
Essays in Poverty and Political Economy

A Dissertation
submitted to the Faculty of the

Graduate School of Arts and Sciences
of Georgetown University

in partial fulfillment of the requirements for the
degree of

Doctor of Philosophy
in Economics

By

Juan Margitic, M.S.

Washington, DC
April 20, 2021



Copyright © 2021 by Juan Margitic
All Rights Reserved

ii



Essays in Poverty and Political Economy

Juan Margitic, M.S.

Dissertation Advisors: Laurent Bouton, Ph.D. and Martin Ravallion, Ph.D.

Abstract

This dissertation consists of three chapters covering topics in poverty, inequality,

and political economy. The first chapter Lifting the Floor? Economic Development,

Social Protection, and the Developing World’s Poorest, co-authored with Martin

Ravallion, provides the first assessment of the consumption floor (the lower bound

of the distribution of real consumption) across countries. We find that higher mean

incomes come with a higher floor. Social insurance (mainly public pensions) does the

“heavy lifting” of the floor. Social assistance (mainly targeted cash-transfers) lifts the

floor by only 1.5 cents per day on average or less than 10% of the mean spending on

social assistance.

In the second chapter Food Stamps and America’s Poorest, co-authored with Dean

Jolliffe and Martin Ravallion, we provide the first assessment of America’s progress in

lifting the floor and whether the country’s largest antipoverty program, SNAP (“food

stamps”), helped do so. The paper proposes an operational method of estimating

the floor and implements this on micro survey data spanning 30 years. We find that

SNAP partially compensates the poorest and helps stabilize the floor. Nonetheless,

the floor has been sinking over the last 30 years. SNAP’s efficiency in lifting the floor

has declined over time, though the “SNAP stimulus” did help prevent a drop in the

floor during the Global Financial Crisis. The paper also finds that complete coverage

of the poorest would lift the floor appreciably.

In the third chapter Polling Place Location and the Costs of Voting, co-authored

with Gaurav Bagwe and Allison Stashko, we apply a geospatial border discontinuity
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design to find the causal effect of distance to a polling location on turnout for a dataset

of approximately 15 million registered voters in both Pennsylvania and Georgia. Our

results show that a mile increase in the distance to polling location reduces turnout

up to 1.22 p.p. on average. When looking at heterogeneous effects, we find that older

voters, non-independent voters, and those who take public transport to work respond

more to changes in distance. The availability of no-excuse vote by mail may help

attenuate the reduction in turnout caused by distance to polling place.

Index words: Poverty, Inequality, Political Economy, Consumption Floor,
Social Protection, Social Insurance, Social Assistance, SNAP,
Food Stamps, Costs of Voting, Voting Precincts, Polling Places
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Chapter 1

Lifting the Floor? Economic Development, Social Protection, and

the Developing World’s Poorest

1.1 Introduction

Policy discussions often emphasize the need to assure that the poorest are not being

“left behind.” For example, the title of the 2017 Policy Paper of the UK’s Department

for International Development (DFID) is “Leaving No One Behind: Our Promise,” and

the paper’s main theme is DFID’s goal of prioritizing “the poorest of the poor.” One

can find many prominent examples of public claims suggesting that DFID’s concern

is neither isolated nor unjustified—claims that the poorest are in fact being “left

behind.”1

This concern echoes an important school of moral philosophy that has argued that

we should judge a society’s progress by its ability to enhance the living standards of

the poorest, as exemplified by the principle of justice proposed by Rawls 1971. This

principle is often advocated for practice, including in the UN’s Sustainable Develop-

ment Goals, which advocate effort to “ensure no one is left behind” (UN, 2017), and

1For example, in 2011, the U.N.’s Secretary-General Ban Ki-moon claimed that: “The
poorest of the world are being left behind. We need to reach out and lift them into our
lifeboat.” (This was at the launch of the report: Nations 2011). Similarly, in 2014, the
International Labor Organization’s Director-General, Guy Ryder, wrote that “Poverty is
not yet defeated. Far too many are being left behind.” Also, the Vatican’s representative
to the United Nations claimed in 2015 that the poorest of the world are being left behind
(James 2015).
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the Swiss Constitution, which states that: “. . . the strength of a people is measured

by the well-being of its weakest members.”

But are the poorest actually being left behind? This can be interpreted as referring

to the lowest level of material living in society. That lower bound can be called the

“floor.” If the poorest have indeed been left behind then the floor will have stayed put.

If the poorest benefit from development and/or social policies then the floor will be

lifted. This idea of the floor should not be confused with the “biological floor.” Human

physiology makes it highly plausible that there is a biological minimum, given that

there are strictly positive nutritional requirements for basal metabolism and normal

activities. However, economic development and the institutions of (private and public)

redistribution can in principle assure that the lower bound is lifted above the biological

minimum. The question is whether, and to what extent, that happens in reality.

On a priori grounds, it is unclear whether the floor will be lifted by economic devel-

opment.2 That will depend on the sources of growth, initial conditions in a country

and social policies, financed in part from the gains from a higher mean income. For

example, growth stemming from external trade expansion could have very different

effects on the wages of relatively unskilled workers in poor countries versus richer

ones, with different implications for the floor to living standards.3 Concerns that the

poorest may see little or no gain from economic development have prompted social-

policy responses. Direct interventions have long been used against poverty in rich

countries and are becoming popular in poorer ones. Following the Bank 2014’s usage,
2There is a literature on the effect of economic growth on measures of poverty, including

Ravallion 1995, Dollar and Kraay 2002, Ferreira and Ravallion 2009 and Datt et al. 2018;
see the survey in Ravallion 2016b (Chapter 8). None of this literature has looked at whether
economic growth has benefited the poorest and (hence) raised the floor. The only exception
is Ravallion 2016a.

3On the diverse distributional implications of trade openness see Ravallion 2006 and
Winters et al. 2004.
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we shall label these programs “social protection” (SP).4 SP coverage in the developing

world has expanded rapidly over the last 20 years, with one or more programs now

found in most countries (Ravallion 2016b).5 However, there are continuing concerns

that such efforts are not having much impact on poverty.6 Various reasons are given

including a lack of political will, weak administrative capacity for implementation,

ignorance of their rights among poor people, and social stigma associated with tar-

geted programs.

The main approach to assessing the poverty impacts of social policies has com-

pared measures of poverty before and after policy intervention. For transfer policies,

this is typically done by comparing measures based on the observed gross income

distribution with those obtained by subtracting the transfer received by each house-

hold.7 This can be called the “counting approach.” In practice, the aggregate poverty

measure is usually a population-weighted average of individual measures.8 The most
4The policies concerned have had various labels, including “anti-poverty programs,” “tar-

geted interventions,” “social safety nets,” “social assistance,” “social insurance” and “social
protection.” Public spending on SP is sometimes called “social spending” although this term
might also be taken to include public health and education spending. To avoid any confusion
we will use the more precise term “SP spending.”

5In population coverage, the two largest SP programs are probably China’s Di Bao pro-
gram (a cash program targeted to the poor) and India’s National Rural Employment Guar-
antee Scheme (a workfare scheme), both of which can be interpreted as efforts to lift the
floor—to assure a minimum standard of living above the biological floor.

6With regard to the two examples in the footnote above, on the Di Bao program see
Ravallion and Chen 2015 and on the India program see Dutta et al. 2014. Evidence on
the under-coverage of poor people in cash transfer programs (in Latin America) can be
found in Robles et al. 2015. Casual observations of specific antipoverty policies in practice
have also expressed concerns about leaving the poorest behind. For example, an article in
the Economist 2015 on China’s poor-area development programs asked how much those
programs have helped reduce poverty, and the article’s answer referred to how little living
standards had risen in one clearly very poor village (in Shanxi) that had apparently been
left behind.

7This has long been the main approach to benefit-incidence analysis (Kakwani 1986;
van de Walle 1998). Recent examples include Lindert et al. 2006, Martinez-Vazquez 2008,
Lustig et al. 2014 and Piketty et al. 2018.

8Atkinson 1987 characterizes this class of measures in more formal terms.
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widely used measure in practice is the headcount index, giving the proportion of

the population living below the poverty line. Higher weight can also be put on poorer

people. An example is the Foster-Greer-Thorbecke (FGT) (Foster et al. 1984) squared

poverty gap (SPG), which weighs poverty gaps by poverty gaps in forming the aggre-

gate measure, thus reflecting inequality among the poor.9

The literature on the counting approach has found that absolute poverty measures

tend to be lower in countries with a higher mean income, and that these measures

tend to fall in growing economies.10 There is also evidence that social protection

spending has generally reduced poverty when measured using the counting approach.

For example, in the cross-country data set that we use in this paper we find that SP

spending in developing countries roughly halves the average poverty gap index (the

agregate gap below the poverty line normalized by the line).11 The counting approach

suggests that, as a rule (and there are exceptions), economic development and social

protection tend to reduce poverty.

While the counting approach is of obvious interest and importance, it does not ade-

quately address prevailing concerns about whether the poorest are being left behind.

To illustrate the inadequacy of prevailing approaches, Figure 1.1 shows two pairs of

cumulative distribution functions with and without a social protection policy. There

is first order dominance in both panels (a) and (b)—an unambiguous change in the

aforementioned class of standard (additive) poverty measures. But there is a big dif-

ference. In (a), the floor has not risen, but in (b) it has. The poorest in (a) have been

“left behind.” Existing poverty measures (including those that give higher weight to

9This assures that (unlike the headcount index) a transfer from a poor person to someone
even poorer will reduce measured poverty. On this and other axioms for a desirable poverty
measure, see Zheng 1997 survey.

10For an overview of the evidence see Ravallion 2016b ( Chapter 8).
11Further evidence on the benefits to poor people as a whole from social spending can be

found in Anand and Ravallion 1993, Gupta et al. 2003, and Lustig et al. 2014
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poorer people) can readily fall without any change in the floor, as in Figure 1.1, panel

(a). Instead, we need to measure the floor, side-by-side with the counting approach.

Figure 1.1: Both pairs of distributions show first-order dominance but with
very different implications for the floor
Note: Source: Ravallion 2016b .

The following section discusses how social protection and economic development

might impact the floor in theory. Section 3 turns to the evidence. We present new

evidence on the level of the floor, how much it responds to public spending on SP,

and the differences between countries in the efficacy of that spending in lifting the

floor. Section 4 concludes.

1.2 Social Protection and the Floor in Theory

We first explore theoretically how one might expect the floor to respond to both eco-

nomic development—defined as a rising mean income—and public spending on social

protection. We discuss our measures and data in detail in Section 3 but for now we

can simply imagine an observed distribution of household income, yi, i = 1, . . . n, and
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a corresponding (unobserved) distribution y?i after eliminating the ignorable tran-

sient effects and measurement errors. Let the floor of the y∗i distribution be denoted

y∗min = min(y∗i , i = 1, . . . n)

1.2.1 The Floor With and Without Social Protection

We can distinguish the pre-transfer floor (denoted y∗premin ) from its post-transfer value

(y∗postmin ) . We are interested in how y∗postmin varies with both aggregate SP spending per

capita, denoted τ , and overall economic development as measured by the mean m

of the observed distribution. It is assumed that SP spending is financed by domestic

taxes, so that m is the same before and after transfers.

We can think of y∗premin as being determined by how the overall mean is shared

within an economy, while the gain in the floor from SP spending, y∗postmin − y∗premin , is

determined by how that spending is shared, which will be the outcome of the processes

determining the allocation of SP spending more generally. This suggests a separable

structure of the form:

y∗postmin = ϑ(m) + ϕ(τ) (1.1)

Here ϑ(.) and ϕ(.) are the sharing functions determining the pre-transfer floor

and the gains from SP respectively. These functions need not be increasing. With

regard to ϑ(.), suppose that economic growth (a higher m) is generated in a way

that shifts the composition of aggregate domestic demand away from less educated

workers. Then the floor could readily fall as the mean rises. Similarly, with regard

to ϕ(τ), there may be general equilibrium effects of SP spending that yield welfare

losses to some poor people; this could happen if the poorest benefit little from that
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spending but end up paying higher prices for the goods they consume.12 Nor should

it be presumed that ϕ(τ) is linear even if it is increasing. At low levels of spending

the gains may well be captured by the non-poor, with the poor only benefiting at

higher levels.13

A special case is when the poorest receive the mean SP spending, which we later

test as the null hypothesis that:

y∗postmin = y∗premin + τ (1.2)

However, there are reasons why y∗postmin − y
∗pre
min could differ from τ , including suc-

cessful efforts at targeting the poorest (y∗postmin −y
∗pre
min > τ), administrative costs, losses

due to corruption, or social exclusion of the poorest (all resulting in y∗postmin −y
∗pre
min < τ).

Our empirical work follows standard practice in benefit-incidence analysis of esti-

mating the pre-transfer distribution by subtracting transfers received at the household

level. This ignores behavioral responses such as through savings, labor supply or pri-

vate transfers. In defense, it might be argued that strong behavioral responses are

unlikely among the poorest, who have the least scope for substitution. However, that

might be considered a strong assumption. We provide a partial test of that assump-

tion. The transfer received by the poorest is denoted τmin. If there are behavioral

responses by the poorest then y∗premin = y∗postmin − τmin will underestimate the true value,

y∗premin . The extent of the error due to behavioral responses is b ≡ y∗premin − ŷ
∗pre
min ≥ 0. Our

test y∗premin assumes that: (i) the true value of y∗premin is a function of the mean, m (as

discussed above), and (ii) the behavioral effect b is non-decreasing function of mean

spending. Thus:
12For example, in the context of a large Philippine cash transfer program, Filmer et al.

2018 find evidence of such adverse welfare effects for non-participating poor people.
13For a theoretical model with this property and supportive evidence see Lanjouw and

Ravallion 1999.
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y∗premin = ϑ(m) + b(τ) (b′(τ) ≥ 0) (1.3)

The test is then to see if there is a correlation between the estimated pre-transfer

floor and mean spending controlling for mean income. Intuitively, when it is correctly

measured, y∗premin should not vary with the level of SP spending at a given mean income.

Note that, even without behavioral responses by transfer recipients, a negative cor-

relation between y∗premin and τ could also arise from a political-economy response of SP

transfers to a low level of the floor. So finding such a correlation does not imply the

existence of behavioral responses. All we can claim is that finding zero correlation is

consistent with our assumption that such responses are absent at the floor. So our

test based on (1.3) can best be thought of as a consistency check on our empirical

analysis.

The separablility in (1.1) might also be considered a strong assumption. A higher

mean income may well come with administrative capabilities (including better infor-

mation systems) that allow governments to better reach the poorest and so raising the

marginal gains in the floor from extra social spending. Two examples illustrate how

this can happen. First, suppose that economic development brings structural changes

such that a rising share of national income is derived from formal-sector activities

amenable to taxation. Engels Law implies this as long as the income elasticity of

demand for informal sector activities is less than unity. Given that agriculture is the

main informal sector in developing countries it is reasonable to assume that economic

growth in such countries comes with formalization, generating greater administrative

capability including for effective SP. Then it can be expected that economic develop-

ment allows higher public spending on SP and supports a greater capacity to make

that spending effective in reaching the poorest.
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The second example starts with the observation that the lack of knowledge about

how to access public programs has often been identified as a factor weakening the

coverage of poor people by social protection policies.14 At the same time, economic

development tends to come with higher literacy rates, which can be expected to pro-

mote greater knowledge, and greater efficacy in dealing with public administrations.

Then the marginal gains to the poorest from higher SP spending will tend to rise

with mean income when comparing different countries.

In the light of these concerns, instead of equation (1.1) we write the relationship

in the more general form:

y∗postmin = f(τ,m) (1.4)

Here f is some (smooth) function (which need not be increasing in its arguments,

as noted). So the pre-transfer floor is y∗premin = ϑ(m) = f(0,m). We shall test sepa-

rability. When the cross-partial derivative fτm is positive we will say that there is

weak complementarity. The degree of complementarity plays a role in how economic

development impacts the floor, as discussed further below.

It is also of interest to know how much differences in the impact of SP on the floor

stem from differences in the overall level of spending versus differences in transfer

efficiency. For this purpose we measure what we term Floor Transfer Efficiency (FTE),

defined as:

FTE = (y∗postmin − y
∗pre
min )/τ (1.5)

We also measure the efficiency of transfers in reaching poor people as a whole. Here

a standard measure in the literature is what we term Gap Transfer Efficiency (GTE),

14See Ravallion et al. 2015 for a workfare program in India and Daponte et al. 1999 for
food stamps in the US.
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defined as the share of total transfers received by the poor, which is the reduction in

the aggregate poverty gap per $ spent.15

1.2.2 Economic Development, Social Protection and the Floor

We can identify two channels in how economic development impacts the floor. The

first is direct, in that it holds at any given level of SP spending. This channel arises

through the distribution of the market income gains associated with economic growth.

Intuitively, the more “pro-poor” the growth process—such as the more it augments

demand for relatively unskilled labor—the stronger is this direct channel. However,

being “pro-poor” is not the same thing as reaching the poorest, as discussed in the

Introduction; poverty measures can fall yet the poorest are left behind. Indeed, we

may see a sinking floor with certain growth processes as noted above.

The second channel is indirect, via higher SP spending. As has long been recog-

nized, a potentially important channel by which economic growth can reduce poverty

is via higher SP spending.16 But is this channel important in practice, and does it

embrace the poorest? Economic growth may be heavily concentrated among an elite

who use their economic power to further reinforce their positions by promoting polit-

ical opposition to redistributive tax and spending policies, with implications for the

poorest as well as many others. Alternatively, the growth may come with similar or

even large gains to electorally influential middle-class citizens who then support anti-

poverty efforts, for either altruistic reasons or as insurance given the down-side risks

they face. We will be interested in the combined effect of these two channels as well
15GTE is standard output in the ADePT Social Protection software used by the World

Bank (Tesliuc and Leite 2010), although there it is called the “cost-benefit ratio.” We prefer
our terminology.

16See, for example, the discussion in Anand and Ravallion 1993. The UN’s Human Devel-
opment Reports have often emphasized this channel; see, for example, Nations 2016.
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as the components, to see how the level of the floor varies with the level of economic

development allowing social policies to adjust.

A simple theoretical model of the political economy of the indirect channel provides

some insights. In keeping with Meltzer and Richard 1981, let us assume that the overall

level of SP spending is chosen by the median voter. (This can best be interpreted as

the median among those who vote, rather than the overall median.) In the present

context, what is the relevant distribution for identifying the median voter? Even if

y∗i − yi has zero mean, the observed median need not equal the true median. One

might argue that the observed median is more relevant to the political economy of

transfer policy, as this reflects transient factors that could still sway electors. Against

this view, the observed distribution also includes measurement errors that may or may

not matter to electoral outcomes. Here we will assume that the relevant median, ymed,

is that of the observed distribution among the electorate. The model can be modified

to allow the alternative assumption that it is the median of they∗i distribution that

matters.

A uniform tax τ is levied to finance SP spending, which depletes the current net

income of the median voter.17 The median voter is taken to face the average tax needed

to finance the spending on SP (though this can be relaxed without any important

change to the results). The median voter cares about the welfare of poorer people,

including those living at the floor. This could be due to altruism or a self-interested

concern about down-side vulnerability, including the prospect of personally falling to

the floor in the future. And the median voter is assumed to take account of the effects

of higher SP spending on the living standards of poorer people. To keep the analysis

simple we will ignore levels of living between the floor and the median; this can be
17Instead one can posit a tax on the median voter that is an increasing function of τ

without changing the main argument.
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readily relaxed but doing so does not appear to deliver any new insights. Thus the

median voter cares about utility at the median, net of the tax bill for SP, and utility

living at the floor, discounted for the probability of living at the floor in the future.

So the choice of τ maximizes:

u(ymed − τ) + ρu(y∗postmin ) (0 < ρ < 1) (1.6)

The utility function, u(y), is taken to be strictly increasing and concave, and ρ is

the altruism weight on the utility of the poorest, or the probability of falling to the

floor in the future (depending on the interpretation).18 We allow the possibility that

fττ > 0, but that this is bounded above such that:

fττ
f 2
τ

<
−uyy(y∗postmin )

uy(y
∗post
min )

(1.7)

When combined with our assumption that u(y) is strictly concave for all y, the

condition in (1.7) assures that the second-order condition for a unique optimal level

of SP spending is satisfied.

The median voter’s optimal spending on SP, given ymed and m, solves:

uy(y
med − τ) = ρuy(f(τ,m))fτ (τ,m) (1.8)

We can write the solution as:

τ = τ(ymed,m) (1.9)

with first derivatives:19

18To allow for levels of living between the median and the floor one would add to (1.6) a
sequence of terms in the discounted utility of each of these intermediate incomes, with dif-
fering ρ’s, and with each income being a (different) function of τ . As noted, this complicates
the maths without any obvious extra insight, so we adopt the simpler formulation in (1.6).

19We treat ρ as a constant in the following derivation. Instead, one might prefer to assume
that altruism develops as the mean income rises—that altruism gets little weight in very
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τymed =
uyy(y

med − τ)
uyy(ymed − τ) + ρ[uy(y

∗post
min )fττ + uyy(y

∗post
min )f 2

τ ]
> 0 (1.10.1)

τm =
−ρ[uy(y∗postmin )fτm + uyy(y

∗post
min )fτfm]

uyy(ymed − τ) + ρ[uy(y
∗post
min )fττ + uyy(y

∗post
min )f 2

τ ]
(1.10.2)

While τ(ymed) > 0 (given (1.7) and uyy < 0), the sign of τm is ambiguous. The

model allows the possibility that a higher mean at given median—interpretable as

higher “inequality”—lowers SP spending. A key issue here is the degree of comple-

mentarity between SP spending (higher τ) and economic development (higher m) in

raising the floor, as indicated by the cross-partial derivative fτm (equation 1.10.2).

Complementarity can arise in a number of ways. Countries that are more devel-

oped economically may well have greater administrative capabilities for reaching the

poorest of the poor. This may also reflect specifics about the type of SP spending;

if this facilitates the promotional objective whereby poor people receiving transfers

are empowered or incentivized to participate directly in economic development then

there is complementarity. Suppose that fτ > 0,fm > 0 and that:

fτm
fτfm

<
−uyy(y∗postmin )

uy(y
∗post
min )

(1.11)

If this condition holds then we will say that there is strong complementarity

between economic development and SP spending in how they influence the level of

the floor. It is evident from (1.10.2) that strong complementarity implies that τm >

0. However, suppose instead that the separability in (1.1) holds, or that there is

substitutability between a higher mean income and SP spending in determining the

floor (fτm < 0). Then we have τm ≤ 0.

poor societies. Then ρ can be treated as a rising function of m. This adds an extra positive
effect to τm in the following analysis.
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When we consider the bivariate relationship between SP spending and economic

development we need to bring in the effect of a higher mean on the median. The total

effect of economic development on SP spending is:

dτ

dm
= τm + τymed

dymed

dm
(1.12)

Intuitively, the higher the impact of m on ymed the more “equitable” the growth

process can be said to be. (Indeed, we can think ofm/ymed as an indicator of inequality

as noted.) Of course, the implications for the floor also depend on the incidence of

SP spending.

Though our model is simple, it can be used to illustrate a wide range of possibil-

ities. Consider the following stylized, but illustrative, cases.

Case 1: Equitable growth brings both a direct and indirect gain to the poorest.

In this case, growth in the mean lifts the floor directly (fm > 0) as well as indirectly

via SP spending. Sufficient conditions for the latter channel are that growth in the

mean also lifts the median,
dymed

dm
≥ 0, and that there is strong complementarity.

Then the effect on the floor is:

dy∗postmin

dm
= fm + fτ

dτ

dm
> 0 (1.13)

Recall that if the function f(τ,m) only exhibits weak complementarity (or sub-

stitutability) then the sign of τm reverses. It is still possible to find that
dτ

dm
> 0 and

(hence)
dy∗postmin

dm
> 0; the necessary and sufficient condition for

dτ

dm
> 0 is that:

ρ[uy(y
∗post
min )fτm + uyy(y

∗post
min )fτfm]− uyy(ymed − τ)

dymed

dm
> 0 (1.14)

Case 2: Inequitable growth leaves the poorest behind. As noted, the direct effect

(fm) could be negative, such as when the specific growth process lowers unskilled wage
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rates. Here we illustrate a case in which even without a direct effect, the floor falls as

the mean rises. This can happen if there is only (at most) weak complementarity and

economic development is inequality increasing. Then it is possible to find that neither

SP spending nor the level of the floor respond positively to a higher mean income. To

illustrate one possible scenario, suppose that
fτm
fτfm

≤ −uyy(y
∗post
min )

uy(y
∗post
min )

, and that economic

growth does not benefit the median voter (
dymed

dm
= 0). Then SP spending falls with a

rising mean (τm < 0). Furthermore, suppose that the poorest do not share directly in

overall economic gains (fm = 0). Thenfm + fττm < 0, i.e., the floor falls as the mean

rises. Even without a direct effect, the political economy implies that an inequitable

growth process can put a break on the indirect channel, via social spending, thus

leaving the poorest behind.

1.3 Evidence for the Developing World

We first describe our empirical measure of the floor. We then implement it for multiple

countries in the developing world and expore the patterns in the data, motivated by

the theorical model of the last section. We will show that Case 1 above is more

consistent with the data, as a generalization across developing countries.

1.3.1 Measuring the Floor

There are limits to how well we could ever hope to measure the floor from standard

household surveys. The sampling frame is typically those who live in some form of

dwelling, so homeless people and those living in institutions (such as worker dor-

mitories or prisons) are under-represented or even excluded, and they could well

be concentrated among the poorest stratum. For example, recent rural migrants in

cities living in dormitories or slums could well be under-represented. There has been
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progress in the design and analysis of multi-frame survey designs that can better

represent the homeless.20 However, practice in using such methods has lagged.

One candidate for the floor is the empirical lower bound of the consumptions

measured in a survey. One can think of this as taking the limiting case of the FGT class

of measures as the FGT inequality-aversion parameter (α) goes to infinity. However,

this would not be satisfactory since there are almost certainly measurement errors

and ignorable transient effects in the survey data. For example, all the members of

one sampled hosuehold may have been sick during the (often short) recall period used

by the survey, and consumed very little in that period. But one would be loathe to

say that they define the floor for that survey date.

