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Abstract

In this dissertation, I explore the impact of several public policies on civic partici-

pation. Using a unique combination of school administrative and public–use voter

files and methods for causal inference, I evaluate the impact of three new, as of

yet unexplored, policies: one informational, one institutional, and one skill–based.

Chapter 2 examines the causal effect of No Child Left Behind’s performance–based

accountability school failure signals on turnout in school board elections and on in-

dividuals’ use of exit. I find that failure signals mobilize citizens both at the ballot

box and by encouraging them to vote with their feet. However, these increases in

voice and exit come primarily from citizens who already active—thus exacerbating

inequalities in both forms of participation. Chapter 3 examines the causal effect

of preregistration—an electoral reform that allows young citizens to enroll in the

electoral system before turning 18, while also providing them with various in–school

supports. Using data from the Current Population Survey and Florida Voter Files

and multiple methods for causal inference, I (with my coauthor listed below) show

that preregistration mobilizes and does so for a diverse set of citizens. Finally, Chap-

ter 4 examines the impact of psychosocial or so called non-cognitive skills on voter

turnout. Using information from the Fast Track intervention, I show that early–

childhood investments in psychosocial skills have large, long–run spillovers on civic

participation. These gains are widely distributed, being especially large for those

least likely to participate.
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These chapters provide clear insights that reach across disciplinary boundaries

and speak to current policy debates. In placing specific attention not only on whether

these programs mobilize, but also on who they mobilize, I provide scholars and

practitioners with new ways of thinking about how to address stubbornly low and

unequal rates of citizen engagement.
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1

Introduction

This manuscript is comprised of three separate essays that revolve around a central

question: how can we remediate low and unequal rates of civic participation? Many

scholars have documented that rates of civic participation across advanced democ-

racies, but especially in the United States, have languished or trended downward in

recent years (e.g., Gray and Caul, 2000; Leighley and Nagler, 2013; Putnam, 1995).

A diverse set of studies have also documented the presence of systematic inequal-

ities in civic engagement—with white, affluent, better educated, and older citizens

being much more likely to engage than their disadvantaged counterparts (Leigh-

ley and Nagler, 2013; Verba et al., 1995; Wolfinger and Rosenstone, 1980). These

trends are exemplified by patterns in voter turnout—with turnout in the U.S. being

both strikingly low (typically 15–20 percentage points lower than other advanced

democracies1) and unequal (with well educated citizens being almost twice as likely

to vote as individuals with less education, for example2). Scholars have provided

1Source, “Voter Turnout Database,” International Institute for Democracy and Electoral As-
sistance (IDEA).

2Source, “Education Gap Persists: 66% of youth with any college experience turned out to vote,
35% of youth with no college experience,” Center for Information & Research on Civic Learning
and Engagement (CIRCLE) Report, 11/15/2012.
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some documentation of the downstream implications of these patterns—arguing, for

example, that they distort democratic representation and accountability (Banerjee

et al., 2010; Griffin and Newman, 2005; Leighley and Nagler, 2013), shift public

policy towards particularly active subgroups (Anzia, 2013; Campbell, 2003; Fowler,

2013), and affects policy outcomes (Berry et al., 2011).

Despite much ink being spilled on the topic of low and unequal voter turnout,

precious few effective programs exist to remedy these patterns. For example, many

electoral reforms that seek to make voting easier or less costly—such as early voting,

online registration, or vote–by–mail—have been shown to have little effect (Bur-

den and Neiheisel, 2013; Erikson and Minnite, 2009; Keele and Minozzi, 2013) or

to even depress turnout (Burden et al., 2014). Similarly, efforts to mobilize citizens

through various Get out the Vote (GOTV) programs have yielded limited success.

Most GOTV programs have small effects on turnout (Green and Gerber, 2008; Green

et al., 2013), with some notable exceptions (e.g., Gerber et al., 2008; Nickerson and

Rogers, 2010). However, when these GOTV programs do mobilize, they tend to mo-

bilize advantaged subgroups—thus exacerbating, rather than resolving, participatory

inequalities (Enos et al., 2014).

In this dissertation, I provide insights for understanding both how and when

to target interventions to move stubborn rates of civic participation. Specifically,

I explore the potential mobilizing impact of a set of public policies that have not

previously received attention. Many of these policies originate in, or at the very

least have components that are linked to, schools and education policy. Using a

unique combination of school and voting administrative records and methods for

causal inference, I evaluate the impact of several newer, unexplored informational,

institutional, and skill–based programs. In doing so, I place specific attention not

only on whether these programs mobilize, but also on who they mobilize.

Chapter 2—“Left Behind? Citizen Responsiveness to Government Performance

2



Information”3—pays specific attention to the mobilizing impact of a new wave of

information–based reforms. Specifically, I evaluate the mobilizing effects of performance–

based accountability systems. These systems provide citizens with clear feedback

about the performance of public institutions—in this case local public schools.

To do so, I use regression discontinuity models that leverage school failure sig-

nals from the prominent No Child Left Behind (NCLB) education reform. I bring

together—for the first time—large-scale education administrative records with large-

scale public–use voter files. With this unique combined data source, I show that

performance–based information signals have a strong causal influence on civic par-

ticipation. When citizens receive a signal that their school has failed, it causes them

to vote at a higher rate in school board elections and alters how they vote in local

elections—making them more likely to vote out those in power. In this chapter I

also consider an alternate form of voting: that of “voting with one’s feet,” or using

exit. I document—as theory predicts (Chubb and Moe, 2011; Hirschman, 1970),

but few causal studies have corroborated—that in addition to voting at the ballot

box, citizens also respond to negative performance signals by voting with their feet.

Despite these gains, however, performance information has the drawback of exacer-

bating inequalities in both voice and exit—with white, affluent, and high turnout

citizens being much more likely to respond than their disadvantaged counterparts.

Chapter 2 shows that although performance information promotes citizen engage-

ment, it does so at the expense of exacerbating participatory inequalities. In short,

performance accountability leaves many citizens perpetually behind. In examining

these topics, this chapter provides important insights into the unexplored impacts of

performance–accountability systems like No Child Left Behind.

Chapter 3—“Making Young Voters: The Impact of Preregistration on Youth

3This chapter is forthcoming at the American Political Science Review. See Holbein, John B.
“Left Behind? Citizen Responsiveness to Government Performance Information” American Political
Science Review 110, no. 2 (2016).

3



Turnout”4—addresses a new institutional reform: preregistration. Preregistration

reforms register citizens before the become eligible to vote and reinforce this oppor-

tunity with a variety of school–based programs (in–class demonstrations, in–school

voter registration drives, civics education programs, etc.).

In this chapter, my coauthor and I use regression–discontinuity and difference–in–

difference models to show that preregistration reforms have a powerful causal impact

on youth turnout. These increasingly common reforms help young citizens, who have

notoriously low rates of engagement, overcome the barriers to participation at a rate

rarely observed in previous electoral reform studies. Beyond targeting citizens when

they are young, preregistration appears to be successful because it leverages the

supporting institutions found in schools and capitalizes on the heightened interest

surrounding political campaigns. This chapter contributes to the general understand-

ing of how electoral reforms, schools, and political campaigns combine to influence

voter turnout.

Finally, Chapter 4—“Marshmallows and Votes? Childhood Skill Development

and Adult Political Participation”—examines the effect of early–life, skill–based in-

terventions on adult turnout. Specifically, I explore the potential mobilizing impact

of early childhood interventions targeting psychosocial or so called non-cognitive

skills—the abilities associated with controlling emotions, motivations, thoughts, and

behaviors and working in social settings. While these skills have been examined in

a number of contexts previously, with promising results, none have examined their

potential spillover effects on civic engagement.

To do so, I use a unique, multi-site, 20 year randomize-control experiment—the

Fast Track intervention. By matching participants to public-use voter files, I show

4This chapter was coauthored with D. Sunshine Hillygus and is forthcoming at the American
Journal of Political Science. See Holbein, John B., and D. Sunshine Hillygus. “Making Young
Voters: The Impact of Preregistration on Youth Turnout.” American Journal of Political Science
(forthcoming).

4



that Fast Track had a large and long–run causal impact on adult turnout: increas-

ing it by 11-14 percentage points (a 40% increase over baseline rates). Moreover,

this relationship is strongest among citizens of low socio-economics status: helping

mobilize this notoriously disenfranchised subgroup.

The results presented in Chapter 4 contribute to our general understanding of why

some individuals grow up to be actively involved in politics, while others do not. In so

doing, this chapter make a substantive contribution to our understanding of political

socialization. While many political socialization studies begin in late adolescence (at

the earliest), my results provide concrete evidence that childhood is a critical period

in the development of civic behaviors. Although children may not be developing

political attitudes and values when they are very young (Niemi and Hepburn, 1995),

they are developing the general, not explicitly political skills that will persist as

resources that they can call upon in adulthood. These psychosocial skills play a

vital, heretofore unexplored, role in encouraging civic participation. This finding

has important policy implications—providing clear evidence that psychosocial skills

have unrealized spillover effects. This suggests a reorientation of civics education

programs towards psychosocial skill development.

Together, these three chapters shine light on a variety of public policies and their

potential to remediate low and unequal rates of citizen engagement.

5



2

Left Behind? Citizen Responsiveness to
Government Performance Information

“We are transforming our schools . . . We are insisting on accountability, empowering

parents . . . and making sure that local people are in charge. We will leave no child

behind.”

President George W. Bush1

2.1 Overview

Do citizens respond to policy-based information signals about government perfor-

mance? Using multiple big datasets—which link for the first time large-scale school

administrative records and individual validated voting behavior—I show that citizens

react to exogenous school failure signals provided by No Child Left Behind. These

signals cause a noticeable increase in turnout in local school board elections and in-

crease the competitiveness of these races. Additionally, I present evidence that school

This chapter is forthcoming at the American Political Science Review. See Holbein, John B.
“Left Behind? Citizen Responsiveness to Government Performance Information” American Political
Science Review 110, no. 2 (2016).

1Quote taken from the 2004 Republican Convention (Sep 2, 2004).
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failure signals cause citizens to vote with their feet by exiting failing schools: suggest-

ing that exit plays an under-explored role in democratic accountability. However,

performance signals elicit a response unequally, with failure primarily mobilizing high

propensity citizens and encouraging exit among those who are white, affluent, and

more likely to vote. Hence, while performance signals spur a response, they do so

only for a select few, leaving many others behind.

2.2 Introduction

Information matters in nurturing democratic accountability. When citizens are in-

formed, they can play an active role in holding government accountable. When they

are not informed, however, they are less likely to act when government performance

deteriorates—resulting in policy that drifts further from public preferences (Schloz-

man et al., 2012). Information, in short, “enables [citizens] to impose sanctions on

. . . power-wielders” and, as such, enhances accountability (Grant and Keohane, 2005,

30). Unfortunately, the citizenries of many contemporary democracies have strikingly

low and unequal levels of information. While this problem it is widely understood

(e.g., Delli Carpini and Keeter, 1997; Ferejohn, 1986; Przeworski and Stokes, 1999),

it remains unclear how best to address this issue.

Increasingly common are policy-based attempts to address low and unequal lev-

els of citizen information through performance accountability systems. Performance

accountability systems differ in their form and substance, but generally have three

components: measurement, sanctions, and publication. In the first, government per-

formance is placed on a common standard (e.g., letter grades from A to F). In the

second, those who do not meet these standards are punished. In many cases, the

main punishment comes from the third component—distribution of performance to

the public. These performance accountability mechanisms are intended to provide

citizens with clear metrics of policy performance to enable citizen responsiveness.
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In recent years, performance accountability systems have become increasingly com-

mon across a variety of sectors—domestic and international, public and private. For

example, in the United States, some governments have begun to measure and pub-

lish performance grades for municipal agencies.2 These types of reforms have also

spread widely through international development (e.g. politician audits), financial

(e.g. disclosure requirements in banking), food services (e.g. letter grades of clean-

liness posted on restaurants), child-care (e.g. quality rating and improvement sys-

tems), transportation (e.g. A+B performance-based contracts), environment (e.g.,

performance-based air quality standards), and education contexts (Björkman and

Svensson, 2009; Stecher et al., 2010). The No Child Left Behind Act of 2001 (NCLB)

is a prominent example of a public policy designed with a performance accountabil-

ity structure. This seminal law provides citizens clear signals about which public

schools are “failing.” These are designed to help citizens hold local school officials

accountable, as the opening quote from President Bush makes clear.

Despite the widespread trend towards performance accountability policies, ex-

emplified by NCLB, there lacks a comprehensive empirical examination of citizen

responsiveness to performance information signals. Do citizens respond to NCLB’s

signals that their local school is failing? The answer to this question is theoretically

unclear as it depends on citizens’ underlying levels of information—if residents are

fully informed we might not expect to see a response, but if they instead have limited

information, failure could serve as an alarm that something is amiss. Similarly, if

citizens do respond, how do they do so: with increased voice in their local school

board elections or by exiting the failing school? Finally, who is most likely to re-

spond? In other words, does performance information serve to narrow or exacerbate

inequalities in the electorate?

In addressing these questions, I bring together three unique “big data” sources

2In 2014, New York City began grading agencies on their fiscal prudence (see NYC PR 14-09-78).
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from North Carolina. These combine detailed panel information on 15 million citizen-

year observations from the state’s voter file, 5 million student-year observations in

the state’s public school system, and the performance of the state’s 15,000 school-

year observations. With this data, I examine the causal impact of school failure

signals on metrics of citizen accountability, including: voter turnout in school board

elections, competitiveness of school board elections, and exit from failing schools.

I do so with a regression discontinuity design that leverages exogenous variation

around the arbitrary school failure cutoff. Enhancing this RDD, I leverage the panel

nature of my data to make an even stronger comparison: between marginally failing

schools and the same schools when they marginally pass.

My analysis shows that citizens respond to school failure signals, and noticeably

so. After a school is labeled as failing by NCLB, voter turnout in subsequent school

board elections rises substantially—by 5-8 percentage points, on average. In addi-

tion, I find that failure signals increase the competitiveness of local board elections.

In short, it appears that performance signals prompt residents to use their voice

in attempt to hold local elected school officials accountable. Beyond this voice re-

sponse, I also show that—as theory has long predicted, but few empirical studies have

corroborated—citizens respond by voting with their feet, exiting communities that

experience school failure. Such responses demonstrate that citizens may not always

be attentive to government performance, but instead react when performance crosses

a threshold and a proverbial alarm sounds. Despite this response, these voice- and

exit-based responses vary in important ways. These gains come largely from those

most likely to participate at baseline (based on previous vote history, SES, and race).

Thus, while performance-based accountability encourages citizen responsiveness, it

does so unequally—promoting the strongest response among those already engaged.

This examination contributes to a salient policy debate as policymakers increas-

ingly look to performance-based systems as a means of increasing transparency, pro-
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moting local accountability, and ensuring “good governance” (Lewis-Faupel et al.,

2014; Pande, 2011). By using data from NCLB, this study provides direct infor-

mation about the causal impact of a current, large-scale public policy initiative on

citizen action. Further, this chapter shows that accountability studies should expand

to consider not just metrics of voice but also of exit, which constitutes an important,

yet underexplored, venue of citizen responsiveness. Finally, these results highlight

that performance accountability policies can be a double-edged sword. Although

they can promote citizen responsiveness, they can also exacerbate participatory in-

equalities.

2.3 Background & Theoretical Framework

In recent years performance accountability systems have spread widely across health,

transportation, agriculture, penal, environment, international development, and ed-

ucation sectors. These systems provide citizens with information signals about gov-

ernment performance. Although designed to improve democratic accountability, not

much is known about if and how people respond to these performance signals. In-

deed, one of the longest standing debates in the field is about the basic capacity

of citizens to use information in their political decision-making. Given that, will

performance information prompt citizen action or will the “sheer access to current

information,” ensure that “the great bulk of . . . information dispensed . . . blows away

like chaff” (Campbell et al., 1980, 254)? The existing literature on this point has

been decidedly mixed.

Previous research suggests that voters are sensitive to economic performance (e.g.,

Fiorina, 1978; Rudolph, 2003), crime (e.g., Arnold and Carnes, 2012), military deaths

(e.g., Grose and Oppenheimer, 2007), and distributive spending (e.g., Chen, 2013),

but there is little consistent evidence that citizens rely on performance metrics from

specific policies. For example, some find that citizens respond to policy–provided
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performance information (e.g., Banerjee et al., 2010), but others find the opposite

(e.g., Olken, 2007).3 Research on school performance, in particular, shows conflicting

results in this regard. Using data from South Carolina, Berry and Howell (2007)

find that poor public school performance predicts metrics of citizen responsiveness

in school board elections. In contrast, using observational data from multiple states

Rhodes (2015) finds that more stringent performance reporting requirements predicts

lower levels of citizen responsiveness.

These conflicting results may be because many studies linking government per-

formance and citizen responsiveness struggle, to varying degrees, with endogeneity.

Unfortunately, exogenous changes in government performance are few and far be-

tween. In the case of public school performance, this is especially problematic be-

cause geographic proximity to a high or low performing public school is not allocated

randomly. As a result, the relationship between metrics of performance and citizen

responsiveness may be subject to omitted variable bias or selection effects (Ash-

worth, 2012). As such, gaining leverage on the question of whether citizens respond

to performance information requires a robust causal identification strategy.

In this chapter, I leverage a natural experiment with No Child Left Behind

(NCLB) that avoids these endogeneity issues. Under this prominent performance

accountability reform, local public schools are labeled “failing” when they do not

meet an arbitrary performance cutoff (I outline the nature of this cutoff in detail

below). While schools do not fail randomly, a group of schools near the failure cutoff

appear to cross over it—or not—in an as-good-as random manner (Ahn and Vigdor,

2014a; Holbein and Ladd, 2015). Moreover, as NCLB has been in place for some

time, schools fall on either side of this arbitrary cutoff repeatedly, allowing even

stronger comparisons across the failure cutoff within individual schools. This set up

allows for a compelling examination of whether performance information elicits a

3For an overview of the mixed findings in this area, see Pande (2011).
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response, in this case by increasing citizens’ turnout in and the competitiveness of

local school board elections.

In addition to allowing an exploration of whether citizens respond, NCLB pro-

vides an opportunity to reconsider how citizens might respond to information about

government performance. Previous accountability studies have predominantly fo-

cused on one type of citizen response—citizens’ use of voice (typically their vote) to

alter who is in power. However, this focus may be overly narrow. Theoretical models

have long predicted that when government performance deteriorates citizens will use

both voice and exit (Hirschman, 1970). Conceptually, scholars have identified exit

as being strongly linked to democratic accountability. The thought is that if citizens

move from a municipality when economic performance declines, for example, public

agencies will lose revenues because of a diminished tax base. In such cases, elected

officials might have to cut services, which can then snowball into further performance

declines and more citizen dissatisfaction (Hirschman, 1970, 21–30). Moreover, exit

may be damaging to the reputations of elected officials: acting as a signal of their

own low performance. Such an outcome enhances the likelihood that the elected

official is voted out of office (Warren, 2011). Hence, exit, or the threat of exit, is

thought to incentivize high performance from elected officials (Chubb and Moe, 2011;

Friedman, 1955).

For these reasons, some have argued “exit-based empowerments should be as

central to the design and integrity of democracy as distributions of votes and voice”

(Warren, 2011, 683). However, while many theoretical models consider both voice

and exit as important to ensuring “representative outcomes in local politics,” few em-

pirical studies consider both behaviors in tandem (Dowding and John, 2008; Troun-

stine, 2010).4 This is unfortunate due to the presence of numerous venues where

4A few works come close. Henderson (2010) considers the impact of school performance on exit
patterns, but not voice, while Cox and Witko (2008) examine the relationship between exit and
voice.
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exit can be used. For example, if citizens are dissatisfied with the government bene-

fits they are receiving, they may exit to a community with better benefits (Tiebout,

1956). Alternatively, citizens may exit if they have a strong aversion to a certain pol-

icy, party, or politician.5 More broadly, whenever a choice set and competition exists

between public and private providers—as does in health, transportation, and housing

sectors, to name a few—people can choose to exit as a signal of their dissatisfaction.

In the education context, this option is particularly salient: being an explicit option

under recent school choice reforms, like school vouchers and charter schools. More-

over, it plays a central role in recent performance accountability systems, like the

school transfers allowed under NCLB. Given its potential as a response option, stud-

ies that ignore exit may produce misleading results. If, for example, performance

signals promote exit but not voice, studies that examine voice-based responses in

isolation will come to wrong conclusions.6

As exit has long been ignored empirically, many uncertainties remain as to the na-

ture of this type of citizen response. For example, previous research is ambiguous as

to whether exit is a tool for those marginalized or those already likely to participate.

On the one hand, some theories predict that exit will “atrophy the development of the

art of voice” by providing a substitute for high propensity participators (Hirschman,

1970, 43).7 However, others predict that, “exit can function as [a] low-cost, effective

empowerment, particularly for those without voice” (Warren, 2011, 683). Exploring

who exits, in short, is important as it may have implications for citizen voice and

5As some have done in response to tax systems (see “Why More Americans Are Renouncing
U.S. Citizenship”, NPR, 2/20/2014) or threatened to do with the election of Presidents Bush and
Obama. (see, “ ‘Im Moving To Canada,’ And Other Recent Overreactions To Political Events”,
Medialite, 9/11/2012).

6Another reason to examine exit and turnout involves simple math. As turnout in an area equals
votes/population, changes in turnout can occur when population shifts, even when the number of
votes does not.

7See also Rich and Jennings (2015).
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the responses of elected officials.8

Finally, the question of who exits strikes at a broader ambiguity from previous ac-

countability studies. For the most part, this literature has very little to say regarding

who responds to information about government performance. Most consider perfor-

mance information, if anything, to have a uniform impact. However, work from other

studies of voter behavior hints that such a model may be an oversimplification (e.g.,

Arceneaux and Nickerson, 2009; Enos et al., 2014). For example, some work sug-

gests that information may spur the involvement of those least likely to participate

(e.g., Di Gennaro and Dutton, 2006). This may occur if information has diminishing

returns (Lassen, 2005; Wolfinger et al., 2005). Under this response heterogeneity,

providing performance signals—school failure signals, in the case of NCLB—would

reduce inequalities in citizens’ use of voice and exit. Conversely, however, there

are reasons to suspect that performance signals may perpetuate inequality in these

outcomes. This may occur if recognition and responsiveness are contingent on in-

dividuals’ ability to process new information. Indeed, this explanation is central to

the idea of a knowledge gap from the political campaigns literature, which predicts

that new information technology will enhance participatory inequality (Holbrook,

2002). Given the current state of the accountability literature, however, which of

these scenarios is realized remains theoretically indeterminate.9

In sum, there remains much to be understood about the effectiveness of perfor-

mance accountability policies, including if citizens respond to performance informa-

8Exit heterogeneity could damage or enhance to accountability. If high propensity individuals
use exit, elected officials could be more likely to respond, because they lose the social and financial
contributions of these residents. Alternatively, elected officials could be less likely to respond because
the particularly active people have exited the area, and, as a result, the chances of being removed
from office diminish. This ambiguity deserves direct attention. Doing so here is simply beyond the
scope of this chapter. I seek to establish whether exit occurs; another valuable question is how exit
affects elected officials.

9Another heterogeneity of interest is along latent dimensions of support for those in power.
Those who support the incumbent may be demobilized by failure, while those who do not may be
mobilized. Unfortunately, I cannot explore this in my local context, due to the non-partisan nature
of the races I explore and the lack of available data on incumbency.
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tion, how they respond, and who is most likely to do so. Relying on a diverse set

of administrative data and a compelling statistical approach, I use No Child Left

Behind to examine these important topics.

2.4 Empirical Case: No Child Left Behind

Signed into law on January 8, 2002 as a bipartisan reform, No Child Left Behind

is widely considered the “most far-reaching education policy . . . over the last four

decades” (Dee and Jacob, 2011, 149). Since its implementation, NCLB has been the

primary means for improving education outcomes. By many accounts, the law has

fundamentally altered how public schools in the U.S. operate (Dee and Jacob, 2011;

Holbein and Ladd, 2015; McDonnell, 2009). The law has been a subject of intense

debate, with members of Congress almost fifteen years later continuing to argue over

its merits.10

No Child Left Behind is explicitly focused on raising overall performance and,

as the law’s name implies, reducing inequality. To accomplish these goals, the law

mandates that schools implement performance-based accountability systems. Under

NCLB’s performance system, measurement consists of administering standardized

tests to students. Publishing performance occurs through the labeling schools as

“failing” if arbitrary proficiency thresholds are not met. Dissemination of this in-

formation is achieved through letters from local school officials, an official website

that receives substantial web traffic, and various informal channels (see Section A.1

in the corresponding appendix). Nearby residents, regardless of whether they have

children in schools, have reason to pay attention to these failure signals, as these

play an important role in influencing housing values (Figlio and Lucas, 2004).

10The performance-based system No Child Left Behind created remains in force as of July, 2015.
President Barack Obama granted waivers to several states in 2012, but required that these keep
some form of performance accountability. Various revision bills have been brought to the floor of
Congress: as recently as July, 2013 and July, 2015.
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Research on the impact of NCLB has focused primarily on its role in influenc-

ing student test scores, finding mixed results (Holbein and Ladd, 2015). However,

beyond promoting student achievement, NCLB has another less-examined purpose.

Following standard accountability theory, NCLB was designed, in part, as a mech-

anism for increasing local accountability. When designed, it was hoped that this

reform would empower communities to hold local elected school officials accountable

(McDonnell, 2009). As evidence of this, the text of NCLB repeatedly mentions its

intention to “lower barriers to . . . participation” as a means of putting pressure on

local officials (e.g., ESEA 2002, 115 STAT. 1456). The law’s designers argued that

providing performance information would serve to put local “school boards . . . on

notice.”11

Despite this objective, little published work has examined the impact of NCLB

on measures of democratic accountability. The work that has been done has focused

on citizen attitudes rather than behavior; for example, Rhodes (2015) explored some

of the implications of NCLB for citizen efficacy, while Chingos et al. (2012) explored

failure’s impacts on subjective evaluations of schools. None have linked school per-

formance and validated individual behavior. Further, no study has explored how

citizens may respond—through voice, exit, or both—and who is likely to respond.

2.5 Data

To explore these topics, I use a combination of unique “big data” sources. The

approach used here links—for the first time—a rich set of administrative data from

public schools and election administration records. These observations come from a

single state: North Carolina. This is done due to the richness of student, school, and

registered voter data in the state. Unlike many other states, North Carolina has long

collected student-level information for all students in public schools, having almost

11Rep. George Miller, Congressional Record of the 107th Congress (2001-2002), pg. H2594
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20 years worth of individual-level student data. As described here, I use data from

the state that combines a large population of public schools over time (« 15,000)

and student-year observations (« 5,000,000) with the validated voting behavior of a

large sample of registered citizen-year observations (« 15,000,000). Bridging these

large datasets, I create a unique set of information that can be used to document—

among other things—the impact of school failure signals on metrics of democratic

accountability such as voter turnout in school board elections, competitiveness in

those elections, and exit from public schools.12

In this analysis, the independent variable of interest is whether or not schools

failed to make adequate yearly progress (AYP) under NCLB. The failure determi-

nation is described in detail in the methods section below, as it has direct bearing

on the identification strategy used. Generally speaking, AYP failure is determined

by low student performance on standardized tests. Low performing schools signal to

their surrounding communities that they have failed, while higher performing schools

do not.

To examine how school failure signals influence metrics of citizen responsiveness

relevant to democratic accountability, I use four outcomes. The first measure—

voter turnout—is often used in accountability studies (e.g., Banerjee et al., 2010;

Chen, 2013; Chong et al., 2011; Pande, 2011). In this study, I restrict the turnout

measure to elections where a school board race is on the ballot: when local school

performance is most salient to the vote at hand. In North Carolina, these elections

generally occur during May, even-year primaries.13 In addition to turnout, I examine

the competitiveness of school board elections, including the number of candidates

12Focusing on a single state has drawbacks. However, using North Carolina mitigates some of
these. As the tenth most populous state in the United States, the state has a diverse population
living in both rural and urban settings and voter turnout that is comparable to overall national
rates.

13I use turnout data from elections held 2004-2012.
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running and the margin of victory.14 These are also commonly used in accountability

studies (e.g., Berry and Howell, 2007; Ferraz and Finan, 2008; Niemi et al., 1995),

particularly in local races where data on incumbency is often not available.15 Finally,

I examine exit, or voting with one’s feet, which has rarely been used in accountability

studies. This outcome is measured using the school enrollments and exit data housed

at the North Carolina Education Resource Data Center (NCERDC). This large-scale

administrative dataset documents the flow of students into and out of the North

Carolina public schools, and is readily matchable to public school performance.16

The matching of school performance data to voter data requires some work.

These are collected at different levels—the unit of observation in the voter file is

the individual, while the unit of observation in the accountability data is the school.

Unfortunately, voter files generally do not indicate specific school assignment and

official school boundary maps are limited in their availability and quality. Thus, to

fit the two data sources together, I matched citizens to the school that minimized the

Euclidean distance (as the bird flies) between home addresses and public schools.17

This large-scale matching process was done four times: identifying an elementary,

middle, and high school for each voter, and one closest among the three.

This approach comes with distinct advantages. It allows for a breadth that pre-

vious studies linking schools and citizens have not possessed. Moreover, robustness

checks indicate that geographic matching approximates assignment matching suffi-

ciently for the identification strategy used. Importantly, geographic matching does

equally well on either side at the school failure cutoff. Put differently, those schools

14In North Carolina, school board outcomes are available primarily from 2008-2011.

15Unfortunately, incumbency is not available in the North Carolina school board outcomes data.

16I obtained these administrative files through the NCERDC’s standard data application proce-
dure.

17Geographic matching is becoming increasingly common. Several working papers including
Barrows (2014), Minkoff (2014), and Kogan et al. (2015) utilize this technique.
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that marginally fail are no more likely to be matched to an assigned school than

marginally passing schools. This makes it very unlikely that the geographic match-

ing procedure biases the regression discontinuity estimates outlined below. In short,

the matching procedure likely only introduces additional noise into these estimates:

making it harder to find an effect, if one is indeed present.18

Figure 2.1 illustrates the unique dataset this matching procedure produces. It

maps school performance in 2009-2010—a representative year—and voter turnout in

the next school board election. In the map, the points represent individual public

schools. These are shaded by performance under NCLB and sized by turnout in

the school zone. From the figure it appears that failing schools actually decrease

turnout in school board elections. This can be seen by the preponderance of large

grey dots (passing schools with high turnout) and relative lack of large black dots

(failing schools with high turnout). Bivariate models confirm this simple eyeball test:

showing that schools which fail have voter turnout that is 8% lower than schools that

pass.19

This difference is intuitive, but not terribly informative of performance informa-

tion’s effect. Even if we were to include a host of potentially important controls,

schools that fail would likely be different than schools that pass on a number of

unobservable dimensions. Perhaps most importantly, the relationship between per-

formance signals and voter turnout could be endogenous—voter turnout may be

strongly related to parent involvement or social capital, both of which are thought

to influence school performance (Helliwell and Putnam, 2007; Jeynes, 2007). In

short, this correlation between the performance and citizen response may be highly

misleading. Getting around this problem and isolating performance information’s

effect requires some form of causal identification strategy.

18The specification checks outlined here are discussed in the corresponding appendix.

19Based on a bivariate model of turnout on proximity to failure among the closest schools match.
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Figure 2.1: School Failure Signals & Voter Turnout

The map displays the performance of elementary schools in North Carolina in the 2009-2010 school
years matched to turnout information in the next local election. Points are colored by failure status
and sized by voter turnout in the school zone.

2.6 Methods

To estimate the unbiased impact of performance signals on citizen voice and exit, I

leverage a discontinuity in school performance at NCLB’s school failure cutoff. As

has been well established, observations that are sufficiently close to an arbitrary

discontinuity are separated primarily by exogenous shocks (e.g., Butler and Butler,

2006). Regression discontinuity models leverage this exogenous variation, using data

on either side of a discontinuity to establish treatment and control groups that are

similar on observables and unobservables. Under modest assumptions, RDD models

produce unbiased local average treatment effects (Lee and Lemieux, 2010a).20

Regression discontinuity models require two parameters: first, treatment and

second, the running variable. In the application used here, treatment consists of

a public school failing to make adequate yearly progress (AYP), sending a signal

to the surrounding community that the school has been labeled failing. Control

20I explore some of these assumptions in the corresponding appendix. In short, these checks
generally suggest that the school failure discontinuity is a valid source of exogenous performance
information.
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schools—those that marginally make AYP—receive no such signal. Under NCLB,

AYP status is determined by the proportion of students who score at proficiency on

standardized tests. The basic idea behind determining AYP status is that when too

few students reach proficiency, the school fails. NCLB complicates this slightly by

requiring that all student subgroups reach specified cutoffs; if one subgroup fails, the

entire school fails.21 Provisions allowing exemptions for passing further complicate

the determination failure. These exemptions include passing with growth (improving

sufficiently from one year to the next), or passing with interval (being sufficiently

close to passing). If either of these exemptions pulls a subgroup above the failure

cutoff, that subgroup passes. Despite this complicated formula, determining school

failure is straightforward given that school performance is made public—we know

very clearly the schools that failed and those that passed.

In contrast, the formula determining AYP status makes specifying the running

variable—or how close a school is to failing—difficult (but not impossible). Tradi-

tional regression discontinuity approaches use a single metric for the running variable.

In the NCLB application, with 20 subgroup scores and multiple channels for passing

with each subgroup, the rule used for choosing the running variable must account

for both of these features. To do so, I use the procedure developed by Ahn and Vig-

dor (2014a), which mirrors other approaches to specifying the running variable with

multiple inputs (e.g., Jacob and Lefgren, 2004; Matsudaira, 2008).22 This approach

follows the intuition behind the codified rules of NCLB. The first step chooses one

channel (overall, growth, or interval) for each subgroup in the school. The decision

rule used here is to choose the channel that gives each subgroup the highest score.

The intuition behind this decision rule is that, under NCLB’s rules, if any channel

21The 10 subgroups include: All students, American Indian, Asian, Black, Hispanic, Two or
More Races, White, Economically Disadvantaged, Limited English Proficiency, and Students with
Disabilities. These groups are measured in both reading and math, for 20 subgroup scores.

22Some have begun to grapple with using multiple measures determining multiple treatments
(Papay et al., 2011). However, I use multiple measures to determine a single treatment.
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places the subgroup above the threshold, that subgroup passes. Thus, the channel

that produces the highest score identifies how far a school’s performance would have

to deteriorate to not pass on a given subgroup.23 In the second step, one subgroup

score is chosen to represent how close the school was to failing. The decision rule for

the subgroup score is to choose the minimum subgroup score. The intuition behind

this decision rule is that, under NCLB’s rules, if any subgroup score falls below the

cutoff, the school fails. If schools are failing, passing occurs only once all subgroup

categories are brought above the threshold. Thus, the minimum subgroup score ap-

proximates how far a failing school has to improve to pass. (An example following

these two steps for an individual school is available in the corresponding appendix.)

