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Abstract

Providing greater school choice is thought to be a viable decentralized avenue

for improving scholastic outcomes. Yet very little is understood about the

underlying traditional school choice that parents make when deciding where to

live. We provide direct evidence of such choice by implementing a Regression

Discontinuity design. Using rich data on North Carolina students, schools

and neighborhoods, we exploit the existence of an age cutoff rule for entry

into kindergarten to identify residential moves that occur for reasons related

to public schooling. Given the inherently dynamic nature of these decisions,

we nest our approach within a dynamic discrete choice framework to remove

path dependence when interpreting our results. We find that school choice by

residential sorting is widespread both within and across districts, and differs

according to the age and race of children: While whites tend to exercise school

choice at an earlier age by moving across districts, blacks tend to delay their

choice and predominantly move within districts.
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1 Introduction

In recent years, policymakers have increasingly focused on education reforms that em-

power parents with greater school choice as a viable avenue for raising student achieve-

ment. The efficacy of such interventions depends on the extent to which an increase

in school choice enhances school productivity through increased competition among

schools and engenders unintended student segregation across them, each of which in

turn hinge on how parents exercise school choice in the absence of overt reforms. Typ-

ically referred to as traditional school choice (defined by Hoxby (2003) and hereafter

abbreviated as TSC), this baseline is a subset of the broader Tiebout choice, wherein

households can ‘vote with their feet’ by selecting the residential location that most

closely corresponds to their desired level of taxation and mix of public amenities, of

which schooling is one example. Despite its relevance to the implementation of higher-

powered policies, surprisingly little is known about how TSC factors into household

decisions.

In this paper, we provide the first direct evidence of TSC, characterizing both its

extent overall and its distribution across neighborhoods and student characteristics.

Our quasi-experimental approach exploits the ubiquitous practice of school systems

restricting entry of prospective students according to a calendar cutoff for a student’s

date of birth. In particular, we focus on the October 16th cutoff that North Carolina

employed,1 so that a child turning five on or before October 16th would be entitled

to begin kindergarten one year earlier than a child born after October 16th of the

corresponding year. We hypothesize that such a cutoff should create a discontinuity

in the probability of being enrolled in public school in general, and kindergarten in

particular, among children who turn five during the school year. This in turn will affect

the propensity to exercise TSC in that year. The reasoning is as follows: Households

with children born prior to the cutoff may move to access a more desirable school or

school district, reaping the benefits at the same time they incur the costs of doing so.

On the other hand, while households with children born after the cutoff could move

to their preferred neighborhood at the same time, they would be subject to the same

immediate costs but would not receive any schooling benefits until the next year. We

1The age cutoff is defined by North Carolina General Statute 115C-364. It was changed to August
31st when the statute was amended in 2010.
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would therefore expect that some households with a post-cutoff child would delay their

schooling decision by one year when compared to those with a pre-cutoff child.

The resulting discontinuity can be interpreted as an exogenous change in the incen-

tive to exercise TSC. While households with children born just prior to the cutoff are

expected to make their schooling choice one year earlier than those with children born

just after it, the two types should be similar to each other (on average) along observed

and unobserved dimensions. Given this research design, if we detect a discontinuity

in a variable such as the moving rate of families, according to the birth date of their

child, it must be attributable to incentives arising from school choice.2

This identification argument extends to all other ages as well, according to the

following logic: In the absence of grade promotion or retention, children born on or

before the October 16th cutoff are expected to be enrolled in grade one at age six,

grade two at age seven, and so on, with those born after the cutoff being expected to

be found in the next lower grade for any given age. Similarly, the older children with

respect to the cutoff are expected to be one year away from entering kindergarten at

age four, two years away at age three, and so on, with the younger children being an

additional year from entering kindergarten in each instance. Based on these differences

in treatment, we can analyze the disparity in the rates at which families move on either

side of the entry age cutoff date to discover the extent to which they exercise TSC at

each stage of a child’s development.

To implement our identification strategy, we bring together several sets of data.

Provided by the North Carolina Education Research Data Center (NCERDC), the

key datasets provide information on the exact birthdate of each student in the North

Carolina public school system from 1994 to 2009, the residential address of those stu-

dents (as reported by the school district) and end-of-grade testing data for grades three

through twelve. This last dataset allows us to verify each student’s grade, so that we

know the grade distribution for any particular age and birthdate, and it also contains

individual student characteristics, such as ethnicity, gender, parental education and the

school attended. The address data permits us to make an additional methodological

2The idea of measuring an effect at the discontinuity point, controlling implicitly for observable
and unobservable covariates, was originally proposed by Cook and Campbell (1979). Since then, the
so-called Regression Discontinuity design has been used extensively in several domains of empirical
work.
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contribution to the literature by forming family identifiers that connect siblings to one

another, enabling an analysis of student moves before they appear in the grade-verified

schooling data and after they leave the school system following graduation. We also

augment our rich student-level data by linking it to the 2000 United States Census

to explore how our TSC measures correlate with characteristics of the neighborhood

where students live.

The evidence of TSC is extensive, with at least 30% of families exercising TSC

overall. We first characterize the spatial distribution of school choice by district, show-

ing that it occurs disproportionately in affluent, urban and high-achieving areas. We

then decompose our results according to student age and the nature of the TSC-

related move, finding that school choice by residential sorting is prevalent both within

and across districts throughout the age distribution. Moreover, these patterns differ

according to race: While whites tend to exercise school choice at an earlier age by mov-

ing across districts, blacks tend to delay their choice and predominantly move within

districts.

While compelling, our reduced-form evidence cannot disentangle the effect of the

contemporaneous treatment from prior ones, since the problem of moving for public

schooling is inherently dynamic. In particular, a household’s decision about where

to live today depends on prior choices, which in turn are themselves a function of

previous TSC-related decisions through the existence of moving costs. This makes it

difficult to identify the exact timing of families exercising TSC based on reduced-form

estimates. To provide a more straightforward interpretation of our findings, we ‘filter’

these estimates by nesting our Regression Discontinuity approach within a structural

dynamic discrete choice framework. The key assumption we make, which is standard in

the literature, is that only the immediate location history is relevant when considering

the effect of prior choices on the contemporaneous decision. This makes the problem

eminently more tractable.

Leveraging additional information by conditioning the utility derived from a partic-

ular neighborhood on whether it is the same or different from the prior one allows us to

separately identify moving costs and moving-cost-free neighborhood-specific cumula-

tive utilities. With these in hand, we are able to isolate an underlying period-by-period

measure of TSC, which would be observed in the data if families did not incur moving

3



costs. Hence, the path dependence of the decision problem is no longer an issue. More-

over, our structural approach allows us to measure the effect of public schooling not

only on real residential choices, but also on the overall well-being of families. Moving

costs provide a wedge between these two notions, as they may cause families to remain

in neighborhoods which are no longer considered optimal, purely as a result of path

dependency. Overall, we estimate that a system which compensates households for

moving costs would generate an improvement in utility of only about 15% of those

costs (approximately $1,700) for an average family, making it unlikely to be socially

optimal in the absence of strong positive externalities. Allowing for open enrollment

would be a more sensible middle ground policy.

