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Abstract

In these three essays I examine the relationship between environmental quality and economic devel-
opment in a variety of settings. In Chapter 1, I examine the impact of the world’s largest anti-poverty
program (NREGA) on agricultural burning and its subsequent contribution to air pollution in India.
I find that agricultural burning increases substantially after the implementation of NREGA. I find
evidence that this is due to farmers mechanizing part of the production process in response to higher
wages induced by NREGA. The increase in agricultural burning leads to a substantial increase in the
emissions of particulate pollutants from biomass burning. In Chapter 2, I and a co-author examine how
chronic exposure to particulate air pollution in the United States may worsen the mortality impacts
of a pandemic. Using an instrumental variables approach based on shifts in electric power generating
capacity due to the shock of hydraulic fracturing, we show that mortality from COVID19 increases in
counties that have experienced higher levels of PMj 5 pollution in the ten years prior to the pandemic.
In Chapter 3, co-authors and I examine how exposure to high temperatures during schooling may
reduce student learning. Using data from both the United States and 58 other countries we find that
hotter days in the year(s) leading up to an exam substantially reduce performance on that exam. The
impact of hot days is concentrated on school days as compared to weekends or summer days. The
impact of heat is larger in low income districts of the United States and low income countries. We

discuss the implications that this may have for climate change and long-run economic growth.
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Introduction

Environmental protection or economic development? This is the trade-off that policy-makers frequently
face. Economists have worked to add nuance to this simple trade-off for many years. In particular, they
highlight the ways that environmental quality can impact economic development and how economic
development can occur in ways that do not require as severe of a trade-off.

Contributing to this effort is the focus of my doctoral dissertation. In the three chapters that
follow, I examine three different settings in which development policy has impacted environmental
quality in unexpected ways or in which environmental quality has had important impacts on human
development and well-being.

In the first chapter I examine the unintended consequences of a development policy in India on
environmental quality. India’s Mahatma Gandhi National Rural Employment Guarantee Act (NREGA)
is the worlds largest anti-poverty program. It was intended to offer an avenue for economic development
and poverty reduction in rural Indian communities by providing a Federal jobs guarantee to residents of
rural districts. NREGA offered workers jobs on local public works projects financed by the Federal
government. The program succeeded in providing employment to rural workers and in raising rural
wages. However, it had the unintended consequence of increasing the number of fires to clear post-
harvest residue on rural farms.

Using a difference-in-differences framework that takes advantage of the sequential implementation
of NREGA across Indian districts over three years, I show that fires on agricultural land increased by
21% after the implementation of NREGA in a district. This increase in fires occurs only among fires
that occur on agricultural land; there is no increase in fires on plantations, scrubland, or in forests.

It appears that the use of fires increased because farmers responded to the higher wages that



resulted from NREGA implementation by harvesting their crops with mechanical combines instead
of manual labor. Mechanical combines leave more residue on the fields after the harvest which must
be removed before planting the next seasons crops. Burning is the least expensive way for farmers
to remove this residue. I find that burning increased more, after the implementation of NREGA, in
areas that had more ability to mechanize and more experience with burning prior to NREGA.

The increase in agricultural fires after NREGA leads to an increase in the emission of particulate
pollution. Using the same difference-in-differences framework, I find that the number of months in
which the Indian Ambient PM; 5 standard was exceeded increases by 11% after the implementation
of NREGA. Crop burning is a substantial source of particulate pollution in urban India during the
burning season and the increase in pollution from NREGA added to pollution levels that were already
among the highest in the world.

In Chapter 2, I continue my focus on air pollution and examine how chronic exposure to high
levels of particulate air pollution in the United States increased mortality from the 2020 COVID19
pandemic. COVID19 is a respiratory disease whose transmission and lethality may both be increased
by particulate air pollution. Specifically, chronic exposure to high levels of particulate air pollution
may increase the ability of the virus to enter the cells of the body and infect an individual. Chronic
exposure to particulate air pollution may also increase the chance that patients who are infected suffer a
hyperinflammatory response to the disease, a key cause of mortality from COVID19.

In order to identify the impact of air pollution on COVID19 mortality specifically as opposed
to other determinants of mortality that may be correlated with air pollution I use an instrumental
variables approach that relies on the shift away from coal fired power generation that occurred in the
United States in response to hydraulic fracturing. This approach relies on the shift from relatively
dirty coal-fired electricity generation to relatively clean natural gas generation due to changes in the
natural gas price that occurred after the hydraulic fracturing revolution. The shift away from coal
generation provides an exogenous change in pollution levels in downwind counties.

Using this change, I find that a 1% increase in pollution levels increases COVID19 mortality
by approximately 0.75%. This is impact is consistent with existing work that finds substantial

mortality impacts of increased air pollution in both direction and magnitude. It suggests an additional



consequence of elevated air pollution increased mortality during pandemics that regulators and
policy-makers may wish to consider in choosing the appropriate level of particulate pollution to
tolerate.

Finally, in Chapter 3, I shift my attention to the impacts of climate change and specifically to the
impact of exposure to high temperatures during the learning process. Heat negatively impacts cognitive
performance across a range of environments. We know from previous research that students who
take exams on hot days perform worse on those exams relative to their peers who take exams on cooler
days. However, we know little about how heat impacts what students learn on a normal school day
and how much of that they retain. We know even less about the impacts of heat outside of the United
States.

To shed light on that question I use data from two data sets combined with natural variation in
temperature across countries during the school year to show that students appear to learn substantially
less during hotter years. I combine data on nearly all U.S. students from 2009 to 2015 with data
from the PISA international assessment on student performance on a standardized exam across 58
countries. I show that in the United States student performance declines by 0.04% of a standard
deviation for every school day above 80°F in the year leading up to an exam. In the international data
an additional 80°F day reduces performance by 0.22% of a standard deviation.

These declines are much larger in lower income school districts in the United States and in countries
in the bottom half of the income distribution in the international sample. Further, minority students
in the United States appear to suffer larger negative consequences from heat exposure relative to
white students. Internationally, I examine whether the decline in performance can be explained by
correlated shocks to agriculture and I find no evidence that declines in nutrition can explain the decline
in student performance.

These results suggest that heat can have a long-term impact on economic growth by reducing the
rate at which human capital is created. Much more research is needed to clearly establish that link
and measure its magnitude. These results indicate a clear additional cost of climate change however

and one that may need to be included in calculations of the social cost of carbon.



Chapter 1

Earth, Wind, and Fire: The Impact of
Anti-Poverty Efforts on Indian

Agriculture and Air Pollution

1.1 Introduction

What drives the relationship between income growth and environmental quality? Economists have
observed a correlation between income growth and reductions in environmental quality since at least
the early 1990s (Grossman and Krueger, 1995) but the mechanisms driving that relationship remain
unresolved (Harbaugh ez al., 2002). One possibility is that rising incomes and wages lead to a transition
from labor intensive production to capital and pollution intensive production (Arrow et al., 1995;
Kuznets, 1973). The transition from human powered cotton production to steam powered production in
England is a classic example: as firms replaced human labor with coal-fired powered cotton, production
increased and shifted to Manchester which suffered notable declines in air quality (Longhurst and

Conlan, 1970; Rodgers, 1960).! In London the replacement of human labor with power from coal

ILonghurst and Conlan (1970) quotes the Manchester police commission in the 1800s: “the increase of steam engines as
well as smoak issuing from chimnies used over stoves, foundries, dressers, dyehouses and bakehouses are become a great
nuisance to the town." There is no support for the claim that the downward sloping portion of the “environmental kuznets
curve" reflects a causal relationship (Harbaugh ef al., 2002), but the correlation between increasing environmental damage
and income growth over some range of starting income has robust empirical support (Stern, 2018; Dinda, 2004; Dasgupta



throughout the 19" century increased pollution and led to the appearance of the infamous “London
Fog" (Clay and Troesken, 2010).

A central challenge in demonstrating that increasing incomes has a causal impact on pollution by
increasing mechanization has been the simultaneity of income growth and mechanization (Ebenstein
et al., 2015). As I’ve suggested, and show in a theoretical exercise in Section 2, rising incomes could
drive increases in mechanization by raising labor wages and leading firms to invest in labor-saving
mechanization.” Allen (2011) argues that firms choice to invest in labor-saving production techniques in
response to higher relative wages in England is the central reason the Industrial Revolution began there.
However, exogenous innovation in production techniques also leads to labor-saving mechanization
that raises labor productivity with wage increases coming as a consequence of higher productivity
(Solow, 1957).3

I show empirically that a policy raising incomes led to an increase in pollution. I address the
problem of simultaneity by measuring how air pollution changes after an exogenous shock to wages
generated by India’s Mahatma Gandhi National Rural Employment Guarantee Act (NREGA), the
world’s largest anti-poverty program. To explain the mechanism, I start by outlining a model showing
that rising incomes could lead to firms to invest in labor-saving, but polluting, mechanization.* My
model suggests that farmers may have responded to NREGA by mechanizing harvest. This is consistent
with both Hornbeck and Naidu (2014) and Clemens et al. (2018), who show that farmers mechanize
after shocks to the low-skill labor market in the U.S. Mechanization could lead to an increase in
cropland fires in India because it leaves between 80% and 120% more biomass on a field relative

to manual harvesting (Yang ef al., 2008; Jitendra et al., 2017). Biomass must be removed prior to

et al., 2002; Cole et al., 1997; Cuaresma and Heger, 2019; Wilebore et al., 2019).

%In section 2 I also discuss how Pigouvian policy could induce producers to adopt a cleaner labor-saving technology.
Rising incomes might also lead to worse environmental quality as consumption increases with higher incomes.

3Humphries (2013) and Kelly ef al. (2014) argue that wages were not in fact higher in England at the time of the
Industrial Revolution and adoption of labor-saving technology was driven by concerns other than wages. Higher subsequent
wages were a side-effect of increased labor productivity. Zheng and Kahn (2017) point out that the causality could also go
in the opposite direction: firms in polluted cities in 19th England had to pay higher wages to attract workers because of the
pollution.

4The mechanism increasing pollution in my model is different from, but not mutually exclusive to, arguments that
income’s causal impact operates by increasing consumption (e.g. Alix-Garcia et al. (2013)). I show evidence that the
consumption mechanism does not appear to be operating in my context.



planting and fires are the least expensive way to remove biomass (Ministry of Finance, 2018).

To explore these ideas, I use a difference-in-differences framework, taking advantage of the
staggered roll-out of NREGA coupled with data on nearly one million fires, to show that of NREGA
increased cropland fires by between 9% and 21%.> NREGA is representative of the common workfare
approach to raising incomes in which governments guarantee work in return for some combination
of cash and/or aid.® NREGA statutorily covers all rural districts in India and guarantees residents
employment on public projects that use low-skill labor. Wages on NREGA projects are set by the
statute and low-skill wages are paid by the Federal government. NREGA was rolled out sequentially in
roughly one third of the districts in India each year in 2006, 2007, and 2008. After the implementation
of NREGA, low-skill wages increased by between 4% and 8% (Imbert and Papp, 2015).

The contribution of cropland fires to air pollution is an acute policy challenge in India. As much as
40% of the pollution in Delhi during the winter may be due to crop residue burning (Bikkina et al.,
2019). Increases in cropland fires are believed to be a major reason that winter air quality in Delhi
is among the worst in the world (Shyamsundar et al., 2019) with levels of PM, 5 that exceed WHO
standards by as much as 1,000% (Liu et al., 2018). To my knowledge this is the first paper that
uses quasi-experimental methods and data from all of India to identify potential causes of the rise in
cropland fires. Satellite data allows me to construct measures that focus precisely on the outcome of
interest - cropland fires - as opposed to all fires.’

I show that air emissions also increase after the implementation of NREGA. Focusing specifically

on air pollution from burning biomass I show that NREGA increased the emission rates of particulate

5] solve a second problem, in addition to simultaneity, that has made studying the relationship between income growth
and environmental quality difficult. In many contexts, especially in developing countries, data on environmental quality is
sparse and mis-measured (Donaldson and Storeygard, 2016). This limits the ability of researchers to measure outcomes
over large spatial and temporal horizons. I use data on fire location from NASA’s MODIS satellite platform that provides
more than a decade of data on my primary outcome covering all of India to overcome this obstacle. I combine this with
remotely sensed data from the European Space Agency on land use across India to isolate fires that occur on cropland. By
focusing on cropland fires I am explicitly not examining the impact of NREGA on swidden or “slash-and-burn" agriculture.
In all my analysis I focus on mainland India and omit disputed territories.

5The World Bank records 94 labor-based programs active in 2018 among the 142 (66%) countries for which they have
programmatic data (Bank, 2018).

"The use of cropland fires to clear residue after harvest is a long-standing practice globally and contributes substantially
to local air pollution. Agricultural burning is widely used in Pakistan and China and is used more intensively in Africa than
anywhere else (Korontzi et al., 2006). The drivers of cropland fires appear to be similar across countries (Cassou, 2018;
Andini et al., 2018) thus understanding these drivers is important beyond India.



pollution. I join a growing body of literature in both development and environmental economics
that uses remotely sensed data to measure pollution over large areas with otherwise poor monitoring
coverage (Aufthammer, 2018; Barrows et al., 2018). I show that the rate of emissions from biomass
burning of black carbon, organic carbon, and SO, — pre-cursor pollutants to PM> 5 and PMyy —
increased by between 30% and 50% after the implementation of NREGA.8 I also show that the
number of months in which the Indian ambient standard for PM, 5 is exceeded increases by 11% after
implementation of NREGA.

In showing that NREGA increases pollution emissions I contribute to the literature on the health
impacts of NREGA (Thomas, 2015; Dasgupta, 2017; Nair et al., 2013). Emissions from cropland
fires have been shown to have negative health consequences (Rangel and Vogl, 2016; Pullabhotla,
2018) and so my results suggest that there may have been important health impacts from NREGA,
particularly in downwind districts, that are not captured by existing work.”

To use the variation in implementation timing to identify the impact of NREGA I must assume that,
in the absence of NREGA, the frequency of cropland fire would have evolved similarly in districts that
received NREGA in a given year and those that did not. This is a fundamentally untestable assumption.
However, as a proxy I find no evidence of pre-trends in cropland fires prior to the implementation
of NREGA. My results add to the growing literature on the impacts of NREGA by expanding that
literature to environmental and agricultural impacts.'® I also provide further evidence that large-scale
interventions in agricultural labor markets can have perverse effects (Lee et al., 2017).!!

Finally, I return to the mechanisms driving the increase in cropland fires. My model predicts that

if mechanization is the mechanism through which NREGA increased fires, districts that had more

8Biomass emissions are calculated from satellite emissions data (van der Werf et al., 2006).

°It is unclear whether my results suggest these previously estimated health impacts are an over or under-estimate of
the true effect. Previous estimates will be net of any negative effect within a district which suggests they underestimate the
true effect. However, downwind pollution created by NREGA means the SUTVA assumption may not hold in previous
studies employing difference-in-differences, which suggests that their estimates may be biased upwards.

10The large literature on the impacts of NREGA on labor markets and other outcomes motivated and informed this
project. For a comprehensive review see Sukhtankar (2016). Bhargava (2014) and Gehrke (2013) are particularly notable
for examining the impact of NREGA on agricultural production practices and output.

I'These effects are not always negative. If development depends on increasing the productivity of the agricultural sector
shifting to mechanization may be a positive outcome (Herrendorf er al., 2013). The negative effects arise here because of a
failure to internalize social costs of pollution.



fires prior to NREGA should have seen larger increases after the implementation of NREGA. Further,
districts where more farms had mechanized prior to NREGA should also see a greater increase in the
number of fires after NREGA. To test these predictions I conduct two heterogeneity analyses. In the
first I examine the differential impact of NREGA by the number of pre-NREGA fires in a district.
In the second I assign each district a score in a mechanization index and examine how the impact of
NREGA varies across this index.!?

I show that NREGA leads to a large increase in cropland fires in districts with high levels of
pre-NREGA fires using both the national set of districts in which NREGA was implemented and a
subset of districts in which an RCT randomly improves the implementation of NREGA.'? Next, I show
in the full sample that fires increase by 27% in districts with the highest mechanization score compared
to no statistically significant change in districts with low mechanization scores. I measure the same
pattern of results in the RCT data. This pattern of impacts is consistent with my model predictions and
suggests that mechanization in response to higher wages may be the channel through which NREGA
increased cropland fires. This complicates policy recommendations encouraging distribution of land
among many small farms (Sanchez et al., 2019). There is a clear positive relationship between farm
size and fire use in India, consistent with larger farms being more able to mechanize.'* On the other
hand, precisely because larger farms are more likely to enjoy economies of scale and be able to afford
capital investments, they may be more able to invest in capital equipment that enables shifts away from
fire use (e.g. seed drills) (Shyamsundar et al., 2019; Cassou, 2018).

To further isolate the mechanization channel I test for evidence of two alternative mechanisms:
(1) an increase in production that may have led to more fires and (2) a shift in cropping patterns
due to NREGA'’s role as implicit insurance. Increases in income driven by NREGA may have led to
changes in local demand that raised production. I show reduced form estimates of NREGA’s impact

on total hectares planted and total tonnage produced that suggest there were not large changes in the

121 construct the mechanization index based on predictors of mechanization cost, including the level of mechanical
harvesters, collected from the Indian Agricultural Input Survey.

131 analyze data from the RCT conducted by Muralidharan et al. (2016) in Andhra Pradesh.

14Evidence from both China (Wang et al., 2018) and Indonesia (Yamauchi, 2016) support the claim that larger farms
are more able to substitute mechanization for labor.



area or tonnage of crops specifically associated with the use of fires.!> Alternatively, NREGA provided
implicit insurance that may have allowed farmers to shift into higher value but higher variance crops.
While others have found that NREGA induced shifts into higher value crops (Raghunathan and Hari,
2014) I do not find evidence of an increase in the overall volume of agricultural output due to NREGA.
Further, the crops that are shifted into are not associated with the use of fires in my data.

My results speak to the growing body of work on “envirodevonomics" outlined by Greenstone
and Jack (2013) and the general question of how economic development — and concurrent changes in
incomes, consumption, and production — impacts environmental quality.'® T contribute most directly to
the work examining the environmental impacts of raising incomes (Alix-Garcia et al., 2013; Gertler
et al., 2006).'7 T move this work forward by showing, using an exogenous shock, that raising incomes
led to an increase in pollution and introducing evidence that the up-sloping portion of the EKC may
capture a causal relationship in some settings. '3

The trade-off between income growth and environmental quality does not imply that governments
should not strive to raise incomes. Rather, the trade-off necessitates understanding the mechanisms
linking income growth and environmental quality to promote policies that maximize both. Producers
may respond to income raising policy by choosing production processes with higher environmental
externalities.!” Government’s should employ appropriate Pigouvian policies (Weitzman, 1974; Stavins,

1996; Blackman, 2010; Kremer and Willis, 2016) at all levels of development to ensure producers

5Data on agricultural outcomes comes from the ICRISAT Meso dataset (Rao et al., 2012).

16po]lution, in particular air pollution, tends to be substantially above recommended limits in developing countries
(Alpert et al., 2012; Liu et al., 2018) and these elevated levels of pollution lead to meaningful negative impacts on health
and other economic outcomes (Cropper et al., 2012; Ebenstein et al., 2017; Barrows et al., 2018). Work examining the
causes of these elevated levels of pollution has focused on institutional failures (Greenstone and Hanna, 2014) and potentially
lower willingness to pay for environmental quality (Kremer et al., 2011).

17This work has often focused explicitly on the impact of anti-poverty programs. Alix-Garcia et al. (2013) show
evidence of an anti-poverty and environment trade-off in places with little market access. But the same low levels of market
access that drive the negative effects they observe may generate positive environmental change in other settings (Barbier,
2010). Determining the extent of this trade-off is especially important because the poor disproportionately live in more
environmentally degraded areas (Dogo et al., 2017).

18The need for government policy to encourage firms to choose less polluting technology in my model supports arguments
that the downward sloping part of the EKC is driven by policy changes and does not result causally from income growth (see
e.g. Frankel (2003))

19The opening example of England in the Industrial Revolution provides a non-agrarian example where increased labor
costs led to increases in mechanization, and power demand, in manufacturing that results in higher pollution.



consider the full costs associated with their choices.2?

1.2 A model of mechanization driven by wage changes

The setting in which I examine the impact of income growth on pollution is the Indian agricultural
sector, but the model I present here is more general. It could apply broadly to any setting in which firms
face a choice among multiple production technologies, some more labor intensive than others, and
where the labor saving production technologies produce at least weakly more pollution externalities
than the labor intensive technology. I start by outlining the general model and then discuss the
predictions it makes in my specific context of Indian agriculture.?!

Farmers produce crops that they sell at fixed prices, normalized to one. Each farmer has a fixed
quantity of land A > 1 with fixed productivity. They face a choice between production technologies
they can use to produce crop Y. One is a labor intensive production technology G(L) and one is a
capital intensive technology F(L). F relies on mechanization to produce output so also includes the
use of fire to clear residual biomass. There is no fire used in G. Farmers do not consider the social
costs of F and G but I assume that F imposes a cost of emissions e > 0 on society. e is monotonically
increasing in the number of farmers who employ F. Workers earn wages w and capital is purchased
at a fixed cost. Farmers are price takers in both labor and capital markets, reflecting the relatively small
size of most agricultural operations in India.

I assume that F(L) > G(L) forall L, 0 < F(L) < G'(L), and F'(L) < 0,G (L) < 0.

Further, F~1(x) < G ~!(x). Farmers face the associated profit conditions 76 = AG (L) —wL

and it = AF (L) — K — wL and jointly choose a production technology and optimal level of labor

L to maximize profits. Farmers will adopt F(L**) when the increase in profits exceeds the cost of

20K remer and Willis (2016) discuss the details of how governments should design Pigouvian subsidy policies to encourage
the uptake of durables that reduce social ills. Their context is latrines to limit open defecation but the model applies to
tractors that reduce air pollution as well. They argue that they dynamically optimal Pigouvian subsidy may be declining
over time.

211 draw heavily on both Hornbeck and Naidu (2014) and Clemens et al. (2018). Hornbeck and Naidu (2014) show an
increase in out migration of relatively unskilled labor leads to an increase in the use of labor-saving capital in response.
Clemens et al. (2018) show how farmers rapidly mechanize agricultural production in crops with a readily available
mechanization technology in response to a change in U.S. immigration policy that substantially reduces the supply of migrant
labor from Mexico.
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switching to capital intensive production (K). The gap in profits between F(L**) and G(L*) is larger

when farmers have more land, which leads to the following proposition:

Proposition 1. There exists an A > 0 such that iff A = A then ¥ = n©, iff A > A then nF > n©
and farmers choose F, and iff A < A then ¥ < 7€ and farmers choose G. A = % such
that A is increasing in K and decreasing in w. Further, e is decreasing in A. For proof see appendix

Al

NREGA acts as a shock to the agricultural labor market that makes it more difficult for farmers to
hire labor. As a result, NREGA raises the equilibrium wage in the agricultural labor market (Imbert
and Papp, 2015). Farmers face the same choice between G and F but the increase in w implies that
Apost,NREGA < Apre,NREGA and so the number of farmers using F increases.

Finally, as an extension, consider a third production technology J¢ where C denotes that this is
a clean technology. Specifically, e¢ < ¢ < ef so that emissions associated with the sustainable
technology are lower than with the new technology that farmers adopt. This could be because the
new technology does not require the removal of residue (i.e. no till) or mechanizes the removal so
that burning is not necessary (Shyamsundar et al., 2019). However, consistent with the experience of
Indian farmers, KX > K such that the low emissions technology is more expensive to adopt than the
existing labor saving technology. This highlights that without Pigouvian policy setting a price T on the
emissions associated with the existing labor saving technology (so that the farmer faces a choice of K¢

versus K + T) the adoption of J© will be below the social optimum.

1.2.1 Heterogeneity in fire response

Assume A is distributed such that A = Ap + u where u has a distribution H () that is constant

across space and the median A, Ap, varies by district. Then

Proposition 2. The level of pollution e in a district is increasing with Ap if A is everywhere greater
than Ap and y has a constant mean zero distribution that is single-peaked at 0. For any two districts
D and D' the increase in pollution for an € shift downwards in A will be greater in D' ifAp < Apy.

For proof see appendix A. 1.
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This implies that for a given wage shock some districts may see larger changes in fires. In particular,

those districts where the Ap is higher prior to NREGA will see larger increases.

1.3 Agricultural fires in India and NREGA

In this section, I provide brief background on the use of fires in agriculture to clear crop residue in

India and on the NREGA workfare program. I begin with a discussion of the use of fires.

1.3.1 Fires in Indian agriculture

While slash-and-burn agriculture is still widely used in some parts of the world (notably Africa and
Indonesia) (Korontzi et al., 2006; Andini et al., 2018) the predominant use of fire in agriculture in
India today is to clear harvest residue off of fields in order to prepare the field for the subsequent

season’s planting (Jain et al., 2014; Bhuvaneshwari et al., 2019).22

Fires are widely used despite being
nominally illegal since the mid-1990s (Lohan et al., 2018). While governments in some states have
begun to enforce these laws, the expected cost of violation is small. In 2012 the state government of
Haryana handed out a total of roughly $12,000 in fines (Anand, 2016). That works out to an expected
fine of 0.75USD per fire in the state. Farmers face an average marginal cost of roughly 50USD to clear
their fields of residue without using fire (Ministry of Finance, 2018).

While fires offer an easy and inexpensive means of clearing crop residue, they have substantial
negative effects. The primary negative effect is the increase of both local and global air pollutants. The
largest source of carbonaceous particulate matter globally is crop residue burning (Cassou, 2018).
NASA data on the practice suggests that agricultural fires contribute an average of 12.5 million tons
of carbon emissions annually, roughly 1% of the global emissions from agriculture (NASA, 2017a;
Smith et al., 2014). More significant than their contribution to climate change is the impact that
cropland fires have on local air pollution and health. Source-apportionment studies have suggested that

pollution from cropland fires can raise local concentrations of PM» 5 to more than 1,000% above the

WHO 24-hour guideline of 25ug/ m3 (Bikkina et al., 2019; Balakrishnan et al., 2019; Liu et al., 2018).

22For a brief discussion of the history of fire use and details of its global use see appendix section A.2.
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Exposure to these elevated levels of pollution leads to reductions in child height for age and weight for
age scores (Singh et al., 2019; Rangel and Vogl, 2016) and increased infant mortality (Pullabhotla,
2018).

There is a large body of literature that shows exposure to high levels of general particulate pollution
— not solely pollution from crop burning — has negative economic consequences aside from health
effects. Hanna and Oliva (2015) show reductions in pollution levels in Mexico City due to a refinery
closure increased weekly hours worked. Chang er al. (2016) show substantial declines in worker
productivity as exposure to PM» 5 increases in California and Deschenes et al. (2017) show that
individuals make substantial defensive investments to avoid the consequences of air pollution. Air
pollution exposure may also have significant long-run effects, particularly on the formation of human
capital. Ebenstein et al. (2016) shows that exposure to particulate pollution reduces student test
scores while Voorheis er al. (2017) argues that early life exposure to elevated air pollution levels
reduces college attendance by 19-22 year-olds in the U.S. There is also evidence that elevated levels of
particulate pollution have direct negative consequences for agricultural yields (Burney and Ramanathan,
2014).

Frequent and long-term use of crop residue burning may also decrease the productivity of agricul-
tural land (Smil, 1999; Vasilica et al., 2014; Sawyer, 2019; Prasad et al., 1999; Mandal et al., 2004). It
does so by destroying micro-nutrients in the soil and removing valuable fertilizer including nitrogen
and phosphorus. Others have argued, however, that the extent to which burning negatively impacts
soil quality is highly dependent on the type of soil. Further, farmers who shift from a production
process that includes burning to one that removes residue from the field without burning may suffer
short-term yield losses if they fail to adjust their use of fertilizer as well (Jain et al., 2014; Bhargava,
2014).

The use of fire is particularly prevalent in the parts of India that grow crops in a coupled rice-wheat
cropping system (Jain et al., 2014; Prasad et al., 1999) because of the short turn-around time between
harvest of rice and planting of wheat. In this system farmers plant rice during the monsoon season
(“kharif"), roughly from August to December, and wheat immediately following rice harvest during the

pre-monsoon (“rabi") season from January to March or April. This system of agriculture is particularly
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widespread in Punjab, Haryana, Uttar Pradesh and Uttarakhand (NAAS, 2017). It is worth noting
that Andhra Pradesh, the location of the RCT I analyze, is not a major producer of wheat or rice and
the rice-wheat cropping process is not widespread in the state.??

The other major Indian crop in which fire plays a role in the production process is sugarcane.
Here the fields are burned prior to harvest, and residue is burned after harvest, to make it easier to
conduct the harvest (Rangel and Vogl, 2016; Jain et al., 2014). In India the primary states producing
sugarcane and burning residue are Uttar Pradesh, Karnataka, and Gujarat (FLA, 2012).

Figure 1.1 shows the general pattern of cropland fires across India in the years from 2003-2005,
prior to the implementation of NREGA. Consistent with the expected pattern of fire use by crop
type, fires are concentrated in the northwest and Indo-Gangetic plain. The sugarcane producing areas
of the country also show some local hot spots. Areas that predominantly produce oilseeds, namely
Rajasthan and Maharashtra, have low levels of fire.

My data confirms that districts that plant more rice, wheat, and sugarcane have more fires in the
pre-NREGA period. Areas with more land in larger farms also appear to have more fires. In table 1.1 I
show the correlation between several district characteristics in the pre-NREGA period and the level
of fires over the same time period. Column one shows the univariate relationship while column two
shows the results including all predictors in the same regression. Areas that have a higher per capita
GDP in agriculture see more fires, although this relationship becomes much weaker and less significant
when accounting for the total area planted in fire-associated crops in the district. The same pattern
can be seen in the relationship between combines and fires. The presence of combines is important
because in the rice-wheat production process existing work has suggested that farmers who harvest
with combines are more likely to use fires (Yang et al., 2008; Jain et al., 2014; NAAS, 2017). Like
with agricultural GDP this relationship becomes much weaker when incorporating cropped area, likely
because of colinearity between combine presence and area in rice/wheat and the amount of land in

larger farms.

23In appendix figures A.7a-A.7c I show the distribution of wheat, rice and sugarcane production across India in the
pre-NREGA period. I also show maps of the average crop coverage on October 315 each year as an approximation of
which areas most heavily engage in rice-wheat production in appendix figures A.8 and A.9. It is clear from these that Andhra
Pradesh, the location of the RCT improving NREGA implementation, does not heavily use rice-wheat production.

14



1.3.2 NREGA
Roll-out of NREGA

The objective of NREGA is explicitly to provide employment to rural households on projects that create
public assets that “address causes of chronic poverty...so that the process of employment generation
is on a sustainable basis" (GOI, 2007). The essential feature of the program is a guarantee of 100 days
of employment for rural households in a given financial year. The first districts received NREGA in
February of 2006 (“phase 1"). The targeting formula used to select these first districts is unknown
(Sukhtankar, 2016).2* However, the government had an explicit goal of including the poorest districts
in the country in the first wave and every state had to have at least one district in the first wave (Shah
and Steinberg, 2015).25 After the initial roll-out another 130 districts received the program in April
2007 (“phase 2") with the remaining roughly 270 districts receiving the program in April 2008 (“phase
3.

Table 1.2 summarizes the pre-NREGA (pre-2006) level of a number of measures of economic
development and the primary outcome variables in this study by NREGA phase. The table highlights
that earlier districts were on average poorer, more rural, slightly more agricultural and had less land
in cash crops than later districts. Differences between each phase are not equal however, with the

largest differences between districts in the first two phases and those in phase three.

Impact of NREGA in the literature

Despite, or perhaps because of, the size of NREGA, program implementation has been inconsistent.
This inconsistency has resulted in heterogeneous impacts across states and difficulty in precisely
assessing the true impact of NREGA.?% In the most comprehensive review of the research on NREGA,

Sukhtankar (2016) suggests that there are four aspects of NREGA that the substantial literature

24For details on the history of workfare in India as well as background on the structure of NREGA see appendix section
A3.

25States may have explicitly considered the poverty level of districts when assigning them to phases (Zimmermann, 2013;
Shah and Steinberg, 2015; Commission et al., 2003).

26Qne reason for the heterogeneity in implementation has been substantial corruption and rent-seeking by implementing
officials (Niehaus and Sukhtankar, 2013; Jha et al., 2009).
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agrees on: (1) the above mentioned heterogeneity in impact, (2) despite the statutory requirement that
employment be provided on demand there has been meaningful rationing of employment provision, (3)
NREGA has increased rural, private sector wages, and (4) the overall impact on rural productivity is
ambiguous.

There is wide consensus in the published estimates that NREGA increased unskilled wages by
between 5% and 8%, increased labor participation in public works, and may have led to declines in the
supply of labor to the private sector (Azam, 2011; Sukhtankar, 2016; Berg et al., 2012; Imbert and
Papp, 2015). The most commonly cited study (Imbert and Papp, 2015) shows that NREGA increased
wages of low-skill workers by 5% on average. This increase is concentrated in the dry season, when
they show the bulk of NREGA work occurs, and is accompanied by a decline in private sector labor
supply of 1.3%. When they focus on the states in which the fraction of time spent on public works
projects by rural, prime age adults was above one percent (“star" states), they find wages increased
by 9% and private sector employment fell by 3%. Deininger and Liu (2013) shows that NREGA led
to an increase in the accumulation of non-financial assets in the medium run. They suggest that the
overall increase in wage income exceeded the program costs. Raghunathan and Hari (2014) shows
that farmers plant riskier crops after the implementation of NREGA which increases their incomes
above the direct wage support of the program. Berg et al. (2012) suggests that the wage increase
takes between 6 and 11 months after program implementation to materialize and is biased towards
low-skill labor.