This approach to specifying the running variable is more accurate than other nave

approaches. With the approach just outlined, I am able to correctly predict « 80% of

schools as either passing or failing; whereas, if I simply average across the subgroups

I am able to correctly predict only « 50% of schools’ performance. Misidentification

of school failure status does sometimes occur: in a handful of schools, the running

variable indicates that a school failed when we know from the public data that the

school was marked passing, or vice-versa. Such misidentification comes primarily

because of ambiguity in the interval exemption and in the other auxiliary measures

used to determine school failure status.24 Because I am not able to perfectly cate-

gorize schools with the proximity measure, fuzzy RD is required. This approach is

standard in applications with multiple inputs determining the running variable (Ahn

and Vigdor, 2014a; Matsudaira, 2008).

Fuzzy RDDs use an instrumental variables approach to adjust for non-compliance

(Angrist and Pischke, 2008; Hahn et al., 2001; Imbens and Lemieux, 2008). Like in

23This approach assumes that all channels improve (or deteriorate) in an order-preserving fash-
ion.

24The exact interval used by the state is not made public and some provisions for NCLB’s other
academic indicators are somewhat unclear (Ahn and Vigdor, 2014a).
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randomized-control experiments, Fuzzy RDD corrects for non-compliance by using

treatment assignment as an instrument for treatment receipt. In the NCLB appli-

cation, treatment assignment is predicted failure (based on the running variable)

and treatment receipt is whether or not a school actually failed to make AYP. The

limited non-compliance in this application comes from schools that are, as best we

can tell, marked failing when they should actually be passing, or vice-versa. Still, as

non-compliance of this type is relatively rare, the instrument is sufficiently strong to

satisfy the assumptions of IV models (Stock and Yogo, 2005).25

Equations 2.1 and 2.2 show a simplified form of my fuzzy RD models. Each of

the variables in the model is indexed at the individual (i), school (s), or year (t) level.

Fst “ γ0 ` γ1Pst ` gpRstq ` γ2Xist ` δs ` ξist (2.1)

Yit “ β0 ` β1F̂st ` gpRstq ` β2Xist ` δs ` εist (2.2)

In the first-stage, actual AYP failure status (Fst) is estimated as a function of the

running variable (gpRstq)—which I model using a quartic polynomial, but with other

parametric and flexible non-parametric specifications in robustness checks—and the

excluded instrument determined by the running variable (Pst). The simultaneously

estimated second stage produces the causal effect of signaled failure on the outcomes

of interest (Yit): school board turnout, electoral competitiveness in board elections,

and school exit.26

Also included in the models are a vector of time varying covariates (Xist) and a

school fixed effect (δs). Including a school fixed effect is similar to combining a regres-

sion discontinuity with a difference–in–difference approach (Holbein and Hillygus,

25The standard F–statistics for instrument strength are provided in the results tables below.
The first stage plots are shown in the appendix (see Section A.8).

26Models are run at the school level and weighted according to the number of registered voters
(when turnout is the outcome) or students in the school (when exit is the outcome). This approach
preserves the rich nature of the individual-level data, while improving computation time.
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2016; Jacob and Lefgren, 2004). This approach leverages variation within schools’

performance across the running variable over time. This protects against the limited

possibility that schools on either side of the failure cutoff are different in unobserved

ways. While specification checks provided in the corresponding appendix indicate

this is likely a minimal problem, this is done out of an abundance of caution for

potential unobserved imbalances unique to the failure cutoff. In addition to increas-

ing internal validity, this approach allows us to estimate a compelling change. It

compares how citizens react when their school goes, for example, from nearly failing

in one year to actually marginally failing in another. With the RDD and the school

fixed effect, this approach holds constant unobserved factors that might bias the

relationship of interest.

Despite the causal leverage this RDD design allows, the focus on a discrete failure

signal might make it more difficult to find evidence of citizen responsiveness to per-

formance information. If individuals have access to a continuous set of performance

information, signals that come from arbitrary breaks in that set of performance in-

formation could be meaningless and, as such, would have little impact on individual

behavior (Ahn and Vigdor, 2014b). Simply put, discrete school failure signals might

add no new information to a fully-informed citizenry. In contrast, this shouldn’t be

a problem if citizens pay limited attention except when an alarm is sounded that

government performance has fallen below a particular threshold or tipping point.

Under limited information, exogenous school performance signals should enhance

citizen learning—giving citizens a clear and accessible marker for what exactly con-

stitutes unacceptable government performance. In short, whether citizens respond

to school performance signals is unclear, deserving empirical attention, which the

RDD approach used here allows.
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2.6.1 Methods: Who Responds

The regression discontinuity model used, despite its internal validity, reveals very

little about who responds to performance signals. In order to explore this equally

important topic, I use two complimentary approaches: model stratification and quan-

tile regression. Both of these have limitations, but they combine to give us a picture

of who responds to school failure signals. The first approach simply looks for differ-

ences in the regression discontinuity estimates across individual attributes of interest

(vote propensity in this case). This approach makes arbitrary decisions about who

belongs to high propensity and low propensity groups, estimates an average treat-

ment effect for both groups, and then compares the resultant coefficients. With this

approach, when turnout is the outcome, I stratify on whether individuals voted in

the previous school board election; when exit is the outcome, I stratify on individ-

uals’ SES (from the school records), race/ethnicity (school records), and turnout

within the school zone (voter files).27 These variables are informative of what types

of voters—be they high or low propensity—react to failure signals.28

To go one step further, when turnout is the outcome I also use quantile regres-

sion.29 Quantile regression is preferred by many as a means of exploring treatment

heterogeneity because this approach avoids arbitrary decisions of how to define sub-

groups and because it gives a more comprehensive picture of treatment effects (An-

grist and Pischke, 2008, Ch. 7).30 This alternate approach is a data-driven way to

look for treatment heterogeneity. Quantile regression estimates effects across levels

27I use these because I do not have an individual-level match between individual exiters and
voters. As such, I have to use information that is available at the individual level in the school files
or at the school-level in the voter files that proxy for turnout.

28In North Carolina, the race/ethnicity and SES participation gaps is noticeable, with both
factors being strongly predictive of turnout.

29Quantile regression is less appropriate when exit is the outcome because the exit distribution
may not correspond with vote propensity.

30To use quantile regression the distribution of the outcome must be continuous and relatively
smooth across the distribution. Turnout in school zones satisfies these conditions.
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of a continuous dependent variable (Koenker, 2005; Yu et al., 2003). Put differently,

quantile regression examines the effect of treatment on the conditional quantiles of

the dependent variable. Given its virtues, quantile regression has been used in a

number of situations: as the standard approach to looking for unequal impacts of

public works projects (e.g., Gamper-Rabindran et al., 2010), healthcare interven-

tions (e.g., Austin et al., 2005), education policies (e.g., Eide and Showalter, 1998),

and educational attainment’s effect on income inequality (e.g., Martins and Pereira,

2004).31 The use of quantile regression in the NCLB application is similar. Here, I

combine quantile regression with the regression discontinuity models to see whether

school failure signals increase turnout around high turnout schools more than low

turnout schools. Or, put differently, whether failure signals shift the top of the school

turnout distribution more than the bottom. This approach preserves the internal va-

lidity of the regression discontinuity models, while giving us a data-driven approach

to examine what type of citizens respond to school failure signals. If failure signals

have larger effects as we move up the turnout distribution, we can conclude these

promote a citizen response most among high propensity citizens.32

2.7 Results

I first examine how failure signals influence voice-based citizen responses. Table A.2

shows the effect of school performance signals on voter turnout. The results indicate

that having a marginally failing school nearby increases school board turnout by

approximately 5–8 percentage points. The estimates are highly significant regardless

of the school level considered.33 Signaled failure, in short, increases voter turnout in

31In this application, the question remains whether the causal impact of attainment has been
identified.

32School fixed effects are omitted in the quantile models, as combining these two is methodolog-
ically problematic (Gamper-Rabindran et al., 2010).

33This is true even with a conservative approach to estimating the standard errors. Here I cluster
the standard errors at a higher level than treatment (the school instead of the school-year level).
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school board elections.

Table 2.1: School Failure Signals & Turnout

[1] [2] [3] [4]
DV: Turnout DV: Turnout DV: Turnout DV: Turnout

(Closest) (Elementary) (Middle) (High)

Failure Signal (β1) .025* .052* .079* .051*
[.003, .047] [.020, .083] [.026, .132] [.001, .102]

Controls Yes Yes Yes Yes
Fixed Effect (school) Yes Yes Yes Yes
F (Ho: weak instr.) 10682588 4963459 7464324 8325778
R2 0.034 0.045 0.069 0.012
γ3 23 145 81 16
N (voter-years) 15220029 15928665 15372842 14273646
N (school-years) 13561 7662 3623 3145

Notes: * p ă .05. 95% Confidence intervals in braces. Constant suppressed so as to
include all fixed effects. Standard errors are clustered to school level. Unit of anal-
ysis: school-year (population weighted). Bandwidth: full range. Running variable:
quartic. Controls: % African American (voter file), % Female (voter file), school
size (school file). The Esarey-Danneman parameter which nullifies the estimates is
denoted by γ.

When considering the substantive meaning of these effects, a few comparisons

are useful. First, we can compare these estimates to the turnout distribution. When

we standardize the outcome, we can see that failure’s effect in closest (.09σ), ele-

mentary (.19σ), middle (.31σ), and high (.20σ) schools is noticeable.34 Second, we

can compare the estimates to the margin of victory in school board elections. Over

the period of study in North Carolina, school board elections were very close. When

compared to the margin of victory, the turnout increases are greater than or equal to

31% (closest), 43% (elementary), 48% (middle), and 43% (high) of the school board

races. Third, using the strong body of work from GOTV studies as a benchmark,

school failure compares favorably. The mobilizing effect of a failing school signal is

smaller than a typical face-to-face contact, but noticeably larger than typical phone

interventions and mailers (Green and Gerber, 2008; Green et al., 2003). Finally, we

This is done due to the inherent difficulties involving non-nested data with fixed effects.

34The limitations of standardized coefficients are well known. I include these numbers as a
reference for education policy researchers, who frequently use these.
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can implement a Bayesian technique that estimates a parameter for how risk averse

to false positives a researcher would have to be in order to nullify a statistically sig-

nificant effect (Esarey and Danneman, 2015).35 When applied to the school failure

estimates, this technique shows that even with a very strong aversion to false pos-

itives, the effect of a failing school on turnout remains robust. Thus, regardless of

the technique used, school failure’s mobilizing effect appears substantively large.

Figure 2.2 shows this effect visually (see also figure A.5 in the Appendix). Fail-

ure’s effect on turnout can be seen in the vertical jump in turnout at the failure

cutoff. This effect is apparent across various alternate specifications of the running

variable.

These results show that performance information increases turnout. Still, the

possibility remains that a particularly active group drives this increase. As was men-

tioned earlier, existing theories offer conflicting predictions for how responsiveness

to performance information varies across individuals’ propensity to participate. If

school failure mobilizes high and low-turnout individuals equivalently, we should ex-

pect to see that the results are similar across models that stratify on vote history

and across the coefficients of the quantile regressions.

In reality, this is not what we observe. Instead, failure signals are much more

likely to mobilize people who have previously voted in school board elections. The

treatment effect for those who voted in the last election is 4.6 percentage points

(p « 0.02), while the treatment effect for those who did not is only 0.8 percentage

points (p « 0.67).36 These coefficients are substantively different (the effect for

previous voters is 5.75 times larger than the effect for non-voters) and statistically

35This process estimates a parameter that describes the valuation ratio for correct and incorrect
decisions. Esarey and Danneman (2015, 14) recommend a ratio of at least γ “ 2 for substantive
significance.

36The same pattern holds when stratifying on individual turnout two (voted: 2.2%; not voted:
0.0%) and three elections previous (voted: 5.2%; not voted: 1.3%).
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Figure 2.2: School Failure Signals’ Effect on Turnout

The figure above displays the causal effect of elementary school failure on voter turnout in the next
school board election. Points in the background display levels of turnout in the school zone, with
binned averages bolded. The effect of failure on turnout is the distance between the corresponding
lines. The figure demonstrates the effect is robust to alternate parameterizations of the running
variable.

distinct (pă0.05). The quantile regressions show the same thing. From these we can

see that failure moves the top of the turnout distribution more than the bottom.

For example, school failure raises the 80th percentile of the turnout distribution by

13% while only moving turnout at the 10th percentile by 5%. Like the stratification

results, these two coefficients are statistically and substantively distinct.

Figure 2.3 shows the quantile regression results visually, plotting the turnout dis-

tribution for marginally passing and marginally failing schools. Overlaid are lines

for the 50th (solid) and 75th (dashed) percentiles, corresponding to both distribu-

tions. The difference between these corresponding percentile lines represents the

29



quantile regression coefficients at the 50th and 75th percentiles. As can be seen,

failure primarily shifts the upper portion of the turnout distribution. Comparing

groups in the bottom turnout quartile and those in the top reveals a treatment effect

that is 5.5 percentage points greater for high turnout individuals.37 (Figure A.9 in

the corresponding appendix provides a more detailed plot of the quantile regression

coefficients, with their corresponding levels of uncertainty.)

What do these results mean? Because school failure signals predominantly mo-

bilize those who have recently voted and those at the top of turnout distribution,

we can infer that performance information primarily promotes participation among

those that are already likely to engage at baseline. In short, this evidence is con-

sistent with performance signals encouraging an unequal response. This suggests an

important stratification not previously considered in accountability models. Perfor-

mance information may increase average levels of citizen engagement, but it may do

so at the cost of promoting participatory inequality.

Beyond changing turnout levels, failure signals appear to also influence election

outcomes. To see this, we must step back from the level of the citizen—due to

the secret nature of the ballot—to a higher level of aggregation. Such an approach

models the margin of victory and the number of candidates running in school board

elections as a function of failure and proximity to failure in school districts. I specify

treatment in these models through a count measure of the number of schools failing

in the district in a given year. For these models, proximity is calculated using the

average running variable score in the district. Even at this higher level of aggregation,

there exists a discrete jump in the number of failing schools at the point where the

average district score crosses zero. As such, the results are analogous to the school-

37The differences between the 25th and 75th quantile estimates in closest and elementary schools
are both substantively noticeable and statistically meaningful (closest, p=0.03; elementary, p=0.03).
In middle schools, the difference is substantively meaningful, but not precise enough—perhaps due
to the relatively few number of middle schools—to drawn clear inferences (p=0.47). In high schools,
the pattern is less clear (p=0.22).
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Figure 2.3: School Failure Signals & Participatory Inequality

The two distributions are smoothed kernel densities with a bandwidth of 0.1 points around the
failure cutoff. The lines represent the 50th (solid) and 75th percentiles (dashed). The distance
between the corresponding black and grey lines represent coefficient estimates from 50th and 75th
quantile regressions. The figures show that failure signals move the top of the turnout distribution
more than the bottom, showing an unequal response.

level RDD models.38 The results from these models can be interpreted as estimates

of how citizens respond when school failure in a given school district increases.

Table 2.2 shows the results of these models. The results suggest that when

citizens receive signals that schools in their district are performing poorly, they hold

local school board officials accountable. Races with more failing schools see more

candidates running and tighter election outcomes. When the number of elementary

schools failing increases by a standard deviation (« 6 schools), school board races

38These models omit the school fixed effect because the level of observation is now the district
and precise manipulation is much less likely at this higher level of aggregation.
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see about 1-2 additional candidates running and margins of victory that are about

1-3 points narrower. This shift is noticeable: large enough to swing about 25% of

school board elections observed in the sample. Put differently, a simple calculation

suggests that somewhere between 20-60% of the citizens mobilized by failure altered

their vote choice.39 In short, when schools fail, citizens become willing for a change in

the school board leadership. Potential challengers, noticing the opportunity, choose

to run at a higher rate.

39(1% ∆ MOV/ 5% ∆ turnout= 20%) or (3% ∆ MOV/ 5% ∆ turnout= 60%).
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Table 2.2: School Failure Signals & Electoral Competition

[1] [2] [3] [4] [5] [6]
DV: DV: DV: DV: DV: DV:

# Running # Running # Running # Running # Running # Running
(High) (Elementary) (Middle) (Middle) (High) (High)

Failure Signal 1.37* 1.42* 1.33* 1.76* 1.05* -.492*
[1.27, 1.46] [1.23, 1.62] [1.23, 1.42] [1.53, 1.98] [.933, 1.17] [-.724, -.259]

Controls No Yes No Yes No Yes
Constant 2.81* 3.90* 2.76* 4.19* 2.70* 1.91*

[2.63, 2.99] [3.50, 4.30] [2.58, 2.95] [3.78, 4.60] [2.49, 2.91] [1.48, 2.33]
R2 0.445 0.492 0.424 0.497 0.224 0.395
γ ă 100 ă 100 ă 100 ă 100 ă 100 ă 100
N 1062 1062 1062 1062 1062 1062

[7] [8] [9] [10] [11] [12]
DV: MoV DV: MoV DV: MoV DV: MoV DV: MoV DV: MoV

(Elementary) (Elementary) (Middle) (Middle) (High) (High)

Failure Signal -.017* -.025* -.015* -.037* -0.007 0.003
[-.028, -.007] [-.044, -.006] [-.025, -.005] [-.061, -.014] [-.017, .003] [-.018, .026]

Controls No Yes No Yes No Yes
Constant .118* .400* .119* .387* .119* .429*

[.095, .142] [.340, .458] [.096, .143] [.328, .446] [.096, .144] [.368, .490]
R2 0.02 0.285 0.018 0.224 0.013 0.283
γ ă 100 41 ă 100 100 7 2
N 1064 1064 1064 1064 1064 1064

* p ă .05. 95% Confidence below coefficients. MoV“ Margin of Victory; # Running = # Running/
# Seats. Constant suppressed so as to include all fixed effects. Standard errors are clustered to school
level. Unit of analysis: school–year (population weighted). Bandwidth: full. Running variable: quartic.
Controls: % Af. Amer. (voter file), % Female (voter file), School N (school file). Esarey-Danneman
parameter which makes the estimates 0 is denoted by γ.
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Qualitative evidence is consistent these empirical findings. Wake County (home

of Raleigh—the second largest city in the state) Public Schools’ experience is illus-

trative. In 2008, 80% of schools failed. This put residents in this model district

in unfamiliar territory—in the bottom quartile of the state. This large increase in

the number of failing schools shaped the number of challengers that ran for the

board—an abnormally high nine ran in the next election to fill four seats, putting

the race in the top quartile of race competitiveness. Christopher Malone, a school

board challenger—and eventual board member—stated bluntly that he was chal-

lenging for a spot on the school board because, “we have too many failing schools

[in Wake County].” Likewise, after a large number of Chatham County schools

received failing marks in 2007, the subsequent school board race was particularly

contentious—eliciting a retirement and two challengers for a seat that had previously

gone unchallenged. The race came down to a 2.5 percentage point margin—three

times smaller than the surrounding elections in the district. Before the election,

challenger Flint O’Brien described his reasons for running as fulfilling a desire to

“work to fix [Chatham’s failing schools] instead of running away,” alluding to the

option many parents were taking to exit failing schools in the district.40,41

2.7.1 Results: Failure Signals and Exit

Besides working to remove those deemed responsible for failure, citizens may choose

to exit failing schools: voting with their feet instead of at the ballot box. To examine

whether this occurs, I turn to data on the number of students exiting individual

schools each year.

40See Chris Malone and Flint O’Brien candidate questionnaires at www.indyweek.com.

41Some incumbents—perhaps anticipating challengers—also seem conscientious of NCLB label-
ing their schools failing. In 2011, when only four of 27 schools in the Nash-Rocky Mount Public
Schools made AYP, Evelyn Bulluck—board vice-chairwoman, who was up for re-election the next
year—remarked “Proficiency levels are way down, and we’re not pleased with those schools that
haven’t made AYP . . . We are displeased at having not met our standards. We will need to come
up with a different strategy to improve” (see “Nash Schools Need Improvement this Year,” The
Bailey/Middlesex News, 2011)
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My regression discontinuity models indicate that school failure signals also cause

an increase in residents’ voting with their feet. Table 3 shows that school failure

causes residents to exit, causing about 16 more families to leave in the next year than

in marginally passing schools. Figure 2.4 presents this effect visually, by showing the

discrete jump in exit at the failure cutoff. Of the 16 failure-induced exits, about

10 families transfer to other schools: most of which occur within districts.42 These

estimates are all highly significant. Citizens, in short, use exit when they are given

a signal of low public school performance.

42Transfers are allowed if a school has failed twice consecutively and is under the first year of
sanctions. Most of the failure-induced transfers occur when this is the case. However, a few transfers
out of schools do occur when a school fails and is not under sanction. This estimate is about a
quarter of the size of the estimate when sanctions are in place, and is statistically significant. These
non-sanction transfers are possible because of the exemptions offered—general, hardship, or safety
exemptions—are available and because of the state’s growing number of charter schools.
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Table 2.3: School Failure Signals & Exit

[1] [2] [3] [4] [5] [6] [7] [8]

DV:
# # White # Black # Hispanic # Non- #FRL # Exit # Exit

Exit Exit Exit Exit FRL Exit Exit (High Vote) (Low Vote)

Fail Signal (β1) 15.99* 10.46* 2.44 2.16 28.4* 6.39 16.85* 7.25
[1.22, 30.78] [3.61, 17.30] [-6.08, 10.95] [-.330, 4.64] [5.09, 51.72] [-6.84, 19.62] [.604, 33.09] [-3.90, 18.39]

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
F–Weak Instr. 2288074 2288074 2288074 2288074 2288074 2288074 2288074 2288074
R2 0.150 0.117 0.113 0.119 0.206 0.230 0.969 0.942
γ 19 88 3 10 30 4 17 6
N (students) 4914921 4914921 4914921 4914921 4914921 4914921 1425972 3547646
N (schools) 10236 10236 10236 10236 10236 10236 2894 7342

Notes: * p ă.05. 95% Confidence below coefficients. Constant suppressed so as to include all fixed effects. Unit of analysis: school-year
(weighted). Standard errors are clustered to school level. FE= school fixed effects. Bandwidth: full range. Runing variable: quartic.
Controls: % African American (voter file), % Female (voter file), school size (school file). γ is the Esarey-Danneman risk-aversion
parameter at which coefficients become 0 (recommended threshold: γ=2). Affluence measured through free-reduced price lunch (FRL).
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To consider the substantive significance of these estimates, a few comparisons

are illuminating. First, we can compare these estimates to the distribution of exit

from schools. The results represent about 10% of a standard deviation of the usual

exits that occur in North Carolina schools in a given year—a noticeable amount.

Second, when we compare the coefficients to the distribution of school size in North

Carolina schools, it can be seen that the exit estimate represents just less than

1% of an average school’s population. Though this may seem small, this effect is

meaningful. The number of students exiting in response to failure means the loss

revenue for schools. Given the state’s funding formula, the number of students lost

is approximately equal to one classroom (or one teacher). For public schools this

also means the loss of funding for other programs. Taken together, a back-of-the-

envelope calculation reveals that failure-induced exit leads to about a $54,000 decline

in funding.43 This amount, though perhaps too small for the general population to

notice, represents a crucial amount for school officials, especially in times of tight

education budgets.44

In short, it appears that failure signals—in addition to shifting patterns of cit-

izen voice—also have a meaningful effect on patterns of citizen exit. This result is

important; it suggests that not only does performance information spur voice-based

responses—mobilizing and shifting voters’ choices, as others have shown—it also

promotes citizen responsiveness through exit.

That said, like voice-based responses, only a select few use exit. Table 3 shows

43This estimate was based on the cost of a teacher and the cost of other programs. Failure-
induced exit amounts to a loss of about 1 teacher. In the state, teacher salaries range from about
$30–$45k per year. If we use the lower salary estimate, the funding lost for teachers due to failure
is $30k. Regarding other programs, schools are allocated about $1,500 per student for various
programs (teacher assistants, etc.). Thus, schools that lose 16 students due to failure, receive about
$24,000 less for these programs. Hence: $30,000 (teacher salary) ` $24,000 (other programs).

44Such post-treatment declines in funding are unlikely to drive the voice responses documented
here. I explore this possibility empirically in the corresponding appendix. In short, changes in
funding that do occur, but likely do after the board elections are held. More importantly, failure-
induced changes to funding are not signaled to the public in a transparent way and are relatively
small compared to the broader funding structure that is locked into place before school failure
status is determined.
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Figure 2.4: School Failure Signals’ Effect on Exit

Figure displays the causal effect of elementary school failure on the number exits from the school.
Points in the background display the number of exits from a school, with binned averages bolded.
The effect of failure is the distance between the corresponding lines. The figure demonstrates the
effect is robust to alternate parameterizations of the running variable.

this by presenting the coefficients stratified over three proxies of vote propensity:

socioeconomic status, race/ethnicity, and the turnout in the area around the school.

If failure signals encourage exit among low propensity residents, we would expect to

see low SES individuals, minorities, and those living in low turnout areas to use exit

when their school fails.

Yet, this is not what we observe. Columns 1-3 first explore racial patterns in

failure-induced exit. These show that school failure causes white residents to exit

much more than minorities. Columns 4-5 show exit patterns across levels of affluence.

These indicate that affluent students are more likely than poor to exit in response to

school failure signals. Finally, columns 6-7 show exit patterns across school turnout
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levels. These models indicate that high turnout areas are more likely to see higher

exit in response to a failure signal than low. In short, failure is most likely to

elicit an exit response from white, affluent families in high turnout school zones.

Together, these models suggest that performance information does not empower low

propensity participators, as some have argued (e.g., Warren, 2011), through exit.

This distinction is meaningful, suggesting that rather than being an empowering

alternate venue for citizen accountability, exit does little to fill the voice-based gaps

caused by performance signals.

2.8 Conclusion

This chapter provides causal evidence that citizens are responsive to government

performance information provided through performance accountability policies. I

have shown that when school performance falls below No Child Left Behind’s failure

threshold, citizens voice their displeasure: turning out at higher rates in school board

elections and increasing their competitiveness. Additionally, as theory has long pre-

dicted but few studies have explored, performance information also primes citizens’

use of exit. Given these increases in citizen responsiveness, performance accountabil-

ity appears to have a role to play in remediating low levels of citizen information.

However, these gains do not distribute themselves equally. With both voice and

exit, high propensity citizens appear to be much more likely to react to a signal than

low propensity citizens. Instead of performance accountability reforms filling gaps in

citizen responsiveness, as many of them intend, these appear to actually exacerbate

inequalities in citizen responsiveness.

Given citizen responsiveness’ key role in models of democratic accountability,

these offer two key contributions to research in this area. First, the results suggest

that accountability studies have focused myopically on votes and other voice-related

metrics. It appears that citizens use exit as an alternate venue when they are dis-
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satisfied with government performance. As such, those who fail to explore exit in

accountability studies may come to the wrong conclusions about citizen responsive-

ness to information about government performance. Given exit’s potential as a tool

for enhancing accountability, this act has been under-explored.45 Second, the results

suggest that contemporary accountability models should consider the possibility that

citizens respond unequally to the same information about government performance.

Models that look only for a uniform response may miss meaningful heterogeneity in

citizen responsiveness. This finding has important policy implications. If we believe

that citizen responsiveness drives government accountability—the likely result of per-

formance signals is to encourage inequalities in democratic accountability.46 Given

these results, performance accountability approaches to addressing information gaps

may not enhance accountability for all.

The source of this unequal response is unclear. If this inequality arises because

disadvantaged, low propensity citizens do not have easy access to performance infor-

mation, policy enhancements regarding how performance information is formatted

and distributed may be in order. If, however, these gaps arise because low propen-

sity citizens have more obstacles in the way of exercising voice and exit, changes

to performance information may not be enough to close this gap. For example, if

low propensity participators would like to use exit to leave failing schools, but have

limited capacity to do so—because of moving or transportation costs—performance

accountability reforms may not be enough. Such a situation would call for compli-

mentary policies that simultaneously target the elimination of these obstacles.

Regardless of the reasons driving this unequal response, this finding has trou-

45It remains to be seen whether the theoretical prediction that elected officials actually respond
to exit is actually realized. Such a topic is valuable, but simply beyond the scope of this chapter.

46Of course, responsiveness from elected officials may breakdown (e.g., Ashworth, 2012; Healy
and Malhotra, 2009, 2013; Nielsen and Moynihan, 2014). Future research should pay careful at-
tention to the effect of responsiveness inequalities on elected official responses, governance quality,
and citizen welfare. In particular, substantial work remains to see the downstream consequences of
unequal exit.
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bling implications for performance accountability reforms. Performance accountabil-

ity systems are widespread and rapidly spreading—these reforms can now be found

in health, penal, non-profit, environmental, agricultural, and foreign policy sectors.

Many of these systems, including No Child Left Behind, intend to not only draw

out a citizen response, but to do so broadly: with these reforms placing special fo-

cus on empowering disadvantaged citizens. The results presented here suggest that

these systems may struggle to achieve this objective, and may even make things

worse. Thus, policy-makers should proceed with care—these systems may spur local

accountability among some, but leave many citizens perpetually behind.
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3

Making Young Voters: The Impact of
Preregistration on Youth Turnout

3.1 Overview

Recent research has cast doubt on the potential for various electoral reforms to in-

crease voter turnout. In this chapter we examine the effectiveness of preregistration

laws, which allow young citizens to register before being eligible to vote. We use two

empirical approaches to evaluate the impact of preregistration on youth turnout.

First, we implement difference-in-difference and lag models to bracket the causal ef-

fect of preregistration implementation using the 2000-2012 Current Population Sur-

vey. Second, focusing on the state of Florida, we leverage a discontinuity based

on date of birth to estimate the effect of increased preregistration exposure on the

turnout of young registrants. In both approaches we find preregistration increases

This chapter was coauthored with D. Sunshine Hillygus and is forthcoming at the American
Journal of Political Science. See Holbein, John B., and D. Sunshine Hillygus. “Making Young
Voters: The Impact of Preregistration on Youth Turnout.” American Journal of Political Science
(forthcoming). Data and code for replicating our results can be found on the AJPS Data Archive
on Dataverse.
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voter turnout, with equal effectiveness for various subgroups in the electorate. More

broadly, observed patterns suggest that campaign context and supporting institu-

tions may help to determine when and if electoral reforms are effective.

3.2 Introduction

Even within federal constraints, there remains considerable variation across states

in the ease of voter registration. Political scientists have long debated the extent to

which voter turnout might be fostered or hindered by various electoral rules, such as

registration windows (Brians and Grofman, 2001; Hanmer, 2009; Keele and Minozzi,

2013; Leighley and Nagler, 2013; Neiheisel and Burden, 2012), voter identification

restrictions (Alvarez et al., 2008; Atkeson et al., 2010; Erikson and Minnite, 2009;

Mycoff et al., 2007; Vercellotti and Anderson, 2006), or online registration tools

(Bennion and Nickerson, 2011; Hanmer et al., 2010; Herrnson et al., 2008; Niemi

et al., 2009; Ponoroff and Weiser, 2010). While it was once commonly assumed that

reducing legal obstacles to voting would inevitably lead to higher turnout (Burnham,

1987; Lijphart, 1997; Powell, 1986; Wolfinger and Rosenstone, 1980) more recent

scholarship has challenged such optimistic conclusions; instead finding that electoral

reforms often have little effect (Burden and Neiheisel, 2013; Erikson and Minnite,

2009; Keele and Minozzi, 2013) or can even depress political engagement (Burden

et al., 2014). As one scholar succinctly put it, “non-participants are not likely to

flood the polls simply because registration barriers diminish” (Timpone, 1998, 155).

An electoral reform that has nonetheless gained momentum in recent years is

preregistration, whereby individuals younger than 18 are able to complete their reg-

istration application so that they are automatically added to the registration rolls

once they come of age. Preregistration laws have been implemented in a dozen

states, debated in at least 19 other states in the last 5 years, and proposed in the

U.S. Congress. The policy is of particular salience and controversy in North Car-
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olina where preregistration was implemented with wide bipartisan support in 2009

and then abruptly repealed 4 years later by a newly-elected Republican majority in

the state legislature.1 Allegations swirled that the repeal was an attempt to impede

future turnout among young voters, who had disproportionately voted Democratic

in the 2012 election.2 On both sides of the aisle, policymakers seemed to assume

that preregistration would increase youth turnout; unfortunately, there have been no

empirical evaluations of the effectiveness of preregistration laws. And recent schol-

arly research evaluating other electoral reforms offers a rather bleak outlook for the

potential to increase citizen engagement through institutional changes.

In this chapter, we estimate the causal effect of preregistration on youth turnout

using two complementary approaches. First, using a nationally-representative, pooled

cross-section from the 2000-2012 Current Population Survey we implement a difference-

in-difference approach. We supplement this with lag models to create bracketed esti-

mates of preregistration’s impact (Angrist and Pischke, 2008; Manski, 1990). Second,

focusing on the state of Florida, we leverage a discontinuity in preregistration rates

based on date of birth, using fuzzy regression discontinuity models to estimate the

effect of preregistration on future turnout. Whereas the first approach offers strong

external validity, the second approach offers strong internal validity as to the es-

timated effect of preregistration. In both approaches we find that preregistration

has positive and significant effects on young voters’ participation rates. From the

difference-in-difference model, we find that preregistration laws increased turnout

rates by 13%, with the lag model indicating a lower bound of 2%. From the regres-

sion discontinuity models, we find that, among those who comply by preregistering,

1In the NC House of Representatives, 88% of Republican members voted in favor of the prereg-
istration bill in 2009; in 2013, 100% of Republican members voted for its repeal in a bill instituting
a number of additional voting restrictions.

2See, for instance, “North Carolina Voter ID Law Targets College Students” in the Huffington
Post (7/7/13) or “President Obama May Hit Political Turbulence in North Carolina visit” in the
Washington Post (1/14/14).
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voter turnout is about 8 percentage points higher than a comparable control group.

Our analysis also finds that preregistration increases turnout across a variety of

subgroups, including by gender, race, and party. Most notably, preregistration is

equally effective for Democratic and Republican registrants, with a net mobilization

effect that actually slightly narrows the Democratic advantage among young voters.

Beyond speaking to a timely policy debate, our results also offer a framework that

helps to explain if and when electoral reforms might increase turnout. In contrast

to other reforms, preregistration laws appear to leverage the malleability of political

interest by targeting young citizens when they are in school and during the increased

excitement, motivation, and mobilization of political campaigns. These results sug-

gest that contextual factors and supporting institutions play an important role in

determining the potential for electoral reforms to increase civic engagement.

3.3 Background

Political scholars and policymakers have long puzzled about the dismal participa-

tion rates of young Americans. Since 18 year olds were given the right to vote in

1972, there has been a persistent age gap in voter turnout. In 1972, 50% of 18 to

24 year-olds voted compared to 70% of those age 25 and older; in 2012, this gap

remained stubbornly high with turnout levels at 41% and 65%, respectively.3 The

low turnout rates of young Americans have been attributed to a variety of factors.

Some researchers focus on the lower levels of resources among young people that

can impede participation (Wolfinger and Rosenstone, 1980). Newly eligible voters

may also be unfamiliar with the ins and outs of casting a ballot, including how and

where to register to vote, making them more likely to miss registration windows or

requirements (McDonald, 2009). Even if these informational costs are small, they

3Youth turnout rates drawn from The Center for Information and Research on Civic Learn-
ing and Engagement’s (CIRCLE) 2012 report on youth turnout: http://www.civicyouth.org/wp-
content/uploads/2013/05/CIRCLE 2013FS YouthVoting2012FINAL.pdf.
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may deter some potential voters (e.g., Brady and McNulty, 2011). And increased

geographic mobility means young people are especially likely to incur these barriers

repeatedly (Ansolabehere et al., 2012; Highton, 2000; McDonald, 2008).

