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18,000 child deaths over the next thirty years.

frmadhok@umn.edu
trohini.pande@yale.edu
Sroweke@gmail.com
Tanishs@iima.ac.in



1 Introduction

Increased electricity demand is an emblematic feature of economic development. A third of global
electricity is generated by coal power plants, with China and India accounting for 85% of installed
capacity (Shearer et al., 2019). While electricity catapults economic progress, coal combustion also
releases harmful air pollutants. In 2015, outdoor air pollution led to 4.5 million deaths worldwide
(Landrigan et al., 2018; Murray et al., 2020). Nearly 1 million of these occurred in India.

The short term impacts of poor air quality is well studied, but less is known about the long
term due to difficulty finding quasirandom variation in long term air quality across geographic
units. A deeper understanding of the long run is necessary since most pollution regulations strive
for long run improvements in air quality. Many dominant air pollution sources, like power plants,
are also long-lived infrastructure assets.

This paper documents the impact of long run exposure to coal-fired power plant emissions on
early-life mortality in India. Power plants are the largest point source of outdoor air pollution in
India. Despite recent growth in solar capacity, India remains reliant on coal to supply two-thirds
of its electricity. Even if investment in coal-fired power stopped today, it is projected dominate
the grid until 2040 (International Energy Agency, 2021). This inertia reflects over five decades of
concerted investment in coal-fired electricity.

A key challenge for answering our question is finding long-run variation in exposure to power
plant emissions at small spatial scales. Two short-run studies set the stage. Barrows et al. (2019)
find that a 1 standard deviation increase in coal power plant capacity in Indian districts results
in 15% higher infant mortality. The equivalent mortality impact is 6.5% in United States counties
(Clay et al., 2016). Both studies leverage annual panel data over several decades. Extrapolating to
the long-run is problematic because of non-linear dose-responses such that the cumulative impact
of long-term exposure exceeds the sum of short-term coefficients. What is needed, rather, is a
direct source of exogenous variation in long-run exposure to coal power plant pollution.

We overcome this empirical challenge in two steps. First, we compile data on the locations
and starting dates of all coal power plants built between 1970-2017. Second, we compute sptio-
temporally explicit exposure to emissions from these plants using the HYSPLIT! air parcel tra-
jectory and particle transport model. We setup the HYSPLIT model to compute the down-wind
dispersion trajectories of particle plume emanating from each plant chimney, and geolocate the
particle landing points to estimate the down-wind pollution concentration distribution. We run
this model on a plant-by-week basis for 30 years and then compute cumulative exposure at the
district level. This yields a novel, plausibly exogenous, measure of districts” population exposure

to upwind power plant pollution.

IThe Hybrid Single-Particle Lagrangian Integrated Trajectory (HYSPLIT) model developed by NOAA is widely
used by researchers and emergency response personnel to establish source-receptor relationship for air pol-
lutants and hazardous materials (Draxler and Hess, 1998; Draxler et al, 2020). We setup the HYSPLIT
model to use the geo-locations of emission sources (power station chimneys) and the corresponding meteo-
rology data: surface pressure or terrain height, u-v wind components, temperature, and moisture (RELH)
(https:/ /www.ready.noaa.gov/hysplitusersguide/S141.htm)



Our model-generated exposure measure predicts ambient pollution better than standard wind
direction measures from the literature. Regressions of Nitrogen Dioxide (NO,) concentration on
historic power plant exposure yield F-statistics twice as large for our measure compared to wind
direction based prediction. Our measure also has the advantage of imposing no restrictions on
dispersion distance, enabling us to study health outcomes hundreds of kilometers away from the
emitting plant.

To estimate long-term health impacts, we match power plant exposure with district mortality
data from the Global Burden of Disease Study (GBD), which is the most comprehensive reposi-
tory of neonatal, infant, and child mortality available to date (Dandona et al., 2020). These data
are available for 2000, 2007, and 2017, permitting a research design based on three separate cross-
district comparisons within states. This allows identification of plausible control groups for his-
torically exposed districts: other districts in the same state, equidistant to the nearest power plant,
but exposed to less of its pollution in the past three decades due to differences in wind fields.

Our first finding is that children in districts continuously exposed to coal power plant emis-
sions over the past three decades experience significantly higher mortality rates in the first five
years of life. A one standard deviation increase in historic exposure causes 2% higher neonatal,
infant, and child mortality in the present day.

Second, we find significantly higher ambient SO, and NO; concentrations in districts histori-
cally more exposed to power plant emissions. This suggests that pollution is the key mechanism
linking long run power plant exposure to health. As a placebo test, we estimate effects on PM2.5
levels, which is known to originate mainly from non-power plant sources. There is no statistical
difference in PM2.5 between districts more- and less-exposed to power plant emissions.

Third, we find that long run health effects are less pronounced in urban areas. Ex-ante, the di-
rection of heterogeneity is unclear. Urban districts may suffer worse exposure to the same power
plant emissions due to higher population density. Yet, they also have better health infrastructure,
mitigating health damages compared to rural areas. We interact cumulative exposure with popu-
lation density and find that mortality is 20% less in population-dense districts. This suggests that
an “urban advantage” protects the population, likely through better health care delivery.

Fourth, emissions exposure during the 2006-16 period is the critical period influencing present-
day mortality. We arrive at this by unraveling cumulative exposure into distinct time bins in
the cross-sectional regression. The result holds even when controlling for in-utero (short term)
exposure, representing a “pure” long run response.

We find no difference in measures of economic development—including consumption per
capita, service sector labour share, and nightlight intensity—between historically exposed and
non-exposed districts, ruling out differential adaptation as a potential explanation for our results.
Moreover, if healthy people move to less-exposed districts, then our results are overestimated. We
find no evidence of different migrant shares between more- and less-exposed districts, ruling out
endogenous sorting as a potential mechanism.

The paper concludes by formally studying policy implications. First, we replicate our main



mortality estimates at the plant level to identify which plants are the most damaging. We find that
older, inefficient power plants are the culprit, many of which are located in Eastern India. Sec-
ond, we conduct a series of counterfactual exercises to quantify the national benefits of alternative
abatement scenarios in terms of avoided deaths. These scenarios include different percentages
of installed capacity reduction as well as decommissioning vintage plants (25+ old) altogether.
We find that a 25% reduction in coal-fired installed capacity (India’s Paris Agreement Pledge) can
avoid 3,300 child deaths. Retiring vintage power plants altogether avoids 18,000 child deaths. A
map of these benefits shows that many avoided deaths occur in districts with no power plants,

underscoring the positive externalities from abatement.

Literature Contributions. The primary contribution of this paper is to credibly estimate child
health impacts of long run exposure to highly-emitting point sources of air pollution. Most related
work documents short term health effects of air pollution in developed countries (Chay and Green-
stone, 2003; Currie and Neidell, 2005; Currie and Walker, 2011; Knittel et al., 2016; Deryugina et
al., 2019) and, to a lesser extent, in developing countries (Arceo et al., 2016; Jayachandran, 2009;
Barrows et al., 2019). Among the few papers documenting long term effects, most elicit later-life
impacts of early-life pollution exposure (Anderson, 2019; Rosales-Rueda and Triyana, 2019; Currie
and Vogl, 2013). Besides studies focusing on in-utero exposure (Currie and Neidell, 2005; Von der
Goltz and Barnwal, 2019), we are unaware of studies covering a longer historic period of exposure.

The second contribution is to provide new evidence on the long run health impacts of coal-fired
power plants specifically. To our knowledge, no other study estimates health impacts of sustained
exposure to power plants. Heblich et al. (2016) document path-dependence in UK neighborhood
composition following historic power plant investments, but do not investigate health disparities.
In the short run, Barrows et al. (2019), Cropper et al. (2021), and Gupta and Spears (2017) find
increases in infant mortality and coughing incidence from power plant exposure in India. Our
results imply that these adverse short term health outcomes are also observable in the long-run,
implying minimal adaptation. This contribution is especially important given that coal is expected
to be India’s dominant fuel source for the next several decades.

The third contribution is our application of recent advances in atmospheric science to measure
long run exposure to power plant emissions. We join an emerging literature using HYSPLIT to
trace particle paths (Heo et al., 2023; Morehouse and Rubin, 2021; Hernandez-Cortes and Meng,
2023; Fowlie et al., 2023; Wen et al., 2023). Much of this uses HYSPLIT to measure transboundary
pollution or convert source emissions to concentrations, whereas we use it to study health impacts.
An exception is Heo et al. (2023), who use HYSPLIT to show that Chinese air pollution increases
South Korean mortality. Our paper differs in two ways. First, we study domestic emissions and
impacts. Second, we study effects of cumulative exposure to emissions over the long-run.

Reliance on HYPSLIT also enables improvements in causal inference. Previous studies com-
pare treatment and control groups based on distance from a polluting source (Currie et al., 2015;
Jayachandran, 2009; Komisarow and Pakhtigian, 2022) or wind orientation (Deryugina et al., 2019;



Barrows et al., 2019; Herrnstadt et al., 2021; Pullabhotla and Souza, 2022). Both approaches require
restrictive assumptions about the radius of pollutant dispersal. Wind direction also loses explana-
tory power when aggregated. In contrast, our measure requires no assumptions about plume
shape or size and retains all spatial variation during aggregation.

Methodologically, we join the literature using cross-sectional designs to elicit long-run impacts
of environmental change (Mendelsohn et al., 1994). Most of these rely on a selection-on-observable
assumption for identification, which is prone to omitted variable bias (Deschénes and Greenstone,
2007). Druckenmiller and Hsiang (2018) introduce spatial first differences to overcome this, how-
ever, comparisons are made between neighbours which is too restrictive for our application. Since
our exposure measure is plausibly exogenous, conditional on controlling for site suitability, our
approach is more flexible and less reliant on selection-on-observables.