In the only large-scale RCT on NREGA to-date (Muralidharan et al., 2016), the data of which I
re-examine here, (MNS) shows that improving the implementation of NREGA increases wages by
7%. They focus only on Andhra Pradesh but note that the similarity in the size of their estimates on
the impact of improving NREGA to the impacts of initial implementation highlight the importance
of implementation heterogeneity. They also do not find substantial evidence of impacts on migration

but note that their migration data differs from the data used in previous studies.?’

270Other attempts to estimate the impact of NREGA on migration have been limited but suggest it may have had important
impacts. A government review of the impacts of NREGA claims that the program led to a 27% decline in cross-district
migration caused by economic distress. One of the few academic studies of the impact of NREGA on migration finds a
reduction in rural to urban migration of around 8% (Imbert and Papp, 2014). While not direct evidence of reductions in
migration, several studies have estimated a positive spillover of NREGA on wages in neighboring districts that is hypothesized
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The impact of NREGA on education also suggests NREGA tightened local labor markets. Shah
and Steinberg (2015) show that NREGA decreased the educational attainment of 13-16 year-olds by
decreasing school enrollment. The effects are similar for boys and girls. They suggest that NREGA
induces these changes by tightening local labor markets which raises the opportunity cost of schooling.
As a result, boys leave school to provide labor in the market and girls substitute into domestic work.

Thomas (2015) finds positive impacts of NREGA on a number of health outcomes. Infant mortality
declines by 6% and maternal mortality declines by 10%. These declines appear to be driven by an
increase in the rate of breast feeding, institutional delivery, and immunization. Similarly Dasgupta
(2017) shows that NREGA reduces the negative impact of droughts on height for age by improving
child nutrition.?® Overall the evidence on health outcomes is broadly consistent with the hypothesis
that, by increasing incomes, NREGA also led to improved health outcomes.

Overall the existing literature on NREGA suggests that it had positive impacts on wages, incomes,
and potentially health outcomes. It is clear that NREGA had meaningful impacts on local labor markets.
In particular it appears to have tightened labor markets, especially for unskilled labor, by providing
an outside option for unskilled labor in the form of public works at a wage that may have been above

the prevailing agricultural wage and therefore made unskilled labor more expensive (OKeefe, 2005).

1.4 Research design and implementation

I follow much of the existing literature analyzing NREGA and utilize a difference-in-differences
framework that takes advantage of the phased roll-out of NREGA across the country to examine its
overall impact on the use of fires in agriculture. As a robustness check, I also utilize the treatment

pattern from the MNS experiment to determine if improving the implementation of NREGA leads to

to operate via reductions in inter-district migration (Prasann, 2016; Muralidharan et al., 2017). These estimates suggest
that wages in neighboring districts may have increased by as much as 9% and that the estimated impact of NREGA on wages
in districts in which it was implemented may be substantially underestimated due to these spillovers.

28Beyond Thomas (2015), comprehensive research on the health impacts of NREGA is difficult to find. Nair et al. (2013)
use a small sample of households in Rajasthan to show that the incidence of child stunting and malnutrition is lower among
families that participate in NREGA projects. Uppal (2009) finds weak evidence that participation in NREGA improves a
variety of child health measures in Andhra Pradesh. Sharma (2015) shows that participation in NREGA improves child
health outcomes as proxied by height and weight measures. Banerjee and Maharaj (2019) shows that NREGA reduces the
negative impact of extreme heat on infant mortality.
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an increase in cropland fires.

1.4.1 Data

In this section, I describe the primary outcome measure — cropland fires — as well as the construction

of several key control variables.

Cropland Fires: The source of the raw data on fire presence comes from from NASA’s Fire
Information for Resource Management System (FIRMS).?’ The FIRMS data provides the latitude
and longitude and detection time of fires around the world using imagery from the MODIS and
VIIRS imaging platforms. For all the primary analysis I use only data from MODIS because VIIRS
does not provide sufficient temporal coverage.>* MODIS Aqua imagery is available from mid-2002
to the present. Imagery from the satellites are collected every 6-12 hours for every point on earth and
are processed using NASA’s image processing algorithm to identify fires based on the emissions of
mid-range infrared radiation. The algorithm is designed to filter out spurious signals (e.g. solar glare
and gas flaring). NASA suggests that the imagery can detect fires as small as 50m? if conditions are
ideal and at sizes around 100m? under average conditions. They also report that fires are located at
the correct location with a spatial margin of error of less than 100m on average. Unfortunately, the
resolution of MODIS is such that the data available in FIRMS only measures whether at least one
fire exists in given square kilometer. As a result, MODIS does not provide any information about the
size of the detected fire or the total burned area. Further, it does not distinguish between pixels with

only one fire and those with multiple fires.

I combine the FIRMS data on fire presence with remotely sensed landcover data from the European
Space Agency’s Copernicus system to determine the land uses on which fires occur.?! Copernicus land
cover data assigns each pixel to a land class based on imaging that measures its reflectivity. Classes

include water/ice, urban, wetland, irrigated cropland, non-irrigated cropland, various classes of forest,

291 primarily use data from MODIS, available here: https://earthdata.nasa.gov/firms
30See the appendix for additional details on the difference between MODIS and VIIRS imagery.

31Copernicus data is available here:https://land.copernicus.eu/imagery-in-situ
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and various classes of dry shrubland. I use the cropland classes to determine which fires occur on
cropland and focus my analysis on these cropland fires. I assign cropland fires based on land use in
2006. I supplement the land use data from Copernicus with additional polygon layers from the Harvard
Center for Geographic Analysis (CGA) that identify roads and urban areas in India. I verify that my
cropland fires do not include any fires that occur in locations that the CGA defines as urban. Finally,
I aggregate the assigned cropland fires to the subdistrict or district by month level.

Figure 1.1 shows the annual average number of monthly fires per subdistrict prior to NREGA. Fires
are concentrated in the northwest of the country, particularly in Punjab, and along the Indo-Gangetic
Plain. However, it is clear that burning occurs on cropland throughout India. Both of these facts
are confirmed by figure 1.2 showing the distribution of states by mean monthly fires in subdistricts.
While fires are used in most states in India, their use in Punjab and Haryana is far more widespread than
in other states (see notes on figure 1.2). Note that Andhra Pradesh, the location of the RCT conducted
by MNS, is roughly in the middle of the distribution. As a result it may be broadly representative of
the median state in terms of the frequency of cropland fires but it does not appear to be representative
of the areas in which fire use is most widespread. However, splitting the subdistricts that are included
in the MNS RCT into quartiles based on the frequency of cropland fires prior to NREGA suggests
that the RCT subdistricts in the fourth quartile more closely resemble the states in which fires are
used most frequently. For example, the subdistricts in Haryana have a monthly average of 3.37 fires
prior to NREGA compared to a monthly average of 2.6 in subdistricts in the fourth quartile of RCT

subdistricts in Andhra Pradesh.

Weather Controls: I collect weather re-analysis data from ERAS. ERAS is a weather re-analysis
product produced by by the European Commission’s Copernicus Climate Change Service.’> When
working with weather data there is a trade-off between using re-analysis data, which combines
observed data with a physics model to provide data at a fine resolution over long time periods, and
data collected from weather stations. Station data has the advantage of being based only on
observation and not including a modeled component. However, station networks often lack complete

geographic coverage of a given study area and station records may be incomplete, introducing

32Data available here: https:/cds.climate.copernicus.eu/cdsapp!/dataset/reanalysis-era5-land tab=overview
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FIGURE 1.1: PRE-NREGA FIRES BY SUBDISTRICT
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NOTES: The count of total fires by subdistrict in the
years 2003-2005, prior to implementation of NREGA.
Darker areas had more fires. White areas had no fires.
Data comes from the NASA FIRMS database.

temporal gaps in coverage as well. Re-analysis solves these problems but relies on models to do so.
Despite the reliance on models, re-analysis data is broadly believed to provide a reasonable best
estimate of weather variables (Auffhammer et al., 2013). As a result, it is widely used in both
environmental and development economics (Schlenker and Lobell, 2010; Hsiang, 2016; Emerick,

2018). I chose re-analysis data for this project because comprehensive station data is not available.

Specifically I use data from the ERAS Land hourly product. This provides data at an hourly level
on a grid of 0.1°x0.1°, which translates to a 9km resolution. ERAS5 Land is an improvement over
the existing, widely used ERA-Interim product (Garg et al., 2018; Barrows et al., 2018). Hersbach

(2016) discusses the technical improvements of ERAS Land over ERA Interim. I collect data on
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FIGURE 1.2: MEAN MONTHLY CROPLAND FIRES BY STATE FROM 2003-2005
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NOTES: The mean of the average number of fires
within each subdistrict in a state. The mean for Andhra
Pradesh, the location of the RCT, are shown with a
lighter color bar and highlighted in red. The mean num-
ber of fires is calculated by finding the average number
of fires by subdistrict across the pre-NREGA years and
taking the mean of these by state. The overall average for
Andhra Pradesh, the location of the MNS RCT, is shown
as well as the mean for the subdisricts in each quar-
tile of the distribution of the number of pre-treatment
fires. These are highlighted in red. The following are
omitted from the figure because their levels are so high
including them would make it difficult to see variation in
the remaining states: Punjab (Mean: 18.88), Haryana
(Mean:3.37), and Andhra Pradesh, Q4 (Mean: 2.61).

cloud cover, temperature, and precipitation over the full sample from 2003 to 2014.33 T aggregate these
weather variables to the district level in the primary analysis and the subdistrict level when I work with

the RCT sample.

Agricultural Data: I collect data on Indian agriculture from a number of sources. The first is the
ICRISAT Meso data (Rao et al., 2012). This data is collected by the International Crops Research
Institute for the Semi-Arid Tropics and measures the performance, structure, and behavior of the

agricultural economy at a district level in India since 1966. I use data from 2003 to 2014. Because

331n on-going work I am collected data on wind speed and direction for the same grid points.
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Indian district boundaries have changed over time they provide both an apportioned, where they
adjust data for boundary changes, and unapportioned data in which data is not re-apportioned based on
changes. I use the unapportioned data and manually re-apportion data to the district boundaries as they
were recorded in the 2001 census to align with my other data sources. I use data on district level

cropping patterns and land holdings from ICRISAT.

I supplement agricultural data from ICRISAT with data from the Indian Ministry of Agriculture.
I scrape agricultural census data from 2001, 2005, and 2011 at the district and subdistrict level. This
provides additional data on characteristics of agricultural holdings and planting patterns at the district
level to supplement ICRISAT data and provides resolution at the subdistrict level not available in
the ICRISAT data. I also scrape the agricultural input survey data from 2001, 2006, and 2011 to
collect data on machine inputs to production.?* I also scrape data from the cost of cultivation survey to

measure trends in input costs at the state level.

SHRUG Data: To measure baseline conditions in the districts in the primary analysis I use data
from the 2001 Census compiled in the new Socioeconomic High-resolution Rural-Urban Geographic
panel for India (SHRUG) dataset (Asher et al., 2019). I use the night lights data provided in SHRUG
in robustness checks as well.

Pollution Data: Previous work on the relationship between agricultural fires and pollution has relied
on data from air quality monitoring stations (Pullabhotla, 2018). Like with weather data this has the
disadvantage of limiting the analysis of pollution to areas with monitors that have been active over
the full time period. To get around this issue, I use satellite data from the Modern-Era Retrospective
analysis for Research and Applications (MERRA) database provided by NASA (Rienecker et al.,
2011). This is a satellite based product used by economists to study air pollution from coal fired power
in India (Barrows et al., 2018) that provides data on the monthly average emissions rates for black
carbon, organic carbon, and sulfur dioxide (SO;) on a 0.5° x0.625° grid. Importantly for my study,

MERRA separately identifies the emissions of the above pollutants by source, including biomass

34The agricultural census can be found here: http://agcensus.dacnet.nic.in/districtsummarytype.aspx. The agricul-
tural input survey can be found here: http://inputsurvey.dacnet.nic.in/districttables.aspx. Cost of cultivation data is here:
https://eands.dacnet.nic.in/Cost_of_Cultivation.htm.
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burning. I also collect concentrations of black carbon, organic carbon, sulfur dioxide, and sulfate

which allows me to calculate the concentration of PM; 5 (He er al., 2019).

1.4.2 Empirical framework

Following the difference-in-differences method of Shah and Steinberg (2015) I estimate the effect of
NREGA on fire use from the change in fires before and after implementation of NREGA within a
district controlling for month by year and district fixed effects.® In the primary framework, districts
are treated when NREGA becomes statutorily effective in the district. In the RCT robustness checks,
treatment occurs after the baseline surveys occurred as in MNS.?¢ As a result, in both cases I am
estimating the Intent to Treat (ITT) effect.

I assume that the number of fires Fimy in district i in month m of year y follows a Poisson
distribution. This is appropriate given both the count nature of the data and the skewness of the

distribution of monthly fires. The standard probability density function is:

A=A
P= i (1.1)
which becomes:
f(Pimy|Ximy) = exP( - ,U(Xz'my)),u(Ximy)Fimy/Fimy! (1.2)

where X, is the set of observed covariates and ;Lt(Ximy) =E [Fimy |X,'my] =E [Fimy]Nimy, Omy, i, Wimy]
is the link function that defines the conditional mean of F;,,, given Xy, in parametric form. I assume

the standard exponential form for y (Ximy) (Ranson, 2014) and taking logs of both sides get:

log <I/‘(Xz‘m}/)> = BNimy + @0iWiny + Oy + ¥ (1.3)

35In my setting all districts are eventually treated. There has been an explosion of econometric research on the use
of difference-in-differences in settings like mine including De Chaisemartin and DHaultf(Euille (2017); Roth (2018);
Goodman-Bacon (2018); Athey (2018); Abraham and Sun (2018). Although several propose adjustments to the standard
difference-in-differences model they are not straightforward to implement in my Poisson fixed effects model. I am in the
process of implementing the fuzzy difference-in-differences approach suggested by De Chaisemartin and DHaultf(Euille
(2017). Goodman-Bacon (2018) and Abraham and Sun (2018) suggest that even if the difference-in-differences estimator is
biased by varying treatment effects over time, the event-study, which I show below, accurately illustrates treatment effects
even if every unit is treated eventually.

36 Appendix figure A.2 shows the pattern of NREGA roll-out. Appendix figure A.3 shows the treatment pattern from
Muralidharan et al. (2016).
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where Njy,, is an indicator that NREGA had been implemented in district i in month 7 and year y.
Wimy is a vector of weather controls including minimum and maximum temperature, cloud cover,
and total precipitation. J;,,, is a month X year fixed effect and ¢; is a district fixed effect. I estimate
versions of equation 1.3 with and without W;,,,,. Because of the impact that cloud cover has on the
ability of satellites to detect fires and the impact that temperatures and precipitation can have on the
presence of fire, my preferred specification includes Wimy.37 B is the estimate of interest and measures
the approximate percentage change in monthly fires after the implementation of NREGA.® I cluster

standard errors at the district level (Abadie et al., 2017).

I estimate this fixed effects Poisson model using maximum likelihood (Hausman et al., 1984;
Wooldridge, 1999; Correia et al., 2019). 1 choose a Poisson model both because of the count and
skewed nature of the outcome fire data and because of the properties of the fixed effects Poisson
estimator.>® Since fires are not used in every district or every month my data has many zeros. The
Poisson model accounts for these zeros more easily than a linear fixed effects model with log(F;,)
and avoids the bias caused, when the share of zeros is non-trivial, by some common methods of
transforming data to account for zeros (Nichols et al., 2010). Further, the fixed effects Poisson,
estimated using maximum likelihood, produces unbiased estimates of the coefficients even if my fire
data does not exactly match the Poisson distributional assumptions (Wooldridge, 1997, 1999; Lin and
Wooldridge, 2019). The same cannot be said for other common approaches to dealing with data with

many zeros like the negative binomial or zero-inflation model (Blackburn, 2015).40

Another advantage
of the fixed effects Poisson is that it avoids the incidental parameters problem (Charbonneau, 2012;

Cameron and Trivedi, 2001) which allows me to estimate a model with a large number of geographic

37Cloud cover introduces non-classical measurement error into my estimates and failing to control for it may lead to
attenuation bias (see appendix section A.4). There is also evidence that large-scale burning induces cloud creation (Fromm
et al., 2010; Gatebe et al., 2012; Jain et al., 2014). This will exacerbate the attenuation effect.

38The precise interpretation of B is the difference in the logs of the expected count of fires. For small changes this is
approximately equal to the percent change in the count of fires.

39 As a robustness check I run a standard OLS fixed effects specification as well. Results are qualitatively the same.
40Ranson (2014) points out that this robustness does not hold for the covariance matrix. I run robustness checks where

I bootstrap my standard errors as suggested in Ranson (2014). The results of the bootstrapping confirm the results from the
primary estimation technique.
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and temporal fixed effects.

In any difference-in-differences study the crucial identifying assumption is that the trends in
the outcome variable, in this case cropland fires, would have been similar across all groups without
the treatment. This is a fundamentally untestable assumption. Instead, common practice is to test
whether the trends were parallel prior to the implementation of the policy being evaluated. Here that
requires that the trend in cropland fires in the years leading up to treatment in phase 1 districts was
similar to that in phase 2 and phase 3 districts. Like Imbert and Papp (2015) and Shah and Steinberg
(2015) I am relying on the assumption that the assignment of districts to NREGA phases was based
on features of the district that do not include the trend in fires and are not correlated with trends in
fires.

I show evidence in figure 1.3 that the trends in pre-NREGA fires did not differ across the phases.
Figure 1.3 shows the results of an event study on the year of NREGA implementation where the
outcome is monthly cropland fires. There is a clear and significant increase in fires after the implementa-
tion of NREGA but little evidence of trends in the number of fires prior to NREGA’s implementation. I

show event studies for a number of other outcomes (e.g. area planted in various crops) in the appendix.

Framework for analyzing the RCT data

The RCT conducted by MNS focused on improving the implementation of NREGA by improving
the provision of biometric smartcards connected to bank accounts that enabled electronic payment of
NREGA wages.*!. Electronic wage payments reduced the opportunity for corruption in the payment
process, reduced the time between work and payment, and increased the likelihood that workers
received payment for their participation in NREGA. This in turn increased participation in NREGA
projects and wages received from NREGA projects.

The government of Andhra Pradesh (GoAP) began the initial smartcard program in 2006 with the
beginning of NREGA. However, early implementation was heterogeneous because different banks

were used to implement the program in different districts. In 2010 the GoAP restarted the program in

411 provide a brief description of the RCT here. For more details see the appendix or Muralidharan et al. (2016) and
Muralidharan et al. (2017)
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eight districts in which initial implementation had been particularly poor. MNS were able to randomize
the timing with which subdistricts in these eight districts received the new program. Specifically, 112
of the subdistricts were assigned to a treatment group, 45 to a control group, and the remaining 139
to a buffer group. The treated subdistricts received the program beginning in June 2010 and there was a
two year lag between implementation in the treated and control subdistricts. Baseline surveys were
conducted in the treated and control subdistricts prior to implementation and endline surveys were
conducted in treated subdistricts prior to implementation in control subdistricts. MNS show balance
across the treated and control subdistricts on their outcomes variables as well as a range of baseline

socioeconomic characteristics. I replicate their balance table in the appendix (appendix table A.1).
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Unfortunately, the balance does not extend to the frequency of cropland fires. While the difference in
pre-treatment fires between treated and control subdistricts is not significant the relative difference is
sizable. Control subdistricts have approximately 30% fewer fires than treated subdistricts.

Because the assignment of subdistricts to treated and control in the MNS RCT did not result in
perfect balance in the frequency of pre-treatment fires across the treated and control subdistricts (see
appendix table A.2) I use the same difference-in-differences approach when analyzing the RCT sample.

I modify the estimating equation from 1.3 to be:

log (]/t(Ximy)> = BTimy + wiWiny + Smy + i 1.4)

where in the RCT sample I replace ijy with Timy — an indicator for treatment having occurred in
subdistricts 7 in month m in year y where treatment occurs in the treated subdistricts after the baseline
survey in 2010 as in Muralidharan et al. (2016). Further, in the RCT sample ; becomes a subdistrict,

rather than district, fixed effect.

1.5 Main results

I present the main results in three subsections. First, I discuss the impact of implementing NREGA
on fires across the entire country using my primary difference-in-differences specification and the
full country sample. Second, I present the results from the RCT that improved the implementation
of NREGA in Andhra Pradesh. Finally, I present results that show how the effect of NREGA varies
in both samples when (sub)districts are divided based on the level of fires in the unit prior to the

implementation of NREGA.

1.5.1 Nationwide mean impacts

Table 1.3 shows that NREGA increased fires by approximately 21% after implementation (column 2 of
table 1.3). Although the confidence interval is wide — I cannot rule out an increase of between 11% and
30% at 95% confidence — I can easily reject a zero effect at 99% confidence. This suggests that NREGA
had a sizable impact on the frequency of cropland fires. To put these estimates in perspective, the

average number of monthly fires increased by approximately 40% from the beginning of my sample in
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2003 to the end in 2014. The estimates here suggest that between 25% and 75% of that increase can be
explained by NREGA.

The estimates of NREGA’s impact when I do not to control for the weather conditions in the district
at the time of fire detection are substantially smaller than the estimates in the preferred specification
(column 1 of table 1.3). This is consistent with the expectation that failure to control for cloud cover
biases the estimates towards zero because it introduces non-classical measurement error.*> Even with
this potential bias, when I do not control for weather I estimate that NREGA increased the frequency
of cropland fires by approximately 10% with a range from 1% to 18% at 95% confidence. While the
estimated impact when I do not control for weather is smaller than my preferred specification, the
expected impact is still meaningful and there is reason to believe that this estimate may be biased

downwards.

1.5.2 Mean impacts using the RCT sample

When I turn to the RCT subsample the results in table 1.4 show that the improvement in the implemen-
tation of NREGA did not have a large average impact on cropland fires in the subdistricts of Andhra
Pradesh where the experiment was conducted. While the estimates in table 1.4 are imprecisely esti-
mated - I cannot rule out an increase in fires of roughly 28% with 95% confidence - the estimates for
both specifications (controlling for weather and not) are close to zero. There are several explanations
for the difference in results. The first is that fires do not appear to have been widely used in Andhra
Pradesh prior to the implementation of NREGA. As figure 1.2 showed, the average number of monthly
fires prior to NREGA in Andhra Pradesh is far below the average in states known for using fires. To
the extent that there is learning by doing (i.e. I learn how to use fires from my neighbor who uses
fires) or protection from legal ramifications of burning (i.e. I can blame sparks from my neighbors
field for the fire on mine if the authorities attempt to fine me) we may expect areas with higher levels
of fires prior to NREGA to have seen larger effects. Second, as table 1.1 shows, the cropland fires

are associated with certain crops and certain agricultural practices. In particular, places that practice

42Because the measurement error is not classical the standard result that measurement error in the dependent variable
only reduces precision, and does not introduce attenuation bias (Hausman, 2001), does not apply. See the appendix section
A.4 for a discussion of this measurement error.
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coupled rice-wheat production are more likely to use fires and areas that have higher cropping levels
in October have more fires (Jain et al., 2014; Bhuvaneshwari et al., 2019; Shyamsundar et al., 2019).
Andhra Pradesh has relatively little area in agriculture in October and, on average, plants less area in
coupled rice-wheat production than states in which fires are widespread (see appendix table AA.2).
Further, the level of combines, an important determinant of the share of residue in a given field that

is burned (Yang et al., 2008), is lower in Andhra Pradesh than in states with more fires.

1.6 Implications for air pollution

The primary concern regarding the use of fires to clear crop residue stems from concern about that
this practice may increase air pollution. Previous estimates of the contribution of crop burning to
pollution in Delhi suggest that substantial amounts, from 17% to 60% of particulate emissions in Delhi
in the winter months are the result of upwind crop burning Liu et al. (2018); Bikkina et al. (2019). In
a direct examination of the impact of upwind crop burning on infant mortality in India, Pullabhotla
(2018) suggests that an increase of five upwind fires in a given year increases the infant mortality rate
by approximately 10%.

The availability of satellite measures of emissions enables me to directly examine how the increase
in cropland fires caused by NREGA translates to an increase in the emissions of three precursor
pollutants of PM1g and PM; 5: black carbon, organic carbon, and sulfur dioxide (SO,). I use data from
the MERRA-2 satellite platform that measures the monthly emissions rates from biomass burning of
these three pollutants by district to determine the impact of NREGA on their emissions. To do so
I replace cropland fires (Fjyy) as the outcome of equation 1.3 with the monthly average emissions
rate of each of these three pollutants and re-estimate the same difference-in-differences model on the

national sample.

1.6.1 Direct effect of NREGA on pollutant emissions

To begin I present the event study for the emissions rate of each of the three pollutants in figure 1.4.
Each panel shows the trend in emissions rates for black carbon, organic carbon, and SO, before and

after the implementation NREGA. In all three panels there is a clear increase in emissions rates in
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the year of NREGA implementation that continues to grow in the year after implementation before
leveling off and remaining above pre-NREGA levels. For both black carbon and organic carbon the
pre-trends are relatively flat and not-distinguishable from zero. SO, shows more of an increasing trend

but this is driven primarily by the estimates on the earliest years in the sample.*?

431 pool the early and late years of the sample because I do not have a balanced sample in event time. In other words,
the estimates of the coefficient on event time -4 is only identified by districts in Phase 2 or Phase 3. As a result, I pool
event time -5 and -4 with -3 in figure 1.4. If I do not do this pooling, and drop event time -4 and -5 instead, the slight trend
disappears.
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TABLE 1.1: WHAT PREDICTS AVERAGE MONTHLY FIRES OVER 2003-2005?

Outcome: Average cropland fires by district (D) 2)
Avg. Per Capita GDP .099 124
(.115) (.132)
Avg. Per Capita GDP, Ag 323k 13
(.078) (.093)
Avg. Area Planted in Rice (000s HA) VIS 237*
(.099) (.121)
Avg. Area Planted in Wheat (000s HA) J389%*k%  JRQHHk
(.034) (.07

Avg. Area Planted in Sugarcane (000s HA) 238EE PRk
(.046) (.014)

Avg. Area Planted in Other Crops (000s HA) -.025 -.122
(.062) (.105)

Combines in 2006 (000s) A19%%* .018

(9.0e-03) (.015)

Share of holdings >4 HA S AT AR
(.064) (.091)

Covariates regressed separately X

State FE X X

NOTES: In all columns the outcome is the average number of monthly fires in a district averaged over the years 2003-2005.
In column 1 each row is a seperate regression. In column 2 all covariates listed down the left are included in the same
regression. In all cases the specification is a fixed effects poisson regression. All independent variables are measured as
Z scores so that units are comparable. Per Capita GDP (Ag) reports the average per capita value of (agricultural) GDP in
the district in from 2003 to 2005 measured in Lakh Rs. Average Area Planted in Wheat, Rice, and Sugarcane measures
the district average area in each crop from 2003-2005 in 1,000s of hectares as reported in the ICRISAT Meso data (Rao
et al., 2012). Total area reports the total area in all other crops also in 000s of HA from the same data. Combines reports
the number (in 000s) of self-propelled combines in the district as recorded in the 2006 Agricultural Input Survey. The
Share of Holdings in each size class reports the share of acreage in the district in holdings within each size class in 2005 as
reported in the ICRISAT Meso data. All columns include state fixed effects. Standard errors clustered at the state level
are reported in parentheses.
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TABLE 1.2: SUMMARY OF PRE-NREGA ECONOMIC, AGRICULTURAL AND FIRE DATA

Phase 1 Phase2  Phase 3

(1 (2) (3)
Data from 2001 Census

Total Population (000s) 1,712.12  1,772.15 1,693.61
Total Households (000s) 320.12 326.19 320.43
% Rural 0.84 0.83 0.73
% Urban 0.16 0.17 0.27
% Scheduled Castes 0.15 0.15 0.15
% Literate 0.48 0.52 0.57
% with domestic electricity 0.88 0.87 0.91
% with agricultural electricity 0.74 0.59 0.72
% with electricty 0.75 0.65 0.74
% Paved road 0.49 0.56 0.68
9% Mud road 0.82 0.82 0.76

Data from 2011 Census, 2012 SECC and VCF Data
Distance to nearest place with >100k population ~ 50.78 41.87 40.74

Per capita consumption, rural 15.64 16.59 19.02

% HH with cultivation as main income 0.35 0.37 0.38

Avg. Forest Cover, 2002-05 11.31 15.15 13.34

Avg. Night Lights 29.50 27.93 61.63
Data from NASA FIRMS

Monthly Fires prior to NREGA 3.61 3.73 7.33

Data from ICRISAT, Planning Commission and 2006 Input Survey

Avg. Per Capita GDP, Ag 3.70 4.22 4.90
Avg. Per Capita GDP 14.39 15.13 21.26
Avg. Area Planted in Sugarcane (000s HA) 5.86 5.71 10.36
Avg. Area Planted in Rice (000s HA) 102.43 117.19 58.77
Avg. Area Planted in Wheat (000s HA) 39.76 57.85 61.63
Avg. Area Planted in Other Crops (000s HA) 172.67 165.39 207.96
Share of holdings >4 HA 0.26 0.28 0.33
Combines in 2006 (000s) 1.41 1.12 1.41

NOTES: Columns 1-3 report the mean of the named variable by district according to the NREGA phase of that district. Data from
the 2001 Census, the 2011 Census, the 2012 SECC and the VCF data come from the SHRUG dataset (Asher et al., 2019). Fire data
is downloaded and assembled from the NASA FIRMS data and is derived from imagery from the MODIS satellite. ICRISAT
data comes from the ICRISAT meso dataset (Rao et al., 2012). GDP data is scraped from the Indian Planning Commission website
and covers the years 2003-2005 for most districts. Information on combines is scraped from the Indian Ministry of Agriculture
website and comes from the 2006 Agricultural Input survey.
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TABLE 1.3: NATIONWIDE IMPACT OF NREGA ON MONTHLY FIRES

Cropland Fires
Post-NREGA 0.096**  0.213***
(0.044) (0.051)
Districts 558 558
Months 144 144
N 80,352 80,352

Avg. monthly fires pre-NREGA  5.46 5.46

District FE X X
Year X Month FE X X
Weather Controls X

NOTES: Each column represents separate regressions. In all columns the outcome is monthly cropland fires. In all columns
the coefficient can be interpreted as the approximate percentage change in fires after NREGA was statutorily implemented

in a district. In all columns the base regression is a Poisson of the form log ( E [Pimy\Ximy}) = ,BPost,'my + Y+ Py

where Fy,;, is the outcome in district 7 in month m in year y. Post;y,, is a dummy variable equal to one after NREGA
treatment takes effect in district i. <y; are district fixed effects while &y is a year by month fixed effect. In column 2 I
include controls for the monthly average cloud cover, precipitation and minimum and maximum temperature in district i
in month, year my. N refers to the number of districts X months included in each regression. The sample is a balanced,
monthly panel of districts in India from 2003 to 2012. Heteroskedasticity robust standard errors clustered at the district
level are in parentheses. (¥ p<<.10 ** p<.05 *** p<.01).
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TABLE 1.4: IMPACT OF RANDOMIZED IMPROVEMENTS IN NREGA IMPLEMENTATION IN ANDHRA
PRADESH ON MONTHLY FIRES

Cropland Fires

1[Treated x Post] 0.027 0.018

(0.137) (0.143)
Subdistricts 145 145
Months 104 104
N 15,080 15,080
Avg. monthly fires pre-NREGA 2 2
Subdistrict FE X X
Year X Month FE X X
Weather Controls X

NOTES: Each column represents separate regressions. In all columns the outcome is monthly cropland fires. In all
columns the coefficient can be interpreted as the approximate percentage change in fires after treatment in the RCT in
Muralidharan et al. (2016) (MNS) occurs in a subdistrict. In all columns the base regression is a Poisson of the form

log ( E [Fimy‘ximy}) = exp(B[Postiyy x Treated;] + v; + dmy) where F,, is the outcome in district i in month 1 in

year y. Post;y,,, is a dummy variable equal to one after MNS treatment and Treated; is a dummy indicating that subdistrict i
was among the treated subdistricts. y; are subdistrict fixed effects while &,y is a year by month fixed effect. In column 2
Iinclude controls for the monthly average cloud cover, precipitation and minimum and maximum temperature in subdistrict
i in month, year my. N refers to the number of subdistricts X months included in each regression. The sample is a balanced,
monthly panel of subdistricts in the MNS sample from 2003 to 2012. Heteroskedasticity robust standard errors clustered at
the district level are in parentheses. (* p<.10 ** p<.05 *** p<.01).
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Annual percent change in emissions
of black carbon from biomass burning

e

FIGURE 1.4: IMPACT OF NREGA ON EMISSIONS FROM BIOMASS BURNING OF VARIOUS POLLUTANTS

(A) Black Carbon (B) Organic Carbon (c) SO,

o

Annual percent change in emissions
of organic carbon from biomass burning
Annual percent change in emissions
of SO2 from biomass burning
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NOTES: Each point is the estimated w- coefficient from the regression log ( E [Fimy|Ximy]> = Yrer wWr¥oi + Wiy + i +

5my, where Yz is an indicator for event-time year T in the set T = {—3, -2,-1,0,1,2, 3,4}, ; is a district fixed effect
, Omy is a month X year fixed effect and Wiy, are weather controls. Ejy,, is the average monthly rate of emissions of the
named pollutant in ng/m?s in month m in year y in district i. 95% Cls are shown in dashed grey lines. The figure uses the

full sample. I pool event years less than -3 and greater than 4 into those boundary values. The base year is the year prior to
the implementation of NREGA.



