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Abstract

In this dissertation, I study three topics ranging from political economics to the

economics of crime. In the first chapter, “Using Rain for Electoral Gain: Evidence

from FEMA’s Public Assistance Program”, I study distortions in public spending—

following large natural disasters—caused by elected officials at the state level in the

United States (U.S.). I construct a novel county-level dataset that merges fine-grain

physical measures of large destructive storms, satellite data on existing infrastructure,

demographic information from Census, and administrative data that tracks multiple

types of relief spending from several federal programs. To organize my empirical anal-

ysis I utilize a model of political competition between parties, that provides clear

testable predictions. I find robust empirical evidence that political parties target

public spending to counties with higher historic turnout relative to other counties

within the same electoral district. To assuage fears that my results are driven by some

unobserved bias or simply by chance, I propose two credible instrumental variables,

explicitly model—and control for—the selection process that determines a counties

eligibility for relief aid, and perform multiple placebo tests.

In the second chapter “It’s Always Sunny in Politics”—co-authored with Carolina

Concha-Arriagada—we study how election day weather impacts voter choice. Specif-

ically we study an understudied dimension of weather—sunshine. Using novel daily

weather measurements from satellites, linked to county-level U.S. Presidential elec-

toral returns from 1948-2016, we document how sunshine affects the decision making

of voters. We find that election-day exposure to sunshine increases support for the
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Democratic party on average. Additionally, we show that, contrary to prior findings

that do not control for sunshine, precipitation has no detectable impact on partisan

support, but universally depresses turnout. To rationalize our results we propose a

mechanism whereby sunshine modulates voter mood which causes a change in voter

choice, while precipitation only impacts turnout through increasing the cost of voting.

We then build a theoretical model, which features this mechanism, and generates addi-

tional tests that we take to our data. Our results suggest that uninformative weather

on election day, specifically sunshine, has detectable electoral impacts that teach us

about voter choice.

In the third chapter, “Decomposing Racial Disparities in Incarceration: Evidence

from a Southern U.S. Jurisdiction” I utilize high quality data developed from an

almost two year relationship with a prosecutor’s office located in a medium-sized

jurisdiction in the southern United States. These data were carefully curated by a

team of data scientists and engineers with institutional knowledge from prosecutors

within the office. We first documents large raw racial disparities in incarceration and

then decompose this raw disparity into systemic and direct components. We find

that the systemic component vastly outweighs the direct component, implying that

upstream racial differences drive the raw disparity.

Index words: Political Economics, Turnout, Voter behavior, Applied
Microeconomics, Crime, Discrimination
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Chapter 1

Using Rain for Electoral Gain: Evidence from FEMA’s Public

Assistance Program

1.1 Introduction

Understanding what incentives elected officials internalize when deciding how to allo-

cate tax revenue is important, especially when the underlying spending is a crucial

catalyst for recovery from a major unexpected disaster. This paper focuses on how

relief aid—allocated by the United States federal government in response to large

storms—is apportioned by state governments. Specifically, the following analysis doc-

uments how geographic variation in voter turnout incentivizes state officials to distort

the flow of relief aid.

Natural disasters offer a phenomenal laboratory for measuring political distortions

as damage is observable to the econometrician and exogenously assigned by nature

to each locality, eliminating the potential for reverse causality that plagues many

similar analyses. Another benefit of using variation in spending directly following large

disasters is that it does not contain the “status quo bias” other forms of governmental

spending suffer from.1

1Status quo bias refers to the bias towards no political distortions driven by spending
that cannot be easily manipulated by politicians. For example, in Berry et al. (2010) the
authors focus a subset of intergovernmental spending that has high variation over time in
order to avoid large programmatic spending that would not be easily influenced by current
politicians.
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In the United States, responses to natural disasters are initiated at the federal level

by the President and are managed by the Federal Emergency Management Agency

(FEMA). After initialization there are two main programs that can be used to pro-

vide relief aid: Public Assistance (PA) programs—which can be used by the state to

fund “emergency protective measures, debris removal, and infrastructure repairs or

replacement needed due to disaster-related damage”; and Individual Assistance (IA)

programs which go “directly to eligible individuals and families who have sustained

losses due to disasters”.2 This paper will focus on funds from the PA program as they

fall directly under state control. However, the lack of state influence in IA program

spending, will allow for interesting placebo tests, which will be described later in

this section. Anecdotally, it has been well documented that FEMA aid lacks strin-

gent requirements and oversight,3 offering an environment where one could a priori

expect political distortions to arise. Given ample evidence that state level politicians

have the ability to manipulate relief funds, the next question is do they have incen-

tives to do so? The consensus from the extant literature on this question is that

money spent after disasters is highly salient to voters and elicits large responses from

the electorate.4 Thus, natural disasters provide decision-makers with opportunity and

incentives to use aid as a political tool.

To organize the empirical analysis, I utilize an existing probabilistic model of

political competition developed in Genicot et al. (2021). This novel model explicitly

takes into account the border mismatch between political units (state congressional

districts) and units in which aid is constrained to be spent (counties). Specifically, the

2Both quotes from FEMA press release accessed here
3See articles in Wired and The New York Times. In addition, Leeson and Sobel (2009)

documents a link between corruption and FEMA aid.
4See examples of positive voter response to relief aid from the US (Healy and Malhotra,

2009), Germany (Bechtel and Hainmueller, 2011), India (Cole et al., 2012), and Canada
(Bodet et al., 2016), to name a few.

2

https://www.fema.gov/press-release/20210318/understanding-individual-assistance-and-public-assistance
https://www.wired.com/story/the-secret-history-of-fema/?verso=true
https://www.nytimes.com/2018/10/08/us/fema-disaster-recovery-climate-change.html


model provides clear testable predictions that counties with higher turnout relative to

their political neighbors (other counties within the same electoral district) will receive

larger transfers from incumbent political parties looking to maximize the number of

seats they hold in congress. I also compare this framework with an existing model

of distributive politics that treats the Governor—instead of the state congress—as

the office of interest to the ruling party.5 I present this comparison as a step towards

future work that examines how political parties may balance re-election incentives of

both the executive and legislative branches of government.

To conduct the analysis I compile fine-grain intensity data of roughly 120 storms

that triggered aid from FEMA. These data were assembled by hand processing

output from multiple satellites, using geographic information systems (GIS) tech-

niques. Specifically, I average pixel level estimates of total rainfall, use hurricane

models to estimate the maximum wind speed experienced at each county centroid,

and control for the distance from the coast as a proxy for storm surge damage. I

then merge these data with harmonized precinct level returns gathered from multiple

sources that span nearly two decades of state-level elections. These data allow me to

not only construct my independent variable of interest, but also allow me to condition

on other political characteristics of the county. Additionally, I collect data on media

market population shares and internet connections to control for the informative-

ness of voters within a county. To produce proxies for existing infrastructure I also

collect the number of historic structures, length of road, and amount of man-made

structure in the county from numerous data repositories. Finally, to control for other

county-level characteristics that could feasibly drive disaster aid (e.g. labor market

conditions, median house prices, and number of vulnerable residents) I download a

rich set of demographics from census. In the end an observation in my dataset repre-
5See Strömberg (2004a).
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sents an individual county in a state that experienced a natural disaster as declared

by the federal government. The variation I isolate to identify my estimates comes

from differences within a state after a specific storm. Therefore, all results will derive

from differences between counties after controlling for the myriad of observables

described.

To preview my results, I find that financial support provided by FEMA—

earmarked for emergency response—is influenced by a localities’ historic turnout

levels relative to its political neighbors.6 These distortions are not driven by a single

state, nor a single storm. Additionally, the institutional structure allow for various

placebo tests. For example, one would be skeptical if similar distortions appeared in

funds that were out of the reach of the state government. Furthermore, one would

expect the electoral gains to be smaller in funding set aside for longer term projects—

relative to funds spent immediately after a disaster strikes—as voters response to aid

has been shown to decay quickly.7 Indeed in both cases, across programs and types of

fund, I find small insignificant political effects in programs run directly by the federal

government and in funds that are in state control but assigned to long term projects.

The theoretical model offers testable predictions that can be estimated via ordi-

nary least squares (OLS). However, as with most OLS estimates one must worry that

results are simply driven by some omitted variable that is correlated in some sys-

tematic way with both the independent and dependent variable. Additionally, clas-

sical measurement error, introduced by inexact and/or missing precinct-level electoral

returns, could also bias estimates towards zero by introducing noise to the underlying

signal. Finally, one may also worry that unobservables that drive the selection process

that determines a counties eligibility could also be correlated with the the amount
6A political neighbor is a locality that shares a district. For example, if two counties fall

within the same congressional district, they are defined to be political neighbors.
7See Healy and Malhotra (2009).
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of spending a county receives. For these reasons, I present supplemental estimates

using an instrumental variables framework paired with controls for the underlying

selection process. The results from these more nuanced analyses further point toward

the presence of political distortions, in fact the estimated impacted increases in size.

Taken in sum, these findings provide robust evidence that in citizens’ time of need,

political parties strategically direct aid to localities that will help win future elections.

As storms increase in intensity due to climate change—and gerrymandering creates

larger electoral incentives for targeting—it is likely that these distortions will grow in

magnitude.

The paper proceeds as follows, section 1.2 elaborates on some points made in

this section and provides context by reviewing pertinent literature, section 1.3 will

lay out model of an incumbent party maximizing representation in a state congress,

and discuss the empirical predictions it generates. Section 1.4 will describe the most

unique feature of this paper, the data. Section 2.4 will discuss the empirical strategy

employed to identify unbiased estimates of the model parameters. Section 1.6 will

present empirical results predicted by the model. Section 1.7 will summarize and

contextualize the results and conclude.

1.2 Literature

Much of the literature on distributive politics attempts to establish a causal link

between how politicians allocate non-programmatic public spending and characteris-

tics of localities. In these investigations, attributing a shift in spending to a specific

politician or party is paramount. Most papers do this by focusing on spending pro-

grams that have relatively high temporal variation, and then attributing a change to

the politician in office during the change. For example, in Berry et al. (2010); Aidt
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and Shvets (2012) the authors focus on spending programs that have high coefficients

of variation.8 The authors concentrate on this highly variable spending to avoid large

programmatic expenditures, built over generations of politicians, that transfer money

to geographic diffuse populations because “It hardly seems appropriate to attribute this

kind of spending to the immediate efforts of the president or other policy makers.”9

Instead of focusing on the historic variability of a spending program, I use the fact

that politicians are tasked with responding immediately to exogenous disasters. This

setting allows me to better study the true preferences of political parties in power,

because they have full control over the spending program and are unfettered by any

status quo inertia of previous politicians.

The current literature struggles to control for the distribution of need for public

spending. An ideal research design would control for the locality characteristics that

determines need; thus, any political distortions can be seen as a departure from the

welfare maximizing allocation.10 Studying distributive politics using natural disasters

provides numerous proxies for need. I will group these variables into three major

groups: infrastructure, damage, and vulnerability and leave specific discussions of

each for later.

In the United States, citizens are in contact with their state and local governments

much more than the federal government. Control of state legislature allows a political

party a unique ability to influence future electoral success. For example, state legis-

latures are tasked with drawing district maps, which in turn have a major impact on

the electoral success of a party, not only at the state but also federal level. The state
8This strategy was originally adopted by Levitt and Snyder (1997, 1995)
9Berry et al. (2010)

10See Moser (2008) for a study that attempts to show how political incentives distort the
“poverty minimization” objective of spending programs in Madagascar.
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legislature plays a large role in determining the state budget.11 Thompson (1986)

and Thompson and Moncrief (1988) provide extensive reviews of the state budgeting

process and conclude that parties play large roles in determining who gets what. For

this reason, I explicitly model party competition for seats in the lower statehouse.

Section 1.6.2 contrasts this model with a model with the Governor as the sole actor

as in Strömberg (2004a).

There is a robust literature on the political nature of relief aid. The current paper

is unique in that it examines distortions of relief spending caused by political com-

petition at the state level. Rather, the literature focuses on interactions between the

executive branches of the federal and state government, namely the governor and

President. In the United States, a disaster declaration request is submitted by the

governor and either accepted or rejected by the President. Garrett and Sobel (2003)

and Sobel et al. (2007) study declaration rates and expenditure at the state level and

find that almost half of all FEMA aid is used as a political instrument by the President

and members of congress on the FEMA sub committees. They document that even

after FEMA was merged into the Department of Homeland Security, political distor-

tions persisted. Downton and Pielke (2001) focuses on responses to severe floods and

similarly finds that Presidential re-election motives drive response, not need. Addi-

tionally, Sylves and Buzas (2007) finds that Presidents are more likely to declare dis-

asters during re-election years. Salkowe and Chakraborty (2009) also notes that there

is a positive correlation between declarations and Presidential election years but no

evidence that partisanship plays a role in decision making. Moving towards the state

level, Gasper and Reeves (2012) demonstrates that governors make disaster requests

strategically, especially when they are not facing a term limit. Reeves (2011) focuses

11See Goodman (2007) for a review. Even if the Governor holds more power over relief
spending, I will assume that their behavior internalizes the competition for control over the
state lower house, and therefore will spend money to influence state house elections.
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on the President’s strategic behavior and shows that competitive battleground states

can expect to receive twice as many Presidential disaster declarations compared to less

competitive states. He also shows that this strategic targeting pays off, voters reward

presidents for declarations. This leads us into the next empirical fact documented

by studies on the political economy of relief aid, the electorate responds to spending

after natural disasters. Gasper and Reeves (2011) find that voters are sophisticated

enough to reward governors who request aid, and punish presidents who withhold it.

Healy and Malhotra (2009) also investigates both the governor’s strategic behavior

and voters response. They show that voters provide incentives for politicians to shirk

preparedness spending in favor of sub-optimal (in a societal welfare sense) relief aid

following natural disasters. Such positive voter response has also been shown in Ger-

many (Bechtel and Hainmueller, 2011), India (Cole et al., 2012), and Canada (Bodet

et al., 2016). These results provide evidence that voters are responsive to relief aid, a

key assumption that will be used in this paper.

The distributive politics literature has identified other characteristics that may

influence political targeting, most prominently information and “swingness”.12 I will

attempt to create proxies for both information and swingness, while focusing on

turnout as the determinant of interest. One reason for this is that turnout can be

directly measured, whereas information and swingness are often hard objects to mea-

sure. A key statistic that signals the health of a democratic society is the turnout rate

of its citizens. There is a robust literature that attempts to model the determinants

of turnout.13 While there have been numerous plausible explanations for empirical

observation of substantial turnout, the current literature has not come to a consensus

on the paradox of (not) voting. The current study will take the stylized fact that

12Swingness is a term used to denote voters with weak party attachment, that is to say
that they can be swung to vote for either party.

13See review in Myatt (2015) for a good recent overview of turnout literature.
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people turn up to the polls at face value, assuming turnout is an exogenous feature

of a county that politicians take as given when optimizing.

I borrow a probabilistic voting model of political competition developed by Genicot

et al. (2021) to organize empirical findings. 14 The model consists of two parties located

on a political spectrum, which compete for votes from citizens that have fixed ide-

ological preferences. A consistent assumption is that, parties promise transfers that

induce utility differentials that can outweigh these preferences. Depending on the

assumptions made about the responsiveness of voters to transfers from each party,

these models can predict that the optimal15 allocations target one of two groups: 1)

swing voters without strong ideological leanings or 2) core voters that support one

party strongly. As shown in Golden and Min (2013) empirical tests of these voter-level

theories are fraught with inconsistencies and usually test a weaker prediction about

swing vs. core localities. For example, there is ample empirical evidence that Presiden-

tial disaster declarations are targeted to states that are electorally important (known

as swing states). However, this does not necessarily support the swing theory because

little is known about what localities within the state are targeted. Furthermore, it

is unknown which citizens within these localities receive the aid. My results provide

evidence that parties target counties whose citizens have historically shown up at the

polls. That is, parties target localities that are responsive in the sense that they have

a large relative share of active voters. The term relative is emphasized here, because

it highlights the innovation of the model used in this paper: targetable counties can

contain multiple districts and share them with numerous other counties. In previous
14This model traces its origins back to the seminal works by Cox and Mccubbins (1986);

Lindbeck and Weibull (1987); Dixit and Londregan (1996).
15In the electoral sense.
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papers targetable groups are assumed to be nested within a district.16 Specifically, I

utilize the administrative fact that states are constrained to send transfers to coun-

ties. These counties have boundaries stable boundaries over time, most being drawn

decades ago. Conversely, state congressional districts have lines that change every ten

years according to changing demographics and regularly cut across multiple coun-

ties. This means that county and district borders frequently overlap. Prior literature

acknowledges the existence of such counties but either removes them from the sample

(Berry et al., 2010), splits them by surface area (Aidt and Shvets, 2012), or by simply

averages across all districts (Ansolabehere et al., 2002).

1.3 Model

In this section, I will present a theoretical model developed by Genicot et al. (2021).

It was further adapted by Stashko (2021) to be applied at the state level in the United

States. It models the decision process of a ruling political party, that is attempting to

maximize the number of seats controlled in a state congress, while being constrained

to transfer funds at the county-level. Strömberg (2004a) develops a similar model and

assumes instead that the Governor controls the state spending. A brief discussion on

a possible extension that merges both of these models can be found in section 1.6.2.

Let a continuum of citizens be divided among a finite number of, C, counties and

D districts. District lines are redrawn by the state government after each decennial

census while county lines remain fairly constant over time. This process creates maps

where district lines cross over multiple counties. Let the number of citizens living in

county, c, and district, d, be represented by n(c, d). As required by law, all districts

16See Lindbeck and Weibull (1987); Cox and Mccubbins (1986); Dixit and Londregan
(1996); Battaglini (2014); David and Strömberg (2008)
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contain the same population, normalized to 1 (i.e.
∑

c n(c, d) = 1) and county pop-

ulations, nc can vary (i.e.
∑

d n(c, d) = nc). Only a portion of the citizenry votes. A

share, e(c, d) ∈ [0, 1], of citizens are eligible to vote (e.g. meet age requirements and

are not felons). Of these eligible voters a fraction, t(c, d) ∈ [0, 1] decide to turnout to

vote.17 Therefore, one can write the total number of citizens that live in county, c,

and vote in election for district, d as T (c, d) = n(c, d)t(c, d)e(c, d).

1.3.1 Party Maximization Problem

The timing of the model is as follows, a disaster occurs and the ruling party is given a

budget exogenously to allocate to counties.18 The party has correct beliefs about the

distribution of ideological preferences defined below. Voter’s observe this spending

and then vote in the next election accordingly. As with most probabilistic voting

models the parties objective function can be written as:

max
qc

∑
d

pd (1.1)

s.t.
∑
c

qc ≤ y

where y is the total budget for transfers, which in this paper is exogenously deter-

mined by the federal government’s assessment of need after a storm. Let pd be the

probability that the ruling party wins district d. In this model a voter makes her deci-

sion by comparing the utility from disaster response, to her per-existing ideological

preferences. Specifically, a voter will vote for the incumbent party iff

uc(q) > η + νi (1.2)

17In this model it is assumed that the turnout rate of a county-district unit is exogenous
and known to both parties by observing previous election results.

18The party can be thought of as a strategic governor that places an emphasis on control-
ling congress.
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Let νi be the idiosyncratic preference shock for the incumbent party. Let η be an

aggregate shock which can be interpreted as any state-wide election news that strikes

shortly before a voter casts their vote. As is standard in all probabilistic models the

political party in power correctly forms expectations over η and ν, which follow the

following uniform distributions:

νi ∼ Unif
(
σcd −

1

2ϕ
, σcd +

1

2ϕ

)
(1.3)

η ∼ Unif
(
− 1

2γ
,
1

2γ

)
. (1.4)

As has been pointed out previously (Lindbeck and Weibull, 1987; Persson and

Tabellini, 1999) ϕ > 0 is directly proportional to the fraction of voters that are ideo-

logically indifferent between the incumbent and challenging party. These “indifferent”

voters are referred to as swing voters because they can be swung via a small change

to uc(q). For the following analysis I hold this swing parameter constant.19 In this

model it is also assumed that there exists “swingable” voters in all county-district

intersections.20 The probability that the incumbent party wins district d in the next

election can be written in closed form as:

pd = Pr
([∑

c∈d

T (c, d) Pr
(
i ∈ c votes for incumbent

)]
≥ 1

2

)
. (1.6)

Utilizing the condition for citizen i casting her vote for the incumbent party, given

in equation 1.2, and that the party forms correct expectations over the distribution
19I do this empirically by proxying for swingness using the coefficient of variation of

county-level turnout and how close historic elections have been to 50-50.
20Swingability:

uc(q)− σcd − η ∈
(
− 1

2ϕ
,
1

2ϕ

)
∀q, η, and d s.t. n(c, d) > 0 (1.5)

12



from which idiosyncratic shocks are drawn we can define the following:

Pr
(
i ∈ c votes for incumbent

)
=

1

2
+ ϕ

(
uc(q)− η − σcd

)
. (1.7)

Taking the probability over the aggregate shock η leaves us with the final expres-

sion for pd:

pd = γ
T (c, d)∑
c∈d T (c, d)

(
uc(q)− σcd

)
+

1

2
. (1.8)

Thus the probability of the incumbent party winning district d is just the weighted

average of the parties vote shares in each county, weighted by the share of district

turnout living in each county. This expression can now be inserted into equation

1.1. The last object that needs to be defined is the function that represents the

utility gained from a transfer. For this I follow Stashko (2021), who follows Strömberg

(2004a), in picking a utility function that produces predictions that can be directly

tested.

uc(q) =
ac

1− 1
ρ

(
q

nα
c

)1− 1
ρ

(1.9)

Let ρ ∈ (0, 1) and α ∈ [0, 1]. Where ac is a county specific term that determines

the utility gained from a transfer and nc is the population of county c. Notice that

α determines how much the population affects the county-wide utility, said another

way, α allows us to determine if the transfer is valued as a public or private good. For

example, an α = 0 implies the transfer is public, in that the utility is not modulated

by population of the county.