Our paper is organized as follows: The next section reviews the related prior litera-

ture. Section 3 discusses our identification strategy and Section 4 describes our rich set

of data. Section 5 presents our reduced-form results, Section 6 outlines our structural

framework and reports the associated results, and Section 7 concludes.

2 Prior Literature

Since Tiebout (1956), there have been several studies on the determinants and conse-

quences of residential sorting in the United States (for example, Epple and Sieg (1999)

and Rhode and Strumpf (2003)). People may decide to move to a new neighborhood

for several reasons, such as the availability of better neighborhood amenities, a shorter

commute time to work and better housing. Among the many amenities that may affect

sorting across neighborhoods, none has received greater attention than public educa-

tion. Indeed, the topic of traditional school choice (TSC) has permeated many different

strands of literature. Thus far, however, researchers have been unable to directly iden-

tify people moving as a result of differences in the quality of public education across

neighborhoods (that is, people exercising TSC), rather than differences in any other

neighborhood amenity or household condition.

There has been some indirect evidence that TSC is prevalent in the United States.

Black (1999), Bayer et al. (2007) and Caetano (2012), for example, estimate that

parents pay more to live in school districts with better schools, which provides some
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support for the TSC hypothesis.3 Clotfelter (1999) finds that there is much more

segregation by race between school districts than within them, suggesting that TSC

(which is assumed to be essentially an inter-district choice) may be a critical factor in

explaining observed segregation patterns. However, little is known about the type of

individuals who exercise TSC, and the destination school and neighborhood to which

they are likely to move.

A related literature focuses on another type of school choice that has been intro-

duced in many states: inter-district open enrollment choice. Reback (2008) finds that

the choice of parents to be transferred out of the district is more related to school

outcomes (for example, test scores) than to school inputs. Additionally, Welsch et al.

(2010) and Carlson et al. (2011) study the characteristics of the destination school

where transferring children are more likely to go, and Cullen et al. (2005) investigate

who is more likely to request to be transferred out of the district. Given an overt policy

of open enrollment, it is reasonable to believe that resulting student transfers out of a

district are unrelated to differences in other unobserved amenities. Yet exploiting this

policy variation does not make clear how salient open enrollment is for parents who

end up moving to the new district (that is, which families would have moved in the

absence of the policy?). Moreover, given that the baseline school choice available in the

United States is of the traditional variety, the decision to move of anyone faced with

heightened school choice is likely to be coupled with other factors governing residential

choice. Thus a study of the interaction between residential and schooling decisions is

warranted.

Thus far, researchers studying the consequences of TSC have used Herfindahl in-

dices of concentration as a proxy variable for the amount of TSC occurring in a city.

For instance, Hoxby (2000a) and Rothstein (2007) use these indices to test the hy-

pothesis that more TSC leads to greater competition (and hence to a more productive

public education system). Using a different design (although still employing Herfindahl

indices), Rothstein (2006) presents evidence that parents seem to care more about peer

effects than school productivity, which implies that schools would have little incentive

to increase efficiency under an environment with heightened competition. Urquiola

(2005) shows that more concentrated districts (according to Herfindahl indices) tend

3Black and Machin (2011) provide a recent literature review on the topic.
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to feature greater segregation across schools, and concludes that TSC seems to gen-

erate segregation. The Herfindahl indices used by these aforementioned papers are

determined by the total enrollment of students within school districts relative to the

enrollment across districts in a city. These measures not only take into account the

children of parents who move neighborhoods due to TSC, but also those who move for

other reasons.

The key takeaway from the preceding review is that surprisingly little has been

done to directly isolate and analyze the TSC mechanism. Measures of district concen-

tration can and have been used to indirectly argue for the significance of TSC, but the

plausibility of these proxies cannot be substantiated without the more direct approach

of identifying the people who actually exercise school choice. In this paper we provide

a first step in this direction, with the goal of complementing this important literature

on the consequences of TSC.

3 Identification Strategy

We begin by describing a simple dynamic model of residential choice which we use to

interpret our results. We then describe our strategy to disentangle public-school-related

residential decisions from the multitude of other factors that influence neighborhood

sorting.

3.1 A Simple Model of Residential Choice

Consider a family i originally in neighborhood jit−1 deciding where to live in period

t. The family observes a vector of state variables Wit. Different families may perceive

the level of amenities of the same neighborhood differently (e.g., because their child

is attending a different grade) or have different preferences for the same level of the

amenities, or both. The choice-specific value function can be written (e.g., see Bayer

et al. (2007b)) as

vj (Wit) = 1{j 6=jit−1}.φit + uj (Wit) + βitV (Wit). (1)
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where 1{·} is the indicator function for whether the expression in parenthesis is true, φ

is the moving cost, u is the flow utility, β is the intertemporal discount, and V (Wit) :=

E[max
k

vk(W
′)|Wit], where Wit transitions to W ′ with probability Fit. Family i will

choose a neighborhood in order to maximize its utility, so that

jit = j ⇐⇒ vj (Wit) > vk (Wit) , ∀k 6= j. (2)

where jit := argmax
j

vj(Wit).

3.2 Identifying Residential Sorting due to TSC

To make our identification strategy more concrete, we introduce some notation. Let

the cutoff of October 16th be denoted by D. Let aT denote a child who is of age a and

is born just before the cutoff D, and aC denote a child who is of age a and is born just

after the cutoff D.

For simplicity in the exposition, consider a family with one child.4 Each family i is

systematically characterized by the vector (a, d, τ), where d refers to the day the child

is born and τ represents the type of the family with respect to that child (which may

be unobserved to the researcher). Let t be the year the student is born. In period

t = t + a we will observe families with children of age a who were born on day d. They

will be in different timings g at different rates depending on (a, d, τ). Even though we

tend to observe children aT at timing g = a− 5, and students aC at timing g = a− 6,

we also observe them in different timings, so we need to take the entire distribution

into account. For expositional simplicity, we focus only on the cohort born t in this

section, so we can drop the t subscript.

Let W (a, d, τ) be the state variable that families of the students of age a, of type τ

and born on day d observe just before making their residential decision in that period.