Politicians, journalists, and policy advocates argue that preregistration reforms

will increase youth turnout by reducing these voting costs (Cherry, 2011). Preregis-

tration laws allow citizens younger than 18 to add their names to registration rolls

before they are eligible to vote; for instance, when applying for a driver’s license.4 In

introducing the “The Gateway to Democracy Act” in the U.S. House of Representa-

tives, Congressman Edward Markey (D-MA) made such an argument in his appeal

for a country-wide preregistration law: “it is in the best interest of the country to

make it as easy as possible for the youth of our nation to go to the polls for the

first time....[The Gateway to Democracy Act] allows young people to take care of the

paperwork ahead of time so that they don’t have anything standing in their way on

Election Day.”5

Despite the sanguine claims of preregistration proponents, there have been few

attempts to empirically evaluate the effectiveness of preregistration laws. In the one

exception, McDonald and Thornburg (2010) find higher turnout rates in Florida and

Hawaii among those who preregistered compared to those who registered after they

turned 18—pre-registrants were 4.7% more likely to vote in the 2008 election than

those who registered after they turned eighteen. Although consistent with the claim

that preregistration increases turnout, the findings are far from conclusive. Looming

is the issue of self-selection: individuals who are especially interested in politics might

be both more likely to preregister and more likely to vote. If so, then any relationship

4Many states allow 17 year olds who will turn 18 by election day to be added to the rolls when
they are 17. We, and others (McDonald and Thornburg, 2010), make the distinction between this
and pre-registration, which allows young people to register even if they won’t be eligible in the next
election. Based on this distinction, Georgia and Iowa are not coded as preregistration law states in
subsequent analyses.

5U.S. Congressional Record, Volume 150, Number 103. The bill was not voted out of committee.
Senator Bill Nelson (D-FL) introduced a similar bill in the U.S. Senate in 2008.

46



between preregistration and turnout is spurious, an artifact of unobserved levels of

political interest, motivation, or propensity to vote. Indeed, this is a key explana-

tion offered for the null findings that have become so common in causal analyses of

the impact of other electoral reforms (e.g., early voting, vote-by-mail, Motor Voter

registration). Although many classic observational works argued that burdensome

registration requirements are “a major deterrent to voting” (Lijphart, 1997, 7), this

more recent causal research emphasizes that removing the obstacles to voting won’t

automatically translate into higher turnout among the unmotivated and unengaged

(Ansolabehere and Konisky, 2006; Berinsky et al., 2001; Burden and Neiheisel, 2013;

Burden et al., 2014; Hanmer, 2009; Highton, 1997; Keele and Minozzi, 2013; Kousser

and Mullin, 2007; Leighley and Nagler, 2013; Martinez and Hill, 1999).

We contend, however, that there are distinct features of preregistration laws that

should increase the likelihood the reform will be effective at increasing youth turnout.

For a subset of the electorate, preregistration removes a barrier to participation when

an individual is more likely to be attentive to politics—during a political campaign

(Freedman et al., 2004). That is, sixteen year olds who might not be eligible to vote

in an election can nonetheless join the political system in the heightened political

salience of an electoral campaign. Once in the political system other mechanisms

may come into play. Being a part of the political system might, for instance, change

a young person’s identity as participant rather than outsider, which could in turn

affect her efficacy, attentiveness, and ultimately, participation in future elections

(Bryan et al., 2011). Many scholars have concluded that there is a strong habitual

nature of political engagement (e.g., Fowler, 2006; Meredith, 2009; Plutzer, 2002), so

earlier integration into the political system might set those forces in action. Indeed,

the habitual nature of (non)voting might explain the diminishing impact of electoral

reform returns found over the life course (Butler and Stokes, 1974). Preregistration,

in contrast, applies only to young citizens. To use the framework of Burden et al.
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(2014), preregistration is a reform that brings in new voters rather than retaining

existing voters—making preregistration more like election-day registration laws than

early-voting laws.6

Preregistration is also reinforced by other supporting institutions. For example,

most of the individuals who are eligible to preregister will be in high school, where

they are likely to encounter a civics curriculum, in-school registration drives, or

other political activities. There is a rich literature showing that exposure to a civics

curriculum is related to turnout later in life (e.g., Niemi and Junn, 2005). And

some states mandate that election officials hold registration drives within public

high schools (McDonald and Thornburg, 2010). In addition, preregistration might

be supported by campaign efforts (Burden et al., 2014). Once a young person is part

of a state’s voter file, they are more likely to be contacted by candidates, parties, and

interest groups who use registration lists in targeting their campaign communications

and mobilization efforts (Hillygus and Shields, 2009).

In sum, there are several reasons to suspect that preregistration could be an

effective reform for increasing turnout among young voters. More broadly, identifying

these distinctions contributes to a conceptual framework for understanding when and

if other electoral reforms should be effective. Political scientists have long explored

the decision to vote through the lens of a voter calculus, focusing on cost reduction

as a viable means of increasing turnout. In contrast, we start with the perspective

that the cost of voting is not the only reason people stay home on Election Day.

Rather than focusing on costs alone, we contend that effectiveness will also depend

on surrounding contexts and other relevant institutions.

The empirical challenge is how to estimate an unbiased effect of preregistration

given the powerful role of individual motivation in explaining turnout (Berinsky

6Indeed, Leighley and Nagler (2013) find that election-day registration has quite large effects
on the turnout of young voters but only minimal mobilization effects on older voters.
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et al., 2001; Erikson, 1981). Within the electoral reforms literature many studies

rely on state level “treatment” with a strong assumption about how electoral re-

forms originate (Erikson and Minnite, 2009). This approach assumes that election

reforms generate exogenously, outside the control of vested parties. These studies

take variation in implementation as evidence of exogenous assignment. In this view,

models need only control or match on observable traits. However, increasing evidence

indicates that this approach can produce misleading results. Recent research argues

that election laws are endogenous to political participation (Erikson and Minnite,

2009; Hanmer, 2009), either due to simultaneity (i.e., reforms result as responses to

turnout) or to complex, not well-understood networks of unobserved variables (e.g.,

motivation). For example, quasi-experimental studies of the impact of election-day

registration have shown marked differences to observational studies on the same topic

(Keele and Minozzi, 2013; Neiheisel and Burden, 2012).

Our approach contributes to this broader literature by using a more compelling

identification strategy to evaluate preregistration’s impact. First, we examine the

impact of preregistration across multiple states using a pooled cross-section. In this

analysis, we combine difference-in-difference and lag models to bracket the aggregate

effect of preregistration laws. We then narrow our focus to the state of Florida,

where we are able to take advantage of a discontinuity in take-up of preregistration.

In this part of the analysis, we use regression discontinuity models to estimate the

causal impact of increased preregistration exposure among young adults in the voter

file. This combination of approaches give us a complementary picture of the impact

of preregistration on young voter turnout, and provides an applied example of a

methodological approach that others can use to evaluate the causal impact of state-

level policies.
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3.4 Analysis #1: Current Population Survey

We first draw from a pooled cross-section of the 2000-2012 Current Population Survey

(CPS) to examine the effect of preregistration laws on turnout among young voters.

The CPS gives us a large, nationally-representative sample with coverage of both

registered and non-registered individuals with the bi-annual November Supplement.

As electoral reforms go, preregistration is relatively new, with most laws being

adopted in the last 5 years. Table 3.1 shows the basic trends in voter-turnout among

young voters (18-22) from 2000-2012 for those states with preregistration laws in

place.7 Bolded values indicate preregistration laws being in effect. For compari-

son, the final rows in the table show the average turnout rate of those states with

preregistration and states without.

Table 3.1: Turnout Among Young Voters (CPS, 2000-2012)

State 2000 2002 2004 2006 2008 2010 2012

Hawaii 24.5 18.9 29.9 17.3 25.8 23.1 27.6
Florida 36.3 23.5 41.4 16.3 44.0 21.4 40.9
Oregon 42.5 27.7 55.7 36.0 53.4 34.5 48.0
California 30.0 18.3 35.6 20.3 40.5 24.0 37.7
North Carolina 38.6 21.4 45.3 19.2 52.1 23.4 50.2
Rhode Island 46.4 22.5 40.8 31.4 49.1 23.8 46.8
DC 52.7 31.1 54.8 32.0 65.0 31.9 61.9
Maryland 37.7 23.6 44.1 30.7 50.0 22.6 46.2
Maine 54.9 35.2 61.4 32.4 57.2 33.5 51.3
Delaware 44.1 18.7 46.8 24.3 48.4 28.9 43.4
Pre-Reg States 36.1 22.5 42.6 23.5 46.0 25.3 43.3
Other States 40.9 25.4 47.6 26.9 47.8 24.7 43.8

Notes: Young voters are defined as those 18-22. States with pre-
registration laws in effect are bolded.

Table 3.1 offers suggestive evidence that preregistration might increase young

voter turnout. Using the data in the table, two simple comparisons can be made.

First, we can compare turnout patterns within preregistration states over time.

7This age range offers ample statistical power as well as greater assurance that individuals were
exposed to the preregistration treatment (wider ranges would include more individuals who would
have been to old to utilize preregistration when implemented). As a robustness check, we estimated
the models using other age cutoffs (18-25, 18-29), with no change to our substantive conclusion.
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Second, we can compare turnout patterns between preregistration states and non-

preregistration states. Combining these comparisons offers a very simple difference-

in-difference estimate. Depending on which years are considered pre v. post treat-

ment, the simple difference-in-difference estimates of preregistration’s impact on

young voter turnout are somewhere between 1.3 and 4 points.8 Of course, such

a comparison is overly simplistic, likely subject to bias from aggregation or omitted

variables. For example, states like Oregon are surely different from Hawaii in system-

atic ways not accounted for in this basic comparison. A more compelling approach

would attempt to account for such heterogeneities across states.

3.5 Methods: Current Population Survey

The pooled CPS data allows us to estimate both differences (across time and states)

mentioned in the last section. In a difference-in-difference model we are able account

for some unobserved variation, eliminating many sources of bias (Gelman and Hill,

2007). State fixed effects can account for permanent characteristics of the state

(e.g., persistent electoral institutions or social capital), year fixed effects for shared

time trends (e.g., electoral context or national campaigns), and interactions between

the two for year state-specific year effects (e.g., specific candidates or state-level

campaigns). These fixed-effects when combined together form a standard difference-

in-difference model (Gelman and Hill, 2007, 228).9

Difference-in-difference models are fairly standard in electoral reform studies (e.g.,

Burden and Neiheisel, 2013; Fitzgerald, 2005; Knack, 1995; Leighley and Nagler,

2013) as they offer a powerful antidote for many potential sources of bias left unac-

8With 2008 as pre and 2012 as post: (43.3 - 46) - (43.8 - 47.8)=1.3; With 2006 as pre and 2010
as post: (25.3 - 23.5) - (24.7 - 26.9)=4.0. If weighted, the impact from this simple comparison is
somewhere between 0.0 (if 2008 is pre) and 5.1 points (if 2006 is pre).

9We use the terms “fixed effects models” and “difference-in-difference models” interchangeably.
Difference-in-difference models are “a special case of the ... fixed effects model” and are fitted “with
a regression of the outcome on an indicator for the groups, an indicator for the time period, and
the interaction between the two” (Gelman and Hill, 2007, 228).
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counted for in cross-sectional models. Equation (3.1) shows the form of this model.

The first difference in equation (3.1) is between states with and without preregistra-

tion and the second is before and after implementation.

Yit “ λ0 ` λpPst ` λααs ` λδδt ` λγγst ` λXXit ` ε (3.1)

In the model, the unit of analysis is the individual. The key predictor variable is

an indicator if the respondent’s state had a preregistration law in effect (Pst) and

the outcome is whether or not the individual reported voting (Yit).
10 The analysis is

restricted to young citizens, defined as individuals 18-22 years of age.

To be sure, this model offers only a rough approximation of exposure to prereg-

istration. For one, there is not a clear age threshold that should be used for the

analysis since exposure to preregistration varies by age, state, and year.11 Second,

individuals of the same age can have different opportunities to preregister or regular

register simply because of the nuances of date of birth and election timing—a fact

we leverage in the next section of the chapter. Unfortunately, the CPS (and other

comparable multi-state data sources) include age rather than date of birth in their

public-use files, so we have a less precise exposure measure. Nonetheless, the model

offers a reasonable approach for testing if preregistration laws are related to aggregate

changes in turnout among this age group. In other words, the estimated effects can

be thought of as analogous to intent-to-treat rather than treatment on the treated

estimates (Bloom, 1984).

Other model parameters for equation (3.1) include αs for the state fixed effects,

10Like others (Burden et al., 2014) we code voting as 1 if the individual indicated they voted in
the most recent election and as 0 if they answered “no,” “don’t know,” “refuse to answer,” or have
no response recorded.

11The exact age range exposed to preregistration varies across states and years, but there were
always at least two states for whom there were individuals in this age range were were exposed.
For example, in 2008, only 22 year olds in HI and FL would have been exposed to preregistration
opportunities; in 2012, 18 year olds in at least 8 states had been exposed to preregistration. However,
as we will show in subsequent sections, these borderline ages vary substantially in their exposure
to preregistration.
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δt for the year fixed effects, and γst for the full set of interactions between the two.

Additionally Xit, a matrix of time varying controls, is included to absorb some time

varying heterogeneity.12 The λ’s represent the effect of preregistration and the other

model components on turnout. To adjust for potential in-cluster correlations, we

cluster our standard errors to the state-year level. As is common, we report results

from a linear specification of the dependent variable for simplicity in the interpre-

tation of coefficients (e.g., Olken, 2010). As fully reported in the online appendix

Table A1, a probit specification yields similar (even stronger) results.

The difference-in-difference in equation (3.1) accounts for a wide variety of poten-

tial biases. However, this approach has a key limitation: it is unable to control for un-

observed time-varying factors (Ashenfelter and Card, 1985). In examining the effect

of preregistration we might be worried that preregistration laws are endogenous—

states with higher turnout could be more likely to implement preregistration because

of pressure from vested constituencies or perhaps states with attentive political elites

might implement preregistration when youth turnout is particularly low. This would

introduce simultaneity concerns that could bias difference-in-difference estimates of

preregistration’s impact on voter turnout. Indeed, this type of bias has increasingly

troubled scholars of electoral reforms (Ansolabehere and Konisky, 2006; Burden and

Neiheisel, 2013; Keele and Minozzi, 2013).

Our approach goes one step beyond a difference-in-difference in an attempt to

address the endogeneity concern associated with time-varying unobservables. To do

so we complement our difference-in-difference with a set of models with lags. When

used in separate, but similarly-specified, models the estimates from these two models

can provide bracket estimates—a range of values in which the “true” effect falls

12Controls mirror those in other electoral reform models (e.g., Burden et al., 2014), and include
age, marital status, gender, family income, education status, race, registration status, metropolitan
area, time at address, employment at a business or farm, the mode the CPS was administered, and
whether an individual registered through the DMV.
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(Angrist and Pischke, 2008; Guryan, 2004).13 Angrist and Pischke (2008) prove this

formally, showing that fixed effects and lag models when used together “have a useful

bracketing property” assuming lagged outcomes or fixed characteristics are behind

selection into treatment (Angrist and Pischke, 2008, 246). When the relationship

between the treatment and lagged dependent variable is positive, the fixed effects

model sets the lower bound and the lagged model sets the upper bound. When

the relationship is negative the opposite is true (Angrist and Pischke, 2008; Guryan,

2004). While this approach has been applied in other disciplines, to our knowledge it

has not been used in political science, despite the wide applicability to a wide range

of state-level policy evaluations.

Thus, given potential concerns that the difference-in-difference fails to account

for endogenous variation in the adoption of preregistration laws, biasing the results

upward, we can estimate the lower bounds of the preregistration effect using lag

models. In equation (3.2), we set aside the fixed effects and instead use a lagged

turnout at the state level.

Yit “ λ0 ` λpPst ` λY Ys,t´2 ` λXXit ` ε (3.2)

Equation (3.2) is similar to equation (3.1) in its unit of analysis, outcome, treatment,

and controls. As in equation (3.1), the preregistration treatment is at the state-year

level, necessitating standard error adjustments. Although the unit of analysis in

our model is an individual (with state-clustered standard errors), we do not have

an individual’s turnout in the previous election. Unfortunately the CPS does not

ask individuals about turnout across elections. Moreover, even if the CPS did have

turnout measures across years, missing data would pose a significant problem in our

application as many young voters were not eligible to vote in the previous election.

13Lags should not be included in difference-in-difference models as the error term and the lagged
dependent variable are related through the lagged error term (Angrist and Pischke, 2008, 245).
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Thus, lagged turnout (Ys,t´2) is aggregated to the state level.14

In the next section we report our difference-in-difference and lag models, illus-

trating the bracketing property in our preregistration application.

3.6 Results: Current Population Survey

Table 3.2 reports the bracketed effects of preregistration laws on youth turnout rates,

using the 2000-2012 Current Population Survey.15 Column 1 corresponds to equation

(3.1), the difference-in-difference model, and Column 2 corresponds to equation (3.2),

the lag model. In both columns, the dependent variable is whether or not a young

individual reported voting in the previous election.

The difference-in-difference model finds a substantial turnout impact from prereg-

istration laws.16 That is, states that implement preregistration laws see an average

13 percentage point increase in the probability of voting among 18-22 year olds

compared to states without preregistration—a sizable mobilization effect compared

to other electoral reforms (Ansolabehere and Konisky, 2006; Burden and Neiheisel,

2013; Hanmer, 2009; Karp and Banducci, 2000; Keele and Minozzi, 2013). This anal-

ysis offers clear evidence that states that implement preregistration laws increase

youth turnout in their states. Even our lower bound estimate indicates a positive

and significant effect, though much smaller. Given the bracketing properties of the

14We use the lagged presidential election year turnout (2008). As a robustness check on our
lower bound estimate, we estimated with all variables aggregated to the state level. Although this
reduces the predictors to just state-level variables and reduces the sample size substantially, we are
reassured by the fact that the state-level results remain supportive of our conclusion—a coefficient
of .01 with p-value of .09 (pă.05 in baseline model with no controls).

15For the lag models we include information from the 1996 and 1998 November Supplements.

16The model controls are generally in the expected direction and are similar across models.
When conditioning on all covariates, education, income, registration status, and duration at address
are positively related to turnout, while DMV registration, requiring an in-person interview to
complete the survey, and age are negatively related to turnout. Although age is typically positively
correlated with turnout, we had no priori expectations about the relationship for such a restricted
age sample. Registration status is included as a control to account for heterogeneity (by design)
between registered and unregistered citizens (Erikson, 1981), but the conclusions remain unchanged
if we instead restrict our sample those who say they are registered.

55



models, we can conclude that the true effect of preregistration reforms on youth

voting is somewhere between 2% and 13%.17

Although this approach is better able to account for unobserved heterogeneities

than a naive analyses between preregistration and turnout, it still has limitations.

The treatment is rather crude, not able to cleanly identify who was exposed to pre-

registration. Though panel models allow us to rule out some unobserved factors, they

may not capture all unobserved heterogeneity (Keele and Minozzi, 2013). We can

never be certain that these models rule out all unobserved time-varying confounders

or that lagged outcomes and fixed characteristics adequately describe selection into

treatment. Put simply, even the most sophisticated panel techniques may not go far

enough to help us precisely estimate the impact of preregistration on youth turnout.

Thus, to address these limitations, we move from an across-state to a within-

state comparison. By using the Florida voter files we are able to generate a more

precise measure of preregistration enrollments and can leverage a source of exogenous

variation in preregistration exposure based on date of birth relative to Election Day.

Such an approach trades the breadth of the analysis given in this section for a more

rigorous, internally valid estimate that also hints at the potential causal mechanisms.

3.7 Analysis #2: Florida Voter File

In this alternative approach for estimating the effects of preregistration, we focus

on the state of Florida for several reasons. First, Florida has had a preregistration

law in place long enough to examine the potential impacts. For reasons that will

become apparent below, our analysis requires a state to have had a preregistration

law in effect through at least two election cycles. Second, unlike many other states,

17Our results are robust to alterations in our model specification. If we restrict our models to
include only those who are registered, we find that preregistration increases turnout somewhere
between 3.8% (lag model) and 16.1% (diff-in-diff model). When weighted, the range is between
3.4% (lag model) and 14.3% (diff-in-diff model).
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Table 3.2: Voting, Bracketing Bias

Diff/Diff Model Lagged Model
(Upper Bound) (Lower Bound)

Preregistration State 0.13˚ 0.02˚

(0.00) (0.01)
State Lag Vote . 0.24˚

(Same Election Type) (0.04)
Age -0.01˚ -0.01˚

(0.00) (0.00)
Married -0.01 -0.01

(0.01) (0.01)
Female 0.01˚ 0.01˚

(0.00) (0.00)
Family Income 0.003˚ 0.003˚

(0.001) (0.001)
College Degree 0.08˚ 0.08˚

(0.01) (0.01)
White -0.02˚ -0.02˚

(0.01) (0.01)
Hispanic -0.02˚ -0.02˚

(0.01) (0.01)
Registration Status 0.65˚ 0.65˚

(0.01) (0.01)
Metropolitan Area 0.02˚ 0.01˚

(0.00) (0.00)
Length of Residence 0.01˚ 0.01˚

(0.00) (0.00)
Business/Farm 0.02˚ 0.02˚

(0.01) (0.01)
In-Person Interview -0.02˚ -0.02˚

(0.00) (0.00)
DMV Registration -0.08˚ -0.09˚

(0.01) (0.01)
Constant 0.16˚ 0.04

(0.03) (0.03)
State FE Yes No
Year FE Yes Yes
State*Year FE Yes No
Number of Individuals 44,821 44,835
Number of State-Years 357 357
R2 0.53 0.52

Notes: Dependent variable is whether or not an individual
reported voting. Sample are citizens, age 18-22, in the 2000-
2012 CPS November Supplements. Cluster-robust standard
errors (state-year level) in parentheses (*pă0.05)). State lag
vote is not included in the difference-in-difference model as
the error term and the lagged dependent variable are related
through the lagged error term (Angrist and Pischke, 2008,
245).
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Florida’s voter files contain full date of birth, which is necessary to precisely deter-

mine exposure to preregistration.18

Florida was the first state in the U.S. to implement a preregistration law. Since

1990, 17 year olds could be added to the voter rolls, even if they would not be

eligible to vote in the upcoming election. Since 2007, 16 year olds have also been

able to preregister. Take-up of preregistration has grown over time from about 10,000

(representing 10% of 17 year olds) in 1992 to about 60,000 (30%) in 2004 (McDonald,

2009). In the May 2013 voter file used for our analysis, approximately 300,000 of 4

million voters (8%) had been added to the Florida voter file through preregistration.

In estimating the impact of preregistration on youth participation, we focus on

turnout in the 2012 election among young Florida registrants 21-22 years of age.19

For this narrow age group, individuals can be divided into two seemingly arbitrary

groups based on their date of birth relative to Election Day: those marginally eligible

to vote in the 2008 election (17 turning 18 by November 4, 2008) and those marginally

ineligible. We use this discontinuity in date of birth as sorting mechanism that assigns

individuals to treatment and control groups (with some non-compliance) in an as-

good-as random fashion. These two groups are similar on a great many characteristics

but differ as to whether they had the opportunity to preregister during the 2008

campaign. To be clear, marginal eligibles also had the opportunity to preregister,

but that chance occurred outside the context of an election. These slightly older

individuals were able to regular register during the 2008 campaign. Thus, our sample

18At the time of writing, only three states had preregistration laws in place for two presiden-
tial election cycles: Oregon, Hawaii, and Florida. Hawaii does not have DOB in their voter file,
eliminating it from potential consideration. Florida’s voter file has birthdates for 99.95% of the
sample. We selected Florida over Oregon because the unique vote-by-mail rules in Oregon might
have undermined the generalizability of the results.

19We use the voter file as it was downloaded in May 2013. For the range of ages considering,
purging is not an issue because 4 election cycles before an individual is purged and our sample were
eligible for 3 elections at most.In Florida, purging occurs only after a voter does not respond to a
mailed verification and does not participate in three elections after failure to respond to the voter
verification. Our sample was eligible to vote in 3 elections at most (marginal eligibles).
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consists of young adults in the 2012 Florida voter file who were marginally eligible or

ineligible to vote in 2008. Our treatment is eligibility to preregister during the 2008

campaign; our control is eligibility to regular register during the same time period.

Figure 3.1 shows the resulting variation in preregistration rates graphically, across

birthdays, for those individuals in a 6 month window on either side of the eligibility

to vote cutoff (November 4, 1990—marked by dashed line). Those to the left of the

cutoff were marginally eligible to vote in 2008. Those to the right were marginally

ineligible in 2008. A local linear regression (black line) on either side of the cutoff is

displayed to show the trend in preregistration enrollment around the cutoff and the

individual observations are plotted as sunflowers (small clusters representing multiple

points).

Figure 3.1 shows two things: first, a clear discontinuity exists in preregistration

rates at the eligibility to vote cutoff and second, it is substantial. According to local

linear models, marginal ineligibles were nearly 40 percentage points more likely to

have preregistered than marginal eligibles.20 Simply put, we see that those (just

barely) too young to vote in 2008 often preregistered, while those (just barely) old

enough to vote were usually brought in via traditional registration.

As can also be seen in the graph, there is some non-compliance in our sample—

those who are marginally ineligible sometimes wait until they are older to regular

register (most of our noncompliance comes from this behavior; notice the abundance

of observations in the lower right corner of the graph) and those marginally eligible

sometimes preregister long before the election, when they are 15 or 16, again outside

a campaign context. A simple cross-tab shows that non-compliance comprises about

30% of our sample. Nonetheless, on average marginal ineligibles are much more

likely to preregister than marginal eligibles. In other words, individuals marginally

20A similar discontinuity is observed in the 2008 voter file, in which the percentage of individuals
preregistering in the 2004 election was about 30% higher among marginal ineligibles than marginal
eligibles (see online appendix Figure A2).
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Figure 3.1: Fuzzy Preregistration Treatment

The figure plots the predicted probability of preregistering, across birthdays, for individuals in the
2012 Florida voter file within the 6 month window on either side of 2008 voter eligibility cutoff
(November 4, 1990). Those to the left of the cutoff are marginally eligibles. Those to the right are
marginally ineligibles. Individual observations (1 if preregistered; 0 if not) are plotted as sunflowers,
with each representing between 1,000 and 10,000 individuals and dots representing between 1 and
999 cases.

ineligible are exposed to an increased dosage of preregistration simply based on their

date of birth relative to Election Day many years later. This difference forms the

essence of our identification strategy.

Why does this discontinuity exist? We expect the timing in which elections occur

in one’s life course is likely key. Campaigns and elections encourage registration.

When an election approaches, both marginal ineligibles and eligibles are exposed

to the overall excitement surrounding an election and the corresponding campaign

information, events, and activities. The sum result is that many will enter the

political system at this time. Preregistration laws simply make it possible for younger

people to do so.
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3.8 Methods: Florida Voter File

To estimate the impact of preregistration on turnout, we use a fuzzy regression dis-

continuity approach. This approach is required as compliance is not 100%: those who

are marginally ineligible sometimes wait until they are older to regular register and

those marginally eligible sometimes preregister.21 Still, as we saw in Figure 3.1, there

is a discrete jump at the eligibility cutoff. So long as the eligibility discontinuity is

as-good-as random, this approach will produce estimates of preregistration’s mobiliz-

ing power that are free of omitted variable bias (from observables and unobservables)

and simultaneity (Lee and Lemieux, 2010b).

Fuzzy regression discontinuity utilizes an instrumental variables approach, with

the sorting rule (eligibility to vote in 2008) serving as an instrument of the treatment

behavior (preregistration). Equations (3.3) and (3.4) show the two-stage form of this

approach, common to those familiar with two-stage least squares.22

Pi,2008 “ γ0 ` γ1Ii,2008 ` γ2Ri,2008 ` ε (3.3)

Yi,2012 “ β0 ` β1Pi,2008 ` β2Ri,2008 ` ε (3.4)

Equation (3.3) displays the first stage. In it, ineligibility to vote in 2008 pIi,2008q and

our running variable, proximity to ineligibility pRi,2008q, predict whether an individ-

ual preregistered in 2008 pPi,2008q.
23 The γ1s in this equation represent first stage

parameter estimates, with γ1 revealing the estimated difference in preregistration

21This approach was pioneered by Trochim (1984) and has been increasingly used in public
policy, economics, and political science (e.g., Burden and Neiheisel, 2013; Eggers and Hainmueller,
2009; Ferraz and Finan, 2009).

22As is done in other applications, we use OLS with a binary dependent variable for simplicity
in interpretation (e.g., Olken, 2010). The results do not change with probit regression (see online
appendix Table A4).

23In our application, the proximity variable is how close individuals’ birthdays put them to
ineligibility to vote in 2008. Positive numbers indicate ineligibility to vote (and thus receive the
preregistration treatment); negative numbers indicate eligibility. Note here that the running vari-
able is modeled linearly.
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rates between marginal ineligibles and marginal eligibles (on average).

Equation (3.4) displays the second stage. In it, the influence of preregistration in

2008 pPi,2008q on voter turnout in the next presidential election pYi,2012q is estimated.

It is important to note that we observe whether individuals ever preregister during

their window of opportunity to do so. Thus, we can estimate not only the impact of

offering preregistration (the ITT) but also the effect of preregistration take-up (the

TOT). Thus, the coefficient of interest in our models is β1 (for the TOT) and the

coefficient on Ii,2008 when it is substituted into the second stage and run in a normal

OLS model (for the ITT).

We have estimated a number of variations to the model specification. For exam-

ple, the proximity parameter has been modeled up to a quintic polynomial.24 In other

models we specify proximity as non-parametric, allowing additional flexibility in esti-

mating the effect of preregistration at the cutoff. We have also estimated alternative

standard error adjustments: clustering by county, precinct, birthday, and birth week

and various bootstrapping procedures. Our models have also been estimated with

and without controls and fixed effects. All these approaches yield substantively iden-

tical results. That our models are robust to these variations in model specifications

is further evidence of the strength of our discontinuity as a valid sorting mechanism

(Imbens and Kalyanaraman, 2012; Lee and Lemieux, 2010b).

3.8.1 Specification Checks

In comparing our treatment (marginal ineligibles) to our control group (marginal

eligibles) we need to establish that the discontinuity is valid—that is, that our cutoff

sorts people in an as-good-as random manner (Imbens and Kalyanaraman, 2012; Lee

and Card, 2008; Lee and Lemieux, 2010b). This assertion may be challenged if the

24Specifically, we have checked whether linear, quadratic, cubic, quartic, and quintic parameter-
izations of the running variable changes our estimates of the effect of preregistration. Modeling the
running variable in these ways does little to our result (see online appendix Table A7).

62



discontinuity can be precisely manipulated or treatment at the margin is confounded

by some alternative factor. To check for the presence of these violations, we imple-

mented a set of standard checks suggested in the regression discontinuity literature:

a test for covariate balance at the cutoff, the McCrary density test for precise sorting

of the discontinuity, and an informal placebo test for jumps at points other than

our discontinuity (Lee and Lemieux, 2010b; McCrary, 2008). The online appendix

offers a more thorough discussion of these results. However, we mention here that

our discontinuity appears valid across all suggested tests. For example, on covariate

balance—a critically important test for the assumption of local randomization—we

find balance at the eligibility cutoff in race, education, marital status, poverty, in-

come, population, religiosity, and presence of an Obama field office in the county.25

Another concern might be less with the assignment of treatment and control than

with interpretation of the treatment effect. If a treatment other than preregistration

varies at the same cutoff, our results could be misattributed. Although we know

of no institutional cutoff that shares the November 4th cutoff, our treatment and

control group differ in two fundamental ways besides whether or not individuals

preregistered.26 First, the control group is slightly older than the treatment group.

This is, of course, by design since age defines our treatment condition. Second,

individuals marginally ineligible to vote in 2008 (those treated with the opportunity

to preregister) obviously could not vote in 2008 whereas the control group could,

and thus may have developed more of a habit for voting (Meredith, 2009). We

more explicitly evaluate this concern later, but simply note here that both of these

differences would likely bias our results downward, because of expectations that a

25The only exceptions—partisanship and gender—are substantively small and included in sub-
sequent models. See online appendix Table A2 for the full set of comparisons.

26We do not observe discontinuities in the probability of preregistration or in our outcome for
any given random point on our forcing variable not at the eligibility cutoff. The cutoff for eligibility
to enter school occurs within our window (on 9/1/1990), but not at the margin for eligibility. When
we control for the school eligibility cutoff our results do not change.
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slightly older, more politically experienced control group would vote at higher rates

than our treatment group. This would suggest our results are a conservative estimate

of preregistration’s impact on youth turnout.

Finally, we should emphasize that our treatment effect is localized to the time

frame studied. That is, we cannot separate out the effect of being eligible to prereg-

ister from the effect of being eligible to preregister within the context of a presidential

campaign—a critical point we return to in the conclusion.

3.9 Results: Florida Voter File

Table 3.3 shows our results. The model controls for a variety of pre-treatment fac-

tors both at the individual and geographic level (control coefficients are reported in

Table B.1 in the appendix). Reassuringly, the estimated effect is not sensitive to the

controls included. This suggests that even where covariates are not balanced, it does

not change the estimated effect beyond influencing precision.

The estimates in Table 3.3 are based on a regression discontinuity model with

a linear parameterization of the running variable (proximity to the cutoff) and a

2-month bandwidth. The bandwidth refers to the range of data around the cutoff

that is included in the analysis; in this case, a 2-month bandwidth indicates that

the treatment group includes those born in the month before November 4, 1990; the

control group includes those born on or in the month after that date. Reported in

column 1 is the intent to treat (ITT) estimate of preregistration’s effect on voter

turnout—that is, the effect of offering preregistration, not accounting for program

take-up. It is equivalent to estimating model (4) substituting ineligibility Ii,2008 for

the preregistration variable.

The model in column (1) indicates that the effect of offering preregistration on

young voter turnout is a 3% bump, on average, in the probability of voting. Notice-

ably, this estimate is in the bracketed range from the CPS model estimates provided
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Table 3.3: Florida RD Estimates

ITT TOT ITT: FE TOT: FE
(2008) (2008) (2004 & 2008) (2008)

Preregistration 0.03˚ 0.08˚ 0.02˚ 0.08˚

(0.01) (0.03) (0.01) (0.03)
Controls Yes Yes Yes Yes
Fixed Effects? No No Birthday County
Constant 0.048 0.083 -0.024 0.00

(0.088) (0.089) (0.058) (0.000)
F-Weak Instruments . 2,963 . 2,007
MSE 0.24 0.24 0.24 0.24
N 36,790 36,790 71,251 36,790

Robust standard errors in parentheses. * pă0.05. Estimates are
based on a 2 month window, and a linear specification of the running
variable. Controls: race (individual and county), party, gender, pro-
portion of population that graduated high school (county), poverty
(county), voter turnout (county), median age (county), and an indi-
cator for the Democratic presidential party having a campaign office
in the county. Coefficients for these are included in Table B.1.

in a previous section. The TOT, reported in Column 2, takes into account take-up of

treatment, estimating the effect of preregistration on turnout among compliers. In

our case, compliers are those who 1) were ineligible to vote in 2008 and preregistered

and 2) were eligible to vote in 2008 and regular registered. Non-compliers are the

others who 1) were eligible to vote in 2008 and preregistered at an earlier date 2)

were ineligible to vote in 2008 and regular registered at a later date.