TABLE 1.5: EFFECT OF NREGA ON EMISSION RATES OF POLLUTANTS FROM BIOMASS BURNING AND
MONTHS EXCEEDING AMBIENT PM5 5 STANDARD

Emissions Rates Ambient PM; 5 Standard
Black Carbon Organic Carbon SO, Share of months > standard

Post-NREGA 0.384*** 0.378** 0.491*** 0.014***

(0.143) (0.163) (0.176) (0.003)
Districts 558 558 558 560
Months 144 144 144 144
N 80,352 80,352 73,656 80,640
Pre-NREGA Mean 45.81 536.09 52.09 A2
District FE X X X X
Year X Month FE X X X X
Weather Controls X X X X

NOTES: Each column represents separate regressions. In columns 1-3 the outcome is the monthly emissions rate of the
pollutant named at the top of the column measured in ng/m?s. In column 4 the outcome is the share of months in which the
measured PM; 5 concentration exceeds the annual ambient air quality standard for India set by the Air Prevention and
Control of Pollution Act (1981). Concentrations are measured in g /m3. All data comes from the MERRA-2 satellite
system. In columns 1-3 the coefficient can be interpreted as the approximate percentage change in the outcome after
NREGA was statutorily implemented in a district. In column 4 the coefficient is the change in percentage points in the
percent of months that exceed the Indian Ambient standard of 40pg /m3. Tn columns 1-3 the base regression is a fixed

effects Poisson of the form log ( E [Eimy\X,«my}) = BPostipmy + i + 6my where Ejy,,, is the outcome in district 7 in

month m in year y. In column 4 I use a linear fixed effects specification of the form Tjy,, = BPost;yy, + i + dmy where
T,-my is an indicator for whether district 7 had PMj 5 levels that exceed ambient standards in month m in year y. Postjyy
is a dummy variable equal to one after NREGA treatment takes effect in district i. -y; are district fixed effects while
Omy is a year by month fixed effect. In all columns I include controls for the monthly average cloud cover, precipitation
and minimum and maximum temperature in district i in month 7. N refers to the number of districts X months included
in each regression. The sample is a balanced, monthly panel of districts in India from 2003 to 2012. The mean of the
outcomes prior to NREGA for each is presented. Heteroskedasticity robust standard errors clustered at the district level are
in parentheses. (* p<.10 ** p<<.05 *** p<.01).

For all three pollutants that I examine, the implementation of NREGA significantly increases the
emissions rate from biomass burning. Beginning with black carbon, column 1 of table 1.5 indicates
that NREGA increased the emissions rate from biomass burning by 38%. Organic carbon emissions
also increase by 37% while SO, emissions increase by an estimated 49%.

These estimated effects indicate substantial increases in the average monthly emissions rates as
a result of the implementation of NREGA. They provide some confirmatory evidence that NREGA
increased the number of fires; if fires increase one would expect to see a corresponding increasing

in emissions from biomass burning. The size of the change in emissions rates is substantially larger
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than the estimated change in the number of fires. There are two explanations for this. The first is that
the quantity of biomass burned per fire may have increased. This would be consistent with the model
explored below of increased fires being driven by increased combine use. Previous estimates suggest
fields cleared with combines have roughly 100% more biomass than fields cleared manually (Yang
et al., 2008). To the extent that fires that consume more biomass have higher emissions (Smil, 1999)
this increase in biomass is comparable to the difference between the estimated increase in emissions
rates and the increase in fires.

Fires being used more intensively following NREGA would also explain a larger increase in
emissions than raw fires. While the MODIS satellite can detect fires as small as 100m? it does not
distinguish between pixels that have one fire and those that have many fires (Korontzi et al., 2006).
As aresult, if the implementation of NREGA induces the use of fires in areas that already had frequent
fires, MODIS will underestimate the increase in fires. Using more finely resolved data on fires in the
period after 2014 from the VIIRS satellite platform I show in the appendix that MODIS does indeed
under-count fires relative to VIIRS (appendix figure A.6a and A.6b).

Translating these increases in emissions rates into precise changes in pollutant concentrations
is difficult and would require a model of pollution dispersion. I do not create such a model here.
Rather, I estimate the impact of the change in emissions on pollution concentrations in two ways. First,
I estimate the correlation between emissions rates of black carbon, organic carbon, and SO; using
data on emissions concentrations from MERRA at the district X month level (appendix table A.3.4
These estimated correlations suggest that in months with emissions rates that are higher than average
PM,; 5 concentrations are also higher than average.

Consistent with this correlational evidence I show that the implementation of NREGA is associated
with an increase of approximately 11% in the number of months in which PM; 5 levels exceed the

annual ambient standard set by the Indian government.“5 I look specifically at PM; 5 as it has the

4“MERRA provides estimates of the monthly concentration of black carbon, organic carbon and SOy. I convert these into
a measure of PMj 5 using the formula described in He ez al. (2019).

43The Air (Prevention and Control of Pollution) Act 1981 set standards for Annual and 24-hour concentrations in the ambi-

ent air of a number of pollutants. They are detailed here: http://www.arthapedia.in/index.php?title=Ambient_Air_Qual-
ity_Standards_in_India

37



largest negative impacts on health (Behrer and Mauter, 2017; Muller and Mendelsohn, 2007; Nel, 2005;
Chen et al., 2016). The annual threshold for ambient concentrations is set by the Central Pollution
Control Board at 40 ug/ m3. 1 calculate the share of district x months that have an average PM, 5
level that exceeds this threshold and use a linear fixed effects regression in the difference-in-differences
framework to determine if the implementation of NREGA increased the share of months in which
the threshold was exceeded.

Column 4 of table 1.5 shows that implementation of NREGA increases share of months that exceed
the threshold by 0.014 percentage points. This represents an 11% increase relative to the pre-NREGA
baseline rate.*® Figure 1.5 shows the event study of the share of district x months that exceed the
standard. There are no obvious pre-trends and a clear increase after the implementation of NREGA.

This discussion of pollution concentration has focused on the level of pollutant concentrations in
the districts in which NREGA is implemented. That leaves out the change in concentration levels that
are downwind of the implementing district. These downwind effects may be more severe than the
impacts in implementing districts (Behrer and Mauter, 2017). Even if they are less severe considering
pollution only in the implementing district presents only a partial picture of the impact of NREGA on
pollutant concentrations. In on-going work I am collecting the necessary wind data to more closely
examine the impact on pollutant concentrations in downwind districts.

There are potential negative health effects from an increase in pollution resulting from the observed
increases in fires. While existing studies of NREGA’s impact on health find generally positive effects,
it is possible that these effects would have been larger absent the increase in pollution. Previous work
has estimated substantial infant mortality and reductions in birth weight from exposure to cropland
fire smoke (Pullabhotla, 2018; Rangel and Vogl, 2016; Singh et al., 2019) and forest fire smoke
Jayachandran (2009).#’ Rangel and Vogl (2016) in particular find meaningful negative impacts on

infant health based on changes in concentrations similar to what I observe after the implementation

46When I use the 24-hour threshold of 60 ug/ m3 I observe a similar increase, 0.007 percentage points or roughly 10%
on the pre-NREGA baseline rate.

47 Additional work suggests that those same forest fires reduced the later in life wages of those children who were exposed

but survived and that the pollution exposure rates they experienced may be comparable to the exposure rates residents of
Delhi experience from crop burning (Tan-Soo and Pattanayak, 2019).
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FIGURE 1.5: EVENT STUDIES OF THE SHARE OF DISTRICTS WHERE PM; 5 EXCEEDS ANNUAL INDIAN
AMBIENT STANDARD
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39



of NREGA. An important dimension of these potential health effects is their potentially unequal
distribution. Previous work (Behrer and Mauter, 2017) suggests that while the region containing the
source of emissions suffers negative consequences from those emissions the majority of the damages
may occur outside of the region containing the polluting source. This is particularly true if there are
major cities downwind of the emitting region. Rangel and Vogl (2016) find clear evidence that crop
burning has negative effects in downwind areas but, because crop burning is driven by economic

activity in the burning areas, increased burning may be associated with slight improvements in health.

1.7 Heterogeneity of NREGA'’s impact on cropland fires

Proposition 2 of my model indicates the impact of NREGA on cropland fires will vary across districts
based on Ap. Specifically, given a distribution of A that is single-peaked and where the threshold farm
size for adoption of mechanization (A) is above the median (Ap) of A, districts with initially higher
Ap will see a larger increase in fires after the implementation of NREGA. Districts with more large
farms will see a larger increase in fires after the implementation of NREGA. In other words, districts
with more large farms are likely to have more fires prior to NREGA because more farmers will find
themselves above a fixed A threshold. This implication is confirmed in table 1.1, which shows a strong
correlation between the frequency of pre-NREGA fires and the number of large farms in a district.
Districts with more large farms are also likely to be more mechanized prior to NREGA for the same
reason that there will be more farms above a fixed A.

Figure 1.6 indicates that the average distribution of farm sizes across India does appear to be
single-peaked. Further, Foster and Rosenzweig (2011) report that in the pre-NREGA period (the late

1990s) fewer than 10% of farms were mechanized, suggesting a level of A substantially above Ap.

1.7.1 Heterogeneity of impact by pre-NREGA fire use

Based on the predictions of my model, the first heterogenity analysis I conduct is by the level of
pre-NREGA fires. These districts should have higher Ap and therefore see a larger increase in fires
after the implementation of NREGA. To determine whether the impact of NREGA was larger in

areas that had more frequent fires prior to the implementation of NREGA I divide both samples, the
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FIGURE 1.6: AVERAGE DISTRIBUTION OF FARM SIZE BY DISTRICT, 2005
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NOTES: [ plot here the distribution of farms by size class across all
districts in my sample in India in 2005. The vast majority of farms
are marginal or small with holdings of no more than 1 hectare.
Data comes from the Agricultural Input Survey in 2005. Marginal
farms are those less than I hectare (HA), small farms are between
1 and 2 HA, semi-small are between 2 and 4, medium are between
4 and 10 and large are greater than 10.

full national sample and the RCT sample, into quartiles based on their level of pre-NREGA fires. I
then run the specifications described in equation 1.3 on the districts and subdistricts in each quartile
of pre-NREGA fires.

The results in table 1.6 suggest that areas with the highest number of monthly fires prior to NREGA
saw substantially larger increases in the use of fire after NREGA than areas that had lower monthly
fire frequency. Column 1 reports the impact by quartile of pre-NREGA monthly fires, where higher
quartiles had more fires, for the national sample. I find that districts in the fourth quartile saw an
estimated increase in fires of 27% after the implementation of NREGA. This is substantially larger
than the estimated effect for any other quartile and the estimates in every other quartile do not approach
significance at standard levels. I can reject a null effect in the fourth quartile at p < 0.001. The fourth
quartile estimate suggests that districts that had many fires prior to NREGA saw an additional six
fires per month after the implementation of NREGA. Previous work on the relationship between fires

and pollution suggests that six additional fires have a meaningful impact on downwind air pollution
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(Pullabhotla, 2018).48

Column 2 of table 1.6 broadly confirms these results using the RCT sample. Within the RCT
subdistricts those that had the highest number of pre-NREGA monthly fires see the largest increase in
fires after NREGA. These districts see an estimated increase in monthly fires of roughly 45%, although
from a low base. The estimated effect in the other quartiles is either not significantly different from
zero or strongly negative. There are essentially no monthly fires in the lowest quartile of the RCT
sample however, so the large percentage change has little economic meaning.

Because the number of subdistricts in the RCT sample is small and this heterogeneity exercise
necessarily divides them further, in addition to providing the standard asymptotic estimates of statistical
inference I also use a randomization inference approach. Randomization inference is an approach
to inference in the style of a Fisher test that is recommended as an alternative to asymptotic based
inference for RCTs, particularly those with small samples (Athey and Imbens, 2017; Young, 2018).
In the randomization inference approach, treatment and control status is randomly reassigned and
parameters are re-estimated providing a distribution of estimated effects under the sharp null of zero
effect. The actual effect estimate can then be compared to this distribution to get an implied p-value.

I report p-values from this randomization inference approach in brackets in column 2. This
approach reduces the significance of all of my estimates using the RCT sample but the estimated effect
in the fourth quartile remains significant at the 5% level.

Overall, the results from the primary analysis suggest that the implementation of NREGA increased
the number of cropland fires across all of India. This effect seems to have been concentrated within the
areas that had a higher than average frequency of monthly fires prior to NREGA. The concentration
results appear to be confirmed in the smaller RCT sample in Andhra Pradesh, an area in which fires are
not frequently used relative to other parts of India. These results are consistent with the prediction of

my model.

481 show in appendix table A.10 that the effects of NREGA do not vary across states that are more expeditious in
implementing a separate government program.
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TABLE 1.6: HETEROGENEITY OF TREATMENT IMPACT BY FREQUENCY OF FIRE USE PRE-NREGA

All of India  Andhra Pradesh

(A) Quartile 1 of pre-treatment fires

Post-NREGA (Treatment) 0.17 -0.85**
(0.12) (0.42)
RI p Value [0.12]
Districts 138 T:5C:3
Months 144 47
N 19,872 1,692
Avg. monthly fires pre-NREGA 18 0.01
(B) Quartile 2 of pre-treatment fires
Post-NREGA (Treatment) 0.14 -0.32
(0.12) (0.32)
RI p Value [ 0.18]
Districts 140 T:11C:3
Months 144 73
N 20,160 2,263
Avg. monthly fires pre-NREGA .96 .95
(C) Quartile 3 of pre-treatment fires
Post-NREGA (Treatment) 0.04 0.09
(0.11) (0.18)
RI p Value [0.47]
Districts 140 T:25 C:13
Months 144 88
N 20,160 3,608
Avg. monthly fires pre-NREGA 2.59 2.66
(D) Quartile 4 of pre-treatment fires
Post-NREGA (Treatment) 0.27%** 0.45%**
(0.06) 0.17)
RI p Value [ 0.04]
Districts 140 T:25C:5
Months 144 89
N 20,160 3,293
Avg. monthly fires pre-NREGA 18.12 12.16
Subdistrict FE X X
Month X Year FE X X
Weather Controls X X

NOTES: Each column represents seperate regressions. In all columns the outcome is monthly cropland fires. In column one the coefficient can be interpreted as the approximate
percentage change in fires after NREGA was statutorily implemented in a district. In column two the coefficient can be interpreted as the approximate percentage change in
fires after treatment in the RCT in Muralidharan e al. (2016) (MNS) occurs in a subdistrict. In column one the sample is all districts in India that were part of the NREGA
program. In column two the sample is the subdistricts in Andhra Pradesh included in the MNS RCT. In column one the specification is a Poisson of the form E [F,‘my\x,-,m/} =
exp(p ):;:] [Post,-,,,y X Pre — Fires,ﬂ +7i+ Jn,y) where Fjy, is the outcome in district 7 in month 1 in year y. Postjy,, is a dummy variable equal to one after NREGA treatment
takes effect in district i. Pre-Firesif is an indicator for where district falls in the distribution of total pre-NREGA fires. -y; are district fixed effects while d,y is a year by month fixed
effect. In column two the specification is a fixed effects Poisson regression of the form [E [Fimy |szy] =exp(p Z}:l [[Postim]/ x Treated; x Pre — FirL’S,f} + i + Jn,y) where
Fimy is the outcome in subdistrict i in month m in year y. P()st,my is a dummy variable equal to one after MNS treatment and Treated; is a dummy indicating that subdistrict i was
among the treated subdistricts. PrefFires,vf is an indicator for where subdistrict falls in the distribution of total pre-NREGA fires where the distribution is calculated within Anhdra
Pradesh. 7; are subdistrict fixed effects while dyy is a year by month fixed effect. Each panel is a different quartile of pre-NREGA fires with Q4 corresponding to the largest number
of pre-NREGA fires. N refers to the number of (sub)district x months included in each regression. Districts reports the treated and control (sub)districts in each sample. In the
NREGA sample all districts are eventually treated. The average number of monthly fires (the outcome) in the pre-treatment period in each quartile are reported. The samples are a
balanced, monthly panel of subdistricts in Andhra Pradesh from 2003 to 2012 and districts in India from 2003 to 2014. All columns include controls for weather in the month the
outcome number of fires is measured. Heteroskedasticity robust standard errors clustered at the (sub)district level are in parentheses. In column two I also report the p-values from
a randomization inference test on the MNS sample in which treatment is randomly ass&gd 1,000 times and the specification above is re-estimated for each assigned treatment. (*
p<.10 #* p<.05 *#** p<.01).



1.7.2 Heterogeneity in fire response by mechanization levels

The second heterogeneity test I conduct is by the level of pre-NREGA mechanization. To test
whether the impact of NREGA varies by the level of pre-NREGA mechanization I construct an index
of mechanization for each district. The construction of this index is driven by the features of the
model described above and the relationship between fire use and mechanization in Indian agriculture
as described in the existing literature (e.g. among others Jain et al. (2014) and Bhuvaneshwari et al.
(2019)). 1 follow Asher and Novosad (2018) and use an index rather than testing multiple measures
of mechanization to limit concerns of multiple hypothesis testing. 4

To construct the index I consider the average level of the following variables in the years prior to
2006: the share of agricultural land in both marginal and medium or large holdings (less than 1 HA
or more than 4 HA), the number of combines in 2006, and the production areas of wheat, rice, and
sugarcane (the ability to mechanize varies across crops in India (Solomon, 2016)). To make the index I
turn these averages into Z scores. Each district receives a Z score for each individual measure. I then
add them together to determine an index measuring the cost of mechanization in a given district. The
higher the index score the higher the predicted level of mechanization. In the appendix I show that this
score is positively correlated with the number of combines in a district in 2011. I then divide districts
into quartiles based on their mechanization index score, as I did when examining heterogeneity by
pre-NREGA fire frequency, and run my difference-in-differences regression from equation 1.3 on
districts in each quartile.”®

I find in the full, nationwide sample, districts with the highest mechanization scores have substan-
tially larger increases in the frequency of fire after the implementation of NREGA. Districts in the
highest quartile of the index see a 27% increase in monthly fires after the implementation of NREGA

(table 1.7). This is compared to an effect that is not different from zero in all other quartiles of the

49For details of each component of the index, as well as heterogeneity results by the individual components, see appendix
section A.14.

50Li (2017) suggests that areas with higher land concentrations, an important piece of my mechanization score, had
lower pre-NREGA agricultural wages than other districts, which suggests my mechanization score is not simply capturing
districts with high wages prior to NREGA. Using, imperfect, wage data from ICRISAT I find that the correlation between
the Z score of district wages in 2005 and the mechanization index is -0.11 (p = 0.71). I directly measure the correlation
between the Z score of per capita GDP and my mechanization score and find that it is -0.07 (p = 0.45) which suggests that I
am also not simply identifying wealthier districts.
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TABLE 1.7: HETEROGENEITY OF TREATMENT IMPACT BY EASE OF MECHANIZATION INDEX

All of India

(A)Quartile 1 of Ease of Mechanization Index

Post-NREGA -0.013
(0.087)
Districts 140
Months 144
N 20,160
Avg. monthly fires pre-NREGA 2.82

(B)Quartile 2 of Ease of Mechanization Index

Post-NREGA -0.008
(0.075)
Districts 143
Months 144
N 20,592
Avg. monthly fires pre-NREGA 2.7

(C)Quartile 3 of Ease of Mechanization Index

Post-NREGA 0.144
(0.112)
Districts 135
Months 144
N 19,440
Avg. monthly fires pre-NREGA 3.06

(D)Quartile 4 of Ease of Mechanization Index

Post-NREGA 0.265***
(0.084)
Districts 140
Months 144
N 20,160
Avg. monthly fires pre-NREGA 13.28

District FE X
Month x Year FE X
Weather Controls X

NOTES: The outcome is monthly cropland fires. The coefficient can be interpreted as the approximate percentage change in fires after NREGA was statutorily implemented in a
district. The sample is all districts in India that were part of the NREGA program. The specification is a fixed effects Poisson of the form [E [Fimy ‘Xirm/} = Exp(ﬁ Zgzl [Pastim’/ X
Mech,'z] +7i+ (5,,1],) where Fimy is the outcome in district i in month 11 in year y. Posli,,,y is a dummy variable equal to one after NREGA treatment takes effect in district i. Mech;,
is an indicator for where district i falls in the distribution of the ease of mechanization index. The ease of mechanization index is the sum of a district’s Z score across measures of land
concentration, combine presence and crop types. The mechanization index is calculated based on levels of each component variable in the district prior to 2006. vy; are district fixed
effects while dyy is a year by month fixed effect. 7y; are district fixed effects while J¢ is a year by month fixed effect. Each panel is a different quartile of the mechanization index
with quartile 4 corresponding to the places mechanization is predicted to be easiest. N refers to the number of district x months included in each regression. Districts reports districts
in each sample. The average number of monthly fires (the outcome) in the pre-treatment period in each quartile are reported. The sample is a balanced, monthly panel of districts in
India from 2003 to 2014. All columns include controls for weather in the month the outcome number of fires is measured. Heteroskedasticity robust standard errors clustered at the
district level are in parentheses. (* p<.10 ** p<.05 *** p<.01).
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index.’!

This suggests that districts in which more farmers could feasibly respond to the agricultural labor
market shock caused by NREGA by mechanizing their harvests saw larger increases in fires. Larger
increases in the use of fire in these districts is consistent with the predictions of my model and suggests
that it was an increase in mechanization in response to the labor shock imposed by NREGA that
drove the increase in fires. However, it is possible that NREGA impacted the use of fires through

other channels. I explore two of these in the next section.

1.8 NREGA'’s impact on agricultural output

NREGA’s shock to agricultural labor markets may have done more than simply changing low skill
labor wages. Changing the cost and availability of labor may have caused farmers to change which
crops they planted as well. Alternatively, by increasing incomes in local markets, NREGA may have
increased demand, and prices, for agricultural products and incentivized farmers to increase their
production of existing crops. If this increased production occurred in crops that used fire as part of
the production process the increase in fires may have been driven by the increased crop production
as opposed to being driven directly by changes in the labor market. I call this a consumption effect.
NREGA may have also acted as an implicit insurance program for farmers Sukhtankar (2016).
By guaranteeing the availability of outside employment in the event of a crop failure NREGA may
have encouraged farmers to plant higher value but higher risk crops. If these crops are associated
with more fire use than the previously planted, lower value crops it could be that the insurance aspects
of the NREGA program are the driving force behind the change in fire frequency. I explore both of

these potential explanations now.

511 am limited in my ability to construct the same mechanization index for the RCT sample because a lack of data on
inputs by subdistrict. However, I construct a similar index based only on plot size and crop type for the RCT sample and
conduct the same exercise on the RCT sample. I show the results in the appendix. They are broadly consistent with those
presented here; the largest effects are in the subdistricts that score highest on the mechanization index.
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1.8.1 NREGA had little impact on production

I find that NREGA had little impact on the area planted (in 000s of HA) or total tonnage produced
of crops most associated with fire production (wheat, rice, and sugarcane) Jain ef al. (2014). When I
use the full, national sample I find no effect on total area planted or total tonnage of fire associated
crops or in total area planted and tonnage in non-fire associated crops. In the appendix I show event
studies for each of these crop outcomes. In all cases the trend after the implementation of NREGA 1is
flat or declining and in no case is it different from zero.

Using the same difference-in-differences approach as described by equation 1.3, replacing cropland
fires (Fjpy) with the area in each crop (Al-my) and tonnage produced (Tjy,, ) in each crop as the outcome,
I confirm the lack of impact suggested by the event studies (see table 1.8). In all crops I examine
(total crops, other non-fire associated crops, wheat, and sugarcane), except rice, I estimate an effect
of NREGA that is not statistically different from zero and is, in most cases, estimated to be close to
zero with relatively high precision. The only crop I estimate a statistically significant effect for at
standard levels is rice, which sees a small (approximately 3%-4%) increase in area under production
and total tons produced. This increase is small relative to the estimated change in fires and relatively
imprecisely estimated.

Based on these estimates I can reject an increase in fires of more than 0.40 % due to increasing
area in wheat production at 95% confidence. Similarly I can reject changes greater than 1.60 % and
0.27 % for changes in the area in rice and sugarcane production. To determine these bounds I take
the estimated change in area planted due to NREGA from table 1.8 and convert that estimated change
in area into standard deviation units based on the distribution of area planted in each crop across all
of India. This makes the units comparable to the units in table 1.1 where I estimate the correlation
between area planted in wheat, rice, and sugarcane and the frequency of fires. Based on the correlations
in table 1.1, I estimate the predicted change in fires for each crop based on the predicted change in
area planted from table 1.8. I use the delta method to calculate standard errors for these estimates. I
report the upper end of the 95% confidence interval for the estimated change in fires.

NREGA may have led to small increases in the area planted and total tons produced of rice. I find

no evidence that it led to meaningful increases in area planted or tonnage of other crops. The estimated
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increase in fires due to the changes in area produced is small both in absolute terms and relative to
the estimated overall impact of NREGA on the frequency of fires. No more than 30% of the smallest
estimated increase in fires is estimated to be due to changes in area under production and the estimated
changes in production would account for no more than approximately 10% of the estimated change

in fires in the preferred specification.

48



(614

TABLE 1.8: EFFECT OF NREGA ON CROP PRODUCTION

All Crops Wheat Rice Sugarcane Other Crops
Area Tons Area Tons Area Tons Area Tons Area Tons
Post-NREGA 0.011 0.016 -0.001 0.014 0.025* 0.039**  0.034 -0.119  0.006 0.032
(0.007) (0.022) (0.019) (0.025) (0.010) (0.019) (0.040) (0.102) (0.008) (0.060)
Districts 492 492 441 429 473 473 442 441 492 491
N 56,376 56,376 50,388 48,948 54,180 54,180 51,264 51,132 56,376 56,256
District FE X X X X X X X X X X
Year X Month FE X X X X X X X X X X
Weather Controls X X X X X X X X X X

NOTES: Each column represents separate regressions. In all columns the outcome is identified in the column heading. Area is measured in 000s of hectares while
quantity produced is measured in 000s of tons. In all columns the coefficient can be interpreted as the approximate percentage change in the outcome after NREGA
was statutorily implemented in a district. In all columns the base regression is a fixed effects Poisson of the form [E [Cimy\Ximy} = exp (ﬁPostimy + i+ (5my)
where Cjy,,, is the outcome in district 7 in month m in year y. Post;,,,, is a dummy variable equal to one after NREGA treatment takes effect in district i. ; are
district fixed effects while dyy is a year by month fixed effect. All columns include controls for the monthly average cloud cover, precipitation and minimum and
maximum temperature in district i in month z. N refers to the number of districts X months included in each regression. The sample is a balanced, monthly panel of
districts in India from 2003 to 2012. Heteroskedasticity robust standard errors clustered at the district level are in parentheses. (* p<<.10 ** p<C.05 *** p<.01).



1.8.2 Changes in crop choice induced by NREGA'’s role as insurance

Table 1.8 provides no evidence that the overall production of non-fire associated crops, which includes
higher value, higher variance crops, increases as measured either by area in production or total tons.
Existing work (Gehrke, 2013; Raghunathan and Hari, 2014) has suggested that farmers do in fact
shift into higher variance, higher value crops such as cotton after the implementation of NREGA.
I find no evidence of such a change but no evidence that production of these crops decline. More
importantly, the production process of the crops that farmers may have shifted into (Gehrke, 2013)
does not typically include fire (Jain et al., 2014; Bhuvaneshwari et al., 2019). It is therefore difficult
to explain the observed increase in fires as being driven by NREGA'’s implicit insurance provision

leading to transitions in crop type.

1.9 Conclusion

In this paper, I tested for the casual link between incomes and environmental quality by studying the
impacts of India’s anti-poverty program, NREGA. NREGA led to increases in the frequency of cropland
fires of between 9% and 21%. It also led to large increases, between 30% and 50%, in the emissions
rate of black carbon, organic carbon, and SO; from biomass burning. These pollutants are important
contributors to both PM; 5 and PM1 pollution. I also find evidence that the increase in cropland fires
is concentrated in districts that had a higher number of cropland fires prior to the implementation
of NREGA. In districts that had higher levels of a number of indicators of mechanization prior to
NREGA I find an increase in cropland fires of 28%. Empirically ruling out alternative explanations for
the increase in cropland fires, the findings are consistent with a model that suggests districts with more
mechanization prior to NREGA saw larger effects on fires.

I cannot rule out that the increase in fires is driven by some other aspect of NREGA or a feature
of districts that is correlated with my mechanization index. However, higher pre-NREGA wages are
not highly correlated with higher scores in the mechanization index nor is district level wealth. I also
observe low correlation between the mechanization index and pre-NREGA fires, suggesting that the

mechanization index is not simply identifying areas with high levels of fire prior to NREGA. Despite
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this, it remains possible that the observed increase is driven by some factor other than changes in
mechanization and these results should be interpreted with caution.

With that in mind, it is important to remember that this is not an analysis of NREGA in its entirety.
Estimating the welfare consequences of NREGA inclusive of the measured increase in cropland fires
is beyond the scope of this paper. Others have found meaningful increases in income, consumption,
and health as a result of NREGA that may offset any negative effects of increased emissions from
increases in the number of fires. How the distribution of these benefits compares to the distribution
of negative impacts from the emissions increase I measure deserves the attention of future work.

The results presented here do not call for, nor justify, wholesale changes to NREGA. Nor should
they be interpreted as casting doubt on the value of anti-poverty programs generally. Rather, they
suggest that policy-makers should be cognizant of the potential consequences of large policy changes
that raise wages and incomes on environmental quality and consider ways to mitigate negative impacts.

In the context of NREGA one possible policy response to the increase in fires in the short-run is
to allow NREGA labor to be used to clear residue. There is some precedent for allowing NREGA
labor to be used on private plots (GOI, 2009). Allowing the use of NREGA labor to collect residue
may make the use of fire to clear it less appealing to farmers.

Another potential policy response is to expand existing programs to encourage the adoption of
the agricultural practices that do not require residue removal or mechanize such removal (Shyamsundar
et al.,2019). Burning has declined as an agricultural practice in much of North America and Europe as
the result of the adoption of “no till" agricultural practices (Korontzi et al., 2006; Marlon et al., 2008).
Recent work has suggested that re-allocation of existing subsidies to more promising technology might
encourage more widespread adoption of capital that reduces the need to burn (Shyamsundar et al.,
2019).

There are lessons here for policy-makers beyond India as well. Many countries around the world
have a goal of raising incomes with some form of a work guarantee scheme. The results here highlight
that these kinds of interventions in labor markets, and programs to raise incomes generally, can have
environmental impacts by changing production decisions. Governments may be able to reduce these

environmental impacts by incorporating Pigouvian tax and subsidy policies, which encourage firms
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to internalize environmental externalities, into income raising policies.
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Chapter 2

The Impact of Historic Air Pollution
Exposure on COVID19 Deaths!

2.1 Introduction

The coronavirus disease that emerged in late 2019 (COVID19) in Wuhan China has rapidly spread
around the world to become the first global pandemic since 2009. As COVID19 has spread, a growing
body of research has focused on understanding the environmental conditions that may modulate its
spread, including the role of temperature (Carleton and Meng, 2020), weather (Liu ef al., 2020), and air
pollution (Wu et al., 2020; Setti et al., 2020). Much of this work has been motivated by the observation
that the spread of other respiratory diseases, most notably seasonal influenza, are modulated by both
temperature and particulate air pollution (Singer ef al., 2020). We add to this by examining the impact
of chronic exposure to particulate air pollution with an instrumental variables approach that suggests
that particulate air pollution increases COVID19 deaths but this impact is approximately 30% smaller
than that estimated using cross-sectional data (Wu et al., 2020).

COVID19 is a severe acute respiratory syndrome (SARS) caused by a novel coronavirus, severe
acute respiratory syndrome coronavirus 2 (SARS-COV-2) (Gorbalenya et al., 2020; Zhu et al., 2020;

Zhou et al., 2020). It endangers human health by damaging the lungs and inducing respiratory

ICo-authored with Christopher R. Behrer (Duke University)
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distress. In severe cases, patients are unable to breathe effectively on their own and require mechanical
ventilation. Roughly half of U.S. deaths from COVID19 co-occurr with pneumonia or hypertension
(CDC, 2020). In these respects, it resembles previous epidemics caused by coronaviruses (e.g. SARS
or MERS) but SARS-COV-2 appears to be both more virulent and more transmissible than past
coronaviruses (Wu and McGoogan; Sanchel et al., 2020; WHO, 2003). Further, it appears to have
more negative non-respiratory health effects (Mehta et al., 2020).

Because COVID19 endangers human health primarily by attacking the lungs, the CDC has
suggested that individuals who suffer comorbidities related to the respiratory system (e.g. asthma)
may be more susceptible to COVID19. Individuals with lungs compromised by chronic exposure to
particulate air pollution may be less able to fight off the effects of this new virus. Although it is not a
coronavirus, the seasonal flu poses greater risks to patients with previously compromised respiratory
systems (Singer et al., 2020).

Rates of respiratory problems are higher in areas that experience higher levels of particulate air
pollution. This is true both within and across countries (Jiang et al., 2016; Mo et al., 2018; Cohen et al.,
2017). Higher rates of respiratory problems in areas with higher particulate air pollution suggest that
these areas may also experience more severe cases of COVID19. Cases that would manifest as mild
symptoms in healthy individuals may manifest more severely in individuals compromised by perennial
exposure to particulate air pollution. The association between exposure to particulate air pollution
and severity of COVID19 has been proposed in the clinical literature (Misra et al., 2020).

Specifically, pathophysiology of COVID19 suggests that particulate air pollution may increase
COVID19 mortality by increasing its spread and by increasing its virulence. COVID19 enters the body
by binding to a specific protein receptor (Hoffmann ef al., 2020). Chronic particulate air pollution has
been associated with the up-regulation of the process that generates those proteins (Chen et al., 2016).
Therefore, chronic exposure to particulate air pollution may increase the ability of COVID19 to enter
the body. Further, mortality from COVID19 is frequently associated with the occurrence of cytokine

storms that trigger hyperinflammation (Mehta et al., 2020; Chen et al., 2020a).> Clinical literature

2 A simple definition of a cytokine storm is a runaway reaction in the body that causes the immune system to turn on
the body’s own cells.
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has shown that exposure to particulate pollution is associated with higher levels of cytokines in the
lungs even after the exposure event (van Eeden et al., 2001).