To ensure an interior solution, one must assume that all districts are contestable,

in that pd does not equal 0 or 1 for any of the districts.21

21Contestability:

T (c, d)∑
c∈d T (c, d)

(
∆uc(q)− σcd

)
∈
(
− 1

2γ
,
1

2γ

)
(1.10)
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Figure 1.1: Visualization of relative sensitivity
Note. Let all four counties have the identical populations and socioeconomic distribu-
tions. The only dimension that is allowed to vary is turnout, t. Notice that counties a
and b have the same turnout, however county b will receive more funding because it has
a higher share of district 2’s votes.

The probability of winning district, d changes with a change in transfer to county

c̃.22

∂pd
∂qc̃

= γ
T (c, d)∑
c∈d T (c, d)

∂uc̃

∂qc̃
(1.11)

From this, one can start to gain intuition about how political parties will “target”

spending to counties that have a higher share of a districts turnout. For example,

imagine four counties that share two districts, as shown in figure 1.1 below. In this

example, counties a and b are identical across all observables. However, county a is

“stuck” with a high turnout neighbor.23

I empirically satisfy this condition by omitting any county that was solely inside an uncon-
tested district where party data is available (this is only an issue in two storms that use
pre-2000 election data from OK and TX)

22Note that this expression does not account for the fact that a county may share multiple
districts, this point will become salient when I formally write out the first order conditions
later.

23In this context neighboring counties are defined as counties that share a district.
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Looking at equation 1.11 one can understand this targeting as simply equating

the marginal changes in winning probabilities. The higher share of a districts turnout
T (c,d)∑
c∈d T (c,d)

the higher marginal return a party receives from increasing relief spending.

1.3.2 Testable Implications

As mentioned earlier, the utility specification allows for the first order condition of

equation 1.1 to be taken directly to data. Formally, there exists a positive Lagrange

multiplier, λ common to all counties. Such that for all counties the following condition

holds:
∂
∑

d pd
∂qc

=
∑
d

γ
T (c, d)∑
c∈d T (c, d)

∂uc

∂qc
− λ = 0 . (1.12)

Plugging in the utility function and taking the natural logarithm of equation 1.12

results in the following equation.

ln(qc) = ρln

(∑
d

T (c, d)∑
c∈d T (c, d)

)
+ (1− ρ)αln(nc) + ρln(ac)− ρln(

λ

γ
) (1.13)

Assuming as in Strömberg (2004a) that variation in ac can be captured via a linear

combination of county-level observables one can directly estimate equation 1.13 to test

for the presence party competition. Furthermore, the number of representatives24 in

a county is something that can be precisely measured by observing district maps. For

this reason, Stashko (2021) makes the following substitution in equation 1.13:∑
d

T (c, d)∑
c∈d T (c, d)

= Rc

[∑
d

1

Rc

T (c, d)∑
c∈d T (c, d)

]
. (1.14)

Notice that substituting this into equation 1.13 provides another testable specifi-

cation:

ln(qc) = ρln(Rc) + ρln

(
1

Rc

∑
d

T (c, d)∑
c∈d T (c, d)

)
+ (1− ρ)αln(nc) + ρln(ac)− ρln(

λ

γ
) .

(1.15)
24Which is equivalent to the number of districts running, in single member districts
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This specification identifies the parameter ρ using variation in the number of

representatives Rc, an observable that again has zero measurement error. This spec-

ification also predicts that the coefficients in front of the first two terms be equal, a

more demanding test of the model.

1.4 Data

One of this paper’s novelties is the uniqueness of the constructed data-set. To the

extent of my knowledge, this is the first paper that merges state election data mea-

sured at the precinct level, pixel level rainfall, wind-speed simulations, media maps,

and census data together. This section will describe each data source and conclude

with some descriptive statistics.

1.4.1 State-Level Elections

To measure historical turnout for each county-district pair I build on the work by

Ansolabehere et al. (2014) (HEDA henceforth) and the team from OpenElections.25

HEDA and OpenElections provides state-level election turnout (by party) for all 17

states in my sample at the precinct level. I supplement this data by scraping individual

secretary of state websites when available, to ensure that there are no missing coun-

ties and/or districts. Precincts are small geographic areas that are rarely split by any

other administrative boundary. This feature enables researchers to study smaller geo-

graphic areas, such as intersections of counties and state legislative districts. For most

states I am able to collect election returns from the late 1990’s until the most recent

elections. The model assumes that the turnout within a county-district is exogenous

characteristic of the locality, immutable by the political party. A similar problem is

faced by the literature that studies the advantage enjoyed by incumbent candidates,
25Accessed here: https://github.com/openelections
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this literature attempts to identify a parties “normal vote” by averaging over numerous

previous elections.26 I follow this same strategy and average election returns over the

previous three elections prior to a storm.

1.4.2 FEMA Data

In this subsection I describe how I pulled county level funding data from FEMA using

OpenFEMA. OpenFEMA’s stated goal is “to execute federal open data machine read-

able policies and standards, and to promote a culture and empower open government

within FEMA.” I focus on two programs run by FEMA in response to natural disas-

ters: 1) Individual Assistance Program (IA); 2) Public Assistance Program (PA). Each

program provides funding data at the county-level for each major disaster declaration.

After dropping disasters where damage cannot be plausibly captured by rain and/or

wind-speed (e.g. snow storms, fires, tornadoes, etc.), and those that do not have

state-level election data, I am left with 129 disasters affecting 11,316 counties from

2003-2017. A description of the structure of each program is essential to interpreting

the following results. The IA program is meant to provide individual homeowners

and renters “financial help or direct services to those who have necessary expenses

and serious needs if they are unable to meet these needs through other means. Up

to $33,000 (adjusted each year) is available in financial help”.27 The PA program is a

larger FEMA program that “provides emergency assistance to save lives and protect

property, and assists with permanently restoring community infrastructure affected

by a federally declared incident.”28 Each project in the PA program is split into 8

categories: Category A: Debris removal; Category B: Emergency protective measures;

Category C: Roads and bridges; Category D: Water control facilities; Category E:
26See Ansolabehere et al. (2000).
27Taken from official FEMA document here
28Taken from FEMA fact sheet accessed here.
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Public buildings and contents; Category F: Public utilities; Category G: Parks, recre-

ational, and other facilities; and Category Z: Administrative Costs. FEMA further

aggregates projects into two major categories: 1) Emergency work (Categories A and

B) and 2) Permanent work (Categories C-G). The split in spending is roughly equal29

between these two categories with the major difference being the timing of spending.

As the names suggest, the Emergency Work spending is spent within days-weeks of

the disaster, whereas the Permanent Work spending occurs months-years post dis-

aster. To my knowledge, this is the first paper that exploits the administrative feature

that PA spending runs through the State government and therefore is susceptible to

political distortions.

1.4.3 Measures of Damage and Infrastructure

The model predictions require locality-level—in this case county-level—controls that

affect how much the locality values the relief spending as in Strömberg (2004a). After a

natural disaster, a counties’ utility is assumed to be an increasing function of damage.

A major critique of most studies investigating the economic impacts of natural disas-

ters, is the use of endogenous and/or imprecise measurements of damage. Felbermayr

and Gröschl (2014) propose using physical measurements of storms as an exogenous

way to measure storm intensity. An added benefit to measuring storms using physical

quantities (e.g. rainfall and wind speed) is that these measurements have very fine

spatial resolution and can pick up heterogeneous damage between small localities. In

this paper I will focus on major disaster declarations initiated by large storms and

hurricanes. For all major storms, massive rainfall will contribute to a large amount

of damage (e.g. mass flooding). To control for rainfall, I utilize continuous measures

29In my sample, the average amount of emergency spending is 112 million 2012 USD
per disaster and the average amount of permanent spending is 143 million 2012 USD per
disaster.
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from two sources using the Giovanni online data system:30 1) For all storms occurring

before March 12th 2014, I extract rainfall utilizing Phase 2 of the North American

Land Data Assimilation System (NLDAS-2)31 which reports precipitation (in mm) at

a spatial resolution of 0.125◦ x 0.125◦ 32; 2) For all storms occurring after March 12th

2014 I extract rainfall utilizing the Integrated Multi-Satellite Retrievals (IMERG) for

the Global Precipitation Measurement (GPM) mission which reports precipitation

(in mm) at a spatial resolution of 0.1◦ x 0.1◦.33 I collect precipitation data for the

entirety of the storms34 in my sample and then use GIS software to average across

all pixels that fall within the boundaries of a county.35 The literature has noted that

storms producing sustained wind speeds greater than 20 m
s

inflict a large amount

of wind damage. In my sample there are currently 52 such high wind-speed storms.

To control for wind damage during these storms I downloaded storm characteristics

from the National Oceanic and Atmospheric Administration’s (NOAA) International

Best Track Archive for Climate Stewardship (IBTrACS).36 Anderson et al. (2018)

developed a package in R that takes as an input storm tracking data and then out-

puts wind speeds at specified grid points using a wind speed model developed in

Willoughby et al. (2006). The model solves for the wind speed at each grid point in

15 minute time steps then outputs: 1) Maximum value of surface-level (10 meters)

sustained winds, in meters per second; 2) Maximum value of surface-level (10 meters)

gust winds, in meters per second; 3) Length of time, in minutes, that surface-level

30Analyses and visualizations of rainfall data used in this paper were produced with the
Giovanni online data system, developed and maintained by the NASA GES DISC.

31See Xia et al. (2012) for information on model.
32For context this is roughly 14 km by 14 km at the equator.
33For context this is roughly 10 km by 10 km at the equator.
34In order to capture the full extent of the storm I start collection 1 day before the “start”

of the storm and 1 day after the “end” of the storm.
35County shapefiles accessed here: https://www2.census.gov/geo/tiger/
36More information on IBTrACS can be found in Knapp et al. (2010).
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sustained winds were above a certain wind speed cutoff (e.g., 20 meters per second);

4) Length of time, in minutes, that surface-level gust winds were above a certain

wind speed cutoff (e.g., 20 meters per second). Conveniently the package in Anderson

et al. (2018) is optimized for storms in the Atlantic Basin and outputs wind speed

measurements at population centroids37 of all affected US counties. An example of

visual output from the model is provided in Figure 1.2.

Figure 1.2: Path of Super Storm Sandy
Note. Output from Anderson et al. (2018) of Superstorm Sandy. Best tracks information
acquired from IBTrACS.

While rainfall and wind-speed are both plausibly exogenous measures of damage,

one may worry that two counties receiving the same rainfall and/or wind speed may

experience vastly different levels of “damage” due to variation in the presence of

infrastructure. In an attempt to control for the amount of infrastructure present in a

county I utilize the Global Man-made Impervious Surface (GMIS) Data-set derived

from Landsat imagery.38 The GMIS data-set is a raster image that assigns every

30m by 30m pixel a percentage imperviousness. A pixel with a value of 0% can be

thought of as containing no man-made surface that impedes the flow of water (e.g. a
37Population centroids use data from the 2010 Census.
38Accessed here:https://sedac.ciesin.columbia.edu/data/set/ulandsat-gmis-v1/

data-download
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grass field), whereby a pixel of 100% represents a man made surface that completely

impedes the flow of water (e.g. large buildings). Figure 1.3 provides a visualization

of the GMIS data that shows the spatial variation in pixel values as well as the fine

spatial resolution.

Figure 1.3: GMIS image of Washington D.C. in 2010
Note. Note the data has enough spatial resolution to distinguish the Washington mon-
ument and National Mall.

The National Historic Preservation Act instructs FEMA to take special precau-

tions when projects may have a potential impact on historic structures. To control

for the possible effects of historic buildings and structures on FEMA aid, I utilized

ArcGIS to sum the total number of historic buildings, structures, sites, and objects

present in each county.39

Another major determinant of damage is storm surge from the ocean. To proxy

for this, I use R to construct a raster image where every pixel value is the minimum

distance to the coast. I then average over all pixels falling within a county boundary.

Storm surge only penetrates so far inland so I then set the value of this “distance”

measurement to 40 miles for any measurements greater than 40 miles.
39Accessed GIS data here: https://irma.nps.gov/DataStore/Reference/Profile/

2210280
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1.4.4 Information

As mentioned above the informativeness of voters can play a large role in spending

decisions. After natural disasters media coverage tends to be intense and thorough.

Politicians attempt to capture credit for relief spending, and voters who do not receive

aid look to assign blame. Therefore, it is important to control for the informative-

ness of voters. To do this I follow Burgess and Besley (2002); Strömberg (2004a);

Ansolabehere et al. (2006); Snyder and Strömberg (2010) and include multiple mea-

sures of information. To construct these measurements I utilize data from Nielsen.

Nielsen is an information, data and measurement company that subsets the US into

210 distinct designated market areas (DMA). These DMAs are defined as areas in

which the population can receive the same (or similar) television and radio station

offerings. Using these maps I construct two measures of information at the county

level, c:

1. Share of media market’s total population that resides within a county:

shareDMAc =
∑
m∈Mc

n(c,m)

nm

. (1.16)

2. Share of media market’s population that resides within the same state, s:

sharestatec =
∑
m∈Mc

n(s,m)

nm

. (1.17)

Where n(i, j) is the population that lives in locality i and j. To construct the above

quantities I first create populations for each DMA-county-district triple. To do this,

I utilize the Census’ 5-year population estimates from 2009-2017 at the block group

level. However, there are numerous instances where a DMA-county-district triple

cuts through a block group. To handle these cases, I use the Oak Ridge National
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Laboratory LandScan data-set40 to split block groups by population. LandScan data

is a raster image that maps the global population in 1km by 1km cells, which I then

resample into 400 identical cells. After resampling, I find the total of all pixels that

fall within each block group-DMA-district-county polygon intersection. I then mark

all block groups that are “split”, and assign each split a percentage based on the total

share of a block group’s pixels lie within each intersection. To assign a population to

each intersection, the percentage is then multiplied by the Census’ 5-year population

estimates of the block group. After this process, I am left with n(c, d,m) which allows

me to construct all the variables required in equations 1.16 and 1.17. While TV

remains the largest source of information for voters, a rising share of information

comes from the internet. In fact among voters under 49 years old the internet is

already the main source of information.41 The Federal Communications Commission

(FCC) requires all internet service providers to file twice a year some basic information

on how many connections per 1,000 households are provided with internet access of

a certain speed. These filings are then made public at the census tract level. To

construct relative measures for internet access I need to create internet access at the

county-district level. A similar problem arises, while census tracts are small, they are

split by district lines for the state congress. Again I utilize the “LandScan” method

above to further disaggregate census tracts. I am left with total internet connections
40This product was made utilizing the LandScan 2000-2017™ High Resolution global Pop-

ulation Data Set copyrighted by UT-Battelle, LLC, operator of Oak Ridge National Lab-
oratory under Contract No. DE-AC05-00OR22725 with the United States Department of
Energy. The United States Government has certain rights in this Data Set. Neither UT-
BATTELLE, LLC nor the United States Department of Energy, nor any of their employees,
makes any warranty, express or implied, or assumes any legal liability or responsibility for
the accuracy, completeness, or usefulness of the data set.

41A survey published in 2011, Smith (2011), showed that in 2002 only 7% of respondents
got their political news from the internet compared to 24% in 2010. A more recent survey
in 2016, Mitchell et al. (2016), showed that 38% of respondents got their news (not only
political) from the internet. Furthermore, the majority respondents under 49 stated internet
was their main source of news.
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in every county-district tuple, i(c, d) from 2009-2017. This allows me to construct two

additional measures of information:

1. Total internet connections provided in a county

ic =
∑
d

n(c, d) . (1.18)

2. Share of total district internet connections in a county

share connectionsc =
∑
d∈c

i(c, d)

i(d)
. (1.19)

1.4.5 Census Data

After controlling for the damage and infrastructure a county that is more “vulnerable”

will value relief spending more. To control for vulnerability I utilize census data.42

I include unemployment rate, poverty rate, income per capita, children per capita,

% of population >65 years old, % of population living in an urban area, and %

of population that is white. The more roads present in a county may attract more

spending (i.e. more required debris removal and/or road repairs). To control for the

amount of roads within a county I utilized the TIGER/Line Files produced annually

by the Census Bureau from 2010-2017. Every year since 2010 the Census provides a

shapefile for each county that maps all roads. I construct two measures using these

data, 1) the total length of road per county and 2) the average road density within a

county.43

42In order to minimize the measurement error in county-level variables, and because a lot
of the variables I will use do not vary much over time, I chose to utilize the Census’ trailing
5-year estimates.

43The average density is measured by applying the ArcGIS density function to each county
shapefile, then averaging the resulting pixels that fall within the border of each county.
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1.4.6 Descriptive statistics

A quick inspection of the data is in order. Table 1.1 provides the means and standard

deviations of the variables used in the following analysis. To be included in the full

sample a county must be within a state in which a disaster is declared. Column 2 (3)

is the subset of counties that received a non-zero (zero) amount of emergency PA from

FEMA. The final column represents the difference in means from columns 2 and 3 after

removing state-storm means. The only variables that exhibit statistically significant

differences at the conventional 1% level after accounting for state by storm means

are the average rainfall and maximum wind-speed, whereby counties that received

non-zero sums of Public Assistance also experienced more rain and higher winds.

1.5 Empirical Strategy

The model presented in section B.0.1 gave two clear empirical predictions that can

be taken to the data. To remind the reader, the first prediction can be summarized

by the following equation:

ln(qcjk) = β1ln
(
Ψcjk

)
+ β2ln(ncjk) + θXcjk + ιjk + ϵcjk (1.20)

where Ψcjk is the average relative share of district’s turnout that intersects a county, c,

in the three previous state j elections prior to storm k. This is an arbitrary cut off that

is meant to average out any idiosyncrasies of elections and get a more proper estimate

of a counties true turnout. Let the county level controls listed in table 1.2 be contained

in Xcjk, a vector of controls that describe a counties’ demographics, infrastructure,

damage received, swingness in previous elections, and how informed the voters are.

Again, state-storm fixed effects are included, so that the variation between counties

within a state after a storm is used to identify the model parameters.
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Table 1.1: Descriptive statistics

(1) (2) (3) (4)
Variable Counties in State Hit by Storm Received PA No PA Diff

Total share of district turnout 1.54 1.75 1.47 0.05
(3.02) (3.11) (2.99) (0.14)

Turnout rate for Gov. 0.41 0.39 0.41 0.00
(0.22) (0.20) (0.23) (0.01)

Population (10K) 13.67 16.32 12.80 1.22
(38.02) (42.56) (36.35) (2.20)

Poverty Rate 0.17 0.17 0.17 -0.00
(0.06) (0.06) (0.06) (0.00)

% unemployed 8.28 8.45 8.23 0.03
(3.10) (2.99) (3.13) (0.12)

Income per cap. ($10K) 2.52 2.55 2.51 0.04
(0.61) (0.64) (0.60) (0.03)

Median value of house ($10K) 12.88 14.47 12.34 0.85**
(8.99) (9.72) (8.67) (0.42)

Median value of mobile home ($10K) 4.31 4.62 4.21 0.09
(2.66) (2.91) (2.57) (0.08)

% >65 years old 15.52 15.50 15.52 -0.12
(4.32) (4.45) (4.28) (0.18)

Children per cap. 0.21 0.21 0.21 -0.00
(0.04) (0.04) (0.04) (0.00)

% >2 years college 28.60 27.74 28.89 0.45
(10.94) (11.06) (10.89) (0.27)

Internet conn. per cap. 0.23 0.25 0.23 0.00
(0.09) (0.09) (0.09) (0.00)

% White 80.10 77.27 81.06 -0.99
(16.16) (17.07) (15.73) (0.86)

% living in urban area 45.86 49.54 44.65 2.13
(31.06) (31.11) (30.96) (1.44)

Average rainfall (mm) 86.31 142.05 67.46 69.41***
(84.24) (101.82) (67.67) (9.26)

Max wind speed (m/s) 7.84 16.50 4.93 6.52***
(11.63) (16.44) (7.49) (1.06)

Avg. % Imperviousness 2.35 2.61 2.27 -0.19
(6.61) (6.03) (6.79) (0.31)

Observations 11,316 2,842 8,463 11,316

Note. (1) Mean and standard deviation of variables in the full sample of all counties
in a state hit by a major storm. (2) Counties that received non-zero emergency Public
Assistance (PA) from FEMA. (3) Counties that did not received emergency PA. (4)
Difference in means using state-storm fixed effects, robust standard errors clustered at
the state-storm level.
*** p<0.01, ** p<0.05, * p<0.1
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The second specification provided by the model can be written as:

ln(qcjk) = β3ln(Rcjk) + β4ln
(
Ψcjk

)
+ β5ln(ncjk) + θXcjk + ιjk + ϵcjk (1.21)

where Rcjk is the number of representatives of county, c, in state j after storm k, and

Ψcjk = 1
Rcjk

Ψcjk can be thought of as the average turnout share of a county.44 The

remaining terms are all identical to those described in equation (1.20). The appeal of

this regression is that the number of representatives in a county, Rcjk, is measured

with no measurement error. This specification also provides a stronger test of the

data in that it predicts β3 = β4 = ρ > 0. Both regressions can be estimated via OLS

with state-storm fixed effects to isolate potentially exogenous variation. However,

as with most OLS estimates one must worry that results are simply driven by some

omitted variable that is correlated in some systematic way with both the independent

and dependent variable. Additionally, classical measurement error could also bias

estimates towards zero by introducing noise to the underlying signal. In the following

subsections, I present solutions that control for three major types of bias, omitted

variables, measurement error, and selection.