Ideally one would use something like the lower bound of time-mean household

consumption or income, measured accurately over a much longer period than what

is typically measured with survey data. If we were to know the true consumption

observed over a long enough period in panel data for a large-enough sample we could

reliably estimate the floor directly as this long-run mean. But that is not the data

normally available. And we must recognize the existence of measurement errors in

the cross-sectional survey data available for most countries. There are also likely

to be transient effects in those data, whereby observed incomes (or consumption

expenditures) in a survey fall temporarily below the floor (such as due to seasonality or

a spell of illness), but recover soon after. Given the measurement errors and transient

factors, there is a non-negligible chance that the observed consumption or income of

potentially anyone within some stratum of low observed values could in fact be the

level of the floor. Some form of averaging is clearly necessary.
20For example, see Iachan and Dennis 1993. Also see the exposition of these methods in

Aenab 2017 (Chapter 26).
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Here we follow the approach to measuring the floor in Ravallion 2016a. The essen-

tial idea is to estimate the floor by taking a weighted mean of the observed con-

sumptions or incomes (depending on the data) within some stratum that is agreed to

be poor. The weights reflect our uncertainty about who is the poorest, but highest

weight is given to the lowest observed value, declining thereafter within the stratum.

Ravallion 2016a did not study national values of the floor or the role played by social

protection. Here we do national estimates, and explore how the floor varies with social

protection spending and what role a higher mean income plays.

We need an estimator that does not require panel data but can be implemented

with cross-sectional surveys, while recognizing the uncertainty as to whether the

lowest observed consumption or income in such a survey is in fact the floor. We

postulate that any observed income level within a stratum of poor people has some

probability of being the floor. These probabilities are not data, but there are some

defensible assumptions we can make in lieu of the missing data. While we are uncer-

tain as to whether the lowest observed value is the floor, it is reasonable to assume

that this value has the highest probability of being the floor—that our data are suf-

ficiently good to believe that the probability is highest for the person who appears

to be the worst off. It also seems reasonable to assume that the probability of being

the poorest household declines as the observed measure of income rises. And beyond

some point there is no chance of finding the true floor.

We can treat y∗min as a random variable, with a probability distribution given the

data. The task is to estimate the mean of that distribution based on the observed

incomes:

E(y∗min|y) =
n∑
i=1

φα(yi)yi (1.15)
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Here the probability that person i, with yi, is the worst off person is denoted φα(yi).

The specific functional form satisfying these assumptions proposed by Ravallion 2016a

assumes that:

φα(yi) = (1− yi
z
)α(

1

nPG
) for 0 ≤ yi ≤ z ; α ≥ 0 (1.16.1)

= 0 for yi > z (1.16.2)

Here PG is the poverty gap index; the normalization by nPG assures that the

probabilities sum to unity. For α > 0, φα(yi) attains its maximum value for ymin =

min(yi, i = 1, . . . n) and then falls monotonically with yi , until it reaches zero at

some threshold z, above which there is no chance of someone with that income being

the poorest.

Under this assumption it can be readily shown that:

E(y∗min|y) = z(1− Pα+1/Pα) (1.17)

Where Pα ≡
1

n

∑
yi
≤ z(1− yi

z

α

is the FGT class of poverty measures. Note that

the poverty measures are derived from the observed distribution of income. Thus

the proposed measure of the floor is operational, in that it can be implemented on

cross-sectional data. In the benchmark case we shall set α = 1, so that the estimate

of the floor is z(1 − SPG/PG) where SPG is aforementioned squared poverty gap

index (α = 2) using z as the poverty line and PG is the poverty gap index (α = 1).

However, we will also test robustness to using α = 0 and α = 3 instead.

Notice that there is nothing to guarantee that a higher mean income lifts the floor,

based on this measure. From equation (1.17), for a fixed z, and letting m denote the

mean of the observed distribution and setting α = 1:

∂ lnE(y∗min)

∂ lnm
=

(
∂ lnPG

∂ lnm
− ∂ lnSPG

∂ lnm

)(
SPG/PG

1− SPG/PG

)
(1.18)
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1.3.2 Data

Our main data source is the World Bank’s “Atlas of Social Protection” (ASPIRE)21

This draws on household surveys in 122 countries in the developing world, from 1998

to 2014.22 All currency conversions are at purchasing power parity (for 2005).

In the World Bank’s classification, SP spending comprises social insurance

(mainly public pension schemes covering old age and disability), social assistance

(cash and in-kind transfers and workfare schemes, often targeted to the poor), and

labor market programs (training, entrepreneurship support, unemployment benefits).

The bulk is social insurance and social assistance. There is clearly a degree of substi-

tutability among these components; if a country is less generous in social insurance

it may make up for this using social assistance. We include all components of SP in

our analysis. However (as we will see), a large share of SP spending is contributory

pensions.23 We shall comment on the implications of separating out this component

as it is rather different given that receipts reflect, in part, past contributions (though

governments can still influence current disbursements). We also provide results for

social assistance on its own.
21ASPIRE is a cross-country compilation of the outputs from a World Bank software

program, ADePT Social Protection. Tesliuc and Leite 2010 provide a user manual. The
ASPIRE team kindly provided detailed output tables from this software by country which
we used to build our data set. We assembled the data set in mid-2017.

22At the time of writing, 262 surveys are used in the online ASPIRE data set. The spe-
cial tabulations we requested were only done for the most recent survey for each country.
We dropped Zimbabwe from the ASPIRE data as there were clearly serious data quality
problems. (There have been numerous problems with Zimbabwe’s data in recent times, so
this problem was not unexpected.) Whenever SP spending data are used we also dropped
Sierra Leone, for which the ASPIRE data show an extremely small positive level of spending
relative to the estimated gain in the floor. This may well be a data error. When we take logs
the very large negative value for Sierra Leone creates a clear outlier.

23Contributory pensions are classified as social insurance by the World Bank; non-
contributory social pensions are classified as social assistance.
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One option is to estimate the floor by fixing the poverty line across countries at

(say) the World Bank’s international line. This approach was rejected as it yields very

small subsamples for estimating the floor in many countries, and hence volatile mea-

sures. Instead we use poverty lines set at the 0.2 quantile (q(0.2)) across all countries,

i.e., the poorest 20% in each country define the reference group. The ASPIRE data

set provides both PG and SPG, with and without SP spending. The value of q(0.2) is

then held constant for a given country when re-calculating the poverty measures net

of transfers. In the ASPIRE dataset, the computations for SPG and PG pre-transfer

are done assuming no behavioral responses. We maintain that assumption, though we

provide the test described in Section 3. ASPIRE also provides data on SP transfers

received per capita, which we use as our measure of τ .

1.3.3 Summary Statistics

Table 1.1 provides summary statistics. Mean SP spending is $0.88 per person per

day. The bulk of this is contributory pensions ($0.67); social assistance accounts for

almost all the rest ($0.19). The (un-weighted) mean floor post-transfers is $1.69 a

day, though varying widely, from $0.12 to $7.34. There is undoubtedly measurement

error; it is very hard to believe that anyone lives at $0.12 per day. While acknowledging

the likely measurement errors, we focus on the overall patterns in the data, i.e., the

(conditional and unconditional) means. Figure 1.2 plots the densities of ŷ∗postmin and

ŷ∗premin . The densities are skewed to the right. As we can observe in panel (b) of Figure

1.2, a log transformation helps to normalize the distributions of both floors. We

use this transformation in the bulk of the following analysis. When we study the

covariates of the gain in the floor due to SP spending we will use the proportionate

gain, ln(y∗postmin /y
∗pre
min ), as our preferred measure.
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SP lifted the floor by $0.48 a day on average, as can be seen from Table 1.1

(comparing post- and pre-transfers). This is well below the mean spending per capita

of $0.88. The estimated value of y∗postmin − y
∗pre
min − τ is significantly different from zero

(t = -3.97). Thus, we can reject the null hypothesis in (1.2). We also observe in Table

1.1 that SP spending reduced the headcount index by about 7% points on average

(recall that the post-transfer index is 20%). There is also a substantial decline in the

average poverty gap index, from 10.9% to 5.8%.
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Table 1.1: Summary statistics

N Mean St. dev. Median Min Max
Survey mean (m) 121 8.413 9.033 5.973 0.67 74.05
Threshold (z) 121 2.979 2.895 1.963 0.20 17.48
Mean social protection
spending (τ) 111 0.876 1.437 0.171 0.00 6.56
Mean contributory pensions 116 0.667 1.195 0.109 0.00 5.51
Mean social assistance 93 0.187 0.321 0.062 0.00 1.92
Floor post transfers (y∗postmin ) 121 1.693 1.547 1.184 0.12 7.34
Floor post transfers as share of
threshold 121 0.580 0.095 0.594 0.228 0.729
Floor pre all transfers (y∗premin ) 111 1.210 0.954 1.009 0.03 4.82
Floor pre transfers as share of
threshold 111 0.463 0.139 0.487 0.174 0.728
Floor pre contributory
pensions only 116 1.308 1.010 1.101 0.11 5.70
Floor pre social assistance
only 93 1.678 1.442 1.184 0.04 6.42
Headcount index pre all
transfers (%) 111 26.802 9.531 22.390 20.00 56.83
Headcount index pre
contributory pensions (%) 116 24.612 7.586 20.830 18.96 49.25
Headcount index pre
social assistance alone (%) 93 22.236 3.913 21.000 19.80 49.00
Poverty gap index post
transfers (%) 121 5.744 1.547 5.531 3.51 11.19
Poverty gap index pre
transfers (%) 111 10.813 7.251 7.780 3.56 36.90
Squared poverty gap index
post transfers (x100) 121 2.556 1.384 2.254 0.952 8.594
Squared poverty gap index
pre transfers (x100) 111 6.680 6.246 4.011 0.967 30.489

Note: All values displayed above are in daily per capita US$ units, in 2005 prices (at PPP) unless noted otherwise.
SP spending comprises all social insurance, social assistance and labor market programs (see text). The number of
countries can vary depending on data availability, as indicated.
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Figure 1.2: Kernel density functions for the floor across countries

The bulk of the impact of SP in developing countries is due to public pensions,

which lift the floor by $0.38 a day (Table 1.1). This too is below the mean spending

on such pensions, which is $0.67 per day. Social assistance on its own only raised the

floor by $0.015 per day on average—merely 8% of the (already low) level of average

spending on social assistance (Table 1.1). The bulk of the impact of SP on the head-
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count index (5% points) is also due to contributory pensions. Social assistance on its

own reduced the poverty rate by 2% points. This may not be too surprising given the

evidence in Brown et al. (2018) (for Africa) indicating that prevailing methods of tar-

geting cash transfers based on a “proxy-means test” are especially weak in identifying

the poorest.

Figure 1.3: Higher SP spending comes with a higher floor

Countries that spend more on social protection tend to have a higher floor. Figure

1.3 plots the data; the correlation coefficient is 0.751. Mechanically, this relationship

reflects both differing levels of SP spending and differing transfer efficiencies. Transfer

efficiency in reaching the poorest varies greatly. Figure 1.4 gives the empirical density

function for FTE.24 (Recall that this is the ratio of the gain in the floor due to SP

to mean spending.) We see that very few countries attain a value of FTE of unity or

more. For the bulk of countries (87% of the sample), the gain to the poorest is less

than mean SP spending. FTE tends to be better for social assistance on its own, for
24Recall that Sierra Leone is dropped; this makes the bulk of the density function easier

to see in Figure 3.
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which the median value is 0.934, as compared to a median of 0.630 for all SP; 43% of

countries have FTE for social assistance greater than unity.

Figure 1.4: Kernel density functions for floor transfer efficiency

In addition to FTE, we measure the efficacy of SP in reaching the poorest 20%,

giving our second measure of transfer efficiency, GTE. The two measures are cor-

related, but certainly not perfectly (r = 0.505). GTE is positively correlated with

spending per capita (r = 0.656), but that is not true for FTE (r = -0.021). As coun-

tries spend more on social protection, a larger share of that spending tends to reach

the poorest 20% but not the poorest. Figure 1.5 plots the relationships with average

SP spending for both FTE and GTE (it is easier to see if one logs spending per

capita). This points to a notable difference in efficacy in reaching the poorest quin-

tile versus the poorest households. By implication, relative efficiency in reaching the

poorest (FTE/GTE) declines with mean spending (r = -0.430).

However, the bulk of the variance in the impact of higher SP spending on the floor

(as evident in Figure 1.3) is due to the variance in aggregate levels of that spending,

rather than its efficiency in reaching the poorest. If one decomposes the variance in
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ln(y∗postmin /y
∗pre
min ) into the variance in log spending per capita, the variance in the log of

FTE, and the covariance, the first component accounts for 77%, with the variance in

log FTE accounting for 14% and the covariance representing 9%. (Recall that FTE

has a low correlation with sending per capita.)

Richer countries tend to have a higher floor. Figure 1.6 plots the (log) floor, both

pre- and post-transfer, against the (log) mean. Also notice that the two regression

lines diverge. The pre-transfer floor has an elasticity of about 0.8 to the mean, while

it is 0.9 for the post-transfer floor, and the difference is statistically significant (at the

1% level).25 The income elasticity of the pre-transfer floor is significantly less than

unity (t = 3.2), implying that the (pre-transfer) floor tends to fall as a share of the

mean as the latter rises. By contrast, the income elasticity of the post-transfer floor

is not significantly different from unity, implying that the floor does not fall relative

to the mean as economies develop. Thus we see that, on average, SP spending in

developing countries is able to negate the tendency for the pre-transfer floor to fall

as a share of the mean as the mean rises with economic development.

These elasticities also imply substantial absolute divergence between the floor and

the mean. At the mean points from Table 1.1, a $1.00 increase in mean income comes

with a $0.11 increase in the pre-transfer floor, and a $0.19 increase in the post-transfer

floor.

Despite this strong correlation between the floor and mean income, the FGT

poverty measures do not provide reliable indicators of the level of the floor. Indeed,

the (post-transfer) PG and SPG measures have only weak negative correlations with

the (post-transfer) floor; r = -0.179 and -0.150 respectively. A much better indicator

25There is a suggestion in Figure 6 that the elasticity is not constant, but declines as the
mean rises. Adding a squared term in the log mean, its coefficient is negative and significant
at the 5% level in both cases. However, this effect vanishes if one drops the two observations
with highest mean.
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of the floor is the quantile of the poorest 1% (q(0.01)) for which r = 0.945. However,

for the reasons noted in Section 2, q(0.01) could be a noisy measure. Our measure can

be calculated from the same primary data. In terms of the model in Section 2, the

strong positive relationship between the level of the floor and mean income reflects

both higher SP spending in richer countries and a direct effect at given spending. We

will now use regressions to separate out these effects.

1.3.4 Partial Effects

To allow for multiple covariates, we now explore these relationships further using

regressions. (We do not intend that these regressions be given a casual interpretation,

but only as a convenient means of testing for partial correlations and a means of

testing our measurement method.)

Recall that an implication of our assumption that the pre-transfer floor is the post-

transfer value less SP spending received by the poorest is that we should not find a

correlation between the estimated pre-transfer floor and mean spending (Section 2).

While there is a significantly positive (zero-order) correlation between the pre-transfer

floor and average SP spending (r = 0.511), this vanishes when we control for the mean.

The partial correlation falls to 0.068; Figure 1.7 plots the two series (with log floor

predicted at mean income) while Table 1.2 gives the regression where we also see

clearly that countries with a higher overall mean have a higher pre-transfer floor.

The restriction that SP spending does not affect the pre-transfer floor at a given

mean performs well. This provides support for our estimation method ignoring any

behavioral responses of the poorest.

Table 1.2 also provides the regressions for the gain in the floor attributed to SP,

i.e., our estimate of ln(y∗postmin /y
∗pre
min ). We see that higher aggregate transfers contribute

to a larger impact of transfers on the floor. Noting that we can obtain the regression
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Table 1.2: Regressions for log floor (α=1)

(1) (2) (3) (4) (5) (6)
Log floor, pre-transfers Gain in the floor due to SP spending

(ln(y∗premin )) ln(y∗postmin /y
∗pre
min )

Log SP transfer 0.027 0.118*** 0.095*** 0.058** 0.244***
per capita (ln τ) (0.033) (0.018) (0.012) (0.027) (0.043)
Log mean inc. 0.740*** 0.792*** -0.099* -0.03 -0.347**
(lnm) (0.105) (0.065) (0.052) (0.066) (0.155)
Inter. effect 0.035** 0.025*
(ln τ · lnm) (0.014) (0.013)
Log Gap Transf. 0.664***
Eff. (lnGTE) (0.138)
Inter. effect 0.104***
(ln τ · lnGTE)) (0.014)
Inter. effect -0.151**
(lnm · lnGTE) (0.064)
Constant -1.399*** -1.544*** 0.661*** 0.439*** 0.497*** 1.701***

(0.249) (0.131) (0.128) (0.039) (0.152) (0.34)
R2 0.629 0.626 0.495 0.462 0.536 0.8
Total effect evaluated at mean points
ln τ 0.121*** 0.088***

(0.02) (0.016)
lnm -0.098 -0.101**

(0.064) (0.051)
lnGTE 0.191***

(0.029)
Note: OLS regressions. Robust standard errors in parentheses. N=110. ***: 1% significance;**: 5%; *10%.

for the post-transfer floor by adding that for ln(y∗postmin /y
∗pre
min ) to that for ln(y∗premin ), we

see that there is both a direct effect of higher mean income on the post-transfer floor

and an indirect effect, via higher SP spending; the direct effect is 0.642 (s.e.=0.070).

However, when normalized by the total income elasticity of 0.923 (Figure 1.6), we see

that the bulk (70%=0.642/0.923) of the effect is direct.
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We find that there is a positive interaction effect between average transfers and the

mean, which helps in raising the impact of SP on the floor (Table 1.2, Column (5)).

This suggests weak complementarity between SP spending and economic development

in how they influence the efficacy of SP in raising the floor; a higher mean income

comes with higher marginal gains to the poorest from higher public spending on SP.

One clue to the role played by heterogeneity in transfer effectiveness is to aug-

ment the regressions with gap transfer efficiency; recall that this is the impact of SP

spending on the aggregate poverty gap for the poorest 20% per $ of spending. Here

we are interested in seeing whether countries that are more efficient at reaching the

poorest 20% also tend to do better at lifting the floor, and here we can expect both an

additive effect and an interaction effect with mean transfers. We can go further and

allow a complete set of interaction effects, including with the mean. This augmented

specification is in Column (6) of Table 1.2.

As expected, there is a strong interaction between GTE and transfer spending

in their effects on the extent to which SP lifts the floor. There is also a negative

interaction effect between mean income and transfer efficiency; it is in poor countries

where the effectiveness in transferring money to the poorest 20% tends to matter

more to lifting the floor. When we evaluate the total effects at the mean points, we

find a significant positive effect of SP spending and GTE on the extent to which those

transfers succeed in raising the floor (Table 1.2, lower panel). Once we control for the

level of transfers and transfer efficiency we do not find that higher average incomes

come with a greater impact of transfers on the floor.

1.3.5 Robustness Tests

We provide two tests. The first relates to our choice of the parameter α, while the

second relates to a potential omitted variable.
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Recall that our benchmark case assumes that α = 1, meaning that the weight on

each observed income declines linearly in measuring the floor reaching zero at z. To

test robustness to this choice, Table 1.3 provides the analogous results to Table 1.2

for using α = 0 and α = 2.26 In the former case, all income below z are weighted

equally in measuring the floor (which then becomes mean income below z), while

in the latter case the weights decline as a quadratic function. The main qualitative

results are robust. The main qualitative results from Table 1.2 are quite robust to

these changes. The main exception is for α = 0 for which our consistency test (that

the estimated pre-transfer floor should be uncorrelated with mean transfers at given

mean consumption) no longer passes. This could reflect incentive effects nearer z,

given that those income levels are weighted less when using > 0 . As we found for

α = 1, the test passes for α = 2.

Turning to the second robustness test, a potentially important omitted variable

is the age-dependency ratio (ADR). Countries with a higher ADR can be expected

to both spend more on SP, have a lower average income, and a lower floor. Thus

an omitted variable bias may be present in our regressions in Table 1.2. Following

common practice, the ADR is defined as the number of people older than 65 years

or younger than 14 divided by the number of people between 15 and 64 years of age.

To test this, we provide in Table 1.4 the same set of regressions including a control

for ADR (for α = 1). We find no significant effect of ADR on the pre-transfer floor,

but we do find such effects on the post-transfer floor, with a higher dependency ratio

implying less gain in the floor due to social spending. The effect of the latter is slightly

lower with the extra control, and the (absolute value of) mean income effect is higher

(Table 1.4).

26Note that this requires the cubed poverty gap (P3) but that is not in the ASPIRE meta-
data. To estimate P3 we have used the approximation formula derived in Ravallion 2016a
by taking a second-order Talylor series expansion around the mean income of the poor.
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Table 1.3: Regressions for log floor for alternative values of α

(a) α=0
(1) (2) (3) (4) (5) (6)

Log floor, pre-transfers Gain in the floor due to SP spending
(ln(y∗premin )) ln(y∗postmin /y

∗pre
min )

Log SP transfers per 0.062** 0.064*** 0.053*** 0.026* 0.133***
capita (ln τ) (0.026) (0.010) (0.007) (0.015) (0.024)
Log mean income 0.757*** 0.877*** -0.044 -0.001 -0.175**
(lnm) (0.082) (0.052) (0.027) (0.035) (0.081)
Interaction effect 0.022*** 0.016**
(ln τ · lnm) (0.008) (0.007)
Log Gap Transfer 0.367***
Efficiency (lnGTE) (0.074)
Interaction effect 0.059***
(ln τ · lnGTE)) (0.008)
Interaction effect -0.082**
(lnm · lnGTE) (0.034)
Constant -1.023*** -1.360*** 0.340*** 0.240*** 0.237*** 0.904***

(0.192) (0.102) (0.068) (0.022) (0.082) (0.179)
Observations 110 110 110 110 110 110
R2 0.732 0.716 0.487 0.466 0.539 0.8

Note: Robust standard errors in parentheses. N=110. ***: 1% significance;**: 5%; *10%.

(b) α=2
(1) (2) (3) (4) (5) (6)

Log floor, pre-transfers Gain in the floor due to SP spending
(ln(y∗premin )) ln(y∗postmin /y

∗pre
min )

Log SP transfers per -0.008 0.149*** 0.138*** 0.021 0.316***
capita (ln τ) (0.044) (0.023) (0.020) (0.036) (0.067)
Log mean income 0.720*** 0.706*** -0.047 0.123 -0.180
(lnm) (0.148) (0.089) (0.041) (0.082) (0.123)
Interaction effect 0.073*** 0.030*
(ln τ · lnm) (0.022) (0.017)
Log Gap Transfer 0.723***
Efficiency (lnGTE) (0.112)
Interaction effect 0.138***
(ln τ · lnGTE)) (0.020)
Interaction effect -0.107**
(lnm · lnGTE) (0.050)
Constant -1.630*** -1.589*** 0.716*** 0.611*** 0.319* 1.732***

(0.353) (0.178) (0.105) (0.065) (0.166) (0.269)
Observations 110 110 110 110 110 110
R2 0.479 0.478 0.479 0.476 0.557 0.8

Note: Robust standard errors in parentheses. N=110. ***: 1% significance;**: 5%; *10%.
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Table 1.4: Regressions for log floor controlling for age-dependency ratio

(1) (2) (3) (4) (5) (6)
Log floor, pre-transfers Gain in the floor due to SP spending

(ln(y∗premin )) ln(y∗postmin /y
∗pre
min )

Log SP transfer 0.006 0.090*** 0.962*** 0.029 0.227***
per capita (ln τ) (0.046) (0.018) (0.161) (0.023) (0.042)
Log mean inc. 0.718*** 0.723*** -0.124** -0.052 -0.315*
(lnm) (0.118) (0.104) (0.059) (0.071) (0.172)
Inter. effect 0.036** 0.026*
(ln τ · lnm) (0.014) (0.013)
Log Gap Transf. 0.665***
Eff. (lnGTE) (0.149)
Inter. effect 0.099***
(ln τ · lnGTE)) (0.015)
Inter. effect -0.137*
(lnm · lnGTE) (0.069)
Log age-dep. -0.323 -0.350 -0.368*** -0.601*** -0.360*** -0.021
ratio (ADR) (0.306) (0.234) (0.106) (0.112) (0.098) (0.079)
Inter. effect -0.212***
(lnADR · ln τ) (0.038)
Constant -0.043 0.047 2.182*** 2.801*** 1.977*** 1.748***

(1.300) (1.134) (0.504) (0.453) (0.501) (0.522)
R2 0.677 0.677 0.537 0.616 0.582 0.808

Note: Robust standard errors in parentheses. N=110. ***: 1% significance;**: 5%; *10%.

1.4 Conclusions

In our theoretical model, the level of the floor—the lower bound of the distribution of

living standards in society—depends on both public social protection spending and

mean income. The level of SP spending depends in turn on the mean. Thus, there is

both a direct effect of economic development on the floor, and an indirect effect via

social protection. A key role is played by the extent of complementarity between SP
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spending and development; complementarity exists when higher SP spending increases

the marginal gains to the poorest from a higher mean income. If this complementarity

is not too weak, and the growth process is not too inequitable, then the floor will

rise with economic development; the poorest will not be left behind. But our model

illustrates that there is no guarantee that the poorest will see any gain from overall

economic development. That is an empirical issue.

We have provided the first evidence for developing countries. To test whether

public spending on social protection has reached the poorest we must be able to

measure the floor. This poses a difficult measurement problem. We must recognize

that the lowest observed consumption or income in a cross-sectional survey need not

be a good indicator of the true floor to living standards given predictable transient

effects and measurement errors in the data. To help address these concerns we have

followed Ravallion 2016a in measuring the floor as a weighted mean for those sampled

households in a reference group that is assumed to include the poorest. While we

cannot be certain that the lowest measured consumption or income is that of the

poorest, we assume that the probability is highest at that point, but then declines

linearly up to the 20th percentile after which it is assumed that there is no chance of

being the floor. Our main findings are robust to relaxing linearity to allow either no

decline in the probability or a nonlinear (quadratic) decline.

We have also studied how the impact of SP spending on the poorest varies with

both mean income and the level of SP spending. We find that higher SP spending

has lifted the floor in developing countries as a whole. The poorest benefit from this

spending. There is considerable variability across countries, the bulk of which (in

terms of variance) is due to differences in the level of SP spending rather than the

transfer efficiency of that spending.
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However, for the cross-country sample, the gain from SP for those living at the

floor is significantly less than aggregate SP spending per capita. Social insurance

(mainly public pensions for old age and disability) does the “heavy lifting” of the

floor. Social assistance (mainly cash transfers often targeted to poor people) on its

own lifts the floor by merely 1.5 cents per day on average—less than 10% of the

(seemingly low) level of mean spending on social assistance. This component of SP is

largely missing the poorest in the developing world.

We find that higher average income tends to come with a higher pre-transfer floor,

though not enough to prevent a relative decline in the floor as the mean rises, and large

absolute divergence. This is the sense in which it can be said that the poorest tend to

be “left behind” with economic development. The bulk of the efficacy of a higher mean

income in lifting the floor appears to be direct, rather than via higher SP spending.

Nonetheless, SP spending comes close to assuring that the post-transfer floor does

not sink relative to the mean when comparing low and middle-income countries.

