidence that the instrument captures

meaningful variation in pollution exposure.

Figure 3: Distribution of First-Stage Contributions by Fuel Type
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Notes:

Kernel densities of predicted plant-level contributions to ambient PM2.5, calculated as Ajt ·K ′
jtγ̂. Each

observation is a plant-month.

In Figure 4, we operationalize the first stage with the complete generation and dispersion

estimates to predict the spatial dispersion of generation’s contribution to ambient air quality

in 1999 and 2019. Let Qt′ represent the j-length vector of all power plant generation at time
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t′ in MWh. Continuing with the matrix representation of equation (8), we can calculate the

i-length vector of predicted PM2.5 concentrations according to:

P̂M t = Qt′At′K′tγ̂Dt′t (10)

Figure 4 then reproduces Figure 2, by taking the annual means of equation (10)). Com-

paring with the previous figure, the first notable feature is that (10)) can be calculated for

all counties, regardless of whether it contains an ambient PM2.5 monitor.6

Figure 4 highlights the astounding change in predicted pollution from power plants be-

tween 1999 and 2019. The entire US has seen decreases, lead by the coal-intensive regions

of the Ohio River valley, Texas, and Northern Alabama and Georgia. The places experi-

encing the highest pollution levels in 1999 were not merely the sites of power plants, but

large areas that experienced their emissions downwind. It is also worth noting the parallels

between the spatial patterns in Figures 2 and 4. Because these are annual averages, one

might be concerned that some longer-term economic decline might be an omitted variable

driving the patterns in both figures. However, the coefficients estimated in the first stage

are based on high-frequency exposure to pollution from hourly generation patterns. While

economic decline may yield less electricity generation (Qt′), it would not be expected to

change the physical relationship between generation and ambient pollution (γ̂) or the atmo-

spheric dispersion of pollution (Dt′t). The close alignment of the spatial patterns in the two

figures provides further validation that our predicted measure is capturing relevant variation

in ambient pollution.

We get a better sense of the overall importance of generation-related pollution by plot-

ting annual trends in observed ambient PM2.5 and predicted PM2.5 from generation in

6This does require the assumption that the physical relationship between predicted receipt of pollution
from upwind plants and ambient air quality is the same between monitored and unmonitored counties. Given
that monitors are located based on population, not geography, this seems reasonable enough. This will be
violated if, for example, populations locate to places where the geography is such that a given pollution
deposition can be detected in a manner that is substantially different from how it would be detected in
sparsely populated areas.
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Figure 5. Population-weighted annual average PM2.5 concentrations declined from nearly

15 µg/m3 in 1999 to about 8 µg/m3 in 2019, about a 50% decline. Figure 5 shows the

decline in generation-related pollution has accounted for nearly 3 µg/m3 in aggregate air

quality improvements. This represents 40% of the total improvement in ambient PM2.5 over

the sample period. The figure also shows that this improvement has come essentially entirely

from reductions in coal generation. While oil generation may also be dirty, it is also a small

part of the generation mix that does not travel far.

5.2 Mortality Effects: Daily Estimates

We estimate the mortality effects of PM2.5 using Medicare data for the population aged 65

and older, covering 1999–2019. We begin by estimating same-day impacts, so the lags of

equation (2)) are removed. It is important to highlight this specification does not represent

the causal effect of a single day of exposure to a given amount of PM2.5. This is because

there is a substantial amount of serial correlation in both pollution and temperature. Days

of prior exposure become omitted variables in equation (2)) and will load to some degree on

both the contemporaneous pollution and weather controls. It nonetheless serves as a useful

starting point for the analysis.

Table 1 presents estimates for the 85+ age group across specifications with progressively

richer controls. Panel A presents the results of an OLS regression for different versions of

equation (2)), ignoring the electricity instrument. Column (1) includes only county and year-

month fixed effects. Column (2) adds state-month and day-of-week fixed effects. Column

(3) adds weather controls. Column (4) adds economic controls, including flexible controls

for load.