The results show that the effect of preregistering among compliers was to increase

the probability of voting by 8% on average. As discussed in the next section, the

effect size remains in the same vicinity across alternative specifications of the running

variable and bandwidth, with coefficients not being statistically distinct from each

other but statistically different from 0 at the 95% level. In addition, we estimate

the TOT model with county fixed effects to account for unobserved variation that

is constant over time (column 4 in Table 3.3). If our effect were driven by county

differences at the cutoff, we would expect our TOT effect to disappear in this fixed

effects model. It does not—adding county fixed effects to this model has little impact

on the results.
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Figure 3.2: Preregistration’s Effect

The figure plots the effect of exposure to preregistration. The running variable is individual birth-
days, drawn from individuals in the 2012 Florida voter file within the 6 month window on either
side of 2008 voter eligibility cutoff (November 4, 1990). Those to the left of the cutoff are marginally
eligibles; those to the right are marginally ineligibles. We model running variable using local-linear
regression and use the optimal bandwidth specified by Imbens and Kalyanaraman (2012). The
effect of preregistration is the distance between the two lines.

Figure 3.2 offers a visualization of the overall causal effect of preregistration

on turnout. Notice in Figure 3.2 the jump in the plotted line at the eligibility

cutoff. Elsewhere on the graph the slope of the smoothed function is relatively flat:

generally turnout varies smoothly across birthdays, offering an informal placebo test.

If there had been jumps in turnout at other points, our preregistration effect could

be capturing these patterns rather than the true effect of preregistration. However,

we see that other than at the eligibility discontinuity, voters born on different days

tend to vote at relatively similar levels.

66



3.10 Robustness Checks

As described above, comparing our control group (marginal eligibles) to our treat-

ment group (marginal ineligibles) within a narrow range around the treatment cut-

off (ineligibility to vote) allows us to look at the impact of exogenous variation in

preregistration on turnout. However, in regression discontinuity applications, the

bandwidth—or range of data around the discontinuity that is used to estimate the

treatment effect—is not well defined (Lee and Lemieux, 2010b). Put differently, we

do not know how many days (i.e., how much of our sample) to include on either side

of the discontinuity. It is thus valuable to estimate the model across a variety of

bandwidths.

Figure 3.3 visually illustrates the results of varying the bandwidths. On the hori-

zontal axis we plot different bandwidths used to estimate preregistration’s coefficient

(the bandwidth is always split evenly on both sides of the discontinuity). On the

vertical axis, we plot the estimated effect of preregistration on turnout.

Figure 3.3 illustrates that our results hold across different bandwidths. Estimates

with more data support should be more precise, but less accurate; Estimates with

less data support should be less biased, but less precise. Only when we reduce

our bandwidth to 24 days (12 days on either side of the discontinuity) does our

estimated effect fall below traditional levels of statistical significance (p « .081).

However, the estimated coefficient remains in the same neighborhood as previous

estimates.27 Losing significance at this level is likely a power issue. This consistency

across multiple bandwidths is further evidence that the preregistration effect is robust

to varying components of the model. Moreover, this analysis offers reassurance that

27Imbens and Kalyanaraman (2012) propose a algorithm for selecting a bandwidth based on
minimizing MSE. In our application, this algorithm would result in a bandwidth of 241 days. The
results are reported for this bandwidth in the online appendix (see Table A6) but we are able to
use an even narrower (and thus more rigorous) bandwidth given the consistency in effects across
bandwidths.
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Figure 3.3: Varying Bandwidths

Figure 3.3 shows our estimates across bandwidths. The x-axis displays the bandwidth or window
around the cutoff used. The y-axis plots the effect size in terms of an increase in the probability of
voting. We display 95% confidence intervals around the RDD point estimates. We model running
variable using local-linear regression and reference the estimates using the optimal bandwidth speci-
fied by Imbens and Kalyanaraman (2012). As can be seen, our estimate is robust to the bandwidths
used.

our results are not an artifact of a minor change in the Florida law in 2007.28

Another potential concern might be that the 2008 election was exceptional in

terms of youth engagement. As a check, we add another election year to our anal-

ysis, estimating our regression discontinuity models using data from marginal eligi-

bles/ineligibles who came of age in 2004 to estimate the impact on turnout in the

28Most individuals in our sample (75%) were exposed to the preregistration law as it was written
in 2007, allowing them to preregister when they were 15-17 (youth ages 15-16 needed a drivers license
to do so). The younger end (15%) were exposed to the slightly looser preregistration laws under a
law change in 2008 (no drivers license restriction). Older individuals in our sample were exposed
to an earlier version of the law, allowing only 17 year olds to preregister (10%). In Figure 3.3 the
bandwidths from 0 days to 120 days were exposed to the 2007 law. Bandwidths from 120 to 332
days include the 2008 law (only for those born later). Bandwidths wider include the pre 2007 law
(only those born earlier). As can be seen in Figure 3.3 our results do not change across these minor
variations in the law.
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subsequent presidential election.29 This approach has the added virtue of being able

to add birthdate fixed effects to our regression discontinuity models, absorbing other

potential confounders at our cutoff that vary systematically across elections. For

example, if there were concerns that parents might plan births around the eligibility

to vote cutoff (as has been seen around tax-year cutoffs), a panel component could

account for this.30 If this or any other unobserved time-invariant factors were driving

our results, then adding the birth year fixed effects would wash out the result.

As with our previous analysis, we see a jump in preregistrations at the 2004

eligibility cutoff (« 30% increase in preregistration enrollments for marginal ineli-

gibles).31 Thus, the discontinuity we observe in 2008 is not unique to that year,

suggesting a broader trend in preregistration rates.32 Because preregistration differs

across years we can’t estimate a comparable TOT. However, we can estimate an ITT

effect (the effect of being marginally ineligible, regardless of preregistration take-up).

This model is equivalent to combining a difference-in-difference with our regression

discontinuity models. In this model the first difference is between marginal ineligibles

(preregistration eligible) and marginal eligibles (regular registration eligible). The

second difference is between those in 2004 vs. 2008, removing any time-invariant

potential biases. Equation (3.5) displays the form of this regression discontinuity,

difference-in-difference model.

Yi,α “ γ0 ` γ1Ii,λ ` γ22008i ` γ3p2008i ˚ Ii,λq ` γ4Ri,λ ` ε (3.5)

29For the additional election year analysis, we rely on the November 4, 2008 voter file. This
ensures that our results are not an artifact of purging that might have occurred by 2012.

30A birthday fixed-effect would account for this as long as this behavior was consistent for a
given birthday from one election to the next.

31When we use this discontinuity alone to estimate the effect of preregistration in 2004 on turnout
in 2008 we get an ITT of approximately 1% and a TOT of approximately 3%. That these sizes
are smaller makes sense given the smaller population allowed to preregister in 2004 relative to 2008
(McDonald, 2009).

32This point is illustrated in a graph of preregistration rates by date of birth across both election
years available in the online appendix (see Figure A2).
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In equation (3.5) the outcome remains whether or not the individual turned out to

vote in the first subsequent presidential election pYi,αq. For those who were marginally

eligible/ineligible in 2004 we considered their turnout in 2008 pα “ 2008q. The model

includes an indicator for marginal ineligibility pIi,λq and proximity to ineligibility

pRi,λq for those both in 2004 and 2008 pλ “ 2004 or λ “ 2008q. Also included is

an indicator for whether or not the individual was a marginal eligible/ineligible in

2004 or 2008 p2008iq. The variable of interest in equation (3.5) is the interaction

between eligibility in 2008 and being ineligible to register. The coefficient on this

interaction term pγ3q shows the ITT effect of being offered preregistration holding

constant things that remained fixed over time. This combined RD/difference-in-

difference offers a powerful antidote for possible omitted variables involved with

birthday discontinuities (Jacob and Lefgren, 2004).

The results of this robustness check are reported in column (3) of Table 3.3. This

model produces a similar result to that in column (1), offering powerful evidence that

our results are not driven by unobserved time-invariant factors nor the uniqueness of

the 2008 election. Offering preregistration increases turnout by approximately 2-3%

among registrants coming of age during the 2004 or 2008 campaigns.

Returning to our 2012 sample, a final issue to address involves differences between

our treatment and control groups in their eligibility to vote in the 2008 election. Our

results show that those who were marginally ineligible are more likely to vote in

subsequent elections than marginal eligibles. This result may seem counterintuitive

because marginally eligible individuals had the opportunity to vote in the 2008 elec-

tion, whereas marginally ineligibles did not. Given the habitual nature of voting

(Fowler, 2006; Meredith, 2009; Plutzer, 2002), we might expect the opposite—that

our control group, with more voting experience (on average), would also vote at

higher rates in the subsequent election (on average).33 An ideal control group would

33To be clear, our results are not necessarily inconsistent with the research on habitual forces
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have comparable levels of habit for voting with our treatment group, but that’s

not possible since our identification strategy specifically utilizes the exogenous jump

in preregistration at the eligibility discontinuity in order to draw causal inferences.

And, no other useful discontinuities exist: exogenous jumps in preregistration are

not abundant.34

Though an imperfect solution, we can at least identify the likely sign of potential

bias from such an effect. Again, many might expect that our slightly older, more

experienced control group would be more likely to vote than our less experienced

treatment group—biasing our estimates of preregistration downward. As a check of

the likely downward bias induced by habit for voting we use as a control group indi-

viduals who were marginally eligible but did not vote in 2008. By not participating

these individuals were unlikely to establish a habit for participating in the political

process, thus not receiving a potential habit for voting treatment. To be clear, voting

in the 2008 election is not randomly assigned and there is little doubt that those who

did not vote in 2008 are inherently different from those who voted. Even still, this

approach provides us with an empirical check of the theorized effect habit has on our

estimates.

Table 3.4 displays the results from this rough test, replicating these purged mod-

els alongside our original results. The first and third columns replicate estimates

from Table 3.3, for comparison. The second and fourth columns display similar

models, using only individuals who did not vote in 2008 in the control group. The

results support the hypothesis that habit would likely bias our results downward.

With habitual voting purged in this way, preregistration increases turnout no more

given our narrow age range and limited geographic area (in a preregistration state).

34Two other cutoffs without the habit treatment seem appealing. First, cutoffs on the young
end of our sample, comparing those who were eligible to preregister in an election vs not, are
confounded by preregistrations in subsequent elections. Second, a discontinuity does exist at the
May 21, 1990 cutoff (corresponding with those effected by the 2007 law change vs. not), but the
law change appeared to be so minor that treatment at this margin is relatively weak—this cutoff
allowed preregistration among 15-16 year olds but the majority of preregistration occurs at age 17.
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than 14% and no less than 3%. For compliers, preregistration’s mobilizing effect

ranges between 8% and 35%. These results offer reassurance that—if anything—our

previous results underestimated the impact of preregistration on youth turnout due

to the habitual nature of voting.

Table 3.4: Mitigating Bias from Habitual Voting

ITT: All ITT: Not Vote ‘08 TOT: All TOT: Not Vote ‘08
Preregistration 0.03˚ 0.14˚ 0.08˚ 0.35˚

(0.01) (0.01) (0.03) (0.03)
Controls? Yes Yes Yes Yes
Constant 0.048 0.003 0.083 0.197

(0.54) (0.03) (0.93) (1.86)
N 36,790 26,466 36,790 26,466

Robust standard errors in parentheses. *pă0.05. Estimates are based off a
2 month window, and a linear specification of the running variable. Controls:
race (individual and county), party, gender, proportion of population that gradu-
ated high school (county), poverty (county), voter turnout (county), median age
(county), and an indicator for the Democratic presidential party having a cam-
paign office in the county. Coefficients for the controls are reported in the online
appendix (see Table A3).

To summarize then, across a variety of model specifications our results consis-

tently show a noticeable increase in the probability of voting for those exogenous

nudged towards preregistration. This result holds regardless of how the running

variable is specified, what controls are included, what bandwidth is used, what years

are included, or whether habit for voting is considered. The results consistently point

to the conclusion that preregistration is effective at increasing turnout among young

voters.

3.11 Heterogeneities

In previous sections we have attempted to address whether preregistration mobilizes

young voters. Our evidence suggest that it does, and noticeably so. However, also

of substantive interest is who among young voters are mobilized by preregistration.

Here we explore several possible individual-level heterogeneities in those effects (see
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online appendix for full results).35

As highlighted by the North Carolina controversy mentioned in the introduction,

there has been speculation that preregistration laws are especially likely to benefit

Democratic candidates. To test this possibility, we reran our regression discontinuity

model (from Figure 3.2), stratifying on party registration. We find that the effects

of preregistration are quite similar for young Democrats and young Republicans.

Preregistration increased turnout by about 7.6 points among Democrats and 7.4

among Republicans—differences that are not statistically different from one another.

Democrats benefit more in the absolute number of votes from preregistration

compared to Republicans simply because there are more registered young Democrats

than young Republicans (42% vs. 25% among 18 year olds in the voter file); But,

in contrast to popular assumptions, our results suggest that preregistration actually

helped Republicans to slightly narrow the Democratic advantage among young peo-

ple because the mobilization effect gap is smaller than the party voting gap. A back

of the envelope calculation helps to illustrate this point. We estimate that approx-

imately 37% of partisan voters mobilized by preregistration in 2008 were likely to

vote Republican in 2012; in comparison, only 32% of young voters in Florida voted

Republican in 2012.36 In other words, in terms of net mobilization, preregistration

appears to slightly advantage Republicans. This pattern is quite consistent with pre-

vious studies that have found institutional programs tend to register more Democrats

(Herron and Smith, 2012) but mobilize more Republicans (Cain and McCue, 1985;

Neiheisel and Burden, 2012).

In addition to partisan heterogeneities, we consider possible differences in prereg-

35Given the reduction in sample size that comes with stratification, results are calculated using
a bandwidth of 241 days based on the Imbens and Kalyanaraman algorithm.

36Voters Mobilized By Preregistration=(% Mobilized * # in Base) - (% crossover * % Mobi-
lized * # in Base). For Democrats: (.076*78,270) - (.09*.076*78,270) « 5400. For Republicans:
(.074*46,753) - (.08*.074*46,753) « 3200. Crossover percentage is drawn from exit polls conducted
by Edison Media Research. If crossover is assumed to be 0, a similar result holds.
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istration effects across race and gender—additional subgroups of interest to political

practitioners. Here again we find that preregistration effects are remarkably consis-

tent across these subgroups. The mobilizing effect for males (7.3 points) is similar to

that for females (7.4 points). Moreover, preregistration’s effect is similar for whites

(7.6 points) and minorities (8.0 points). Despite each of these coefficient estimates be-

ing statistically distinct from 0 at the 5% level, none are statistically distinguishable

from one another. In sum, along with having the virtue of raising overall turnout,

preregistration has the advantage of doing so for a diverse set of young voters.

3.12 Conclusion

Previous work has cast doubt on the ability of institutional reforms to increase

turnout (Ansolabehere and Konisky, 2006; Berinsky et al., 2001; Burden and Nei-

heisel, 2013; Erikson, 1981; Highton, 1997; Keele and Minozzi, 2013; Martinez and

Hill, 1999) with some evidence that some reforms actually depress turnout (Burden

et al., 2014). In a noticeable departure, we find that preregistration laws are effective

at increasing turnout among young voters. Our panel techniques and regression dis-

continuity models indicate that preregistration increases young voter turnout. These

findings are robust to the data source, causal approach, and model specification con-

sidered. Moreover, the estimates of preregistration’s effectiveness are widespread,

similar for Republicans and Democrats, whites and minorities, and men and women.

Although the consistency of the observed patterns is compelling evidence that

preregistration laws can increase youth turnout, there clearly remains more to un-

derstand about the reasons why this electoral reform is effective where so many

others have failed. We have argued that preregistration leverages the contextual re-

inforcement of political campaigns and supporting institutions, including the school-

ing system. While a full exploration of these mechanisms is beyond the scope of

this chapter, we can offer some initial empirical evidence in support of this theoret-
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ical perspective. The simple fact that the majority of preregistrations occur in an

election context suggests the interaction of preregistration laws and the campaign

environment is important. For example, in looking at all the preregistrations that

occurred in Florida in the two year time period between November 2007 to November

2009 finds that 77.7% occurred in the year before the 2008 election compared to the

year after.

To examine the possible role of reinforcement by educational institutions, we take

advantage of variation across Florida schools in the presentation of in-school voting

demonstrations by county election officials. In these demonstrations, county officials

go to high schools and explain the logistics of voting, show students a sample ballot

and voting booth, and encourage them to vote. According to a 2012 survey of county

election officials, 71% (48/67) of Florida counties engaged in voting demonstrations

within county high schools.37 We estimated our model across counties with and

without these voting demonstrations and find that the preregistration effect is 4.6

points higher in counties reporting they engaged in the demonstrations (see online

appendix Table A9). Counties without demonstrations see a preregistration effect

of 0.072, while counties with demonstrations see an effect of 0.118. Coefficients

are statistically distinct from 0 and statistically distinct from one another at the

5% level. This offers at least initial support to our theoretical perspective that

evaluations of electoral reforms should consider the interaction of reforms with the

broader institutional and contextual environment.

Recent research highlights the notion that electoral reforms can’t make individ-

uals interested in politics, but perhaps it should also consider the possibility that

such interest might not be as stable as sometimes suggested (Prior, 2010), especially

37Data drawn from Florida’s election-year survey of county election officials:
[]http://election.dos.state.fl.us/reports/. In this survey, county officials responded to the
question of whether their county “participate[d] in voting system demonstrations at high schools?”
Unfortunately, we know little about the exact content of the demonstrations or quality of coverage
across high schools within a given county.
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for young adults. Preregistration laws leverage variability in political interest by tar-

geting young citizens when they are in school and during the increased excitement,

motivation, and mobilization of political campaigns. This means, of course, that pre-

registration is not a solve-all because those who come of age outside a campaign year

are unlikely to take advantage of the policy. Nevertheless, preregistration appears to

be an effective electoral reform to boost turnout for a sizable subset of young voters.

These observed effects should be of interest not only to policymakers as they consider

the potential of electoral reform, but also to scholars who might find possible lines of

future research that marry the literature on campaign dynamics, education effects,

and electoral institutions.
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4

Marshmallows and Votes? Childhood Skill
Development and Adult Political Participation

4.1 Overview

Recent child development research has shown that the psychosocial or non-cognitive

skills that children develop—including the ability to self regulate and to integrate

in social settings—are critically important for success in school and in the labor

force. Are these skills learned in childhood also important for political behaviors,

like voting? In this paper, I use a unique school-based 20-year field experiment

to show that at risk children who develop psychosocial skills are more likely to

vote in adulthood than those who do not. Matching participants to voter files,

I show that this childhood intervention had a large long-run impact on political

participation, increasing adult turnout by 11-14 percentage points. These results

suggest a refocusing of political behavior studies on childhood. During this critical

period, children can be taught the not explicitly political, but still vital, skills that

set them on a path towards political participation in adulthood.
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4.2 Introduction

In seeking to understand why some people vote while others do not, political sci-

entists have tended to focus on adulthood—when citizens are already eligible to

vote—rather than on childhood or early adolescence. Political socialization research

once focused on childhood in hopes of discovering the roots of participation (e.g.,

Dawson and Prewitt, 1968; Easton and Dennis, 1980; Niemi and Jennings, 1991;

Searing et al., 1973; Sears and Funk, 1999), with early researchers arguing that “the

more important a political orientation is in the behavior of adults, the earlier it will

be found in the learning of the child” (Greenstein, 1965, 12). However, socialization

studies struggled to measure political inputs in childhood, find childhood attributes

that consistently predicted adult behaviors, and establish causal relationships be-

tween childhood experiences and adult political behavior (Niemi and Hepburn, 1995).

Given these difficulties, studies of political behavior in recent years have “eschew[ed]

. . . young children” and have instead “focus[ed] on the political learning years [of

early adulthood]” (Niemi and Hepburn, 1995, 7), justifying this focus by arguing

that “the degree of activity or involvement in politics . . . seem[s] to be best explained

in terms of [adult] experiences” (Verba and Almond, 1989, 267-268).1 While some

scholars have lamented the “abandonment” of childhood in studies of political behav-

ior (Sapiro, 2004, 1), there still remains “little current empirical research shedding

light on [the] early childhood antecedents to . . . civic engagement” (Astuto and Ruck,

2010, 249).2

1 Verba and Almond (1989, 324) do leave some wiggle room for early childhood features to
matter, acknowledging that perhaps “early socialization experiences affect” political behavior. Still,
they argue that “later experiences have a more direct political implication.”

2 Even in arguing for a “rebirth” of the socialization approach, political scientists usually mean
that we should focus more on adolescence rather than childhood. For example, Niemi and Hepburn
(1995, 7) forcefully argue that “political socialization research should eschew most studies of young
children, and instead focus on political learning in the years of the most rapid change to adultlike
learning capacities and adult attitudes,” which they argue is when citizens are “between 14 and
25.” As it currently stands, political behavior studies only begin once adolescents are about to
graduate high school (Langton, 1969; Plutzer, 2002).
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This approach stands in sharp contrast to work from other disciplines, which

suggests that childhood may be a critical period in determining adult outcomes.3 In

particular, psychologists, neuroscientists, and economists have recently noticed that

a set of so called psychosocial or non-cognitive skills developed in childhood appear

to be especially important for success later in life. These skills are defined as the in-

dividual attitudes and abilities that help individuals integrate in society, but that are

not fully captured by standard measures of cognitive proficiency (i.e., standardized

test scores). These include the general ability to control one’s thoughts, emotions,

motivations, and actions and to interact in social settings. Since the famous Stan-

ford Marshmallow Studies of the late 1960’s (Mischel et al., 1972), researchers have

shown that individuals who develop psychosocial skills tend to stay in school longer,

perform better while in school, have higher earnings, and report higher levels of life

satisfaction (Dee and West, 2011; Duckworth et al., 2007; Heckman, 2000; Heckman

and Kautz, 2013; West et al., 2016). Still, scholars have not considered whether

psychosocial skills promote a broader set of well-being metrics, including active par-

ticipation in democracy.

Are psychosocial or non-cognitive skills developed in childhood important for

adult civic behaviors, like voting? And, can interventions targeting these skills early

on have long-run effects on voter turnout? Or, are these attributes innate traits

that cannot be moved? To examine these questions, I use a 20-year, multi-site field

experiment—the Fast Track Intervention (FT). Previous research has shown that

this childhood intervention targeted—and successfully moved—students’ psychoso-

cial skills, while leaving their cognitive skills and other attributes relevant to political

participation virtually unchanged (Bierman et al., 1999a, 2002, 2004, 2007, 2010). I

build on this research by evaluating the impact of this program on voter turnout.

3 By a “critical period,” I mean a “relatively brief and discrete time [period] when particular
experiences have irreversible effects” (Salkind, 2005, 324).

79



I do so by matching Fast Track participants to state voter files. With this unique

combined data source, I show that despite a low propensity for participation at

baseline, children provided with the Fast Track program vote at a noticeably higher

rate in adulthood than those in the control group. Exposure to the Fast Track pro-

gram increased turnout among participants 11-14 percentage points—a substantial

amount, constituting at least a 40% increase in baseline participation rates. In short,

this childhood intervention focused on general psychosocial skill development moved

people to the polls at a rate rarely observed in contemporary turnout studies. Using

causal mediation models, I provide evidence that this large effect was not indirectly

the consequence of well-known correlates of political participation—such as cogni-

tive ability, income, or social status—but instead appears to be directly the results

of improvements in a bundle of childhood psychosocial or non-cognitive skills. These

early life skill improvements appear to have help set children on a path towards

participation in adulthood.

The evidence presented here shines new light on the factors that influence civic

engagement—providing important insights into the points in the life-course and the

types of attributes that matter in determining who votes. These results support a

broader examination of childhood psychosocial skills in studies of political behavior.

This article takes a meaningful step in that direction—providing concrete evidence

that what happens in childhood can matter a great deal for political participation

in adulthood. While children may not be developing political attitudes and values

when they are very young (Niemi and Hepburn, 1995), they are developing the not

explicitly political, but still vital, psychosocial skills that persist as resources that

they can call upon in adulthood. These skills go beyond the civic skills, political

knowledge, or cognitive abilities that children are thought to learn when they are in

school (Bachner, 2010; Campbell, 2006; Nie et al., 1996).

These contributions cut across disciplinary boundaries and speak to current policy
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debates. In addition to shaping our understanding of the roots of political partici-

pation, these contribute to the growing body of interdisciplinary research studying

the nature and implications of psychosocial or non-cognitive skills. Policymakers

currently disagree about how much attention schools should give to teaching psy-

chosocial or so called non-cognitive skills (Farrington et al., 2012).4 The large, pre-

viously undocumented, positive civic externalities documented here support an in-

creased emphasis on psychosocial skills in school curricula. They suggest that in

order to encourage active participation in democracy, schools should do more than

just teach students knowledge and facts about government and politics—the pre-

dominant focus of current civics education programs—they should also promote the

general psychosocial skills that help encourage active civic participation.

4.3 Childhood and Skill Development

Childhood is a critical period during which children learn (or fail to learn) the skills

necessary to integrate in society (e.g., Bierman et al., 2011; Heller et al., 2015).

Indeed research from a variety of disciplines has shown that children’s life successes

are strongly influenced by the skills they develop in their early years (e.g., Becker and

Tomes, 1986; Bierman et al., 1999a; Heckman, 2000; Heckman and Kautz, 2013). In

particular, recent research has shown that children who develop psychosocial skills

are more likely to achieve various markers of life success. These psychosocial skills

capture the psychological or behavioral “attributes not thought to be measured by

. . . achievement tests” (Heckman and Kautz, 2013, 10). Psychosocial skills are often

called “non-cognitive” skills, thus striking a contrast with the cognitive skills of

logic, reasoning, learning, memory, and problem solving that have long been used in

models of political behavior (e.g., Condon, 2015; Denny and Doyle, 2008; Di Palma

4A recent New York Times article, for example, argues that “argument still rages about whether
schools can or should emphasize [psychosocial] skills.” See “Testing for Joy and Grit? Schools
Nationwide Push to Measure Students Emotional Skills,” New York Times, February 29, 2016.
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and McClosky, 1970; Greenstein, 1967; Hernstein and Murray, 1994; Kim et al., 2015;

Nie et al., 1996).5

The classic example of a psychosocial skill developed in childhood is the ability to

delay gratification studied in the Stanford Marshmallow Studies of the late 1960’s.

In these studies, researchers offered young children the opportunity to have one

marshmallow now, or to have two marshmallows if they were able to wait for a

period of time. Children who were able to wait, the authors argued, exhibited

the psychosocial ability to delay gratification or to exercise self control (Mischel

et al., 1972). The authors showed in follow-up studies that this ability was a strong

predictor of subsequent life success (Mischel et al., 1989).6

Importantly, the ability to delay gratification captured by the Marshmallow Study

represents only one skill among a larger bundle of psychosocial skills. In general,

scholars sort psychosocial skills into two groups: those involving self-regulation and

those involving social skills. Self regulation skills help individuals “develop, imple-

ment, and . . . maintain planned behavior in order to achieve one’s goals” (Kanfer,

1970; Sheier and Carver, 1988). Components of self regulation include, but are not

limited to, efficacy—the belief that one can do what they set out to do; grit—

the ability to follow through on one’s intentions (Duckworth et al., 2007); emotion

recognition and regulation—the ability to understand and control individual affect

(Wellman et al., 2001); and behavioral control—the ability to avoid negative behavior

and exhibit positive behavior (Astuto and Ruck, 2010). Social skills involve the abil-

5 These abilities have also been called socio-emotional skills, soft skills, character skills, emo-
tional intelligence, social cognitive skills, and meta-cognitive learning skills (Farrington et al., 2012;
Heckman and Kautz, 2013). The appropriate term for this set of attributes remains controversial.
See: Richard V. Reeves, “Jingle-Jangle Fallacies for Non-Cognitive Factors”, Brookings Institution:
Social Mobility Memos on Character and Opportunity, December 19, 2014 and “Nonacademic Skills
Are Key To Success. But What Should We Call Them?”, National Public Radio, May 28, 2015.

6 Scholars have criticized the marshmallow study, questioning its construct and internal validity
(Kidd et al., 2013). I make reference to the marshmallow study here not as a defense of these
criticisms, but rather, to provide a relatable example of a psychosocial skill for those unfamiliar
with these abilities.
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ity to work with others productively; to communicate, build friendships, and solve

group-based problems (Bierman et al., 1999a).

Psychologists, neuroscientists, economists, and child development scholars have

argued that psychosocial skills and cognitive skills, while somewhat related, capture

different components of human ability. Whereas cognitive abilities involve logic, rea-

soning, and memory; non-cognitive or psychosocial abilities involve self-regulation,

motivation, and sociability.7 Empirical work supports this categorization: show-

ing only a weak relationship between measures of psychosocial skills and cognitive

ability (e.g., Duckworth et al., 2007). Moreover, a growing number of researchers

have explored the predictive power of psychosocial skills above and beyond measures

of cognitive ability for a variety of life success outcomes, finding promising results

(e.g., Heckman, 2000; Heckman and Kautz, 2013). Individuals who develop their

psychosocial abilities tend to stay in school longer (Meyers et al., 2013), perform

better while in school (Strayhorn, 2014), have healthier habits (Reed et al., 2013),

and score higher on measures of subjective well-being (Kleiman et al., 2013). In

total, this work suggests that success in school and beyond may depend critically on

the development of psychosocial skills.

However, two questions remain from the previous literature. First, it remains un-

clear just how malleable psychosocial skills are to targeted intervention. On the one

hand, these could be viewed as rigid traits, or “stable psychological characteristics”

(Gerber et al., 2011, 265) that are “biologically influenced and enduring” (Mondak

et al., 2010, 6).8 Alternatively, these could be described as skills that “are not set

7 Psychosocial skills are thought to require executive functioning and top-down processing skills.
Executive function skills include the ability to shift from one thought to another, think about mul-
tiple things simultaneously, and to monitor one’s thoughts. Top-down processing involves thinking
about the big picture by focusing on goals, meanings, and evaluations of individual performance.
Neuroscientists have provided evidence through fMRI studies that these skills require portions of
the human brain distinct from those required by cognitive ability (e.g., Luders et al., 2009; Yang
and Raine, 2009).

8 Psychosocial skills have been conceptualized as being related to, but ultimately distinct from,
the Big Five personality traits (Heckman and Kautz, 2013). For example, Duckworth et al. (2007)
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in stone at birth” but are instead teachable (Heckman and Kautz, 2013, 4).10 Theo-

retical work has generally conceptualized psychosocial attributes as being malleable,

and emphasized the importance of developing these early in the life course, before

children’s attributes have hardened (Eccles et al., 1993). However, while some empir-

ical work has begun to grapple with the malleability of psychosocial skills (e.g., Cook

et al., 2014; Heller et al., 2015), interventions intentionally targeting these attributes

are relatively rare.

Second, previous research has not considered whether these skills are important

for a broader set of life outcomes, like active civic engagement. Despite their success

as predictors of other adult outcomes, as of yet, no causal test exists regarding the

impact of psychosocial skills on civic behaviors like voting. This gap is important as

engagement in democracy is considered to be a critical part of individuals’ overall

well-being and a core part of the public education system (Ravitch and Viteritti,

2001). If psychosocial skills are important in determining who votes and they are

malleable, this may provide new policy solutions for addressing stubbornly low rates

of civic participation.

4.4 Psychosocial Skills and Voter Turnout

There are theoretically compelling reasons to suspect that psychosocial skills could

play a role in encouraging political participation. Scholars have long noted that

participation comes with costs and barriers (e.g., Downs, 1957; Verba et al., 1995;

Wolfinger and Rosenstone, 1980). In order to vote, for example, citizens have to

shows that grit—or, perseverance and passion for long-term goals—is only weakly related to the
Big Five.9 Hence, while political scientists have begun to explore the relationship between the
Big Five and political outcomes (e.g., Mondak et al., 2010), their focus has largely not strayed
to attributes conceptualized as psychosocial skills. The possibility remains that there are other
important individual attributes relevant to political participation.

10 These could also represent something in-between; as some argue, “the extent to which [in-
dividual attributes] can change lies on a spectrum. [Different attributes] . . . can change and be
changed over the life cycle, but through different mechanisms and with different ease at different
ages” (Heckman and Kautz, 2013, 10).
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know where to vote, when to vote, and how to register to vote and overcome a

number of obstacles such as long lines on Election Day. Political scientists know that

the resources people have—such as their levels of knowledge about politics, income,

or how many years they spend in school—help them overcome these costs. In a

complicated political environment, participation is thought to be a “skill-based act”;

simply put, individuals’ skills act as resources that help make political participation

“less daunting and costly” (Verba et al., 1995, 304).

Chief among the skills thought to matter for voting are the verbal cognitive skills

captured by standardized tests of individual ability. Many political scientists have

argued that cognitive skills play an especially important role in encouraging citizens

to participate. For instance, Verba et al. (1995) argue that verbal skills—like the

ability to comprehend written information or to write persuasively—help citizens to

process complex information about politics. Cognitive skills are thought to play a

key role in the enduring relationship between educational attainment and political

participation (Denny and Doyle, 2008; Henderson, 2014; Luskin, 1990; Nie et al.,

1996; Sondheimer and Green, 2010; Verba et al., 1995; Wolfinger and Rosenstone,

1980).11 Indeed, some scholars argue that educational attainment is a reflection of,

rather than a cause of, the cognitive skills needed to engage in politics (Hernstein

and Murray, 1994; Luskin, 1990; Nie et al., 1996; Wolfinger and Rosenstone, 1980).

Typifying this view, Luskin (1990, 349) argues that “education’s effect may really

be intelligence’s.” Some go as far as to argue that “education predicts political

involvement in America because it is primarily a proxy cognitive ability,” (Hernstein

and Murray, 1994, 253) or that “formal education influences the characteristics of

democratic enlightenment almost exclusively through verbal cognitive proficiency”

(Nie et al., 1996, 64). In short, the argument goes, cognitive ability matters because

11 Alternatively, some have argued that education is linked with participation because it instills
citizens with political knowledge, places them in social networks that encourage participation (Nie
et al., 1996), or teaches them values like a sense of civic duty (Campbell, 2006).

85



it “increases one’s capacity to deal with complex and abstract matters such as those

found in the political world” (Jacobson, 1983, 115).12

Yet, as scholars in other disciplines have shown in different applications, cogni-

tive ability—as traditionally operationalized through standardized reading or math

tests—may not capture all of the individual abilities that matter for civic partic-

ipation. When it comes to political engagement specifically, psychosocial or non-

cognitive skills may act as an additional resource that helps citizens overcome voting

barriers. Indeed, some have argued—but not tested—that the psychosocial skills

children learn in schools may “foreshadow the skills (and behaviors) of a civically

engaged [citizen]” (Astuto and Ruck, 2010, 258). Perhaps independent of individ-

uals’ cognitive ability, their ability to drum up the motivation, energy, and focus

required to overcome the many obstacles and distractions that get in the way of

voting may be important. Individuals who develop the bundle of skills not captured

by standardized tests early in life may be more motivated to participate, able to

follow-through on their desire to participate, and less likely to experience various life

events that make them ineligible or unable to vote.

