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DISSERTATION ABSTRACT

Emmett Bradley Reynier
Doctor of Philosophy in Economics

Title: Inequality and Environmental Policy: Essays on Climate Adaptation, Health,
and Renewable Energy

This dissertation covers three topics related to inequality and environmental
policy, covering, in particular, the distributional effects of climate change, the
health effects of pesticides, and solar panel subsidies. Chapter [[] provides a
summary of the work.

Chapter [[I, co-authored with John Morehouse, examines the distributional
effects of climate change. We use a quantitative spatial equilibrium model to
simulate the effects of climate change, allowing households to adapt via migration
and energy use. We find that low-income and minority households have larger
welfare losses from climate change to date and that those disparities in welfare
effects will widen under future emissions scenarios. We then simulate the effects
of a place-based, means-tested subsidy inspired by an Inflation Reduction Act
program. Targeting subsidies to high-climate-exposure cities does a good job of
helping the people who are worst off from a climate change perspective. However, it
also incentivizes households to move into those high-exposure areas.

Chapter |11, co-authored with Edward Rubin, quantifies the causal effect
of a common herbicide, glyphosate, on perinatal health. To identify this causal
effect, we leverage a natural experiment resulting from the release of genetically
modified seeds designed to be resistant to glyphosate. We pair temporal variation

in glyphosate use induced by the release of genetically modified seeds with spatial



variation in the suitability of land for growing crops with genetically modified
varieties (corn, soy, and cotton). We find glyphosate causes significant decreases

in birthweight and gestation length and increases in the probability of low
birthweight. We find considerable heterogeneity in this effect, with the most at-risk
births having the largest effects.

Chapter [[V], co-authored with Mark Colas, determines the optimal spatial
distribution of subsidies for residential solar panels. The benefits of solar panel
subsidies vary considerably across space due to differences in sunlight, the dirtiness
of the electricity grid, and household installation behavior. We pair a model of
household solar panel installation behavior with a model of the electricity grid.
This model allows us to quantify the optimal schedule of subsidies across states.
We find that the current system of subsidies leads to a severe spatial misallocation
of solar installations. Additionally, the overall level of subsidies is too high to be
justified by the environmental benefits alone. This result suggests that there could
be gains from reallocating funds to alternative programs.

This dissertation includes both previously published and unpublished and

co-authored material.
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CHAPTER I
INTRODUCTION

My dissertation provides insights into environmental policy-relevant
questions. It contains previously published and unpublished co-authored
material. Chapter [[I]is joint with John Morehouse, Chapter [[T]] with Edward
Rubin is published in the Proceedings of the National Academy of Sciences, and
Chapter [[V] with Mark Colas is forthcoming in The Journal of Political Economy
Microeconomics.

Chapter |lI| quantifies the distributional effects of climate change. The spatial
distribution of the population is such that low-income and minority households
face greater exposure to the changing climate. Further, there is evidence that the
same disadvantaged households who face greater exposure to climate change are
also less able to adapt. We construct a quantitative spatial equilibrium model
where households choose where to live and, conditional on that choice, how much
electricity, natural gas, and housing to consume. Thus, households are able to
adapt via changes in their energy and housing consumption or by migrating. The
climate affects the amenity value of each location and household energy demand.

We find that welfare losses for the lowest income decile are twice as large as
those of the highest income decile. Black households have 20% larger welfare losses
relative to White households, and these occur throughout the income distribution.
These gaps will continue to grow with further emissions and more extreme climate
change. We perform a model-based decomposition and find the spatial distribution
of the population and differential ability to migrate drive these gaps. Finally, we
evaluate a policies that could be used to address these gaps, adding a place-based,

means-tested subsidy to the model. Giving places with high climate exposure
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the largest subsidies does a good job of targeting the households with the largest
welfare losses from climate change but also incentivizes households previously living
in other parts of the country to move into these high climate exposure areas.

Chapter [[T] investigates the perinatal health effects of glyphosate. The
widespread adoption of genetically modified crops engineered for herbicide tolerance
led to a dramatic rise in glyphosate use. Despite glyphosate use increasing by
over 750% since the early 90s, we know relatively little about the human health
effects of glyphosate. This chapter estimates the causal effect of glyphosate on
several infant health outcomes: birthweight, gestation length, and indicators of
low and very low birthweight. To identify the causal effect, we leverage temporal
variation driven by the release of genetically modified seeds in 1996, paired with
spatial variation in suitability for crops with genetically modified varieties. We find
that glyphosate reduces average birthweight and gestation length and increases the
probability of low and very low birthweight. We find considerable heterogeneity in
these effects along the expected birthweight dimension. The most vulnerable births,
with the lowest expected birthweight, have effects that are an order of magnitude
larger than the least vulnerable births.

Chapter [[V] studies the optimal design of spatially differentiated subsidies
for residential solar panels. We build a structural model of solar panel demand
and electricity production across the US and estimate the model by combining
1) remotely sensed data on residential solar panels, 2) power-plant-level data on
hourly production and emissions, and 3) a state-of-the-art air pollution model.
The current subsidies lead to severe spatial misallocation. National funding for

subsidies under the current system exceeds the unconstrained optimum by over
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70%. Our results suggest that there could be large welfare gains to redistributing

funds towards other programs.
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CHAPTER II
THE DISTRIBUTIONAL IMPACTS OF CLIMATE CHANGE ACROSS US
LOCAL LABOR MARKETS

This chapter is co-authored with John Morehouse. We started working
on this together while we were both graduate students at the University of
Oregon. We have jointly worked on idea formulation, data collection, writing code,
analyzing results, and writing the paper.

2.1 Introduction

Climate change has led to adverse economic outcomes across the globe as
households face rising temperatures, sea levels, and natural disaster risks (U. S.
Global Change Research Program, [2023). However, expsore to climate change
differs considerably across space, both globally and within the United States (Cruz
& Rossi-Hansberg, 2023} Hsiang et al. 2017; Wing et al., 2022). For example,
climate change has given cold areas like New England milder winters and hot
regions like the Southeast more extreme summers. These changes have significant
distributional implications, as hotter locations within the US are generally poorer
and less white than the cold locations.

Assessing the welfare effects of climate change requires accounting not
only for exposure but also for households’ capacity to adapt. Adaptation may
exacerbate disparities in climate-related damages across demographic groups if
economically advantaged households have access to more effective mitigation
strategies. Meanwhile disadvantaged households with limited resources to adapt
may experience larger impacts even when facing similar levels of exposure (e.g.,
(Heilmann, Kahn, & Tang, [2021])). These differences in exposure and adaptive

capacity may then deepen the environmental and social inequalities documented in
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the environmental justice literature (Cain, Hernandez-Cortes, Timmins, & Weber)
2023).

In this paper, we use a quantitative spatial equilibrium model of US
local labor markets in the spirit of Rosen| (1979) and Roback| (1982) to quantify
heterogeneity in the effects of climate change, allowing households to adapt through
migration and home-energy use. In the model, heterogeneous households make
static choices over (1) where they live and (2) how much energy and housing they
consume. Potential wages earned, housing and energy costs, and amenities available
in each city affect household’s location choices. Wages and rents are determined in
equilibrium. Firms with varying productivity levels across cities demand labor,
using college- and non-college-educated workers as imperfect substitutes. Each
city has a housing supply curve, with rents responding endogenously to household
location choices.

Households adapt to climate change in two ways in the model-—through
home energy demand and migration. Air conditioning and residential energy
use are critical forms of adaptation to climate change (Barreca, Clay, Deschenes,
Greenstone, & Shapiro, 2016). We model demand for “comfort,” which households
produce using electricity, natural gas, and housing. This notion of comfort
production captures the process by which people combine a house’s physical
characteristics and the use of appliances such as air conditioners or heaters
powered by electricity or natural gas to create a comfortable indoor space (Quigley
& Rubinfeld, [1989)). The local climate is an additional input to the comfort
production function, generating differences in the marginal productivity of
electricity, natural gas, and housing. For example, if outdoor temperatures increase,

households must use their air conditioners more intensely to maintain the same
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indoor temperature, thus increasing the cost of maintaining that temperature.
Recent energy justice work suggests that the energy costs associated with climate
change will be higher for minority and low-income households (e.g., Lyubich! (2020);
Reames| (2016)). We capture these observed differences in energy demand, allowing
households to endogenously adjust their housing, electricity, and natural gas
demand in response to changes in outdoor climate.

The climate also affects the shared amenities of each location. These
amenities capture how households value the climate when assessing the desirability
of a location—for example, households may prefer milder summers. We characterize
the amenity value of each city’s climate using heating and cooling degree
days, precipitation patterns, and natural disaster risk. Spatial heterogeneity
in exposure to climate change will alter some households’ relative rankings of
locations—allowing them to mitigate the impact of climate change by moving to
a new location (Cruz & Rossi-Hansberg, 2023). However, there is considerable
heterogeneity in household mobility, with the literature consistently finding that
lower-income households are less mobile than higher-income households (e.g.,
Bound and Holzer (2000)); Colas and Hutchinson| (2021)); |Depro, Timmins, and
O’Neil| (2015)); |Piyapromdee| (2021))). Thus, low-income households may have a
more difficult time migrating to mitigate the welfare effects of climate change.

We quantify the model with publicly available Census data from Ruggles,
Flood, Goeken, Schouweiler, and Sobek| (2022), historical climate data from PRISM
(PRISM Climate Groupl 2022), and natural disaster risk data from First Street
Foundation (First Street Foundation, 2022a, [2022b)). We specify the household
“comfort” production function and estimate its parameters using derived demand

functions, which are affected by prices of each good and the climate. The estimated
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comfort production function allows us to predict energy and housing demand in
counterfactual climates. We then estimate the model’s key household location
choice parameters using the two-step estimator proposed in Berry, Levinsohn,

and Pakes| (2004), including the amenity value of climate. The first step uses
household-level location choices to estimate moving costs and the component of
city-level utility common among households of the same demographic group, which
we call the “mean utilities.” The second step decomposes the mean utilities into
contributions from wages, rents and energy bills, and climate amenities.

We use our estimated model to simulate the welfare effects from climate
change across households in the US, both that have already occurred and that we
predict to occur over the next century using state-of-the-art downscaled future
climate models shared by the Climate Impact Lab (Gergel et al., 2023). We find
significant distributional consequences of climate change both presently and in the
future. Black and low-income households are particularly vulnerable, experiencing
negative impacts not only due to their initial exposure to climate change but also
due to disparities in their adaptive capacity. Black households have suffered 20%
greater climate damages compared to white households from climate change to
date, and we project this disparity to widen under future emissions scenarios.

In the most extreme future emissions projections, we estimate that the Black-
white damage gap will increase by more than eightfold by the end of the century.
Additionally, the welfare losses from climate change accrue disproportionately to
lower-income households. The lowest income decile has welfare losses twice as large
as the highest income decile. Notably, the Black-white gap remains throughout the

income distribution.
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We then decompose the factors contributing to the unequal impacts.

First, we simulate a counterfactual where we fix household locations, wages, and
rents. We call this the “Mechanical” effect since it does not allow households

to reoptimize across space, thus capturing differences in exposure and comfort
costs. However, we can eliminate differences in exposure by comparing welfare
within cities, therefore isolating differences in comfort costs. Next, we simulate
counterfactuals where households can sort across locations, but we fix wages and
rents at their baseline levels. We call this the “Sorting” effect as it reflects how
differences in mobility impact inequality relative to the Mechanical effect. We

can again condition on location in order to isolate differences in mobility from
differences in exposure. Finally, we allow complete flexibility—households can sort
across locations, and all prices are determined in equilibrium—to demonstrate the
effect of endogenous changes in rents and wages on the welfare effects of climate
change.

Our model decomposition reveals that the ex-ante distribution of the
population is the most significant contributor to these gaps, followed by differences
in mobility and, to less of an extent, differences in energy efficiency. When we
fix locations, we find that Black households are worse off than white households
by 0.8% of income. However, this gap disappears after conditioning on baseline
location, suggesting that differences in comfort costs are not contributing to the
average gap. When we allow households to sort across locations, the average gap
remains at the same level as when fixing locations, while the gap conditional on
baseline location increases to 0.5% of income. This result suggests that Black
households are less able to mitigate welfare losses through migration relative to

similarly exposed white households.
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We then use the model to evaluate the effects of a means-tested, place-
based policy inspired by the US Environmental Protection Agency’s Community
Change Grant program. The Inflation Reduction Act (IRA) allocated $3 billion
to the Community Change Grant program, which funds projects in disadvantaged
communities with the stated goal of improving climate resiliency (US EPA| [2023)).
Our results suggest that while the distribution of funds under the current program
helps disadvantaged households generally, it does not target households with the
largest climate damages. We then test alternative spatial distributions of the
subsidies. Subsidizing places with high climate exposure benefits the households
with the greatest losses from climate change. However, these subsidies attract
marginal households from elsewhere in the country to high-climate-damage cities,
thus increasing total exposure to climate change, increasing rents, and decreasing
wages in equilibrium. This spatial reallocation results in some of the intended
benefits of the program dissipating as deadweight loss (Kline & Moretti, 2014).
Alternatively, we test distributing the subsidies to “climate havens,” places where
climate amenities have improved. While this distribution of subsidies reduces
exposure to climate change, most of the funds go to households that are already
relatively well off from a climate perspective. Policymakers must weigh the benefits
of spatially targeted, place-based subsidies with their associated effect on the
distribution of households across space, thus increasing climate exposure and
resulting in deadweight loss.

Our paper follows a rich literature using spatial equilibrium models to
estimate the economic impact of the climate or other environmental goods (e.g.,
Albouy, Graf, Kellogg, and Wolff| (2016)); Bayer, Keohane, and Timmins| (2009));

Hamilton and Phaneuf| (2015); Wrenn (2023))). In particular, Albouy et al.
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(2016)) estimate the amenity value of days across the temperature distribution
in the US, a methodology rely on in our own estimation approach. [Wrenn| (2023)
estimates household marginal willingness to pay for natural disasters using a Rosen-
Roback model but does not run counterfactuals or explore environmental justice
considerations. Another set of papers considers migration an adaptation mechanism
to climate change in global spatial equilibrium models (e.g., |Cruz and Rossi-
Hansberg (2023); |[Desmet et al.| (2021); [Desmet and Rossi-Hansberg| (2015))), but
is more focused on quantifying differences in the welfare impacts across space rather
than by demographic group. Rudik, Lyn, Tan, and Ortiz-Bobea, (2021) estimate
a dynamic spatial equilibrium model with daily temperature affecting amenities
and firm productivity. Their estimation strategy relies on migration flows between
states, limiting their ability to quantify differential effects between households.
However, they incorporate additional mechanisms through which the climate
affects the economy—mnamely it’s effect on firm productivity. Thus allowing for
additional adaptation through trade and sectoral switching. We complement their
work by formally analyzing the distributional effects of climate change, modeling
heterogeneity by race, education, and income.

This paper is also related to work about the effects of climate on energy use
(e.g., [Aufthammer| (2022); Davis and Gertler| (2015); |Doremus, Jacqz, and Johnston
(2022); |[Rode et al.| (2021))). This work inspires our strategy for estimating the
impact of climate on energy demand. |Auffhammer and Mansur| (2014) emphasize
a gap in our understanding of climate change’s long-run extensive margin effects on
energy demand. Our estimation strategy is able to capture these extensive margin
effects, as it reflects changes in energy use due to cliamte over a nearly 30 year

period. Notably, we also address two concerns with the existing intensive margin
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literature, (1) we explicitly deal with sorting across locations and (2) we do not
assume a constant interior temperature to measure welfare effects.

We also contribute to the environmental justice literature, recently reviewed
in |Cain et al. (2023)). Several papers in this literature study the interaction between
household migration decisions and environmental justice (e.g., Bayer et al.| (2009);
Depro et al.| (2015)); [Hausman and Stolper| (2021))). These analyses focus on how
sorting contributes to differences in measured exposure to environmental pollutants,
as described in Banzhaf, Ma, and Timmins| (2019a}). We extend this sorting
mechanism to climate change.

Methodologically, our model builds on the static quantitative spatial
equilibrium literature with heterogeneous workers (e.g., Colas and Morehouse
(2022)); [Diamond| (2016); [Piyapromdee| (2021))). These papers analyze other settings
with spatial consequences, allowing rents and wages respond endogenously in
general equilibrium to household location choices. Using a similar framework,
Morehouse| (2022) demonstrates that a fear of distributional consequences is first-
order concern for enacting serious climate-change regulation (e.g., a carbon tax).
Here, we show that there are also significant distributional effects from a lack of
climate policy.

2.2 Data and Descriptive Evidence

We begin by describing the main data sources used throughout the analysis.
We break these into three categories: individual household data, climate data, and
energy use data. We then show descriptive evidence of the spatial heterogeneity in
climate change to-date and how the changes correlate with demographics.

2.2.1 Data.
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Household Data. We use repeated cross-sections from the 1990 and 2000
censuses and the 2010 and 2019 5-year aggregated ACS surveys (Ruggles et al.|
2022)). These give us household demographic information, city, income, employment
status, housing, electricity, and natural gas expenditures. We follow standard
sample selection and data-cleaning techniques described in Appendix [A 1] From
these data, we estimate city-education-level wages, city-level rents, and city-

demographic group-level energy expenditure for each year. As these indices are

standard in the literature, we leave the details in Appendix

Climate Data We collect historical weather data from the PRISM climate
group (PRISM Climate Group, 2022). Specifically, we use the 4-kilometer grid of
daily average temperature and precipitation to create a panel of daily temperature
and precipitation for each of the CBSAs in our modelE We aggregate the gridded
data to the CBSA level using the weighted average of grid cells within each CBSA,
where we weight by the fraction of the CBSA covered by the grid cell and the
1990 population in the grid cell. Population rasters come from SEDAC (CIESIN;,
2017)). We then construct various annual summary measures of climate in each city.
Following the recent literature, we count the number of days each year in a set of
discrete temperature bins (Auffhammer; [2022). We also calculate the percent of
days with no rain as those with less than one mm of precipitation. Since, in some
cases, we are interested in the effects of changes in climate, not short-run weather

shocks, we take the 5-year moving averages of each of our annual weather variables.

1Since the PRISM data only cover the continental US, we collect daily weather station
observations from NOAA for stations in Honolulu (Menne et al., 2012)), then take the population-
weighted average of those observations.
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We pair this factual climate data with future climate simulations from
the Climate Impact Lab’s global downscaled projections for climate impacts
research, CIP-GDPCIR (Gergel et al| 2023). These data result from downscaling
and debiasingﬂ 25 climate models for four emissions scenarios, each with daily
precipitation and maximum and minimum surface temperature to 2100. We
aggregate these to CBSA-level values by taking a population-weighted average as
we do with the PRISM data. We then take the average of the 25 climate models to
form an ensemble prediction of daily average temperature and total precipitation.

Finally, we use data on natural disaster risks—specifically, First Street
Foundation’s fire and flood scores aggregated to the zip-code level (First Street
Foundation), 2022a, 2022b)). They use state-of-the-art fire and flood models to
calculate a risk score between 1 and 10 associated with the respective disasters
for every property in the US. We calculate various aggregations of the scores for
each CBSA—for example, the median score or the percent of properties in specific
score ranges. Appendix has maps of the average risk scores by census tract.
Unfortunately, we only have access to a single set of scores—we use these scores in

estimation but cannot vary them in our counterfactual simulations.

Energy Data. We supplement data on household energy expenditure from
the census with state-level annual electricity prices from the EIA. We use these
prices to back out energy usage from total expenditures. To address the concern
that some households may not report energy expenditures separately from rentﬂ,

we follow (Glaeser and Kahn| (2010) in using the Residential Energy Consumption

2The original models produce output on a 1-degree grid, and the CIP-GDPCIR data downscale
this to a 0.25-degree grid.

3If their utilities are included as part of rent, for example.
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Figure 1. Change in the number of hot and cold days between 1990 and 2019.

Hot days are those with an average temperature above the 90th percentile of the
temperature distribution, or about 80F. Cold days are below the 10th percentile,

or about 32F. Difference taken between 5 year moving averages and are censored at
the Hth and 95th percentiles of grid cells.

Survey (RECS) to correct this issue. The details of this estimation are in Appendix
A.1.2.1] We first estimate city-demographic group-level energy use for single-family
homeowners from the Census and ACS data, as those households are most likely

to report their expenditures accurately. We then use the RECS to estimate the
relationship between energy use for single-family homeowners and multi-family

homeowners, single-family renters, and multi-family renters.

2.2.2 Descriptive Evidence.

Geography of climate change Climate change is often talked about
as increases in average global temperatures, but this masks significant spatial
heterogeneity in the degree and impact of change. Figure [I| shows the change in
the number of hot and cold days, above the 90th and below the 10th percentiles of
the 1990 temperature distribution, respectively, between 1990 and 2019. The hotter

portions of the US have seen significant increases in hot days, while the cold places
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in the US have seen significant decreases in cold days. Appendix shows that
the eastern US has generally gotten wetter—higher annual precipitation and fewer
days with no rain.

Heterogeneity in the impact of climate change is important because it means
climate change alters the relative attractiveness of cities, not just the absolute level
across all cities. Some cities, such as those in the Northeast, may have become
more attractive to households as their winters are now milder than previously.
Other cities, such as Oklahoma City or Dallas, might have become less attractive
now that their already-hot summers have become hotter. These distortions in
climate will lead to changes in the share of the population that chooses to live
in each city in the long run, with households taking climate into account when

considering the utility they would get from living in a particular city.

Demographics of climate change We are interested in determining whether
climate change has differentially affected demographic groups. Here we look at how
variation in demographic makeup between cities in 1990 compare to changes in
the climate between 1990 and 2019. By looking at demographics in 1990, we avoid
endogenous city-choice sorting that has resulted from changes in the climate.

Figure [2| shows a strong positive association between the share of a city’s
population in the lowest income quintile in 1990 and how cold and hot days have
changed since 1990. Cities with larger shares of low-income households have seen
the largest increases in hot days and little change in the number of cold days.
Meanwhile, cities with a smaller share of low-income households have seen bigger
decreases in cold days and a smaller increase in hot days. Both of these suggest
that climate change is regressive—cities with more poor people have had changes

in their climate that require spending more on heating and cooling to maintain
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Figure 2. Relationship between income and climate change.

Each point is a city, where the size of the point represents the city’s 1990
population. Low income defined as households in the bottom quintile of the
national income distribution in 1990. Regression lines are weighted by population.
the same indoor temperature relative to cities with fewer poor people. A similar
relationship holds for the share of non-white households in cities, as seen in Figure
Bl Appendix also demonstrates that a similar relationship holds for total
precipitation.

We can also summarize the change in climate experienced by the average
white and non-white household. A common measure of cooling demand is cooling
degree days (CDD), which is calculated based on the difference between the daily
average temperature and 65°F, summed over all days above 65°F. The average
non-white household experienced 38 (5.1%) more CDDs than the average white
household in 1990. Between 1990 and 2019, CDDs increased by 110 (14.7%) for

white households and 124 (15.9%) for non-white households. Thus, the average
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Figure 3. Relationship between share non-white and climate.

Each point is a city, where the size of the point represents the city’s 1990
population. Low income defined as households in the bottom quintile of the
national income distribution in 1990. Regression lines are weighted by population.
non-white household experienced an additional 14 (13.5%) CDD increase relative to
white households, while already having a higher baseline CDD level.

These results suggest that disadvantaged demographic groups have faced
disproportionate exposure to the adverse effects of climate change. Lower-income
and less white cities have more hot days, while higher-income and more white
cities have fewer cold days. However, the welfare effects of climate change may be
more or less equitable once we account for adaptation. While the ability to adapt is
greater among more economically advantaged households, households that are more

exposed have a greater need for adaptation.

Energy use and demographics There is robust evidence from the energy

justice literature that Black households spend more on energy than observably

similar white households (Lyubich, |2020; [Reames| |2016)). This gap suggests
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that there may also be differences across demographic groups in the response

of household energy demand to climate. We explore this in depth in Appendix
[A.2.1] We first replicate the results in [Lyubich (2020), finding a conditional energy
expenditure gap between Black and white households throughout the income
distribution. We then find that energy expenditures for Black households are more
responsive to additional cold weather and less responsive to additional hot weather
than white households.

2.3 Model

In this section, we develop a Rosen| (1979)) and Roback (1982) style spatial
equilibrium model where households make a static, discrete choice of where to live.
Conditional on that location, households pick consumption of electricity, natural
gas, housing, and the numeraire. Cities vary in their wages, rents, and amenities.
The climate impacts household choices through two mechanisms: the amenities
available in each city and the marginal benefits of electricity, gas, and housing
consumption.

Amenities in the model reflect non-market characteristics of cities that make
them more or less desirable, including the climate. We use a rich characterization
of the climate as amenities to capture a broad range of values that households have
for the climate, for example, outdoor recreation or the risk of physical damage from
natural disasters. Additionally, households have an imperfect ability to transform
the outdoor environment into a comfortable indoor environment with housing and
heating or cooling appliances. In the model, households use housing, electricity,
and natural gas as inputs to produce indoor “comfort” E| The climate affects the

marginal benefits of inputs to the comfort production function. For example, if

4We use a similar notion of comfort to that found in |Quigley and Rubinfeld| (1989).
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there are fewer cold days in a year, households require less natural gas to heat their
homes, which we capture as a decrease in the marginal benefit of natural gas use.

We allow for rich heterogeneity in the parameters governing household
mobility. We specify an individual-level moving cost function to capture the
psychic costs of relocatingﬂ Additionally, households have a location-specific
idiosyncratic preference shock that allows us to relax the spatial indifference
condition of traditional Rosen-Roback modelsﬁ The variance of this preference
shock governs the elasticities of household location choices. A higher variance
means that households have stronger individual preferences for locations relative
to the shared components of utility.

Firms in each city produce the tradable numeraire with imperfectly
substitutable skilled and unskilled labor. Each city also has an upward-sloping
housing supply curve, the slope of which reflects differences in difficulty in
developing new housing. These firms and housing supply curves complete the
labor and housing markets that allow wages and rents to respond endogenously
to household location choices![]

2.3.1 Households. Let j € J index cities and d € D index
demographic groups. We omit ¢ subscripts for exposition, but re-introduce them
when describing the estimation. Household ¢ living in city j receives utility from
a composite numeraire good, X, “comfort in dwelling” C, and location-specific

amenities A. We specify this utility in traditional Cobb-Douglas form,

9Bayer et al.| (2009) emphasize the importance of including these moving costs.

6The spatial indifference condition requires households to receive the same utility from all cities
in equilibrium. [Busso, Gregory, and Kline| (2013) and Kline and Moretti (2014)) demonstrate the
importance of relaxing such a constraint.

"We define an equilibrium for our model in Appendix [A.3.6
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Us; = X' =06C51 exp(Ayy).

Households produce comfort using electricity, gas, and housing, which we
specify as a nested CES production function. This production function captures the
utility services provided by electricity, gas, and housing. For example, electricity
does not give people utility directly, but an air conditioner can use electricity to

provide cool indoor temperatures in a bedroom. Specifically, let comfort C be:

C(H,E|d,j) = (H" + EP)'/Pe (2.1)

where H is housing and & is energy. The measure of housing, H, represents both
the quantity and quality of housing—i.e. both an additional room in a house and a
more recently built house could be interpreted as higher values of H. o0 = ﬁ is
the elasticity of substitution between housing and energy. This aggregation reflects
the imperfect complementarity or substitutability between energy and housing. For
example, larger houses may require more energy to heat or cool, or a newer home

may be better insulated, requiring less energy to heat or cool, all else equal. £(+) is

the household’s energy production function, which we parameterize as

. 1
E(E,G|d,j) = (05 Er +05G%)"" (2.2)

where 0 = ﬁ is the elasticity of substitution between electricity, £, and
natural gas, G. Climate impacts the production of comfort through 67, where

0 = f(Zj; k) for m € {E,G}, where Z; is a vector of local climate variables and
K} is a parameter vector governing the potentially non-linear shape of f(-). Since

we do not normalize these factor intensities to sum to one, we can think of them as
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affecting the productivity of electricity and gas in both relative and absolute terms,
as well as the importance of energy relative to housing. We provide more intuiton
on the effect of climate on housing and energy demand in Section [2.3.1.1]

Finally, we specify amenities as

Ay =of - Zj+ &y +9(5, b)) + ousiy,
where a7 is a vector of parameters on a vector of climate variables Z;, & is
a shared, unobservable component of amenities, g(j, b;) are moving costs as a
function of the household’s birth state, b; and location j, and ¢;; is an idiosyncratic
preference draw with variance o,. A higher variance in the idiosyncratic utility
parameter reduces household mobility, as larger changes in the other components
of utility would be required to overcome the idiosyncratic term. We parameterize

moving costs, g(+), as:

9(5,b:) = 3T (5 € 0") + 750 (45,05") + 750" (7. b") . (2.3)

where I (j € b5") is an indicator for j being in household i’s birth state, ¢(7, b5")
is the Euclidean distance between location j and the agent’s birth state b5, and
®?(4,b51) is the squared Euclidean distance between j and b5'. Thus, households get
a utility premium, 5, for living in their birth state, and pay an increasing utility
cost the further they move from their birth state, captured by the quadratic in
distance.

Households are subject to the following budget constraint, conditional on

choosing location 7,
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lj+Ye=X+PE+ PG+ PI'H,

where Iy is earned income for demographic group d in city j, T, is unearned
income for demographic group d, PJE and PjG are prices of electricity and gas, and
PjH is the price of housing. We normalize the price of the composite to one.

We can find the household’s utility maximizing choices of electricity,
gas, housing, and the numeraire by first solving the nested cost minimizations
associated with comfort production, the details of which are in Appendix
Households choose the cost-minimizing combination of electricity and gas to
produce a given amount of energy, which we can then use to solve for a unit cost

function for energy. We call this unit cost function the ”price of energy”,

1
£ Ecs pEl—0¢ Goe pGl—og\ 1-0o
PE = (edj PEYE 4 G p ) £ (2.4)
Given this price of energy, households choose a cost-minimizing combination of
housing and energy to produce a given amount of comfort. Similarly, we can use

the conditional demand functions for housing and energy to solve for the unit cost

function of comfort, which we’ll call the " price of comfort,”

1
Pg] _ (Pfj]l_ac i chl—ac> T—oc ‘ (25)

The price of comfort is a useful and rarely quantified object that reflects not just

the total costs of housing and energy, but also captures how households ability to

substitute between housing, electricity, and gas when they face changes in relative

prices or productivities.
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We can now transform the problem into a simpler form where, conditional
on their location choice, households choose comfort and composite good

consumption subject to a simplified budget constraint,

max X' 7%9C% exp(Ay;) st Iy + T = X + PSCy.

)

This gives us the familiar demand functions for consumption and comfort, Xj =
(1 — af)(Ig + Ya) and Cj; = af;(Iy + Y4)/Pg. These demand functions yield the

following conditional indirect utility function after taking logs,

vij = log (I + Tq) — agj log(Pde) +af - Z;+ &+ 9(5,b;) + 0aci;. (2.6)

Assuming g4 is distributed type 1 extreme-value, we can write the probability

household 7 chooses location j as:

exp (U;5)
>_; exp(vi;)’

where 0;; = vijogl — €i; is the non-idiosyncratic portion of utility.

P = (2.7)

2.3.1.1 The tmpact of climate change on household decisions.
In order to clarify the mechanisms through which climate affects household choices
in the model, we provide some partial equilibrium derivations here. Consider the
effect of climate variable Zé € Z; on household conditional indirect utility, holding

income, rent, electricity, and gas prices fixed:

Id C

Ovy _ i aq  9Fy

1~ Yd C 1
(9,2]- de 0zt

J

(2.8)

There are two channels through which a change in climate affects utility,

the amenity value of a location and the price of producing comfort. The change
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in amenity value of city j is reflected by o), € aZ. If the change in climate is not
desirable, such that o, is negative (i.e., temperatures get hotter in the summer),
then the utility households get from living in city 7 decreases. The second term

C

of  oPS . . o
4 X W‘f_ﬂ reflects the effect of the change in the cost of producing comfort inside
J

P
one’s home. Suppose, that the climate variable is one that affects cooling demand,
where 90% /02! = kp is the marginal effect on the electricity share parameter and

90% /02" = 0. Taking the derivative of the price of comfort from equation (2.5, we

have

= (2.9)
82;- pe Cdj
The sign of this derivative hinges on the elasticity of substitution between
electricity and gas, ¢ = ——. If electricity and gas are gross substitutes, such that

1—pg”

pe > 0 and o¢ > 1, then GP(% / 6z§- < 0. If electricity and gas are gross complements,
such that pe < 0 and o¢ < 1, then (9Pdcj / azé» > (0. In the gross complements case,
increases in the intensity parameters 8% or 8¢ caused by changes in the climate
lead to a decrease in produced energy for given levels of electricity and gas, thus
decreasing the productivity of the household’s comfort function, and increasing the

price of comfort.

Plugging equation ([2.9) into (2.10)) and simplifying, we get

E
8’Uij o RE PJ Edj

=q,+——.
32;- I pe 1gj + Tq

(2.10)
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We generally expect both of the terms in Equation to have the same sign,
since a change in climate that makes outdoor amenities less desirable typically also
makes it more expensive to produce comfort inside.ﬂ

Importantly note that Jv;;/ 82';- is decreasing in income Iy and increasing in
electricity use Egy. Thus, all else equal, households with lower incomes, or higher
electricity usage conditional on income will be more affected by changes in the
climate. Appendix has derivations for the marginal effect of climate on
electricity, gas, and housing demand.

Now, we consider the effect of the climate variable on a household’s city
choice probability P;;. Taking the derivative of equation (2.7)), again holding
income, rent, electricity, and gas prices constant, we have,

b, _ 1 %Piju — Py). (2.11)

I~ 9.l
dzj 04 8zj

This derivative makes it clear that larger values for variance of the idiosyncratic
utility shock, o, decrease mobility. Higher values of o4 mean that the unobserved,
idiosyncratic portion of utility an individual has a higher relative weight as
compared to wages, rents, and shared amenities. If an individual has a particularly
strong affinity for a city, for example due to their social connections or cultural
ties, this will make them less sensitive to changes in other aspects of the city, such
as wages, rent, or the climate. Note that in general equilibrium, a change in the
climate in one city can affect indirect utility in all other cities through endogenous

changes in wages and rents. (Colas and Saulnier| (2023) provide a general derivation

8The sign of the second term is determined by the sign of kz and pg, the rest of the variables
in the second term will always be positive. Using our previous example, kg > 0 captures hotter
weather requiring more electricity maintain comfort. Thus, it would be opposite sign as ozfi. If
electricity and gas are gross complements, then pe < 0.

49



for this case—the intuition remains the same, higher values of the variance of
idiosyncratic portion of utility decrease responsiveness to the shared components
of utility.

2.3.2 Firms. Firms competing in perfectly competitive markets
combine college-educated labor and non-college-educated labor to produce the

composite numeraire good. We parameterize the firms’ production function as:

Y = B;K} L™, (2.12)

where B; is city-specific total factor productivity, K is capital use, and £, is a

CES aggregator between the two labor types. More specifically,

L= (\SP+ (1= ALY (2.13)

where ); is the college labor input use intensity in city j, S; is efficiency units of
college labor, L; is the efficiency units of non-college labor, and p; = % is the
elasticity of substitution between college and non-college labor.

Assuming capital supply is perfectly elastic and supplied on an international

market (at rate 7), we can write the firm’s optimal capital demand as

. BJOZ}/;

K*
J 7

Plugging this into the firm’s production function and then solving for the first

order-conditions yields the firm’s labor demand curves for college- and non-college

educated labor:
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WS =B,L7 N\ 877!
oo (2.14)
WE=B;L;7"(1— \) Lo

~ i _a_
where B; = (1 — a)B; ™ (¢)™= . Appendix |A.3.3| has additional details on the

T

firm’s profit maximization problem.
2.3.3 Rents. Each city is characterized by a long-run, upward sloping

rental supply curve, which we parameterize as

log(P") = a; + (;log(H;), (2.15)

where P]h is the price of housing in city j, a; is a city-specific intercept capturing
construction costs, (; is the inverse elasticity of housing supply, and H; is the
total housing demand in the city. The intercept, a;, varies across cities due to
differences in baseline construction costs, such as the cost of building materials
or labor. The elasticity, (;, captures how responsive housing prices are to changes
in the quantity of housing demanded. The availability of land for development and
local regulatory constraints, such as zoning laws and land-use restrictions, affect the
inverse elasticity—more restrictive housing development conditions lead to steeper
increases in housing prices.

We assume that rental profit, II, is distributed back to landowners lump-
sum as unearned income, Ty = s4Il, where s4 is demographic group d’s share of

investment income. Rental profits are

_ H €XP aj , ¢i+1
m=>" (Pj H— e ) (2.16)

J
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2.4 Estimation

In this section, we detail our estimation procedure. We focus our exposition
on the estimation of the household demand and labor supply parameters. We use
city-level energy, wage, and rent indices in estimating various parts of the model.
Details for how we construct these indices can be found in Appendix [A.1.2]

2.4.1 Energy and Housing Demand. We estimate the parameters
of the household’s nested CES comfort function in two steps. First, we use the
relative demand functions to estimate the elasticity of substitution between
electricity and gas, og, and then the elasticity of substitution between energy
and housing, o¢ in first differences. Then, we use the implied values for the #’s to
estimate the effect that climate has on comfort production.

2.4.1.1 Elasticities of substitution. We first derive the first-
order conditions from households choosing the cost minimizing combination of
electricity and gas to produce a certain quantity of energy. The details of this cost-
minimization problem are in Appendix [A.4.1] which yields the following relative

demand function for electricity and gas,

Eqjt P oF.
log (—j) =oclog | =L | +oclog [ === | . (2.17)
Gt Pff Hg.t
Since we observe quantities demanded and prices for both electricity and gas, we

can estimate o¢ using linear regression. We take first differences of Equation ([2.17))

to arrive at our estimating equation,
Ey P¢
Alog (ﬁ) = o0gAlog (P—J}tj) + Augj, (2.18)
j :
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As we are concerned with endogeneity when regressing quantities of electricity and
gas demanded on the prices of electricity of gas due to the simultaneity of supply
and demand, we follow |Burke and Abayasekaral (2018]) and instrument the log ratio
of retail electricity and natural gas prices with the log ratio of lagged commercial
electricity and natural gas prices, where P} Comm for m e {E,G} is the price

of electricity or natural gas for commercial customers. Formally, the exclusion

restriction is

E =0, (2.19)

PG,Comm
Alog <—F)JEtClomm) Augjy

J,t—1

where ugj; is any other factor affecting the change in the ratio of electricity and gas
demand. By instrumenting with lagged commercial prices, we use variation in in
energy prices that is driven by supply side factors and not correlated with other
factors affecting residential energy demand, including the climate.

We can then back out ngt / ngt using equation , the estimate of o¢, and
our data on the prices and quantities of both electricity and gas: log (ijt / Hg;t) =
é log (Egj1/Gaj) — log (PG /P%). This allows us to calculate normalized versions
of energy, g’djt, and the price of energy, ]—f’é“ where we have normalized energy by
ecclj{tl/ pe H

Next, we estimate o¢, the elasticity of substitution between housing and
energy from the comfort production function in a similar manner. Agents produce

comfort in their dwelling using housing and energy as inputsﬂ Once again, we use

J

e o — —oe\ oo
9These are gdjt = ((QdEjt/Q(%t) Esﬁ + GZ;‘) "¢ and Pfj = ((05/9%) ‘ pEl-oe + Ple S) e

10We estimate the quantity of housing, H, by regressing gross rent reported in the data on a
set of observable characteristics about the dwelling and a city fixed effect in logs. We interpret
the city fixed effect as the cost per unit of housing, and then back out the quantity of housing
by dividing gross rent by this per unit cost of housing. Appendix explains this process in
detail.

23



the relative conditional demand functions, but now for energy and housing, that
result from households choosing the cost-minimizing combination of housing and

energy to produce a given amount of comfort,

Eajt P
log | == | =o.lo —l—ac lo 05 2.20
g<Hdﬁ> g(Pjt g 0. (2.20)

Alo % =ocAlo P—ﬁ + Aegj (2.21)
g det C g pﬁ djt- .

Note that we do not observe amenities, and many amenities are correlated with
both housing demand and rent. For example, consider a city with higher quality
restaurants. These restaurants will cause increases in housing prices and housing
demand, confounding our parameter estimates. Therefore, we use instrumental
variables to isolate exogenous variation in the ratio of rent to energy price. Our
instrument interacts labor demand shocks with land availability, where the labor
demand shocks are from |[Katz and Murphy| (1992), and the interaction with land
availability follows Diamond| (2016]). We construct the labor demand shocks by
multiplying the historical share of workers with the change in the number of

workers in the rest of the country. Formally, the labor demand shock is

AZgs =Y wii® x (ANg_j.4) (2.22)

dji
LEN

where w9 is the share of workers in demographic group d from city j that

worked in industry ¢ in 1990 as a fraction of the total number of workers across
all industries in demographic group d in city j. ANy _;,. is the change in the

number of workers in industry ¢ between years ¢t and t — 1 outside of city j. We
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interact this with the measure of housing supply elasticity from |Saiz (2010), which
reflects geological and bureaucratic constraints on space to build homes in a city.

The exclusion restriction is

E [AZdthedjt] =0 (223)
E [Elasticity ;A Zg Aegze] = 0. (2.24)

Any factors that effect relative energy and housing demand besides the relative
prices are included in €4, this includes climate and other amenities as described
above. The instruments—Ilabor demand shocks interacted with a static measure
of land availability in the city—are unlikely to be correlated with changes in these
other factors.

We can then use our estimate of o¢, data on quantities and prices of housing
and (normalized) energy to back out Qg-t using equation . Since we already
have estimates of log (95315 / Qg»t) from the first step, we are able to calculate both 9(%
and 607,

2.4.1.2 Effect of climate on comfort production. The next step
of our estimation is to measure the effect of climate on the 67,’s, capturing how
climate effects the productivity of electricity, gas, and housing. Note that while we
normalize both parameters in the outer nest of the comfort production CES to be
equal to one, we place no restrictions on Q%t and cht in the inner nest. Thus, Qgt
and ijt tell us not only the relative importance of electricity and gas, but also the
importance of energy relative to housing.

We parameterize the effect of climate on these intensity parameters as:
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log 0, = > k() Dejy + 9F +9F + v (2.25)

log 65, = > K(T) Dej + 05 + 07 + v, (2.26)
where D j; is the number of days at temperature 7 in city j and year ¢, 1; are city
fixed effects, ¥4 are demographic group fixed effects, and the v4;’s are random
disturbances. £™(7) for m € {E,G} is the marginal effect of an additional day
at temperature 7 on electricity or gas. As we have limited data, we choose to allow
for flexible non-linearity with relatively few parameters by estimating the x(7)’s
with cubic splines. Specifically, for m € {E, G}, let &™(7) = > KkI'Ss(7), where
Ss(7) for s € {1,...,S} are the standard basis functions of a cubic B-spline of
degree S. Substituting this into the above parameterization of the #’s gives us our

two estimating equations,

log 0y, = > kY (Z SS(T)DTjt) + Y + U7 + vy, (2.27)

log Qgt = Z I (Z SS(T)DTjt> + @DjG + 95 + ygjt, (2.28)

Thus, we identify the marginal impacts of climate on comfort demand using
random deviations of weather outcomes from the long-run average climate within
cities. For robustness, we use various degrees for the spline, as well as alternative
parameterizations of climate.

2.4.2 Labor Supply. We quantify the rest of the parameters in the
household utility function using maximum likelihood estimation and then linear

regression. First, we define the mean utility associated with each choice as:
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Saje = BL1og(Lyje + Yar) + BE1og(Pgy) + B2+ Zju + Eais (2.29)

where 8/ = L, ¢ = —% and g7 = % We then write the household’s choice

Oc € Oe¢

probability as:

oxp (0g +Fi1 (7 € b)) + 3570 (4, b5) + 34>2¢% (4, ;"))
Z L exp (5dj/t + ,ysz]l (] c bst) + ,Y((iitlstqb( bst) dlSt2¢2 ( bst))
(2.30)

Pijt<5djt§ ’7dt) =

where the tildes over the parameters indicate they are normalized by the variance
of the idiosyncratic preference shock, .. Given these choice probabilities, the

likelihood function is:

5d]ta ’th Z Z ]Ildjt lOg ijt 5d]t7 ’Ydt)) (231)

ied J

where ¢ € D is the set of all households in demographic group d and I;g;; is an
indicator equal to one if the household chose city j in the data. We recover the
dg4j¢’s conditional on 74 using the contraction mapping proposed in Berry et al.
(2004]).

We then decompose dg45; from step one to estimate climate amenities. First,
we use estimates from Diamond (2016)) to calibrate 5% to 5.22 for college and 4.15
for non-college. Additionally, we use the observed comfort expenditure shares for
each city, demographic group, and year to calibrate 8g;,. With these parameters,
we calculate the residual deltas as det = Ogjt — (Bel log(Z45¢) + Bt log(ijt)). We
then estimate the effects of climate on the mean-utilities using a rich specification

of the climate that includes heating and cooling degree days, total precipitation,
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the number of days without precipitation, and measures of fire and flood risk. Our

estimating equation is

8djt =37 Zjt + B - X + wa + wi + Eqjt, (2.32)

where Zj; = {Fire;, Flood;, CDDj;, HDDj;, Precip,,, NoRainj; } is a vector of
climate variables. Fire; and Flood; are median fire and flood risk scores in city
J that are static over time. CDDj; and HDD,, are heating and cooling degree
days. Precip,, is total precipitation and NoRainy; is the proportion of days with
no precipitation. Xj; is a vector of geographic and demographic controls including
average elevation, average slope, percent of population married, average age, and
percent of population Black in each city and year. wy and w; are demographic
group and year fixed effects. This is a parisimonuous, but rich characterization
of the climate that allows us to capture the nuanced heterogeneity in the effects of
climate change.
2.5 Parameter Estimates

Comfort Demand. Here, we report our parameter estimation for comfort
demand. First, Table (1| shows the results from estimating Equations and
(2.21) with instrumental variables, where the columns of the table have results for
alternative fixed effects included in the regressions. While the results are presented
together for concision, they were run as two separate regressions. Our preferred
specification is in column 1, with demographic group and city fixed effects.

We estimate that electricity and gas are net complements, as we estimate

the elasticity of substitution, o¢, to be less than one. Intuitively, a house that
requires more electricity for cooling also requires more gas to heat. The instrument

for the log ratio of electricity and gas prices, which is the log ratio of lagged
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Model: (1) (2) (3) (4) (5)

Parameters

O¢ 0.501** 0.525** 0.439*** 0.432"* 0.432***
(0.063) (0.066) (0.070) (0.086) (0.087)

oc 0.594**  0.463*** 0.316"*  0.293 0.570

(0.079)  (0.091) (0.092) (0.348)  (0.436)

Fized-effects

Dem Group Yes Yes Yes
City Yes Yes
Year Yes Yes

Fit statistics

Observations 1,260 1,260 1,260 1,260 1,260
F-test (Ist stage), log (P,/P.) 378.82 36351 392.65 391.88  391.25
F-test (1st stage), log (P,/Pg) 147.47  65.63 143.79 1.78 0.90

Clustered (City) standard-errors in parentheses

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
The elasticity of substitution between electricity and gas is g and the elasticity of
substitution between energy and housing is oc. Coefficients are shown in the same
column, but come from separate regressions. Regressions are weighted by 1990
population. We exclude the division aggregation CBSA’s in estimation.

Table 1. Elasticity of substitution estimates.
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commercial electricity and gas prices, is strong, with an F-stat of well over 300

in our preferred specification. Housing and energy are net complements as well.
Suppose the price of housing goes down relative to energy prices. In that case, the
housing quantity demanded will increase, but so will the energy demanded since
more energy is required to keep that increased amount of housing comfortable.
Here, we instrument the log ratio of rent to energy price with the same instrument
from energy estimation, and the Katz-Murphy index interacted with housing supply
elasticities from Saiz| (2010). Again, our first stage F-stat is very strong.

With the estimated elasticities of substitution in hand, we can calculate
values for log chgt and log Qgt, which we then regress on climate variables to
determine the impact of the climate on the comfort production function. We
use cubic B-splines with 7 degrees of freedom to flexibly estimate the marginal
effect of an additional day at a given temperature. For electricity, an additional
day at either a hotter or colder temperature than 65 degrees leads to additional
energy demand, reflecting that households use electricity for both heating and
cooling. Additionally, the demand response is stronger further into temperature
extremes. Meanwhile, natural gas has coefficients significantly different from zero
only when the temperature is colder than 65 degrees. We investigate heterogeneity
in the climate’s effect on comfort production in appendix [A.4.1], finding differences
that are small in magnitude. We then use the above estimates to calculate the
marginal effect of climate on comfort prices, finding that the effect is larger for
Black households than white—though not outside of bootstrapped confidence
intervals. Appendix provides other figures describing patterns in comfort

production across cities.
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Figure 4. Estimation results for the effect of climate on comfort production

Estimationg parameters x¥(7) and xk%(7) using cubic splines with 7 degrees of
freedom. The effect is normalized to a day with an average temperature of 65
degrees F. Standard errors are calculated with clustered bootstrapping using
10,000 draws, clustered by city-year. We have limited the range of temperature
to between the 1st and 99th percentile of average daily temperature, weighted by
1990 population.

Labor Supply. Figure [5| plots the estimated moving cost function (2.3 using
parameters for estimated by equation . We plot the moving cost estimates
over the range of possible distances from a household’s birthstate.ﬂ We find that
Black households are generally less mobile than other households. The birth-state
premium parameter is positive, indicating a utility premium, and larger for Black
households. Furthermore, the distance parameter is negative, indicating a utility
penalty for moving further away from one’s birth state, and more negative for
Black households. We also find that non-college-educated workers are generally less
mobile than college-educated workers. Our estimates are quantitatively very close
to those in (Colas and Morehouse (2022)) and Diamond| (2016). We include moving

cost estimates for all years in Appendix [A.4.4]

1Tn both Figure |5 and in our simulations, we set the moving cost function equal to its
minimum value for distances beyond its estimated minimum.
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Figure 5. Moving cost estimates for Black and White households

We use estimates from Table but hold moving costs constant at the minimum
for distances further than the estimated mininimum. The intercept reflects the
parameter estimates of 4%/, The histogram shows the distribution of potential
moves in 2019, excluding the census divisions—so each household in the model
shows up 70 times, once for each of the cities we include in the model. We set
moving costs equal to the minimum value of the moving costs function at distances
further beyond its estimated minimum.
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Table [2| shows the parameter estimates for climate amenities. We show the
robustness of our controls to the inclusion of different geographic and demographic
controls. Households dislike both heating and cooling degree days and like days
without rain. These estimates are larger in magnitude than |Albouy et al. (2016),
but smaller than Rudik et al. (2021)). Households dislike both fire and flood risk—
they are willing to pay 24% of income for a one standard deviation decrease in
fire risk and 6% of income for a one standard deviation decrease in flood risk. We
emphasize that we do not presently have natural disaster risk indices that vary
over time or climate scenarios. Appendix contains estimates for alternative
specifications for temperature portion of climate amenities, showing qualitatively
similar results to our degree day specification.