The OLS and IV estimates tell a consistent story, but differ in magnitude. In the most

saturated specification (column 4), OLS yields a coefficient of 0.33 deaths per million, while

IV yields 0.51. There are a couple prospective explanations for this difference. First, the

LATE measured in the IV reflects pollution from power plants. There is good reason to
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Figure 4: Annual Average Predicted PM2.5 from Generation, 1999 and 2019

(a)

(b)
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Table 1: Same-Day Mortality Effects of PM2.5: Ages 85+

Panel A: OLS

(1) (2) (3) (4)

PM 2.5 0.287∗∗∗ 0.356∗∗∗ 0.346∗∗∗ 0.333∗∗∗

(0.046) (0.046) (0.050) (0.049)

Dependent Variable Mean 377 377 377 377
Estimate Relative to Mean, Percent 0.076 0.094 0.092 0.088
State-Month, DOW FE ✓ ✓ ✓
Weather Controls ✓ ✓
Econ Controls ✓
Observations 2,173,632 2,173,632 2,173,632 2,173,632

Note: All specifications include county and year-month fixed effects. Standard errors clustered by

county in parentheses. * p<0.1, ** p<0.05, *** p<0.01

Panel B: IV

(1) (2) (3) (4)

PM 2.5 0.493∗∗∗ 0.680∗∗∗ 0.548∗∗∗ 0.511∗∗∗

(0.099) (0.088) (0.098) (0.101)

Dependent Variable Weighted Mean 377 377 377 377
Effect relative to mean, percent 0.131 0.180 0.145 0.135
F-statistic, PM 2.5 3,033.2 2,863.2 2,460.7 2,274.5
State-Month, DOW FE ✓ ✓ ✓
Weather Controls ✓ ✓
Econ Controls ✓
Observations 2,173,632 2,173,632 2,173,632 2,173,632

Note: All specifications include county and year-month fixed effects. Standard errors clustered by

county in parentheses. * p<0.1, ** p<0.05, *** p<0.01
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Figure 5: Changes in Observed and Predicted PM2.5 from Electricity Generation, 1999–2019
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Population-weighted annual average PM2.5 concentrations. Observed ambient PM2.5 from EPA monitors
and predicted PM2.5 from electricity generation, constructed from first-stage estimates. Magnitudes are

plotted relative to 1999 values.

believe such pollution is more toxic than generic PM2.5, which may be less harmful. Second,

the EPA monitor network is sparse, and daily readings from a single monitor are noisy proxies

for population-average exposure within a county. Instrumenting for ambient air quality with

exposure to pollution from power plants helps address this measurement error. The stability

of both OLS and IV estimates as controls are added suggests that omitted variable bias

is not a dominant force driving the estimates. The first-stage F-statistic exceeds 2,000 in

all IV specifications, indicating that weak instruments are not a concern. The preferred IV

specification indicates that a 1 µg/m3 increase in same-day PM2.5 raises mortality among

those aged 85 and older by 0.14 percent.

Table 2 reports IV estimates across age groups. The mortality effect rises with age in

absolute terms: the coefficient increases from 0.05 deaths per million for the 65–69 group to

0.51 for the 85+ group—an order of magnitude larger. This gradient reflects that the elderly

are more vulnerable to the cardiovascular and respiratory insults caused by fine particulate

matter. When scaled by baseline mortality rates, however, the proportional effects are more

similar across groups, ranging from 0.12 to 0.15 percent per µg/m3. This suggests that a
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pollution shock poses similar proportional risk across the elderly population, but translates

into more deaths in absolute terms for groups with higher baseline mortality.

Table 2: Same-Day Mortality Effects of PM2.5 by Age Group: IV Estimates

65-69 70-74 75-79 80-84 85+
(1) (2) (3) (4) (5)

PM 2.5 0.052∗∗ 0.088∗∗∗ 0.161∗∗∗ 0.197∗∗∗ 0.511∗∗∗

(0.023) (0.028) (0.037) (0.045) (0.101)

Dependent Variable Mean 44 66 105 170 377
Effect relative to mean, percent 0.119 0.133 0.153 0.116 0.135
F-statistic, PM 2.5 2,086.2 2,152.7 2,211.9 2,244.9 2,274.5
Observations 2,173,632 2,173,632 2,173,632 2,173,632 2,173,632

Note: All specifications include county, year-month, state-month and day of week fixed effects, as well

as controls for weather, load, and employment. Standard errors clustered by county in parentheses. *
p<0.1, ** p<0.05, *** p<0.01

5.3 Split Sample Estimates Using Predicted Pollution

The split sample specification regresses mortality directly on predicted PM2.5 from genera-

tion, as defined in equation (8). This approach allows us to use all counties, not just those

with PM2.5 monitors, substantially expanding the sample.