Although the current analysis is not focused on teasing out the role of specific

individual mechanisms, there are a number of reasons to think that psychosocial

skills may matter. Psychosocial skills may increase the likelihood that individuals

want to participate in politics. For example, the psychosocial ability to empathize

with others, to be able to “put oneself into another’s shoes,” may promote altruistic

behavior—helping citizens recognize when social problems are present and increasing

their desire to mobilize their actions on behalf of others.13 Indeed, for these reasons

12Jacobson (1983, 115) further argues, “People with the requisite cognitive skills and political
knowledge find the cost of processing and acting on political information lower and the satisfactions
greater.” For these people, “politics is less threatening and more interesting.”

13 Empathy has also been referred to as emotion recognition or a theory of mind, which involves
the ability to recognize that others have thoughts, ideas, beliefs, and desires that are independent
from one’s own (Premack and Woodruff, 1978; Wellman et al., 2001).
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theorists have speculated that empathy may be important for political participation

(Barber, 1989; Dahl, 1992).14 Similarly, a general sense of self-efficacy—the belief

that actions across various life domains will yield desired results—may help indi-

viduals believe that they have the capacity to participate in politics (Condon and

Holleque, 2013). In short, the ability to control one’s general motivations may give

individuals the domain specific motivation needed to participate in politics.

Additionally, psychosocial skills may empower individuals to follow through once

they have a desire to participate. Citizens’ ability to self regulate—or to voluntarily

identify and control behaviors, emotions, motivations, and thoughts in the presence

of temptations or diversions (Zimmerman, 2000)—may be particularly important in

helping them avoid the distractions that get in the way of voting. For example,

grit—the general ability to persevere towards goals in spite of obstacles that get in

the way—may help individuals overcome the specific obstacles that impede voting

(Hillygus, Holbein, and Snell 2015).15 Similarly, the ability to delay gratification

may help individuals overcome the immediate costs and delayed benefits of voting

(Fowler and Kam, 2006).

Finally, psychosocial skills may influence participation through their other down-

stream consequences. Previous work has shown that psychosocial skills reduce the

likelihood of negative health (e.g. teenage pregnancy), education (e.g. school dropout),

and criminal behaviors (Cook et al., 2014; Heckman and Kautz, 2013; Heller et al.,

2015). Moreover, previous work in political science has shown that individuals with

such experiences are much less likely to vote (Gerber et al., 2015; Haselswerdt, 2009;

14 Dahl (1992), in particular, argues that empathy may help individuals develop “civic virtue”
or an inclination towards participating. He is, however, vague as to “whether and how it may be
possible to promote a more widespread capacity for empathic understanding among citizens” and
acknowledges that the nature of this relationship “requires further testing and investigation.”

15 Some scholars have previously hinted at, but not examined, this possibility. Plutzer and
Wiefek (2006, 674) suggest that “perseverance could conceivably account for why some. . . overcome
the start-up costs of registration [to vote].” Neuman (1986, 2) mentions in passing that it may take
“a great deal of initiative, energy, [and] perseverance. . . [for citizens] to be heard.”
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Pacheco and Plutzer, 2007). Putting these two strands of research together, target-

ing psychosocial skills may help children avoid demobilizing life events that make

them ineligible or unable to participate in adulthood. Avoiding negative life events

may help individuals become more integrated in mobilizing social networks and more

likely to be actively involved in their community and democracy.

Undoubtedly, the mechanisms are many and complex, but based simply on the

strong relationship found for non-political outcomes, there is a clear value in extend-

ing an examination of psychosocial skills to the political realm. These skills are ripe

for examination as to their role in influencing political participation. Indeed, a small

literature has started to examine the observational relationship between psychoso-

cial skills and political participation—including examinations of delayed gratification

(Fowler and Kam, 2006; Schafer, 2016), general self-efficacy (Condon and Holleque,

2013), and grit (Hillygus, Holbein, and Snell 2015), but from these studies it is un-

clear whether these attributes causally affect participation or instead reflect other

individual factors—such as income or cognitive ability—that also influence political

participation. Further, from these it remains unclear whether psychosocial attributes

are indeed malleable and can be targeted as a means of increasing participation.

Given this, understanding the role psychosocial skills developed in childhood play

for adult participation requires a causal identification strategy.

4.5 Empirical Case: Fast Track Intervention

The Fast Track Intervention provides just such an opportunity. The Fast Track In-

tervention (FT) was one of the earliest, and largest, randomized-control interventions

to target children’s psychosocial skills as a means of improving their life outcomes.

Started in 1992, this multi-site program began with a sample of children who were

just finishing kindergarten. The intervention was administered in four communities:

Durham, North Carolina; Nashville, Tennessee; rural central Pennsylvania; and Seat-
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tle, Washington. Within these sites, the principal investigators targeted children “for

whom the prospect of [life] success . . . [was] most daunting” (Bierman et al., 2011,

2).

Fast Track began recruiting participants during the 1991-1992 school year. Near

the end of the year, the PIs from the Fast Track group began recruiting families

with kindergarten students. After this first recruitment, two subsequent cohorts

of kindergarteners were recruited in the same manner in the 1992–1993 and 1993–

1994 school years. All in all, approximately 10,000 individuals signed up for initial

screening. Given a desire to target at-risk students and a finite pool of resources

to implement the program, the investigators selected a limited number of applicants

to participate.16 Following a clustered design, the researchers selected 55 high-risk

schools to be randomized to either the treatment or control groups. This resulted in

445 children in the treatment and 446 in the control group.17 The two groups were

balanced on a host of pre-treatment demographic and psychosocial characteristics

(see table C.1 in the Online Appendix). Once assignment was determined, Fast

Track followed children at the individual-level.

The Fast Track intervention drew heavily from the broad psychology literature

on child development. It was explicitly “devised to increase [children’s] emotion reg-

ulation and social-cognitive skills” (Bierman et al., 1999a, 3). It was hoped that

targeting students’ psychosocial skills would encourage them to “becom[e] a non-

disruptive and non-aggressive member of a classroom” (Bierman et al., 1999a, 3).

To achieve its goals, the principal investigators designed a multi-component, multi-

year treatment program that was primarily implemented while children were in ele-

16 Risk was determined based on poverty and crime in the school zone and student misbehavior
(Bierman et al., 1999a).

17 The principal investigators recruited with an appeal to participate in a longitudinal program
helping children adjust to school. Fast Track came to its final sample through a two step screening
process. In the first, families were recruited to participate in the study. This created the initial
pool of 10,000 individuals. In the second, the sample was pared down to the 55 high-risk schools.
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mentary school. This six-part intervention included in-school curricula, home visits,

parent training groups, tutoring, friendship groups, and peer pairing. One of the key

components was the teacher-led curriculum called PATHS. This curriculum taught

children—through hands-on applications—“skills for emotional understanding and

communication (i.e., recognizing and labeling emotions), friendship skills (i.e., par-

ticipation, cooperation, fair play, and negotiation), self-control skills (i.e., behavioral

inhibition and arousal modulation), and social problem-solving skills (i.e., problem

identification, response generation, response evaluation, and anticipatory planning).”

The other five components of the program were designed to reinforce these skills by

promoting positive behavior management skills, enhancing students’ social skills,

and fostering problem-solving and life management skills. The intervention featured

discussions, stories, films, games, crafts, joint reading activities and role-plays (Bier-

man et al., 1999a, 7). Sessions built on each other and focused on reviewing and

practicing the skills taught in previous weeks. Group meetings were held frequently

in initial stages, but later declined in their frequency.18 In short, while the program

had several components, all were unified in their targeting of improvements in psy-

chosocial skills. Given that Fast Track was not designed with the explicit goal of

making active citizens, this intervention contained no expressly political content.

From follow-up data collection efforts, we know that Fast Track helped treated

individuals develop psychosocial skills at a rate higher than those in the control

group (Bierman et al., 1999a, 2002, 2004, 2007, 2010). The Fast Track program led

to improvements in both self-regulation and social skills (Bierman et al., 1999a,b;

Sorensen and Dodge, 2016). Relative to the control group, those in the treatment

arm manifested “significantly lower rates of aggressive behaviors at school” (Bierman

18 22 peer pairing sessions were scheduled in the first year. Friendship and parent groups were
scheduled for 22 sessions in the first year, 14 sessions in the second, and around 9 in years three
through six. Tutoring was scheduled to occur for 60 sessions, mostly during the initial year. Home
visits too were scheduled primarily in the first year, with 11 visits scheduled. PATHS was imple-
mented once a week during the first three years of the intervention, then declined over the next two
years.
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et al., 2011, 3). Intervention children could more readily identify emotions, scoring

0.14 standard deviations above the control group. Four years into the program, the

treatment group scored 0.12 standard deviations above the control group in ability to

work through difficult group problems.19 The treatment group also manifested higher

levels of self control, being 0.42 standard deviations above the control group. In ado-

lescence, treated children still manifested reduced conduct problems in the home,

school, and community, with decreases in involvement with deviant peers, hyperac-

tivity, delinquent behavior, and conduct disorders (Bierman et al., 2004; Sorensen

and Dodge, 2016). Treated subjects also showed signs of improved social competence

and social cognition (Bierman et al., 2010). In adulthood, those in the treatment

group had 30-40% lower conviction rates for violent and drug-related crimes than

the control group (Sorensen and Dodge, 2016): suggesting that the program had set

children on a long-run path of controlling their emotions, motivations, thoughts and

behavior and being able to interactive productively in social settings.20

In contrast, Fast Track had only a small and limited effect on standardized test

score measures of cognitive ability. By the time participants were in the second

grade, the treatment and the control group were statistically and substantively in-

distinguishable on measures of verbal and math proficiency (see Table C.4 in the

Online Appendix). While this may be seen as undesirable from a policy perspec-

tive, it allows us to extend our understanding of the skills that matter for political

participation beyond the cognitive skills that so many have previously studied (e.g.,

Denny and Doyle, 2008; Luskin, 1990; Nie et al., 1996; Verba et al., 1995; Wolfinger

and Rosenstone, 1980).

In short, Fast Track’s design and long-run effects make it ideal for evaluating

19 Unfortunately, some psychosocial skills—such as, emotion recognition, hostility control, and
aggression control—were not measured after the fourth year of follow up. However, there is evidence
that these gains persisted up until this point.

20 Sorensen and Dodge (2016) use structural model decompositions to show that most of the
reduction in crime is attributable to enhanced psychosocial skills.
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the impact of psychosocial skills, and programs targeting these, on voter turnout.

It should be noted, though, that despite this valuable virtue, Fast Track’s multi-

component design makes it admittedly tough to distinguish which specific aspect of

the program drives any affect on voter turnout (a point I return to later).

4.6 Data

To evaluate the impact of Fast Track’s psychosocial skill treatment on political par-

ticipation, in July 2014 (when the participants in the three cohorts were 26-29 years

old) I matched Fast Track participants to state voter files.21 This was possible be-

cause the Fast Track organization implemented a robust system of regular follow-up

surveys of both the treatment and control groups. These started in the first year

of the intervention (1991-1992) and continued almost yearly until the most recent

follow up in year 19 of the study (2010-2011, when subjects in the three cohorts were

22 to 25 years old). This rigorous follow-up procedure has assured that, even more

than two decades later, very few students have dropped out of either the treatment

or control groups.

The process of matching Fast Track participants to voter files consisted of uniquely

matching individuals using their first names, last names, and birthdays. Fortunately,

all subjects had these matching characteristics collected at baseline. The search pro-

cess matched individuals in their current state of residence, based on their most

recent address from the year 19 follow up (2011) that has been maintained through

2014.22 Using these current addresses, I searched for all individuals in their current

21 I used the most recent publicly available version of the voter file. For North Carolina, Penn-
sylvania, and Washington this was the July 2014 version. As Tennessee’s voter file is not readily
accessible to researchers, I used the version from May 2012. This should do little to alter the results
outlined below, as individuals in the treatment and control group are equally likely to be purged
from voter files.

22 Fast Track’s main way of maintaining current addresses is through their follow-up surveys.
However, in-between survey waves, Fast Track continuously updates their address file by using
a combination of searches of social media, newspapers (through LexisNexis), and contact with
extended family members.
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and original intervention state.23 More details about the match can be found in the

Online Appendix.

One might be worried that differential attrition across the treatment and control

groups would lead to differential match rates. However, in the Fast Track case,

attrition should be of little concern. Attrition from the sample—even many years

after the intervention had ended—was very low. In year 19 of the study (2011),

93% remained in the sample with a current address in the Fast Track data files.

Importantly, this metric of attrition is balanced across the treatment and control

conditions, with 91.7% of individuals in the treatment and 93.3% in the control

group having a current address (p “ 0.38). Moreover, those who have attrited from

the sample appear to be similar, based on their pretreatment characteristics, across

the treatment and control groups. Out of more than 30 pre-treatment characteristics,

only 1 (parent satisfaction with friendships) predicts attrition when it is interacted

with the treatment variable. With multiple tests, we would expect about one of

these to be significant simply by chance. Put differently, there is little evidence of

different types of people dropping out of the Fast Track pool across the treatment

and control groups. This is important because it ensures a similar match rate across

the treatment and control groups.

Additionally, other post-treatment behaviors that could make matching subjects

to voter files difficult—such as moving, getting married (and changing one’s name),

or dying—remain balanced across the treatment conditions.24 Further, all subjects

had their full names and birthdays available at baseline. The comprehensive nature

23 85% of individuals in the sample remained in their original state of residence. Among the
remaining individuals located in other states, most were searchable through the individual states’
voter registration file portals. More importantly, those who lived outside the original state and
those who were in unmatchable states were balanced across the treatment and control groups.

24 It is well known that matching females to public records is difficult because many women
change their names upon getting married, and indeed married women in the Fast Track data are
less likely to be successfully matched to voter files. However, this pattern is unlikely to bias the
results, as the marriage match gap is equal across the treatment and the control group (p « 0.87).
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of the data is of critical importance. Given balanced attrition, quality of matching

inputs, and movement rates, the match itself is unlikely to bias the results outlined

below. If individuals were missed or mistakenly matched in the procedure used, this

should only introduce additional uncertainty into the model estimates. Even still,

to guard against the limited possibility of matching biasing the results, I also use a

self-reported measure of voting (from year 15 of the study: 2007) as a robustness

check.

Following previous practice (e.g., Sondheimer and Green, 2010), those who could

not be located were marked as having never registered nor voted.25 Overall, 44% of

individuals in the Fast Track Intervention were matched to voter files. This registra-

tion rate is comparable to those of this age range (27-29 at the time of the match)

and socioeconomic status in the general population.26 Moreover, registration within

the sample follows general well-known patterns in registration rates: with women,

higher SES, and subjects with higher educational attainment all being more likely

to register.

Based on the data available from the voter file match, it is apparent that without

the Fast Track program subjects were unlikely to participate in politics. Being

largely low-income, at-risk children of low-participation parents, these children had

the standard characteristics of low-propensity voters.27 As a reference, only 26.2%

of subjects in the control group voted in at least one election from 2004-2012. In

short, these children had the deck stacked against their participation in politics in

adulthood.

25 If the turnout effects from Table 4.1 are re-estimated using just those who were registered,
the estimates do not change substantially becoming slightly larger.

26 In 2012, « 42% of those low SES individuals aged 25-29 were registered (CPS, Nov. Supple-
ment).

27 Less than 20% of Fast Track parents ever voted from 2004–2012. This number is based on a
match only for participants in TN and PA as in the NC and WA Fast Track parent birthdays were
not collected.
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While not the primary focus of this paper, I can use the matched Fast Track

data to produce some descriptive results relating psychosocial skills in childhood to

validated voting in adulthood. This gives us a first pass look at the relationship be-

tween psychosocial skills developed in childhood and adult turnout. Figure 4.1 plots

the predicted relationship between several psychosocial skills measured in childhood

and adult validated voter turnout among the Fast Track control group. These skill

measures come from teacher and expert evaluations of students’ psychosocial abili-

ties (more detail about the measures used can be found in the Online Appendix, see

Table C.6).28 Figure 4.1 shows that measures of childhood self control, behavioral

control, grit, and social skills are all strongly predictive of participation in adulthood.

For example, a child with the highest level of grit has a 30% higher predicted prob-

ability of voting in adulthood than a child with the lowest levels of grit (pă0.04).

This relationship is similar for measures of self control (pă0.15), behavioral control

(pă0.01), and social skills (pă0.04).29 Importantly, these observational relationships

hold even when controlling for cognitive ability—a fundamentally important predic-

tor shown in previous turnout studies.30

28 Behavioral control is the one measure not taken from teacher evaluations of student abilities.
As is customary (e.g., Barber et al., 1994), behavioral control is measured using observed misbe-
haviors. In particular, I rely here on verified measures of crime from public crime records (Sorensen
and Dodge, 2016). This is consistent with the broader literature that uses observed behaviors as
measures of psychosocial skills (e.g., Jackson, 2012).

29 If these four psychosocial skills are included in the same model together, grit and behavioral
control remain positive and significant; self control remains positive and not significant; and social
skills becomes negative, but not significant.

30 Fast Track has several measures of cognitive ability. Here, I use a weighted average of two
reading exams taken in year 6 of the follow up compiled from a one-factor principal factor analysis.
These items are from the Revised Woodcock-Johnson Psycho-Educational Battery—a commonly-
used measure of childrens verbal cognitive ability (Woodcock and Mather, 1989). The results
do not change if measures from other years are used. These descriptive models also control for
common predictors of participation, including baseline Socio-Economic Status (a composite measure
of family income and education) and several other demographic characteristics such as Age, Gender,
Race, and Family Composition (siblings, mother married, and male present)
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Figure 4.1: Descriptive Relationship Between Select Psychosocial Skills and
Turnout (Control Group)

Figure 4.1 plots the predicted probability of voting in adulthood by several measures of childhood
psychosocial skills. Data are from the control group in the Fast Track intervention data. Specific
details about these measures can be found in Table C.6. The grit (years 1-6; teacher rated), self
control (years 1-3; psychological evaluation), behavioral control (years 8-13; observed behaviors),
and social skills (years 7-10; teacher rated) measures used here come from scales from all of the
years available to increase internal consistency. Models based on a logit specification and control
for baseline measures of cognitive ability, gender, race, age, socio-economic status in childhood,
and family composition (siblings, mother married, and male present). Predicted probabilities are
constrained to be between 0 and 1. As the standard errors are estimates using the delta method,
they are not constrained to be between 0 and 1.

These results suggest that developing psychosocial skills may be important for

political participation in adulthood. However, as these results are observational, it

remains unclear whether this relationship is causal. Even if I were able to control for

many observed characteristics, lingering would be unobserved individual and contex-

tual characteristics that may bias the estimated relationship between psychosocial
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skills and turnout. To move past this hurdle, then, I turn to the main purpose of

this paper—exploring whether randomly assigning some children to develop their

psychosocial skills translates into increased levels of adult voter turnout.

4.7 Methods

Estimating the effect of the Fast Track psychosocial skill intervention requires the

standard instrumental variables approach provided by Angrist et al. (1996).31 This

is required as over time there was some non-compliance by program participants—

despite the fact that none in the control group ever received treatment (due to the

clustered initial design and individual tracking thereafter), some individuals in the

treatment arm did stop attending program sessions. Overall, those in the treatment

group attended about 66% of the program sessions over the six years.32

Under this standard approach, in the first stage, Fast Track program receipt (Ti)

is instrumented by random assignment to Fast Track (As). The coefficient for this

estimate—γ1—shows the rate of compliance, which in this case is very high.33 In the

second simultaneously-estimated stage, the effect of program receipt (T̂i) on voter

turnout (Vi) is estimated. This approach is displayed in equations (1) and (2) below.

Ti “ γ0 ` γ1As ` γ2 Xi ` εis (4.1)

Vi “ β0 ` β1 T̂i ` β2 Xi ` σis (4.2)

31 The standard assumptions of IV are likely satisfied due to the random assignment of the
Fast Track program, the high likelihood of stable unit treatment value (SUTVA) given the cluster-
randomization setup, and the strong enough relationship between assignment to the Fast Track
program and receipt (see F-statistics listed in Table 4.1, which easily clear the hurdles suggested
by Stock and Yogo (2005)).

32 I define program receipt as the proportion of Fast Track program components attended. As
expected, compliance declined over time (compliance in years 1-6: 77%, 72%, 71%, 64%, 59%, 53%).

33 The first-stage estimates from the models in Table 4.1 show that treatment assignment is
strongly related to treatment exposure (γ1 “0.664*, with a 95% confidence interval of [0.641,
0.687]). The instrument thus clears any reasonable threshold for instrument strength (Stock and
Yogo, 2005).
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In the models used here, the key outcome of interest is whether an individual

voted in adulthood (Vi). I specify this outcome in three ways. The first uses an

indicator for whether an individual ever voted in the elections for which they were

eligible. This follows the approach used by Sondheimer and Green (2010) in their

match of two other education programs to voter-files. The second uses an adjusted

count of the number of times individuals voted, with the numerator being the number

of times an individual voted and the denominator being the number of times they

were eligible to vote. Finally, the third uses a self-reported turnout item. This

outcome comes from a survey administered by Fast Track in year 15 of the study,

when participants were between 19- and 23-years-old. In this survey question, Fast

Track asked, “Over the past year, how often have you voted in elections?” This

question had a 5-item response scale, ranging from never voting to voting more than

four times.34 If the voter file and survey items move in the same direction, we can

be confident that the results are not a bi-product of the procedure used to match

participants to voter files.

The models include a set of pre-treatment controls (Xi), which include race, gen-

der, implementation site, cohort, age at the start of the intervention, socio-economic

status, and information about whether the subject had siblings and married par-

ents at baseline. These have been included in previous examinations of Fast Track’s

impacts and are simply included to increase precision. Given the randomized treat-

ment, these controls are unlikely to bias the estimates (see Table C.1 in the Online

Appendix for the covariate balance check).

The coefficient for the assignment to treatment variable pβ1q is the causal effect

of exposure to the full Fast Track childhood psychosocial program on adult voter

turnout. For ease in interpretation, I use a linear probability model with the ever

34 Admittedly, this question is not ideal given its vagueness, but it nonetheless serves as a useful
robustness check. If the question is recoded as an indicator variable for voting more than once, the
results do not change (discussed below).
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voted outcome. However, I also display marginal effects from a probit model in

the results (the results do not change when I use this approach). When I use the

proportion of elections voting as the outcome, I use a tobit model as this outcome

is pseudo-continuous (it takes on 9 values) and is truncated at 0 and 1—but, the

results are statistically indistinguishable when I employ ordered logit or two-part

hurdle models.

4.8 Results

Raw turnout differences between the treatment and control groups indicate that

individuals assigned to the Fast Track program in childhood turned out at a rate

approximately 6.7 percentage points higher than the control group (p« 0.04). Model

estimates provided in Table 4.1 support this basic comparison. These indicate that

assignment to the Fast Track treatment (ITT) increased turnout by 7.3 percentage

points above the control group. The TOT indicates that individuals exposed to Fast

Track turned out to vote in at least one of the federal elections held during 2004-

2012 at a rate 11.1 percentage points higher than the control group. (If I instead

use a probit specification with average marginal effects, the increase is even larger:

equivalent to a 12.7 percentage point increase.)

When I use the proportion of elections voting as the outcome, the results are even

slightly larger. Individuals exposed to the Fast Track program vote a predicted rate

of 14.0 percentage points higher than those in the control group. If I use an ordered

logit, the results are statistically indistinguishable: showing that the program was

particularly effective at moving individuals from never voting to voting in at least

one election.35 Similarly, if I use a more complex two-part hurdle model—which

35 The TOT average marginal effects for ordered logit models are as follows: voting in no
elections: 6.0% decrease in probability (p=0.038); 1/5 elections: 1.0% increase (p=0.045); 1/4 elec-
tions: 1.0% (p=0.045); 2/5 elections: 1.4% (p=0.044); 2/5 elections: 1.0% (p=0.051); 3/5 elections:
0.7% (p=0.061); 3/4 elections: 0.2% (p=0.102); 4/5 elections: 0.4% (p=0.089); all elections 0.2%
(p=0.115).
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separately models whether Fast Track helped participants clear the hurdle of never

voting (with a logit model) and how many times they voted (with OLS)—I find a

similar result: with the program being particularly effective at moving individuals

from never voting to voting in at least one election.

Table 4.1: Fast Track’s Impact on Voter Turnout

DV: Ever Vote DV: Ever Vote DV: Prop. Vote DV: Prop. Vote
(ITT) (TOT) (ITT) (TOT)

Treatment 0.073* 0.111* 0.094* 0.140*
[0.02,0.13] [ 0.03, 0.20] [0.01,0.19] [0.00,0.28]

Controls Yes Yes Yes Yes

# of Students 812 812 812 812

# of Schools 55 55 55 55

R2 0.166 0.169 0.129 0.132
F (inst. strength) . 3265.4 . 251.3
Marginal Effects 0.076* 0.127* . .

[0.004,0.149] [0.033,0.220] . .

Notes: 95% confidence intervals in brackets. ` p ď .10, * p ď .05. 95% confidence intervals
displayed below the coefficients. These are based on cluster robust standard errors that
adjust for the treatment being at the school level and the potential for heteroskedasticity.
Control coefficients are reported in the Online Appendix. Controls include race, gender, age,
socio-economic status, whether the child has a sibling, whether the child has a male present
in the home, the site of the treatment, and the cohort of treatment. For those in Washington,
vote history was only available after 2006. F is the test statistic for instrument strength (the
χ2 statistic for the joint hypothesis of the instruments being equal to 0 is shown for tobit
models). Columns 3-4 report a tobit specification for the proportion of elections voting (9
categories, truncated at 0 and 1).

The estimates of Fast Track’s impact are statistically distinct from 0 at the 95%

significance level. In short, being exposed to Fast Track’s program that targeted

psychosocial skills in childhood has a large effect on adult voter turnout. That this

effect is observed among a particularly disadvantaged sample is meaningful given this

group’s low vote propensity at baseline, and the inherent difficulty associated with

mobilizing low propensity citizens (Bedolla and Michelson, 2012). When bench-

marked with turnout levels in the control group, the TOT estimates represent at

least a 40% increase in baseline participation rates.36 These effects are also larger

36 The base rate of those ever voting is 26.2%. Thus, the TOT for ever voting represents a 42.1%
increase (ITT: 28.0% increase). The base rate of the proportion of elections voting, being a higher
threshold for engagement, is 11.3%. Hence, TOT for the proportion of elections voting represents
a 123% increase (ITT: 82.5% increase).
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than other interventions.37 For example, the Fast Track program effect is 3.2 times

larger than childhood class size reductions provided through the Tennessee STAR

program and 1.3 times larger than the high quality preschools provided through

the Perry Preschool program (Sondheimer and Green, 2010).38 Additionally, Fast

Track’s program appears to be larger than even the most effective reforms targeted

at adolescents, being about 1.2–1.8 times larger than preregistration reforms, for

example (Holbein and Hillygus, 2016). In short, in addition to being statistically

significant, Fast Track’s effect on turnout is substantively meaningful.

Figure 4.2 provides two visual comparisons of the treatment estimates. Panel (a)

displays the ITT estimates, by plotting the distribution of the predicted probability

of voting and predicted mean turnout levels across the two groups. Panel (b) provides

a simple bar graph with error bars showing the difference between those exposed to

the program and those in the control group. Figure C.2 in the Online Appendix

shows the TOT estimates using a coefficient plot, which displays the point estimates

and 90 and 95% confidence intervals for the difference between the treatment and

control groups.

One potential concern regarding these results is that they are an artifact of the

procedure used to match Fast Track subjects to voter-files. While this is unlikely

given the specification checks outlined earlier, I nonetheless use a check here that

avoids voter-files altogether. In year 15 of the study (2007), subjects were asked

to identify how often they voted. With this measure, about 48% indicate that they

voted more than once. When I use this survey measure as an outcome, I find a similar

result to that presented in Table 1 and Figure 2. Treated individuals reported voting

37 Obviously, interventions vary in the context in which they are implemented. My intent here
is not to argue otherwise. It is, instead, to provide a rough benchmark of the effect’s size

38 The Tennessee STAR (Dee and West, 2011) and Perry Preschool (Heckman and Kautz, 2013)
programs have been shown to affect participants’ psychosocial skills. Sondheimer and Green (2010)
use these programs to explore the effect of educational attainment on voting. The unexplored
possibility remains that part of the treatment effect they observe is due to enhanced psychosocial
skills.
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Figure 4.2: Fast Track’s Impact on Voter Turnout

Panel (a) in Figure 4.2 shows predicted probabilities and mean levels of ever voting based a model
with treatment status and baseline characteristics (ITT). Panel (b) shows coefficient plot estimates
for the TOT. Panel (c) shows the bar graph difference for the TOT.

at a rate 0.35 points higher on the 5 point scale (p « 0.02). When this is collapsed

to an indicator variable, individuals assigned to the treatment group reported voting

at a rate 6.5% (ITT) higher, while individuals exposed to the program indicated

voting at rate 10.2% higher (TOT). Figure C.3 in the Online Appendix shows this

difference visually. Like the results with the voter file, this represents a noticeable

increase: equivalent to 37% of a standard deviation, or a 67% increase in baseline

rates. This check, in short, provides reassurance that the effect observed from the

voter file data is not simply an artifact of the data matching procedure used.

The effects presented here are consistent across subgroups, with one exception.

While the program was equally effective at mobilizing boys and girls, minority and

non-minority participants, and children across the four implementation sites, there

is some evidence that this treatment effect is particularly large for the lowest-SES

individuals. Figure C.4 in the Online Appendix shows that the effect is about 2.2
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times larger among the most disadvantaged participants.39

Taken together, the results presented here solidify the point that the Fast Track

program that targeted psychosocial skills in childhood had a large, statistically mean-

ingful impact on turnout.40 This result provides strong evidence that early life in-

terventions targeting psychosocial skills can substantially move participation down-

stream. Such a finding is particularly meaningful because of the population in which

it was observed (children of low-socioeconomic parents who were identified as being

high risk). Given the normal exclusion of voters with the attributes of the Fast Track

participants from the electorate (e.g., Verba et al., 1995; Wolfinger and Rosenstone,

1980), this result has implications for how we incorporate low propensity citizens

into the electorate and ameliorate stubborn participatory inequalities.

4.9 Potential Mechanisms

Regardless of the mechanisms driving Fast Track’s large effect on turnout, the find-

ings already presented are theoretically important in that they show that targeting

psychosocial skills in early life can have large and long-lasting impacts on political

behavior in adulthood. Whereas previous political behavior research has focused on

what happens to citizens in adolescence and adulthood, this result suggests a need

for research to reorient towards what happens in childhood.

That said, understanding the factors that helped drive this effect is also impor-

tant. There are ex-ante reasons to suspect that this effect was due, in large part, to

the program’s direct enhancement of children’s bundle of psychosocial skills. After

all, a strong descriptive relationship exists between childhood psychosocial skills and

voter turnout (see Figure 4.1), the Fast Track program was explicitly designed to

39 This difference is substantively large, but not quite statistically significant.

40 There is some evidence that Fast Track may have increased civic volunteering too (β “ 0.10σ,
p « 0.17).
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target these skills, and the program was successfully able to do so. Still, the question

remains: did Fast Track increase turnout because of its direct effect on psychosocial

skills, or because it indirectly moved some other factor, like educational attainment,

income, social status, or cognitive abilities?

To explore the channels through which Fast Track potentially mobilized its partic-

ipants, be it through psychosocial skills, or some other channel, I use causal mediation

models. The approach I use follows that outlined by Imai et al. (2010). This approach

provides an average causal medication effect (“ACME”) and an average direct effect

(“ADE”). Their procedure also adds a sensitivity analysis, which shows how robust

the mediation estimates are to unobserved heterogeneity.41 In addition, I estimate

models that allow for there to be some interdependence between multiple mediators,

following the approach suggested by Karlson et al. (2012) and Kohler et al. (2011).

While these mediation models have value in providing suggestive information about

the importance of potential mediators, they should be viewed as descriptive due to

the inherent difficulties involving unobserved mediators (see Green et al., 2010; Imai

et al., 2011; Keele, 2015).

The results from these mediation models are shown in Figure 4.3 and Table C.5

in the Online Appendix. The results from these models suggest that Fast Track’s

large effect on turnout was not due to enhanced social status or connectivity (as

measured by associational memberships). Though social status is strongly related to

voter turnout, the Fast Track intervention did not alter social status. When interde-

pendence is allowed between these measures of social status—as in Figure 4.3—the

estimates suggest that improvements in status account for about 2.0% of the treat-

ment effect.42

41 The key output of the sensitivity analysis is a parameter from which “the original findings are
deemed sensitive if the true effects are found to vary widely as a function of ρ” (Hicks and Tingley,
2011).

42 This result is consistent with the fact that Fast Track’s primary gains involved enhanced
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The mediation models also suggest there is little evidence that Fast Track’s im-

pact channeled indirectly through individual resources. The ACME estimates for

income represent only 2.5% of the direct effect, a comparatively small amount. Fast

Track may have moved educational attainment some, and, as such, this resource

may have played a role in the program’s effect on turnout. The educational attain-

ment representing 5.7% of the direct effect. Thus, increasing attainment may have

played some role, but by no means explains Fast Track’s entire effect. As shown in

Figure 4.3, when interdependence is allowed between these two resource measures,

the estimates suggest that improvements in status account for about 1.0% of the

treatment effect.

Further, the mediation models suggest that cognitive skills do not explain Fast

Track’s effect on turnout. The estimates for cognitive skills tend to be small—

somewhere between 0–4% of the direct effect estimates. When interdependence is

allowed between these self regulation measures, the estimates suggest that improve-

ments in observed self-regulation skills account for about 1.0% of the treatment effect

(this estimate goes as high as 4.7% when only the verbal assessments are considered

together). This should be intuitive, as the Fast Track program had limited effects

on cognitive ability.

Indeed, the mediation results are consistent with the conclusion that Fast Track’s

effect largely came from the bundle of psychosocial skills it improved. Figure 4.3

suggests that approximately 25% of the treatment effect can be accounted for with

measures of students’ psychosocial skills observed in the study. Depending on the

combination of skills used, this number rises to approximately 35% of the total effect

explained. The size of this mediation estimate is consistent with previous work on

Fast Track’s impact on crime (Sorensen and Dodge, 2016). Moreover, these mediation

estimates are much larger than any of the other possible channels. If we think of

self-regulation rather than social skills.
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voting as a two-step process—with the first step being registering to vote and the

second being actually voting—Fast Track’s effects on registration explain about half

of the effect on voting. And, observed psychosocial skills explain about half of the

increase in registration. Still, a significant amount of the treatment effect remains

unexplained, suggesting that there may be other psychosocial skills of importance or

downstream consequences from targeting psychosocial skills in childhood that drove

this effect.

Club Memberships

Income

Cognitive Skills (Verbal)

Educational Attainment

Crime

Psychosocial Skills

0.00 0.05 0.10 0.15 0.20 0.25
ACME/ADE

Figure 4.3: Fast Track’s Potential Mechanisms

Figure 4.3 provides the mediation estimates that allow for interdependence across multiple media-
tors (Karlson et al., 2012; Kohler et al., 2011). The individual mediators include: adult education
and income; religious, non-religious, social, and club memberships and marital status for club
memberships; the number of delinquent acts based on public crime records for the crime model;
scores on a verbal achievement test for the cognitive skills model; and emotion recognition, emotion
regulation, grit, attentiveness, social problem solving, withdrawn, internalizing, anti social, social
problems, prosocial and behavioral, hostility, aggression, and self control in the psychosocial skills
model.