Table |3| shows the top and bottom ten cities according to their climate
amenities in 2019 (BZ - Zj 2019), with category-specific rankings also broken out.
These rankings demonstrate our model’s ability to richly characterize a city’s
climate. For example, the top ten has cities from California with mild summers,
winters, and risks, as well as San Antonio—which ranks poorly due to its hot
summer weather but makes up for it by having very few cold days. Most striking is
the inclusion of Baton Rouge in the top ten and nearby New Orleans in the bottom
ten. This is due to the difference in flood risk between the two cities—nearly every
property in New Orleans has at least moderate flood risk, whereas less than half do
in Baton Rouge. Table {4f shows how climate amenities have changed between 1990
and 2019, using 5-year moving averages. Increased hot temperatures have decreased
amenities in most cities, while fewer cold days have improved amenities. In already-

hot places, the shape of the temerature-amenity curve means that the decrease in
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Table 2. Estimation results for non-temperature climate amenities.

Dep. Var. Mean Utility Residual
Model: (1) (2) (3) (4)
Variables
HDD (1000’s) -1.73% -1.62%*  -1.60*** -1.99***
(0.14)  (0.15)  (0.15)  (0.23)
CDD (1000’s) -1.547  -1.44%  -1.03"* -1.63"**
(0.28)  (0.30)  (0.28)  (0.43)
Median Fire Risk -0.75**  -0.60"* -0.55"* -0.62***
(0.13)  (0.14)  (0.10)  (0.11)
Median Flood Risk -0.83  -0.94*  -0.68*** -0.75"**
(0.15)  (0.14)  (0.11)  (0.11)
Annual Precip (m) -2.81* -2.30 -2.03 -1.17

(1.69)  (1.61)  (1.59)  (1.75)
Annual Precip Squared (sq m)  1.55* 1.42* 0.75 0.53
0.81)  (0.79)  (0.73)  (0.77)

Pr(No Rain) 7.00  7.06™  7.10"™  7.18*
(2.99) (3.03) (2.86) (2.86)
Geographic Controls Yes Yes
Demographic Controls Yes Yes
Fized-effects
Dem Group Yes Yes Yes Yes
Year Yes Yes Yes Yes
Fit statistics
Observations 1,680 1,680 1,680 1,680
R? 0.94 0.94 0.95 0.95
Within R? 0.27 0.29 0.33 0.34

Heteroskedasticity-robust standard-errors in parentheses

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
Regresions are weighted by population. We exclude the division aggregation
CBSA’s in estimation. Geographic controls include city’s average slope and

elevation. Demographic controls include percent married, average age, and percent
black.
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amenities from more hot days outweighs the improvement in amenities from fewer

cold days. The opposite generally holds for places that are relatively cold.

Table 3. Estimated climate amenity rankings by city for 2019.

The Hot category is from temperatures over 65F, Cold from temperatures below
65F, Rain from percent no rain days and annual precipitation, and Risks from
median fire and flood risk. Full sample degree day specification with geographic
and demographic controls.

Category Rankings

Rank City Hot Cold Rain Risks
Best Cities
1 San Jose-Sunnyvale-Santa Clara, CA 5 18 7 32
2 Los Angeles-Long Beach-Santa Ana, CA 40 7 2 54
3 San Diego-Carlsbad-San Marcos, CA 30 10 5 65
4 San Francisco-Oakland-Fremont, CA 2 21 10 59
5 Oxnard-Thousand Oaks-Ventura, CA 18 15 1 67
6 Fresno, CA 53 17 6 53
7 Sacramento—Arden-Arcade—Roseville, CA 38 22 9 57
8 Baton Rouge, LA 59 13 61 4
9 San Antonio, TX 61 12 13 58
10  Phoenix-Mesa-Scottsdale, AZ 69 6 3 64
Worst Cities
61 Grand Rapids-Wyoming, MI 7 67 42 14
62 DBuffalo-Cheektowaga-Tonawanda, NY 10 64 58 7
63 Scranton—Wilkes-Barre, PA 12 59 51 43
64 Springfield, MA 16 62 25 44
65 Worcester, MA 8 63 32 48
66 Albany-Schenectady-Troy, NY 14 66 41 37
67 Rochester, NY 9 65 56 42
68 Minneapolis-St. Paul-Bloomington, MN-WI 11 70 20 22
69 New Orleans-Metairie-Kenner, LA 65 8 60 70
70 Syracuse, NY 4 68 67 45
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Table 4. Change in climate amenities from 1990 to 2019.

Full sample degree day specification with geographic and demographic controls.

Category Change (%)

City Change (%) Rain  Hot Cold

Improving Cities
Hartford-West Hartford-East Hartford, CT 26.2 7.1 -224 41.5
Grand Rapids-Wyoming, MI 25.7 0.3 -2.7 28.1
Honolulu, HI 23.8 17.8 6.0 -0.1
New Haven-Milford, CT 23.1 5.5 -17.7 35.3
Denver-Aurora, CO 21.6 -12.2 -16.0 49.8
San Antonio, TX 19.8 153 -14.2 18.7
Worcester, MA 19.2 -11.9 -15.5 46.7
Portland-Vancouver-Beaverton, OR-WA 189 -3.0 -11.7 33.6
Buffalo-Cheektowaga-Tonawanda, NY 182 10.1 -10.1 18.3
Bridgeport-Stamford-Norwalk, CT 17.1 1.3 -17.3 33.2

Worsening Cities
St. Louis, MO-IL -27.6 -34.2 -94 16.0
Dayton, OH -28.3 -40.6 -11.2 23.4
Houston-Baytown-Sugar Land, TX -31.1 -27.2 -35.0 31.1
Louisville, KY-IN -32.8 478 -214 36.4
Baton Rouge, LA -35.9 -30.5 -35.5 30.1
Tampa-St. Petersburg-Clearwater, FL -62.8 -44.6 -28.6 10.4
Jacksonville, FL. -68.6 -55.3 -39.9 26.5
Orlando, FL -70.4 -41.9 -42.7 14.2
Miami-Fort Lauderdale-Miami Beach, FL -73.0 -40.3 -39.8 7.1
New Orleans-Metairie-Kenner, LA -73.4 -54.4 -54.8 35.8

Model Fit We use our estimated parameters to simulate baseline results for
each year. Appendix provides detailed steps to solve the model’s equilibrium
given climate Z. In summary, we begin with population share and housing price
guesses, use those guesses to calculate household energy and housing demand,
wages, and comfort prices, and then recalculate population shares given those

wages and comfort prices. If the population shares match the original guess,
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then we have found the equilibrium. If they do not match, we update our initial
guess and repeat until they do match. In the baseline simulations, we plug in

the actual climate values as Z to validate the model’s predictions against actual
data from each of our four years of data. Figure [f] shows the simulated shares of
each demographic group that choose to live in a particular city against the actual
population shares and simulated housing, electricity, and gas demand relative

to actual electricity, housing, and gas demand. Each observation represents a

demographic group in a city for the given year.
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Figure 6. Simulations use actual climate data across all years.

The size of the observations represents the population of that demographic group.

2.6 The welfare effects of climate change
We calculate the welfare effects from climate change using compensating
variation (CV), defined as the percent of baseline income that households

would need to receive in order to maintain the same level of utility under the
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counterfactual climate, Z, as they do under the current climate, Z Household

1’s compensating variation is given by:

cv; = (E(2)] - EVi(2))) (2.33)

1
X ﬁ_el’
where V;(Z) = v;;+(Z) is household i’s indirect utility with climate Z, evaluated at
equilibrium choices j* and prices. We calculate these equilibrium choices using the
same algorithm referenced in the model fit section, which is detailed in Appendix

IA.3.7. Taking the expectation of indirect utility over the idiosyncratic shocks gives

us

E[V;(Z)] =7 + log (Z exp (B! log Ly + By log Py (Zyr) + 57 - Zy + Ear + 9(J', bi))) :

jred

where 7 is Euler’s constant. Note that the price of comfort, P$(Z;), is a function of
local climate variables.

2.6.1 Effect of climate change to-date. We begin with a
simulation where counterfactual climate comes from the average climate between
1986 and 1990 before there were any significant human-caused changes to the
climate. We first analyze how the effects of climate change vary across space.
Figure [7a] shows compensating variation by state—showing that already hot places
are hurt by more than cool places. Generally, the South and Midwest are worse off
than the Northeast and West, owing to increases in temperature being unpleasant
in an already hot location and pleasant in a cool location. Additionally, fewer
rain-free days in the Midwest have decreased amenities. The effect of climate on

the energy price drives some of this heterogeneity, shown in Figure [7b] Producing

12Tn all counterfactuals, we hold natural disaster risk constant, as we only have a single set of
natural disaster risk scores.
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comfort has become more expensive in hot places and less expensive in cold places.
Figure |7 shows that households migrate in away from parts of the South and
Midwest and into the Northeast and WestB These spatial changes suggest that
the baseline distribution of the population is essential in determining differences in
welfare effects across demographic groups.

There are significant differences in the welfare effect of climate change
across the income distribution. We calculate the average compensating variation
by income decile and race in Figure 8l The welfare effects are worse for lower-
income households among all races. CV as a percent of income is twice as high
for the lowest income decile relative to the highest—the lowest income decile has
welfare losses of 4%pts of income, whereas the highest income decile is only worse
off by 2%pts of income. The welfare effects for Black households are worse for
Black households relative to white households within every income decile.@ The
mean welfare loss for Black households is twenty percent larger than that of white
households—2.5%pts of income for white households relative to 3.0%pts for Black
households.

We decompose the proposed mechanisms driving the observed gaps in
CV between white and Black households. The results of this decomposition are
in Table [§["] We run two simulations in addition to the fully flexible model to
do this. First, we fix locations and wages—reflecting the “Mechanical” effect of
changing the climate without allowing households to migrate. In this simulation,

households still optimally choose their comfort demand. Therefore, we allow

13Table |A.11| has the top and bottom 10 cities by change in population. Maps of rent, wages,
and comfort demand are available in Figure Additionally, Figure shows how the skill
ratio affects wages in the counterfactual.

14 Appendix Figure [A.17shows the full distribution of C'V; accross all households.

15Table |A.10| has these results in levels rather than differences between races.
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Figure 7. General equilibrium changes in welfare, energy prices, and population
across states

We compare the 2019 climate to the 1980s climate. Averages are weighted by
population. For states without any CBSAs in them, we use the value for the census
division in which the state is located.
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Figure 8. Compensating Variation by income decile and race in 2019
Simulations run using 2019 economy, comparing 2019 and 1990 climate. Income
deciles are calculated relative to the entire population.
local housing markets to clear since housing demand responds to climate as part
of comfort production. Column (1) of the first row of Table |5| shows that the
average gap in CV between Black and white households is -0.8%pts, reflecting both
disparities in the sensitivity in comfort price and in exposure. We can compare
within baseline cities to control for differences in exposure. Column (2) shows that
after conditioning on baseline city, there is no welfare gap between Black and white
households. Thus, differences in sensitivity to comfort prices are not driving the
gap.

In a second simulation, we allow households to sort across locations, fix

wages to their original level, and keep rent at the same level as in the Mechanical
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simulation. This “Sorting” simulation tells us the effect of allowing households
to reoptimize their location choice across space. As seen in the second row of
Columnn (1) Table [ allowing for sorting marginally increases the unconditional
gap. However, two-thirds of the gap remains after controlling for baseline location.
Thus, white households can better take advantage of migration as an adaptation
mechanism conditional on exposure. These differences are not explained by
differences in the ratio of college- to not-college-educated households within
the race groups. Column (3) shows the CV gap within baseline city choice and
education level, only reducing the gap from the Sorting simulation by 0.1%pts.

Finally, the third row of Table |5 shows the effects of adjustments to rents
and wages in equilibrium. The unconditional welfare gap shrinks—households
migrating from the South to the West or Northeast depress wages and inflate rents
in their new cities, while the opposite happens in the South. These changes reduce
the unconditional gap due to the differences in the baseline populations in those
regions. The within-city gap remains, but education level explains more of that gap
than in the Sorting simulation. Since the ratio of college- to non-college educated
workers determines wages in each city, greater out-migration of college educated
workers from high-climate-damage cities actually decrease wages for non-college
educated households in those cities. This is true despite the overall population
decreasing.

In summary, we find considerable gaps in the welfare effects of climate
change to date across incomes and races. These gaps are explained by both the
ex-ante population distribution and differences in mobility. Differences in energy

efficiency do not seem to be a major contributor.
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Black-white CV Gap (%pt of income)

Unconditional Within City Within
City-Education
Simulation (1) (2) (3)
Mechanical -0.8 0.0 0.0
Sorting -0.9 -0.6 -0.5
Full Effects -0.5 -0.3 -0.1

Table 5. Decomposition of welfare effects.

Column (1) calculates the average difference in CV between Black and white
households from the climate change to date simulations. Column (2) calculates

the average welfare gaps after taking out the average effect for each city (equivalent
to adding a city fixed effect). Column (3) calculates the average welfare gaps within
city and education level (college and non-college). The “Mechanical” simulation
fixes locations and wages. Local housing markets are allowed to clear in response to
changes in housing demand from change in climate. The “Sorting” simulation keeps
wages fixed and rents the same as the Mechanical simulation, but allows households
to reoptimize across space. “Full Effects” is the fully flexible general equilibrium
model.

2.6.2 The black-white gap simulated under future emissions
scenarios. Next, we simulate the model under different emissions scenarios to
2100 using the CIL-GDPCIR data. We then calculate the Black-white gap as the
change in welfare for Black households relative to their baseline welfare minus the
change in welfare for white households relative to their baseline welfare. Figure
[9) shows the evolution of the Black-white welfare gap, which generally grows with
more emissions.

Under the lowest emissions scenario (SSP1-2.6), which assumes zero
emissions by 2050 and 1.8 degrees of warming by the end of the century, climate
change is expected to hurt Black households by an additional 0.5%pts of income
relative to white households. Under the more likely, higher emissions scenarios, this

gap grows to between 2%pts to 4%pts depending on the emissions scenario. This
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gap highlights the need for equity to be an important part of climate policy in the

future.

©
% -1.0%
E N, Emissions Scenario
S oo ~ Low (SSP1-2.6)
2 -~ Intermediate (SSP2-4.5)
& - High (SSP3-7.0)
S 30% Very High (SSP5-8.5)
O]
>
O 40%
2020 2040 2060 2080 2100

Year

Figure 9. Time series of the Black-white welfare gap under different emissions
scenarios.

We simulate general equilibrium in the model using future climate scenarios with
model parameters set to their 2019 values. We then calculate CV for future years
relative to the 2020 climate. The CV gap is the difference in CV between Black and

white households.

2.7 IRA inspired place-based, means-tested subsidies

Given the unequal impacts of climate change, we now study how government
policy might be used to address these inequalities. We incorporate a means-tested,
place-based subsidy into our main model, the structure and magnitude of which
are inspired by a new Inflation Reduction Act (IRA) program administered by the
US EPA. We compare the effects of climate change to date with and without these
subsidies and test alternative distributions of these funds across space.

The IRA contains many programs designed to address climate change. One
such program is the US EPA’s Community Change Grant Program, for which the
IRA allocated $3 billion to fund projects in disadvantaged communities related
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to climate resiliency and adaptation, mitigating climate and health risks, and
several other similar categories (US EPA| 2023). In describing the program, Brenda
Mallory, the Chair for the White House Council on Environmental Quality, said,
“As part of the President’s Justice40 Initiative, these grants will help disadvantaged
communities tackle environmental and climate justice challenges they face by
reducing pollution, increasing resilience to impacts from climate change, and
building community capacity to see these projects through” (US EPA| 2024)E
Applications for the primary round of funding are due in November of 2024E
There are few restrictions on how the EPA distributes Community Change Grant
funds across space. In principle, any disadvantaged community is eligible for a
projectE We do not model the effects of these projects directly, both because the
EPA has not yet awarded most of the funds and because the projects themselves

will vary considerably in their structure and goals. However, we are able to capture

16President Biden’s Justice40 initiative seeks to provide 40 percent of the benefits of federal
rulemaking on climate, clean energy, affordable housing, and other related categories to
disadvantaged communities (Executive Office of the President| 2021]). The administration defines
a disadvantaged community as places “historically marginalized and overburdened by pollution
and underinvestment in housing, transportation, water and wastewater infrastructure, and health
care” [Executive Office of the President| (2021). In practice, the Climate and Economic Justice
Screening Tool classifies disadvantaged tracts based on eight different categories: climate, energy,
health, housing, legacy pollution, transportation, or workforce development. For all but workforce
development, communities are disadvantaged if they are above the 65th percentile for the share of
low-income households and above a threshold for exposure to various environmental stressors (e.g.,
above the 90th percentile expected agricultural, building, or population loss, projected flood, or
fire risk for the climate change category).

17 An initial round of $325 million in funding was awarded in July of 2024. While the specific
projects take on a wide array of activities, the most common types are providing weatherization
assistance, creating “community resilience hubs”, improving public parks, and installing solar
panels and energy storage.

18 Appendix Figure [A.19|shows the proportion of the population living in a disadvantaged
community by state. While there is some variation, all states have a significant portion of
their population living in disadvantaged communities. Several target areas place some spatial
restrictions on funds: $150 million for tribes in Alaska, $50 million for territories, and $100 million
for southern border communities.
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two important aspects of the program, which is that these projects are place based
and only disadvantaged communities are eligible.

Inspired by the Community Change grants, we incorporate means-tested,
place-based subsidies into the model. The government decides the total size of the
program, G, the portion of the total given to each city, wt;, where ) jwt; =1,
and the income threshold for eligibility, I;5..sn. Households who choose to live
in city j and are below the income threshold, I;j,esn, divide the subsidy equally.
Nfisad — 57 Pyl (I < Iihresn) di gives the total population in city j that below
the income threshold, where F;; is household ¢’s probability of choosing city j,
as defined by Equation . We set the income threshold equal to the 41st
percentile of income, matching the share of the population living in a disadvantaged
community according to the 2020 Decennial Census. Subsidies for each city and
demographic group are IRAy; = %H (14j < Iihresn). These subsidies are given
to eligible households lump-sum. A flat tax paid by all households funds the
subsidy program, G = ), 714di. Income in city j for demographic group d is now
(1—71)Ig + Y4+ 1IRAy.

Our modeled policy deviates from the actual Community Change grant
program in several important ways. First, the actual program funds projects in
disadvantaged communities, while the modeled policy directly transfers cash to
low-income households. It is unlikely that households, if given the cash transfer,
would use that cash on the same project funded by Community Change grant
program. Thus, we present results that are normalized by the size of the program,
(G, and run separate simulations of the model under various G’s. This is consistent
with treating the marginal value of public funds as a constant different from one.

Second, we do not know which projects will actually be funded, nor where the
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funding will go. Around 10% of the programs funding has already been awarded,
while applications for the remaining funds are due in November of 2024. Thus, our
results do not evaluate the projects or the program itself, but rather a hypothetical
policy capturing most of the important features of the Community Change grant
program.

We consider three policy alternatives that vary the spatial distribution of
the subsidies across cities, wt;. These distributions give subsidies to cities based
on (1) the percent of the national disadvantaged population living in each city, (2)
the share of losses in climate amenities for cities that experience losses in amenities,
or (3) the share of gains in climate amenities for cities that experience gains in
amenities. Distributing funds equally based on the disadvantaged population most
closely mirrors the current program.

We design the second and third distributions to capture the tradeoff between
helping people with high climate damages and the general equilibrium consequences
of place-based subsidies (see e.g., Busso et al.| (2013), Kline and Moretti (2014))). If
households are immobile, then giving subsidies to places with high climate damages
will also benefit people who have the largest welfare losses from climate change.
However, since households are mobile, these subsidies induce some marginal
households to migrate into these high climate damage cities—increasing rents and
decreasing wages, thus dampening the intended welfare effects while also increasing
exposure to future climate change. Therefore, we also consider giving subsidies to
places that have benefited from climate change, which we’ll refer to as “climate
havens.” Distributing funds to climate havens will decrease exposure to climate

change but also gives subsidies to many “inframarginal” households who would
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have lived in a climate haven regardless of the additional subsidies and thus are
already better off from climate change relative to households from other locations.
We simulate the full model, allowing households to sort across space and for
wages and rents to respond to these new choices. We consider the equilibrium with
the 2019 climate and no subsidies as the baseline and then quantify changes from
that equilibrium when adding the three different distributions of subsidies described
above. Since the magnitude of the effects will depend on the total size of the
program, we present results per dollar of total subsidies. Appendix compares
results across a wide range of values for G, from $30 million to $10 billion.
Additionally, we calculate what we call “mechanical CV,” or the subsidies
net of taxes that each household would expect to receive if we hold locations,
wages, and rents fixed to equilibrium choices under the 2019 climate without
subsidies. This allows us to determine how important migration and general
equilibrium effects are relative to the mechanical effect of introducing subsidies.
Each individual’s mechanical CV is the weighted average of subsidies net of taxes
across cities expressed as a percent of income, weighted by the probability they

choose each city in the 2019 climate equilibrium, denoted Py,

IRAy(Py) — 714
Mech __ * Y\ g ]
CVieh =N Py i

J

Figure [10] shows compensating variation from the introduction of subsidies
relative to the baseline 2019 climate simulation. We first order all households
according to the welfare effects from climate change to date, assigning each
household to a baseline CV decile on the X-axis. Households worst off from climate
change to date are in the first decile on the left, while those relatively well off are

in the tenth decile on the right. We then break households up into three groups
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according to their baseline income percentile—those below the 10th percentile,
those between the 10th and 50th percentile, and those above the 50th percentile,
corresponding to the three panels of the ﬁgure.ﬂ We plot the average CV in each
group per dollar of total government spending from both the fully flexible model
(solid lines) and mechanical CV (dashed lines), where we fix locations, rents, and

wages to baseline levels.

Disadvantaged Population The green lines in Figure 10| show results
when we distribute funds according to cities based on their share of the national
disadvantaged population. This distribution is most similar to the current program,
given we do not yet know how the EPA will distribute funds across space.@ This
distribution helps low-income households generally but not proportionately to
welfare losses from climate change. Households in the bottom income decile are
better off by 0.22%pts of income per billion dollars spent, while households above
median income are marginally worse off from paying the tax. Additionally, these
subsidies do not alter the spatial distribution of households.@ While there is some
variation in the share of the population in each city that lives in a disadvantaged
community (See Figure , this variation is not large enough to generate

differences in subsidy levels that alter many household’s decision on where to live.

YFigure |A.20 shows the distribution of households across baseline CV for each of these baseline
income groups. We calculate these household-level income percentiles by taking the average
income the household would earn in each city, weighted by the probability that the household
chooses to live there.

20The final distribution of funds may not be proportional to the disadvantaged population
if there are differences across space in the likelihood of a group representing a disadvantaged
community applying for or receiving funding.

21 Appendix Figure |A.23|shows changes in population caused by the subsidies.
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Figure 10. CV from subsidies relative to CV from climate change to date for
different spatial distributions of IRA subsidies.

The X-axis is a household’s decile in CV from the baseline simulation comparing
2019 and 1990 climates. The Y-axis is the average CV per dollar of total
government spending with subsidies relative to without subsidies under the 2019
climate. We split the figure into three income bins, below the 10th percentile, 10th-
50th percentile, and above the 50th percentile, based on household expected income
in the baseline simulation. The “Mechanical” simulation takes choice probabilities
from the baseline simulation and calculates expected subsidies given those choices—
which is what would happen if households were not allowed to reoptimize their
location choices after the government introduces subsidies. The “Fully flexible”
simulations allow for full flexibility in choosing locations. See description in the text
on the subsidy distributions
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Thus, there is little difference in CV between the mechanical and fully flexible

simulations.

Negative Climate Change The orange lines in Figure [10] show results when
we distribute funds proportional to each city’s losses in climate amenities in 2019
relative to 1990. This distribution does the best job of helping households with
the most significant welfare losses from climate change—it is the only distribution
where CV from subsidies is decreasing in the baseline CV percentile”?] Households
in the lowest income decile and lowest baseline CV decile are better off by 0.5%pts
per billion spent. In contrast, those in the highest baseline CV decile are unaffected
by the subsidies.

However, the large spatial differentials in subsidies lead some households
to migrate into the high climate damage cities, leading to increases in rents
and decreases in non-college-educated wages that dissipate a portion of the
benefits to those most hurt by climate change in the baseline. The overall benefits
to households in the lowest income decile are 19% lower in the fully flexible
simulation than under the mechanical simulation | This reallocation has important
environmental justice implications. The orange lines in Figure [11| show the change
in average CDD, HDD, fire risk, and flood risk for households in the lowest income
decile. Generally, low-income households move to hotter and more flood-prone

areas under the Negative Climate Change distribution. Since there is effectively

22 Appendix Figure [A.21]|shows the CV relative to the 1990 climate, along with the baseline CV.
The effect of subsidies with a $3 billion program is small relative to the overall effect of climate
change to date.

23Visually, this is the difference in area under the dashed and solid lines in Figure weighted
by the distribution of households in Figure This number is sensitive to the total magnitude
of the program: with a $300 million program, 16% is lost, and with a $10 billion program, 26% is
lost.
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no reallocation of high-income households across space, these changes mean that
this distribution of subsidies would increase the ex-ante exposure gap we found to

drive the baseline welfare effects from climate change.

Positive Climate Change The purple lines in Figure [10| show results when
we distribute the funds to places that have benefitted from climate change to
date. This distribution is increasing in the baseline CV percentile, primarily
benefitting households who are already relatively well off from climate change. For
example, the average household in the lowest income decile and highest baseline
CV decile has effectively zero welfare effects from climate change to date, relative
to low-income households in the first baseline CV decile whose welfare losses
are equivalent to 7%pts of income (See Figure for CV relative to the 1990
climate). These same households are the largest benefactors of the Positive Climate
Change distribution, with CV of 1%pt of income. Many of these households are
“inframarginal”—they would have chosen to live in these climate havens regardless
of the subsidies. Well over 90% of subsidies in the Positive Climate Change
distribution are given to households who would have lived in a city with increases
in cliamte amenties absent the subsidies.

There is a 16% welfare loss among households in the lowest income decile
due to migration and its resulting general equilibrium effects in the Positive
Climate Change distribution.ﬁ Since this simulation distributes subsidies to
“climate havens”, the observed in-migration decreases exposure to climate change.
The purple lines in Figure [11] show that low-income households generally move to

cooler and less flood-prone cities. These results emphasize that a program designed

24This is the difference in area between the dashed and dotted lines in Figure With a $300
million program, j1% is lost, and $10 billion program, 30% is lost.
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Figure 11. Change in climate with subsidies relative to without subsidies for
households in the lowest income decile.

The X-axis is a household’s decile in CV from the baseline simulation comparing
2019 and 1990 climates relative to the entire population. We have filtered to

just households below the 10th income percentile in the baseline simulation. We
calculate the values on the Y-axis as a percent change in the respective climate
variable relative to baseline values for each group, normalized by the total amount
of subsidies dispersed. See description in the text on the subsidy distributions
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to reduce climate exposure among low-income households must target marginal
households in order to be successful. Place-based policies are not well suited to
achieve this goal.

In summary, we find that place-based, means-tested subsidies distributed
to places with high climate damages may be an effective tool to help households
with the largest impacts from climate change. However, because households
are mobile, some marginal households move into high-climate-exposure cities,
both exacerbating the existing disparities in climate exposure and dissipating
a portion of the program’s benefits, such as deadweight loss. Appendix
demonstrates that these results qualitatively hold across a wide range of total
program magnitudes. Since the policies we analyze redistribute funds from high- to
low-income households, they all reduce the aggregate disparities in welfare effects of
climate change across race and income that we quantified in our main results. The
Negative Climate Change distribution is the most effective of the three at reducing
the welfare gaps.
2.8 Conclusion

We have found that climate change has already had and will continue
to have significant distributional consequences. Black and non-college-educated
households are worse off under climate change, owing not only to their ex-ante
exposure to changes in climate but also due to a differential ability to adapt.
Black households are worse off by 0.5% of income relative to white households
from climate change to date, and that gap continues to grow under various future
emissions scenarios. In the worst-case emissions scenario, the gap grows by over
4%pts of income by the end of the century. Low-income households are much worse

off than high-income households, with the welfare effect of climate change to date
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being two times larger for the lowest-income decile relative to the highest-income
decile.

We evaluated the effectivenes of a place-based, means-tested subsidy
program to address the observed inequalities in the effects of cliamte change. We
found that there is a fundamental tradeoff when using such place-based policies
between targetting the places that have the largest climate damages and increasing
exposure to future climate damages for low-income households. Policymakers
should weigh these tradeoffs when designing similar place-based policies.

Future work should address other forms of inquality that may arise due to
climate change. For example, the urban heat island effect may lead to differential
experienced climates within cities that our model is not well suited to analyze. One
could allow for households to choose both their city and neighborhood in that city

to directly model any within-city sorting.
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CHAPTER III
GLYPHOSATE EXPOSURE AND GM SEED ROLLOUT UNEQUALLY
REDUCED PERINATAL HEALTH
This chapter is joint work with Assistant Professor Edward Rubin published
in the Proceedings of the National Academy of Sciences. The idea for this paper
originated as my final project for Ed’s first-year PhD Econometrics course. We then
continued working on the project together. I contributed significantly to the idea
formulation, data and coding work, and writing.
3.1 Main
While the introduction of genetically modified (GM) crops profoundly

transformed the agricultural landscape of the United States, our understanding of
the implications for human health remains limited. At the heart of GM technology
lies its resistance to the herbicide glyphosate, which enabled farmers to directly
spray glyphosate onto GM crops, eliminating weeds while sparing the crops
themselves. Recent research advertises the potential of this technology to improve
farm productivity (Hansen & Wingender, 2023} Lusk, Tack, & Hendricks, 2017}
Z. Xu, Hennessy, Sardana, & Moschini, [2013)), but the pairing of GM seeds with
glyphosate introduced a complex array of health externalities—with substantial
uncertainty regarding the total effect. On the one hand, if glyphosate replaced
more toxic herbicides common to non-GM cultivation, its introduction could yield
positive health effects. However, the ensuing liberal application of glyphosate—
enabled by the central innovation of herbicide resistance—has led to substantially

higher volumes of chemicals sprayed, potentially worsening health (Kniss, 2017}

S. Lee, Moschini, & Perry|, 2023} [Schulz, Bub, Petschick, Stehle, & Wolfram) 2021)).
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In this study, we use spatiotemporal variation in GM-crop adoption to
quantify the sign and magnitude of the human health externality that resulted from
the widespread adoption of GM crops and the rapid increase of glyphosate. We
then document heterogeneity in the effects of the GM weed management regime
on perinatal health. Our results suggest that glyphosate has adverse effects on
perinatal health, net of any benefits associated with reductions in the use of other
herbicides. These adverse effects concentrate among the most at-risk births.

The US first approved glyphosate for agricultural use in 1974, and the
chemical subsequently gained prominence as a broad-spectrum herbicide used
extensively in agriculture. Its effectiveness in weed control and relatively low
toxicity contributed to its widespread adoption, becoming a critical component
of weed-management practices. Pairing glyphosate with glyphosate-resistant GM
crops removed a natural limiter in glyphosate use—glyphosate kills non-genetically
modified crops and targeted weeds. Relaxing this constraint resulted in dramatic
increases in glyphosate application intensity. Before the release of GM seeds
in 1996, US farmers applied 0.1 kg of glyphosate per hectare of cropland; since
GM seeds, the intensity has risen to over 1.3 kg/hectare (Baker & Stone, 2015)).
Meanwhile, in the EU, which never approved GM seeds, the glyphosate application
rate remains near the US’s pre-GM levels: approximately 0.2 kg/hectare |Antier
et al.| (2020). While potentially affected by other factors, this US-EU gap in
glyphosate intensity illustrates how GM technology enabled substantially higher
levels glyphosate intensity than otherwise available.

Since its approval, US regulators have maintained “there are no risks to
human health from the current registered uses of glyphosate” (U.S. Environmental

Protection Agency, 2020)—despite a dearth of population-wide, causally founded
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studies. However, two recent studies document negative health impacts of

glyphosate exposure in Brazil. Both Dias, Rocha, and Soares |Dias, Rocha, |

and Soares (2023)) and Skidmore, Sims, and Gibbs [Skidmore, Sims, and Gibbs|

find that glyphosate exposure—driven by the expansion of GM seeds

and transported through rivers—increased infant mortality and pediatric cancer
deaths in Brazil. These two studies offer the first large-scale, population-level,
plausibly causal estimates of the health costs of glyphosate exposure. Our study
complements these analyses by considering glyphosate impacts in a substantively

different socioeconomic setting—the US’s GDP per capita is approximately nine

times greater than Brazil’s (World Bank Open Datal, 2024)—with a potentially

different exposure mechanism stemming from differences in intensity of glyphosate

use, hydrology, geology, and meteorology. Brazil applies nearly twice the amount

of glyphosate per hectare of cropland as the US (Dias et al., 2023)). Thus, while

the US and Brazil overlap as leaders in glyphosate application, key differences
between the contexts warrant new study in the US and abroad. Finally, given the
Brazilian context, the papers focus on effects driven by exposure through upstream
glyphosate application; we find that local exposure drives negative health impacts
in the US context.

3.1.1 Background and motivation. glyphosate and other herbicides

pervade the environment, giving rise to multiple pathways of human exposure

(Gillezeau et al., 2019)) including water (Medalie et al., 2020), dust blown by

the wind (Ramirez Haberkon, Aparicio, & Mendez, [2021)), aerial drift (Hu, Wu, |
Lyu, Ning, & She, [2023), direct contact (Foucault et al., [2021), and food residue

(Pappas & Foos, 2023). Following application, glyphosate exhibits a relatively short

breakdown period, with a half-life ranging from 2 to 215 days (Battaglin, Meyer, |

39 |




Kuivila, & Dietze, 2014)). Although a significant portion of the herbicide binds
to the soil, reducing runoff, its high water solubility allows the unbound remnant
to enter both surface and groundwater (Duke & Powles, 2008; |Hartmann et al.|
2021)). A comprehensive study across US waterways from 2015-2017 revealed the
presence of glyphosate or its degradate, aminomethylphosphonic acid (AMPA),
in 90% of samples (Medalie et al., 2020). Additionally, wind-dispersed dust
particles containing soil-bound herbicide residues can contribute to air pollution
(Ramirez Haberkon et al., 2021). While food residue is suspected to be another
source of population-wide exposure to glyphosate (Landrigan, 2018)), we cannot
capture its effect in this study.

3.1.1.1 FExposure. The multiple exposure mechanisms—coupled with
the breadth and volume of glyphosate application—have resulted in widespread
detection of glyphosate in the urine and blood of US residents. The US Center
for Disease Control (CDC) detected glyphosate in 81% of urine samples from
a nationally representative cohort (Ospina et al.| 2022)). Multiple studies with
pregnant women found glyphosate present in the urine of nearly every tested
mother-to-be (Gerona et al 2022; Parvez et al., [2018). This ubiquity of glyphosate
exposure in the US population highlights the importance of understanding the
impacts of glyphosate exposure at a national scale—particularly within populations
likely exposed to higher levels. We focus on rural populations’ exposures to local
glyphosate sources—glyphosate exposure through dust, drift, direct contact, or
water originating within the county of residence. We explore the potential effects of
upstream spraying in SI Appendix N.

3.1.1.2 Health impacts. A growing body of literature suggests that

glyphosate has the potential to impact human health through a variety of biological
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mechanisms. Existing evidence typically comes from either laboratory studies on
non-human animals or human-focused observational studies. While laboratory-

based studies offer well-identified causal effects, they often suffer challenges of

external validity. Previous observational studies (Arbuckle, Lin, & Mery, 2001}

\Gerona et al, 2022, [Parvez et al.| [2018) primarily focus on associations between

self-reported exposure and health outcomes and typically avoid causal claims.
Dias, Rocha, and Soares Dias et al.| (2023), Skidmore, Sims, and Gibbs
(2023), and Camacho and Mejia |Camacho and Mejia| (2017) are exceptions—

employing quasi-experimental methods to make causal statements.
Lab studies have established links between glyphosate and congenital

anomalies in rats, developmental issues in frogs and chickens, and endocrine

disruption for male reproduction in mice (Dallegrave et al., 2003; |[Paganelli, |

\Gnazzo, Acosta, Lopez, & Carrasco, 2010; Pham et al., 2019). Multiple additional

studies link glyphosate exposure to endocrine disruption, which can affect

developmental and reproductive health (Munoz, Bleak, & Calaf, 2021)) and often

have nonmonotonic effects (Vogel, 2008). Research also documents glyphosate

toxicity for placental cells—raising concerns for adverse effects in fetal development

(Benachour et al., 2007)).

Consistent with lab-based concerns for the effect of glyphosate on

development and reproductive health, several observational studies report

associations between glyphosate exposure and miscarriage (Arbuckle et al.)

2001)), gestational length (Parvez et all) 2018), and birthweight (Gerona et al.,

2022))—related to a growing literature on health risks from occupational exposure

(Tago, Andersson, & Treich) 2014)) to glyphosate |Zhang, Rana, Shaffer, Taioli, |

and Sheppard, (2019)) and other pesticides (Leon et al., 2019). Considering these

91



established mechanisms and documented associations, we evaluate the evidence for
a causal effect of glyphosate on perinatal health outcomes—particularly birthweight
and gestational length.

Beyond glyphosate-specific studies, a growing body of literature documents
adverse health effects associated with pesticide exposure, even at low doses
(Calzada, Gisbert, & Moscosol, 2023} Fletcher & Noghanibehambari, 2024; |E. Frank
& Taylor, 2022; [E. G. Frankl| 2024; |Jones|, [2020} [Larsen, Gaines, & Deschénes|,

2017; Taylor} 2022)). One of the closest studies to the current paper—by Larsen,
Gaines, and Deschenes [Larsen et al. (2017)—finds pesticide exposure increases
adverse birth outcomes (weight, gestation, and abnormalities) for California
mothers. The authors highlight that this effect is driven by the sub-population
exposed to the highest levels of pesticides. These results and the growing body of
literature motivate three points for our paper. First, birthweight and gestation are
plausible outcomes to test for the health effects of glyphosate. Second, if glyphosate
affects health, rural populations are likely the most impacted. Third, the effect of
glyphosate may be heterogeneous—varying within the exposed population. These
three observations lay the foundation of our analysis.

3.1.2 Empirical approach. We employ two complementary empirical
approaches—reduced-form DID and two-stage—to estimate the perinatal health
impacts from the rollout of GM crops and the ensuing intensification of glyphosate.
Both approaches employ similar strategies to isolate plausibly exogenous variation
in county-level GM adoption and glyphosate exposure by combining temporal
variation in the commercial release of GM seeds in the US with spatial variation
in the suitability for growing the main crops for which GM seeds are available—

corn, soy, and cotton. The temporal dimension of this strategy utilizes the arbitrary
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timing of the release of GM seeds. GM seeds became commercially available in
the US in 1996, and farmers rapidly adopted GM seeds and intensified glyphosate
applications in the following years. The strategy’s spatial dimension uses the fact
that these changes, on average, had larger impacts in places that were relatively
more suitable for the crops—typically where the crops were already grown.
Consequently, each approach leverages two comparisons to identify glyphosate’s
effect on perinatal health outcomes: (1) before versus after GM-induced glyphosate
expansion, and (2) areas more suitable for GM crops versus less-suitable areas.

The two empirical approaches provide complementary strengths. The
reduced-form DID approach requires weaker assumptions for identification
(discussed in Methods but only provides comparisons between more and
less GM-suitable regions—rather than direct quantification of glyphosate’s health
impacts. The two-stage approach provides this quantification but comes with
stronger assumptions.

3.1.2.1 Data. We measure perinatal health outcomes using the

universe of individual-level birth data from the National Vital Statistics System
(NVSS) during 1990-2013—the restricted-access natality files that allow us
to match each birth to the counties of occurrence and the mother’s residence
(National Center for Health Statistics, [1990-2013)). These natality data include
our primary perinatal health outcomes—birthweight and gestational length—
and demographic and residence information from both parents and birth-location
information. Our primary analyses focus on the over 10 million births that occurred
between 1990 and 2013 in rural US counties or involved mothers residing in rural

counties—as defined by the US Department of Agriculture (USDA). We focus on
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this subset as it represents the births most likely to be impacted by the increase in
glyphosate intensity and exposure induced by the release of GM seeds.

Using each infant’s mother’s county of residence, we match the birth to a
measure of glyphosate exposure—glyphosate intensity, defined as the volume of
annual, county-level estimates of agricultural glyphosate applications per square
kilometer of total county area—from the USGS National Pesticide Synthesis
Project spanning 1992-2017 (Baker & Stone, 2015). Our measures of crop
suitability—attainable yield estimates for corn, soy, and cotton—come from the
Food and Agriculture Organization of the United Nations Global Agro-Ecological
Zones modelling framework (FAO-GAEZ). These time-invariant predicted yields
result from modeling crop responses to environmental conditions such as soil type
and climate—holding management practices constant (FAO & ITASA| 2021). We
calculate a continuous GM suitability percentile from the GAEZ data using a
process described in

Fig. [12]illustrates both the spatial and temporal variation that we use
to identify the effect of glyphosate on infant health. Fig. maps the spatial
variation in GM-crop suitability. This suitability strongly correlates with the
increase in glyphosate intensity (kg/km?) after the introduction of GM seed—
shown in Fig. [12D] Fig. highlights how the commercial release of GM
seeds (dashed vertical line in 1996) drove marked increases in glyphosate use—
particularly for higher GM-suitability counties. While the figures show all counties,
we only use rural counties in our main analysis; Fig. S1 maps these rural counties.
Additionally, Fig. S2 shows state-level adoption rates of GM seeds over time—

adoption was rapid among all states.
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Figure 12. GM-crop suitability predicts glyphosate increases after GM-seed
introduction.

(a) Percentile of attainable yield for GM crops equals the difference in attainable
yield between high- and low-input scenarios from FAO GAEZ FAO and [TASA
(2021)) for corn, soy, and cotton. We rescale each crop to be a national percentile,
take the maximum over the three crops, and finally scaling again to be a national
percentile. (b) Change in glyphosate censored at the 15¢ and 99" percentiles.

(c) Total glyphosate application by GM crop suitability quartile. We restrict

our analysis to rural counties. See Fig. S1 for a map of the rural designation and
Fig. S2 for state-level GM adoption over time.
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3.1.2.2 FEstimation. We now discuss our two empirical approaches.

Methods section [Empirical strategy| elaborates on these strategies’ assumptions and

implementations.

Reduced-form DID approach Our reduced-form DID approach estimates
how infant-health outcomes in higher- and lower-GM-suitable counties diverged
after the introduction of GM seeds and the subsequent glyphosate intensification
(conditional on controls). Accordingly, this approach employs a difference-in-
differences (DID) estimator with continuous ‘treatment’ (GM-crop suitability)—
mainly relying upon a parallel-trends assumption, i.e.if GM seeds had not been
introduced, more and less GM-suitable counties would have continued on similar

trajectories (Angrist & Pischke, 2009).

Two-stage approach Our second approach uses a similar set of comparisons
to the reduced-form approach—high vs. low GM suitability, before vs. after the
GM-seed rollout. However, our two-stage approach—implemented as two-stage
least squares (2SLS)—scales reduced-form estimates by a first stage: the increase
in glyphosate intensity (kg/km?), estimated by the same double difference. We
capture the pattern of adoption by interacting the instrument (GM-crop suitability)
with indicators for year. 2SLS’s central assumption for a causal interpretation
is the exclusion restriction (Angrist & Pischke, |2009), i.e.conditional on our
controls, any divergence in perinatal health between high- and low-GM suitability

counties after the GM-seed rollout only occurred through the channel of increased

glyphosate exposure (discussed further in [Methods]).
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Event studies Because the instrument in our 2SLS approach interacts GM-
crop suitability with year indicators, its reduced-form and first-stage results
provide convenient graphical summaries, i.e.event studies. We define suitability as a

county’s maximum percentile of attainable yield across the GM crops corn, soy, and

cotton—scaled between 0 and 1 (further discussed in [Attainable yield|in Methods).

One can interpret the event study’s yearly coefficients as summarizing the difference
between the average health outcome in high-GM-crop suitability counties relative
to low-GM-crop suitability counties each year (relative to the 1995 difference). The
event study coefficients depict how infant-health differences between high- and low-
suitability counties evolved through time.

These event studies also provide evidence on the plausibility of the parallel-
trends assumption upon which the reduced-form DID results rely. Because the
event studies are also reduced-form results, causal interpretation only relies upon
the parallel-trends assumption, rather than the stronger exclusion restriction

required by 2SLS.

Separating glyphosate’s direct and policy effects Interpreting these
causal effects requires some nuance. glyphosate-tolerant GM seeds allowed
farmers to change their weed management practices—reducing their usage of non-
glyphosate pesticides and mechanical tilling (S. Lee et al., [2023). These—and
other—changes could potentially affect perinatal health, violating the exclusion
restriction. Therefore, we present two effects in our results—a policy effect and a
glyphosate effect.

The policy effect does not control for these other changes and thus captures

the total (net) effect of the introduction of GM seeds. For our reduced-form

DID results, the policy effect is potentially the more policy-relevant parameter
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as it aggregates across all of the health effects brought about by GM seeds and
glyphosate intensification relative to alternative practices in place before the
introduction of GM seeds. For this reason, the exclusion restriction for the 2SLS-
estimated policy effect represents a fairly strong assumption—violated if the GM-
seed rollout induced employment or non-glyphosate agricultural changes that
affected infant health.

Alternatively, by directly controlling for changes induced by the GM
rollout—non-glyphosate pesticides, fertilizer, population composition, and various
local economic conditions—the glyphosate effect provides an estimate of the direct
causal effect of glyphosate on perinatal health. This direct glyphosate effect still
requires an exclusion restriction: except for the pesticides, fertilizers, population
composition, and economic outcomes for which we control, no other mechanisms
affected perinatal that also correlated with both suitability for GM crops and
the timing of the GM-seed rollout. Accordingly, the glyphosate effect is likely
more appropriate for the two-stage approach—permitting a per unit of glyphosate
interpretation with a plausible exclusion restriction.

Finally, glyphosate-based herbicides like Roundup typically contain other
chemicals, e.g.surfactants that reduce surface surface tension. Our measured effects
include impacts from other ingredients mixed with glyphosate in commercial

herbicide formulations.

Heterogeneity In addition to estimating the average effect of glyphosate
exposure (methods described above), we also estimate heterogeneous effects.
Understanding heterogeneity in this setting is critical: health and policy
implications can differ depending on whom glyphosate impacts and how diffuse

the impacts are. Reductions in birthweight among infants already at risk for low
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birthweight are likely more costly than decreases in birthweight among higher-
weight infants.

We estimate glyphosate’s impact as a function of the infant’s expected
birthweight, which we estimate using a random forest trained to predict infants’
expected birthweights. Specifically, this learning model predicts birthweight as
a function of the infant’s and parents’ information—using data from all pre-

1996 births, before the glyphosate-resistant seeds were widely available. (See
SI Appendix 3.3.8 for detailed methodology.) The resulting predictions enable
us to test whether glyphosate’s adverse health impacts affected infants equally
or whether they concentrated in low- or high-weight births. Using predicted
birthweight allows us to avoid bias from splitting the sample on the outcome
(Elwert & Winship, [2014). Subsequently, we estimate our reduced-form and 2SLS
results by predicted-birthweight percentiles.

3.1.3 Results.

3.1.3.1 Reduced-form evidence of GM rollout’s health effects.
The event study in Fig. demonstrates that GM crop suitability strongly
predicts post-1996 increases in glyphosate application levels. Because GM crop
suitability is a continuous percentile, the plotted coefficients represent the difference
in glyphosate intensity between the highest and lowest GM suitability counties
relative to their difference in 1995. Before 1996, lower- and higher-GM-crop-suitable
counties followed similar glyphosate trajectories: the event study remains relatively
flat and near zero. However, after the 1996 introduction of GM seeds, glyphosate
intensity in counties with higher attainable yields for corn, soy, and cotton quickly
outpaced glyphosate intensity in less-suitable counties. As adoption accelerated,

this glyphosate intensity gap between high- and low-attainable yield counties
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Figure 13. GM-seed introduction increased glyphosate intensity in GM-crop
suitable areas; birthweight reductions were also higher in GM-suitable counties
and match GM-seed timing.

(a) Estimated event-study coefficients for the effect of local GM max attainable
yield percentile on glyphosate by year relative to 1995. Pesticide data only go back
to 1992 (no coeflicients in 1990-1991). (b) Similar event study for birthweight.
Both regressions represent the policy-effect specification: county and year-by-month
fixed effects and controls for parent demographics (mother’s age, race, education,
marital status, birth facility, resident status, previous births, fathers age and race,
and sex of infant). Standard errors cluster by state and year. Sample restricted to
births occurring in rural counties or to mothers residing in rural counties.
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widened. The event study confirms the strength of our instrument (percentile of
GM-crop suitability) and illustrates the first stage of our 2SLS approach.

The event-study results mirror the reduced-form DID estimates for the
policy effect on glyphosate in first row of Panel A of Fig. [14] (left columns). The
introduction of GM seeds significantly increased the glyphosate intensity in high-
GM-crop suitability counties by .023 kg/km? relative to low-suitability counties.
This effect is large—approximately the same level as the 2012 mean glyphosate
intensity.

These first-stage findings align with a plausible mechanism: higher
attainable yields fostered greater GM crop adoption, increasing glyphosate
application. ST Appendixz Fig. S4 shows applications of several prevalent
herbicides—alachlor, cyanizine, fluazifop, and metolachlor—decreased following
the release of GM seeds, suggesting farmers substituted away from these herbicides
and toward glyphosate. Consequently, we control for these pesticides—along
with fertilizer, several employment measures, and population composition—when
estimating the glyphosate effect and omit them when estimating the policy effect.

Fig. depicts a similar event study for birthweight—plotting each
year’s average birthweight difference between births in high and low GM-crop
suitability counties (relative to the 1995 difference) after controlling for maternal
demographics. Prior to the introduction of GM crops, the birthweight gap between
births in higher- and lower-attainable-yield counties remained stable. However,
beginning in 1996—coinciding with the release of glyphosate-tolerant seeds and
the intensification of glyphosate application—birthweights in higher-GM-suitability

counties began declining relative to lower-yield counties. In 2005, a decade after the
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introduction of glyphosate-tolerant seeds, the average birthweight in the highest-
yield county had fallen approximately 30 grams relative to the lowest-yield county.

Again, the reduced-form DID estimates for the policy effect on birthweight
in Panel A of Fig. [14] match the event study. Relative to low-suitability counties,
the average infant in high-suitability counties lost 29.4 grams from the introduction
of GM seeds and the ensuing intensification of glyphosate.

The event study in Fig. also visualizes the reduced-form estimates of
our 25LS estimator: the effect of high attainable yield for GM crops on birthweight
over time. The flat trend prior to 1996 in the event study coefficients of Fig.
also supports the parallel-trends assumption that underpins our empirical approach:
before the introduction of GM-tolerant seeds, counties followed similar trajectories
independent of GM-crop suitability.