W (a, d, τ) is related to Wit in equation (1) in that the latter is equal to the former plus

another idiosyncratic individual term. We decompose W (a, d, τ) in the following way:

W (a, d, τ) := (S(a, d, τ), ξ(a, d, τ)), where S(a, d, τ) includes the component of the state

variable related to public schooling and ξ(a, d, τ) includes the remainder (that is, the

4We later argue that this assumption is without loss of generality.
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component of the state variable that is unrelated to public schooling). For instance,

S(a, d, τ) may include the grade the student is attending or has ever attended, or the

amenities of all available schools both in general and for a specific grade. In contrast,

ξ(a, d, τ) may include housing amenities, or neighborhood amenities other than public

school quality. τ represents family characteristics that affect the residential choice

irrespective of whether they are observed by the researcher, such as income, education,

marital status, number of children in the family, the family’s preference for education,

the family’s preference for housing, etc. To highlight the inclusive aspect of S, note that

if there is any component of the state variable that was affected by an earlier decision

triggered by public schooling, then that component will be included in S(a, d, τ) rather

than in ξ(a, d, τ). For instance, if S(a, d, τ) affected the residential decision of students,

then, because of moving costs, S(a+1, d, τ) will include S(a, d, τ) (that is, their decision

in t+ 1 will also be a function of the state variable in t).

Let pj(a, d, τ), the proportion of families who choose to live in j, among those whose

child is of age a, type τ and is born on day d. Then we write:5

pj(a, d, τ) = pj(S(a, d, τ), ξ(a, d, τ)) (3)

so that the residential decision is explicitly a function of both state variables.

Aggregating this measure for all potential values of τ , we have

pj(a, d) =

∫
τ

pj(S(a, d, τ), ξ(a, d, τ))f(τ |a, d)dτ (4)

where f(τ |a, d) is the conditional probability density function of τ given (a, d). We

make the following assumptions to guarantee identification:

Assumption 3.1. pj is a continuous function of S and ξ.

Assumption 3.2. (Validity) For any τ :

1. limd↑D f(τ |a, d) = limd↓D f(τ |a, d) := f(τ |a) for any a.

5An analogous logic can be made for moving rates, which will be used in the second part of our
analysis.
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2. limd↑D ξ(a, d, τ) = limd↓D ξ(a, d, τ) := ξ(a, τ) for any a.

Assumption 3.1 implies that the number of families choosing neighborhood j does

not vary discontinuously with the state variables. As suggested by equation (1) and

(2), as long as there is some continuous random component of the moving costs or

preferences that generate heterogeneity across families of each type, this assumption is

satisfied. Assumption 3.2 represents the explicit assumptions implied by the assump-

tion of validity in the context of our approach. Item 1 of assumption 3.2 means that

the distribution of τ conditional on a does not depend on d when close to the cutoff,

and item 2 means that the state variable ξ varies continuously at the cutoff D. We

provide evidence in favor of assumption 3.2.

Assumption 3.3. (Existence of Treatment) There exists τ such that limd↓D S(0, d, τ) :=

ST (0, τ) 6= SC(0, τ) := limd↑D S(0, d, τ).

Assumption 3.3 is the standard existence of treatment assumption. It means that

the state variable S varies discontinuously at the cutoff D for students of age 0. Al-

though we do not observe students at age 0, we do observe them later in their lives, so

we are able to provide evidence of assumption 3.3 because S transitions as a function

of the previous level of S as well as a, d and τ :

Assumption 3.4. (Transition) S(a+ 1, d, τ) = g(S(a, d, τ), a, d, τ), ∀a, d, τ

The assumptions above imply:6

∆pj(a) := lim
d↓D

pj(a, d)− lim
d↑D

pj(a, d) =

=

∫
τ

(
lim
d↓D

pj(S(a, d, τ), ξ(a, d, τ))f(τ |a, d)− lim
d↑D

pj(S(a, d, τ), ξ(a, d, τ))f(τ |a, d)

)
dτ

=

∫
τ

(
pj(S

T (a, τ), ξ(a, τ))− pj(SC(a, τ), ξ(a, τ))
)
f(τ |a)dτ 6= 0 (5)

so that any discontinuity at the cutoff D in the proportion of families located in j

among those with a child of age a is due to the state variable S and it cannot be due to

6We also make the assumption that supd f(τ |a, d) is finite. This assumption, together with the fact
that pj(·) is bounded above, guarantees that one can exchange the order of the limit and the integral.
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ξ. In other words, a discontinuity must arise from families exercising traditional school

choice (TSC).

4 Data

Our empirical strategy for uncovering direct evidence of TSC depends on the careful

integration of several types of data, all of which are available in the case of North

Carolina but have not previously been combined. The most important datasets are

provided by the NCERDC. Crucially for our approach, the first one contains the exact

date of birth for every student in the state who takes a standardized test at least once

in their scholastic career.7 Using this fine-grained information, we are able to identify

students who are born close to and on either side of the entry age cutoff date.8

The second key set of data consists of encrypted geocoded addresses for a large

portion of students in kindergarten through grade twelve across the state. This infor-

mation is compiled by the NCERDC from busing records which are provided by the

North Carolina Transportation Information Management System (NCTIMS) for the

years 1994 through 2012.9 This administrative data serves several purposes. First, it

allows us to establish where each student lives at the Census block group level. Sec-

ond, it enables us to track those students as they move over time through year to year

changes in address. Lastly, it permits us to construct a family identifier, which is novel

in the literature. In particular, since we observe who resides together over time, we are

able to connect siblings to one another for multi-child families. This makes it possible

to track where students who are not directly observed in our data live by exploiting

the address information of any older or younger siblings who are currently attending

public school in our sample.

The third NCERDC-derived dataset of which we make use contains end-of-grade

testing data, which exists for all students in grades three through twelve for the years

1994 through 2012. It is useful for two reasons. Most importantly, it allows for grade

7In North Carolina, standardized tests are administered yearly for students in grades three through
twelve.

8It is worth noting that the NCERDC ensures student anonymity by creating encrypted student
identifiers in place of actual names, which we use to connect students across datasets.

9Addresses are available for all students residing in a school district when the district reports such
statistics.
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verification. This is essential given that the combination of a student’s age and the entry

age cutoff rule does not necessarily allow us to infer the grade in which they are enrolled

for a given year. This is due to the fact that grade promotion and retention is likely to

occur for some students after initial enrollment in kindergarten. The end-of-grade data

is also useful because it contains information on individual student characteristics, such

as ethnicity, sex, exceptionality status, parental education and the school as well as the

school district attended, allowing us to explore whether there is heterogeneity in TSC

patterns according to such attributes. In addition, given that the dataset indicates if

students attend a charter school, we know how many of these schools serve students

in each school district, allowing us to characterize the competitive environment and

analyze whether TSC responds to variation in this measure.

To supplement the NCERDC data, we exploit information from the 2000 Decennial

United States Census aggregated at the tract level. In particular, the presence of

unencrypted block group identifiers (in addition to the encrypted address identifiers) in

the busing data enables the linkage of individual students to the average characteristics

of their neighbors, such as ethnicity, education, family income and house price. This

allows us to explore the extent to which TSC is heterogeneous with respect to these

features of the neighborhood.