Statistically, while the pre-transfer floor tends to fall relative to the mean as the

latter rises, we cannot reject the null hypothesis that the post-transfer floor stays at a

constant share of the mean. There is also evidence of complementarity between social

spending and economic development, as evident in a strong positive interaction effect

between SP spending and mean income in regressions for the gains to the poorest

from higher SP spending. Along with rising SP spending, this complementarity plays

a positive role in helping to assure that the poorest benefit from economic growth.

Our results also reveal the inadequacy of prevailing poverty measures in addressing

widespread concerns about the level of living of the poorest. Standard poverty mea-

sures show only low (negative) correlation coefficients with our estimates of the floor.

Thus, the paper has underlined the importance of focusing on the floor directly. For

this purpose, we have put new measures on the table, though we expect that they
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can be improved, especially with better data on the poorest. While data will hope-

fully improve, we suggest that an estimate of the floor should now become a staple in

the dashboard of social indicators. Doing so would make poverty measurement more

relevant to the ongoing concerns among policy makers and citizens about not leaving

the poorest behind.
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Figure 1.5: Transfer efficiency plotted against aggregate transfers per
capita
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Figure 1.6: Richer countries have a higher floor

Figure 1.7: Log pre-transfer floor controlling for the mean plotted against
log SP spending per capita
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Chapter 2

Food Stamps and America’s Poorest

2.1 Introduction

While it is well-known that top incomes in the US have risen appreciably over the last

30 years, it is unclear if this has come with gains to the country’s poorest. One might

look for evidence in the official poverty measures. In 1988, 13% of the US population

were deemed poor based on official thresholds (Bureau 1991). In 2016, almost 30

years later, the poverty rate was still about 13% (Bureau 2017b).1 However, such

comparisons tell us nothing about how the worst-off families are doing. By definition,

the poorest live at the floor—the lower bound to the distribution of real income.2 As

commonly measured, the poverty rate (or other “higher-order” measures) could show

no change while the floor has been lifted, or has even fallen.

It is an open question as to whether the type of economic growth we have seen

in the US in recent decades has helped the poorest. Given the initial inequalities

in human capital, growth stemming from external trade expansion or technological

change could well have adverse effects on less skilled wages, putting further downward
1The official poverty rate was 13.0% in 1988 and 12.7% in 2016 based on official poverty

thresholds which are kept constant in real terms. This difference is not statistically signif-
icant—the test of equality has a p-value of 0.25. The official measures do not include the
value of non-cash programs such as the Supplemental Nutrition Assistance Program. We
return to this issue.

2This should not be confused with the biological minimum for survival; the floor is hope-
fully above that.
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pressure on already low incomes.3 Rising down-side risk over time could also be a

greater threat to poor families, especially the poorest.4 From what we know it remains

unclear whether rising top incomes in the US have lifted the floor.

Concerns that the poorest might be left behind have prompted social-policy

responses in the US as elsewhere. There are continuing public debates as to whether

such programs are having much impact on poverty. The lack of longer term progress

in reducing the country’s poverty rate has led some observers to argue that America’s

antipoverty programs have failed, which is seen to strengthen the case against those

programs.5 Of course, the observed measures do not tell us about the counterfactual

of what would have happened in the absence of the programs. The bulk of the aca-

demic literature using some form of counterfactual analysis suggests that America’s

antipoverty programs have typically reduced the incidence of poverty, though there

has been debate on the extent of this impact.6 Yet the gains to the poorest remain

unclear. Furthermore, rising high-end inequality of income and wealth can come with

greater lobbying against welfare programs. Even if the programs are deemed effec-

tive—in the specific, albeit narrow, sense that participants tend to be poor—political

pressure from rich donors and their lobbyists can entail weak coverage, which limits

the impact on the poor, including the poorest.
3For example, Ebenstein et al. 2014 find evidence that wages for relatively unskilled occu-

pations in the US fell in response to greater trade openness and outsourcing over the period
1984-2002. They attribute this to a shift in employment out of higher-wage manufacturing
sectors to less remunerative occupations. Autor et al. 2003 and Goos et al. 2014 also argue
that technological change in many rich countries (including the US) has displaced labor in
more routine tasks, also putting downward pressure on wages for less skilled workers.

4Hardy and Ziliak 2014 provide evidence of rising income volatility at both the bottom
and top of the US income distribution.

5Various reasons are heard including a lack of political will (possibly due to high and
rising inequality), weak administrative capacity for policy implementation (especially in poor
places), lack of awareness among poor people of their rights, incentive effects (discouraging
work or savings), and social stigma associated with targeted programs.

6See, for example, Meyer and Sullivan 2012 and the comment by Hoynes 2012.
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This paper aims to assess the gains to America’s poorest from the country’s largest

antipoverty program, the Supplemental Nutrition Assistance Program (SNAP), col-

loquially referred to as “food stamps.” Over the last 20 years or so, food stamps have

become one of the most important elements of America’s social safety net (Ziliak

2016). While the paper’s focus on the poorest is a novel feature in the context of the

literature on poverty in America, that focus has deep roots in theories of distributive

justice whereby a society’s progress is judged in part by its ability to enhance the eco-

nomic welfare of the least advantaged group. Famously, this is one of the principles

of justice proposed by Rawls 1971.

This paper aims to assess the gains to America’s poorest from the country’s largest

antipoverty program, the Supplemental Nutrition Assistance Program (SNAP), col-

loquially referred to as “food stamps.”7 Over the last 20 years or so, food stamps have

become one of the most important elements of America’s social safety net (Ziliak

2016). While the paper’s focus on the poorest is a novel feature in the context of the

literature on poverty in America, that focus has deep roots in theories of distributive

justice whereby a society’s progress is judged in part by its ability to enhance the eco-

nomic welfare of the least advantaged group. Famously, this is one of the principles

of justice proposed by Rawls 1971.

Assessing the impact of any social program on the floor poses methodological

challenges, given that conventional surveys are not designed for this purpose. Even

in high quality surveys, the tails of the distribution are not likely to be measured

accurately. Recorded incomes in surveys can be very low for some household in a

survey response period, but this can be deceptive about living standards.8 Our method
7Spending on SNAP overtook the next largest program, the Earned Income Tax Credit,

in 2010 (Hoynes 2012).
8See, for example, the analysis by Meyer et al. 2019 of the claims made about the numbers

of people in the US living below $2 a day (Edin and Shaefer 2016).
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recognizes that there are both measurement errors and smoothable transient income

effects in the observed survey data. Some averaging is called for. The idea is to

measure the floor as a weighted mean of those deemed to be poor, with higher weight

on observationally poorer people, following Ravallion 2016a.

We implement an operational approach to measuring the floor in the US using

cross-sectional national surveys spanning 30 years, and we use it to study the impact

of SNAP. We estimate the level of the floor before and after recorded receipts from

SNAP at the household level. This requires some potentially strong assumptions, so

we provide various robustness tests, including tests of alternative weighting schemes,

possible behavioral responses to SNAP among the poorest and the sensitivity of our

results to including non-positive incomes. We also provide confidence intervals for the

floor, taking account of survey design.

The paper finds that America’s poorest gained from SNAP. Their mean gain

exceeded mean spending on SNAP—implying that the program has historically done

better than a universal basic income (UBI) with the same budget (and ignoring any

differences in administrative cost, which could well be lower for a UBI). Alarmingly,

we find that America’s floor has been on a long-term decline, although SNAP helped

prevent further decline in some periods, notably during the 2008-11 financial crisis.

However, the efficiency of SNAP in raising the floor has also fallen over time, such

that the per capita amount received by the poorest in 2016 is about the same as mean

spending per capita.

2.2 Background on SNAP

SNAP is a Federal program (administered by the US Department of Agriculture)

that aims to help targeted poor families purchase food. Prior to around 2000, paper
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coupons (“food stamps”) were provided but the program switched over time to Elec-

tronic Benefit Transfer (EBT).9 In (fiscal) 2016, SNAP covered about 44 million

Americans (14% of the population) at a cost of $71 billion, representing $125 per

person per month for food stamp beneficiaries. The program aims to reach families

with gross income below 130% of the poverty line (with net income, allowing for cer-

tain admissible deductions, less than the poverty line), and to provide larger benefits

to poorer families.10 (There is some variation in eligibility criteria across states.)

Much has been written about SNAP. While it is unclear how effective the program

is in reaching the poorest, there is ample evidence that the beneficiaries are largely

poor (Bartfeld et al. 2016).11 However, there appears to be a reasonably high rate of

nonparticipation among those eligible for the program (Gundersen and Ziliak 2018).

The take-up rate of the benefits is difficult to estimate in national surveys largely

due to the complexity of the eligibility criteria.12 That same complexity generates

transaction costs for applicants associated with establishing and maintaining eligi-

bility, and naturally those costs tend to lower participation in the program among

those eligible.13 Falk et al. 2015 estimate that about 30% of people who are eligible
9EBT entailed that SNAP recipients paid for food using a “debit card.” (If the pin code

is verified and the account balance is adequate then payment is accepted.)
10For further information and analysis on SNAP see Bartfeld et al. 2016, Hoynes and

Schanzenbach 2016, and Gundersen and Ziliak 2018 . On the benefits to children from poor
families see Jolliffe et al. 2005. For a broader overview of antipoverty policies in the US,
including SNAP, see Ben-Shalom et al. 2012.

11A positive correlation has been found between SNAP participation and food insecurity;
the causal interpretation is unclear, but the correlation is consistent with the view that
families that face an income shock, creating food insecurity, turn to the program for help
(Gundersen and Oliveira 2001 ; Wilde and Nord 2005).

12See Zedlewski and Giannarelli 2015 for an example of modelling SNAP eligibility with
the TRIM3 model, and a discussion of the various data inputs required to estimate eligibility.

13As an example of transaction costs, Ponza et al. 1999 estimate that the average time
to apply for the program is approximately five hours and two trips to a program office,
and recertification of eligibility takes on average 2.5 hours and at least one trip. Currie
2003 synthesizes the literature on nonparticipation of those eligible, including, for example,
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for SNAP are not participating, which is close to earlier estimates reported in Ways

and Means 2000 (p.884). The existence of exclusion errors has also been noted in

the media.14 In addition to the high nonparticipation rate in general, there is some

evidence that poorer families among those eligible have fallen off the rolls of SNAP

with cuts to this and other programs.15 And there is evidence that those in need often

find it most difficult to register for the program (Currie and Gahvari 2008).

Two specific SNAP policy changes are worth noting. First, a series of reforms in

1996-98 put emphasis on reducing perceived “leakage” to those not considered eli-

gible, including by imposing work requirements, which can reduce participation by

eligible participants.16 Time limits and recertification became stricter. Legal immi-

grants were variously eligible, then ineligible, then eligible again, but growing concerns

about status likely reduced their participation. Able-bodied adults without depen-

dents found it harder to access SNAP.

Second, spending on SNAP surged in the aftermath of the 2008 financial crisis and

the subsequent rise in unemployment and poverty. As a part of the American Recovery

and Reinvestment Act (ARRA), SNAP benefits increased by 14% in April 2009.17

This “SNAP stimulus” echoes a longer-term pattern of (countercyclical) co-movement

a discussion of the potential stigma associated with program participation (Haider et al.
2003) .

14See, for example the discussion in The Economist 2011
15Many SNAP participants are automatically eligible with enrollment in other social assis-

tance programs. The reduction of other assistance programs had adverse spillover effects on
enrollment in SNAP.

16The first reform was the Personal Responsibility and Work Opportunities Reconciliation
Act of 1996 (with most provisions effective from mid-1997), followed by the Balanced Budget
Act of 1997 and the Agricultural Research, Extension, and Education Reform Act of 1998
(United States Department of Agriculture 2017). For further discussion of these reforms to
SNAP and their implications see Currie and Grogger 2001.

17For example, the maximum SNAP benefit for a household of three rose from $463 to
$526 per month. Under ARRA, states could suspend time limits for unemployed able-bodied
adults. Subsequent legislation imposed an expiration date of November 2013 for the 13.6%
SNAP benefit increase.
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between SNAP spending and the unemployment rate (Hoynes and Schanzenbach

2016; Ganong and Liebman 2018 ). Anderson et al. 2015 present evidence that

SNAP participation and benefit levels rose among America’s poor during the recession

starting in 2008.

2.3 Measuring the Floor and the Impact of SNAP

We need a measure that can be implemented with repeated cross-sectional surveys,

while recognizing the uncertainty as to whether the lowest observed consumption or

income in any one survey is in fact the floor. Following Ravallion 2016a we postulate

that any observed income level within a stratum of poor people has some (non-zero)

probability of being the true floor, once the transient effects and measurement errors

are eliminated. One might consider simply taking the ordinary (equally-weighted)

mean income of a subset of people that is considered highly likely to include the

poorest, such as those living below the poverty line. However, it is not plausible that

all incomes below some point (above which the probability is zero) are equally likely to

emerge as the lowest level of living if one could remove the transient effects and errors.

Of course, the relevant probabilities are not data, and assumptions will be required in

lieu of the missing data (as in all areas of economic statistics). The key assumption in

Ravallion 2016a is that the probability of being the poorest household declines as the

observed measure of income rises. While we are uncertain as to whether the lowest

observed value is the floor, it is assumed that this value has the highest probability

of being the floor—that our data are sufficiently good to believe that the probability

is highest for the person who appears to be the worst off, though the probability may

be well below unity. Beyond some income level there is no chance of finding the true

floor.
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A potentially important qualifier in this context is that we are measuring the floor

using data on incomes not consumption. (We describe our data more fully below.)

Incomes in a given year can be zero (or negative) due to an income shock in that year,

although this need not be indicative of current living standards given the scope for

drawing on savings or credit. This is an instance of the transient effects one would like

to average out. In this respect, consumption is preferable.18 For developing countries

over a 30-year time period, Ravallion 2018 tests the sensitivity of estimates of the

floor to using consumption instead of income, and finds a slightly higher floor using

consumption, but with a very similar evolution over time. Nonetheless, given the

possible concerns about the non-positive incomes, we test the effect on our estimates

of dropping them. In other words, we assume instead that the lowest observed positive

income has the highest probability of being the poorest, and the probability declines

as observed income rises above that point.

2.3.1 Derivation of the Floor

Let the observed distribution of household income be yi, i = 1, . . . , n. We postulate

a corresponding (unobserved) distribution y∗i , after eliminating the ignorable tran-

sient effects and measurement errors. Let the floor of the y∗i distribution be denoted

y∗min = min(y∗i , i = 1 . . . n). We treat y∗min as a random variable, with a probability

distribution given the data such that our estimate of y∗min is
∑n

i=1 φα(yi)yi where

φα(yi) = Prob(yi = y∗min) is the probability that person i, with yi, is the worst off

18There has been a debate on the choice between consumption and income as measures of
economic welfare, including in the US (Slesnick 2001; Meyer and Sullivan 2012). We do not
take a position on this issue here, as we have little choice for the present purpose given both
the data available and the fact that (unlike consumption) income is additive with respect
to SNAP spending.
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person. Following Ravallion 2016a, we assume the following functional form satisfying

these assumptions:

φα(yi) =
Ii

(
1− yi

z

)α
∑

yj≤z

(
1− yi

z

)α (2.1)

Here Ii = 1 if yi ≤ z and Ii = 0 otherwise. For α > 0, φα(yi) attains its maximum

value for ymin = min(y,i=1...n) and then falls monotonically with yi, until it reaches

zero at some value z, above which there is no chance of someone with that income

being the poorest. Under this assumption, it can be readily shown that:

E(y∗min|yi, i = 1, . . . n) = z(1− Pα+1/Pα) (2.2)

where Pα ≡
∑

yj≤z

(
1− yi

z

)α
is the Foster-Greer-Thorbecke (FGT) (Foster et al.

1984) class of poverty measures. However, notice that the parameter α has a different

interpretation to the FGT index; here α is the key curvature parameter for the prob-

ability function used for weights in estimating the floor, instead of being an ethical

inequality-aversion parameter as in the FGT index.

2.3.2 Empirical Implementation

As our benchmark case for the empirical implementation, we set α = 1. Then the

estimate of the floor is z(1−SPG/PG) where SPG is the squared poverty gap index

(P2) and PG is the poverty gap index (P1). Since this is the expected value of the

lower bound, after averaging out transient effects and measurement errors, we will

observe incomes below this number in any survey. For the floor to rise over time, SPG

must fall faster (in proportionate terms) than PG.

We assume that the poorest household has an observed income below the official

US poverty threshold, which is fixed in real terms over time. However, the official
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poverty thresholds vary by family size and composition.19 It is thus simpler to express

the floor as a proportion of the threshold, though to aid interpretation we provide

some illustrative calculations for a family of four with two children. We refer to the

ratio of the floor to the poverty line as the floor ratio.

We consider two variants of this approach. In a first variation, we test robustness

to using α = 2 (so that the probability declines as a quadratic function as income rises

until z is reached) instead of the linear probability function (α = 1). In the second,

we set z at the population-weighted 20th percentile, which we denote as q(0.2).20 The

difference here is that we fix the proportion of the population who define the reference

group for calculating the floor, rather than fixing this group according to the official

poverty line, whereby the size of the reference group changes.21

2.3.3 Benefit Incidence

Wemake the standard assumption in benefit-incidence analysis of estimating the post-

transfer distribution by adding transfers received at the household level. The official

poverty measures for the US do not reflect the impact of SNAP because such income

sources are omitted from the income aggregates used for the official measures.22 To

obtain our “post-SNAP” income distribution, we add in the face value of the food

stamps or in later years, the credit value on the EBT card. Thus, we can estimate
19The thresholds can be found here
20Note that y = q(p) is the quantile function, obtained by inverting the cumulative dis-

tribution function. So the median is q(0.5).
21For computational convenience, the quantile for p = 0.2 is fixed prior to adding SNAP

receipts.
22The literature has pointed to a number of limitations of the official poverty measures,

related to both the income concept and the poverty lines; for further discussion see Citro and
Michael 1995, Blank 2008 and Meyer and Sullivan 2012. The Census Bureau has introduced
a “supplemental” measure that addresses some of these concerns (Short 2011). Here we only
address the problem related to the exclusion of SNAP from the official income aggregates
based on the CPS.
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the impact of SNAP receipts on the floor by calculating the SPG and PG measures

before and after those receipts. Note that this is not just for SNAP recipients. We are

automatically factoring in incomplete coverage of the poorest.

While it is standard practice in the literature on benefit incidence to assume

that the nominal cash transfers reflect the real income gains, we acknowledge that

this practice ignores behavioral responses such as through savings, labor supply or

private transfers. It might be argued that strong behavioral responses are unlikely

among the poorest, who presumably have a strong incentive to maintain their (low)

income. However, behavioral responses cannot be ruled out even for the poorest. For

example, there is evidence of responses to SNAP through labor supply among single

female-headed households (Hoynes and Schanzenbach 2012).23

In response to this concern, we provide a partial test of our assumption that

the post-SNAP distribution is obtained by adding SNAP receipts to income at the

household level. As usual, the test requires identifying assumptions. To explain the

test, let τmin denote the value of the food stamps received by the poorest, while y∗premin

and y∗postmin are the true pre-SNAP and post-SNAP levels of the floor respectively. By

definition:

y∗postmin = y∗premin + τmin − b (2.3)

where b ≥ 0 denotes the behavioral response. Let ŷ∗premin denote the estimate of

y∗premin that is obtained by assuming that b=0, i.e., ŷ∗premin ≡ y∗postmin − τmin. If there are

behavioral responses by the poorest (b > 0) then clearly ŷ∗premin will underestimate

the true value, y∗premin , i.e., b = y∗premin − ŷ∗premin is the error due to ignoring behavioral

23Using quasi-experimental methods and exploiting cross-county variation, Hoynes and
Schanzenbach 2012 find evidence of a reduction in labor supply by single female-headed
households due to SNAP, though no significant effect is evident for their sample as a whole.
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responses. Our test assumes that: (i) y∗premin is a continuous function of a vector of

observed covariates x, namely ϑ(x) (the function can include an innovation error

term); (ii) x does not include mean SNAP spending per capita τ , i.e., the true level

of the floor in the absence of SNAP does not depend on aggregate SNAP spending;

and (iii) the behavioral effect b is a function (presumably non-decreasing) of τ . Thus:

y∗premin = ϑ(x)− b(τ) (2.4)

The test is then to see if there is a partial correlation between the estimated pre-

transfer floor and mean spending at a given x. This can be thought of as a consistency

check on our empirical analysis. Note that a spurious correlation could arise if SNAP

spending is correlated with excluded determinants of the pre-transfer floor, so the

test depends crucially on the inclusion of suitable controls for the pre-SNAP floor.

We also measure what we term Floor Transfer Efficiency (FTE), defined as the

increment to the floor due to SNAP as a share of mean spending on SNAP for the

population, i.e.,

FTE = (y∗postmin − y
∗pre
min )/τ (2.5)

As a benchmark, under a budget-neutral UBI, FTE = 1.

2.3.4 Data

To implement our measure of the floor and various tests, we use the micro data

from the Annual Social and Economic (ASEC) Supplement to the Current Popula-

tion Survey (CPS).24 We use 29 years of CPS-ASEC data from 1989 to 2017, which

allows us to estimate the floor and SNAP benefit levels from 1988 to 2016. The CPS

is administered by the Census Bureau for the Bureau of Labor Statistics and collects
24Further information on the CPS can be found in Bureau 2017a.
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data from a nationally representative sample of households on employment, unem-

ployment, earnings, occupation, and hours of work.

The CPS is the data source for the official poverty estimates in the US and there-

fore particularly well suited to our task. However, there are two caveats to note in our

use of these data. First, the CPS sample is primarily people living in single-family

houses, apartments, and non-institutional “group quarters,” but it excludes any home-

less people who are not living in shelters (Bureau 2017b). The homeless are likely to

be living at levels somewhere around our estimated floor (Burt et al. 1999). Their

under-representation in the sample probably biases our estimated floor upwards.

A second concern is item non-response for the SNAP participation and benefits

questions. The documented under-reporting of SNAP benefits in the CPS data sug-

gests that our estimate of the effectiveness of SNAP in lifting the floor is biased

downwards, though there are differing assessments of the level of under-reporting

(compare, for example,Meyer et al. 2015, Meyer et al. 2019, with Kang and Moffitt

2019, who find a reasonably good match between survey responses and administra-

tive records n SNAP). Given the paucity of data to address these concerns, we do not

attempt to estimate their effect on our estimates, but simply note these caveats.

The measure of family income we use is the same as that for the US official

poverty estimates. This includes money income before taxes from several sources

(such as wages, salary, net-income from self-employment, social security payments,

pensions, interest, dividends, alimony, other forms of periodic monetary income), but

excludes capital gains and non-cash benefits such as fringe benefits or non-cash social

assistance programs.

The proportion of the population (summing CPS individual expansion factors)

with non-positive incomes recorded in the CPS has been on a rising trend (Figure

2.1). Note also that a population share for non-positives of around 2% in recent years
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represents about 15% of the poor, as judged by the official thresholds (Figure 2.1).

Most of the non-positives are zeros, and we have coded any negatives as zeros.25 We

expect that most of these non-positive observations reflect real hardships, but not

all. Mechanically, the rising share of zeros puts downward pressure on the estimated

floor.

Figure 2.1: Non-positive values for incomes recorded in CPS
Note: “% of population” is based on the count of the US population for which poverty is
estimated, i.e., sum of individual expansion factors in CPS unit record data.

The CPS public-release measure of income imposes top-codes on income compo-

nents, and the methodology for top-coding changed over our time period in a manner

that affects a small number of observations in our analytical sample. Because top-

coding is done by income components and not total income, and because it has not

(typically) been based on winsorizing but rather using a hot-deck method, it is pos-

sible for poor families to have public-release income estimates that are greater than
25This only affects a small share of the data; on average, only 0.09% of the population

(and 0.09% of the sample) have negative incomes. This average ranges from 0.01% to 0.16%
of the population (and 0.01% to 0.18% of the sample) over the 1989 to 2017 CPS data files.
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the poverty threshold. We implement a correction using other information on these

households available in the CPS public-release data.26

2.4 The Estimated Floor and the Impact of SNAP

Table 2.1 provides summary statistics and our estimates of the floor over time. We

begin by focusing on SNAP spending. Figure 2.2a plots spending per capita of the

US population over time while Figure 2.2b gives spending per recipient and the par-

ticipation rate.27 We see that spending per capita fluctuated over time, due mainly to

participation rates, which closely tracked spending (comparing Figures 2.2a and 2.2b).

There was a marked increase in spending per capita in the 2000-11 period; spending

doubled between 2006 and 2012, but has tended to fall in recent years. Spending per

recipient grew over time, with a growth rate of 1.34% per annum (s.e.=0.14%). Mean

spending per recipient family rose from $2.89 per person per day in 1988 to $4.15 in

2016.

As noted in the introduction, the literature has often pointed to the existence of

exclusion errors for SNAP, meaning that not all those with reported income below the

poverty threshold are receiving SNAP benefits. Figure 2.3 provides our calculations
26We refer to the variable povll in the CPS public-release data, which creates a series of

bins based on the ratio of family income (as measured by the confidential data) to the family’s
poverty threshold. For example, in the 2008 CPS data there are nine sample observations
(from a total of more than 206,000) where income as reported in the public-release files, is
greater than the poverty threshold, but these are poor families as identified by povll (which
is based on the confidential income data). In the 2008 CPS files, all nine of these observations
had income that was less than the poverty line, but greater than 75 percent of this line. For
these nine observations, we re-assign their income to be the mid-point of their bin. This
re-assignment occurs in nine of our years. The number of re-assignments made in any given
year is less than 24, with a total count of 90 re-assignments overall years from the more than
four million total observations we examine.

27The CPS gives the value of food stamps received last year, and the number of months
covered for each family. We have divided by the number of months, and then normalized by
the number of people in the family covered by food stamps and the CPI. The “per recipient”
series is just the “per capita” series averaged over all positives.
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of the proportion of those who are found in various intervals of the threshold who are

receiving SNAP according to the CPS. (As elsewhere, the calculations are population

weighted.) Three points are notable. First, SNAP coverage tends to be higher for

poorer families. Second, coverage of the poor declined sharply from the mid-1990s,

and did not start to recover until 10 years later. Third, a large share of the poor

(40-60% depending on the time period) are not receiving the program.