The remainder of Panel A in Fig. [14] reproduces similar reduced-form DID
policy-effect estimates for five additional health outcomes. The results depict
similar, statistically significant adverse health effects for perinatal health. In
higher-suitability counties, the average birth’s gestation length declines 1.03 days,
probabilities of LBW and VLBW increased .51 pp and .11 pp, probability of
preterm increased 1.64 pp, and health index declined by .011. Reassuringly, the
probability of C-section was unaffected. SI Appendiz Fig. S5 provides reduced-form
event studies for each of these results.

The reduced-form DID estimates for the glyphosate effect on the right side
of Panel A (Fig. tell a very similar, slightly attenuated, story: the introduction
of GM seed significantly reduced perinatal health in high-suitability counties (LBW
and VLBW are significant at the 10% level). The fact that directly controlling

for potential confounders of glyphosate does not substantially alter the results
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lends plausibility to the exclusion restriction required by our 2SLS. Together, the
reduced-form event-study and DID results bear considerable evidence that the
release of GM seeds in 1996 led to significant deterioration of perinatal health in

high GM-attainable-yield counties relative to low-yield counties.

Policy effect Glyphosate effect

Outcome (unit) Estimate Conf. Interval Estimate Conf. Interval 2012 Mean

Panel A: Reduced-form DID results

Glyphosate (kg/km?) .023 [.014, .033] .011 [.006, .017] .023
Birthweight (g) —20.4  [-44.5, —14.4] —23.8  [-38.9, —8.68 3,271.1
Gestation (days) ~1.03  [-1.55, —.52] —83  [-1.32, —.34] 270.5
LBW (pp) 51 .10, .91] AT [-.08, 1.02] 8.0
VLBW (pp) 11 .03, .19] 09 [-.06, 23] 1.4
Preterm (pp) 1.64 [.58, 2.70] 1.07 [.16, 1.97] 20.7
Health index —.011 [—.016, —.006] —.010 [—.015, —.005] —.015
C-section (pp) 11 [~1.33, 1.55] —.03  [-1.40, 1.33] 27.8
Panel B: 25LS results
Birthweight (g) ~19.6  [-34.7, —4.6] —298  [-52.5, —7.2] 3,271.1
Gestation (days) —1.00 [—1.55, —.45] —1.49 [—2.28, —.70] 270.5
LBW (pp) 39 .03, .75] 65 [18, 1.12] 8.0
VLBW (pp) 11 [.03, .19] 20 [.07, .34] 1.4
Preterm (pp) 1.41 [.39, 2.43] 2.14 [.73, 3.55] 20.7
Health index ~.0093  [~.015, —.0038] —.013  [-.022, —.0039)] —.015
C-section (pp) .76 [—.19, 1.70] .87 [—.83, 2.58] 27.8

Figure 14. Glyphosate’s direct and policy effects reduced birth outcomes for the
average rural birth.

All reported estimates are the effect at the weighted mean of glyphosate in 2012,
where we weight by total births. Panel A reports difference-in-difference estimates
comparing high- and low-GM suitability counties before and after the release of
GM seeds in 1996. We use 1990-1995 as our pre-period and 2005-2010 as the
post-period to drop the transition phase. Panel B reports 2SLS estimates from
2SLS regression of perinatal health on glyphosate, instrumenting for glyphosate
with GM suitability interacted with year dummies. The Policy effect controls

for family demographics. The glyphosate effect controls for other pesticides and
unemployment. See text for details. LBW and VLBW give the probabilities of
low birthweight (<2500g) and very low birthweight (<1500g) in percentage points
(0-100). 95% confidence intervals calculated using standard errors clustered by year
and state. Sample restricted to births occurring in rural counties or to mothers
residing in rural counties.

3.1.3.2 The effect of glyphosate on perinatal health. Our two-

stage results integrate the variation depicted in Fig. [13]into a 2SLS framework—
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effectively dividing the health-outcome event study in Fig. by the glyphosate
event study in Fig. [I3al In fact, scaling the reduced-form DID by the corresponding
glyphosate effects generates very similar estimates to 2SLS (ST Appendiz Table S4).
Panel B in Fig. (4] reports the estimated effect (and 95% confidence interval) of
glyphosate exposure at the 2012 mean level of glyphosate intensity (0.023 kg/km?).
SI Appendiz Table S3 contains the corresponding regression coefficients.

As discussed above, the glyhosate effect (i.e.controlling for potential
violations of the exclusion restriction) is likely the more appropriate parameter
to consider for the two-stage results. Accordingly, we focus our discussion of the
2SLS results on the glyphosate effect. However, Table [14] provides 2SLS policy-
effect estimates for comparison.

The 2SLS glyphosate-effect results in Panel B of Fig. [14] (right side) indicate
that for the average rural birth, exposure to glyphosate at its 2012 mean intensity
significantly reduced birthweight by 29.8 grams; reduced gestation 1.49 days;
increased the probabilities of LBW, VLBW, and preterm by .65, .20, and 2.14 pp;
and reduced the composite health index by .013. Comparing these effects to each
outcome’s mean value suggests that the effects are indeed meaningful: relative to
the outcomes’ means, the effects represent 0.9% of mean birthweight, 0.6% of mean
gestation, 8.1% of LBW, 14.3% of VLBW, 10.3% of preterm probability, and 87.7%
of the health index. Again, the effect on the probability of a C-section is positive
but not statistically significant and small in magnitude. Together, these results
indicate that even at the mean level of intensity in the US, glyphosate exposure
significantly deteriorates infant health.

These glyphosate effects result from local (own-county) exposure. Unlike

Dias, Rocha and Soares |Dias et al| (2023)) and Skidmore, Sims, and Gibbs
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Skidmore et al.| (2023), we do not find any significant effects of glyphosate sprayed
upstream—SI Appendix N.2 contains the results of our water-based analysis.

These findings are robust to a number of modeling alternatives. S
Appendiz Fig. S6 provides 2SLS estimates for the marginal effect of glyphosate on
birthweight, where we vary the inclusion of controls, fixed effects, and the definition
of attainable yield. Event studies for birthweight under these alternative models are
also robust (SI Appendix F), and specification charts for other outcomes are in SI
Appendix G. We also estimate OLS results without instruments in SI Appendix C
and a “shift-share” model with slightly different identifying assumptions in SI
Appendix E. Finally, ST Fig. S21 shows results from estimating the model on
different geographic subsets of the United States. In each case, the results are
qualitatively unchanged.

We also investigate various threats to identification. A primary concern for
our approach is whether the release of GM seeds coincided with non-glyphosate
socioeconomic effects which also affected birthweight—e.g.employment or income.
Notably, there is no evidence that the introduction of GM seeds significantly
affected average farm or non-farm income in the study counties. The event study
for the unemployment rate does show a trend—suggesting the potential for bias if
excluded (SI Appendiz Fig. S28). However, controlling for unemployment does not
meaningfully change our results, suggesting employment changes are not driving
our results.

3.1.3.3 Heterogeneity in glyphosate’s health impacts. The
results in the previous sections estimate the average effect of glyphosate within
a heterogeneous population—where the effect of glyphosate may differ across

individuals. Fig. [15|shows the two-stage estimates for policy and glyphosate
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effects on birthweight vary considerably by decile of expected birthweight.

SI Appendiz H explains our prediction of birthweight. Both effects exhibit
considerable heterogeneity that follows the same pattern: the magnitude of
glyphosate’s estimated effect on birthweight is largest in the lowest decile (i.e.for
births with the lowest expected birthweight), and the effect declines as the
percentile of predicted birthweight increases. SI Appendiz Fig. S9 shows first-
stage and reduced form results for birthweight by predicted birthweight quintile.
The glyphosate effect on birthweight in the first decile is 12 times larger than in
the tenth decile. Accordingly, glyphosate’s largest impact concentrates among the
most vulnerable births: the estimated glyphosate effect in the first decile at mean
2012 glyphosate exposure is a loss of 75 grams, relative to just 6 grams in the tenth

decile of predicted birthweight.
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Figure 15. Birthweight losses due to glyphosate and GM are largest for births with
the lowest expected birthweights.

Estimates of the policy and glyphosate effects on birthweight by predicted
birthweight deciles. Each estimate is from a separate regression. All regressions
include controls for family demographics, county fixed effects, and year by month
fixed effects. Sample restricted to births occurring in a rural county or to mothers
residing in a rural county. Standard errors are clustered by year and state.
glyphosate instrumented with GM max attainable yield percentile.
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We also find significant evidence that glyphosate’s effects vary with
expected birthweights for several other health outcomes—gestation length and the
probabilities of low and very-low birthweight. The increase in the probabilities
of low birthweight and very-low birthweight are more than 60 times larger in
the lowest decile than in the top decile of expected birthweight. SI Appendiz
Fig. S10 illustrates heterogeneity in the policy effect for all outcomes by predicted
birthweight quintiles, deciles, and ventiles. As with birthweight, the most acute
effects for gestation occur in lower percentiles, declining in magnitude with
predicted birthweight percentile. Unlike our birthweight results, where we find no
significant effect among higher percentiles, we find statistically significant evidence
that glyphosate reduces gestation length in every decile. At the 2012 mean level of
glyphosate exposure, the glyphosate’s effect on gestation ranges from —2 to —0.8
days for the average birth. Again, these results suggest the most vulnerable infants
bear the largest perinatal health impacts.

3.2 Discussion

This study finds significant evidence that glyphosate adversely affected
births across several measures of perinatal health throughout the rural United
States in the last twenty years. To our knowledge, these findings are the first
quasi-experimental evidence of glyphosate’s adverse health effects at a population
scale in the US. However, they are consistent with a growing body of literature
documenting glyphosate’s negative impact on development and reproduction. Using
machine learning to predict expected birthweights, we find significant heterogeneity
underlying the effect of glyphosate on perinatal health: glyphosate’s adverse effects

are largest for infants with the lowest expected birthweights.
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Other effects While this estimated effect of GM seeds and glyphosate on
perinatal health highlights a critical consequence of herbicide application, it
represents only part of the total potential externality associated with increased
chemical usage. The previously discussed toxicology literature suggests several
additional mechanisms and effects on human health that we do not measure here.
Lab experiments (Dallegrave et al., [2003; Paganelli et al., 2010; [Pham et al.,

2019) and recent observational work suggest additional ecological costs, such as
biodiversity loss (Engist, Guzman, Larsen, Church, & Noackl, 2024).

Although it does not address all of glyphosate’s effects, using birthweight as
our primary outcome offers several advantages. As discussed above, prior research
establishes adverse effects of glyphosate on reproduction/development and finds
glyphosate in the urine of nearly every expectant mother. Numerous studies then
link birthweight to other later-life outcomes (Bharadwaj, Lundborg, & Rooth| 2017;
Heijmans et al., [2008)). Additionally, data on birthweight is widely available and
reliable—the US has accurately and objectively measured the birthweight of nearly
every child born for decades. Infants are also less prone to endogenous responses to
health and environmental shocks. Similarly, infants have short histories over which
they can accumulate exposure—simplifying exposure measurement. Birthweight
thus provides both a key health outcome and a canary-in-a-coalmine-like indicator
of glyphosate toxicity. Ample opportunities exist for future work to test additional
costs and benefits of glyphosate and GM technology to more broadly assess welfare

effects.

Heterogeneity, mechanisms, and inequity Several mechanisms potentially
explain the observed heterogeneity. While we cannot fully disentangle these

mechanisms, we use the dimension along which we observe heterogeneity—
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predicted birthweight—to understand which attributes correlate with the most-
affected births. As predicted birthweight results from a predictive model trained on
the demographics of infants” parents, we observe which parental attributes correlate
with lower predicted birthweight and, consequently, more adverse glyphosate
effects. Fig. [L6| reveals that lower predicted-birthweight infants are more likely

to be female, Black, and/or children of unmarried parents. The predictive model
places nearly all births to Black parents into the first quintile, where we detect

the most adverse impacts of glyphosate. If we estimate our main model separately
for births to white and non-white mothers, we find that the Glyphosate Effect

is 1.8 times larger for births to non-white mothers relative to white mothers

(SI Appendiz Fig. S7). This finding links to an extensive environmental justice
literature that documents Black households’ unequal pollutant exposure (Banzhat,
Ma, & Timmins, [2019b)).

We observe similar effects on male and female births within birthweight
quintiles (ST Appendiz Fig. S11). Therefore, the increased effect among low-
predicted birthweights is not driven by a larger effect among females. However,
female births still bear a larger health burden since they make up a larger
proportion of low-predicted births.

The fact that the adversity of glyphosate’s effects correlates with race and
sex highlights a potentially serious issue for equity. Further, we find the most
adverse effects among the lowest expected-weight births—potentially magnifying
short-term healthcare costs (Beam et al., [2020), later-life outcomes/welfare
(Bharadwaj et al., 2017)), and epigenetic/intergenerational consequences (Heijmans
et al., 2008). Consequently, our results have potentially important implications for

equity and justice in the US.
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Figure 16. Female infants, children of Black and non-White parents, and children of
unmarried parents have lower predicted birthweights.

Each line represents the percent of births (y-axis) within the demographic group
(line color) at each predicted birthweight percentile (z-axis) for births to mothers
with rural residences. Predicted birthweight percentile is calculated relative to the
distribution of rural-residence births in years prior to 1996. Averages cover two-
percentile bins.

Unfortunately, data limitations restrict us from further testing potential
mechanisms. While our empirical approach recovers the causal effect of glyphosate
on perinatal health, it does not provide causal estimates for the drivers of
heterogeneity. One potential mechanism for the heterogeneity is differential
exposure. Because the natality and glyphosate data are only resolved at the county,
we cannot test whether infants with lower predicted birthweights face higher levels
of glyphosate relative to other infants in their county. Differential baseline health
(or healthcare access) could also contribute to the observed heterogeneity. Further,
the shape of glyphosate’s damage function is unknown. If glyphosate has nonlinear
effects on health—nonlinear in glyphosate exposure or due to interactions with

other health risks/complications—differential exposure or heterogeneous non-

glyphosate health risks could also produce these heterogeneous impacts. Finally,
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our examination of heterogeneity focuses on only one of many possible dimensions.

Future work could contribute to many of these issues with more resolved data.

Magnitude of results The results in this paper indicate glyphosate exposure
adversely affects perinatal health. Whether the estimated effects are large in
magnitude depends upon several dimensions of heterogeneity and potentially on
additional nuance.

It is important to consider that the effects presented in Table [14] are average
effects, in two senses, namely, averaged across all rural infants and calculated for
the exposure to the average glyphosate intensity in 2012 (approximately .023
kg/km?). For birthweight, this average effect of glyphosate is a reduction of
20-40 grams (1 percent). The corresponding implied increases in probabilities
of low birthweight and preterm birth (.4—.6 pp and 1.4-2.1 pp, respectively)
represent percent increases of approximately 5-9% and 7-10%. If all infants faced
a 20-40 gram reduction in birthweight (or 1%), there may be minor concern for
public health, with the exception of the most vulnerable infants—e.g.the lowest-
weight infants for whom marginal benefits of weight may be high. Indeed, Currie,
Greenstone, and Meckel (2017) consider a similar birthweight effect small (Currie,
Greenstone, & Meckel, 2017)). However, our estimated average effect on birthweight
is larger than impacts estimated by several recent studies on regulated pollutants—
e.g.13.2-gram reduction from a one-standard-deviation increase in late-term CO
exposure (Currie, Neidell, & Schmieder, 2009) and 6-7 gram reduction for each
‘cheating’ diesel Volkswagen (per 1000 cars) (Alexander & Schwandt) 2022). The
magnitude of our average effect is quite close (but opposite sign) to estimates for

the effect the Food Stamp Program (Almond, Hoynes, & Schanzenbach, 2011]).
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Our estimates for the average effects on the probabilities of low birthweight
and preterm births are very similar (both in level and percent) to recent work
on exposure to leaking underground petroleum storage tanks (8.7% LBW; 7.4%
preterm) (Marcus, 2021)), automobile-based air pollution (11.8% LBW; 10.8%
preterm) (Currie & Walker, 2011)), late-term exposure to CO (8.6% LBW) (Currie
et al., [2009), and in utero exposure to chemicals via drinking water (6.5% LBW)
(Currie, Graff Zivin, Meckel, Neidell, & Schlenker, 2013). Our estimated average
effect of glyphosate on the probability of low birthweight is approximately one
third of estimated effects for infants born to families within 1 km of a fracking site
(Currie et al., 2017)).

However, Fig. [15| highlights significant heterogeneity underlying the average
effects discussed above. Considering both the heterogeneity depicted in Fig.
and additional heterogeneity in glyphosate intensity is critical in assessing the
magnitude of the estimated effects.

As Fig. [15] illustrates, the estimated impact of glyphosate on birthweight
for infants in the lowest expected-birthweight decile are 5-12 times larger than the
highest decile—and approximately 2.5 times larger than the average effect. At the
mean level of 2012 glyphosate exposure, the estimated effects for infants in the
first decile are 46-77 grams—suggesting infants in this already-low-weight group
lost 2-4% of their expected birthweight due to glyphosate. We find even larger
heterogeneity on the probability of low-weight birth: the effect (.7-1.1 pp increase)
for the lowest decile is 4 times larger than the average effect and 50-60 times larger
than the effect for the top decile.

The paper presents results as effects from exposure to the mean level of

2012 glyphosate intensity—e.g. Table [14] (approximately .023 kg/km?). However,
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glyphosate intensity varies substantially in the US: exposure is 50% higher at

the 75" percentile, 200% higher at the 90" percentile, and 300% higher at the
95t percentile. Accordingly, at the 90" percentile (i.e.for a quarter of rural US
births), we estimate that the average (pooling across expected birthweight) loss
in birthweight is 62-95 grams—i.e.2-3% of the mean birthweight. Exposure to
glyphosate at the 90" percentile of glyphosate intensity increases the probabilities
of low birthweight and preterm birth by 1-2 pp (LBW) and 4-7 pp, respectively.
At the 90' percentile, our estimated effects for the probability of low birthweight
are on the same scale as the effect of living within 1 km of a fracking site (Currie
et al., [2017). The relatively large size of effects implied at higher percentiles of
pesticide intensity is consistent with the results of Larsen, Gaines, and Deschénes,
who find adverse infant health effects from pesticides concentrate in the top

5 percent of exposure (Larsen et al 2017)). It is important to note that this
discussion assumes glyphosate’s damage function is linear (SI Section I discusses
further). Regardless of the damage function’s shape, only considering average
exposure may obscure key insights into glyphosate’s health impacts within the US
population.

The discussion above separately considers the two dimensions of
heterogeneity. However, low-expected birthweight infants are not all exposed to the
average glyphosate intensity. In fact, the correlation between expected birthweight
and glyphosate intensity is quite low (.02). For a first-decile expected birthweight
infant, exposed at the 90" percentile of glyphosate (affecting approximately one
percent of rural births), the estimated weight lost due to glyphosate is 146-243
grams—a loss of 5-9 percent of the infant’s expected weight. The corresponding

calculation for the probability of a low-weight birth implies an increase of 5-
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8 percentage points (on a base). These estimates suggest a small subset of the
population may bear particularly large health burdens from glyphosate exposure.
Finally, the paper’s results likely present a lower bound for the true impact
of glyphosate due to aggregation bias (ecological fallacy) inherent to the data—
understating glyphosate’s actual health burden for exposed individuals. Because
the match between birth outcomes and glyphosate exposure is only possible at the
county level, it is likely that some infants with little true exposure to glyphosate
received high-glyphosate exposure in the data (the reverse is also likely). The
resulting aggregation bias attenuates the differences between true high- and low-
exposure individuals—likely attenuating our estimates (Banzhaf et al.| 2019b).
Future work with better measurements of mothers’ exposures could resolve this

issue as recent work has done in other settings (Currie et al., [2017, 2009).

Broader considerations GM crops and the resulting glyphosate
intensification profoundly changed agriculture. In this study, we quantify one
health externality caused by these technological innovations, which reduced average
birthweight by 23-32 grams at the average level of glyphosate exposure.

To put the estimated glyphosate health damages in perspective, we convert
them to dollars. Waitzman, Jalali, and Grosse estimate that a preterm birth
costs an additional 82 thousand USD (2023 dollars) relative to a full-term birth
(Waitzman, Jalali, & Grosse, 2021)). This estimate includes additional medical care
following the birth, special education expenses, and lost labor market earnings later
in the child’s life. These estimates may omit additional costs from glyphosate. We
combine our estimates from Table [14] on the increased probability of preterm birth

and the number of total births in 2012. This calculation implies the economic costs
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of the reduced-form policy effect were 800 million USD annually and just over 1
billion USD annually for the 2SLS glyphosate effect (both in 2023 dollars).

Our findings, combined with other recent work (Camacho & Mejiay, 2017}
Dias et al., [2023; Skidmore et al., |2023), challenge the prevailing regulatory position
that GM crops and their associated agricultural practices are safe—and even
beneficial—for health. Advocacy historically argued that glyphosate is less toxic
than the herbicides it replaced. The mounting evidence of the negative health
externalities associated with the rollout GM crops and the ensuing glyphosate
intensification warrant new policy discussions about informed, efficient, and
equitable regulation of these technologies. Efficient policy must carefully weigh
these practices’ economic benefits against the adverse health effects we identify and
other human /ecological costs. Further, policymakers must consider the unequal
burden glyphosate appears to levy.

Additional work is needed to better understand the benefits and costs of
GM crops, glyphosate, and the specific exposure mechanisms underlying their
effects. For instance, unlike Dias, Rocha, and Soares Dias et al.| (2023) and
Skidmore, Sims, and Gibbs Skidmore et al. (2023), we do not find evidence of
health effects from upstream glyphosate use (see SI Appendix replaceN). This
difference could result from differences in water treatment, measurement error in
upstream-glyphosate exposure, or other meteorologic/geologic/hydrologic factors.

The US EPA’s current approval process for agricultural chemicals is rife
with opportunities for regulated entities to affect the review’s outcome—including
a reliance upon non-peer-reviewed, applicant-generated studies (ignoring conflicts
of interest) (C. Benbrook, [2020; |C. M. Benbrook, 2018; [Sheppard, McGrew,

& Fenskel |2020); selective reporting/testing (C. M. Benbrook, 2018} 2019);
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flawed research designs (vom Saal et al., 2010)), implementation (Mie, Rudén, &
Grandjean, 2018), and analyses (Sheppard et al., 2020); limited post-approval
monitoring (C. M. Benbrook, 2018); and a general lack of transparency/oversight
(Davoren & Schiestl, 2018). (See Regulatory oversight in SI Appendiz A for an
extended discussion.) Uncertainty around glyphosate and GM health impacts has
not slowed the spread of these technologies. Neither has this uncertainty led to
substantive monitoring that would enable regulators or researchers to precisely
estimate damages, disentangle exposure mechanisms, or understand heterogeneity
in glyphosate’s damage function. Despite the relative dearth of data, consistent
evidence is emerging that GM-spurred glyphosate intensification adversely affects
health. Nevertheless, without further research, improved monitoring/data, and
re-optimized policies, the public will likely continue to bear the health burden of
glyphosate inefficiently and unequally.
3.3 Methods

3.3.1 Infant health data. We use the universe of births in the
United States between 1990 and 2013 from the National Vital Statistics System
(NVSS). The birth data contain information recorded on the birth certificates,
including month and year of birth, sex, birthweight, APGAR score, live birth
order, total birth order, whether the birth was a C-section, gestation length, and
dummies for a battery of birth defects. The birth certificates also contain certain
demographics of the mother and father—namely race, ethnicity, age, education,
marital status, and residence status. We have access to the restricted (human-
subjects exempt (Data Sets Not Requiring IRB Review) 2024])) versions of these

files, which identify the county of birth and county of mother’s residence for all
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births, compared to the publicly available data, which hides geographic identifiers
for counties with less than 100,000 residents.

3.3.2 Pesticide use estimates. Our measure of glyphosate use
comes from the United States Geological Survey’s Pesticide National Synthesis
Project (Baker & Stone| 2015 Thelin & Stone|, 2013). The USGS surveyed farmers
to calculate pesticide use rates per acre of different crops planted at the crop
reporting district level. They then multiply these usage rates by the total acreage
of each crop within the crop reporting district to estimate the total amount of
each pesticide used, measured in kilograms. Each pesticide has two estimates,
high and low, where the high value assumes crop reporting districts with a missing
usage rate for a pesticide applied the pesticide at the same rate as their neighbors
on each crop. The low value assumes a missing usage rate for a pesticide means
that farmers did not apply that pesticide. We use the high value throughout our
analysis. Additionally, we normalize by the total area of each county, thus our
measure of glyphosate and other pesticides are in kilograms of active ingredient
per square kilometer (kg/km?).

3.3.3 Attainable yield. We use the FAO-GAEZ attainable yield for
soybeans, corn, and cotton to measure the suitability of a county for genetically
modified crops (FAO & ITASA| 2021). These data assign potential yield values
to one square kilometer pixels based on environmental factors such as soil type,
slope, and climate. We aggregate the pixels to the county by taking the average
of all pixels within a county. We take the difference between the high-input
attainable yield and the low-input attainable yield to focus on the counties with
the largest incentive to adopt GM crops. The underlying model calculates the

high-input scenario assuming that farmers have access to modern technology for
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crop management, including GM seeds. Whereas the model calculates the low-
input scenario assuming more traditional farming methods. We aggregate the
three GM crops by standardizing the attainable yield difference so that each crop
has a mean of zero and a standard deviation of one. We then take the maximum
across the standardized yield differences, then re-scale this average into national
percentiles. SI Appendix B discusses the validity of the GAEZ data in light of new
work comparing historical yields to GAEZ predictions (Rhode, [2024).

3.3.4 Additional data. We supplement our analysis with several
additional data sources. First, classify counties as rural using the 2003 Rural-Urban
Continuum codes from the US Department of Agriculture (USDA) (mapped in
Fig. S1). A rural county is any non-metro county, where the USDA defines a metro
county as, “broad labor-market areas that include central counties with one or
more urban areas with populations of 50,000 or more people. They also include
outlying counties that are economically tied to the core counties as measured by
labor-force commuting” (Documentation, [2023)).

We use workforce data from the Bureau of Labor Statistics (BLS) Local
Area Unemployment Statistics. These data report the annual average number of
employed and unemployed workers going back to 1990. We supplement these data
with annual, county-level income and employment data split by farm and non-farm
from the Bureau of Economic Analysis (BEA). They report these data going back
to 1969 and source the data from the US Bureau of Labor Statistics and Internal
Revenue Service.

Finally, we use annual county-level acreage and yield of various crops—
including the main GM crops, corn, soy, and cotton—from the USDA National

Agricultural Statistics Service (NASS). Additionally, we collect data on county-level
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fertilizer use from the USGS [Falcone, (2021). We employ an interpolation process
described in SI Appendix B to generate annual fertilizer estimates for each county.

3.3.5 Empirical strategy. We aim to estimate the causal effect of
glyphosate exposure—induced by the roll-out of GM seeds—on infant health. To
isolate exogenous variation in glyphosate use, we leverage temporal variation from
the commercial release of GM crops in 1996 and spatial variation in GM adoption
due to differences in environmental suitability for growing those crops.

Define a linear model for the effect of local glyphosate (/3)
Health,-jt = BGLY]t + FXz'jt + Q; + /\t + Eijt (31)

for individual 4, in county 7, in year t. GLYj; represents local glyphosate exposure,
measured as the total mass of glyphosate sprayed per square kilometer of total
area in county j in year ¢ (kg/km?). X;; provides a vector of controls. «; and

A¢ are county and month-of-sample (e.g.January 2012) fixed effects. Estimating
(3.1) with OLS is unlikely to identify the true effect of glyphosate on health due to
endogeneity and measurement error.

The main endogeneity concern is that the adoption of GM technology and
glyphosate may correlate with unobservable factors that affect perinatal health.
To rectify the measurement and endogeneity issues, we use instruments—in a
reduced-form DID and a 2SLS estimator—that isolate exogenous variation in local
glyphosate exposure. Our instruments are the maximum percentile of attainable

yield for GM crops for county j, denoted GM;, interacted with dummy variables for

each year (described in |Attainable yield)). The first stage in our 2SLS estimator is

GLYijt = Z ’}/TGM]' X ]l(t = T) + FXZ‘jt + Oéj + )\t + 5ijt (32)
T#1995
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2SLS uses predictions from (3.2) in place of GLYj; in to estimate a causal
effect of glyphosate on perinatal health.

While we have micro-data (birth-level) on birth outcomes, we do not have
precisely measured glyphosate exposure leading to measurement error. We expect
some mothers within a county are highly exposed to glyphosate while others are
not. However, data limitations force us to assign the same level of exposure to all
births within a county. This measurement concern relates to the ecological fallacy
and likely leads us to underestimate the magnitude of glyphosate’s damages to an
individual’s health. As described by Banzhaf, Ma, and Timmins Banzhaf et al.
(2019b)) “When measuring the correlation between pollution and demographics, the
‘ecological fallacy’ can arise when inferring relationships between individual units
(like households) from larger, more aggregated units (like counties) that contain
those units.”

3.3.6 Identification. Throughout the paper, we employ two
complementary empirical approaches: a reduced-form DID and 2SLS. Both
approaches use similar instruments that combine spatial variation in the suitability
for GM crops with temporal variation from the introduction of glyphosate-tolerant
seeds. While thus related, the two approaches rely upon different assumptions for
causal identification.

3.3.6.1 Reduced-form DID. The reduced-form DID results rely
upon a parallel-trends assumption: had GM seeds not been released, then the
relative difference between more and less GM-crop-suitable counties (high- and low-
attainable yield counties) would have remained constant in terms of infant health—

conditional on fixed effects and controls.
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Differential trends in higher and lower attainable-yield counties, prior to the
release of GM crops, would violate this assumption. A single outlier year for higher-
or lower-yield counties could also affect our results despite a smooth increase in
glyphosate through time. To assess these concerns, we estimate the event-study

model

Health,-jt = Z ’YTGM]' X ]l(t = 7') + FXz'jt + Q; + /\t + 5ijt
T#1995

interacting GM; (continuous percentile of GM crop suitability) with year
indicators. The measured effects (v, ) provide the difference in perinatal health
between the highest and lowest attainable yield counties relative to their

1995 difference (the year before the GM-seed rollout and ensuing glyphosate
intensification). County fixed effects absorb average differences between higher and
lower yield counties. Consequently, an event study with no trend in the ~, prior

to treatment (pre-1996) supports our identifying assumption for the reduced-form
DID.

Event studies in Figs. [13| and S5 support this assumption: prior to 1996,
the event studies are relatively flat and near zero—bearing no strong evidence of
differential trends in infant health or (glyphosate intensity) related to counties’
GM suitability. After the GM-seed rollout higher-suitability areas accelerate in
glyphosate intensity and decline in perinatal health outcomes.

The panel variation in our instrument is critical for identification, as it
permits a comparison of pre-GM wversus post-GM outcomes across higher- and
lower-suitability areas. Without this panel variation (and the shock of GM seed’s
rollout), identification would exclusively come from cross-sectional pesticides
differences and could easily conflate health effects from glyphosate exposure with

cross-sectional health differences that correlate with the geophysical determinants
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of GM suitability. Instead, reduced-form estimates come from comparing the
difference between higher- and lower-GM-suitability counties after the GM rollout
to the difference between higher- and lower-GM-suitability counties before the
GM rollout. Thus, even if the geophysical determinants of GM-crop suitability
correlate with cross-sectional differences in health (e.g.healthcare access), our
identification only relies upon more- and less-suitable areas following similar
trajectories (i.e.parallel trends). Cross-sectional differences will be absorbed by our
fixed effects. Again, the timing of the effects depicted in the event studies support
the idea that differences between high- and low-GM-suitable counties were stable
until to the introduction of GM seed and the glyphosate intensification. These
points are also relevant for the 2SLS results discussed next.
3.3.6.2 Two-stage least squares. Our two-stage approach estimates

with two-stage least squares (2SLS), instrumenting glyphosate exposure with
GM-crop suitability interacted with year indicators (Eq. . Interpreting these
2SLS estimates as the causal effect of glyphosate requires the instrument is relevant
to glyphosate intensity, exogenous, and satisfies an exclusion restriction (Angrist &
Pischke, 2009).

The relevance of the instrument is evident Fig. [I3al on average, after the
GM rollout, glyphosate intensity increased more in higher-GM-crop-suitability
counties than in lower-suitability counties.

The exogeneity of this instrument—and thus the variation it extracts—
comes from the fact that its spatial variation (GM suitability) is a function of

environmental factors unaffected by GM /glyphosate adoption and its temporal
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variation comes from the arbitrary timing of GM seed’s rollout. The event studies
discussed above support this exogeneityﬂ

Interpreting 2SLS estimates as the causal effect of glyphosate hinges on
the instrument satisfying an exclusion restriction. In our context, this exclusion
restriction is that conditional on our controls, GM-crop suitability (interacted
with year) only affected infant health through changes in glyphosate use. In other
words: GM-crop suitability (interacted with year) should only affect infant health
via increased glyphosate exposure, conditional on controls. If the rollout of GM
technology induced other, non-glyphosate changes in more-GM-suitable counties
and these changes had infant-health effects (after conditioning on covariates and
fixed effects), then the exclusion restriction would be violated.

Non-glyphosate pesticides replaced by glyphosate potentially violate this
exclusion restriction. Consequently, 2SLS without controls for non-glyphosate
pesticides could be biased (likely downward) for glyphosate’s actual health effects—
failing to exclude health improvements from reduced exposure to non-glyphosate
pesticides. Fertilizer, employment, and income changes present similar potential to
violate the exclusion restriction. Thus, we emphasize that the glyphosate effect is
the appropriate estimand for 2SLS—directly controlling for potential exclusion-
restriction violations. With these controls and the instrument’s exogeneity, we
believe the exclusion-restriction is plausible.

Finally, settings with potentially heterogeneous treatment effects require
an additional assumption: monotonicity. In our context, monotonicity requires

that increasing attainable yield in a county would result in that county using

!Table S1 compares summary statistics for high-yield counties, low-yield counties, and urban
counties before the release of GM crops. Births in high- and low-yield rural counties were quite
similar during this period—as were many other outcomes.
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weakly more glyphosate—i.e.increasing suitability for GM crops would not reduce
a counties’ glyphosate intensity. This assumption appears quite reasonable in our
setting, and we have no reason to believe that decreasing a county’s suitability for
corn, soy, or cotton would increase glyphosate, all else equal.

3.3.7 Birth-outcome index. Because we estimate the impact of
glyphosate on multiple birth-health outcomes, we are testing multiple hypotheses.
Accordingly, the stated error rate of each hypothesis test may not accurately reflect
the joint error rate. Following Currie, Greenstone, and Meckel (2017), to assuage
multiple-hypothesis-testing concerns, we construct a single birth-health index from
our five variables of interest—birthweight, gestation length and indicators for low
birthweight (<2500g), very low birthweight (<1500g), and pre-term (<37 weeks).
(Because C-section functions as a falsification test, we exclude it from our index.)
This single index provides a single test for composite health at birth upon which
one may focus without concerns regarding multiple inference (M. L. Anderson,
2008). Following Currie, Greenstone, and Meckel, the index is a weighted average
of the variables, where the weights use inverse-covariance weighting—capturing
variables’ covariance and differences in their variances (Currie et al., [2017)).

3.3.8 Predicting birthweight. Models like Equation identify
a single, average effect—as in Table [I4] If individuals respond differently to
glyphosate exposure, an average effect obscures this heterogeneity. Further, this
heterogeneity is potentially critical to understanding the health impacts and
policy remedies of the documented losses of birthweight—for example, if the lost
birthweight came from lower-weight infants, as opposed to higher-weight infants.
Thus, who lost weight could be key. We estimate heterogeneity in the effect of

GM seeds and glyphosate on infant birthweight and gestation as a function of the
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infant’s birthweight percentile—with two nuances. The first nuance centers on an
issue of causal identification; the second is operational.

First, rather than using an infant’s actual birthweight percentile, we use the
percentile of the infant’s predicted birthweight. We train a random forest to predict
birthweight using features from the NVSS that describe the infant, mother, father,
and birth locationﬂ The training sample for this prediction is the universe births
in the contiguous US before the mass introduction of GM crops and the ramp-up
of glyphosate application (before 1996)—i.e., before our treatment began. We tuneﬁ
the model on 80% of the pre-1996 births using five-fold cross-validation. Finally, we
train the selected (minimum RMSE) model in a five-fold pattern—ensuring each
prediction comes from a model that has not seen the predicted individual. This
hold-out approach in the prediction step and our predicted birthweight approach
help avoid bias in the heterogeneity regressions. This bias could arise because
birthweight—our heterogeneity dimension—is the outcome variable; conditioning
on the outcome can introduce endogeneity (Elwert & Winship, [2014)). Instead, we
condition on predicted birthweight, which is a function of (1) the infant’s family’s
observable features and (2) other, pre-treatment infants’ birthweights. Because
our predictions are relatively accurate (predicted birthweight is, on average, quite
close to actual birthweight as shown in Fig. S8), we can estimate how glyphosate
differentially affects lower- and higher-birthweight infants without introducing bias

from conditioning on the outcome.

2These features are the infant’s sex; the parents’ races, ethnicities, ages, and marital status; the
mother’s education, residence status, plurality, and tobacco use; the birth location’s state; whether
the birth location or mother’s home are in a rural county; whether the birth occurred in a facility;
and month of year. When missing, we impute these features’ values.

3 Tuned: the number of random features selected and the minimum observations in a terminal
node.
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The second nuance relates to the structure of the heterogeneous treatment
effect. Because the shape of the heterogeneity is unknown, we take a semi-
parametric approach that allows us to remain relatively agnostic. We split the
sample using infants’ predicted birthweight percentiles (e.g., deciles) and then
separately estimate the 2SLS model for each group. For example, Fig. [15| contains
the estimated effect of glyphosate on birthweight for the first through tenth
deciles. This bin-based approach is commonly applied to recover heterogeneous
treatment effects, as it allows one to approximate arbitrary nonlinear functions
without making stronger assumptions about functional form (Schlenker & Roberts,
2009). This approach still returns an average treatment effect estimate within each
bin/group. Fig. S10 shows robustness to different bins in predicted birthweight
across all of our main outcomes.

This approach—using ML-based counterfactuals in a causal-inference
setting—relates to recent work by Burlig et al. |Burlig, Knittel, Rapson, Reguant,
and Wolfram, (2020). While we use the predictions to estimate heterogeneity in
our treatment effect, Burlig et al. take advantage of high-frequency electricity-
consumption data for each individual (school)—using ML-based counterfactuals to
identify the causal effect of energy-efficiency upgrades (and heterogeneity thereof).
Another related approach—Athey and Wager’s causal forests [Athey and Wager
(2019)—provides a more generalized approach for using random forests to estimate
conditional average treatment effects in higher dimensions, permitting interactions
and nonlinearities. Because the heterogeneity of interest for this paper is only
along a single dimension (expected birthweight), our bin-based approach provides

sufficient flexibility.
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3.3.9 Exposure to glyphosate sprayed upstream through water.
We use a spatial water model to estimate glyphosate exposure based on the amount
of glyphosate sprayed upstream of each county using a methodology similar to that
of Dias, Rocha, and Soares Dias et al.| (2023). The HydroBASINS watershed shapes
form the building blocks of this model (Lehner & Grill, 2013). We summarize the
process here but leave the details in the SI Appendix N.

The amount of glyphosate that runs off into surface water will be affected by
the erodibility of the soil, the slope of the land, and precipitation. We collect soil
erodibility and slope data from the USGS gridded soil survey in each watershed,
which we aggregate to the watershed level by taking the average over all grid
cells within a watershed (Soil Survey Staff, 2021). We take the interaction of soil
erodibility and slope and then convert that interaction into a percentile based on
the distribution from all watersheds in the US. These data are static and do not
change over time.

Next, we use gridded monthly precipitation from the PRISM climate group
to capture whether there was potential for glyphosate to run off (PRISM Climate
Group), 2022). We aggregate rainfall during the growing season (April through
September) for each watershed and again convert it into a percentile from the
distribution of all watershed-month-years.

We then map our county-level attainable yield percentile to watersheds and
take the interaction between high erodibility, high precipitation, and attainable
yield to create an instrument for upstream glyphosate use. We expect there to be
effects from upstream spraying only when there is both high soil erodibility and
high precipitation. We also estimate the effect of high attainable yield upstream

without the interaction with soil erodibility and precipitation. The HydroBASINS
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data allows for easy linking of upstream and downstream watersheds. In the
linking process, we calculate the distance between two watersheds by tracing along
centroids of all watersheds between those two watersheds. This measure allows us
to aggregate variables over 50-kilometer distance bins upstream and downstream
from each watershed. The downstream variables serve as a nice placebo test since
we do not expect glyphosate sprayed downstream to affect infant health.

Once we estimate values upstream of each watershed, we must aggregate to
the county level to analyze them with our health metrics. We take the weighted
average of the upstream variables for all watersheds in a county, where the weights
are the portion of the county’s population that lives within that watershed. We use
population estimates for one square kilometer pixels from SEDAC to calculate the
population weights for each watershed (CIESIN} 2017)).

In addition to the binned approach described above, we use a machine-
learning model to predict concentrations of glyphosate in surface water using a
limited dataset of samples taken across the US. We utilize the geographic structure
and physical characteristics of land, along with spatially disaggregated herbicide
use, to predict downstream concentrations of glyphosate in surface water. We then
regress perinatal health outcomes on these predictions on glyphosate and AMPA

exposure from water. The details are in SI Appendix N.
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CHAPTER IV
OPTIMAL SUBSIDIES FOR RESIDENTIAL SOLAR

This chapter is co-authored with Assistant Professor Mark Colas and is
forthcoming in the Journal of Political Economy Microeconomics. Mark came
to me with the original idea for the paper. I contributed to data collection,
coding, and an alysis, particularly for the electricity grid part of the paper. I also
contributed to the writing and revision of the paper.

4.1 Introduction

Governments around the world are more likely to subsidize technologies
that lead to environmental benefits than they are to tax environmental damages
(Borenstein, [2012). In the case of solar panels, these environmental benefits vary
geographically. All else equal, the environmental benefits of solar panels are likely
to be the largest in sunny areas and areas where high-polluting power plants would
otherwise produce electricity. This spatial variation in environmental benefits
suggests a rationale for spatially differentiated subsidies.

This paper uses a structural model of electricity production and household
demand for rooftop solar panels to study how subsidies should optimally vary
across space. Heterogeneous households across the country choose the number of
solar panels to install, accounting for the installation cost, the lifetime value of the
electricity produced and subsidies received, and the nonpecuniary costs and benefits
of installation[] Households can also purchase electricity produced by a system of
power plants. Individual power plants vary in the extent to which their production

leads to environmental damages, their production capacity, and their location,

!See Borenstein| (2017) for a detailed discussion of the private benefits of solar installation in
the case of California. See |Borenstein and Bushnell (2022) for a discussion of how these factors
shape the spatial distribution of solar panels.
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which dictates how the grid transmits the plant’s electricity across geographic
regions.

Residential solar installations reduce environmental damage by decreasing
fossil-fuel power plants’ electricity production. Therefore, panels installed in
areas with more sunlight have greater environmental benefits because they lead
to larger decreases in electricity produced by these plants. The environmental
benefits of solar panel installations also vary geographically because of differences
in the distribution of technology employed by power plants across space. Panels
installed in areas where environmentally unfriendly plants would otherwise produce
electricity will be more beneficial than panels installed in areas with cleaner plants.

These environmental benefits are not internalized by the household,
thus suggesting a role for government intervention. The primary tool currently
employed by US policymakers to deal with this externality is a system of federal
and state subsidies for solar panels. We use the model to solve for the nationally-
optimal subsidies and quantify the benefits of switching from the current system
of subsidies to the optimal subsidies.ﬂ Doing so requires understanding how solar
panel installation rates and the damages associated with electricity production
would change in response to alternative subsidy schemes. Therefore, our approach
is to estimate a quantitative version of our model to calculate the optimal policies
and the associated benefits.

Our primary data source is the DeepSolar Project (Yu, Wang, Majumdar, &
Rajagopal, 2018), a dataset of the universe of residential solar panel installations in

the contiguous US. Deepsolar uses a machine-learning framework to identify solar

2We focus on the optimal choice of subsidies for rooftop solar panels and do not allow for
other types of government intervention, such as pricing the externality via a carbon tax. See
Eichner and Runkel (2014])) for an argument for why countries may choose to subsidize green
energy production even when they have access to carbon taxes.

130



panel installations from satellite imagery. We supplement these data with data
from Google Project Sunroof, another satellite-imagery-based dataset that provides
information on solar irradiance across the US and on the number and size of
rooftops suitable for solar panel installations. Combined, these two datasets provide
the distribution and size of solar panel installations as well as solar irradiance

and space suitable for solar panels across the US. We utilize these novel data
sources to estimate the household component of the model via indirect inference,
thereby providing the first estimated model of solar panel demand across the

US. To facilitate identification, we utilize a border discontinuity approach, which
exploits variation in subsidies on either side of state borders. Though sparsely
parameterized, our household installation model matches the spatial distribution
of installations well. We also show that our estimates are consistent with quasi-
experimental evidence on the responsiveness of installations to solar rebates.

To model power plants, we develop a novel policy function approach that
maps electricity demand and renewable production across the country to plant-
level electricity production and emissions. Our approach allows for endogenous
changes in power plants’ production profiles in response to electricity demand and
renewable production over the day and year. We estimate these policy functions
using Open Grid Emissions (OGE) data, which provide hourly production and
emissions data covering nearly every power plant in the United States. We show
that the estimated model matches the data’s temporal and spatial distribution of
electricity generation. We translate these emissions into environmental damages
using AP3, a state-of-the-art integrated air pollution model.

Our estimated model of solar panel demand and electricity production

provides a framework to calculate the spatial distribution of installations,
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environmental benefits of solar panels, and government cost of subsidies under
counterfactual subsidy schemes. We first use this framework to solve for
the nationally-optimal cost-neutral subsidy reforms and quantify the spatial
misallocation caused by the current subsidy system. Our main result is that the
current subsidy system leads to a severe misallocation of solar panels across space.
Consider Washington, for example, a state where current subsidies are high even
though sunlight is low and households receive marginal energy from relatively
environmentally friendly power plants. We find that solar panels in Washington are
over-subsidized by 100% relative to the nationally-optimal subsidy system, leading
to 120% greater installations than optimal. Decreasing subsidies in Washington
would lead to large decreases in fiscal costs with small decreases in environmental
benefits. On the other hand, in West Virginia, where current subsidies are low and
the environmental benefits of solar installations are high, we find that panels are
under-subsidized by nearly 70%, leading to installations that are 60% lower than
optimal. More generally, panels are under-allocated by roughly 30% in the Midwest
and South and over-allocated by nearly 80% in the Northeast.

We find that the misallocation caused by the current system of subsidies
leads to substantial environmental costs. Switching from the current subsidies
to the welfare-maximizing subsidies leads to a 11.5% increase in aggregate
environmental benefits—environmental damages decrease by approximately the
same amount as a 11.5% increase in the productivity of every rooftop solar panel in
the US. Switching to subsidies set by a planner aiming to minimize environmental
damages rather than maximize welfare would lead to a 12.6% increase in aggregate

environmental benefits.
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Next, we calculate nationally-optimal subsidies when the government
does not face an externally set budget constraint. The optimal unconstrained
subsidies are significantly lower than current levels in the Northeast and West, but
slightly higher than current subsidies in the Midwest and South. Nationally, total
installations under the optimal subsidies are roughly 20% less than the current
amount, leading to a decrease of 43 million dollars in annual environmental benefits
relative to the current level. However, the accompanying 162 million dollar annual
decrease in government costs thoroughly outweighs the decrease in environmental
benefits. Put another way; the optimal unconstrained subsidies achieve over 80%
of current environmental benefits at less than 60% the current cost. Our results
suggest rooftop solar subsidies not only deviate from the optimum in how they vary
across space but are also excessively generous in general.

Finally, we compare the effects of marginal subsidy changes around the
current system of subsidies. We find large differences in the cost-effectiveness of
subsidy increases across states. For example, the environmental damages offset
per dollar of government funds associated with subsidy increases in West Virginia
are over 3.5 times greater than the damages offset per dollar of subsidy increases
in Washington. These results highlight that changes around the current system of
subsidies could lead to decreases in both environmental damages and fiscal costs.

The remainder of the paper consists of various extensions and robustness
checks. We analyze the sensitivity of our results to 1) alternative values of the
marginal cost of public funds, 2) alternative specifications of household preferences
and discounting, 3) accounting for line losses in transmitting electricity from
plants to homes, 4) accounting for transmission constraints, 5) the introduction of

improved electricity storage technology, and 6) changes in utility-scale renewable
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electricity production. We find that the optimal system of subsidies remains
qualitatively the same across these specifications. Quantitatively, our results
suggest that optimal unconstrained subsidies will be even lower in the future as
utility-scale renewable electricity production continues to expand.

It is important to caveat that residential solar subsidies may be associated
with additional benefits that we do not model in this paper. Solar subsidies may

increase innovation and technological growth via increased R&D or learning-by-

doing (Benthem, Gillingham, & Sweeney, 2008; Bollinger & Gillingham), 2019;

Gerarden), 2023; |Goulder & Mathali, [2010) | Further, numerous studies have found

that solar panel suppliers hold considerable market power (Gillingham et al.|

12016; Pless, Langheim, Machak, Hellow, & Sigrin), 2017} [Pless & Van Benthem,

2019). Subsidies may help to alleviate the distortions caused by this market power
(Dorsey, 2024)). Solar installations may encourage additional solar installation via

peer effects (Bollinger & Gillingham) [2012; Bollinger, Gillingham, Kirkpatrick, & |

and may reduce reliance on the transmission grid, thereby reducing
grid congestion and the need for costly investments in the transmission grid.
Although not accounted for, these benefits would need to be substantial in order
to justify current subsidy spending levels.

Further, the goal of this paper is to quantify nationally-optimal subsidies.
Specifically, we focus on a social planner who maximizes national welfare,
accounting for aggregate environmental damages and national fiscal costs. In
reality, many solar subsidies are set by state governments who face state-level

budget constraints and may be motivated to create local jobs or stimulate the local

3Learning by firms only constitutes a positive externality if it is non-appropriable and therefore
not internalized by the firm. Bollinger and Gillingham| (2019) find that non-appropriable learning-
by-doing only leads to small learning spillovers for solar panel installers in California.
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economy via “green multipliers” (Batini, Di Serio, Fragetta, Melina, & Waldron),
2022; Hasnal, 2021, Popp, Vona, Marin, & Chen} 2020). In our analysis, we abstract
away from these state-level incentives and constraints. Our results quantify
the theoretically optimal distribution of funds across space and the geographic
misallocation associated with the suboptimal current system of subsidies.