We address two potentially problematic sample selection issues when constructing

the primary dataset used in the analysis. The first one is that busing record coverage

across school districts is relatively sparse for earlier years (as many districts do not

report busing information in those years), causing us to restrict our analysis to the

years 2007 through 2012. The second issue is a censoring one in that the treatment and

control groups are non-randomly observed for ages where we cannot directly observe

the grade in which each student is enrolled. Given that this problem is exacerbated by

grade promotion and retention decisions that occur prior to grade verification being

possible in grade three, we focus on students aged ten through sixteen in our core

sample. Table 4 presents the grade distribution for students born within one week

on either side of the cutoff at each age between ten and sixteen inclusive, where the

proportions are designed to sum to one across all grades for each age-side combination.

Based on the table, ten is the first age and sixteen the last age for which we are

confident that no censoring issue exists based on grade verification. In the former case,
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while prior retention causes some students to be enrolled in grade three, patterns for

age eleven suggest that we would not find any age ten students in grade two if we could

verify this grade. An analogous argument holds for age sixteen students.

Based on the prior reasoning, the foundation of our dataset is a balanced panel

consisting of student-level observations across seven ages and six years, covering the

same 93 school districts over time which together account for 99.8% of the population in

North Carolina.10 We then build upon this using our aforementioned family identifier.

In particular, upon establishing a familial link between a set of students, we exploit the

known address of older siblings in earlier years to establish the address of students who

are less than ten years old. In the case of two-child families, the maximum age disparity

for which we can simultaneously observe both children (and thus connect them to the

same family identifier) is five, owing to the six years contained in our core sample.

Thus, given that the oldest sibling must still be contained in our sample to infer her

younger sibling’s address, five is the earliest age of the younger sibling that we can infer

through our identifier for a two-child family. Analogously, twenty-one is the latest age

of the older sibling that we can infer for a two-child family using the match between

younger students we observe and their older siblings. In principle, families containing

three or more children would allow us to expand the age range even further. However,

the relatively low frequency of these families (less than 20 percent of observations –

see Table 1) coupled with the need for exactly the right disparity among the multiple

siblings results in an insufficient number of observations below age five and above age

twenty-one.

Our final expanded sample consists of children aged five through twenty-one for

the years 2007 through 2012. By construction, it should not suffer from the type of

nonrandom selection issue associated with the raw data for non-core ages. This is due

to the fact that the probability of being born slightly before or after the October 16th

cutoff, conditional on the date of birth being near the cutoff, should be identical and

independent across siblings due to random assignment. Therefore, if our sample passes

a validity test for ages ten through sixteen, it should also do so for extended ages.

Defining cohorts according to the age of members as of 2007, Table 1 presents the

10Using population counts by Census tract for the year 2000, 8,030,477 people live
in our included districts out of a total North Carolina population of 8,049,313 (see
http://censusviewer.com/state/NC).
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number of observations for each of our twelve cohorts. Cohort ten and eleven account

for the largest proportion of the sample, given that members are observed in the core

data in each of the six years without relying on family linkages for inference. The share

of total observations declines for earlier and later cohorts for two reasons. First, the

number of years for which students from one-child families appear in the core data

declines. At the extreme, cohort five and sixteen students from one-child families only

appear in the core data for one year each (2012 and 2007, respectively). Second, based

on the prior logic, lower and upper cohorts include a greater number of extended ages

for which the match rate using multi-child family identifiers is diminished.

Table 2 presents descriptive statistics for the characteristics of students in our

sample and the school districts in which they live. At the student level, the male-

female split is identical across one- and multi-child families, while the latter are more

likely to contain white or Hispanic students. Overall, white students are the most

prevalent in North Carolina, while black students constitute about 27 percent of the

sample. In terms of district-level variation, the average school district in our sample

contains about 86,000 people with some very large ones in the distribution (as revealed

in Figure 1a), including Mecklenburg, Durham and Wake counties. Figures 1e and 1f

reveal a highly heterogeneous spatial distribution by race in the state.

Figures 1g and 1h show that the most expensive places to live are around Charlotte-

Mecklenburg and the Triangle (Raleigh, Durham and Chapel Hill), while Figures 1j, 1k

and 1l reveal income and educated people to be concentrated in these areas. Finally,

although students who are classified as gifted are likely to be found in these areas

(Figure 1n), this is not always the case for standardized test scores (Figure 1m). We

also present a map (Figure 1o) of the districts that have adopted charter schools to

provide intuition for our later analysis of TSC in the presence or absence of heightened

school choice reforms.

5 Results

We divide our results into three subsections. In the first one, we provide evidence of

differential treatment, according to whether a student is born before or after the entry

age cutoff. We also establish the validity of our identification strategy. In the second
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subsection, we present evidence of TSC by location, by analyzing the discontinuity in

the probability of living within a particular school district according to a student’s

birthdate with respect to the entry cutoff. Any such discontinuity reflects a family’s

choice about where to live in all preceding periods spanning back to the birth of the

student being considered. In the following subsection, we then discuss the evidence of

TSC by changes in location from year to year. This analysis is complementary to the

location analysis in two ways: first, we can check whether families are exercising TSC

within districts; second, we can measure the pattern of TSC by age without doubly

counting the families that exercise TSC.

5.1 Evidence of Treatment and Validity

According to the entry age cutoff rule, 5T students are entitled to enroll in kindergarten

in the year in which they turn five, whereas 5C students must wait until the following

year to enroll in kindergarten. If there is no grade retention or promotion, then (5+g)T

and (5 + g)C students should be enrolled in grade g and g − 1, respectively, g years

after entry into kindergarten (g = 0). This would represent a sharp discontinuity in the

treatment of grade according to a student’s date of birth. In practice, retention and

promotion does occur, meaning that the probability of finding a student in a particular

grade will not be zero or one. Rather, it will be found between these values for the grade

predicted by the entry rule and is likely to be non-zero for surrounding grades as well,

implying both a fuzzy Regression Discontinuity design and a multi-valued treatment

for each age.

To determine these probabilities, we first focus on an age window for which we

observe a sufficient number of surrounding grades in the end-of-grade testing data,

in order to not face the censoring issue discussed in section 4. Figure 2 reveals the

discontinuity at the cutoff in the probability of attending grade 6 for age 11 students.

Each plotted point represents the proportion of students who are born in a one week

window and are attending grade 6. It is readily apparent that about 50% more 11T

students are found in grade six than 11C . When combined with grade promotion and

retention, this is in line with the prediction above. More generally, Table 4 shows that,

across ages, the patterns are similar to those for eleven-year-olds, with a slight spreading

of the grade distribution as age increases. We interpret these grade distribution results
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as direct evidence of treatment, as the clear discontinuities in S support assumption 3.3.