Lastly, our paper is conceptually similar to studies that estimate negative externalities from
endogenously placed infrastructure. Duflo and Pande (2007) study the impact of dams on agricul-
tural in India using panel data and river gradient as an instrument for dam placement. Lipscomb
et al. (2013) and Blakeslee et al. (2020) use similar data and approaches to study economic impacts
of hydroelectricity and wells, respectively. Although we also use an underlying source of variation
(i.e. HYSPLIT) for identification, our study differs in two ways. First, we elicit long-term impacts
through cross-sectional comparisons. Second, we study exposure to power plant emissions, as
opposed to the impacts of the infrastructure per se.

The rest of this paper is organized as follows. The next section describes the data and disper-
sion model. Section 3 outlines the research design and estimating equations. Section 4 presents
the main results. Section 5 presents the policy analysis and Section 6 concludes.

2 Data and Measurement

Estimating health effects of long run exposure to coal power plants requires data on historic power
plant construction, pollution, and child mortality. HYSPLIT draws wind-driven particle paths
from each chimney in our sample to generate a measure of cumulative emissions exposure. This

section describes these data and measurement procedures.

2.1 Data Sources

Power Plants. Thermal coal-fired power plants generate the lions share of India’s electricity. We
obtain annual capacity reports from the Central Electricity Authority (CEA) for the universe of
utility-scale coal power plants commissioned between 1970-2017. There were 160 stations with
565 generating units (hereafter, power plants) operating during this time. We geolocate each plant
and verify it with satellite imagery. Installed capacity is aggregated to the district level for analysis.

In the absence of data on decommissioning dates, we assume that plants live for approxi-
mately 30 years, which coincides with engineering estimates used by the CEA (Central Electricity
Authority, 2020b). We also assume that plants operate at full capacity.



Figure 1: District-wise Neonatal Mortality (2017)
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Note: Colours show neonatal deaths per 1000 live births from Dandona et al. (2020). Grey indicates NA.

Air Pollution. Monthly gridded SO is retrieved for 2004-2017 from the Ozone Monitoring Instru-
ment (OMI) aboard NASA’s Aura satellite at 0.25x0.25° resolution. Grid cells show SO, concen-
tration in the lower troposphere in Dobson Units (2.687 x 10-2° molecules/m?). Gridded NO,,
measured in molecules/cm? for the same period, is also obtained from OMI. Both data products
undergo substantial cleaning, validation, and outlier detection by NASA before public release.

PM, 5 (ug/m?) is derived from a reanalysis product developed by Van Donkelaar et al. (2016).
PMj, 5 is an amalgamation of multiple particulate species and not measured directly by any satel-
lite. The reanalysis data estimates PM; 5 by assimilating concentrations of underlying particles
(e.g. black carbon, organic carbon) through a geochemical transport model. Data is provided
annually at 0.1x0.1 degree resolution for 1996-2017.

We construct a district-annual panel of all three pollutants in two steps. First, we extract
weighted means across cells within 2011 district boundaries. Cells overlapping multiple districts
contribute to each district mean in proportion to their overlap fraction. Second, we aggregate over
months to the district-annual mean.

Neo-Natal, Infant, and Child Mortality. Mortality data is obtained from the Global Burden of
Disease (GBD) project (Dandona et al., 2020), which, to our knowledge, contains the most com-
prehensive sub-national mortality estimates for India. District neonatal (0-28 days), infant (< 1
year), and child (< 5 years) deaths per 1000 live births are compiled for 2000, 2007, and 2017. Data
are from many sources, including: Sample and Vital Registration System, Population Census, Na-
tional Family Health Survey, District Level Household Survey, and Annual Health Survey?.

2Data details are provided in Dandona et al. (2020).



Data are provided for 2017 district boundaries (723 districts). We map these back to their
“parent” districts as per 2011 borders for consistent matching across datasets. Figure 1 illustrates
the spatial distribution of neonatal mortality across districts in 2017.

Determinants of Plant Placement. Power plants are typically sited near water bodies and coal
deposits ( Section 3.2.1). These locations may develop differently than resource-poor areas. We
select plant placement covariates based on engineering considerations and government guidelines
(Central Electricity Authority, 2012, 2010; Mays et al., 2011; Planning Commission, 1961). Digital
maps of coal deposits are obtained from the United States Geological Survey (Trippi and Tewalt,
2011). Rivers, lakes, and reservoir shapefiles are obtained at 10m resolution from Natural Earth
Data.® A gridded digital elevation map is obtained from the NOAA at 10km x 10km resolution.*

We compute numerous covariates from these maps, including: distance from district centroid

to nearest power plant, to nearest coal deposit, and to nearest water body.

Adaptation. We test for differential adaptation between districts more and less exposed to power
plants using various economic indicators. Most are obtained from the Socioeconomic High-resolution
Rural-Urban Geographic Dataset on India (SHRUG) (Asher et al., 2021), including: per capita con-
sumption (Rs.), total employment in the service sector, and nightlight intensity. All variables are
provided at the village/town level and then aggregated to the district.”

Residential sorting is another adaptation response that threatens identification (Kuminoff et
al., 2013). We test for this using the newly released Census D3 migration tables, which report
district migrant populations and when they arrived. We use number of migrants who migrated

with their whole family to study endogenous sorting in section 4.6.

2.2 The HYSPLIT Particle Trajectory Model

This section describes our measure of long run power plant exposure used throughout the paper.
It is computed by an atmospheric model that draws wind-driven particle trajectories from each
chimney. The empirical strategy in Section 3.1 relies on this approach to generate exogenous vari-

ation in long run exposure to power plant emissions.

Overview. We use the Hybrid Single-Particle Lagrangian Integrated Trajectory (HYSPLIT) model
developed by NOAA (Draxler and Hess, 1998; Draxler et al., 2020) to measure district exposure to
power plant emissions. HYSPLIT can generate dispersion plumes from any point source by draw-
ing wind-driven trajectories of air parcels emanating from the source—in our case, power plants.
We use HYSPLIT because of its simplicity. More advanced chemical transport models (CTMs)
estimate spatiotemporal pollution trajectories based on complex atmospheric chemistry at high

3 Accessed from: http://www.naturalearthdata.com/downloads/10m-physical-vectors /

4 Accessed from: https:/ /www.ngdc.noaa.gov/mgg/topo/globe.html

SSHRUG draws from administrative data and maps to consistent geographic units. Underlying data for our vari-
ables include: 2012 caste census (consumption), 2013 Economic census (employment), and DMSP satellite (nighlights).
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Figure 2: Coal Power Plant Capacity Expansion

A) Location and capacity of coal fired power plants in India (2017). B) Long-term cumulative capacity-weighted expo-
sure estimated by the HYSPLIT model at the district-level (1987-2017).

resolution (Guttikunda and Jawahar, 2014). These require enormous computational power which
make it impractical for studying exposure to hundreds of point sources over several decades. In
contrast, HYSPLIT generates dispersion plumes almost entirely from 3D wind fields, which sim-

plifies CTMs in exchange for computational scalability (Henneman et al., 2019, 2021).

Computation of Long-Term Exposure. We calculate long term exposure to power plant emissions
in four steps. First, we generate a 0.1 x 0.1° grid and run the trajectory model for each power plant.
Figure 2A shows the location and capacity of all 565 plants. The model emits a default number of
tracer particles from the chimney for 24 hours every 30 days from the date of commissioning until
2017. After each 24-hour run, the count of particles landing in each grid cell measures the cell’s
exposure to the corresponding power plant. This process generates separate time-varying disper-
sion rasters for each of the 565 power plants in our sample describing the downstream count of
tracer particles, EmissionCount;j;, at each receptor grid cell i emitted from power plant j at time ¢.

Second, we normalize EmissionCount;j; to one and then sum over power plants in each year,
adjusting for differences in installed capacity, Capacity;;. This measures total exposure of grid cell
i to emissions from all power plants operating in a given year, accounting for the fact that exposure

to a large power plant is different than a small one:

GridExposure;; = Z

(< EmissionCount
]

Y EmissionCountiﬁ> 8 CaPaCZt]/jt) @)
GridExposure; can be interpreted in MW equivalents, since the capacity of plant j is effectively
distributed across the grid according to the exposure of each cell. Intuitively, if plant capacity is
1000 MW and the exposure of a far-away cell is 0.01, then it is as if there is 10 MW of installed
capacity in the cell even though no power plant exists.
Third, we aggregate at the district level and accumulate to elicit long run exposure to power
plant emissions. CmlExposurey; for district d between time t — k and t measures district d’s total



exposure (across all grid cells) to power plant emissions from historic period t — k to the present:

CmlExposurez = Zt: Z GridExposure;;_y) (2)
t—kied
The longest consistent cumulation window is thirty years since mortality is available for 2000,
2007, and 2017 and the oldest plant in our sample was built in 1970. Although the start year of
cumulation differs in each year (i.e., 1970 for 2000, 1977 for 2007, etc), CmlExposure;; always refers
to three decades of continuous exposure. This yields consistent coefficient interpretations in our
regressions. Figure 2B shows the spatial distribution of CmlExposurey for the year 2017.

Advantages of HYSPLIT-Generated Exposure Measure. Our measure of cumulative district ex-
posure to power plant emissions offers several advantages that enable credible identification of
long run impacts. First, it is entirely model-generated and requires no assumptions about shape
and size of dispersion plumes. Conventional wind-direction measures assume a plume shape
(typically a 45° cone around the wind vector) and length.

Second, since it is based on tracer particle counts (Equation 1), aggregation to any level retains
all spatial and concentration information. This enables credible comparisons of health outcomes
in exposed versus non-exposed districts. In contrast, conventional measures lose substantial ex-
planatory power when averaged over multiple years (Section 4.2).