Our paper is most closely related to several papers which use model-
based approaches to quantify the effectiveness of various types of subsidies on
inducing solar panel installations (e.g., Burr| (2014), De Groote and Verboven
(2019), Langer and Lemoine| (2022), Feger, Pavanini, and Radulescul (2022)).
These papers use rich, dynamic models to study the trade-offs associated with
various subsidy schemes. Of these, our paper is closest to [Feger et al.| (2022), which
studies optimal installation subsidies and energy tariffs in a model with household
energy consumption and solar panel demand[f] While all these papers focus on
solar panel installations, we provide a framework that can additionally quantify
the environmental benefits of solar panel installations, arguably the main reason
these subsidies exist. As such, we are the first paper in this literature to quantify
the trade-offs between the environmental benefits and fiscal costs of residential
solar subsidies. We additionally contribute by quantifying the spatial misallocation
due to current subsidy schemes through our analysis of how these subsidies
should optimally vary across space. As discussed in the following paragraph, the
reduced-form literature has emphasized the importance of spatial differences in
the environmental benefits of solar panels. However, no quantitative research has

incorporated these spatial differences in a study of optimal subsidy design.

4Feger et al.|(2022) quantify the cost-minimizing and welfare-maximizing subsidy and tariff
schemes subject to a network financing constraint and a solar energy target. They also allow the
government to have a preference for redistribution, something we refrain from doing in our paper.
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This paper is also related to a literature estimating the extent to which

the marginal benefits of renewable energy investments vary geographically (e.g.,

Holland and Mansur| (2008)), [Siler-Evans, Azevedo, Morgan, and Apt| (2013), (Graff |

Zivin, Kotchen, and Mansur| (2014), Holland, Mansur, Muller, and Yates| (2016),

Millstein, Wiser, Bolinger, and Barbose| (2017)), (Callaway, Fowlie, and McCormick]

(2018), Holland, Mansur, Muller, and Yates (2020), Brown and O’Sullivan| (2020))).

In particular, this paper is similar to Borenstein and Bushnell (2022)), who relate

estimates of the marginal social cost of electricity production to the spatial

distribution of solar panels in the US, and to [Sexton, Kirkpatrick, Harris, and |

Muller| (2021)), and [Lamp and Samano| (2023), who study the marginal benefits

of solar panel installations and calculate the benefits of reallocating panels across
spaceEl While these papers establish that the current spatial distribution of solar
panel installations does not maximize environmental benefits, they do not model
demand for solar panels and, therefore, do not quantify how installations respond
to various subsidy schemes. The goal of our paper is to quantify the extent to
which government policy causes this misallocation and solve for the system of
subsidies that remedies this misallocation. Our contribution is, therefore, to build
and estimate a structural model of solar panel demand and electricity production,
which we use to quantify the effects of alternative subsidy schemes on the
distribution of solar panel installations and calculate the resulting environmental
benefits and fiscal costs. Specifically, we provide the first estimated model of solar

panel demand across space in the US. We also develop a novel, tractable approach

°In the sustainability literature, Tibebu, Hittinger, Miao, and Williams (2021) calculate the
subsidies which maximize environmental benefits less government cost at the national and state
level. Their analysis does not account for household utility and therefore omits a key component
of the social benefit of subsidies. They also do not model the household decision to install solar
panels but instead model solar installation rates as following a normal distribution in the net
present value of installation.

136



to modeling power plant production and the associated emissions over space and
time. This approach involves directly modeling how individual plants’ electricity
production and emissions endogenously respond to changes in solar and other
renewable production.

Finally, this paper is related to several empirical papers which estimate the
elasticity of solar panel installations with respect to subsidies. We discuss these
papers in Section [£.5.1.3] We use the estimates from these papers to evaluate the
performance of our estimated model.

4.2 Model

We combine a model of household solar panel demand with an electricity
production model. Households are distributed geographically across the United
States, and states vary in their electricity prices, installation prices, and the set of
subsidies for solar panels they offer. Within states, households vary in their local
solar irradiance (sunlight), the amount of space they have for potential solar panels,
and their preferences over solar panel installation. Households choose the number of
solar panels to install, accounting for electricity and installation prices, solar panel
subsidies, and their individual preferences for installing solar panels.

In addition to residential solar panels, central generation power plants
produce electricity. Power plants differ in the extent to which their electricity
production leads to environmental damages and their location, which determines
how the electricity they produce is distributed across the country. Further, power
plants face capacity and non-negativity constraints and vary in the order in which
they are dispatched, implying that some power plants will only operate when

demand is sufficiently high while others will operate even when demand is low.

137



4.2.1 Households. Households, indexed by 7, are endowed with

income y; and N; spaces they can potentially use for solar panels. Household i
has access to a solar panel technology that can produce a stream of solar energy
of {Az’t}tT:O over the lifetime of the panel for each panel they choose to install. In
practice, we will think of ¢ as indexing hours and set the lifespan of a solar panel
to 25 yearsﬂ We can think of this solar technology as reflecting the intermittent
sunlight profile at a given household’s residence, accounting for the depreciation of
solar panel efficacy over time. Let j index the state in which the household lives.

Households choose whether or not to install solar panels, m; € {0, 1}, the
number of panels conditional on installation, N; € (0, Ni}, and how much electricity
to consume each period. Specifically, households choose a sequence of electricity
usage {eit}fzo, where e;; gives household i’s energy consumption in period t. We

assume the household pays a constant price of p; for all electricity purchasedm Let

r denote the real interest rate and let e; = ZtT:o (fﬁf denote the discounted sum

of energy consumed, such that pje; gives the present discounted cost of electricity
consumed.
If a household chooses to install solar panels, they pay the cost of

installation of p;“S (N;), which is a function of N;, the number of panels they

choose to install. The installation cost function pi*

' (+) can vary nonlinearly in

6This is a standard value of the average useful life of solar panels (see e.g., Y. Xu, Li, Tan,
Peters, and Yang| (2018)), |(Chowdhury et al.| (2020), or [Sodhi, Banaszek, Magee, and Rivero-Hudec
(2022)).

"We assume that electricity prices are constant over time. While electricity prices change over
time, there is evidence that consumers do not correctly forecast the extent to which prices change
over time and expect future prices to be similar to current prices (S. T. Anderson, Kellogg, &
Sallee, [2013; [Hughes & Podolefskyl 2015]). Further, we assume these electricity prices are fixed
across counterfactuals and, therefore, abstract from the general equilibrium effects of subsidies on
electricity prices.
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N; and is allowed to vary by state j.ﬂ Households can use electricity generated

by solar panels to power their home or can sell it back to the grid. Assume, for
now, that households can sell back to the grid at the price of electricity purchased,
pj, as is the case for households in states with net metering. We discuss how

we model households without net metering in Online Appendix E| Letting

A; = ZtT:o (l’i—i;)t denote the discounted sum of electricity production, we can write
the present discounted value of energy produced by each solar panel for household 7
as p; A;.

Households receive subsidies for solar installations. We allow for three types

of solar panel subsidies that capture the majority of state and federal subsidies

in the US. First, households can receive a cost-based subsidy SJCOSt, which pays
a percentage of the solar installation cost, similar to the federal investment tax
credit. Second, households can receive a production-based subsidy of S?Wh for each

kWh of electricity produced by their solar panels, similar to solar renewable energy

certificates. Finally, we allow for a per-panel subsidy sfa”el, such as subsidies that
pay per kilowatt of solar capacity installed.

We can thus write the household’s budget constraint as

ci+py (e — miNgAy) +mi (1= s57%) pi™ (N;) = g +maN; Ay oy Nys 20

~~

Vv L. VvV Vv
Net cost of electricity Net cost of installation kWh Subsidy Per-Panel Subsidy
(4.1)

where c; is consumption of the numeraire good "]

8We assume a nonlinear pricing function to allow for the possibility that there is a fixed cost
associated with installing a positive number of panels.

9In 2017, 39 states mandated net metering policies. Idaho did not have a state net-metering
policy, but each of the state’s three investor-owned utilities had a net-metering policy. Five other
states in our sample have distributed generation rules other than net metering.

10We can think of ¢; and y; as the present values of consumption and income over time,
respectively.
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Households have the following quasilinear utility function
¢+ v ({eit}tho) +miy; (N;)
where v; (N;) is a strictly concave function which gives the nonpecuniary benefit of
adding N; solar panels for household, and v; ({eit}tT:O> is a function which gives the
lifetime utility of electricity usage. The function 4; (-) captures inconvenience costs
and any other individual preferences for installing solar panels.

Note that the choice of electricity consumption does not depend on the
household’s choice to install panels. Thus, we can think of household optimization
as a two-step process. First, the household chooses electricity use, {ejt}tho, then
decides whether to install solar panels and the number of panels conditional on
installation. In this second stage, we can rewrite the household’s optimization

problem as a choice of N; and a discrete choice of m;:

Vi= i [1ig (IN; i (N;)]- 4.2
i, nax [ (Ng) i (V) (4.2)
where
pig (N;) = NiAi (py +577") = (1= s5°%) p™ (N}) + - Nsj™™! (4.3)
Total elec?lqcity value Net insta?l;tion cost Per-panel subsidy

denotes household i’s net monetary benefit of installing solar panelsﬂ Let m?
denote the household’s optimal installation choice and let N;* denote the optimal
number of panels conditional on installation.

From equations and , we can see that different types of subsidies
will differ in the distribution of households they induce to install panels.

Households in sunny areas (high A;) are more likely to respond to the production

"Note that we have dropped a constant representing the household’s utility from electricity use
and costs but does not affect the decision to install solar panels.
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subsidy s3"", while households in areas with high installation costs are more likely
to respond to the cost subsidy S?OSt, for examplem As we show in Section m, the
planner chooses the nationally-optimal set of subsidies accounting for the fact that
different households are marginal with respect to each type of subsidy.

Before proceeding, it is important to highlight that several features of
the solar panel market are not included in our model. First, our model does not
include a role for peer effects, which |Bollinger and Gillingham| (2012) and Bollinger
et al.| (2022) find can influence households’ decisions to install solar panelsm
Second, De Groote and Verboven, (2019) find that households heavily discount
future benefits associated with solar installations. We instead assume households
discount future subsidy payments according to the market discount rate. We
consider a version of our model in which households more heavily discount future
subsidy payments in Section [£.7.2] Third, we assume a partial equilibrium setting
where installation costs are given exogenously and do not change in response to
changes in subsidies. This partial equilibrium setting implies that increases in
subsidies decrease the effective costs paid by consumers dollar for dollar. If the
inverse supply curve for solar installations in our model were upward sloping, then

increasing subsidies would also increase the equilibrium price charged by installers,

thereby changing the price faced by the consumerE

12Note that electricity prices and production subsidies have the same effect on the monetary
benefits from installation for households in states with net metering.

130ur estimation strategy uses tract-level data to estimate the effects of solar subsidies on
installations. Tract-level responses to subsidies include both the direct effect of subsidies on
installations as well as the effect of within-tract peers on total installations. Therefore, the
empirical elasticities we use in our analysis incorporate the effects of peer effects on installations.
However, we do not model these peer effects directly.

14See [Reguant| (2019) for a model-based exploration of how various renewable energy policies
differentially affect the prices faced by consumers.
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Finally, our paper assumes prices and subsidies are fixed over time and,
therefore, abstracts away from the substantial changes in residential solar subsidies
that have occurred over the past 20 years in the United States (Barbose &
Darghouth, |2019). We view our model of solar installations as capturing the long-
run installation decisions of households who face a given set of subsidies. As such,
our model is not appropriate for analyzing the short-run effects of policy changes
nor for studying the transition path between two policy regimes. We discuss the
implications of assuming constant prices for estimation and quantitative results in
Section [4.7.8

4.2.2 Electricity Production.

4.2.2.1 Background. Before proceeding to the model, we give a
brief overview of electricity production in the US. The electricity sector in the
US is highly regulated and does not operate like a traditional market. Each
of the around 10,000 central generation power plants in the US is overseen by
a balancing authority, an entity tasked with matching electricity supply and
demand by managing production from individual plants and trading with other
balancing authorities. Transmission of electricity between balancing authorities
disproportionately occurs within larger regions called NERC regions, each
constituting a relatively closed market of balancing authorities. Transmission across
regions does occur, but this inter-regional transmission occurs almost exclusively
within nterconnections, a geographic unit larger than a region. There are three
interconnections in the US: Eastern, Western, and Texas.

We can divide power plants into those that are dispatchable and those that
are nondispatchable. Nondispatchable power sources are those whose output cannot

be easily controlled in response to fluctuations in electricity demand and generally
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produce when available, such as wind and solar. These energy sources are generally
intermittent, meaning their productive capacity fluctuates over time in response
to environmental factors, e.g., sunlight and wind. Nondispatchable power plants
generally do not produce pollutants or greenhouse gases.

On the other hand, balancing authorities can control production by
dispatchable power plants to satisfy electricity demand. The production profile
of a given dispatchable plant is determined by its position in the dispatch curve—
the order at which balancing authorities dispatch power plants to satisfy different
electricity demand levelsﬁ This implies that a power plant’s production is
not simply proportional to demand—some power plants operate continuously
throughout the day while others only operate at peak levels of demand. As such,
the set of marginal power plants, and therefore the marginal benefits to residential
solar installation, vary geographically and within location as a function of demand
that must be satisfied by dispatchable plants.

4.2.2.2 Model: Electricity Production. Within the model,

three sources supply electricity: 1) residential solar, 2) nondispatchable plants,
and 3) dispatchable plantsm Nondispatchable units are assumed to operate
at full capacity conditional on environmental conditions (e.g., sun and wind)

and conditional on total demand exceeding the amount produced by these

5Power plants’ variable cost of production generally determine the dispatch curve. Power
plants with the lowest variable costs (often nuclear and hydroelectric) typically satisfy low
demand. Meanwhile, plants with higher variable costs (such as gas-fired plants) begin operating
only when electricity demand is sufficiently high.

16We assume the distribution of power plants and the characteristics of the grid are exogenous.
In reality, a large change in residential solar production may lead to the entry and exit of
generators and changes in the organization of the electricity grid. In Section [£.7.6] we analyze
the robustness of our results to alternative assumptions about the distribution of power plants.
See [Holland, Mansur, and Yates| (2022) for a model which includes endogenous entry and exit of
generators and storage capacity. See |Arkolakis and Walsh| (2022)) for a model with endogenous
grid formation.
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nondispatchable generatorsm Therefore, as long as demand exceeds the amount
produced by nondispatchable sources, the production by these power plants

is independent of demand and production by other plants. Alternatively, the
production by dispatchable units depends on excess demand remaining after

production by residential solar and nondispatchable plants.

Residential Solar and Nondispatchable Plants Let R index NERC
regionsﬁ Total residential solar production in region R in a given hour ¢ is the
sum of energy produced by residential solar panels, £ = fz eln mi N} Aydi, where
IR is the set of households who reside in region R. Similarly, total production by

nondispatchable plants in region R in time ¢ is given by ER™P = 37,y

O

where yN"P denotes electricity production by nondispatchable power plant k in

time ¢, and Kg is the set of nondispatchable plants in region R. yX°"P is allowed
to vary fully by power plant k£ and time ¢, reflecting differences in environmental

factors across plants and over time, and we assume it is independent of demand and

production from other power plants.

Dispatchable Plants To capture the centralized manner by which balancing
authorities dispatch power plants to satisfy electricity demand, we model
dispatchable plants’ behavior via policy functions that map excess demand to
plant-level production. Let Loadg; denote the total electricity demand in region

R in time ¢, and let ELoadg; = Loadg, — ER™P — E3" give the electricity demand

I"Tn this case, we assume production of nondispatchable plants is curtailed such that supply
does not exceed demand.

18We will assume 7 NERC regions in our quantitative analysis. Officially, the North American
Electric Reliability Corporation (NERC) divides the US into 6 regional entities. Following [Holland
et al.| (2016]), we separate California from the WECC region, leaving us with 7 regions. We discuss
how we define the regions in Online Appendix
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in region R that is not satisfied by residential solar and nondispatchable plants.
We write production by dispatchable plants as a reduced-form function of excess
demand across regions, subject to non-negativity and capacity constraints. Letting

y,?tiSp denote production by dispatchable plant k in time ¢, we specify

;

0 if f, (ELoad,ex) <0
v " = [, (ELoads, ) if 0 < f, (ELoady, et) < 3, » (4.4)
\ﬂk if f, (ELO&dt, 5k:t) > Yy,

where 7, is power plant £’s nameplate capacity, the maximum productive capacity
of the plant, ELoad; is the vector of excess loads in each region at time ¢, and
f,. (ELoady, ey) is a plant-specific function of excess load across regions and a
cost shifter 4,[”°] We allow the function f, (-) to differ across plants to reflect
heterogeneity in the order in which plants are dispatched. We also allow f, (-) to
depend not only on excess load in a power plant’s own region but potentially to
depend on excess load across other regions as well. This dependence reflects that
electricity can be transmitted across regions in response to excess demand.
Intuitively, y,?tiSp captures how production by an individual power plant k in
a given hour t responds to fluctuations in electricity demand and nondispatchable
production across the grid. For example, as the sun goes down and solar
production decreases, excess load will increase across the country, particularly in
regions heavily reliant on solar energy. y,ﬂiSp tells us how individual power plants

are dispatched to match these increases in excess load.

19WWe assume that the plant’s policy function depends only on the current excess demand levels.
Hypothetically, production could also depend on previous electricity demand and production
if, for example, the grid can store significant amounts of electricity over time or if plants face
significant ramping constraints. We can accommodate this extension by allowing the function
fi (-) to depend on lagged values of excess demand, or on lagged production levels of the
individual plant.
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4.2.2.83 Damages. Let dy, <y,3i8p) be a function that maps
dispatchable power plant k’s electricity production in time t to the total
environmental damages associated with the plant’s emissions of greenhouse gases
and air pollutants. We assume these damage functions are given exogenously and,
therefore, rule out the possibility that power plants endogenously switch fuel types
in response to policy changes. Let D, (ELoad;) = ), di (y,@isf)) denote total
damages from all power plants in time ¢ and let D (ELoad) = tho %
denote the net present value of all damages over time, where ELoad gives the
excess load across all region and time periods.

The external benefit of a marginal solar panel installed by household ¢

equals the damages offset over the panel’s lifetime. We write this as

dD (ELoad) _i Ay |OD, ()
aNl - (1—|—T)t 8E}S£lar

the present discounted sum of the product of A;;, the electricity produced by the

’

AD; (ELoad) = ‘

t=0

0Dy (+)
6E}S?/ct)lar )

panel in any given period, and the absolute value of the marginal damages
associated with nondispatchable plant production.

4.2.3 Government’s Problem and Nationally-Optimal Subsidies.
The government chooses subsidies to maximize the sum of total utility minus
total environmental damages subject to an externally set budget Constraintm We

consider a government who does not face a budget constraint in Section 4.6.4] To

ease up on notation, let s;; = sF*" N7 + skWhA; N¥ + 555 pins (N}) denote the total

20We are assuming that these are the only policy instruments the government can access. The
government is restricted to not price the externality directly, as in [Pigou| (1920). Changes in
subsidies could also change firm profits. We assume that the government does not value profits
of utility companies or solar panel installation companies. In reality, utility companies operate
as regulated monopolies, where profits are directly limited. Profits of solar panel installation
firms not entering the government’s objective is also consistent with a model in which the price
of installation is always equal to the marginal cost of an installation. We analyze a planner who
minimizes environmental damages in Section [1.6.2}
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ONF .
5:0 give the

derivative of solar panels installed by household ¢ with respect to a given subsidy
type 6 € {kWh, Panel, Cost}, and let m;? indicate the household i is on the margin
of installing a positive number of panels with respect to a 6 subsidy, meaning the
household does not install given the current subsidies but would install in response
to a small increase in the given subsidy. Finally, let M, = fz e1; m;di denote the
total number of households who install solar panels in state j, where [; is the set of
households in state j.

The government maximizes the sum of utility less environmental damages,

/ Vidi — D (ELoad) . (4.5)
Damages
Utility

The government faces the constraint that the sum of subsidies cannot exceed an

externally set constraint

> / simidi < G, (4.6)
j iE]]'

J/

TV
Government Cost

where G is the maximum amount the government can spend on subsidies. We can

reformulate the government’s objective function as the Lagrangian

W= / Vidi — ELoad Z / symidi —G | (4.7)

Damages

Utlht
Y Government Cost

where ) is equal to the marginal cost of public funds. In practice, we will set G
to the present discounted value of the national cost of solar subsidies, given the

current system of subsidies.
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The nationally-optimal system of subsidies must satisty 557 = 0 for each
J

type of subsidy in each state, which implies

>
oM, % N, o e
0:7 X <A ?7ext — )\??76)(1}) + a_-j X (A i ;?,lnt o S Q,lnt) + (1 . )\) M S J 0

0s 59 ON’ 7059
J J st J
Extensive Margin ~ N~ - Mechanical Effect
Intensive Margin
(4.8)

We provide a derivation for equation in Online Appendix and
provide definitions for each individual object in the upcoming text. The first term
(“Extensive Margin”) captures the trade-off between environmental benefits and
fiscal costs associated with households who are additional with respect to a small
subsidy increase: the households who currently do not install any solar panels but

would install solar panels in response to a slight increase in a given subsidy s?. The

oM.,
0] — / Tﬁzedl
0s] i€l

gives the number of households on the margin of installing solar panels with respect

term

to a given subsidy type s?. These additional installations lead to a societal benefit

by reducing environmental damages. The average damages offset across additional

6,ext
J

KBG ext fiEIj ADl (ELO&dSB) N:ﬁedz
b =

70 i )
LEIJ' mz d'&

installer households is denoted as A and is formally given by

dSB

where ELoa is the excess load under the optimal system of subsidies. These

additional installations also receive subsidies and thus are associated with a fiscal
cost. We denote the average cost associated with a marginal installation household

0,ext .
as ?j’ex , formally written as

—50 1:
pext _ fiefj im0 di

J 70 07
fiEIj m; dZ
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The second term of equation (“Intensive Margin”) captures the
environmental-fiscal trade-offs associated with intensive margin adjustment:
increases in the number of panels purchased for households who already choose
to install a positive number of panels. The term aalsjzt ‘ e gives the total increase in
panels associated with an increase in a given subsidy, holding the set of households

who install solar panels constant, which we write as

aN st / aN*
m

. —,.
The terms @?’mt and g—]fjg’mt give the average damages offset and the average fiscal

Mst

cost, respectively, associated with these additional panels@ Taken together, these
first two terms show that the government will optimally increase subsidies which
induce a greater number of additional installations and additional panels from
households associated with significant environmental benefits and for whom fiscal
costs are low.

The final term (“Mechanical Effect”) captures the effects of increasing
subsidies for the non-additional households: the households who already choose
to install solar panels and thus receive a larger subsidy from the government.

The total size of this transfer is the total number of panels installed in state

J, M;, multiplied by the average increase in subsidy for households who have

installations, Osi

e 9 - holding installations and the number of panels constant Each

dollar transferred to these non-additional households increases welfare by (1 — \),

_ AD;(ELoadSB m*aidz
szI (
J

21These are formally given by Aﬁ?’mt = , N Y and aaﬁ,f ,int =
J'GI- mi—ase di
J

9s4j AN, ;.
L] 7
] m; di
iel; oN; Mt 85?

N, 1.
fiefj m; —as? di
ds

i ras
22F0rmally this is % = W
J i
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which reflects the increase in household utility less the decrease in government
fundsﬁ In summary, equation measures the effects of subsidy changes on
welfare, accounting for environmental benefits, fiscal cost, and household utility.

However, solving for nationally-optimal subsidies requires more structure
on the problem. While it may be possible to calculate the environmental benefits
of marginal solar panel installations given the current distribution of solar panel
installations, to solve for the optimal subsidies, we need to know how marginal
benefits change in response to different subsidy schemes. Given that power plants’
production plans are nonlinear, the marginal damages evaluated at current
installation levels will differ from those at the optimum. Further, the optimal
subsidies characterized by equation depend not only on marginal damages,
but also on the number of non-additional households and the number of households
on the margin of installation with respect to various types of subsidies. Like the
marginal damages, both of these objects are a function of the system of subsidies.

Therefore, our approach is to estimate a fully specified version of our model,
and then use that model to quantify the system of nationally-optimal subsidies.
Further, the structural model allows us to quantify the effects of alternative subsidy
schemes on the spatial distribution of rooftop solar and the resulting environmental
benefits and fiscal costs.
4.3 Quantitative Model

4.3.1 Household preferences. Let ¢ denote the census tract in

which a household lives. We assume that the nonpecuniary utility of installation

23Note that the utility of additional households does not show up in equation since there
is no first-order welfare effect for households who are additional with respect to a marginal
subsidy increase (i.e., households who choose to install solar panels in response to the increase
in subsidies). This result comes from the envelope theorem. See also |Colas, Findeisen, and Sachs
(2021)) for a discussion of the roles played by marginal and inframarginal agents in the first-order
effects of targeted subsidy increases.
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of installing N; panels, ~; (N;), is given by a polynomial term in N;, a term that
captures differences in the benefits of installation across demographic groups, and
an idiosyncratic term. Specifically, we parameterize the nonpecuniary value of
installation as

v (Ni) = v + v Ni + ’YQNNZ? + YdemX¢ + o€

~
Polynomial in N; Local Demographics  Idiosyncratic

where v, v1n, and Yo are parameters, Ygqem i a vector of parameters, X is
a vector of demographic characteristics associated with the tract in which the
household lives, and ¢; is a logit preference draw with scaling parameter o. In
practice, we specify Yaem Xe = Yoo XS + Ypa X, where X! the fraction of
individuals in the census tract with a college education and X/ is the percent of
voters who voted Democrat in the 2016 presidential election.

Recall that the number of panels installed cannot exceed the space the

household has available for panels, denoted by N;. The optimal number of panels

conditional on installation is therefore given by

Opij
i +
N = min [Ni - (f’N—%N)] , (4.9)

279N

where % is the derivative of monetary benefit of installations (y;;) with respect to
installation size (V;). Loosely speaking, we can see that the ratio % dictates the
average size of installations while the parameter v,y dictates the degree to which
N} varies with subsidies@ For example, a smaller value of v, in absolute value

would imply that households are more responsive to subsidies along the intensive

margin.

24 As we explain below, we parameterize p?‘s (NV;) as a fixed cost plus a constant per-panel cost.

This implies that g’;\}? will be constant for a given household for N; > 0.
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Given that draws of ¢; are from a logit distribution, the probability that a

household installs panels is equal to

Hij (N,-*)+70+’V1NN{+72NN{2+’YdemXe
exp

(e

(4.10)

T, —

1+ exp (Hij (Ni*)+70+71NN§+72NN;2+7demXZ>

The partial elasticity of installation probability with respect to monetary benefits is

equal to

% _ %(1 ). (4.11)
Therefore, the parameter o dictates the extent to which increases in subsidies will
lead to increases in installations. A smaller value of ¢ implies that increases in
subsidies will lead to larger increases in the number of installations.

4.3.2 Dispatchable Power Plant Production. Production by
dispatchable power plant £ in time ¢ is given by equation . We assume the
latent function f; (ELoady,ex) is a quadratic of excess load in each NERC region
within plant k’s interconnection with an additive shifter denoted by ej;. Formally,

letting R, denote the set of NERC regions within the interconnection that contains

plant k, we specify

fi (BLoady, e) = ¥ + Y (t}ELoadg, + v, ELoad},) + e, (4.12)

ReRy

where ¢ is a constant term, 1}, is a parameter which dictates how f, (-) changes
in response to excess load in region R, 1%, is a parameter which dictates how f, (*)
responds to excess load squared in region R, and ¢4; is a normally distributed
idiosyncratic term with a mean of 0 and a variance of o7. Note that all the

Yy parameters and o} are plant-specific. We allow f, () to depend on excess

demand in all regions within an interconnection but not on excess demand in other
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interconnections. This dependence reflects that electricity can be transmitted across
regions within interconnections but is rarely transmitted across interconnectionsf”]
Our assumed functional form implies that y,, is a Tobit function with latent
variable f, that is right censored at ¥,, plant k’s nameplate capacity, and left
censored at 0.

This specification allows for relatively complex production patterns as a
function of excess demand. The parameter ¢/? dictates the values of excess demand
over which a plant will produce electricity, allowing for the possibility that some
plants will operate when excess demand is low while others will operate when
excess demand is sufficiently high. For example, all else equal, plants for which
1YY takes a large negative value will only have positive electricity production when
excess demand is very high, as is true of plants that tend to have a late position
in the dispatch curve. Conditional on positive production, the parameters 1k,
and %, will dictate the intensity at which the balancing authority dispatches a
plant. Finally, this specification allows plants to differ in the extent to which their
production is transmitted across regions. Some plants may predominantly transmit
power within their own region, while others may transmit large amounts of power
to other regions within an interconnection.

Further, while the latent function fj (-) is assumed to be constant across
time, we show in Section that our model can replicate differences in
dispatchable production over the day and year in response to fluctuations in
nondispatchable production and electricity demand. In particular, our model can

generate the ramping pattern of dispatchable generators through the afternoon as

25We constrain f;, (-) such that the function is weakly increasing in excess load for all regions.
That is, we set f, () to its value at the inflection point if the function would otherwise be
decreasing in excess load.
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solar generation decreases and electricity demand increases. An important caveat
to our approach is that these plant-specific policy functions are not invariant to
changes in factors which may change the order in which plants are dispatched, such
as changes in fuel costs or the introduction of a carbon tax. However, we do not
expect first-order effects on these factors in the counterfactual subsidy schemes we
investigate.

It is worth discussing how the specification of power plant production we
develop here differs from the specifications used in Holland et al. (2016) and |Sexton
et al. (2021). Those papers estimate marginal emissions rates for individual power
plants in which time-specific reduced-form coefficients capture all differences in
emissions rates across time. These specifications, therefore, do not model how
production levels endogenously respond to fluctuations in renewable production. As
such, the estimated emissions rates for each power plant are constant conditional on
time, and independent of the amount of solar electricity produced.

Since we aim to estimate marginal emissions both under current conditions
and under significant changes to the distribution of residential solar panels, we
require a different approach to modeling power plants. In our model, production
varies flexibly in excess load and therefore is endogenous to both electricity demand
and production from solar and other renewable sources. Thus, marginal emissions
are not constant as a function of residential solar production. An additional benefit
of our approach is that we identify the model’s parameters with excess load, which
takes advantage of variation in both demand and production from nondispatchable
units. The other models only leverage variation in demand.

4.3.3 Damages. The final piece of the model is determining damages

from electricity production at power plant k, as described by the function dj, (yx).
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We specify this function in two parts, first mapping electricity generation into
emissions and then mapping emissions to damages. Both parts are plant-specific,
capturing that damages from electricity production depend on a power plant’s
technology, location, and stack height. A power plant’s technology dictates the
extent to which electricity production leads to emissions, while a plant’s location
and stack height determine the extent to which emissions of local pollutants affect
population centers.

Concretely, let ¢ € G index pollutants, where we assume the set G
consists of the pollutants NOx, PM2.5, SO2, and CO2 equivalent (COZe).@ As
shown by [Holland, Kotchen, Mansur, and Yates (2022), power plants’ marginal
emissions rates tend to decline as utilization increases, where utilization is a plant’s
production level relative to its capacity. Therefore, to allow for emissions rates
which vary across production levels, we specify emissions of each pollutant as a
power-plant-specific linear spline in production with a slope that differs above and
below power plant k’s median production. Letting y7° denote the median amount of
power plant k’s production in the data conditional on positive production, we write

power plant k’s emissions of pollutant g as

) H;kykt + gkt if (e — ) <0
Emlsgkt (ykt) = . (413)

Fgptkt + Fiog, (Ut — Yi0) + €gee 1 (ke — 13°) >0
Power plant k’s damages in time t are then given by di (yxe) =
> geg OgrEomisgry (ykt) , where 0, gives the marginal damages associated with

emissions of g by power plant k, accounting for power plant £’s location and stack

height.

26C02 equivalent includes emissions of other greenhouse gasses in addition to carbon dioxide,
in particular, methane and nitrous oxide. These other GHGs are converted into a common global
warming potential equal to that of one ton of carbon dioxide.
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4.4 Data and Estimation
4.4.1 Data Sources. In this section, we give an overview of the main

data sources we use in our analysis. Additional details on data sources and cleaning

can be found in Online Appendix [C.1]

Solar Panel Installations Our primary source for solar panel installations is
the Deepsolar database (Yu et all 2018)), a database of solar panel installation in
the contiguous US created by applying a deep-learning model for detecting solar
panels on satellite imagery from the year 2016.@ From Deepsolar, we use tract-level
data on the total number of residential solar systems and on the total panel area
covered by residential solar panels. Combining these two measurements gives us
the average size of solar installations, which we use to infer the average number of
panels per installation in each tract.

We supplement these data on solar installations with data from Google
Project Sunroof (GPS), another dataset created by applying a machine-learning
framework to satellite imagery. This dataset provides the distribution of rooftop
sizes that are suitable for solar panel installation in each tract, which we use as the

empirical analog of N; within each tract for 56,940 census tracts in the US|

Rooftop Solar Production Next, we need data on {Ait}tTZO, the stream of

electricity potentially produced by each panel installed by household 7. For this,

2TDeepsolar is the first high-fidelity database of solar panel installations in the United States.
Other solar panel databases rely on either self-reported data or surveys (e.g., Open Solar Project)
or do not cover the entire contiguous US (e.g., Tracking the Sun). The machine-learning algorithm
employed by Deepsolar is highly accurate, achieving a precision of 93% and a recall of 89% in
residential areas.

28These tracts include 90% of the 33 million square meters of residential solar panels in the
Deepsolar database. The GPS data specifically provide the number of buildings in each tract with
the potential for various installation size bins. We set N; as the midpoint of the installation size
bin for all buildings which fall in a given bin.
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we combine data on yearly solar production potential from GPS with county-level
time profiles of solar production from the National Renewable Energy Laboratory’s
System Advisor Model (SAM). Specifically, GPS provides measures of yearly kWh
that can be produced by panels in a given tract, accounting for local weather
conditions and shading. We set a household’s yearly solar potential for newly
installed panels as the mean household solar potential in the GPS data for the
household’s tract. We assume solar panel efficacy depreciates by a constant rate of
0.5% each yearﬁ Next, we need to determine the distribution of solar production
over each hour of the panel’s lifetime. For this, we utilize SAM, which provides
engineering estimates of electricity production with panel specifications and
climate as the model inputs (Blair, Dobos, & Gilman, 2013). For each county,

we calculate the fraction of yearly solar production produced at any given hour
over the year. See Online Appendix for details. We multiply this fraction

of energy produced each hour by a household’s annual solar potential to calculate
our measure of A;, hourly electricity production for any hour ¢ over the panel’s

lifetime.

Subsidies and Prices For subsidies, we rely on data from [Sexton et al.
(2021), who assemble data from the Database of State Incentives for Renewables
& Efficiency to calculate state and federal subsidies in 2017. For the price of
electricity, we use the average retail price of electricity as reported by the EIA.@

We use a value of r = 2% for the real interest rate.

29Jordan and Kurtz| (2013)) review the literature on photovoltaic degradation rates and find a
median degradation rate of 0.5%.

30These data can be downloaded at https://www.eia.gov/electricity/state/. See [lto
(2014) for evidence that consumers respond to average, rather than marginal, electricity prices.
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We estimate installation prices using data from Tracking the Sun, a project
collecting data on solar panel installations by the Lawrence Berkeley National Lab.
As Tracking the Sun only covers 25 states, we assume that all states within a given
Census region share the same installation pricing function. Specifically, we assume
that installation prices take the form pgl(sj) (N;) = p%g.l)s + Nl-p}%’g‘)s , where p%g.‘)s is
a fixed cost and p}{%?)s is a per-panel cost, and R(j) is the Census region containing
state 7. We present our estimates of the installation price functions and provide

evidence that this linear pricing function is a good approximation of prices in the

data in Online Appendix [C.3.1]

Power Plants Our electricity generation data come from Open Grid Emissions
(OGE), an open-source project aimed at creating high-quality electricity emissions
data that is publicly available (Miller, Pease, Knowles, & Shil 2022). These
data combine commonly used electricity data sources, namely hourly electricity
generation and emissions for generating units from the EPA’s Clean Air Markets
Division (CAMD), monthly production and emissions from EIA form 923, and
hourly balancing authority by fuel type electricity generation from EIA form 930.

We use their power-systems-level and plant-level data products from 2019@
The power-systems-level data gives hourly electricity production for each balancing
authority, broken out by fuel category, enabling us to calculate each region’s
total hourly load. The plant-level data gives hourly electricity production and
emissions for nearly 10,000 power plants. This coverage is the main innovation of

the OGE data, as previously hourly emissions and production were only available

31We use data from 2019 as it is the first year available from OGE and thus closest to the
Deepsolar data while also reflecting the modern electricity grid. The OGE methodology relies on
the EIA form 930, which is only available starting in mid-2018.
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for sufficiently large fossil-fuel plants included in the EPA’s CAMD data. The
plants excluded from CAMD data account for nearly 30% of NOx emissions, 8%

of SO2 emissions, and 7% of CO2 emissions. We use the 4,625 dispatchable plants
with postive, non-constant production in estimation, yielding over 40 million plant-

hour observations after the cleaning process described in detail in Online Appendix

C. 1.7

Damages To calculate damages associated with emissions, we utilize AP3,
a state-of-the-art integrated assessment model that translates emissions from
locations across the US into physical and economic damages. Specifically, AP3
uses a reduced-complexity air quality model to map emissions of local pollutants
to an ambient concentration of air pollutants in each county in the US. The model
then translates these ambient concentrations into damages, using estimates of the
physical effects of pollution exposure from the literature and considering population
distribution and vital statistics across Counties.ﬂ AP3 and its predecessors,
APEEP and AP2, have been employed extensively in the environmental economics
literature.@ In addition to AP3, we use the social cost of carbon to quantify
damages from greenhouse gas emissions.

4.4.2 Descriptive Patterns. Figure shows how the generosity

of subsidies varies across states under the current system of subsidies. We
measure subsidy generosity as the present discounted value of subsidies an average

household in each state would receive if they installed a 15-panel system, roughly

32AP3 calculates damages as increased mortality risk from pollution exposure. For the value
of mortality risk reduction, we use the EPA’s suggested value of $7.4 million translated into 2014
dollars.

33Gee, e.g., N. Z. Muller, Mendelsohn, and Nordhaus| (2011), [Holland et al.| (2016)), Shapiro and
Walker| (2020), Holland et al.| (2020)), |Sexton et al.| (2021]), |Cicala, Holland, Mansur, Muller, and
Yates| (2021)), [Holland, Mansur, Muller, and Yates| (2021)).
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Figure 17. Expected subsidies and monetary benefit for a 15-panel system in each
state.

Colors are scaled by the percentile of their respective value. Subsides and monetary
benefits are measured in 2014 dollars. See text for details.
the average size of installations in the data. There is considerable variation across
states in the generosity of these subsidies. New Jersey delivers nearly 29 thousand
dollars in subsidies, compared to seven states providing no additional funding,
leading to under 6 thousand dollars in subsidies from the federal government.
For comparison, the average cost of a solar installation in 2017 was roughly 24.5
thousand dollars. Therefore, the present discounted value of subsidies ranges from
roughly one-quarter to more than the entire cost of an average installation. Figure
[C.4 in Online Appendix shows the state-level subsidy generosity separately
for each of the three subsidy types. The majority of the value of subsidies comes
from cost-based, rather than production-based or panel-based, subsidies.

In addition to subsidies, the monetary incentives to install panels vary
geographically because of spatial differences in prices and sunlight. Figure
shows the monetary benefits associated with solar panel installations. Specifically,

for every household within the model, we calculate the net present value of
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Figure 18. Installed solar systems per 1000 individuals.

monetary benefits of installation, p;; (IV}), evaluated at N = 15. We then

take the average monetary benefit over all households within a state. This total
monetary benefit therefore measures the net present value of installing solar panels
in a given state for the average household, taking into account local differences in
solar irradiance, electricity and installation prices, and the set of local subsidies.
The states with the highest monetary benefits are located in the Northeast, a
region with high electricity prices and subsidies. Additionally, California has a high
monetary value of installation, combining high electricity prices with high levels of
solar irradiance. Meanwhile, several states in the Midwest and Mountain West have
negative values, driven by lower subsidies, electricity prices, and solar radiation.
Figure |18 shows installations per capita at the census tract level. We can see that
installations are generally higher in areas with larger monetary benefits, such as
most of the Northeast and California. Meanwhile, households in the Midwest,
where there are relatively low subsidies, less sunlight, and low electricity prices,

install few solar panels.
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Figure 19. Border Discontinuities in Monetary Benefits and Installations.

Each graph plots estimated location-bin fixed effects from a regression of the
variable in question on border and location-bin fixed effects. Monetary benefits
are measured in 2014 dollars. Positive values on the X-axis represent households
on the side of the border with more generous subsidies, and negative values on the
X-axis indicate the side of the border with less generous subsidies.

In Appendix [C.3.3] we investigate how the monetary benefits of solar
installations correlate with the average size of solar installations. Across a number
of specifications, we find that increased monetary benefits are associated with a

statistically significant, but small in magnitude, increase in the average size of

installations.

Border Discontinuities When we estimate our structural model, we use a
border discontinuity approach, which compares installation rates on either side of
state borders. Here, we present descriptive evidence on how the monetary benefits
of installation and installation rates change as we cross the border from states with
relatively less generous subsidies to states with more generous subsidies.

For this exercise, we limit our sample to tracts within 50 miles of state

borders. Given the average solar irradiance in the border region, we calculate the
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net present value of subsidies a household would receive for a 15-panel installation.
Then, we classify the side of the border for which this hypothetical subsidy is
higher as the “generous” side. Finally, we divide households into 5-mile-wide
bins in locations relative to the state border. To examine how a given variable
changes as we approach and cross state borders, we follow |Bayer, Ferreira, and
McMillan| (2007)) and regress the variable in question on state-border fixed effects
and location-bin fixed effects. We plot these estimated location-bin fixed effects,
which give the conditional average of the variable in question in a given location
bin relative to the bin nearest to the border on the less generous subsidy side (the
omitted location-bin fixed effect).

Figure shows how the expected monetary benefit varies by the location
relative to the border. As before, we measure monetary benefit as the average
net present value of installing a 15-panel system in a given tract. Positive values
on the X-axis represent households on the side of the border with more generous
subsidies, and negative values on the X-axis indicate the side with less generous
subsidies. By construction, tracts on the negative (left) side of the border have
lower monetary benefits, with a jump of roughly $8,000 as we move from the less
generous side of the border to the more generous side. Figure shows the results
for log installation rates. There is a sharp increase in installation rates across the
border—moving from the less generous side of state borders to the more generous
side is associated with roughly a 50% increase in installations per capita.

As argued by Black| (1999), Bayer et al. (2007)) and |D. S. Lee and Lemieux
(2010), these discontinuities in installation rates are informative about the
causal effect of subsidies on installations if other variables which may influence

installation rates are continuous at state borders. One particular concern is that
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household preferences for solar panels may be discontinuous at state borders. This
discontinuity would occur if, for example, households with stronger preferences

for solar panels sorted onto the side of the state border with more generous solar
subsidies. Though we cannot measure preferences for solar panels directly, in
Online Appendix [C.3.4] we look for suggestive evidence for this type of sorting by
plotting 1) the percent of households with college degrees, 2) the percent of voters
who voted Democrat in the 2016 presidential election, and 3) average household
income as a function of distance to state border. We find no evidence of sorting
around state borders among these characteristics.

Another concern is that differences in other state policies, such as state
tax rates, could drive these discontinuities. To assess this concern, we run border
discontinuity regressions of log installations per capita on subsidies for solar panels,
both with and without controls for various state taxes. Table [6] shows the results.
For each column, we limit our sample to tracts within 10 miles of state borders
and regress tract-level log installations per capita on the net present value of
subsidies for a 15-panel system, tract-level household demographics, and state-
border fixed effectsﬂ Column (1) gives regression results without any controls
for state and local taxes. Column (2) adds the state income tax rate, measured
as the average state tax rate evaluated at a household income of 60,000 dollars,
roughly the average income in the data. Column (3) adds sales tax, measured
as the average state and local sales tax in a given state, and Column (4) adds

the average property tax rate in the state.ﬁ The estimates from these border

34We include fixed effects for all state pairs which share a border. For example, California-
Oregon, California-Nevada, and California-Arizona are all included as separate fixed effects.

35GQales tax data are taken from Walczak and Drenkard| (2017). Property tax rates are from
Sexton et al.| (2021]), who estimate property tax rates using data on real estate tax payments and
property values from the American Community Survey.
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Dependent Variable:
Log Installations per Capita
(1) (2) (3) (4)
NPV Subsidies ($1000s) 0.0629*** 0.0755***  0.0751*** 0.0826***
(0.00920)  (0.00438) (0.00570)  (0.00761)

Income Tax NO YES YES YES
Sales Tax NO NO YES YES
Property Tax NO NO NO YES
Distance Bandwidth 10 10 10 10

Observations 6,052 6,052 6,052 6,052

R p<0.01, ** p<0.05, * p<0.1

Table 6. Regression of log installations per capita on the net present value of
subsidies for a 15-panel installation within 10 miles of state borders.

Subsidies are measured in thousands of 2014 dollars. State-clustered standard
errors in parentheses. All regressions contain border fixed effects and tract-level
demographic controls.

discontinuity regressions are similar across all specifications, but the parameter
estimate slightly increases as we add state tax controls. The estimate in Column
(4) suggests a $1,000 increase in subsidies is associated with roughly an 8%
increase in installations. We will control for these state tax variables in the border
discontinuity regressions we use in our structural estimation procedure.

Moreover, apart from the policies categorized as subsidies, there exist
additional state measures designed to promote solar adoption. If the prevalence
of these policies correlates with subsidy generosity, this may lead us to overestimate
the responsiveness of installations to subsidies. In Appendix we rerun these
border discontinuity regressions with additional controls for other state-level
programs aimed at increasing solar installations that our subsidy measures do not
account for. Our results are robust to the addition of these additional controls.

4.4.3 Estimation.
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Households We estimate the household installation component of the model
via indirect inference. In essence, we first compute a set of “auxiliary models”
that describe installation behavior in the data, and then simulate the structural
model and calculate the auxiliary models with simulated data. We choose the six
structural parameters o, Yo, Yoou, Yrol, 71n and oy such that the auxiliary models
computed from the model are as close as possible to those from the data.

Our first auxiliary model is a border discontinuity regression which measures

how installation rates change as we cross state borders@ Formally, we run the

following regression using only tracts within 10 miles of state borders:
IOg M€ = Qfly + BZZ + gborder(é) + €,

where M, is the total number of solar installations in tract ¢, ji, is the average
monetary benefit of installing a 15-panel system in tract ¢, 5 is a vector of
regression coefficients, 7, is a vector of tract-level demographic and tax rate
controls, and Oyerqer(r) is a state-border fixed effectm The parameter o measures
the relationship between installation rates and monetary benefits in narrow
bandwidths around state borders, controlling for border fixed effects. We target the
coefficient o as an auxiliary model parameter ¥ As argued above, « is informative

of the causal effect of monetary benefits on installation, given that household

36Similar border discontinuity approaches have been used frequently in the environmental
literature (see, e.g., Tto| (2014), [Feger et al. (2022), Hughes and Podolefsky| (2015)), or [Rubin and
Auffhammer| (2023))).

37We again include fixed effects for all state pairs which share a border. The vector of controls
Z, includes the tract-level college completion percentage and percent of voters who voted
Democrat in the 2016 presidential election, the state income tax rate, the sales tax rate, and
the average property tax rate.

380ur estimates of o are not sensitive to the size of the bandwidth around state borders, nor
the inclusion of demographic controls. We obtain similar estimates of structural parameters when
we instead include a regression of log installations on subsidy levels rather than total monetary
benefits.
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characteristics potentially correlated with preferences for solar do not exhibit a
discontinuity at state borders. Additionally, we also target 1) log installations per
household in each census tract, and 2) the average number of panels per array in
each census tract.

The six structural parameters of interest are well identified. As we can see
from , the parameter o dictates the extent to which installations increase
with monetary benefits. This parameter is thus identified by the coefficient o from
the border discontinuity regression. Variation in demographics across tracts then
jointly identifies Yo, Yoou, and vp,. Finally, the average number of panels in each

array and how the size of arrays varies across cities identify v,y and yop.

Dispatchable Power Plants We estimate the power-plant-specific policy
functions described by equations and via maximum likelihood. We
provide the likelihood function and additional details in Online Appendix [C.2.2]
Variation over time in both electricity demand and production by nondispatchable
plants creates variation in excess loads across regions that identifies the parameters

of the plant-specific policy functions.

Damages We estimate damages by combining power-plant level emissions data
from EPA’s Clean Air Markets Division with estimates of marginal damages from
AP3. We estimate the damages given by equation via ordinary least squares
using power-plant level emissions data from OGE. To translate these emissions
into damages, we need an estimate of 04, the marginal damages associated with
emissions of pollutant g by power plant k. The AP3 model calculates the marginal

damages associated with local pollutants emitted from every county in the United
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Estimate Standard Error

Dispersion of Idiosyncratic Utility o 11.6 0.5
Percent College Yool 7.5 0.6
Percent Democrat YPol 17.6 1.7
Constant Yo -308.4 13.2
Number of Panels YN 34.1 1.6
Number of Panels Squared YoN -1.1 0.1

Table 7. Parameter estimates for household utility function.

Standard errors calculated via bootstrapping. “Percent Democrat” refers to the
percent of voters who voted Democrat in the 2016 presidential election.

States for varying stack heights. We, therefore, calculate ¢4, by matching power
plants to their corresponding county and stack height in the AP3 model.
We assume a social cost of carbon of 185 dollars per ton of CO22, based on

the mean estimate from Rennert et al/ (2022) [
4.5 Estimation Results and Model Fit

4.5.1 Households.

4.5.1.1 Parameter Estimates. Table [7| displays the estimates of
parameters governing the household utility function. The nonpecuniary value of
installations is increasing in average local education and in the percent of voters
who voted Democrat in the 2016 presidential election. The final two parameter
estimates, which dictate utility as a function of installation size, imply that
the optimal size of an installation is increasing in monetary benefits, but only

marginally so: a $1000 increase in the monetary benefit associated with installing

39Rennert et al.| (2022) is the same methodology and results on which US EPA based its
December 2023 guidance for the social cost of greenhouse gasses. They report estimates in 2020
US Dollars. We convert this to 2014 dollars for consistency with the rest of our analysis. We
do not account for the environmental damages associated with producing and disposing of solar

panels. These costs are small relative to the environmental benefits of power produced by a solar
panel (Heath & Mannl [2012).
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an additional panel leads to only a ~ 0.45 increase in the optimal number

of panels[T]

To get a better sense of what the parameter estimates imply for installation

1
2x(—1.1)

probabilities, recall that the partial elasticity of installation probability with
respect to monetary benefits is approximately equal to % Given that we measure
monetary values in thousands of dollars, our estimate of ¢ = 11.6 implies

that a thousand dollar increase in the monetary value of installation leads to

approximately a ﬁ ~ 9 percent increase in the number of installations.

4.5.1.2 Model Fit (Installations). Figure 20| assesses model fit
with regard to solar installations. Figure shows the relationship between tract-
level log installations per household and the monetary benefits of installation in the
data and simulation. We calculate the lifetime monetary benefits of installation as
the net present value of installing a 15-panel array in each census tract. We can
see that in both the data and simulations, installations are strongly increasing
in monetary incentives.@ Subfigures and show the relationship between
installations and the percentage of households with a college education, and the

percent of voters who voted Democrat in the 2016 presidential election. The fit is

quite good in both dimensions.