However, we also see direct evidence of retention and promotion in our sample, which

suggests the need to disentangle the intention to treat effect between different kinds of

treatment among the treated population if one wants to additionally understand the

pattern of TSC across grades. However, it is clear that the majority of the effect is

due to the grade implied by no retention and no promotion.11

Table 5 provides the estimated discontinuities for probability of being female, white,

black and Hispanic for each age aggregated across years. We do not find any result

significant at the 5% level.12 Figures 3a through 3f present a few plots for these

variables, reflecting the absence of discontinuity for any covariate.

5.2 Evidence of TSC by Location

Given the preceding evidence in favor of validity and the existence of treatment, we

begin our analysis by investigating the extent to which TSC engenders differential

choices of where to live by school district. In keeping with our identification strategy,

we are specifically interested to know whether the probability of a student living in a

district depends on her treatment status. A student’s residential location at a particular

point in time should be thought of as a stock variable (as opposed to a change in

location, which we will analyze next), so that any discontinuity in the probability would

arise from differences in location choices for all earlier ages. Despite this ambiguity

with respect to the exact timing of TSC, in this subsection we provide primary evidence

of the existence of TSC and heterogeneity in its pattern.

Figures 4a through 4f show selected discontinuity plots for a variety of cohorts

and districts for the sample of two or more children, and figures 5a through 5f show

analogous results for the sample of one child.13 The plots show clear discontinuities,

11We effectively estimate a weighted average of the intention to treat effect through all the potential
compliers, weighted by the relative proportion of each set of compliers. For instance, for age 11 our
estimate will be about 85% of the effect due to the compliers with no retention or promotion, and
about 15% of the effect due to the compliers with one year of retention. Disentangling the effects of
each complier is beyond the scope of this paper, as we focus on showing heterogeneity across ages
instead of across grades.

12We also do not find significant discontinuities in the density function for all ages and years.
13For all discontinuity plots, we use a local linear polynomial with bandwidth 28 and the Epanech-

nikov kernel, and the scatter plots use bins of 7 days, and construct confidence intervals at 5% of
significance. All results presented in the paper are robust to the choice of bandwidth and kernel.
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providing primary evidence of families exercising TSC. To better understand the extent

of TSC across districts, for the sample of families with two or more children we present

maps 6a through 6k, which show respectively for each cohort how the discontinuities are

geographically distributed according to its sign and significance. One interesting result

to notice is that different cohorts tend to exercise TSC in different districts. This is

likely due to different neighborhood shocks that they experienced at different timings,

which led them to made permanently different residential choices. Another interesting

finding is that the districts with net outflow based on TSC tend to be around districts

with net inflow based on TSC, which suggests some substitution across locations within

a single labor market area. Analogously, 7a through 7k present the maps for the sample

of families with only one child.

Table 6 shows the estimated discontinuities by cohort for the sample of families with

two or more children and those with only one child. Overall, the discontinuities are large

and significant, on the order of around 15 percent for both samples. We observe whites

exercising more TSC than blacks, but overall both races seem to exercise substantial

TSC. Tables 7 and 8 present analogous results by age.14 The former reveals that there

is a large location disparity at age five, which narrows with age as the control group

catches up with the treatment group in exercising TSC. By age eleven, the disparity

is less than half that found for age five. The gap then widens until age sixteen as the

treatment group disproportionately exercises TSC in anticipation of graduation. A

similar pattern is found in Table 8 for ages ten through sixteen and the gap continues

to widen beyond age sixteen once students graduate. We reason that this pattern is

due to parents moving away from neighborhoods with desirable public schools once

their children can no longer benefit from them.

Table 9 shows pairwise correlations between the amount of TSC found in each

district and the level of neighborhood amenities at the district level. The results are

very similar for the sample of two children or more and the sample of one child. A

one standard deviation increase in average family income corresponds to an increase

of 0.0012 in the magnitude of TSC (or an 11.8 percent increase). We also tend to find

14The location results by age are presented for specific years, since aggregating across years makes it
difficult to interpret patterns across ages. By virtue of our method for inferring the address of children
younger than ten and older than sixteen, we cannot observe all ages of interest for a particular year.
We therefore report results for 2007 and 2012 to cover the entire age range.
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more TSC happening in districts with higher house prices, rents, population, level of

education and more children. We also find no correlation between proportion of whites

or proportion of blacks and the amount of TSC.

Table 10 shows analogous pairwise correlations between the amount of TSC found

in each district and the level of school amenities at the district level. The results

suggest a similar picture to the results implied by Table 9. We tend to find more TSC

happening in districts with higher test scores, higher exceptionality status, lower free

lunch, and higher parental education and proportion of Hispanics.

5.3 Evidence of TSC by Changes in Location

Table 11 reveals the evolution of the discontinuities over time by cohort for selected

districts. As can be seen in Panel A, the discontinuities are very stable over time within

district, implying that the original difference in choices made by families in aT and aC

remains the same as the children of the same families grow older. This suggests that

as aT families choose a different location from the aC families in year t, the aC families

in these districts do not catch up with aT families in year t+ 1. There are two reasons

why this could happen. Either there are new amenity shocks in t + 1, which lead aC

families to make an alternative residential choice from what the aT families chose in

t, or the aT families keep moving so that the aC families do not fully catch up with

them. Panel B reveals another interesting pattern in the results. When we focus on a

particular school district, Chatham, and we compare the discontinuity results for each

cohort by year, we see that the discontinuity found in year 2007 for cohort 5 is not

found for that cohort in subsequent years. This result suggests that the aC families in

Chatham are indeed catching up with the aT families in the following year. However,

this pattern does not repeat for cohorts 7 onwards, which suggests that a great deal

of TSC (or at least in many of the situations where aC families catch up with their aT

counterparts next year) occurs at ages up to 6.

The patterns found in Table 11 suggest the method of estimating discontinuities in

the stock variable “probability of living in a particular location” is incapable of picking

up TSC at a particular age.

One important drawback of the analysis using the discontinuities in the stock vari-

able “probability of living in a particular district” is that we do not see moves within
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the district. Moreover, an analysis of the heterogeneity of TSC across ages seems

warranted. Thus, estimating discontinuities in the flow variable “change of locations”

is likely to provide a complementary approach to estimating discontinuities for the

probability of living in a particular location.

Table 12 presents the results of discontinuities aggregated by age across years for the

probability of families having moved last year. We present the analysis for both within

and across district moves. Figures 8a through 8f contain plots of a few discontinuities

disaggregated at the age-year level that were selected from those used to construct

Table 12. Given that we are unable to observe families with one child whose age is

less than 10, we opt to show the results for families with two or more children only, so

that the results for ages 10 through 16 are comparable with the results for other ages.