That areas with higher levels of particulate air pollution may suffer more severe cases of COVID19
is supported by more than physiology. In both Italy and China, two early hot-spots of the disease,
the first and most severely effected areas were also areas with unusually high levels of particulate
air pollution. The annual average PMy5 level in Wuhan is ~ 150ug/ m3, six times the WHO
recommended limit.? In Italy the first cases, and the largest number of deaths to date, have occurred
in the Po river valley. This is the industrial center of Italy and regularly has the highest levels of
particulate air pollution in the country, and often in all of Europe. PM; 5 levels in Milan, the largest
city in the Po river valley, average between 100pg/m® and 150pg /m?> from December to February.

In this paper we use data on the spread of COVID19 through the United States and satellite
measures of particulate air pollution to examine the relationship between COVID19 mortality and
historic exposure to particulate air pollution. To overcome concerns about confounding by unobservable
determinants of COVID19 mortality due to the residential sorting process driven by particulate air
pollution, we use an instrumental variables approach to estimate the impact of pollution levels of
COVID19 mortality. We leverage the fact that roughly 50% of local particulate air pollution in the
United States comes from distant power generation combined with wind direction and the hydraulic
fracturing boom to instrument for local particulate air pollution with the unexpected closure of coal
fired power plants 100 to 150 miles away from the county of interest.

We show that a 1ug/ m? increase in a county’s ten year average PM,.5 levels increases COVID19
deaths by 9%. A 1ug/ m3 increase in the ten year annual average of PM, 5 represents a 12% increase
for the mean county in our sample, implying a 1% increase in particulate pollution leads to a 0.75%
increase in mortality. We can compare this to recent cross-sectional estimates form the U.S. (Wu
et al., 2020) that suggest a 1ug/ m?3 increase in the ten year annual average of PM; 5 leads to a 15%
increase in mortality from COVID19. Consistent with the cross-sectional estimate being confounded
by unobserved determinants of mortality that are correlated with particulate air pollution levels, our

estimates for the causal impact of particulate air pollution are 30% smaller.

3Beijing, famous for its poor air quality, has an average of ~ 100ug/ m3
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Our paper joins a long line of literature documenting the negative health consequences of particulate
air pollution (Manisalidis et al., 2020; Deschenes et al., 2017; Chay and Greenstone, 2003a,b; Chay
et al., 2003). There is less work on the role that chronic exposure to particulate air pollution may
play in exacerbating the spread of a pandemic. The most notable study in this space examines how
particulate air pollution in U.S. cities prior to the 1918 Spanish Flu may have lead to substantial excess
mortality in some cities (Clay ef al., 2018). Using variation in the share of electricity provided by coal
fired power they find that “high coal" cities experienced all-age mortality rates that were ten percent
higher than “low coal" capacity cities. They find that accounting for variation in city characteristics
(e.g. poverty rates) and the public health response of the city to the pandemic does not change the
impact that particulate air pollution appears to have had on excess mortality.

We briefly discuss the literature on particulate air pollution and health as well as our current
understanding of the pathophysiology of COVID19 in section 2. In section 3 we outline our empirical
approach and describe the IV strategy we utilize. In section 4 we describe our data and discuss results

in section 5. Section 6 concludes.

2.2 Particulate air pollution and COVID19 mortality

Chronic exposure to particulate air pollution may increase COVID19 mortality by increasing trans-
mission of the virus and by increasing its virulence once infected. We briefly highlight findings from
three relevant literatures. First, we discuss existing evidence on the health effects of chronic exposure
to particulate air pollution. Second, we review the limited existing evidence on the relationship
between chronic exposure to particulate air pollution and the progression of epidemic and pandemic
infectious disease. Finally, we discuss the emerging scientific and clinical literatures which describe
the pathophysiology of COVIDI19, specifically the role of the angiotension-converting enzyme 2
(ACE2), and risk factors for mortality including chronic respiratory, cardiovascular, metabolic, and

immunologic disease.
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2.2.1 Health effects of exposure to particulate air pollution

It is well known that particulate air pollution exposure increases mortality from a range of causes. This
is particularly true of exposure to PM; 5 for the elderly, a population that appears disproportionately
impacted by COVID19. Anderson (2015) finds a 3-7% increase in over-75 mortality for a doubling
of time spent downwind of an LA highway, an increase he argues is due to elevated exposure to a
range of pollutants but especially particulate pollution. More recently, Deryugina et al. (2019) use
variation in the amount of out-of-county pollution carried into a county based on changes in the
direction of the wind to show substantial increases in mortality due to PM5 5 pollution among the
Medicare population. Coal fired power plays a large role in the generation of out-of-state pollution and
has substantial impacts on mortality among the very young and the elderly from respiratory disease
(Clay et al., 2016; Gupta and Spears, 2017). Chronic exposure to high levels of particulate pollution
can have more subtle health effects as well. Bishop et al. (2018) estimate that a 1 ug/m? increase in
decadal PMj; 5 levels increases dementia diagnosis by 1.68 percentage points, or roughly 8% of the

mean number of dementia diagnoses among 80-year-olds.

2.2.2 Air pollution and pandemics

Work on the relationship between particulate air pollution and respiratory pandemics has been limited
by the infrequency of pandemic events. However, using air pollution index (API) data, Cui et al. (2003)
find that moving from a low API area to a high API area was associated with a doubling of the mortality
rate during the 2002 SARS outbreak in China. This is consistent with more geographically resolved
evidence from Beijing during the same outbreak that finds short-term increases in air pollution during
the outbreak are associated with an increase in the relative risk of SARS mortality (Kan ez al., 2005).
While they lack data on the specific pollutant loads Clay et al. (2018) and Clay et al. (2019) find that
areas with higher levels of air pollution, proxied by coal power generation, experienced more excess
mortality from the 1918 flu and that this effect was roughly 50% as important as pre-pandemic infant

mortality rates in predicting excess mortality.
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FIGURE 2.1: COVID19 DEATHS BY COUNTY
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NOTES: Darker green counties have higher death
counts. Deaths come from the NYT database on
COVID19 deaths as of April 19, 2020.

2.2.3 Pathophysiology and epidemiology of COVID19

COVID19 is caused by SARS-COV-2, a betacoronavirus that enters human cells by binding to the
angiotension-converting enzyme 2 (ACE2) receptor (Hoffmann ef al., 2020). The ACE2 receptor is
expressed on type II pneumocytes of human lung tissue, but also in cells of the gut, heart, kidney, and
blood vessels (Hamming et al., 2004). It regulates blood pressure, heart function, and ongoing research
suggests it may also play a role in regulation of insulin secretion (Li et al., 2020b). Hypertension
and pulmonary events are two of the most common causes of mortality among those exposed to high
levels of air pollution (Manisalidis et al., 2020). As a result, ACE2 has been suggested as a potential
channel between air pollution and mortality (Aztatzi-Aguilar et al., 2015). Importantly, diabetes,
pulmonary conditions and hypertension are all frequent comorbidities of COVID19 (CDC, 2020; Shi
et al., 2020; Muniyappa and Gubbi, 2020).

Evidence from epidemiological studies indicate that ACE2 production may be up-regulated by
chronic exposure to particulate air pollution (Aztatzi-Aguilar et al., 2015). This results in more ACE2
receptors in the lungs of those who have been exposed to chronically high particulate air pollution. A

higher number of ACE2 receptors may increase the probability that COVID19 viruses can successfully
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FIGURE 2.2: 10 YEAR ANNUAL AVERAGE PMj 5 (yg/m3)
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midwest and Ohio River Valley, in particular also have
high pollution loads in non-urban areas. Data come
from Van Donkelaar et al. (2019).

bind and enter the cells of an individual who has breathed in the virus. While the specific biologic
mechanisms of SARS-COV-2, the ACE-2 receptor are still active areas of research, there is a clear
channel through which particulate air pollution may increase the probability of infection conditional
on breathing in the virus.

When infection with SARS-COV-2 reaches the lungs, it directly damages lung cells and induces
an inflammatory immune response (Luks et al., 2020). These processes can lead to impaired surfactant
production, fluid accumulation (edema), impaired gas exchange, and alveolar collapse causing cough,
shortness of breath, and in severe cases, respiratory failure requiring mechanical ventilation (Force
et al., 2012). In severe cases, cardiovascular, metabolic, and immunologic processes appear to be
implicated (Mehta et al., 2020). Specifically cardiac injury, leukocytosis (elevated white blood cell
count), elevations in other inflammatory markers (IL-2R, IL-6, IL-10, TNA-&), and hyperglycemia
were associated with mortality (Li et al., 2020a). This pattern of effects, as well as profound lab

abnormalities of inflammatory markers, suggests immunologic involvement and, in some severe

59



cases, cytokine storms (Mehta et al., 2020; Chen et al., 2020a,b).

Both lab and field epidemiological studies have shown that particulate pollution stimulates cytokine
generation (van Eeden et al., 2001; Tan et al., 2000; Chen et al., 2018). This has been suggested as the
biological mechanism linking particulate air pollution and pulmonary and respiratory mortality (Seaton
et al., 1995). Further, there is evidence that elevated expression of cytokines can persist for many years
after initial exposure (Gruzieva et al., 2017). Aberrant regulation of cytokine levels in the lungs has
been suggested as a potential cause of cytokine storms in response to viral loading (Tisoncik et al.,
2012; Cilléniz et al., 2009). As a result, to the extent that chronic exposure to particulate air pollution
leads to up-regulation of cytokines in the lungs it may contribute to increased COVID19 mortality
by increasing the likelihood that patients experience the extreme inflammatory consequences of a

cytokine storm.

2.3 Empirical approach

A challenge in assessing the impact of chronic pollution exposure on the mortality rates from COVID19
is isolating the direct impact of exposure to air pollution. Because areas that suffer consistently higher
air pollution may have lower housing costs (Sullivan, 2016; Chay and Greenstone, 2005) residential
sorting may lead to systematic differences between populations that are exposed to chronically higher
and lower levels of air pollution. These differences may be correlated with COVID19 mortality rates in
ways that confound simple cross-sectional estimates of the impact of chronic air pollution on mortality
rates (e.g. Wu et al. (2020)).

To separately identify the direct impact of chronic exposure to air pollution on mortality rates,
we use an instrumental variables approach. We rely on plausibly exogenous changes in the make-up of
the power generation fleet in areas upwind and at substantial distance from the county of interest to
instrument for changes in the long-run average level of pollution in a given county. Our IV approach
is similar to that used in Johnsen ef al. (2019) to measure the impact of hydraulic fracturing on air
pollution and Bishop et al. (2018) using variation in power plant emissions to estimate the impacts
of particulate air pollution on dementia.

Specifically, we instrument for the long-run average level of PM; 5 pollution in a county from 2008
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to 2017 with the number of coal fired power plants and the number of gas fired power plants that are
opened or retired within a band 100 miles to 150 miles outside of the county of interest. Displacement
of coal by natural gas reduces pollution levels in areas downwind of the plants either by removing
generating capacity, and the associated pollution, and/or by displacing relatively dirty coal generation
with relatively clean natural gas generation (Johnsen et al., 2019). As a result, we use the opening and
closing of coal and natural gas plants to predict pollution levels over the subsequent years in downwind
counties. We then examine whether areas with larger predicted exposures experience more deaths

from COVID19. We estimate the following system of equations:

Avg. PM; 5 Conc.; = a; + i1 Plant Retirement;;, X Wind Share;; + ¢»

2.1
New Plants;x, x Wind Share;; + 0X; + 7P; + €;
Log(COVID19 Mortality); = &; + fAvg. lﬂ;Conc.i + ¢X; +«P; + u; (2.2)

where we instrument for the ten year annual average PM; 5 concentration in county 7 in state j from
2008-2017 with the interaction of the number of coal plants retired or opened and the number of new
natural gas plants from 2006-2016 within distance band k of county i in compass quadrant g and
the share of time that the wind blew into county i from quadrant 4 (Wind Shareiq).4 In our primary
specification k is a band from 100 to 150 miles around county i.> Equation 2.2 takes the predicted values
of the average PM; 5 concentration and relates them to COVID19 deaths. B describes how a change
in our predicted level of PMj 5 changes the number of COVID19 deaths in county i. X; are vectors
of county specific controls related to health quality, NAAQS attainment status, contemporaneous air
quality, average wind direction, and the spread of COVID19. We select non-NAAQS controls using
a cross-validation LASSO procedure where the starting data includes county average mortality rates of
common COVID19 comorbidities, 5-year ACS county average socio-demographic variables, and cell
phone based measures of the severity of lockdown implementation by county. Our cell phone based

measures of lockdown severity come from anonymized data that tracks how often cell phones within

4Compass quadrants are Northeast, Southeast, Southwest, and Northwest and correspond to angles of degree 0°-90°,
90.1°-180°, 180.1°-270°, and 270.1°-360°.

SIn figures B.2 and B.3 we present first and second stage estimates for a range of distance bands.
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a county at the same location over time. We mandate that NAAQS non-attainment status for PM» 5
in 2019 and the total number of years in our sample the county was in non-attainment, the number of
days since the first COVID19 case in the county, the total population and population density of the
county, and the number of hospital beds in the county remain in the LASSO. In table 2.1 we detail
the variables that are included as controls as well as the set that the LASSO procedure selected over.
P;, is a vector of controls for the number of existing coal and gas plants in the radius r of county i
where 7 is the outer envelope of the k distance band. These include those within county i. We include
state fixed effects («;) in all regressions.

In order for these to be valid instruments for chronic PM; 5 pollution exposure, they must satisfy
two conditions: (1) there is a meaningful relationship between the number of new or retiring plants in
our distance band and the average annual PM> 5 pollution exposure in the county of interest and (2) the
opening or closing of a plant in our distance band is plausibly exogenous with regard to correlated
determinants of COVID19 mortality within the county of interest. That is, the exclusion restriction
must hold. We offer an argument for why each of these conditions are satisfied here and present
empirical evidence to support the first condition in the results section.

In the United States at the beginning of our sample, on average, more than 50% of the air pollution
mortality in a given state was due to pollution generated out of state and transported by prevailing
winds (Dedoussi et al., 2020). Of this cross-state pollution, the power generation sector accounts
for the largest share at more than 70%. To highlight the role of emissions in distant counties in
determining local air pollution, we show in figure 2.3 the counties from which a marginal increase in
emissions contributes the most to PM; 5 pollution in Allegheny County in Pennsylvania. Data comes
from the AP2 air quality model (Fowlie and Muller, 2019) and shows the top quartile of counties by
contribution to pollution levels in Allegheny County.® While many of these counties are located in
close proximity to Allegheny County, it is clear that the the counties in the band from 100 to 150 miles
away, particularly those in the Ohio River Valley, are a meaningful source of pollution.

Over the time period we study, 2005-2018, there has been a decline in both the absolute and relative

Note that this is not a map of which counties contribute the most pollution to Allegheny County in absolute terms.
That is, it is not a map of which counties have many power plants. Rather, it shows the counties in which the emission of 1
additional ton of pollution would generate the most pollution in Allegheny County.

62



TABLE 2.1: LASSO VARIABLES

Mandated Inclusion

Initial List

Selected List

Total population
Population density

Hospital beds

Days since first case
Years in non-attainment,
2006-2017

Attainment status,

2019

Average smoking rate
Mortality rate from pulmonary
causes
Difference from normal
activity since activity < 50%
Days since activity < 75%
Days since activity < 50%
Days since activity < 25%
White population
Black population
Hispanic population
Native American population
Asian population
Other race population
Population over 55
Population over 65
Population over 75
Population in group quarters
Population over 25,
less than high school
Population over 25, BA degree
Per capita income
Families in poverty
Owner occupied housing
Renter occupied housing
Median rent
Vacant housing units
Total male population
Mortality rate from
ischaemic causes
All cause mortality rate

Average smoking rate
Mortality rate from pulmonary
causes
Difference from normal
activity since activity < 50%
Days since activity < 50%
Days since activity < 25%
Native American population
Asian population
Other race population
Median gross rent
Total public transit use
Total without health insurance

NOTES: “Mandated Inclusion" are the variables we require the LASSO proceedure to always include. “Initial List" are
the variables that the LASSO selects over. We use 10-fold cross-validation LASSO to select controls. “Selected List" are
the variables chosen by this procedure that we include in our regressions in addition to the mandated list.
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FIGURE 2.3: RANGE OF PM; 5 DAMAGES

NOTES: Darker red counties are those from which
a larger share of the marginal unit of pollution ulti-
mately reaches Allegheny county Pennsylvania (marked
in black). All colored counties contribute a level of pollu-
tion that puts them in the top 25% of contributing coun-
ties according to the AP2 model (Fowlie and Muller,
2019). We show counties in the top 25% because dam-
ages are continuous and all counties contribute some
non-zero level of pollution. The black rings denote 100
and 150 miles from Allegheny county.

contribution of out-of-state electrical power generation on pollution levels (Dedoussi et al., 2020).
This has been driven in part by generation transitioning from old coal to natural gas or more modern
coal generation (Burney, 2020; Holland et al., 2018). These changes in the electrical generation fleet,
and its consequent impact on pollution levels, have had a meaningful impact on the average level of
pollution exposure over our time period, even for counties at a large geographic remove from where
the generating plants may be located. Within our sample, the average county has experienced the
closure of slightly more than 4 coal fired power plants in the band 100 to 150 miles away from the
county (see table 2.2).

The location of power plants is clearly not exogenous. The count of power plants located in the

band from 100 to 150 miles from a county would not be a valid instrument because, to the extent that
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TABLE 2.2: SUMMARY STATISTICS

Mean SD Min Max
Outcomes
Avg. PM3 5, 2008-2017 7.96 1.96 2.60 12.78
Total Deaths 11.52 183.29 0 9,708
Total Deaths (w/o NYC or KC) 8.39 57.07 0 1,577
Power Plants
Retiring Coal, Q1 1.16 2.69 0 19
Retiring Coal, Q2 0.98 2.59 0 26
Retiring Coal, Q3 1.04 2.72 0 24
Retiring Coal, Q4 1.00 2.55 0 32
New Gas, Q1 0.76 2.59 0 31
New Gas, Q2 0.94 3.11 0 31
New Gas, Q3 0.64 2.38 0 40
New Gas, Q4 0.96 3.16 0 35
Wind Direction
Northeast 33.70 8.92 1 76
Southeast 25.01 9.79 4 75
Southwest 16.93 4.65 1 45
Northwest 24.36 8.56 4 78
CDC Data
Influenza deaths/100K 23.76 13.14 0.0 135.1
Obesity deaths/100K 0.67 1.20 0.0 10.2
Diabetes deaths/100K 29.89 14.15 0.0 135.9
Avg. smoking rate 25.89 3.71 9.6 39.2
Lockdown controls
Difference from normal since <50% 26.69 15.42 2.3 221.1
Days since activity <75% 32.94 4.95 0.0 42.0
Days since activity <50% 20.05 747 0.0 42.0
Days since activity <25% 4.33 6.97 0.0 35.0

NOTES: “Deaths w/o NYC or KC exclude deaths from New York and Kansas City because the New York Times data on
COVID19 deaths groups all the counties in these cities together. Power plant statistics are for the distance band 100 to
150 miles. CDC data reports county average death rates from 1999 to 2016. Smoking rates are calculated from 2005 to
2016. Wind direction reports the share of time by county the wind blows from the named compass quadrant. Lockdown
data is based on cell phone location data from Couture et al. (2020).

65



they influence pollution levels in distant locations, patterns of residential sorting should reflect their
influence. Instead, we rely on the opening and closing of old and new power plants for our identification.
We assume that the process of residential sorting happens with a time lag such that pollution levels
fall immediately after the closing of a power plant but the process by which neighborhoods change
in response to the new levels of pollution occurs slowly over time.’

The validity of our instrument thus relies on the assumption that retirement or construction of a
plant in our distance band, conditional on the number of plants that were operating at the beginning
of our study period, is done for reasons that are exogenous to activity in our county of interest. In
particular, we assume that plants are not more likely to be retired or constructed in areas that are
contributing relatively more pollution to downwind areas in 2005.8 We believe this assumption is
justified because during our time period there was substantial turnover in the power generating fleet
in the United States. More than 300 coal fired generators were retired and more than 600 natural gas
generators were brought online.

In many cases the choice to retire coal and construct natural gas generators was driven by the
negative shock to natural gas price from the revolution in hydraulic fracturing (Hausman and Kellogg,
2015). Hydraulic fracturing substantially, and unexpectedly, reduced the price of natural gas by
around 70% from 2008 to 2012 (Knittel et al., 2015). There was substantial geographic variation
in where hydraulic fracturing lowered gas prices for generating firms (Johnsen et al., 2016; Linn
and Muehlenbachs, 2018). This variation was driven in large part by the location of the tight shale
formations that held the gas which was made accessible by new hydraulic fracturing techniques and
was exogenous to the location of existing power plants (EIA, 2016). Johnsen et al. (2019) use the
variation in a similar I'V strategy to show that decreases in the cost of natural gas led to an average

28% decline in coal usage in power generation and a 35% increase in air quality in the areas of highest

7Wind direction is commonly used as a source of exogenous variation in studies of air pollution. We do not use it as
such here. We include the interaction with wind to increase the precision of our instrument. Because we are interested in
long-term effects, and wind patterns are relatively consistent over long time periods, they do not provide us with exogenous
variation.

897.5% of the counties in our sample have at least one coal fired power generation unit within 150 miles as of 2005
and roughly 50% have a coal fired power plant that closes in the band 100 to 150 miles away during that time period (figure
2.4). An additional 27% have had a new natural gas plant open in that same band. We do not find any evidence that pollution
levels in 2008 predict the number of plants that close in our sample.
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FIGURE 2.4: COUNTIES IN EACH BANDWIDTH
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NOTES: The count of counties that have at least one
coal fired unit closing between 2006 and 2016 in each of
the distance bandwidths 0-50 miles, 50-100 miles, 100-
150 miles, 150-200 miles, and 200-250 miles. Closing
plants within a county are grouped in the 0-50 miles bin.

displacement.

An important assumption for the validity of our instrument is that there is a mismatch in the timing
between when counties experience lower pollution levels and the attainment of a new equilibrium in the
sorting process that determines the socioeconomic make-up of the county. Existing research has shown
that areas become wealthier, whiter, and contain a greater share of home-owners relative to renters
after the reduction in air pollution that comes from the closure of coal-fired power plants (Sullivan,
2016). This occurs as the reduction in air pollution makes the neighborhood more attractive and thus
raises housing costs. However, this process takes time. Reforms of the power sector in California in
2000 substantially reduced air pollution by 2001 but these changes took nearly ten years, until 2009, to
fully manifest as changes in the make-up of LA neighborhoods (Sullivan, 2016). This delay occurred
despite the closure leading to the cleaner air occurring in LA and being reasonably salient to residents
of LA as opposed to the variation we rely on that occurs hundreds of miles away. Intuitively, such

a delay makes sense; it takes time for households to recognize the change in pollution and for real
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estate markets to adjust. Our identification relies on the condition that power plant closures lead to near
immediate changes in pollution levels but neighborhood demographics change slowly in response.
One might reasonably be concerned that hydraulic fracturing has economic consequences other than
shifting the mix between natural gas and coal in power generation. If these economic consequences
spill over into neighboring counties it might confound our instrument. In particular, if hydraulic
fracturing raised wages or incomes, or tax revenue, in neighboring counties, COVID19 mortality might
be reduced through a channel other than air pollution that is correlated with our pollution instrument.
Feyrer et al. (2017) examines exactly the question of spillovers and finds that hydraulic fracturing does
increase wages, business income, and government royalties. However, these effects are concentrated
in areas relatively near to the county in which hydraulic fracturing occurs. The increase in wages
declines to near zero by 100 miles away from the site of hydraulic fracturing (see figure B.1). Further,
the additional royalty revenue dissipates within approximately two years of the drilling of the well.
To the extent that the largest drilling shock occurs from 2008 to 2012, that suggests the additional

government revenue may not be affecting COVID19 mortality in 2020.

2.4 Data

2.4.1 Air pollution data

There are two main sources of air pollution data for the United States - monitor data from the EPA’s
system of ground based monitors and remotely sensed data that measures air pollution by processing
satellite imagery to detect certain types of particles. There are advantages and disadvantages to each
type of data. One major drawback of monitor based data is its incomplete geographic coverage that
can lead to substantial underestimation of the true levels of air pollution across counties (Sullivan and
Krupnick, 2018). This is exacerbated by the fact that regulators may strategically locate monitors to
avoid detecting the highest levels of pollution in their jurisdiction (Grainger et al., 2016).

To avoid the potential bias from ground-based monitor data, we use remotely sensed air pollution
data. Specifically, we use pollution data from the North American Regional analysis conducted by

Van Donkelaar et al. (2019). This remotely sensed data combines observed data on aerosol optical depth
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(AOD) from NASA MODIS, MISR, and SeaWIFS satellite systems with a physics model of chemical
transport to provide data at a fine resolution over long time periods. Remotely sensed pollution data
is generally believed to provide a reasonable best estimate of pollution levels (Aufthammer et al., 2013)
and is widely used in both environmental economics (Schlenker and Lobell, 2010; Hsiang, 2016).
We focus on PM; 5 because it has the most deleterious consequences for human health and collect
data on PM; 5 levels from 2006 to 2017 across the continental United States.” The satellite data is
reported on a 0.01°x0.01° (=4mi x 4 mi) grid. We assign grid points to counties and calculate a
county average annual exposure by averaging across all grid points in the county. For each county
in the United States we then calculate the ten year average level of each of the pollutants. We end
our average in 2017 because recent work from the Po river valley (Setti et al., 2020) and from China
(Yongjian et al., 2020) suggests high contemporaneous levels of pollution may facilitate the spread
of the virus by allowing the virus to bind to particulate matter in the air. Ending our average in 2017

avoids confounding our estimates with contemporaneous effects.!?

24.2 COVID19 mortality data

Our COVID19 mortality data comes from the database on cases that has been assembled by the New
York Times. Their database provides the current cumulative case and death count for all counties in
the United States that have reported at least one case. From this data we calculate the date the first
case was announced for each county and the date of the first death. !!

In order to include cases in New York City and Kansas City we group all the counties that comprise
each metropolitan area together in out analysis. This is because the NYT reports aggregate cases for
both cities. For the pollution data we calculate averages across all five counties. For the Census ACS
data (discussed below) we aggregate as total or median (as appropriate) across each the five counties.

We do this because the New York Times reports a single aggregate case and death count for all the

9We also collect data on NHy, SO3, and NOy but as we show in table B.1 these pollutants do not appear to have a strong
impact on COVID19 mortality.

10We use nearly contemporaneous data on NAAQS attainment status to control for short-term effects.

""The data can be accessed here: github.com/nytimes/COVID19-data
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counties in New York City. We do the same for Kansas City for the same reason. We group all four
counties that touch on Kansas City together and then add the cases and deaths that the New York Times

reports for Kansas City to that total.

2.4.3 Other data

We combine our air pollution and mortality data with a number of other data sets in order to control

for additional covariates of mortality.

EIA power plant data The Energy Information Agency (EIA) requires power generation facilities
in the U.S. with greater than 1MW nameplate capacity to provide information about the annual
operation of their facilities on a form 860. This information includes the location, primary fuel types,
gross load, operating hours, and retirement or planned retirement ages of the generators. We use the
database of EIA-860 data assembled in Burney (2020) for coal and natural gas plants retired or opened
from 2005 to 2016. This provides us with the latitude and longitude coordinates of each coal and
natural gas plant operating in the U.S. during that time period as well as the opening or closing dates
for plants that did not operate continuously for the whole time period. We map this data and count
the number of new, retiring, and existing plants of each type within various distance bands from

every county in the United States.'?

ACS data In order to control as best as possible for the range of socioeconomic characteristics that
may be correlated with chronic particulate pollution exposure, we download the comprehensive
5-year average ACS report from the U.S. Census at the county level for 2018. We match this to the

COVID19 mortality data by FIPS code, subject to the changes described above.

DEX data As the COVID19 pandemic has worsened across the United States, cities, counties, and
states have responded with various containment measures and lockdowns in an attempt to limit the
spread of the virus. In order to control for these measures we have included data measuring the average
interaction of anonymized cell phone data at the county level from Couture et al. (2020). To measure

interactions Couture et al. (2020) count the number of distinct devices that visited any commercial

12We map the location of all plants in the figure 2.5.
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FIGURE 2.5: LOCATION OF EXISTING, NEW, AND RETIRING PLANTS, 2006-2016

RETIRED COAL PLANTS NEW NATURAL GAS PLANTS

establishments in a single day. They report the county average across all cell phones in the county on
that day. We use average over time to determine when activity in a given county falls below seventy
five percent, fifty percent, and twenty five percent of the average level from the beginning of the
sample (January 20, 2020) to March 1, 2020. For each county we then construct variables that count
the days between crossing these thresholds and the most recent mortality report. We also calculate
the difference in average activity levels after activity falls below the 50% threshold and the baseline

activity level to account for the fact that lockdowns may become less severe or less obeyed over time.

CDC data We download the count of deaths and crude death rates from 1999-2016 for a range of
comorbidities from the CDC WONDER system for all counties in our sample. The WONDER
system reports mortality statistics for a range of causes of death across U.S. counties. The data is based
on death certificates. We collect data on all cause mortality, pulmonary heart disease, ischaemic

heart disease, hypertensive diseases, diabetes, obesity, influenza, and acute respiratory diseases.

EPA Greenbook data The EPA designates counties’ non-attainment if they are not in compliance
with the National Air Quality Standards (NAAQS) based on data from the EPA monitoring network.

We collect data from the EPA Greenbook reporting historic compliance with the NAAQS standards
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on whether a county is in non-attainment with the PM» 5 standard in 2019 as well as the number of

years from 2006 to 2017 that the county was in non-attainment.

Wind direction data We collect data on the direction that the wind blows into a county on a daily
level from 2005 to 2016 from Deryugina et al. (2019). We assign a quadrant to each angle recorded
in this data and calculate the share of days over this time period the wind blows into a county from
each quadrant. For counties in our sample that are not in the data collected by Deryugina et al.

(2019) we use the average across available counties in the same state.

2.5 Results

We begin briefly with a discussion of the cross-sectional relationship between exposure to chronic
particulate air pollution and COVID19 mortality. In table 2.3 we show the results of the simple
cross-sectional, state-fixed effects regression of the log of one plus county deaths on the ten year annual
average level of PM, 5 pollution. In our preferred specification, in which we include controls selected
by LASSO for the days since the first case was detected, a range of socioeconomic characteristics
from the ACS, and the number of days since economic activity declined substantially as a result of
lockdowns, a one unit increase in annual average PM, 5 levels is associated with an increase of roughly
5% in the number of COVID19 deaths in a county.!?

Our estimates differ substantially from those published in Wu et al. (2020) who find increases of
15% in mortality from COVID19 due to a 131¢/m? increase in the ten year annual average of PMy 5.
There are several potential explanations for this discrepancy. The first is that we use more recent data
on deaths than used in Wu et al. (2020). As the COVID19 epidemic grows, death counts are changing
rapidly. The three week difference in the data used may explain the difference in results, particularly
if the places that had high early death counts have higher-than-average levels of air pollution. We
also control for more county features than in Wu et al. (2020). In particular we have richer controls
for the change in activity after the advent of COVID19, which may be correlated with deaths and air

pollution, and for contemporaneous air pollution.

130ur ACS controls include controls for the age and racial profile of a county, the population and population density,
number of renters, common methods of commuting to work, health insurance status, and average incomes.
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TABLE 2.3: CHRONIC PMj 5 POLLUTION AND COVID19 MORTALITY

LN1+ IHS
Avg. PM> 5, 2008-2017 0.048*** 0.063***

(0.014) (0.017)
N 3,096 3,096
LASSO Controls X X
State FE X X

NOTES: The outcome in column 1 is the log of deaths+1 in a county as of April 19" In column 2 it is the inverse
hyperbolic sine. Coefficients should be interpreted as the percent change in deaths for a one unit change in annual average
PM, 5 from 2008 to 2017. At the mean a one unit change in PMj 5 represents a 12% change in PM; 5. LASSO controls
include controls for the number of days since the first reported case, mortality rates from diabetes and obesity, population
density, levels of health insurance, the racial and age makeup of a county, and days since the county experience a lockdown
as well as post-lockdown activity levels. Heteroskedasticity robust standard errors are in parentheses (* p<.10 ** p<.05
% p<01).

2.5.1 First-stage IV results

We present results from our first stage estimates in table 2.4. To ease readability we present the total
effect of plant retirements and openings in each quadrant accounting for wind share.'* As hypothesized,
the retirement of coal fired power plants reduces average PM; 5 levels over 2008 to 2017. Our first
stage results imply that the average county in our sample experienced a reduction of ten year annual
average PM; 5 levels of approximately 0.15 pug/ m3 (=10% of 1 SD) due to changes in the power
generation mix relative to the counter-factual of no change in the generation mix. For comparison’s
sake, scaling the estimates in Johnsen et al. (2019) to our distance bandwidths suggests that the closure
of a large coal fired power plant would reduce ten year annual average PM; 5 levels by 0.08 ug/ md.
More surprisingly, the opening of new gas fired power plants also reduces average PM» 5 levels
in some cases. In a setting in which power generators are choosing how to meet power demand by
utilizing a mix of generating sources, some dirtier than others, it is reasonable that adding more,
relatively clean, natural gas sources will reduce overall pollution. Whether new gas generation capacity

increases or reduces pollution will depend on the generation mix prevailing upwind of a given county

14Q0ur fist stage equation estimates the impact of a plant retirement (lpf‘) and the interaction with wind share (1/}13). The

total effect of a plant closure in quadrant g is lpfﬂpf X Wind Share,;. We evaluate this total effect at the mean wind share
for each quadrant and present these results in table 2.4.
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TABLE 2.4: FIRST-STAGE RESULTS

ey 2
Retiring Coal, Q1 -0.0417** -0.041***
(0.008) (0.008)
Retiring Coal, Q2 -0.028** -0.023*
(0.012) (0.012)
Retiring Coal, Q3 -0.045*** -0.044***
(0.007) (0.007)
Retiring Coal, Q4 -0.006 -0.008
(0.009) (0.008)
New Gas, Q1 0.005 0.003
(0.006) (0.006)
New Gas, Q2 -0.033*** -0.031***
(0.006) (0.006)
New Gas, Q3 0.029*** 0.029***
(0.010) (0.009)
New Gas, Q4 -0.021*** -0.017***
(0.006) (0.005)
F-statistic 119.38 114.28
State FE X X
LASSO Controls X X
NAAQS Controls X

NOTES: The outcome in all columns is the the percent change in annual average PM; 5 from 2008 to 2017. At the mean
a one unit change in PM5 5 represents a 12% change in PM; 5. LASSO controls include controls for the number of days
since the first reported case, mortality rates from diabetes and obesity, population density, levels of health insurance, the
racial and age makeup of a county, and days since the county experience a lockdown as well as post-lockdown activity
levels. Heteroskedasticity robust standard errors are in parentheses (* p<<.10 ** p<.05 *** p<.01).