1.5.1 Potential Omitted Variables and Measurement Error

A set of omitted variables that would provide the most credible threat to identification

would be unobserved county characteristics that are correlated with relief spending.

Imagine this as some geographic characteristic that makes a county more likely to

receive a marginal relief dollar. Figure 1.4 visually depicts this possible threat to
44Notice that this variable should be bound between 0 and 1, however because I am

dividing the average share of turnout across the previous three elections by the current
number of representatives a county who lost representatives can have an average turnout
share greater than 1. I also did the analysis using the maximum number of representatives
a county had historically (thus enforcing the bounds) and my results are not substantially
different.
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identification in the form of a directed acyclic graph (DAG). Notice that this time

invariant unobservable need not be correlated with relative turnout directly, however

it can influence it indirectly via relief spending in previous storms that may distort the

relative voting behavior. This potential channel of relief spending influencing voter

behavior has been discussed in the literature.45

qc,t−1 Ψc,t qc,t

Uc

corr(qc,Ψc)⪋0

Figure 1.4: Directed acyclic graph (DAG) of possible omitted variable Uc

that could bias estimates

To address this, I utilize the Census’ Citizen Voting Age Population (CVAP) Spe-

cial Tabulation.46 These estimates are available at the block group level and therefore

can be used to construct voting age population (VAP) at the county-district level.47

These county-district VAP measurements allow me to construct Ψcjk and Ψcjk in

equations (1.20) and (1.21) respectively. These new variables can be thought of as

instruments for the same variables constructed with turnout data, as they will not be

affected by past relief spending for two reasons: 1) VAP is less likely to be manipulated

by FEMA spending48 and 2) the VAP used is much more current than the turnout in

45See Healy and Malhotra (2009); Chen (2013); Reeves (2011).
46Accessed here https://www.census.gov/programs-surveys/decennial-census/

about/voting-rights/cvap.html
47While block groups are “split” by some district lines I utilize Landscan data to disag-

gregate split block groups VAP by population.
48This is assuming there is not some out or in migration that is caused by FEMA spending.

There has been some research by Strobl (2011); Deryugina (2017) that investigate the affect
hurricanes have on the demographic composition of US counties. Theses papers find weak or
no evidence that large intense storms have a substantial impact on the voting age population
in the short term.
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the previous three elections, thus less likely to be tainted by previous storms. Addi-

tionally, as described in Section 1.4 true measures turnout at the precinct level—

especially for state legislative races—are rife with inconsistencies caused by missing

returns, human error, and uncontested elections. Conversely, measurements of VAP

are highly accurate as they are crucial inputs for the drawing of districts at all levels of

government as well as numerous intergovernmental programs. Therefore, using VAP

as an instrument can be expected to cut through some of the measurement induced

noise, pushing us closer to the true estimates of the casual impact relative turnout

has on spending.

1.5.2 Sample Selection

The final source of potential bias I will discuss is that bias which is driven by sample

selection. After a President declares a major disaster, FEMA creates a list of eligible

counties. This selection process creates a possible sample selection problem.49 To

account for the sequential nature of the disaster declaration, I utilize Heckman’s two

step procedure for estimating consistent and unbiased estimates of determinants of

PA spending. Proper implementation of this strategy calls for excluded variables (i.e.

variables that show up in the first stage probit but not in the equation of interest).

Implementing this strategy requires me to first estimate the selection equation:

Fundcjk =


1 if d∗cjk > 0

0 otherwise

where d∗cjk = γZcjk + νcjk

where Zcjk is a vector containing all the regressors in equation (1.20) plus additional

variables that influence the selection of a county. I propose two excluded variables.
49Husted and Nickerson (2014) use a Heckman model to correct for the FEMA declaration

process at the federal to state level.
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First, I compute, for all counties being struck by at least two storms, the average

rate of success with respect to securing funding.50 Second, I create a binary vari-

able that indicates if heavy rainfall occurred within a county during a storm that

triggered a disaster declaration. I define any rainfall total over 89 mm to be consid-

ered heavy. Although this threshold can vary from 50-125 mm without the results

changing substantially. This definition comes from Meixco’s Fund for Natural Disas-

ters (FONDEN). While developed for Mexico, most of the storms in my sample occur

in the southeastern region of the United States which shares the Gulf of Mexico Basin

with Mexico. I got this rule from Valle et al. (2018) who utilizes this exogenous cutoff

in a regression discontinuity design, to study the economic impact of disaster aid. All

results that are presented in the main text use the latter excluded variable as it does

not drop any observations.51 The results using the former are substantially the same

and are presented in Appendix A.0.3 for reference. After obtaining estimates of γ by

Probit, one is able to construct an estimate of the inverse mills ratio λ̂ and insert it

into the original regression equation as a control for the latent selection process:

ln(qcjk) = β1ln
(
Ψcjk

)
+ β2ln(ncjk) + µλ̂cjk + θXcjk + ιjk + ucjk . (1.22)

1.5.3 Preferred Specification

To control for the sample selection and potential endogeneity caused by temporal

omitted variables I will follow an estimation procedure similar to the one put forth

in Semykina and Wooldridge (2010). The procedure has a few requirements: 1) Z1, a

50A county is struck if it is within a state where a disaster is declared and it receives
non-zero rainfall and/or wind gusts over 10 m

s . A county is successful if it is struck by a
storm and then receives non-zero funding.

51The former excluded variable drops earlier storms due to lack of information on previous
success.
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variable that affects the selection equation but not the marginal relief dollar52; 2) Z2,

a valid instrument for a counties relative share of historic turnout. In the following

outline of the procedure let X and ιjk be a vector of control variables and state-storm

fixed effects respectively.

Procedure:

1. Estimate the following Probit model for each storm-state event that contains

selection:53

Pr(Fundc = 1) = Φ
(
βΨc + γZ1c + ξZ2c + θXc

)
.

2. Construct the inverse mills ratio, λ̂, using the estimates from the Probit model:

λ̂ =
ϕ
(
β̂Ψcjk + γ̂Z1cjk + ξ̂Z2cjk + θ̂Xcjk + ˆιjk

)
1− Φ

(
β̂Ψcjk + γ̂Z1cjk + ξ̂Z2cjk + θ̂Xcjk + ˆιjk

) .

3. Run a two stage least squares regression, that includes λ̂ as a control, using Z2

as an instrument for the relative share of turnout:

ln(qcjk) = β1ln
(
Ψ̂cjk

)
+ β2ln(ncjk) + µλ̂cjk + θXcjk + ιjk + ϵcjk . (2nd Stage)

1.6 Results

Before looking at any effect of political variables it is important to discuss patterns

in spending with respect to demographics, infrastructure, and perhaps most impor-

tantly damage. Table 1.2 presents OLS estimates from regressing FEMA spending on

a litany of regressors representing a counties demographics and infrastructure, as well
52This is not necessarily a requirement, as the inverse mills ratio is technically a nonlinear

function, however it is approximately linear in its range.
53I define selection as state-storm pairs that pass two conditions: 1) Not all counties are

granted eligibility (i.e. there is variation in the dependent variable) and 2) The selection is
not perfectly predicted by the excluded variable (i.e. selection is exogenous).
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as exogenous measures of damage inflicted by a storm. The state-storm fixed effects

restrict us to focus on variation between a specific state’s counties within a single

storm. Before moving on I would like to highlight a few significant results from these

regressions. Specifically the positive, and statistically significant, coefficients in front

of measures of damage (wind speed, average rainfall, and distance from coast) and

measures of infrastructure (average imperviousness, length of road, historic buildings

and “urbanness”). I take these patterns as supporting evidence that the selected con-

trols are appropriate, and that the underlying data is valid. These patterns are also

supported by in Table 1.1 in Section 1.4.6, which shows that selection into the sample

of funded counties is also mainly driven by proxies of damage (e.g. wind speed and

rainfall).

The rest of this section will present the results produced by implementing the

empirical strategy described in Section 2.4. An examination of three placebo tests

will then be presented as robustness checks of the main results. The last subsection

will conclude with a comparison of the results with results derived from changing the

objective function of the political party from maximizing number of congressional

seats to reelection of an incumbent governor (a la Strömberg (2004a)).

The first column of Tables 1.3 and 1.4 present OLS estimates of the two predictions

produced by the first order conditions of the modeled incumbent political party. It is

encouraging that the estimates in front of of the total share of turnout, Ψ are positive

and lie between 0 and 1 as the model predicts. The set of estimates presented in

the second column in both Tables controls for possible selection, by modeling the

selection equation for each state-storm event. The coefficient in front of the Inverse

Mills Ratio is not significantly different from zero, this coefficient is a direct test on

the correlation between the error terms in the selection and outcome equations.
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Table 1.2: Correlation with stated goals

(1) (2) (3)
VARIABLES PA (Em.) PA (Perm.) IA

Max wind speed (log) 2.23*** 1.17** 1.98***
Average Rainfall (log) 0.24** 0.84*** 0.56***
Km to coast (log) -0.88*** -1.25*** -0.63**
Total Length of Road (log) 0.49*** 0.68*** 0.72***

# Historic Bldgs. (log) 0.09*** 0.08*** -0.00
Avg. % Imperviousness 2.72*** 2.06 1.36
Children per cap (log) 0.29 -0.39 -0.49
Poverty Rate 0.55 -0.84 -2.08
Income per cap (log) 0.49 0.62 -0.77

% > 65 -1.12 -1.20 -1.60
Unemployment Rate 2.22 1.03 5.98**

% White 0.34 0.66 -1.53

% Pop. in Urban Area 1.76*** 0.98*** 0.75***
Median Value of Housing (log) 0.08 -0.30 0.08
Median Value of Mobile Housing (log) 0.10 -0.06 -0.03
Number of Internet Conn. (log) 0.14 -0.03 0.21

% of DMA in county 0.68* 0.85** 1.19**
College Edu. 0.93 0.47 1.35

Observations 2,850 2,536 1,505
R2 0.64 0.52 0.58
State-Storm FE ✓ ✓ ✓

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Note. Dependent variable is the natural logarithm of FEMA aid category listed at the
top of the column adjusted to 2012 USD in the Northeast region of the US.

The third columns represent the results from a two stage least squares regression

where I utilize the sum of the share of each districts voting age population that crosses

a counties border as an instrument. The coefficient in front of the instrument is 0.86

and highly significant. The coefficient in front of the relative share of turnout jumps
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considerably from 0.17 to 0.93. While this jump is significant, it still falls within the

bounds prescribed by the model. With this considerable of a change in the coefficient

of interest, some discussion is in order. As already discussed in section 1.5.1 the

voting age population in the current year is much less sensitive to previous county-

level spending on emergency assistance. If the structure of figure 1.4 is what is driving

this substantial change in the point estimates and one assumes that corr(qc, Uc) > 0

(thus attenuating the positive point estimate), then the sign of corr(qc,Ψc) must be

negative. This relationship could be rationalized by results illustrated in Chen (2013)

whereby relief spending can affect turnout depending on partisanship of the voters.

Another, albeit simpler, explanation of this large positive shift could be classical

measurement error, which would cause attenuation bias. State election data contains

missing precincts, imputation errors, and inconsistencies that voting age population

data does not. Moreover, the relative share of turnout is constructed using the previous

three elections, adding a temporal dimension to the measurement error, that is not

present in the contemporaneously measured census estimates of voting age population.

The relative share of turnout is a function of multiple measurements of turnout all

with varying degrees of uncertainty. Therefore, the total measurement error will be a

monotonically increasing function of the number of individual measurements used in

its calculation. For example, imagine a county, x, shares two districts, (d1, d2), with

other neighboring counties. Relative turnout, Ψ, can be calculated as:

Ψc =
T (x, d1)∑
c∈d1 T (c, d1)

+
T (x, d2)∑
c∈d2 T (c, d2)

(1.23)

where T (c, d) represents turnout in county c that contributes to the election in district

d. Assuming all measurement errors are uncorrelated we can find the uncertainty in

Ψ with respect to uncertainty in all of the measurements of turnout T ().
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∆Ψc

Ψc

=
∑
d

[
∆T (x, d)

T (x, d)
+

∑
c∈d ∆T (c, d)∑
c∈d T (c, d)

]
(1.24)

From equation 1.24 it is easy to see that expectations one builds about measurement

error regarding turnout of individual county-districts pairs should be amplified when

discussing measurement error of the relative share of turnout Ψ.

The last column represents results that fully account for the possible bias intro-

duced by selection, potential omitted variables, and measurement error. The results

do not differ substantially from the estimates produced in the third column, again

suggesting that selection bias is not present within my sample.

The results in Table 1.4 require further discussion. These regressions impose a

stronger test of the theoretical model because the model requires that the coefficient

in front of the average share of turnout and number of representatives be an estimate

of the same parameter. The F-stat reported at the bottom of each column is the result

of a Wald test that β1 = β2. The emergency spending portion of the PA program

provides statistically significant estimates of ρ that are similar in magnitude to the

estimate in the previous regression. However, the coefficient in front of the number

of representatives is significantly larger54 than the coefficient in front of the average

relative share of turnout. This difference maybe explained by classical measurement

error in the average relative turnout.55

1.6.1 Robustness Checks

To give further credence to the results reported in the previous section, a series

of placebo tests will be presented. Recall that the IA program spending is driven
54This is true at the 5% level but not the 1% level.
55Assuming that corr(Ψ, R) < 0 and that all other controls are exogenous and uncor-

related with Ψ and R, then the measurement error in Ψ will attenuate β1 and β2. See
multivariate section in Pischke (2007).
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Table 1.3: Results from first empirical specification

(1) (2) (3) (4)
VARIABLES OLS Heckman IV Heckman and IV

Total Share of Turnout (log) 0.17* 0.17* 0.93*** 0.95***
(0.10) (0.09) (0.31) (0.34)

Population (log) 0.45*** 0.45*** -0.21 -0.22
(0.14) (0.12) (0.30) (0.33)

Inverse Mills Ratio -0.06 -0.11
(0.13) (0.13)

Observations 2,842 2,842 2,842 2,842
R2 0.66 0.66 0.46 0.46
State-Storm FE ✓ ✓ ✓ ✓

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Note. Dependent variable is the natural logarithm of FEMA aid category listed at the top
of the column adjusted to 2012 USD in the Northeast region of the US. Swing controls
include the coefficient of variation of previous three elections, how close on average the
democratic vote share is to 50%. Information controls include variables on % of county
with at least an associates degree, % of a media market living in a county, % of the
counties media market that lives in the same state as the county, and the number of
internet connections per capita in a county. Controls for damage, infrastructure, and
demographics can be found in the appendix in Table A.3.

by citizens submitting applications that are then approved by federal inspectors.

Conversely, the PA program application process is a collaborative effort between state

and local governments and susceptible to political influences. The PA program can be

split into two broad categories: 1) emergency spending that helps the local government

immediately respond to the disaster damage and 2) longer term permanent spending

that is used to repair (but not upgrade) existing infrastructure. Therefore, in the

following regressions the IA and permanent portion of PA spending will be presented

as placebo tests. The first placebo test is simply replacing the salient emergency

spending from the PA program with either 1) spending from the IA program or 2)

spending from the longer term component of the PA. The model predictions should

36



Table 1.4: Results from first empirical specification

(1) (2) (3) (4)
VARIABLES OLS Heckman IV Heckman and IV

Avg. Share of Turnout (log) 0.14 0.14 0.85*** 0.86**
(0.10) (0.09) (0.31) (0.34)

Number of Reps. (log) 0.43*** 0.43*** 1.09*** 1.11***
(0.14) (0.11) (0.28) (0.31)

Population (log) 0.38*** -0.21 -0.23
(0.14) (0.29) (0.32)

Inverse Mills Ratio -0.06 -0.12
(0.13) (0.13)

Observations 2,842 2,842 2,842
R2 0.66 0.66 0.47 0.46
State-Storm FE ✓ ✓ ✓ ✓

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Note. Dependent variable is the natural logarithm of FEMA aid category listed at the top
of the column adjusted to 2012 USD in the Northeast region of the US. Swing controls
include the coefficient of variation of previous three elections, how close on average the
democratic vote share is to 50%. Information controls include variables on % of county
with at least an associates degree, % of a media market living in a county, % of the
counties media market that lives in the same state as the county, and the number of
internet connections per capita in a county. Controls for damage, infrastructure, and
demographics can be found in the appendix in Table A.4.

not hold strongly for either program because 1) the state government should not have

influence of IA spending and 2) incumbent political parties correctly expect that

voters are unable to attribute long term spending to them and therefore do not use

it to influence future elections. These results are presented in Table 1.5.

The first column is for reference and is identical to the last column in Table 1.3.

The second column represents the same model and sample as in the first column

but replaces the emergency spending of the PA program with the less salient long

term PA spending. It is noteworthy that the coefficient of interest is small and very

imprecisely estimated. Also, the R2 drops significantly implying the model does a
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Table 1.5: Results from placebo tests

(1) (2) (3) (4) (5)
VARIABLES PA Em. PA Perm. PA Em. IA Placebo Map

Total Share of Turnout (log) 0.01
(0.05)

Number of Reps. (log) 0.31***
(0.09)

Population (log) -0.22 0.18 -0.58 0.38 0.50***
(0.33) (0.43) (0.52) (0.56) (0.09)

Inverse Mills Ratio -0.11 -0.21 0.01 -0.09 -0.16
(0.13) (0.16) (0.20) (0.36) (0.14)

Total Share of Turnout (log) 0.95*** 0.25 1.29** 0.26
(0.34) (0.47) (0.53) (0.57)

Observations 2,842 2,526 2,023 1,459 2,842
R2 0.46 0.28 0.48 0.41 0.66
State-Storm FE ✓ ✓ ✓ ✓ ✓

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Note. Dependent variable is the natural logarithm of FEMA aid category listed at the top
of the column adjusted to 2012 USD in the Northeast region of the US. Swing controls
include the coefficient of variation of previous three elections, how close on average the
democratic vote share is to 50%. Information controls include variables on % of county
with at least an associates degree, % of a media market living in a county, % of the
counties media market that lives in the same state as the county, and the number of
internet connections per capita in a county. Controls for damage, infrastructure, and
demographics can be found in the appendix in Table A.5.

poor job at explaining variation in the long term permanent spending component of

the PA program.

The third and fourth columns represent regressions run on state-storm events

where both the IA and PA programs were activated. As can be seen the coefficient of

interest is dramatically larger when using the emergency spending instead of the IA

spending. The way in which the political parties interact with the three programs may

provide reasons for these results. To begin, IA spending goes directly from the federal

38



government to individual applicants and therefore state-level political parties influence

is lessened. As per the FEMA PA program fact sheet:56 “Recipients are responsible

for managing the funds obligated to them by FEMA, including disbursement to appli-

cants.” Where “recipients” are states and “applicants” are local governments or private

non-profit entities. Therefore, in the context of PA spending state-level politics are

able to influence the flow of spending to counties. The last, more nuanced, point to

be made is the justification for splitting the PA spending into short-term emergency

spending and longer-term permanent spending. To begin, the longer term spending

is used to repair roads, bridges, utilities, and parks. Also, in a country as wealthy

as the United States none of these facilities would be allowed to remain in disrepair

and therefore variation in this spending should be mostly explained by the damage

and infrastructure of a county. In addition, these longer term projects may take up

to 18 months to complete. Longer time horizons may detract from voters ability to

attribute credit for these projects. Rational and sophisticated political parties should

realize both of these issues of salience, and thus not manipulate longer term spending.

The last placebo test is a simple check that spatial clustering is not driving the

results. Said another way, passing the following test should help reduce the possibility

that the results are simply some artifact of physical geography. To construct this

test, I must first identify what counties share a border. The Census Bureau provides

a county-level “adjacency” matrix57 that lists all geographic neighbors of a county.

Using this, I find the share of literal “neighboring” turnout a county contains. This

measure can be understood as a similar variable to the average shares, Ψ, used in
56Accessed here:

https://www.fema.gov/media-library-data/1534520705607-3c8e6422a44db5de4885b516b183b7ce/
PublicAssistanceFactSheetJune2017_Updated2018.pdf

57Accessed here:
https://www.census.gov/geographies/reference-files/2010/geo/
county-adjacency.html
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equation 1.21. The results of these placebo tests can be found in Table 1.5 column

five. As with all the previous placebo tests, the estimates are not consistent with

the model, implying that the main results are not driven by a spatial clustering of

turnout, but in fact the political geography. To further test for spatial correlations,

I perform a global Moran’s I test on my residuals. The basic idea behind this test is

to see if a counties residual58 can be predicted by the mean residuals of neighboring

counties.59 This index can vary from 1 (strong clustering) to -1 (strong dispersion),

for all the main specifications (regressions using emergency component of PA in both

Tables 1.3 and 1.4) the Moran’s I index ranges from 0.22-0.25 indicating a low amount

of clustering.

1.6.2 Comparison to Strömberg (2004a)

Strömberg (2004a) studied transfers under the Federal Emergency Relief Administra-

tion (FERA). In the probabilistic voting model employed by the paper, the Governor

is assumed to be the political actor of interest. The prediction of the model is that the

incumbent Governor will target counties where the marginal dollar returns the highest

number of voters. These counties have higher turnout rates, are better informed, and

have a larger share of “swing” voters. Strömberg supports these model predictions

with a detailed empirical analysis, that utilizes geographic features that affect radio

reception as an instrument for voter information. In this study, it is assumed that the

ruling political party derives utility solely from gaining seats in the state legislature.

However, a more realistic model would allow for a gain in party utility from winning

the Gubernatorial election as well. A simple approach would be to assume that some

linear combination of objective functions in this paper and Strömberg (2004a).