Third, since tracer particles are geotagged, we can cluster them into plumes. This allows us
to correct for unobserved spatial correlation among districts under the same plume by clustering
errors at the plume level (see section 3.1). This enables more precise estimation of standard errors.

Lastly, our approach enables meaningful counterfactual simulations. Since exposure is mea-
sured at the plant level, we can take plants offline or reduce their capacity, and then re-calculate
cumulative district exposure (Equation 2) under various abatement scenarios. Section 5 estimates

avoided deaths under alternative scenarios, including one where India meets it’s Paris Pledge.

3 Research Design

This section describes our research design for estimating long run impacts of power plant expo-
sure. We compare health outcomes in districts with different cumulative exposure to power plant
emissions, controlling for geographic suitability for constructing the power plants. This design ex-
ploits cross-sectional variation, giving rise to plausible control groups for historically exposed dis-
tricts: other districts with similar geographic characteristics, located equidistant to power plants,

but historically less exposed to them due to plausibly random differences in wind fields.



3.1 Empirical Strategy

Estimating Equation. Since health data are for the years 2000, 2007, and 2017, we stack these cross-

sections and estimate the impact of cumulative exposure to power plant emissions as follows:
Mortalitys = B1CmlExposureg + BaXar + st + €at, 3)

where Mortality,, is either neonatal, infant, or child deaths per 1000 live births in district d during
year t € {2000,2007,2017}. CmlExposureg; is defined in Equation (1) and measures cumulative
exposure (in MW) to all upwind coal power plants in the past three decades (between t — 30 and
t) in district d. X,;, described in detail in the next subsection, is a covariate vector of site suitability
metrics that account for the endogeneity of plant placement. State-year fixed effects, v, ensure
that cross-district comparisons are made within states separately in each of the three periods.

B1 captures health impacts of district d being exposed to an additional MW of coal power plant
emissions over the past three decades. Whereas location-by-time fixed effects typically identify
short-term deviations, in this case ; is an average of three separate cross-sectional comparisons.

Identifying Variation. The site suitability vector, Xy, is key for identifying f1. Whereas HYS-
PLIT draws wind-driven dispersion plumes, the existence of the plume itself is the outcome of
an endogenous siting decision. After controlling for X,;, identification of B; relies on compar-
isons between districts with the same exposure potential, defined as having similar geographic
suitability for plant placement and being equidistant to the nearest power plant, but some experi-
ence higher observed exposure due to plausibly random differences in wind fields (see Section 3.3
for illustration). Thus, the identification assumption is that cumulative exposure is orthogonal to
other correlates of current health outcomes, conditional on plant placement. We discuss X; in detail,

outline other identification threats, and visualize the empirical strategy next.

3.2 Threats to Identification
3.2.1 Endogeneity of Plant Placement

For decades, India prioritized siting power plants near coal deposits (Planning Commission, 1961)
rather than near demand centers®, known as the coal-by-wire policy. As we show next, this means
that coal-proximate districts are more likely to have, and be exposed to emissions from, coal power
plants. This poses an identification concern since these districts may be on different economic
development paths compared to resource-poor districts even in the absence of power plant exposure.

6The 1961-66 Five-Year Plan states: “Steam power stations should be sited near collieries [coal mines], washeries
[water bodies] and oil refineries. All power stations should be inter-connected to form state, zonal or super-grids, so
that the energy is pooled and used to the best advantage of the region.”(Planning Commission, 1961)

10



Table 1: Endogeneity of Power Plant Placement
@ @) ®) @) ®) ©

Capacity Exposure Exposure Exposure Exposure Exposure
Distance to Coal (km) -1.771* -0.093* -0.078** -0.062** -0.049** -0.052*
(0.956) (0.046) (0.037) (0.028) (0.022) (0.029)
Nearest Coal Area (km?) -0.013 -0.003 -0.003 -0.002 -0.002 -0.004
(0.048) (0.003) (0.003) (0.003) (0.002) (0.004)
Water Area w/n 25km (kmz) 5.471 0.139*** 0.096* 0.076 0.058 0.144
(3.242) (0.048) (0.051) (0.046) (0.039) (0.131)
District Area (km?) 0.046*** 0.002* 0.002* 0.002* 0.002* 0.002
(0.009) (0.001) (0.001) (0.001) (0.001) (0.001)
Elevation (m) -0.374* -0.009 -0.006 -0.004 -0.003 -0.005
(0.184) (0.005) (0.004) (0.004) (0.003) (0.004)
Slope (degrees) 40.326* 1.048 0.684 0.357 0.196 0.397
(21.387) (0.769) (0.624) (0.531) (0.466) (0.468)
Mask None None 10km 30km 50km None
Plant District Yes Yes Yes Yes Yes No
Observations 640 640 640 640 640 532
R? 0.121 0.384 0.424 0.455 0.478 0.358

p <1, p <.05 " p <.01. All specifications include state fixed effects. Distance to coal (km) is measured
from district centroid to nearest coal deposit. Nearest coal area and water area within 25km are means over district grid
cells. The outcome in column 1 is cumulative installed capacity (MW) and in remaining columns it is capacity-weighted
exposure cumulated over thirty years. Masks are the radius around power plants within which cells are deleted before
aggregation. Column 6 drops districts with power plants. Standard errors clustered at the plume level.

The Coal-by-Wire Policy. We test for endogenous plant placement with the following equation:
Yq = w1 Xa+ s + e (4)

where Y is installed capacity or cumulative exposure in 2017. Other terms are the same as Equa-
tion 3. X, is a vector of time-constant site suitability covariates, including: distance to nearest coal
deposit, area of nearest coal deposit, water area within 25km, district area, elevation, and slope.

Table 1 show that districts close to coal receive more installed capacity (column 1), evidence
of the coal-by-wire policy. These districts are also more exposed to power plant emissions in the
long run (column 2). These findings highlight the need to disentangle placement- and wind-driven
exposure to identify B, in Equation 3, since exposure through the placement channel is potentially
correlated with health through natural resource proximity.

Isolating Exogenous Exposure. We address endogenous plant placement in two ways. First, we
control for the site suitability metrics, Xy, directly in Equation 3. Second, we add masks with
varying radius’ to Grid Exposure;; (Equation 1) before aggregating to the district level. We do this
because the coal-by-wire effect in Table 1 is expected to weaken with distance since, at greater
distances from coal and water, district exposure is more likely to be driven by exogenous wind

"The mask is applied by deleting cell values within 5-50km of the power plant.
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tields rather than plant placement itself since the district is less suitable for a power plant.

Table 1 columns 3-5 show that the coal-by-wire effect declines with mask size. With a 50km
mask (column 5), the correlation between exposure and coal drops by half whereas the correlation
with water vanishes entirely. Column 6 takes a more extreme approach and drops power plant
districts altogether. The correlation with coal nearly disappears (p = 0.096).

We acknowledge that applying a mask improves identification at the expense of excluding
the most vulnerable population from the sample: those who live near and are most exposed to
power plants. We present estimates with no mask and smaller masks to strike a balance between
identification and sample composition.

3.2.2 Existence of Pre-Trends

Another threat to identification is the existence of pre-existing pollution trends. When the coal-by-
wire policy is overlooked, power plants are sited near demand centres where ambient pollution
may trend upward prior to plant placement. We address this concern in two ways. First, we
control for distance from district d to the nearest power plant. Comparing equidistant districts
helps ensures that they experience similar economic spillovers from the demand center.

Second, we formally estimate the dynamics of power plant placement and ambient air quality.
We trace the path of ambient district pollution along the number of years each power plant has

been active in a district with the following panel data model at the power plant level:

30
Log(Pollutiong) = Y . BD(t —epar = T) + Car + ap + Vst + €t )
T=-10/0

where p indexes power plants, d indexes districts, s indexes states, and ¢ indexes years. The
outcome is log of ambient NO,, SO,, or PM3 5. Pollution data are for 2004-2017 (section 2.1). e,g; is
the date that plant p was commissioned in district d. T = 0 is the reference period. Cy; are a set of
covariates including rainfall, temperature, and installed capacity. &, and 7, are power plant and
state-year fixed effects. We use the window T € [—10,30] since this covers the pre-construction
and end-of-life period for power plants. Each . captures mean district pollution T years relative
to the date of commissioning. Non-existence of pre-trends is indicated by g = 0 V1 < 0.

3.2.3 Spatial Correlation of Exposure

A final threat to identification is that exposure, pollution, and health are spatially correlated. Grid-
ded exposure values (Equation 1) are spatially correlated through unobserved physics governing
gas movement. An advantage of HYSPLIT is that we can demarcate boundaries within which
spatial correlation is strongest, which we call a plume, and then cluster errors at this level.

We demarcate plumes using k-means clustering on each exposure grid (Equation 1), which
identifies subgroups of cells with similar exposure values based on euclidean distance (MacQueen

et al.,, 1967). We assign common cluster IDs to districts spanned by the same plume and those

12



A: HYSPLIT Particle Trajectories
B: Cumulative Capacity-Weighted Exposure
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Figure 3: HYSPLIT particle trajectories, cumulative emissions exposure, and pollution.

Note: Example illustrations of HYSPLIT and pollution in Gujarat. Panel A shows HYSPLIT output from 24-hr run on
April 2016 for three power plants in Gujarat. Panel B shows cumulative capacity-weighted exposure (2016). Panels C
and D show district-level annual mean SO, and NO; concentration, respectively, for 2016.

spanned by multiple plumes are assigned the cluster with the highest overlap fraction. We de-
marcate 25 plumes for the main analysis (Figure A1) and test sensitivity in Section 4.5.