Figure 2.2: Public spending on SNAP and participation rates
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Table 2.1: Summary statistics

Quantile SNAP SNAP
Year Mean Median of 99th Gini spending participation

percentile index per capita (%)
1988 65.23 50.83 275.58 0.404 7.4 8.41
1989 66.44 51.44 287.74 0.406 7.68 8.43
1990 64.25 49.82 273.77 0.404 8.7 9.17
1991 63.63 49.84 272.16 0.407 8.71 9.26
1992 63.25 49.72 268.72 0.41 9.25 9.88
1993 62.98 48.87 268.17 0.417 11.26 10.61
1994 64.28 49.82 279.59 0.416 10.09 10.15
1995 68.84 50.78 345.17 0.444 10.47 9.51
1996 69.99 50.74 353.06 0.448 9.81 8.95
1997 73 52.91 381.59 0.45 8.33 7.75
1998 75.38 54.96 393.4 0.448 7.3 6.71
1999 75.98 55.99 375.4 0.438 6.34 6.11
2000 78.54 56.77 405.29 0.451 5.71 5.56
2001 79.18 56.68 407.8 0.457 6.24 5.65
2002 77.32 56.1 388.82 0.456 6.6 6.03
2003 77.53 56.21 386.92 0.458 7.48 6.57
2004 76.59 55.3 393.36 0.46 7.87 6.8
2005 77.9 55.94 410.52 0.463 8.42 7.01
2006 80.08 57.4 433.98 0.466 7.39 6.51
2007 78.52 57.18 403.24 0.457 7.56 6.79
2008 78.93 57.13 397.86 0.461 9.93 8.08
2009 75.88 54.5 391.44 0.468 13.8 9.91
2010 74.89 53.97 370.96 0.468 14.9 11.29
2011 75.5 53.22 399.13 0.476 15.06 11.43
2012 76 53.94 393.3 0.477 14.79 11.47
2013 76.55 54.64 395.07 0.475 14.03 11.43
2014 79.3 56.3 409.17 0.479 15.34 11.87
2015 82.8 59.27 426.71 0.476 14.81 11.24
2016 85.4 60.59 451.6 0.478 13.37 10.6
Mean 73.94 54.17 366.88 0.449 9.95 8.73
St.dev. 6.39 3.15 56.7 0.025 3.15 2.04

Note: Monetary values in real 2010 $US per day except SNAP is per month. Gini index is for families (as usually

calculated for the US). Poverty rate as % of population. Floor as a proportion of the threshold using α = 1 and

official poverty threshold. Authors’ calculations based on CPS micro data.
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Table 2.1: Summary statistics (cont.)

Poverty Poverty Floor ratio Floor ratio;
Year rate (pre- rate (post- (pre-SNAP; (post-SNAP;

SNAP;%) SNAP,%) α = 1) α = 1)
1988 13.04 12.58 0.377 0.42
1989 12.82 12.25 0.376 0.419
1990 13.51 12.91 0.384 0.427
1991 14.22 13.57 0.372 0.415
1992 14.52 13.86 0.364 0.405
1993 15.14 14.42 0.363 0.401
1994 14.55 13.78 0.361 0.398
1995 13.81 13.07 0.363 0.395
1996 13.72 13.1 0.361 0.396
1997 13.25 12.69 0.338 0.368
1998 12.72 12.22 0.33 0.352
1999 11.79 11.35 0.334 0.356
2000 11.25 10.91 0.331 0.351
2001 11.69 11.31 0.308 0.327
2002 12.12 11.74 0.311 0.332
2003 12.46 12.02 0.298 0.32
2004 12.73 12.18 0.298 0.322
2005 12.6 12.05 0.295 0.318
2006 12.3 11.75 0.299 0.321
2007 12.48 11.94 0.302 0.325
2008 13.23 12.54 0.298 0.321
2009 14.34 13.24 0.294 0.322
2010 15.11 13.91 0.291 0.319
2011 14.99 13.8 0.286 0.318
2012 14.97 13.8 0.292 0.325
2013 14.48 13.39 0.287 0.317
2014 14.77 13.67 0.274 0.302
2015 13.54 12.58 0.276 0.3
2016 12.7 11.88 0.269 0.292
Mean 13.41 12.71 0.322 0.351
St.dev. 1.13 0.92 0.036 0.043

Note: Monetary values in real 2010 $US per day except SNAP is per month. Gini index is for families (as usually

calculated for the US). Poverty rate as % of population. Floor as a proportion of the threshold using α = 1 and

official poverty threshold. Authors’ calculations based on CPS micro data.

55



Figure 2.3: SNAP coverage of the poor

Recall that consistency with our assumption of no behavioral responses for the

poorest implies that the estimated pre-transfer floor (ŷ∗premin ) should be uncorrelated

with the level of mean SNAP transfers (τ) once one controls for the determinants

of the true pre-transfer floor. In testing for this, we allow for two features of our

estimated time series in Table 2.1, namely that the floor has a negative trend and

that it is serially correlated. On including a time trend and the lagged dependent

variable to accommodate these features of the data, we see in Table 2.2 that the test

passes comfortably for various controls (the remainder of the vector x in equation

2.4). The lack of a partial correlation with SNAP spending evident in Table 2.2 is

consistent with our assumption that those responses are negligible at the floor, as

required by our method of estimating the post-transfer floor. (This also holds using

the positives only to measure the floor.)

We find that the program raised the floor (as a proportion of the poverty thresh-

olds) by about 3% points on average. For the benchmark case, the post-SNAP floor

ratio for 2015 is almost exactly 30% of the official threshold, which was $24,036 a
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Table 2.2: Test regressions for the pre-SNAP floor ratio

Using official poverty Using quantile of the
line to define 20th percentile to

the reference group define the reference group
SNAP spending 0.027 0.035 -0.004 0.002
per capita (log) (0.042) (0.040) (0.033) (0.030)
Lagged dep. var. 0.388*** 0.299* 0.287 0.294*

(0.140) (0.171) (0.172) (0.171)
Year -0.008** -0.006 -0.007** -0.005

(0.004) (0.004) (0.003) (0.003)
Constant 14.995** 10.580 12.388** 9.304

(6.524) (8.489) (4.801) (6.414)
Other Log mean, Log mean,
controls Log mean log median, Log mean log median,

log Gini, log Gini,
Global Fin. Crisis Global Fin. Crisis

R2 0.629 0.626 0.495 0.462
Note: Dependent var.=log pre-SNAP floor. N=28 (1988 lost due to lag). HAC standard errors in parentheses. ***:
1% significance;**: 5%; *10%. Floor ratio is used. Monetary variables are daily per capita. The control for the
Global Financial Crisis is a dummy variable for 2009-11.

year in that year for a family of four (two adults and two children) or $16.46 per

person per day or $15.15 in 2010 prices. So the post-SNAP floor in 2015 was $4.93,

while the pre-transfer value was $4.55. The quadratic probability function (α = 2)

naturally gives a lower estimate of the floor (since it attaches higher relative weight

to lower observed incomes). For 2015, the post-SNAP floor was $2.97, while it was

$2.71 pre-SNAP.

The floor for the US is about the level of the highest floors in developing coun-

tries when converted at Purchasing Power Parity and evaluated assuming a linear

probability function.28

28Based on the estimates by Margitic and Ravallion 2019 of the post-transfer floor in
developing countries, the mean of the 10 highest values is $5.60 a day.
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2.4.1 Changes Over Time in the Floor and Confidence Intervals

Figure 2.4 plots the floor ratio before and after food stamps using the official threshold

(panels (a) and (b)) and our estimates using the poorest 20% as the reference group

(panel (c)).29 To reduce cluttering in the graphs, we only give the 95% confidence

intervals (CI’s) in panel (b) for the benchmark case (α = 1 and the official thresh-

olds), and for this case we re-scale the graph to enhance visibility. The CI’s are based

on variance estimates that correct for non-independence using a sandwich estimator

(Wolter 2007).30 (The statistical addendum provides standard errors for other spec-

ifications.) While the floor is lower for α = 2, the trajectories are similar, and r =

0.998 for the official threshold and 0.997 for the poorest 20%. We continue to focus

on α = 1 as the benchmark.

For all years except 2000, we found no overlap between the post-SNAP CI and pre-

SNAP CI implying that the gain in the floor due to SNAP is statistically significant;

the overlap for 2000 is very small (0.001). While food stamps lifted the floor, there

has been a trend decline over the period as a whole in both the pre-transfer and the

post-transfer floors. In the benchmark case, the growth rate of the pre-SNAP floor

over the period is -1.28% per annum (s.e.=0.06), while it is -1.32% (s.e.=0.11) for

the post-SNAP floor. Using the poorest 20% instead, the annual rates of decline are

slightly lower but still significantly negative (-0.83% and -0.81% respectively, with

s.e.= 0.04% and 0.03%).

29As an indication of the $ value in 2010 prices, one can simply multiply by 15 (recalling
that the poverty line for a family of four is $15.15 per person per day).

30Standard errors are estimated by passing synthetic strata and clusters as described in
Jolliffe 2003 to Stata’s “svy: ratio estimator,” which can account for covariance of yi and
φα(yi).
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Figure 2.4: Floor in the United States 1988-2016 before and after food
stamps 59



The decline in the floor is statistically significant over the period as a whole in

that the 95% CI’s do not overlap either pre- or post-SNAP. For 1988, the 95% CI

for the pre-SNAP floor ratio is (0.368, 0.386), while it is (0.261, 0.276) for 2016; for

the post-SNAP floor, the CI’s are (0.409, 0.430) and (0.284, 0.300) for 1988 and 2016

respectively.

Of course, overlaps in CI’s are found within sub-periods (though that does not

preclude significant differences). The upper panel of Figure 2.4(b) gives the number of

years before CI’s cease to overlap. For example, for the pre-SNAP floor, it is nine years

from the beginning of the series in 1988 before the CI’s cease to overlap, though for the

post-SNAP floor it is six years. By the mid-1990s, after which the floor falls quickly,

the CI’s cease to overlap within just a few years. This changes in 2001 after which

declines continue but CI’s overlap substantially for longer periods. (For example, the

2001 post-SNAP CI overlaps for all years up to 2014.) Significant declines in both the

pre-SNAP and post-SNAP floor then re-emerge over the last four years of the series.

About half (53% using the official threshold) of the overall decline in the level

of the floor was in the period 1996-2001, coinciding with the aforementioned policy

reforms. However, the sharp decline in the floor 1996-2001 cannot be attributed to

the SNAP policy changes alone since we also see a similar decline in the pre-SNAP

floor, though less than we find post-SNAP. There are signs that the post-SNAP floor

stabilized from the early 2000s.

There is no significant trend in the post-SNAP floor from around 2003, though

the fall in the pre-SNAP floor continued, albeit at a slower pace (Figure 2.4). The

pre-SNAP floor fell during the crisis years, 2008-11, but the post-SNAP floor did not.

The difference-in-difference (DD) is a little less than 1% of the poverty line, i.e., if

the post-SNAP floor had maintained the same downward trajectory as the pre-SNAP

floor during 2008-11 then the former would have been about 1% of the poverty line
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lower.31 The last few years of the series have seen a resumption in the floor’s decline

(Figure 2.4).

Recall that the proportion of non-positive incomes recorded in the CPS has been

rising over time (Figure 2.1). As noted, the non-zeros are presumably transient effects,

including some households who are not normally poor. There is no sound basis for

excluding the non-positives, but it is of interest to see if the downward trend in the

floor is robust to doing so. Figure 2.5 shows the pre-SNAP floor over time excluding

the non-positives, for both linear and quadratic probability weights.32 At the end of

the period, the pre-SNAP floor ratio rises from 0.27 to 0.32 for α=1 and from 0.16 to

0.19 for α=2. The downward trend is less pronounced, but still evident if one drops

the zeros; on only using the positive incomes, the growth rate (for α=1) is -0.80% per

annum (s.e.=0.04) for the pre-SNAP floor and -0.85 (0.09) for the post-SNAP floor.

Our finding that the floor has been falling cannot be attributed to a rising share of

non-positive incomes in the CPS.

Figure 2.5: Effect of excluding non-positives on the floor

31Using 2008 as the base year and 2011 as the final year, DD=0.0085; using 2012 instead
one obtains DD=0.0090.

32This is the prior floor estimate deflated by 1 minus the proportion of poor households
with non-positive incomes.

61



2.4.2 Comparisons with Other Distributional Statistics

Standard poverty measures are not highly correlated with the changes in the floor over

time. As noted in the introduction, the poverty rate has remained roughly stationary

over the period as a whole, though rising in some periods (notably in the early 1990s

and during the financial crisis starting in 2008) and falling in others (the rest of the

1990s and in recent years) (Table 2.1). Figure 2.6 gives three standard measures. The

periods 1993-2000 and 2012-16 saw declining poverty measures but a sinking floor

(Figure 2.4). And the sharp rise in poverty measures in the crisis period (2008-10)

came with a relatively stable floor post-SNAP, as noted. The proportionate changes

over time in the floor are roughly orthogonal to those for the (post-SNAP) headcount

index (r = 0.041) and not highly correlated for the two poverty gap indices (r = -

0.268 for changes in PG and r = -0.492 for SPG). Tracking standard poverty measures

alone is clearly not very informative about what is happening to the floor.

Figure 2.6: Poverty measures

The real growth rate in mean income is 0.88% per annum (s.e.=0.16), but that

is appreciable higher than for the median which had an annual growth rate of 0.53%
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(s.e.=0.12).33 q(0.2) shows essentially zero growth while the median has a small pos-

itive growth rate. The median increased with the mean, but the ratio of the median

to the mean has been falling over time, from around 0.78 to 0.71 (Table 2.1). In

other words, the median has tended to rise with the mean, but with an elasticity less

than unity.34 This decline in the median relative to the mean as the latter increases

is another aspect of the inequitable growth process of the US. The Gini index of

inequality in family income rose from 0.40 to 0.48 over this period (Table 2.1).

Figure 2.7: Floor relative to overall mean and various quantiles

There is an evident disconnect between the evolution of the floor and the upper

quantiles of the US income distribution. Figure 2.7 plots the overall mean and various

quantiles—the median (q(0.5)) and top income quantiles, q(0.9),q(0.95), and q(0.99).

While the floor has been on a downward trend, the incomes of the top quantiles show

a strong positive trend, though with fluctuations. The growth rate of q(0.99) is 1.63%

33The OLS regression coefficient of the log median on the log mean is 0.611 with a standard
error of 0.037. One can reject the null that the coefficient is unity with t = 10.64.

34Growth rates are estimated here by regressing the log of that variable on time. All stan-
dard errors are robust to residual autocorrelation and heteroscedasticity, using the method in
Newey and West 1987. We used the automatic lag specification with the degrees of freedom
adjustment.
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per annum (s.e.=0.32). For a family of four people, the floor fell from about 9.2% of

q(0.99) in 1988 to 3.9% in 2016.

So we see a marked divergence between the top incomes and the mean, median and

(especially) the floor. Note also that these are quantiles based on the CPS. There is a

likely bias in the CPS at the high end, associated with under-reporting and selective

compliance (Korinek et al. 2006). The bias is unlikely to be confined to the top 1%,

or even 10%, so the quantiles will be affected, implying that correcting for the bias

would show even greater divergence.35

2.4.3 The Effect of SNAP on the Floor

When the government spends more on SNAP, the floor tends to rise. This can be seen

in Table 2.3, which gives regressions of the log of the gain in the floor (ln(y∗postmin /y
∗pre
min ))

on log spending per capita, again allowing for both serial dependence in the floor and

a time trend. The elasticity of the floor to SNAP spending is around 0.5.

To explore this further, note that mean spending on SNAP is the product of the

program participation rate and spending per recipient. By relaxing the assumption

that the logs in these two variables have the same effect on the floor, we can assess

which has been more important to the extent to which SNAP has raised the floor.

Figure 2.8 plots the gain in the floor over time and both the SNAP participation rate

and SNAP spending per recipient; all variables are in logs and the graph gives the

deviations from mean. We see a much stronger co-movement between the extent of the

gain in the floor and the participation rate (especially so from the early 1990s) than

we see for spending per recipient. In the levels, the correlation coefficient between
35See, for example, the estimates combining CPS with income tax and national accounts

data in Piketty et al. 2018 and Worldwide Inequality Database. Also see the state-level
estimates by Sommeiller and Price 2018. Of course, such adjustments to survey data require
a great many assumptions.
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ln(y∗postmin /y
∗pre
min ) and the log participation rate is 0.605, while it is -0.463 for the log

spending per recipient. In the latter case, the (negatively-correlated) trends account

for the correlation; the correlations between the first differences over time are 0.637

and 0.134 respectively. It is SNAP’s participation rate that matters to its impact on

the floor rather than its spending per recipient.

Figure 2.8: Gain in the floor due to SNAP compared to SNAP participation
rate and spending per recipient

Table 2.3 also provides regressions of the log of the gain in the floor due to SNAP

on the log of the participation rate and the log of spending per recipient, controlling

for the dynamics of the floor impact and its time trend. It is also clear from these

partial effects that the more important factor in explaining the variation over time

has been the participation rate. Indeed, spending more per recipient has done very

little toward raising the floor at a given SNAP participation rate. Separately to this,

we find a downward trend over time in the contribution of SNAP to lifting the floor

at given levels of spending.
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Table 2.3: Regressions for the log gain in the floor due to SNAP as a
function of SNAP spending

Using official poverty line to Using quant. of the 20th percentile
define the reference group to define the reference group

SNAP sp. per 0.473*** n.a. n.a. 0.566*** n.a. n.a
capita (log) (0.155) (0.146)
SNAP part. n.a. 0.785*** 0.912*** n.a. 0.821*** 0.911***
rate (log) (0.225) (0.085) (0.195) (0.078)
SNAP sp. per n.a. -0.233 -0.418 n.a. 0.034 -0.062
recipient (log) (0.347) (0.309) (0.270) (0.238)
Lagged 0.414** 0.126 n.a. 0.327** 0.092 n.a.
dep. var. (0.157) (0.193) (0.144) (0.163)
Year -0.019*** -0.017*** -0.019*** -0.015*** -0.011** -0.012***

(0.006) (0.005) (0.005) (0.004) (0.004) (0.004)
Constant 35.994*** 32.472** 35.308*** 27.447*** 19.806** 20.342

(10.578) (10.494) (9.675) (7.174) (7.836) (7.772)
R2 0.904 0.918 0.921 0.908 0.920 0.920

Note: Dependent var.=log pre-SNAP floor. N=28 (1988 lost due to lag). HAC standard errors in parentheses. ***:
1% significance;**: 5%; *10%. Floor ratio is used. Monetary variables are daily per capita. The control for the
Global Financial Crisis is a dummy variable for 2009-11.

Consistently with the last finding, our estimates reveal that there has been a

decline in FTE—the ratio of the gain in the floor that we attribute to SNAP to

spending per capita on the program (Figure 2.9). The mean gain in the floor exceeds

mean spending on food stamps; the difference between the two is $0.12 a day (in

2010 prices) and this is significantly different from zero (s.e.=0.04). The program is

reaching the poorest more than a UBI with the same budget. However, the program’s

efficiency in raising the floor has declined appreciably over time. In the late 1980s,

the gain in the floor was about 2.5 times mean spending, but by the last five years of

the series it had fallen to about the same level, i.e., an FTE of unity.

66



Figure 2.9: Floor transfer efficiency for SNAP

Note: FTE calculated for a family of four, two adults, two children, i.e.,
using a poverty threshold of $15.15 a day in 2010 prices.

Thus, in recent years, SNAP is not having any larger impact on the floor than

one would expect from a budget-neutral UBI. In the past, SNAP was much more

effective in reaching the poorest, although the reform period in the mid-1990s came

with a slower rate of decline in FTE (Figure 2.9). Note also that the decline in FTE

largely preceded the expansion in SNAP under ARRA, but the “SNAP stimulus” did

not come with better performance in reaching the poorest.

2.4.4 Exclusions Errors and the Poorest

The calculations so far have not been conditional on SNAP participation; for example,

Figure 2.4 gives means over the relevant population whether receiving SNAP or not.

Our results indicate that an important reason why SNAP has not raised the floor more

is the extent of the exclusion errors among the poorest. As a quantitative indication

of just how much this matters, Figure 2.10 plots the floor that is implied if all the

poorest received the mean SNAP spending per SNAP recipient (so simply adding
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the date-specific mean SNAP per recipient to the pre-SNAP floor). We call this “full

coverage.” The floor has been calculated for a family of four, with two adults (giving

the aforementioned poverty line of $15.15 per person per day in 2010 prices).

Two things are notable from Figure 2.10: First, with full coverage the floor would

have risen to about $8 per day, and (second) the floor would have been roughly stable

over the period—almost fully negating the decline in the pre-SNAP floor that we find.

The increment to the post-SNAP floor associated with full coverage rises from $1.63

in 1988 to $3.26 in 2016.

Figure 2.10: Hypothetical floor on eliminating exclusion errors among the
poorest

The size of these gains to the floor from full coverage reflect a high elasticity of

(y∗postmin − y
∗pre
min ) to SNAP coverage of those living below (say) half the threshold. The

regression coefficient of ln(y∗postmin − y
∗pre
min )) on the log of the share of SNAP recipients

among those living at less than 0.5z is 1.57 (s.e.=0.13). As one would expect, we also

find that the extent to which SNAP lifts the floor is far more responsive to coverage of

those living below 0.5z than it is to coverage among other eligible groups. In particular,

if we add the (logs) of the three other coverage rates in Figure 3 (while controlling for
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the coverage rate of those living below 0.5z), we find that their coefficients are small

and statistically insignificant, while the elasticity w.r.t. the coverage rate for those

under 0.5z remains high (1.94; s.e.=0.20).

It should be noted, however, that expanding coverage to all of those living at or

near the floor would have required either a higher aggregate disbursement on the

program, or a change in the allocation away from those living above the floor, many

of whom are still poor. Lifting the floor this way will almost certainly come with

trade-offs.

2.5 Conclusions

The rise in “top incomes” in the US has received much recent attention. We have

focused here on what has been happening at the other tail of the distribution, and

how effective the country’s largest antipoverty program, SNAP (popularly known as

“food stamps”), has been in reaching the poorest. We do not argue that policymakers

should only focus on the poorest, but we contend that efficacy in reaching them is an

important, but neglected, metric of progress.

We have estimated the lower bound to the distribution of income—the “floor”—as

a weighted mean of observed survey-based incomes below the poverty line, with higher

weight on lower observed incomes. In estimating the income gains from SNAP we have

ignored any behavioural responses by the poorest, though we have provided a test

for such responses that is consistent with our assumption that such responses are

negligible. We acknowledge that our measures might be improved with better data

(notably on the living standards of the poorest), but our main qualitative results have

stood up well to various tests of our assumptions.
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We find nothing to suggest that the rise in top incomes has lifted the floor. Indeed,

our results indicate that the floor was higher 30 years ago than today. The floor fell

markedly in the 1990s, then it began to stabilize in the 2000s, but it appears now

to be back on its prior downward trajectory. In 2016, the floor was about 30% of

the official poverty line, or about $5 per person per day. The decline in the floor is

accountable in part to a rising share of non-positive incomes recorded in the data,

but a downward trend is still evident if one only uses the positives. The rising gap

between top incomes and the floor is another instance of the pattern of rising absolute

inequality that has been observed globally (Ravallion 2018).

Food stamps raised the floor, with a gain to the poorest that is significantly

greater than mean spending on SNAP, though substantially less than mean SNAP

receipts per recipient. The financial crisis emerging in 2008 put downward pressure

on the pre-SNAP floor, but the expansion of the program in the wake of the crisis

was able to prevent a fall in the floor despite the underlying inequality-increasing

growth process. Thus, SNAP partly compensated for the downward pressure on the

pre-transfer floor. The program helped assure that the poorest could at least maintain

their (low) living standards during a period of inequitable growth. The changes over

time in the program’s efficacy in raising the floor are accountable to changes in the

overall participation rate rather than spending per recipient.

However, we find a marked longer-term decline in the extent to which SNAP

has raised the floor, associated with declining efficacy of food stamps in reaching

America’s poorest since the mid-1990s. This could have been almost entirely avoided

if the poorest had fully participated in SNAP, even at the mean transfer receipts

per participant. The extent to which SNAP lifts the floor responds elastically to the

program’s coverage rate among those living well below the official poverty lines. Our

calculations indicate that if all of those living at or near the floor had received even
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the mean SNAP payment per person the post-SNAP floor would have risen to about

$8 per person per day, and stayed fairly stable over the period 1988-2016, in contrast

to the sinking floor that we actually observe.
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Chapter 3

Polling Place Locations and the Costs of Voting

3.1 Introduction

The 2020 U.S. elections have set the public’s eyes on the influence of electoral design

on turnout. State and local government decisions regarding early voting, (Kaplan and

Yuan 2020), mail-in voting (Meredith and Endter 2016; Meredith and Malhotra 2011;

Lockhart et al. 2020; Thompson et al. 2020), and at-poll voting requirements (Highton

2017; Cantoni and Pons 2019) can each potentially have important consequences for

voter participation. Even small changes to the convenience or cost of voting can

determine whether or not someone votes, especially in large elections (Gomez et al.

2007; Braconnier et al. 2017).

This paper focuses on a particular cost of voting: the distance from a voter’s

home to their polling place. Distance to the polling place is an essential determinant

of voting behavior to study for three reasons. First, this cost of voting cannot be

eliminated, unless we remove polling places altogether. Despite the rise in convenience

voting, three-quarters of voters still chose to vote at polls on election day in the 2018.1

Even during the pandemic of the 2020 election cycle, 34 million voters were not able

to vote by mail without a state-approved excuse.2 Second, the distance to polling
1Election Administration and Voting Survey: 2018 Comprehensive Report. https://

www.eac.gov/sites/default/files/eac_assets/1/6/2018_EAVS_Report.pdf Retrieved
November 11, 2020.

2https://www.washingtonpost.com/graphics/2020/politics/
vote-by-mail-states/“At least 84% of American voters can cast ballots by mail in
the fall", The Washington Post. Retrieved September 25, 2020.
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place is unevenly distributed among the population of eligible voters. If a particular

group faces higher costs of voting such that they are less likely to vote, then politicians

may ignore their interests (Avery 2015; Martin 2003). In particular, it is important

to understand if the distance to polling place varies systematically by race of eligible

voters, given the history of voter suppression in the United States. The locations of

polling places may also advantage one political party over another. Third, the distance

between voters and their polling place is an outcome of electoral design. State and

local lawmakers determine how to divide a state into precincts and where to locate a

polling place within precincts. A detailed understanding of how polling place locations

affect voter participation would be the first step in determining the optimal number

and distribution of polling places.

Existing estimates of the effect of distance to polling places on voting vary widely.

Three papers use a causal identification strategy.3 Most recently, Cantoni (2020) uses

a border discontinuity approach, which exploits the fact that residents on either side

of a voting precinct border are plausibly similar, but differ in their polling place. Using

data from nine urban municipalities in Massachusetts and Minnesota, Cantoni finds

large effects: a mile increase in distance to polling place reduces turnout by 8 to 14.5

percentage points. Clinton et al. (2020) use a panel of voters from North Carolina to

study how voting behavior changes as polling places change over time. They find no

effect of distance to polling place on turnout: as distance to a polling place increases,

voters substitute to early voting such that there is no overall change in turnout.