40Recall from equation ([4.9) that the optimal number of panels is given by N =

Opij
. o N T . . . .
min [Ni, — (Wﬂ . We estimate o = —1.1 and increasing the per-panel subsidy by
$1000 increases %’;\'f by 1.
41 Differentiating equation ([4.10]) yields % = 1(1-m). The average value of 7; in our
ig \IVq

dataset is about 0.02.

42The slight decrease in installation rates for the highest monetary values in the data reflects
that Massachusetts and New Jersey have very generous subsidies and high electricity prices, but
installation rates are lower than in states such as California and Arizona, which have less generous
subsidies.
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Figure 20. Household solar installation model fit.

Panels (a), (b), and (c) show local nonparametric fit of tract-level log installation
per household in the data (red dotted line) and simulations (solid blue line) on

(a) the total monetary benefit of installing 15 solar panels, (b) the percent of
households with a college degree, and (c) the percent of voters who voted Democrat
in the 2016 presidential election. Monetary benefits are measured in 2014 dollars.
Panel (d) plots estimated location-bin fixed effects from a regression of log panels
per household on state tax rates and location-bin and state-border fixed effects.
Positive (negative) values on the X-axis represent households on the side of

the border with more (less) generous subsidies. The dots represent estimates of
location-bin fixed effects from the data (red hollow dots) and the simulations (blue
dots).
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Subfigure examines how log panels per household change as we cross
state borders. We first divide households into 10-mile-wide bins in location relative
to the border using the procedure described in Section [£.4.2 We then regress
tract-level log panels per household on location-bin fixed effects, controlling for
border fixed effects and state tax rates. Finally, we plot the estimated distance-
bin fixed effects for both the data (blue dots) and our simulated model (red dots).
Positive values on the X-axis represent households on the side of the border with
more generous subsidies, and negative values on the X-axis indicate the side with
less generous subsidies. Both data series show a similar “jump” as we move from
the side of the border with less generous benefits to the side with more generous
benefits.

4.5.1.3 Comparison to Existing Estimates. (Gillingham
and Tsvetanov| (2019) estimate the price elasticity of demand for solar panel
installations using an approach that accounts for excess zeroes, unobserved
heterogeneity, and the endogeneity of installation prices. Their estimates imply a
price elasticity of demand evaluated at the mean installation price equal to -0.65.
We simulate a marginal increase in installation prices and calculate the implied
price elasticity evaluated at the mean installation price. This yields an estimate of
-0.74, close to the elasticity estimated by |Gillingham and Tsvetanov| (2019).

Crago and Chernyakhovskiy (2017) analyze the effects of policy incentives
on residential solar panel installations using county-level panel data from 12 states
in the US Northeast. They find that increasing rebates by $1 per watt increases
solar panel installations by 47%. We replicate this experiment using our structural

model and find that increasing rebates by $1 per watt in the same 12 states
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increases installations by 36%, of a similar magnitude to the estimates in |Crago
and Chernyakhovskiy| (2017) [F]

Hughes and Podolefsky| (2015) estimate the effects of subsidies on solar
panel installations by examining the introduction of a solar rebate in California.
In their preferred estimate, they find that a $470 increase in total rebate leads to
a 10% increase in installations. From our estimates above, we can see that a $470
increase in subsidies would lead to approximately a .47 x % ~ 4 percent increase in
the number of installations. Thus, our result is smaller than the estimate in [Hughes
and Podolefsky (2015) but of a similar magnitude.

4.5.2 Power Plants. We now evaluate the performance of the power
plant portion of the model. We include additional model fit results for power
plants in Online Appendix including out-of-sample predictions using 2020
data. Figure 21| shows predicted electricity production of dispatchable plants
against actual electricity production@ Each dot represents an hour of aggregate
production by dispatchable plants for each interconnection in the data (X-axis) and
predicted by the model (Y-axis). The model fits well in all three interconnections,
producing R-squared values of 0.99, 0.96, and 0.96 in the East, West, and Texas,
respectively.

We assess fit over hours and seasons in Figure 22 Each panel shows

predicted and actual production of dispatchable plants for the average day for

43Specifically, we increase the per-panel subsidy, 5?“‘61, in these same 12 states. We convert the
per-watt subsidy into a per-panel subsidy by assuming 250 watts per panel.

44While generally performing very well, we note that these predictions are lower than actual
production values by about 2 percent on average. The Tobit model relies on normal and
homoskedastic errors to produce consistent estimates (Cameron & Trivedi, 2005, p. 538). As
these models are power plant specific, this assumption applies to the errors within power plants,
some of which may violate the normality assumption. We do not think this issue meaningfully
affects our results as the discrepancy between actual and predicted production is small.
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Figure 21. Model fit at the interconnection level.

The Y-axis gives the production of dispatchable plants predicted by the model,
measured in GWh while the X-axis gives the production in the data. Dots
represent an hour of production for each interconnection, smoothed lines show
the fit of a generalized additive model.

each of the three interconnections across four seasons. This figure shows that the
model matches daily peaks and troughs of production in response to changes in
demand and differences in intraday timing of those peaks and troughs between
seasons. In particular, our model is able to generate the pattern of increasing
dispatchable production through the afternoon, the time where solar power
generation decreases and electricity demand increases. This is especially true for
seasons and interconnections when solar makes up a larger share of electricity
production. A region-level breakdown of these plots is available in Online Appendix
[C.3.6]

Not only does the model match total production, but it also replicates
changes in the fuel mix at varying demand levels, reflecting that plants differ in
how balancing authorities dispatch them as a function of excess demand. Figure
shows the percentage of total production in each interconnection produced by

plants of each fuel type in the model and the data. The X-axis of each panel varies
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Figure 22. Model fit at the interconnection level by hour and season.

Hour reflects Eastern Standard Time (EST). Each panel shows predicted and
actual production of dispatchable plants over the course of the average day, for
each of the three intersections and across four seasons. The dashed green line
gives electricity production in the data while the solid orange line gives predicted
production.
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Figure 23. Fuel mix of production by interconnection.
The X-axis gives excess load at the interconnection level and the Y-axis gives the
percent of electricity production that is produced by each of the fuel types. The
dashed lines show the fuel mix in the data while the solid lines show the simulated
fuel mix.
the interconnection-level excess load—the total amount of electricity demand that
must be satisfied by dispatchable plants. Across all interconnections, our model’s
predictions match the observed fuel mix very well. In all interconnections in the
model and data, natural gas as a share of production increases in excess load.
Meanwhile, production levels of clean, low-marginal-cost nuclear and hydroelectric
plants generally decrease as a percentage of total production. An important
difference between the Eastern and Western Interconnections is that coal increases
its share of production in the East, whereas coal’s production share declines except
at the lowest levels of excess load in the West.

These changes in the fuel mix imply that the marginal damages of electricity
production may vary not only spatially but also as a function of electricity demand.

To illustrate this, Figure [24] plots simulated marginal damages of energy production
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in each region within each interconnection as a function of excess load[”| Overall,
marginal damages are highest in regions within the Eastern interconnection,
reflecting, in part, the interconnection’s reliance on production from coal-fired
power plants. However, there is significant heterogeneity in the marginal damages
across regions within this interconnection. Marginal damages are highest from
power plants the RFC region, which spans much of the Mid-Atlantic and lower
Great Lakes. Regions also vary in the extent to which their marginal damages
of production change in excess load. In the Western and Texas interconnections,
marginal damages are relatively flat as a function of excess load while marginal
damages in several regions in the Eastern interconnection are strongly increasing
in excess load. For example, in the NPCC, the region covering the Northeast,
marginal damages increase by over 30% between the 10th to 90th percentile of
excess load, going from $67/MWh to $88/MWh.
4.6 Counterfactuals and Nationally-Optimal Subsidies

4.6.1 Welfare-Maximizing Subsidies. We now use the estimated
structural model to quantify the welfare-maximizing solar subsidies characterized
by equation . We outline the algorithm we use to numerically solve for welfare-
maximizing subsidies in Online Appendix [C.2.4] The results are displayed in Figure
and in Table[§ In all tables, “Baseline” refers to simulated outcomes under the

current system of subsidies.

45To calculate this, we simulate increasing excess load by a small amount in the region in

question. We then divide the resulting change in total damages associated with power plants in
the region by the change in total production by these power plants. Note that this is the marginal
damage with respect to electricity production within a given region, not electricity demand from a
given region. To the extent that a region imports electricity from other dirtier or cleaner regions,
the marginal damage of electricity demanded may be higher or lower. For example, the NPCC
imports electricity from the relatively dirty RFC, making marginal damage of electricity demand
in NPCC higher than the electricity produced there.
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Figure 24. Estimated marginal damage of electricity production by region.

The X-axis of each panel varies the total excess load in each of the three
interconnections, and the Y-axis gives the simulated marginal damages per MWh
of electricity produced in each region. In the Western interconnection, CAL covers
most of California and WECC the rest of the western states. TRE is the only
region in Texas. In the eastern interconnection, MRO covers the Midwest, NPCC
the Northeast, RFC the mid-Atlantic, and SERC the Southeast. See Appendix
for a detailed description of the regions and Figure for service areas of
each region. See text for additional details on marginal damage calculations.
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(1) (2) (3) (4) (5)
State-Specific Subsidies Tract-Specific Subsidies
Baseline Welfare Max Damage Min Welfare Max Damage Min
I. Average Subsidy ($Thousands)

Midwest 10.0 15.4 15.9 15.3 15.8
Northeast 17.1 13.1 11.2 13.1 11.1
South 10.6 14.6 14.5 14.6 14.4
West 11.7 12.6 10.5 12.6 10.3

I1. Installations per 1000HHs

Midwest 5.4 8.1 8.9 8.1 8.9
Northeast 20.3 11.3 11.0 11.3 10.9
South 6.6 9.0 9.3 9.0 9.3
West 11.9 13.1 11.3 13.1 11.2
National 9.9 10.3 10.0 10.3 10.0

III. Annual Damages Offset ($Millions)

CO2e 193.4 216.9 219.0 217.1 2194
NOx 12.0 13.3 13.3 13.3 13.3
PM2.5 33.2 36.8 34.7 36.8 34.6
SO2 23.6 25.5 28.5 25.7 28.9
Total 262.3 292.6 295.4 292.9 296.1

Table 8. Welfare maximizing results

Panel I shows the average present discounted value of subsidies received for a 15-
panel installation for each census region. Panel II gives the simulated number

of solar installations per 1000 households in the model for each Census region.
Panel III gives the total damages offset by rooftop solar. All monetary values are
measured in 2014 dollars. See text for details on each simulation.

178



Figure and the first panel of Table |8 show how total subsidy generosity
varies across states under the nationally-optimal system of subsidies@ We
measure subsidy generosity as the present discounted value of subsidies an average
household in each state would receive if they installed a 15-panel system. Several
states in the Northeast and Northwest, areas with relatively environmentally
friendly power plants and little sunlight, have the lowest optimal subsidies, at under
10 thousand dollars in present value. On the other end of the spectrum, eight states
have optimal subsidies valued at over 17 thousand dollars. In West Virginia, one of
these states, current subsidy levels are some of the least generous in the country at
under 6 thousand dollars. More generally, nationally-optimal subsidies are highest
in the Mid-Atlantic and lower Great Lakes and are lowest in the Northwest and
Northeast.

Figure and the second panel of Table [§ quantify the misallocation
caused by the current system of subsidies on the spatial distribution of solar panel
installations[] Current installations in the Midwest and South are roughly 30%
lower than under nationally-optimal subsidies, while installations in the Northeast
are 80% higher than the optimal level. These results suggest that the current
system of subsidies leads to a substantial misallocation of solar panels across states.

Panel III of Table |8 summarizes the environmental cost of this misallocation.
Switching from the current subsidy scheme to the nationally-optimal scheme would

increase annual damages offset by rooftop solar from $262.3 million to $292.6

46Tn Online Appendix |C.3.7, we show how the government should optimally allocate subsidies
across the three subsidy types: cost-based subsidies, per-panel subsidies, and production-based
(per-kWh) subsidies.

4TWe find that almost all of the adjustment comes via the extensive margin, rather than the
intensive margin (number of panels per installation). In Online Appendix |C.3.8] we show how the
average installation size changes across counterfactuals.
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Figure 25. State-level nationally-optimal subsidies and misallocation for welfare-
maximizing reforms.

Panel (a) gives the nationally-optimal state subsidies. Subsidies are measured as
the present discounted value associated with a 15-panel installation in 2014 dollars,
averaged across all households in the state. Panel B shows state-level installations
under the current system as a percentage of installations under the nationally-
optimal system. These results are shown in table form in Online Appendix @

million, equal to a 11.5% increase in the aggregate environmental benefits of solar
panelsﬁ A decrease in CO2 equivalent emissions drives most of the environmental
gains, with relatively minor effects on damages from other pollutants.

4.6.2 Damage-Minimizing Reforms. An alternative social

objective is to choose the system of subsidies that minimizes environmental

damages. In this section, we consider a government who chooses subsidies to

48These environmental benefits are considerably smaller than the environmental benefits of
reallocating panels found in [Sexton et al.| (2021)). There are two main reasons for this difference.
First, we consider a government with much more limited policy instruments.
consider a planner who can directly allocate panels across states subject to local capacity
constraints. Here we consider a government which can only influence installations through
subsidies. Second, we utilize emissions data from 2019 rather than data from 2007-2016.
find that power plant emissions decreased dramatically between 2010 and 2017.
This decline was especially large in the Eastern interconnection, where emissions are historically
higher than in the Western interconnection. This decrease in variation of damages across locations
lowered the environmental benefits of reallocating panels across space.
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Figure 26. State-level nationally-optimal subsidies and misallocation for damage-
minimizing reforms.

Panel (a) gives the nationally-optimal state subsidies. Subsidies are measured
as the present discounted value associated with a 15-panel installation in 2014
dollars, averaged across all households in the state. The color scale censors subsidy
levels below $5K and above $20K. Panel B shows state-level installations under the
current system as a percentage of installations under the nationally-optimal system.

These results are shown in table form in Online Appendix
minimize the net present value of environmental damages, D (ELoad), subject to
the government budget constraint. We formalize the government’s problem and
present the first-order conditions in Online Appendix [C.2.5]

Figure [26] and the third columns of Tables [C.§ and Table [§ show the results.
Like the welfare-maximizing policies, the damage-minimizing policies are most
generous in the Mid-Atlantic and lower Great Lakes, and are least generous in
the Northwest and Northeast. However, the variation across states in subsidy
generosity is greater than under the welfare-maximizing subsidies: optimal damage-
minimizing subsidies range from under 4 thousand dollars to over 21 thousand
dollars. The reallocation of solar panels induced by the damage-minimizing

subsidies would lead to a 12.6% increase in aggregate environmental benefits.
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4.6.3 Tract-level Subsidies. In the results above, we found that
optimally set state-level subsidies lead to large environmental benefits relative to
the current system of subsidies. Could subsidies set at a more granular geographic
level lead to even larger gains? To answer this, we solve for the welfare-maximizing
and damages-minimizing subsidies when subsidy levels are allowed to vary
nonparametrically across census tracts”]

Columns (4) and (5) of Table |§ display the results. In both the welfare-
maximizing and damage-minimizing cases, the average subsidies across regions
and the distribution of installations with optimal tract-level subsidies are similar
to those under optimal state-level subsidies, and the damages offset with optimal
tract-specific subsidies are only slightly larger than those with optimal state-specific
subsidies. We conclude that the nationally-optimal system of state-level subsidies
can capture most of the gains of more geographically granular subsidies.

4.6.4 Unconstrained Reforms. Our previous counterfactuals
have focused on budget-neutral reforms. Here we analyze the case where the
government does not face an externally set budget constraint and maximizes utility
less environmental damages and government cost. In this case, the government’s

problem is to maximize

—_——

Damages

/ Vidi — D (ELoad) =\ / simidi, (4.14)
7 j i€l

J/

Utilit,
Y Government Cost

49 4, is constant within census tracts in our quantitative model, and therefore solar production
within census tract is simply proportional the number of panels installed. Thus, there is no unique
nationally-optimal system of subsidies when the planner can use both panel-based and production-
based subsidies. Therefore, we set per-panel subsidies to 0 in this exercise.
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(1) (2) 3) (4)

Unconstrained Optimal

Baseline A=1 A=125 A=15
I. Average Subsidy ($Thousands)
Midwest 10.0 11.9 7.2 4.1
Northeast 17.1 9.9 5.6 2.7
South 10.6 11.2 6.7 3.6
West 11.7 9.5 5.3 2.5

I1. Installations per 1000HHs

Midwest 5.4 6.0 4.1 3.1
Northeast 20.3 8.6 5.9 4.6
South 6.6 6.7 4.6 3.5
West 11.9 10.1 7.0 5.5
National 9.9 7.8 5.4 4.2

IT1. Annual Damages Offset ($Millions)
Total 262.3 218.6 147.4 113.4

IV. Annuitized Total Subsidies Paid ($Millions)
National 380.8 218.5 86.2 34.7

Table 9. Unconstrained Nationally-Optimal Subsidies.

The first panel shows the average present discounted value of subsidies received for
a 15-panel installation for each census region. The second panel gives the simulated
number of solar installations per 1000 households. The third panel gives the annual
environmental benefits generated by residential solar panels. The final panel gives
the total government spending on subsidies converted into an annuity value. All
monetary values are measured in 2014 dollars.

where \ represents the marginal cost of public funds. We present results over a
range of A’s from 1 to 1.5—for A = 1, the government weights fiscal costs and
household utility equally. We can think of this as a setting in which there are no
distortionary costs of raising public funds, e.g. the government has access to lump-

sum taxation Y] We present the first-order conditions of the government’s problem

in Online Appendix

50Jacobs (2018) shows that the marginal cost of funds is also equal to one in a Mirrleesian
framework with the optimal tax system. A value of 1.3 is a commonly-used “middle of the road”
estimate of the marginal cost of public funds in the literature (Ballard, Shoven, & Whalley),
1985; [Finkelstein & McKnight|, |2008; Newhouse, [1992; (Olken, 2007} |Poterbay, (1996]) while 1.5
is considered a “conservative” estimate (Finkelstein & Hendren) 2020; Heckman, Moon, Pinto,
Savelyev, & Yavitz, [2010)).
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The results are summarized in Table[@ The first two columns show results
under the current subsidy system and unconstrained nationally-optimal subsidies
when we use a marginal cost of funds () equal to 1. Optimal subsidies slightly
exceed current subsidies in the Midwest and South, but fall below current levels
in the Northeast and West. Table in Online Appendix shows the
state-level optimal subsides. These optimal subsidies result in fewer installations
nationally, with Panel II showing that installations under the optimal subsidies are
80% of current levels nationally.

Panels IIT and IV show the annual environmental benefits of rooftop solar
and the annuitized government spending on subsidies. Switching to unconstrained
nationally-optimal subsidies decreases environmental benefits by 43 million dollars
annually. However, the accompanying 162 million dollar decrease in fiscal costs
dwarfs this decrease in environmental benefits. The optimal subsidy scheme
achieves 83% of the environmental benefits at 57% the current cost.

To account for the additional costs of raising funds for solar subsidies from
the use of distortionary taxes, we now calculate the optimal unconstrained subsidy
with alternative values of A\, the marginal costs of public funds. In Columns 3
and 4 of Table [9 we recalculate the optimal subsidies with A\ = 1.25 and with
A = 1.5, respectively. With these larger values of the marginal cost of public funds,
the optimal amount of spending on solar subsidies decreases, as raising money for
subsidies entails an efficiency cost. With A = 1.25, optimal spending on subsidies
is only 23% of current levels, and with A = 1.5, optimal spending is less than one-
tenth of current levels.

As discussed in the introduction, residential solar subsidies may be

associated with additional external benefits that we do not capture here. However,
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Figure 27. Damages offset per additional dollar of government funds

Damages associated with marginal increases in production-based subsidies, s?Wh,

around the current system of subsidies. All monetary values are measured in 2014
dollars.

our results suggest that these additional benefits would have to be quite large to
justify the current spending levels on these subsidies nationally.

4.6.5 Marginal Subsidy Increases. Relative to the current system
of subsidies, what marginal subsidy increases are the most cost-effective way to
decrease damages? To answer this, we calculate the damages offset per additional
dollar of government cost associated with marginal subsidy increases around the
current system of subsidies. Specifically, we first simulate the model 1) under the
current system of subsidies and 2) with marginally more generous subsidies of
a given type in a given state. We calculate the damages offset per dollar of this
particular subsidy as the difference in damages between the two simulations divided
by the difference in the fiscal cost. We repeat this process for each subsidy type in
each state.

Figure 27| shows the marginal damages offset per dollar for production-
based subsidiesﬂ There are large differences in damages offset across states.

For example, a small subsidy increase in Washington only leads to 22 cents less

51Within each state, there are only small differences in the damages offset per dollar across the
three subsidy types.
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environmental damages per dollar of government funds. On the other hand,
subsidy increases in West Virginia are highly cost-effective—for an additional
dollar of government spending, environmental damages decrease by 80 cents.
Subsidy increases in Ohio and Pennsylvania are also associated with damages
offset per dollar of over 70 cents. These results imply that small, cost-neutral shifts
in subsidies across states could lead to substantial decreases in environmental
damages. For example, a cost-neutral shift from subsidies in Washington to
subsidies in West Virginia would lead to decreases in environmental damages of
80 — 22 = 58 cents for each dollar reallocated. Put another way: if the goal of
Washington policymakers were to reduce total environmental damages, they would
be significantly better off subsidizing solar installations in West Virginia, rather
than in Washington.
4.7 Extensions, Robustness and Further Issues

4.7.1 Alternative Specifications of Household Utility. In our
baseline specification, we specified ; (+), the function which dictates a household’s
nonpecuniary benefits of solar installation, as a function of the number of panels
installed and the local average education level and political leaning. In Online
Appendix [C.4.1] we assess the sensitivity of our main results to this specification
of the utility function by changing the specification of v; (+). In each specification,
we re-estimate the model given the alternative specification of utility and then solve
for the optimal cost-neutral policy given the new estimates of the household utility
function. Across all specifications, we find similar optimal subsidies, similar changes
in installation rates, and similar environmental benefits.

4.7.2 Alternative Discounting of Future Subsidy Payments.

In our baseline model, we assumed that households value production subsidies
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at the present discount value of subsidy payments, calculated using the market
interest rate. However, De Groote and Verboven (2019) find that households use
a much higher implicit interest rate when evaluating the future subsidy payments
associated with solar panel installations.

In Online Appendix [C.4.2] we reestimate our model and recalculate the
optimal subsidies when households calculate the net present value of future
subsidy payments using an implicit discount rate of 15%, based on the estimates
from |De Groote and Verboven| (2019). We have two main takeaways from this
extension. First, the change in household discounting of future subsidy payments
has important implications for the type of subsidy the planner chooses. When
households discount future subsidies more heavily than upfront subsidies, the
social planner relies less on production subsidies, as they are valued less than
upfront subsidies?] Therefore, in this extension, the social planner relies mostly on
investment subsidies, whereas the planner in our baseline results uses production
subsidies most heavily. Our results echo those from |De Groote and Verboven
(2019), who find that upfront investment subsidies are more cost-effective than
production subsidies at inducing installations. Second, the optimal geographic
distribution of subsidies and the optimal overall level of subsidy spending are
similar to our baseline results. We conclude that this alternative assumption about
household discounting does not change our main results about spatial misallocation
of panels nor about optimal levels of spending across space.

4.7.3 Line Losses. Our baseline model does not account for line loss:

the electricity that is lost as electricity is transmitted over the grid from a power

52We do not allow the government to set negative production subsidies. Without this
constraint, the government will heavily tax solar production.
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plant to a consumer. Rooftop solar reduces line loss by reducing the amount of
electricity that needs to be transported across the grid.

In Online Appendix [C.4.3] we re-calculate our main results in a model
which accounts for line loss, where we base our model of line loss on the model
and estimates from [Borenstein and Bushnell (2022). In the extension, line losses
are determined endogenously as a function of the amount of electricity in each
region that must be transmitted between central generation plants and households.
Therefore, residential solar offsets damages not only by directly producing power
that would otherwise be produced by fossil-fuel plants, but also by reducing
transmission across the grid and the resulting line losses.

The takeaways are qualitatively the same as our main results. As expected,
the environmental benefits of solar panels increase. As a result, the total
government spending under the optimal unconstrained subsidies is higher than in
the baseline case but still less than under current policies. The welfare-maximizing
and damage-minimizing cost-neutral reforms generate increases in aggregate
environmental benefits of 11.4% and 12.3%, respectively.

4.7.4 Transmission Constraints. In times when transmission lines
are under heavy use, grid operators will limit the extent to which electricity is
moved over long distances to prevent transmission lines from overheating. Our
baseline model does not account for these transmission constraints because we
assume that a given power plant’s production level can always depend on excess
load in other regions within the plant’s interconnection. If transmission constraints
are binding, however, the plant’s power production is unlikely to depend on excess
load in other regions because grid operators will avoid transmitting electricity

across regions.
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We now consider a model extension that includes a stylized model of
potentially binding transmission constraints. We assume that if the excess load
in a given region R exceeds a certain threshold ELoady, then the policy functions
of power plants will depend only on the excess load in their own region and not on
excess load in other regions. Thus, we can express the latent function for power

plant k£ in region R as:

fi (ELoady, ext) =
U+ Y per, (ki ELoadgry + ¥} ELoads,) + ey if ELoadg, < ELoadg

2’Cons + ¢i’C°nSELoad rt + @b,z’COHSELoadfﬁ + Ent if ELoadp; > ELoadp

(4.15)

In practice, we set ELoady as the 75th percentile of excess load in a given
region in our data. We re-estimate the power plant policy functions via maximum
likelihood and recalculate the optimal policies with the updated policy functions.
We present the results in Appendix As in our baseline specification, we find
that optimal unconstrained subsidies are lower than current levels in the Northeast
and the West, but are similar to or slightly above current levels in the Midwest
and South. We find that current spending on subsidies exceeds the optimal level by
about 45% in this specification.

4.7.5 Improved Storage of Nondispatchable Technology.

A significant issue facing the expansion of renewable electricity generation is
that solar and wind are nondispatchable. Thus, these sources can only produce
electricity when environmental conditions are suitable—when the sun is shining, or

the wind is blowing. One of the leading solutions to this problem is an expanded
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capacity of electricity storage in the form of batteries. In Online Appendix [C.4.5]
we consider a stylized way to incorporate storage technology into our model. We
allow nondispatchable electricity to be stored and used proportionately to the
total load. Effectively this means we reallocate solar and wind production from
their exogenous time profile of production to match the time profile of demand,
which loosely matches the optimal behavior of storage owners arbitraging electricity
across time to maximize profits.

We find that the storage technology itself generates considerable
environmental benefits. However, storage technology does not substantially change
the environmental benefits of solar panels across locations. Therefore, we find
that adding storage technology does not qualitatively change the optimal cost-
neutral or unconstrained reforms, the distribution of installations under the optimal
subsidies, or the environmental benefits of switching to optimal subsidies. See
Butters, Dorsey, and Gowrisankaran| (2021) or Holland, Mansur, and Yates (2022)
for a detailed treatment of storage technology.

4.7.6 Cleaner Electricity Production. Electricity production in
the United States has become considerably cleaner over the past few decades. Our
baseline results quantify the value of optimizing solar panel subsidies given current
electricity production technology. Here, we are interested in determining what
would happen to our main results if the grid were considerably cleaner than it is
presently.

Increased production of utility-scale renewables and fuel switching (from
dirty to clean coal and from coal to natural gas) are the two primary drivers of
the reduction in emissions from electricity generation. We perform four additional

simulations to assess how further clean-up of electricity production would affect
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our results. First, we find the optimal subsidies under expanded production

from utility-scale solar and wind based on three scenarios of projected renewable
expansion by 2030 from the EIA (Nalley & LaRose, [2022). Second, we recalculate
results considering each coal plant to have “cleaned up” production. Our method of
cleaning up coal plants is to adjust marginal damages from coal plants so that the
mean and standard deviation of marginal damages from coal plants match that of
natural gas plants.

We present the results in Online Appendix [C.4.6] Intuitively, we find that
if electricity production becomes cleaner, the environmental damages offset by
solar panels will decrease. Therefore, the optimal unconstrained subsidies for
residential solar with cleaner electricity production are lower than in our baseline
case, suggesting optimal unconstrained subsidies will be even lower in the future
if electricity production continues to become cleaner. However, there remains
considerable heterogeneity in the marginal damage of electricity production
across space. Thus, we still find substantial benefits in switching from the current
subsidies to optimal cost-neutral subsidies.

4.7.7 Distributional Effects. The proposed switch in the system of
subsidies could have distributional impacts through two channels—directly through
a change in subsidies received by households and indirectly through the induced
change in pollutant damages caused by electricity generation. Households who
install solar panels, and therefore receive subsidies, tend to be wealthy (Borenstein
& Davis, |2016). Our proposed nationally-optimal subsidies will likely be progressive
relative to the current subsidies since switching from current to optimal generally
involves decreasing subsidies in high-income states such as Massachusetts and

increasing subsidies in low-income states such as West Virginia. For this same
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Dependent Variable:
Log Installations per Capita
(1) (2) (3) (4)
Historically-Adjusted Subsidies 0.059***  0.060*** 0.060*** 0.071***
(0.0059)  (0.0047) (0.0055)  (0.0088)

Income Tax NO YES YES YES
Sales Tax NO NO YES YES
Property Tax NO NO NO YES
Distance Bandwidth 10 10 10 10

Observations 6,052 6,052 6,052 6,052

R p<0.01, ** p<0.05, * p<0.1

Table 10. Regression of log installations per capita on “historically-adjusted”
measures of subsidy generosity.

Measures from Sexton et al.| (2021)), subsidies are in thousands of dollars. Sample

is limited to tracts within 10 miles of state borders. Historically-adjusted subsidy
generosity measures the net present value of subsidies a household would expect to
receive given subsidies in place in the year of installation, measured in thousands of
2014 dollars.

reason, switching to optimal subsidies will likely improve the distribution of
damages caused by electricity generation. Similarly, Dauwalter and Harris| (2023)
find that shifting solar capacity to locations where the environmental benefits are
greatest would lead to environmental benefits for disadvantaged groups.

We have refrained from accounting for distributional effects when
calculating optimal subsidies, as this paper is primarily concerned with the spatial
misallocation of solar due to differences in the generosity of solar subsidies across
states. Seriously tackling the distributional effects of solar subsidies requires a

different set of policy instruments than those analyzed here, such as means-tested

subsidies for solar installations |

53Colas and Reynier (2024) solve for the optimal income-contingent subsidies for residential
solar panels.
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4.7.8 Installation Elasticities with Historical Subsidy Measures.
As described earlier, our model of solar installation captures the long-run
installation behavior of households facing a given menu of subsidies. One potential
issue is that we estimate the model using solar subsidies from 2017 when, in
fact, many of the installations observed in our data were made before 2017 by
households facing pre-2017 subsidy levels.

To get a sense of how accounting for pre-2017 subsidies would affect our
estimates of the household installation model, we perform a simple exercise using a
measure of “historically-adjusted” subsidy generosity from Sexton et al.| (2021)). To
calculate this measure, the authors first calculate the net present value of subsidies
a household in a given state would expect to receive, given the subsidies in place
from each year from 2000 to 2017. They then take the average over these yearly
measures, weighing them by the number of installations in each year@ This is a
measure of the net present value of subsidies from a solar installation, adjusting for
the fact that households have faced different subsidies based at the time when they
installed.

We then replicate the border discontinuity regressions from Table [6] using
this historically adjusted measure of the net present value of subsidies. Specifically,
we regress tract-level log installations per capita on this historically adjusted
measure of the net present value of subsidies, limiting our sample to tracts within
10 miles of state borders. Table [10| shows the results. Across all specifications, we

estimate that a 1000 dollar increase in the historically-adjusted net present value

5To generate the subsidy measures reported in |Sexton et al.|(2021), the authors then divide
the net present value of subsidies by the total kWh of electricity an installation is expected to
produce, such that the reported measure represents the subsidy received per kWh. We do not
perform this conversion so that our measure represents the total net present value of subsidies for
a given installation, measured in thousands of dollars. This makes our estimates here easier to
compare to our regressions in Section @
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of subsidies is associated with a 5.9% to 7.1% increase in installations per capita,
similar to the results we found in Table [6 when we used our baseline subsidy
measures. These results suggest that not accounting for the profile of subsidies
households have faced over time may not introduce significant bias when estimating
the long-run responsiveness of installation to subsidies.

4.8 Conclusion

We have used a structural model of solar panel demand and electricity
production to calculate the nationally-optimal system of subsidies for residential
solar panels and to quantify the benefits of switching to such a system. Our main
conclusions are that the current system of subsidies leads to a spatial misallocation
of panels, and nationally spending on subsidies is too high. However, our results
do not necessarily imply that the US should lower funding for renewable energy
programs in general, rather that government funds spent on subsidies for residential
solar subsidies would be better spent on other programs. These alternative
programs could include other investments in renewable energy, such as subsidies
for utility-scale solar or wind power, both of which provide energy at lower cost
than residential solar (Lazard) 2023).

Future work can extend our model to incorporate endogenous entry and
exit of electricity generators, as in [Holland, Mansur, and Yates (2022). In that
case, residential solar subsidies could disincentivize entry of new generators, which
could be costly from an environmental perspective if the new generators employ
cleaner technology than incumbents. It would also be interesting to utilize similar
frameworks to analyze other consumer subsidies for energy-related products, such
as subsidies for home insulation, small wind systems, and geothermal heat pumps.

We leave these questions for future work.
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APPENDIX A
APPENDIX FOR THE DISTRIBUTIONAL IMPACTS OF CLIMATE CHANGE
ACROSS US LOCAL LABOR MARKETS
A.1 Data Appendix

A.1.1 Sample Selection. We use 5% samples of the 1990 and 2000
censuses in addition to the 2010 and 2019 5-year aggregated American Community
Survey. In all years, of data, we drop individuals living in group quarters, veterans,
and any households younger than 16 and older than 64. We consider the household
head the decision maker—unless the head is unemployed and the spouse is
employed, in which case the spouse is the decision maker. We consider a household
college educated if they have at least four years of college.

A.1.2 City-Level Indices. In this section, we detail how we
construct-city level estimates of energy consumption, wages, and rents. In each
section, we use individual data from the Census and American Community Survey.

A.1.2.1 Energy Use. Our model features electricity and natural
gas use in the household utility function. The main concern is that some renters
may not pay utility bills separately from rent and thus falsely report zero energy
expenditure in the census and ACS data. We follow (Glaeser and Kahn| (2010) and
use the EIA’s Residential Energy Consumption Survey (RECS) to correct this
feature of the census data. RECS directly reports energy consumption, but we
cannot use it as our primary data source since it does not report the location of
each household and has a relatively small sample. We proceed in two steps, first
estimating city-demographic group-year level energy consumption for single-family
homeowners in the census data, then adjusting those estimates by the difference

between single-family homeowners and renters in the RECS data.
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Specifically, we estimate the following regression for single-family

homeowners in the census,

e%jt = ”Y(Z'Lt + Xz{djtﬂm + Eidjt, (A1)
where ej;, is use of energy type m € {elec, gas} for household 7, in demographic
group d, city j, and year ¢. Our vector of controls, Xj;;, includes the number of
people in the household, the number of children, and the age of the household head.
We estimate this for single-family homeowners since they are most likely to report
accurate energy expenditures in the census. We then take the national average
of the controls for each year-demographic group, X I, and use the coefficients

estimated in equation (A.1]) to predict energy use for single-family homeowners

for each city, demographic group, and year,

Egi© =g + Xyp (A2)
G0 =34 + K. (A3)
Then, we turn to the RECS, which is administered every three to six years.

We match our census years to the closest RECS survey available, using the 1993,

2001, 2009, and 2015 surveys.ﬂ We estimate the following regression,

e = oz,lmMultiFamit + ozfntRentit + ozfntMultiFamit X Renti + X/, Bt + €it, (A4)

it

'The 1997 and 2001 RECS surveys did not ask about the education status of surveyed
households. We use divison, race, home type, rental status, and household size from 1993 and
2009 to predict the probability of each observation in the 2001 sample being college educated
using logistic regression. After predicting the probability of being college educated, we draw
actual outcomes according to the predicted probability.
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where €l} is use of energy type m € {elec, gas}, MultiFam,; is an indicator for
whether household i lives in a multifamily home in year ¢, Rent; is an indicator
for whether household 7 rents their home, X/, is a vector of controls. The controls
include indicators for the census division, number of children, household size,

age of the household head, and an indicator for whether the household head is

white. To estimate energy usage for each demographic group, we use the estimated

A2

SFO
a/mt7 E

coefficients &} and &3, to adjust the single-family owners estimates, it

mt

and ng{f O weighting by the proportion of single-family and multifamily renters as

follows,

Byt = Wde{OESFO + W%FOESFOe&ileCJ + ASFRpSFO &2, + gMFRpSFO 3% A peet

dj dj dit L djt djt
(A.5)
_ _SFO~SFO MFO ~SFO jél,. SFR~SFO 62, MFRASFO S, 6F
Gajr = Ty Gy~ + Tgip Gy €%t 4 gy "Gy~ eMoast i Gy~ ek Coasit
(A.6)

SFO _MFO _SFR MFR - : e
where @, ma" O, i, and m " are the proportion of single/multifamily

owners/renters in demographic group d, city j, and year t.

A.1.2.2 Wages. We can write total income for a household of a
demographic group d, in the city j and year ¢, as Iy = Wejr X lg, where lg is
the efficiency units of labor supplied by a worker in the demographic group d in
year t. Efficiency units account for the probability that a worker is employed, the
hours worked, and the productivity of that work conditional on being employed.
Specifically, we have lg; = Fg X l~dt, where Ey, is the probability that a household in
the demographic group d is employed in year ¢, and Ly is productivity conditional
on working. We consider a household employed if the household head or their

spouse reports they are employed, work at least 48 weeks per year, and at least
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35 hours per week We parameterize the productivity term as logly = X ! Bet for a
vector of controls X/, where e € {No College, College} indexes education level.

We first calculate Ey as the proportion of employed households in the
demographic group d and year t. Next, we estimate the following regression for

employed households,

log Ligjt = XigjtBet + Veji + Eigjts (A7)

where v,;; is a education-city-year fixed effect that estimates log(We;;). Our
vector of controls, X/, includes whether the household is married, whether the
household has over 25 years of potential experience, and whether the household
head or spouse is white. We assume that no unobservable factors affect income
after adding the vector of controls, X/, and the education-city-year fixed effect.
Baum-Snow and Pavan| (2012) and [Roca and Pugal (2017) provide evidence that
after conditioning on education, there is little selection on unobservable factors
that affect income. We then calculate demographic-city-year income, g4, using
estimates of 74 and Be cas Iyy = Eg X exp(Dejr X X&tﬁet). Here, X, is the
demographic group-year average value for each control variable. Using demographic
group-year averages holds these observable characteristics constant across all cities.
A.1.2.3 Housing Quantity and Rent. Our model requires a
quantity of housing units, H and the price for those housing units, PjH , but our
data from the Census reports total housing expenditure. Specifically, the variable
RENT gives monthly contract rent payments in nominal dollars, which we convert

to annual, real dollars. Note that an individuals’ housing expenditures can be

2We assume that the probability of employment within a demographic group does not vary
across cities.
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ijt

written as Ei, = Pﬁl H;;; where H,j; is the quantity of housing the individual
consumes. We parameterize housing quantity as H;;; = X[;,8;, where X}, is a
vector of observable characteristics, including the number of rooms, the number
of units in the building, the number of bedrooms, the number of people living
in the house per room, and the decade the house was built. Plugging in our

parameterization and taking logs yields our estimating equation:

log(Ef,) = e + XJj, 00 + €ije. (A.8)
where pj; is a city-year fixed effect that estimates Pff . The coefficients on all of the
observable housing characteristics are allowed to vary by year. We then define the
per-unit cost of housing using the city-year fixed effect, Pﬁ = etit. and quantity
of housing as housing expenditure divided by the per-unit cost of housing, H;; =
Ef1,/P}{. We limit the sample to renters aged 16 to 64 in this estimation. We refer
to the per-unit cost of housing as rent throughout the paper.

A.2 Additional Descriptive Results

Figure shows mean fire and flood risk scores by census tract from the
First Street Foundation data. The arid West generally has the highest fire risk
scores, while the gulf coast has the highest flood risk scores.

Figure shows how the number of no-rain days and annual precipitation
have changed between 1990 and 2019. Generally, the eastern half of the US has
gotten wetter.

Figures and show the relationship between 1990 share of each city’s
population that is low-income or non-white and changes in precipitation variables
between 1990 and 2019. Similar to temperature, there is a positive relationship

between the share of a city that is low-income or non-white and increases in total
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(a) Mean fire risk score (b) Mean flood risk score

Figure A.1. Mean fire and flood risk scores from the First Street Foundation data
by census tract.

The property-level scores range between 1 and 10, with 10 representing the most
at-risk property. White tracts are those not included in the public FSF data.
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(a) Change in total precipitation per year
(mm) (b) Change in the number of no rain days

Figure A.2. Change in the no rain days and annual precipitation.

No rain days are days with less than 1mm of precipitation. Difference taken
between 5 year moving averages and are censored at the 5th and 95th percentiles of

grid cells.
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Figure A.3. Relationship between share non-white and climate.

Each point is a city, where the size of the point represents the city’s 1990
population. Low income defined as households in the bottom quintile of the
national income distribution in 1990. Regression lines are weighted by population.
precipitation. There is no clear relationship between the number of rain free days
and either of the demographic variables.

A.2.1 Energy demand and climate. A robust energy justice
literature explores differences in energy expenditures and demand between
demographic groups. For example, Lyubich (2020) demonstrates that black
households spend more on energy than observably similar white households.

We begin by replicating this result using our census and ACS data. We regress
total expenditure on electricity and natural gas on indicators for race interacted
with income decile, adding fixed effects for city, year, education, and several

other characteristics that may affect energy expendituresﬂ Figure shows the

3Specifically, these are characteristics of the physical house: number of rooms, kitchen present,
plumbing present, decade built, units in the structure, and number of bedrooms, as well as
characteristics about the household: the number of children and marital status.
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Figure A.j. Relationship between share non-white and climate.

Each point is a city, where the size of the point represents the city’s 1990
population. Low income defined as households in the bottom quintile of the
national income distribution in 1990. Regression lines are weighted by population.
gap in energy expenditures between black and white households throughout the
income distribution. Black households spend more on energy than observably
similar households throughout the income distribution—aside from the highest
income decile, where black households spend slightly less on electricity. These
results suggest that either (1) black households have stronger preferences for the
services provided by this energy, or (2) black households live in structures with
unobservably lower energy efficiency. Research demonstrates that black households

have faced, and continue to face, more significant barriers in the housing market

than white households (Christensen, Sarmiento-Barbieri, & Timmins, 2021}

(Christensen & Timmins| 2021)).

The gap in expenditures between white and black households does not tell

us whether they respond differently to changes in weather. Thus, we run similar
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Figure A.5. Black-white energy expenditure gap by income decile.

The coefficients plotted are those from a regression of energy expenditures on
indicator variables for income decile and income decile interacted with whether
the household is black, with fixed effects for city, year, education level, number
of children, marital status, number of rooms, kitchen present, plumbing present,
decade built, units in the structure, and number of bedrooms. We randomly
downsampled to 1 million observations to ease computation. Standard errors are
clustered by city.
regressions but now include CDD and HDD as regressors and look for heterogeneity
in the effects of CDD and HDD on energy expenditure by race and income. We
add the same battery of fixed effects as before. Table shows heterogeneity in
the effect of degree days by race. Black households increase spending by more than
white households for an increase in HDD and by less than white households for an
increase in CDD. Differences in the predominant heating fuel may explain this—
black households increase electricity expenditure by more than white in response
to more HDDs and decrease their natural gas use by less than white households in
response to CDDs.

Next, we explore heterogeneity in the effect of degree days across the income

distribution. Figure shows how the effect of degree days on energy expenditures

differs from the fifth income decile for the rest of the income distribution. The
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Table A.1. Effect of CDD and HDD on Energy Expenditures.

Dep. Var. Total  Electricity Natural Gas
Model: (1) (2) (3)
Variables
Black 155.0* -27.22 143.3**
(87.76) (68.10) (49.16)
HDD x Black 0.0580**  0.0493** 0.0235
(0.0251)  (0.0191) (0.0154)
HDD 0.0434 0.0989* -0.0569
(0.0801)  (0.0503) (0.0500)
CDD x Black -0.0740 -0.0126 -0.0440*
(0.0519)  (0.0400) (0.0255)
CDD 0.3588** 0.1204 0.2531**

(0.1370)  (0.1295)  (0.1263)

Fit statistics

Observations 820,930 872,960 829,054
R? 0.30894 0.31055 0.18668
Within R? 0.00411 0.00117 0.00528

Clustered (City) standard-errors in parentheses

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
Regresions include city, year, education, number of children, marital status, kitchen,
number of rooms, plumbing, decade built, units in structure, number of bedroom
fixed effects. Data from downsampled census and ACS data from 1990, 2000, 2010,
and 2019 matched to PRISM data from that year.
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Figure A.6. Heterogeneity in the effect of degree days on energy expenditures by
income decile.

The coefficients plotted are those from a regression of energy expenditures on CDD
and HDD interacted with indicator variables for income decile, with fixed effects
for city, year, education level, number of children, marital status, number of rooms,
kitchen present, plumbing present, decade built, units in the structure, and number
of bedrooms. Thus, the estimates are difference in effects of degree days for an
income decile relative to the fifth income decile. We randomly downsampled to 1
million observations to ease computation. Standard errors are clustered by city.

wealthiest households have the strongest increase in electricity expenditure in
response to more CDDs and in natural gas expenditure in response to HDDs.
Generally, the electricity response to HDDs is decreasing in income—suggesting
that low-income households are more likely to use electricity as their heating fuel
source. Since the highest income decile is least likely to be income-constrained
with respect to their electricity spending, these results may suggest that their
stronger response in CDD is the result of always maintaining their preferred indoor
temperature. Other households may have a lower expenditure response if they
tolerate a higher indoor temperature when it is hotter outside instead of spending

more money on electricity to run air conditioning more intensely.
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Figure A.7. Heterogeneity in the effect of degree days on energy expenditures by
income decile and race.

The coefficients plotted are those from a regression of energy expenditures on CDD
and HDD interacted with indicator variables for income decile and race, with fixed
effects for city, year, education level, number of children, marital status, number of
rooms, kitchen present, plumbing present, decade built, units in the structure, and
number of bedrooms. Thus, the estimates are difference in effects of degree days
for an income decile relative to white households in the fifth income decile. We
randomly downsampled to 1 million observations to ease computation. Standard
errors are clustered by city.

Figure [A.7] shows heterogeneity in degree days’ effect by race and income
decile. All estimates are relative to white households in the fifth income decile.
Black and white households respond similarly in electricity expenditure to CDDs,
except for the highest income decile—where white households have a much stronger
response. Black households tend to have stronger responses to HDDs, though these
differences are generally not statistically significant.

We can also use the Residential Energy Use Survey (RECS) to evaluate
how households respond to climate. Though the surveys here do not report

the respondents’ exact locations, the EIA does report HDD and CDD for those
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locationsﬁ We are interested in heterogeneity in household energy responses to
changes in climate. We regress electricity and natural gas usage on HDD and CDD,
as well as interactions between climate variables and race. We add year, census
division, and race fixed effects. The results, shown in Table [A.2] are descriptive
rather than causal-—demonstrating differences in energy demand responses to
climate by race. Households increase their electricity usage in response to higher
HDD and CDDs. Black households are less responsive than white households on
average, though the coefficients are not statistically significant. The results for
natural gas usage are surprising—the coefficient on HDD is not significant, and
the coefficient on CDD is negative and significant. This unintuitive result may be
because households in warmer climates (high CDDs and low HDDs) are less likely
to have natural gas heaters. We find that black households have a stronger demand
response for natural gas to HDDs.
A.3 Model

A.3.1 Derivation of Comfort and Energy Prices. We can solve
the households utility maximization problem conditional on choosing city j in
three steps. First, households will consume gas and electricity in a cost-minimizing
manner to produce a given amount of energy. The first-order conditions from
minimizing the cost of energy using equation (2.2)) give us the following conditional

demand functions for electricity and gas.

E*(Eld, j) = Mg (PF0y)" €, (A.9)

G*(&|d, j) = M, (PP05)F € (A.10)

4The EIA adds noise to this measure to prevent identifying the respondent’s exact location.
This noise will slightly attenuate the results presented here.
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Table A.2. Effect of CDD and HDD on Energy Demand.

Dep. Var. Electricity Usage (kWh) Natural Gas Usage (cu ft)
Model: (1) (2)
Variables
HDD 0.6920*** 0.5345
(0.0644) (0.7423)
CDD 1.274* -5.781*
(0.2925) (1.760)
HDD x Race = Black -0.1726 7.200*
(0.1237) (2.134)
HDD x Race = Rest 0.1121 0.9732
(0.0809) (0.8979)
CDD x Race = Black -0.1448 3.088
(0.3853) (1.452)
CDD x Race = Rest -0.0347 -0.2569
(0.0833) (0.9812)
Fit statistics
Observations 29,702 29,702
R? 0.15988 0.18400
Within R? 0.01079 0.02157

Clustered (year) standard-errors in parentheses

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
Regresions include year, census division, and race fixed effects. Data from the 1993,
2001, 2009, and 2015 RECS surveys.
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9&
where M§ = <9§j0‘g Py ety 057 P} Ug_l) "7 These conditional demand
functions allow us to derive a unit cost function for energy that does not depend

on the quantity of energy. We will use this unit cost function as the price of energy,

1
£ Eoe pEl—0¢ Goe pGl—og\ T-og
P = (057 PP g pET) T (A.11)
Similarly, Households will produce comfort using energy and housing in a
cost-minimizing manner. The first-order conditions from minimizing the cost of

producing comfort using (2.1)) give us the following conditional demand functions

for energy and housing.

H*(C|d, j) = MyP; " Cy;, (A.12)
E*(Cld, j) = MgGPI™Cy (A.13)
where Mg, = (ij geml | Pf UC_l) 7% We can use the unit cost function derived

from these conditional demand functions to calculate the price of comfort

1
PS = <P£1_UC + pjj“’c) (A.14)
We also use the derived demand for comfort to yield the unconditional

housing and energy demand functions:

O‘Sj(]dj + Ta)

Hj = M§PS" x e (A.15)
dj
C
\ ¢ DHOe e g1y +Ya)
By = Mg P ME (PEO5)™ x % (A.16)
dj
C
* c Oc (o O[d'(‘[dA + Td)
Gy = Mg P! ME (PFoS)” x %. (A.17)
dj
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A.3.2 Marginal effect of climate on comfort demand. Here we
see how changes in climate affect demand for electricity, gas, and housing. The

derivative of electricity demand with respect to climate variable 2 is

oF Kp PEE (1 — pe PtE
—=—F —_— 1l—pe—=—= ) —1 Al
0zt pe(l — pe) [pg * PEE (1 — pc Pepec (A.18)

This effect has three main pieces, the first term in brackets comes from the

direct effect of increases in 2!

increasing 6, this will always be positive. The second
effect comes from the change in energy demand, which moves in the opposite
direction as the price of energy (which moves in the same direction as the price
of comfort). The final effect comes from increasing the denominator of the “share”
function, Mg, which will always be the opposite sign as the effect from changes in
energy demand.