74



FIGURE 2.6: PREDICTED 10 YEAR ANNUAL AVERAGE PMj 5 (yg/m3)
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NOTES: Darker purple counties have higher predicted
annual average levels of pollution. Pollution levels are
predicted using the opening and closing of coal and
natural gas power plants 100 to 150 miles away from a
given county.

prior to the new plant. Consistent with this idea, we observe that the gross load (a measure of plant
utilization) of older coal fired power plants declines as new natural gas plants are brought online within
a given area and there is a substitution of operating time from older coal fired power to newer gas
fired power. In California this likely means new gas will increase local pollution because there is
little coal to displace. In the Ohio River Valley, one of the most polluted areas in the country, new
gas likely displaces coal and reduces pollution. The relative impacts of coal and natural gas on air
pollution, as well as the signs we estimate, are consistent with the results in Johnsen ef al. (2016).
The F-statistics on the instruments in our first stage are substantially greater than 10, suggesting we

do not have a weak instrument problem (Stock and Yogo, 2002).

2.5.2 IV results

Our IV estimates reported in table 2.5 are inflated relative to our OLS results. In our preferred
specification, controlling for the LASSO controls as well as NAAQS status, we find that a one unit

increase in ten year annual average PM; 5 increases COVID19 deaths by approximately 9.5%. This
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implies a 1% increase in ten year annual average PM; 5 increases COVID19 deaths by ~0.75%.'°
The inflation of our IV results relative to our OLS results is relatively moderate. In our preferred
specification the IV estimates are 100% larger than the OLS estimates. This is consistent with the
differences in OLS and IV estimates in existing work using a similar instrumental strategy (Johnsen
et al., 2019).'6 Despite this inflation, our IV estimates are substantially smaller than the existing

cross-sectional correlations.

TABLE 2.5: INSTRUMENTAL VARIABLE RESULTS

LN1+ LN1+ IHS IHS
Avg. PM3 5, 2008-2017 0.107** 0.096** 0.133** 0.121**

(0.047) (0.049) (0.058) (0.059)
N 3,097 3,097 3,097 3,097
State FE X X X X
LASSO Controls X X X X
NAAQS Controls X X

NOTES: The outcome in columns 1-2 is the log of deaths+1 in a county as of April 19" In column 3-5 it is the inverse
hyperbolic sine. Coefficients should be interpreted as the percent change in deaths for a one unit change in annual average
PM, 5 from 2008 to 2017. At the mean a one unit change in PM; 5 represents a 12% change in PM» 5. LASSO controls
include controls for the number of days since the first reported case, mortality rates from diabetes and obesity, population
density, levels of health insurance, the racial and age makeup of a county, and days since the county experience a lockdown
as well as post-lockdown activity levels. Heteroskedasticity robust standard errors are in parentheses (* p<.10 ** p<.05
% p<01).

2.5.3 IV robustness checks

Our IV estimates are robust to specification choice. We present results of the LIML and GMM model
in place of the 2SLS approach in tables B.2 and B.3 (Pischke, 2018). In both cases estimates are
slightly larger than in the 2SLS case but are consistent with the 2SLS approach. In columns 3-6 of
table 2.5 we present 2SLS results using the inverse hyperbolic sine instead of log 1+deaths. Our results
using the IHS imply an increase in deaths of 1% for every 1% increase in ten year annual average

PMj; 5 pollution. We also present results in table B.4 excluding NYC and KC because of the unusual

1511 our data a one unit increase in PM 5 represents a ~12% increase in 10 year annual average PMj 5 levels from the
mean.

16The inflation of their IV to OLS estimates ranges from 19% to 72% depending on the specification.
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way in which cases are aggregated in those cities. Our estimates are somewhat smaller but similar
and remain significant.

To test the robustness of our distance band choices we show the result of different 50 mile
bandwidths in figures B.3 and B.4. The point estimates are stable across the first three distance bands
(0-50 miles, 50-100 miles, and 100-150 miles) and begin to decline in the fourth (150-200 miles)
and fifth (200-250 miles). This is consistent with the influence of power plants on pollutant levels
waning beyond 150 miles as suggested by the results in figure B.2 testing the change in the first stage
estimates for different distance bandwidths. Our results suggest that the influence of power plants on
particulate pollution levels begins to decline steeply after 150 miles. The impacts in both bands from

150-200 miles and 200-250 are close to and not statistically different from zero.

2.5.4 Effect on COVID19 case counts

In addition to the impact on deaths we examine the impact of chronic exposure to particulate air
pollution on the number of COVID19 cases. Recall the current understanding of the pathophysiology
of COVID19 suggests particulate air pollution may increase both mortality and transmission, thus
increasing cases. Our analysis of the impact on cases comes with the significant caveat that COVID19
case numbers appear to be substantially under-counted in the United States due to shortages of testing
materials.!” Despite this the estimates in table 2.6 suggest that particulate air pollution may also
increase case counts. We estimate a roughly 13% increase in cases for a 13.g/m? increase in the ten

year annual average level of PMj 5.

2.6 Conclusion

Understanding role of exposure to chronic particulate air pollution in modulating the impact of
the COVID19 pandemic is important for understanding which areas may expect to suffer higher
hospitalization and mortality rates from the pandemic. Early estimates of the role of chronic exposure

to particulate air pollution may have overestimated its impact. Our estimates suggest that particulate

17Deaths may also be under-counted but it is generally thought that death counts are more accurate than case counts.
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TABLE 2.6: INSTRUMENTAL VARIABLE RESULTS WITH CASES

LNI1+ LN1+ IHS IHS
Avg. PM3 5, 2008-2017 0.140** 0.126** 0.164** 0.151**

(0.062) (0.062) (0.067) (0.067)
N 3,097 3,097 3,097 3,097
State FE X X X X
LASSO Controls X X X X
NAAQS Controls X X

NOTES: The outcome in columns 1-2 is the log of cases+1 in a county as of April 19/, In column 3-5 it is the inverse
hyperbolic sine. Coefficients should be interpreted as the percent change in cases for a one unit change in annual average
PMj; 5 from 2008 to 2017. At the mean a one unit change in PMj 5 represents a 12% change in PMj; 5. LASSO controls
include controls for the number of days since the first reported case, mortality rates from diabetes and obesity, population
density, levels of health insurance, the racial and age makeup of a county, and days since the county experience a lockdown
as well as post-lockdown activity levels. Heteroskedasticity robust standard errors are in parentheses (* p<.10 ** p<.05
w85 p< 01).

air pollution may in fact play a causal role in increasing mortality from the virus but our estimates

suggest that its impact is roughly 30% smaller than the existing cross-sectional estimates.

We estimate thata 1 pg/ m? increase in the ten year annual average PM, 5 level, which represents
a 12% increase from the mean, increases mortality from COVIDI19 by 9.5%. There are multiple
physiological pathways through which particulate air pollution may increase mortality. Chronic
particulate air pollution exposure may up-regulate the production of protein receptors in the lungs
that the virus binds to in order to enter the body. This may increase transmission of the virus and we
find evidence that suggests particulate air pollution may increase case counts. Chronic particulate air
pollution may also increase the production of cytokines in the lungs and increase the probability of
patients experiencing cytokine storms, believed to be a source of COVID19 mortality.

More research on the relationship between COVID19 and air pollution is necessary. In particular,
understanding the role of short-term air pollution in modulating the spread, and potentially the mortality,
of the virus is critical. The relationship between short-term air pollution exposure may be important
in guiding decisions about when to lift lock-downs and managing social interactions after they are
lifted. Areas with higher levels of pollution may need to maintain stricter social distancing than areas

with lower levels.

This work also underlines the important health consequences of air pollution in general. While
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pandemics are rare events, our evidence suggests that some areas experienced substantial excess deaths
as a result of their existing exposure to air pollution. Minimizing the costs of future pandemics may be

an important consideration for policy-makers choosing how to regulate air pollution.
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Chapter 3

Learning is Inhibited by Heat Exposure,
Both Internationally and Within the
Us.!

3.1 Introduction

Both across and within countries, people living in hotter climates complete less formal schooling,
score lower on standardized tests, and exhibit worse economic outcomes than those living in cooler
climates (Montesquieu, 1750; Dell et al., 2012; Park et al., 2020). Such associations are important
given the growing role of cognitive skill in income mobility and economic growth (Goldin and Katz,
2009; Chetty et al., 2014; David, 2014; Hanushek and Woessmann, 2016), and because of current and
expected changes to the earth’s climate, which appear to influence macroeconomic growth (Burke
and Emerick, 2016). Whether and how climatic factors causally affect human capital development,
however, remains debated, in part because so many other institutional and economic factors are
correlated with a warmer historical climate. Some argue that initial conditions during colonization
influenced the institutions created in hotter, more disease-prone climates, leading to lower levels of

human capital today (Acemoglu et al., 2001). Others emphasize the role of correlated impediments to

1Co-authored with R. J isung Park (UCLA) and Joshua Goodman (Boston University)
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agricultural productivity (Schlenker et al., 2006) or child nutrition and health (Currie, 2009), which
may in turn change the incentive to pursue schooling (Maccini and Yang, 2009; Shah and Steinberg,
2017).

We propose a more direct mechanism that may operate alongside institutional, agricultural, or other
factors. Across a range of laboratory and field environments, temperature has been shown to affect
working memory, stamina, and cognitive performance (Seppanen et al., 2006; Park, forthcoming),
and to lead individuals to reduce time spent engaging in labor activities (Graff Zivin and Neidell,
2014). This suggests that, in addition to the channels above, heat may directly affect students’ capacity
to learn or teachers’ ability and willingness to teach. Given vast international differences in thermal
conditions experienced by students (Table 3.1), even small marginal effects of heat on learning could
result in large educational disparities over time. Students in Indonesia and Thailand, for instance,
experience over 200 days above 80°F per school year, compared to approximately 40 such days in
the United States and South Korea. Causal estimates of the returns to schooling suggest that small
changes in educational achievement can result in persistent differences in lifetime earnings potential
(Acemoglu and Autor, 2011). There is, however, limited evidence on how heat exposure affects the
rate of learning and human capital accumulation in the context of formal schooling (Graff Zivin et al.,
2017; Park et al., 2020).

We provide evidence that heat exposure during learning periods directly impacts human capital
accumulation, suggesting another channel through which climate is linked to macroeconomic devel-
opment. To do so, we provide two sets of analyses, each using quasi-experimental research designs
and incorporating region-specific academic calendars to measure temperature shocks that occur on
school days preceding cognitive testing. The empirical designs focus on heat exposure during the
school year - as opposed to momentary reductions in cognitive performance due to temperature on
the day of assessment - and exploit year-to-year variation in weather within a given region to isolate
the causal impact of hotter school years on learning.

The first analysis uses test score data from 58 developed and developing countries participating
in the Programme for International Student Assessment (PISA) between 2000 and 2015. PISA’s tests

are designed to measure formal learning in math, reading, and science in nationally representative
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TABLE 3.1: HEAT EXPOSURE IN SELECTED PISA COUNTRIES

Per Capita Avg. PISA

School Days> 80° Income (USD) Score
Indonesia 240 2,180 -1.17
Thailand 204 3,937 -0.76
Brazil 119 7,043 -1.08
Mexico 145 8,160 -0.87
Vietnam 114 1,894 0.09
Israel 80 27,759 -0.40
United States 44 46,247 -0.08
South Korea 36 19,467 0.35
Spain 24 25,224 -0.14
Turkey 26 8,899 -0.59
France 12 34,616 -0.01
Netherlands 7 45,164 0.18

NOTES: The school day measures report average annual number of school days over 80° experienced by each country
during our sample period from 1995-2015. Per capita income reports the average per capita income in constant USD
over the same time period using data from the World Bank. Normalized PISA Score reports the average normalized overall
PISA score within each country over our sample period.

samples of 15-year-olds. We find compelling evidence that students in school during hotter periods
score worse on these exams than their peers in the same country who are schooled in cooler periods.
The effects of years with more hot days (above 80°F) on subsequent performance persists even when
adding controls for changes in economic conditions (e.g. per capita income) and possible spurious
correlation between regional time trends in warming and educational performance. To isolate the
causal impact of heat exposure on learning, we link within-country temperature fluctuations over
time to within-country fluctuations in test scores, controlling for country- and time-varying confounds.

Exploiting variation in the timing of hot days within a given calendar year, we provide suggestive
evidence on the potential mechanisms at play. Heat on school days prior to PISA exams lowers test
scores while heat on non-school days (e.g. weekends, summer vacation) has little effect, consistent
with our hypothesis that heat directly interferes with learning time. In addition, including controls
for potential correlated shocks to agricultural yields does not affect the magnitude or significance of
these findings. Specifically, the effects are robust to controlling for hot days during region-specific

rice growing seasons as well as time-varying, country-level measures of agricultural employment,

82



suggesting that the effects of hot temperature are not driven solely by correlated shocks to nutrition
or time reallocation decisions in response to correlated changes in economic incentives to pursue
schooling.

Even with a rich set of controls, the range of countries in our data implies these effects could be
driven by other correlated mechanisms noted above, particularly in lower-income, agrarian economies.
The second analysis therefore focuses on the United States, a highly developed, non-agrarian setting
where nutrition and agricultural income-related channels seem less likely to be empirically first-order
in explaining the impact of heat on achievement. We use district-level annual math and English
Language Arts (ELA) test scores from over 12,000 U.S. school districts, from the Stanford Education
Data Archive (SEDA). These tests are mandatory components of school accountability systems,
so that the sample of test-takers represents the near-universe of American students. The tests are
deliberately aligned with school curricula to measure learning that is meant to occur during formal
schooling. Similarly to the international data, we link within-district temperature fluctuations over
time to within-district fluctuations in test scores to isolate the causal effect of hotter temperature during
the school year.

We find that US students in school during hotter years score worse than peers in the same district
schooled in cooler periods. Consistent with the international evidence and the hypothesis that heat
interferes with learning, we find that heat on school days entirely drives our results. These results are
robust to the inclusion of controls for district-level changes in school funding and demographic com-
position, potential spurious correlation between regional warming patterns and trends in educational
achievement, and controls for exam-day temperature.

Across both sets of analyses, we find that the marginal damage associated with hotter temperature
appears to be larger for lower income populations, consistent with previous work on climate adaptation
(Carleton et al., 2018). These results suggests that the effects of hot temperature may be regressive
not only across but also within countries, consistent with recent work (Hsiang et al., 2018; Park et al.,
2020). In the U.S., heat’s effects appear to be larger for racial minorities and students in lower income
school districts, who likely have less access to potentially compensatory resources. We also present

novel evidence suggesting that the effect of heat exposure during learning periods on achievement
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is larger for younger students. The effect of heat on children may be more pronounced if children
rely more heavily than adults on well-functioning institutions to enable effective avoidance behaviors
or carry out necessary protective investments. These and other reasons suggest that children may be
more susceptible to hyperthermia and heat-exhaustion (Rowland, 2008), but so far there has been
little evidence regarding the differential impact of heat exposure on learning across age groups.

We note three observations about these analyses. First, they study the impact of heat on learning,
rather than momentary reductions in cognition that may arise from temperature stress. Existing
evidence suggest many factors including temperature (Graff Zivin et al., 2017; Park et al., 2018), air
pollution (Ebenstein et al., 2016), sleep deprivation (Alhola and Polo-Kantola, 2007), and attentional
capture (Mani et al., 2013) can affect short-run cognition. The mechanism studied here does not operate
through such short-term reductions in cognition during test-taking or in the immediate lead-up to test
taking, and controls for the possibility of correlation between heat exposure during learning periods
and hot temperature during a subsequent exam. The outcome measures are standardized assessments
designed to capture cumulative learning throughout formal schooling, as opposed to tests of raw
intelligence or cognitive capacity that are highly sensitive to test-taking conditions, in contrast to
prior studies (Graff Zivin et al., 2017).

Second, these results encompass students in both the developing and developed world, presum-
ably with varying levels of adaptation investment. Previous studies find that the effect of climatic
shocks on health and economic outcomes vary substantially by income or previous exposure (Dell
et al.,2012; Burke et al., 2015; Carleton et al., 2018), and that investments such as air conditioning
may be effective at mitigating heat-related impacts (Barreca ef al., 2016). Given vast differences in
the rate of air conditioning across countries, and notably between the US and most other countries,
it is important to assess the external validity of existing US-based findings (Graff Zivin et al., 2017;
Park et al., 2020). Recent survey evidence suggests that, whereas 90 percent of US households
have some form of air conditioning, only 73 percent, 19 percent and 13 percent of households in
Australia, Sweden and Mexico respectively have air conditioning (Davis and Gertler, 2015; Randazzo
et al., 2020). This study suggests that the smaller macro-level effects of temperature documented in

developed economies(Burke et al., 2015) may mask substantial heterogeneity within these countries .

84



Third, we suggest a seemingly universal physiological channel through which heat affects human
capital accumulation, in contrast to an older and racially charged literature arguing that the asso-
ciation between climate and human capital is driven by genetic or cultural factors. Such literature
claimed that those living in tropical countries were genetically and culturally “lazy" or otherwise
disinclined to engage in cognitively intensive activities (Gilfillan, 1920; Huntington, 1922). The
unfortunate implications of this work may have inhibited discussion of a simpler and more policy-
relevant explanation for the observed associations between heat and human capital. We suggest that the
universal physiological burden of heat reduces students’ capacity to learn and teachers’ capacity to
teach, independent of intelligence or disposition. Hotter climates may thus interfere with economic
development by reducing the human capital stock of nations, which implies that investments aimed
at protecting students from heat exposure may confer important economic benefits, particularly in

hotter, poorer countries.

3.2 Results

3.2.1 International analysis

The first analysis explores the relationship between heat exposure and standardized performance on
the Programme for International Standardized Assessments (PISA). The sample comprises exam
records from 58 countries who participated in PISA, which is administered by the OECD and provide
internationally harmonized exams to nationally representative samples of 15 year olds every 3 years
since 2000.

Our sample spans a wide range of incomes and average climates, including poor tropical countries
such as Vietnam and Thailand as well as many richer temperate countries such as South Korea, France,
and New Zealand. Average per capita income across the countries in our sample is $25,962 in current
U.S. dollars (Table 3.2), with some as low as $662 per capita (Kyrgyz Republic) and some as high
as $80,857 (Luxembourg). The countries in our sample are plotted in Figure 3.1, and represent
approximately 144 million 15-19 year olds across the participating countries.

Our empirical design leverages random variation in temperature within a given country over
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TABLE 3.2: SUMMARY STATISTICS FOR PISA SAMPLE

Full Sample Richer Sample Poorer Sample
Variable N  Mean SD N  Mean SD N Mean SD
Hot school days 58 114 177 24 67 125 34 156 205
Normalized PISA Score 58  -0.28 0.49 24 0.02 0.27 34 -054 048
Employment in Ag. 58 10 11 24 3 2 34 16 12
Per capita Income 58 25962 21,704 24 44320 18,076 34 9,807 6,311
Population, 15-19 58 3.0 5.2 24 2.4 4.5 34 3.7 5.7

NOTES: School days measures the total number of days over 80°F in the previous three years. Population is reported
in millions. Employment in Agriculture is as a percentage of total employment. Employment, Income and Population
data all come from the World Bank World Development Indicators data. We calculate hot school days based on NOAA’s
GHCN data. PISA scores come from the NCES and we standardize them as described in the supplementary materials.
Rich countries are defined as countries whose per capita income in 1995 was greater than $14,000, the average per capita
income in 1995 in countries in our sample. Poor countries are those countries with per capita income less than $14,000
in 1995.

multiple years. While unobserved determinants of student achievement may be correlated with
average climate in the cross-section, year-to-year fluctuations in temperature within a country are
plausibly random, particularly when adjusting for correlated global or regional trends in warming and
development. Our strategy compares deviations from country-specific averages in PISA performance
with deviations from country-specific average temperature, controlling flexibly for other time-varying
factors including precipitation and share of labor force in agriculture. We focus on the impact of
the number of days with temperatures above 80°F, noting that previous studies of heat on cognitive
performance and other behavioral outcomes find adverse impacts beginning around 80°F (Graff Zivin
et al., 2017; Park et al., 2018, 2020).

We find that hotter temperatures in years leading up to the PISA exam negatively impact student
performance. Each additional day above 80°F during the 3 years preceding an exam lower scores by
0.18 percent of a standard deviation (p= 0.007, 95% CI = [-0.22, -0.04], Figure 3.2). We measure
hot days over 3 years to maintain consistency with the periodicity of the PISA exams. A one standard
deviation increase in hot days conditional on country and year fixed effects amounts to 14 school
days. Cold days have statistically insignificant impacts on performance (8 = 0.07, p = 0.517, 95%
CI =[-0.14, 0.28]). These results are robust to the inclusion of continent-specific temperature trends,

which suggests that they are not driven by spurious correlation between regional warming patterns
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TABLE 3.3: PRIOR HEAT AND NATIONAL ACHIEVEMENT - PISA

PISA PISA Richer Poorer
Scores Scores Sample Sample
(A) All Days
Total hot days -0.125 -0.126 -0.024 -0.143
(0.051) (0.045) (0.071) (0.038)
[0.017] [0.007] [0.733] [0.001]
{-0.23,-0.02}  {-0.22,-0.04}  {-0.17,0.12}  {-0.22,-0.07}
N 282 282 132 150
(B) School Days
Hot school days -0.200 -0.224 -0.099 -0.256
(0.077) (0.070) (0.143) (0.053)
[0.012] [0.002] [0.493] [0.000]
{-0.36,-0.04}  {-0.36,-0.08}  {-0.39,0.20}  {-0.36,-0.15}
Hot non-school days 0.037 0.038 0.127 0.088
(0.099) (0.091) (0.146) (0.092)
[0.710] [0.676] [0.394] [0.342]
{-0.16,0.24} {-0.14,0.22}  {-0.18,0.43}  {-0.10,0.28}
N 282 282 132 150
Continent Specific Linear Trend X X X
Precipitation controls X X X
Additional controls X X X

NOTES: Heteroskedasticity robust standard errors clustered by country are in parentheses. p-values reported in brackets
and 95% confidence intervals in curly brackets. Temperature is measured with the daily maximum temperature on days

in each country in the three years prior to the year the exam was taken. All columns include country and year fixed effects, a
continent-specific linear trend, and controls for temperature in the year of the exam and precipitation in both the year of

the exam and the three years proceeding the exam. The outcome is the average across PISA scores available in a given

year standardized according to PISA’s methodology as described in the Materials and Methods. All regressions weight
countries by the number of 15-19 year olds using data from the World Bank. “Additional controls refers to time-varying,
country-specific indicators of economic development, including per capita income, share of male and female employment

in agriculture, and total share of employment in agriculture, taken from the World Bank.
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and long-run trends in educational achievement, as well as specifications that allow for different
functional forms of temperature.

To provide evidence on potential mechanisms, we assess the impact of heat that occurs during three
sets of mutually exclusive days of the year for each country in our sample: weekdays during the school
year (henceforth “school days"), weekends during the school year, and summer vacation days. The
effect of hot temperature on learning appears to be driven almost exclusively by hot school days (Figure
3.3 and Appendix Table C.1). Each additional hot school day lowers scores by 0.22 standard deviations
(p= 0.002, 95% CI = [-0.36, -0.08], Table 3.3). A Wald test indicates a significant difference between
the impact of hot school days and hot non-school days (F; 57=3.41, p=0.07).

To further probe whether heat impacts learning through other correlated shocks, including the
effects of heat on agricultural productivity, we run analyses that control for hot days during the rice
growing season (Appendix Table C.2). In the countries for which we have data on growing seasons we
find that hot school days, controlling for the number of hot days during the rice growing season, still
appear to reduce student performance by 0.31 percent of a standard deviation (p= 0.013, 95% CI =
[-0.55, -0.07]), whereas hot growing season days have statistically insignificant impacts (f=-0.297,
p = 0.322, 95% CI = [-0.90, 0.31]). Furthermore, the findings are robust to including controls for
changes in per capita income, share of labor force in agriculture, and female labor force participation,
suggesting that they are likely not driven solely by correlated shocks to (gender-specific) economic
incentives for educational investment (Shah and Steinberg, 2017).

Splitting the sample into “rich" and “poor" countries (above and below mean per capita income
in 1995 in our sample, listed in Appendix Table C.3), we find that temperature exerts a significant
impact in poorer countries (f=-0.14, p = 0.001, 95% CI = [-0.22, -0.07], Figure 3.3) but less so in
richer ones (8=-0.024, p = 0.733, 95% CI = [-0.17, 0.12], Figure 3.3) , consistent with lower levels of
adaptation and/or other channels (e.g. conflict (Hsiang et al., 2013)) through which heat can affect
student outcomes in developing countries.

Taken together, these results provide further evidence consistent with the claim that hotter tem-
perature during learning periods exert a negative and casual impact on human capital accumulation.

While these reduced form effects do not on their own demonstrate the mechanisms through which such
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Impact of an additional day in Temp bin (00s of SD)

FIGURE 3.2: IMPACT OF TEMPERATURES ON PISA AND SEDA EXAM SCORES.
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NOTES: In both figures the shaded areas connect coefficients representing the effect of an
additional school day in each temperature bin on subsequent achievement in hundredths
of a standard deviation, with light to dark shading corresponding to 99 percent, 95 percent
and 90 percent confidence intervals respectively. Sample sizes are N=281 and N=825,416
for panels (a) and (b) respectively. In panel (a) we show the impact of days below 60°F
(+0.07 standard deviations, p = 0.517, 95% CI = [-0.14, 0.28]), days between 70°F
and 80°F (-0.06 standard deviations, p = 0.316, 95% CI = [-0.17, 0.56]), and days
greater than 80°F (-0.18 standard deviations, p = 0.007, 95% CI = [-0.31, -0.05]) on
performance on the PISA exams. In panel (b) we show the impact of days below 60°F
(-0.012 standard deviations, p = 0.335, 95% CI = [-0.035, 0.012]), days between 70°F
and 80°F (-0.018 standard deviations, p = 0.226, 95% CI = [-0.05, 0.011]), and days
greater than 80°F (-0.043 standard deviations, p = 0.03, 95% CI = [-0.08, -0.004]) on
performance on the SEDA exams.
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impacts arise, they are consistent with the possibility that a portion of the effect is driven through
heat’s disruptive impact on learning.

To better understand the extent to which our results are driven by physiological channels, we
conduct a second set of analyses using more spatially resolved data from a highly developed, non-
agrarian setting — where non-physiological factors are plausibly less influential — and with a richer

set of demographic and location-specific characteristics.

3.2.2 U.S. analysis

Our second analysis examines data on standardized student achievement for over 12,000 U.S. school
districts between 2009 and 2015 (Figure 3.4). Drawn from the Stanford Educational Data Archives
(SEDA, (Reardon et al., 2017)), these records comprise the near-universe of state-administered
standardized math and verbal assessments for 3rd-8th graders, representing over 270 million test
scores. These assessments, typically taken in March, April or May, vary across states but have been
standardized by SEDA for national comparability. Similarly to PISA exams, these tests are meant
to capture cumulative learning specific to each state-grade-subject. These data are thus uniquely
suited for assessing the effect of heat during formal instructional periods, in contrast to tests used in
other US studies(Graff Zivin et al., 2017; Park et al., 2020). Our unit of observation is at the level
of district-by-grade-by-subject-by-year, resulting in approximately 825,000 observations, matched to
district-level daily weather information using data from approximately 3,400 weather stations from the
National Climatic Data Center (NCDC). To account for possible differences in school-year heat arising
from regional differences in start/end dates, we use state-specific academic calendars as represented by
the largest urban district in each state.

We again exploit random variation in year-to-year temperature within a given district over time
to account for potential correlation between unobserved determinants of educational achievement
and average climates across districts. For instance, schools in the American South typically perform
worse than schools in the Northeast, but many factors other than climate including teacher quality
and legacies of segregation may affect this cross-sectional relationship. The number of hot days during

any given school year within a particular district, however, is plausibly exogenous, especially when
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FIGURE 3.3: HETEROGENEITY OF HOT TEMPERATURE IMPACTS - PISA
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NOTES: The first two columns show the impact on subse-
quent standardized achievement of hot (>80°F) school
days — i.e. weekdays during the school year — versus
hot weekends, holidays, and summer vacation in the
three years leading up to any given PISA assessment for
all participating countries in our sample over the pe-
riod 2000-2015 (n=271). We show the impact of hotter
school days(-0.22 standard deviations, p = 0.002, 95%
CI = [-0.36, -0.08]), hot non-school days (+0.03 stan-
dard deviations, p = 0.676, 95% CI = [-0.14, 0.22])
in the first two columns. Columns 3 through 6 show
the corresponding effects for countries with below mean
and above mean income in 1995 in our sample n=150,
columns 5 and 6). We show the impact of hot school
days (-0.099 standard deviations, p = 0.493, 95% CI
= [-0.39, 0.2])and hot non-school days (+0.127 stan-
dard deviations, p = 0.394, 95% CI = [-0.18, 0.43]) in
richer countries in columns 3 and 4 (n=132). Columns
5 and 5 (n=150) we show the impact in poorer coun-
tries of hot school days (-0.256 standard deviations,
p < 0.001, 95% CI = [-0.36, -0.15]) and hot non-school
days (+0.088 standard deviations, p = 0.342, 95% CI
= [-0.10, 0.28]). Consistent with existing literature (e.g.
(Barreca et al., 2015)) all coefficients can be interpreted
as the effect relative to an additional day in the 60°’s
F on combined math, verbal, and science scores. We
provide our coefficient estimates and standard errors (in
parenthesis) at the end of each bar.
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taking aggregate (regional) warming patterns into account.

TABLE 3.4: PRIOR YEAR TEMPERATURE AND TEST SCORES - SEDA

Math and ELA scores Math scores ELA scores
(1 2 3 C)] )] (6)
(A) All hot days
Total hot days -0.043 -0.036 -0.066 -0.047 -0.031 -0.028
(0.020) (0.020) (0.025) (0.025) (0.018) 0.017)
[0.030] [0.071] [0.008] [0.057] [0.079] [0.104]
{-0.08,-0.00} {-0.07,0.00} {-0.11,-0.02} {-0.10,0.00} {-0.07,0.00}  {-0.06,0.01}
N 825,416 825,416 400,953 400,953 424,198 424,198
(B) School vs.
non-school days
Hot school days -0.065 -0.070 -0.111 -0.107 -0.036 -0.039
(0.026) (0.027) (0.033) (0.034) (0.024) (0.024)
[0.014] [0.010] [0.001] [0.002] [0.131] [0.099]
{-0.12,-0.01}  {-0.12,-0.02}  {-0.18,-0.05} {-0.17,-0.04} {-0.08,0.01}  {-0.09,0.01}
Hot non-school days -0.021 0.015 0.001 0.039 -0.034 -0.011
(0.028) (0.025) (0.034) (0.031) 0.027) (0.024)
[0.447] [0.561] [0.974] [0.215] [0.204] [0.635]
{-0.08,0.03} {-0.04,0.06} {-0.06,0.07} {-0.02,0.10} {-0.09,0.02}  {-0.06,0.04}
N 825,416 825,416 400,953 400,953 424,198 424,198
Additional controls X X X

NOTES: Heteroskedasticity robust standard errors clustered by weather sensor are in parentheses, with p-values in brackets
and 95% confidence intervals in curly brackets. Coefficients in each column and panel come from a regression of
hundredths of a standard deviation in test scores on the number of days above 80°F. Also included are controls for the
number of days from 70-80°F and below 60°F, so that days from 60-70°F are the baseline category. Temperature is
measured with the daily maximum temperature on school days from June to February prior to the test. All regressions
include fixed effects for each school district and for each combination of test year, grade and subject (Mathematics or
English Language Arts). Each observation is a district-year-grade-subject combination and all regressions are weighted
by the number of test-takers per observation.

We find that students who experience hotter temperatures during the school year prior to their
exams exhibit reduced learning. Each additional day of 80°F or hotter temperature reduces achievement
by approximately 0.04 percent of a standard deviation (Figure 3.2 and Table 3.4, p=0.071, 95% CI =
[-0.07, 0.00]). Our measures of significance are robust to correlation in error terms within any given
state, which typically holds over 200 school districts. This effect is concentrated among school days,
with each additional hot school day lowering achievement by 0.07 percent of a standard deviation
(Figure 3.5, p=0.01, 95% CI = [-0.12, -0.02]). Similarly to the international analysis, heat on non-
school days, such as weekends and summers, has no statistically significant impact on achievement

(B=0.015, p=0.561, 95% CI = [-0.04, 0.06]). A Wald test indicates a significant difference between the

94



impact of hot school days and hot non-school days (Fj 33904=5.54, p=0.019). These estimates imply
that a student who experiences an additional school week (five school days) with daily maximum
temperatures above 80°F will learn 0.35 percent of a standard deviation less than she otherwise would
have during that school-year, which is equivalent to reducing teacher quality by about 3-4 percent
(Chetty et al., 2011).