We find significant magnitudes in moving rates due to TSC on the order of 2.5 percent

across several ages for within district TSC, with larger values around 2.5 percent for

earlier ages.15 We also find that the families of black students seem to exercise greater

TSC within district than the families of white students. This is in contrast with the

results from the location analysis, which show that whites tend to exercise more TSC

across districts. The results for across district for both moves and residential decisions

suggest that families seem to exercise substantially less TSC across districts after age 6

in comparison to before. Overall, these results seem to suggest that whites are incurring

fewer moving costs than blacks when they exercise TSC, as they seem to be moving

less frequently than blacks for reasons of TSC. This is in accordance with the lower

moving rates for whites in general. It should be noted, however, that whites may be

incurring higher costs to exercise TSC, as they may be paying higher rents for a longer

period.

6 Interpretation and Structural Analysis

The fact that families will incur moving costs when choosing a different residence

complicates the interpretation of the results of the prior section in two ways. First,

15The standard errors are larger for earlier and later ages because the results are aggregated across
fewer years. For instance, the discontinuity for age 6 represents only the absolute value of the discon-
tinuity for the year 2008, and the discontinuity for age 7 represents the average of the absolute value
of the discontinuities for the years 2008 and 2009.
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the overall effect of treatment (i.e., being born just before versus just after the cutoff)

may be different than our reduced-form estimates would suggest. Thus far, we have

focused on measuring the effect of treatment on location decisions made by families.

However, even if the treatment has no effect on actual choices for some families, it may

affect their overall well-being within their neighborhood. In other words, the existence

of moving costs implies that changes in well-being need not necessarily affect choices.

Indeed, families may receive a shock that would have led them to prefer a different

neighborhood if moving costs were not present, even if their actual choices do not

change (because they still prefer their existing neighborhood once moving costs are

considered).

The second reason why the interpretation of our results is complicated is that

moving costs make it difficult to distinguish between the effect of the contemporaneous

and prior treatments. Figure 9 provides a diagram that illustrates this issue. For

simplicity, consider three districts defined according to their school quality; namely,

high (H), medium (M) and low (L).16 The diagram illustrates the hypothetical choices

made by two families: one which is assigned to the treatment group and the other

which is assigned to the control group. Originally both families reside in district L.

While the treatment family (represented by the color blue) moves to H in the second

period, the control family (represented by the color red) remains in L. In the final

period, the treatment family remains in H while the control family moves to M.

Given this example, how would we interpret the effect of being assigned to treat-

ment? For the second period, the interpretation is trivial. Since both families are

otherwise similar to each other and they both initially live in L, the fact that one

chooses to go to H while the other chooses to remain in L must be due to TSC in that

period. However, the difference in the final period is more complex. The fact that one

family chooses H while the other family chooses M is not only attributable to TSC in

that period. It also depends on the TSC of the prior period, as different choices were

already made as a result of the treatment. Thus, if we want to disentangle exactly

when TSC occurs, it is important to impose some structure on how initial conditions

affect later choices.17

16Naturally, these districts can also be different according to other amenities.
17Alternatively, one could define choices based on all periods at the same time, such as HH (i.e.,

high school quality district in the first period, high school quality district in the second period), HM,
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Under our structural approach, we are able to estimate the change in well-being

due to treatment status, which provides an estimate of the overall change in treatment,

even if choices end up unaffected. In addition, controlling for the immediate history of

a household’s location decisions enables us to produce evidence of the extent of TSC

by age with a more straightforward interpretation. It also allows us to understand the

extent to which TSC is restricted by the presence of moving costs.

Our estimation strategy proceeds from the model presented in subsection 3.1. Fol-

lowing equation (1), let δa,d,t := E[uj (Wit) + βitV (Wit)|i ∈ Ia,d], where Ia,d is the set

of students who are of age a and are born on day d. Then, rewriting equation (1), we

have:

vj (Wit) = 1{j 6=jit−1}.φa,d,t + δj,a,d,t + ηi,j,t (6)

where ηi,j,t varies at the individual level. For simplicity in the exposition, we make the

standard assumption that the utility function is linear in its arguments:18

δj,a,d,t = αj,a,t + Sj,a,d,tβa,d,t + ξj,a,d,tλa,d,t + εj,a,d,t (7)

where S is the level of public school quality, ξ is the vector containing the level of all

other (observed or unobserved) amenities, and ε is an idiosyncratic error, with β and

λ being interpreted as preference parameters.19

Intuitively, when we compare the level of δj,a,d,t for both sides of d around D, any

difference cannot be attributed to differences in ξ, λ or ε:

HL, and so on. However such an approach is infeasible in our context, both because of the large
number of choices and the large number of periods.

18We invoke this assumption to provide intuition, but it is not strictly necessary. More generally,
we could write δj,a,d,t = ha,d,t (Sj,a,d,t, ξj,a,d,t, εj,a,d,t), and the same result would follow provided that
the function ha,d,t(·) is continuous in Sj,a,d,t, ξj,a,d,t and εj,a,d,t.

19In an abuse of notation, S and ξ as presented in the potentially non-linear function of section 3
represent both the level of the amenity and the corresponding level of preference for that amenity.
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lim
d↓D

δj,a,d,t − lim
d↑D

δj,a,d,t = lim
d↓D

(Sj,d,tβa,d,t + ξj,d,tλa,d,t + εj,a,d,t)− lim
d↑D

(Sj,d,tβa,d,t + ξj,d,tλa,d,t + εj,a,d,t)

=STj,tβ
T
a,t − SCj,tβCa,t (8)

since limd↓D ξj,a,d,tλa,d,t = limd↑D ξj,a,d,tλa,d,t and limd↓D εj,a,d,t = limd↑D εj,a,d,t (assump-

tion 3.2), and yet limd↓D Sj,a,d,tβa,d,t 6= limd↑D Sj,a,d,tβa,d,t (assumption 3.3). Thus, dis-

continuities in δj,a,d,t at the cutoff can be attributed to TSC, interpreted as either

changes in the level of S or changes in the level of preference for S. ∆δj,a,t :=

limd↓D δj,a,d,t − limd↑D δj,a,d,t represents the change in cumulative utility due to the

change in S that leads families to exercise the TSC we find in the reduced-form section

(∆pj,a,t).

To provide a structural analogue to our reduced-form measure of families exercising

TSC (∆pj,a,t), we also consider the following:

∆πj,a,t = lim
d↓D

πj,a,d,t − lim
d↑D

πj,a,d,t (9)

where πj,a,d,t =
exp δj,a,d,t∑
k exp δk,a,d,t

. This structural quantity represents the number of families

that would have exercised TSC at age a in district j if moving costs in period t were

zero. Note that moving costs in future periods are assumed to be the same as before.

Therefore these numbers can be interpreted as the effect of a program that subsidizes

moving for families in period t only.