3.3 Visual Illustration of Empirical Strategy

Before turning to the results, we visualize our identification strategy. Consider the experience of
Rajkot and Junagadh, the 4th and 7th most populous districts in Gujarat, respectively. They are
also neighbours. Neither have their own power plant but both are approximately 150km from the
nearest plant cluster (the Salaya and Sikka Power Stations) located in Jamnagar district. All three
districts are thus expected to share similar site suitability for power plant placement.

Figure 3A shows that, despite similar exposure potential, proximity, and geography, Rajkot and
Junagadh face drastically different exposure to the nearby power plants. Rajkot is directly in the
exposure path of the Jamnagar plant cluster as well as that of the Mundra Ultra Mega Power Plant
in Kutch district (red). Junagadh is completely non-exposed. These differences in exposure arise
even when aggregating at the annual level (Figure 3B). It is this variation that we exploit to es-
timate the causal impact of power plant exposure. Figure 3C and D show that Rajkot’s higher
exposure translates into worse SO, and NO; levels, respectively. This is unsurprising since tracer
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Table 2: Long Term Impact of Historic Exposure on Neonatal Mortality
@) @) ®) @) ) (6)

Capacity-weighted 0.300** 0.438*** 0.500%** 0.516%** 0.597*** 0.650***
Exposure (0.135) (0.136) (0.155) (0.167) (0.207) (0.221)
Nearest Plant Yes Yes Yes Yes Yes Yes
Geography Controls No Yes Yes Yes Yes Yes
Mask None None 5km 10km 30km 50km
Outcome Mean 29.071 29.071 29.071 29.071 29.071 29.071
Exposure SD 39.517 39.517 36.039 34.370 29.388 25.140
State x Year FEs v v v v v N
Observations 1920 1920 1920 1920 1920 1920
R? 0.774 0.784 0.784 0.784 0.784 0.784

*p<.1,* p<.05 ** p <.01. Data are district-year level for 2000, 2007, and 2017. Mortality measured per 1000 live
births. Exposure is cumulative over 30 years and standardized. Geography controls include: distance to nearest plant,
district area, water area within 25km, distance to nearest coal deposit, nearest coal area, elevation, slope, temperature
and rainfall. Mask is radius within which exposure gridcells are deleted. Standard errors clustered by plume.

particles underlying the exposure measure largely follow wind patterns. In contrast, upwind dis-
tricts like Junagadh experience lower pollution. These illustrations highlight the strong correlation
between model-driven exposure and observed pollution. We show this more formally next.

4 Results

This section documents the health impacts of long run exposure to coal power plant emissions. We
tirst report the main estimates and then investigate the extent to which pollution is the main mech-
anism. We also estimate heterogeneity by urban form and, lastly, unravel cumulative exposure to

document the timing of health effects.

4.1 Main Results
4.1.1 Stacked Cross-section

Estimates of Equation 3 are presented in Table 2. The outcome is neonatal mortality and the
explanatory variable, CmlExposureg, is standardized: a one unit increase corresponds to a one
standard deviation (SD) increase in cumulative exposure. In column 1, distance from the district
centroid to the nearest power plant is the only covariate. Although B > 0, this is misspecified at
larger distances since treatment and control districts are unlikely to share similar access to natural
resources and may follow different counterfactual paths. Column 2 alleviates this by controlling
for the site suitability covariates directly. The point estimate implies that an additional SD of
emissions exposure over three decades causes 0.44 more neonatal deaths per 1000 live births,
about 1.5% of the mean.

The remaining columns 3-6 explore sensitivity to various mask sizes. The mask serves to sepa-

rate (endogenous) proximity-driven exposure from (exogenous) wind-driven exposure, although
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in doing so, a vulnerable group is excluded from the sample. Mortality effects remain stable across
5-50km masks, with magnitudes ranging from 1.7-2.2%. These all fall within the 95% confidence
interval of the estimate in column 2. The stable estimates suggest that the vulnerability of popu-
lations living near power plants is not too different than that of further away households. These
findings imply that we can improve identification with a mask while maintaining sample repre-
sentativity. We use a 50km mask for the remainder of the analysis.

Appendix Tables Bl and B2 present estimates for infant and child mortality, respectively.
Across masks (columns 2-6 in both tables), effects range from 1.4-2.1% relative to the mean for
infant mortality and 1.5-2.2% for child mortality. These results suggest that the long run mortality
impacts of exposure to power plant emissions is similar for neonatal, infant, and child age cohorts.

As a sanity check, we calculate the contribution of historic power plant exposure to India’s
current neonatal mortality rate. Average district neonatal mortality declined from 36 to 22 deaths
per 1000 live births between 2000-17. At the same time, the average district experienced 13 MW
(1.9 SD) of cumulative power plant exposure. Table 2 column 6 implies that this led to 1.24 (=
1.9 x 0.650) additional deaths, suggesting that the mortality decline in the average district suffered
an 8.8 percent (= 1.24/14) setback due to cumulative exposure to power plant emissions.

4.1.2 Annual Cross-sections

Table B3 presents estimates of Equation 3 by year. Coefficient magnitude and precision are similar
in 2000 and 2007 for all three outcomes, but decline in 2017. One explanation is that the lifetime
of a coal power plant is around 25 years. Plants constructed in the 1980s would have gone of-
fline between 2007-2017. Afterwards, pollution in downwind districts embodies less power plant
emissions, leading to lower population exposure and smaller health impacts.

Event study estimates from Equation 5 are shown in Figure A2 and corroborate this expla-
nation. Coefficients show district ambient pollution relative to the plant commission date. NO;
and SO, concentrations are significantly higher throughout the plants’ life compared to the pre-
period. After 20 years of operation, NO, pollution declines towards pre-construction levels. After

25 years, there is no statistical difference between pollution in the pre- and post-periods.

4.1.3 Comparison with Short-Term Estimates

Although we focus on long run impacts, we also estimate short run impacts for comparison. This
is interesting in its own right and also allows us to connect with the literature since, to our knowl-
edge, there are no other estimates of long run mortality from power plant exposure. We measure
short run exposure as Exposures = CmlExposures; — CmlExposurey;_qy and use Exposurey to
estimate Equation 3 by year. The resulting 8, captures the impact of contemporaneous exposure to
power plant emissions in year t on health in year ¢.

Table B4 presents the results. A 1 SD increase in short run exposure increases neonatal mortal-
ity by 6.6%, 9.4%, and 2.1% compared to the mean in 2000, 2007, and 2017 respectively (columns
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Table 3: Impact of Historic Exposure on Log Pollution
@ @) 3)

Log SO2 Log NO2 Log PM2.5

Capacity-weighted 0.143*** 0.076™** 0.004
Exposure (0.045) (0.017) (0.007)
Controls Yes Yes Yes
Exposure SD 25.140 25.140 25.140
State x Year FEs v v v
Observations 1920 1920 1920

R? 0.610 0.857 0.904

fp<.1,*p <.05 ** p <.01. Data are district-yearly for 2000, 2007, and 2017. SO, and NO, are in Dobson Units.
PM;5 is in ug/ md. Exposure is cumulative over thirty years, includes a 50km mask, and standardized. Geography
controls include: distance to nearest power plant, district area, water area within 25km, distance to nearest coal deposit,
nearest coal area, elevation, slope, temperature and rainfall. Standard errors clustered by plume.

1, 4 and 7). The equivalent long run estimates (Table B3) are 3.2%, 3.6%, and 2.0%. Short run
estimates are larger by a similar number of percentage points for infant and child mortality.

As an additional check, we compare our short run estimates with Barrows et al. (2019), the
closest short run study from India. They use annual district data from 1996-2014, the cone-based
measure of exposure, and two-way fixed effects to estimate the annual effect of power plant emis-
sions on infant mortality. They find that a 1 SD increase in power plant exposure increases infant
mortality by 5%. Within their study period, our short run estimates for infant mortality are 7.0%
and 9.3% in 2000 and 2007, respectively (Table B4 columns 2 and 5). The discrepancy may be
explained by our improved exposure measure or the fact that we do not use time variation.

It should also be noted that the Barrows et al. (2019) estimate of 5% is larger than our long run
infant mortality estimates of 1.4-2.1% (Table B1 columns 2-6). This validates our earlier finding
that short run impacts of power plant exposure are larger than long run impacts.

4.2 The Pollution Mechanism

Plant-level Event Study Estimates. We establish preliminary evidence that pollution is a mecha-
nism by ruling out pre-trends. If plant placement was correlated with local demand, for example,
then pollution would trend with district GDP even during the pre-period. Figure A2 shows event
study estimates from Equation 5. Coefficient estimates 1-5 years prior to plant commissioning are
statistically indistinguishable from zero, implying that the timing of plant opening is plausibly

exogenous to unobserved determinants of pollution.

District-level Estimates. Table 3 presents estimates of Equation 3 with log pollution as the out-
come. There is a large and precise effect of historic power plant exposure on local pollution.
Columns 1 and 2 show that a one SD increase in historic exposure increases present-day SO, and
NO; concentrations by 14.3% and 7.6%, respectively.

In column 3, the outcome is PM; 5. This serves as a placebo test since coal power plants are not
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a major source of PM; 5 in India, whereas they are a major source of NO, and SO,%. As expected,
cumulative exposure has no impact on PM; 5, suggesting that mortality effects in Table 2 are driven
by power plant emissions rather than other pollution sources. Table B5 shows estimates by year.
The pollution effect remains stable: higher SO, and NO, concentrations are observed in more
exposed districts. Moreover, exposure continues to have no effect on PMy 5 in either period, in line
with the explanation that power plants contribute little to ambient PM 5.