The impact of heat exposure on learning is not confounded by precipitation, exam-day weather
shocks, changing demographic compositions or resource levels of school districts, or spurious cor-
relation between regional warming patterns and trends in educational achievement. That only hot
weekdays during the school year reduce learning suggests once again that the set of mechanisms
likely includes a reduction in contemporaneous educational inputs — whether in terms of the amount or
intensity of learning time.

In the US, the impact of heat on math achievement is about three times larger than on ELA
achievement. Each additional hot school day lowers math scores by 0.11 percent of a standard
deviation (panel B, columns 3-4 of Table 3.4, p=0.002, 95% CI = [-0.17, -0.04]) but lowers ELA
scores by less than 0.04 percent of a standard deviation (panel B, columns 5-6 of Table 3.4, p=0.099,
95% CI = [-0.09, 0.01]). There is little evidence that heat on non-school days affects achievement in
either subject.

Importantly, hot temperature affects disadvantaged students much more than advantaged ones.
Heat has substantially larger impacts on the achievement of students in lower income school districts
and little impact in higher income districts, defined respectively as those in the lower and upper
thirds of the district-level income distribution. Each additional hot school day lowers achievement
in lower income districts by 0.12 percent of a standard deviation but has little discernible effect on
achievement in higher income districts (Figure 3.5 and Table 3.5, p=0.002, 95% CI = [-0.19, -0.04]).
Each hot school day lowers the achievement of Black and Hispanic students by 0.10-0.12 percent of
a standard deviation but has no statistically significant impact on White students (Table 3.6, Black
students: p=0.017, 95% CI = [-0.19, -0.02]; Hispanic students: p=0.012, 95% CI = [-0.21, -0.03];
White students: $=-0.009, p=0.593, 95% CI = [-0.04, 0.02]). A week above 80°F for the average

Black or Hispanic student reduces learning by an amount equivalent to reducing teacher value-added

95



FIGURE 3.5: HETEROGENEITY OF HOT TEMPERATURE IMPACT - SEDA
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NOTES: The first two columns show the impact on subse-
quent standardized achievement of hot (>80°F) school
days (-0.07 standard deviations, p = 0.01, 95% CI =
[-0.12, -0.02]) — i.e. weekdays during the school year
— versus hot weekends, holidays, and summer vacation
(+0.015 standard deviations, p = 0.974, 95% CI = [-
0.06, 0.07]) for all U.S. school districts over the period
2009-2015 (n=825,416). Columns 3 through 9 show the
effect of hot school days for the bottom (-0.11 standard
deviations, p = 0.002, 95% CI = [-0.19, -0.04]) and top
terciles (+0.017 standard deviations, p = 0.456, 95%
CI = [-0.03, 0.06]) of the district income distribution,
for Black (-0.1 standard deviations, p = 0.017, 95% CI
= [-0.19, 0.02]), Hispanic (-0.12 standard deviations,
p = 0.012, 95% CI = [-0.21, -0.03]) and White (-0.009
standard deviations, p = 0.593, 95% CI = [-0.04, 0.02])
students within each district, and for elementary (-0.1
standard deviations, p = 0.003, 95% CI = [-0.17, -
0.03]) and middle school students (-0.027 standard devi-
ations, p = 0.249, 95% CI = [-0.07, 0.02]) in each
district respectively (n=273,466; 273,266; 183,060;
222,042; 733,219; 425,301; 400,095 for columns 3-
9 respectively). All coefficients can be interpreted as
the effect relative to an additional day in the 60’s°F on
combined math and English Language and Arts scores.
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TABLE 3.5: HETEROGENEITY BY DISTRICT INCOME AND TEMPERATURE - SEDA

All Lower income Higher income  Grades 3-5 Grades 6-8
ey () 3) “) &)
Math and ELA -0.070 -0.118 0.017 -0.103 -0.027
(0.027) (0.038) (0.023) (0.035) (0.023)
[0.010] [0.002] [0.456] [0.003] [0.249]
{-0.12,-0.02}  {-0.19,-0.04} {-0.03,0.06}  {-0.17,-0.03} {-0.07,0.02}
N 825,416 381,254 444,162 425,301 400,095
Test scores (MM) 270.9 149.5 121.4 141.8 129.1
Math -0.107 -0.187 0.033 -0.162 -0.024
(0.036) (0.043) (0.032) (0.044) (0.022)
[0.003] [0.000] [0.296] [0.000] [0.277]
{-0.18,-0.04} {-0.27,-0.10} {-0.03,0.10}  {-0.25,-0.08} {-0.07,0.02}
N 400,953 183,547 217,406 211,442 189,326
Test scores (MM) 129.3 71.2 58.1 70.2 59.1
ELA -0.049 -0.082 0.012 -0.057 -0.036
(0.026) (0.036) (0.021) (0.028) (0.027)
[0.065] [0.022] [0.567] [0.043] [0.179]
{-0.10,0.00}  {-0.15,-0.01} {-0.03,0.05}  {-0.11,-0.00} {-0.09,0.02}
N 424,198 197,586 226,612 213,563 210,471
Test scores (MM) 141.7 78.3 63.3 71.6 70.0

NOTES: Heteroskedasticity robust standard errors clustered by weather sensor are in parentheses, with p-values in brackets
and 95% confidence intervals in curly brackets. Coefficients in each column and panel come from a regression of
hundredths of a standard deviation in test scores on the number of days above 80°F. Also included are controls for the
number of days from 70-80°F and below 60°F, so that days from 60-70°F are the baseline category. Temperature is
measured with the daily maximum temperature on school days from June to February prior to the test. All regressions
include fixed effects for each school district and for each combination of test year, grade and subject (Mathematics or
English Language Arts). Each observation is a district-year-grade-subject combination and all regressions are weighted
by the number of test-takers per observation. Lower income and higher income districts are those with an average student
poverty rate respectively above and below 50 percent.
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by 5 to 6 percent of a standard deviation.

TABLE 3.6: HETEROGENEITY BY RACE AND GENDER - SEDA

All White Black Hispanic Male Female
ey @3 (3) “ &) (6)
Math and ELA -0.070 -0.009 -0.104 -0.118 -0.079 -0.072
(0.027) 0.017) (0.043) (0.047) (0.033) (0.026)
[0.010] [0.593] [0.017] [0.012] [0.018] [0.007]
{-0.12,-0.02}  {-0.04,0.02}  {-0.19,-0.02}  {-0.21,-0.03}  {-0.14,-0.01}  {-0.12,-0.02}
N 825,416 733,219 183,060 222,042 695,141 684,263
Test scores (MM) 270.9 137.2 41.0 56.1 135.4 129.0
Math -0.107 -0.002 -0.138 -0.187 -0.099 -0.121
(0.036) (0.021) (0.046) (0.058) (0.039) (0.035)
[0.003] [0.937] [0.003] [0.001] [0.011] [0.001]
{-0.18,-0.04}  {-0.04,0.04}  {-0.23,-0.05}  {-0.30,-0.07}  {-0.18,-0.02}  {-0.19,-0.05}
N 400,953 357,385 88,276 106,134 337,617 332,431
Test scores (MM) 129.3 66.4 19.8 26.1 64.7 61.6
ELA -0.049 -0.010 -0.081 -0.090 -0.067 -0.037
(0.026) (0.016) (0.047) (0.039) (0.031) (0.024)
[0.065] [0.518] [0.083] [0.020] [0.030] [0.116]
{-0.10,0.00} {-0.04,0.02} {-0.17,0.01} {-0.17,-0.01}  {-0.13,-0.01} {-0.08,0.01}
N 424,198 375,501 94,593 115,560 357,142 351,420
Test scores (MM) 141.7 70.8 21.2 30.0 70.7 67.4

NOTES: Heteroskedasticity robust standard errors clustered by weather sensor are in parentheses, with p-values in brackets
and 95% confidence intervals in curly brackets. Coefficients in each column and panel come from a regression of
hundredths of a standard deviation in test scores on the number of days above 80°F. Also included are controls for the
number of days from 70-80°F and below 60°F, so that days from 60-70°F are the baseline category. Temperature is
measured with the daily maximum temperature on school days from June to February prior to the test. All regressions
include fixed effects for each school district and for each combination of test year, grade and subject (Mathematics or
English Language Arts). Each observation is a district-year-grade-subject combination and all regressions are weighted
by the number of test-takers per observation.

The effect of hot school days is also larger for younger students than for older students. Each
additional such day lowers the achievement of third through fifth graders by 0.08-0.13 percent of
a standard deviation but has a statistically insignificant impact on those in grades six through eight
(Figure 3.5 and Table 3.5, p=0.003, 95% CI = [-0.17, -0.03])). This is consistent with previous
evidence suggesting that younger children are likely to be more adversely affected by thermal stress,
either due to physiology or behavior (Rowland, 2008). This could, however, be due to other factors

such as the potentially lower prevalence of school air conditioning in elementary schools relative to

middle schools.
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3.3 Discussion

Taken together, these results suggest a different perspective on how climate shapes human cognitive
capacity. Thermal conditions in the physical learning environment appear to causally influence cumula-
tive learning: a fact not yet documented in the voluminous literature on cross-country comparisons in
student achievement (Woessmann, 2016). It appears that heat exposure during the learning period, all
else equal, directly slows the rate of human capital formation, in part through persistent disruptions to
the learning process. As noted above, the realized temperature environments facing students across the
world vary dramatically, suggesting important implications for our understanding of differences in
educational achievement and human capital.

We find heat exposure to be a compelling mechanism. It matches emerging findings on the effects
of temperature on labor capacity (Kjellstrom and Crowe, 2011; Graff-Zivin and Neidell, 2012),
morbidity and mortality (Deschénes and Greenstone, 2011; Anderson et al., 2013), and short-run
cognition (Graff Zivin et al., 2017; Park, forthcoming). We note, however, that this analysis does not
imply that heat exposure is the only mechanism at play: many others are likely relevant in explaining
the relationship between climate and levels of human capital across countries. Teasing apart the
potential mechanisms in greater detail — for instance, whether hotter temperatures drive student/teacher
absenteeism; and understanding the extent to which these mechanisms interact — for instance, whether
poor nutrition and hunger exacerbate heat-induced cognitive impacts — are important questions for
future work.

Importantly, the magnitude of these disruptions appear to vary greatly across socioeconomic
groups — both across and within countries. As shown in Figure 3.5, the effect of an additional 80°F day
in US school districts in the lower third of average income is approximately -0.12 (p=0.002, 95%
CI = [-0.19, -0.04]) percent of a standard deviation, while the effect in the top third is statistically
indistinguishable from zero. Impacts are also larger for some racial minorities, particularly Black
and Hispanic students. This is consistent with evidence from the United States suggesting that school
and home air conditioning status is correlated with student race and income (Park et al., 2020), and
suggest that climatic factors may contribute to longstanding racial achievement gaps.

How large are these effects? Suppose we take the US estimates as a lower bound for the rest of the
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world, given relatively high rates of air conditioning there. Education researchers have, for instance,
examined the impact of improving teacher quality or reducing class sizes on learning outcomes. Our
US analyses suggest that, even with relatively high levels of air conditioning, a school year with 30
additional days above 80°F reduces learning by approximately 2.1 percent of a standard deviation. This
is large enough to offset the gains of reducing class sizes by approximately 3-4 percent, or to offset
improving teacher quality by 20 percent of a standard deviation. For lower income students, the effect
of the same temperature event appears to be nearly 3 times larger. These sizable magnitudes suggest
the learning impacts of a hotter climate could result in large real consequences, especially given that
students in many tropical economies regularly experience more than 100 such days per school year
(Table 3.1). Put differently, greater heat exposure during the school year may lead students in Brazil
to learn 6 percent less than their South Korean counterparts per year, which, over time, might explain
around a third of the difference in their PISA performance.?

This perspective has important policy implications. It suggests that climate may have a more
direct and persistent influence on economic growth than previously appreciated. Human capital
accumulation is central to national economic growth and individual economic mobility (Goldin and
Katz, 2009; Hanushek and Woessmann, 2016), and current climatic conditions appear to slow the
rate of human capital accumulation for some more than others. This suggests that policies aimed at
improving physical learning environments, whether in the form of electric infrastructure or low-income
energy assistance, may pay larger dividends over time than previously appreciated. These pro-growth,
pro-adaptation policies may or may not include school air conditioning, which may improve student
cognition as well as teacher attendance/retention, but which may also exacerbate the climate externality.
Making such investments to facilitate learning in hotter environments may be particularly important
in light of evidence suggesting that education itself may be an important climate adaptation strategy
(Lutz et al., 2014).

It also suggests that current estimates of the social costs of carbon (SCC) may be understated.

The gap in average PISA performance between South Korea and Brazil is approximately 1.43 standard deviations,
while the difference in hot school days is approximately 85 per year. Assuming that PISA exams test knowledge that is
accumulated over 9 years of formal schooling, and assuming for simplicity that effects accumulate linearly, this would
amount to 0.53/1.43=0.37 of the PISA gap at age 15.
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Existing integrated assessment models do not include direct impacts on human capital, and often
model climate impacts as a non-accumulating reduction in the level of GDP as opposed to cumulative
growth rate effects. Adding these arguments to the damage function would likely shift the entire
distribution of estimates to be more negative (Greenstone et al., 2013). Accounting for within-country
regressivity of these impacts, as suggested by our findings, may also imply larger SCC estimates,
regardless of one’s choice of pure rate of time preference or discount rate (Anthoff and Emmerling,

2019).

3.4 Methods

3.4.1 Data description
Global Temperature Data

We use separate temperature data sets for our global and domestic analyses given varying geographic
and temporal coverage. For the global analysis, which uses PISA test scores from many different
countries, we start with data from NOAA’s Global Historical Climatology Network (GHCN). This
provides us with daily data from a network of more than 100,000 stations located in approximately 180
countries. The data provided includes daily max and min temperatures and total daily precipitation.
We collect data starting in 1995 and pull all the available data for the countries that appear in our PISA
sample.

In order to count school vs. non-school days we exclude weekend days from the school days and
assign each country a dummy called “summer" on the days that students in that country are typically
on summer vacation. When schools start on a range of days, for example “the first two weeks of
September," we choose a date at or adjacent to the midpoint of the range. We separately identify
weekends that occur during the school year and those that occur during the summer so that we can
examine whether heat on non-school days during the school year has different effects than heat on
non-school days outside of the school year.

To create our temperature bins we count the number of days with maximum temperature in 10°F

bins from 0°F to 140°F by station. We group all days below O°F into a single bin. Each country is
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then assigned the weighted average (across all stations) number of days in each temperature bin in
each year. Weights are based on the population living within 15km of the station as measured by
LandScan population data. We weight stations based on their population in 2000, at the beginning of
our sample. We also create lagged variables that count the number of days in each bin in each of five
lagged years as well as the cumulative days in each bin over the previous 1-5 years. The cumulative
lag variable does not count the number of days in a given bin in the contemporaneous year.

Because we use a temperature binning approach where we average across the number of days
in each bin by country-year - as opposed to averaging temperature across stations within a country
and then binning - we need to impute the missing days. Most of the existing literature avoids this
problem because it averages across stations in a geography to create a geography based average
temperature for each day, and then counts the number of days in any given bin for each geography’s
average temperature. Over small geographies this may lead to relatively small measurement error.
Over larger geographies such as the countries in our PISA sample, however, we believe that such
an approach would introduce substantial measurement error. For example, in the US the average
temperature for a given day in June might by 70°F but that masks the fact that much of the Southern
U.S. might be experiencing 90°F+ temperatures. Creating station specific bins and then averaging
within the bins accounts for this by allowing those 90°F+ days in June in the South to count as 90°F+
days. We do this through an iterative process that identifies days with a missing temperature reading
and the closest days before and after that day with a reading.

We assign a weighted average of the nearest non-missing days where the weights are the number
of days between the missing and non-missing day. For example, if April 5" was missing but April
4" and 9" were not, the temperature on the 5" would be imputed as the average of the temperature on
the 4" and 9" with greater weight on the 4. The 6!"-8!" would be imputed iteratively using the same
process. We limit the gaps we impute in this way to 21 days. In total, impute temperature on 2.2% of
the station-days in our sample in this way.

If, after this iterative process, there are still days with missing data for a given station we impute
those data as the average temperature at all stations in the country with non-missing data on that day.

This imputation affects 3.8% of our data.
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To calculated population weighted temperature averages we use data from LandScan on the
population in each 1km x 1km pixel across all of the countries in our sample. We draw 15km buffers
around each weather station and then assign the population within the buffer to that weather station.
When we calculate the average within temperature bins across stations we weight each station by this
count of population. We do this separately for each year in our sample. As a robustness check we
also calculate Thiessen polygons around each station and assign the population within each Thiessen

polygon to each station. The results are similar.

U.S. Temperature Data

Daily temperature data come from the National Oceanic and Atmospheric Administration’s Daily
Global Historical Climatology Network, which includes station-level data for thousands of weather
stations across the United States. We focus on the subset of nearly 3,400 weather stations with daily
temperature data available for at least 95 percent of the days from from July 1, 2004 through June
30, 2015, the time period covering potential test-taking dates of our sample. Doing so allows us to
assign each school district a single, stable weather station over the entire time period, which avoids
endogeneity concerns driven by the possibility that stations coming online or going offline are somehow
correlated with local population growth, economic conditions or temperatures conditions in ways that
might contaminate our estimates (Auffhammer and Mansur, 2014). We impute the small proportion
of missing daily observations with those from the nearest stations with non-missing data.

We assign each school district to the weather station nearest to that district’s centroid, resulting in
an average distance of 9.6 miles between each district’s centroid and the weather station being used
to measure temperature at that district. We define our primary heat exposure variable as the number
of days the average daily maximum temperature exceeded a given multiple of 10°F from June 1 to
February 28 in the year prior to the test. We use daily maximum temperature because schooling
occurs during the daytime when such temperatures usually occur. Of course, to the extent that daytime
maximum and nighttime minimum temperature is correlated, some of our effect may be driven by
disrupted sleep. We do not take a stand on whether sleep is a factor or not, as both in-class and at-home

disruptions through learning that are brought about by the physiological effects of heat are of interest.
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We use the June-February time period because the exact timing of SEDA’s standardized exams
varies by state and year but almost always occurs between March and May. We focus particularly
on temperature experienced on school days, treating non-school days (weekends and all summer
days between June 15 and August 15) as separate sources of variation. We also use the weather
stations to construct test date temperature, rain and snowfall, as well as cumulative rain and snowfall
exposure over the year prior to the test, which help account for potential independent effects of such

precipitation.

PISA Data

PISA assessments are designed to capture cumulative skills developed during formal schooling (e.g.
arithmetic, basic scientific concepts, reading comprehension), and to be comparable across countries.
Our data on average PISA scores by country comes from the National Center for Education Statistics
(NCES) International Data Explorer. The NCES assembles average country scores by year in math,
science and reading from the PISA microdata provided by the OECD. We follow the advice of the
NCES and do not compare math and science scores from 2000 or 2003 (for science) with later years
because of changes in PISA methodology. We do not modify the raw PISA data from NCES except
to drop countries from the sample for which we do not have temperature data and those with only
one year of PISA data. We exclude PISA data from sub-national units (from individual states within
the U.S. for example). A minimum of 5,000 students are sampled in each country that participates
unless the total population of 15 year old students is less than 5,000, in which case all students are
tested. Some large countries sample more students. In total, more than 500,000 students took a PISA
exam across all participating countries in 2015.

PISA scores are designed to have a global average of 500 and student-level standard deviation
of 100, which we use to compute standardized versions of each country’s math, science, and reading
scores. In any given year, there is wide variation in performance across countries. On the 2009 PISA
exam, for example, South Korean students averaged 546 points in math while Indonesian students
averaged 371 points. Our primary outcome measure is the average of each country’s three subject

scores in any given year, standardized so that effects can be interpreted in terms of student-level
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standard deviations (similar to SEDA).

Summary Statistics for PISA Sample

See Table 3.2 for summary statistics on the PISA sample. On average, countries in our sample are
hotter than the United States - experiencing 114 school days over the previous 3 years above 80°F vs.
only 97 such days in the US - and poorer (per capita income=$26,000 vs $42,000) with lower PISA
scores (Normalized score = -0.28 vs. -0.08). We also split the sample into rich and poor countries
based on where a country’s per capita income in 1995 ranks in our sample. We define rich as countries
that have a per capita income in 1995 above $14,000, roughly the average in our sample for that year.
Splitting the sample into rich and poor indicates that the rich sample is substantially cooler, wealthier
and has a lower population of test takers than the poor countries. PISA scores are substantially better

in the rich sample on average, with lower variance within the sample.

SEDA Data

Data from the Stanford Education Data Archive (SEDA) are based on the standardized accountability
tests in math and English Language Arts (ELA) administered annually by each state to all public-school
students in grades 38. SEDA combines information on the test scores in each school district with
information from the National Assessment of Educational Progress, creating scores that are nationally
comparable across districts in different states.

Our version of SEDA’s data spans the school years ending 2009-15 and contains elementary and
middle school students from approximately 12,000 school districts across all 50 states. We observe
a standardized measure of both math and ELA achievement at the district-by-grade-by-year level.
We observe this measure averaged across all test-takers in a school district, as well as for some
demographic subgroups. The particular standardization used implies that effect sizes can be interpreted

in student-level standard deviations.
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Other International Data

In addition to temperature and PISA performance data we collect data on a set of potentially relevant
co-variates for the countries in our sample. All of these data come from the World Bank’s World
Development Indicators. We collect time-varying measures of the share of total employment in
agriculture, per capita income, share of male and female employment in agriculture, total population,
and the share of the population made up by 15-19 year olds. The only data we modify is the 15-19
year old population share, which we combine with the total population to estimate the absolute number
of 15-19 year-olds in each country-year. We match all data to temperature and PISA country-years

using country ISO codes.

3.4.2 Empirical approach

Our econometric approach exploits the quasi-random variation within a given geography’s total
exposure to days above 80°F in the years between test takes. The geographic unit in PISA is a
country and in SEDA is a school district. The time between test takes is 3 years in PISA and 1 year in
SEDA. To account for serial correlation in temperature shocks across geographies we cluster standard
errors at the relevant geographic unit. In all statistical tests we assume normality but do not formally
test for it. All tests of significance are two-tailed.
We estimate several versions of the base model:
9
Zip = Z,BkTMAXikg + Xt 4 vt + 6i + wer + €3 (3.1
k=1

where Z;; is the normalized PISA score in country 7 and year t. TMAX is the total number of days
with maximum temperature in each of k degree bins in geography i in the gap g between exam takes.
X;; is a vector of geography-year specific controls, including total annual precipitation in the year
of the exam as well as the gap year(s), the same set of k degree bins in the year of the exam and,
in the case of the PISA data, the controls from the World Bank described above. Parameters J; and
7+ are geography and year fixed effects. w. is a continent-specific time trend included in the PISA
regressions. €;; is the error term. We weight each geography by the total number of 15-19 year-olds

in that country in the exam year in the PISA data, as calculated from the World Bank data, and by the
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students in each district taking the exam in the SEDA data.

Our variable of interest is B9 for the bin representing days over 80°F. Because we omit the 60-70°F
bin from our set of controls the coefficient B should be interpreted as exchanging one day over the
relevant gap in the 60-70°F bin for one > 80°F.

Identification rests on the assumption that the number of days in any given temperature bin,
and therefore the 80°F+ bin we are interested in, varies randomly within a geography from year-to-
year. This year-to-year variation results in random variation in the aggregate exposure that students
experience in the lead up to their exams. To account for possible spurious correlation between regional
warming trends and secular changes in educational outcomes, we include continent-specific trends in
all regressions. Our approach is analogous to the now widely used binning of annual temperatures first

described in (Deschénes and Greenstone, 2007).

School vs. Non-school days Estimation

In our primary specifications we bin all days in a year together. We also separately report results of the
effect of school days above 80°F and non-school days above 80°F. There we estimate the following

model:
9

9
Zip =) B TMAXGI ) g TMAXRom =00l 40X,

=1 k=1 (3.2)

+’)’t + 51' + Wet + €jt

where the variables are as before but 8 reports the estimates of the impact of days while school is in

session while ¢ reports the effects of non-school days.
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Summer vs. Non-summer Estimation

We distinguish school year days further by separating school year weekend days from school year

non-weekend days. We estimate:

9 9
Zip = Y _BTMAXSIN +Y g TMAXGmmer
k=1 k=1 (3.3)

9
+Z¢kTMAXiSk?OOI weekend + 00X + 71 + 8 + wir + €ijt
k=1

where the variables are as before but  reports the estimates of the impact of days while school is in

session while ¢ reports the effects of non-school days.

Subject Specific Estimation

Finally, we estimate subject specific effects. There we return to the original estimating equation:

9
Zis = Y_PTMAXpg + 0 Xt + 71t + 6 + war + € (3.4)
k=1

However, we replace Z;; with the subject specific normalized score, Z; for each of reading, science
and math in PISA and ELA and math in SEDA. In each case we calculate the normalized score in
the way described above. In the PISA data, for both math and science we use the shorter panel in order
to avoid data comparability issues due to changes in the PISA methodology in those subjects. To

estimate the subject specific effects of school and non-school days we substitute Z;;; into equation 3.2.
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Appendix A
Appendix to Chapter 1

A.1 Model proofs

Proposition 1:

By assumption:

1. G(L) and F(L) are continuous
2. F(L) > G(L) forall L

3. 0< F(L) < G(L)

4. F'(L) <0,G'(L) <0

5. F1(x) < G 1(x)

Farmers face the adoption condition AF (L) —wL — [AG (L) — wL} = K. Solving for A and

substituting for farmers optimal labor choices in F and G yields the equation for A in the text:

K —wL* +wL**

A= e

The assumptions above imply F(L**) — G(L*) > 0 and that wL** — wL* < 0 so it is clear that A

is increasing in K and decreasing in w.
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To see that A is unique note that:

1. antf /0A > 9© /0 A and 9*7tF /0ADA = 9*1C /9 ADA

2. K is weakly positive so that there exists some A where rf < 7C.

Then by the intermediate value theorem there exists a A that defines the point at which farmers are
indifferent between F(L) and G(L) and it is unique. That also implies, because e is monotonically

increasing in the number of farmers who choose F(L), that e is decreasing in A.

Proposition 2:

By assumption:

. A=Ap+u
2. u has a constant single-peaked distribution H () with mean zero

3. A is everywhere greater than Ap

Since the level of pollution is increasing in the number of farmers above A the level of pollution e
in any given district D will be a function of the distribution of y and A such that e = e(1-H [A] ). As
Ap approaches A from below for a constant distribution of y the area 1 — H(A) is strictly increasing.
Further, I've shown that A is declining in w. Assume some increase in w that results in an € shift
down in A. Then fora Ap < Ay, for a single peaked distribution, H(1 — [A — €], Ap) — H(1 —
A,Ap) < H1—[A—¢€|,Ay) — H(1— A, Ap) so the change in pollution moving from A to

b

— € is increasing in Ap.

A.2 Fires and agriculture

Fire has been used by humans to manage landscapes for at least 40,000 years (Pyne and Goldammer,
1997) and in the cultivation of corn for at least 5,000 years (Rue ef al., 2002). Sediment cores indicate
that fire was used to manage agricultural fields in India at least 600 years ago (Morrison, 1994). The use

of fires in agriculture is still widespread today in both developed and developing countries. Historically

129



fires were used to clear land for planting in a swidden (“slash-and-burn") style of agriculture and its
use evolved over time to include preparing fields for harvest and clearing residue to prepare fields for
re-planting (Pyne, 2019).

Analysis of satellite imagery suggests that there are roughly 1.5 million fires annually with the
largest number in Russia (Korontzi et al., 2006). The widespread use of fires in Russia, Eastern Europe
(namely the Ukraine) and North America mean that in absolute terms fire use in agriculture is more
common in the developed world than the developing world (Cassou, 2018). On a per hectare basis,
however, African countries are the most frequent users of fire. This is in part due to declines in recent
years in the use of fires in North America and the European Union (Marlon et al., 2008), driven in
part by increasing regulation around the practice. It should be noted, however, that the use of fires
to clear crop residue was widespread in California and Western Canada until the mid-1990s when

increasing concerns over air pollution led to regulation to eliminate the practice (Cassou, 2018).

A.2.1 Agricultural mechanization in India and fires

Rice, wheat, and sugarcane are the three crops most associated with the use of fire on cropland in India.
Of these, the harvest of rice and wheat can be mechanized using existing technology present in India
(Yadav, 2007; Solomon, 2016). Mechanizing the rice and wheat harvest is done using combines, which
data from the Agricultural Input Survey shows are present throughout India prior to the implementation
of NREGA but tend to be present at higher levels in areas with higher use of fire.

The relationship between mechanization and the use of fires is driven by the fact that harvesting with
a combine leaves more residue on the field than harvesting by hand (Yang et al., 2008). Specifically,
combine harvesting leaves stocks that tend to be around 30-40cm as opposed to the 10-15cm that
harvesting by hand leaves. The higher stalks interfere with the ability of farmers to plant the following
season’s crops and must be removed to facilitate planting (Jain et al., 2014; Smil, 1999; Cassou, 2018;
Bhuvaneshwari et al., 2019).! Burning is the least expensive way of dealing with this residue (Cassou,

2018), as interviews with farmers indicate: “Ankit Choyal Jat...offers an answer. ’If I can clear my

INo-till agriculture is an alternative to clearing the residue after a combine harvest. In this practice the standing residue
is plowed back into the field. However, it requires specialized planting equipment that is both expensive and not widely
present in India (Jain ez al., 2014; Bhuvaneshwari et al., 2019).
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farm using a one-rupee matchbox, why will I spend thousands? (Jitendra et al., 2017)’

While combines were used in harvesting prior to the implementation of NREGA, the shock that
NREGA provided to agricultural labor markets may have led to a substantial increase in their use.
The only existing study of the impact of NREGA on agricultural production processes that [ am aware
of Bhargava (2014) shows that the use of labor saving animal-based production processes increased
after the implementation of NREGA. Data from the Agricultural Input Survey shows a substantial
increase in the average number of combines from 2006 to 2011 (figure A.1) — an increase that is
much larger both in absolute and percentage terms than the increase from 2001 to 2006. Such an
increase is consistent with broad state level trends from the Cost of Cultivation survey that show a
decline in the amount of labor used in agriculture and an increase in the amount spent on machine
inputs to production over the period that NREGA was implemented.

The notion that farmers responded to the impact of NREGA on agricultural labor markets by
mechanizing is supported by their own statements as well. Media interviews with farmers from areas
that have seen the largest increase in burning frequently include quotes like the following (Jitendra

etal.,2017):

Hari Ram Karore, a 71-year-old farmer who owns more than 10 hectares (ha) in the same village,
says, We started using combine harvester machines to tide over the labour scarcity. The machine
finishes the task of reaping, threshing and winnowing in a few hours and is also economical, he
adds.

Residents of villages around Kota say that mechanisation has killed the practice of using wheat
stalk and straw as fodder, and burning is the only way out. The cuttings left by the machines are
too sharp. Not only do they injure us, even animals find it difficult to graze on, says Shital Devi.

These quotes are supported by more formal work interviewing farmers (FLA, 2012) that indicates
farmers believe the supply of unskilled agricultural labor has declined as a result of NREGA. This is
consistent with survey data from the 2011 India Human Development Survey that suggests a large
share (=33%) of surveyed villages believe there to be fewer agricultural laborers than in the past and
individual households report a 30% decline in the hours worked in agriculture. Fewer households in
the IHDS report traveling for work after NREGA as well.

Broadly, the hypothesis that NREGA may have reduced the supply of unskilled labor to agriculture

is consistent with the existing literature on its impacts Imbert and Papp (2014, 2015) that show small
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reductions in labor in the private sector and possible reductions in migration. The estimated effects
in the literature are smaller than those suggested by interviews with farmers but Asher and Novosad
(2018) suggest that survey-based estimates of the amount of labor in agriculture may underestimate the
impacts of policies because of respondents misunderstanding the intention of the questions. Reductions
in the supply of agricultural labor in response to NREGA are also consistent with the documented
increase in local consumption and the effect that this has on local labor markets measured by Emerick
(2018). It is also true that the research on NREGA has not reached a conclusion about its overall
impact on the share of labor in agriculture, the productivity of that labor, or the production practices

employed in agriculture (Sukhtankar, 2016). These remain important areas of research.

FIGURE A.1: PRESENCE OF COMBINES OVER TIME
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NOTES: The average number self-powered combines
by district over time. Data scrapped from the Indian
Agricultural Input survey conducted in 2001, 2006 and
2011. The dashed lines indicate the phases of NREGA.
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A.3 NREGA details

A.3.1 A brief history of Indian workfare

The NREGA program is the latest in a succession of work-based anti-poverty programs in India
dating back to at least the British Raj (Imbert and Papp, 2015). The most notable program prior
to NREGA was the Maharashtra Employment Guarantee Scheme (MEGS) introduced in 1977 by
the Government of Maharashtra (Shah and Mehta, 2008). MEGS was not a national program but
much of the design of MEGS was incorporated into NREGA. Like NREGA the aim of MEGS was to
provide employment to rural residents, focused on labor-intensive work, and targeted the formation
of public goods. The number of person-days of work that it generated reached an early peak 1980
and declined through the 1990s before climbing again through the early 2000s. Variation in the number
of person-days supplied through MEGS appears to be tied to changes in the wage schedule and declines
in the level of activist support for the program (Shah and Mehta, 2008). Of particular relevance to
this study and NREGA, estimates suggest that MEGS increased agricultural labor wages by around
18%(Gaiha, 1997).