Table 3 reports split sample estimates of same-day mortality effects by age group. The

coefficients on predicted PM2.5 are substantially larger than the IV coefficients on measured

PM2.5. For the 85+ group, the split sample coefficient is 1.06 deaths per million per µg/m3

of predicted pollution. Recall that this method would replicate the point estimates of Table

2 if the sample were restricted to that generating the first stage. What accounts for the

difference? One prospective reason is that counties without a monitor are more sparsely

populated. The elderly in these counties will typically have to travel much further to seek

care, and the care they receive may be less effective than in the major population centers

where monitors are located. These estimates suggest that the mortality effects of pollution

are substantially larger in rural areas, but the absence of monitoring has prevented this from

being estimated in prior work.
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Table 3: Same-Day Mortality Effects of Predicted PM2.5 by Age Group

65-69 70-74 75-79 80-84 85+
(1) (2) (3) (4) (5)

Predicted PM2.5 0.088∗∗∗ 0.157∗∗∗ 0.271∗∗∗ 0.362∗∗∗ 1.06∗∗∗

(0.016) (0.021) (0.031) (0.041) (0.092)

Dependent Variable Weighted Mean 46 69 109 177 388
Effect relative to mean, percent 0.191 0.227 0.249 0.204 0.274
Observations 17,015,969 17,015,969 17,015,969 17,015,969 17,015,969

Note: All specifications include county, year-month, state-month and day of week fixed effects, as well

as controls for weather, load, and employment. Standard errors clustered by county in parentheses. *
p<0.1, ** p<0.05, *** p<0.01

The IV estimates have a direct policy interpretation. Each coefficient captures the mor-

tality consequences of exposure to predicted pollution from electricity generation, integrating

the emissions intensity of different plant types, atmospheric transport, and the dose-response

relationship. These are the objects needed to calculate the mortality cost of generation from

specific plants or to simulate counterfactual policies.

5.4 Dynamic Effects and Mortality Displacement

Same-day mortality estimates capture only part of the health impact of pollution exposure.

Aside from autocorrelation creating omitted variables bias when estimating same-day effects,

health consequences may accumulate or manifest with delay. Failing to account for these

dynamics can bias estimates of the effect of a sustained pollution shock.

We address this concern by estimating distributed lag models at monthly frequencies

using CDC mortality data covering 1999–2019. The monthly specification allows us to

trace out the mortality response over horizons from one month to five years, testing whether

short-horizon effects are offset by subsequent reductions in mortality (harvesting) or whether

effects accumulate over longer horizons. An additional benefit of using the CDC data is that

it includes all deaths, not just those of Medicare beneficiaries.

Figure 6 plots contemporaneous (same-month) mortality effects by age group. Point

estimates increase with age, ranging from near zero for children to nearly 4 deaths per 100k
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for the 85+ population. The age gradient mirrors that of the daily estimates, confirming

that the elderly bear the largest burden of generation-related pollution. We are also able

to detect impacts on infants, as well as adults as young as 45. Between these age groups

we precisely estimate zero mortality effects. In order to compare the accumulated monthly

estimates against the same day estimates in the Medicare data, the figure also plots the

30 times the daily estimates of Table 3. The monthly estimates are larger than the daily

estimates, suggesting that the mortality response to a pollution shock is not fully realized

on the same day. This is consistent with the idea that pollution causes cardiovascular and

respiratory insults that may not be immediately fatal, but can lead to death in subsequent

days or weeks. Over all ages, we find that a month of exposure to 1 µg/m3 of predicted

PM2.5 from generation raises mortality by 0.455%.

Figure 6: Contemporaneous Mortality Effect of One Month of Exposure to 1 µg/m3 PM2.5
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Notes:

Each point represents the coefficient from a separate regression of monthly mortality on contemporaneous
predicted PM2.5 from generation. Bands show 95 percent confidence intervals. All specifications include

county, year-month, and state-month fixed effects, as well as weather and economic controls.