Comparison with Literature. These results are reminiscent of first-stage estimates from studies
using wind direction as an instrument for pollution (Deryugina et al., 2019; Herrnstadt et al., 2021).
The difference is that these studies use panel data to elicit short-run impacts. To demonstrate
the advantage of our exposure measure for predicting pollution, we replicate the conventional
wind instrument, aggregate to a cross-section, and estimate Equation 3 with this measure using
pollution as an outcome. Appendix C provides more details of the replication.

Table B8 Panel A reports diagnostics for how the conventional measure fares against HYSPLIT
for predicting NO,. Column 1 shows the R? to assess explanatory power and the remaining two
columns show F-statistics to assess predictive accuracy. Column 2 shows the the Kleibergen and
Paap (KP) F-statistic, a heteroskedasticity-robust analog of the first stage F-statistic (Kleibergen
and Paap, 2006). Column 3 shows the Olea and Pflueger (2013) F-statistic, an adjustment of KP
statistic that accommodates panel data. Whereas both measures explain equal variation in NO;
(column 1), HYSPLIT is a much stronger predictor of pollution than the conventional measure.
The KP F-statistic for HYSPLIT (column 2, row 1) is twice as large as the standard measure. The
gain remains equal under the adjusted F-statistic (column 3). For SO, (Panel B), both F-statistics
are again larger for the HYSPLIT measure, although the gap is smaller compared to NO,.

4.3 Heterogeneity: Health Effects are Less Pronounced in Urban Areas

The baseline findings describe average impacts across districts. This section investigates hetero-
geneity by urban form. Despite the conditional exogeneity of our exposure measure, we expect
urban and rural districts to experience different health impacts from the same level of exposure.
On one hand, population dense districts suffer worse population exposure due to sheer numbers.
On the other, these are typically large cities with better health infrastructure, which dampens the
health impact of pollution exposure compared to rural districts. It should be noted that power
plant exposure itself does not directly affect local development (Table 6), rendering ex-post eco-
nomic activity a suitable variable upon which to estimate heterogeneity.

Table 4 columns 1-3 present estimates from Equation 3 with an interaction for population den-
sity. Health effects are less pronounced in urban areas. Across all mortality indicators, additional
deaths from cumulative exposure (first row) is 25% less in population dense districts compared
to sparser ones (second row). The negative sign on population density (third row) suggests that

8Source apportionment studies show that coal power plants account for 7% of ambient PM, 5 (Venkataraman et al.,
2018) and between 30-50% of NO, and SO, (Lu and Streets, 2012; Lu et al., 2013).
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Table 4: Heterogeneity by Urban Form

Neonatal Infant Child Neonatal Infant Child
1) (2) 3) 4) 5) (6)
Capacity-weighted 1.116*** 1.770%** 2.219%** 1.074*** 1.725%** 2.272%%*
Exposure (0.314) (0.476) (0.585) (0.342) (0.531) (0.649)
Capacity-weighted -0.277*** -0.457*** -0.555%**
Exposure x Pop. Density (0.078) (0.122) (0.151)
Pop. Density -0.170*** -0.278*** -0.337***
(0.042) (0.066) (0.082)
Capacity-weighted -0.097** -0.162** -0.213**
Exposure x Nightlights (0.042) (0.064) (0.081)
Nightlights -0.283*** -0.447*** -0.550***
(0.034) (0.055) (0.070)
Controls Yes Yes Yes Yes Yes Yes
Outcome Mean 29.071 46.463 58.458 29.071 46.463 58.458
Exposure SD 25.140 25.140 25.140 25.140 25.140 25.140
State X Year FEs v v v v v v
Observations 1920 1920 1920 1920 1920 1920
Clustering 0.789 0.815 0.842 0.797 0.821 0.847

*p <1, p <.05 ** p <.01. Data are district-yearly for 2000, 2007, and 2017. Mortality is measured per 1000 live
births. SO, and NO, are in Dobson Units. PM; 5 is in ug/ m3. Exposure is cumulative over 30 years, has a 50km mask,
and standardized. District population density is from the 2011 census. Nightlight intensity is measured as luminosity
values. Geography controls include: distance to nearest power plant, district area, water area within 25km, distance to
nearest coal deposit, nearest coal area, elevation, slope, temperature and rainfall. Standard errors clustered by plume.

urban areas tend to be healthier. This corroborates the idea that an “urban advantage” protects
the population from power plant exposure, likely through better health care access and quality.
The urban advantage is robust to other measures of population density. Columns 4-6 use
nightlight intensity, a common proxy for population activity (Henderson et al., 2012), as the in-
teraction term. The signs and significance of coefficients mirror column 1-3. Across all mortality

measures, the mitigating effect of nightlights is about 10%.

4.4 Dynamics of Long Run Estimates

Our main finding is that districts historically exposed to coal power plant emissions experience
worse present-day child mortality. Next, we investigate which specific periods of exposure are
most important for determining current health outcomes. We then discuss how to interpret long

run estimates and whether or not they are informative of short-run responses.
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Figure 4: Dynamic Effects of Historic Coal Expansion Phases

Note: Outcome data are for 2017. Cumulative exposure covers each time bin (y-axis) and is divided by bin size.
Bivariate coefficients and 95% confidence intervals (blue) are from five regressions of cumulative exposure during each
time bin on the outcome with controls and state fixed-effects. The multivariate specification (red) shows coefficients
from a single regression where exposure in each time bin is included in one equation. Exposure includes a 50km mask
and is standardized. Controls include: distance to nearest power plant, district area, water area within 25km, distance
to nearest coal deposit, nearest coal area, elevation, slope, temperature and rainfall. Standard errors clustered by plume.

44.1 Time Decomposition

Methods. To investigate when our estimates materialize, we unravel cumulative exposure into

distinct time bins and then estimate Equation 3 as follows:

2016 2005
Mortalityg—s017) = P1CmlExposure _y17) + P2 Z CmlExposureg; + B3 Z CmlExposureg
£=2006 t=1992
1991 1975 (6)
+PBs Y CmlExposureq + Bs Y CmlExposureg + PeXar + Vst + €at
t=1976 t=1970

Bins span four periods marked by policy changes to the electricity sector, ranging from 1970-
75, when small plants were sited near demand centres, to 2006-16, when the sector unbundled and
ultra-mega power plants (4000+ MW) were rolled out (see Figure A3 for full timeline). A 2017 bin
is included to capture the period of in-utero exposure. Cumulative exposure is divided by bin size
for consistent coefficient interpretation. Fixed effects and controls are the same as Equation 3.

We estimate bivariate and mutivariate specifications. The bivariate case estimates dynamic

effects as separate regressions, one for each time bin. Since other bins are excluded, short and
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long run channels become bundled. For example, a positive coefficient on the 1970-75 bin need
not represent pure long run effects. If plants are clustered together thereafter, then the coefficient
also captures short run responses to exposure from plants built in the current period. In contrast,
the multivariate case estimates dynamic effects with all time bins in one regression. Coefficients

represent pure long term effects, net of short run responses or correlation with other periods.

Results: Dynamic Effects. Dynamic results are plotted in Figure 4. Blue and red denotes bi-
variate and multivariate cases, respectively. The first noteworthy result is that exposure to power
plants in-utero and during the periods when privately (1992-2005) and ultra-mega plants (2006-16)
were built have a positive and statistically significant impact on all mortality outcomes under the
bivariate case (Panels A-C, blue). However, only the ultra-mega effect remains under the multi-
variate case (Panels A-C, red), suggesting that the bivariate effects were driven by persistence and
the resulting response to short run exposure. Overall, this first result suggests that the pure long
run impact of historic exposure on present-day mortality is driven by exposure to power plant
emissions in the decade before child birth. Since contemporaneous exposure is a covariate in the
multivariate (red) case, the mechanism must be through a channel other than in-utero exposure.
We discuss candidate explanations in the next subsection.

The second result is that exposure to higher ambient pollution in the decade before child birth
is the main mechanism underlying long run mortality impacts. In the bivariate case, exposure
from 1976 onwards influences present day SO, and NO; levels (Panels D and E, blue). This implies
that sites of past power plant construction influence current plant sites and, through this channel,
influence current cross-sectional variation in pollution. Again, only the ultra-mega pollution effect
remains positive under the multivariate case (Panels D and E, red). Overall, Panels A-E indicate
that exposure to emissions during the decade before child birth influences early-life mortality
through worse air quality arising from emissions during the same decade.

The third result is that the decomposition shows no effect when economic activity, measured
by nightlight intensity, is the outcome (Panel F). This helps rule out adaptation as an alternative
mechanism (we show this formally in section 4.6). If historic capacity expansions caused exposed
districts to invest in adaptation more than non-exposed districts, then we would expect positive

and significant coefficients. We would also expect no mortality differences, which is not the case.

4.4.2 Interpretation and Relation to Main Estimates

The contemporaneous bivariate coefficient in Panels A-C describe short run mortality impacts
(Equivalent to Table B4, Section 4.1.3). An important question is: to what extent are our main
long run estimates (Table 2) capturing these short run responses? Since marginal exposure may
accumulate any time over the past three decades, it may reflect the short run effect if most ac-
cumulation occurs in the past year. Figure 4 helps answer this question since it tests the effect
of marginal exposure accumulated at various time periods. If long run estimates were measur-

ing short run responses, then all bins would become insignificant in the multivariate case since
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Table 5: Robustness Checks: Neonatal Mortality
@ @) ®) ) ®) (6)

Capacity-weighted 0.592** 0.650*** 0.650** 0.650*** 0.650*** 1.993
Exposure (0.256) (0.216) (0.291) (0.245) (0.215) (3.071)
Dataset GBD GBD GBD GBD GBD NFHS
Mask None 50km 50km 50km 50km 50km
Plant Districts No Yes Yes Yes Yes Yes
Outcome Mean 29.224 29.071 29.071 29.071 29.071 29.752
Exposure SD 23.960 25.140 25.140 25.140 25.140 23.572
State FEs v
State x Year FEs v v v v v

Clustering Plume Plume (50) Conley (100) Conley (200) Conley (500) Plume
Observations 1678 1920 1920 1920 1920 526

p<1, " p <05 ** p <.01. Column 1 omits power plant districts. Column 2 uses k-means to define 50 plumes
and clusters error by plume. Columns 3-5 show Conley standard errors for different kernel cutoff distances (in km).
Column 6 uses data from the NFHS-IV survey. All columns control for: distance to nearest power plant, district area,
water area within 25km, distance to nearest coal deposit, nearest coal area, elevation, slope, temperature and rainfall.

short run responses are controlled for. The fact that the coefficient on the 2006-16 bin remains
positive and significant suggests that the short and long run impacts of power plant exposure on
present-day health are measuring two very different types of responses.