58For counties hit multiple times, I take the average residual.
59I define neighbors as any county that shares a node (this includes counties that share

an edge or corner).
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max
qc

α
∑
d

pd + γpg (1.25)

s.t.
∑
c

qc ≤ y

Where α and γ are weights on winning congressional and Gubernatorial elections

respectively. While a full exploration of this model is beyond the scope of this article,

and left to future work, a preliminary analysis is presented here. To begin I collect

county-level Gubernatorial election returns for the study period from Press (2010). I

then construct for each county in my sample the average turnout over the previous 3

Gubernatorial elections. I then divided this by the voting age population the year of

the storm to get the turnout rate of the county. As in Strömberg (2004b) I include

proxies for information60 and swing voters61 as well as all the demographics, controls

for damage, and infrastructure included in all the previous regressions in the paper.

The results for this regression are presented in Table 1.6.

The first two columns are simply a comparison, over the entire sample, of the

separate model predictions assuming that the objective function is focused on maxi-

mizing congressional seats or gubernatorial reelection, respectively. Column three is

a simple horse race between relative turnout and average turnout. As suggested in

equation 1.25 a ruling political party may place different weights on the congressional

and gubernatorial elections. I assume that parties that have “lame duck”62 Governor’s

will not focus on targeting money to maximize Gubernatorial reelection but instead

shift attention to maximizing the party representation in the lower house of the state
60Specifically, I included the percentage of the county with at least an Associates degree,

the share of a media market living in a county, and the number of internet connections per
capita.

61To control for the presences of swing voters I include the coefficient of variation of
turnout in the previous three elections and the average distance from 50-50 between the top
two parties.

62Incumbent Governors that will not participate in the next election.
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congress.63 This would be equivalent to setting γ = 0 in equation 1.25. Columns (4)-

(7) show the results of simply running the regressions from the first two columns over

the sub-sample of states that have a lame duck Governor versus those that have a

Governor that will run for reelection in the future. Over the lame duck sub-sample

the empirical evidence supports the model of maximizing congressional representation

and rejects the model of Gubernatorial reelection, whereas the exact opposite is true

when the Governor in office during the storm is running for office in the future. Unfor-

tunately, most of the coefficients in front of the information and swingness variables

are not estimated precisely enough to make any substantive claims. This preliminary

results suggest that further investigation into this model is warranted in future work.

1.7 Conclusion

As this current paper is closely related to Stashko (2021) it is important to compare

and contrast the current results. Due to a different empirical setting Stashko (2021)

does not use VAP as an instrument but instead uses it as an alternative proxy for

relative vote share. Similarly, estimates using VAP are farther from zero than those

obtained using election results directly. The OLS estimate of 0.15, using election data,

are strikingly similar to those reported in this paper 0.17. However, Stashko (2021)

reports only a modest increase in the estimate to 0.26 when using VAP instead, while

my estimates increases to 0.95. There are a few possible reasons for this rather large

discrepancy. To begin,the underlying transfers being studied are different. Stashko

(2021) uses intergovernmental transfers from the state to local government which are

predominantly used for funding education, while not reported it can be assumed that

this spending is not highly volatile and therefore a large component may simple follow
63Here I assume that voter’s attribute FEMA aid to the candidate. Therefore any credit

received by a lame duck is essentially “wasted”.
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a “status quo” rule determined by generations of politicians from all political parties.

One of the attractive features of this study is that the funding decisions are made

by the party in power at the time of the storm. If one thinks of the “status quo”

component of spending as being some type of measurement error then it makes sense

that the estimates from Stashko (2021) are closer to zero than those found in this

paper.

This paper has presented a set of results that provide strong evidence that dis-

trict maps can have a large influence on FEMA emergency spending. The preferred

estimated coefficients in front of the relative share of turnout range from 0.86-0.95.

To put a rough dollar amount on these estimates imagine a county that is receiving

the median relief aid of $142,509.60. If this county’s share of turnout increased by 1.4

(this is the difference between the 25th and 75th percentiles of relative turnout in my

sample) from either receiving more districts, having an increased turnout rate, or both,

it would see an increase of $160,751-$177,567 in FEMA emergency aid. These num-

bers may not seem large, however when one takes into account this aid is specifically

used for emergency services in the days following the storm, and that the median

population of a county in my sample is 46,000 an extra $150,000 from the federal

government can go a long way in providing essential services that have a tremendous

impact on citizens. For context, a 2020 report64 from the National Highway Traffic

Safety Administration’s Office of Emergency Medical Services (EMS) estimated that

per capita spending65 on EMS services totaled $1.60. In the above example, a rea-

sonable increase in relative vote share increased total spending for the median county

(using median aid and median population) by roughly $3 per capita. This paper

64Accessed on 8/7/2020 here: https://www.ems.gov/pdf/2020_National_EMS_
Assessment.pdf

65To get this I added state and federal funding numbers and divided by the 2019 Census
estimated population of states that had data on both state and federal funding.
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also presents suggestive evidence that political parties are sophisticated enough to

shift focus from lame duck Governor’s and focus on maximizing congressional seats.

Future work must be done to model the interaction between different branches of

state government as political parties fight to maximize their influence at every level

of government.

As the climate warms, the scientific community has warned that storms will

increase in intensity, putting a larger fraction of the population at risk. As discussed

in Stashko (2021) border mismatch is present in every state and is worse where ger-

rymandering is more extreme. Looking forward, as we approach another round of

redistricting in 2022, policy makers must take into account the incentives they create

when drawing new maps. This paper contributes to a growing literature that shows

it is not simply “one person one vote”.
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Chapter 2

It’s Always Sunny in Politics

2.1 Introduction

Elections are crucial mechanisms in any healthy democracy. They aggregate votes

and allow citizens to express their preferences for policies via selection of candidates.

A desirable property of elections is that they should not be influenced by forces that

reveal no information about the quality of candidate. However, there exists ample evi-

dence, both anecdotal and empirical, that weather on election day plays an important

role in voter’s decisions.1 For example, while most likely overstated, torrential rain-

fall in England was blamed for the Brexit outcome in 2016. Additionally, the general

public in the United States devotes a substantial amount of resources into tracking

election day weather. Up until now, precipitation has been the focus of all empirical

inquiry into the impact of weather on election day behavior. This paper is the first,

to our knowledge, to incorporate continuous measures of solar radiation (sunshine)

as an important dimension by which weather interacts with voters’ decisions during

election day. We disentangle the independent impacts of election day precipitation

and sunshine on turnout and candidate vote shares.

Our analysis utilizes novel data that includes continuous physical measures of

precipitation and solar radiation linked to county level Presidential election results
1Weather has also been shown to impact decision making in numerous other settings,

such as conflict (Miguel and Satyanath, 2011; Theisen, 2012), migration (Kim, 2019), and
crime (Ranson, 2014) to name only a few. See Mellon (2021) for a categorization of 279
studies that utilize rainfall to study economic phenomena.
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from 1948-2016. This long time series allows us to isolate plausibly exogenous variation

by using county and election year fixed effects. Our main result is that sunshine,

not precipitation, has a substantial impact on a candidate’s vote share. Specifically,

increasing sunshine from 1 standard deviation (std) below the mean to 1 std above

the mean, results in Republicans vote share decreasing by 2.8% relative to their

Democratic opponent. Conversely, moving precipitation in the same manner has no

detectable impact on vote shares. Additionally, we find that increases in sunshine from

1 std below the mean to 1 std above the mean depresses turnout by approximately 1%.

Coincidentally, we also find the same 1% effect on turnout when moving precipitation

in the same way. Therefore, if we assume that all of the people deterred from voting

by the increase in sunshine are Republicans there is still a 1.8% Democratic advantage

that is unaccounted for. This 1.8% could be the result of two types of voter response

to sunshine exposure: 1) changes in candidate choice and/or 2) changes in turnout

decisions. In order for the latter to generate our results sunshine would need to deter

Republican voters from turning out while simultaneously convincing a subset of non-

voters to turn out for the Democratic candidate.2 While the former is admittedly less

intuitive, Blais (2004) documents that 4% of voters surveyed changed their vote on

election day from one party to another. Without high quality individual data it is

impossible to completely identify which scenario is driving the shift in vote shares that

we observe. However, as we will discuss in detail later, both stories can be supported by

our proposed mechanism, whereby all potential voters find the Democratic candidate

more attractive as a result of being exposed to an increase in sunshine.
2This would be a similar result documented in Chen (2013), whereby disaster aid from

Republican politicians increased Republican turnout while simultaneously decreasing Demo-
cratic turnout.
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To convince ourselves that our results are not driven by spurious correlations in our

data we use randomization inference.3 We also ensure that no single state nor election

year drive our main findings by re-running our main analysis numerous times while

independently leaving out each election and state from our sample. Additionally, we

probe the heterogeneity in the effect sunshine and precipitation have along important

dimensions. For example, we find that counties with a higher fraction of undecided

(or weakly partisan) voters tend to be more influenced by weather. Additionally, we

find that as elections get more competitive the impacts of weather are diminished.4

After establishing our main set of results, we turn to uncovering the potential

mechanisms at play. Specifically, we focus on whether voters favor riskier candidates

due to an increase in risk tolerance caused by elevated mood. This mechanism was

suggested by Horiuchi and Kang (2018) and confirmed experimentally by Bassi et al.

(2013); Bassi (2019). To test empirically, we leverage exposure to election day sunshine

as a way to isolate exogenous variation in mood. We then re-run our main regressions

after re-labeling candidate’s as either “safe” or “risky” based on multiple observed

dimensions.5 In every regression we find that sunshine has a considerable negative

impact on the vote shares of the safer candidate. To better understand these results

we build a simple pivotal voter model which features two candidates distinguishable

only by the risk profile of their platform. This model generates predictions that are
3Recent papers have called into question results similar to ours. For example, in Fowler

and Pablo Montagnes (2015) and Fowler and Hall (2018) the following well-known papers:
Healy et al. (2010), documenting the electoral impacts of college football outcomes and
Achen and Bartels (2004), showing shark attacks harmed incumbent support, were shown
to not withstand basic robustness tests.

4Similar to results from Fraga and Hersh (2011), who show that rainfall only impacts
turnout in noncompetitive elections.

5We use a candidates incumbency status, relative age, and prior experience as proxies
for risk.
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coherent with our proposed mechanism, as well as some additional predictions that

we also confirm with our data.6

We see our contributions to the extant literature as follows. To begin, we document

how precipitation and sunshine impact electoral outcomes. Our results inform poli-

cies aimed at voter turnout both explicitly, and perhaps more importantly implicitly.

Explicitly one has to consider weather as a multi-dimensional object that can frus-

trate or exacerbate policy effectiveness. For example, the impact of making election-

day a holiday on turnout could be modulated by election-day weather. Kang (2019)

shows that in Korea—where elections day are holidays—a good weather day decreases

turnout by increasing the opportunity cost to voting.7 Implicitly, our results signal

that while increasing explicit costs to vote via precipitation lowers turnout, it has no

detectable partisan benefit.8 Until now, results from Gomez et al. (2007) and Hori-

uchi and Kang (2018) imply that reducing the potential cost imposed by election day

weather would benefit Democrats. Our results suggest that reducing costs to voting—

in the context of weather—does not confer partisan benefits. Vote by mail (VBM) is

a policy that has received much attention in the United States, especially after the

2020 election.9 With some extrapolation our results suggest that the lowering of costs

by VBM may not benefit one party.
6To be specific we find empirical support for theoretical predictions about how turnout

should be impacted by risk shocks conditional on which candidate is considered the a priori
favorite.

7We also find weak evidence that increased sunshine depresses turnout in the US, where
elections are held during normal working days.

8See Yoder et al. (2021) for a similar result showing that benefits offered by absentee
ballots do not necessarily have a partisan bias.

9Most of the attention has been focused on the perceived partisan bias in electoral benefits
gained by lowering the cost to vote (Bagwe et al., 2020), as well as claims of fraud (Wu et al.,
2020; Eggers et al., 2021).
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We also contribute to the literature that uses precipitation as an instrument for

turnout.10 We show that without controlling for sunshine separately, precipitation acts

as an imperfect proxy for sunshine. Our main results document a strong impact of

sunshine on vote shares, a direct violation of the exclusion restriction.11 However, after

controlling for sunshine we find that precipitations impact on vote shares disappears,

thus (potentially) restoring confidence in using rainfall as an instrument for turnout

only if sunshine is included as a control. We believe more empirical work in this area

is warranted and leave it for future studies.

The rest of the paper is structured as follows. Section 2.2 briefly overviews the

extant literature that was used to motivate and inspire this work. Section 2.3 describes

the novel data that we use to test the model predictions. Section 2.4 outlines the

strategy used to get the estimates presented in Section 2.5. Lastly, Section 2.6 dis-

cusses the results and concludes.

2.2 Related Literature

Previous studies focusing on the United States document a strong partisan bias in

the benefits of precipitation. Gomez et al. (2007) find that “Republicans should pray

for rain” as an extra inch of rainfall on election day would depress turnout by 1 %

and increase the Republican’s vote share by 2.5%. Horiuchi and Kang (2018) further

investigate this result using a seemingly unrelated regression (SUR) framework and

similarly conclude that Republicans are better off when it rains. Additionally, Horiuchi

and Kang (2018) offer an empirical strategy that is able to decompose the increased

Republican vote share into turnout and “vote-shift” channels. The former is intuitive:
10See Hansford and Gomez (2010); Artés (2014); Lind (2019); Knack (1994); Lo Prete and

Revelli (2021); Persson et al. (2014); Keele and Morgan (2013); Gong and Rogers (2014).
11For an excellent review of the perils of using weather as instrument in numerous settings

see Mellon (2021)
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precipitation increases costs and deters potential voters in a partisan way.12 The latter

vote-shift channel is caused by voters being exposed to rain and changing their vote

from Democrat to Republican. Using the SUR framework, and adding sunshine as

a new explanatory variable, we show however that “vote-shift” results are entirely

driven by sunshine, not precipitation. Essentially, without controlling for sunshine,

rainfall behaves as a proxy for the sunshine effects on electoral outcomes.

We also draw upon, and contribute to, a current literature that is divided on how

a short run boost in mood should translate into the voting booth. We offer supporting

evidence for the strand of literature that shows that an increase in mood lowers risk

aversion and thus increases the safer candidate’s vote share.13 Conversely, there are

a considerable amount of papers documenting how events that boost mood correlate

with an increase in the safer candidate’s vote share.14 The mechanism implied by

these studies is that voters irrationally attribute increases in election-day mood to

the incumbent candidate, rewarding them at the polls. We do not completely rule

this mechanism out, but we find strong evidence that increase in mood (caused by

increased sunshine) lowers the vote share of safer candidates.15

12For example in the United States, a voter’s preferred party correlates with characteristics
that may also modulate how sensitive they are to a storm. A good example of this is the
fraction of a county supporting democratic candidates, which is strongly correlated with
how urban the county is.

13For example, recent articles have shown that in Switzerland (Meier et al., 2019) and
Britain (Leslie and Arı, 2018) decreases in weather quality lead to increase in support for
the status quo. As discussed earlier, Horiuchi and Kang (2018) show that incumbent support
increases with poor weather.

14Examples of this are found in settings where mood is modulated from home sports
team winnings (Healy et al. (2010); Busby et al. (2017)), shark attacks (Achen and Bartels,
2004), increased sunshine (Cohen, 2011) and winning the lottery (Bagues and Esteve-Volart,
2016). Note that Cohen (2011) looks at sunlight’s impact on Presidential approval ratings,
not electoral outcomes as in the current article.

15In fact, we find our main partisan results are stronger in elections where there is no
incumbent, suggesting that while both mechanisms may be present the former is dominant.
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The proposed mechanism hinges on existence of a strong relationship between

weather and mood. Data from the experiment ran in Bassi (2019)16 shows strong pos-

itive correlations between both self-reported and objective measures of good weather,

and elevated self-reported mood as well as increased positive affect (as measured

by responses to PANAS-X survey). There also exists a robust literature studying

weather’s impact on mood.17 The mood effect is likely driven by both biological and

psychological mechanisms. Medical studies on seasonal affective disorder (SAD) show

that sunlight stimulates biological processes that fight against depression and regu-

late stress. In the SAD literature the main biological change produced by sunlight

are the production of serotonin and melatonin. The former is a neurotransmitter that

exerts a calming effect on both the human body and the mind, and it has been linked

to clinical depression and bad moods (Williams et al., 2006). The latter regulates

circadian cycles, for example it instructs the body to relax at night. Since sunlight

affects both substances, it has been shown that exposure to real or artificial light for

only an hour a day can dramatically reduce SAD symptoms (Lambert et al., 2002),

even among those who are not depressed (Leppämäki et al., 2002). In the psycholog-

ical literature it has been proposed that mood temporarily predisposes individuals to

behave according to there affections. This literature proposes that sunlight can exert

a strong positive impact on mood, stimulating a positive attitude as well as optimism

about the future or current events. As stated in Cohen (2011) “mood influences indi-

viduals by altering our affective, cognitive, and behavioral responses to a wide array

of objects and events.”
16Accessed here: https://doi.org/10.7910/DVN/CVXOOS.
17See Øverland et al. (2019) for a review of the SAD literature.
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2.3 Data

2.3.1 Weather

To the best of our knowledge, this is the first paper to utilize pixel level weather

measurements to study weather’s impact on electoral outcomes. We extract daily

measurements of net shortwave radiation (sunshine), rainfall, and snowfall from the

underlying data used in the National Climate Assessment - Land Data Assimilation

System (NCA-LDAS)18 for any time from 1979-2016 and the Global Land Data Assim-

ilation System (GLDAS)19 for any time between 1948-1978. The data are provided

as a NetCDF, where each layer is an image with pixels that represent measurements

of each weather variable. The NCA-LDAS data has a spatial resolution of 0.125◦ by

0.125◦20 and the GLDAS has a spatial resolution of 0.25◦ by 0.25◦. We first extract

the layers that represent rainfall, snowfall, and net shortwave radiation and take the

average pixel values that fall within each county border as defined by the 2010 Census

county boundary geography.21 To simplify the presentation of results we create a total

precipitation variable as the sum of rain and snowfall, where we convert snow to liquid

equivalent accounting for surface temperature.

As it is a relatively novel measurement we now describe in more detail our mea-

surement of sunshine. The shortwave radiation data in NCA-LDAS are derived from
18Accessed using wget to bulk download from https://hydro1.gesdisc.eosdis.nasa.

gov/data/NCALDAS/NCALDAS_NOAH0125_D.2.0/.
19Accessed using wget to bulk download from https://hydro1.gesdisc.eosdis.nasa.

gov/data/GLDAS/GLDAS_NOAH025_M.2.0/.
20At the equator this equates to a 13.75 km by 13.75 km, smaller than almost all counties

in the US (exceptions being some independent cities).
21The only counties where measurement was not possible both occurred in Massachusetts.

Dukes and Nantucket counties are mostly islands, and are missing weather information.
Using population estimates from the 2010 Census these to counties combine for 0.4% of the
total population living in Massachusetts.

53

https://hydro1.gesdisc.eosdis.nasa.gov/data/NCALDAS/NCALDAS_NOAH0125_D.2.0/
https://hydro1.gesdisc.eosdis.nasa.gov/data/NCALDAS/NCALDAS_NOAH0125_D.2.0/
https://hydro1.gesdisc.eosdis.nasa.gov/data/GLDAS/GLDAS_NOAH025_M.2.0/
https://hydro1.gesdisc.eosdis.nasa.gov/data/GLDAS/GLDAS_NOAH025_M.2.0/


bias corrected measurements from Geostationary Operational Environmental Satel-

lites (GOES).22 These satellites “stare” down at the Earth and are therefore able

to provide high frequency measurements. The GOES use multiple spectral channels.

This is analogous to a camera having red, green, and blue (RGB) sensors to properly

capture images. However, sometimes there are obstacles (e.g. clouds) that prevent

the satellite from “seeing” the surface. The satellite is equipped with various spectral

channels which helps account for these potential obstacles and accurately compute the

downward shortwave radiation at the Earth’s surface. The GLDAS utilizes shortwave

radiation measurements from The Princeton Global Meteorological Forcing Dataset.23

We choose to use the former measurements when available because they come from

direct measurements whereas the latter derives values from a model and therefore

are less accurate. Shortwave radiation is defined as the radiant energy from the sun

with wavelengths above 0.1 µm and below 3 µm, or more naturally, shortwave radia-

tion is the visible, ultraviolet, and infrared radiation that is incident upon the Earth

from the Sun. One potential reason why sunshine has not received much attention

is that most of the available historical data measures sunshine in discrete bins (e.g.

clear, partly cloudy, etc.). When using these discrete measures researchers are unable

to include precipitation due to near perfect collinearity. As just described, our mea-

surements of sunshine are continuous, however there may still be some concern that

collinearity between our weather variables could cast doubt on the stability of our

results. Results from multiple diagnostic checks are presented in Appendix B.0.3 to

assuage these concerns.
22See Berg et al. (2003); Pinker et al. (2003)
23See Sheffield et al. (2006)
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2.3.2 Election

Election results were extracted from Congressional Quarterly (CQ) Press Voting and

Elections Collection website.24 Data were collected at the county level for Presiden-

tial elections from 1920-2016. These data report the names, party affiliation, and

total votes cast for each democratic, republican, third party, and “other”25 candidate

running in the general election. To construct turnout we merge these county-level

voting data to the voting age population (VAP) of the county.26 Census data on

the age distribution of the population living in each county was pulled from the

Integrated Public Use Microdata Series National Historical Geographic Information

System (IPUMS-NHGIS) for each decennial census from 1940-2010. We then created

a voting age population27 and then performed a linear interpolation of log(V AP ) for

elections that fall in between a census. For all years post-2010 American Community

Survey (ACS) data is used as it supplements the decennial census and thus is more

accurate than simple extrapolation from the 2010 census. While county boundaries

do not vary much over time there are some cases where counties either adopt new

names, merge with a neighbor, or simply cease to exist. We chose to use 2010 geog-

raphy and attempt to harmonize other years accordingly. We utilized the crosswalk

provided by Eckert et al. (2020), which harmonizes historic counties using the fraction

of a counties area that goes into 2010 county.28

24Accessed here: https://library.cqpress.com/elections/index.php
25The other category tracks the highest vote-getter after top three candidates.
26Ideally, we would use voting eligible population (VEP), which excludes non-citizens,

felons (depending on state law), and mentally incapacitated persons and includes military
and persons living abroad. See http://www.electproject.org/ for discussion about the
difficulties of getting VEP at the sub-state level.