Changes in gas demand are similar, as the conditional demand function
for gas has the same denominator of the share function and energy, but those are
the only two effects. Thus, if energy price rises, decreasing the demand for energy,

this will have a negative effect on gas demand. Additionally, the increases in the

denominator of the share function for energy will further decrease demand for gas

oG KE PEE [1— pg PEE
— = 1—pe—= | —1|. A.19
0zt pe(l —pg)  PEE {1 — pe Pepec ( )
Changes in housing demand depend on the change in the denominator of the
share function for comfort and changes in comfort demand. If the price of comfort

increases, then comfort demand will decrease, thereby decreasing housing demand.

Additionally, if the price of energy increases, then this will increase (decrease)
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the denominator of the share function if housing and energy are complements

(substitutes), causing housing demand to decrease (increase).

(A.20)

07 pe P°C |1—pc PPE T

A.3.3 Firm FOC derivation. In this section, we give the details

OH kg PEE[ 1 PYH 1}

on solving the firm’s problem. Plugging the labor aggregator (2.13)) into the

production function (2.12)), the firm’s profit function is

11—«

mp = BiK (NS 4+ (1= X)L 7 —WPS; —WHL; —rK;.

Each firm chooses capital K, college educated labor S;, and non-college educated
labor L; to maximize profit. Taking the derivative with respect to each choice, we

have the following first order conditions,

Y.
W= (1-a) (E—J) L7780
J

Y.
WE=(1-a) (,c_]]) LI = AL

We assume capital is supplied perfectly elastically on the international market
at rate 7. Thus, capital demand is K7 = a—? Plugging this into the production
function yields Y; = le%“ (%)ﬁ L;. Letting B; = (1 — a)le%a (%)ﬁ, we have the
first order conditions in equation ([2.14)).

A.3.4 Labor Demand Parameters. In this section, we describe

our calibration and estimation of the labor demand parameters: labor elasticity of

substitution o; and the labor input use intensities, A\;. We suppress t-subscripts as
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with the above sections for exposition, but use the following procedure for each of
our sample years. First, we calibrate o; = 2 based on |Card| (2009)). Then we use the

relative labor demand curves to identify A;. The relative labor demand curves are

given by
wp 1 S s
log | 7r | = —— log{ )+l — . A21
0g (W]L) o 0g (Lj>+ Og(l—)\]) ( )
~— -~ L - ,
Estimated Calibrated Data Unknown

Note that the only unknowns in equation are the \; values. We can solve for

these as:

A = (A.22)

where

K = (%) <%) o
j j
Next, we can solve for the firm’s TFP using either first order condition for
college or non-college labor as there is only one unknown.

A.3.5 Housing Supply Calibration. In this section, we describe the
calibration of the rental supply parameters. First, we calibrate the inverse supply
elasticities to those in [Saiz| (2010), specifically the inverse of the elasticities reported
in Table VI. Some of our cities, Sacramento, Honolulu, and the census division
aggregates, are not included in this table—we set the elasticity for Sacramento
and the census division aggregates equal to the mean elasticity and calculate an

elasticity for Honolulu using estimates from column (4) of Table III, setting land-

*Note that p, — 1= —=+

o’
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unavailable equal to the maximum and the WRI to the mean. The remaining
parameters from the housing supply curve, equation (2.15), are the intercepts, a;.
Since housing supply equals housing demand in equilibrium, we back these out from

the data as

P
(X4 Naje Hae)
d

where Ng;; is the count of housholds in demographic group d and city j in year ¢,

exp aj; =

and Hgyj; is housing demand.
A.3.6 Equilibrium Definition. An equilibrium is characterized by
households maximizing utility, firms maximizing profits, and the labor and housing

markets clearing. Specifically,

(1) Utility Maximization. Households make optimal location and comfort
demand choices given wages, comfort prices, and amenities. These household
choices give us aggregate housing, electricity, and gas demand, and labor
supply. Household location choices give the population of each demographic
group in each city, Nj; = s3; x N where sj; are the choice shares constructed
from equation , evaluated at equilibrium prices.

1
Sy = szz‘?

ied
Aggregate housing demand in each city will be the sum over each

demographic group’s housing demand, Hj; determined according to equation

(A.15)), multiplied by the number of households in that city-demographic

group,

D * *
HP =% NjHj
d
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Similarly, energy and gas demand in each city are the sum of each
demographic group’s electricity and gas demand, Ej; from equation (A.16)
and G7; from equation (A.17]), multiplied by the number of households in that

city-demographic group,
D * %
Ef =) NyEj
d

D * Yk
Gy = ZNdj dj
d
Finally, labor supply for college and non-college educated labor in each city
are the sum of efficiency units for households who live in that city,

S7=>" Nyl

deds

where d° are the college-educated demographic groups and d” are the not-

college-educated demographic groups.

Profit Maximization. Firms maximize profits according to the first order
conditions of their profit maximization problem in equation ([2.14]). This
determines labor demand in each city for college and non-college-educated

workers.

Market clearing. In the model, labor and housing markets must clear.
Labor demand must equal labor supply for both college and non-college
educated workers, S]D = SJS and Lf) = Lf , in all cities j. Additionally,
housing supply given by equation ([2.15) must equal housing demand,

S_ D . o, . .
H? = Hj’, in all cities j.
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A.3.7 Equilibrium Outline. In this section, we provide an overview

of how we solve for the counterfactual in which all margins can adjust. We denote

the counterfactual vector of climate variables as Z. Amenities are exogenous (to

household location choices), so we first recalculate amenities under the new vector

of climate variables Z. The algorithm for obtaining the new spatial equilibrium is:

(1)

Guess a vector of choice shares for each demographic group, sgj where where 0
denotes iteration number (not time). Use this guess to calculate demographic
0

city population levels as N, C%- = sg % N. Additionally, we guess a vector of

: . H,0
housing prices, P;™.

Use our guesses and the firms first order conditions (2.14) to calculate city-
education wages. Convert those wages to income by adjusting for efficiency

units and calculating unearned income from rental profits in equation ([2.16]).

We then use our guesses and the counterfactual climate Z with household first
order conditions (2.5)) and (2.4]) to calculate the price of comfort and price of

energy.

Since housing demand is affected by the climate as well, we then clear the
housing market. Given PJH’0 and our implied comfort prices, energy prices,
and income, we use the household first order condition from equation
to calculate housing demand, denoted as ng. We aggregate housing demand
to the city level, H ]Q P and plug this into the rental supply curve in equation
[2.15] noting that in equilibrium, the quantity of housing supplied must be
equal to the quantity of housing demanded. This yields a new housing price,
which we denote PJH’O. We check if ]%H’O = PJH’O. If they are not equal, we

update the price of housing as PjH’1 = ozij’O + (1 - oz)PjH’O for o € (0,1)
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and start again at the beginning of this step. Once the housing market clears,
we have a new vector of housing prices, which we can use to calculate comfort

prices.

(5) Re-calculate the city choice shares given the new income and comfort prices.

We denote these new choice shares as 5y;. Check if 5j; = sg;. If not, we
update our guess of the shares as sy, = sy + (1 — a)sy; for a € (0,1)

and return to step (2).

A.4 Estimation Appendix

A.4.1 Alternative specifications for effect of climate on
comfort. We could allow for heterogeneity in the effect of climate on preferences
for electricity and gas by demographic group by estimating different x’s for each
demographic group. Figure estimates our main specification separately for each
of the six demographic groups we have in our model. While this estimation does
not provide clear evidence that there are differences by race or college education,
black households may have a slightly more muted gas response to cold days. This
is consistent with Doremus et al.| (2022), who find similar responses in energy
expenditures between high- and low-income households except among the most

extreme temperature days.
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(a) Estimates of the effect of climate on log 6%.
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(b) Estimates of the effect of climate on log 8%
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Figure A.8. Estimation results for the effect of climate on comfort production

Using cubic B-splines of degree 7 with heterogeneity by demographic group.
Standard errors are bootstrapped over 10,000 draws clustering by city and year.

However, there could still be heterogeneity in the effect of climate
on comfort price since other parameters in the comfort price function are
heterogeneous by demographic group. Figure shows the marginal effect of a

day in each temperature bin on comfort price by demographic group. There are
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Figure A.9. The effect of an additional day at temperature on comfort price by
race.

some differences between races, though they are small in magnitude and within the
bootstrapped confidence intervals.

A.4.2 Energy and comfort prices. Figure shows how log
comfort price is correlated with log rent and log energy prices by demographic
group. We expect comfort prices to be determined largely by rent, but also be
affected by energy prices, since rent makes up a much larger share of expenditure
than energy does. This is exactly how it turns out in our model, with comfort
prices more tightly correlated with rent than energy prices, but comfort prices are
increasing in both rent and energy prices for all demographic groups.

Table shows average comfort and housing expenditure, as well as degree
days for selected cities in 2019, ordered by the percent difference between comfort
and housing expenditure. We can see that generally, the places with a larger
difference between comfort and housing expenditure are cities with more extreme

climates, as measured by heating and cooling degree days. Thus, climate is an
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Figure A.10. Rent and Energy Prices versus Comfort Price by demographic group
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Each observation is a city, size represents the 1990 population of each city.
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important part determining the cost of comfort for households beyond just the
rent that they pay. We show in the appendix, figure that comfort price is

positively correlated with both rent and energy prices, as we would expect.

City Rank Comfort Housing % Diff HDD CDD
Highest
Birmingham, AL 1 9,640 6,954 28 1,347 1,244
Memphis, TN 2 10,409 7,553 27 1,684 1,255
Youngstown, OH 3 7,847 5,744 27 3,364 407
Tulsa, OK 4 9,217 6,910 25 1,976 1,129
Toledo, OH 5 9,646 7,239 25 3,291 540
Middle
Atlanta, GA 33 13,325 11,003 17 1,493 1,121
Allentown, PA 34 13,270 10,964 17 3,083 515
New Orleans, LA 35 11,968 9,912 17 596 1,873
Worcester, MA 36 14,439 11,966 17 3,561 366
Virginia Beach, VA 37 13,316 11,061 17 1,727 1,094
Lowest
Los Angeles, CA 66 19,887 18,243 8 586 788
San Diego, CA 67 21,218 19,806 7 661 571
Oxnard, CA 68 22,177 20,802 6 824 436
San Francisco,CA 69 24,792 23,256 6 1,351 151
San Jose, CA 70 26,357 24,824 6 1,206 340

Table A.3. Cities ranked by the percent difference between their average comfort
expenditure and average housing expenditure in 2019.

Tables [A.4] shows an alternative version of [A.3], but using comfort prices and
rent instead of expenditures. Results are largely similar, places with more extreme

temperatures see a larger difference between their comfort price and rent. Note that

rent here is the per-unit cost of housing, as described in section
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City Rank Comfort Price  Rent % Diff HDD CDD
Highest

Youngstown, OH 1 7,589 4,399 42 3,514 475
Birmingham, AL 2 8,945 5,222 42 1,468 1,200
Buffalo, NY 3 10,246 6,044 41 3,840 365
Springfield, MA 4 10,950 6,483 41 3,581 356
Toledo, OH 5 8,205 4,876 41 3,483 529
Middle
Albany, NY 33 12,563 7,940 37 3,988 283
Charlotte, NC 34 11,205 7,106 37 1,926 891
Knoxville, TN 35 9,013 5,721 37 2,423 634
Kansas City, MO 36 10,170 6,458 36 2,684 908
Baltimore, MD 37 14,342 9,124 36 2,854 645
Lowest
San Francisco,CA 66 22,345 15,790 29 1,230 465
Miami, FL 67 15,053 10,701 29 113 2,268
Seattle, WA 68 16,778 11,952 29 3,899 38
Austin, TX 69 12,680 9,063 29 1,014 1,856
San Jose, CA 70 24,121 17,426 28 1,276 569

Table A.4. Cities ranked by the percent difference between their average comfort
price and average housing price in 2019.

Additionally, shows the top and bottom cities by energy £ and comfort
C demand. This is comparable to Table 6 from |Quigley and Rubinfeld (1989), who
estimate ”produced comfort” and ”dwelling comfort”, which are similar to our
estimates for energy and comfort respectively. The results qualitatively match,
showing that cities with mild climates spend much less on energy than those with

more extreme climates.

221



Rank City Energy Rank City Comfort

1 Memphis, TN 1,344.23 1 Austin, TX 1.32
2 Phoenix, AZ 1,153.55 2 Orlando, FL 1.31
3 Oklahoma City, OK 1,146.01 3 San Antonio, TX 1.31
4 Tulsa, OK 1,138.82 4 Bridgeport, CT 1.30
5 San Antonio, TX 1,114.08 5 Phoenix, AZ 1.30
6 New Orleans, LA 1,089.29 6 Tucson, AZ 1.26
7 Dallas, TX 1,073.29 7 Tampa, FL 1.25
8 Houston, TX 1,064.20 8 Miami, FL 1.24
9 Orlando, FL 1,053.08 9 Seattle, WA 1.23
10 Miami, FL 1,040.23 10 Washington, DC 1.23
61 Providence, RI 479.21 61 Oxnard, CA 1.08
62 Sacramento, CA 468.82 62 Los Angeles, CA 1.07
63 Boston, MA 461.41 63 Kansas City, MO 1.06
64 Albany, NY 461.41 64 Memphis, TN 1.06
65 Los Angeles, CA 453.56 65 Buffalo, NY 1.06
66 Honolulu, HI 438.53 66 Syracuse, NY 1.04
67 San Diego, CA 401.64 67 Albany, NY 1.03
68 Oxnard, CA 381.63 68 Youngstown, OH 1.02
69 San Jose, CA 378.38 69 Rochester, NY 1.02
70 San Francisco,CA 359.54 70  Grand Rapids, MI 0.99

Table A.5. Cities ranked by their average aggregate energy demand £ and comfort
demand C in 2019.

A.4.3 Energy Efficiency: Evidence. In this section, we provide
evidence of heterogeneity in energy-efficiency by demographic group and across
time. Specifically, we plot city-level densities of aggregate energy use &£ divided
by housing, H. In each figure, £ is calculated using equation evaluated at
estimates from column 1 of Table[I] Housing is calculated as in Section [A.1.2.3] We
interpret a larger value of this ratio as loosely indicative that homes in a particular

city /demographic group are less energy—eﬁicientﬁ

SHowever, it could also be reflect differences in the strength of preferences for housing relative
to energy.
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Figure A.11. Energy-efficiency by education group across years and CBSAs
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Notes: Energy-efficiency by education group across years and CBSAs.
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Figure A.12. Energy-efficiency by education-group across years and CBSAs
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Notes: Energy-efficiency by education group across years and CBSAs.
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Figure A.13. Energy-efficiency by demographic-group across years and CBSAs
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Notes: Energy-efficiency by demographic group across years and CBSAs.

Table A.6. Household moving costs estimated from Equation ([2.31]) for 1990.

Standard errors are in parenthesis. We estimate standard errors using numerical
derivatives. Distance is measured in thousands of miles.

Non-College College
;yst i/diSt ,7dist2 ;yst i/diSt ,7dist2
White 1.433 -6.351 1.933 1.336 -4.573 1.399
(1.9¢-5) (0.3e-5) (0.1e-5)  (6.4e-5) (1.0e-5) (0.2¢-5)
Black 1.758 -6.246 2.144 1.699 -4.675 1.592
(0.2¢-3) (0.5¢-3) (0.6e-3)  (2.5¢-3) (0.6e-3) (0.3¢-3)
Rest 0.898 -3.225 0.471 1.256 -1.755 0.192

(0.8¢-2) (0.3¢-2) (0.2¢-2)  (3.8¢-2) (3.6e-2) (1.0e-2)
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Table A.7. Household moving costs estimated from Equation (2.31]) for 2000.

Standard errors are in parenthesis. We estimate standard errors using numerical
derivatives. Distance is measured in thousands of miles.

Non-College College
,:?st ,:ydist ,?dist2 ,?st f?diSt :ydistQ
White 1.378 -6.556 2.054 1.332 -4.693 1.461
(1.5e-5)  (0.3e-5)  (0.1e-5) (4.1e-5)  (0.7e-5)  (0.1e-5)
Black 1.774 -6.416 2.223 1.679 -4.858 1.681
(0.01e-2) (0.04e-2) (0.06e-2) (0.11e-2) (0.04e-2) (0.017e-2)
Rest 0.984 -2.993 0.451 1.444 -1.414 0.157

(0.14e-2)  (0.06e-2) (0.03e-2)  (0.47e-2) (1.34e-2) (1.83e-2)

Table A.8. Household moving costs estimated from Equation (2.31)) for 2010.

Standard errors are in parenthesis. We estimate standard errors using numerical
derivatives. Distance is measured in thousands of miles.

Non-College College
;}‘/St ,?dist ,S/distQ ;}‘/St ,?dist ,S/distQ
White 1.329 -6.263 1.903 1.352 -4.702 1.45
(1.6e-5) (0.3e-5) (0.1e-5) (3.0e-5) (0.5e-5) (0.1e-5)
Black 1.81 -6.301  2.156 1.729 -4.89 1.684
(1.1e-4) (3.3e-4) (6.6e-4) (4.1e-4) (1.7e-4) (0.8e-4)
Rest 1.073 -2.964  0.435 1.528 -1.546  0.188

(0.1e-2) (0.1e-2) (0.1e-2)  (1.2¢-2) (1.7e-2) (1.1e-2)
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Table A.9. Household moving costs estimated from Equation (2.31]) for 2019.

Standard errors are in parenthesis. We estimate standard errors using numerical
derivatives. Distance is measured in thousands of miles.

Non-College College
;?st ,:ydist :)*/distQ ;?st ,:ydist :)*/distQ
White 1.271 -6.263 1.899 1.346 -4.794 1.492
(1.8e-5) (0.4e5) (0.1e-5)  (2.7e-5) (0.5e-5) (0.1e-5)
Black 1.77 -6.656 2.284 1.659 -5.074 1.75
(1.2e-4) (3.6e-4) (6.5e-4) (3.9e-4) (1.6e-4) (0.7e-4)
Rest 1.194 -2.863  0.428 1.627 -1.429  0.184

(0.1¢-2) (0.3¢-2) (1.2¢2)  (0.2¢-2) (0.4¢-2) (0.3¢-2)

A.4.4 Moving Cost Parameters for All Years.

A.4.5 Climate amenities. Figure shows the effect of
temperature on climate amenities using different measures of temperature—splines,
temperature bins, and degree days.

A.4.6 Model fit. Figure shows model fit for rents and wages

when comparing baseline simulations to actual data.
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Figure A.14. Estimate of MWTP as a percent of income for an additional day at
the given temperature

normalized to a day at 65 degrees F. This is calculated by rescaling BQZ (1) by 5.
Standard errors are calculated with clustered bootstrapping using 10,000 draws,
clustered by city-year. We have limited the range of temperature to between the 1st
and 99th percentile of average daily temperature, weighted by 1990 population.
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Figure A.15. Model fit when using observed climate to simulate the model.

Each observation is a demographic group for a particular city and a particular
baseline year (1990, 2000, 2010, or 2019). The size of dots represents the number of
households in that demographic group-cbsa in the actual data.

A.5 Additional Results
Figure shows the full distribution of CV across all households.
Table has the welfare effects across different decompositions in levels

for both white and black households.
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(d) Average percent change in gas

demand.

(c) Average percent change in electricity

demand.

Figure A.16. Change in prices and demand across states.

Averages are weighted by population. For states without any CBSAs in them, we
use the value for the census division in which the state is located.

230



-7.5% -5.0% -2.5% 0.0%
Change in Welfare

White Black

Figure A.17. Compensating Variation by race in 2019 if the climate was the same
as in 1990.

Table A.10. Decomposition of welfare effects. Values are CV as a percent of
income.

Climate Effect From

Both Amenities Comfort

Fixed Location

White 5.09 4.70 7.63

Black -0.52 -0.64 2.57

Difference -5.61 -5.34 -5.05
Fixed Location, adjust comfort

White -2.16 4.70 0.38

Black -2.97 -0.64 0.13

Difference -0.81 -5.34 -0.25
Sorting, fixed prices

White -2.59 4.36 0.38

Black -3.45 -1.00 0.12

Difference -0.87 -5.35 -0.26
Full Effects

White -2.48 -2.82 0.37

Black -2.95 -3.17 0.25

Difference -0.47 -0.35 -0.12
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Table shows the top and bottom 10 cities by change in population
under this historical climate today counterfactual. We see that people generally
leave the places that are getting hotter—such as Florida and California, and move

to the places that become more pleasant, in the upper Midwest.

Table A.11. Changes in population using 1990 climate as a counterfactual in 2019

City Change in Pop (%)

Growing Cities
Grand Rapids-Wyoming, MI 23.4
Hartford-West Hartford-East Hartford, CT 17.0
San Antonio, TX 16.2
Cincinnati-Middletown, OH-KY-IN 15.2
Denver-Aurora, CO 14.8
Tulsa, OK 14.5
Oklahoma City, OK 14.5
Kansas City, MO-KS 14.4
Albany-Schenectady-Troy, NY 14.2
New Haven-Milford, CT 14.1

Declining Cities
Richmond, VA -2.9
Youngstown-Warren-Boardman, OH-PA -4.5
Columbus, OH -4.7
South Atlantic Division -4.7
Omaha-Council Bluffs, NE-TA -5.0
West South Central Division -7.0
St. Louis, MO-IL -7.1
Dayton, OH -8.4
Houston-Baytown-Sugar Land, TX -9.5
Louisville, KY-IN -9.6

Climate change has contributed to the increase in the college wage gap.
Figure shows the distribution of wage changes across cities. We find that
wages increase for college households and decrease for non-college households. To

see why, recall that the firm’s FOC ({2.14]) implies that the ratio of college to non-
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Figure A.18. College and non-college wages comparing present day climate to that
of 1990.

The worker ratio is college workers divided by non-college workers. The size of the
points reflect a city’s baseline population.
college workers pins down the wage ratio, and these ratios are inversely related
since college and non-college workers are imperfectly substitutable (p; < 1).
Since college households are more mobile than non-college households, the college-
noncollege worker ratio tends to decrease, as shown in Figure [A.I8b}—more so
in cities where the climate is deteriorating. Thus, college wages increase in those
deteriorating cities, and non-college wages decrease.

A.5.1 TIRA Subsidies. Figure shows the share of each state’s
population that lives in a disadvantaged community according to census block

group level population from the 2020 Census.
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Figure A.19. Share of the population living in a disadvantaged community.

We use the EPA’s Disadvantaged Communities Map to define census tracts as
disadvantaged. The total population in each census tract comes from the 2020
Decennial Census (Walker & Herman, 2024).
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Figure A.20. Distribution of baseline CV by income group.

The X-axis is a household’s percentile in CV from the baseline simulation
comparing 2019 and 1990 climates. We split the figure into three income bins,
below 10th percentile, 10th-50th percentile, and above 50th percentile based on
household expected income in the baseline simulation.
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Figure A.21. CV for 2019 climate with and without subsidies relative to the 1990
climate without subsidies.

The X-axis is a household’s decile in CV from the baseline simulation comparing
2019 and 1990 climates. The Y-axis is average CV under 2019 cliamte relative to
without subsidies under the 1990 climate. We split the figure into three income
bins, below 10th percentile, 10th-50th percentile, and above 50th percentile based
on household expected income in the baseline simulation. See description in the
text on the subsidy distributions
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Figure A.22. CV for 2019 climate with and without subsidies relative to the 1990

climate without subsidies for different magnitudes, G.

The X-axis is a household’s decile in CV from the baseline simulation comparing
2019 and 1990 climates. The Y-axis is average CV under 2019 cliamte relative to

without subsidies under the 1990 climate. We split the figure into three income

bins, below 10th percentile, 10th-50th percentile, and above 50th percentile based

on household expected income in the baseline simulation. See description in the
text on the subsidy distributions
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Figure A.23. Percent change in population under different subsidy program
magnitudes and distributions.

The underlying data are city-level, and the plotted lines are smoothed fit from a
generalized additive model weighted by city population. The X-axis represents
a city’s rank in change in climate amenties from 1990 to 2019. The Y-axis is the
percent change in population divided by the total size of the program, and the
different sizes are differentiated by color.
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Figure A.24. Percent change in rents under different subsidy program magnitudes
and distributions.

The underlying data are city-level, and the plotted lines are smoothed fit from a
generalized additive model weighted by city population. The X-axis represents

a city’s rank in change in climate amenties from 1990 to 2019. The Y-axis is the
percent change in rents divided by the total size of the program, and the different
sizes are differentiated by color.
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Figure A.25. Percent change in wages under different subsidy program magnitudes
and distributions.

The underlying data are city-education-level, and the plotted lines are smoothed
fit from a generalized additive model weighted by city population. The X-axis
represents a city’s rank in change in climate amenties from 1990 to 2019. The Y-
axis is the percent change in wages divided by the total size of the program, and
the different sizes are differentiated by color. We differentiate between college and
non-college educated wages.
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APPENDIX B
APPENDIX FOR GLYPHOSATE EXPOSURE AND GM SEED ROLLOUT
UNEQUALLY REDUCED PERINATAL HEALTH

B.1 Background

Genetically modified crops Monsanto developed the first genetically
modified crops, releasing GM soy, corn, and cotton in 1996 in the United States.
These plants are resistant to glyphosate, allowing farmers to spray their fields
with glyphosate to kill weeds but not harm their crops. The pairing of GM seeds
with glyphosate provides a simple and effective method for controlling weeds—
previously, farmers had to use different pesticides, each effective on a smaller subset
of weeds at different points in the cultivation process. This herbicide portfolio was
supplemented by mechanical tilling. glyphosate previously had to be used sparingly
since it would also kill the crops themselves. Farmers adopted GM seeds rapidly
in the United States. The USDA provides data on national GM adoption rates
starting in 1996 and for specific states beginning in 2000. Figure shows the
time series of adoption rates for the entire country (dark, bold line) and particular
states (light, gray lines). In 2000, just four years after their release, GM seeds
constituted 54 percent of soy acres, 61 percent of cotton acres, and 25 percent of
corn acres. By 2010, adoption rates were around 90 percent for all three crops.
Adoption of GM corn was generally slower and more heterogeneous across states
than for either soy or cotton. Figure shows spatial variation in adoption rates
in 2000, 2005, and 2010. For corn and soy, states further west adopted slightly
faster than states further east. Meanwhile, California and Texas adopted GM

cotton slower than the Southeast.
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Glyphosate and health Glyphosate is a broad-spectrum herbicide discovered
and commercialized by Monsanto in the 1970s. Its popularity grew over the next
twenty years because of its relatively favorable properties. glyphosate has a low
toxicity relative to other chemicals used on farms. It breaks down fairly quickly
and binds to the soil, decreasing runoff (Duke & Powles, 2008]). However, it is
water-soluble, which means that the part that does not bind to soil enters the
water supply (Baer & Marcel, 2014). It is an effective weed killer, working on a
broad spectrum of plants. However, glyphosate does not just kill weeds, it also kills
fungi and microorganisms in the soil, which can lead to the crops being susceptible
to disease (B. Muller, |2020)). It also breaks the nutrient cycle, forcing farmers to
increase their dependence on fertilizer to feed their crops (Barrows, Sexton, &
Zilberman|, 2014). Farmers in the US spend nearly $8 billion on pesticides each
year (Grube, Donaldson, Kiely, & Wu, 2011), applying glyphosate to 298 million

acres of crops annually (U.S. EPA| |2019).

Glyphosate and health The US EPA’s current approval process for pesticides
provides ample opportunities for applicants to steer the process toward approval.

A central critique in the pesticide-regulation literature is the EPA’s
tendency to rely upon regulated entities to design, run, and analyze non-peer-
reviewed experiments to test chemicals’ safety—ignoring clear conflicts of interest
(C. Benbrook, [2020; |C. M. Benbrook, 2018} Sheppard et al 2020). This approach
stands in stark contrast to the International Agency for Research on Cancer
(IARC)’s reliance on published, peer-reviewed research |C. Benbrook| (2020);

C. M. Benbrook| (2018).
EPA’s reliance on applicant-generated tests grants applicants the

opportunity to influence evidence in the review process in several ways. First,
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this process places regulated entities in a position to effectively selectively report
their way to approval by running multiple tests and only reporting studies that
show no harm (C. Benbrook, 2020)). Benbrook (2019) illustrates considerable
differences between regulatory assays versus assays from peer-reviewed journals

(C. M. Benbrook, [2019)—leading the EPA and IARC to conflicting conclusions.
Several recent reports highlights similar concerns around regulation in the EU—
especially in differing conclusions between the IARC and the European Food Safety
Authority (EFSA) Clausing, Robinson, and Burtscher-Schaden, (2018)); [Portier et al.
(2016]).

Among reported tests, regulated entities may test exposure levels lower
than (1) levels encountered in occupational settings and (2) levels where adverse
health effects may be observed—especially when chemicals may have nonlinear
dose-response relationships (Davoren & Schiestl, 2018). Benbrook (2020) also
highlights that the EPA’s approval process focuses more on dietary consumption
than on occupation exposure—a potentially large shortcoming for Roundup’s high
dermal penetration and possible wand application (C. Benbrook| 2020). Benbrook
suggests that the regulatory process surrounding glyphosate has largely failed “to
add common-sense worker protection provisions” (C. Benbrook|, 2020)).

Similarly, the review process may conclude with no harm due to flawed
research designs (vom Saal et al., [2010)), implementation (Mie et al., 2018), and/or
analyses (Sheppard et al 2020)). Despite its potential impacts on public health,
the data involved in these studies is often withheld (Davoren & Schiestl, 2018)—
further restricting review and oversight. Compounding the issue: scant post-

approval monitoring of chemicals exposure in populations or the environment
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(C. M. Benbrook, 2018). Finally, there is the issue of regulatory capture, which
we leave for future research.

While the conflict of interest is clear, these mistakes may also follow from
the studies’ lack of legitimate peer review. Ultimately, the EPA’s reliance on
industry-conducted studies, in conjunction with the effective null hypothesis of no
harm, opens the door for avoidable public health risks.

B.2 Data

Fertilizer data We get fertilizer data from the USGS (Falcone, 2021), which
estimates county-level nitrogen and phosphorous every five years between 1950
and 2017 using data from the USDA Census of Agriculture. They report separate
estimates for farm commercial fertilizer applications, non-farm commercial fertilizer
applications, and nutrient loads from manure. Since the rest of our data are annual,
we interpolate for the years between the years of the Ag Census. We fit splines
separately for each county and fertilizer type using all available years of data and
then generate annual predictions for each county-year-fertilizer type. Figure [B.3
shows the results for a few example counties, where the points are the actual data
and the lines are the fitted splines. The raw data only separates farm and non-
farm commercial fertilizer use from 1987. Non-farm commercial fertilizer use is
small, only making less than three percent of commercial fertilizer use. Therefore,
we use four variables as controls: phosphorous from commercial uses, nitrogen
from commercial uses, phosphorous from manure, and nitrogen from manure. We

normalize all of these variables by the total size of the county.

Crop Acreage and Yield Data We get crop acreage and yield data from the
USDA NASS. Specifically, we get acres planted and yield per acre by county from

1985 to 2017 from their annual survey. These data include barley, several types
243



of beans, canola, chickpeas, corn, upland cotton, flaxseed, lentils, mustard, oats,
peanuts, peas, peppers, potatoes, rice, safHower, sorghum, soybeans, sugarbeets,
sweet corn, sweet potatoes, tomatoes, and wheat. We aggregate all crops besides
corn, soy, and cotton into an “other” category. The USDA masks data for counties
where there are small amounts of farms producing a particular crop. They report
acres and yield from those counties as an aggregate for the agricultural statistical
district. To account for this, we allocate any production reported at the aggregate
district level to counties in that district with missing data proportional to the size

of the county.

Accuracy of FAO-GAEZ data New work highlights several issues with the
GAEZ suitability data, calling into question the ability of the GAEZ suitability
measures to predict historical yield for different crops (Rhode, 2024). While we
share many of the concerns raised—mnotably the lack of clarity around data sources
and model validation—we think that the use of the GAEZ data is still appropriate
in our setting. We are not using the GAEZ data to predict historical yields
but rather as an instrument for glyphosate use. Thus, we only need the GAEZ
suitability to be correlated with increases in glyphosate and for the exclusion
restriction to hold. See Methods for an in-depth discussion of our identifying
assumptions. Table demonstrates that the GAEZ suitability measures correlate
with observed acreage and yield of corn, soy, and cotton prior to the introduction of

GM crops.

Other Data We collect data on county-level, annual estimates of total
population by age and race from SEER (Surveillance, Epidemiology, and End
Results (SEER) Program| 2024)). Age shares are done by decade from ages 0 to 70,
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with everyone older than 70 grouped into the final bin. Race shares are calculated
for the white, Black, and hispanic populations.
B.3 OLS results

Panels A and B of Table [B.7| contain results for our main specifications,
but estimated with OLS rather than 2SLS. We find precise null effects across
all outcomes, demonstrating the importance of isolating exogenous varaiation in
glyphosate using our instruments.
B.4 Comparing rescaled reduced-form DID results with 2SLS results

Our reduced-form DID results effectively provide estimates of 2SLS’s
first stage and reduced form—just in a DID framework without interacting the
instrument with indicators for year. By dividing the reduced-form DID results for
health outcomes by the results, we can get comparable estimates for the health
effects due to glyphosate exposure. Table provides these calculations—first
repeating the results from the main text in Figure [14] and then rescaling the
reduced-form DID health effects by the reduced-form DID glyphosate effect. The
resulting estimates are very close to the 2SLS estimates.
B.5 Shift-share specification

We can recast our identifying variation to be used similarly to that of a
traditional “shift-share” specification, where the “shift” is national glyphosate
use and the “share” is attainable yield in each county. Thus, the identifying
variation is very similar to our main results—we get temporal variation driven
by the nation-wide increase in glyphosate use after the release of GM crops, and
we get spatial variation from the suitability of the land in each county for corn,
soy, and cotton. In the shift-share specification, our instruments are national

glyphosate and national glyphosate interacted with the attainable yield percentile
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for corn, soy, and cotton. Thus, the difference between this specification and our
main specification is that the first stage uses the national glyphosate trend directly,
rather than interacting attainable yield with year dummies. When calculating the
national glyphosate for each county, we exclude glyphosate applied within 100km of
the county and any glyphosate applied upstream of the county to ensure that the
national glyphosate instrument satisfies the exclusion restriction—that national
glyphosate only affects perinatal health through its effect on local glyphosate.
Table shows the results, which are generally similar, but smaller in magnitude
than our main results.
B.6 Robustness of first-stage and reduced form results

Figure estimates our model for births to mothers with rural and non-
rural residences separately. There is a small but largely insignificant decrease in
birthweight after the release of GM seeds in 1996 in high GM attainable yield
counties relative to low GM attainable yield counties. However, this effect is gone
by 2010. We attribute this difference largely to measurement error in exposure—
we do not think that exposure is very high for urban mothers, who are unlikely
to be in contact with drift, dust, or water contaminated with glyphosate applied
within that county. The lack of direct measurement of exposure to glyphosate is a
weakness of our study, as all we know is the amount of glyphosate used in a county
each year.
B.7 Robustness of 2SLS results for other outcomes

We provide specification charts for non-birthweight outcomes in Figures
and [B.20] Additionally, we test robustness to various spatial subsets in Figure [B.21]
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B.8 Prediction performance

Figure depicts how predicted birthweight percentiles maps to predicted
(dark blue) and actual (light orange) birthweight. Given a predicted percentile,
the mean predicted birthweight is, on average, quite close to the true mean
birthweight—suggesting the ML approach indeed captures informative variation
in birthweight.

Table describes the performance of the random-forest model for
predicting birthweight (the outcome for which the model trained) and birthweight
percentile, decile, and quintile. Panel A evaluates predictions’ performances on two
metrics—mean absolute error (MAE: |y — ¢|) and mean absolute percent error
(MAPE: MAE/y). All results in the table focus on the set of infants born to rural-
residence mothers, as this group matches the population of interest in the paper.
The three rows of Panel A use this full sample of rural-residence mothers and then
drop 1% and 5% of the top and bottom birthweights. Finally, Panel B provides two
null models for comparison. The Means model always predicts the sample mean;
the At random model predicts at random.

For predicting birthweight, the ML predictions offer improvements over
both null models on both metrics (error level and percentage), and this dominance
is even stronger when not evaluating the tails of the distribution. While the
Means null model slightly edges out the full-sample model in terms of MAE for
the percentile-based outcomes, the ML-based model is much stronger in terms
of percent error. Percentage error is an important metric in our application, as
we want match births to expected birthweight groups (as in Fig rather than

simply a low-error on-average prediction.
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B.9 2SLS results and the shape of the glyphosate damage function

Our estimates for the effect of glyphosate exposure on perinatal health
make comparisons between communities with higher and lower levels of glyphosate
exposure (instrumented communities’ GM-crop suitability, compared to pre-GM-
rollout comparisons, and conditional on fixed effects). Following the GM rollout,
many low-suitability communities also experienced increased glyphosate exposure
(for example, as shown in Figure . As a result, our estimates for glyphosate’s
health damages compare infants with higher glyhposate exposure to infants with
lower glyphosate exposure. Generally, infatns with lower levels of glyphosate
exposure are generally still exposed to some non-zero amount glyphosate. How
this non-zero exposure for the lower group affects our 2SLS estimates depends upon
two items: the shape of glyphosate’s damage function and the interpretation of the
2SLS estimates.

For the moment, ignore the temporal variation in our instrument and
estimation. The reduced-form results from our 2SLS estimates effectively compare
glyphosate’s damages between in high and low GM-suitability areas, i.e.D(gn) —
D(ge). The first stage estimates the difference in glyphosate intensity between these
areas, i.e.g, — ¢y Finally, second-stage scales these differences by the differences in

glyphosate intensity.

Reduced form: Damages from high vs. low glyphosate =D(gn) — D(g¢)
First stage: Differences in glyphosate intensity =gn — e
D(grn) — D(ge)

Second stage: Scaling damage difference by glyphosate difference =
9gn — Ge

There are three main cases to consider for the shape of the damage function (with

respect to its second derivative).
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— Linear damages If glyphosate’s damages for perinatal health are
approximately linear/affine in glyphosate (i.e.a + Sg), then our second-
stage estimates are unaffected by whether low-suitability areas have zero
or non-zero levels of glyphosate—as long as low-suitability areas apply less
glyphosate than high suitability areas (our first-stage estimates and event

studies confirm this requirement is satisfied).

D(gn) — D(ge) _a+fBgn—a—PBg _ B(gn —ge)

9n — Ge gn — Ge an — e

Accordingly, if the damage function is linear, our second-stage will recover
the marginal damages from a one-unit increase regardless of the level of

glyphosate in low-suitability counties.

— Concave damages For concave damage functions, as g, increases from zero
and approaches g, from below, the reduced-form difference D(g5) — D(g¢)
shrinks faster relative to the first-stage difference g, —g,. Consequently, higher
levels of g, will generate lower second-stage (and reduced-form) estimates.

If the parameter of interest is the average per-unit health damages due to
moving from g = 0to g = gy, then the 2SLS will understate the actual
damages. However, 2SLS estimates the (weighted) average marginal damage

of increasing glyphosate from concentrations found in the US. More formally,

d D(gn) —D(ge) _ [D(gn) —D(ge) D' (gl) ;2 <0

dge  gn — Ge h — G (gn —g0)”

due to D being concave (strict inequality will follow from strict concavity).

— Convex damages Convex damage functions simply ‘reverse’ the results of
concave functions: 2SLS will overstate the average damage of moving from
g = 0to g = g, when g, > 0 but will provide a (weighted) average marginal

damage for glyphosate concentrations common in US counties.
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Because we are not in a position to take a strong stand on the shape
of glyphosate’s damage function, it likely makes more sense to consider our
estimates as the marginal damages relative to glyphosate concentrations commonly
encountered in the United States—a policy-relevant parameter requiring weaker
assumptions.
B.10 Demographic trends
One concern for identification in our model is that the underlying

composition of the population is changing in high vs. low GM attainable yield
counties during the period of our study. Figure shows event studies where
we use demographics of the mother as outcomes with county and year-by-month
fixed effects and no other controls to test whether demographics are changing over
time. We find that births in high-yield counties are less likely to come from black
mothers after the release of GM crops—this would otherwise be concerning for our
main estimates, however, we (1) control for race and other demographics in our
main estimation and they do not meaningfully impact the results, (2) predicted
birthweight does not change over the time period of the study, and (3) we find
significant effects of glyphosate on birthweight for babies with both white and non-
white mothers.
B.11 Other forms of heterogeneity

Mother’s race Based on heterogeneity in predicted birthweight, we expect
there to be differences in effect by mother’s race. Fig shows reduced from
event studies for different outcomes by mother’s race. Births to non-white mothers

have a noisy, but generally larger effect than briths to white mothers.

Heterogeneity by month of birth These results do not exhibit consistent

heterogeneity by month of birth, as seen in Figure There are slightly higher
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effects during the first months of the year—which means that their gestational
period began in the spring and early summer the time when the most glyphosate

is applied.

Rural vs urban We compare results for rural and non-rural counties in S/
Figure B.18] As expected, the first stage is much weaker in non-rural than for rural
counties since non-rural counties have more land uses competing with agriculture.
We note that non-rural counties still grow GM crops and apply glyphosate—30%
of corn, soy, and cotton acres and 29% of glyphosate applications are in non-
rural counties. However, the mismeasurement of glyphosate exposure for infants
in non-rural counties is likely to be considerably worse than in rural counties.
Mothers residing in urban portions of a non-rural county will have lower glyphosate
exposure than mothers residing near that same county’s agricultural production.
Yet, data constraints force us to assign all infants in a county the same level of
glyphosate exposure. We estimate the effect of GM suitability in non-rural counties
to be attenuated relative to rural counties, consistent with the non-rural counties
having more measurement error in exposure.

B.12 Effect of GM on acreage and yield

Changes in agricultural activity unrelated to glyphosate that result from
GM seed adoption could also affect infant health, threatening our identified effect
of glyphosate on birth weight. For example, GM technology could lead farmers
to bring marginal, not previously farmed land into agricultural production. This
additional production could be associated with increased runoff into water or air
pollution from dust or drift. Additionally, if yield increased with GM seeds, farmers

could see an economic boost that could affect infant health. In order to rule out
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these as mechanisms for the observed effect of GM attainable yield on birth weight,
we explore the effect of GM attainable yield on crop acreage and actual yield.

We use USDA NASS data on annual, county-level crop acreage and yield,
regressing these variables on the max GM attainable yield percentile interacted
with year. Figure shows reduced-form event study results regressing
our suitability measure on total crop acreage as a share of the county area.
Unfortunately, 1995 seems to be a low outlier year, making the event study more
challenging to interpret—however, total acreage appears to stay around the same
level after 1995 as it was prior to 1995. We estimate a difference-in-difference
model comparing before vs after 1995 that results in a small and not statistically
significant difference in total acreage.

Figure shows corn acreage as a percent of the county area. As with
total acreage, the effect of GM suitability is noisy in the pre-period and seems
unchanged until around 2007, at which point there does seem to be an increase
in corn acreage for high-suitability counties relative to low-suitability counties. This
timing coincides with when the renewable fuel standard increased incentives for
farmers to plant corn (Lark et al., [2022). Figure shows the results for soy
acres as a percent of the county area. There was an initial bump in soy acreage
after 1995, followed by a return to pre-1995 averages, consistent with the fact that
GM seed varieties were available for soy before corn.

Meanwhile, Figure shows the effect of GM suitability on cotton
acreage. Cotton seems to have had a high outlier year in 1995 but remains
consistent with the other pre-period years until 2006, after which it decreases

in high relative to low suitability counties. In summary, we find that there does
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not seem to be an effect of GM suitability on total acreage, but this masks some
substitution between crops.

We estimated models adding both fertilizers and acreage as controls.
Figure shows both the first stage and reduced form event studies under
various iterations of controls—adding fertilizer and/or acreage controls does not
result in meaningful or statistically significant differences of estimates in either the
first stage or reduced form. Notably, adding acreage controls to all of the other

controls does flatten out the upward pre-period trend in the first stage. The spec

charts in Figures |B.6| [B.19, and [B.20| show our estimated coefficient on glyphosate

from 2SLS on birthweight, gestation length, and the health index. Adding fertilizer
controls slightly increases the magnitude of glyphosate’s effect on birthweight,
but by considerably less than when we add pesticide controls. This is true when
adding just fertilizers as controls relative to no additional controls and when adding
fertilizers to a specification with pesticides and unemployment as controls.
B.13 Other socioeconomic outcomes

Here, we explore the relationship between our attainable yield instrument
and some socioeconomic outcomes in order to rule them out as mechanisms for
the measured birth weight effect. We regress the socioeconomic variables on GM
attainable yield interacted with year dummies with county and year fixed effects.
The sample is a county-year panel of rural counties in the US between 1990 and
2013. Figure shows the results. There is no change in farm or non-farm
income, however there do appear to be changes in employment. The unemployment
rate jumps after 2000—thus, we control for unemployment in our main regression,
but note that this is four years after the release of GM seeds, thus the timing

does not align to have been caused by GM. Meanwhile, farm employment is also
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declining, however there is a clear pre-trend. The release of GM seeds does not
appear to affect this trend.
B.14 Effects of upstream glyphosate in water

B.14.1 Predicting glyphosate in water with machine learning.
To measure spillover effects from glyphosate applied upstream, we must have some
measure of glyphosate exposure in water. Ideally, this would come from extensive
monitoring, which consistently reports pesticide concentrations in water for a
comprehensive set of water sources. Unfortunately, such a monitoring network does
not exist, so we must create an alternative methodology to estimate glyphosate
exposure from upstream spraying. We train a machine learning model to predict
glyphosate concentrations using the limited glyphosate monitoring in water, along

with water flow and other environmental characteristics.

Data preparation Our training data come from recent work by Medalie et al.
Medalie et al. (2020), who took 3204 samples of glyphosate and its main degradate
AMPA from 70 sites in the National Water Quality Network (NWQN), a nationally
representative set of water bodies, between 2015 and 2017. Both chemicals are
nearly omnipresent, with glyphosate detected in 75 percent of samples and AMPA
detected in 90 percent. We link these measurements to data on glyphosate use, soil
type, slope, and rainfall upstream from the sampling location.

We use a spatial water model to aggregate the amount of glyphosate applied
upstream and downstream of each sampling location. Specifically, we use the level 8
HydroBASINS product from HydroSHEDS (Lehner & Grill, 2013). These data are
watershed polygons that delineate water basins across the globe in a standardized
way. Importantly, they are assigned codes in a way that makes it possible to find

all watersheds upstream and downstream from any given watershed.
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We begin with the pesticide data. As in our local analysis, one may be
concerned with the endogeneity of glyphosate use. Our estimates will be biased
if spraying upstream of a sampling location correlates with other factors affecting
health outcomes. We deal with this issue by using only exogenous variation in
glyphosate use driven by the same instruments from our local analysis, namely
that driven by the timing of the release of GM seeds and the suitability of a
county for corn, soy, and cotton. We regress glyphosate on the GM attainable
yield percentile interacted with year dummies, with year and county fixed effects to
generate county-year level predictions of glyphosate. To disaggregate these county-
level predictions into watersheds, we assume that spraying is uniform across the
county and multiply the glyphosate prediction for each county by the portion of
the county’s total area covered by the watershed. Figure [B.29 shows the spatial
distribution of predicted glyphosate by watershed across the United States in 2004.

Additionally, we collect several other variables that affect the runoff of
glyphosate in a method loosely following the commonly used universal soil loss
equation (USLE). This soil loss equation multiplies the erodibility of the soil,
the slope of the land, rainfall, and two measures associated with land use. We
aggregate soil erodibility and slope from the gridded soil survey to the watershed
level by taking the average over all 30-meter cells in each watershed (Soil Survey
Staff, 2021). Similarly, we use gridded, monthly precipitation from PRISM to help
inform the potential for glyphosate to run into water (PRISM Climate Group,
2022)). We aggregate the 4-kilometer cells to the watershed level by taking the
simple average of cells within a watershed. Additionally, we aggregate to the

annual level by taking the sum over the growing season, April through September,
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when most glyphosate is applied. Figure shows national percentiles of soil
erodibility, slope, and precipitation by watershed.

We then utilize the “Pfafstetter” watershed coding system used by the
HydroBASINS data to find all watersheds upstream from each watershed. We
have selected an example watershed in Washington County, Illinois, just east of
St. Louis, for demonstration purposes. Figure shows the example watershed in
red and then highlights all of the watersheds upstream, which reach further north
into Illinois, and all of the watersheds downstream, which follow the Mississippi
River to the Gulf of Mexico.

When linking upstream and downstream watersheds, we calculate the
distance between any two watersheds by summing the distance between centroids
of each watershed that lies along the water flow between the two watersheds. We
then aggregate the variables described above into 50-kilometer distance bins from
—100 to 350, where negative values denote values for downstream watersheds.
Figure demonstrates the distance bins for our example watershed. The final
dataset contains 2,142 water samples, where we removed 1064 samples from sites
with no upstream watersheds entirely outside the site’s county. We remove these
to ensure that our measure of upstream spraying does not capture non-water

mechanisms of glyphosate exposure, such as dust, drift, or direct contact.

Training the water concentration ML model We train LASSO and
Random Forest (RF) models using the above mentioned dataset. We generate
a fully saturated set of interaction terms between glyphosate, soil erodibility,
slope, and rainfall as predictors in the LASSO model. The month of the sample
is the only other predictor variable. Since the model’s primary goal is to predict

glyphosate concentrations back in time, we train the model on 1,385 observations
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from after October 2015 and validate performance with 757 observations from
before October 2015. Within the training set, we tune parameters using 4-fold
cross-validation, where each fold trains on 15 months of data and then tests
performance on the preceding six months of data. Then, we select the parameter
with the lowest average RMSE across folds to estimate the model on the entire
training set. Figure shows the cross-validation results.

We then assess performance of the tuned models using the 757 held out
observations. Figure shows the out-of-sample predictions versus their actual
values. Both models predict AMPA concentrations much better than glyphosate
concentrations, with an R-squared of 0.59 and 0.31 for the random forest and
LASSO models respectively. Figure shows the density of the out-of-sample
predictions for each model, as well as actual values. Generally, the models slightly

over-predict at low values, moreso for glyphosate than AMPA.