Short run estimates reflect early-life mortality impacts of in-utero exposure to emissions, a
well documented phenomenon (Currie and Neidell, 2005; Von der Goltz and Barnwal, 2019). In
contrast, long run multivariate estimates reflect mortality impacts through another channel, most
likely institutional determinants of health. For example, exposure to power plant emissions in the
decade before child birth can affect maternal health, well-being, and other socioeconomic charac-

teristics that translate into lower chance of child survival (Perera and Herbstman, 2011).

4.5 Robustness: Sensitivity Tests

This section presents additional robustness tests to establish confidence in our mortality estimates.
These include sample restrictions, alternative standard error clustering, and estimates from an al-
ternative dataset. Robustness tables are shown for neonatal mortality (Table 5). The same tables
for infant and child mortality are in Appendix B6 and B7.

Dropping Power Plant Districts. Whereas the main results (Table 2) showed that estimates are
stable under varying masks, column 1 tests robustness to dropping power plant districts alto-
gether. This leaves coefficients to be identified off of plausibly random wind-driven emissions
exposure rather than potentially endogenous placement-driven exposure. The neonatal mortality

estimate is very similar to the main estimates with mask size 5-50km.

Alternative Clustering. Standard errors are clustered by plume throughout the paper, with 25
plumes demarcated through a k-means algorithm. Column 2 shows that standard errors are sta-

ble when 50 plumes are demarcated instead. Columns 3-5 investigate spatial clustering more
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Table 6: Adaptation to Long Term Power Plant Exposure

Adaptation Sorting
1) 2 3) “) )
Consumption Services Nightlights Immigration Immigration

Capacity-weighted -220.005* 0.059 0.068 -0.358 0.005
Exposure (121.957) (0.039) (0.059) (0.223) (0.003)
Controls Yes Yes Yes Yes Yes
Data Source SECC EC DMSP Census D3 IHDS
Year 2012 2013 2013 2011 2012
Outcome Mean 17885.797 0.756 10.479 5.202 0.098
Exposure SD 25.888 27.787 27.846 24.405 36.154
State FEs v v v v v
Clustering Plume Plume Plume Plume Plume
N 615 615 611 628 36731
R? 0.709 0.690 0.729 0.659 0.031

*p<.1,* p<.05 ** p <.01. Note: Each column is a cross-sectional regression from various data sources and years
(see footer). The outcome in column 1 is mean per capita consumption. Column 2 is log employment in the service
sector plus 1. Column 3 is log light intensity across district pixels. Column 4 is the district population share of migrants
who moved with their families in the past 30 years. Column 5 is a household indicator for entire-family migration
from the IHDS-II survey. Exposure is cumulative over 30 years, includes a 50km mask, and standardized. All columns
control for: distance to nearest power plant, district area, water area within 25km, distance to nearest coal deposit,
nearest coal area, elevation, slope, temperature and rainfall. Standard errors clustered by plume level.

systematically by implementing Conley (1999) standard errors. Reassuringly, precision remains

stable even when allowing for long distance spatial error correlation up to 500km.

Estimates from NFHS Survey. Column 6 presents estimates with mortality computed from the
2015-16 NFHS demographic survey. This survey is among the various raw sources contributing
to the main GBD mortality data used throughout the paper (section 2.1). The NHFS survey covers
600,000 households across 29 states and is representative at the district level. Eligible women re-
port survival and age at death for all births. We compute district mortality rates using 2015 birth
histories, a year during which recall bias is minimal, and then replicate Equation 3.

The neonatal mortality effect remains positive but precision is lowered (column 6). However,
note that precision is also weak in the 2017 cross-section of the main analysis (column 7 table B3),
the closest comparison period. We posited that pollution reduction from offlining vintage plants

can explain the imprecision (Figure A2).

Robustness of Infant and Child Mortality. Tables B6 and B7 show the same robustness checks for
infant and child mortality, respectively. Estimates remain stable across all specifications. Similar
to the neonatal mortality case (Table 5), the coefficient remains positive but precision is low when

the main equation is estimated on the NFHS survey (column 7).
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4.6 Robustness: Adaptation and Sorting

This section investigates and rules out adaptation and residential sorting as alternative mecha-

nisms for our main results.

Differential Development. Figure 4D showed that emissions exposure during various historic
periods had no persistent effects on economic activity. We corroborate this formally with addi-
tional measures of economic development from the SHRUG database (Section 2.1). We replicate
Equation 3 for the year in which each development indicator is provided.

There is little evidence of adaptation (Table 6). Districts exposed to power plant emissions
in the long run have weakly lower consumption per capita (column 1), no difference in service
sector employment (column 2), and no difference in economic activity (column 3) compared to
less-exposed districts in the same state. The economic significance of the consumption effect (col-
umn 1) is negligible as it reflects only 1% of the mean. These findings bolster our claim that long

run effects of power plant exposure on health operate through pollution, not adaptation.

Selective Migration. Residential sorting is another competing explanation for our results. If
healthy people move to less-exposed areas, then control districts are contaminated and mortal-
ity estimates are inflated. Coefficients would reflect sorting and not the causal health impact of
long run exposure to power plants. Indeed, Heblich et al. (2016) show path-dependent sorting
following power plant exposure in 19th century England. This is not expected in India due to
socioeconomic mobility barriers and historically low migration (Munshi and Rosenzweig, 2016).

We formally test for residential sorting using two high-quality data sources. First, the recently
released migration module of the 2011 Census, from which we compute the district immigrant
share having arrived with their whole family from another district in the past 30 years. Second,
the 2012 round of the India Human Development Survey (IHDS), which is representative at the
state level, covers 40,000 households and asks if and when they moved to the current district. We
leave data at the household level and construct an indicator for whether the household moved to
their current residence with their whole family within the past 30 years.

We use the Census immigrant share and IHDS relocation indicator as outcomes in Equation 3
to test for sorting. If exposure “pushes” families into cleaner districts, then 81 < 0 (less migra-
tion into dirty districts compared to clean ones). Columns 5 and 6 of Table 6 show no evidence
of selective migration at the district or household level, respectively. This suggests that historic
exposure does not trigger path-dependent sorting and helps rule out endogenous migration as an
alternative explanation for our main estimates. These results also bolster our claim that pollution

is the key mechanism driving health disparities between exposed and non-exposed districts.
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Figure 5: Distribution of installed capacity among harmful plants

Note: Histogram of installed capacity (MW) among harmful plants. Harmful plants are those that significantly increase
mortality in the plant-level regressions of mortality on cumulative exposure (Equation 7).

5 Policy Analysis

Having quantified the death rate from long run exposure to power plant emissions, this final sec-
tion turns to an investigation of how energy policy can minimize these impacts. We first identify
which power plants drive the mortality effects. We then aggregate our district-level estimates to

study avoided deaths at the national level under various abatement scenarios.

5.1 Which power plants are responsible?

Methods. In Equations 1 and 2 particle counts are summed over all power plants j and districts
d to compute districts’” cumulative exposure to all plants. Here, we leave gridded particle counts
at the plant level and then aggregate cumulative exposure to each plant j at the district level. We

then estimate the main equation 565 times, once for each plant:
Mortalityg = B1CmlExposurejz; + BoXat + vt + €jdts (7)

where CmlExposurejs; is cumulative exposure of district d to power plant j at time t. All other
terms are the same as Equation 3. We then collect plant identifiers for which B is positive and
significant. We call these “harmful” plants. Lastly, we characterize these harmful plants based on
the limited information (location and size) we have about them from the CEA dataset.

Characterization of Harmful Plants. Based on this method, the mortality effects in the main
analysis are driven by 146 plants (out of 565). Figure A4 shows their location: although scattered
across the country, many are clustered in Eastern India near the coal belt. These reflect older,
inefficient plants built during the coal-by-wire policy period.

Figure 5 plots the distribution of installed capacity among harmful plants. The majority are
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200 MW, which is within the size bandwidth defined by the International Energy Agency as
“sub-critical”. These plants are considered inefficient and require more fuel to generate the same
amount of power as higher capacity plants, creating more pollution in the process. Figure A5
shows the plant size distribution by decade of construction. Most harmful plants were commis-
sioned during the 1970s, 80s, and 90s. During the 2000s, when larger plants became more common,
higher capacity plants overtake sub-critical ones in terms of driving mortality effects.

Policy Implications. Our plant-level estimates suggest that sub-critical plants drive power plant
emissions-related deaths. Nearly 90% of these are government owned (Caldecott et al., 2015). Af-
ter the Paris Agreement, India revised its National Electricity Plan to decommission 25+ year old
plants (Ministry of Power, 2018). However, this plan was reversed several years later, citing surges
in electricity demand (Varadhan, 2023). Although the phase-down was originally pledged to meet
climate targets, our analysis shows that the phase-down would also deliver dramatic health ben-

efits. In the next section we quantify these benefits in terms of avoided deaths.