Finally, Brady and McNulty (2011) study precinct consolidations in Los Angeles

3Other published studies on the distance to polling place find a negative association
with turnout. Dyck and Gimpel (2005) find that distance to polling place is associated
with lower turnout and more mail-in voting in a study of Clark County, Nevada. Haspel
and Gibbs Knotts (2005) find a negative and non-linear relationship in an Atlanta mayoral
election.
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County using matching methods. They find smaller effects: a mile increase in distance

to the polling place reduces turnout by 4 percentage points. Several studies find an

additional search cost associated with a change in polling place location (Clinton et al.

2020, Yoder 2018).

These findings underscore the need for a more comprehensive study of polling

places in the United States and their effect on turnout. One hypothesis is that the

range of results reflect heterogeneous effects, given that each study uses data from

a different location. Moreover, we know that there are large location and election-

specific effects on voting behavior (Cantoni and Pons 2019). However, there is also

no overlap in methodologies used across studies, making comparisons difficult.

To help fill this gap, we collect information about the distance to polling place

and turnout for over 15 million voters in two large and diverse states, Pennsylvania

and Georgia. Simply regressing the likelihood of voting on distance to the polling

place would not credibly allow us to uncover the true causal effect of distance. One

possible source of bias could be that voters who choose to live closer to schools or

government buildings, which are often used as polling locations, may be systematically

different to those who don’t. Hence, to credibly estimate the effect of distance to the

polling place on voting behavior, we use the border discontinuity approach of Cantoni

(2020). We choose to use this methodology because the identifying assumptions are

plausible. Additionally, given that the results in Cantoni (2020) are significantly larger

than other estimates, using the same methodology allows us to directly compare our

the results to the ones in that paper. The border discontinuity approach relies on the

assumption that voters who live near to precinct borders are similar, except that they

are assigned to different polling places and thus face different distances to the polling

place. Any factors possibly correlated with turnout should be continuous across the

border, whereas the distance to a polling place is discontinuous at the border. We
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use a sample of voters who live within 0.05 miles (about 160 feet or 80 meters) of a

voting precinct border. We are careful in eliminating all precinct borders that overlap

with other important boundaries like those for school districts, towns, or legislative

districts. The remaining precinct borders play no role other than determining where

people vote on election day.

We supplement the individual-level analysis with block-level analysis by aggre-

gating the data to the Census block level and measuring turnout with respect to the

voting age population of the block. Since distance to polling place may affect the like-

lihood that an individual registers to vote, the aggregation alleviates concerns about

potential sample selection bias (Cantoni 2020).

We find that, on average, a one mile increase in the distance to polling place

decreases the likelihood of voting at polls by 0.45 to 1.72 percentage points (p.p.). In

Georgia, the decrease in voting at polls is matched with an increase in voting by mail

of the same magnitude. There, a one mile increase in distance to polling place leads

to an increase in the likelihood of voting by mail by up to 1.91 p.p.. Overall, there

is a null effect of the distance to polling place on the likelihood of voting in Georgia.

Although the effects of distance to polling place on the likelihood of voting at the

polls is strikingly similar in Pennsylvania and in Georgia, the substitution to mail-

in voting is substantially smaller in Pennsylvania. This is likely due to the different

policies about absentee ballots across the two states. In 2018, Pennsylvania required

an excuse for a voter to vote by mail, whereas any registered voter could request to

vote by mail in Georgia. In Pennsylvania, a one mile increase in distance to polling

place increases the likelihood of voting by mail by only 0.23 p.p.. Due to the small

effect on mail in voting in Pennsylvania, there is a net negative effect of distance to

polling place on the likelihood of voting overall. A one mile increase in distance to
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polling place decreases the likelihood of voting by 1.23 p.p. in the primary election

and 0.99 p.p. in the general election.

Overall, our main estimates are an order of magnitude smaller than those from

the urban areas of Massachusetts and Minnesota (Cantoni 2020) and are more in

line with those from Los Angeles and North Carolina (Clinton et al. 2020; Brady

and McNulty 2011). However, the average effects mask significant heterogeneity. We

find significantly different estimates, for instance, when restricting attention to the

three largest urban areas in our sample (Atlanta, Philadelphia, and Pittsburgh). In

Atlanta, a larger distance to polling place induces a decrease in at-poll voting (and

an increase in mail-in voting) that is up to 90% larger than the average statewide

estimates suggest. Because our methodology closely follows that of Cantoni (2020),

location-specific factors and heterogeneous effects likely explain the wide variance in

estimated effect sizes. To demonstrate, we show that point estimates from Georgia

and Pennsylvania are similar to those found in Cantoni 2020 when we use propensity

score matching to construct a samples that are comparable based on observable char-

acteristics. We then turn to heterogeneous effects analyses to better understand what

factors explain the large differences in sensitivity to polling locations across different

cities and towns.

The analysis of the two large states allows us to explore heterogeneous effects

by demographic characteristics, economic variables, party affiliation, and mobility

patterns. Differences in the sensitivity of voting behavior to polling place location are

minimal when we compare groups by age, sex, race, or ethnicity. Registered Democrats

and Republicans also respond similarly to distance to polling place, though both are

more sensitive than registered Independents. The effect of distance to polling place

on turnout also varies with income and educational attainment. For a given change
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in distance to polling place, voters in areas with high educational or income are more

likely to switch to voting by mail than areas with low education or income.

Our findings highlight some important lessons for studies of polling places in the

future. First, the importance of polling place locations for voter participation will

vary depending on the constituency affected. If the affected population largely owns

cars and drives to work, then a one mile increase in distance to a polling place will

have no meaningful effect. On the other hand, a small change to a polling place in

an area where people rely on public transportation can have significant effects on

turnout.

Pennsylvania and Georgia also offer two comparison points for electoral design.

Pennsylvania requires an excuse for a registered voter to vote by mail (absentee voting)

and offers no early voting, while Georgia does not require any excuse for voting by

mail and does have early voting. In Georgia, we find that no-excuse mail-in voting

is likely important for mitigating the cost of travelling to a polling place. A longer

distance to the polling place makes a voter in Georgia less likely to vote at polls and

more likely to vote by mail. In Pennsylvania, by contrast, very few voters appear to

substitute to mail-in voting when they are deterred by the distance to the polling

place. Importantly, the sensitivity to distance to polling place in each state is very

similar, on average. Distance to polling place appears to deter voters from voting at

polls, regardless of whether or not there is a convenient alternative method of voting.

In recent years, decisions to close or move polling places have come under increased

scrutiny due to concerns over voter suppression.4 Related to these concerns, recent

studies show that Black voters are more likely to experience longer waiting times at

polls (Chen et al. 2019) and are more likely to have their mail-in ballots rejected

4“The Georgia Governor’s Race Has Brought Voter Suppression Into Full View", The
Atlantic. Retrieved Novermber 6, 2018. “Republican Voter Suppression Efforts Are Targeting
Minorities, Journalist Says", NPR. Retrieved October 23, 2018.
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(Enrijeta Shino and Smith 2020). In Georgia, where we have data about the race

of registered voters, we find that Black voters tend to live slightly closer to polling

places on average. We do not find large differences across racial groups in terms

of sensitivity to distance to polling place. Similarly, there does not appear to be a

significant difference in the way that Republicans and Democrats respond to distance

to the polling place. Our findings suggest that polling place closures are unlikely to

affect vote shares strictly through increasing the cost of travelling to the polling place.

However, polling place decisions may be related to other important costs of voting

like wait times. Relatedly, some of the media concern over polling place closures in

recent years may have been misplaced. Most of the polling place closures in the past

decade in Georgia occurred in rural areas where there is likely to be a smaller impact

of increasing the distance to the polls among voters.5 Instead, small changes to the

location of urban polling places are likely to have a greater impact on turnout and

should be evaluated carefully by election commissions.

3.2 Institutional Background

We study the 2018 primary and general elections in Pennsylvania and Georgia. From

2012 to 2018, the number of registered voters in Pennsylvania increased from 8.5 to

8.6 million6 while in Georgia it grew from 6 to 6.9 million 7. In many states, including

Pennsylvania and Georgia, 2018 was a year of historically high turnout for a midterm

election (58% and 53 % of registered voters cast ballots compared to 43% and 37% in

2014 respectively). However, turnout was much lower for the primary elections (12%

for Pennsylvania and 17% for Georgia).

5“Voting precincts closed across Georgia since election oversight lifted” Atlanta Journal-
Constitution. Retreived November 11, 2020.

6Voter Registration Statistics from Pennsylvania’s Department of State
7Voter Registration Statistics from Georgia’s Secretary if State Office
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Pennsylvania and Georgia differ in a number of election policies.8 In Pennsylvania,

voting happened only on election day in 2018; there was no early voting. Voters

also required an excuse to vote by absentee ballot at this time in Pennsylvania.9 In

contrast, early voting began in Georgia three-weeks before election day and any voter

could request a mail-in ballot up to 180 days before the election.

Both states are divided into voting precincts by local government authorities

(either county election commissions or municipal or county heads of government).

An accessible location within each precinct, typically a school, library, police station,

or church, is chosen as the polling place location by local authorities. Barring emer-

gencies, polling places must be announced no less than 60 days prior to an election

in Georgia and 20 days prior to an election in Pennsylvania. This means that voters

may register to vote before knowing exactly where their polling place will be located.

Neither state uses same-day voter registration, so voters must register several weeks

in advance of the election date. Importantly for our identification strategy, if voting in

person, each voter may only vote on election day at the polling place for the precinct

in which they reside.

Election day polls are open from 7am to 8pm in Pennsylvania and from 7am to

7pm in Georgia. If a registered voter has voted before in Pennsylvania, they do not

need to bring identification. On the other hand, Georgia has more strict voter ID laws

that require Georgia residents to show photo identification when voting in person.

We do not have the ability to assess the effect of these electoral policies with only

two states and one cross-section of the data. However, the policies are potentially
8Election policies were retrieved from Pennsylvania and Georgia Secretary of State web-

sites and from state election law: Pennsylvania Statutes Title 25 and Georgia Title Code
25.

9Pennsylvania introduced early voting and no-excuse mail-in voting in 2019 with Act 77.
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important for understanding the substantive differences in our findings for Pennsyl-

vania and Georgia.

3.3 Data Collection

From the Pennsylvania Department of State and Georgia Secretary of State, we obtain

voter registration files, which include a unique voter identification, address, and voting

precinct for each registered voter within the state. We merge this information with

the voter history files, which records whether or not each registered voter voted in

each election as well as their method of voting (at polls or absentee), through the

voter ID.

We obtain the locations of polling places from Georgia’s Secretary of State’s

website and from Pennsylvania’s state-run polling place look-up website.10 Next, we

geocode the polling place locations and registered voter addresses using the Address

Locator provided by ArcGIS.11 The distance to polling place for each individual is

measured as the Euclidian distance in miles between the voter’s address and the

polling place address.

It is important to note that we only observe registered voters in the voter regis-

tration files. At the individual level, we are only able to estimate the effect of distance

to polling place on voting, conditional on an individual already being registered to

vote. Since distance to polling place may also affect the likelihood that an individual

registers, this may introduce selection bias. Hence, to complement our analysis, we

estimate the effect of distance to polling place on block-level turnout, by aggregating
10https://www.pavoterservices.pa.gov/Pages/PollingPlaceInfo.aspx. and https:

//sos.ga.gov/index.php/elections. Retrieved during October 2018 and July 2020.
11This address locator uses interpolation to locate addresses, meaning it has the latitude

and longitude of the endpoints of every street. It then interpolates the latitude and longitude
of the specific address based on the street endpoints.
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votes at the Census block level and measuring turnout as a fraction of the voting-age

population. Blocks are the smallest statistical area used by the Census, corresponding

to roughly the size of a city block. At the block level, we have information on the

voting age population, a proxy for voting eligibility, from the 2010 Census. 12 The

main outcome of interest is turnout: the total votes per voting age population. Cantoni

similarly aggregates to the block-level, noting that the benefit of avoiding selection

bias comes at the cost of less precise measurement of distance.13

To aggregate the data to the block level, we assign each registered voter to the

census block that contains their geolocated address. Distance to polling place at the

block level is measured as the average distance to polling place for all registered voters

in the block. 14 To give a sense of the the geography and scale of blocks relative to

precincts, Figure 3.1 shows voting precincts, census blocks, and polling places in an

urban and rural area in Pennsylvania.
12Approximately X Y percentage of the blocks in Pennsylvania and Georgia cast more

votes in 2018 than their total recorded voting age population in the 2010 Census. We keep
these blocks in the sample because our identification strategy relies on measuring changes
in turnout and not on

13Cantoni also pairs this analysis with analysis at the parcel-level. A parcel is a unit of
land, typically containing one household. We don’t have parcel data for important parts of
Pennsylvania (e.g., Philadelphia) nor Georgia. The benefit of Parcel-level analysis is that the
measurement of distance is more precise. The drawback is that there is no data on the voting
age population, so parcels are assumed to have roughly the same voting age population.

14Blocks are relatively small so that there is little variation in distance to polling place
within a block (the average standard deviation of distance to polling place within a block
is 0.1 miles or 160 meters). We find similar results when we measure the distance to polling
place from the block centroid instead.
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Figure 3.1: Maps of precincts, census blocks, and polling places
Note: The upper map shows an area of Pittsburgh, PA, (population 302,407) while the lower map is an area of
Jefferson County, PA (population 43,804). Bold black lines are precinct boundaries. Thin blue lines are Census block
boundaries. Red dots are polling places. Both maps cover an area of roughly 75 square miles (194 square kilometers).

Finally, the block-level data is merged with census data on race, ethnicity, gender

and age using block identifiers. Other covariates of interest that may be correlated to

both turnout and distance to polling place include car ownership, mode of travel to

work and commute time, income, and unemployment. These variables are available

at the block-group-level and tract-level from the American Community Survey (2006-

2010 five-year estimates). We assign the block-group or tract average to each block
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within the statistical area. Variable definitions, units of observations, and data sources

are described in more detail in Appendix A.1.

3.4 Empirical Framework

3.4.1 Identification Strategy

We estimate the effect of the distance to polling place on the likelihood of voting at the

poll, voting by absentee ballot, and voting by either method. Estimating this causal

effect presents several challenges. Simply regressing voting outcomes on distance to

polling place might not credibly yield the causal estimates of interest. Local election

officials are supposed to choose convenient and accessible locations for polling places.

Schools and other public buildings are most frequently selected as polling places.

Voters who live close to polling places may therefore differ systematically from voters

who tend to live far away from polling places in ways that are important for turnout.

These differences might be unobservable or not adequately captured due to the aggre-

gated nature of some of the covariates. For example, adults who choose to live close to

a school may tend to have school-age children, and therefore belong to a demographic

group with a relatively low turnout rate (Wolfinger and Raymond (2008)). We there-

fore turn to an identification strategy that exploits discontinuities in distance to the

polling place at the borders of voting precincts (called Voting Tabulation Districts by

the Census). Intuitively, two neighbors who live on opposite sides of a voting precinct

border should be comparable in dimensions that may affect voting behavior, but differ

in their assigned polling place because they happen to be on their side of the precinct

border.

We first apply this methodology using the individual-level dataset to estimate the

effect of distance to polling place on the likelihood of voting, conditional on being
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registered. Each individual is assigned to the nearest precinct border and is only

included in the sample if they reside within 0.05 miles (161 feet or 81 meters) of the

border. Additionally, we restrict attention to segments of precinct borders that to do

not overlap with other important boundaries that might cause residents to sort on

either side of the border. Voting precinct boundaries included in our sample do not

overlap with school district boundaries, town or county boundaries, nor boundaries for

state or federal congressional districts. Figures 2 and 3 show the voting precinct border

segments that are included and excluded in the samples for Georgia and Pennsylvania.

To limit noise due to imprecise geocoding, we only consider individuals that are

less than 10 miles from their polling place (2.44 standard deviations from the mean

in Pennsylvania and 3.09 standard deviations from the mean in Georgia). Finally, we

discard border segments that include both rural and urban areas since these blocks are

unlikely to satisfy identifying assumptions. This selection leaves us with 1, 704, 797

voters (20.7 percent of all voters) and 9, 921 border segments in Pennsylvania and

495, 641 voters (7.1 percent of all voters) and 3, 945 border segments in Georgia.

On average, each border segment has 355 voters in Pennsylvania and 358 voters in

Georgia.

Figure 3.2: Pennsylvania
Figure 3.3: Georgia
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We use a similar empirical design for the block-level dataset to estimate the effect

of the distance to polling place on turnout ( unconditional). Each block is assigned to

the nearest voting precinct border and is only included in the sample if its centroid is

within 0.2 miles (1056 feet or 322 meters) of the voting precinct border. Conditioning

on the distance from the block centroid to the border allow us to only consider those

blocks where most of the population lives close to the border. We use the same

selection of border segments as in the individual-level data. This selection leaves us

with 111, 782 blocks (26.5 percent of all blocks) in Pennsylvania and 35, 137 (12.1

percent of all blocks) blocks in Georgia. On average, each border has 355 voters and

27 blocks in Pennsylvania and 358 voters and 22 blocks in

The main empirical specification can be written as follows:

votei = δs(i) + βdistancei + P ′iρ+ X ′b(i)ι+ εi (1.A)

where votei indicates whether or not registered voter i voted. For ease of interpreting

small coefficients, we have votei=100 if voter i votes and votei = 0 if voter i does not

vote. δs(i) is a fixed effect for a segment of a precinct border, where each voter i is

assigned to a unique segment s(i). The variable distancei is the distance (measured

in miles) between a voter’s residence and polling place. The specification includes

individual-level controls (Pi) and block-level controls (Xb(i)).

At the block-level, the estimating equation is:

turnoutb = δs(b) + βdistanceb + X ′bι+ εb (1.B)

where turnoutb is the percent of voting-age population in block b that votes.

The identifying assumption in both of our specifications is that all unobservable

factors affecting the likelihood of voting are uncorrelated with distance across and

along border lines, conditional on observables.
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Following Cantoni (2020), we relax this identifying assumption with a second set of

estimating equations that include county-specific controls for latitude and longitude:

votei = δs(i) + βdistancei + αc(i)lati + γc(i)loni + P ′iρ+ X ′b(i)ι+ εi (2.A)

turnoutb = δs(b) + βdistanceb + αc(b)latb + γc(b)lonb + X ′b(i)ι+ εb (2.B)

This less parsimonious model means that the effect is identified using only the

discontinuities in distance to polling place at the border. The identifying assumption

is that any variables that affect turnout, apart from distance, are continuous at all

points of the precinct border. Because voters on either side of the border are assigned

to different polling places, there is a discontinuity in the variable distancei at the

border.

At the block level, we separately estimate equations 1.B and 2.B with the following

covariates: percent voting age population, percent Democrat, percent Republican,

percent Black, percent Hispanic, median household income, percent without a high

school diploma, percent who walk to work, and indicators for travel time to work being

less than 5 minutes and travel time to work is more than 60 minutes). At the individual

level we estimate equations 1.A and 2.A with the the same block-level covariates

and include the following individual-level covariates from voter registration files: age,

and indicators for the voter being a registered Democrat, registered Republican, and

female.

3.4.2 Summary Statistics and Balance Tests

In 2018, there were 7,014 polling places in Pennsylvania and 2,340 polling places in

Georgia. Voters on average live 0.93 miles away from their polling place in Pennsyl-

vania and 1.66 miles in Georgia. For the 2018 general election, the turnout was is 59%
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of registered voters in Pennsylvania and 55% of registered voters in Georgia. Voting

by mail in Georgia is much higher than in Pennsylvania, where an excuse is required

for an absentee ballot. In Georgia, 29.76 percent of those registered to vote chose to

vote by mail whereas only 2.23 did the same in Pennsylvania.

Comparing our regression samples with that of the whole state, we find some

important differences. Urban areas are over-represented in our sample: 87% of the

sample is urban in Georgia and 98% in Pennsylvania, versus 75% and 80% for the

whole sample, respectively. This is mainly because small towns are more likely to

have only one voting precinct, and we remove voting precinct border segments that

overlap with town borders. However, there are sufficient border segments in rural

areas within each state sample in order to detect differences between urban and rural

areas (210 segments (5%) in Pennsylvania and 1380 segments (34 %) in Georgia).

Our sample also contains more Black registered voters, and poorer voters than the

state. Full summary statistics are reported in Appendix A.2.1

Investigating how distance to polling place varies for voters within each state, we

regress distance to polling place on political, demographic, and socioeconomic vari-

ables in Appendix A.2.2. In both states, polling places tend to be farther away for

registered Republicans, blocks with a larger white population, and blocks with a high

percent of individuals a high school diploma. To test for balance within each border

segment, we include border fixed effects and county-latitude/longitude controls. After

including border-fixed effects, most of the correlations between distance to polling

place and covariates are statistically insignificant. However, two variables at the indi-

vidual level are statistically significantly correlated with distance to polling place

(indicators for age 30 to 49 and age 50 to 64) in Pennsylvania and one in Georgia

(indicator for voter being a registered Democrat). Considering covariates that are

aggregated at the block, block-group, and tract level, there is one statistically signif-
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icant correlation with distance to polling place in Georgia (percent Hispanic) and no

statistically significant correlations in Pennsylvania. To be cautious, we include all

observable covariates in our preferred specification to control for possible differences

in these groups.

3.5 The Effect of Distance to Polling Place

We begin with a discussion of the average effect of distance to polling place on like-

lihood of voting in Pennsylvania (Table 3.1) and Georgia (Table 3.2). We report the

coefficient on distance to polling place for several outcomes: likelihood of voting at

the polling place, likelihood of voting by absentee ballot, and the likelihood of voting

by either for both primary and general elections in 2018. In each table, Panel A

reports coefficients from estimating the outcomes with controls and precinct fixed

effects only, Panel B reports coefficients from estimating equation 1.A, and Panel C

reports coefficients from estimating equation (2.A).

In Panel A of each table, we observe small but statistically significant correlations

between distance to polling place and the likelihood of voting at polls. Comparing

these point estimates to those in Panels B and C, we see that estimates based on cor-

relations between voting and distance to polling place using within-precinct variation

likely understate the effects of distance to polling place on voting behavior.

In Panel B of Tables 3.1 and 3.2, including border fixed effects yields coefficients

that are larger in magnitude. In Pennsylvania, a one mile increase in distance to

polling place is associated with a decrease in at poll voting of 1.35 p.p. in primary

elections and 1.23 p.p. in general elections. In Georgia, a one mile increase in distance

to polling place is associated with a decrease in at poll voting of 0.46 p.p. in the

88



Table 3.1: The effect of distance to polling place on likelihood of voting:
Pennsylvania

Panel A: OLS with Precinct FE and Controls
Primary Election General Election

At Poll Absentee Total At Poll Absentee Total

Distance (miles) -0.9691*** -0.0051 -0.9742*** -0.4393*** 0.0986*** -0.3407***
(0.0536) (0.0082) (0.0548) (0.0648) (0.0168) (0.0666)

N 6922990 6922990 6922990 6949983 6949983 6949983
y variable mean 18.31 0.38 18.69 56.43 2.15 58.58
R2 0.059 0.007 0.061 0.057 0.011 0.065

Panel B: Border FE with Controls
Primary Election General Election

At Poll Absentee Total At Poll Absentee Total

Distance (miles) -1.3523*** 0.1177* -1.2346*** -1.2255*** 0.2326*** -0.9929***
(0.2261) (0.0611) (0.2190) (0.2786) (0.0808) (0.2669)

N 1529592 1529592 1529592 1534873 1534873 1534873
y variable mean 16.15 0.33 16.48 51.57 1.60 53.17
R2 0.072 0.028 0.074 0.075 0.027 0.083

Panel C: Border FE with Controls and County-Lat./Lon.
Primary Election General Election

At Poll Absentee Total At Poll Absentee Total

Distance (miles) -1.3476*** 0.1201* -1.2274*** -1.1533*** 0.2322*** -0.9211***
(0.2325) (0.0623) (0.2247) (0.2766) (0.0816) (0.2640)

N 1529592 1529592 1529592 1534873 1534873 1534873
y variable mean 16.15 0.33 16.48 51.57 1.60 53.17
R2 0.072 0.029 0.074 0.075 0.028 0.083

Note: Distance to polling place is measured in miles. The dependent variables are indicators for whether or not a
registered voter has voted at the polling place, by absentee ballot, or by either voting method. All regressions
include Border Fixed Effects (Border FE). County-Lat./Lon. refers to latitude and longitude controls, interacted
with county fixed effects. The additional controls are: Democrat indicator, Republican indicator, age 30-49 indicator,
age 50-64 indicator, age 65 and up indicator, female indicator, population, voting age population, percent Black,
percent Hispanic, median household income, percent without a high school diploma, percent that walk to work, and
indicators for whether travel time to work is less than 5 minutes or greater than 60 minutes. Standard errors are
clustered at the border level and are reported in parentheses.
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Table 3.2: The effect of distance to polling place on likelihood of voting:
Georgia

Panel A: OLS with Precinct FE and Controls
Primary Election General Election

At Poll Absentee Total At Poll Absentee Total

Distance (miles) -0.2614*** 0.2403*** -0.0211*** -1.1373*** 1.4199*** 0.2826***
(0.0229) (0.0227) (0.0030) (0.0572) (0.0665) (0.0556)

N 5999708 5999708 5999708 5999708 5999708 5999708
y variable mean 12.14 4.55 16.70 25.52 29.52 55.05
R2 0.677 0.243 0.980 0.033 0.135 0.161

Panel B: Border FE with Controls
Primary Election General Election

At Poll Absentee Total At Poll Absentee Total

Distance (miles) -0.4572*** 0.4379*** -0.0193 -1.7106*** 1.8681*** 0.1575
(0.0753) (0.0755) (0.0156) (0.1794) (0.1935) (0.1939)

N 445881 445881 445881 445881 445881 445881
y variable mean 11.45 4.12 15.57 24.61 27.36 51.97
R2 0.694 0.249 0.979 0.049 0.156 0.188

Panel C: Border FE with Controls and County-Lat./Lon.
Primary Election General Election

At Poll Absentee Total At Poll Absentee Total

Distance (miles) -0.4677*** 0.4458*** -0.0219 -1.7159*** 1.9143*** 0.1984
(0.0773) (0.0770) (0.0155) (0.1836) (0.2018) (0.2020)

N 445881 445881 445881 445881 445881 445881
y variable mean 11.45 4.12 15.57 24.61 27.36 51.97
R2 0.694 0.250 0.979 0.050 0.158 0.189

Note: Distance to polling place measured in miles. Turnout is measured as the number of votes per voting-age
population (separately for votes cast at polling places, by absentee ballots, and total). All regressions include Border
Fixed Effects (Border FE). County-Lat./Lon. refers to latitude and longitude controls, interacted with county fixed
effects. The additional controls are: Democrat indicator, Republican indicator, population, voting age population,
percent Black, percent Hispanic, median household income, percent without a high school diploma, percent that
walk to work, and indicators for whether travel time to work is less than 5 minutes or greater than 60 minutes.
Standard errors are clustered at the border level and are reported in parentheses.
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primary election and 1.71 p.p. in the general election. Compared to Panel A, these

estimates have increased in magnitude from 50% to 75%.