Generating predictions We use the model to predict county-month-level
glyphosate and AMPA concentrations. We do this by making predictions for
every watershed for each month between January of 1992 and December of 2017.
We then take the weighted average of the predictions, where the weights are the
proportion of the county’s population that lives in the watershed. Our population
estimates come from SEDAC’s 2010 population grid (CIESIN| [2017). This grid
estimates the population for one square kilometer pixels across the United States.
We add the population counts for pixels within each watershed and then divide
by the total population count for cells within the county to obtain the population
weights. Figure shows predicted AMPA in July of 2004 from the LASSO
model from each watershed touching Washington County on the right and the

population weight for those watersheds on the left. Figure shows predicted
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AMPA in water for each county in July of 2004. We can then link the county-
month-level predictions of glyphosate and AMPA to the birth certificate data.
B.14.2 Results: Effect from upstream glyphosate in water.
Before using the machine learning predictions of glyphosate and AMPA in water,
we first regress perinatal health outcomes on aggregate suitability over distance
bins upstream or downstream from the mother’s county of residence. These are of

the form,

Health;;; = Z viGMé» x1(t=71)+ Z ZvﬁdGM;‘d X 1(t =7) + T Xije + aj + M+ €ije,
#1995 T#1995 d

where GMj; is the average GM suitability percentile in distance bin d upstream (or
downstream) from county j. We now use GM jl to denote local GM suitability.

Figure displays event study plots illustrating the effect of max GM
attainable yield in upstream watersheds on birthweight, categorized into 50-
kilometer distance bins. These results suggest that having land more suitable for
GM crops upstream of a county does not lead to a change in birthweight after the
release of GM seeds in 1996.

As Dias, Rocha, and Soares |Dias et al.| (2023) emphasize, the potential
effects of upstream glyphosate spraying would be strongest in places where there is
more runoff from farms. We estimate the event study allowing for heterogeneity by
high-soil-erodibility and high-precipitation, two factors that could increase runoff
of glyphosate into surface water. Figure shows the results for both high-
and low-erodibility and precipitation. Neither demonstrate a consistent effect on
birthweight.

Finally, we estimate the effect of predicted glyphosate and AMPA in water.

We do this by running regressions of the form,

258



Health;j, = BGLY j, + B GLY  + T Xsjy + 0 + Ay + 25 (B.1)
where GLY i‘t represents local glyphosate exposure, predicted from the first stage
. GLY jt denotes predicted exposure to glyphosate or AMPA from glyphosate
applied upstream of county j in year ¢, where we generate predictions from
the machine learning model described above. These predictions are plausibly
exogenous, as the models are trained only on exogenous data. Table shows
the results of regressing these predictions of glyphosate or AMPA in water on
birthweight. All four estimates, coming from either a LASSO or random forest
model predicting either AMPA or glyphosate concentrations demonstrate a null
effect of glyphosate or AMPA on birthweight.

We approach these findings cautiously; however, they suggest the absence of
substantial downstream health spillovers resulting from glyphosate runoff. The lack
of effect may be reasonably expected in the US relative to Brazil, as drinking water
treatment in the US is more robust than that in Brazil (United Nations, 2024).
However, we cannot definitively exclude water exposure as a potential mechanism
driving the local results. glyphosate runoff into the water could be causing issues
within a county but not downstream of a county if the chemicals degrade quickly
enough. Additionally, given the inherent measurement error in this process and
the absence of a more refined chemical transport model, we refrain from making

definitive claims about the existence of downstream spillovers from glyphosate use.
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Rural counties Non-rural counties

High GM yield Low GM yield
Variable Mean  Stnd. Dev. Mean  Stnd. Dev. Mean  Stnd. Dev.
Infant characteristics
Female infant 0.488 0.500 0.488 0.500 0.488 0.500
Birthweight (g) 3,327.0 610.1 3,360.1 583.8 3,333.5 604.5
Gestation (wk) 39.050 2.788 39.180 2.565 39.015 2.660
Preterm 0.185 0.388 0.166 0.373 0.178 0.383
C-section 0.243 0.429 0.223 0.416 0.217 0.412
Health index 0.029 0.251 0.031 0.244 0.021 0.242
Low birthweight 0.075 0.263 0.063 0.243 0.072 0.258
Very low birthweight 0.013 0.115 0.010 0.099 0.013 0.114
Maternal characteristics
Black 0.199 0.400 0.024 0.152 0.172 0.378
Non-White 0.217 0.412 0.074 0.262 0.217 0.412
Hispanic 0.030 0.171 0.103 0.304 0.179 0.383
Married 0.683 0.465 0.746 0.435 0.692 0.462
High-school grad. 0.749 0.433 0.763 0.425 0.769 0.421
College grad. 0.115 0.319 0.131 0.337 0.207 0.405
Local agriculture
Glyphosate (kg/km?) 0.003 0.004 0.001 0.002 0.002 0.004
Max. GM crop suit. pctl. 0.759 0.144 0.248 0.138 0.494 0.285
Corn acres/km? 24.303 31.789 8.586 20.261 7.774 17.128
Soy acres/km? 25.314 30.369 4.019 12.280 6.105 14.826
Cotton acres/km? 3.872 11.910 1.258 8.937 1.199 6.268
Other acres/km? 15.015 22.160 11.386 23.691 6.156 13.409
Local economy
Unemployment rate 0.070 0.026 0.079 0.041 0.066 0.027
Pct. farm employment 0.078 0.057 0.077 0.071 0.014 0.027
Farm employment per capita 0.036 0.027 0.037 0.036 0.006 0.011
Total population 43,742 28,666 41,164 31,005 1,347,402 2,122,955
Farm income per capita 0.491 0.592 0.600 1.236 0.104 0.257
Non-farm income per capita 15.843 2.580 15.884 3.313 22.165 5.312
Employment rate 0.480 0.092 0.486 0.117 0.559 0.167
Totals
Number of births 1,981,619 1,734,005 20,031,928
Number of counties 898 1,125 1,085

Table B.1. Summary statistics for high- and low-yield rural counties and urban
counties.

Means and standard deviations are calculated at the birth level for the county
group in the years 1992-1995. GM yield grouping is based upon being above or
below the 50th percentile of maximum attainable yield for GM crops. Rural/non-
rural split uses USDA rural-urban continuum codes from 2003.
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Table B.2. Correlation between GAEZ suitability measures and pre-period acerage

for GM crops.

Acreage Percentiles

Yield Percentiles

Dep Var: GM Corn Soy Cotton GM Corn Soy Cotton
Model: (1) (2) (3) 4) (5) (6) (7) (8)
Constant 0.227 0.240 0.141 0.263 0.214 0.326 0.178 0.264
(0.009) (0.009) (0.007) (0.008) (0.009) (0.010) (0.008)  (0.008)
GM GAEZ Yield Percentile 0.546 0.571
(0.015) (0.015)
Corn GAEZ Yield Percentile 0.521 0.348
(0.015) (0.017)
Soy GAEZ Yield Percentile 0.719 0.643
(0.012) (0.014)
Cotton GAEZ Yield Percentile 0.474 0.472
(0.013) (0.013)
Fit statistics
Observations 3,109 3,109 3,109 3,109 3,109 3,109 3,109 3,109
R?2 0.30 0.27 0.52 0.29 0.33 0.12 0.42 0.28

1ID standard-errors in parentheses

We first calculate the county-level 1990 to 1995 average planted acreage and yield for each of corn, soy, cotton,
and the aggregate of all three for GM. We divide the acreage values by the total size of the county. We then
convert the acreage share and yield values into a percentile relative to all counties in the continental US. The
GAEZ yield percentiles are calculated as described in Methods.
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Figure B.1. GM crop suitability and increases in glyphosate for rural counties.

(a) Rural counties using 2003 Rural-Urban Continuum codes from the US
Department of Agriculture (USDA) to classify counties as rural. A rural county

is any non-metro county, where the USDA defines a metro county as, “broad labor-
market areas that include central counties with one or more urban areas with
populations of 50,000 or more people. (b) Percentile of attainable yield for GM
crops equals the difference in attainable yield between high- and low-input scenarios
from FAO GAEZ FAO and ITASA| (2021) for corn, soy, and cotton. We rescale each
crop to be a national percentile, take the maximum over the three crops, and finally
scaling again to be a national percentile. Here we filter to only rural counties. (c)
Change in glyphosate censored at the 15¢ and 99*® percentiles and then filtered to
only rural counties.

262



Cotton

100%

75%

50%

GM Adoption Rate

0%
1995 2000 2005 2010 2015 2020 1995 2000 2005 2010 2015 2020 1995 2000 2005 2010 2015 2020

Year

(a) Time series of GM crop adoption.
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(b) Spatial variation in GM crop adoption.
Figure B.2. GM seeds were rapidly adopted after their 1996 release.

(a) Shows the percent of crops with any GM technology by year. The bold line is
the entire United States and the grey lines are specific states. (b) Shows spatial
variation across states in GM adoption rates in 2000, 2005, and 2010. Data from

the USDA (USDAL 2024).
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Figure B.3. Interpolation of fertilizer data.

This figure shows the fitted spline values and raw data for seven example counties. The
dots are raw data and lines are the fitted spline functions. We fit a separate spline for
each county and fertilizer type, using all data available—a value every five years between
1950 and 2017 from USGS (2021). We then generate annual-county-fertilizer type
predictions to use with the rest of our data.

264



Alachlor Cyanazine Fluazifop

Glyphosate Herbicide Insecticide

:

Estimate and 95% CI
(e]

Metolachlor Metribuzin Nicosulfuron

3 i

2 :

1 1

0 "A;A ﬂ,a o Ii A 2 o002
) : \\w

-2 1

-3 :

1995 2000 2005 2010 1995 2000 2005 2010 1995 2000 2005 2010
Year

Figure B.4. Counties with high suitability for GM crops increased glyphosate
intensity and reduced non-glyphosate pesticides with the introduction of
glyphosate-resistant seeds.

Each event study come from separate regressions where the given pesticide is regressed
on local GM max attainable yield percentile interacted with year dummies with year
and county fixed effects. All coefficients are scaled by the standard deviation of their
respective variables. Herbicide and Insecticide each aggregate all other herbicides and
insecticides not individually analyzed. Results from rural US counties. Standard errors
are clustered by state and year. A unit of observation is county by year; regressions are
weighted by total number of births.
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Figure B.5. Perinatal health declined in GM-crop suitable counties after the
introduction of glyphosate-resistant seeds

The subfigures extend Figure m to additional health outcomes—i.e.the estimated
effect of local GM max attainable yield percentile on perinatal health outcomes relative
to 1995. All regressions include county and year by month fixed effects and cluster
errors by state and year. All regressions also control for family demographics, including
mother’s age, race, education, marital status, birth facility, resident status, previous
births, sex of infant, and father’s age and race. Sample restricted to births occurring in
rural counties or to mothers residing in rural counties.
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BW LBW VLBW  Gestation Preterm C-section Health Index

Panel A: Policy effect
GLY/km? -843.5 0.167 0.047 -6.13 0.606 0.324 -0.398
(320.8) (0.079) (0.017)  (1.73)  (0.223)  (0.208) (0.119)
Controls
(No additional controls)

Panel B: GLY effect

GLY /km? -1,280.7 0.279 0.087 -9.14 0.920 0.375 -0.549
(496.5) (0.103)  (0.029) (2.47) (0.309) (0.374) (0.195)
Controls
Pesticides Y Y Y Y Y Y Y
Fertilizers Y Y Y Y Y Y Y
Employment Y Y Y Y Y Y Y
Income Y Y Y Y Y Y Y
Age Shares Y Y Y Y Y Y Y
Race Shares Y Y Y Y Y Y Y
Population Y Y Y Y Y Y Y

Fixed-effects (Both panels)

Family Demog. Y Y Y Y Y Y Y

County Y Y Y Y Y Y Y

Yr x Mo Y Y Y Y Y Y Y
Summaries (Both panels)

N (millions) 10.73 10.73 10.73 10.71 10.71 9.510 10.71

2012 mean 3,271.1 0.081 0.014 38.6 0.207 0.278

Table B.3. 2SLS estimates of the policy and direct GLY effects on perinatal health.

Each coefficient estimate (column-panel combination) provides results from a separate 2SLS regression. The six
outcomes are birthweight (BW), the probabilities of low birthweight (LBW; BW < 2500g) and very low birthweight
(VLBW; BW < 2500g), gestation length, and the probability of a preterm birth (gestation < 37 weeks). Both
panels include family demographic, county, and year by month fixed effects. GLY effect (Panel B) additionally
controls for other pesticides and unemployment. Sample restricted to births occurring in rural counties or to
mothers residing in rural counties. Instruments are the attainable yield percentile for GM crops in each county
interacted with year. Family demographic controls include mother’s age, mother’s race, mother’s origin, mother’s
education, sex of child, total birth order, mother’s residence status, and birth facility. Pesticide controls include
alachlor, atrazine, cyanizine, fluazifop, metolachlor, metribuzin, and nicosulfuron. GLY /km? is kg/km?. Standard
errors in parentheses. We two-way cluster errors by year and state.
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Reduced-form DID results Two-stage results

Raw reduced form  (1-2) scaled by gly.

Outcome (unit) (1) (2) (3) (4) (5) (6)
Panel A: Health outcomes
Birthweight (g) —29.42 —-23.79 —29.2 —48.9 —19.6 —29.8
Gestation (wk) —.148 —.119 —.146 —.244 —.143 —.213
LBW (%pt) .b07 .469 .502 964 .399 .650
VLBW (%pt) A11 .085 110 176 110 204
Preterm (%pt) 1.64 1.07 1.62 2.19 1.41 2.14
Health index —.011 —-.010 -.011 —.020 —.009 —.013
Panel B: Glyphosate
Glyphosate (kg/km?) 024 011
Controls
Ag. and econ. Yes Yes Yes
Family demog. Yes Yes Yes Yes Yes Yes
County Yes Yes Yes Yes Yes Yes
Yr. x Mo. Yes Yes Yes Yes Yes Yes

Table B.4. Comparing difference-in-differences and 2SLS results

Sample restricts to births from mothers residing in a rural county. Instruments are
the maximum attainable yield percentile for GM crops in each county (interacted
with year in the 2SLS results in columns 5-6). All regressions include county

and month-of-sample fixed effects and control for family and infant demographic
controls (mother’s age, mother’s race, mother’s origin, mother’s education, sex of
child, total birth order, mother’s residence status, and birth facility). Glyphosate
effect include additional Ag. and econ. controls (unemployment rate, employment
rate, percent farm employment, and farm employment per capita, non-farm income
per capita and farm income per capita, population, age shares, race/ethnicity
shares, non-glyphosate pesticides, and fertilizer).
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Figure B.6. The estimated effect of glyphosate on birthweight is robust to
alternative specifications.

Coefficients are the estimated marginal effect of glyphosate (kg/km?2) on birthweight. Our main specifications are
highlighted. All regressions include county of residence, county of occurrence, and family demographic fixed effects,
standard errors are clustered by state and year. Pesticide controls include alachlor, atrazine, cyanazine, fluazifop,
metolachlor, metribuzin, and nicosulfuron. Employment controls include unemployment rate, employment rate,
farm employment per capita, and farm employment share. Income controls include farm and nonfarm income per
capita. Age shares controls are share of population in seven decade wide bins from ages 0 to 70, with over 70 as
the omitted category. Race share controls are proportion of the population white, Black, and Hispanic. Fertilizer
controls are commercial nitrogen, commercial phosphorous, manure nitrogen, and manure phosphorous. Acre
controls are corn, soy, and cotton acres, as well as an aggregate of all other crop acreage. Family demographic FEs
include mother’s age, race, education, marital status, birth facility, resident status, previous births, sex of infant,
and father’s age and race. We vary the construction of GM attainable yield: “GM Max Percentile” is our main
specification, “GM Avg Percentile” takes the average standardized attainable yield among corn, soy, and cotton
(rather than the average) before re-scaling into a percentile, “GM Average, Split at Median” uses a binary high vs
low attainable yield, where a county is high attainable yield if they are above the median attainable yield, “GM
Max Top vs Bottom Quartile” is also binary, but only compares the top and bottom quartiles, omitting the middle
group, and “1990-1995 GM Max Yield Percentile” is the percentile of observed yield in each county for corn, soy,
and cotton between 1990 and 1995 using data from USDA NASS. “Eastern US” measures filter to counties east of
the 100th meridian then calculate percentiles. Sample restricted to births occurring in rural counties or to mothers
residing in rural counties.

269



Birthweight (g) Gestation (weeks)

0 0.0
-20 -0.1
[
]
=0 02 !
-60
0.3
-80
0.4
Health Index Pr(Low Birthweight)
0.00
0.02
<
5
= -0.01
w b
o 1 0.01
=
w
0.02 +
0.00 +
Pr(Preterm) Pr(Very Low Birthweight)
0.0075
0.04
0.0050
0.02
0.0025
0.00 0.0000
Policy Effect GLY Effect Policy Effect GLY Effect
+ Full sample: 10.6 million births + Mother white: 9.6 million births Mother nonwhite: 1.1 million births

Figure B.7. Glyphosate effects for infants born to non-white mothers are larger for
birthweight and for the probabilities of preterm birth, LBW, and VLBW.

Policy and Glyphosate effects for all outcomes at the mean level of glyphosate in 2012, estimated separately by
mother’s race. All regressions include county and year by month fixed effects, and control for family demographics.
Standard errors are clustered by state and year. The Glyphosate Effect adds controls for other pesticides,
employment, income, population, age and race shares, and fertilizers. The sample is restricted to births occurring in
rural counties or to mothers residing in rural counties.
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(3)

Panel A: Birthweight

Glyphosate/km? —843.5 —885.4 —855.0
(320.8) (324.8) (323.2)
Panel B: Gestation
Glyphosate/km? —6.13 —5.69 —5.65
(1.73)  (1.67)  (1.66)
Panel C: Health index
Glyphosate/km? —0.398 —0.361 —0.347
(0.119) (0.118) (0.116)
Control sets
Age Shares Yes Yes
Race Shares Yes
Fized-effects
Family demog. Yes Yes Yes
County Yes Yes Yes
Yr. x Mo. Yes Yes Yes

Table B.5. Effect of glyphosate on birthweight, gestation, and health index:

Robustness to age and race share controls

Sample restricted to births from mothers residing in a rural county. Instruments are
the maximum attainable yield percentile for GM crops in each county interacted
with year. Family demographic controls include mother’s age, mother’s race,
mother’s origin, mother’s education, sex of child, total birth order, mother’s
residence status, and birth facility. Age shares include the share of population

in each county in seven 10 year age bins from age 0 to 70. We omit the over 70
category. Race shares include the share of the population in each county that is

black, share white, and share hispanic. Glyphosate/km? is kg/km?.
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Figure B.8. Predicted birthweights closely match actual birthweights across the
predicted birthweight distribution.

At each predicted birthweight percentile (x-axis), we take the average actual birthwight
and average predicted birthweight, which are both plotted in the y-axis. Sample includes
births to mothers with rural residences from 1990 to 2013.
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(1) (2) (3) (4) () (6) (7)

(8)

Outcome (units): Birthweight (¢g) Percentile (pp) Decile (1-10) Quntile (1-5)

Metricc: MAE MAPE MAE MAPE MAE MAPE MAE MAPE

Panel A: Actual predictions (across three samples)

Sample

Full 406.7 15.7 26.1 290.7 2.58 79.0 1.25 99.1
1-99 pctl. 381.0 12.6 26.1 127.9 2.58 78.3 1.26 59.2
5-95 pctl. 329.0 10.3 26.1 91.7 2.59 73.0 1.27 58.8
Panel B: Null models (on the full sample)

Approach

Means 443.4 17.2 24.8 488.3 2.48 93.3 1.19 64.2
At random 643.6 23.4 33.3 324.5 3.30  106.1  1.60 77.0

Table B.6. ML prediction performance

Panel A describes the performance of the random-forest model across three
samples—the full sample, births in percentiles 1-99, and births in percentiles

5-95. We evaluate the predictions on two metrics: mean absolute error (MAE:

ly — g¢|) and mean absolute percent error (MAPE: MAE/y). The model trained to
predict birthweight (columns 1-2). We also evaluate the performance for predicting
birthweight percentile (3-4), decile (5-6), and quintile (7-8). Panel B provides two
null models that (1) predict the sample means or (2) predict at random. The table

uses births to rural-residence mothers to match the main analyses throughout the

paper.
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(b) Reduced-form effect of GM suitability on birthweight by predicted birthweight
quintile

Figure B.9. First-stage event study coefficients are similar across predicted BW
quintiles, reduced form shows larger effects in lower quintiles.

(a) Estimated event-study coefficients for the effect of local GM max attainable
yield percentile on glyphosate by year relative to 1995 by predicted birthweight quintile.
Pesticide data only go back to 1992—there are no coefficients in 1990-1991. (b) Similar
event study but with birthweight as outcome. Estimates from each predicted birthweight
quintile come from separate regressions. All regressions include county, year by month,
and family demographic fixed effects. Standard errors are clustered by state and year.
Family demographics include mother’s age, race, education, marital status, birth facility,
resident status, previous births, sex of infant, and father’s age and race. Sample restricted
to births occurring in rural counties or to mothers residing in rural counties.
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Figure B.10. Heterogeneity in Glyphosate Effect is consistent across various
predicted birthweight bin sizes, greater disparities among birthweight outcomes.

Estimated Glyphosate Effect at mean of glyphosate/km? on various perinatal health outcomes instrumented with
GM attainable yield interacted with year. All regressions include county, year by month, and family demographic
fixed effects, and control for other pesticides, employment, income, population, age and race shares, and fertilizers.
Standard errors are clustered by state and year. Family demographics include mother’s age, race, education,
marital status, birth facility, resident status, previous births, sex of infant, and father’s age and race. Sample
restricted to births occurring in rural counties or to mothers residing in rural counties.
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Figure B.11. Limited evidence of heterogeneous marginal effects by sex within
predicted BW quintile.

Estimated marginal effect of glyphosate/km2 on various perinatal health outcomes instrumented with GM max
attainable yield interacted with year. All regressions include county, year by month, and family demographic
fixed effects and control for other pesticides, employment, income, population, age and race shares, and fertilizers.
Standard errors are clustered by state and year. Family demographics include mother’s age, race, education,
marital status, birth facility, resident status, previous births, sex of infant, and father’s age and race. Sample
restricted to births occurring in rural counties or to mothers residing in rural counties.
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BW LBW VLBW  Gestation Preterm C-section Health Index

Panel A: Policy effect
GLY /km? 24.6 -0.023 -0.003 -0.511 0.030 0.021 -0.047
(75.9) (0.022) (0.006)  (0.373)  (0.050)  (0.068) (0.029)
Controls
(No additional controls)

Panel B: GLY effect

GLY /km? 19.9 0.005 -0.002 -0.368 0.046 -0.011 -0.006
(60.2)  (0.015) (0.006) (0.328) (0.040) (0.071) (0.028)
Controls
Pesticides Y Y Y Y Y Y Y
Fertilizers Y Y Y Y Y Y Y
Employment Y Y Y Y Y Y Y
Income Y Y Y Y Y Y Y
Age Shares Y Y Y Y Y Y Y
Race Shares Y Y Y Y Y Y Y
Population Y Y Y Y Y Y Y

Fixed-effects (Both panels)

Family Demog Y Y Y Y Y Y Y

County Y Y Y Y Y Y Y

Yr x Mo Y Y Y Y Y Y Y
Summaries (Both panels)

N obs. (millions) 10.73 10.73 10.73 10.71 10.71 9.51 10.73

Table B.7. OLS estimates of the policy and direct GLY effects on perinatal health.

Each coefficient estimate (column-panel combination) provides results from a
separate OLS regression. Both panels include family demographic, county, and year
by month fixed effects. GLY effect (Panel B) additionally controls for other pesticides,
employment, income, population, age and race shares, and fertilizers. Sample restricted
to births occurring in rural countries or from mothers residing in rural counties. Family
demographic controls include mother’s age, mother’s race, mother’s origin, mother’s
education, sex of child, total birth order, mother’s residence status, and birth facility.
Pesticide controls include alachlor, atrazine, cyanizine, fluazifop, metolachlor, metribuzin,
and nicosulfuron. GLY /km? is kg/km?. Standard errors in parentheses. We two-way
cluster errors by year and state.
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BW LBW VLBW  Gestation Preterm C-section Health Index

Panel A: Policy effect
GLY /km? -545.3 0.112 0.032 -4.06 0.418 0.174 -0.247
(206.0) (0.052) (0.012) (1.00) (0.142) (0.149) (0.069)
Controls
(No additional controls)

Panel B: GLY effect

GLY /km? -933.3 0.212 0.062 -6.21 0.664 0.100 -0.353
(329.1) (0.082) (0.024) (1.61) (0.213) (0.268) (0.119)
Controls
Pesticides Y Y Y Y Y Y Y
Fertilizers Y Y Y Y Y Y Y
Employment Y Y Y Y Y Y Y
Income Y Y Y Y Y Y Y
Age Shares Y Y Y Y Y Y Y
Race Shares Y Y Y Y Y Y Y
Population Y Y Y Y Y Y Y

Fixed-effects (Both panels)

Family Demog Y Y Y Y Y Y Y

County Y Y Y Y Y Y Y

Yr x Mo Y Y Y Y Y Y Y
Summaries (Both panels)

N obs. (millions) 10.73 10.73 10.73 10.71 10.71 9.51 10.73

Table B.8. Effect of GLY on perinatal health estimated with 2SLS shift-share
instrument.

Each coefficient estimate (column-panel combination) provides results from a separate
2SLS regression. Instruments are the measure of suitability in each county interacted
with national glyphosate usage, excluding glyphosate from counties within 100km or
upstream. The six outcomes are birthweight (BW), the probabilities of low birthweight
(LBW; BW < 2500g) and very low birthweight (VLBW; BW < 2500g), gestation length,
and the probability of a preterm birth (gestation < 37 weeks). Both panels include family
demographic, county, and year by month fixed effects. GLY effect (Panel B) additionally
controls for other pesticides and unemployment. Sample restricted to births occurring
in rural counties or to mothers residing in rural counties. Instruments are the attainable
yield percentile for GM crops in each county interacted with year. Family demographic
controls include mother’s age, mother’s race, mother’s origin, mother’s education, sex of
child, total birth order, mother’s residence status, and birth facility. Pesticide controls
include alachlor, atrazine, cyanizine, fluazifop, metolachlor, metribuzin, and nicosulfuron.
GLY/km? is kg/km?. Standard errors in parentheses. We two-way cluster errors by year
and state.
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(b) Reduced-form effect of local GM attainable yield on birthweight
Figure B.12. Robustness of birthweight effect to alternative economic controls.

Estimated effect of local GM max attainable yield percentile on birthweight relative
to 1995. Employment controls include the unemployment rate, employment rate, farm
employment per capita, and farm employment share. Income controls include farm and
nonfarm income per capita. Age share controls are the share of population in seven
decade wide age bins, with the over 70-population as the reference group. Race shares are
the proportion of the population white, Hispanic, and Black. All regressions include fixed
effects for family demographics, county, and year-month and standard errors are clustered
by state and year. Family demographics include mother’s age, race, education, marital
status, birth facility, resident status, previous births, sex of infant, and father’s age and
race. Sample restricted to births occurring in rural counties or to mothers residing in
rural counties.
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Figure B.13. Robustness of birthweight effect to alternative farm controls.

Estimated effect of local GM max attainable yield percentile on birthweights relative
to 1995. Fertilizer controls include commerical nitrogen, commercial phosphorous,
manure nitrogen, and manure phosphorous. Acre controls include soy, corn, and cotton
acres, as well as an aggregate of total acreage from other crops. “Acres and all others”
specification uses all of the economic controls—pesticides, fertilizers, acres, employment,
income, age and race shares, and population. All regressions include fixed effects for
family demographics, county, and year-month and standard errors are clustered by state
and year. Family demographics include mother’s age, race, education, marital status,
birth facility, resident status, previous births, sex of infant, and father’s age and race.
Sample restricted to births occurring in rural counties or to mothers residing in rural
counties.
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(b) Reduced-form effect of various instruments on birthweight
Figure B.1j. Robustness of birthweight effect to alternative instruments.

We vary the construction of our GM suitability measure: “GM Max Percentile” is our
main specification, “GM Avg Percentile” takes the average standardized attainable yield
among corn, soy, and cotton (rather than the max) before re-scaling into a percentile,
“1990-1995 GM Max Yield Percentile” is constructed using pre-period realized yields
for corn, soy, and cotton, “GM Average, Split at Median” uses a binary high vs low
attainable yield, where a county is high attainable yield if they are above the median
attainable yield, and “GM Max Top vs Bottom Quartile” is another binary treatment
definition that compares just the top and bottom quartiles in GM Max Percentile,
omitting the middle group. All regressions include family demographics, county, and
year by month fixed effects and standard errors are clustered by state and year. The
regressions control for fertilizers, other pesticides, employment, income, age and race
shares, and population. Family demographic fixed effects include mother’s age, race,
education, marital status, birth facility, resident status, previous births, sex of infant,
and father’s age and race. Sample restricted to births occurring in rural counties or to
mothers residing in rural counties.
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(b) Reduced-form effect of various instruments on birthweight
Figure B.15. Robustness of birthweight effect to alternative fixed effects.

We vary the fixed effects included. All regressions include family demographics,
county, and year by month fixed effects and standard errors are clustered by state and
year. The regressions control for fertilizers, other pesticides, employment, income, age and
race shares, and population. Family demographic fixed effects include mother’s age, race,
education, marital status, birth facility, resident status, previous births, sex of infant,
and father’s age and race. Sample restricted to births occurring in rural counties or to
mothers residing in rural counties.
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(b) Reduced-form effect of various instruments on birthweight

Figure B.16. Robustness of birthweight effect to alternative fixed effects—within
state.

We vary the fixed effects included. All regressions include family demographics,
county, and year by month fixed effects and standard errors are clustered by state and
year. The regressions control for fertilizers, other pesticides, employment, income, age and
race shares, and population. Family demographic fixed effects include mother’s age, race,
education, marital status, birth facility, resident status, previous births, sex of infant,
and father’s age and race. Sample restricted to births occurring in rural counties or to
mothers residing in rural counties.
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Figure B.17. Heterogeneity in Birthweight Effect by Geographic Subsets.

Estimated effect of local max GM attainable yield percentile on birthweight relative
to 1995. The geographic subsets are primarily defined using census regions (Midwest,
Northeast, or South). Fig shows results with just the eastern US. All regressions
include county and year by month fixed effects and standard errors are clustered by
state and year. All regressions also control for other pesticides, employment, income,
population, age and race shares, fertilizers and family demographics, including mother’s

¢ Midwest and Northeast

age, race, education, marital status, birth facility, resident status, previous births, sex of

infant, and father’s age and race. Sample restricted to births occurring in rural counties
or to mothers residing in rural counties.
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(b) Reduced-form effect on birthweight, rural and non-rural counties.
Figure B.18. Birthweight event studies by rural and non-rural counties.

Estimated effect of local max GM attainable yield percentile on birthweight relative
to 1995 for births to mothers residing and occurring in rural and non-rural counties.
All regressions include county and year by month fixed effects and standard errors are
clustered by state and year. All regressions also control for other pesticides, employment,
income, population, age and race shares, and fertilizers, and family demographics,
including mother’s age, race, education, marital status, birth facility, resident status,
previous births, sex of infant, and father’s age and race.
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Figure B.19. The estimated effect of glyphosate on gestation is robust to
alternative specifications.

Coefficients are the estimated marginal effect of glyphosate (kg/km?2) on gestation. Our main specifications are
highlighted. All regressions include county of residence, county of occurrence, and family demographic fixed effects,
standard errors are clustered by state and year. Pesticide controls include alachlor, atrazine, cyanazine, fluazifop,
metolachlor, metribuzin, and nicosulfuron. Employment controls include unemployment rate, employment rate,
farm employment per capita, and farm employment share. Income controls include farm and nonfarm income per
capita. Age shares controls are share of population in seven decade wide bins from ages 0 to 70, with over 70 as
the omitted category. Race share controls are proportion of the population white, Black, and Hispanic. Fertilizer
controls are commercial nitrogen, commercial phosphorous, manure nitrogen, and manure phosphorous. Acre
controls are corn, soy, and cotton acres, as well as an aggregate of all other crop acreage. Family demographic FEs
include mother’s age, race, education, marital status, birth facility, resident status, previous births, sex of infant,
and father’s age and race. We vary the construction of GM attainable yield: “GM Max Percentile” is our main
specification, “GM Avg Percentile” takes the average standardized attainable yield among corn, soy, and cotton
(rather than the average) before re-scaling into a percentile, “GM Average, Split at Median” uses a binary high vs
low attainable yield, where a county is high attainable yield if they are above the median attainable yield, “GM
Max Top vs Bottom Quartile” is also binary, but only compares the top and bottom quartiles, omitting the middle
group, and “1990-1995 GM Max Yield Percentile” is the percentile of observed yield in each county for corn, soy,
and cotton between 1990 and 1995 using data from USDA NASS. “Eastern US” measures filter to counties east of
the 100th meridian then calculate percentiles. Sample restricted to births occurring in rural counties or to mothers
residing in rural counties.
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Figure B.20. The estimated effect of glyphosate on the health index is robust to
alternative specifications.

Coefficients are the estimated marginal effect of glyphosate (kg/km?) on the health index. Our main specifications
are highlighted. All regressions include county of residence, county of occurrence, and family demographic fixed
effects, standard errors are clustered by state and year. Pesticide controls include alachlor, atrazine, cyanazine,
fluazifop, metolachlor, metribuzin, and nicosulfuron. Employment controls include unemployment rate, employment
rate, farm employment per capita, and farm employment share. Income controls include farm and nonfarm income
per capita. Age shares controls are share of population in seven decade wide bins from ages 0 to 70, with over 70
as the omitted category. Race share controls are proportion of the population white, Black, and Hispanic. Fertilizer
controls are commercial nitrogen, commercial phosphorous, manure nitrogen, and manure phosphorous. Acre
controls are corn, soy, and cotton acres, as well as an aggregate of all other crop acreage. Family demographic FEs
include mother’s age, race, education, marital status, birth facility, resident status, previous births, sex of infant,
and father’s age and race. We vary the construction of GM attainable yield: “GM Max Percentile” is our main
specification, “GM Avg Percentile” takes the average standardized attainable yield among corn, soy, and cotton
(rather than the average) before re-scaling into a percentile, “GM Average, Split at Median” uses a binary high vs
low attainable yield, where a county is high attainable yield if they are above the median attainable yield, “GM
Max Top vs Bottom Quartile” is also binary, but only compares the top and bottom quartiles, omitting the middle
group, and “1990-1995 GM Max Yield Percentile” is the percentile of observed yield in each county for corn, soy,
and cotton between 1990 and 1995 using data from USDA NASS. “Eastern US” measures filter to counties east of
the 100th meridian then calculate percentiles. Sample restricted to births occurring in rural counties or to mothers
residing in rural counties.
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Figure B.21. Robustness to spatial subsets, all outcomes.

Estimated effect of glyphosate/km? on various perinatal health outcomes instrumented
with GM max attainable yield interacted with year. All regressions include county,
year by month, and family demographic fixed effects and control for other pesticides,
employment, income, population, age and race shares, and fertilizers. Standard errors are
clustered by state and year. Family demographics include mother’s age, race, education,
marital status, birth facility, resident status, previous births, sex of infant, and father’s
age and race.
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Figure B.22. Demographic event studies.

Estimated effect of local GM max attainable yield percentile on various demographics
outcomes relative to 1995. All regressions include county and year by month fixed effects
and control for family demographics, including mother’s age, race, education, marital
status, birth facility, resident status, previous births, sex of infant, and father’s age and
race (controls exclude the outcome). Standard errors are clustered by state and year.
Sample restricted to births occurring in rural counties or to mothers residing in rural
counties.
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Figure B.23. Reduced form heterogeneity by mother’s race.

Estimated effect of local GM max attainable yield percentile on various perinatal
health outcomes relative to 1995. All regressions include county and year by month fixed
effects and standard errors are clustered by state and year. All regressions also control
for other pesticides, employment, income, population, age and race shares, fertilizers,
and family demographics, including mother’s age, race, education, marital status, birth
facility, resident status, previous births, sex of infant, and father’s age and race. Sample
restricted to births occurring in rural counties or to mothers residing in rural counties.
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Figure B.24. Reduced form heterogeneity by mother’s education.

Estimated effect of local GM max attainable yield percentile on various perinatal
health outcomes relative to 1995. All regressions include county and year by month fixed
effects and standard errors are clustered by state and year. All regressions also control
for other pesticides, employment, income, population, age and race shares, fertilizers,
and family demographics, including mother’s age, race, education, marital status, birth
facility, resident status, previous births, sex of infant, and father’s age and race. Sample
restricted to births occurring in rural counties or to mothers residing in rural counties.
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Figure B.25. Heterogeneity in effect by different month of birth, all outcomes.

Estimated effect of glyphosate/ km?2 on various perinatal health outcomes instrumented with GM max attainable
yield interacted with year. All regressions include county, year, and month fixed effects and standard errors are
clustered by state and year. Family demographics include mother’s age, race, education, marital status, birth
facility, resident status, previous births, sex of infant, and father’s age and race.
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Figure B.26. Effect of local Max GM attainable yield on crop acreage.

Standard errors are clustered by state and year. All regressions include county and year

fixed effects with no other controls and are weighted by the number of births. Sample
restricted to rural counties.
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Figure B.27. Effect of local GM max attainable yield on crop yield.

Soy and corn yield is measured in bushels/acre, while cotton is measured in lbs/acre.
Standard errors are clustered by state and year
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Figure B.28. Coefficients from an event study regression of various socioeconomic
variables on GM suitability for rural counties.

Standard errors are clustered by state and year. Regressions are weighted by total
births. Sample restricted to rural counties.
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Figure B.29. Predicted glyphosate disaggregated into watersheds in 2004.

These predictions come from our first stage model regressing glyphosate on local GM
attainable yield percentile with county and year fixed effects. We disaggregate from
county into watersheds using the portion of the county’s area that is covered by each
watershed. We generate predictions for each year, but only show 2004 to accompany the
exposition.
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Figure B.30. Spatial variation in water ML predictors.

Each map depicts a watershed-level average of the given variable. See text for details.
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Figure B.31. Capturing upstream and downstream watersheds.

For an example watershed in Illinois (highlighted in red), we show all of the watersheds
upstream and all of the watersheds downstream. We calculate distance upstream and
downstream using the distance between the centroids of watersheds along the path, then

categorize these into 50-kilometer distance bins.
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Figure B.32. Cross Validation Results.

299



100 4 . 1.00 .

075 7 075 A
- > | Model = Model
£ 050 — LASSO 2050 § < — LASSO
§ Random Forest ,§-'f s o2 £ Random Forest

8
025 025 el
‘4."’
0.00 ., 0.00 e *
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
Actual Actual
(a) Predicted vs Actual AMPA (b) Predicted vs Actual glyphosate
Concentrations. Concentrations.

Figure B.33. Out-of-sample prediction performance for LASSO and Random Forest
models.

Predictions are made on the 757 held-out observations in order to assess the model fit
for LASSO and random forest models. Smooth lines are that of a generalized additive
model.
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Figure B.34. Density of out-of-sample predictions relative to the actual values.
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Figure B.35. Aggregating watersheds to counties.

For the same watershed as in Fig with the red border, on the left, we have
population weights for Washington County (black outline). On the right, we have our
predicted AMPA in July, 2004 using the LASSO model in each watershed touching
Washington County. Thus, to generate county-month level predicted AMPA, we take the
weighted average of predictions (left), where the weights come from the population in
each watershed (right).
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Figure B.36. Predicted county-level AMPA in July of 2004.

This is a map for one month (July), in one year (2004), using one of four predictive
models (LASSO predicting AMPA). We generate county level predictions like this for
all months and years between 1992 and 2017 with LASSO and random forest models

predicting glyphosate and AMPA.
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Dep Var BW

Model: (1) (2) (3) (4)
Predicted AMPA (LASSO) 16.1
(11.2)
Predicted AMPA (RF) -3.14
(8.83)
Predicted GLY (LASSO) -6.01
(16.7)
Predicted GLY (RF) -5.94
(6.69)
Local attainable yield Yes Yes Yes Yes
Local pesticides Yes Yes Yes Yes
Unemployment Yes Yes Yes Yes
Fixed-effects
Family Demog Yes Yes Yes Yes
Yr x Mo + Cnty Yes Yes Yes Yes

Fit statistics
N (millions) 7910 7910 7.910 7.910

Clustered (Year & State) standard-errors in parentheses

Table B.9. Effect of predicted GLY or AMPA in water on birthweight.
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Figure B.37. Effect of upstream glyphosate by distance bin.

Estimated effect of upstream GM max attainable yield percentile on various perinatal
health outcomes relative to 1995. Bin labels represent the lower bound distance between
the county and the upstream watershed, thus “50” is an aggregate of watersheds 50 to
100km upstream of a county. All regressions include county and year by month fixed
effects and standard errors are clustered by state and year. All regressions also control
for local attainable yield interacted with year, other pesticides, employment, income,
population, age and race shares, fertilizers, and family demographics, including mother’s
age, race, education, marital status, birth facility, resident status, previous births, sex of
infant, and father’s age and race. Sample restricted to births from mothers with rural
residence.
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Figure B.38. Effect of upstream glyphosate by distance bin by high and low soil
erodibility and precipitation.

Estimated effect of upstream GM max attainable yield percentile on various perinatal
health outcomes relative to 1995. Bin labels represent the lower bound distance between
the county and the upstream watershed, thus “50” is an aggregate of watersheds 50 to
100km upstream of a county. All regressions include county and year by month fixed
effects and standard errors are clustered by state and year. All regressions also control
for local attainable yield interacted with year, other pesticides, employment, income,
population, age and race shares, fertilizers, and family demographics, including mother’s
age, race, education, marital status, birth facility, resident status, previous births, sex of
infant, and father’s age and race. Sample restricted to births from mothers with rural
residence.
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APPENDIX C
APPENDIX FOR OPTIMAL SUBSIDIES FOR RESIDENTIAL SOLAR
C.1 Data Appendix
C.1.1 Deep Solar. We obtain data on solar panel installation from
the Deepsolar database, which is created by applying a novel semi-supervised deep-

learning framework to satellite imagery from Google Static Maps from the year

2016 (Yu et al.| [2018). The Deepsolar model predicts the number and size of solar

panel installations across the contiguous United States. We use these tract-level
data on the number and size of residential solar systems to give us our empirical
analogs of M, and installation size N;.

Deepsolar also estimates the daily solar radiation in each census tract,
measured in kWh per square meter per day, which we show in Figure For any
missing tracts in the Deepsolar data, we impute daily solar radiation by taking the
simple mean of any bordering tract with non-missing values.

C.1.2 Google Project Sunroof. For data on solar irradiance, A;,
and number of available spaces for panels N;, we utilize tract-level data from

Google Project Sunroof (GPS). GPS begins with satellite imagery from Google

35 40 45 50 55

Figure C.1. Daily solar radiation (kW h/m?/day) by census tract from Deepsolar.
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Maps. It then applies a deep-learning algorithm to create 3D models of rooftops.
These 3D models allow GPS to estimate the amount of sunlight a given rooftop
receives over the course of the year, taking into account changes in the position of
the sun over the course of the day and year. These 3D models are used to calculate
the amount of available space for solar panels.

We assume that all households within a given tract have access to the same
solar irradiance, which we measure as total solar energy generation potential for
the average panel in a given tract. For number of potential panels NN;, the GPS
data provide the number of buildings in each tract with differing amounts of space
available for solar panel installations. This effectively gives us the full distribution
of N; for households within a given tract.

One potential issue with the GPS data is that it might also capture
potential space for solar panels that is not suitable for residential solar (for example
not being part of someone’s house). To deal with this, we limit potential solar sites
in Google Project Sunroof to those with space available to 42 MW of solar panels,
corresponding to the 99.9th percentile of the largest solar panel in the Tracking the
Sun data described in Online Appendix The results are not sensitive to this
censoring.

C.1.3 Tracking the Sun. Tracking the Sun is an aggregation of
solar system installation data created by the Lawrence Berkeley National Lab. The
Lawrence Berkeley National Lab collects these data from existing public databases
and directly from state agencies, utilities, and other organizations. The result is 2.5
million solar installations from the last two decades, with installation price, system
size, and subsidies geographically identified at the zip code level, along with other

information about the installed solar system. The installations cover nearly 80
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percent of all installed solar systems in the U.S. but include only 25 states. Some
of these states do not include price data for any installations. Across all states,
about a quarter of observations for residential solar system installations are missing
price data.

We use the Tracking the Sun data to estimate prices for solar systems, using
total cost and number of panels installed to estimate a fixed cost of installation
and variable, per-panel cost. Since many states have no data, we assume pricing
functions are common within each census region. We filter the Tracking the
Sun data to include residential installations between 2014 and 2018 that are not
missing price or the total number of panels, which leaves us with over 720 thousand
observations. Additionally, we censor installation costs at the 0.5th and 99.5th
percentiles and convert them into 2014 dollars.

C.1.4 System Advisor Model. While we obtain annual electricity
generation for solar panels from Google Project Sunroof, those data do not include
any information on how that production varies by hour within a year. Thus, we use
the System Advisor Model (SAM) from the National Renewable Energy Laboratory
to estimate hourly electricity profiles for each county (Blair et all 2013). SAM
is an open-source program that estimates the performance of solar systems and
other renewable power systems. We follow the methodology in [Sexton et al.| (2021)),
calculating electricity generation for a system with typical parameters where tilt
matches latitude and panels point south. The only difference is that we estimate
generation for systems at the centroid of each county. We use weather data from
Sengupta et al.| (2018)) for a county’s typical meteorological year.

The model’s output is the hourly production of a solar system over the

course of a year in each county. We create hourly profiles by dividing the hourly

308



Del Norte County, CA Hamilton County, NY Levy County, FL

Month
= %
S 0.04% — Jan
o
g) — Feb
8 0.02% — Mar
§ — Apr
=]
13 0.00% — May
]
- Linn County, OR Spencer County, IN Yuma County, AZ — Jun
g: — Jul
o — Aug
€ 0.04%
g — Sep
& — Oct
0,
g) 0.02% Nov
<
Dec

0 5 10 15 20 0 5 10 15 20 0 5 10 15 20
Hour of Day

0.00%

Figure C.2. Hourly electricity generation for a standard solar panel for six example
counties.

generation by each county’s total annual generation. Figure for hourly
production for examples of the results for six counties.

C.1.5 State Electricity Prices. Figure presents the state-level
electricity prices we use in our empirical analysis. California and states in the
Northeast have the highest electricity prices at over 15 cents per kWh. Most of
the country has prices between 8 and 10 cents per kWh.

C.1.6 Subsidies. We calculate s?Wh as the sum of per-kWh rebates
and the average price of Solar Renewable Energy Certificates. In some states (e.g.
Massachusetts and New Jersey), households can only sell Solar Renewable Energy
Certificates for a certain number of years after installation. For these states, we

only calculate the value of Solar Renewable Energy Certificates for years in which

Cost

households are permitted to sell the credits. We calculate s7°*" as the sum of

federal investment tax credits, state investment tax credits, sales tax exemptions,
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Figure C.3. State electricity prices (3/kWh)
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(a) Panel-based subsidies (b) Cost-based subsidies (c) kWh-based subsidies

Figure C.4. Expected subsidy for a 15-panel system by subsidy type in 2014
dollars.

and the net present value of property tax exemptions. We translate per-KW
rebates to sfanel by assuming a constant 0.25 KW per panel. Maryland has a fixed
rebate of $1000 per system. We translate this into a per-panel subsidy by dividing
this amount by the average number of panels in an installation (15). Many states
place a cap on the maximum amount of a type of subsidy a household can receive.
We enforce these state-level maxima in estimation. Figure shows the state level
expected subsidies for a 15-panel system for each type of subsidy: per-panel, cost,
and kWh. Most of the current subsidies take the form of cost-based subsidies, while

few states offer kWh and panel-based subsides.
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C.1.7 Power Plants. The following describes how we use the
Open Grid Emissions (OGE) dataH These data have several advantages over the
commonly used raw electricity data from the EIA and EPA, which we describe

below.

Plant level The hourly, plant-level data from OGE give net electricity
generation and emissions of SO2, NOx, CO2, and CO2 equivalent. OGE derives
these data primarily from the EPA CAMD, which reports hourly gross electricity
generation and emissions at the unit level, where units typically correspond to
generators connected to a single emissions stack. OGE adjusts gross generation
to account for electricity losses before entering the grid and aggregates these units
to the facility level, which we refer to as power plants. Additionally, OGE removes
the portion of emissions from fuel burned for heat for combined heat and power
plants. OGE’s static plant attributes table has a latitude and longitude for each
plant, allowing us to match each power plant to a county.

We also collect each plant’s nameplate capacity and stack height. Nameplate
capacities are from EIA Form 860 and represent the maximum amount of electricity
that a generating unit is rated to produce. We sum the nameplate capacities of
generators in a plant to calculate plant-level nameplate capacities. Thirty-seven
plants are missing from the EIA 860 data, for which we use nameplate capacities
from the EPA’s eGRID files from 2019 and 2020. We obtain stack heights from the
EPA CAMD and set a plant’s stack height as the median stack height of units the
within that plant. Thirty plants are missing from these data, for which we set the

stack height equal to the median stack height of all plants of the same primary fuel

LOGE is a relatively new dataset and under active development. We use v0.3.0 in this analysis.
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category. We use a power plant’s stack height and location to assign the marginal
damage coefficient in the AP3 model. We opt for CO2e over CO2 when calculating
damages as it includes emissions of the more potent greenhouse gasses methane and
nitrous oxide in addition to CO2F

The EPA CAMD hourly unit-level data only include fossil-fuel plants with
greater than 25 MW of generating capacity, leaving a non-negligible portion of
generation and emissions unreported. One of the main goals of OGE is to ensure
complete coverage of the electricity generation sector. In essence, they combine
the reported hourly plant-level data from the EPA CAMD with hourly balancing
authority-fuel category level data from the EIA to calculate a ‘residual’ profile, the
unreported production from small or non-fossil-fuel power plants.

There are 9,167 plants with hourly production and emissions in the 2019
OGE data. About a third of the plants do not have observations for every hour in
2019. We fill in any generation and emissions values between the first and the last
hour a plant appears in the data with zeros. After removing 4,312 non-dispatchable
plants (wind and solar), 193 plants with zero or negative reported net electricity
generation, and 64 plants with no variation in net electricity generation, we have

4,598 power plants—giving us nearly 40 million plant-hour observations.

Emissions rates OGE’s hourly data does not include PM2.5 emissions, as the
EPA CAMD and the EIA do not report PM2.5 emissions from power plants. As
a part of the eGRID project, the EPA has collected annual PM2.5 emissions from

the National Emissions Inventory (NEI) and matched those emissions to electricity-

2As detailed in the OGE documentation, they calculate CO2e using the global warming
potential of each GHG according to the IPCC’s 5th Assessment Report. They calculate methane
and nitrous oxide emissions using a constant, fuel-specific emissions factor.
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generating units to calculate an average PM2.5 emissions rate. We match these
estimated annual rates to our power plants, taking the production-weighted average
over units within a power plant. We use the fuel category median value for the
power plants missing PM2.5 emissions rates. This imputation only applies to less
than 10% of total electricity production. We censor PM 2.5 emissions rates at the
95th percentile for each fuel category. A few power plants have emissions rates
orders of magnitude larger than is reasonable—these are small plants that do not
directly report their hourly emissions or generation in the EPA CAMD data, and
thus must be imputed by OGEH For these plants, we set emissions rates equal to

the median for their fuel type.