5.2 Counterfactual simulations under alternative abatement scenarios.

Methods. HYSPLIT emissions trajectories are generated for each plant before scaling by installed
capacity and aggregating over districts (Section 2.2). This allows us to easily change underlying
capacity weights or delete plants altogether to simulate district-level exposure under alternative
scenarios. Consider two scenarios for simulation: first, India complies with its Paris Pledge, where
it committed to 50% of installed capacity from renewable energy by 2030 (Government of India,
2022). Assuming the remaining grid is coal powered, this requires reducing coal-fired installed
capacity by about 25%”. In the second scenario, India shuts down plants operating for 25+ years.

For each district d, we use the regression model from Equation 3 to predict neonatal mortality
rates (NNMR,) in 2017 under each scenario:

NNMREY"S = B, CmlExposurel™™ + oX + s + pg

NNMRE" = B, CmlExposureX®™ + B Xy + s + pa

where CmlExposure}”" denotes realizations of cumulative emissions exposure when the under-
lying installed capacity of each plant is reduced by 25%. CmlExposureX¢" leaves plant capacity
unchanged but drops plants commissioned before 1992. We multiply predicted mortality by the
number of live births in each district'” to enable aggregation of local predictions into national
counterfactuals, NatNNDF?¥ and NatNNDRetre, These measure total neonatal deaths if India

met its Paris pledge and if it retired vintage plants, respectively. Comparison with in-sample fit-

9 At the end of our study period, total installed capacity from thermal and renewable sources was 320,052 MW with
each source making up 68% and 32%, respectively (Central Electricity Authority, 2020a) [Table 2]. Assuming no grid
expansion until 2030, bringing installed coal capacity to the Paris Pledge level (0.5*320,052 MW = 160,026 MW) from its
current level (0.68*320,052 MW = 217,635 MW) involves a 26% reduction.

19Data are obtained from India’s Central Registration System
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Figure 6: Total Avoided Deaths Under Abatement Scenarios

Note: y-axis is total number of neonatal deaths avoided under each scenario (Equation 8). Under the 10%, 25% and
50% scenarios, plant capacity is reduced by these amounts before weighting and aggregating (section 2.2). Under the
decommission scenario, 25+ year old plants are removed. Confidence intervals computed from 1000 bootstrap draws.

ted values NatNND (the status quo) yields the main statistic of interest, avoided deaths under

each scenario: ‘ ‘
AvoidedDeaths”™ = NatNNDP# — NatNND

. . (8)
AvoidedDeathsRet"e = NatNNDRetre — NatNND

Beyond these, we compute avoided deaths under 10% and 50% capacity reduction scenarios.

Simulation Results. Figure 6 reports our estimates of avoided deaths under each abatement sce-
nario (Equation 8). Error bars correspond to 95% confidence intervals from bootstrapping the
prediction and aggregation procedure with 1000 draws. 3,300 neonatal deaths could be avoided if
India met its Paris Pledge. If it retired vintage power plants, the number of avoided deaths would
increase nearly six times compared to the Paris scenario. It is important to note that these are
long term simulations i.e., if India decomissioned old power plants today, 18,000 neonatal deaths
would be avoided due to lower emissions exposure over the next three decades.

Figure 7 illustrates the spatial distribution of avoided deaths across districts. Values are com-
puted by estimating Equation 8 on non-aggregated predictions under each scenario. In all scenar-
ios, benefits from abatement are largely concentrated in eastern India. This is somewhat unsur-
prising given that many of these districts are near highly emitting plant clusters in the coal belt
(Figure 2A). Importantly, avoided deaths are clearly observed in parts of South India, especially,
where power plants are sparse. These regions experience positive spatial spillovers from plant
capacity reductions elsewhere.
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Figure 7: Avoided Deaths in Districts Under Abatement Scenarios

Note: Districts are colored by total neonatal deaths avoided (Equation 8 at the district level). Under the 10%, 25% and
50% scenarios, plant capacity is reduced by these amounts before weighting and aggregating (section 2.2). Under the
decommission scenario, 25+ year old plants are removed. Values represent means over 1000 bootstrap draws.

6 Conclusion

Coal is being phased out of the energy system across the developed world, yet remains a dominant
fuel in many developing countries. In India, coal-fired power plants generated 63% of electricity
in 2016 (Shearer et al., 2017). The equivalent share in China is 60%. Although electricity access
delivers salient economic benefits, this paper focuses on costs. Until now, previous studies doc-
umented short run negative health effects from exposure to coal power plants using monthly or
annual panel data. We extend this literature by documenting novel evidence on the impact of long
run exposure to coal-fired power plant emissions in India over three decades.

We find that districts historically exposed to higher power plant emissions experience worse
present-day neonatal, infant, and child mortality rates. To establish this, we develop a novel
measure of historic emissions exposure from an atmospheric dispersion model that draws wind-
driven particle trajectories from every power plant in India. We also verify that our mortality es-
timates are driven by higher local pollution and not through differential adaptation or residential
sorting. Lastly, we unravel historic exposure and find that present-day mortality is most sensitive
to exposure during the 2006-16 era, the period during ultra-mega power plants were rolled out.

Our results imply that there is ample room for energy policy to minimize health impacts.
Our plant-level analysis reveals that inefficient, older plants drive the bulk of mortality effects.
Our counterfactual simulations show that offlining these vintage plants can avoid 18,000 neonatal
deaths in the long run. This amounts to approximately $USD 5.6 billion in savings using the value
of a statistical life for India (Gulati et al., 2021)'.

Gulati et al. (2021) estimate a VSL of $USD 312,663 for India in 2013. Details in the Methods section of their paper.
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A Appendix Figures

Figure A1l: Plume Clusters (n=25)

Note: Colours represent 25 clusters of cells grouped together according to a k-means algorithm. These clusters are used
for clustering standard errors in the main analysis.
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Figure A2: Event Study: Number of Years Power Plant Active in District
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Note: white diamonds are coefficients from an event study regression at the plant level (Equation 5). x-axis is number
of years the plant has been active in a district. Year of plant commissioning is normalized to zero. Dotted lines are 95%
confidence intervals. All regressions include plant and state-year fixed effects as well as controls for installed capacity,
temperature, and rainfall. Standard errors clustered at the district level.

29



(C) Coal Power Plant Expansion (1970-2017)
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Figure A3: Timeline of Coal Power Plant Capacity Expansion
Total installed capacity from 1970-2017. Vertical lines denote important policy changes to the electricity sector.

Figure A4: Location of Harmful Plants

Note: Black dots indicate location of power plants with positive and significant effect on neonatal mortality from plant-
level regressions (Equation 7). Red circles vary with plant size (MW).

Figure A5: Size of Harmful Plants by Decade of Construction
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Note: Histogram of plant size among harmful plants by decade of construction. Harmful plants are those that signifi-
cantly increase mortality in the plant-level regressions of mortality on exposure (Equation 7).
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B Appendix Tables

Table B1: Long Term Impact of Historic Exposure on Infant Mortality

1) (2 3) 4) ©) (6)
Capacity-weighted 0.357* 0.632*** 0.734*** 0.764*** 0.902*** 0.997***
Exposure (0.198) (0.202) (0.227) (0.243) (0.302) (0.325)
Nearest Plant Yes Yes Yes Yes Yes Yes
Geography Controls No Yes Yes Yes Yes Yes
Mask None None 5km 10km 30km 50km
Outcome Mean 46.463 46.463 46.463 46.463 46.463 46.463
Exposure SD 39.517 39.517 36.039 34.370 29.388 25.140
State x Year FEs v v v v v v
Observations 1920 1920 1920 1920 1920 1920
R? 0.801 0.810 0.810 0.811 0.811 0.811

*p<.1,* p<.05 ** p <.01. Data are district-year level for 2000, 2007, and 2017. Mortality measured per 1000 live
births. Exposure is cumulative over 30 years and standardized. Geography controls include: distance to nearest plant,
district area, water area within 25km, distance to nearest coal deposit, nearest coal area, elevation, slope, temperature
and rainfall. Mask is radius within which exposure gridcells are deleted. Standard errors clustered by plume.

Table B2: Long Term Impact of Historic Exposure on Child Mortality

1) (2 (3) 4) ®) (6)
Capacity-weighted 0.498** 0.856*** 0.981*** 1.012*** 1.173*** 1.278***
Exposure (0.244) (0.251) (0.287) (0.308) (0.385) (0.411)
Nearest Plant Yes Yes Yes Yes Yes Yes
Geography Controls No Yes Yes Yes Yes Yes
Mask None None 5km 10km 30km 50km
Outcome Mean 58.458 58.458 58.458 58.458 58.458 58.458
Exposure SD 39.517 39.517 36.039 34.370 29.388 25.140
State X Year FEs v v v v v v
Observations 1920 1920 1920 1920 1920 1920
R? 0.831 0.838 0.839 0.839 0.839 0.839

p <., p<.05 " p <.01. Data are district-year level for 2000, 2007, and 2017. Mortality measured per 1000 live
births. Exposure is cumulative over 30 years and standardized. Geography controls include: distance to nearest plant,
district area, water area within 25km, distance to nearest coal deposit, nearest coal area, elevation, slope, temperature
and rainfall. Mask is radius within which exposure gridcells are deleted. Standard errors clustered by plume.
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Table B3: Cross-sectional Long Term Impact of Historic Exposure on Mortality

2000 2007 2017
(1 (2) (3) ) 5) (6) 7) (®) )

Neonatal Infant Child Neonatal Infant Child Neonatal Infant Child
Capacity-weighted 1.166** 1.973** 2.856™** 1.015** 1.568** 1.973** 0.443** 0.650** 0.759**
Exposure (0.458) (0.703) (0.913) (0.448) (0.683) (0.801) (0.212) (0.301) (0.344)
Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Outcome Mean 36.254 59.880 78.700 28.496 45.182 55.810 22.462 34.326 40.865
Exposure SD 12.571 12.571 12.571 19.585 19.585 19.585 35.365 35.365 35.365
State FEs v v v v v v v v v
Observations 640 640 640 640 640 640 640 640 640
R? 0.723 0.737 0.772 0.704 0.727 0.746 0.711 0.737 0.745

fp<.1,* p<.05 " p <.01. Data are district-year level for 2000, 2007, and 2017. Mortality measured per 1000 live
births. Exposure is cumulative over 30 years and standardized. Geography controls include: distance to nearest plant,
district area, water area within 25km, distance to nearest coal deposit, nearest coal area, elevation, slope, temperature
and rainfall. Mask is radius within which exposure gridcells are deleted. Standard errors clustered by plume.