In Georgia, the negative effect of distance to polling place on voting at polls is

largely compensated for by a positive effect on the likelihood of absentee voting. A

one mile increase in distance to polling place is associated with a 0.44 p.p. increase

in absentee voting in primary elections and a 1.87 p.p. increase in absentee voting in

general elections (Table 3.2, Panel B). The effect of distance to polling place on the

likelihood of voting ranges from -0.97 to -0.34 p.p. for primary and general elections in

Pennsylvania and from -0.02 to 0.28 p.p. for primary and general elections in Georgia.

These effects are 3.7 to 8 times larger in magnitude than the effect of distance on

absentee voting in Pennsylvania (for the primary and general election, respectively,

Table 3.1, Panel B). It is important to remember that Pennsylvania and Georgia

differed in their requirements for voting by mail in the 2018 election. Pennsylvania

required voters who request absentee ballots to provide an excuse while Georgia does

not. In Georgia, the estimates are consistent with a larger share of voters substi-

tuting to mail-in voting when at poll voting becomes too inconvenient, compared to

Pennsylvania.

Overall, there is a negative effect of distance to polling place on the likelihood

of voting (either at polls or by mail) in Pennsylvania, whereas the combined effect

is small and statistically insignificant in Georgia. The effect of distance to polling

place on the total likelihood of voting in Pennsylvania ranges from negative 1.23 p.p.

in the primary election to negative 0.99 p.p. in the general election. In Georgia,the

same point estimates range from 0.02 for the primary election and 0.16 for the general

election; neither is statistically significant.

The addition of individual’s latitude and longitude interacted with county-fixed

effects in Panel C does little to change point estimates compared to those in Panel
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B. The estimates in Panel C suggest that the effect of a mile increase in distance

to polling place on the likelihood of voting in a general election is negative 0.92

p.p. in Pennsylvania with no statistically significant effect in Georgia. For remaining

analyses, we will largely focus on the more parsimonious estimating equation without

county-specific latitude and longitude controls, as in Panel B.

Next, we estimate the effect of distance to polling place on turnout, unconditional

on voter registration, using the block-level analyses. We follow the same structure as

for Tables 3.1 and 3.2 in Tables A.3.1 and A.3.2. We find similar patterns to those

found in the individual level regressions, with one meaningful difference. At the block-

level, the estimated effect of distance to polling place on overall turnout in general

elections in Georgia is negative and statistically significant (-0.86 p.p.). This suggests

that while registered voters in Georgia are able to effectively substitute toward mail-in

voting, the inconvenience of reaching a polling place may deter some eligible voters

from registering in the first place. However, there is no strong evidence that this is the

case for primary elections. Overall, the similarity in results from individual-level and

block-level analyses in Pennsylvania suggests that the selection of registered voters

in the individual-level analysis does not affect estimates. Put differently, it is unlikely

that distance to polling place has a large effect on a voter’s decision of whether or

not to register to vote. This may be because registering to vote is an infrequent and

relatively low-cost action that largely takes place before polling places are known.

Across all specifications, the estimates of the average effect of distance to polling

place on overall turnout in Georgia and Pennsylvania are an order of magnitude

smaller than those estimated in Cantoni (2020). The estimates from Pennsylvania are

closer to those in Brady and McNulty (2011), whereas the null estimates in Georgia

coincide with findings in Clinton et al. (2020). In order to reconcile these differences,

we check to see if estimates vary within Pennsylvania and Georgia, depending on the
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context. We first estimate effects in cities and counties separately, and then explore

heterogeneous effects.

First, we construct a sample of blocks in Georgia and Pennsylvania that are more

similar to the urban census blocks studied in Cantoni. Cantoni analyzes the Boston,

Massachusetts area and Minneapolis, Minnesota. Compared to the statewide Pennsyl-

vania and Georgia samples, the census blocks in these areas are higher in population,

income, and education. We pool all census-block level data and estimate a propensity

score for the likelihood of being in Massachusetts or Minnesota. We use a logit speci-

fication and the covariates used in Cantoni (population, income, race, car ownership,

and education). Then, we construct a matched sample by selecting the blocks with

the highest propensity score so that we have a sample size roughly equivalent to that

of Cantoni. For comparability, we consider voting for general elections in midterm

years (2018 in Georgia and Pennsylvania, 2014 in Massachusetts and Minneapolis).

Table 3.3 reports the border fixed effects estimates for full state samples (columns

1 and 2), for the matched samples (column 3) and for the urban areas in Massachusetts

and Minnesota (column 4). Point estimates in the matched sample in the full samples.

Although the point estimates in the matched sample are still smaller than those

estimated in the Boston area and in Minneapolis, the standard errors are larger such

that we can not reject the point estimate from the MA sample based in estimates

in either matched sample. Overall, this analysis suggests that the effects of distance

on turnout are specific to both the setting and electoral design, such that estimates

based on small areas are unlikely to generalize to larger areas or to other states.

Next, in Table 3.4, we estimate equation 1.A separately for the three largest cities

in our data: Philadelphia, Pittsburgh, and Atlanta. Voters in these urban areas are

significantly more sensitive than the statewide average estimates would indicate. A

mile increase in distance to polling place is associated with a decrease in the likeli-

93



Table 3.3: Comparing state samples to urban areas: Border fixed effects
regressions

State Samples Matched
Sample

Urban
Areas

(1) (2) (3) (4)
GA PA GA and PA MA and MN

Distance to polling place (mi) -0.733*** -0.562*** -4.494 -5.435**
(0.135) (0.122) (3.504) (2.484)

N 84171 165082 1538 1694
y variable mean 54.002 47.584 60.253 38.229
R2 0.250 0.294 0.478 0.595

Note: The Urban Areas sample is provided by Cantoni (2020) and include data from the Boston, Massachusetts
area (MA) and Minneapolis, Minnesota area (MN). The dependent variable is turnout in the 2018 midterm election
for Georgia (GA) and Pennsylvania (PA), and the dependent variable is turnout in the 2014 midterm election for
MA and MN. All regressions include border fixed effects and covariates. Standard errors clustered at the segment
level are reported in parentheses.

hood of voting in the general election of 2.62 p.p. in Philadelphia and 0.614 p.p. in

Pittsburgh. As in the rest of Pennsylvania, there is no evidence of substitution into

absentee voting to moderate these negative effects on turnout. In Atlanta, Georgia,

the effects of distance to polling place are similarly amplified compared to the rest

of the state. A mile increase in distance leads to a decrease in turnout of 3.16 p.p.

and an increase in absentee voting of 3.28 p.p., such that the overall effect on turnout

is null. These findings underscore the fact that sensitivity to distance to the polling

place and the effect on overall turnout depend greatly on contextual factors, likely

including aspects of electoral design (i.e., access to mail-in ballots).

To explore the role of location further, we estimate the effect of distance to polling

place separately for each county. We regress whether or not a registered voter voted

(either at polls or absentee) on distance to polling place and border fixed effects. Due
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Table 3.4: Comparing city samples: Philadelphia, Pittsburgh, and Atlanta

Panel A: Philadelphia
Primary Election General Election

(1) (2) (3) (4) (5) (6)
At Poll Absentee Total At Poll Absentee Total

Distance (miles) -2.163*** -0.014 -2.177*** -2.728*** 0.113 -2.615***
(0.520) (0.026) (0.521) (0.645) (0.070) (0.638)

N 658435 658435 658435 661231 661231 661231
y variable mean 16.26 0.19 16.45 52.61 1.13 53.74
R2 0.119 0.016 0.122 0.090 0.021 0.098

Panel B: Pittsburgh
Primary Election General Election

(1) (2) (3) (4) (5) (6)
At Poll Absentee Total At Poll Absentee Total

Distance (miles) -0.780*** 0.035 -0.745*** -0.736*** 0.122* -0.614**
(0.203) (0.029) (0.196) (0.269) (0.068) (0.277)

N 587367 587367 587367 588804 588804 588804
y variable mean 20.22 0.58 20.79 58.38 2.52 60.90
R2 0.100 0.019 0.105 0.074 0.022 0.086

Panel C: Atlanta
Primary Election General Election

(1) (2) (3) (4) (5) (6)
At Poll Absentee Total At Poll Absentee Total

Distance (miles) -0.894*** 0.876*** -0.017 -3.163*** 3.284*** 0.121
(0.142) (0.141) (0.023) (0.361) (0.392) (0.375)

N 587402 587402 587402 587402 587402 587402
y variable mean 11.55 4.58 16.13 23.30 29.83 53.12
R2 0.676 0.251 0.975 0.023 0.181 0.188

Note: The Philadelphia sample includes all of Philadelphia county. The Pittsburgh sample includes all of
Allegheny county. The Atlanta sample includes all of Fulton county. Distance to polling place measured in miles.
Turnout is measured as the number of votes per voting-age population (separately for votes cast at polling places,
through absentee ballots, and total). All regressions include Border Fixed Effects (Border FE). County-Lat./Lon.
refers to latitude and longitude controls, interacted with county fixed effects. The additional controls are: Democrat
indicator, Republican indicator, population, voting age population, percent Black, percent Hispanic, median
household income, percent without a high school diploma, percent that walk to work, and indicators for whether
travel time to work is less than 5 minutes or greater than 60 minutes. Standard errors clustered at the border level
are reported in parentheses.
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to limited power within some counties, we do not include additional covariates in each

regression. Figure 3.4 shows maps of Pennsylvania and Georgia, indicating the point

estimate for each county and whether or not the coefficient is precisely estimated.

Cities with over 100,000 population are also indicated. A first observation from these

maps is that urban areas and surrounding suburbs do tend to generate larger point

estimates than the statewide averages, consistent with the more detailed results for

the three largest cities in Table 3.4. However, there is also large variance in point

estimates within rural areas of each state, suggesting that there is no straightforward

urban-rural divide in terms of how voters respond to polling place locations. Next,

we turn to understand which factors contribute to the variation in estimated effects

across geographic areas with heterogeneous effects analyses.

3.6 Heterogeneous Effects

In this section we investigate differences in the responses to distance to polling place

by demographic, economic, and political factors. When available, we use individual-

level variables from voter registration files to estimate heterogeneous effects. We study

differences by age, gender, race and ethnicity (available for Georgia only), and party

affiliation using this approach. For each of these covariates of interest, we estimate

equation 1.A using sub-samples defined by a set of mutually exclusive categories. Some

other variables are likely to affect the relationship between polling place location and

voting behavior, but are only available at the block, block-group, or tract level. This

is true for education, income, and mode of transportation. For these variables, we use

block-level data to estimate equation 1.B, with distance to polling place interacted

with the categorical variable of interest.
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Figure 3.4: County-level estimates of the effect of distance to polling place
on the likelihood of voting in Pennsylvania and Georgia
Note: The shaded areas indicate the estimated coefficient for distance to polling place. These coefficients are
estimated using individual-level data within each county. The dependent variable is an indicator for whether or not
a registered voter voted (either at polls or by absentee ballot). Regressions include border fixed effects. Standard
errors are clustered at the border level, and counties with coefficients that are statistically significant at at the 10%
level are indicated with red lines. The maps are shaded by quantiles of point estimates within each state. All cities
with population greater than 100,000 are indicated with red circles.
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3.6.1 Individual Level Heterogeneous Effects

Age.One might expect that individuals in the 18 to 29 age category are more sensitive

to costs of voting, like distance to polling place, due to habit formation (Fujiwara

et al. 2016; Plutzer 2002). Newly eligible voters may carefully evaluate the costs of

traveling to a polling place or voting by mail, whereas older voters are more likely

to continue voting or not voting using the same method as in the past. On the other

hand, voters ages sixty five and above may be more likely to have difficulty traveling

to a polling place on their own. Moreover, the oldest voters may be more likely to

have to vote by mail due to health limitations. In Figure 3.5, we see that older

voters are indeed more sensitive to distance to polling place than younger voters. In

both Pennsylvania and Georgia, there is a pattern of increasing magnitude of point

estimates from younger age groups to older age groups. Although estimates for each

age group are not statistically different from each other in Pennsylvania, in Georgia,

voters ages 65 and up are significantly more sensitive to distance to polling place than

the youngest voters, ages 18 to 29. Among voters ages 65 and up, a one mile increase

in distance to polling place is associated with a 2.2 p.p. decrease in voting at polls

and a 2.6 p.p. increase in voting by mail. In Pennsylvania, voters ages 65 and up are

the only age group in which there is a statistically significant increase in absentee

voting, consistent with the idea that voters are more likely to be eligible for absentee

voting in Pennsylvania in this age group.

Gender. Women have turned out to vote at a higher rate than men since 198015.

However, we find neither large differences in distance to polling place between male

and female registered voters (A.2.2) nor differences in sensitivity to an increase in

15Center for American Women and Politics (CAWP), “Gender Differ-
ences in Voter Turnout.” Eagleton Institute of Politics, Rutgers University
https://cawp.rutgers.edu/sites/default/files/resources/genderdiff.pdf. 2017. Retrieved
September 5, 2020.
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Figure 3.5: The effect of distance to polling place on likelihood of voting:
by Age
Note: The y-axis measures the coefficient on distance to polling place (measured in miles) interacted with the
variable on the x-axis. The dependent variables are indicators for whether or not a registered voter has voted at the
polling place, through absentee ballot, or through either voting method. Each symbol represents a point estimate in
a separate regression, and the lines indicate 95% confidence intervals. All regressions include border fixed effects and
additional individual-level and block-level covariates: registered Democrat indicator, registered Republican indicator,
population, voting age population, percent Black, percent Hispanic, median household income, percent without a
high school diploma, percent that walk to work, and indicators for whether travel time to work is less than 5
minutes or greater than 60 minutes. Standard errors allow for clustering at the border level.
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distance to polling place (Figure 3.6). This suggests that differential responses to

the costs of getting to the polling place do not help to explain differences in voting

behavior by gender.

Figure 3.6: The effect of distance to polling place on likelihood of voting:
by Gender
Note: The y-axis measures the coefficient on distance to polling place (measured in miles) interacted with the
variable on the x-axis. The dependent variables are indicators for whether or not a registered voter has voted at the
polling place, through absentee ballot, or through either voting method. Each symbol represents a point estimate in
a separate regression, and the lines indicate 95% confidence intervals. All regressions include border fixed effects and
additional individual-level and block-level covariates: registered Democrat indicator, registered Republican indicator,
population, voting age population, percent Black, percent Hispanic, median household income, percent without a
high school diploma, percent that walk to work, and indicators for whether travel time to work is less than 5
minutes or greater than 60 minutes. Standard errors allow for clustering at the border level.

Race and Ethnicity. Race and ethnicity are important to consider in the context

of the cost of voting due to both a persistent turnout gap between white and non-
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Figure 3.7: The effect of distance to polling place on likelihood of voting:
by Race
Note: Voter-level race and ethnicity data is available in Georgia but not in Pennsylvania. The y-axis measures
the coefficient on distance to polling place (measured in miles) interacted with the variable on the x-axis. The
dependent variables are indicators for whether or not a registered voter has voted at the polling place, through
absentee ballot, or through either voting method. Each symbol represents a point estimate in a separate regression,
and the lines indicate 95% confidence intervals. All regressions include border fixed effects and additional
individual-level and block-level covariates: registered Democrat indicator, registered Republican indicator,
population, voting age population, percent Black, percent Hispanic, median household income, percent without a
high school diploma, percent that walk to work, and indicators for whether travel time to work is less than 5
minutes or greater than 60 minutes. Standard errors allow for clustering at the border level.
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white voters (Fraga 2018; Ansolabehere et al. 2020) and long-standing concerns of

voter disenfranchisement. Fraga (2018) finds that the differential turnout rates by

race and ethnicity can not be explained well by economic or demographic factors

like income and education. Thus, it is important to see whether the costs associated

with distance to polling place affect voters differently depending on racial and ethnic

identity.

We use the information about race and ethnicity provided in the voter registration

data from Georgia. Pennsylvania does not report race or ethnicity in their voter data.

In Figure 3.7, we find no significant differences in how Black non-Hispanic, White

non-Hispanic, and Hispanic voters react to distance to polling place. However, it is

important to note that the absence of heterogeneous effects by race does not mean that

changes to polling places would be race-neutral, in theory. Correlations between race

and ethnicity and other important factors, like availability of public transportation

in a residential area, could lead to disparate affects of polling place location decisions

among historically disenfranchised populations.

The existing evidence of differential effects of distance to polling place by race

is mixed. Cantoni (2020) finds that areas with a larger non-white population are

more sensitive to distance to polling place, while Clinton et al. (2020) find that non-

white voters are less likely to substitute to early voting in response to polling place

changes than white voters. In studying recent polling place and precincting decisions

in North Carolina, Shepherd et al. (2020) find no evidence of manipulation of polling

place choices that would systematically affect voters differently by race. The mixed

findings and subtle average differences across racial and ethnic groups in our data

suggest that context-specific factors and electoral design are important to take into

account when considering whether or not polling place locations and changes will

have disparate racial impacts.

102



Political Party. Differences in the effects of an increase in the cost of voting

by political affiliation could create incentives for officials to modify polling locations

in order to manipulate vote shares in elections. In particular, a disproportionately

negative effect to an increase of a mile in distance on turnout among voters registered

for one party could motivate the opposition to reallocate polling places if the effects

on their own voters were small to null effects.

Figure 3.8: The effect of distance to polling place on likelihood of voting:
by Party Affiliation
Note: The y-axis measures the coefficient on distance to polling place (measured in miles) interacted with the
variable on the x-axis. The dependent variables are indicators for whether or not a registered voter has voted at the
polling place, through absentee ballot, or through either voting method. Each symbol represents a point estimate in
a separate regression, and the lines indicate 95% confidence intervals. All regressions include border fixed effects and
additional individual-level and block-level covariates: registered Democrat indicator, registered Republican indicator,
population, voting age population, percent Black, percent Hispanic, median household income, percent without a
high school diploma, percent that walk to work, and indicators for whether travel time to work is less than 5
minutes or greater than 60 minutes. Standard errors allow for clustering at the border level.
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Making use of the party registration information we explore the effects of an

increase of distance to the polls on the likelihood of voting. In both Pennsylvania and

Georgia we find the point estimates at polls to be for voters registered as democrats

(4.5 p.p.) while the smallest ones are for those registered as independents (1.2 p.p.).

Although we can’t reject the null that the effects in overall likelihood of voting are the

same for voters registered as republicans and democrats, we observe that in Pennsyl-

vania and Georgia the point estimate for democrats is roughly 50% larger than that

of republicans. In Georgia, we find that those registered as democrats or republicans

are more likely to respond to changes in distance at polls and in mail-in ballots take

up by more than 1.5 p.p. than those registered as independents.

3.6.2 Block Level Heterogeneous Effects

Using data from census block groups, we determine if other correlates of turnout,

namely education and income, affect sensitivity of turnout to distance to polling

place. We also use information about mode of transportation to work, since the cost

of travelling to a polling place depends on the mode of transportation available. Using

the block-level data, we first estimate a linear interaction model:

turnoutb = δs(b) + β0distanceb + β1distanceb × zb + β2zbX ′bι+ εb (3.A)

where zb refers to one of the following moderating variables: percent of adults with

a bachelor’s degree or higher, median household income, and percent of employed

population that uses a car for transportation to work.

In a second specification, we use the approach of Hainmueller et al. (2018) to

allow for the marginal effect of distance to polling place on turnout outcomes to

vary non-linearly with the moderating variables. We bin the moderating variable into
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quartiles and estimate the interaction of distance to polling place with indicators for

each quartile:

turnoutb = δs(b) + β0distanceb +
4∑
i=1

βqdistanceb × qibβ + X ′bι+ εb (3.B)

where qib is an indicator variable equal to one if block b is in the i-th quartile of the

moderating variable.

For both specifications, we report estimated coefficients separately for general

elections in Pennsylvania and Georgia.

Education. Participation in elections in the United States has historically been

greater among those with higher educational attainment (Milligan et al. 2004, Sond-

heimer and Green 2010). We report how educational attainment interacts with

changes in distance to the polling location in Figure 3.9. In this figure and in the

remaining heterogeneous effects analyses, we follow Hainmueller et al. (2018) by plot-

ting the marginal effect of distance to polling place on outcomes, at different levels of

the moderating variable. For the linear interaction effect specification, this amounts

to plotting the linear function implied by the interaction effect coefficient. For the

binning specification, we plot each coefficient for the interaction terms. Together with

these estimates, we plot a histogram of the moderating variable, to avoid misleading

extrapolation.

In both Pennsylvania and Georgia, voters in blocks with a higher percent of adults

who have earned a bachelor’s degree or higher are more likely to substitute away

from voting at polls and into voting by absentee ballot, relative to voters who live in

areas with a lower percent of adults with a bachelors degree’s or higher. There is no

statistically significant relationship between the marginal effect of distance to polling

place on total turnout in either state. Thus, education matters for how distance to

polling place influences the manner of voting, but not the likelihood of voting. The
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interaction effect between education and distance to polls suggests that there is a

higher burden of switching into voting by mail among those with a lower educational

attainment. This pattern is consistent with the finding that convenience voting can

widen turnout gaps by making it easier to vote for those who are already more likely

to vote (Leighley and Nagler 2014).

Income. The costs associated with traveling to the polling place could potentially

lead to unequal political representation by income. The direction of how income may

moderate the effect of distance to polling place on turnout is unclear. Low-income

voters may have less flexibility to travel long distances on election day. On the other

hand, high-income voters may face a higher opportunity cost taking time out from

work to vote.

Figure 3.10 shows that the effect of distance to polling place on voting method and

overall turnout varies with median household income. Voters in high income blocks are

less likely to vote in person than voters in low income blocks, given the same distance

to polling place. In Georgia, voters in high income blocks substitute to voting by

absentee ballot such that there is again no change in turnout with respect to distance

to polling place, at any income level. In Pennsylvania, voters in high income areas

who avoid the costs of voting in person do not fully substitute to voting by absentee

ballot so turnout does decline.

Focusing on median household income alone may obscure from differences in sen-

sitivity to distance to polling places among low income voters. This is of partic-

ular importance because low-income voters are underrepresented in U.S. elections

(Leighley and Nagler 2014) and elected politicians are less responsive to their pref-

erences (Gilens 2012). Without being able to voice their votes, low-income voters

could lose access to crucial government programs which offer relief and opportunities

(Jolliffe et al. 2019; Neumark and Wascher 2001).
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Figure 3.9: Heterogeneous effects – Education
Note: This figure shows the marginal effect of distance to polling place on turnout at polls, turnout by absentee
ballot, and total turnout at different levels of the moderating variable – percent of adults with a bachelor’s degree or
higher. The blue line plots the estimated marginal effect from the linear interaction model. The gray area shows the
95% confidence interval. The black circles and lines represent the binning estimates and 95% confidence intervals.
For the binning estimates, distance to polling place is interacted with indicators for the four quartiles of the
moderating variable. A histogram of the moderating variable is shown along the x-axis in gray. All regressions
include border fixed effects and additional covariates: percent registered Democrats, percent registered Republicans,
population, voting age population, percent Black, percent Hispanic, median household income, percent without a
high school diploma, percent that walk to work, and indicators for whether travel time to work is less than 5
minutes or greater than 60 minutes. Standard errors allow for clustering at the border level.
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Figure 3.10: Heterogeneous effects – Median Household Income
Note: This figure shows the marginal effect of distance to polling place on turnout at polls, turnout by absentee
ballot, and total turnout at different levels of the moderating variable – median household income (measured in 10k
USD). The blue line plots the estimated marginal effect from the linear interaction model. The gray area shows the
95% confidence interval. The black circles and lines represent the binning estimates and 95% confidence intervals.
For the binning estimates, distance to polling place is interacted with indicators for the four quartiles of the
moderating variable. A histogram of the moderating variable is shown along the x-axis in gray. All regressions
include border fixed effects and additional covariates: percent registered Democrats, percent registered Republicans,
population, voting age population, percent Black, percent Hispanic, median household income, percent without a
high school diploma, percent that walk to work, and indicators for whether travel time to work is less than 5
minutes or greater than 60 minutes. Standard errors allow for clustering at the border level.
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Figure 3.11 shows how the marginal effect of distance to polling place varies by

the poverty rate. Similar to results with median household income as the moderating

variable, there is a pattern of low poverty areas being more likely to switch to mail-in

voting for a given change in distance to polling place. By focusing on the left tail of

the income distribution, however, we find that in Georgia, there is a negative effect of

distance to polling place on overall turnout only in areas with relatively high poverty

rates. An additional mile to the polling place reduces turnout at polls by 1.97 p.p. in

areas with the lowest poverty rates and by 1.67 p.p. in areas with the highest poverty

rates. However, due to the lower take-up of absentee voting in high poverty areas, an

additional mile to the polling place reduces overall turnout by 1.17 percentage points

in areas with the highest poverty rates, compared to a statistically insignificant and

small effect of 0.02 p.p. in areas with the lowest poverty rate.

Due to the lower rates of take-up of mail-in voting in Pennsylvania, the interaction

between distance to polling place and poverty rate goes in the opposite direction. That

is, areas with the lowest poverty rates are most sensitive to distance to polling place

when it comes to voting in person, and the increase in mail-in voting is dampened, such

that blocks with low poverty rates have a larger reduction in turnout than blocks with

high poverty rates, given the same change in distance to the polling place. Overall,

evidence suggests that distance to polling place can affect the income distribution

of those who turnout to vote, with the direction of the change likely depending on

contextual factors like access to convenience voting.

Transportation. Naturally, the cost of distance to the polling place will vary

by mode of transportation. We use information about the ways adults commute to

work from the American Community Survey. In both Pennsylvania and Georgia, we

find that the effect of distance to polling place on turnout at polls is larger in areas

where relatively few commuters use cars (Figure 3.12) and is especially large in areas
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Figure 3.11: Heterogeneous effects – Poverty Rate
Note: This figure shows the marginal effect of distance to polling place on turnout at polls, turnout by absentee
ballot, and total turnout at different levels of the moderating variable – percent of population below the federal
poverty level. The blue line plots the estimated marginal effect from the linear interaction model. The gray area
shows the 95% confidence interval. The black circles and lines represent the binning estimates and 95% confidence
intervals. For the binning estimates, distance to polling place is interacted with indicators for the four quartiles of
the moderating variable. A histogram of the moderating variable is shown along the x-axis in gray. All regressions
include border fixed effects and additional covariates: percent registered Democrats, percent registered Republicans,
population, voting age population, percent Black, percent Hispanic, median household income, percent without a
high school diploma, percent that walk to work, and indicators for whether travel time to work is less than 5
minutes or greater than 60 minutes. Standard errors allow for clustering at the border level.
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where commuters rely on public transportation (Figure 3.13). For blocks in the top

quartile of commuting by public transportation, an additional mile of distance to

polling place causes a 3.18 p.p. decline in turnout in Georgia and a 1.68 p.p. decline

in turnout in Pennsylvania. Unlike education and income, mode of transportation

does not moderate the effect of distance to polling place on absentee voting. This

is consistent with the idea that transportation affects how distance to polling place

affects the cost of voting in person, but not by mail. In contrast, education and income

appear to affect the cost of taking up mail-in voting, thus affecting the net effect of

distance to polling place on turnout through a different mechanism.