Figure 7 displays cumulative mortality effects over a three-month horizon, summing co-

efficients on the contemporaneous month and two monthly lags. For most age groups, the

three-month cumulative effect modestly exceeds the contemporaneous effect, indicating that

the mortality response continues after the initial exposure.
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Figure 7: Cumulative Mortality Effect Over Three Months
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Notes:

Cumulative mortality effect of one month of exposure to 1 µg/m3 of predicted PM2.5, summing coefficients
on the contemporaneous month and two monthly lags. Bands show 95 percent confidence intervals.

Figure 8 extends the horizon to five years. The five-year cumulative effect for the 85+

group is nearly 6 deaths per 100k, larger than the contemporaneous or three-month effects.

Any displacement is more than offset by the greater likelihood of death following longer-run

exposure. This finding is important for welfare calculations, as it implies that pollution-

related deaths represent genuine losses of life rather than short-term shifts in timing.

5.5 Aggregate Mortality from Electricity Generation

We combine the mortality estimates with predicted pollution from each plant-day to calculate

aggregate deaths attributable to electricity generation. For each county-day, we multiply

predicted PM2.5 by age-specific mortality coefficients and age-specific population, then sum

across age groups and counties:

Deathst =
∑
i

∑
g

P̂M it · τ̂g · popitg (11)

where g indexes age groups and τ̂g is the estimated mortality effect for group g.
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Figure 8: Cumulative Mortality Effect Over Five Years
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Notes:

Cumulative mortality effect of one month of exposure to 1 µg/m3 of predicted PM2.5, summing coefficients
from zero to five years of lags. Bands show 95 percent confidence intervals.

Figure 9 plots annual deaths attributable to generation-related PM2.5 from 1999 to 2019.

At the start of the sample, electricity generation caused nearly 50,000 deaths per year. By

2019, this had fallen to fewer than 20,000 deaths per year. This decline reflects both the

fall in coal generation documented in Figure 1 and the retirement of the oldest, dirtiest

plants—those without modern pollution controls, and the installation of pollution controls

on the plants that remained.

The decline in deaths is not simply a reflection of falling electricity consumption. As

documented in Section 3, total electricity generation was essentially flat from 2007 onward.

The mortality reduction stems from changes in which plants operated and how much they

ran: the shift from coal to natural gas and renewables, and the retirement of uncontrolled

coal units. The remaining coal fleet in 2019 was both smaller and cleaner than the fleet in

1999.
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Figure 9: Annual Deaths Attributable to Electricity Generation
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Annual deaths calculated by multiplying county-day predicted PM2.5 from generation by age-specific
mortality coefficients and population, then summing across counties and days.

5.6 Counterfactual: The Health Benefits of the Energy Transition

To isolate the contribution of the energy transition to mortality reductions, we construct a

counterfactual in which the electricity grid remains frozen at its 2003 configuration. We use

random forests to estimate dispatch rules for each PCA separately using unit-level generation

data from 1999–2002. This yields a set of predictions for which plants would have operated

in each hour given observed electricity demand, fuel prices, and weather. We then apply

these rules to the grid as it existed in 2003, had it experienced the observed patterns of load

observed 2003–2019. In effect, we ask what pollution would have been if the grid had been

frozen in its 2003 state. We then apply these counterfactual generation quantities to the

HYSPLIT dispersion predictions produced earlier to calculate pollution exposure.

Figure 10 compares observed and counterfactual mortality. The two series track each

other closely through 2003. Note that the production patterns in 2003 are generated out of

sample from the rules estimated in 1999-2002. Thereafter, the gap widens as the actual grid

becomes progressively cleaner than the frozen 2003 grid. By 2019, the counterfactual grid

would have caused approximately 70,000 deaths per year. This figure is higher than the 1999
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level despite using a cleaner 2003 grid because the U.S. population aged substantially over

this period: the population aged 65 and older grew by more than 50 percent between 2003

and 2019, and the population aged 85 and older—the group most vulnerable to pollution—

grew even faster. Under the counterfactual, this demographic shift would have increased the

death toll from electricity generation.