Table 13 contains our structural results. Due to an insufficient number of observa-

tions for other ages, we limit our analysis to ages eight through eighteen. Aggregated

estimates of the structural TSC measure (∆π) are presented by age in the first column

of results. The estimates are positive and significant in all cases, with larger estimates

of TSC for ages ten through thirteen and seventeen through eighteen. The comparison

of these results across ages is useful because path dependency does not play a role in

them. They help explain the slow decay that occurs in the reduced-form proportion

of families observed to exercise TSC from earlier to middle ages in Table 7. As fami-

lies in the control group catch up with their treatment counterparts by also exercising

21



TSC, we observe less TSC being performed for the middle ages in our reduced-form

approach.

The aggregated change in cumulative utility attributable to school quality (∆δ)

is presented by age in the second column of results. As with the TSC measure, all

estimates are positive and significant. Households tend to derive significantly higher

utility if they have students of age ten through thirteen, with age eleven representing the

largest return to schooling of all. This is an interesting result given that treated eleven-

year-olds tend to be transitioning to middle school, while their control counterparts

tend to be one year away from doing so.

Based on our estimates, these discontinuities in cumulative utility account for be-

tween ten and twenty-one percent of the cost households incur when moving neighbor-

hoods (∆δ
φ

). Using a moving cost of approximately $10,400 drawn from the literature

and based on applicable North Carolina real estate statistics,20 we are able to mon-

etarily quantify the valuations that households place on schooling by age (∆δ in $).

Across ages, they range from between slightly less than $1,080 per year to just over

$2,150 per year. Given the magnitude of these valuations in relation to moving costs,

fully compensating households for moving costs incurred would not be socially optimal

in the absence of significant positive externalities, as the cost of such a policy would

be five to ten times larger than the realized benefit. Open enrollment would seem

to be a more sensible approach for policymakers, as families could consider multiple

schools within a reasonable distance from their current house without moving to a new

neighborhood.

7 Conclusion

This paper provides a first step toward a better understanding of the kind of school

choice that is most traditional in the United States: that which occurs through residen-

20The exact moving cost is $10,404.69. We obtain this value by tailoring the general method-
ology outlined in Bieri et al. (2012) to the North Carolina context. In particular, we use
an average house price of $165,875 for the years 2007 through 2012 inclusive (source: Zillow
monthly average sales price for North Carolina), an owner-occupied housing share of 69.4% (source:
http://www.nchfa.com/forms/Forms/FinalHousingNeedsMarket.pdf), an average dwelling size of 2.97
bedrooms (source: Bieri et al. (2012)), real estate agent fees of 6% (as per Bieri et al. (2012)), and
physical moving costs of $3,247.65 based on a moving weight of 6,966 pounds and distance of 101
miles (source: http://movesource.com).
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tial sorting. We found that at least 30% of families exercise traditional school choice

(TSC) overall. This occurs both within and across districts, and across all ages. More-

over, whites tend to exercise a greater amount of TSC across districts and at earlier

ages, while blacks tend to disproportionately exercise TSC within districts and at later

ages. Characterizing the spatial distribution of TSC in the state of North Carolina for

different cohorts, we have shown that TSC is most prevalent in affluent, urban and

high-achieving districts.

The dynamic nature of exercising TSC makes it difficult to interpret our reduced-

form estimates. We therefore turned to a structural approach capable of disentangling

the effect of the contemporaneous treatment from prior ones and providing a TSC-

based measure of well-being. Our estimates indicated that an average family would

realize a monetary-equivalent rise in utility of approximately $1,700 under a system

that compensates households for moving costs. Further consideration revealed that

such a policy is unlikely to pass the cost-benefit test, leaving open enrollment as a

viable alternative for policymakers.
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TABLE 1
Tabulations

N Percent

No. of Children
1 2,021,202 42.38
2 1,806,836 37.88
3 676,020 14.17
4 182,073 3.82
5 or More 83,659 1.75

4,769,790 100.00

Cohort
5 200,880 4.21
6 302,358 6.34
7 381,100 7.99
8 448,696 9.41
9 512,036 10.73
10 568,204 11.91
11 569,721 11.94
12 506,478 10.62
13 436,118 9.14
14 363,730 7.63
15 283,589 5.95
16 196,880 4.13

4,769,790 100.00
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TABLE 2
Descriptive Statistics

Panel A: Student-Level Characteristics

Mean St. Dev. Min Max N

≥ Two Children

Female 0.49 0.50 0 1 2,748,588
White 0.57 0.49 0 1 2,748,588
Black 0.24 0.43 0 1 2,748,588
Hispanic 0.11 0.31 0 1 2,748,588
Asian 0.03 0.17 0 1 2,748,588

One Child

Female 0.49 0.50 0 1 2,021,202
White 0.52 0.50 0 1 2,021,202
Black 0.32 0.47 0 1 2,021,202
Hispanic 0.09 0.29 0 1 2,021,202
Asian 0.02 0.14 0 1 2,021,202

Panel B: District-Level Characteristics

Mean St. Dev. Min Max N

Census

Population (in 100000s) 0.86 1.12 0.06 7.16 93
Share Below Poverty 0.15 0.04 0.07 0.27 93
Share White 0.72 0.17 0.30 0.98 93
Share Black 0.24 0.16 0.01 0.66 93
Share Adult 0.76 0.02 0.72 0.82 93
Share Elderly 0.14 0.03 0.08 0.25 93
Share Young Children 0.06 0.01 0.04 0.08 93
Share No HS 0.27 0.06 0.06 0.40 93
Share HS 0.58 0.09 0.14 0.73 93
Share College 0.16 0.09 0.08 0.71 93
Family Income (in 100000s) 0.51 0.08 0.39 0.89 93
Share House Vacancies 0.12 0.06 0.05 0.36 93
Median Rent (in 1000s) 0.48 0.08 0.35 0.72 93
Median House Price (in 100000s) 0.96 0.24 0.59 2.02 93

School District

Std. Test Score -0.02 0.44 -1.29 1.89 558
Share Gifted 0.14 0.08 0.00 0.48 186
Share No Exceptionality Status 0.65 0.20 0.00 0.89 186
Share Learning Impaired 0.21 0.16 0.05 0.77 186
Charter Sch. in District 0.38 0.49 0 1 465
No. of Charters in District 0.66 1.23 0 11 465
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TABLE 3
Observations by Age and Category

(First Stage)

Age TD−7<d≤D CD<d≤D+7 Td≤D Cd>D Total
10 2,208 2,175 59,922 57,004 116,926
11 5,984 5,874 157,755 155,002 312,757
12 7,512 7,363 198,890 192,807 391,697
13 7,531 7,449 199,929 193,429 393,358
14 7,571 7,504 200,754 195,075 395,829
15 7,834 7,566 205,439 196,696 402,135
16 7,714 7,630 200,832 200,498 401,330