On a related point, it appears that some of the increases in turnout can be

attributed to the fact that participants spent less time in prison, affecting their

eligibility and orientation towards voting. The mediation estimates represent about

8-10% of the average treatment effect. It is important to note, however, that Fast

Track’s reduction of criminal behavior has been shown to be attributable to upstream
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improvements in participants’ psychosocial skills (Sorensen and Dodge, 2016).

In short, as best I can tell, the development of psychosocial skills in childhood

appears to be playing a larger role than social status or connectivity, individual re-

sources, or cognitive ability in explaining the large effect of the Fast Track program

on turnout. That the program primarily worked through psychosocial skills makes

sense, as the program was designed to target these. Unfortunately, the Fast Track

program can only go so far in determining which specific psychosocial skills helped

contribute to this large effect. While the Fast Track program has many advantages,

it simply was not designed to allow us to isolate the impact of individual psychoso-

cial skills. Still, examining these skills apart individually provides some—albeit,

suggestive—information for scholars seeking to study the relationship between in-

dividual psychosocial skills and adult turnout. Of the psychosocial skills measured

post treatment, it appears that empathy may play an important role (ACME/ADE

= 15.3%). Encouraging participants to put themselves in others’ shoes appears to

have a powerful long-run effect on turnout. Additionally, Fast Track’s effect may

have something to do with general self efficacy (ACME/ADE = 9.7%). That is to

say, Fast Track taught students to believe that their actions across all domains would

yield expected results. This may have been behind why individuals participated in

politics. Similarly, measures of individuals’ hostile attribution control (9.2%) and

aggression control (9.0%) all seemed to have played an important role in why Fast

Track increased turnout; suggesting that the ability to control emotions and behav-

ior may encourage individuals to participate in politics. These estimates tend to be

larger, more precise, and more robust than other channels.43 These results suggest

43 Some psychosocial skills including self control (1.4%) and grit (2.7%), however, have much
smaller mediation estimates. The lack of an effect with grit is likely because Fast Track failed to
move this psychosocial skill. As shown in Figure 4.1, grit is strongly related to participation. Hence,
grit may still be important for participation; Fast Track, however, may not be the right program to
evaluate the role of this attribute. Fast Track, did, however, improve subjects’ levels of self control.
However, it appears that the descriptive relationship between self control and participation shown
in Figure 4.1 may be due to unobserved factors. When I use the exogenous variation Fast Track
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that a general ability to control emotions, motivations, and behaviors may be behind

Fast Track’s large effect on turnout. But again, more work remains to be done to

fully understand the role of individual psychosocial skills.

When viewed as a whole, the results suggest that childhood improvements in a

bundle of psychosocial skills likely played a strong role in Fast Track’s large effect.

It appears that those who have the general ability to control their emotions, motiva-

tions, thoughts and behaviors and to work in group settings are more likely to target

those in productive, mobilizing ways throughout their lives.44 In short, children who

develop psychosocial skills early on are more likely to be set on a path towards active

civic participation in adulthood.

4.10 Conclusion

In this article, I provided evidence that childhood programs targeting psychosocial or

non-cognitive skills—the individual abilities not captured by cognitive ability—have

a large and long-run effect on adult voter turnout. This result has important implica-

tions for our understanding of political participation. It suggests that interventions

in early life can have large and long-lasting impacts on stubbornly low turnout rates

in adulthood. This finding suggests a reorientation of political socialization studies

towards early childhood; a previously neglected critical period in the development of

participatory predispositions.

Such reorientation should go beyond simple measures of cognitive ability promi-

nently used in models of political participation to also explore the psychosocial or

non-cognitive skills developed in childhood. In the past, political scientists across

many topics have focused narrowly on cognitive ability as a predictor of political

treatment assignment provides, self control’s relationship with participation diminishes and becomes
statistically insignificant.

44 These individuals also may avoid negative events that have strong demobilizing effects (e.g.
incarceration or dropping out of school).
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behavior. For example, some have used cognitive skills to explain vote choice (e.g.,

Tranter, 2003). Others argue that cognitive skills are paramount in the development

of political efficacy—as White bluntly put it, “the bright . . . child is likely to feel

more politically efficacious than the slow...child” (White, 1968, 731). Scholars also

argue that cognitive ability is primary in helping individuals form their opinions

about politics, allowing them to “structure their perceptions and resolve ambigui-

ties” (Greenstein, 1967, 638). Finally, some have argued that cognitive proficiency

is really behind how individuals respond to political information (Di Palma and Mc-

Closky, 1970; Kim et al., 2015). The results presented in this paper suggest that

political scientists studying a variety of topics may benefit from widening their focus

beyond cognitive ability to also consider psychosocial skills.

The results outlined here also suggest a reorientation of the literature linking

education and political participation. They suggest that rather than focusing exclu-

sively on the number of years a citizen spends in school, it is important to consider

school content. The specific programs that schools implement—including those tar-

geting psychosocial skills—appear to have a large impact on civic participation later

on. This finding has important policy implications. Currently, there is a major

controversy in education circles surrounding how much attention should be given

to teaching psychosocial or non-cognitive skills, particularly in the early years chil-

dren spend in school (Farrington et al., 2012). These results add support to reforms

that target these skills. They provide evidence that psychosocial skills have benefits

beyond those previously identified. This result is important, given that a common

criticism of policies that encourage these skills is that they are prohibitively ex-

pensive. The large civic externalities documented here, however, may help justify

these costs. Even among groups that seem unlikely to participate actively in poli-

tics, well-designed psychosocial skill interventions can make a noticeable difference.

This finding suggests a refocusing of civics education. Compared to many direct
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civics reforms that have small effects (as documented by Bachner, 2010), interven-

tions targeting psychosocial skills appear to be particularly effective. In a landscape

of stagnant macro-level trends in participation and small estimates for many adult

mobilization efforts, this finding should give scholars and policymakers renewed hope

and direction.

Despite the promising results outlined here, much work remains to be done. In

many ways, this represents a first pass of the importance of psychosocial skills for

political participation. Future work would do well to dig deeper to determine what

individual psychosocial skills truly influence political behavior. Exploring these in a

causal way will require creative approaches that tease apart psychosocial skills indi-

vidually. Doing so may require a combination of priming experiments—that make

certain individual skills more salient, longer-term interventions targeting individual

skills, comparisons across siblings and twin pairs, and other natural experiments.

Still, this article has documented that this delve into psychosocial skills may provide

quite fruitful. The results outlined here suggest that there may be beneficial av-

enues of research exploring the individual components of individual self-regulation.

Expanding our view in this way will help increase our understanding of why some

people vote, while others do not, and will shine light on how to design reforms to

increase turnout.
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Appendix A

Appendix for Chapter 2: Left Behind? Citizen
Responsiveness to Government Performance

Information

A.1 Overview

This document contains supporting information for Chapter 2—Left Behind? Citizen

Responsiveness to Government Performance Information. The appendix is organized

by commonly asked questions involving the chapter text. Section A.2 discusses how

school failure signals are distributed. Section A.3 explains why residents look to

school boards instead of other civil servants or elected officials when schools fail.

Section A.4 documents the electoral contexts which school board elections occur.

Section A.5 compares geographic matching to assignment matching using a limited

sample where school zone assignment maps are available electronically. Section A.6

gives an illustrative example of how the running variable in the regression discontinu-

ity models used in the chapter was determined. Section A.7 outlines validity tests for

the failure cutoff. Section A.8 discusses whether exit biases the estimates presented

in the chapter. Section A.9 provides information about the first stage estimates the
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in regression discontinuity models. Section A.10 discusses whether the results are

robust to alternate model specifications, providing visuals of the effects shown in the

chapter. Section A.11 provides an alternate visualization of the quantile regression

discontinuity results presented in the chapter.

A.2 How is the Failure Signal Distributed?

Administrators are required to publicize AYP failure to the surrounding community.

NCLB states, “The state educational agency shall publish, and disseminate to par-

ents and the public, information on any corrective action . . . through such means

as the Internet, the media, and public agencies (Section 1116(c)(10)(E), ESEA).”1

In North Carolina, this requirement is fulfilled through two centralized channels:

a state-run website and individual letters to those in the school-zone. Figure A.1

shows an example notification letter. The two centralized websites—www.accrpt.

ncpublicschools.org and www.ncreportcards.org/src/—publish school failure

status. Figure A.2 provides examples of the information that is available on the first

of these two. The first panel shows the website interface; the second shows the format

of information delivered for individual schools. Importantly, there is some evidence

that these websites are widely used. As of July 2015, StatShow and SEMRush—

two website traffic monitoring services—estimate that the first, broader site reaches

roughly 100,000-140,000 unique visitors per month. The second site, which focuses

solely on school report cards, but is more difficult to locate, generates visits from

about 9,000-12,000 unique visitors per month. Additionally, there is some evidence

that these sites receive the most traffic in the months after school performance is

released. Still, the information on these websites is somewhat dense to navigate.

This may contribute to why we see an effect among high propensity residents, but

less so among low propensity. Consistent with this view, some have shown, in a lab

1Here, corrective action simply means failing to make AYP.
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setting, that making school performance data easier to interpret may increase the

likelihood of a response (Jacobsen et al., 2012).

Beyond these two centralized channels, decentralized channels may work to dis-

tribute school failure to the broader community. There is some evidence that the

media plays a key role in distributing school performance signals—for example, Berry

and Howell (2007) provide some evidence that local newspapers frequently cover the

release of AYP status. Additionally, the home-buying market may also play an

important role: with highly informed realtors distributing AYP status to those pur-

chasing homes in the area (Black, 1999; Figlio and Lucas, 2004). These decentralized

mechanisms likely combine with the centralized mechanisms to create the mobilizing

effect described in the chapter.
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Figure A.1: Sample Adequate Yearly Progress Letter

Figure A.1 displays a sample letter sent to provide notification of school failure.
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Figure A.2: Sample Adequate Yearly Progress Website Landing Page

Figure A.2 displays the loading screen for the AYP interface.

Figure A.3: Sample Adequate Yearly Progress Website Report Interface

Figure A.3 displays the information provided in the online report.
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A.3 Why School Boards?

Among citizens options for exercising voice when schools fail, residents could play

a part in influencing and/or choosing the local school governing bodies, such as the

school board. School boards play an integral role in education reform. Their deci-

sions are of critical import, forming the basis of education processes in classrooms

and schools (Ehrensal and First, 2014). As such, school board elections play a fun-

damental roll in the education process. These elections tend to be close, further

pushing individuals toward this venue for voicing their displeasure of school deteri-

oration (for a qualitative example see Green and Gerber, 2008, 2–3). Simply put,

residents concerned with failing schools have powerful reason to focus their efforts

on the local school board.

Further, the policy feedback literature has shown that the traceability of a policy

to an elected official—or the ease of which an individual can connect a policy out-

come to a policymaker—matters in whether their is a response by the mass public

(Pierson, 1993). School boards are the most traceable elected officials when it comes

to school outcomes, because they are the closest elected body to most parents. There

is some qualitative evidence that residents trace school failure to school boards. In a

survey of parents, 78% indicated that school boards were extremely responsible when

school performance deteriorated. In the same survey, 88% of residents indicated that

they believed that voting in school board elections would have an effect on school

performance.2 Finally, residents look to the school board for answers and solutions

when their school fails. In another survey, citizens where asked to evaluate vari-

ous solutions to school failure. Instead of blaming teachers and principals, residents

looked to school boards most frequently for solutions. For example, providing more

local comprehensive support from local officials outside the school received 54% of

2Source: Accountability For All: What Voters Want From Education Candidates, Jan 2002.
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responses—almost 3 times as much as the next closest option.3

Taken together, these numbers suggest that school board races are the right

venue to look for a citizen response. For these reasons I restrict voting to elections in

which a school board race was on the ballot.4 This leaves me with a snapshot of the

participation decisions made by the mass public in theoretically relevant elections.

A.4 What Elections are Used?

Table A.1 documents how school performance matches to school board elections.

Legally, NC school districts are required to hold school board elections in even-

year primary elections (held in May). Most districts in the state (« 70%) do so.

Districts that are exempt from this standard and hold school board elections dur-

ing November even-year general elections include: Alamance-Burlington, Alexan-

der, Buncombe, Caldwell, Camden, Catawba, Cherokee, Cumberland, Davidson,

Elkin City, Gaston, Guilford, Harnett, Haywood, Hertford, Hickory City, Hoke,

Johnston, Lincoln, Macon, Nash-Rocky Mount, Rockingham, and Transylvania dis-

tricts. Those that hold board elections during odd-year municipal elections in-

clude: Burke, Chapel Hill-Carrboro, Charlotte-Mecklenburg, Cleveland, Mooresville,

Newton-Conover, and Wake districts (N.C. Gen. Stat. §115C-35(a)).

Given this mix of electoral contexts under which school board elections occur,

schools were matched to the next election in which a school board race would be on

the ballot. The elections used are documented below.

3Source: 2010 Phi Delta Kappa/Gallup Poll on What Americans Said About the Public Schools.

4I use “school board election” and “election with a school board race on the ballot” interchange-
ably.
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Table A.1: School Failure & Turnout

School Year AYP Data Released Election Date
2003–2004 7/21/2004 11/2/2004
2004–2005 7/21/2005 11/8/2005
2004–2005 7/21/2005 5/2/2006
2005–2006 7/21/2006 11/7/2006
2006–2007 7/21/2007 11/6/2007
2006–2007 7/21/2007 5/6/2008
2007–2008 7/21/2008 11/4/2008
2008–2009 7/21/2009 11/3/2009
2008–2009 7/21/2009 5/4/2010
2009–2010 7/21/2010 11/2/2010
2010–2011 7/21/2011 11/8/2011
2010–2011 7/21/2011 5/8/2012

AYP status is matched to the next election with
a school-board race. In North Carolina, school
board elections are held at different times across
school districts, but consistently within the same
district. Thus, school performance for a given
year is matched to only one election.

A.5 Does Geographic Matching Bias the Results?

School and voter data are collected at different levels. The unit of observation in

the voter file is the individual, and the unit of observation in the accountability data

is the school. In order to fit the two data sources together, I matched registered

citizens to the school that the minimized Euclidean distance between the registered

voter and a public school.5 The matching process identified the closest elementary,

middle, and high schools, along with the most proximate school among the three.

Individual citizens could be matched to any public school that reported NCLB school

performance.6 This matching process was relatively efficient, with 96.4% of citizens

in the voter file being matched to the school closest to their address. There was no

difference in match rates across passing and failing schools. The geographic matching

5Euclidean distances are measured as one would measure with a ruler: “as the bird flies.”

6This includes charter schools.
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procedure does relatively well at matching citizens to their assigned schools. And

when it does not, no observables predict mismatch.

The advantage to this matching approach is that it links school performance with

validated voter behavior, something not done previously. Previous work has focused

on matching school performance to survey responses—focusing on self-reports of

school attendance and evaluation rather than actual behavior (Chingos et al., 2012;

Jacobsen et al., 2012). My strategy gives us a rich picture of the effect of school

performance and citizen voice. The disadvantage of this matching approach is that

some matches are more accurate than others. Though this approach comes with this

disadvantage it is likely of minimal concern, outweighed by the benefit of matching

schools to verified voting behavior.

In North Carolina, geographic matching does reasonably well at assigning reg-

istered citizens to assigned schools. Table A.2 compares the geographic matching

procedure to matching based on actual school assignment for a sample of registered

voters. Assignment matching is determined using the School and Boundary Infor-

mation System (SABINS).7 This database is only available for a handful of North

Carolina school zones and only in one year (2010); hence, I cannot use it to match

all, or even a significant portion of citizens to schools.8 Still, it can be used as an

informative check of alignment between geographic and actual school-citizen match-

ing for the subsample of schools for which both methods are available. The panels

in Table A.2 report alignment between assignment and geographic matching.

In each of the four panels, the first two lines report the percent of citizens placed

in an assigned school and district by the geographic matching procedure. Overall,

geographic matching puts citizens in one of their assigned schools around 60% of

7Housed at the University of Minnesota, SABINS data can be downloaded at www.sabinsdata.
org.

8Using SABINS data to match registered voters to schools for the regression discontinuity
models is problematic because RDD, by its nature, is a lower power method.
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the time, with registered voters in assigned districts 90% of the time. Moreover,

these estimates are likely biased downward as the available SABINS data comes

primarily from the urban districts in North Carolina. Sparser, more rural districts

have fewer boundaries, thus match rates are likely understating the effectiveness of

the geographic matching.

The next five lines in Table A.2 compare registered voters that are matched

to their assigned schools to registered voters that are not matched to an assigned

school. Citizens where geographic matching aligns with assignment matching have

similar voting status, race, party, gender, and age to those not in assigned schools.

In short, when geographic and assignment matching are not consistent there are not

observable voter traits that predict this distinction. As we might expect ex-ante, it

appears that errors in matches are just adding noise to the estimates presented in

the chapter.

To confirm this assertion, I compare whether registered voters were matched to

an assigned school at equal rates on either side of the school failure cutoff. To verify

this, I reran the regression discontinuity models on a 0–1 variable for whether the

geographic match aligned with an assignment match. If matching biased my results,

we would expect to see a discontinuity in this variable at the failure cutoff. We do

not. The results revealed that the closest (p “ 0.19), elementary (p “ 0.74), middle

(p “ 0.38), and high school (p “ 0.32) geographic matching produced the same

proportion of aligned (and misaligned) matches on either side of the failure cutoff.

Thus, it is unlikely that the geographic matching procedure I employ in the chapter

is biasing the results presented.
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Table A.2: Geographic vs. Assignment Matching

Closest Elementary
In Assigned School 0.604 In Assigned School 0.583
In Assigned District 0.924 In Assigned District 0.956

Assigned Not Assigned Not
Prop. Active 0.778 0.782 % Active 0.780 0.781
Prop. White 0.638 0.701 % White 0.647 0.697
Prop. Democrat 0.454 0.418 % Democrat 0.449 0.420
Prop. Male 0.442 0.443 % Male 0.443 0.443
Average Age 46.95 48.15 Average Age 47.11 48.07

Middle High
In Assigned School 0.523 In Assigned School 0.508
In Assigned District 0.868 In Assigned District 0.872

Assigned Not Assigned Not
Prop. Active 0.775 0.785 % Active 0.777 0.784
Prop. White 0.645 0.705 % White 0.622 0.729
Prop. Democrat 0.453 0.413 % Democrat 0.465 0.401
Prop. Male 0.443 0.442 % Male 0.44 0.446
Average Age 46.89 48.39 Average Age 47.05 48.28

Geographic matching, though imperfect, does reasonably well at matching citizens to an
assigned school. This table compares geographic to assignment matching of registered
voters to schools. Geographic matching pairs citizens to their closest school (among all
schools, elementary, middle, and high); while, assignment matching pairs citizens with
the schools districts assign. Assignment matching is determined using the School and
Boundary Information System (SABINS) housed at the University of Minnesota, which is
only available for a handful of North Carolina districts and only in 2010. The panels report
alignment between assignment and geographic matching when SABINS data is available.
In each of the four panels, the first two lines report the % of geographically matched
citizens in an assigned school and district. The next five lines compare registered voters
in aligned schools vs. not. Alignment between the two matching methods is not predicted
by observed registered voter traits.

A.6 How is the Running Variable Specified?

Table A.3 shows the inputs of treatment and the running variable. It shows an ex-

ample of a single school. For this school, there are multiple subgroup scores repeated

(up to 10 in each subject). For each subgroup, a determination is made based on

whether the score is above or below the cutoff (marked by a horizontal line in each

subgroup box).

As mentioned in the chapter, this process follows the procedure of Ahn and

Vigdor (2014a) and is meant to mirror the legal framework of NCLB. This approach

is used because it bests others in its ability to correctly identify failure with the
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running variable, with 80% of schools identified correctly. Misidentification comes

from ambiguities in the proximity provisions.

Schools must be over the threshold in all subgroups to pass. School 1 fails to

make AYP because of its performance among subgroups 7 and 10.

Table A.3: Specifying the Running Variable (an example school)

Subgroup 1 Subgroup 5 Subgroup 7 Subgroup 10 Treatment & Running

Growth

Treatment: Fail
Proximity Proximity

Growth Level Level
Level Proximity

Growth

Running: Subgroup 10, Level
Level

Proximity
Growth

Table A.4 shows an example school to illustrate how the running variable is calculated.
The horizontal dimension provides the various subgroups for a given school (African
Americans, White, Limited English Proficiency, etc.). The vertical dimension represents
performance, with higher values constituting higher performance. In each cell are the
three channels for passing (Growth, Proximity/Confidence Interval, Level). The dashed
line represents the AYP cutoff for failure. The bolded channels indicate the first decision
rule—choose the channel with the maximum value. (This is consistent with NCLB’s
provision that if any of the channels pass within a given subgroup, that subgroup passes.)
The table also shows the second decision rule—choose the subgroup with the lowest
channel score. (This is consistent with the logic that, under NCLB, a school is only as
close to failing as its lowest subgroup.) Finally, the table shows that because at least one
subgroup failed (in this case there were 2, subgroups 7 and 10), the school fails to make
AYP.

To identify the running variable, I choose one subgroup per school. In the example

listed above, Subgroup 10s level score would identify the running variable. The

intuition behind this choice is that in order to pass the school would have to raise

Subgroup 7 and Subgroup 10 scores above the cutoff. Yet, as Subgroup 10 is further

below the cutoff than Subgroup 7, this channel would have to be brought up the

most in order for the school to pass. Thus, this gives a more accurate representation

of how far a school is away from making AYP.
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A.7 Does the Discontinuity Satisfy Specification Checks?

If the assumptions of the RDD design hold, the estimate for Failing School (β1) will

be unbiased by confounders or simultaneity because schools fail as-good-as randomly

within a narrow bandwidth (Imbens and Lemieux, 2008; Lee and Card, 2008; Lee and

Lemieux, 2010a; Lemieux and Milligan, 2008). Thus, the interpretations of coeffi-

cient estimates are similar to that in a randomized-control experiment. Determining

whether the assumptions of RD hold, then, is of upmost importance. In this section

I provide evidence for the validity of the failure to make AYP discontinuity.

The discontinuity at the failure cutoff could produce biased estimates if some

other treatment shared the same cutoff as AYP. This is unlikely. To the author’s

knowledge, no previous research identifies NCLB’s specific cutoffs as being substan-

tively meaningful. The threshold for individual schools is sufficiently precise so as to

allay any concern that the threshold itself had any substantive meaning. For exam-

ple, elementary schools in 2010-11 had cutoffs of 71.6% (reading) and 88.6% (math)

students proficient in the overall subgroup in order to pass AYP. These specific num-

bers have little meaning independent of their distinction as the pass/fail level. By

all appearances they are arbitrarily set. Similarly, bias could be introduced if jumps

were found at points near the cutoff. However, these are not found in my data. This

is confirmed by placebo tests for jumps at points other than the discontinuity.

Additionally, if schools could precisely manipulate their proximity to failure score

my results could be biased. Some have levied this criticism, for example, against

the commonly–used close–election discontinuity used to estimate electoral effects

(Caughey and Sekhon, 2011).9 In the No Child Left Behind example, precise manip-

ulation sufficient to threaten the validity of a discontinuity requires more than just

9Caughey and Sekhon (2011) argue that many variables are imbalanced at the close–election
cut-point. However, Eggers et al. (2015) show that this is an artifact of the modeling approach
used and the data sources employed.
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a handful of schools being able to manipulate their scores. This type of behavior

would have to be rampant, occurring differentially across relevant school character-

istics (Lee and Lemieux, 2010a).

In order to check for precise sorting, methodologists argue that researchers “should

begin by considering theoretical reasons for the violation of the RD assumption” (Eg-

gers et al., 2015, 273). In the NCLB example, precise sorting is theoretically unlikely

for a couple of reasons. First, NCLB’s usage of multiple subgroup categories makes

it a difficult task for a large population of schools to manipulate their score. Doing

so for one, let alone 20 subgroup categories is no easy feat. As such, precise sorting is

not as straightforward in this regression discontinuity application. Second, if precise

manipulation were to occur, a theoretical argument could be made that schools with

higher resources would have the leg-up in the ability to do so. If this were the case, a

disproportionate amount of high–resource schools at baseline would find themselves

in the control group: able to ensure that they marginally pass AYP. Given the long

empirical research showing that resources increase turnout, this would, if anything,

provide conservative estimates of positive treatment effects. Put another way, if pre-

cise sorting of this nature occurred, effects that showed an increase in turnout in

response to school failure would likely be biased downward by the artificially high

number of high resource schools that manipulated their way into the control group.

Additionally, if precise sorting occurred we would likely see it in empirical checks

of covariate balance at the cutoff. In order to check for precise sorting—and other

potential threats to a discontinuity—methodologists recommend two best practices.

First, Eggers et al. (2015, 273) recommend that researchers implement, “a battery of

balance tests on pretreatment covariates and lagged values of the outcome variable,

using the same specifications as the analysis on the outcome variable.” This test is

similar to the covariate balance tests used in randomized control trials. If observable

traits are relatively balanced at the cutoff, we can reasonably infer that the cutoff is
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arbitrary and that there is minimal precise manipulation of the running variable (Lee

and Lemieux, 2010a). Second, methodologists also recommend the implementation of

the McCrary (2008) Density Test—a test that looks for clusters of schools centered

on the preferred side of the treatment cutoff. The rationale here, applied to the

NCLB example, is that if schools are precisely manipulating the failure cutoff, we

might expect to see a cluster of schools that are just barely passing.

I implement and discuss both of these checks here. Both tests support the validity

of the school failure cutoff as sorting schools in an as–good–as random manner near

the failure cutoff.

A.7.1 Covariate Balance

Table A.4 looks for imbalances among potentially influential covariates at the failure

cutoff. This approach uses the same specification used to explore for treatment

effects, reporting the coefficients and p-values from these models.

Of note in Table A.4 is that several potentially important confounders are bal-

anced at the discontinuity. Important to the analysis at hand, all of the lagged

dependent variables (found in the first panel) are balanced at the cutoff. Substan-

tively, this means that in the year before schools fail, they tend to have similar levels

of voter turnout and exit. If precise sorting that biases the relationship between

failure and our outcomes were to occur, we would likely see imbalances in these

variables. We do not. In essence, this is a strongly informative placebo test for the

validity of the discontinuity used Eggers et al. (2015). That this discontinuity passes

this test is very powerful evidence of the validity of the school failure discontinuity

for the examination of these outcomes.
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Table A.4: Covariate Balance

[1] [2] [3] [4]
Overview Variable β1 ppt´ c ‰ 0q | H0

Lagged DV

% Turnout 2.10% 0.31
# Exit 2.37 0.85
# White Transfers -0.58 0.94
# Black Transfers 1.26 0.77
# Hispanic Transfers 0.42 0.74
# Non–Econ. Disad. Transfers -11.1 0.47
# Econ. Disad. Transfers 0.9 0.89

Schools

# of Students -17.28 0.71
# Transfer -5.22 0.16
# Transfer in LEA -0.87 0.72
# Transfer outside LEA -1.72 0.18
# Transfer out of state -1.89 0.17
# Transfer to private 0.04 0.93
# Transfer to homeschool -0.27 0.31
% Female -0.27 0.36
Avg. Student Age 0.05 0.82
% Migrant 0.02% 0.09
% Parents with College 0.34% 0.74
% Free/Red. Lunch 0.83% 0.27
% Disabled 0.06% 0.3
% African American -0.22% 0.67
# Missing Test 0.09 0.14

Voters

% Democrats 1.57% 0.17
% African American 2.20% 0.02
% Female -0.34% 0.65
Age -0.005 0.99
# Registered voters 58.81 0.16

Post-Treat

Log Per-Pupil Expend -0.30% 0.45
Title I School 3.00% 0.13
Principal Experience (Adv. Degree) 0.05% 0.92
Principal Experience (11` years) 0.46% 0.43
Teacher Experience (% 11` years) -0.52% 0.06
Teacher Experience (% Adv. Degree) -0.57% 0.28
Number of Teachers -0.06 0.94

Covariate balance at the failure discontinuity. The second column shows the
variables explored. Column 3 shows the coefficient estimate for the regression
discontinuity model used in the chapter; column 4 shows the p-values from these
coefficients. Data drawn from: NCERDC master-build, NCERDC end of grade,
NCERDC end of course, NCERDC exit files, North Carolina accountability data,
school district funding files, and the North Carolina voter file.

On other measures of potential importance at the school–year (second panel) and

citizen–year (third panel) levels the story is the same.10 Simply put, registered voters

10In alternate model specifications checking for covariate balance, we see some evidence of im-
balance in the proportion of females and the number of students in a school. To be abundantly
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and schools near the cutoff are remarkably similar. Some variables are on the verge of

being statistically distinct, but for the most part these coefficients are substantively

similar. Beyond the variables listed here, Holbein and Ladd (2015) explore whether

there are imbalances in a larger set of school characteristics. They find that over

90% of school covariates examined are balanced at the failure cutoff.

Finally, it might be tempting to argue that other post–treatment differences may

be driving the effect observed in the chapter. In particular, if school failure led to

changes in schools, then these may be behind the voice and exit effects shown in the

chapter. Simply put, people might be reacting to these downstream changes instead

of the school failure signal, per-se. In this situation, we would be measuring the

indirect instead of the direct effect of the failure signal.

It is important to note that such a situation could explain why citizens respond to

school failure signals—because failure sets in motion downstream consequences that

residents don’t like, and thus react to. As such, any indirect effects that failure elicits

would still be meaningful: being a part of why NCLB elicits voice or exit responses.

These would, however, change the interpretation of the effects list in the chapter

from being attributable to a failure signal, to being attributable to failure-induced

changes. While it is impossible to account for all post-treatment differences—an

inherent difficulty in standard approaches used to look for indirect effects (Green

et al., 2010; Imai et al., 2011)—I consider a few here.

If a school were to lose (or gain) money because it failed, citizens could be re-

sponding to these changes in funding rather than directly to the failure signal. This

situation is unlikely given the provisions underlying NCLB and the timing of funding

decisions. NCLB does not mandate any changes to funding rates if a school fails.

These are generally set well in advance of school performance publication. By the

time school failure status is determined in a given year—at the end of July—schools

cautious, these and the proportion African Americans are included as controls in the RDD models.
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already have their funding levels in place for the start of the next school year, which

starts only a couple of weeks later. Hence, schools at the cutoff should be no different

in their levels of funding. I check this empirically in Table A.4. Though the estimate

for per pupil expenditures in the next school year is negative, it is small (equivalent

to $21 per pupil, or 0.02 of a standard deviation) and not statistically significant

(p “ 0.51). In short, changes in funding rates are probably not driving the failure

effects documented in the chapter.

Similarly, it may be tempting to argue that the number or attributes of school

staff (i.e. teachers and principals) might influence voice and exit decisions. If failure

moves these school attributes, residents may be react to these rather than the direct

failure signal, per-se. However, it appears that these attributes are also locked in

for the upcoming school year by the time failure status is released. This is shown

by the fact that teacher and principal post-treatment differences are all small and

not statistically significant across failure status. Even after the elections occur and

the exits in a given year are documented, most of the post treatment differences

remain balanced. In the year after the effect is observed, Log Per-Pupil Expend

(p “ 0.73), Principal Adv. Degree (p “ 0.34), Principal 11` years Experience

(p “ 0.88), Teacher 11` years Experience (p “ 0.97), Teacher % Adv. Degree

(p “ 0.92), Number of Teachers (p “ 0.08) all remain balanced. Title I School

(p=0.02) shows some sign of imbalance, but this could be due to random chance

associated with multiple hypothesis testing (we would expect about 0.35 of these 7

tests to be significance just by chance alone). Moreover, this single imbalance occurs

after when the treatment effects are observed. This result strengthens the point that

these are due to information, and not resource changes.

In short, failure status is determined so close to the subsequent school year that

short-term teacher and principal characteristics are unlikely to be driving the voice

and exit effects observed. Given the timing of the release of failure signals so close to
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the upcoming school year—as little as 2 weeks prior to the start of the school year—

schools have little power to change many of their institutional features that residents

might react to. As a result, residents are likely responding to the failure signal and not

the downstream failure–induced changes. These post–treatment outcomes provide

evidence that resource levels do not change before the elections held or documented

exits occur. Hence, the effects documented in the chapter are likely in response to

school information signals and not changes in other downstream consequences.

Based on this evidence, it seems that school failure sorts schools into marginally

passing and marginally failing categories in an as–good–as random manner. This

discontinuity shows little evidence of shared treatment or precise manipulation of

student performance. The specification tests outlined above support the use of the

school failure cutoff as sorting schools in an as good as random fashion. Thus, we

can likely use failure status as a test of citizens responsiveness to the performance

based accountability signals.

A.7.2 McCrary Density Check

To support the validity of the failure discontinuity, I also provide results from the

McCrary (2008) Density Test for precise sorting at the cutoff. In this test, if there

is jump in the running variable at the discontinuity point, it is possible that unob-

served manipulation of the running variable is occurring (Lee and Lemieux, 2010a).

The McCrary Density Test provides another empirical check of local randomization,

though some have argued that it is inferior, in some regards, to covariate balance as

a test of precise manipulation (Lee and Lemieux, 2010a).

Figure A.3 shows McCrarys test for a discontinuous jump in the distribution of

schools along the running variable. For the specification of the running variable used

in the chapter, there is a cluster of schools just on the marginally passing side of

the AYP cutoff. This means that the school failure discontinuity marginally fails the
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McCrary check (p “ 0.04).

However, three pieces of evidence support that this may simply reflect the un-

derlying distribution of school performance, rather than precise manipulation of the

running variable. First, the cluster of schools disappears when the running variable

is specified as the average subgroup score. Second, if I break down the density test

by year (not shown), most of the years satisfy McCrarys suggestive conditions, with

no clear pattern of schools increasingly being able to game the system over time.

There is no evidence of schools learning how to manipulate the failure cutoff over

time. More often than not, schools are sort as–good–as randomly at the discontinu-

ity threshold (Ahn and Vigdor, 2014a; Holbein and Ladd, 2015). Finally, and most

importantly, the balance of observable characteristics at the margin makes it unlikely

that rampant precise manipulation of proximity to failure occurs. If schools are able

to rampantly manipulate the failure cutoff, we are not able to see it, as we might

expect, in their observable characteristics. That we dont is a powerful support that

the discontinuity is valid.

But what explains this break at the cutoff? In all likelihood, it has to do with

the exemptions granted to individual schools under NCLB. As discussed in the text,

some schools are brought above the failure cutoff based on growth or “confidence

interval” exemptions. Others have noted that these exemptions are likely behind the

distribution of schools around the failure cutoff (Fruehwirth and Traczynski, 2012;

Holbein and Ladd, 2015). They show this by documenting that the cluster of schools

just above the failure cutoff disappears when the confidence interval and growth

exemptions are left out of the running variable calculation. I replicate this finding

in Figure A.3 below by recalculating the running variable without these exemptions.