27Note that before 1971 most states had a voting-age population of 21, with the exception
of Georgia and Kentucky.

28Another useful tool that helped immensely with this task was Carl Klarner’s County
FIPS matching tool accessed here: https://doi.org/10.7910/DVN/OSLU4G
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2.4 Estimation Strategy

To empirically investigate how precipitation and sunshine affect voter’s decisions, we

follow previous literature and use a seemingly unrelated regression (SUR) framework

developed by Tomz et al. (2002), which produces consistent and unbiased estimators,

and is more efficient than OLS.29 This procedure accounts for two important features

of our aggregated elections data: 1) vote shares for all parties are bounded between 0

and 1 and 2) the sum vote shares of each party plus the share of those that abstain

from voting should sum to 1.

We start by classifying the total voting age population, V AP for each county c,

state s in each presidential election t into three categories: (i) total votes for the

democratic candidate, d, (ii) republican candidate, r and (iii) the rest of the voting

age population within a county, which we classify as abstainers, a. For the sake of

brevity we describe the following analysis assuming that all votes are cast for one of

the two major parties. However, the same procedure can be extended easily to three

(or more) parties. To clarify, all of the empirical results we present will add a third

party that includes all other candidates that we have electoral returns for. We do this

so that the impact on turnout is not driven by variation in third party voting. We

then divide all of these by the voting age population within the county to create the

share of voting age people who voted for each party, D and R, and abstention rate,

A. All of which are related by the following equation: D +R + A = 1.

We can now construct two equations to jointly estimate how weather impacts

the vote shares of each party and the abstention rate. Operationally, we divide each
29SUR estimation procedure gains efficiency over OLS by taking into account the linear

correlation between the multiple equations. In our case this is due to the fact that the votes
for each candidate plus the number of abstainers should equal the voting age population.
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candidate vote shares by the abstention rate and take the natural log of this ratio

because the SUR method requires an unbounded dependent variable.

Therefore two main equations that we estimate are:

ln

(
Rcst

Acst

)
= βR

p precipcst + βR
s sunshinecst + Xstθ

R + νR
c + τRt + ϵRcst, (2.1)

ln

(
Dcst

Acst

)
= βD

p precipcst + βD
s sunshinecst + Xstθ

D + νD
c + τDt + ϵDcst, (2.2)

where Xst is a vector of state level, time-varying, controls which include the per-

centage of African American voting age population that is registered to vote within

each state, the motor voter laws for each state30, and an indicator for the home state

of republican candidates. The percentage of African Americans that are registered

to vote is used as a proxy for the evolution of voter suppression laws over time.

Meanwhile the inclusion of the National Voter Registration Act of 1993 (NVRA),

also known as the Motor Voter Act, controls for increases in voter participation over

time.31 We add county, νc, and election-year, τt, fixed effects, to mitigate concerns

about time-invariant unobserved differences between counties and national election-

year level shocks. Therefore, our parameters of interest (βD
p , β

D
s , β

R
p , β

R
s ) are estimated

using deviations from the county and election-year means, while also controlling for

state-level voting laws.

After estimating all model parameters in equations 2.1 and equation 2.2, we are

left with a set of estimated parameters with no clear economic meaning. To recover the

average effect of increasing sunshine and precipitation we proceed to run statistical
30We utilized data from Gomez et al. (2007); Hansford and Gomez (2010) on the motor

voter laws before 2000.
31The law advanced voting rights by requiring state governments to offer simplified voter

registration processes for any eligible person who applies for or renews a driver’s license or
applies for public assistance, and requires the United States Postal Service to mail election
materials of a state.
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simulations.32 We first draw 1000 coefficients from a multivariate normal distribution,

N(µ,Σ), with means, µ set at each coefficient point estimate and Σ set to the variance-

covariance matrix of the coefficients. We then use the set of coefficients to predict the

vote share of each candidate and the abstention rate under two scenarios: 1) the

weather variable of interest set to 1 standard deviation below the mean and 2) the

weather variable of interest set to 1 standard deviation above the mean. In both cases

we hold all other controls at their respective means. We then subtract the predicted

values of each scenario to get a distribution of first differences. At this point we display

the means of these distributions as point estimates and 95% confidence intervals are

calculated.33

2.5 Results

This section starts with the results from our main specification where we estimate

how turnout and electoral outcomes are impacted by changes in weather using the

SUR framework described in section 2.4. We present a battery of robustness checks in

Appendix B.0.2. We finally present the dominant mechanism that we believe drives

our main results.

2.5.1 Seemingly Unrelated Regressions

As a first exercise using the SUR framework, we replicate Horiuchi and Kang (2018)’s

results using our sample. Figure 2.1 shows a similar pattern to Figure 1 in their article,

with slightly smaller magnitudes. Increasing precipitation depresses turnout, lowers
32See Tomz et al. (2002) with similar applications in Horiuchi and Kang (2018) and Leslie

and Arı (2018)
33To account for the fact that the predicted values we produce are actually the natural

logarithm of the predicted value of interest we use Duane’s smearing estimator. See Duan
(1983).
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the vote share of democrats, and increases the vote share of republicans. We find that

the bounds for the potential vote-shift are 0.63-1.34%, smaller than the 2.01-3.08%

identified by Horiuchi and Kang (2018).

Figure 2.1: Precipitation effect on party vote share and abstention rate
without controlling for sunshine

Note. Using estimates from SUR of increasing precipitation 1 inch.

We then proceed with our main specification and include sunshine in the speci-

fication to account for weather’s multi-dimensionality. As Figure 2.2a illustrates the

vote shift bounds drop dramatically to -0.79-0.08% and the impact on vote shares

becomes small in magnitude and statistically indistinguishable from zero. However,

precipitation’s effect on abstention remain positive and are similar to those reported

by Horiuchi and Kang (2018). Our explanation for this is that sunshine, not precip-

itation, drove the vote shift channel and precipitation is simply an imperfect proxy

for sunshine when this is not include in the analysis. Figure 2.2b shows the effects of

increasing sunshine within the same model (i.e. while also controlling for precipita-

tion). It is noteworthy that the vote shift bounds for sunshine are 1.93-2.84% in favor

of democratic candidates.
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(a) (b)

Figure 2.2: Effects on party vote share and abstention rate
Note. Estimates from SUR of: (a) increasing precipitation 1 inch controlling for sunshine;
(b) increasing sunshine hours by 2.8. All results control for state level % of African
American’s registered to vote and the motor voter laws, as well as county and election
fixed effects.

2.5.2 Heterogeneous Effects

To further convince ourselves of our main results we investigate how they vary along

two important dimensions of heterogeneity: competitiveness and swingness.34

Competitiveness

As described in Fraga and Hersh (2011) random costs (in our case behavioral changes)

do not impact voters uniformly across different electoral environments. Fraga and

Hersh (2011) show that previous results in Hansford and Gomez (2010) that docu-

ment a negative impact of rainfall on turnout do not hold up in competitive envi-

ronments. We first create two measures of competitiveness, one at the state level to
34For brevity we only present the main results of interest, the overall impact on Republican

vote share and turnout. We are happy to share full results upon request.
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measure the competitiveness of the election and the second at the county level to

measure local competition. We believe that local competition could influence voters

by modulating the information they receive from daily interactions with neighbors

and co-workers. For the state level competitive measures we follow Fraga and Hersh

(2011) and construct the following:

compstatest = 1− |(V SRst − 0.5) · 2| (2.3)

where compstatest is the ex-post competitiveness of state and V SRit is the Repub-

lican share of votes case in in election t and state s. In the local case we first construct

an ex-post measure of competitiveness, complocalit , for each county, c after election t,

using the following formula:

complocalct = 1− |(V SRct − 0.5) · 2| (2.4)

where V SRit is the Republican share of votes case in election t and county i. These

measure ranges from 0, where all or none of the votes in the county or state are for

the Republican to 1 where exactly half of the votes cast were for the Republican

candidate. We then take the average over all the elections we have and label (non-)

competitive counties or states as those above (below) the median of their respective

competitiveness scores.

The top two panels of Figures 2.3 and 2.4 show the estimated impacts on elec-

toral support and turnout using state (top right) and local (top left) competitiveness,

respectively. To begin, we find the same results as Fraga and Hersh (2011), precipi-

tation only impacts turnout in low competition environments. We also find that the

electoral effects of sunshine are attenuated in high competition environments, sug-

gesting that voters in states and counties that have closely contested elections are

less affected by changes in mood.
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Figure 2.3: Heterogeneous effects of sunshine
Note. Effects of increasing sunshine hours by 2.8 by county level competition (top left),
state level competition (top right), and county level swingness (bottom left). All results
control for state level % of African American’s registered to vote and the motor voter
laws, as well as county and election fixed effects.

Swingness

The swingness of a county is a measure of how volatile the electorate is. We use it as a

proxy for the fraction of voters who are eligible to change their minds. Unfortunately

there is not a consensus on how to measure swingness. We define swingness as the

coefficient of variation of the Republican vote share:

swingnessc =
σ2
c

V S
rep

c

(2.5)

where σ2
c represents the standard deviation of the Republican vote share in county c

over all the elections in our sample and V S
rep

c is the average Republican vote share
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Figure 2.4: Heterogeneous effects of precipitation
Note. Effects of increasing precipitation by 1 inch by county level competition (top left),
state level competition (top right), and county level swingness (bottom left). All results
control for state level % of African American’s registered to vote and the motor voter
laws, as well as county and election fixed effects.

in county c. We then label all counties with coefficients of variation over (under) the

median as high (low) swing. Figure The bottom left panel of Figures 2.3 and 2.4

show the estimates we obtain by applying the same process that produced our main

results. An interesting point becomes instantly salient: swing counties are affected

much more by variation in mood than non-swing counties, while precipitation uni-

formly decreases turnout in both. We take this as compelling evidence that our main

results are identifying the effect of voters changing their minds on the day of the

election.
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2.5.3 Mechanisms

Our main results are that Democratic candidates enjoy electoral benefits from

increased sunshine. One potential explanation for this is that increased sunshine

increases mood which lowers the risk aversion of voters, thus increasing support for

the riskier candidate and penalizing the safer candidate. As suggested by previous

literature, Republican candidates tend to represent the status quo, and run on more

conservative platforms, and therefore are perceived as less risky options relative to

their democratic counterparts (Horiuchi and Kang, 2018; Bassi, 2019). Kam and

Simas (2010) supports this view by using survey data to show that Republican voters

have a lower risk acceptance than their Democratic counterparts.35 Additionally, we

find that Republican candidates in our sample tend to be older, come from a higher

previous office, and have longer tenures in public service before becoming presidential

candidates. The rest of this subsection is devoted to investigating this mechanism.

First, we develop a simple theoretical framework that gives clear predictions about

how risk may generate our main results. Finally, we apply the same estimation

strategy to other setting that a priori are better representations of safe versus risky

candidates and show that they generate the same pattern of results as found in the

previous section.

Model

To guide the investigation into the mechanism responsible for producing the results

found in our empirical analysis, we build a probabilistic voting model of election

using a game in which voters must decide whether to turn out or to abstain in

an upcoming election. We extend Castanheira (2003), Myerson (1998) and Myerson

35Therefore, if one assumes that candidates represent the party voters that select them
then Democratic candidates should have more freedom to run with riskier platforms.
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(2000) adding uncertainty over how one candidate’s platform translates into outcomes.

In our case, we assume voters view a vote cast for candidate A as resulting in outcome

A, meanwhile candidate B’s platform induces outcomes distributed normally with

mean -A and variance equal to σ2 > 0.36 Further, we assume there is a given fraction

of the population, γA ∈ (0, 1) that are predisposed to support candidate A, and a

fraction, γB = 1 − γA that supports candidate B. As usual in probabilistic voting

models, voters derive utility from the outcome realized after the winning candidate

implements their platform, their own political preferences and negatively by the cost of

voting.37 This type of setup reduces the comparison between the three options, voting

for candidate A, B or abstaining, to only two, either voting for the most preferred

candidate or abstaining. Additionally, since preferences between A and B are given

by voters’ type, we can characterize the type for the individual who are indifferent

between A and B as an increasing function of candidate’s B platform’s volatility (i.e.

σ2). The intuition is that the riskier candidate B the more voters “defect” to the safer

candidate A, due to their concave utility. Figure 2.5 presents the type distribution as

well as the platforms for each candidate for given parameters.38

This simple model gives us clear predictions about how an increase to the perceived

risk of candidate B’s platform decrease candidate B’s vote share while increasing can-

didate A vote shares, while having ambiguous effect on abstention.39 We summarize
36This means both candidates are equally distant to zero in the one-dimensional policy

spectrum.
37This cost of voting is what makes possible to have a fraction of voters who abstain.
38A more detail analysis of the model can be found in Appendix B.0.1.
39This ambiguity is resolved if one can identify which candidate is considered the front-

runner as voters go to the polls. For example, when the majority of the population supports
candidate A, and the perceived riskiness of candidate B decreases, turnout will increase.
While this discussion is beyond the scope of the paper, we present a more nuanced empirical
investigation of this in Appendix B.0.1.
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Figure 2.5: Visualization of types and platforms
Note. The shaded area represents the voters that would prefer candidate B without risk,
but due to their risk aversion find candidate A more preferable.

the predictions as follows:

Predictions:

1. When the perceived riskiness of candidate B decreases, their vote share increases

and the vote share of candidate A decreases.

2. An increase in the support in the cost of voting has no impact on the ratio of

support for candidates but decreases turnout.

To test the model’s main predictions, we assume that increases in sunshine raise

the risk acceptance of voters, meanwhile precipitation uniformly increases the cost

to voting. In our model under these conditions an increase in sunshine improves the

riskier candidate’s vote share (candidate B) and decreases the safer candidate’s vote

share. Whereas and an increase in precipitation does not impact the vote shares of

either candidate but reduces overall turnout.
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Empirical support for mechanism

Our main set of results fit the model predictions if one assumes that, on average,

Republican candidates are viewed as less risky than their Democratic counterparts.

While we have provided some suggestive evidence that this could be the case, we

believe there are even better settings to test this mechanism. Specifically, for each

election in our sample we re-label candidates as: (i) incumbent vs. challenger, (ii)

older vs. younger, and (iii) higher vs. lower prior office in public service.40

A quick discussion about each scenario are in order. For the first setting, we expect

voter’s to have experience with the incumbent candidate’s policies and thus view them

as less risky. Additionally, the incumbent by definition represents the status quo and

therefore status quo bias may also contribute to voters viewing incumbents as the

overall safer option. Second,we assume voters use age as a proxy for experience and

thus consider older candidates safer than younger ones. Finally for last office held

prior to candidacy, we construct a categorical variables equal to: 0 if the candidate

was not in office before, 1 if it was a state office, 2 if it was a federal office, and 3 if was

president (i.e. incumbent). We assume that voters see higher prior office as a signal

that the candidate is more experienced and also possibly more likely to represent the

status quo.41 Returning to our model, we expect to see an increase in sunshine to

lower the support of the safer candidate.

Since our main specification is a SUR model, we proceed to estimate differential

effects as described in section 2.4 for these new risk measures. Figure 2.6 re-estimates

the models in Figure 2.2 replacing political parties with incumbent and challenger.

In this case, as in figure 2.2, precipitation increases abstention but does not have a
40Not all elections can be included in all the settings listed. This is because sometimes

there is no incumbent candidate and/or candidates have the same prior offices.
41We exclude any races where the candidates come from identical offices.
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statistically significant impact on vote shares. As we suggest, sunshine shifts votes

from the incumbent to the challenger. We obtain similar patters when comparing

younger to older candidates in a race (see Figure 2.7). Finally, when we use prior

office in public service, we observe vote share impacts of both weather variables. The

result with respect to sunshine is consistent with our model, while the impact of

precipitation is not. We take these results as being suggestive that the risk aversion

mechanism as being the culprit for our main results.

An alternative mechanism proposed by previous literature is that voters irra-

tionally attribute increases in election-day mood to the incumbent candidate,

rewarding them at the polls. However, as one can see in 2.6 we find the exact

opposite: increased mood lowers support for the incumbent. To test if this mech-

anism is actually biasing our results towards zero, we re-run our simple test for

differential effects given by equation B.10 and interact the sunshine variable with a

dummy that indicates if the election has no incumbent present. In these elections,

the -reward the incumbent for increased mood- mechanism should not be present and

therefore our results should move further from zero. Table 2.1 shows that in elections

without an incumbent our main results move significantly away from zero. We take

this as suggestive evidence that both mechanisms suggested by the literature may be

present in our sample, with the risk aversion mechanism being dominant.

2.6 Discussion and Conclusion

This paper presents evidence that while precipitation plays a role in a voter’s decision

to vote (through increasing costs), sunshine plays a large role once they have ballot

in hand. We use detailed weather and election data spanning nearly 70 years, to offer

insight into how weather enters into a voter’s election day decisions. To the best of our
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Table 2.1: Main results with no incumbent

(1) (2)
VARIABLES ln(R/D) ln(R/D)

Average Suneshine (sunshine-hours) -0.05** -0.04**
[-0.06 - -0.05] [-0.05 - -0.03]

No incumbent # Avg. Sunshine -0.02**
[-0.03 - -0.01]

Average Precipitation (inches) 0.00 0.00
[-0.01 - 0.01] [-0.01 - 0.01]

Observations 33,982 33,982
R2 0.75 0.75
County FE ✓ ✓
State covariates ✓ ✓

Robust ci in brackets
** p<0.01, * p<0.05

knowledge we are the first to combine such data. We show that the pro-Republican

bump from precipitation found in Horiuchi and Kang (2018) and Gomez et al. (2007)

virtually disappear after controlling for sunshine on election day. We find evidence that

precipitation, when controlling for sunshine, only has a statistically significantly effect

on abstention rates. On the other hand, sunshine, when controlling for precipitation,

has almost no impact on abstention rates, but has an impact on vote shares.

To put these effects in context we create two counterfactual scenarios in which

all counties experience: 1) a “bad” weather day42 where they experience high pre-

42We define bad weather by replacing the actual precipitation for each county on election
day with the 90th percentile value of precipitation out of all potential election days for each
county from 1976-2016. To avoid making assumptions about how this would impact sunshine
we simply take the sunshine value for the same “rainy” day.
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(a) (b)

Figure 2.6: Effect on incumbent and challenger vote shares and abstention
rate

Note. Estimates from SUR of: (a) increasing precipitation 1 inch controlling for sunshine;
(b) increasing sunshine hours by 2.8. All results control for state level % of African
American’s registered to vote and the motor voter laws, as well as county and election
fixed effects.

cipitation and lower sunshine and 2) a “good” weather day43 where they experience

low precipitation and high sunshine. This is equivalent to saying what if every elec-

tion had either bad or good weather. We then calculate the predicted vote shares

for each party at the state level and aggregate up using the electoral college. Figure

2.9 summarizes the impact of changing the weather in such a dramatic way, having

bad weather days in all counties would have gave the Republican an extra win in

1976, conversely having all good weather days would have denied George W. Bush

the presidency in 2000 and 2004.

There are a two caveats with these counterfactuals that deserve a mention. First,

our results in top two panels of Figures 2.3 and 2.4 indicate that the real effect will
43We define good weather in the same as bad weather but select the 90th percentile

sunshine day and the precipitation that occurred on that same day.
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(a) (b)

Figure 2.7: Effect on oldest and youngest candidates vote shares and
abstention rate

Note. Estimates from SUR of: (a) increasing precipitation 1 inch controlling for sunshine;
(b) increasing sunshine hours by 2.8. All results control for state level % of African
American’s registered to vote and the motor voter laws, as well as county and election
fixed effects.

be much less consequential because they are diminished when state-level elections get

closer and when their local environment is competitive. We believe that it is intuitive

that the impact of behavioral responses caused by weather could be diminished when

voters believe themselves to be in a highly competitive environment. Therefore, the

overall impact of weather on actual outcomes is likely smaller than our estimates

show. Second, the counterfactual weather shock we are using is at the national level

and persistent across all elections, whereas weather patterns are spatially clustered

at a much finer level and are not correlated as strongly across time. A more realistic

shock of poor weather would likely only affect a few states and therefore have a much

smaller impact on the overall electoral outcome.

We document that an abnormally sunny day transfers support from republican

candidates to democratic candidates. This result is robust to a battery of econometric
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(a) (b)

Figure 2.8: Effect on higher and lower previous public office candidates
vote shares and abstention rate

Note. Estimates from SUR of: (a) increasing precipitation 1 inch controlling for sunshine;
(b) increasing sunshine hours by 2.8. All results control for state level % of African
American’s registered to vote and the motor voter laws, as well as county and election
fixed effects.