Figure 10: Observed vs. Counterfactual Mortality from Electricity Generation
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The thin line shows estimated deaths from observed generation; the thick line shows deaths from
counterfactual generation holding the grid fixed at its 2003 configuration.

The difference between the two series represents deaths prevented by the energy transi-

tion. By 2019, this gap reached approximately 50,000 deaths per year. Valuing the associated

life-years lost at the EPA’s value of a statistical life-year yields annual health benefits on the

order of $50 billion per year by 2019. These benefits accrued disproportionately to counties

downwind of major coal plants, particularly in the Ohio River Valley and the industrial

Midwest, where both coal generation and population density are high.

The shift from coal to gas and renewables was driven primarily by market forces—

declining natural gas prices following the shale revolution and falling costs of wind and

solar generation—rather than by policies explicitly targeting health outcomes (Coglianese,

Gerarden, and Stock, 2020). These market-driven changes produced health benefits as a
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byproduct. Second, our counterfactual holds electricity consumption fixed at observed lev-

els. The relevant comparison is not between generating electricity and not generating it,

but between generating it with the 2003 fleet and generating it with the fleet that actually

operated in each year. This comparison isolates the health value of cleaner generation.

6 Conclusion

This paper develops an integrated framework for estimating the mortality effects of power

plant pollution and applies it to measure the health benefits of the U.S. energy transition. By

combining hourly generation data, atmospheric dispersion modeling, and quasi-experimental

variation from the reshuffling of electricity production across plants, we trace emissions from

individual power plants to pollution exposure in downwind counties and estimate the causal

effect on mortality.

Our estimates indicate that PM2.5 from electricity generation substantially increases

mortality. Among Medicare beneficiaries, a 1 µg/m3 increase in same-day PM2.5 raises

mortality by 0.14 percent. The IV estimates exceed OLS estimates by roughly 50 percent,

consistent with either measurement error attenuation or greater toxicity of power plant emis-

sions relative to ambient PM2.5 from other sources. Extending the analysis to unmonitored

counties reveals larger effects, suggesting that rural populations—who lack nearby monitors

and face greater barriers to medical care—bear a disproportionate burden from power plant

pollution.

The distributed lag estimates address a limitation of same-day specifications: the inability

to distinguish mortality displacement from genuine life-years lost. Cumulative effects over

five years substantially exceed contemporaneous effects, indicating that pollution causes

deaths that would not otherwise have occurred. We therefore find that the mortality impacts

accumulate over time, rather than simply hastening imminent deaths by a few days or weeks.

Applying these estimates to predicted pollution from each plant yields aggregate mor-
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tality figures. Electricity generation caused nearly 50,000 deaths per year at the start of

our sample in 1999. By 2019, this had fallen below 20,000—a reduction driven by the shift

from coal to natural gas and renewables, the retirement of the oldest and dirtiest plants,

and the installation of pollution controls on the coal fleet that remained. The decline in

generation-related PM2.5 accounts for 40 percent of the total improvement in ambient air

quality over the sample period.

Our counterfactual analysis isolates the contribution of the energy transition. Had the

grid remained frozen at its 2003 configuration, deaths from electricity generation would have

risen to approximately 70,000 per year by 2019, as an aging population faced continued ex-

posure to pollution from coal-fired plants. The difference—roughly 50,000 deaths prevented

annually—represents the mortality benefit of cleaner generation. Valued at the EPA’s esti-

mate of a statistical life-year, these benefits reached approximately $50 billion per year by

the end of the sample.

The health benefits we document were largely a byproduct of market forces rather than

policies targeting public health. Declining natural gas prices following the shale revolu-

tion made gas-fired generation more competitive than coal; falling costs of wind and solar

expanded the role of renewables. These market-driven changes produced substantial im-

provements in air quality and reductions in mortality for large swathes of the country.

These findings have implications for energy and environmental policy. The substantial

health benefits of the coal-to-gas transition suggest that policies accelerating the retirement

of remaining coal plants—particularly those without modern pollution controls—would gen-

erate meaningful public health gains. We highlight that these benefits are due entirely to

the reduction in exposure to local pollutants; the climate benefits of reduced coal generation

are not included in our estimates.
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