True enough, the cluster of just passing schools disappears under this specification

of the running variable. This suggests that the distribution of schools around the

cutoff is driven by policy–driven exemptions rather than the precise manipulation
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of schools. This, reinforced with the other theoretical reasons and empirical checks,

offers powerful evidence that the failure cutoff is sorting schools in an as–good–as

random manner.
0
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Figure A.4: McCrary Density Check

McCrary density test (2008) for precise sorting at the failure cutoff. The fi panel shows the check
with the distribution of the running variable incorporating NCLBs exemptions (confidence interval
and growth). It shows a group of schools just marginally making AYP. The right panel shows
the distribution of the running variable when the exemptions are not incorporated. The group of
schools just marginally making AYP disappears. This second panel reveals that the cluster on the
just passing side of the cutoff is due to the exemptions NCLB grants, not due to precise sorting of
schools across the failure cutoff. In this case, failure of the McCrary test appears to be a product
of the specification of the running variable, not a process of learning to game the system.

Still, to be abundantly cautious against the possibility of some other underlying

trait driving precise manipulation, I include the school fixed effect mentioned in the

text in the regression discontinuity models. This should absorb schools’ “propensity

to manipulate” the treatment as long as this ability remains constant over time.

This combined with covariate balance at the cutoff offer reassurance to the marginal

failure of this informal specification test.

A.8 Are the Turnout Effects Confounded by Exit?

The estimates in the chapter indicate that failing schools increase voter turnout in

elections involving a school board race. However, when individuals receive a signal
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that their school has failed, some choose to vote with their feet rather than voting at

the ballot box. This behavior could drive or confound my results. Indeed, a decline

in the denominator might be behind the rise in overall turnout.

Two factors determine the nature of this bias: first, the extent to which exit

occurs and second, the attributes of those who leave. If we can identify the type

of individuals who exit when a school fails, we can sign the bias introduced to the

relationship between school failure and voter turnout. I examine these two factors

here.

First, the models from the chapter indicate that when schools fail, citizens react

by voting with their feet. However net movements are not substantively large, un-

likely to produce increases in turnout alone (by decreasing the denominator of voter

turnout). A decrease on the order estimated in the chapter—though it has impli-

cations for local schools—is not large enough to produce the substantive increases

documented in the chapter. Second, though net movements are small, movement

of certain types of citizens may play a large role, introducing bias into the failure-

turnout relationship estimated in the chapter. Table A.5 demonstrates the nature

of the bias depending on the type of individuals who move. If high propensity vot-

ers (high income, education, etc.) move to passing school zones when their school

fails, my estimates would be biased downward. More high propensity voters in the

control group (passing schools) would inflate their turnout numbers in subsequent

elections, thus narrowing the effect size of failure on turnout. This type of outcome

is documented in cell [2].
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Table A.5: Bias in Failure–Turnout Estimates from Exit

Voter Type Move From a Passing School Move from a Failing School
to a Failing School to a Passing School

High Propensity [1] Overestimate [2] Underestimate
Low Propensity [3] Underestimate [4] Overestimate

Net movements are not substantively large, unlikely to produce increases
in turnout alone (by decreasing the denominator of voter turnout). Still,
table A.5 displays the theoretical impact of various types of movement across
passing and failing schools on my turnout estimates. The cells of greatest
threat to invalidate the positive effect documented in the chapter are cells [1]
and [4]. Models in the chapter indicate that high propensity voters—those
affluent and Caucasian—are more likely to exit than low propensity. Thus,
putting us in cell [2]. If anything, exit likely causes a slight underestimate of
failures effect on turnout.

Conversely, if low propensity voters move from failing schools to passing schools—

as shown in cell [4]—I would overestimate my effects. This second type of behav-

ior would be particularly troubling for the results and conclusions outlined in the

chapter, as they would mean that I would be overstating school failure’s effect.11

However, this scenario is unlikely. Remember, models in the chapter indicate that

high propensity voters—those affluent and Caucasian—are more likely to exit than

low propensity voters—those poor or Minority. Thus, failure causes high propen-

sity voters to move from failing schools to passing schools, putting us in cell [2].

If anything, exit likely causes a slight underestimate of failure’s affect on turnout.

Put differently, by encouraging exit, failure signals undercut voice in school zones by

giving an alternate venue for high propensity voters to express their discontent.

In sum, there is reason to believe that my estimates are close to the true effect

of failure on turnout, if anything, biased slightly downward. When schools fail,

movements occur, but not large enough to drive the voice results. Moreover, when

11The other two scenarios, 1.) High propensity voters moving to failing schools and 2.) Low
propensity voters moving to passing schools, are unlikely to occur or, if they did, are unlikely to
nullify my positive result documented in the chapter. Scenario 1 would require a highly counterin-
tuitive result, in which highly engaged voters (who are likely highly educated) move from passing
schools to failing schools. Scenario 2 may occur, but likely biases the failure–turnout relationship
downward.
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schools fail those who have more education and income exit.

A.9 What About the First Stage Estimates?

As the models employ fuzzy regression discontinuity, it is reasonable to wonder about

the first stage estimates. Simply put, is the instrument produced by the running

variable strong enough? Or, put differently, is the running variable producing a

sufficiently large jump in the probability of failure at the failure cutoff? To address

this, I produce graphs showing the first stage estimates, shown in figure A.4 below.

Each of these show that the running variable used produces a strong instrument.

Figure A.5 is based on non-parametric specifications of the running variable and

the full bandwidth. These subfigures show the first stage estimatethat is, the increase

in the probability of failure at the failure cutoff. Each of the panels shows that the

Ahn and Vigdor (2014a) running variable identifies schools as passing/failing very

well. The jump in the probability of failure at the cutoff is 0.85 for the closest school

match, regardless of school level; 0.70 for the closest elementary school; 0.71 for the

closest middle school; and 0.83 for the closest high school. All of these estimates are

highly significant, easily clearing the 1% significance threshold. These estimates are

also substantively large, with each of these easily clearing the recommended thresh-

olds for instrument strength provided by Stock and Yogo (2005). These conclusions

all hold with parametric specifications of the running variable.12 They also hold

for the district-level estimates—with this collapsed discontinuity producing a dis-

crete jump in the number of failing schools that is sufficiently large and statistically

meaningful.

12Non-parametric first stage estimates (with corresponding standard errors) are: 0.78 (pă0.01)
for the closest school, regardless of level; 0.63 (pă0.01) for elementary schools; 0.68 (pă0.01) for
middle schools; and 0.78 (pă0.01) for high schools.
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(a) Closest School (b) Elementary School

(c) Middle School (d) High School

Figure A.5: First Stage Estimates

Figure A.5 provides the first stage estimates for the discontinuity used. Specifications are based on
the full bandwidth and a local linear regression. As can be see in the figure, the discontinuity is
fuzzy—with the running variable mischaracterizing some observations (due mostly to the ambiguity
in the interval exception and the other academic indicators). However, the first stage estimates are
large (for reference, a sharp discontinuity would yield coefficients of 1) and statistically distinct
from zero.

A.10 Are the Results Robust to Alternative RD Specifications?

The results shown in the chapter are robust to the bandwidth selection (to a point,

given the finite number of schools narrow bandwidths are low power given a finite

number of schools) and alternative specifications of the running variable. Table A.7

shows specifications based on various model specifications. These show consistent
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positive turnout estimates, with a few instances where statistical precision is not

possible at traditional levels. However, substantively, the estimates remain in the

same ball–park across estimates. Figure A.6 plots a few of these variations, focusing

on alternate specifications of the running variable.
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Table A.6: Alternate Specifications, School Failure Signals & Turnout

[1] [2] [3] [4]
DV: Prop. Voted DV: Prop. Voted DV: Prop. Voted DV: Prop. Voted

(Closest) (Elementary) (Middle) (High)

Linear, FE, Controls .054* .046* .098* .042*
[.036, .71] [.021, .072] [.059, .137] [.001, .083]

Quadratic, FE, Controls .046* .054* .083* .042*
[.029, .064] [.029, .079] [.036, .130] [.001, .083]

Cubic, FE, Controls .027* .058* .079* .043*
[.006, .049] [.027, .089] [.027, .132] [.002, .084]

Quartic, FE, Controls (in chapter) .025* .052* .079* .051*
[.003, .047] [.020, .083] [.026, .132] [.001, .102]

Quartic, FE, No Controls .023* .052* .080* .048*
[.002, .045] [.020, .083] [.027, .133] [.000, .096]

Quartic, No FE, No Controls .005 .037 .048 .024
[-.024, .035] [-.006, .080] [-.020, .117] [-.041, .090]

Quartic, No FE, No controls, No Weights .021* .071* .023 0.018
[.000, .044] [.037, .105] [-.028, .073] [-.020, .056]

Linear Interaction, FE, Controls .054* .057* .097* .044*
[.037, .072] [.033, .080] [.059, .136] [.002, .087]

Quadratic Interaction, FE, Controls .013 .047* .080* .043*
[-.009, .035] [.012, .081] [.031, .129] [.000, .086]

Non-Parametric, No FE, No controls, No Weights .027* .069* .037 .011
[.008, .046] [.039, .098] [-.009, .083] [-.031, .053]

* p ă .05. 95% Confidence intervals in braces. Constant suppressed so as to include all fixed effects in models with fixed effects.
Unit of analysis: school-year (voter weighted). Standard errors are clustered to school level. Bandwidth: full. Running variable:
quartic. Models with controls include the % African American (voter file), % Female (voter file), and number of registered voters
in school zone (voter file). Non-parametric models use the rdrobust command in Stata (Calonico et al., 2014).
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(a) Closest School
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(b) Elementary School (in chapter)
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(c) Middle School
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(d) High School

Figure A.6: Failures Effect on Turnout Visualized

Points in the background display levels of turnout in the school zone, with binned averages bolded.
Figure displays the causal effect of elementary school failure on the number exits from the school.
Points in the background display the number of exits from a school, with binned averages bolded.
The effect of failure is the distance between the corresponding lines. The figure demonstrates the
effect is robust to alternate parameterizations of the running variable.

Figure A.9 shows the regression discontinuity model estimates without fixed ef-

fects and a local linear regression of the running variable estimated separately on

either side of the discontinuity. The results with a fixed effect and a linear interac-

tion modeling of the running variable become more precise, and tend to show effects

that are more consistently significant across bandwidths. The figures are oriented

using the Imbens and Kalyanaraman (2012) optimal bandwidth, starting on the left

with bandwidths of about 10 percentage points on either side of the discontinuity, to
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ensure a reasonable number of data points, and going all the way to full bandwidth

of data on the right (60 percentage points on either side).

As we would expect, the estimates in the wider bandwidths are more precise.

These benefit from having enough weighted school—year observations to precisely

estimate the coefficients. Moreover, the estimates do not vary by bandwidth—wider

bandwidths are statistically and substantively to those in the narrower bandwidths.

Of all the four school estimates, the substantive size of the elementary school estimate

varies the most across bandwidths. Still, these estimates are not statistically distinct

across the bandwidths. Also, in some of the narrower bandwidths we do not have

enough power precisely estimate the effect of failure signals on turnout. Still, it is

assuring that the estimates are in the same neighborhood across the bandwidths,

even when weighted school–year observations are less abundant. The lack of data

may especially be behind the lack of significance when we look at the effect of high

school failure. Compared to the other two school types, high schools are fewer in

number and as such their estimates have less precision. As shown in the chapter,

high school estimates benefit from the inclusion of a school fixed effect.
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Figure A.7: Failures Effect on Turnout by Bandwidth

Check across different bandwidths using non-parametric regression. Unit of analysis is the school-
year, weighted by the number of students in the school. The graph orients itself with the Imbens
& Kalyanaraman (2012) optimal bandwidth, which in the four models is approximately 0.4.

Table A.7 shows alternate parameterizations that show failure signals affect on

exit. Like the turnout estimates, these are remarkably similar across various model

specifications. Figure A.8 shows the robustness of this result across bandwidths. In

general, we are able to be much more precise with the exit estimates, with these are

showing that failure increases exit.
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Table A.7: Alternate Specifications, School Failure Signals & Exit

[1] [3] [4] [5] [6] [7] [8]

DV:
# Exit # Transfer # Transfer # Transfer # Transfer # Transfer # Transfer

in LEA Other LEA Out of State Private Home

Linear, FE, Controls 38.13* 13.12* 8.32* 3.41* -0.99 0.85* 0.44*
[26.73, 49.55] [7.42, 18.81] [4.15, 12.49] [2.04, 4.78] [-2.40, 0.42] [0.34, 1.36] [0.22, 0.65]

Quadratic, FE, Controls 21.23* 14.45* 8.99* 3.83* -0.99 0.98* 0.47*
[11.14, 31.33] [8.58, 20.31] [4.73, 13.24] [2.37, 5.29] [-2.41, 0.43] [0.46, 1.50] [0.25, 0.69]

Cubic, FE, Controls 15.94* 17.66* 10.50* 4.88* -1.01 1.32* 0.57*
[0.80, 31.08] [11.84, 23.49] [6.18, 14.82] [3.42, 6.33] [-2.47, 0.46] [0.83, 1.81] [0.34, 0.80]

Quartic, FE, Controls 15.99* 9.75* 4.94 2.96* 0.05 0.85* 0.35*
(in chapter) [1.22, 30.78] [1.66, 17.85] [-0.66, 10.53] [0.72, 5.21] [-1.74, 1.85] [0.29, 1.40] [0.01, 0.69]
Quartic, FE, No Controls 12.06 18.69* 10.45* 5.20* -0.74 1.51* 0.78*

[-1.95, 26.08] [12.59, 24.80] [6.09, 14.81] [3.67, 6.73] [-2.20, 0.72] [1.02, 1.99] [0.51, 1.04]
Quartic, No FE, 105.01* 14.14* 8.82* 4.64* -2.28 1.17* 0.53*
No Controls [61.49, 148.53] [4.08, 24.20] [3.12, 14.52] [2.52, 6.76] [-5.15, 0.58] [0.56, 1.78] [0.26, 0.80]
Quartic, No FE, 42.76* 5.54* 3.50* 1.59* -0.6 0.42* 0.20*
No controls, No Weights [28.71, 56.82] [2.12, 8.96] [1.57, 5.42] [0.76, 2.42] [-1.49, 0.30] [0.25, 0.59] [0.10, 0.30]
Quadratic Interaction, 18.38* 10.52* 6.61* 2.45* -0.29 0.67* 0.3
FE, Controls [3.05, 33.72] [2.48, 18.59] [0.93, 12.30] [.54, 4.36] [-1.89, 1.31] [0.03, 1.31] [-0.01, 0.60]
Linear Interaction, FE, 38.16* 12.90* 7.81* 3.44* -0.83 0.93* 0.52*
Controls [27.68, 48.65] [7.82, 17.99] [4.15, 11.46] [2.21, 4.67] [-2.09, 0.42] [0.48, 1.38] [0.32, 0.73]
Non-Parametric, No FE, 34.48* 8.46* 3.76* 2.36* 1.50* 0.32* 0.13*
No controls, No Weights [22.31, 46.65] [4.53, 12.40] [1.56, 5.97] [1.41, 3.32] [0.56, 2.44] [0.11, 0.54] [0.01, 0.25]

* p ă .05. 95% Confidence intervals in braces. Constant suppressed so as to include all fixed effects in models with fixed effects.
Unit of analysis: school-year (voter weighted). Standard errors are clustered to school level. Bandwidth: full range. Running
variable: quartic. Controls: % African American (voter file), % Female (voter file), school size (school file). Non-parametric models
use the rdrobust command in Stata (Calonico et al., 2014).
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Figure A.8: Failures Effect on Exit by Bandwidth

Check across different bandwidths using non-parametric regression. Unit of analysis is the school-
year, weighted by the number of students in the school. The graph orients itself with the Imbens
& Kalyanaraman (2012) optimal bandwidth, which in the four models is approximately 0.4.

A.11 Is There and Alternate Way to Visualize the Quantile Regres-
sion Results?

The results from the quantile regressions shown in the chapter (Figure 2.3) are sim-

plifications of the quantile models run, included for ease in interpreting this method

that may be unfamiliar to many in political science. The figures in the chapter do

not account for uncertainty. As such, figure A.8 shows the results from these quantile

regression models with the 95% confidence intervals for the estimates.

If school failure mobilized all groups equivalently the coefficients would be rela-
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tively similar across deciles. In practice, this is not what we observe. When schools

fail, high propensity residents respond more than low propensity. Across all school

types the effect size increases as we go up the turnout distribution. For example,

when we consider elementary school failure, we see that exposure to treatment raises

turnout in the top quantile by 13% (compared to marginally passing schools) while

only moving turnout in the bottom quantile about a third as much, increasing turnout

by only 5%. These differences are substantively meaningful—the upper coefficient is

about 2.6 times the size of the lower—and statistically distinct. This pattern follows

in the closest school match and with middle schools, but only slightly when high

schools fail.
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Figure A.9: Performance Information & Turnout Inequality

Results from quantile regression discontinuity models. Figure plots the effect of failure across the
various turnout quantile levels. Unit of analysis is the school-year. Coefficients are based on models
with a quartic polynomial of the running variable and the full bandwidth. Standard errors are
bootstrapped.
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Appendix B

Appendix for Chapter 3: Making Young Voters:
The Impact of Preregistration on Youth Turnout

This document includes supporting information for the chapter: The Impact of Pre-

registration on Youth Turnout. Sections include examinations of preregistration’s

impact from alternative specifications from the CPS, precise sorting in the Florida

voter file, and an graphical extension of preregistration rates over time in Florida.
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B.1 Full Model Controls for Table 3.2

Table B.1: Florida RD Estimates, with Controls

ITT TOT ITT: FE TOT: FE
(2008) (2008) (2004 & 2008) (2008)

Preregistration (individual) 0.03* 0.08* 0.02* 0.08*
(0.01) (0.03) (0.01) (0.03)

Proximity to Ineligibility (individual) -0.04 -0.03 -0.02 -0.03
(0.05) (0.04) (0.03) (0.04)

African American (individual) 0.08* 0.08* 0.03* 0.08*
(0.01) (0.01) (0.01) (0.01)

Hispanic (individual) -0.04* -0.04* -0.05* -0.04*
(0.01) (0.01) (0.01) (0.01)

Race unknown (individual) 0.01 0.01 -0.01 0.02
(0.01) (0.01) (0.01) (0.02)

Minor race (individual) 0.01 0.01 -0.01 0.01
(0.01) (0.01) (0.01) (0.01)

Democrat (individual) -0.07* -0.07* -0.04* -0.07*
(0.01) (0.01) (0.01) (0.01)

Minor party (individual) -0.13* -0.13* -0.13* -0.13*
(0.02) (0.02) (0.01) (0.02)

Unaffiliated party (individual) -0.17* -0.16* -0.15* -0.17*
(0.01) (0.01) (0.01) (0.01)

Female (individual) 0.10* 0.10* 0.11* 0.10*
(0.01) (0.01) (0.00) (0.01)

Unknown gender (individual) 0.06* 0.06* 0.04* 0.05*
(0.02) (0.02) (0.01) (0.02)

% High school degrees (county) 0.16 0.13 0.59* .
(0.09) (0.09) (0.05)

% Poverty (county) 0.16 0.14 0.47* .
(0.09) (0.09) (0.06)

% Turnout (county) 0.63* 0.64* 0.33* .
(0.09) (0.09) (0.06)

Avg. Age (county) -0.00 -0.01* -0.004* .
(0.00) (0.00) (0.001)

% White (county) -0.06* -0.05* -0.07* .
(0.02) (0.02) (0.02)

% African American (county) 0.24* 0.23* 0.12* .
(0.05) (0.05) (0.04)

Democratic office (county) 0.02* 0.02* 0.01* .
(0.01) (0.01) (0.00)

Fixed Effects No No Birthday County
Constant 0.05 0.08 -0.02 0.56˚

(0.09) (0.09) (0.06) (0.08)
N 36,790 36,790 71,251 36,790
adj. R2 0.04 0.04 0.05 0.04

Dependent variable is whether or not an individual voted. Sample is those born within 6
months of eligibility to vote in 2008 threshold, with a window of half that for the models
estimated here. Robust standard errors in parentheses *pă0.05. Bandwidth is about 2.5
months on either side of the cutoff. Proximity to eligibility is modeled linearly. Column
(3) includes data from the same window of those eligible/ineligible in 2004 to estimate the
date of birth fixed effect. Column (4) eliminates the county level controls because of their
colinearity with the county fixed effects.
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B.2 CPS Alternative Specifications

Table B.2 estimates the models in Table 2 with a probit specification. The table

reports the difference in the marginal probability of voting between preregistration

states vs. not, holding controls at their mean (continuous) or median (binary) values.

The results here mirror those in the chapter, with the effect of preregistration at the

state level a small to moderate increase in turnout.1

Table B.2: Bracketing Bias (Probit)

(1) (2) (3) (4)
Lag: 18-22 Diff/Diff: 18-22 Lag: 18-25 Diff/Diff: 18-25

Preregistration State 0.02˚ 0.18˚ 0.03˚ 0.16˚

(0.01) (0.00) (0.01) (0.00)
Controls? Yes Yes Yes Yes
State FE? No Yes No Yes
Year FE? No Yes No Yes
State x Year FE? No Yes No Yes
State Lagged Vote? Yes No Yes No
N 23,493 23,493 39,617 39,617
Number of Clusters 357 357 357 357
Pseudo R2 0.12 0.14 0.12 0.13

Notes: Table shows the difference in the marginal probability of voting between prereg-
istration states vs. not, holding controls at their mean (continuous) or median (binary)
values. Dependent variable is whether or not an individual voted. Sample is voters
ages 18-22 (Columns 1-2) or 18-25 (Columns 3-4). Cluster-robust standard errors in
parentheses, *pă0.05. Controls: marital status, age, gender, family income, college
attainment, metropolitan status, race (hispanic and white), length at current address,
business/farm employment, interview type, year, and registration status. Lags are cal-
culated from the state’s reported turnout from two elections previous (similar election
type- on year/off year).

B.3 Florida: Specification Checks

Florida: Covariate Balance

Similar to a classic randomized-control experiment an informal way to check ex-

ogenous assignment involves examining the balance of observable covariates across

treatment and control groups (Lee and Lemieux, 2010b). As regression discontinuity

relies on the assumption of local balance, we test for covariate similarity within a

narrow bandwidth. Table B.3 shows the balance of several potentially important

1When we use survey weights, these results do not change (column 1= 0.02; column 2=0.12;
column 3=0.03; column 4=0.25.
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variables close to the eligibility to vote discontinuity. Table B.3 uses a bandwidth of

about a month (36 days) around the eligibility margin. We choose this bandwidth

as there is some evidence in the results section that this is the range where we have

sufficient power to make clean inferences.2

Table B.3: Balance at the Eligibility to Vote Margin

Variable Minimum Maximum Control Treatment Prob. T=C
Preregistering (Treatment) 0 1 0.02 38.17 0.00
African American (individual) 0 1 21.38 21.51 0.83
White (individual) 0 1 49.93 49.58 0.64
Hispanic (individual) 0 1 18.70 19.53 0.17
Other Race (individual) 0 1 4.45 4.34 0.73
Democrat (individual) 0 1 42.92 41.31 0.03
Female (individual) 0 1 50.06 52.81 0.01
% HS Degree ‘08 (County) 59.9 92.8 85.44 85.44 0.99
% Poverty ‘08 (County) 7.9 29.3 15.07 15.15 0.27
$ Median Income ‘08 (County) 31,443 67,238 45,435 45,246 0.10
Population ‘08 (County) 8,260 2,472,387 541,659 528,706 0.14
Median Age ‘07-‘11 (County) 29.2 62.2 40.42 40.35 0.34
% White ‘10 (County) 16.0 9.0 65.83 65.86 0.90
% Af. American ‘10 (County) 3.0 56.0 14.13 14.11 0.88
% Hispanic ‘10 (County) 2.0 65.0 15.97 15.93 0.80
#Churches ‘08 (County) 13 1437 397 390 0.18
Obama Office ‘08 (County) 0 1 59.61 58.54 0.16
% Married ‘07-‘11(County) 37.0 62.0 48.52 48.54 0.90

Notes: The first two columns show the minimum and maximum values of the variables in our
sample. Coverage is similar across treatment and control groups, with both groups having the
same range for these explanatory variables. The next two columns test for covariate balance
at the eligibility cutoff. For 0/1 variables, covariate means are scaled to percentages. The
window used is about a month around the November 4th cutoff. Wider bandwidths show
similar results, with Prob. T=C decreasing as bandwidths increase, but substantive differences
remaining small.

We again see the substantial jump in the rate of preregistration in the treatment

group. We also see that most potential confounders are statistically balanced at the

cutoff and have similar coverage. Thus, we find little evidence that our discontinuity

is not locally as-good-as random. And this result also provides evidence of a lack of

2As discussed in the chapter, we choose bandwidths according to a common rationale. In
general, we favor narrower bandwidths to wider, as these should allow us to avoid potential biases
from using too wide of a bandwidth. When we need more data to draw clean inferences, as is the
case in the heterogeneities section, we rely on the bandwidth based on the algorithm suggested
by Imbens and Kalyanaraman (2012). Finally, as will be shown below, we use a wider bandwidth
to test varying specifications of the running variable, as suggested by Lee and Lemieux (2010b).
Fortunately, in our application, the bandwidth used has very little impact on our results.

148



precise sorting at the eligibility threshold.

Florida: Precise Sorting

Precise sorting occurs when certain types of individuals are able to almost determin-

istically alter their proximity to treatment in a way that is unobserved to researchers

(Lee and Lemieux, 2010b). Though the balance and coverage of covariates provided

in the text gives us one check for precise sorting at the margin, we also include the

method suggested by McCrary (2008) here.

The left panel on Figure B.1 shows the McCrary density test for continuity in

the forcing variable. The McCrary density test provides a check of whether precise

sorting occurs at the discontinuity. If biased sorting were to occur, we would likely

see clusters of individuals close to the cutoff.3 Although it appears that we do not

pass the McCrary test (p<0.05), further scrutiny offers reassurance that this is not

biased sorting but a reflection of variation in birth patterns across the year. The

second panel on Figure B.1 illustrates this, showing the number of births per day

in Florida in 1987-88 (the year closest to our sample’s birth days that the CDC

produces data publicly). The overall birth pattern mirrors the trend in the running

variable.4. In Florida (and other states) births peak sometime in September and

October (pulling our McCrary smoothed line to the left of the cutoff upward) and

fall from November to February (pulling the McCrary line on the right downward).

This pattern coincides with the division of our treatment and control groups. Other

years (not displayed) show a similar pattern in registrants. In short, the larger

trends in births are likely independent of decisions involving registration and voting

decisions. This is further supported by the lack of covariate imbalance.

3As McCrary (2008, 5) explains, the test is “neither necessary nor sufficient”—it is reassuring,
but not singularly compelling if passed. If not passed, it simply suggests that additional checking
for biased sorting is recommended.

4Remember, our running variable is birthdays. As such, the distribution around the cutoff will
pick up broader birth patterns in Florida
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Figure B.1: McCrary Density Check

B.4 Florida Full Model Results (Table 4)

This section outlines alternative ways of specifying the regression discontinuity results

from the chapter. Table B.4 replicates the table with the habitual effect purged in

the chapter.

B.5 Florida Alternate Model Specifications

Table B.5 estimates the models in Table 4 in the chapter with a probit specification.

The table reports the difference in the marginal probability of voting between those

treated with the opportunity to preregistered compared to the control group that

was eligible to regular register in 2008. The results here mirror those in the chapter,

with the effect of preregistration at the state level a moderate increase in turnout.5

Table B.6 replicates the overall Florida regression discontinuity estimates without

controls. Note the similarity between results. The p-value for column 3 is 0.064.

Table B.7 re-estimates the TOT’s estimated in the chapter, but this time with

bandwidth selected by the Imbens and Kalyanaraman algorithm. Columns 1 and 2

5Note that column 4 does not include controls. These were removed due to convergence issues.
The p-values for the probit coefficients are: (1): .002 (2): .039 (3): .002 (4): .002
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Table B.4: Mitigating Habitual Bias

(1) (2) (3) (4)
ITT: All ITT: Did not vote in ‘08 TOT: All TOT: Did not vote in ‘08

Preregistration (individual) 0.033˚ 0.142˚ 0.083˚ 0.353˚

(0.011) (0.012) (0.027) (0.032)
Proximity to eligibility (individual) -0.042 -0.014 -0.030 0.055

(0.045) (0.053) (0.042) (0.050)
African American (individual) 0.076˚ 0.076˚ 0.075˚ 0.071˚

(0.008) (0.009) (0.008) (0.009)
Hispanic (individual) -0.037˚ -0.028˚ -0.038˚ -0.033˚

(0.008) (0.009) (0.008) (0.009)
Unknown race (individual) 0.012 0.011 0.012 0.006

(0.015) (0.017) (0.015) (0.018)
Minor race (individual) 0.009 0.016 0.010 0.018

(0.013) (0.015) (0.013) (0.016)
Democrat (individual) -0.067˚ -0.069˚ -0.068˚ -0.076˚

(0.007) (0.009) (0.007) (0.009)
Minor party (individual) -0.132˚ -0.109˚ -0.131˚ -0.106˚

(0.017) (0.019) (0.017) (0.020)
Unaffiliated (individual) -0.166˚ -0.153˚ -0.164˚ -0.142˚

(0.007) (0.008) (0.007) (0.009)
Female (individual) 0.104˚ 0.106˚ 0.103˚ 0.10˚

(0.005) (0.006) (0.005) (0.006)
Unknown gender (individual) 0.055˚ 0.068˚ 0.056˚ 0.075˚

(0.016) (0.018) (0.016) (0.019)
High school (county) 0.160 0.115 0.130 -0.0567

(0.094) (0.108) (0.095) (0.114)
Poverty (county) 0.156 0.126 0.139 0.024

(0.089) (0.103) (0.090) (0.108)
Turnout (county) 0.634˚ 0.575˚ 0.640˚ 0.616˚

(0.091) (0.107) (0.092) (0.112)
Age (county) -0.005˚ -0.004˚ -0.005˚ -0.006˚

(0.001) (0.001) (0.001) (0.001)
White (county) -0.062˚ -0.056˚ -0.052˚ 0.003

(0.023) (0.027) (0.024) (0.028)
African American (county) 0.244˚ 0.216˚ 0.233˚ 0.150˚

(0.049) (0.058) (0.049) (0.061)
Democrat office (county) 0.022˚ 0.0131 0.021˚ 0.008

(0.007) (0.008) (0.007) (0.009)
Constant 0.048 0.003 0.083 0.197

(0.088) (0.101) (0.089) (0.106)
N 36,790 26,466 36,790 26,466

Dependent variable is whether or not an individual voted. Estimates are based on a 2 month window. T-statistics
in parentheses, *pă0.05. Proximity to eligibility is modeled linearly.

do not include controls. Columns 3 and 4 do. The results from these specifications

are nearly identical to those outlined in the chapter.
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Table B.5: Florida RD Estimates (Probit)

(1) (2) (3) (4)
ITT ITT: FE TOT TOT: FE

Preregistration 0.032˚ 0.015˚ 0.078˚ 0.081˚

Controls Yes Yes Yes Yes
Fixed Effects? No Birthday No County
N 36,790 71,251 36,790 36,790

Note: Table shows the difference in the marginal probabil-
ity of voting between preregistration states vs. not, hold-
ing controls at their mean (continuous) or median (binary)
values. Robust standard errors in parentheses, *pă0.05. .
Estimates are based on a 2 month window, and a linear
specification of the running variable. Controls: race (indi-
vidual and county), party, gender, proportion of population
that graduated high school (county), poverty (county), voter
turnout (county), median age (county), and an indicator for
the Democratic presidential party having a campaign office
in the county. For column 4, as in the chapter, we omit
county level covariates due to colinearity.

Table B.6: Florida RD Estimates (no controls)

(1) (2) (3) (4)
ITT TOT ITT: FE TOT: FE

Preregistration 0.033˚ 0.084˚ 0.014 0.081˚

(0.011) (0.027) (0.007) (0.027)
Controls Yes Yes Yes Yes
Fixed Effects? No No Birthday County
Constant 0.488 0.489 0.576 0.567

(0.006) (0.006) (0.004) (0.078)
N 36,790 36,790 71,251 36,790

Note: Table shows the overall regression discontinuity es-
timates, but without controls. Robust standard errors in
parentheses, *pă0.05. Estimates are based on a 2 month
window, and a linear specification of the running variable.

Table B.7: Florida RD Estimates (optimal band.)

(1) (2) (3) (4)
(ITT) (TOT) (ITT) (TOT)

Preregistration 0.03˚ 0.07˚ 0.03˚ 0.08˚

(0.01) (0.02) (0.01) (0.02)
Controls No No Yes Yes
Optimal Bandwidth (days) 241.3 241.3 241.3 241.3

Robust standard errors in parentheses, *pă0.05. For models 1-
2 and 4 the sample is registered voters born from May 4, 1990-
May 3, 1991. Model 3 includes the comparable window for the
2004 election. Estimates are based on the optimal bandwidth
(about 6 months, 3 months on either side) and a local-linear spec-
ification of the running variable. Controls: race (individual and
county), party, gender, proportion of population that graduated
high school (county), poverty (county), voter turnout (county),
median age (county), and an indicator for the Democratic pres-
idential party having a campaign office in the county. Running
variable parameterization: linear. Constant suppressed.

Table B.8 re-estimates the TOT’s estimated in the chapter, but this time with

a full bandwidth, varying the parameterization of the running variable. The results
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are nearly identical across model specification.

Table B.8: Florida RD Estimates (alternate specifications of running)

(1) (2) (3) (4) (5)
(TOT: Linear) (TOT: Quadratic) (TOT: Cubic) (TOT: Quartic) (TOT: Quintic)

Preregistration 0.08˚ 0.07˚ 0.06˚ 0.06˚ 0.07˚

(0.01) (0.01) (0.02) (0.02) (0.02)
Controls Yes Yes Yes Yes Yes
Fixed Effects? No No No No No
Constant 0.154 0.149 0.148 0.148 0.150

(0.040) (0.040) (0.040) (0.040) (0.040)
N 186,575 186,575 186,575 186,575 186,575

Robust standard errors in parentheses, *pă0.05. Estimates are based on the optimal bandwidth and specifica-
tion of the running variable. Controls: race (individual and county), party, gender, proportion of population
that graduated high school (county), poverty (county), voter turnout (county), median age (county), and an
indicator for the Democratic presidential party having a campaign office in the county. Running variable
parameterization: varies by model. Bandwidth used is 6 months on either side of the discontinuity.
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B.6 Heterogeneities

Table B.9: Heterogeneities in Preregistration’s Impact

(1) (2) (3) (4) (5) (6)
(TOT: Republican) (TOT: Democrat) (TOT: White) (TOT: Minority) (TOT: Female) (TOT: Male)

Preregistration 0.07˚ 0.08˚ 0.08˚ 0.08˚ 0.07˚ 0.07˚

(0.03) (0.01) (0.02) (0.02) (0.03) (0.03)
Controls Yes Yes Yes Yes Yes Yes
Fixed Effects? No No No No No No
Optimal Bandwidth (days) 307.7 192.7 365 241.0 206.1 178.0

Robust standard errors in parentheses, *pă0.05. Estimates are based on the optimal bandwidth and specification of the running
variable. Controls: race (individual and county), party, gender, proportion of population that graduated high school (county),
poverty (county), voter turnout (county), median age (county), and an indicator for the Democratic presidential party having a
campaign office in the county. Running variable parameterization: local linear. Bandwidth used: optimal. Constant suppressed.154



B.7 Mechanisms

In the chapter we argue that a potential mechanism is the supporting institution of

the education system. To support this argument, we mention that in counties where

voting systems demonstrations are given in schools, preregistration’s effect is 4.6%

higher.