After independence, the national government experimented with a number of national rural
workfare programs. A series of small-scale and pilot programs in the 1960s and 1970s were rolled
into the national Food for Work Programme (FWP) in 1977. Despite receiving significant investment,
there is little evidence that the FWP had a meaningful impact on reducing rural unemployment, due, at
least in part, to poor implementation and exclusion of the poorest citizens (Deshingkar et al., 2005).
The FWP became the National Rural Employment Program in the 1980s. In 2001, the Sampoorn
Grameen Rozgar Yojana (SGRY) program combined this with several existing poverty alleviation
programs and rural infrastructure programs to consolidate effort and provide additional employment,
food security, and infrastructure in rural areas (GOI, 2007). Wages were paid in a combination of

cash and food supplies. By 2008 the SGRY program had been fully merged with NREGA.
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A.3.2 Details of NREGA

The law creating NREGA was passed in September 2005 and the program was implemented in the
first districts in February 2006. Figure A.2 shows the districts included in each phase. I map districts
on 2001 geographies and apportion all data to the districts as they existed in 2001.

To participate in NREGA households obtain job cards from their local districts and then are able
to apply for work whenever they would like. The district office is to provide work within 5 km of
their house within 15 days of receiving their applications. The district must pay an unemployment
allowance in cash if they fail to provide employment. Wages are to be paid at a statutorily set minimum
wage that is not less than 60 Rs/day.

NREGA project lists are prepared at the district level and projects must be in one of the permitted
categories. Those are: water conservation, drought proofing, flood protection, land development, minor
irrigation, and rural connectivity (GOI, 2007).> All projects must have a ratio of labor expense to
material expense of at least 60/40 and the use of contractors and machinery is not allowed.> The
cost of NREGA is split between the central government and state governments but, crucially, the full
cost of unskilled labor is borne by the central government. State governments bear none of the cost
of unskilled labor and 25% of the cost of skilled labor and materials, giving states an incentive to
prioritize projects that use a greater share of unskilled labor.

The scale of the program is remarkable. It is generally agreed that NREGA is the largest work-
fare/rural poverty reduction program in the world (Ambasta et al., 2008). By 2014, 121 million job
cards had been registered. In 2009-2010 there were 2.8 billion person-days of work conducted under
the program (Sukhtankar, 2016). Participation appears to have grown steadily from implementation
in 2006 to around 2013. Roughly 11% of the world’s population is covered by the program(Niehaus
and Sukhtankar, 2013). In principle, NREGA marked a shift from existing anti-poverty programs by

being demand, as opposed to supply, driven (GOI, 2007). In practice, implementation challenges and

2This work can occur on private land if it is owned by a member of a scheduled caste or tribe. The operational guidelines
of NREGA were modified in 2009 to allow for work to also be conducted on private land if the total holdings of the owner
placed them in the “small" or “marginal" categories and the owner participated in the work GOI (2009).

3The use of contractors and machinery was understood to be an obstacle to the effectiveness of previous programs in
providing pro-poor benefits (Ambasta et al., 2008).
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state capacity may have limited the extent to which it was able to fully meet demand (Sukhtankar,
2016; Niehaus and Sukhtankar, 2013). By March 2007, demand for work exceeded supply in at least
30% of the states with significant demand (GOI, 2007). Despite this, NREGA provided an average
of three times the number of person-days of employment in its first years as SGRY provided in its final

years.

FIGURE A.2: MAP OF NREGA DISTRICTS BY PHASE OF ROLL-OUT

NREGA Phase
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- Phase 3

NOTES: Indian districts are mapped by their NREGA
phase. Phase one districts received NREGA in February
2006. Phase two received it in April 2007. Phase 3
received it in April 2008.
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A.4 Measurement error and my estimates

There are at least three types of measurement error present in my measurement of cropland fires. The
first is introduced by the presence of cloud cover, which makes it difficult for satellites to measure the
presence of fires. The presence of clouds therefore leads me to systematically under count the true
number of fires. This will attenuate my estimates towards zero. To see this consider the a district that
has 5 “true" fires prior to treatment and 7 fires after treatment. In that case the “true" treatment effect
is an increase of 2 fires. Now consider the case with a constant level of cloud cover that reduces my
counts of fire by 50%. Now I measure 2.5 fires prior to treatment and 3.5 fires after treatment and
estimate that treatment increased fires by only 1 fire. The same attenuation would exist in the case of
a negative treatment effect.

The second case relates to the fact that widespread fire use can lead to the creation of clouds
(Fromm et al., 2010; Gatebe et al., 2012; Jain et al., 2014). This will exacerbate the attenuation
described above because it suggests I under count fires by more when there are more fires. In the
example above it suggests that clouds lead to counting 2.5 fires prior to treatment but, due to increased
cloud cover driven by the increase in fires, I only count 3 fires after treatment and therefore estimate
that treatment only increased fires by 0.5.

The final source of measurement error is due to the large resolution of MODIS. As I discuss below,
MODIS under counts the number of fires because its resolution is 1 square kilometer and it cannot
distinguish between pixels with 1 or 10 fires. The impact of this measurement error is more ambiguous

than the previous two but recent work suggests it may also lead to attenuation (Abay et al., 2019).

A.5 The Andhra Pradesh NREGA improvement RCT

Figure A.3 shows the spatial distribution of treated and control subdistricts from the RCT in Muralidha-
ran et al. (2017) (MNS). Treated subdistricts received treatment following the completion of baseline
surveys in June of 2010. Buffer subdistricts received treatment following treated subdistricts and meant
that there was at least a two year gap between the treatment of the treated and control subdistricts.

In table A.1 I replicate the balance table from MNS showing balance across treated and control
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FIGURE A.3: MAP OF MNS TREATED AND CONTROL SUBDISTRICTS
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subdistricts on socio-economic covariates. Column 3 reports the coefficient from a regression of
treatment on the named covariate in a linear regression with state fixed effects.

In table A.2 I report summary data for the average number of pre-NREGA fires by subdistrict
across all of India an the treatment and control subdistricts in the MNS RCT. I also report pre-NREGA
levels of several covariates that are important in predicting fires. Except for monthly fires and average
share of crop coverage all variables are reported at the district level for the All of India sample and at

the subdistrict level for the MNS sample due to data limitations.

A.6 All of India compared to Andhra Pradesh

Figure A.4 shows the distribution of pre-NREGA fires in Andhra Pradesh and the MNS sample. 1
use the same scale as in figure 1.1 in the main text so the figure is exactly analogous to the figure
showing the distribution of pre-NREGA fires across all of India. Subdistricts that are included in the
MNS RCT are outlined, in black for treated subdisricts and blue for control subdistricts.

There are two main takeaways from figure A.4. The first is that the frequency of fires is lower in
Andhra Pradesh than in the states of India with the most fires. This confirms the results in figure 1.2
that show Andhra Pradesh is near the median state in the number of pre-NREGA fires. The second
is that the subdistricts included in the MNS sample are, broadly, not the same subdistricts in which
fires most frequently occur in Andhra Pradesh but in the majority of the MNS sample districts fires
are present. Further, the treated and control subdistricts appear roughly balanced on the frequency of

fire.

A.7 Relationship between MODIS and VIIRs fire detection

VIIRs is similar to the MODIS platform in that it is a source for satellite based imagery. However,
VIIRs is newer than MODIS, with the imagery available starting in 2012, and has higher resolution.
The lack of data prior to 2012 means I cannot use VIIRs for the primary analysis.

VIIRs and MODIS are able to detect roughly the same size fires but VIIRs provides data at a much

finer pixel resolution than MODIS. VIIRs resolution is roughly 375m compared to 1km for MODIS.
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TABLE A.1: BALANCE TABLE

Treatment Control Difference p-value

(1 2 3) “)
(A) Numbers based on official records from GoAP in 2010
% population working .53 52 .0072 41
% male Sl Sl .00043 .67
% literate 45 45 .0034 72
% SC 19 18 .0019 .85
% ST 1 12 -.014 A48
Jobcards per capita .54 .55 -.0074 12
Pensions per capita A2 A2 .0012 .76
% old age pensions A48 49 -.013 .09
% weaver pensions .0088 .011 -.0018 .63
% disabled pensions 1 1 .0019 .59
% widow pensions 21 2 .013%* .04
(B) Numbers based on 2011 census rural totals
Population 45697 45600 392 .85
% population under age 6 A1 A1 -.00074 .66
% agricultural laborers 23 24 -.0048 .61
% female agri. laborers A2 A2 -.0031 .55
% marginal agri. laborers .071 .063 .0078 .16
(C) Numbers based on 2001 census village directory

# primary schools per village 2.9 3.2 -3 .28
% village with medical facility .67 7 -.032 41
% villages with tap water .59 .6 -.0033 94
% villages with banking facility A2 .16 -.034%* .024
% villages with paved road access .8 .82 -.01 78
Avg. village size in acres 3394 3743 -316 .38

NOTES: I report here baseline characteristics across treated and control subdistricts. Column 3 reports the difference in treatment and control
means. Column 4 reports the p-value on the treatment indicator from simple regressions of the outcome with district fixed effects as the only
controls. The table exactly replicates that found in Muralidharan et al. (2016). They provide the following notes: “A “jobcard” is a household
level official enrollment document for the NREGS program. “SC" (“ST") refers to Scheduled Castes (Tribes), historically discriminated-against
sections of the population now accorded special status and affirmative action benefits under the Indian Constitution. “Old age", “weaver", “dis-
abled" and “widow" are different eligibility groups within the SSP administration. “Working" is defined as the participation in any economically
productive activity with or without compensation, wages or profit. “Main" workers are defined as those who engaged in any economically pro-
ductive work for more than 183 days in a year. “Marginal" workers are those for whom the period they engaged in economically productive
work does not exceed 182 days. The definitions are from the official census documentation. The last set of variables is taken from 2001 census
village directory which records information about various facilities within a census village (the census level of observation). “# primary schools
per village" and “Avg. village size in acres" are simple mandal averages - while the others are simple percentages - of the respective variable
(sampling weights are not needed since all villages within a mandal are used). Note that we did not have this information available for the 2011
census and hence use the 2001 data. Statistical significance is denoted as: *p < 0.10, **p< 0.05, ***p< 0.01."
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TABLE A.2: AVERAGE LEVEL OF COVARIATES PREDICTIVE OF FIRES NATIONALLY AND BY MNS TREAT-
MENT STATUS

All of India MNS Treated MNS Control
Mean SD Max Mean SD Max Mean SD Max

Avg. monthly fires 057 271 7038 021 037 222 015 023 1.00
Avg. share planted in rice 032 027 092 032 026 100 030 029 092
Avg. share planted in wheat 0.17 018 0.62 0.00 0.00 0.00 000 0.00 0.00
Avg. share planted in sugarcane  0.03 0.07 057 001 0.03 0.21 0.01 0.02 0.13
Combines in 2005(000s)* 1.35 545 6460 002 004 022 002 003 0.11
Share of holdings >4 HA 030 020 096 025 0.09 044 027 0.10 054

Avg. share of crop coverage 22.00 20.13 8450 10.79 7.59 4050 10.82 6.35 30.01

NOTES: Statistics for each covariate are calculated for years prior to NREGA implementation. The all of India sample includes all
districts in India outside of Nicobar and Jammu & Kashmir. The MNS Treated and MNS Control refer to the subdistricts in the RCT
conducted in Andhra Pradesh by Muralidharan et al. (2016) (MNS). Average monthly fires and average share of crop coverage are
calculated at the subdistrict for both the All of India and MNS samples. All the remaining covariates are measured at the district level
for the All of India sample and at the subdistrict level for the MNS sample because of data limitations. The average district in the
MNS sample has 19 subdistricts. Data used to calculate the share planted in each crop in the All of India sample comes from the
ICRISAT meso data (Rao et al., 2012) and is the average over the years 2003-2005. Data used to calculate the share planted in the MNS
sample comes from the Indian Agricultural Census in 2005 and is the level reported for 2005. Data on combines comes from the Indian
Agricultural Input Survey in 2005. For the MNS sample I use the number of tractors reported to the Ministry of Statistics of Andhra
Pradesh as a proxy for the number of combines. This likely overestimates the number of combines in Andhra Pradesh. Data on the share
of holdings >4 HA comes from the Agricultural Census in 2005 for both samples. The share of crop coverage reports the average share
of the subdistrict area that is classified as agricultural on October 315 over the years 2003-2005 in the SEDAC Indian Winter Cropping
dataset (Jain et al., 2017; NASA, 2017b).
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FIGURE A.4: PRE-MNS FIRES
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prior to implementation of the MNS RCT in Andhra
Pradesh. The subdistricts that participated in the RCT
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eas have no fires. Data comes from the NASA FIRMS
database.
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Both classify a pixel as having a fire if at least one fire is detected in that pixel. However, the finer
resolution of VIIRs means it is able to count more pixels that contain fires. For example, two fires
located 750m apart within a given square km would be counted as only one fire by MODIS but would
likely be distinguished as two separate fires by VIIRs. Figure A.5 shows clearly that MODIS detects
substantially fewer individual fires than VIIRs.

Korontzi et al. (2006) shows that MODIS and VIIRs are both highly accurate in counting a pixel
that should contain a fire as containing a fire. So while MODIS underestimates fires it does not appear

to mis-classify pixels that include low numbers of fires as non-fire.

FIGURE A.5: MONTHLY FIRES DETECTED BY MODIS AND VIIRS FROM 2012-2017
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A.8 Plot size and fire relationship robustness

I show in the main text in figure 1.1 that districts in which a larger share of agricultural land is in
large plots there are more frequent cropland fires. Given the large pixel size of MODIS one might think
this is simply due to the increased likelihood that MODIS detects a fire on a large plot because they are
likely to be larger as a result of the plot size. I can test this prediction by comparing the relationship
between share of agricultural land in large plots and cropland fires detected by MODIS and cropland
fires detected by VIIRs. If the relationship is driven only by the lower resolution of MODIS then the
relationship between size and fires should be weaker when I use fires detected by VIIRs.

Figures A.6a and A.6b show that the relationship appears to be stronger when I use the fires
detected by VIIRs. This suggests that it is not being driven by areas with larger plots having larger

fires that are easier for MODIS to detect.

FIGURE A.6: COMPARISON OF PLOT SIZE AND FIRES RELATIONSHIP BY SATELLITE
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NOTES: Panel a shows the relationship between the number of monthly fires in a district
and the share of farmland in that district in plots greater than 4 hectares when the fires
were detected with the MODIS platform. Panel b shows the same but when the fires were
detected by the VIIRS platform. In both figures the sample period is 2012-2017 and the
sample covers all districts in India. The VIIRS platform can detect fires up to 10x smaller
than the MODIS platform (Zhang and Wooster, 2016).
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A.9 Changes in pollutant concentrations after NREGA implementa-
tion

Because I cannot measure the dispersion of pollutants from biomass burning I do not estimate the causal
effect of NREGA on pollution. Instead, I show that emissions rates are correlated with concentrations
at the district month level. The correlation I measure suggests that an emissions rate ten percent higher

than average has PMj 5 concentrations that are between 0.5% and 0.8% higher than average.

TABLE A.3: CORRELATION BETWEEN EMISSIONS RATES AND CONCENTRATION OF PM> 5

Black Carbon Organic Carbon SO,

Log Emissions Rate 0.08*** 0.05*** 0.08***
(0.005) (0.003) (0.005)
Districts 556 556 556
N 80,064 80,064 73,392
District FE X X X
Weather Controls X X X
Year X Month FE X X X

NOTES: The outcome is the log of the monthly concentration PMy 5 in g/ m3.The coefficient can be interpreted as
the approximate percentage change in concentration for a percentage change in emissions rates. The specification is a
linear fixed effects regression of the form log(PM;y,y) = Blog(ER;yy) + ¥i + 6my Where PM;y,, is the concentration
of PMy 5 in district i in month m in year y. ER;y,,, is a the rate of emissions of the named pollutant in district i. 7; are
district fixed effects while 6y is a year by month fixed effect. -y; are district fixed effects while J; is a year by month fixed
effect. N refers to the number of district X months included in each regression. The average number of monthly fires
(the outcome) in the pre-treatment period in each quartile are reported. The sample is a balanced, monthly panel of districts
in India from 2003-2014. Heteroskedasticity robust standard errors clustered at the district level are in parentheses. (¥
p<.10 ** p<.05 *** p<.01).

A.10 Cropping patterns across India

Figures A.7a-A.7c show the distribution of planted area in wheat, rice, and sugarcane across India.
I show the annual average in 000s of hectares in each crop over the years 2003-2005. Data comes from
the ICRISAT meso database (Rao et al., 2012).

Wheat production is clearly concentrated in Punjab and along the Indo-Gangetic plain. This
broadly aligns with the areas that have the highest frequency of fires as shown in figure 1.1 in the main

text. The relationship between fires and coupled rice-wheat production is highlighted by comparing
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the map of rice production with the map of wheat production and fires. The districts with the highest
frequency of fires are the districts where high production of rice and wheat appear to overlap. Notably,
there are districts of high wheat production with low rice production and vice-versa, these districts
do not appear to have as high a frequency of fire. Districts with a high area in sugarcane production
also appear to have more frequent fires although the visual correlation is not as strong.

The importance of the coupled rice-wheat production for fire use is brought out more clearly in
figure A.8. Here I show the average share of a subdistrict’s area that is covered in crops on October 315¢
where the average is calculated across the years 2003-2005. The area covered by crops is calculated by
NASA from remotely sensed imagery (NASA, 2017b; Jain et al., 2017) and measures not the area of
cropland but the share of a pixel on which crops are actively growing on October 31° each year. This
is not a perfect proxy for areas that engage in coupled rice-wheat production but it captures areas
that are growing rice crops during the post-monsoon season and the visual correlation between these
areas and those that grow wheat in figure A.7a is high. Figure A.8 highlights that areas that appear
to most intensively engage in coupled rice-wheat production are also the areas that have the highest
frequency of fires. Figure A.9 shows that much of AP, and many of the sample subdistricts in MNS

do not appear to engage in coupled rice-wheat production.
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FIGURE A.7: CROPPING PATTERNS IN WHEAT, SUGARCANE, AND RICE ACROSS INDIA
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NOTES: The average area planted by district annually in 000s of hectares in wheat, rice and sugarcane in the pre-NREGA period from 2003-2005. Data
comes from the ICRISAT meso dataset (Rao et al., 2012).



FIGURE A.8: AVERAGE CROP COVERAGE ON OCTOBER 3 1%
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NOTES: This figure shows the average share of pixels in
a subdistrict across the areas of India for which data is
available that have crop coverage on October 31° over
the years 2003-2005. Crop coverage is measured by
reflectivity detected by satellite as described in Jain et al.
(2017). Data comes from the Center for International
Earth Science at Columbia University NASA (2017b).

A.11 Event studies for non-fire outcomes

Figures A.10-A.13 show the event studies of NREGA’s impact on the area planted in rice, wheat,
sugarcane and all other crops in 000s of HA. Data comes from the ICRISAT meso dataset (Rao et al.,
2012). In all cases I confirm that the assumption of no differential pre-trends appears to hold. Further,
each shows little to no evidence of an increase in area planted after the implementation of NREGA.

Consistent with the results in table 1.8 rice shows a small increase after NREGA’s implementation
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FIGURE A.9: AVERAGE CROP COVERAGE ON OCTOBER 315! IN ANDHRA PRADESH
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NOTES: This figure shows the average share of pixels in
a subdistrict across Andhra Pradesh is available that
have crop coverage on October 31°t over the years 2003-
2005. Crop coverage is measured by reflectivity detected
by satellite as described in Jain et al. (2017). Data
comes from the Center for International Earth Science
at Columbia University NASA (2017b).
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but this decays quickly and is never statistically different from zero. It is distinctly different from the
impact of NREGA on fires that shows initial increases that persist over time.

Figure A.11 suggests NREGA had no impact on area planted in wheat while figure A.12 shows
weak evidence that sugarcane production declines after the implementation of NREGA. A decline
in sugarcane production is consistent with both anecdotal evidence (FLA, 2012) and the model
presented in the main text. That model suggests that facing higher labor costs farmers can either reduce
production or mechanize. However, the technology to mechanize the harvest of sugarcane in India is
not widespread (Yadav, 2007; Solomon, 2016). That suggests that mechanization is not as feasible in
the short-term, which leads farmers to reduce production in the face of higher labor costs (Clemens
etal., 2018).

The area planted in other crops (figure A.13) follows a similar pattern to rice production, showing a
small initial increase that decays. This is consistent with farmers shifting into other, higher value crops
(e.g. cotton) after the implementation of NREGA (Rabotyagov et al., 2014; Gehrke, 2013).

In figure A.14 I show the event study of NREGA’s impact on monthly cropland fires in the first
and fourth quartiles of the mechanization index. This corresponds to the regression results in panel
A and panel D of table 1.7 in the main text. The event study confirms that there is no evidence of
pre-trends within the two quartiles. Further, it shows the same increase in fires in the districts with
the highest score in the mechanization index that are reported in the table 1.7.

In figure A.15 I show the average level of night lights appears to decline initially and then recover
after the implementation of NREGA. This is consistent with the findings in Cook and Shah (2019)
where they find that night lights decline after NREGA implementation in phase 1 and 2 districts but
to increase in phase 3 districts. If one is concerned that may measure of fires is simply identifying
areas with more night lights the decline in night lights after the implementation of NREGA suggests
that measurement error of this type cannot explain my results. I also show in figure A.16 that there

does not appear to be a strong relationship between districts with high night lights and high fires.
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Annual Change in Rice Area

FIGURE A.10: AREA PLANTED IN RICE EVENT STUDY

-3 -2 -1 NREGA 1 2 3 4
Implemented

Years in Event Time

NOTES: Each point is the estimated w+ coefficient from
the regression log < E [CimyXimy]> =Y rerwe Yo+

Wimy + ¥i + Omy, where Yz is an indicator for event-
time year T in the set T = {-3,-2,-1,0,1,2,3,4},
Y; is a district fixed effect , oy is a month X year fixed
effect and Wiy, are weather controls. Cimy is the area
planted in rice in 000s of hectares in month m in year y
in district i. 95% Cls are show in dashed grey lines. The
figure uses the full sample. I pool event years less than
-3 and greater than 4 into those boundary values. The
base year is the year before NREGA is implemented.

Predictive power of mechanization index

The goal of the mechanization index is to identify areas in which mechanization may be a more viable
option for farmers. While I cannot observe the direct impact of NREGA on mechanization because
of data limitations I do observe combine counts in 2011, five years after the first implementation
of NREGA. As a result, I can test the ability of the mechanization index to predict the number of
combines five years after NREGA’s implementation.

In figure A.17 I show that the mechanization index appears to predict combine levels in 2011
reasonably well. I show the binscatter of the district level count of combines in 2011 and the

mechanization index score calculated based on data from 2003 to 2005. Data on combines comes
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FIGURE A.11: AREA PLANTED IN WHEAT EVENT STUDY
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NOTES: Each point is the estimated w~ coefficient from
the regression log < E [CimyXimy]> =Y rerwe Yo+

Wimy + ¥i + Omy, where Yz is an indicator for event-
time year T in the set T = {-3,-2,-1,0,1,2,3,4},
Y; is a district fixed effect , oy is a month X year fixed
effect and Wiy, are weather controls. Cimy is the area
planted in wheat in 000s of hectares in month m in year
y in district i. 95% Cls are show in dashed grey lines.
The figure uses the full sample. I pool event years less
than -3 and greater than 4 into those boundary values.
The base year is the year before NREGA is implemented.

from the agricultural input survey. The mechanization index is calculated as described in the main
text. I plot the linear best fit line using all the data in the dashed light blue line. Because there is a clear
outlier in the binscatter I also show the linear best fit line excluding that data in the darker dotted line.
Note that the excluded data is not a single district but rather the binned data for the approximately 30

districts with the highest mechanization index scores and the highest level of combines in 2011.
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FIGURE A.12: AREA PLANTED IN SUGARCANE EVENT STUDY
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time year T in the set T = {-3,-2,-1,0,1,2,3,4},
;i is a district fixed effect , 6y is a month X year fixed
effect and Wiy, are weather controls. Cimy is the area
planted in sugarcane in 000s of hectares in month m in
year y in district i. 95% Cls are show in dashed grey
lines. The figure uses the full sample. I pool event years
less than -3 and greater than 4 into those boundary
values. The base year is the year before NREGA is
implemented.

A.13 Effect of NREGA on crop production by mechanization index and
pre-NREGA fires

To verify that the lack of a mean effect on cropping levels is not masking heterogeneity across districts
in cropping responses that is correlated with the mechanization index, and so allowing for changes
in cropping levels to drive the results shown in table 1.7 in the main text, I show that the impact of
NREGA on cropping levels does not vary by the mechanization index in table A.4. Across all crops

and all levels of the mechanization index the results indicate that NREGA has little impact on cropping
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FIGURE A.13: AREA PLANTED IN OTHER CROPS EVENT STUDY
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NOTES: Each point is the estimated w~ coefficient from
the regression log < E [CimyXimy]> =Y rerwe Yo+

Wimy + ¥i + Omy, where Yz is an indicator for event-
time year T in the set T = {-3,-2,-1,0,1,2,3,4},
Y; is a district fixed effect , oy is a month X year fixed
effect and Wiy, are weather controls. Cimy is the area
planted in all other crops in 000s of hectares in month m
in year y in district i. 95% Cls are show in dashed grey
lines. The figure uses the full sample. I pool event years
less than -3 and greater than 4 into those boundary
values. The base year before is the year NREGA is
implemented.

levels, consistent with the results in table 1.8 in the main text.

There appear to be slight increases in production and area planted of rice in the second quartile
of the mechanization index and slight increases in area planted in the fourth quartile. Sugarcane
shows a slight increase in production in the second quartile as well. However, none of these changes
can explain the pattern of results in the main text where the increase in fires appears to be strongly

concentrated in the districts with the highest mechanization index score.
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TABLE A.4: EFFECT OF NREGA ON CROP PRODUCTION BY MECHANIZATION INDEX

Wheat Rice Sugarcane All Crops
Area Tons Area Tons Area Tons Area Tons
(A) Mech. Index, Q1
Post-NREGA 0.001 0.007 0.017 0.055 -0.009 -0.246*  0.003 -0.032
(0.012) (0.017) (0.019) (0.033) (0.033) (0.129) (0.011) (0.038)
Districts
Months 120 120 120 120 120 120 120 120
N 13,224 12,384 16,860 16,860 15,972 15972 16,860 16,860
Mean
(B) Mech. Index, Q2
Post-NREGA 0.011 0.054  0.070* 0.097* 0.093  0.204**  0.005 0.122
(0.056) (0.077) (0.037) (0.053) (0.066) (0.096) (0.021) (0.081)
Districts
Months 111 111 111 111 111 111 111 111
N 8,880 8,760 8,976 8,976 8,112 8,112 9,240 9,240
Mean
(C) Mech. Index, Q3
Post-NREGA -0.031 -0.012 0.006 0.058 0.077 -0.283 0.019 0.103**
(0.042) (0.065) (0.020) (0.043) (0.088) (0.182) (0.015) (0.044)
Districts
Months 108 108 108 108 108 108 108 108
N 12,456 12,096 13,620 13,620 11,988 11,976 13,980 13,980
Mean
(D) Mech. Index, Q4
Post-NREGA -0.044 -0.058 0.023* -0.004 0.056 0.024 0.008 -0.033
(0.032) (0.041) (0.012) (0.023) (0.061) (0.100) (0.010) (0.027)
Districts
Months 116 116 116 116 116 116 116 116
N 15,828 15,708 14,724 14,724 15,192 15,072 16,296 16,296
Mean
District FE X X X X X X X X
Year X Month FE X X X X X X X X
Weather Controls X X X X X X X X

NOTES: Each column represents separate regressions. Outcomes for each column are listed in the column headings. Area is measured as area planted in 000s of HA and Tons

measures annual production in Tons. In all columns the base regression is a poisson fixed effects of the form log(]E [Cimy‘xxml/]> = /3):;1:1 [P’)Stimy X Mechiz} +%i + my

where Cimy is the outcome in district i in month 7 in year y. Postjpyy, is a dummy variable equal to one after NREGA treatment takes effect in district i. Mech;, is an indicator for
where district i falls in the distribution of the ease of mechanization index. The ease of mechanization index is the sum of a district’s Z score across measures of land concentration,

combine presence and crop types. The mechanization index is calculated based on levels of each component variable in the district prior to 2006. <y; are district fixed effects while
0t is a year by month fixed effect. The Ease of Mechanization Index is an index that considers, in NREGA districts, the type of crops planted, the average area of holdings and the
number of combines prior to treatment in a given district. Areas that have larger farms, plant more wheat and/or rice, and have more pre-treatment combines are given higher scores.
In the Andhra Pradesh subdistricts the index omits combines for lack of data. N refers to the number of district X months included in each regression. The sample is a balanced,
monthly panel of districts in India from 2003 to 2014. Heteroskedasticity robust standard errors clustered at the district level are in parentheses. (* p<.10 ** p<.05 *** p<.01).
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A.14 Heterogeneity by mechanization index components

My index of mechanization is the sum of a district’s Z score across several different measures of
how easy it may be to mechanize the harvest in a given district. These are all measured over the

pre-NREGA period from 2003-2005 and are:

1. The share of agricultural land in holdings larger than 4 hectares. I consider this because the
efficiency of harvesting by combines increases as the area of land harvested increases. As
Clemens et al. (2018) shows, mechanization is more efficient at lower levels of labor per unit

land. Larger farms have more available land to spread the labor of operating the combine over.

2. The share of land in marginal holdings. This is not mechanically determined by the share of
land in large holdings because there are several size classes in between marginal and large.
Increasing the share of land in marginal holdings, holding the share in large holdings constant
reduces mechanization. This happens for two reasons. The first is simply the inverse of the
reason mechanization is more frequently used on larger holdings; combines are less efficient
on smaller plots with higher levels of labor per unit land. There is an additional reason why
mechanization occurs less used less on marginal land however. NREGA allows marginal farmers
to use labor from NREGA on projects on their private land (GOI, 2009). While marginal farmers
cannot use NREGA labor on the harvest, to the extent that money is fungible, using NREGA
labor on projects that farmers would have otherwise paid for themselves frees money to pay
for harvest labor.* Because more land in marginal plots should reduce mechanization I invert

the Z score by multiplying by -1 when I calculate the mechanization index.

3. The number of combines in the district in 2005. Combines are the unit of capital most directly
related to mechanization of the harvest and their use is a primary reason for the increase in the
use of fires (Yang et al., 2008; Bhuvaneshwari et al., 2019; Shyamsundar et al., 2019). Using
combines to harvest leaves more residue on the field than harvesting by hand and it is this

increased residue that interferes with the next season’s planting. Farmers often do not own their

4Fungibility may not be an innocuous assumption in this context if farmers are engaging in any form of mental
accounting.
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own combines but rather rent a combine and operator’s time for a specific harvest (Shyamsundar
et al., 2019). Having more combines at implementation of NREGA facilitates mechanization,

all else equal, by reducing congestion in this rental market.

4. The area planted in rice and wheat. As discussed above, the use of fires is most intense in
areas of coupled rice-wheat production. To account for this I measure the average annual area

planted in rice and wheat.

5. The area planted in sugarcane. Farmers who grow primarily sugarcane do not have the ability
to easily mechanize in India (Yadav, 2007; Solomon, 2016). Areas that have more land planted
in sugarcane should, as a result, see less mechanization than other areas. To account for this I
invert the Z score for sugarcane area by multiplying by -1 before I calculate the mechanization

index.

In table A.6 I show that across each individual component of the mechanization index the use of
fires increases in areas that the component would predict are easier to mechanize. For several of the
components the effect seems to begin after the median, as opposed to only in the top quartile as with
the overall mechanization index, but others follow the same pattern as the overall mechanization index.
The only exception is the area planted in sugarcane. However, this is consistent with the distribution of
districts by the area planted in sugarcane. All districts except the first quartile, the areas with the most
sugarcane production, have essentially no area planted in sugarcane. As a result, the large increases
in fires outside in the second through fourth quartile are consistent with farmers in sugarcane producing
areas not being able to mechanize easily while those in non-sugarcane producing areas are more able

to mechanize the harvest.

A.15 Heterogeneity by mechanization index in the MINS sample

Data limitations restrict my construction of the mechanization index for Andhra Pradesh so my
ability to examine heterogeneity in the response of fires across the mechanization index in the RCT
is constrained. Specifically, I do not have access to data that measures the number of combines in

Andhra Pradesh prior to the implementation of NREGA. This is an important part of the mechanization
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index because the ability to rent time from a combine operator, a primary method of mechanizing in
this context, is facilitated when there are more combines. Despite this, I can construct a measure of
mechanization index that uses the number of tractors to proxy for the number of combines. This is
likely an overestimate of the number of combines in a given district.

Examining heterogeneity across my Andhra Pradesh specific mechanization index using the RCT
sample confirms the results in the main text. While the results are very noisily estimated I see the same
pattern where the only quartile in which fires increase is that in which mechanization is predicted to
be easiest. Despite the noise in the estimates, this is also the only quartile in which the estimate is

statistically different from zero at conventional (10%) levels.

A.16 Changes in agricultural wages after NREGA

Using data from the Indian Agriculture Ministry on wages in specific agricultural occupations across
some Indian states I attempt to replicate the results in Imbert and Papp (2015). I do not find a general
increase in agricultural wages in the sample of states for which I have data (table A.8). When I attempt
to replicate their specification focusing on star states and restricting to districts in phase 1 relative
to untreated districts in phase 3 of NREGA (table A.9) I find increases in the wage of field labor —
perhaps the best approximately of general unskilled agricultural labor — that is consistent with their
results.