Figure 2.9: Impact of changing weather on the outcomes of all elections in
our main sample
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tests. Perhaps most striking is that this result comes at the expense of a long standing

result: precipitation drives voters from Democrats to Republicans. This is most likely

because without controlling for sunshine, precipitation becomes an imperfect proxy

for sunshine. Ultimately, the mechanism proposed by the existing literature to make

sense of the impact of precipitation on vote shares is found to be the leading can-

didate for what is generating the effects produced by sunshine. This mechanism is

derived from a salient fact from the psychology literature that exposure to sunshine

affects individual’s mood and thus impacts their willingness to take risks. Specifi-

cally, marginal voters who are exposed to a sunny election day absent precipitation

are more inclined to take a chance on the riskier candidate. In our data we explicitly

test this mechanism by labeling the riskier candidate using multiple dimensions: age,

experience, and incumbency status. In all cases we find that sunshine increases sup-

port for the riskier candidate. These results offer suggestive evidence that our main

result is driven by the fact that Republican candidates are seen as safer candidates,

and thus are penalized on a sunny day. So instead of praying for rain, we find that

Republicans should pray for clouds.
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Chapter 3

Decomposing Racial Disparities in Incarceration: Evidence from a

Southern U.S. Jurisdiction

3.1 Introduction

Across the nation, local prosecutors—and the communities they serve—are interested

in identifying areas within the legal system in which racial bias exists. In a chapter

of the a soon to be published A Modern Guide to Economics of Crime Jennifer

Doleac reviews the existing literature that documents racial bias at multiple decision

points (e.g. policing, prosecution, trial/sentencing, reentry) and from the perspective

of multiple decision makers (e.g. police, prosecutors, and judges) (Doleac, 2021b).

This paper will focus on prosecutors, whom some argue are the most powerful actors

in the system.1 In particular, this paper will utilize high quality data developed from

an almost two year relationship with a prosecutor’s office located in a medium-sized

jurisdiction in the southern United States. These data were carefully curated by a

team of data scientists and engineers with institutional knowledge provided by pros-

ecutors within the office.

We believe that the current setting of this paper is unique along three major

dimensions. First, we focus on potentially the most influential actors within the legal

system—prosecutors. Second, we focus on local prosecution which accounts for the
1As noted in Sloan (2022) the American Civil Liberties Union (ACLU) has stated recently

that “Prosecutors are the most influential actors in the criminal justice system” (ACL, 2022).
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vast majority of all prosecution that occurs in the United States.2 This is in contrast

to some of the current evidence from the federal system on racial disparities (Rehavi

and Starr, 2014; Yang, 2015; Tuttle, 2021). Finally, we focus on a medium sized

jurisdiction with a history of a conservative leaning electorate. Conversely much of

the extant literature—that also focuses on local prosecution—derive results from large

urban centers with millions of residents and democratic super majorities (Bishop

et al., 2020; Agan et al., 2021; Sloan, 2022). Based on population density (around

800,000 people) our current analysis is set closer to the median jurisdiction, offering

the ability to compare and contrast results and offer external validation to existing

work.

To organize our empirical analysis we utilize the theoretical framework from

Bohren et al. (2022). The framework details how a total disparity can be decomposed

into a part driven by direct racial bias and a residual driven by systemic factors. In

our current setting the decomposition simplifies to a classic Kitagawa (1955); Oaxaca

(1973); Blinder (1973) decomposition of total disparity in the system. In the language

of this classic decomposition method, disparities attributable to observables are cate-

gorized as driving a systemic gap between Black and white incarceration, while those

differences driven by unobserved forces are categorized as being directly driven by

race itself. A recent methodology pioneered by Gelbach (2016) allows us to quantify

exactly how much each set of observables contributes to the the systemic part of total

disparities in incarceration. Identifying the main drivers of systemic bias allows for a

normative analysis of what factors are “just” and “unjust”. For example, if one race

has a younger age distribution in the population—and younger defendants receive less

incarceration on average—this would act to drive a systemic wedge between the raw
2Data from the Prison Policy Initiative shows that of all incarcerated people only 8-9%

are in federal prisons. Assuming similar prosecution rates—a conservative assumption—this
implies that almost 90% of all prosecuted cases are handled by local prosecutors.
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means by race. This disparate outcome could be argued to be “just” as it is simply

driven by exogenous factors to the legal system. However, if one race is more likely to

have more charges brought by law enforcement due to biased policing strategies—and

defendants with more charges have longer incarceral sentences on average—this could

drive an “unjust” systemic racial disparity.

We find large raw racial disparities in incarceration. Specifically, we find that

Black male defendants receive roughly 40 days more incarceration on average, repre-

senting approximately 20% of the mean. Our rich administrative data—paired with

institutional knowledge—allows us to control for many of the observable factors that

influence a prosecutor’s decision. After adding these controls, we find that the positive

total disparity disappears and actually reverses. Explicitly, we estimate that ceteris

paribus Black defendants receive approximately 20 days less incarceration on average

(approximately 10% of the mean). We take this estimate as a measure of direct dis-

parity in the system. Therefore, the difference between the 20% total disparity and

-10% represents an estimate of disparities driven by systemic factors. As mentioned

we then further decompose the systemic component and quantify how each set of

controls contributes to it. We find that the majority of systemic disparity are driven

by a defendant’s criminal record (i.e. the number of prior convictions), as well as the

number of charges in a defendant’s case.

The rest of the paper is structured as follows. Section 3.2 describes the institutional

background that our analysis is set in. Section 3.3 describes rich administrative data

as well as the survey data used to construct estimates of drug use and sales. Section

3.5 outlines the strategy used to get the estimates presented in Section 3.6. Lastly,

Section 3.6 presents and briefly discusses the results.

76



3.2 Institutional Background

In the jurisdiction, prosecutors are referred all arrests for crimes with at least a poten-

tial penalty of more than 30 days of incarceration or a fine of $500 or more. Charges

are referred to the prosecutor’s office by law enforcement after an arrest and, for most

charges, after an initial bond hearing. Once charges are referred to the office, they

are put into the office’s Case Management System with all necessary documentation

before being assigned to a prosecutor. Charges are prosecuted “vertically” by the office

meaning that the initial prosecutor assigned to the charge will review the case for legal

sufficiency, prosecute the case if necessary, and ultimately dispose of the case. This

is in contrast to “horizontal” structures where different prosecutors perform different

parts of the process. Defendants facing multiple charges stemming from the same

incident or set of facts usually have those charges bundled together into a single case.

Multiple charges on the same defendant from separate incidents may be prosecuted

separately; regardless the same prosecutor often handles all of the charges for a single

defendant. Prosecutors then present charge(s) at a preliminary hearing to determine

if the probable cause threshold for an arrest has been met. At the preliminary hearing

the charge(s) may be (1) remanded to municipal court, (2) dismissed by the judge

or prosecutor, or (3) “bound over” meaning the probable cause threshold has been

met and the prosecutor proceeds with prosecution. If a charge is bound over, the

prosecutor then presents the charge to the grand jury via an indictment. The grand

jury then acts on the indictment to either “True Bill” the indictment allowing pros-

ecution to continue or return a “No Bill” ending prosecution. After an indictment is

true billed, the charge will be disposed of via trial, plea, or possibly dismissal.

Importantly, we observe the charges at each pivotal stage:
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• At Arrest/Bond Hearing - these are the initial charges as determined by law

enforcement.

• At Indictment - these are the charges that the prosecution believes it can prove

beyond a reasonable doubt. In certain rare instances, prosecutors issue a direct

indictment such that the individual is indicted pre-arrest.

• At Disposition - these are the charges that the defendant is ultimately found

guilty, not guilty, pleas to, or are dismissed.

This level of granularity allows us to measure how prosecutors alter defendants’

charges as they progress through the prosecutorial process. This is especially impor-

tant for understanding the interaction between charges for a given defendant as

each charge is not prosecuted in a vacuum. Rather all actors in the criminal justice

system—prosecutors, defendants, judges, and defense attorneys—are considering all

charges a defendant faces during prosecution. This includes affecting what charges are

initially filed, plea negotiations, and likely even sentencing. Given this reality, analysis

can be done at the charge, case, or defendant-case level. We create the defendant-

case level by grouping all charges for the same defendant with the same arrest date

or that were disposed within five days of one another.3 In general, charges with the

same arrest date, or with disposition dates near in time were likely prosecuted as a

whole. Creating this defendant-case level index allow us to properly relate all charges

that are dismissed as part of larger plea negotiations—one of the most common way

charges are disposed. For brevity We will refer to defendant-cases as simply cases

henceforth.
3The total number of defendant-cases remains almost constant varying as we vary this

window from 3-14 days.
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Importantly, sentencing data is at the charge level for all charges resulting in a

guilty verdict—plea or trial. The sentencing data presents a number of interpretation

challenges, but we have chosen to break down sentences into four components:

• Incarceration - The number of days served or to be served in jail or prison.

• Exposure - The maximum number of days served or to be served in jail or

prison.

• Probation

• Fine

Throughout our analysis we focus on the incarceration of the top charge at the case

level. The vast majority of sentences in the jurisdiction are concurrent at the case

level thus most defendants only face the full punishment of the top charge.

3.3 Data and Descriptive Statistics

3.3.1 Administrative Data

The jurisdiction provides weekly data dumps consisting of multiple tables from

the jurisdiction’s Case Management System’s (CMS) database. The jurisdiction’s

database manager queries the raw data and uploads the data to a secure file storage

container. The data is then passed through an extensive data cleaning process which

combines tables, creates new columns, and outputs a large flat file where each row is

a single charge. Part of the cleaning process includes identifying data quality issues

and presenting those back to the jurisdiction to be addressed. As such, the data is

validated by the jurisdiction for accuracy.

This section will present broad descriptive statistics at both the charge and case

level using the data generated from the processes outlined in Section 3.2. To begin

79



it is instructive to look at the entire sample as a whole, before any filtering takes

place.4 Table 3.1 presents the breakdown of all charges from March 1st 2020 to cur-

rent by race, gender, age, outcome, time of arrest, number of victims, number of

co-defendants, as well as the type of defense counsel. We apply some filtering to

narrow down the sample. To begin we remove any charge that was disposed of after

the normal operation of the court system was interrupted due to COVID-19.5 We also

limit to Black and white males aged 18-65. The latter filter is to avoid non-working

age elderly as well as youth offenders that may be treated differently. The former

filter is to isolate what we believe to be the largest two comparison groups where we

may expect the largest amount of racial bias. Finally we remove charges that have

an outcome of “Other”, the majority of these charges were either remanded out of the

General Sessions court or failure to appear charges. In the end these filters leave us

with 42,761 charges. When collapsing down to the case level we drop any case that

has a charge disposed after the beginning of COVID as well as any cases where the top

charge (defined later) is categorized as “Dangerous”. This includes murders, attempted

murder, manslaughter, kidnapping, and armed robbery with a deadly weapon.6

After collapsing to the case level we are left with 16,797 cases involving 13,269

individuals. Table 3.2 is a balance table that shows the stark differences in cases

by race. The first row in the table illustrates the raw disparity of 37 days in average

incarceration that we will return to frequently in the paper. Another notable difference

that we will highlight later in the paper is in criminal history and number of charges
4We dropped 285 charges that were identified by the office as errant data entry. These

included missing gender, missing sentences, and duplicate warrant numbers (charges).
5We conservatively set the date of this to March 1st 2020.
6Our results regarding the decomposition of disparities in incarceration are robust to

the inclusion of these charges, however theses charges are severe and distort the average
incarceration. Additionally, we aim to document racial disparities with an eye towards policy
reform. We believe that polices regarding “dangerous” charges are less likely to change.
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per case. In the former, Black men have no prior convictions in 37% of cases in our

sample, conversely the majority of white men (56%) have no prior convictions. For

the latter, 64% of white defendants face single charge cases, compared to only 57%

of Black men. In addition, Black men have more cases where a charge results in

incarceration or a plea bargain. They also are involved in more multi-charge cases

as well as have a significantly higher fraction of cases that are labeled victimless.

Moreover, cases involving Black men also took almost two months longer to dispose

and Black men received about one week less time served on average. Finally, the

majority of cases involving a Black defendant have no victims compared to 47% of

cases involving a white defendant.

Our data allows us to pinpoint the exact locations of both the arrest and residence

of each defendant in our sample. The raw data provided lists two lines of address,

city, state and zipcode for each arrest as well as the residence of the defendant.

We take this information and utilize the python package geocoder 7 to determine the

latitude and longitude of each address. This information is then mapped over Census

shapefiles to place each arrest and residence inside a census block. This allows us to

merge into our administrative data a multitude of census features, as well as create

proxies for propensity to use and/or sell drugs. Specifically, we construct proxies for

drug use/sales by matching each defendant to a member of our synthetic population

(see Section C.0.2 for details) based on age, race, and gender and then averaging the

propensity to use and sell drugs.

3.3.2 Drug Use/Sales

In order to estimate the prevalence of drug use and sales within the jurisdiction we

turn to the National Drug Use and Health Survey (NSDUH). This national survey

7Documentation found https://geocoder.readthedocs.io/.
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has been run annually since 1971 by the Substance Abuse and Mental Health Ser-

vices Administration (SAMHSA), an agency in the U.S. Department of Health and

Human Services (HHS). It utilizes a unique face-to-face and computer assisted hybrid

interview approach to obtain truthful response to sensitive questions about substance

abuse and mental health. The survey samples ∼ 70, 000 respondents from all civilian,

non institutionalized populations, aged 12 or older in all 50 states plus DC. A simple

google scholar search of “National Drug Use and Health Survey” returns over 4 mil-

lion results dispersed across numerous disciplines—giving credence to the underlying

quality of the survey.

We focus on questions pertaining to recent non-marijuana and marijuana drug

use and general drug sales.8 The survey also contains a rich set of demographic ques-

tions that we use to predict the probability of drug use within high quality census

micro-data sampled from the Public Use Microdata Areas (PUMA) covering the same

geographic area as our jurisdiction.9 The dimensions we use are age, marital status,

gender, education, race, employment status, personal income, family income, and the

household income relative to the federal poverty line.

3.4 Theoretical Framework

To organize our empirical findings we will utilize the theoretical framework con-

structed in Bohren et al. (2022) (BHI henceforth). BHI presents a decomposition

of total discrimination into direct and systemic components, similar to the methods

in (Kitagawa, 1955; Oaxaca, 1973; Blinder, 1973). In our setting we will focus on

8We split drug use out by non-marijuana and marijuana because marijuana is treated
much more leniently by the jurisdiction.

9Specifically, we extract samples of census data that are derived from the American
Community Survey (ACS). They are representative at the PUMA level.
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the direct and systemic components of the total racial disparity in incarceration. The

following section will translate the notation and objects from BHI into our setting.

In our setting, prosecutor j evaluates defendant i’s case. Each defendant has an ini-

tial criminal propensity Y 0
i and unobserved Y ∗

i that represents the “justified” amount

of punishment.10 The prosecutor is able to observe a vector of case and defendant

characteristics, Si as well as the group the defendant belongs to Ri ∈ {B,W}. The

prosecutor then makes a decision about the level of punishment Aj(Ri, Si), given these

characteristics.11 Total disparity in the jurisdiction, ∆(y0) can be written as:

∆(y0) = E

[∑
j∈J

πjAj(Ri, Si) | Ri = B, Y 0
i = y0

]
−E

[∑
j∈J

πjAj(Ri, Si) | Ri = W,Y 0
i = y0

]
(3.1)

where πj is the share of total charges handled by prosecutor j ∈ J . Notice that if

one assumes that the underlying initial criminal propensity is identical across races

Equation 3.1 reduces down to the difference in mean incarceration for Black and white

defendants. In Section 3.5 we will detail additional proxies for underlying criminal

propensity.

There are two broad categories of disparity that can contribute to the total dis-

parity identified in Equation 3.1: direct and systemic disparity. The former arises from

biased beliefs and/or preferences with respect to race. It represents the causal effect

of race on the prosecutors incarceration and can be written as, τ(s).

τ(s) =
∑
j∈J

πj

[
Aj(B, s)− Aj(W, s)

]
(3.2)

10We abstract from what the level of justified punishment should be and just assume
without loss that it is a common ranking of punishment given the crime committed and a
defendants future propensity to re-offend.

11Note that in actuality the decisions are jointly made with a judge. As described earlier,
we believe the prosecutor exerts a considerable larger influence over the level of incarceration
via plea bargaining, dismissals, sentencing recommendations, and/or charging decisions.
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Finally, systemic disparity arises from differences in the signal distribution by race

and/or how those signals are utilized by prosecutors when making decisions. This can

be written as the difference in mean incarceration by race using the decision rule for

one race:

δ(r, y0) = E

[∑
j∈J

πjAj(r, Si) | Ri = B, Y 0
i = y0

]
−E

[∑
j∈J

πjAj(r, Si) | Ri = W,Y 0
i = y0

]
(3.3)

for r ∈ {B,W}. To identify this object BHI utilize a (Kitagawa, 1955; Oaxaca, 1973;

Blinder, 1973) style decomposition to ∆(y0). Empirically, once one identifies direct

and total disparities, systemic disparity is represented by the residual.

3.5 Empirical Framework

3.5.1 Total Disparity

As incarceration is the most severe outcome produced by the criminal justice system

we first focus on the raw or total racial disparity in incarceration.

The following regression model is estimated:

yi = α + β1Ri + β0Y
0
i ·Ri + θY 0

i + ϵi (3.4)

where yi is the length of incarceration defendant i receives, R is in indicator for if

defendant i’s race is recorded as black, Y 0
i is defendant i’s initial criminal propensity,

α is a constant, and ϵ is the idiosyncratic error term. In the context of the theoret-

ical framework detailed in Section 3.4 if one assumes that the underlying criminal

propensity is constant by race, β1 represents the difference in mean incarceration

between black and white defendants. Unlike in most settings, this raw disparity is an

object of interest in that it reflects the average outcome of the system as a whole. As

an attempt to better proxy for underlying initial propensity we then subset to only
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cases in which the top charge in the case is a drug charge and include a proxy for

propensity to use and/or sell drugs as Y 0
i . This proxy is derived from high quality

survey data and cutting edge machine learning methods described in Appendix C.0.3.

Additionally, we use a defendant’s age at arrest as a proxy for underlying propensity

as prior literature suggests that there is a strong age-criminality link.12 In both cases,

β0 · Y 0
i + β1 provides a direct estimate of total disparity at a certain level of initial

criminal propensity. For much of the following analysis we will look at the average

total discrimination, β1

yi = α + β1Ri + θY 0
i + ϵi . (3.5)

3.5.2 Direct Disparity

Ideally, as laid out in BHI, one would conduct an experiment whereby defendants

upon arrest were randomly assigned race and then incarceration values were observed.

Therefore, any difference in incarceration could be causally attributed to race. For

obvious reasons this experiment is impossible to run. Instead, we leverage high quality

administrative data that allows us to control for a defendant’s age at arrest, number

of prior criminal convictions, the exact arrest charge code (e.g. identifying the exact

crime being alleged by law enforcement), the number of charges within a case, the

number of victims, number of co-defendants, as well as the defense counsel type (e.g.

public vs. private vs. none). Specifically we estimate the following model using OLS:

yi = α + β2Ri + γXi ++θY 0
i + ϵi (3.6)

where all the variables are the same as in Equation 3.5 with the addition of a vector

of controls, Xi. We then interpret β2 as an estimate of differences in incarceration

driven by direct biases by the prosecutors.
12See Laub and Sampson (2001); Landersø et al. (2015); Doleac (2021a).
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3.5.3 Systemic Disparity

The difference in the total disparity and direct disparity represents the systemic dis-

parity in the system. For example, black defendants may simply face more severe cases

and have a longer criminal histories, both of which would lengthen incarcerations

without any direct bias by prosecutors. To investigate what observable differences

explain the systemic disparity we turn to the same strategy explained in Gelbach

(2016). This method provides a clear strategy to decompose what sets of controls

explain the change from β1 → β2. To begin, we partition the vector of controls into,

K mutually exclusive categories. Currently, we have seven groups:

1. Arrest charge fixed effects

2. Number of prior convictions13

3. Number of charges within a case 13

4. Max number of victims for a charge within a case 13

5. Number of co-defendants in the case 13

6. Controls for the type of defense counsel (e.g. private vs. public vs. none) as well

as the number of cases seen by the defense counsel in our sample

7. Controls for the age of the defendant at arrest

Therefore there can be multiple variables within each category. For example, there

are hundreds of arrest charge fixed effects in the first category. For simplicity we

describe the analysis to find the effect of each individual variable c, and show at the
13To avoid running into bins with small samples when controlling for indicators we hard

code all values for each control that fall above the 90th percentile to the 90th percentile
value.
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end one can sum the effects of each c by group. First, we estimate the full model with

all controls (see equation 3.6) and recover the estimates γ̂c for each coefficient in front

of each variable, c ∈ X. Then for each variable, c, we estimate the following model:

Xc = ΓcX−c + ϵc (3.7)

where −c represents all variables in X not including c and save all estimates of Γ̂c.

Finally, we multiply Γ̂c by γ̂c, this product represents the component of the change

in β1 → β2 due to including Xc as a control. As mentioned earlier, these effects can

be summed to get the total impact by subgroups. We then normalize each change by

the total change so that we are left with a % impact of controls c ∈ K

% impact of controls in sub-group K =

∑
c∈K Γ̂c · γ̂c

β1 − β2

. (3.8)

Notice that because we interpret β1 as an estimate of total bias and β2 as an

estimate of direct bias. The difference is an estimate of systemic bias and therefore

the decomposition allows us to recover the effect of each control group on systemic

bias.

3.6 Results

This section will present the results obtained by applying the methods described

in Section 3.5. We begin by document total disparities in incarceration. We then

decompose these total disparities into direct and systemic components.