To get this result we estimate a binary treatment instrumental variables model

which accounts for heterogeneous response to treatment (Cameron and Trivedi, 2005;

Cerulli, 2011). In short, this allows us to account for the fuzziness in treatment, with

instrumental variables, while allowing the treatment effect to vary across whether a

county had demonstrations or not.

In table B.10 we display the results generated from this model. The results show

that when in-school demonstrations are in place, preregistration’s effect is approxi-

mately 4 points higher than when it is not. This is true regardless of whether controls

are or are not included in the model. Thus, the results from the first column can be

read as preregistration’s effect being a 7.2% increase in turnout when demonstrations

are not in place, and 11.8% when they are.

Table B.10: Preregistration Mechanisms (voting systems demonstrations)

(1) (2)
Without Controls With Controls

Preregistration without Demonstrations 0.072˚(0.007) 0.112˚(0.007)
Preregistration with Demonstrations 0.046˚(0.011) 0.037˚(0.011)
P(with=without) 0.00 0.00
Controls? No Yes
N 186,575 186,575

Note: Table shows the difference in average treatment effects across voting
systems demonstrations. Robust standard errors in parentheses, *pă0.05.
Estimates are based on a 6 month window, and a quartic specification of the
running variable. Controls: race (individual and county), party, gender, pro-
portion of population that graduated high school (county), poverty (county),
voter turnout (county), median age (county), and an indicator for the Demo-
cratic presidential party having a campaign office in the county.
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B.8 Florida: Preregistration Surrounding Campaigns

Figure B.2 extends Figure 1 from the text, plotting Florida preregistration rates

across birthdays. The y-axis is whether individuals ever preregistered before turning

18. The x-axis plots individuals’ birthdays, drawing emphasis to the cutoffs for

eligibility in 2004 and 2008. The window we primarily use in the chapter is the six

months on either side of 11/4/2008. However, recall that our second model in Table

4 uses data from both years.
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Figure B.2: Preregistration by Date

This figure shows variation in Florida preregistration rates across birthdays beyond the window
in the text. The vertical axis plots whether individuals preregistered (1) or regular registered (0).
The x-axis is birthdays, with markings for individuals’ ages on election day in 2008. The cutoff
used in the chapter was at individuals just above and below 18. However, we also use the jump in
pre registrants around the 2004 election to include date of birth fixed effects in our model.

The discontinuity we observe in 2008 is not unique to that year, reflective of a

broader trend in preregistration rates over time. Note the spikes in preregistration
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enrollments around presidential elections. At the 2010 cutoff we do see a small

discontinuity similar to that in our chapter, hence the slight rise in the local model

around births in 1992. However, the jump in preregistration is too small (5-10%

difference in preregistrations) to predict a reliable estimate of the program’s effect.

From the figure, it becomes apparent of the limited preregistrations that occur

when presidential elections are not occurring. Individuals who come of age when an

election is not in full swing are much less likely to preregister than their election coun-

terparts, although the proportion of non-election preregistrations increased between

post-2004 and post-2008. Thus, to maximize preregistration’s impact may require

additional attention to voters who receive lower levels of preregistration exposure.

Figure B.3 shows an alternate way of visualizing this. It plots the number of

preregistrations among those born May 2, 1986 and May 4, 1994.6 You’ll note that

the largest enrollment spikes in the months leading up to the election are in May-

July, and noticeable spikes also coming in September and October, the months just

before the election. In other months, the number of preregistrations is low.

6 Those born May 4, 1986 to May 3, 1990 came from the 2008 voter file. The logic here is that
those born in the earlier period may have been purged between 2008 and 2012.
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Figure B.3: Preregistration by Day of the Year

This figure plots the number of preregistrations across dates of the calendar year among the same
period of births just listed
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Appendix C

Appendix for Chapter 4: Marshmallows and Votes?
Childhood Skill Development and Adult Political

Participation

C.1 More Details on the Voter File Match

As described in the text, the Fast Track sample was matched to public use voter

files. The match took place in July 2014. Individuals were matched using first

name, last name, birthdate, and in some instances—when the state required more

information—county, street name, or social security number. These matching inputs

were available at the same rate across the treatment and the control groups.

Individuals were identified as living a given state using Fast Track’s list of current

address in year 19 (2011) of the follow-up study.1 For those that had a current address

outside of state, I searched their original intervention state and the state listed in

their most current address. Among this sample, a few individuals—representing only

1 This list of addresses is continuously maintained in-between waves by Fast Track.
The bulk of this occurs around follow-up surveys. However, current addresses are
maintained in-between survey follow-ups through a combination of searches of social
media, LexisNexis, and contact with extended family members.
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1.79% of the total sample—had moved to states where matching was particularly

difficult. Those living in Nevada, New York, Montana, Georgia, or Arizona had

some type of restriction that limited matching ability. In most cases, this consisted

of the state requiring voter identification or driver’s license numbers. In a few cases,

the state publicized registration history, but not voting history.2

This match was easiest for individuals in the four intervention states: Tennessee,

North Carolina, Pennsylvania, and Washington. Unfortunately, due to data secu-

rity concerns, Fast Track would not allow the match through various third-party

providers, such as Catalist, who maintain large-scale voter registration data that

spans multiple states. Instead, for individuals in North Carolina and Washing-

ton, this match was done through manually entering individual information into

the state’s sophisticated online portal, which matches to the files current as of July

2014. For individuals in Tennessee and Pennsylvania, this match was done using the

downloaded voter files.3

All in all, about 44% of Fast Track individuals were linkable to registered voters

in voter files. As noted in the chapter, this registration rate is comparable to those of

this age range and socioeconomic status in the general population. Following previous

practice (e.g., Sondheimer and Green 2010), those who could not be located were

marked as having never registered nor voted.

As outlined in the chapter and in the covariate balance table below (see Ta-

ble C.1), a few things related to the match are unlikely to bias the results. First,

moving out of the state is unlikely to bias the results, given movement’s balance

across the treatment and control groups. Second, attrition from the sample is also

2 In this case, individuals who were not registered were coded as not voting if
they were not registered. If they were registered, they were coded as such, but their
voting status was left as missing.

3 Tennessee’s file came from the May 2012 version. Pennsylvania’s came from the
July 2014 version.
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unlikely to bias the results, for the same reason. Third, purges from the voter file are

unlikely to influence the results outlined in the chapter. The voter file data in North

Carolina indicates whether an individual was ever removed, placed as inactive, or

denied. These represent a relatively small proportion of the North Carolina sample

(about 6%). Treatment individuals were no more likely to be non-active voters than

individuals in the control group (p “ 0.88). Finally, that the survey-based measure

produces a similar result should lend confidence to the results involving matching to

voter files.

C.2 Covariate Balance

Table C.1 shows covariate balance across treatment and control groups by using a

simple difference of means test. Groups in the treatment and control groups were sim-

ilar in racial composition, age, socioeconomic status, presence of a sibling, mother’s

marital status, site, cohort, cognitive skills, and missingness across covariates. In

addition, survey-based psychometric measures of psychosocial skills appear to be

balanced at baseline. Finally, parents appeared to have similar characteristics across

the treatment and control groups. When all baseline characteristics are included to-

gether in a single model predicting treatment status, the joint significance test yields

a p-value of 0.66—meaning that we cannot reject the null hypothesis that the base-

line covariates are balanced across the treatment and control groups. This supports

using Fast Track to draw causal inferences.

Unfortunately, subjects’ propensity to vote was not measured at baseline. This

would have been nearly impossible as subjects were so young at baseline (5 years old).

The only thing close to a baseline version of our dependent variable is whether the

mother ever registered to vote. This measure, while being informative of Fast Track

child participants’ later voting propensity, has some limitations. Mothers could only

be matched to voter files in Tennessee and Washington due to limited availability
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of mothers’ birth dates in the other two sites. As such, registration levels between

the two groups shown in Table C.1 should not be directly compared. (Registration

rates in Tennessee and Washington among the children subjects in both treatment

and control groups was about 30%: more aligned, but still slightly higher than their

mothers.) Despite these limitations, mother’s registration shows balance across the

treatment and control groups. As such, it seems likely that children in both the

treatment and control conditions had equally low voting propensities at baseline.
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Table C.1: Pre-Treatment Variable Balance

Variable Control Treatment P pT ‰ C|H0q

Pre-Treatment Covariates
% African American 48.88 44.72 0.21
% White 48.43 52.81 0.19
% Female 32.74 27.42 0.08
Age on Jan. 1, 1992 (years) 5.96 5.99 0.63
SES (4-66) 24.17 24.58 0.63
% Have sibling 56.50 57.42 0.76
% Married mother 43.90 39.63 0.21
% Male present 56.50 52.90 0.29
% Missing at least 1 covariate 8.07 6.06 0.24
% North Carolina 24.44 24.71 0.92
% Tennessee 26.00 25.61 0.89
% Washington 24.44 24.27 0.95
% Pennsylvania 25.11 25.39 0.92
% Cohort 1 34.75 34.83 0.98
% Cohort 2 36.10 35.96 0.96
% Cohort 3 29.15 29.21 0.98
Verbal Test Score (WISC, Standardized) -0.04 -0.03 0.22
Mother Registered to Vote 19.49 18.22 0.75
Child Hostile Attributions (100)a 0.34 0.33 0.69
Child Aggressive Behavior Score (35)a -0.07 0.33 0.47
Child Appropriateness Score (4)a 3.55 3.58 0.61
Child Oppositional Behavior (2)b 0.00 -0.01 0.49
Child Social Competence Score (4)b -0.05 0.04 0.03
Child Emotion Recognition (100)a 66.8 67.0 0.84
Child Social Problem Solving Score (1)a 0.64 0.61 0.15
Child Grit Score (1)c 0.47 0.46 0.90
Child Withdrawn Score (2)c 0.33 0.31 0.37
Child Internalizing Score (2)c 0.30 0.29 0.82
Child Attentiveness Score (2)c 0.81 0.82 0.78
Child Anti-Social Score (2)c 0.46 0.51 0.12
Child Social-Problems Score (100)c 62.43 62.62 0.74
Parent Stress Levels (20)d -0.05 -0.04 0.96
Parent Family Satisfaction Score (3)d 0.03 -0.04 0.15
Parent Friendship Satisfaction Score (3)d 0.03 -0.04 0.07
Parent Physical Punishment Score (2)d 0.02 -0.01 0.04
Parent Verbal Punishment Score (2)d 0.01 -0.01 0.31
Parent Harsh/Warm Score (2)d -0.04 0.004 0.64
Parent Maternal Warmth Score (4)d -0.06 0.04 0.07
Parent Maternal Depression (60)d 0.40 -0.36 0.26
Parent Neighborhood Satisfaction Score (4)d -0.01 -0.01 0.88

Post-Treatment Covariates
% Treatment Exposuree 0.0 65.9 0.00
Attrition rate (missing address)f 8.30 6.74 0.38
Attrition rate (follow-up survey response)g 20.9 21.3 0.86
% Removed/Inactive/Denied (NC only) 6.05 6.39 0.88
% Moved out of State 9.53 8.19 0.50
% Died 1.57 2.47 0.34

Dependent Variable
% Turnout to Voteh 26.4 33.1 0.04
a From interview with child subjects at baseline. Rater coded.
b From interview with parents of Fast Track subjects at baseline.
c From interview with teachers of Fast Track subjects at baseline.
e Treatment exposure is the % of sessions attended.
d From interview with parents at baseline. Parents responses about themselves.
f Addresses from 2010-2011 follow-up
g From a follow-up survey conducted in 2010-2011 (years 19-20).
h From validated voting in any national election from 2004-2012 (Washington: 2006-2012).
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Figure C.1 shows the overall distribution of a handful of continuous baseline

covariates. These show that the treatment and control groups are remarkably similar

at baseline—as we would hope with a randomized-control design.
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Figure C.1: Baseline Covariate Distributions
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C.3 Control Coefficients Reported

Table C.2 shows the full version of table 1 in the text, reporting control coefficients.

A few notes about the control estimates in order. None of these comparisons is

causal, but they are illuminative of the sample to which the Fast Track program was

administered.

First, women in this sample–conditional on the other controls included–are more

likely to vote than men. This is consistent with patterns in the overall population,

with women increasingly voting at a higher rate than men (Leighley and Nagler

2013). Second, the disadvantaged African American subjects in the Fast Track sam-

ple are more likely to vote than the disadvantaged Caucasians in the sample. This

is consistent with the fact that African Americans have been catching up with Cau-

casians in turnout over the last few election cycles (Leighley and Nagler 2013). Third,

those individuals with higher SES have a higher likelihood of voting. This pattern

has been documented in many other circumstances. Finally, the results show—as

has long been established—turnout varies by state. Fast Track subjects in North

Carolina have higher turnout than those in Tennessee, Washington, or rural Penn-

sylvania. This is entirely consistent with youth turnout patterns across states. For

example, in 2012 young people in North Carolina turned out to vote at a rate 10

percentage points higher than youth in Washington and Pennsylvania and 14 points

higher than Tennessee.4

4 Source: The Center for Information & Research on Civic Learning and Engage-
ment (i.e. “CIRCLE”).
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Table C.2: Fast Track’s Effect on Voting

DV: Ever Vote DV: Ever Vote DV: Prop. Vote DV: Prop. Vote
ITT TOT ITT TOT

FT Treatment 0.073* 0.111* 0.094* 0.140*
[0.015,0.132] [0.026,0.195] [0.000, 0.187] [0.000, 0.280]

Male -0.152* -0.151* -0.214* -0.212*
[-0.226,-0.078] [-0.222,-0.080] [-0.320, -0.107] [-0.318, -0.106]

Non-white 0.085* 0.083* 0.140* 0.137*
[0.009,0.161] [0.011,0.156] [0.006, 0.274] [0.003, 0.271]

Age (years) -0.016 -0.016 -0.020 -0.020
[-0.067,0.034] [-0.065,0.032] [-0.100, 0.060] [-0.098, 0.059]

Log(SES) 0.079* 0.081* 0.138* 0.139*
[0.025,0.133] [0.029,0.133] [0.045, 0.231] [0.046, 0.232]

Sibling (0/1) -0.091 -0.094 -0.135* -0.139*
[-0.214,0.033] [-0.212,0.025] [-0.295, 0.025] [-0.298, 0.021]

Male present (0/1) -0.029 -0.029 -0.056 -0.057
[-0.116,0.057] [-0.112,0.054] [-0.194, 0.081] [-0.194, 0.80]

Mother married (0/1) 0.003 0.003 0.033 0.035
[-0.083,0.089] [-0.077,0.085] [-0.108, 0.174] [-0.104, 0.173]

Tennessee -0.360* -0.361* -0.507* -0.510*
[-0.457,-0.262] [-0.455,-0.268] [-0.659, -0.355] [-0.661, -0.360]

Pennsylvania -0.311* -0.313* -0.375* -0.378*
[-0.399,-0.223] [-0.398,-0.228] [-0.496, -0.254] [-0.501, -0.255]

Washington -0.263* -0.267* -0.326* -0.330*
[-0.375,-0.151] [-0.375,-0.159] [-0.505, -0.146] [-0.510, -0.150]

Cohort 2 0.103 0.107 0.174` 0.180`

[-0.041,0.246] [-0.032,0.245] [-0.018, 0.365] [-0.011, 0.371]
Cohort 3 0.075 0.078 0.123 0.129

[-0.088,0.239] [-0.079,0.235] [-0.119, 0.366] [-0.111, 0.369]
Constant 0.394* 0.390* -0.300 -0.306

[0.016,0.771] [0.029,0.751] [-0.887, 0.288] [-0.889, 0.277]
N 812 812 812 812
Number of Schools 55 55 55 55
R2 0.166 0.169 0.129 0.132
F (instrument strength) . 3265.4 . 251.3

Notes: 95% confidence intervals in brackets. ` p ď .10, * p ď .05. Standard errors are clustered
at the school level. For those in Washington, vote history was only available after 2006.

C.4 Alternate Model Specifications

The results presented in the chapter do not change with a probit specification of the

turnout variable. Table C.3 shows marginal effect estimates when controls are held

at their mean (for continuous variables) or median values (for ordinal).5

5 The turnout effects outlined in the chapter is mostly present in presidential
elections, and doesn’t show up when midterm years are pooled. This may be due
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Table C.3: Fast Track’s Effect on Voting (probit)

DV: Ever Vote DV: Ever Vote
FT Treatment 0.076* 0.127*

[0.004,0.149] [0.033,0.220]
Controls Yes Yes
Number of Students 812 812
Number of Schools 55 55

Notes: 95% confidence intervals in brackets. ` p ď .10,
* p ď .05. Standard errors are clustered at the school
level. Pre-treatment controls include: race, gender,
age, socio-economic status, whether the child has a sib-
ling, whether the child has a male present in the home,
the site of the treatment, and the cohort of treatment.
For the marginal effect estimates, continuous controls
(age and SES) were held at the mean values and dis-
crete controls were held at their median values.

C.5 Alternate Visualizations of Fast Track’s Effect
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Figure C.2: Fast Track Childhood Program Impact on Voter Turnout

Figure 4.2 shows coefficient plot estimates for the TOT estimates shown in Table 4.1 in the chapter
text.

to extremely low turnout rates in these years among the Fast Track sample (4% in
2006 and 7% in 2010). Or, it may be driven by a specific year—2010—where a slight
negative impact is observed. This cancels out the positive effect in 2006. In short, 4
out of the 5 elections used show a similar positive effect.
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Figure C.3: Fast Track’s Impact on Voter Turnout (Survey Measure Robustness
Check)

Based on a survey item administered by Fast Track in year 15 of the study, when participants were
between 19- and 23-years-old. In this survey question, Fast Track asked, “Over the past year, how
often have you voted in elections?” This question had a 5-item response scale, ranging from never
voting to voting more than four times. I collapse this into a dichotomous outcome for whether
a person indicated voting more than once. The results do not change if this variable is kept as
ordinal.

C.6 Subgroup Effects

Who benefited most from improvements in their psychosocial skills? Fast Track’s

psychosocial skill treatment had a fairly stable impact on turnout across subgroups.

Figure C.4 shows this, by plotting the effects and confidence intervals across a number

of theoretically-compelling pre-treatment characteristics.

The effect documented in the last section does not vary by student gender, race, or

risk status. There may be some difference, however, in the treatment’s effectiveness

across socio-economic status. Figure C.4 shows that the coefficient for low SES

subjects is about 2.2 times larger than that for high SES subjects. Moreover, when
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considering the base rates of participation across SES, these differences in magnitude

are even more noticeable. The effect among low SES individuals represents 53% of

the base rate of participation; while the high SES effect is only 13% of the base

rate. The difference in the treatment effect between low and high SES individuals

is not statistically significant at traditional levels (p « 0.3). Thus, while we cannot

be entirely sure, there is at least some suggestive evidence that psychosocial skill

programs could be especially effective among the lowest propensity citizens in the

already low propensity Fast Track sample.
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Figure C.4: Fast Track’s Impact Heterogeneities

Figure C.4 plots the coefficients and confidence intervals (90% and 95%) for the treatment effects
stratified by these groups. These use the ever voted outcome measure as the outcome. For SES
and risk, the groups are stratified at the median level of these continuous measures.
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C.7 Fast Track’s Potential Mechanisms

C.7.1 Individual Mechanisms

Table C.4 shows the differences across the treatment and control groups in mean

levels of cognitive skills. The table shows that despite some small initial gains in

math (a 0.74 percentage point increase) and letter-word identification (a 1.48 per-

centage point increase) in year 1 of the program, these increases appear to have faded

rapidly and consistently (Rabiner and Malone 2004). There were no documentable

differences across the treatment and control groups by the second grade. By the

time students were in sixth grade—the last testing period—the Fast Track treat-

ment appears to have had no noticeable impact on cognitive skills. Later-life proxies

of cognitive ability show a similar pattern (Bierman et al. 2013). In short, by the

time subjects in the treatment and control groups reached early adulthood and were

becoming eligible to vote, they had similar levels of cognitive skills.
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Table C.4: Fast Track’s Impact on Cognitive Skills

Control Treatment P pT ‰ C|H0q

Test Score Measures of Cognitive Skills

% Correct WJ calculation (1st grade) 3.42 4.16 0.01
% Correct WJ letter-word id. (1st grade) 21.01 22.49 0.00
% Correct WJ calculation (2nd grade) 13.71 13.60 0.90
% Correct WJ letter-word id. (2nd grade) 38.27 40.22 0.13
% Correct WJ calculation (5th grade) 32.05 32.19 0.81
% Correct WJ letter-word id. (5th grade) 63.66 64.38 0.43
% Correct WJ passage reading (5th grade) 51.92 52.40 0.62
% Correct WJ calculation (6th grade) 36.38 36.04 0.60
% Correct WJ letter-word id. (6th grade) 68.40 68.80 0.66
% Correct WJ passage reading (6th grade) 57.20 58.05 0.39

Other Measures of Cognitive Skills

Usual Grades in school (High School + 1) 2.63 2.46 0.35

Means and test statistics are from a simple comparison of means. WJ items are the
Revised Woodcock-Johnson Psycho-Educational Battery — a commonly used mea-
sure of childrens cognitive ability (Woodcock, Johnson and Mather 1989; Woodcock
and Mather 1989). The “calculation” items measure the childs skill in performing
mathematical calculations such as addition, subtraction, multiplication and division
(59 questions). The “letter-word identification” items measure word recognition us-
ing pictorial representations, isolated letters, and isolated words (58 questions). The
“passage reading” items measure the child’s ability to select a word that would be
appropriate given the context of a written passage (38 questions). The “usual grades”
item was from a follow up survey in year 14 (just after graduation for on track stu-
dents). This item asked what grades the student received on their last report card
when in school (0-7 scale: 0 being mostly A’s, 1 being half A’s and half B’s, 2 being
mostly B’s, 3 being half B’s and C’s, etc.). Both the tests and the grades question
were administered to varying samples over years of the intervention.a

a In year 1, the WJ items were administered to 446 in the control and 445 in
the treatment (the whole sample). In year 2, a sample of 155 in the control and 155
treatment group were selected. In year 5, 383 in the control and 398 in the treatment
were used. In year 6, the numbers were: 373 in the control and 387 in the treatment.
In year 14, the “usual grades” item was asked to a sample of 156 in the control and
161 in the treatment
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Table C.5: Fast Track’s Potential Mechanisms

Potential Mediators | ACME/ADE | ρ: ACME=0

Social Status/Connectivity 2.0%

Religious Membershipsb 1.7% 0.2
Non-Religious Membershipsb 0.6% 0.1
Social Membershipsb 0.4% 0.1
Club Membershipsb 0.9% 0.1
Marriedb 1.5%* -0.1

Resources 0.8%

Adult Educational Attainmentb 5.7%* 0.2
Adult Incomeb 2.5%* 0.1

Cognitive Skills 1.0%

WJR: Mathd 0.0%* -0.7
WJR: Wordsd 3.3%* 0.1
WJR: Passage readingd 4.0%* 0.1

Psychosocial Skills 24.8%

Emotion Recognition/Empathyb 15.3%* -0.2
Self Efficacyb 9.7%* 0.2
Emotion Regulationb 2.4% 0.1
Behavioral Controlc 8.3%* -0.3
Hostility Controlb 9.2%* -0.1
Aggression Controla 9.0%* -0.2
Self Controla 1.4%* 0.0
Grit/Perseverancea 2.7%* 0.2
Attentivenessa 1.5%* -0.2
Social Problem Solvingb 2.8%* -0.1
Withdrawna 1.4%* -0.1
Internalizinga 0.9% -0.1
Anti Sociala 1.5%* -0.2
Social Problemsa 2.8%* -0.2
Prosociala 0.6% 0.1

` p ď .10, * p ď .05. Individual mediation models are based
on the medeff and medsens commands; while the combined
estimates (in parentheses next to the bolded titles) are from the
khb command in Stata. Standard errors clustered to the original
school level. Models based on reduced form treatment models.
Third column is the |%| of the indirect effect size relative to the
total effect. The fourth column shows the uncertainty parameter
from the sensitivity analysis, which shows the correlation between
the error terms of the mediator and outcome models that would
make the mediation effect 0 (Hicks and Tingley, 2011; Imai et al.,
2010, 2011). More details about how the measures can be found
in tables C.6 and C.7.

a Drawn from teacher evaluations of students.
b Drawn from a student survey conducted by Fast Track raters.
c Drawn from a match to public crime records.
d Drawn from Woodcock-Johnson standard tests of cognitive abil-

ity.
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C.8 Measurement of Psychosocial Skills

In the exploration of the mechanisms behind Fast Track’s impact on voter turnout,

I examine 13 psychosocial skills that fall under two broader categorizations of skills:

namely, social skills and self-regulation skills. These come from a variety of measures.

I outline the origin of these in this section.

For the most part, I rely on theoretically grounded measures of students’ skills

that have been already created and validated in published work.6 Much work has

been done to validate these scales. In Table C.6 I cite some of the relevant works

that validate these measures. Those desiring more detail beyond these articles should

reference the technical reports for the specific measures at the Fast Track website:

http://fasttrackproject.org/technical-reports.php.

Table C.6 provides a brief overview of the psychosocial skills I consider. Column

1 shows the specific skill, listing the variable name from the Fast Track files. Column

2 provides a brief definition of the psychosocial skill. Column 3 tells who provided

the measure, be it a teacher, subject or Fast Track rater. Column 4 provides some

information on measurement of the construct. Column 5 provides relevant citations

to work relating to or describing these constructs.

C.8.1 Fast Track: Teacher Measures of Psychosocial Skills

Many of these measures come from teacher reports of students’ skills. Teachers were

asked to evaluate students on many skill dimensions. These included the teacher

report form (TRF), the teacher social competence questionnaire (TSC), and the

teacher rating of social adjustment. These “well-validated set of instruments” have

been used in a number of studies and contexts (De Groot, Koot and Verhulst 1994).

Items used from these surveys are listed below in Table C.6.

6 I generate my grit item from four items that align with Duckworth et al. (2007).
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The teacher report form (TRF)7 variables typically had a question stem like this:

“Below is a list of items that describe pupils. For each item that describes the pupil

now or within the past 2 months, please circle the 2 if the item is very true or often

true of the pupil. Circle the 1 if the item is somewhat or sometimes true of the pupil.

If the item is not true of the pupil, circle the 0. Please answer all items as well as

you can, even if some do not seem to apply to this pupil.”

The items used on the TRF covered topics such as student performance in school,

how hard the child worked, how the child behaved, and measures of the child’s well-

being.

Additionally, the teachers responded to the social competence questionnaire (TSC).8

This battery asked teachers to evaluate students on several dimensions, including

their ability to function in a classroom setting. These questions generally had this

structure: “Compared to other [boys/girls] at this grade level, how often does [sub-

ject name] [characteristics and behaviors listed here] [Response Options: Almost

Never–Almost Always (5 items)].”

Finally, teachers responded to the teacher rating of social adjustment (TSA).

These items focused on students specific skills. Teachers were asked to place students

on a five-item spectrum from “poor, unsatisfactory skills in this area” to “excellent

skills in this area.”9

C.8.2 Fast Track: Subject/Rater Measures of Psychosocial Skills

In addition to teacher reports, Fast Track raters measured students’ psychosocial

skills on a variety of dimensions. These occurred in recorded interviews, which were

7 The TRF for ages 6-18 is available online at: http://www.aseba.org/forms.
html.

8 The technical report for the TSC can be found here: http://
fasttrackproject.org/techrept/t/tsc/.

9 The TSA can be found here: http://fasttrackproject.org/techrept/t/
tsa/.

175

http://www.aseba.org/forms.html
http://www.aseba.org/forms.html
http://fasttrackproject.org/techrept/t/tsc/
http://fasttrackproject.org/techrept/t/tsc/
http://fasttrackproject.org/techrept/t/tsa/
http://fasttrackproject.org/techrept/t/tsa/


then coded by Fast Track. The inter-coder reliability for these items tends to be

quite high.

The subject/rater items included the emotion recognition questionnaire (ERQ).10

During this interview, raters showed students various pictures of children. Subjects

were then asked to identify the emotion being exhibited by the child in the image—a

commonly used proxy for individual empathy. Responses were coded as correct or

incorrect.

The subjects/raters also went through an exercise to explore students emotional

experiences (IEE).11 This interview explored students ability to manifest positive

emotions. Additionally, students took the social problem solving questionnaire (SPS).12

This questionnaire “assesse[d] the way a child resolves problems encountered in typ-

ical social settings with other children.” In this battery, students were shown images

of children in social settings (i.e. “Jenny and Dave both want to use a swing at re-

cess”) and asked to respond how they would act if they were in one of the students’

shoes. Responses were coded as appropriate, aggressive, or passive.

Students were also matched to public crime records.13 These documented the

number and severity of juvenile and adult offenses.

Finally, students were given a general interview in their homes (HIC). This

broached many topics, including a questions that allowed raters to rate students’

hostile attributions. These were measured by giving students a situation where they

experienced a negative event. Students were then asked how they would respond.

10 The technical report for the emotion recognition questionnaire can be found
here: http://fasttrackproject.org/technical-reports.php#erq.

11 The technical report for the interview on emotional experience can be found
here: http://fasttrackproject.org/techrept/i/ier/index.php.

12 The technical report for the interview on emotional experience can be found
here: http://fasttrackproject.org/techrept/i/ier/index.php.

13 The technical report for the match to crime records can be found here: http:
//fasttrackproject.org/techrept/j/jcd/.
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Coders then rated whether students administered a hostile response.

In table C.6 below variable names listed under skill name. Variable names should

include the year of the follow up survey in place of the dash. The citations column

references the work of relevance to the construct measurement.
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Table C.6: Fast Track’s Psychosocial Skill Measures

psychosocial Skill Short Definition Reporter Measurement Citations

Grit Persistence toward long-term goals Teacher TRF Items: 4, 8, 78, 100 Achenbach (1991)
(grit prop)a (TRF) (e.g., “Fails to finish things”) Duckworth et al. (2007)
Emotion Recognition Ability to identify others’ emotions Subject/Rater Subject identifies emotions in pictures Ribordy et al. (1988)
(erq-tnc) (ERQ)
Self Efficacy Belief that actions will yield results Subject/Rater Subject answers questions about belief in ability Bierman et al. (2010)
(SEF-SES)
Emotion Regulation Ability to control emotions Teacher TSC Items: 1a, 3a, 4aR, 5aR Bierman et al. (1999a)
(TSC-EMF) (avoid negative, approach positive) (TSC) (e.g., “copes well with failure”, “calms down”)
Attentiveness Ability to focus on task at hand Teacher TRF Items: 1, 4, 8, 13, 17, 22, 49, 60, 61, 62, 72, Achenbach (1991)
(TRF-INN) (TRF) 78, 80, 92, 100

(e.g., “Stares blankly”)
Behavioral control Engaging in delinquent behavior Subject Public crime records & self-reports Bierman et al. (2010)
(jcd-jil)
Hostility control Ability to avoid hostile behavior Subject/Rater Subject shown drawings of individuals being Bierman et al. (1999a)
(HIC-PHA) towards others (HIC) harmed. They were then asked why these Dodge et al. (1990)

negative events occurred and how they would
respond. FT workers coded hostile responses.

Aggression control Control over outbursts Subject/Rater Subject shown drawings of individuals being Bierman et al. (1999a)
(HIC-PHA) (HIC) harmed. Asked how they would respond. Dodge et al. (1990)
Self control Ability to control impulses Subject/Rater Raters interviews child about experiences Bierman et al. (1999a)
(IEE-SCS) (IEE)
Social Problem Solving Acting appropriately in groups Subject/Rater Subject responds to social situations. Dodge et al. (1990)
(sps-MPC) (SPS) Coders rate responses as competent Bierman et al. (1999a)

if subject offers a direct, socially appropriate
way of handling the situation.

Withdrawn Distant in social groups Teacher (TRF) TRF Items: 42, 65, 69, 75, 102, 103, 111 Achenbach (1991)
(TRF-WDN) (e.g., “Would rather be alone than with others”)
Internalizing Negative social behaviors Teacher (TRF) TRF Items: 11, 31, 32, 35, 42, 47, 50, 52, 60, 65, Achenbach (1991)
(TRF-SIN) 69,71, 75, 80, 81, 99, 102, 103, 106, 108, 111, 112

(e.g., “Clings to adults or too dependent”)
Anti Social Behaving inappropriately in social settings Teacher (TRF) TRF Items: 20, 21, 43, 82, 90 Achenbach (1991)
(TRF-CAN) (e.g., “Swearing or obscene language”)
Social Skills Overall social skills Teacher (TSA) Teachers asked to evaluate subjects’
(m t-k3) overall social skills
Social Problems Inability to get along with others Teacher (TRF) TRF Items: 1, 11, 25, 38, 48, 62, 64 Achenbach (1991)
(TRF-SPT) (e.g., “Doesnt get along with other pupils”)
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C.9 More Details on Table C.5

Most of the measures used in Table C.5—with the exception of the social status and

resource measures, which were only available for one time period—are composites

of the same measures taken over time. These are combined using principal factor

analysis. Table C.7 displays the years used to make the composite measures. As the

intervention started when children in the sample were 3-7 years old, the age these

measures covers can be identified by adding the year to the age range: so, a year 2

measure would be that taken when individuals are 5-9, whereas a year 15 measure

would be when individuals were 18-22. Generally speaking, the number of the 891

participants responding declines over time: as would be expected.14

14 The one exception is the behavioral control measures, which are based on
matches to administrative records, and, thus, are less susceptible to missingness.
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Table C.7: Measurement Details for Table C.5

Measures Follow-up Years N µ σ

Social Status

Religious Memberships (1-6) 15 426 1.78 0.93
Non-Religious Memberships (1-6) 15 437 2.11 1.13
Social Memberships (1-6) 15 437 1.69 0.65
Club Memberships (1-6) 15 436 1.36 0.99
Married (0-1) 15 460 0.14 0.34

Resources

Educational Attainment (1-6) 19 720 2.83 1.14
Income 19 624 11,708 14,660

Cognitive Skills

WJR: Math 5, 6 724 0 0.85
WJR: Words 5, 6 725 0 0.94
WJR: Passage reading 5, 6 726 0 0.90

Psychosocial Skills

Emotion Recognition 2, 3 784 0 0.58
Self Efficacy 8 669 0 1
Emotion Regulation 5, 6, 7, 8, 9 415 0 0.87
Self Control 1, 2, 3 807 0 0.32
Grit/Perseverance 3, 4, 5, 6 602 0 0.82
Attentiveness 2, 3, 4, 5, 6 596 0 0.87
Behavioral Control 8, 9, 10, 11, 12, 13 774 0 0.99
Hostility Control 2, 3, 4 762 0 0.75
Aggression Control 2, 3, 4 762 0 0.73
Social Problem Solving 2, 3, 4 760 0 0.70
Withdrawn 2, 3, 4, 5, 6 596 0 0.79
Internalizing 2, 3, 4, 5, 6 596 0 0.74
Anti Social 2, 3, 4, 5, 6 600 0 0.85
Social Skills 7, 8, 9, 10, 11, 12 263 0 0.87
Social Problems 2, 3, 4, 5, 6 595 0 0.83

Follow-up years is the year of the study that measurements were taken, age
range: (3 + year, 7 + year). N is the number of observations in the the scale;
µ is the mean of the scale; and σ is the standard deviation.
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