There are many potential reasons why I fail to replicate their results. The most likely is a
combination of a small sample - my data on wages is far less comprehensive than theirs with data
on wages in fewer than half the districts in India - and inaccuracies in the collection of wage data.
While my data reports wages by occupation it is collected by the Agriculture Ministry and is likely

less complete and less accurate than the NSS data that Imbert and Papp (2015) uses.
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A.17 Robustness

A.17.1 RGGVY comparison

In 2005 the Indian government rolled out a national program (“Rajiv Gandhi Grameen Vidyutikaran
Yonana" (RGGVY)) intended to electrify those villages that remained un-electrified or were “under-
electrified" (see Burlig and Preonas (2016) for more detail). The program had a similar financing
structure as NREGA - funding came from the Federal government but projects were implemented at
a local level. Crucially, funding was dispersed under two different five year plans, the 10 and the
11" and not all districts receive funding under both.

In order to receive funding a State had to submit a district specific proposal to the Rural Electrifica-
tion Corporation (REC), overseen by the Ministry of Power. Proposals were reviewed by the REC
and funds were disbursed by them on approval.

Submitting a proposal was a costly act by the state, requiring surveys, and a detailed village-by-
village implementation plan indicating which households and public places were to be electrified
(Burlig and Preonas, 2016). Performing this costly action earlier or faster may be an indicator of
a government’s ability to effectively implement programs. Under that assumption, districts that received
funding in the 10" Five Year plan may be more effective at implementing government programs than
those that did not. However, this assumption may not be valid. It may have been the case that lower
capacity or less developed districts were specifically targeted by the REC for assistance in putting
together their applications in order to facilitate participation in the 10/ five year plan. In that case,
participation in the earlier round of funding may indicate lower government capacity. There are a
number of reasons district government capacity might impact the fire response to NREGA. One is
simply that if higher capacity districts can better implement NREGA the labor market shock may be
larger (Imbert and Papp, 2015).

I divide districts into those that receive funding under RGGVY in the 10" Five Year Plan and the
11" Five Year Plan (districts that receive funding in both are included in the 10t"). I show a map of
these districts in A.18. I then run the primary specification described in equation 1 of the main text

on each sub-sample.
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The results in table A.10 indicate no difference in the impact of NREGA on fires between the
early implementing and late RGGVY implementing districts. This is consistent with what Burlig
and Preonas (2016) find in measuring the direct impacts of the program.” T also find no evidence of
a direct effect of the RGGVY program on fires. This is not evidence that government capacity did
not impact the implementation of NREGA - in part due to the lack of certainty around how district
participation in each phase of the RGGVY program was determined in practice - but it is reassuring
that I do not find substantial differences in the impact of NREGA on fires based on the timing of an

unrelated government program.

A.17.2 Placebo tests

To ensure that the results I report in the main text are not due to underlying differences in districts
that are correlated with the implementation timing of NREGA by chance I run a placebo test where I
maintain the order of treatment but move it forward in time by two years for all districts. As a result,
phase 1 districts are treated in 2004, phase 2 in 2005 and phase 3 in 2006. As I report in table A.11
I find no treatment effect in this placebo treatment. That suggests that my results are not driven by

differences in districts across phases that are correlated with the treatment timing.

A.17.3 Randomization test

As a further test of the robustness of the main results I conduct something similar to a randomization
inference test on the full, national implementation of NREGA. I keep the timing of implementation
the same (i.e. phase 1 districts receive NREGA in February 2006) but I randomly assign districts
to phases. This imposes a null hypothesis of no effect of program implementation. I then run the
primary specification, with weather controls, 1,000 times and plot the distribution of the estimated
impact of NREGA implementation in figure A.19.

Comparing the distribution of estimated effects under the null of no effect to the effect I estimate in

table 1.3 in the main text (shown in the dashed red line in figure A.19) shows that it is highly unlikely

SThey find no differential effects by early or late. However, while they find very strong increases in the rate of
electrification and use of electricity they find negligible effects on several measures of income and economic activity.
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the effect I estimate is due to chance assignment of districts to phases. The implied p-value on my

estimated effect from this randomization exercise is < 0.001.

A.17.4 Changing timing of harvest

I find some evidence that the timing of the kharif harvest shifts over time from October to November
(figures A.20 and A.21). Some have argued that shifting the kharif harvest to later in the year is
the primary cause of the increased pollution from crop fires in Delhi in December in January. This
occurs because of a shift in wind patterns in early December that cause more pollution to be blown
from Punjab to Delhi. I cannot rule this out as a potential cause of the increase in pollution in Delhi.
However, the major increase in fires occurs in the post-rabi harvest. This can clearly be seen in the
monthly patterns. The timing of fires shifts during the kharif harvest but there is no evidence that
the overall number of fires declines. Further, as table 1.3 shows, NREGA substantially increases
pollution within districts. Thus, while the increase in Delhi’s pollution is likely due to many causes

there is still clear evidence that NREGA increases the frequency of cropland fires.
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Annual change in fires
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FIGURE A.14: MECHANIZATION INDEX EVENT STUDY
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NOTES: Each point is the estimated w+ coefficient from
the regression log(]E [Fimy|Ximy]> =Y rerwe Yo+

Wimy + $i + Omy, where Yz is an indicator for event-
time year T in the set T = {—3,-2,-1,0,1,2,3,4},
Y; is a district fixed effect , Oy is a month X year fixed
effect and Wiy, are weather controls. Fyy,, is number
of cropland fires in month m in year y in district i. 95%
ClIs are show in dashed grey lines. I run the regression
separately on districts in the first quartile of the mecha-
nization index, areas where mechanization is predicted
to be more difficult, and the fourth quartile, areas where
mechanization is predicted to be easier, to generate each
line. The figure uses the full sample. I pool event years
less than -3 and greater than 4 into those boundary
values. The base year is the year before NREGA is
implemented.
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FIGURE A.15: NREGA’S IMPACT ON AVERAGE NIGHT LIGHTS EVENT STUDY
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NOTES: Each point is the estimated w~ coefficient from
the regression Liyy = ) rcT WeYri + i + Oy, where
Y: is an indicator for event-time year T in the set T =
{—3, -2,-1,0,1,2, 3,4}, Y; is a district fixed effect ,
0y is a year fixed effect. Ljy is average of the night lights
in year y in district i. 95% Cls are show in dashed grey
lines. Data on night lights comes from (Asher et al.,
2019). The figure uses the full sample. I pool event years
less than -3 and greater than 4 into those boundary
values. The base year is the year before NREGA is
implemented.
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FIGURE A.16: SCATTER OF DISTRICTS BY FIRES AND TOTAL NIGHT LIGHT LUMINOSITY
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NOTES: The scatter of monthly fires and the total annual
luminosity of a district as reported in Almds et al. (2019).
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FIGURE A.17: ABILITY OF MECHANIZATION INDEX TO PREDICT COMBINE LEVELS IN 2011
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NOTES: The binscatter of mechanization index against
the average number of combines by district in 2011.
Higher values of the mechanization index indicate that
mechanization was expected to be easier in that district.
The mechanization index is calculated based on data
from 2003-2005. The average number of combines by
district in 2011 is collected by scraping the Agricultural
Input Survey data for 2011. The lighter dashed line
is the OLS best fit line including the districts with the
highest mechanization score and the greatest number
of combines. The darker dotted line is the same OLS
best fit line excluding the 30 districts with the highest
mechanization index and highest number of combines in
2011.
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TABLE A.5: EFFECT OF NREGA ON CROP PRODUCTION BY PRE-NREGA FIRES

Wheat Rice Sugarcane All Crops
Area Tons Area Tons Area Tons Area Tons
(A) Quartile 1 of
pre-treatment fires
Post-NREGA -0.013  0.086** 0.029  0.064 0.045 0.124 0.031**  0.009
(0.028) (0.039) (0.021) (0.045) (0.082) (0.195) (0.013) (0.045)
Districts 99 99 107 107 99 98 118 118
Months 144 144 144 144 144 144 144 144
N 10,608 10,608 11,640 11,640 10,932 10,812 12,864 12,864
(B) Quartile 2 of
pre-treatment fires
Post-NREGA -0.019 -0.024 0.002 0.043 0.013 0213 -0.011 -0.004
(0.026) (0.041) (0.013) (0.040) (0.069) (0.203) (0.012) (0.036)
Districts 112 103 123 123 111 111 126 126
Months 144 144 144 144 144 144 144 144
N 12,660 11,580 13,872 13,872 12,816 12,804 14,244 14,244
(C) Quartile 3 of
pre-treatment fires
Post-NREGA -0.000  0.046 0.028 0.084* 0.017 -0.156  0.011 0.039
(0.050) (0.069) (0.025) (0.043) (0.061) (0.199) (0.016) (0.050)
Districts 108 106 111 111 104 104 114 114
Months 144 144 144 144 144 144 144 144
N 12,468 12,228 12,804 12,804 12,180 12,180 13,164 13,164
(D) Quartile 4 of
pre-treatment fires
Post-NREGA 0.022  -0.004 0.015 -0.002 0.042 0.031 0.004  0.060*
(0.041) (0.041) (0.018) (0.028) (0.079) (0.086) (0.010) (0.033)
Districts 122 121 132 132 128 128 134 134
Months 144 144 144 144 144 144 144 144
N 14,652 14,532 15,864 15,864 15,336 15,336 16,104 16,104
District FE X X X X X X X X
Year X Month FE X X X X X X X X
Weather Controls X X X X X X X X

NOTES: The outcome is the total area planted and tons produced of each crop. The coefficient can be interpreted as the approximate percentage change after NREGA was statutorily
implemented in a district. The sample is all districts in India that were part of the NREGA program. The specification is a fixed effects Poisson of the form log ( E [C,-,m/ \X,-,,M) =

B ):%:1 [Post‘-,m/ x Pre — Fires,f} + i + dmy where Cjyy, is the outcome in district  in month 71 in year y. Post;y,, is a dummy variable equal to one after NREGA treatment takes
effect in district i. Pre-Firesif is an indicator for where district falls in the distribution of total pre-NREGA fires. <y; are district fixed effects while d,y is a year by month fixed effect.
Each panel is a different quartile of pre-NREGA fires with Q4 corresponding to the largest number of pre-NREGA fires. N refers to the number of district X months included in each
regression. Districts reports districts in each sample. The average number of monthly fires (the outcome) in the pre-treatment period in each quartile are reported. The sample is a
balanced, monthly panel of districts in India from 2003 to 2014. All columns include controls for weather in the month the outcome number of fires is measured. Heteroskedasticity
robust standard errors clustered at the district level are in parentheses. (* p<.10 ** p<.05 *** p<.01).
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TABLE A.6: HETEROGENEITY OF TREATMENT IMPACT BY COMPONENTS OF MECHANIZATION INDEX

Share of Inverted share Area in Inverse area
land >4HA  of marginal land Combines Wheat & Rice  sugarcane

(A)Quartile 1

Post-NREGA 0.166 -0.074 0.111 0.126 0.008
(0.150) (0.178) (0.091) (0.084) (0.070)
Districts 100 100 243 122 123
Months 144 144 144 144 144
N 14,400 14,400 34,992 17,568 17,712
Avg. monthly
fires pre-NREGA 1.73 1.81 2.46 1.93 6.42
(B)Quartile 2
Post-NREGA -0.044 -0.014 0.111 0.119 0.389***
0.111) (0.107) (0.091) (0.080) (0.120)
Districts 100 100 243 123 123
Months 144 144 144 144 144
N 14,400 14,400 34,992 17,712 17,712
Avg. monthly
fires pre-NREGA 4.21 3.58 2.46 3.57 10.21
(C)Quartile 3
Post-NREGA 0.212 0.351*** 0.028 0.209** 0.333***
(0.142) (0.132) (0.120) (0.106) (0.103)
Districts 100 100 103 123 123
Months 144 144 144 144 144
N 14,400 14,400 14,832 17,712 17,712
Avg. monthly
fires pre-NREGA 3.57 3.98 4.15 3.86 4.74
(D)Quartile 4
Post-NREGA 0.289*** 0.298*** 0.264*** 0.176** 0.266*
(0.101) (0.102) (0.090) (0.078) 0.154)
Districts 100 100 116 122 121
Months 144 144 144 144 144
N 14,400 14,400 16,704 17,568 17,424
Avg. monthly
fires pre-NREGA 17.08 17.22 14.73 14.68 2.57
District FE X X X X X
Month X Year FE X X X X X
Weather Controls X X X X X

NOTES: The outcome is monthly cropland fires. The coefficient can be interpreted as the approximate percentage change in fires after NREGA was statutorily implemented in a
district. The sample is all districts in India that were part of the NREGA program. The specification is a fixed effects Poisson of the form [E [Fimy \le,m/] = Exp(ﬁ Z;f:] [Pastimy X
Mech,'z] +7i+ (5,,1],) where Fj,,,, is the outcome in district i in month m in year y. Posli,,,y is a dummy variable equal to one after NREGA treatment takes effect in district i. Mech;,
is an indicator for where district 7 falls in the distribution of the ease of mechanization index. The ease of mechanization index is the sum of a district’s Z score across measures of land
concentration, combine presence and crop types. The mechanization index is calculated based on levels of each component variable in the district prior to 2006. vy; are district fixed
effects while dyy is a year by month fixed effect. 7y; are district fixed effects while J¢ is a year by month fixed effect. Each panel is a different quartile of the mechanization index
with quartile 4 corresponding to the places mechanization is predicted to be easiest. N refers to the number of district x months included in each regression. Districts reports districts
in each sample. The average number of monthly fires (the outcome) in the pre-treatment period in each quartile are reported. The sample is a balanced, monthly panel of districts in
India from 2003 to 2014. All columns include controls for weather in the month the outcome number of fires is measured. Heteroskedasticity robust standard errors clustered at the
district level are in parentheses. (* p<.10 ** p<.05 *** p<.01).
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TABLE A.7: HETEROGENEITY OF TREATMENT IMPACT BY EASE OF MECHANIZATION INDEX

Andhra Pradesh

(A)Quartile 1 of Ease of Mechanization Index

Post-NREGA -0.305
(0.231)

Subdistricts T:17 C:8

Months 79

N 2,844

Avg. monthly fires pre-NREGA .35

(B)Quartile 2 of Ease of Mechanization Index

Post-NREGA -0.050
0.217)

Subdistricts T:20 C:9

Months 88

N 3,432

Avg. monthly fires pre-NREGA 17

(C)Quartile 3 of Ease of Mechanization Index

Post-NREGA -0.637
(0.476)

Subdistricts T:22 C:8

Months 86

N 3,010

Avg. monthly fires pre-NREGA .16

(D)Quartile 4 of Ease of Mechanization Index

Post-NREGA 0.452*
(0.264)

Subdistricts T:10 C:8

Months 64

N 2,240

Avg. monthly fires pre-NREGA A1

District FE
Month x Year FE
Weather Controls

X
X
X

NOTES: The outcome is monthly cropland fires. The coefficient can be interpreted as the approximate percentage change in fires after NREGA was statutorily implemented in a district.
The sample is the subdistricts in Andhra Pradesh included in the MNS RCT. The specification is a fixed effects Poisson of the form IE [F,my\x,'my] =exp(Bp 23:1 [Post,'my X

Treated; x Mech;,| + 7; + Smy) where Fipny is the outcome in district i in month m in year y. Postjy,,, is a dummy variable equal to one after MNS treatment and Treated; is a
dummy indicating that subdistrict i was among the treated subdistricts. Mech;, is an indicator for where subdistrict i falls in the distribution of the ease of mechanization index within
Andhra Pradesh. The ease of mechanization index is the sum of a district’s Z score across measures of land concentration, tractor presence and crop types. Note this is not directly
comparable to the Z score in the main text because it lacks a measure of combine presence. The mechanization index is calculated based on levels of each component variable in the
subdistrict prior to 2006. -y; are district fixed effects while dyy is a year by month fixed effect. ; are district fixed effects while J; is a year by month fixed effect. Each panel is
a different quartile of the mechanization index with quartile 4 corresponding to the places mechanization is predicted to be easiest. N refers to the number of subdistrict x months
included in each regression. Subdistricts reports the treated and control subdistricts in each sample. The average number of monthly fires (the outcome) in the pre-treatment period in
each quartile are reported. T The samples are a balanced, monthly panel of subdistricts in Andhra Pradesh from 2003 to 2012. All columns include controls for weather in the month
the outcome number of fires is measured. Heteroskedasticity robust standard errors clustered at the subdistrict level are in parentheses. (¥ p<.10 ** p<.05 *** p<.01).
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TABLE A.8: EFFECT OF NREGA ON AGRICULTURAL WAGES

Harvesters Field Labor Sowers Weeders Ploughman Carpenters All Ag

Dry-season -0.013 0.018 0.001 0.001 0.001 -0.006 0.004

(0.020) (0.022) (0.020)  (0.020) (0.027) (0.027) (0.017)
Wet-season -0.024 0.024 0.010 0.006 0.007 -0.011 0.010

(0.024) (0.024) (0.021)  (0.023) (0.032) (0.028) (0.019)
Districts 240 250 231 213 231 258 283
N 5,692 6,367 5,773 5,257 5,706 6,454 7,327
District FE X X X X X X X
Year X X X X X X X X
Month FE

NOTES: The outcome is the log of the monthly wage in the occcupation identified in the column title. The coefficient can
be interpreted as the approximate percentage change in wages in each season after NREGA was statutorily implemented in
a district. The sample is phase 1 and phase 3 districts in the months prior to April 2008, replicating the specification in
citeimbert2015. The specification is a linear fixed effects regression of the form Wimy = Postimy X Seasonyy + v + Omy
where Wiy, is the outcome in district i in month m in year y. Post;yy is a dummy variable equal to one after NREGA
treatment takes effect in district i. Seasonyy is an indicator for whether the month occurs in the dry (January to June) or
wet (July to December) season. 7y; are district fixed effects while dy, is a year by month fixed effect. vy; are district fixed
effects while J; is a year by month fixed effect. Each panel is a different quartile of the mechanization index with quartile
4 corresponding to the places mechanization is predicted to be easiest. N refers to the number of district X months included
in each regression. Districts reports districts in each sample. The average number of monthly fires (the outcome) in the
pre-treatment period in each quartile are reported. The sample is a balanced, monthly panel. Heteroskedasticity robust
standard errors clustered at the district level are in parentheses. (* p<<.10 ** p<.05 *** p<.01).
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TABLE A.9: EFFECT OF NREGA ON AGRICULTURAL WAGES (IP STAR REPLICATION)

Harvesters Field Labor Sowers Weeders Ploughman Carpenters All Ag

Star x Post

X Dry-season -0.047 0.033 -0.010 -0.037 -0.059 0.009 0.009
(0.031) (0.022) (0.029) (0.027) (0.060) (0.032) (0.032)

Star X Post

X Wet-season -0.086** 0.048** -0.021 -0.035 -0.058 0.010 0.010

(0.037) (0.023) (0.029)  (0.032) (0.071) (0.036) (0.036)

Non-star X Post
X Dry-season -0.002 0.006 0.005 0.016 0.023 -0.015 -0.015

(0.022) (0.031) (0.023)  (0.023) (0.027) (0.027) (0.027)

Non-star X Post

X Wet-season -0.002 0.007 0.022 0.022 0.030 -0.025 -0.025
(0.026) (0.033) (0.024)  (0.025) (0.031) (0.029) (0.029)
Districts 240 250 231 213 231 258 258
N 5,692 6,367 5,773 5,257 5,706 6,454 6,454
District FE X X X X X X X
Year X X X X X X X X
Month FE

NOTES: The outcome is the log of the monthly wage in the occcupation identified in the column title. The coefficient can
be interpreted as the approximate percentage change in wages after NREGA was statutorily implemented in a district.
The sample is phase 1 and phase 3 districts in the months prior to April 2008, replicating the specification in citeimbert2015.
The specification is a linear fixed effects regression of the form Wiy, = Post;y,, X Seasonmy X Star; + 7y; + dmy where
Wimy is the outcome in district i in month m in year y. Postj,,, is a dummy variable equal to one after NREGA treatment
takes effect in district i. Seasony,y, is an indicator for whether the month occurs in the dry (January to June) or wet (July
to December) season. Star; is an indicate for whether Imbert and Papp (2015) classify the state of district i as a star state.
7y; are district fixed effects while dyy is a year by month fixed effect. 7y; are district fixed effects while J; is a year by
month fixed effect. Each panel is a different quartile of the mechanization index with quartile 4 corresponding to the
places mechanization is predicted to be easiest. N refers to the number of district X months included in each regression.
Districts reports districts in each sample. The average number of monthly fires (the outcome) in the pre-treatment period in
each quartile are reported. The sample is a balanced, monthly panel. Heteroskedasticity robust standard errors clustered
at the district level are in parentheses. (* p<.10 ** p<.05 *** p<.01).
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FIGURE A.18: RGGVY PHASE 1 DISTRICTS

NOTES: Districts that were included in the first phase
of the RGGVY electrification program are shown here.
The first phase districts are those that received funding
from the program in the I 0™ Five Year plan. Districts
that receive funding in both phases are included in the
first phase in this figure. The figure is based on data
from Burlig and Preonas (2016).
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TABLE A.10: EFFECT OF NREGA ON BY RGGVY PHASE

Cropland Fires

Post-NREGA, RGGVY Phase 1 0.214***

(0.070)
Post-NREGA, RGGVY Non-phase I 0.213***

(0.053)
Districts 558
Months 144
N 80,352
District FE X
Year x Month FE X
Weather Controls X

Notes: Each column represents separate regressions. In all columns the outcome is monthly cropland fires. In all columns
the base regression is a fixed effects Poisson of the form y;; = BPost + [Post x NREGA x RGGVY;] + 7; + é; where
it is the outcome in district i in month t. Post is a dummy variable equal to one after NREGA treatment takes effect in
a given phase and NREGA is a dummy indicating the NREGA phase of district i. RGGVY is an indicator for whether
district 7 was in the first phase of the RGGVY program. 7; are district fixed effects while J; is a year by month fixed effect.
In all cases N refers to the number of district X months included in each regression. The sample is a balanced, monthly
panel of districts in India from 2003 to 2012. Heteroskedasticity robust standard errors clustered at the district level are
in parentheses. (* p<.10 ** p<.05 *** p<.01).

TABLE A.11: EFFECT OF NREGA ON FIRES (PLACEBO 1)

Cropland Fires

post 0.032 0.018

(0.048) (0.052)
Districts 558 558
Months 144 144
N 80,352 80,352
District FE X X
Year x Month FE X X
Weather Controls X

Notes: Each column represents seperate regressions. In all columns the outcome is monthly cropland fires. In all columns
the base regression is a fixed effects poisson of the form y;; = BPost + [Post x NREGA] + v; + & where y;; is the
outcome in district i in month t. Post is a dummy variable equal to one after NREGA treatment takes effect in a given
phase and NREGA is a dummy indicating the NREGA phase of district i. y; are district fixed effects while J; is a year
by month fixed effect. In columns 2 I include controls for the monthly average cloud cover, precipitation and minimum and
maximum temperature in district i in month ¢. N refers to the number of district X months included in each regression. The
sample is a balanced, monthly panel of districts in India from 2003 to 2012. Heteroskedasticity robust standard errors
clustered at the district level are in parentheses. (* p<.10 ** p<.05 *** p<.01).
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FIGURE A.19: DISTRIBUTION OF ESTIMATED IMPACT COEFFICIENT WITH RANDOM NREGA ASSIGNMENT

Density
£

-3 -2 -1 0 .1 2 3
Histogram of Beta Estimates

NOTES: The distribution of the B coefficient from the
primary specification in the paper under the random
assignment of NREGA phase to districts. The dashed
vertical line is the actual estimated coefficient in the
paper. I randomly assign districts to be in phase 1, 2,
or 3 of NREGA and re-estimate the primary specification,
with weather controls, 1,000 times to get the distribution
under random assignment. This is in the spirit of a
randomization inference exercise. I can reject the null
of no effect with a p< 0.001.
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FIGURE A.20: MONTHLY PATTERN OF FIRE USE PRE- AND POST-NREGA
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NOTES: The monthly pattern of fires averaged over
all districts pre- and post-NREGA. Implementation of
NREGA is measured at the district level. The count of
fires by month by district is averaged over the pre- and
post-NREGA period for that district. Data comes from
the NASA FIRMS database.

173



FIGURE A.21: MONTHLY PATTERN OF FIRE USE OVER TIME
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NOTES: The monthly pattern of fires averaged over all
districts by each year in the sample. The count of fires
by month by district is averaged over within each year.
Lighter lines indicate earlier years. Data comes from
the NASA FIRMS database.
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Appendix B

Appendix to Chapter 2

TABLE B.1: OTHER POLLUTION EXPOSURE AND COVID19 MORTALITY

NHy4 SOs3 NO3
Avg. NHy, 2008-2017 0.017
(0.015)
Avg. SOs3, 2008-2017 -0.018
0.014)
Avg. NOs, 2008-2017 0.013***
(0.005)
N 3,096 3,096 3,096
State FE X X X
LASSO Controls X X X

NOTES: The outcome in each column is the change in the level of the pollutant specified in the column heading. LASSO
controls include controls for the number of days since the first reported case, mortality rates from diabetes and obesity,
population density, levels of health insurance, the racial and age makeup of a county, and days since the county experience a
lockdown as well as post-lockdown activity levels. Heteroskedasticity robust standard errors are in parentheses (* p<.10
¥ p<.05 #*+* p<.01).
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TABLE B.2: INSTRUMENTAL VARIABLE RESULTS - LIML

LN1+ LN1+ IHS IHS
Avg. PM3 5, 2008-2017 0.121** 0.111* 0.148** 0.138**

(0.056) (0.058) (0.067) (0.070)
N 3,097 3,097 3,097 3,097
State FE X X X X
LASSO Controls X X X
NAAQS Controls X X

NOTES: The outcome in columns 1-2 is the log of deaths+1 in a county as of April 19" In column 3-5 it is the inverse
hyperbolic sine. In all columns we estimate a LIML model rather than 2SLS. Coefficients should be interpreted as the
percent change in deaths for a one unit change in annual average PM; 5 from 2008 to 2017. At the mean a one unit
change in PM) 5 represents a 12% change in PMj 5. LASSO controls include controls for the number of days since the
first reported case, mortality rates from diabetes and obesity, population density, levels of health insurance, the racial
and age makeup of a county, and days since the county experience a lockdown as well as post-lockdown activity levels.
Heteroskedasticity robust standard errors are in parentheses (* p<<.10 ** p<.05 *** p<.01).

TABLE B.3: INSTRUMENTAL VARIABLE RESULTS - GMM

LNI1+ LN1+ IHS IHS
Avg. PMj 5, 2008-2017 0.118*** 0.111** 0.147*** 0.137**

(0.046) (0.047) (0.056) (0.058)
N 3,097 3,097 3,097 3,097
State FE X X X X
LASSO Controls X X X X
NAAQS Controls X X

NOTES: The outcome in columns 1-2 is the log of deaths+1 in a county as of April 19" In column 3-5 it is the inverse
hyperbolic sine. In all columns we estimate a two stage GMM model rather than 2SLS. Coefficients should be interpreted
as the percent change in deaths for a one unit change in annual average PM, 5 from 2008 to 2017. At the mean a one
unit change in PM 5 represents a 12% change in PMj 5. LASSO controls include controls for the number of days since
the first reported case, mortality rates from diabetes and obesity, population density, levels of health insurance, the racial
and age makeup of a county, and days since the county experience a lockdown as well as post-lockdown activity levels.
Heteroskedasticity robust standard errors are in parentheses (* p<.10 ** p<.05 *** p<.01).
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TABLE B.4: INSTRUMENTAL VARIABLE RESULTS WITHOUT NYC OR KC

LN1+ LNI1+ IHS IHS
Avg. PM3 5, 2008-2017 0.103** 0.092* 0.128** 0.116*

(0.048) (0.049) (0.058) (0.060)
N 3,095 3,095 3,095 3,095
State FE X X X X
LASSO Controls X X X X
NAAQS Controls X X

NOTES: The outcome in columns 1-2 is the log of deaths+1 in a county as of April 19" In column 3-5 it is the inverse
hyperbolic sine. In all columns we exclude NYC and Kansas City due to the way the NYT aggregates data in these cities.
Coefficients should be interpreted as the percent change in deaths for a one unit change in annual average PM» 5 from 2008
to 2017. At the mean a one unit change in PM, 5 represents a 12% change in PM5 5. LASSO controls include controls
for the number of days since the first reported case, mortality rates from diabetes and obesity, population density, levels
of health insurance, the racial and age makeup of a county, and days since the county experience a lockdown as well as
post-lockdown activity levels. Heteroskedasticity robust standard errors are in parentheses (¥ p<<.10 ** p<.05 *** p<.01).

177



FIGURE B.1: RANGE OF HYDRAULIC FRACTURING’S ECONOMIC SHOCK
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NOTES: We replicate the wage results in Figure 3 of
Feyrer et al. (2017). They examine how the economic
shock of hydraulic fracturing propagates through space.
Diamonds indicate the coefficients from a regression of
the one year change in wages on the total value of new
production aggregated within circles with radii indicated
by the mileage counts on the x-axis. 95% Cls are show
in light grey. The key result is that the economic impact
of new wells appears to decline to zero at 100 miles from
the well location.
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Change in PM2.5 (ug/m3) per coal retirement

FIGURE B.2: FIRST STAGE BY BANDWIDTH
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NOTES: Each point represents the average impact of
closing a coal fired power plant in any of the four quad-
rants estimated from our first stage regression using a
range of different distance bandwidths. 95% Cls are
show in light grey. Consistent with the pattern of emis-
sions transport in figure 2.3 closure of plants in each
distance band less than 150 miles has a meaningful neg-
ative impact on air quality in a given county. The large
confidence bounds on the estimates in the 0 to 50 mile
and 50 to 100 mile bands are likely due to relatively low
number of closing plants in each band (see figure 2.4)
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Increase in deaths due to 1 ug/m3

increase in PM2.5 (%)
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FIGURE B.3: SECOND STAGE BY BANDWIDTH
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NOTES: Each point represents the percentage change in
deaths in a county from a change of a 1 ug/ m3 in the ten
year annual average PM5 5 from our main specification
using various distance bands
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Increase in deaths due to 1 ug/m3
increase in PM2.5 (%) (IHS)
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FIGURE B.4: SECOND STAGE BY BANDWIDTH - IHS

Distance Band

B 250-200 miles 200-150 miles A 150-100 miles ~ ® 100-50 miles X 50-0 miles

NOTES: Each point represents the percentage change in
deaths in a county from a change of a 1 ug/ m3 in the ten
year annual average PM> 5 from our main specification
using the inverse hyperbolic sine using various distance
bands
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Appendix C

Appendix to Chapter 3

TABLE C.1: SUMMER AND WEEKEND TEMPERATURES - PISA

PISA Scores PISA Scores PISA Scores PISA Scores
Total hot days -0.126
(0.045)
[0.007]
{-0.22,-0.04}
Hot school days -0.198 -0.290 -0.309
(0.084) (0.072) (0.074)
[0.022] [0.000] [0.000]
{-0.37,-0.03} {-0.43,-0.15} {-0.46,-0.16}
Hot summer days 0.051 0.083
(0.135) (0.133)
[0.708] [0.534]
{-0.22,0.32} {-0.18,0.35}
Hot school weekend days 0.341 0.353
(0.163) (0.164)
[0.040] [0.035]
{0.02,0.67} {0.03,0.68}
N 282 282 282 282

Notes: Heteroskedasticity robust standard errors clustered by country are in parentheses. p-values reported in brackets
and 95% confidence intervals are reported in curly brackets. All regressions include additional controls so that heat effects
are measured relative to days between 60 and 70°F. All columns include country and year fixed effects, a continent-specific
linear trend, and controls for temperature in the year of the exam and precipitation in both the year of the exam and the
three years proceeding the exam. All columns also control for measures of development from the World Bank.
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TABLE C.2: IMPACT OF CROP SEASONS - PISA

PISA Scores PISA Scores
(A) All Days
Total hot days -0.206 -0.278
(0.050) (0.154)
[0.000] [0.083]
{-0.31,-0.10} {-0.60,0.04}
Hot rice season days 0.102
(0.260)
[0.699]
{-0.43,0.64}
N 120 120
(B) School Days
Hot school days -0.410 -0.312
(0.088) (0.116)
[0.000] [0.013]
{-0.59,-0.23} {-0.55,-0.07}
Hot non-school days 0.039 0.305
(0.089) (0.259)
[0.665] [0.251]
{-0.14,0.22} {-0.23,0.84}
Hot rice season days -0.297
(0.294)
[0.322]
{-0.90,0.31}
N 120 120

Notes: Heteroskedasticity robust standard errors clustered by country are in parentheses. p-values reported in brackets
and 95% confidence intervals are reported in curly brackets. All regressions include additional controls so that heat effects
are measured relative to days between 60 and 70°F. All columns include country and year fixed effects, a continent-specific
linear trend, and controls for temperature in the year of the exam and precipitation in both the year of the exam and the
three years proceeding the exam. All columns also control for measures of development from the World Bank. We define
rice growing seasons based on the data in Sacks ez al. (2010). The reduced sample is due to the fact that some countries

in the full sample do not grow rice.
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TABLE C.3: LIST OF RICH AND POOR COUNTRY SAMPLES - PISA

Rich Countries Poor Countries
Australia Argentina
Austria Azerbaijan
Belgium Brazil
Canada Bulgaria
Denmark Chile
Finland Costa Rica
France Croatia
Germany Czech Republic
Iceland Estonia
Ireland Greece
Israel Hungary
Italy Indonesia
Japan Jordan
Luxembourg Kazakhstan
Netherlands Korea, Rep.
New Zealand Kyrgyz Republic
Norway Latvia
Qatar Lithuania
Singapore Mexico
Spain Montenegro
Sweden Peru
Switzerland Poland
United Kingdom Portugal
United States Romania
Russian Federation
Serbia
Slovak Republic
Slovenia
Thailand
Trinidad and Tobago
Tunisia
Turkey
Uruguay
Vietnam
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