3.6.1 Total Disparities

We obtain three estimates of average total disparities in incarceration. Estimates

found in Tables 3.3 and 3.4 represent that total average difference in incarceration

between Black and white defendants. To remind the reader, the total disparity can
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be measured unconditionally (i.e. setting Y 0
i to be constant across race), or condi-

tional on some underlying initial criminal propensity. The former forces all indirect

differences by race to be labeled systemic. Column (1) in both Tables 3.3 and 3.4

represent this unconditional difference in incarceration. Regardless of the inclusion

of dismissed cases there exist large statistically significant differences in the uncon-

ditional mean incarceration ranging from 37 to 45 days (17% to 16% of the mean,

respectively). To better proxy for the underlying differences in initial criminal propen-

sities we also estimate average total disparity while controlling for defendants age upon

arrest (Column 2). Controlling for age increases the average disparity in incarceration

to 42 to 51 days (20% to 18% of the mean, respectively). We also present the hetero-

geneity of the total disparity in incarceration by age in Appendix C.0.1. One salient

fact from Figure C.1 is that total disparity is higher in the first two quartiles of the

age distribution (including ages 18 up to 32). Finally, we utilize a nonlinear function

of defendant demographics to predict the propensity to use and/or sell drugs and use

it as a control. Column (3) in both tables subset to cases where the top charge in the

case involves drugs and controls for a proxy of drug use and sales. For these cases, the

total disparity skyrockets to 218 to 273 days (98% to 96% of the mean incarceration

within this sample, respectively). We also show the heterogeneity in these estimates

by predicted drug use/sales intensity in Appendix C.0.1. Again as was the case with

age Figure C.2 shows that total disparity is larger for defendants with predicted drug

use below the median.

3.6.2 Direct and Systemic Disparities

We define disparate treatment by race of similarly situated defendants as being a

consequence of direct bias. To do this we add controls for a rich set of defendant-case

characteristics.Specifically, we include indicators for the number of charges within
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a case, the number of prior convictions, the number of victims, the number of co-

defendants, and the exact charge referred by the arresting officer, as well as the

age of the defendant at arrest, defense counsel type, and number of cases seen by

the defendants counsel in our sample. Table 3.5 presents the resulting estimates of

disparity due to direct bias for the entire sample (Column 4), and restricting to only

non-dismissed cases (Column 3). In both cases the disparity against Black defendants

becomes negative, suggesting that similarly situated Black defendants receive 22 to 24

days less incarceration on average (representing 8%-11% of the mean). The numbers

in the rows at the foot of each column represent the estimates of the % impact each

subset of controls (as defined by equation 3.8). A negative % indicates that the subset

of controls increased the gap between total and direct disparities, age and victim count

contribute to increasing the gap between the total and direct disparity, thus acting

as a systemic bias against white defendants. The rest of the controls all contribute to

closing the gap between direct and total disparity, thus contributing to systemic bias

against Black defendants. The results suggest that three major controls drive almost

all of the systemic bias against Black defendants: the number of prior convictions, the

number of charges per case, and the charge referred by the arresting officer.

3.7 Conclusion

When measuring the health of a criminal legal system it is important to not only

report where racial disparate outcomes exist, but to also investigate the underlying

causes and offer simple solutions. In this paper we take the first two steps in this

process, by documenting and decomposing the racial difference in mean incarcer-

ation. First, we find that total disparities exist, whereby Black defendants receive

almost 20% longer sentences than white defendants. However, we find that these
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total disparities are not driven by direct bias from prosecutors. Specifically we find

that after controlling for a rich set of controls similarly situated Black defendants

receive less incarceration on average. The difference between the total and direct dis-

parities represents the systemic disparities. A further decomposition uncovers that

the vast majority of this systemic disparity can be attributed to the number of prior

convictions, number of charges in a case, and the specific charge booked at arrest.

Future work is required to determine if these factors can be traced back to upstream

bias in policing strategies that expose Black residents to more scrutiny.

90



Table 3.1: Summary table of charge level dataset before any filters are
applied.

Charges % of Total
Race
Black 48694 55.8
White 36536 41.8
Other 2101 2.4

Gender
Male 71673 82.1
Female 15658 17.9

Age
15-17 2146 2.5
18-24 19938 22.8
25-34 32748 37.5
35-44 18706 21.4
45-54 9178 10.5
55-64 3837 4.4
65+ 778 0.9

Charge Outcomes
Plea 42245 65.1
Dismissal 17613 27.2
Diverted 3143 4.8
Other 1458 2.2
Trial 400 0.6

Disposition Time
Pre-COVID 45557 52.2
Post-COVID 19302 22.1
Pending 22472 25.7

Defense Type
Public Defender 39343 45.1
Private 36602 41.9
None 11225 12.9
Unknown 161 0.2

Number of Co-defendants
Single defendant 66983 76.7
2 13204 15.1
3 4001 4.6
4+ 3143 3.6

Number of victims
Victimless 53524 61.3
1 23260 26.6
2 5736 6.6
4 2916 3.3
3+ 1895 2.2
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Table 3.2: Balance table illustrating differences between Black and white
male defendants

(1) (2) (3)
Variable White Black Difference
Incarceration (days) 190.5 227.3 36.8***
Probation (days) 362.9 356.2 -6.7
Fine amount ($) 71.8 57.6 -14.2
Incarceration rate (%) 42.9 45.9 3.0***
Case dismissal (%) 26.5 26.5 0.0
Plea rate (%) 60.5 63.6 3.1***
Time to disposition (days) 344.9 394.0 49.1***
Time served (days) 61.1 53.8 -7.3***

Crime Type:
DV 10.7 8.9 -1.8***
Drugs 35.2 35.1 -0.1
Guns 4.0 11.9 7.9***
Other 5.0 4.9 -0.2
Person 11.1 10.6 -0.5
Property 23.4 19.2 -4.3***
Traffic 10.5 9.4 -1.1**

Criminal History:
0 55.7 37.4 -18.3***
1 12.1 13.3 1.2**
2 8.2 10.0 1.8***
3 5.9 8.5 2.7***
4 4.5 7.0 2.5***
5 3.0 5.1 2.1***
6 2.7 4.1 1.5***
7 8.0 14.6 6.5***

Victim count:
Victimless 46.7 50.1 3.4***
Single victim 41.7 39.5 -2.2***
Multi-victim 11.6 10.4 -1.2**

Number of Charges:
1 64.1 56.8 -7.3***
2 18.3 20.9 2.5***
3 7.4 9.4 1.9***
4 10.2 13.0 2.8***

Observations 7,138 9,659 16,797
Note. For simplicity criminal history and number of counts were truncated such that the
last bins encompass all values equal to and above the 90th percentile value.
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Table 3.3: Total disparity in full sample

(1) (2) (3)
VARIABLES Incar. (days) Incar. (days) Incar. (days)

Black = 1 36.8*** 41.7*** 217.6***
(14.2) (13.8) (24.8)

Observations 16,798 16,798 2,616
R2 0.000 0.001 0.017
Mean 212 212 222
Age ✓
Drug use and sales ✓

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Note. Dependent variable in all regressions in the max incarceration of all charges within
a case. The sample includes all cases, cases that were entirely dismissed are included as
0 incarceration.

Table 3.4: Total disparity without case dismissals

(1) (2) (3)
VARIABLES Incar. (days) Incar. (days) Incar. (days)

Black = 1 44.6** 51.0*** 273.3***
(18.6) (18.1) (31.8)

Observations 12,712 12,712 2,030
R2 0.000 0.002 0.022
Mean 280 280 285
Age ✓
Drug use and sales ✓

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Note. Dependent variable in all regressions in the max incarceration of all charges within
a case. The sample includes all cases that were not fully dismissed (i.e. all charges
dismissed).
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Table 3.5: Direct and systemic disparity

(1) (2) (3) (4)
VARIABLES Total Total Direct Direct

No Dismissals Full Sample No Dismissals Full Sample

race = 1 44.6** 36.8*** -22.0 -24.3
(18.6) (14.2) (18.8) (14.8)

Observations 12,712 16,798 12,712 16,798
R2 0.000 0.000 0.274 0.203
Mean 279.6 279.6 279.6 279.6
Demographics -8 -9
# of counts 28 34
# of priors 60 47
Arrest Charge 23 28
Victim count -3 -2
Co-defendants 0 -1
Defense Type 1 3

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Note. Dependent variable in all regressions in the max incarceration of all charges within
a case. Numbers below mean of dependant variable represent the % contribution to the
change from Total to Direct (e.g. the number of prior convictions contributed %60 to
the change from column (1) to (3)).
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Appendix A

Appendix for Chapter 1

A.0.1 Semiparametric Selection Correction

In the paper I utilized a Heckman style selection model. In this model it is assumed

that the errors in the selection and outcome equation are jointly normal. If this

assumption fails my results may suffer from misspecification error. Semi-parametric

methods give us the ability to correct for selection without making distributional

assumptions. I will present in this subsection the results from a semi-parametric

selection model. The procedure for this model is as follows:

1. First demean all independent variables, Z1, and an indicator of funded vs non-

funded counties, Fund, using the state-storm means.

Z̃cjk = Zcjk − Zjk

˜Fundcjk = Fundcjk − Fundjk

2. Run the semi-parametric least squares procedure put forth in Ichimura (1993)

and collect the residuals, ϵ̂cjk.

˜Fundcjk = τ
(
Z̃γ

)
+ ϵcjk

1For simplicity assume that the vector Z contains the variables of interest, (Ψ, n) as well
as the excluded heavy rain threshold variable.
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3. Allow these residuals, which represent information on the selection process, enter

nonparametrically, via some unknown function g( ), into the outcome equation

as described in Robinson (1988). Allow all variables of interest and controls be

included in the vector X.

ln(qcjk) = βXcjk + µg(ϵ̂cjk) + +ιjk + ucjk

The attractiveness of this procedure is that it makes no distributional assumptions

about the errors in the selection and outcome equations. As the results report in Table

A.1 below show, this procedure does not substantially change the results presented

in the main body of the text.2 Thus for simplicity and expositional purposes, I prefer

to present the results obtained via the more traditional, Heckman method.

A.0.2 Robustness to Leave One Out

To test that no single disaster or state is driving my results I iteratively drop a state or

storm and re-estimate my results. Figure A.1 visualizes the coefficients that come from

this process. The graphs on the left panels represent the results from running OLS

with state-storm fixed effects and errors clustered at the state-storm level. The graphs

on the right represent the results from the preferred specification, with bootstrapped

standard errors. The results remain stable and significantly positive for all 282 (2

models with 124 storms and 17 states) iterations, except for when I drop Louisiana

in the OLS estimation3

2There does seem to be a significant bump in the estimated coefficient in front the total
share of turnout. This suggests is that the normality assumption of the Heckman procedure
may not be hold, however it is not large enough to warrant a sizable discussion.

3The estimate is still significant at the 10% level so I do not take this as a significant
concern. Additionally, the estimate not using Louisiana observations does not exhibit this
decrease when using the preferred empirical specification.

96



Table A.1: Results using semiparametric selection correction

(1) (2)
VARIABLES Ichimura-Robinson Ichimura-Robinson

Total Share of Turnout (log) 0.26**
(0.11)

Avg. Share of Turnout (log) 0.18*
(0.09)

Number of Reps. (log) 0.45***
(0.14)

Population (log) 0.44*** 0.39***
(0.14) (0.12)

Observations 2,842 2,840
R2 0.59 0.58
State-Storm FE ✓ ✓

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Note. Dependent variable is the natural logarithm of FEMA aid category listed at the top
of the column adjusted to 2012 USD in the Northeast region of the US. Swing controls
include the coefficient of variation of previous three elections, how close on average the
democratic vote share is to 50%. Information controls include variables on % of county
with at least an associates degree, % of a media market living in a county, % of the
counties media market that lives in the same state as the county, and the number of
internet connections per capita in a county.

A.0.3 Alternate Excluded Variable

The results obtained when using the previous success rate of securing PA funding

rate are presented here. Table A.2 is structured in the same way as Table 1.13. The

OLS estimates are quite a bit higher due to the change in the sample to more cur-

rent storms. However, the coefficient moves in the same direction after controlling

for selection (second column) and possible endogenity (third column). The preferred

specification in the fourth column produces a similar point estimate as in the main

text, further supporting the main results.
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Figure A.1: Leave-one-out results
Note. Top Left: OLS results after iteratively dropping a state; Top Left: IV + Heckman
results after iteratively dropping a state; Bottom Left: OLS results after iteratively drop-
ping a disaster; Bottom Right: IV + Heckman results after iteratively dropping a disaster

A.0.4 Tables of Controls

This section contains tables of all the controls for each regression.
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Table A.2: Results with alternate excluded variable

(1) (2) (3) (4)
VARIABLES OLS Heckman IV Heckman and IV

Total Share of Turnout (log) 0.32*** 0.32*** 0.83*** 0.85***
(0.11) (0.11) (0.28) (0.33)

Population (log) 0.34** 0.34** -0.12 -0.13
(0.14) (0.13) (0.28) (0.32)

Inverse Mills Ratio -0.15 -0.15
(0.15) (0.17)

Observations 2,471 2,471 2,471 2,471
R2 0.66 0.66 0.48 0.48
State-Storm FE ✓ ✓ ✓ ✓

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Note. Dependent variable is the natural logarithm of FEMA Public Assistance emer-
gency spending adjusted to 2012 USD in the Northeast region of the US. Swing controls
include the coefficient of variation of previous three elections, how close on average the
democratic vote share is to 50%. Information controls include variables on % of county
with at least an associates degree, % of a media market living in a county, % of the
counties media market that lives in the same state as the county, and the number of
internet connections per capita in a county.
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Table A.3: Controls for first specification

(1) (2) (3) (4)
VARIABLES OLS Heckman IV Heckman and IV

Dist. from 50% V Sdem 0.15 0.15 0.19 0.20
Coef. of Variation (log) 0.28 0.28 0.54 0.54

% of Reps. that are Dems 0.05** 0.05*** 0.03 0.03
Children per cap (log) 0.10 0.11 0.05 0.06
Total Length of Road (log) -0.09 -0.09 -0.10 -0.10
Poverty Rate 0.98 0.97 0.77 0.75
Income per cap (log) 0.50 0.49 0.37 0.36
Median Value of Housing (log) -0.31 -0.31* -0.28 -0.28
Median Value of Mobile Housing (log) 0.18** 0.19** 0.16* 0.16*

% > 65 -0.41 -0.38 -1.02 -0.99
Unemployment Rate 1.30 1.31 1.30 1.33

% White 0.44 0.44 0.50 0.51

# Historic Bldgs. (log) 0.06*** 0.06*** 0.06*** 0.06***
Avg. % Imperviousness -1.35 -1.35 -1.27 -1.27

% Pop. in Urban Area 0.79*** 0.80*** 0.72*** 0.73***
Max wind speed (log) 2.22*** 2.22*** 2.21*** 2.20***
Average Rainfall (log) 0.22* 0.21*** 0.21* 0.21
Km to coast (log) -1.12*** -1.12*** -1.04*** -1.03***
Number of Internet Conn. (log) 0.09 0.08 0.10 0.10

% of DMA in county 0.32 0.31 0.35 0.34
College Edu. 0.84 0.84 0.83 0.82

Observations 2,842 2,842 2,842 2,842
R2 0.66 0.66 0.46 0.46

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Note. This is the set of controls for Table 1.3. Dependent variable is the natural logarithm
of FEMA aid category listed at the top of the column adjusted to 2012 USD in the
Northeast region of the US. State-storm fixed effects are included to focus on variation
between counties within a state following a specific storm.
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Table A.4: Controls for second specification

(1) (2) (3) (4)
VARIABLES OLS Heckman IV Heckman and IV

Dist. from 50% V Sdem 0.12 0.12 0.16 0.17
Coef. of Variation (log) 0.25 0.25 0.49 0.49

% of Reps. that are Dems 0.03 0.03* 0.01 0.01
Children per cap (log) 0.09 0.09 0.05 0.05
Total Length of Road (log) -0.12 -0.12 -0.12 -0.12
Poverty Rate 1.02 1.01 0.82 0.80
Income per cap (log) 0.51 0.51 0.39 0.38
Median Value of Housing (log) -0.33 -0.33* -0.30 -0.30
Median Value of Mobile Housing (log) 0.20*** 0.21** 0.18** 0.18**

% > 65 -0.30 -0.28 -0.88 -0.85
Unemployment Rate 1.64 1.65 1.59 1.60

% White 0.53 0.54* 0.58 0.59

# Historic Bldgs. (log) 0.06*** 0.06*** 0.05*** 0.05***
Avg. % Imperviousness -1.39 -1.39 -1.31 -1.31

% Pop. in Urban Area 0.84*** 0.85*** 0.77*** 0.78***
Max wind speed (log) 2.21*** 2.20*** 2.19*** 2.18***
Average Rainfall (log) 0.22* 0.22*** 0.21* 0.21
Km to coast (log) -1.10*** -1.10*** -1.03*** -1.03***
Number of Internet Conn. (log) 0.00 -0.00 0.03 0.02

% of DMA in county 0.60 0.60* 0.58 0.57
College Edu. 0.83 0.83 0.82 0.81

Observations 2,842 2,842 2,842 2,842
R2 0.66 0.66 0.47 0.46

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Note. This is the set of controls for Table 1.4. Dependent variable is the natural logarithm
of FEMA aid category listed at the top of the column adjusted to 2012 USD in the
Northeast region of the US. State-storm fixed effects are included to focus on variation
between counties within a state following a specific storm.
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Table A.5: Controls for placebo test

(1) (2) (3) (4) (5)
VARIABLES PA Em. PA Perm. PA Em. IA Placebo Maps

Dist. from 50% V Sdem 0.20 1.05*** 0.40 0.86* 0.12
Coef. of Variation (log) 0.54 0.28 0.76 0.29 0.19

% of Reps. that are Dems 0.03 0.03 0.04 0.03 0.03**
Children per cap (log) 0.06 -0.57* -0.22 -0.58 0.11
Total Length of Road (log) -0.10 0.31* -0.04 0.14 -0.12
Poverty Rate 0.75 -0.85 0.41 -1.31 1.02
Income per cap (log) 0.36 0.46 0.20 -0.88 0.52
Median Value of Housing (log) -0.28 -0.52** -0.19 -0.15 -0.33*
Median Value of Mobile Housing (log) 0.16* -0.01 0.17 0.02 0.21***

% > 65 -0.99 -0.66 -2.43 -1.32 -0.15
Unemployment Rate 1.33 0.12 2.43 5.27* 1.67

% White 0.51 0.77 0.77 -1.20 0.53*

# Historic Bldgs. (log) 0.06*** 0.06*** 0.07*** -0.04 0.06***
Avg. % Imperviousness -1.27 -0.71 -1.91 -2.08 -1.39

% Pop. in Urban Area 0.73*** 0.40 0.80** -0.20 0.87***
Max wind speed (log) 2.20*** 1.14* 2.20*** 1.97*** 2.20***
Average Rainfall (log) 0.21 0.85*** 0.22 0.52 0.22***
Km to coast (log) -1.03*** -1.43*** -0.87*** -0.88*** -1.11***
Number of Internet Conn. (log) 0.10 -0.09 0.23* 0.13 -0.01

% of DMA in county 0.34 0.54 0.36 0.76 0.58*
College Edu. 0.82 0.44 0.42 1.32 0.82

Observations 2,842 2,526 2,023 1,459 2,842
R2 0.46 0.28 0.48 0.41 0.66

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Note. This is the set of controls for Table 1.5. Dependent variable is the natural logarithm
of FEMA aid category listed at the top of the column adjusted to 2012 USD in the
Northeast region of the US. State-storm fixed effects are included to focus on variation
between counties within a state following a specific storm.
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Appendix B

Appendix for Chapter 2

B.0.1 Model

Although mood can manifest itself in many ways, this paper defines mood as an emo-

tion that affects how voters perceive candidate risk. To formalize our hypothesis we

utilize a model of turnout from Castanheira (2003) and add risk to one candidate’s

platform. In this model voters must decided if they find it beneficial to vote or abstain.

If they vote they chose between two candidates A and B. The candidates have plat-

forms that place them on either side of a uni-dimensional policy space. Without loss of

generality we label candidate A as the risk-free candidate (the incumbent henceforth)

and candidate B will be the risky candidate (the challenger henceforth). For simplicity

we assume that the platforms of the candidates are distributed in the following way:

PA = A s.t. A < 0

PB ∼ N(−A, σ2)

(B.1)

We assume that there is a fraction of the population, γA ∈ (0, 1) that supports

the incumbent, A, and a fraction, γB = 1−γA that supports the challenger, B. These

fractions are given and do not depend on the perceived riskiness of the challenger.

We denote, σ2, as the perceived riskiness of the challenger. The utility derived by a

voter is represented by the following function:

U(θi, P, vi) = −(θi − P )2 − c(vi) (B.2)
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Where P is the platform that is realized, θi is voters preferred location on the

policy spectrum and vi represents the action taken by the voter. c(vi) represents the

cost of going to the polls given her chosen action. If the voter abstains she incurs zero

cost, if she votes her cost is drawn from a uniform distribution with some positive

upper bound, U(0, C).

We will assume that voter types are distributed according to the following distri-

bution function

f(θ) =



γA
α

∀θ ∈ [−α, 0]

γB
α

∀θ ∈ [0, α]

0 otherwise

As in most models of voter turnout it is assumed that voters will only go to vote

is they believe their vote will have the potential to affect the result of the election.

Therefore, we must only compare the expected utility of voting for the preferred

candidate versus the expected utility of abstaining. Assuming the preferred candidate

is A the expected utility of a pivotal voter is:

WA−ci = EP

(
U(θi, A, vi)|vi = A

)
−EP

(
U(θi, B, vi)|vi = ∅

)
= Pr(pivotal for A)(4Aθi+σ2)−ci

Similarly the expected utility of being a pivotal voter for candidate B is:

WB−ci = EP

(
U(θi, B, vi)|vi = B

)
−EP

(
U(θi, A, vi)|vi = ∅

)
= Pr(pivotal for B)(−4Aθi−σ2)−ci

A voter’s choice is determined by her type, when θ < 0 it is easy to see that the

voter would prefer A over B, WA > WB. Without risk (σ2 = 0) any θ > 0 type would

prefer candidate B, however because of the concavity of the utility function some

voters with positive θ, above a cutoff θ, now prefer the safer incumbent, A. To find

the cutoff θ we find the θ where the expression in the parenthesis that is multiplying
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the pivotal probability is equal to zero:

θ =
−σ2

4A
(B.3)

Notice that this cutoff goes up as the coefficient of variation of candidate B’s

platform, σ2

−A
increases. The intuition is that the riskier the challenger the more voters

“defect” to the incumbent.1 Figure 2.5 presents the type distribution as well as the

platforms for each candidate for given parameters σ2, γB < γA, and α.