Regions We follow Holland et al.| (2016) in our definitions of regions for the
electricity generation model. OGE assigns plants to the balancing authority in
charge of dispatching the plant. We then assign balancing authorities to regions.
There are six NERC regions in the contiguous US. Four of these (MRO, RFC,
NPCC, and SERC) fall within the Eastern Interconnection, while the other two
(WECC and TRE) are in the Western and Texas Interconnections, respectively.

Most BAs fall entirely within one NERC region, but some BAs have
generating units in multiple NERC regions. For all BAs except MISO and PJM,
we assign the BA to the NERC region with the most overlapping generating units
between the BA and NERC region using the static plant attributes data from
OGE. We assign the MISO BA to the MRO NERC region and the PJM BA to the
RFC NERC region. Finally, we give California its own NERC region, consisting of
five BAs: BANC, CISO, IID, LDWP, and TIDC. Figure shows a map of these

3These plants’ EIA ID’s are 2221, 2528, 2503, 50626, and 50931.
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Figure C.5. Map of region service areas

Table C.1. Summary statistics on power plants by region

Net Generation Emissions (Ib/MWh)
Region Number of plants Total (TWH) % Fossil Fuel NOx SO02  CO2e
CAL 642 1,623 8.9 0.66 0.07 663
MRO 1,168 8,116 79.7 096 1.03 1,343
NPCC 725 2,291 46.1 0.41 0.06 540
RFC 645 7,831 61.8 0.50 0.51 861
SERC 272 9,396 674 049 0.35 918
TRE 179 3,348 87.2 0.64 0.70 1,069
WECC 667 4,776 61.5 0.75 0.36 1,011
Total 4,598 37,382 68.2 0.64 0.53 990

regions. We used the eGRID power profiler to assign approximate service areas for
each region.

Table shows summary statistics describing generation and average
emissions in each region, highlighting the heterogeneity in average emissions
between regions. This is largely driven by differences in the fuel mix between

regions. Table shows a summary of generation and emissions by fuel category.

Excess Load We calculate the excess load (total demand minus production

from nondispatchable generating units) within each region using OGE’s power
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Table C.2. Summary statistics on power plants by fuel category

Emissions (Ib/MWh)

Fuel Number of plants Net generation (TWH) NOx SO2  COz2e
Biomass 77 542 554 1.12 1,569
Coal 258 9,457 144 1.95 2,221
Natural Gas 1,685 16,027 041 0.03 906
Nuclear 60 8,136 0.00 0.00 5
Petroleum 517 25 3.98 498 1,907
Geothermal 60 155 0.00 0.35 137
Hydro 1,332 2,854 0.00 0.00 0
Other 43 49 0.08 0.00 105
Waste 66 135 5.83 1.32 3,722
Total 4,598 37,382 0.64 0.53 990

sector-level data. These data give hourly net generation by fuel category for each
balancing authority. We perform minor data cleaning to ensure that misreporting
in the underlying data does not impact our estimates. We consider values above
1.5 times the 99th percentile for that balancing authority and fuel category to be
outliers. We replace outliers with the value from the previous hour as long as the
previous hour’s value is not also an outlier. If the previous hour is an outlier, then
we use the value from the same hour in the previous day as long as that is not an
outlier. If the previous hour and the previous day are outlier values, we censor to
1.5 times the 99th percentileﬁ We then calculate the total load within a region as
the sum of net generation across all balancing authorities and fuel categories within
a region. Excess load is the total load in a region minus net generation from solar

and wind, the two nondispatchable energy sources.

4This process mimics that used by the EIA when aggregating net generation by balancing
authority to the region level, see the “Net Generation” section on this page.
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C.2 Theory and Quantitative Appendix: For Online Publication

C.2.1 States Without Net Metering. In the general model
above, we assumed that households could sell back electricity produced by their
solar panels at price p;. This is the case if the state offers net-metering, which
is offered in all but 9 in our samplef] In the states where net metering is not
offered, households can sell back electricity to the grid at price pjale < p;. Let
Alome (Ni, {eit}tho , {Ait}tho) give the discounted sum of energy that is used at
home, written as a function of panels installed, electricity consumption, and the
stream of solar irradiance. Let Af”d (N,-, {eit}tho , {Az‘t}tT:0> be the discounted sum
of energy that is sold back to grid, such that Amome (.) 4 A9 () = A;. We can write

the budget constraint for households in states without net metering as

c+p;(e- miN;AP™(4)) +mg [(1 — s§°) ple (Ni)l =

J
> [

vV Vv
Cost of electricity Net cost of installation

kWh Panel sale grid
yi +m; | NiAis; "7+ Nis; + P NGAT(C) - (C1)
kWh Subsidy  Per-Panel Subsidy  Electricity sold to grid

In estimating and simulating the model, we assume that the household’s
optimal electricity consumption, {eft}tTZO, is independent of the household’s
installation decision. Again letting N/ represent the optimal choice of panels, we

can then summarize the decision for households in states without met metering as

Vi= i lfis (N i (N ’
Ni771’?22?0,1}+m ['uﬂ( z)+7( z)]

where

/:Lz’j (Nz) = NzAz (ﬁj + SkWh) . (1 _ SQOSt) pilns (Nz) + Nisganel

J J

5Idaho, Tennessee, Texas and Alabama do not have statewide mandatory net-metering policies.
Idaho does not have state net-metering policy but each of the state’s three investor-owned utilities
have a net-metering policy. Five other states in our sample have distributed generation rules other
than net-metering.
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saleAgrid(Niv{e:t}jzov{Ait}?:O) + p'Azhome(Nw{eft}jzov{Ait}?:o) is the
i J A;

and where p; = pj e
average of the purchasing and sales price of electricity, weighted by the fractions of
electricity the household uses at home and sells back to the grid at the optimum.

sale

For data on p?

247, we use the marginal cost of electricity as measured by

Borenstein and Bushnell (2022). One challenge empirically is that we do not have
dissagregated data on A" (-) or Ahome (.). Therefore, we assume that the amount
of electricity that is sold back to the grid is given by the reduced-form expression

AT — (NZ-, {ex},, {Ait}fzo) = A;CN;, where C'is a constant.

The household’s optimal number of panels is then given by

Opij
N} = min | N;, — oN, z :
2 (’72N —CA; (pj -3 e))

where, as before,

pi (N) = N,A; (pj 1 S?Wh) _ (1 _ Sjcost) pi.ns (N,) + Nisi’anel'
We calibrate C' such that a household with the average number of panels sells 30%
of their electricity back to the gridﬁ

C.2.2 Maximum Likelihood Estimation of Power Plant Policy
Functions. Let yp, denote observed production from power plant & in time ¢, and
let fk (ELoad¢|vy) = f, (ELoady,ext) — €gt denote the deterministic portion of the
latent variable for power plant k in time ¢, written as a function the ¢9, ¥k, and

Y%, parameters, which we collective denote by 1. The log-likelihood contribution

of a given hour of power plant k’s production is

Shttps://www.seia.org/initiatives/net-metering
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log Ly (ELoad, |4y, o) =1 (y3, = 0) x log <<I> (f’f (ELoadth))) N

Ok
1(yg, € (0,7,)) x log (L(b (yzt — Ji (ELoadtwk))) )
Ok o
1 (yp > 4p,) % log (1 —_® (yk — Ik (EkLoadth))) 7

(C.2)

where 1 (-) represents an indicator functions which turns on if ¥, is equal to a
given value or falls within a certain range, ® is the standard normal CDF| and ¢
is the standard normal PDF. We choose the structural parameters for each power
plant k& by maximizing the sum of log likelihood contributions over all hours for
that power plant. We restrict the parameter estimates such that output is weakly
increasing in excess load for each region over the range of excess load observed in
the data.

C.2.3 Details: Cost-Neutral Reforms. We can express the

government’s constrained maximization problem as the Lagrangian

W= / Vidi — D (ELoad) — X (Z / siymicdi — G> : (C.3)
i 5 i€l

where D (ELoad) is total environmental damages, s;; = s;* Ny + ss"WVhANF +

Cost ,,Ins
57" p;

' (N}") is the total subsidy paid to household i conditional on installation,

and G is the maximum amount the government can spend on subsidies.
The nationally-optimal set of subsidies must satisfy the first-order conditions
of the government’s problem. Taking the derivative of W with respect to a given

subsidy type 6 € {kWh, Panel, Cost} in state j yields
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8_W_/3 / zt
65? ia i (1+7)

t=

<—>9N*+ :a‘]\]j> di
s
(st [t [ifa). o
L J

where ELoad?”? denotes the excess load in time ¢ evaluated at the nationally-

optimal (welfare-maximizing) system of subsidies.

0% = m; %jg, which tells us that the
J J

utility gain for households is simply equal to the value of the increase in subsidy for
non-additional households, holding the number and size of installations constant.

Plugging this into (C.4) and setting the derivative equal to 0 yields
T
[ RON; +mi o) i

i (L+7) s}

8N 881 Si
—A(/mz sijdi — / 85981\7]d> A—1) /m ]dz 0, (C.5)

This can be rewritten as

9D, (ELoad;”)
8EIS%ct>lar

SB
o ST A 0D;(ELoad{ ") N+
_md =0 (Tpr)t | OBSer i N/ [ im0sy;di
i di X . _
‘ fin_ﬁed@ J; n_ﬁedz
SB
[, m 2% T Ay aDt(EI;"f‘dt ) ON; dsi;
ON, 1057 £ut=0 (1) | OB i 90 N,
957 oN, - N,
¢ i 9sY i 9sf
J J
Os;
[im: ;gdz
(1-— )\)M —*. (C.6)
[, mxdi
(]
59ext —>0ext BN §0mt 8 6,int
FlnaHYa a 9 ) A j ' s 9 A ) 8]?/] )
Mt

and 68” ylelds
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C.2.4 Numerical Algorithm for Calculating Optimal Subsidies.

In this appendix, we outline the numerical algorithm we use to solve for the

welfare-maximizing subsidies.

. Make a guess of the marginal cost of public funds, . Call this guess by

. Make a guess of the set of subsidies. Let this matrix of all types of subsidies

in all states be denoted by s.

. Given the current guess of subsidies, $, and the guess of the marginal cost
of public funds, ;\, calculate the first-order conditions of the government’s

problem for each subsidy type and each state given by (4.8)). We use

. o oM, 6,int
analytical derivatives to evaluate -, A 2, and
j
zﬁ,int
ONj

. If all of the first-order conditions are sufficiently close to 0, move on to the

next step. If not, update the guess of the subsidies and return to Step [3

. Given the current guess of subsidies, calculate the total government cost.

~

. If the government cost is sufficiently close to G, then the current guesses, A
and §, solve the constrained maximization problem. If not, take a new guess

for A and return to Step

C.2.5 Details: Damage-Minimizing Subsidies. The government’s

problem is to choose subsidies to minimize national damages, D (ELoad), subject

to the budget constraint that the total spending on subsidies cannot exceed some

value G:

Z/ Swm:dl S G,
j IS
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where s;; = sFUNF 4+ SSWVRANF 4 sTO%pIns (NF) is the total subsidy paid
to household 7 conditional on installation, and G is the maximum amount the
government can spend on subsidies.

We can express this constrained optimization problem as the Lagrangian

W = —D (ELoad) — (Z / simidi — ) (C.7)

Taking the derivative of W with respect to sj yields

8W A; N; .
/ i ! N +m;a - | di
i =0 ]. + 7" 83]-

8N 0sij 85
% . 7 1,

where ELoad” denotes the excess load in time ¢ evaluated at the nationally-

0D, (ELoad;"")
aE]S%(zlar

optimal (damage-minimizing) system of subsidies.

. . . s
As in Online Appendix [C.2.3] we can again use % =m; ;g by the envelope

t ON;

s 9 ’ S ot
J At
J

6,int ?9 int s, . . .

23 s oy > and =4 ylelds , which gives the first-order condition for each

subsidy type in each state j:

M ON.
J v (Eg,ext o )\—>€~’6Xt> ]
dsf J % + dsf

J/

ON’ J 85

s 3s;
(75_) -

Mt
J

TV
Extensive Margin ~ g - ”  Mechanical Effect
Intensive Margin
(C.9)

These optimality conditions for a damage-minimizing planner share a
similar structure to those of the welfare-maximizing planner given by . The
exception is how the two planners value increases in subsidies given to non-
additional households, which are represented the third term in each of the first-
order conditions (“Mechanical Effect”). For the damage-minimizing planner,

increased subsidies for these non-additional households entail a fiscal cost with
321



no additional decrease in damages. Therefore, the number of non-additional
households (M;) enters negatively into the first order condition. The welfare-
maximizing planner, on the other hand, values the increase in utility associated
with increases in subsidies for non-additional households. Therefore, each additional
dollar of subsidies for a non-additional household is valued at (1 — \), reflecting
both this increase in utility and the fiscal cost.
C.3 Results Appendix: For Online Publication

C.3.1 Installation Prices. Table shows the results for estimating
solar system installation prices using the Tracking the Sun data using the following

regression,

ns 0,Ins 1,Ins 2,Ins
Pt = PRG) + Prg) Nigt + Py (L= 2017) + ey, (C.10)

Ins

where p;J; is the installation cost paid by household i in state j and year ¢, N is

the number panels in the installation, p(l)&?)s is a fixed cost, pﬁ?)s is a per-panel cost,

pﬁ?)s is a linear time trend for year ¢, and R(j) is the Census Region containing
state j. The table shows results for the full sample and each region, where the
intercept gives the fixed installation cost in 2017, and the coefficient on the number
of panels is the per-panel cost in 2017. The linear model is a good fit for the data,
as seen in Figure [C.6, which shows our fitted line against a flexible smoothing
function for each region.

C.3.2 Relationship Between Installations and Monetary
Incentives. Table regresses tract-level log installations on the monetary
benefits of installation, where again we calculate the monetary benefits of
installation as p;; (N}) evaluated at N} = 15, the average number of panels in
a solar system in the data. Specifications with “Demographic Controls” include
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Table C.3. Solar system installation prices

Dependent Variable: Total Cost

Census Region Full sample Midwest  Northeast South West

Model: (1) (2) (3) (4) (5)

Variables

Constant 5,899.5"*  4784.8*  1,825.2"*  §8,626.4™* 7,048.1***
(32.9) (634.1) (62.0) (375.3) (39.6)

Number of Panels 918.1* 1,060.0**  1,062.1***  703.0*** 863.8"**
(1.6) (26.3) (2.6) (14.9) (2.1)

Year (Relative to 2017)  -577.5**  -2.806.6™* -1,165.5"*  630.1**  -338.3***
(9.2) (192.6) (15.3) (77.9) (11.2)

Fit statistics

Observations 720,665 1,097 171,306 12,354 535,908

R? 0.53 0.61 0.71 0.46 0.44

Adjusted R? 0.53 0.61 0.71 0.46 0.44

Heteroskedasticity-robust standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
Sample limited to between 2014 and 2018, prices measured in 2014 dollars.
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Figure C.6. Estimation results for solar system price regression

The dashed black line is our estimated model in 2017 and the solid blue line shows

the fit of a generalized additive model for installations in 2017. Installation prices

are measured in 2014 dollars.

controls for tract-level college completion percentage and percent of voters who

voted Democrat in the 2016 presidential election. Columns (3) and (4) add Census

region fixed effects while columns (5) and (6) include Census division fixed effects.

Across all specifications, we find that a $1000 increase in monetary benefits for a

15-panel installation is associated with a 8.2% to 10.6% increase in installations.
C.3.3 Installation Size Regressions. Table regresses tract-

level data on average number of panels per installation on monetary benefits of

installation, where again we calculate the monetary benefits of installation as

pi; (N}) evaluated at N} = 15, the average number of panels in a solar system

in the data. Across all specifications, we find that a $1000 increase in monetary

benefits is associated with a 0.07 to 0.11 increase in average panels per installation.
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(1) (2) (3) 4) (5) (6)
Monetary Benefits 0.106%FF 0.105%FF 0.0818%FF 0.0850%FF 0.0908%F* 0.0938%**
(0.0353)  (0.0350)  (0.0166)  (0.0196)  (0.0162)  (0.0182)

Observations 41,776 41,776 41,776 41,776 41,776 41,776
R-squared 0.187 0.201 0.388 0.411 0.421 0.445
Demographic Controls NO YES NO YES NO YES
Region FE NO NO YES YES NO NO

Division FE NO NO NO NO YES YES

R p<0.01, ** p<0.05, * p<0.1

Table C.4. Regression of log installations on the net present value of total monetary
benefits associated with solar panel installations.

Monetary benefits measured in thousands of 2014 dollars. Standard errors clustered
by state.

(1) (2) (3) (4) (5) (6)
Monetary Benefits 0.0737%%% 0.0856™FF 0.0787FFF (0.0878%F% (.115%FF (117
(0.0222)  (0.0217)  (0.0228)  (0.0221)  (0.0316) (0.0321)

Observations 41,776 41,776 41,776 41,776 41,776 41,776
R-squared 0.013 0.018 0.027 0.030 0.042 0.043
Demographic Controls NO YES NO YES NO YES
Region FE NO NO YES YES NO NO

Division FE NO NO NO NO YES YES

I p<0.01, ** p<0.05, * p<0.1

Table C.5. Regression of average panel size on the total monetary benefits
associated with solar panel installations.

Monetary benefits measured in thousands of 2014 dollars. Standard errors clustered
by state.
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Figure C.7. Border Discontinuities in Household Characteristics.

For each graph, we regress the variable in question on state-border fixed effects and
dummy variables for these locations bins and plot these estimated location fixed
effects.

C.3.4 Border Discontinuities in Household Characteristics.
Here, we look for evidence of sorting based on preferences for solar panels on either

side of state borders. For each graph, we regress the variable in question on state-

border fixed effects and dummy variables for these locations bins and plot these

estimated location fixed effects. Figures[C.7al [C.75] and [C.7c| plot these fixed

effects for percent with college degree, percent of voters who voted Democrat in
the 2016 presidential election, and average household income, respectively. There is
no clear pattern in these characteristics on either side of the border.

C.3.5 Border Regressions with Controls for Non-Subsidy
Incentives. In order to measure the prevalence of non-subsidy programs
aimed at increasing solar adoption, we collect data from DSIRE on the number
of state-implemented policies for solar photovoltaics in the residential sector
for each state. We categorized non-subsidy programs into three categories: 1)
“Financing Programs,” policies providing loans and financing options to pay for

solar installations, 2) “Access Rules,” policies that protect households’ ability to
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install solar panels, and 3) “Building Incentives,” programs which create incentives
for new building projects to include rooftop solarm We calculated the number of
distinct policies in each of these three categories and added these policy counts as
controls in our border discontinuity regressions.

Table shows the results. The first column shows the border discontinuity
regression without these additional policy controls, column (2) adds a control
variable for the number of Financing Programs in the states, column (3) adds
the number of Access Rules in the state, column (4) add the number of Building
Incentives. In all regressions, our main coefficient estimating the elasticity of
installations with respect to subsidies is very similar to the baseline results, and
all of the non-subsidy programs have the expected positive sign.

In Table [C.7] we repeat this analysis but replace the count of policies in each
program type with a dummy equal to one if the state has any programs of that
type. The results are very similar to those in [C.6]

C.3.6 Power Plant Model. Here we present additional information
about the power plant model estimation results. Figures and show the
model fit graphs for the main paper, broken out into regions and evaluated on out-
of-sample data from 2020. These show that model performance is consistent within
each interconnection.

shows how fuel mix varies for each region, using in-sample 2019 data.

C.3.7 Type of Subsidy in Nationally-Optimal System. We now
analyze how the government should optimally allocate subsidies across the three

subsidy types: cost-based subsidies, per-panel subsidies, and production-based

"“Financing Programs” are programs classified as “Loan Program” and “PACE Financing” in
DSIRE, “Access Rules” are programs classified as “Solar/Wind Access Policy” and “Solar/Wind
Permitting Standards” which target solar photovoltaics, and “Building Incentives” are programs
classified as “Building Energy Codes” and “Green Building Incentives”.
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Dependent Variable:
Log Installations per Capita
0 ) G @)
NPV Subsidies ($1000s) 0.0826*** 0.105%**  0.0854***  (0.0810***
(0.00761) (0.00882)  (0.0142) (0.0132)

Financing Programs 0.328%FF  (0.302%F*  0.307***
(0.0641)  (0.0605) (0.0611)
Access Rules 0.289%* 0.271
(0.163) (0.166)
Building Incentives 0.208*
(0.110)
(0.104)
Demographic Controls YES YES YES YES
Border FE YES YES YES YES
Distance Bandwidth 10 10 10 10
Tax Controls Yes Yes Yes Yes
Observations 6,052 6,052 6,052 6,052

K p<0.01, ** p<0.05, * p<0.1

Table C.6. Regression of log installations per capita on the net present value of
subsidies

For a 15-panel installation within 10 miles of state borders with controls for non-
subsidy programs. Subsidies are measured in thousands of 2014 dollars. State-
clustered standard errors in parentheses. All regressions contain border fixed
effects, tract-level demographic controls, and controls for state tax rates. Non-
subsidy policy variables are measured as the number of policies of a given type in
the state.
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Dependent Variable:
Log Installations per Capita
0 @) ) @)
NPV Subsidies ($1000s)  0.0826***  0.107*** 0.103*** (0.0933***
(0.00761) (0.00984) (0.0131)  (0.0137)

Has Financing Programs 0.587***  (0.563%*F*  (.575***
(0.148)  (0.125)  (0.129)
Has Access Rules 0.0968 0.0827
(0.212) (0.216)
Has Building Incentives 0.308%*
(0.171)
Demographic Controls YES YES YES YES
Border FE YES YES YES YES
Distance Bandwidth 10 10 10 10
Tax Controls Yes Yes Yes Yes
Observations 6,052 6,052 6,052 6,052

K p<0.01, ** p<0.05, * p<0.1

Table C.7. Regression of log installations per capita on the net present value of
subsidies

For a 15-panel installation within 10 miles of state borders with controls for non-
subsidy programs. Subsidies are measured in thousands of 2014 dollars. State-
clustered standard errors in parentheses. All regressions contain border fixed
effects, tract-level demographic controls, and controls for state tax rates. Non-
subsidy policy variables are dummy variables equal to one if the state has at least
one policy of a given type.

(1) (2) (3)
State-Specific Subsidies
Baseline Welfare Max Damage Min

Unit Subsidies 7.1 0.8 1.0
Cost Subsidies 80.9 1.5 0.8
kWh Subsidies 8.4 97.7 98.2
Total 100.0 100.0 100.0

Table C.8. Percent of total subsidy value from each type of subsidy.

For a 15-panel installation averaged across all households in the model. Each
column shows the subsidy values for a different simulation.
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Figure C.8. Model fit at the region level in 2020.

excluding Texas as there is only one region in the Texas interconnection. Dots
represent an hour of production for each region, smoothed lines show the fit of a
generalized additive model.

(per-kWh) subsidies. To facilitate comparison, we calculate the present discounted
value an “average installation” would receive. Specifically, we calculate the subsidy
value every household in the model would receive if they purchased a 15-panel
installationﬁ We then average this hypothetical subsidy value over all households.
Table shows the percent of the total subsidy value coming from each subsidy
type in each simulation. Under the current system, over 80% of the value of
subsidies comes from cost-based subsidies, which include the federal investment
tax credit, state investment tax credits, sales tax exemptions, and property

tax exemptions. On the other hand, the welfare-maximizing subsidies almost
exclusively consist of production-based subsidies. Intuitively, production-based

subsidies incentivize installations for households where sunlight, and therefore

8We define households as rooftops suitable for solar panel installations as defined by GPS data.
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Figure C.9. Model fit at the region level by hour and season in 2020.

The dashed green line gives electricity production in the data while the solid orange
line gives predicted production.
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Figure C.10. Fuel mix of production by region.

The X-axis gives excess load at the interconnection level and the Y-axis gives the
percent of electricity production that is produced by each of the fuel types using
data from 2020. The dashed lines show the fuel mix in the data while the solid
lines show the simulated fuel mix.
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(1) (2) (3) (4) (5)
State-Specific Subsidies Tract-Specific Subsidies

Baseline Welfare Max Damage Min Welfare Max Damage Min
1. Average Number of Panels per installation
Midwest 14.7 14.9 15.0 14.9 15.0
Northeast 15.1 14.9 15.0 14.9 15.0
South 14.8 15.1 15.1 15.1 15.1
West 15.0 15.2 15.1 15.2 15.1

Table C.9. Average number of solar panels in a solar installation by Census region.

environmental benefits, are high.ﬂ However, as we show in Section , the gains
to reallocating across subsidy types within states are small relative to the gains
from reallocating subsidies across states.

C.3.8 Average Panel Size Across Counterfactuals. Table
shows the average number of panels per installation across Census regions in each
simulation. We can see that panel size does not significantly change across regions
or across simulations. These results suggest that extensive-margin adjustments
shown in the body of the paper play a much more important role quantitatively
than the intensive-margin adjustments shown here.

C.3.9 State-Level Results. The first columns of Table gives
the baseline and welfare-maximizing subsidy in each state. The following columns
show the simulated number of solar panel installations per 1000 households under
the current subsidies and under the welfare-maximizing subsidies.

The first two columns of Table shows the state-level subsidies given
the current system and the damage-minimizing subsidies. The following columns
of Table show the simulated number of solar panel installations per 1000
households given the current subsidies and under the damage-minimizing subsidies.

C.3.10 Unconstrained Nationally-Optimal Subsidies with \ = 1.

90ne important caveat is that we assume households’ discount rate is given by the inverse of
the real interest rate.
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Table C.10. Cost neutral state level subsidy results.

The first two columns shows the state-level subsidies given the current system and
the welfare-maximizing subsidies. Subsidies are measured as the average present

discounted value of subsidies for a 15-panel installation, measured in thousands

of 2014 dollars. The following columns show the simulated number of solar panel

installations per 1000 households given the current subsidies and under the welfare-

maximizing subsidies.
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Table C.11. Damage miminizing state level subsidy results.

The first two columns shows the state-level subsidies given the current system
and the damage-minimizing subsidies. Subsidies are measured as the average

present discounted value of subsidies for a 15-panel installation, measured in
thousands of 2014 dollars. The following columns show the simulated number of

solar panel installations per 1000 households given the current subsidies and under

the damage-minimizing subsidies.
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Theory We define welfare as

W= /de (ELoad) — Z/ simdi . (C.11)
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where all objects are as defined in Section [4.2.3]

The optimal policy balances two forces: 1) the decrease in damages and 2)
the increase in cost due to an increase in the number of panel installed, through
both extensive and intensive margin adjustments. Importantly, note that household
utility does not show up in this formula. This is because there is no first-order
welfare effect on households for marginal households (i.e. households who choose to
install solar panels in response to the increase in subsidies) because of the envelope
theorem. Further, the utility increase for non-additional households (i.e. households
who already chose to install solar panels before the increase in subsidies) associated
with receiving a larger subsidy for existing panels is exactly offset by the cost of

increasing subsidies for these households["]

Results Table presents the baseline and nationally-optimal subsidy

in each state. Nationally-optimal subsidies are lowest in Vermont, at $6,600.

10This is a direct consequence of 1) quasilinear utility and a utilitarian welfare function
with equal Pareto weights, which together imply that marginal social welfare weights (Saez &
Stantcheval [2016)) are equalized and there are no effects of total welfare of wealth redistribution,
and 2) the assumption of that the marginal cost of public funds is equal to one: the social planner
values an increase in consumption for a given household the same as an increase in government
revenue.
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Nationally-optimal subsidies are over twice as high in most of the Mid-Atlantic,
with the highest subsidies at over $14,400 in Delaware and Maryland.
C.4 Extensions and Robustness Appendix: For Online Publication

C.4.1 Alternative Specifications of Household Utility. Table
recalculates our main results under alternative specifications of household
utility. Each entry shows the change in average subsidies, installations, and
environmental benefits associated with moving from the current system of subsidies
to the welfare-maximizing system of subsidies, given the specification in question.
Column (1) considers a specification in which the nonpecuniary component does
not depend on tract-level demographics. In (2), we add the tract-level fraction of
individuals with a college education and in (3) we also add the percent of voters
who voted Democrat in the 2016 presidential election. To these variables, (4) adds
home-ownership rate rate and (5) instead adds average income. Note that Column
(3) is the same as our baseline specification. The results are qualitatively very
similar across specifications.

C.4.2 Alternative Discounting of Future Subsidy Payments.
The optimal subsidy results where households discount future subsidy payments
at an implicit interest rate of 15% are summarized in Table [C.14] In all three
specifications, the distribution of subsidies and installations across space is similar
to those in the baseline model.

Table shows how the government should optimally allocate subsidies
across the three subsidy types: cost-based subsidies, per-panel subsidies, and
production-based (per-kWh) subsidies. For this, we calculate the subsidy
value every household in the model would receive if they purchased a 15-panel

installation and then average this hypothetical subsidy value over all households.
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Expected Subsidy Expected Subsidy

Baseline Optimal Baseline Optimal
Alabama 5.8 11.7 Nebraska 7.6 10.6
Arizona 11.2 10.7 Nevada 6.6 10.6
Arkansas 5.8 10.7 New Hampshire 18.1 6.7
California 11.7 9.8 New Jersey 27.6 13.9
Colorado 9.4 9.5 New Mexico 10.6 11.1
Connecticut 15.7 6.8 New York 17.1 6.8
Delaware 10.0 14.4 North Carolina 8.9 11.7
Florida 10.3 12.4 North Dakota 10.0 9.6
Georgia 5.8 11.7 Ohio 6.6 13.5
Idaho 7.4 8.7 Oklahoma 5.8 11.3
[llinois 12.5 13.3 Oregon 11.1 7.1
Indiana 9.6 14.0 Pennsylvania 5.7 13.8
Towa 16.9 10.0 Rhode Island 15.9 6.8
Kansas 11.7 10.9 South Carolina 9.3 11.9
Kentucky 6.3 11.0 South Dakota 11.3 9.7
Louisiana 15.2 10.9 Tennessee 7.6 11.3
Maine 5.3 6.8 Texas 16.0 9.1
Maryland 12.5 14.5 Utah 8.0 9.3
Massachusetts 24.7 6.8 Vermont 12.8 6.6
Michigan 6.2 9.4 Virginia 5.8 11.9
Minnesota 12.1 9.6 Washington 18.8 6.8
Mississippi 5.8 11.5 West Virginia 5.8 13.9
Missouri 94 10.5 Wisconsin 16.9 12.5
Montana 9.0 7.9 Wyoming 6.0 9.1

Table C.12. Unconstrained state level subsidy results.

The first two columns shows the state-level subsidies given the current system

and the unconstrained nationally-optimal subsidies. Subsidies are measured as the
average present discounted value of subsidies for a 15-panel installation, measured

in thousands of 2014 dollars. The following columns show the simulated number of
solar panel installations per 1000 households given the current subsidies and under
the welfare-maximizing subsidies.
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(1) (2) (3) (4) ()
I. A Average Subsidy ($Thousands)

Midwest 2.6 2.6 2.7 2.7 2.7
Northeast -8.3 -8.6 -9.1 -9.1 -9.3
South 2.4 2.4 2.4 2.5 2.4
West 1.0 1.1 1.2 1.2 1.4

II. A Installations per 1000HHs

Midwest 5.1 5.2 5.4 5.4 5.5
Northeast -4.3 -4.2 -4.0 -4.1 -3.9
South 3.7 3.8 3.9 3.9 4.1
West 0.7 0.8 0.9 0.9 1.0

III. A Annual Damages Offset ($Millions)

Total 29.4 30.0 30.3 30.3 30.1
Nonpecuniary Component Depends On:

College Share No Yes Yes Yes Yes

Percent Democrat No No Yes Yes Yes

Homeowner Share No No No Yes No

Average Income No No No No Yes

Table C.13. Counterfactual results under alternative model specifications.

Each entry shows the change of moving from the current system of subsidies to

the nationally-optimal cost-neutral system of subsidies given the specification in
question. The first panel shows the change in the average present discounted value
of subsidies for a 15-panel installation for each census region. The second panel
gives the change in the simulated number of solar installations per 1000 households
in the model for each Census region. The final panel gives the change in total
damages offset by rooftop solar. All monetary values are measured in 2014 dollars.
See text for details on each model specification. “Percent Democrat” refers to the
percent of voters who voted Democrat in the 2016 presidential election.
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(1) (2) (3) (4)

State-Specific Subsidies

Baseline Welfare Max Damage Min Unconstrained
I. Average Subsidy ($Thousands)
Midwest 10.0 15.4 15.7 11.7
Northeast 17.1 13.1 11.7 9.9
South 10.6 14.6 14.5 11.2
West 11.7 12.6 10.7 9.6

I1. Installations per 1000HHs

Midwest 5.3 8.2 8.8 5.9
Northeast 20.7 11.4 11.3 8.6
South 6.5 9.1 9.3 6.7
West 11.9 13.2 11.5 10.1
National 9.9 10.4 10.1 7.8

III. Annual Damages Offset ($Millions)
Total 263.6 293.6 296.5 217.0

IV. Annuitized Total Subsidies Paid ($Millions)
383.3 383.3 383.3 217.0

Table C.14. Nationally-optimal subsidies with alternative household discounting.

The first panel shows the average present discounted value of subsidies received

for a 15-panel installation for each census region. The second panel gives the
simulated number of solar installations per 1000 households in the model for each
Census region. The third panel gives the total damages offset by rooftop solar. The
final panel gives total government cost under each subsidy scheme converted to an
annuity value. “Unconstrained” refers to the optimal unconstrained subsidies with
the marginal value of public funds equal to one (A = 1). All monetary values are
measured in 2014 dollars.
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(1) (2) (3)

Current State-Specific Optimal Subsidies

Subsidies Welfare Max Damage Min Unconstrained
Unit Subsidies 7.1 16.9 16.4 10.4
Cost Subsidies 80.9 83.1 83.6 89.6
kWh Subsidies 8.4 0.0 0.0 0.0
Total 100.0 100.0 100.0 100.0

Table C.15. Percent of total subsidy value from each type of subsidy

for a 15-panel installation averaged across all households in the model with
alternative household discounting. Each column shows the subsidy values for a
different simulation. “Unconstrained” refers to the optimal unconstrained subsidies
with the marginal value of public funds equal to one (A = 1).

We then calculate the percent of the total subsidy value coming from each subsidy
type in each simulation. In all of the optimal subsidy systems, the government
relies entirely on upfront subsidies. This makes sense, as production subsidies are
not as highly valued, per dollar, as these other two subsidies types.

Table shows the damages offset per additional dollar of government
cost associated with marginal subsidy increases around the current system of
subsidies. As before, we calculate this by first simulating the model 1) under the
current system of subsidies and 2) with marginally more generous subsidies of a
given type in a given state. We then calculate the damages offset per dollar of this
particular subsidy as the difference in damages between the two simulations divided
by the difference in the fiscal cost. We repeat this process for each subsidy type in
each state.

We can see that production subsidies are much less cost-effective than
investment and per-panel subsidies. This makes sense, as households in this model

heavily discount subsidies received in the future.
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Subsidy Type Subsidy Type

Panel Cost kWh Panel Cost kWh
Alabama 0.68 0.68 0.32 Nebraska, 0.56 0.55 0.28
Arizona 0.41 0.41 0.24 Nevada 0.60 0.59 0.29
Arkansas 0.62 0.62 0.30 New Hampshire 0.23 0.23 0.14
California 0.43 0.43 0.24 New Jersey 0.36 0.36 0.24
Colorado 0.46 0.46 0.24 New Mexico 0.51 0.50 0.27
Connecticut 0.25 0.25 0.15 New York 0.24 0.24 0.14
Delaware 0.68 0.67 0.36 North Carolina  0.58 0.57 0.30
Florida 0.58 0.58 0.31 North Dakota 0.45 0.45 0.24
Georgia 0.69 0.68 0.32 Ohio 0.75 0.75 0.36
Idaho 0.47 0.47 0.23 Oklahoma, 0.67 0.66 0.32
Tllinois 0.56 0.56 0.31 Oregon 0.27 0.27 0.16
Indiana 0.67 0.66 0.35 Pennsylvania 0.80 0.79 0.38
Towa 0.36 0.35 0.21 Rhode Island 0.25 0.25 0.15
Kansas 0.47 0.47 0.26 South Carolina  0.55 0.54 0.29
Kentucky 0.39 0.39 0.24 South Dakota 0.43 0.43 0.23
Louisiana 0.42 0.41 0.24 Tennessee 0.60 0.59 0.30
Maine 0.40 0.40 0.19 Texas 0.34 0.33 0.20
Maryland 0.61 0.60 0.34 Utah 0.42 0.41 0.23
Massachusetts  0.18 0.18 0.12 Vermont 0.27 0.27 0.15
Michigan 0.53 0.53 0.25 Virginia 0.69 0.68 0.33
Minnesota 0.41 0.41 0.23 Washington 0.22 0.22 0.14
Mississippi 0.67 0.66 0.32 West Virginia 0.81 0.80 0.38
Missouri 0.50 0.50 0.26 Wisconsin 0.44 0.44 0.26
Montana 0.39 0.38 0.20 Wyoming 0.52 0.52 0.25

Table C.16. Damages offset per additional dollar of government funds

associated with marginal subsidy increases around the current system of subsidies
with alternative household discounting. The first column (“Panel”) gives the
damages offset per dollar associated with marginal increases in panel-based
subsidies, s?anel, the second column (“Cost”) gives the damages offset per dollar
associated with marginal increases in cost-based subsidies, SJCOSt, and the third
column (“kWh”) gives the damages offset per dollar associated with marginal

increases in production-based subsidies, 5§Wh.
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C.4.3 Line Losses. We use the methodology from Borenstein and
Bushnell (2022) to account for line losses between the power plant and households.
Formally, losses for each region come from a constant plus a factor proportional to
the square of flow on the line: Lg; = a1r + asgr (Loath - E%‘glar)2. Note that the
parameters a1 g and asg are both allowed to vary by region to reflect differences
in grid characteristics across regions. We then adjust excess load by those losses,
ELoad%l = Loadg, — EX"P — E391" 1 [, Losses enter positively since power plants
must produce not only the amount of electricity demanded by households but also
must make up for the losses incurred in transporting electricity to the household.

Adding line losses changes the marginal damages offset by residential solar to

oD, (-)
OELoadp;

’ 0D (ELoad) ‘

T
1
ON; - Z —Au (1 + 200p (Loath + E%?lar)) ‘

— (I+7)

The installation of solar panels now has two benefits. As we have in our

primary model, solar panels reduce the electricity demand fulfilled by power plants,

generating benefits equal to the electricity produced by a panel, A;;, times the

9Dy (")
OELoad gy

change in damages, ‘ Now, there is an additional benefit from offsetting

line losses, captured by the term 2asp (Load Rt — E%‘t’lar), which is the marginal
change in losses. Including line losses increase the average damages offset by
marginal installers, Kﬁ?’em, and by intensive margin installers, ﬁ?’im, when
calculating nationally-optimal subsidiesm

Borenstein and Bushnell (2022) estimate line losses as a proportion of total

production for over 1,600 utilities in the United States. We take the weighted

average of these estimates to create values for each region, weighting by the total

1 One caveat is that we do not adjust electricity production from solar panels to account for
line losses when residential solar panels transmit electricity back into the grid.
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electricity production of each utility. Let vz be line losses as a proportion of
total production in region R. We then follow their assumption that 25% of line

losses are independent of flow on the line, which allows us to back out a; =

>, (Load Rthfgglar)
Zt (LO&th _EIS?glar)2 .

0.25vr Y, (Loath — Ef’%‘ilar) and ap = 0.75vR

Results The results are summarized in Table The first column gives
cost-neutral subsidies, installations, and damages offset given the current system of
subsidies when we account for line losses. The annual damages offset are slightly
larger than the baseline model in which we do not account for line losses.

The following summarize the results under (2) state-specific welfare-
maximizing subsidies, (3) state-specific damage-minimizing subsidies, (4) state-
specific unconstrained nationally-optimal subsidies. In all three counterfactuals, the
subsidies and installations are similar to those in the baseline model when we do
not account for line losses. However, the environmental gains are larger than in the
baseline model.

C.4.4 Transmission Constraints. The results in the model with
transmission constraints are summarized in Table [C.17} The first column gives
cost-neutral subsidies, installations, and damages offset given the current system
of subsidies when we account for transmission constraints. The annual damages
offset are slightly larger than the baseline model in which we do not account for
line losses.

The following columns summarize the results under (2) state-specific
welfare-maximizing subsidies, (3) state-specific damage-minimizing subsidies, (4)
state-specific unconstrained nationally-optimal subsidies. We find that current

spending on subsidies exceeds the optimal amount by roughly 45% in this case.
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(1) (2) (3) (4)

State-Specific Subsidies

Baseline Welfare Max Damage Min Unconstrained
I. Average Subsidy ($Thousands)
Midwest 10.0 15.4 16.1 13.1
Northeast 17.1 13.1 11.6 10.9
South 10.6 14.5 14.2 12.2
West 11.7 12.5 10.8 10.4

II. Installations per 1000HHs

Midwest 5.4 8.2 9.0 6.7
Northeast 20.3 11.3 11.2 94
South 6.6 8.9 9.1 7.4
West 11.9 13.1 11.6 11.0
National 9.9 10.3 10.1 8.5

I[II. Annual Damages Offset ($Millions)
Total 288.5 321.6 324.0 264.2

IV. Annuitized Total Subsidies Paid ($Millions)
380.8 380.8 380.8 263.9

Table C.17. Nationally-optimal subsidies when accounting for line losses.

The first panel shows the average present discounted value of subsidies received
for a 15-panel installation for each census region. The second panel gives the
simulated number of solar installations per 1000 households in the model for

each Census region. Households are defined as rooftops which are suitable for
solar panel installations as defined by GPS data. The third panel gives the total
damages offset by rooftop solar. The final panel gives total government cost under
each subsidy scheme converted to an annuity value. “Unconstrained” refers to the
optimal unconstrained subsidies with the marginal value of public funds equal to
one (A =1). All monetary values are measured in 2014 dollars.
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(1) (2) (3) (4)

State-Specific Subsidies

Baseline Welfare Max Damage Min Unconstrained
I. Average Subsidy ($Thousands)
Midwest 10.0 14.4 14.4 12.0
Northeast 17.1 15.5 16.6 13.1
South 10.6 12.8 114 10.6
West 11.7 13.6 13.1 11.4

I1. Installations per 1000HHs

Midwest 5.4 7.4 7.5 6.1
Northeast 20.3 13.7 15.1 11.1
South 6.6 7.6 6.9 6.3
West 11.9 14.4 14.2 11.8
National 9.9 10.4 10.3 8.5

III. Annual Damages Offset ($Millions)
Total 299.1 311.7 313.5 256.3

IV. Annuitized Total Subsidies Paid ($Millions)
380.8 380.8 380.8 259.7

Table C.18. Nationally-optimal subsidies when accounting for transmission
constraints.

The first panel shows the average present discounted value of subsidies received
for a 15-panel installation for each census region. The second panel gives the
simulated number of solar installations per 1000 households in the model for

each Census region. Households are defined as rooftops which are suitable for
solar panel installations as defined by GPS data. The third panel gives the total
damages offset by rooftop solar. The final panel gives total government cost under
each subsidy scheme converted to an annuity value. “Unconstrained” refers to the
optimal unconstrained subsidies with the marginal value of public funds equal to
one (A =1). All monetary values are measured in 2014 dollars.
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C.4.5 Improved Storage of Nondispatchable Electricity.
Because of intermittent nature of many renewable energy sources, times when
renewable energy generation is high may not correspond with times when electricity
demand is high. Improvements in energy storage technology would allow electricity
generated by nondispatchable energy sources to be stored for times when it is most
needed. What would be the environmental benefits of these improvements in energy
storage technology? And how would the introduction of improved electricity storage
technology change the nationally-optimal system of solar subsidies?

As a simple way to try to answer these questions, we consider a setting in
which electricity produced by nondispatchable sources (including household solar)
can be imperfectly reallocated over time. Specifically, given the total amount of
electricity produced by nondispatchable sources in a year, we assume a proportion
w of this electricity is reallocated over time such that the profile of usage of this
reallocated electricity is proportional to electricity demand.@ Formally, we write

excess demand as

ELO&db;E?rage — 1—w (A%OHD + A%olar) Loath o (1 _ UJ) (Ejl\{I,?nD + E]S{Ct)lar)

N

NV TV
Reallocated Electricity Non-Reallocated Electricity
NonD __ 2. EE?“D Solar _ 2. Ezsailar TN ;
where AR"Y = S Tondm and AP = S~ Toadp, A1€ Tegion specific constants

which ensure that total amount of nondispatchable energy utilized is equal to total

nondispatchable energy generatedH

12This is highly stylized model of electricity storage. More generally, optimal storage and
withdrawal of electricity will depend on the distribution of the cost of electricity production by
other sources over time and space. See |[Holland, Mansur, and Yates (2022) for a richer model of
electricity storage. It would be straightforward to only be reallocated within the same day it is
generated.

13Similar to [Holland, Mansur, and Yates (2022), we assume that there are no electricity losses
associated with electricity storage, e.g. from charging batteries or decay of electricity over time.
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Results We calculate the environmental benefits of this improved storage
technology and the nationally-optimal subsidies given the new storage technology
for three values of w in Table Column (2), for example, shows the effects
of this alternative storage technology with w = .25, holding the system of solar
subsidies at their current levels. As subsidies do not change, the distribution of
installations is the same as in the case without storage technology. Panel III shows
that the improved storage technology leads to a decrease in environmental damages
valued at over $125 million annually. Column (3) recalculates the nationally-
optimal cost-neutral subsidies given that the new storage technology is in place.
We find that the nationally-optimal subsidies are very similar to the baseline case
and that implementing the nationally-optimal subsidies leads to similar reductions
in environmental damages as we find without the improved storage technology.
Column (4) shows the unconstrained nationally-optimal subsidies given the new
storage technology. The nationally-optimal unconstrained subsidies are very similar
to the baseline case.

The remaining columns repeat this exercise for w = .5 and w = .75. In both
scenarios, we find large environmental benefits to the new technology. However,
the nationally-optimal subsidies and the environmental benefits associated with
implementing those subsidies are similar to those in the baseline case.

C.4.6 Cleaner Electricity Production. We present our results
when we allow changes in electricity production in Table The first column
gives the results under the current technology, as in our baseline results. The first
panel gives the change in average subsidy, measured in thousands of dollars when
moving from the current subsidies to the cost-neutral welfare-maximizing subsidies.

The second panel gives the change in installations per 1000 households. The final

348



g
— o — ©
3 © g N2 Sn= e I <
— =2 = = s © ~
= g SS9 © oo g = ]
:5“ = ~
=3
T
0
=
E
=S 0
— o0 MmO (=3 ~ iy
= D = 0
= 3|& e ) ~ = g 03 3 2
5 =322 Do X Q 2
prd
)
— 2P omow - oD 2 g
J == S~~~ = —
= = 0 © el o}
Sa T wRE S 3 g
g
£ -
£g © n
—~ % E RN o oo = ] :
< z. 2| 2ol > i = <
= EE| 2 S 0 S ) A
g o ) )
=
0
! < o0
—~ 3 —- oo =2 0w © - 3
S R E| sa=Zd [ S ]
SZE A=A S 2 R
T a
B o
28 omaox « Mg e s
o SE SEZa TS g =
= = iy =) = 2
23| =557 SRGR= 5 2
g
£ 5
£z = <+
= |ZE 2=22= Sms 3 = i
— |EE Re=9 R R g &
£ O )
5
T
© e}
oo ~ —=
% = o N — R
- - < 3 ™
— =
7 £
= 3 =
< = =
— 3 < o R :_:“ Eﬁg
™ = ) S 5 = S ¢
[~ A = 0 =} % 0 ., X
=202 NC=S g8 g3
g E = z 2
= 3 fas] +© =
g ] Z
5] o} & 2
= S = =
e |& 2 o @
— Efoc o TLmgom B8N X
=) Sl S = = n%g £ 3
= bR 5 5
SEMHFM 2 a e o =8 &3
Z s g
2 @ = =
= 3 g
% g El Bl
gz 25, 2= 28
ol 252 3 5 E
=] S52 <35 <3
< = s = — B A
: = >
— = =

Table C.19. Nationally-optimal cost-neutral and unconstrained subsidies with
improved storage technology.

The first panel shows the average present discounted value of subsidies received

for a 15-panel installation for each census region. The second panel gives the
simulated number of solar installations per 1000 households in the model for each
Census region. The third panel gives the total damages offset by rooftop solar and
by the increased storage technology of renewable energy. The final panel gives

total government cost under each subsidy scheme converted to an annuity value.
“Unconstrained Optimal” refers to the optimal unconstrained subsidies with the
marginal value of public funds equal to one (A = 1). All monetary values are
measured in 2014 dollars.
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panel gives the percentage change in environmental benefits when moving from the
current to welfare-maximizing subsidies. As before, we can see that moving to the
welfare-maximizing cost-neutral subsidies given the baseline technology leads to an
increase in environmental benefits of 6.2%.

The next three columns show the results when we recalculate welfare-
maximizing subsidies given that the scale of utility-scale solar and wind expand
based on three scenarios of projected renewable expansion by 2030 from the EIA
(Nalley & LaRose, 2022). Specifically, we expand wind and solar based on their
“reference case” projection, low-cost projection, and high cost-projection. The high-
cost scenario is associated with the smallest increase in utility-scale solar and wind
production, while the low-cost scenario is associated with the largest increasesm
We refer to their reference case projection as the mid-cost projection. Across
the three scenarios, we find that moving to the welfare-maximizing cost-neutral
subsidies leads to a 17-20% increase in aggregate environmental benefits.

In the fifth column, we recalculate results considering each coal plant to
have “cleaned up” by adjusting marginal damages from coal plants so that the
distribution of marginal damages from coal plants matches that of natural gas
plants. Moving to the welfare-maximizing cost-neutral subsidies leads to a 11.6%
increase in aggregate environmental benefits in this case.

Columns 6 through 10 repeat this exercise with unconstrained nationally-
optimal subsidies. In all cases, current subsidies are overfunded relative to the
optimum. Moving to unconstrained nationally-optimal subsidies involves cutting

funding for subsidies by 55% to 65% across specifications.

HMSpecifically, utility-scale solar increases by roughly 200%, 350%, and 500% in the three
scenarios, while wind increases by 45%, 50%, and 55%.
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Table C.20. Nationally-optimal cost-neutral and unconstrained subsidies under
alternative assumptions about central generation energy production.

Each entry of Columns (1) through (4) shows the change of moving from the
current system of subsidies to the welfare-maximizing cost-neutral system of
subsidies given the specification in question. Each entry of Columns (5) through

(8) shows the change of moving from the current system of subsidies to the
unconstrained nationally-optimal system of subsidies given the specification in
question. “Unconstrained” refers to the optimal unconstrained subsidies with the
marginal value of public funds equal to one (A = 1). All monetary values are
measured in 2014 dollars. See text for details on each model specification.
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