Table B4: Cross-sectional Short Term Impact of Historic Exposure on Mortality

2000 2007 2017
1) 2 (3 @) () (6) ) (®) )

Neonatal Infant Child Neonatal Infant Child Neonatal Infant Child
Capacity-weighted 2.400** 4.178***  5910*** 2.691*** 4.197***  5388*** 0.478** 0.696**  0.786**
Exposure (Short Term) (0.873) (1.430) (1.900) (0.743) (1.201) (1.466) (0.195) (0.283) (0.323)
Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Outcome Mean 36.254 59.880 78.700 28.496 45.182 55.810 22.462 34.326 40.865
Exposure SD 0.945 0.945 0.945 1.101 1.101 1.101 4.620 4.620 4.620
State FEs v v v v v v v v v
Observations 640 640 640 640 640 640 640 640 640
R? 0.724 0.738 0.773 0.706 0.729 0.748 0.712 0.738 0.746

p <., p<.05 " p <.01. Data are district-year level for 2000, 2007, and 2017. Mortality measured per 1000 live
births. Short-term exposure is cumulative exposure in year t minus ¢ — 1. Exposure includes a 50km mask and is stan-
dardized. Geography controls include: distance to nearest power plant, district area, water area within 25km, distance
to nearest coal deposit, nearest coal area, a coastal indicator, elevation, slope, temperature and rainfall. Standard errors

clustered by plume.

Table B5: Cross-sectional Impact of Historic Exposure on Log Pollution

2000 2007 2017
(1) 2) 3) 4) ®) (6) (7) (8) (C)]

SO2 NO2 PM2.5 SO2 NO2 PM2.5 SO2 NO2 PM2.5
Capacity-weighted 0.265** 0.119*** -0.024 0.164** 0.083*** 0.004 0.116** 0.070*** 0.009
Exposure (0.107) (0.030) (0.016)  (0.073) (0.018) (0.011)  (0.052) (0.022) (0.010)
Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Exposure SD 12.571 12.571 12.571 19.585 19.585 19.585 35.365 35.365 35.365
State FEs v v v v v v v v v
Observations 640 640 640 640 640 640 640 640 640
R? 0.526 0.856 0.887 0.541 0.856 0.896 0.617 0.843 0.914

p <., p < .05 ** p <01. Data are at the district-annual level for 2000, 2007, and 2017. SO, and NO, are
measured in Dobson Units. PMj 5 is measured in pg/m?. Exposure is cumulative over 30 years, includes a 50km mask,
and standardized. All specifications include controls for: distance to nearest power plant, district area, water area
within 25km, distance to nearest coal deposit, nearest coal area, a coastal indicator, elevation, slope, temperature and
rainfall. Standard errors clustered at the plume level.
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Table B6: Robustness Checks: Infant Mortality

ey 2) 3 4 ®) (6)
Capacity-weighted 0.880** 0.997*** 0.997** 0.997*** 0.997*** 2.195
Exposure (0.369) (0.326) (0.443) (0.351) (0.310) (3.471)
Dataset GBD GBD GBD GBD GBD NFHS
Mask None 50km 50km 50km 50km 50km
Plant Districts No Yes Yes Yes Yes Yes
Outcome Mean 46.845 46.463 46.463 46.463 46.463 38.448
Exposure SD 23.960 25.140 25.140 25.140 25.140 23.572
State FEs v
State x Year FEs v v v v v
Clustering Plume Plume (50) Conley (100) Conley (200) Conley (500) Plume
Observations 1678 1920 1920 1920 1920 526

*p <1, p <.05 ** p <.01. Note: Mask refers to a radius around each plant within which cell values are omitted.
Column 2 omits districts with the power plant. Column 3 uses a 30km mask. Column 4 uses k-means clustering to
define 50 plumes and clusters errors at this level. Column 5 unions cells in the 95th percentile of exposure values and
clusters at this level. Column 6 uses data from the NFHS-IV survey. All specifications include controls for: distance to
nearest power plant, district area, water area within 25km, distance to nearest coal deposit, nearest coal area, a coastal
indicator, elevation, slope, temperature and rainfall. Standard errors clustered at the plume level with 25 plumes unless
otherwise specified.

Table B7: Robustness Checks: Child Mortality

(1) () 3) 4) ®) (6)
Capacity-weighted 1.206** 1.278*** 1.278** 1.278*** 1.278*** 2.089
Exposure (0.485) (0.401) (0.534) (0.421) (0.400) (3.487)
Dataset GBD GBD GBD GBD GBD NFHS
Mask None 50km 50km 50km 50km 50km
Plant Districts No Yes Yes Yes Yes Yes
Outcome Mean 59.101 58.458 58.458 58.458 58.458 38.662
Exposure SD 23.960 25.140 25.140 25.140 25.140 23.572
State FEs v
State x Year FEs v v v v v
Clustering Plume Plume (50) Conley (100) Conley (200) Conley (500) Plume
Observations 1678 1920 1920 1920 1920 526

*p <1, p < .05 ** p <.01. Note: Mask refers to a radius around each plant within which cell values are omitted.
Column 2 omits districts with the power plant. Column 3 uses a 30km mask. Column 4 uses k-means clustering to
define 50 plumes and clusters errors at this level. Column 5 unions cells in the 95th percentile of exposure values and
clusters at this level. Column 6 uses data from the NFHS-IV survey. All specifications include controls for: distance to
nearest power plant, district area, water area within 25km, distance to nearest coal deposit, nearest coal area, a coastal
indicator, elevation, slope, temperature and rainfall. Standard errors clustered at the plume level with 25 plumes unless
otherwise specified.
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Table B8: Comparison of Predictive Accuracy between HYSPLIT exposure and Wind Instrument

Within R-sq. F-Statistics
Kleibergen and Montiel Olea and
Paap (2006) Pflueger (2013)
@ @) ®)
Panel A: Outcome: Log(NO2)
Capacity-weighted Exposure (HYSPLIT) 0.55 32.80 28.90
Capacity-weighted Cone (Literature) 0.54 13.92 15.89
Panel B: Outcome: Log(5O2)
Capacity-weighted Exposure (HYSPLIT) 0.19 12.06 11.00
Capacity-weighted Cone (Literature) 0.22 9.01 9.45

Note: each row shows model statistics from a regression of log pollution on cumulative exposure. Panel A uses
log(NO2) as the outcome and Panel B uses log(SO2). Exposure is measured by HYSPLIT (Equation 1) or by repli-
cating the conventional wind direction instrument from the literature and aggregating to 2000, 2007, and 2017 cross
sections for consistency. Accumulation windows start from 1990 for both measures. All regressions include state-year
fixed effects and controls for distance to nearest power plant, district area, water area within 25km, distance to nearest
coal deposit, nearest coal area, elevation, slope, temperature and rainfall. HYSPLIT regressions clustered by plume and
replication regressions by state.

C Replication of Wind Instrument and Comparison with HYSPLIT

This Appendix demonstrates the advantage of our exposure measure by comparing how accu-

rately it predicts pollution compared to the standard wind direction measure from the literature.

Data Construction. Replication data for the wind direction measure consists of monthly gridded
wind direction from 1990-2017 at 0.1 x 0.1° resolution!?. First, we extract wind direction at each
power plant pixel. Second, we define the exposure area as a 100km radius quarter-circle centered
on the vector. Third, we distribute plant capacity over districts spanned by the cone, weighted by
overlap fraction, and then sum over plants. Lastly, we accumulate the capacity-weighted cones
from 1990 to produce a long run exposure measure that loosely resembles our measure. However,

the lack of a dispersion model necessitates strict assumptions about plume shape and diffusion.

Estimation. After generating the cumulative version of the conventional wind-direction instru-
ment, we extract three cross-sections from 2000, 2007, and 2017, the same years as our main data.
Since the replication data starts in 1990, each cross-section has a 10 year accumulation window. We
also adjust the accumulation window of CmlExposurez down to 10 years for consistency. Finally,
we estimate the below equation with log NO2 and SO2 as the outcome:

log(Pollution) g = B1CmlWindDirectiong; + BaXas + Yst + €ar 9)

where Pollutiony is ambient SO2 or NO2 concentration in district d during year t € {2000,2007,2017}.
CmlWindDirectiong is cumulative, wind-driven exposure in the past decade (t — 10 and t) con-

structed using the literature (cone-based) method. X is a covariate vector of site suitability met-

12We use the ERA5-Land monthly averaged data obtained from the Copernicus Climate Change Service
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rics that account for the endogeneity of plant placement. State-year fixed effects, 7, ensure that
cross-district comparisons are made within states separately in each of the three periods.

Tables B8 presents R? and F-statistics for Equation 9 and the same regression using CrmlExposurey;
from HYSPLIT. These diagnostics describe any gains in predictive strength of the HYSPLIT-generated
exposure measure for predicting pollutuon compared to the standard literature measure. See main

text (Section 4.2) for description of results.
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