Another important quantity is the fraction of support for each candidate after the

riskiness of B is realized. Let γ̃A be the fraction of the population that supports the

incumbent given the perceived riskiness of the challenger, then:

γ̃A =

∫ 0

−α

f(θi)dθi +

∫ θ

0

f(θi)dθi

=

∫ 0

−α

γA
α
dθi +

∫ θ

0

γB
α
dθi

= γA +
γB
α
θ

Similarly, we can find the fraction of the electorate that supports the challenger:

γ̃B = γB − γB
α
θ (B.4)

Proposition 1 If candidate B offers platform B with certainty, then γ̃A = γA and

γ̃B = γB.
1A defector is defined as a voter that would have preferred B if there was zero risk, but

given the riskiness of B now prefer A.
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Proof. Using the stated formulas for γ̃A and θ and the fact that σ2 = 0 when there

is no uncertainty:

γ̃A = γA +
γB
α
θ

= γA +
γB
α

· −σ2

4A

= γA

Same for γ̃B.

The total size of the population, ñ is a Poisson random variable with λ representing

the expected population size, ñ ∼ Pois(λ).

We then define the probability a voter that prefers each candidate shows up to

the polls on election day as the probability her cost is less than the expected value of

voting for her preferred candidate:

Pr
[
ci ≤ WA|θi ≤ θ

]
=

Pr(pivotal for A)(4Aθi + σ2)

C
(B.5)

Pr
[
ci ≤ WB|θi ≥ θ

]
=

Pr(pivotal for B)(−4Aθi − σ2)

C
(B.6)

Adopting the same assumption about how ties are broken as Castanheira (2003)

we can use Lemma 2 from Castanheira (2003) to define the pivot probabilities given

the share of electorate that votes for each candidate:

Pr(pivotal for B |sA, sB) =
e−(

√
sA−√

sB)2λ

2
√
πλ 4

√
sAsB

Pr(pivotal for A |sA, sB) =
√

sB
sA

Pr(pivotal for B|sA, sB)
(B.7)

Now we can calculate the equilibrium vote shares of each candidate and turnout.

The vote share is calculated as the fraction of voters that have draws of (θi, ci) that

motivate them to turn up and vote for their preferred candidate.
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sA =

∫ 0

−α

f(θi)Pr(ci ≤ WA)dθi +

∫ θ

0

f(θi)Pr(ci ≤ WA)dθi

=

∫ 0

−α

γA
α

Pr(pivotal for A)(4Aθi + σ2)

C
dθi +

∫ θ

0

γB
α

Pr(pivotal for A)(4Aθi + σ2)

C
dθi

Notice that as the coefficient of variation of the challenger’s platform increases the

second integral will grow, showing clearly that the riskier the challenger the larger

the vote share for the incumbent. Now calculating the vote share for the challenger

we can see that the converse is true, as the coefficient of variation grows θ increases

which decreases the vote share of the challenger.

sB =

∫ α

θ

f(θi)Pr(ci ≤ WB)dθi

=

∫ α

θ

γB
α

Pr(pivotal for B)(−4Aθi − σ2)

C
dθi

As these integrals are fairly long and complex we borrow the solution strategy of

Castanheira (2003) and first compute the ratio of them and then use this ratio to

implicitly solve for the equilibrium turnout rate. For compactness of future formulas

we call this ratio, K:

K =
sA
sB

=

( γAα
γB

(σ2 − 2Aα) + θ(2Aθ + σ2)

2A(θ
2 − α2) + σ2(θ − α)

) 2
3

(B.8)

Using the fact that the fraction of the electorate that votes should equal the sum

of the fraction that shows up for each candidate

t = sA + sB

t =

(
sA
sB

+ 1

)
sB

t(K + 1)−1 = sB
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Substituting the expression for sB gives us an equation that we can implicitly

solve for the equilibrium turnout rate, t:

t(K+1)−1 =
γB
αC

e−((K−1+1)−0.5−(K+1)−0.5)2tλ

2
√
πλ(K−1 + 1)−0.25(K + 1)−0.25t0.5

[
2A(θ

2−α2)+σ2(θ−α)
]

(B.9)

To check if our results against Castanheira (2003) we assume the same parameter

values and first show identical results when we set σ2 = 0. Setting A = −10, α =

C = 1, and λ = 1500 we are able to replicate the top curve in Figure 1 in Castanheira

(2003). We then plot the turnout rate and fraction of the total population voting for

each candidate as a function of the variation in the challengers platform, σ2, in figures

B.1 and B.2 respectively.

Figure B.1: Turnout rate as a function of incumbent support and riskiness
of challenger

Proposition 2 Increasing costs affect on turnout and candidate support

An increase in the maximum cost, C, does not affect the ratio of support for the safer

candidate versus the riskier candidate and reduces turnout.
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Figure B.2: Ratio of share of electorate that supports incumbent vs share
that supports challenger as a function of incumbent support and riskiness
of challenger

Proof. Using (B.8) we show that the ratio of support for the safe versus risky candi-

date does not respond to a change in the cost distribution.

∂K

∂C
=

∂( sA
sB
)

∂C

=

∂(

(
γAα

γB
(σ2−2Aα)+θ(2Aθ+σ2)

2A(θ
2−α2)+σ2(θ−α)

) 2
3

)

∂C

= 0

To compute changes in equilibrium turnout with respect changes in the cost distribu-

tion, we use computational tools, since we do not have a closed form for equilibrium

turnout. Figure B.3 shows the change in turnout with respect to increases in C.
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Figure B.3: The effect of increasing cost on the overall turnout rate

We now summarize the main model’s predictions. We use them to build the intu-

ition behind our empirical analysis.

Predictions:

1. When the majority (minority) of the population supports the incumbent, γA >

0.5, (γA < 0.5) and the perceived riskiness of the challenger decreases, turnout

will increase (decrease).

2. When the perceived riskiness of the challenger decrease the ratio of share of

voters for the incumbent versus the challenger also decreases.

3. An increase in the maximum draw from the cost distribution, C, has no impact

on the ratio of support for candidates and decreases turnout.
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Figure B.1 illustrates prediction 1, for example imagine the incumbent enjoys

support from the majority of the electorate (γA > 0.5) as we decrease risk, or move

towards the back graph, we must climb towards the peak of the turnout. The converse

is true when we pick a γA < 0.5, a movement “back” takes us away from peak turnout.

This effect is driven by the fact that a decrease in risk is simply a negative shock to

the incumbent’s popularity. A feature of these models is that turnout is maximized

in close elections, therefore when the incumbent is the front runner a negative shock

(decrease in challenger risk) makes the election closer, which increases turnout. Figure

B.2 illustrates prediction 2 in that any decrease in risk lowers the support of the

incumbent relative to the challenger.

Test of model predictions on turnout

While not pertinent to the set of results in the main text, we also present some

more nuanced tests produced that give more credence our model in this subsection.

Our model predicts that when the front-runner2 is the riskier (safer) candidate one

should observe an increase in sunshine decreasing (increasing) turnout as the proba-

bility of being pivotal decreases (increases). Meanwhile precipitation should have an

unambiguously negative impact on turnout, regardless of which candidate has larger

support. The empirical obstacle to testing these predictions is determining a front-

runner. In the model the main channel by which this feeds into turnout is via the

expected “pivotalness” of voters. To determine this we utilize ex-ante polling data

and ex-post returns. And because in the US voters consider both how pivotal they

are in their state election and how pivotal their state is we also use each measure

at the state and national level. Figure B.4 shows the marginal impact of sunshine
2A front-runner is the candidate that is perceived to have the larger support of the

population before voting occurs.
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on turnout split out by which party’s candidate is considered the front-runner. The

results largely agree with the model predictions, most the red lines slope upward (sun-

shine increases turnout when republicans are in the lead) while most of the blue lines

slope downward (sunshine decreases turnout when democrats are in the lead). Figure

B.5 is the same figure but for precipitation. Again, the empirical results support the

model predictions as all lines weakly slope downward (precipitation decreases turnout

no matter who is in the lead).

113



Figure B.4: Sunshine model prediction results
Note. Impact of sunshine (x-axis in sunshine-hours across p10-p90 values of sunshine)
on turnout (y-axis in turnout as %) by party who is considered the front runner using
multiple different measures of which candidate is the front runner.
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Figure B.5: Precipitation model prediction results
Note. Impact of precipitation (x-axis in inches across p10-p90 values of precipitation)
on turnout (y-axis in turnout as %) by party who is considered the front runner using
multiple different measures of which candidate is the front runner.
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B.0.2 Robustness Checks

The current literature that documents how irrational events affect candidate support

is plagued with the potential that their main results are driven by spurious correlation.

As pointed out in Fowler and Pablo Montagnes (2015); Fowler and Hall (2018), all

papers in this literature need to present a battery of robustness check and placebos

to convince the audience of their results. For example, Healy et al. (2010) analyzes

whether local college football results affect incumbent vote-share, finding that a win

in the 10 days before election day increases the incumbent vote by 1.61 pp. However,

Fowler and Pablo Montagnes (2015) shows that these results do not pass logical

placebo tests. While we can not replicate the the same placebo tests we addresses

these concerns by showing that in counties that have a higher proportion of swing

voters our results are stronger, and by performing randomization inference tests. We

also rigorously test our mechanism by re-labeling candidates and finding support

that the same pattern occurs for incumbents, older candidates, and more experienced

candidates.

Randomization Inference

As documented by Cooperman (2017), daily weather variables offer natural potential

randomization. Specifically, one can be completely agnostic about spatial clustering

patterns by using all potential election days as a sampling distribution (Barrios et al.

(2012)). In practice, we draw a random sample of potential election day weather3 from

the 40 years of weather data in our main sample. We estimate our effects using three

different sampling procedures: (i) independent draws of county-election day weather

; (ii) independent draws of state-election day weather, and (iii) independent draws

3To control for correlation between our two weather variables we draw both sunshine and
precipitation data from the same day.
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of national election day weather. Sampling procedures (i)-(iii) represent progressively

stronger tests, in that they make fewer assumptions about how weather is spatially

clustered. For example, using (i) we are implicitly assuming that weather experienced

by each county is completely uncorrelated with neighboring counties. Conversely, (iii)

uses actual national weather patterns and makes no assumptions about correlations

across time.

Figure B.6 shows the distributions of average treatment effects (ATE) for sunshine

and precipitation using republican vs. democratic candidates. Each figure presents the

distribution of weather effects for absenteeism (first column), riskier candidate’s vote

share (second column), and the safer candidate’s vote share (third column). Our

main point estimates are represented as black dashed lines. The statistics and p-

values presented underneath each distribution were calculated by removing the mean

of each distribution from our estimates and dividing by the standard deviation of

each distribution. Most of our results do not survive the strictest test where we use

sampling technique (iii).4 However, all of our results pass the weakest test, where we

use sampling technique (i). This matches the findings in Cooperman (2017).

To compute the distribution of ATEs we replace the election day weather (a

precipitation-sunshine tuple) with a random draw from a distribution of potential

election days and estimate equations 2.2 and 2.1. Using this estimated model we then

compute four counterfactuals for each observation high/low sunshine and high/low

precipitation, and take the sample average. As before, we use 1 standard deviation

below (above) the mean to be the low (high) treatment. This leaves us with four

average predicted log ratios that we then convert into into predicted average vote

shares and the share of non-voters. The last step is to take the difference between the
4Interestingly, the only result that passes every test is the strong positive impact of

increasing sunshine on democratic candidates vote share.
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high and low treatments. These two differences represent the ATE for that iteration.

We repeat this procedure for 1,000 different randomizations for both main estimations:

incumbent vs. challenger, and republican vs. democrat candidates.

(a) (b)

Figure B.6: Randomization inference results
Note. Distribution of ATE of (a) sunshine and (b) precipitation using repub-
lican/democratic specification. Each row represents a different sampling technique.
Specifically, the re-sampling is done at the county, state, and national level respectively.
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Leave one out

To analyze if there is a particular election or state driving our main results we analyze

the robustness of our results using the leave one out procedure. Figure B.7 represents

our main results after removing one election year at a time from our sample. While

Figure B.8 represents our main results after removing one state at a time from our

sample.5 Similar to other robustness checks, the results using democrat/republican

survive, while the results using challenger/incumbent loose significance. This is most

likely a result of imprecision due to small sample size.

Figure B.7: Coefficients of interest after leaving one election year out and
re-estimating

5The state’s fips code is next to the estimate obtained after removing it from the sample.
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Figure B.8: Coefficients of interest after leaving one state out and re-
estimating

Sample Selection: Solid South

Figure B.9: Histogram by year of turnout rates for the “Solid South” states
(blue) and all other states (red)
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For our main sample we look at all elections post 1976 The reasons for this is

twofold. First, the weather data we obtained pre-1979 is heavily modeled and not as

accurate as the satellite observations we have post 1979. Second, and more impor-

tantly, before the mid-1970s a bloc of states in the southern region of United States

were characterized by brutal voter suppression6 and single party rule. These features

of the “Solid South” are incongruent with our model of two party competition and

homogeneous cost structure. Whenever a researcher chooses their sample it raises

concerns that they have done so in a strategic way to engineer results. To assuage

these concerns we present Figure B.10 contains our main estimates using the entire

sample from 1948-2016 removing counties in the solid south prior to 1976.

(a) (b)

Figure B.10: Effect on republican and democratic candidate vote shares
and abstention rate using alternate sample

Note. Estimates from SUR of: (a) increasing precipitation 1 inch without controlling for
sunshine; (b) increasing precipitation 1 inch controlling for sunshine; (c) increasing sun-
shine hours by 2.8. All results control for state level % of African American’s registered
to vote, the motor voter laws, as well as the presence of literacy tests or poll taxes in
the state, as well as county and election fixed effects.

6Evidence of this voter suppression can be seen in Figure B.9 which shows turnout rates
for the “Solid South” states versus all other states.
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B.0.3 Collinearity of Weather Variables

One potential reason why sunshine has not received much attention is that most

of the available historical data measures sunshine in discrete bins (e.g. clear, partly

cloudy, etc.). When using these discrete measures researchers are unable to include

precipitation due to near perfect collinearity. The measures of both sunshine and

precipitation used in this paper are continuous, however one may still worry that

they are too correlated to both be included in our model. To assuage these concerns

we present multiple checks in this section. To isolate the variation used in all of

our models we first remove the election year and county means from both weather

variables. The Pearson’s correlation coefficient between sunshine and precipitation is

-0.27.7 We also find that the R2 when regressing sunshine on precipitation (or vice

versa) is only 0.07, implying that there is substantial variation in each weather variable

not explained by the other. The last check we present is the variance inflation factors

(VIF) for both weather variables from the estimation of the following equation:

ln

(
Rcst

Dcst

)
= βpprecipcst + βssunshinecst + Xstθ + νc + τt + ϵcst, (B.10)

where all the coefficients represent the differential impact on the democratic versus

republican candidates vote share of the covariate they precede. The rule of thumb is

that a VIF of over 10 indicates the potential of collinearity, we find that precipitation

and sunshine produce VIFs of 1.08 and 1.09, respectively. We take these three diag-

nostic results as ample evidence that we should not be concerned that collinearity is

preventing us from interpreting our estimated coefficients.

7The coefficient is -0.23 without removing the election and county fixed effects.
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Appendix C

Appendix for Chapter 3

C.0.1 Heterogeneity in Total Disparity

Figure C.1: Heterogeneity in total disparity by age

C.0.2 Synthetic Population

In section 3.6.1 we utilized a synthetic population created by the Research Triangle

Institute (RTI) International (Wheaton, 2014) to estimate drug use for a defendant.

This synthetic population uses publicly available census microdata and assigns each
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Figure C.2: Heterogeneity in total disparity by drug use

record to a census block while respecting the marginal distributions of various aggre-

gated census counts by census block group using a method called Iterative Propor-

tional Fitting. The variables used to match individual households to census blocks

are age of the head of household, household income, household size, and race of head

of households. This synthetic population is then used as an input to estimate the pre-

dicted number of drug users and dealers at the block group level. However, our models

for both drug use and sales require more information than is used to place households

into block groups (e.g. marital status, personal income, employment status, education,

and gender). RTI provides the individual identifier for each census record, therefore

these variables can be merged into the synthetic population dataset. A concern would

be that the information used to place individuals into census blocks does not have
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any predictive accuracy on the other characteristics being merged in. To check we

aggregate the synthetic population to the block group level for all dimensions being

used in our model and compare it to the block group aggregates provided by census.

Figures C.3 to C.10 present these comparisons. As one can see for every dimension

our synthetic population correlates highly with actual block group totals provided by

the Census.

Figure C.3: Comparison of aggregate synthetic population to ACS block
group aggregates by youngest (top left) to oldest (bottom right) age
groups.

Note. Red line represents 100% accuracy, blue line represents population weighted OLS
fit line.

C.0.3 Creating Proxies for Drug Use and Sales

We begin by collecting the data on self reported use and sale of illicit drugs described

in detail in Section 3.3.2 from the National Drug Use and Health Survey (NSDUH).

We first filter to include only responses from those living in small metro areas with

less than 1 million inhabitants. After filtering the raw survey data we expand by
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Figure C.4: Comparison of aggregate synthetic population to ACS block
group aggregates by race. The categories of interest for this article are
white (top left panel) and Black (2nd from the left in the top row)

Note. Red line represents 100% accuracy, blue line represents population weighted OLS
fit line.

the supplied survey weights and draw a 10% random sample. We then create a test

dataset by setting aside a random sample of 33% of the full sample. This sample is

used to test the accuracy of our final prediction model on.1

As discussed previously, drug use and drug sales are low probability events which

leave use with an imbalanced dataset. This imbalance poses serious problems for

classification. Luckily this is a well documented issue and solutions exist. We utilize

a procedure, described in Batista et al. (2003), that first creates synthetic observa-

tions that essentially over-sample the minority class (drug users) using the synthetic

minority over-sampling technique (SMOTE) then removes Tomek links from this syn-

1The following description of our modeling strategy is only applied to the 67% of the full
sample not contained in this test dataset (training dataset).
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Figure C.5: Comparison of aggregate synthetic population to ACS block
group aggregates by marital status

Note. Red line represents 100% accuracy, blue line represents population weighted OLS
fit line.

thesized sample. While a full description of this technique is well beyond the scope

of this paper a short explanation is in order. To begin, SMOTE randomly selects

an observation from the minority class and finds its 5 nearest neighbors using the

features contained in the dataset (e.g. age, race, gender, income, etc.). Synthetic

observations are then created using a convex combination (weighted average) of these

data points. This process is repeated until balance between minority and majority

classes is achieved (i.e. the number of observations for drugs users is equal to the

number of observations of non-drug users).2 The next step is to identify Tomek links

within the majority class and remove them.3 Let d(a, b) represent the Euclidean dis-

2See Chawla et al. (2002)
3See Tomek (1976)
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Figure C.6: Comparison of aggregate synthetic population to ACS block
group aggregates by male (left panel) and female (right panel).

Note. Red line represents 100% accuracy, blue line represents population weighted OLS
fit line.

tance between unique observations a and b in the feature space, where both are from

different classes. A Tomek link
(
a, b

)
exists if there does not exist an observation

i ̸∈ {a, b} that has a smaller distance between a or b than d(a, b). Said another way, if

a is b’s closest neighbor and b is a’s closest neighbor and both observations are from

different classes
(
a, b

)
is a Tomek link. These observations represent the “borderline”

cases that are harder to classify and therefore removing them helps algorithms build

stronger rules with less noise.

After resampling our data we then turn to choosing the correct model to maximize

the validity of our predictions. We turn to the off the shelf tool AutoGluon to allow

our data to pick the model best suited for our task. We feed our training data into this

function and allow it run for 12 hours for each year (2015-2019) and each task (non-
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Figure C.7: Comparison of aggregate synthetic population to ACS block
group aggregates by education

Note. Red line represents 100% accuracy, blue line represents population weighted OLS
fit line.

marijuana drug use, marijuana drug use, and drug sales).4 Table C.1 illustrates the

accuracy of the models, this confusion matrix shows that the model is highly capable

of identifying self reported drug use and sales given the demographic information used

as input.

4The models were trained using a Desktop PC with AMD Threadripper 3960X 3.8 GHz
24-Core Processor with 128 GB DDR4 RAM and a NVIDIA 3080 Ti GPU.
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Figure C.8: Comparison of aggregate synthetic population to ACS block
group aggregates by lowest personal income group (top left panel) to
highest (bottom right panel)

Note. Red line represents 100% accuracy, blue line represents population weighted OLS
fit line.

Table C.1: Confusion matrix showing the performance of the models over
all the test data from 2015-2019.

Non-marijuana Drug Use Predicted non-user Predicted user Sensitivity\Specificity
Actual non-user 11,040,425 1,180,338 90.3%
Actual user 39,573 1,114,276 96.6%
Drug Sales Predicted non-dealer Predicted dealer Sensitivity\Specificity
Actual non-dealer 12,818,879 339,275 97.4%
Actual dealer 1,374 215,084 99.4%
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Figure C.9: Comparison of aggregate synthetic population to ACS block
group aggregates by lowest family income group ($ 10K top left panel) to
highest ( $ 75 K bottom right panel)

Note. Red line represents 100% accuracy, blue line represents population weighted OLS
fit line.

Figure C.10: Comparison of aggregate synthetic population to ACS block
group aggregates by poverty status (in poverty is top right)

Note. Red line represents 100% accuracy, blue line represents population weighted OLS
fit line.
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