3.7 Robustness Checks

In this section we consider alternative restrictions to the construction of our samples

as well as the role of non-linear effects. The sample used to estimate the main results

is constructed conservatively to increase the likelihood that identifying assumptions

hold. We find balance across observable characteristics in our fixed effects specifica-

tions, but do sacrifice in terms of power and representativeness of the overall sample.

With this in mind, we loosen some sample restrictions and re-estimate average effects

at the individual-level in Appendix A.6. First, we incrementally include voters that

live further away from the precinct border (up to 0.5 miles). Changing the distance

from the border does not meaningfully change the results reported in Tables 3.1 and

3.2. In the main sample, we exclude individuals who live further than ten miles away

from the polling place, to avoid geocoding errors. However, this may unintentionally

remove some voters who live unusually far from their polling place, which could bias

estimates in rural areas. We show that the inclusion of voters who live more than ten

miles away from the polling place also does not substantially change estimates.
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Figure 3.12: Heterogeneous effects – Transportation by Car
Note: This figure shows the marginal effect of distance to polling place on turnout at polls, turnout by absentee
ballot, and total turnout at different levels of the moderating variable – percent of workers who travel to work with a
car. The blue line plots the estimated marginal effect from the linear interaction model. The gray area shows the
95% confidence interval. The black circles and lines represent the binning estimates and 95% confidence intervals.
For the binning estimates, distance to polling place is interacted with indicators for the four quartiles of the
moderating variable. A histogram of the moderating variable is shown along the x-axis in gray. All regressions
include border fixed effects and additional covariates: percent registered Democrats, percent registered Republicans,
population, voting age population, percent Black, percent Hispanic, median household income, percent without a
high school diploma, percent that walk to work, and indicators for whether travel time to work is less than 5
minutes or greater than 60 minutes. Standard errors allow for clustering at the border level.
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Figure 3.13: Heterogeneous effects – Transportation by Public Transit
Note: This figure shows the marginal effect of distance to polling place on turnout at polls, turnout by absentee
ballot, and total turnout at different levels of the moderating variable – percent of workers who travel to work with a
car. The blue line plots the estimated marginal effect from the linear interaction model. The gray area shows the
95% confidence interval. The black circles and lines represent the binning estimates and 95% confidence intervals.
For the binning estimates, distance to polling place is interacted with indicators for the four quartiles of the
moderating variable. A histogram of the moderating variable is shown along the x-axis in gray. All regressions
include border fixed effects and additional covariates: percent registered Democrats, percent registered Republicans,
population, voting age population, percent Black, percent Hispanic, median household income, percent without a
high school diploma, percent that walk to work, and indicators for whether travel time to work is less than 5
minutes or greater than 60 minutes. Standard errors allow for clustering at the border level.
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3.7.1 Non-linear Effects

Last, we consider the potential non-linearity of the effect of distance to polling place

on voting. We estimate the following specification to isolate the effect of distance to

polling place across different intervals:

votei = δs(i) + γ Di + β Di · disti + ρPi + ι Xb(i) + εi (3.1)

The variable Di refers to a vector of indicator variables that take value 1 when

the average distance to polling place in block i is within a particular range of miles

and 0 otherwise. The distance ranges are: [0,0.25), [0.25,0.5), [0.5,1), [1,2), [2,3), and

[3,10]. We report in Figure 3.14 the vector of coefficients, β for general elections.

These coefficients can be interpreted as the effect of distance to polling place on the

likelihood of voting within each distance category.

In both Pennsylvania and Georgia, the average effects are driven by voters that

are a short distance away from polling places. We find that voters who face distances

up to half a mile are most sensitive to distance to polling place, with decreases in

turnout at polls of 14 p.p. in both Pennsylvania and Georgia. Although the average

effects we find in our main results are small, they mask non-linearity in the responses

to changes in distance to the polling place.

3.7.2 Difference-in-Differences

One of the other estimation strategies investigated in the literature exploits the

individual-level variation in polling place distance across time as seen in Clinton

et al. (2020) and Yoder (2018). We are able to replicate this strategy by creating a

panel using voting data from the 2016 and 2018 elections in Pennsylvania. We will

explore two specifications . The first specification (3.2) estimates the overall effect of

114



Figure 3.14: The effect of distance to polling place on likelihood of voting
in General elections: Non-linear effects
Note: Distance to polling place is measured in miles. The dependent variables are indicators for whether or not a
registered voter has voted at the polling place, through absentee ballot, or through either voting method. All
regressions include border fixed effects and additional individual-level and block-level covariates: registered
Democrat indicator, registered Republican indicator, population, voting age population, percent Black, percent
Hispanic, median household income, percent without a high school diploma, percent that walk to work, and
indicators for whether travel time to work is less than 5 minutes or greater than 60 minutes. Standard errors
clustered at the border level are reported in parentheses.

115



a change in distance to the polling place resulting from voters moving their residence,

or a change in their polling place, or both. Then, we turn to disentangle these sources

of changes in distance in (3.3) by isolating the direct effect of an change in polling

place location as well as a change in location due to a voter’s move.

voteit = βDist PLit + δi + γct + εit (3.2)

voteit = β4PLit + µV oter Movedit + ζ4PLit ×Dist PLit+

η V oter Movedit ×Dist PLit + ι4PLit × V oter Movedit +

ψDist PLit × 4PLit × V oter Movedit + δi + γct + εit (3.3)

In both (3.2) and (3.3), the variable voteit is an indicator for whether or not a

registered voter i has voted at the polling place, through absentee ballot, or through

either voting method in election t. The variable DistPLit denotes distance to the

polling location for voter i at election t, δi denotes the individual fixed effect, and

γct refers to county by election year fixed effects. In (3.3), 4PLit is an indicator and

takes the value 1 when voter i in election t is assigned to a polling location different

from the one assigned in election t − 1. Finally, V oter Movedit is also an indicator

variable that takes the value 1 if voter i in election t has a different home address

than during election t− 1.

We report the results from the above specifications in Table A.6.3. The average

effect of a change in distance to the polling place in turnout, turnout at polls, absentee

turnout are indistinguishable from 0 in both primary and general elections. These

results seem to be in line with other findings in the literature that use a similar

methodology. In contrast to the results from our main specification, we note that
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the variation used to identify the effect of distance to the polling place on turnout

in specification (3.2) and (1.A) are very different. As mentioned, in (3.2), we exploit

variation over time in changes in distance to the polling place that emerge from

either changes in the polling place as a voter has remained put or via movement by

the voters. By contrast, in (1.A) we exploit variation in distance to the polling place

coming from all voters near selected precinct borders at a point in time.

We proceed to investigate the role of changes in distance to the polling place iso-

lating the effect on “movers" as those who remain in their location in Table A.6.4.

We find that there is an small negative effect of a change in distance for those who

experience a change in their polling place but remain in their location and no consis-

tent effect for those who moved. The effect of changes in the polling place has been

the focus in other papers in the literature such as Clinton et al. (2020) and Yoder

(2018). While the size of our difference-in-differences estimates is smaller than those

reported in these papers, they are similar in their order of magnitude.

3.7.3 Matching

As a final check for our main block-level specification, we use matching methods

following Keele and Titiunik (2015) and Cantoni (2020). Specifically, we match blocks

that have their centroids within a 0.2-mile buffer (1056 feet or 322 meters) of either

side of a precinct border by minimizing the Euclidean distance between the two

blocks with replacement. This procedure produces matched block pairs that should

be similar, on average, in terms of observed and unobserved characteristics relevant for

turnout. However, since each block in a matched pair lies on either side of a precinct

border, the distance to the polling place should arguably be exogenous after following

the strategy outlined in 3.4.1 to remove other overlapping borders. After following
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this proximity-based matching procedure, we have a sample of 85,873 matched block

pairs in Pennsylvania and 25,512 matched block pairs in Georgia.

We estimate the following equations using the matched sample:

turnoutbp = δp + βdistanceb + X ′bι+ εb (3.4)

where turnoutbp denotes the block-level turnout of block b in matched pair p and δp

denotes the matched pair fixed-effect. Since we match our blocks with replacement, a

single block b can be matched to more than one block and can consequently be part

of multiple matched pairs. However, as noted previously in the literature (Verbeke

2001 ; Dube et al. 2010 ; Cantoni 2020), the repetition of the same unit in multiple

pairs along a precinct border as well as across multiple borders (when blocks lie in

the overlapping buffer region of two or more borders) can induce a correlation in the

residuals across block pairs and borders. To address this concern, we cluster standard

errors two-ways by border and precinct.

Panels A and B of Appendix A.6.2 report the value of β for all elections in our

sample for Pennsylvania and Georgia respectively. When compared to the reported

estimates of β from our main block-level Border FE specification (Panel B of Appendix

A.3.1), the direction and the order of magnitude of the coefficients from Panel A for

Pennsylvania are strikingly similar. In particular, all of the coefficients lie within

the 95 percent confidence interval of the coefficients reported for the Border FE

specification. For Georgia, comparing the results from Appendix A.6.2 Panel B with

estimates from Appendix A.3.2 Panel B paints a similar picture. Here, all of the

coefficients for the general election lie within the 95 percent confidence interval of

the coefficients reported for the Border FE specification, while the coefficients for the

primary election are similar in their order of magnitude.
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3.8 Conclusion

Among the many costs of voting, some are easy to control or ban (polling taxes) and

others are impossible to control (bad weather). The distance to the polling place is

both inherent to the voting process and is subject to regulation. However, we know

relatively little about how distance to polling place affects voter participation. This

paper is another step toward informing the policy debate on the distributional effects

of changes to polling places.

We study the causal effect of distance to polling place on voter participation

and voting method (at polls or by mail) in two large swing states, Georgia and

Pennsylvania. On average, there is a small negative effect of distance to polling place

on the likelihood that a registered voter goes to the poll to vote (0.45 p.p. to 1.72

p.p. per mile). In Georgia, voters substitute to voting by mail by the same order of

magnitude, such that there is no net effect on turnout. In Pennsylvania, substitution

to mail-in voting is limited and there is a negative net effect of distance to polling

place on the likelihood of voting. Although we use the same geographical border

discontinuity approach as in Cantoni (2020), we find substantially smaller average

effects. We reconcile these differences through extensive analysis of heterogeneous

effects and by considering variations in electoral policies across states.

The results highlight some important lessons for studies of polling places in the

future. First, it is important to use large datasets to study costs of voting in large

elections, where power is needed to detect very small effects. Although we estimate

small effects of distance to polling place, change to polling places could still lead

to meaningful changes in aggregate. In the 2020 presidential election, the margin

of victory for Joe Biden was less than one percentage point in both Georgia and

Pennsylvania. A mile change (slightly less than one standard deviation in distance)
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for all voters would decrease turnout by up to 0.99 p.p. in Pennsylvania and would

shift voting from in-person to mail-in voting in Georgia. Having a statewide dataset

also allows for meaningful descriptive statistics of the distribution of polling places

and allows us to explore the effects by different characteristics of the population.

We find that the sensitivity to distance to polling palace varies across settings

and for different demographic groups. Distance to polling place affects the method

of voting differently depending on education and income. Areas with relatively high

income or educational attainment are more likely to switch to voting by mail for a

given increase in distance to polling places. When we look at poverty rates in Georgia,

take-up of mail-in voting in response to a change in distance to polling places is lower

in high-poverty areas such that overall turnout declines. The cost of an additional

mile to the polling place also depends on modes of transportation. In areas where

people rely on public transportation for commuting, a one mile increase in distance

to polling places is associated with an 1.7 to 3.2 p.p. decrease in total turnout.These

findings may point to the need of facilitating easier access to polling places for those

that rely on public transport.

The findings in this paper can help election commissions that face costly tradeoffs

in choosing how many polling places to open and where to place them. For instance,

closing or moving polling places in areas where voters have access to car transporta-

tion is less costly than closing or moving polling places in areas with heavy reliance on

public transportation. Every ten years, following the U.S. Census, state and local offi-

cials determine the boundaries of voting precincts, a process known as “reprecincting”.

This paper suggests that these decisions are not without consequences. Currently,

precincts are designed to have equal population size so that polling places each serve

a similarly sized constituency. With the more nuanced understanding of when voters

choose mail-in ballots over voting in person or choose to abstain from voting, elec-
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tion commissions may have an opportunity to reduce costs of voting or make costs of

voting more equal across the population.
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Appendix A

Appendix to Chapter 3

A.1 Data

Table A.1.1: Variable definitions, units of observation, and data sources

Variable Definition Unit of Observation Source

Turnout Votes per voting
age population Block Secretary of State

Pennsylvania

Distance to
Polling Place

Miles from block interior
centroid to polling place Block Computed value

Race, Ethnicity,
Gender, Age

Percent of population in
demographic group Block 2010 Census

Car Ownership Number of cars
per housing units Block-group 2006-2010 ACS

Way to Work
Percent of workers
16 and older using mode
of transportation to work

Block-group 2006-2010 ACS

Time to Work
Time to work among
workers 16 and older
who do not work from home

Block-group 2006-2010 ACS

Median Income Median household income
for the past 12 months Block-group 2006-2010 ACS

Home Ownership Percent of households
owning home Block-group 2006-2010 ACS

Education
Percent of population
older than 25 belonging
to education group

Block-group 2006-2010 ACS
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A.2 Summary Statistics

Table A.2.1: Summary statistics

Pennsylvania Georgia

All Regression sample All Regression sample
Mean St. Dev. Mean St. Dev. Mean St. Dev. Mean St. Dev.

Voting History

Primary, at polls 18.41 38.75 16.30 36.94 12.30 32.85 11.50 31.91

Primary, absentee 0.38 6.16 0.33 5.73 4.60 20.95 4.12 19.87

Primary, total 18.79 39.06 16.63 37.24 16.90 37.48 15.62 36.31

General, at polls 56.79 49.54 51.91 49.96 25.79 43.75 24.91 43.25

General, absentee 2.23 14.78 1.65 12.72 29.76 45.72 27.34 44.57

General, total 59.03 49.18 53.56 49.87 55.55 49.69 52.25 49.95

Distance to 0.93 3.72 0.38 0.50 1.66 2.70 1.32 1.28
polling place (mi)

Democrat 0.48 0.50 0.64 0.48 0.08 0.27 0.09 0.28

Republican 0.38 0.49 0.22 0.41 0.09 0.28 0.06 0.25

Independent 0.14 0.35 0.14 0.35 0.83 0.37 0.85 0.36

Demographics

Population 145.70 220.38 149.02 200.29 337.02 465.12 298.92 421.26

Voting Age 115.55 190.53 120.02 178.01 244.13 332.47 223.55 309.17
Population (VAP)

Percent urban 0.80 0.40 0.98 0.13 0.75 0.43 0.87 0.34

Percent Black 0.11 0.23 0.27 0.35 0.30 0.33 0.37 0.35

Percent Hispanic 0.05 0.11 0.08 0.16 0.07 0.11 0.07 0.11

Poverty Rate 0.12 0.13 0.19 0.18 0.14 0.13 0.17 0.16

Median hh Income 5.86 2.89 4.75 2.68 5.85 2.89 5.69 3.14
(10k USD)

Way to work

% Car 0.85 0.17 0.71 0.23 0.90 0.09 0.87 0.12

% Walk 0.04 0.09 0.07 0.12 0.01 0.04 0.02 0.06

% Pub. Transit 0.06 0.12 0.16 0.18 0.02 0.06 0.04 0.08

% Bike 0.00 0.02 0.01 0.03 0.00 0.01 0.00 0.02

Time to work

% 0-5min 0.04 0.05 0.03 0.05 0.03 0.04 0.02 0.04

% 5-60min 0.88 0.08 0.88 0.10 0.88 0.08 0.89 0.08

% 60min + 0.08 0.08 0.09 0.09 0.10 0.08 0.09 0.08

N 8,245,003 1,704,797 6,980,226 495,641

Note: For each voting history variable, we observe whether or not a registered voter votes, by method of voting.
Each indicator variable is multiplied by 100 to make coefficients easier to interpret. Demographic variables are
measured at the block, or block-group level and assigned to each individual voter that resides in the geographic area.
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Table A.2.2: Correlates of distance to polling place

Pennsylvania Georgia

(1) (2) (3) (4) (5) (6)

All
Individual

Blocks in
Border FE
Sample

Blocks in
Border FE
Sample

All
Individuals

Blocks in
Border FE
Sample

Blocks in
Border FE
Sample

Democrat -0.049*** 0.000 0.000 -0.089*** -0.015*** -0.017***
(0.008) (0.001) (0.001) (0.017) (0.004) (0.004)

Republican 0.047*** 0.001 0.002 -0.074** -0.011* -0.012*
(0.011) (0.001) (0.001) (0.034) (0.007) (0.006)

Population -0.001 -0.000 -0.000 0.000 0.000 0.000
(0.001) (0.000) (0.000) (0.000) (0.000) (0.000)

Age 18 to 29 -0.042*** 0.005** 0.005** 0.008 0.004 0.002
(0.010) (0.002) (0.002) (0.014) (0.008) (0.007)

Age 30 to 49 -0.039*** 0.005** 0.005** 0.024 -0.003 -0.003
(0.008) (0.002) (0.002) (0.017) (0.007) (0.007)

Age 50 to 64 0.002 0.003 0.003 0.040*** 0.001 0.000
(0.006) (0.002) (0.002) (0.012) (0.006) (0.006)

Female -0.015** 0.000 0.000 -0.016*** -0.002 -0.002
(0.006) (0.001) (0.001) (0.004) (0.001) (0.001)

Voting Age Population 0.001 0.000 0.000 -0.000 0.000 0.000
(0.001) (0.000) (0.000) (0.000) (0.000) (0.000)

Percent Black -0.091 -0.004 -0.004 -0.450*** -0.070 -0.081*
(0.065) (0.026) (0.026) (0.111) (0.045) (0.041)

Percent Hispanic 1.416 0.020 0.024 -0.594*** -0.183** -0.127**
(1.110) (0.026) (0.026) (0.144) (0.072) (0.063)

Median hh Income (10k USD) -0.006 0.003 0.001 -0.053*** 0.008 0.011
(0.013) (0.003) (0.003) (0.012) (0.010) (0.009)

Poverty Rate -0.098 -0.004 -0.008 -0.457** 0.073 0.076
(0.203) (0.037) (0.036) (0.214) (0.114) (0.103)

Cars per Household 0.804*** 0.005 0.017 0.880*** 0.124** 0.088*
(0.177) (0.021) (0.016) (0.183) (0.060) (0.047)

Percent without
high school diploma 0.365*** -0.016 -0.017 1.540* -0.106 -0.084

(0.096) (0.026) (0.026) (0.900) (0.122) (0.112)

% Walk to work -0.230* -0.027 -0.019 -0.729 -0.199 -0.363
(0.131) (0.036) (0.035) (0.724) (0.343) (0.296)

% time to work 0-5min -1.677*** -0.103 -0.096 -2.580*** -0.118 0.122
(0.401) (0.090) (0.085) (0.715) (0.293) (0.260)

Black nh -0.028* -0.004 -0.003
(0.016) (0.004) (0.004)

Hispanic -0.022*** -0.002 -0.002
(0.008) (0.006) (0.006)

White nh 0.028** -0.003 0.000
(0.013) (0.005) (0.004)

County FE X X

Border FE X X X X

County-Lat/Long X X

N 4924711 1101629 1101629 6015607 445077 445077
y variable mean 0.91 0.37 0.37 1.66 1.34 1.34
R2 0.019 0.748 0.758 0.099 0.830 0.847124



A.3 Block-level Estimates

Table A.3.1: The effect of distance to polling place on turnout: Pennsyl-
vania

Panel A: OLS with Precinct FE and Controls
Primary Election General Election

At Poll Absentee Total At Poll Absentee Total

Distance to polling place -0.6460*** -0.0043 -0.6505*** -0.5936*** 0.2250*** -0.4380**
(0.1389) (0.0209) (0.1424) (0.1977) (0.0549) (0.2052)

N 173573 174702 173567 165936 174604 165913
y variable mean 16.34 0.35 16.67 45.87 1.94 47.57
R2 0.177 0.053 0.179 0.255 0.112 0.270

Panel B: Border FE with Controls
Primary Election General Election

At Poll Absentee Total At Poll Absentee Total

Distance to polling place -0.4864*** 0.0350 -0.4731*** -0.6016** 0.2078*** -0.4731*
(0.1732) (0.0325) (0.1788) (0.2550) (0.0590) (0.2618)

N 108708 109338 108706 104530 109279 104518
y variable mean 15.72 0.34 16.04 44.55 1.73 46.08
R2 0.280 0.102 0.281 0.355 0.177 0.371

Panel C: Border FE with Controls and County-Lat./Lon.
Primary Election General Election

At Poll Absentee Total At Poll Absentee Total

Distance to polling place -0.4791*** 0.0477 -0.4524** -0.6058** 0.2323*** -0.4741*
(0.1747) (0.0294) (0.1779) (0.2584) (0.0582) (0.2653)

N 108708 109338 108706 104530 109279 104518
y variable mean 15.72 0.34 16.04 44.55 1.73 46.08
R2 0.283 0.103 0.283 0.357 0.179 0.373

Note: Distance to polling place measured in miles. Turnout is measured as the number of votes per voting-age
population (separately for votes cast at polling places, through absentee ballots, and total). All regressions include
Border Fixed Effects (Border FE). County-Lat./Lon. refers to latitude and longitude controls, interacted with county
fixed effects. The additional controls in Panels B and C are: population, voting age population, percent registered
Democrat, percent registered Republican, percent Black, percent Hispanic, median household income, percent
without a high school diploma, percent that walk to work, and indicators for whether travel time to work is less
than 5 minutes or greater than 60 minutes. Standard errors clustered at the border level are reported in parentheses.
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Table A.3.2: The effect of distance to polling place on turnout: Georgia

Panel A: OLS with Precinct FE and Controls
Primary Election General Election

At Poll Absentee Total At Poll Absentee Total

Distance to polling place -0.4316*** 0.1555*** -0.2701*** -0.8066*** 1.0935*** 0.2472
(0.0757) (0.0548) (0.0990) (0.0949) (0.1170) (0.1569)

N 87852 88332 87718 86499 85553 84538
y variable mean 13.60 5.66 19.09 25.36 29.11 54.00
R2 0.143 0.101 0.144 0.193 0.184 0.178

Panel B: Border FE with Controls
Primary Election General Election

At Poll Absentee Total At Poll Absentee Total

Distance to polling place -0.5935*** 0.4661*** -0.1389 -2.0821*** 1.2319*** -0.8558**
(0.1772) (0.1363) (0.1981) (0.2735) (0.3058) (0.4035)

N 32752 32933 32708 32269 32005 31655
y variable mean 13.51 5.23 18.55 25.52 27.45 52.56
R2 0.524 0.335 0.607 0.320 0.370 0.377

Panel C: Border FE with Controls and County-Lat./Lon.
Primary Election General Election

At Poll Absentee Total At Poll Absentee Total

Distance to polling place -0.5911*** 0.4878*** -0.1225 -2.2828*** 1.5376*** -0.8430**
(0.1869) (0.1382) (0.2084) (0.2799) (0.3100) (0.4215)

N 32752 32933 32708 32269 32005 31655
y variable mean 13.51 5.23 18.55 25.52 27.45 52.56
R2 0.533 0.349 0.614 0.331 0.384 0.386

Note: Distance to polling place measured in miles. Turnout is measured as the number of votes per voting-age
population (separately for votes cast at polling places, through absentee ballots, and total). All regressions include
Border Fixed Effects (Border FE). County-Lat./Lon. refers to latitude and longitude controls, interacted with county
fixed effects. The additional controls in Panels B and C are: population, voting age population, percent registered
Democrat, percent registered Republican, percent Black, percent Hispanic, median household income, percent
without a high school diploma, percent that walk to work, and indicators for whether travel time to work is less
than 5 minutes or greater than 60 minutes. Standard errors clustered at the border level are reported in parentheses.
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A.4 Heterogeneous Effects: Individual Level

Table A.4.1: The effect of distance to polling place on likelihood of voting:
by Age

Age 18-29
General Pennsylvania General Georgia

At Poll Absentee Total At Poll Absentee Total

Distance (miles) -0.5428 0.0309 -0.5120 -0.3240 0.8727*** 0.5487
(0.4629) (0.1155) (0.4673) (0.3094) (0.2758) (0.3747)

N 246636 246636 246636 114752 114752 114752
y variable mean 41.06 1.48 42.53 20.31 14.71 35.02
R2 0.105 0.077 0.116 0.061 0.124 0.139

Age 30-49
General Pennsylvania General Georgia

At Poll Absentee Total At Poll Absentee Total

Distance (miles) -0.4848 0.0862 -0.3986 -1.7721*** 1.7789*** 0.0068
(0.4242) (0.0535) (0.4210) (0.2663) (0.2762) (0.3129)

N 396102 396102 396102 156859 156859 156859
y variable mean 49.42 0.88 50.29 27.28 22.62 49.90
R2 0.102 0.032 0.107 0.071 0.140 0.178

Age 50-64
General Pennsylvania General Georgia

At Poll Absentee Total At Poll Absentee Total

Distance (miles) -1.4366*** 0.1636 -1.2730*** -2.3287*** 2.0268*** -0.3019
(0.3975) (0.1139) (0.3914) (0.2884) (0.3300) (0.3038)

N 256849 256849 256849 103039 103039 103039
y variable mean 62.43 1.36 63.80 27.03 36.01 63.04
R2 0.101 0.057 0.108 0.094 0.176 0.220

Age 65 up
General Pennsylvania General Georgia

At Poll Absentee Total At Poll Absentee Total

Distance (miles) -1.5232** 0.5613*** -0.9619* -2.1668*** 2.6221*** 0.4552
(0.6215) (0.2175) (0.5749) (0.3892) (0.4242) (0.3166)

N 200687 200687 200687 70427 70427 70427
y variable mean 64.42 3.68 68.10 22.18 45.94 68.12
R2 0.104 0.082 0.103 0.134 0.203 0.265

Note: Distance to polling place is measured in miles. The dependent variables are indicators for whether or not a
registered voter has voted at the polling place, through absentee ballot, or through either voting method. All
regressions include border fixed effects and additional individual-level and block-level covariates: registered
Democrat indicator, registered Republican indicator, population, voting age population, percent Black, percent
Hispanic, median household income, percent without a high school diploma, percent that walk to work, and
indicators for whether travel time to work is less than 5 minutes or greater than 60 minutes. Standard errors
clustered at the border level are reported in parentheses.
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Table A.4.2: The effect of distance to polling place on likelihood of voting:
by Gender

Female
General Pennsylvania General Georgia

At Poll Absentee Total At Poll Absentee Total

Distance (miles) -1.1381*** 0.2151** -0.9230***-1.7630*** 1.9728*** 0.2098
(0.3612) (0.0857) (0.3480) (0.2068) (0.2173) (0.2193)

N 600505 600505 600505 240919 240919 240919
y variable mean 55.07 1.74 56.81 25.44 29.32 54.76
R2 0.098 0.044 0.107 0.057 0.184 0.196

Male
General Pennsylvania General Georgia

At Poll Absentee Total At Poll Absentee Total

Distance (miles) -0.6636** 0.1960** -0.4676 -1.6324*** 1.7829*** 0.1505
(0.3146) (0.0765) (0.3042) (0.2103) (0.2127) (0.2246)

N 499769 499769 499769 204158 204158 204158
y variable mean 51.21 1.51 52.72 23.64 25.07 48.71
R2 0.121 0.036 0.133 0.071 0.189 0.236

Note: Distance to polling place is measured in miles. The dependent variables are indicators for whether or not a
registered voter has voted at the polling place, through absentee ballot, or through either voting method. All
regressions include border fixed effects and additional individual-level and block-level covariates: registered
Democrat indicator, registered Republican indicator, population, voting age population, percent Black, percent
Hispanic, median household income, percent without a high school diploma, percent that walk to work, and
indicators for whether travel time to work is less than 5 minutes or greater than 60 minutes. Standard errors
clustered at the border level are reported in parentheses.
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Table A.4.3: The effect of distance to polling place on likelihood of voting:
by Party Affiliation

Democrat
General Pennsylvania General Georgia

At Poll Absentee Total At Poll Absentee Total

Distance (miles) -1.0557*** 0.1237 -0.9320***-4.4799*** 4.2396*** -0.2402
(0.3479) (0.0782) (0.3295) (0.6845) (0.7004) (0.2679)

N 733063 733063 733063 40212 40212 40212
y variable mean 55.23 1.63 56.87 31.30 65.24 96.54
R2 0.093 0.041 0.104 0.151 0.155 0.101

Republican
General Pennsylvania General Georgia

At Poll Absentee Total At Poll Absentee Total

Distance (miles) -0.6993 0.3194** -0.3798 -3.0107*** 3.1848*** 0.1741
(0.4383) (0.1367) (0.4096) (0.5906) (0.5735) (0.1516)

N 228128 228128 228128 27928 27928 27928
y variable mean 56.29 2.00 58.29 39.18 57.88 97.06
R2 0.131 0.060 0.142 0.243 0.253 0.150

Independent
General Pennsylvania General Georgia

At Poll Absentee Total At Poll Absentee Total

Distance (miles) -0.1119 0.2999** 0.1880 -1.2394*** 1.4690*** 0.2296
(0.5591) (0.1191) (0.5624) (0.1791) (0.1912) (0.2258)

N 139083 139083 139083 376937 376937 376937
y variable mean 38.33 1.06 39.39 22.82 21.07 43.90
R2 0.138 0.079 0.147 0.043 0.082 0.084

Note: Distance to polling place is measured in miles. The dependent variables are indicators for whether or not a
registered voter has voted at the polling place, through absentee ballot, or through either voting method. All
regressions include border fixed effects and additional individual-level and block-level covariates: registered
Democrat indicator, registered Republican indicator, population, voting age population, percent Black, percent
Hispanic, median household income, percent without a high school diploma, percent that walk to work, and
indicators for whether travel time to work is less than 5 minutes or greater than 60 minutes. Standard errors
clustered at the border level are reported in parentheses.
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Table A.4.4: The effect of distance to polling place on likelihood of voting:
by Race

Black nh
Primary Georgia General Georgia

At Poll Absentee Total At Poll Absentee Total

Distance (miles) -0.2795* 0.2926* 0.0130 -2.1880*** 1.7390*** -0.4490
(0.1648) (0.1674) (0.0353) (0.3236) (0.3365) (0.3675)

N 165509 165509 165509 165509 165509 165509
y variable mean 10.93 3.83 14.76 22.35 27.46 49.81
R2 0.710 0.264 0.984 0.050 0.225 0.233

White nh
Primary Georgia General Georgia

At Poll Absentee Total At Poll Absentee Total

Distance (miles) -0.5845*** 0.5419*** -0.0426** -1.7016*** 2.0909*** 0.3893*
(0.0983) (0.0979) (0.0209) (0.2330) (0.2444) (0.2181)

N 201672 201672 201672 201672 201672 201672
y variable mean 13.93 5.24 19.18 28.23 30.58 58.82
R2 0.682 0.267 0.979 0.078 0.181 0.212

Hispanic
Primary Georgia General Georgia

At Poll Absentee Total At Poll Absentee Total

Distance (miles) 0.1960 -0.1517 0.0442 0.0137 2.0739** 2.0876
(0.3400) (0.2810) (0.2163) (1.1593) (1.0348) (1.2753)

N 13927 13927 13927 13927 13927 13927
y variable mean 5.03 1.11 6.14 24.93 16.97 41.90
R2 0.826 0.330 0.970 0.194 0.260 0.262

Other
Primary Georgia General Georgia

At Poll Absentee Total At Poll Absentee Total

Distance (miles) -0.2269* 0.2320* 0.0051 -1.0211*** 0.6228* -0.3983
(0.1280) (0.1270) (0.0443) (0.3633) (0.3777) (0.4281)

N 63969 63969 63969 63969 63969 63969
y variable mean 6.43 2.02 8.45 19.01 19.27 38.28
R2 0.740 0.265 0.965 0.091 0.190 0.217

Note: Distance to polling place is measured in miles. The dependent variables are indicators for whether or not a
registered voter has voted at the polling place, through absentee ballot, or through either voting method. All
regressions include border fixed effects and additional individual-level and block-level covariates: registered
Democrat indicator, registered Republican indicator, population, voting age population, percent Black, percent
Hispanic, median household income, percent without a high school diploma, percent that walk to work, and
indicators for whether travel time to work is less than 5 minutes or greater than 60 minutes. Standard errors
clustered at the border level are reported in parentheses.
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A.5 Heterogeneous Effects: Block Level

Table A.5.1: The effect of distance to polling place on turnout: by Educa-
tional Attainment

Pennsylvania Georgia

(1) (2) (3) (4) (5) (6)
GE AP GE AB GE Total GE AP GE AB GE Total

% w/o high school -10.339*** -1.554*** -11.629*** -13.491*** -3.050 -16.845***
diploma (1.472) (0.369) (1.532) (2.474) (2.380) (3.497)

% with high school -9.930*** -1.380* -11.772*** -13.501*** -0.212 -13.723***
diploma (2.464) (0.750) (2.573) (2.513) (2.774) (3.918)

% with bachelors 0.000 0.000 0.000 0.000 0.000 0.000
diploma (.) (.) (.) (.) (.) (.)

Mean Distance to PP 0.397 0.213 0.321 -1.503 1.618 0.086
× % w/o hs dip. (0.820) (0.198) (0.848) (1.033) (1.227) (1.651)

Mean Distance to PP -1.399 -0.160 -0.976 -0.837 -2.804 -3.681*
× % with hs dip. (2.252) (0.651) (2.342) (1.341) (1.750) (2.141)

Mean Distance to PP -2.206 0.600 -1.999 -5.526*** 5.970*** 0.560
× % with bach. dip. (1.342) (0.453) (1.409) (0.991) (1.131) (1.560)

N 101036 105618 101025 30392 30162 29830
y variable mean 44.60 1.73 46.13 25.88 27.51 52.98
R2 0.359 0.180 0.375 0.326 0.379 0.384

Note: Distance to polling place is measured in miles. The dependent variables are indicators for whether or not a
registered voter has voted at the polling place, through absentee ballot, or through either voting method. All
regressions include border fixed effects and additional block-level covariates: population, voting age population,
percent Black, percent Hispanic, median household income, percent without a high school diploma, percent that
walk to work, and indicators for whether travel time to work is less than 5 minutes or greater than 60 minutes.
Standard errors clustered at the border level are reported in parentheses.
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Table A.5.2: The effect of distance to polling place on turnout: by by
Income Categories

Pennsylvania Georgia

(1) (2) (3) (4) (5) (6)
GE AP GE AB GE Total GE AP GE AB GE Total

Mean Distance to PP -1.949 0.676 -1.930 0.312 0.766 0.537
× <15k (1.894) (0.631) (1.919) (1.655) (2.024) (2.753)

Mean Distance to PP 2.872 0.420 3.142* -2.708* -0.238 -2.297
× 15-30k (1.784) (0.416) (1.810) (1.505) (1.878) (2.408)

Mean Distance to PP -0.739 0.182 -0.342 -2.839 -2.760 -6.732**
× 30-50k (1.993) (0.480) (2.074) (1.991) (2.236) (3.006)

Mean Distance to PP -1.088 -0.163 -1.180 -0.967 2.276 1.984
× 50-100k (1.581) (0.374) (1.699) (1.402) (1.672) (2.062)

Mean Distance to PP -3.763 0.537 -3.753 -6.254*** 7.575*** 1.545
× 100-200k (2.504) (0.597) (2.695) (2.281) (2.506) (3.554)

Mean Distance to PP 1.220 -1.233 1.021 -3.006 2.504 -1.217
× >200k (4.706) (1.427) (4.975) (3.914) (5.561) (6.458)

N 101036 105618 101025 30392 30162 29830
y variable mean 44.60 1.73 46.13 25.88 27.51 52.98
R2 0.360 0.180 0.375 0.326 0.379 0.384

Note: Distance to polling place is measured in miles. The dependent variables are indicators for whether or not a
registered voter has voted at the polling place, through absentee ballot, or through either voting method. All
regressions include border fixed effects and additional block-level covariates: population, voting age population,
percent Black, percent Hispanic, median household income, percent without a high school diploma, percent that
walk to work, and indicators for whether travel time to work is less than 5 minutes or greater than 60 minutes.
Standard errors clustered at the border level are reported in parentheses.
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Table A.5.3: The effect of distance to polling place on turnout: by Way to
Work

Pennsylvania Georgia

(1) (2) (3) (4) (5) (6)
GE AP GE AB GE Total GE AP GE AB GE Total

% Other to work 2.684 0.330 3.282 1.704 -6.362 -2.627
(3.623) (0.827) (3.771) (6.788) (6.398) (9.832)

% Car to work 6.119*** -0.251 6.317*** 6.549 1.635 9.251
(2.252) (0.558) (2.351) (4.635) (4.225) (6.952)

% Pub transit to work 7.055*** 0.502 7.735*** 17.158** 1.359 19.009*
(2.646) (0.627) (2.764) (7.461) (5.804) (10.114)

% Walk to work 0.000 0.000 0.000 0.000 0.000 0.000
(.) (.) (.) (.) (.) (.)

Mean Distance to PP -1.107 -0.752 -0.869 4.359 11.451*** 14.708***
× % Other to work (4.470) (0.971) (4.684) (3.722) (4.060) (5.517)

Mean Distance to PP -0.148 0.238** -0.055 -2.319*** 0.816* -1.457***
× % Car to work (0.397) (0.096) (0.411) (0.349) (0.418) (0.534)

Mean Distance to PP -5.355*** 0.003 -5.591*** -19.485*** -9.077* -27.673***
× % Pub. T. to work (1.837) (0.321) (1.867) (6.212) (5.088) (8.125)

Mean Distance to PP -4.268 0.667 -3.539 -3.524 -2.146 -4.787
× % Walk to work (3.045) (1.075) (3.173) (3.251) (3.777) (5.590)

N 101036 105618 101025 30392 30162 29830
y variable mean 44.60 1.73 46.13 25.88 27.51 52.98
R2 0.359 0.180 0.374 0.326 0.378 0.383

Note: Distance to polling place is measured in miles. The dependent variables are indicators for whether or not a
registered voter has voted at the polling place, through absentee ballot, or through either voting method. All
regressions include border fixed effects and additional block-level covariates: population, voting age population,
percent Black, percent Hispanic, median household income, percent without a high school diploma, percent that
walk to work, and indicators for whether travel time to work is less than 5 minutes or greater than 60 minutes.
Standard errors clustered at the border level are reported in parentheses.
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Table A.5.4: The effect of distance to polling place on turnout: by Time
to Work

Pennsylvania Georgia

(1) (2) (3) (4) (5) (6)
GE AP GE AB GE Total GE AP GE AB GE Total

% 0-5min -3.093 -0.852 -3.876 3.023 7.223 10.273
(3.934) (0.807) (4.173) (5.815) (6.022) (8.785)

% 5-15min -5.206** -0.302 -5.122** -0.892 2.831 1.151
(2.248) (0.446) (2.320) (4.207) (4.261) (6.465)

% 15-30min -6.743*** -0.156 -6.843*** -2.430 -1.889 -3.960
(2.081) (0.454) (2.145) (4.114) (3.976) (6.109)

% 30-60min -3.506 -0.087 -3.440 -4.382 1.063 -3.920
(2.169) (0.412) (2.220) (4.380) (4.520) (6.690)

% 60min plus 0.000 0.000 0.000 0.000 0.000 0.000
(.) (.) (.) (.) (.) (.)

Mean Distance to PP -2.221 1.681 0.106 -2.983 -2.968 -5.393
× % 0-5min (5.600) (1.163) (6.024) (3.724) (3.937) (4.980)

Mean Distance to PP 1.026 0.129 0.620 -0.643 0.870 -0.010
× % 5-15min (1.455) (0.276) (1.510) (1.170) (1.358) (1.796)

Mean Distance to PP 0.904 0.432* 1.209 -3.471*** 1.825 -1.489
× % 15-30min (1.037) (0.247) (1.083) (1.098) (1.390) (1.704)

Mean Distance to PP -3.036** 0.122 -2.850** -1.089 1.573 0.428
× % 30-60min (1.268) (0.255) (1.302) (1.234) (1.428) (1.880)

Mean Distance to PP -4.840* -1.115 -5.243* -5.127* -0.004 -4.988
× % 60min plus (2.608) (0.771) (2.707) (3.010) (3.303) (4.449)

N 101036 105618 101025 30392 30162 29830
y variable mean 44.60 1.73 46.13 25.88 27.51 52.98
R2 0.359 0.180 0.374 0.326 0.377 0.383

Note: Distance to polling place is measured in miles. The dependent variables are indicators for whether or not a
registered voter has voted at the polling place, through absentee ballot, or through either voting method. All
regressions include border fixed effects and additional block-level covariates: population, voting age population,
percent Black, percent Hispanic, median household income, percent without a high school diploma, percent that
walk to work, and indicators for whether travel time to work is less than 5 minutes or greater than 60 minutes.
Standard errors clustered at the border level are reported in parentheses.
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A.6 Robustness Checks
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Figure A.6.1: Individual-level border fixed effects estimates: Vary max-
imum distance to polling place, Pennsylvania
Note: The y-axis measures the coefficient on distance to polling place (measured in miles). The dependent
variables are indicators for whether or not a registered voter has voted at the polling place, through absentee ballot,
or through either voting method. Each symbol represents a point estimate in a separate regression, and the lines
indicate 95% confidence intervals. Regressions differ by the maximum distance between a voter and the polling place
(to correct for potential geocoding errors). All regressions include border fixed effects and additional individual-level
and block-level covariates: registered Democrat indicator, registered Republican indicator, population, voting age
population, percent Black, percent Hispanic, median household income, percent without a high school diploma,
percent that walk to work, and indicators for whether travel time to work is less than 5 minutes or greater than 60
minutes. Standard errors allow for clustering at the border level.
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Figure A.6.2: Individual-level border fixed effects estimates: Vary max-
imum distance to polling place, Georgia
Note: The y-axis measures the coefficient on distance to polling place (measured in miles). The dependent
variables are indicators for whether or not a registered voter has voted at the polling place, through absentee ballot,
or through either voting method. Each symbol represents a point estimate in a separate regression, and the lines
indicate 95% confidence intervals. Regressions differ by the maximum distance between a voter and the polling place
(to correct for potential geocoding errors). All regressions include border fixed effects and additional individual-level
and block-level covariates: registered Democrat indicator, registered Republican indicator, population, voting age
population, percent Black, percent Hispanic, median household income, percent without a high school diploma,
percent that walk to work, and indicators for whether travel time to work is less than 5 minutes or greater than 60
minutes. Standard errors allow for clustering at the border level.
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Figure A.6.3: Individual-level border fixed effects estimates: Vary max-
imum distance to border segment, Pennsylvania
Note: The y-axis measures the coefficient on distance to polling place (measured in miles). The dependent
variables are indicators for whether or not a registered voter has voted at the polling place, through absentee ballot,
or through either voting method. Each symbol represents a point estimate in a separate regression, and the lines
indicate 95% confidence intervals. Regressions differ by the maximum distance between a voter and the border. All
regressions include border fixed effects and additional individual-level and block-level covariates: registered
Democrat indicator, registered Republican indicator, population, voting age population, percent Black, percent
Hispanic, median household income, percent without a high school diploma, percent that walk to work, and
indicators for whether travel time to work is less than 5 minutes or greater than 60 minutes. Standard errors allow
for clustering at the border level.
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Figure A.6.4: Individual-level border fixed effects estimates: Vary max-
imum distance to border segment, Georgia
Note: The y-axis measures the coefficient on distance to polling place (measured in miles). The dependent
variables are indicators for whether or not a registered voter has voted at the polling place, through absentee ballot,
or through either voting method. Each symbol represents a point estimate in a separate regression, and the lines
indicate 95% confidence intervals. Regressions differ by the maximum distance between a voter and the border. All
regressions include border fixed effects and additional individual-level and block-level covariates: registered
Democrat indicator, registered Republican indicator, population, voting age population, percent Black, percent
Hispanic, median household income, percent without a high school diploma, percent that walk to work, and
indicators for whether travel time to work is less than 5 minutes or greater than 60 minutes. Standard errors allow
for clustering at the border level.
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A.6.1 Nonlinear Effects

Table A.6.1: The effect of distance to polling place on likelihood of voting:
Nonlinear effects

Border FE and additional Controls - PA

Pri AP Pri AB Pri Tot GE AP GE AP GE Tot

Distance (mi.) -19.1311*** 0.3360 -18.7950***-13.9391*** 1.4960*** -12.4431***
× 0-0.25 (1.6261) (0.3582) (1.5760) (1.9338) (0.4887) (1.8546)

Distance (mi.) -6.0887*** -0.4566 -6.5453*** -4.0775 -1.7584** -5.8359**
× 0.25-0.5 (2.0439) (0.3618) (2.0592) (2.7990) (0.7133) (2.8152)

Distance (mi.) -2.5651** -0.2704 -2.8355** -0.7594 -0.7965 -1.5558
× 0.5-1 (1.2537) (0.2564) (1.2575) (1.8066) (0.5352) (1.7793)

Distance (mi.) -2.0384* -0.1095 -2.1479* -0.4281 -0.2829 -0.7110
× 1-2 (1.1727) (0.2160) (1.1767) (1.7273) (0.4272) (1.7241)

Distance (mi.) -3.0072 -0.3569 -3.3640 0.0009 -1.7612* -1.7603
× 2-3 (1.9372) (0.8912) (2.3086) (2.7730) (1.0220) (2.9168)

Distance (mi.) 0.9093 0.1772* 1.0865* 0.4814 0.4583** 0.9397
× 3-up (0.6087) (0.0921) (0.5964) (1.0776) (0.2070) (1.0654)

N 1765507 1765507 1765507 1772498 1772498 1772498
y variable mean 16.32 0.33 16.65 52.00 1.66 53.66
R2 0.049 0.030 0.050 0.062 0.027 0.069

Border FE and additional Controls - GA

Pri AP Pri AB Pri Tot GE AP GE AP GE Tot

Distance (mi.) -7.6937 4.3408 -3.3529 -13.8364 27.9785** 14.1421
× 0-0.25 (7.6584) (2.8965) (9.2750) (12.9771) (11.7451) (21.6592)

Distance (mi.) -10.7280*** -0.7928 -11.5208** -11.3745** -3.2485 -14.6230**
× 0.25-0.5 (4.0542) (2.1163) (4.7229) (4.6832) (5.4733) (6.5545)

Distance (mi.) -1.2078 1.3792** 0.1714 -0.9777 1.7752 0.7975
× 0.5-1 (1.0928) (0.6656) (1.3819) (1.3752) (1.6695) (2.0275)

Distance (mi.) -0.2019 -0.2829 -0.4849 0.6564 0.5040 1.1604
× 1-2 (0.5826) (0.4131) (0.7441) (0.7521) (0.9944) (1.0600)

Distance (mi.) -0.1934 -0.7349 -0.9283 0.3731 0.0108 0.3839
× 2-3 (0.9269) (0.6228) (1.1237) (1.1092) (1.6316) (1.6838)

Distance (mi.) -0.5265** 0.3157* -0.2108 -1.3087*** 0.9842*** -0.3245
× 3-up (0.2400) (0.1691) (0.2770) (0.3268) (0.3598) (0.3638)

N 523065 523065 523065 523065 523065 523065
y variable mean 11.44 4.13 15.57 24.72 27.40 52.12
R2 0.039 0.033 0.050 0.042 0.060 0.069

Note: Distance to polling place is measured in miles. The dependent variables are indicators for whether or not a
registered voter has voted at the polling place (AP), through absentee ballot (AB), or through either voting method
(Tot) for the Primary election (Pri) or General election (GE). All regressions include border fixed effects and
additional block-level covariates: population, voting age population, percent Black, percent Hispanic, median
household income, percent without a high school diploma, percent that walk to work, and indicators for whether
travel time to work is less than 5 minutes or greater than 60 minutes. Standard errors clustered at the border level
are reported in parentheses.
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A.6.2 Matching

Table A.6.2: The effect of distance to polling place on turnout: Matched
Pair FE

Panel A: Pennsylvania
Primary Election General Election

At Poll Absentee Total At Poll Absentee Total

Mean Dist. to -0.4834** -0.0181 -0.5103** -0.9593*** 0.0842 -0.8900**
polling location (mi) (0.2246) (0.0371) (0.2261) (0.3473) (0.0784) (0.3518)

N 171746 173888 171740 159220 173700 159202
y variable mean 15.40 0.35 15.72 43.57 1.74 45.10
R2 0.602 0.506 0.603 0.648 0.537 0.657

Panel B: Georgia
Primary Election General Election

At Poll Absentee Total At Poll Absentee Total

Mean Dist. to -1.0985*** 0.3430 -0.7738** -2.0246*** 0.7375** -1.3081***
polling location (mi) (0.2227) (0.2459) (0.3212) (0.2936) (0.3202) (0.4266)

N 51024 51600 50894 49588 48808 47736
y variable mean 13.39 5.24 18.43 24.98 26.94 51.49
R2 0.574 0.543 0.573 0.594 0.599 0.612

Note: Distance to polling place measured in miles. Turnout is measured as the number of votes per voting-age
population (separately for votes cast at polling places, through absentee ballots, and total). All regressions include
Matched Pair Fixed Effects and the following controls: population, voting age population, percent registered
Democrat (PA only), percent registered Republican (PA only), percent Black, percent Hispanic, median household
income, percent without a high school diploma, percent that walk to work, and indicators for whether travel time to
work is less than 5 minutes or greater than 60 minutes. Standard errors clustered at the border-precinct level are
reported in parentheses.
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A.6.3 Difference in Differences

Table A.6.3: The effect of distance to polling place on turnout: Difference
in Differences Estimation in Pennsylvania

Primary Election General Election

At Poll Absentee Total At Poll Absentee Total

Distance (miles) 0.0386 0.0090 0.0475 0.0554 0.0086 0.0640
(0.0897) (0.0102) (0.0902) (0.0863) (0.0165) (0.0830)

N 14406602 14406602 14406602 14504036 14504036 14504036
y variable mean 29.14 0.64 29.78 63.92 2.66 66.58
R2 0.733 0.608 0.737 0.755 0.657 0.757

Note: Distance to polling place measured in miles. The dependent variables are indicators for whether or not a
registered voter has voted at the polling place, through absentee ballot, or through either voting method. All
regressions include Individual Fixed Effects and County by Year FE. Standard errors clustered at the precinct level
are reported in parentheses.

141



Table A.6.4: The effect of polling place changes, voter’s movement and
distance to polling place on turnout: Difference in Differences Estimation
in Pennsylvania

Primary Election General Election

At Poll Absentee Total At Poll Absentee Total

4PL -0.6455*** -0.0561** -0.7016*** 0.3856* -0.0744* 0.3112
(0.1900) (0.0236) (0.1931) (0.2027) (0.0409) (0.1957)

Voter Moved 3.9846*** 0.2704*** 4.2550*** -2.9912** 0.6797*** -2.3115*
(0.7635) (0.0549) (0.7769) (1.2586) (0.1243) (1.3149)

4PL -0.1944** 0.0141 -0.1803* -0.1283 -0.0068 -0.1351
× Dist. (mi) (0.0955) (0.0108) (0.0960) (0.0892) (0.0192) (0.0855)
Voter Moved -0.9182 -0.1555* -1.0738 -0.2751 -0.0029 -0.2780
× Dist. (mi) (0.7462) (0.0828) (0.7668) (0.7409) (0.1740) (0.7536)
Voter Moved -1.7024** 0.0155 -1.6870** -0.2019 -0.0792 -0.2811
× 4PL (0.7905) (0.0632) (0.8040) (1.2975) (0.1371) (1.3520)
Voter Moved 0.4685 0.1266 0.5951 -0.2272 0.0163 -0.2109
× 4PL (0.7066) (0.0863) (0.7249) (0.7186) (0.1798) (0.7311)
× Dist. (mi)

N 14406602 14406602 14406602 14504036 14504036 14504036
y variable mean 29.14 0.64 29.78 63.92 2.66 66.58
R2 0.733 0.608 0.737 0.755 0.657 0.757

Note: The dependent variables are indicators for whether or not a registered voter has voted at the polling place,
through absentee ballot, or through either voting method. Distance to polling place measured in miles for voter i at
election t. The regression also includes an indicator and takes the value 1 when voter i in election t is assigned to a
polling location different from the one assigned in election t− 1 and an indicator variable that takes the value 1 if
voter i in election t has a different home address than during election t− 1. All regressions include Individual Fixed
Effects and County by Year FE. Standard errors clustered at the precinct level are reported in parentheses.
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