TABLE 4
Grade Distribution Across Ages

(First Stage)

G3 G4 G5 G6 G7 G8 G9 G10 G11 G12 Total
10T 0.027 0.482 0.490 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000
10C 0.070 0.859 0.070 0.000 0.000 0.000 0.000 0.000 0.000 0.000 1.000
11T 0.000 0.041 0.494 0.465 0.000 0.000 0.000 0.000 0.000 0.000 1.000
11C 0.001 0.090 0.831 0.078 0.000 0.000 0.000 0.000 0.000 0.000 1.000
12T 0.000 0.001 0.046 0.491 0.461 0.001 0.000 0.000 0.000 0.000 1.000
12C 0.000 0.003 0.096 0.820 0.081 0.000 0.000 0.000 0.000 0.000 1.000
13T 0.000 0.000 0.001 0.054 0.496 0.449 0.000 0.000 0.000 0.000 1.000
13C 0.000 0.000 0.004 0.096 0.814 0.084 0.001 0.000 0.000 0.000 1.000
14T 0.000 0.000 0.000 0.003 0.060 0.501 0.435 0.001 0.000 0.000 1.000
14C 0.000 0.000 0.000 0.005 0.105 0.794 0.095 0.001 0.000 0.000 1.000
15T 0.000 0.000 0.000 0.000 0.004 0.070 0.514 0.410 0.002 0.000 1.000
15C 0.000 0.000 0.000 0.001 0.006 0.112 0.787 0.092 0.001 0.000 1.000
16T 0.000 0.000 0.000 0.000 0.000 0.005 0.129 0.455 0.405 0.005 1.000
16C 0.000 0.000 0.000 0.000 0.000 0.008 0.168 0.728 0.094 0.002 1.000
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TABLE 5
Validity (Across Years)

Age Female White Black Hispanic
5 -0.031 0.037 -0.017 0.007

(0.053) (0.053) (0.046) (0.040)
6 0.009 -0.043 0.041 0.003

(0.031) (0.031) (0.027) (0.022)
7 -0.010 0.000 0.012 0.000

(0.022) (0.022) (0.018) (0.015)
8 0.010 -0.018 0.017 0.004

(0.016) (0.016) (0.014) (0.011)
9 -0.002 0.003 0.007 -0.003

(0.014) (0.014) (0.012) (0.009)
10 -0.002 -0.001 0.001 0.000

(0.007) (0.007) (0.006) (0.005)
11 0.001 -0.001 0.004 0.000

(0.007) (0.007) (0.006) (0.005)
12 -0.007 0.003 -0.005 0.002

(0.007) (0.007) (0.006) (0.004)
13 0.002 0.007 -0.009 0.003

(0.007) (0.007) (0.006) (0.004)
14 0.001 0.010 -0.011 0.004

(0.007) (0.007) (0.006) (0.004)
15 0.003 0.007 -0.008 0.002

(0.007) (0.007) (0.006) (0.004)
16 0.002 0.001 -0.002 0.001

(0.007) (0.007) (0.006) (0.004)
17 0.020 0.010 -0.006 0.001

(0.014) (0.014) (0.012) (0.008)
18 0.032 0.014 -0.010 0.000

(0.016) (0.016) (0.014) (0.010)
19 0.009 0.016 -0.009 -0.009

(0.021) (0.021) (0.018) (0.013)
20 -0.002 0.036 -0.025 -0.019

(0.030) (0.030) (0.027) (0.018)
21 -0.046 0.061 -0.018 -0.026

(0.050) (0.050) (0.045) (0.029)
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TABLE 6
Aggregated Discontinuities in Proportion Attending

School District (By Cohort)

Cohort Two Children or Greater One Child

All White Black All White Black

5 0.199∗∗ 0.086∗∗ 0.055∗∗ 0.136∗∗ 0.082∗∗ 0.028∗

(0.021) (0.015) (0.010) (0.032) (0.024) (0.016)

– 43.2% 27.7% – 60.8% 20.7%

7 0.149∗∗ 0.104∗∗ 0.012 0.172∗∗ 0.087∗∗ 0.056∗∗

(0.011) (0.011) (0.008) (0.019) (0.013) (0.011)

– 69.4% 8.1% – 50.5% 32.8%

8 0.157∗∗ 0.088∗∗ 0.037∗∗ 0.157∗∗ 0.079∗∗ 0.041∗∗

(0.010) (0.010) (0.007) (0.016) (0.012) (0.008)

– 55.9% 23.6% – 50.3% 25.8%

9 0.137∗∗ 0.098∗∗ 0.025∗∗ 0.147∗∗ 0.075∗∗ 0.041∗∗

(0.010) (0.010) (0.007) (0.015) (0.011) (0.007)

– 71.5% 18.5% – 50.9% 27.9%

10 0.160∗∗ 0.075∗∗ 0.041∗∗ 0.154∗∗ 0.080∗∗ 0.035∗∗

(0.009) (0.010) (0.005) (0.016) (0.011) (.0.010)

– 46.9% 25.6% – 52.0% 22.8%

11 0.141∗∗ 0.089∗∗ 0.033∗∗ 0.157∗∗ 0.067∗∗ 0.067∗∗

(0.010) (0.011) (0.007) (0.015) (0.011) (0.008)

– 62.9% 23.3% – 42.4% 42.9%

12 0.136∗∗ 0.084∗∗ 0.044∗∗ 0.126∗∗ 0.066∗∗ 0.050∗∗

(0.009) (0.009) (0.006) (0.015) (0.011) (0.008)

– 61.7% 32.3% – 52.5% 39.6%

13 0.140∗∗ 0.084∗∗ 0.035∗∗ 0.141∗∗ 0.086∗∗ 0.041∗∗

(0.011) (0.011) (0.007) (0.018) (0.013) (0.010)

– 60.0% 24.7% – 61.0% 29.0%

14 0.158∗∗ 0.102∗∗ 0.043∗∗ 0.165∗∗ 0.084∗∗ 0.059∗∗

(0.011) (0.012) (0.008) (0.020) (0.014) (0.011)

– 64.2% 27.5% – 51.2% 35.6%

15 0.172∗∗ 0.106∗∗ 0.041∗∗ 0.158∗∗ 0.101∗∗ 0.042∗∗

(0.013) (0.014) (0.009) (0.022) (0.017) (0.013)

– 61.7% 23.7% – 64.0% 26.2%

16 0.200∗∗ 0.120∗∗ 0.046∗∗ 0.154∗∗ 0.072∗∗ 0.042∗∗

(0.014) (0.016) (0.009) (0.030) (0.023) (0.017)

– 59.9% 23.3% – 46.6% 39.0%

Note: Estimates come from a local linear regression using an Epanechnikov kernel.
∗∗Significant at the 5 percent level.
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TABLE 7
Aggregated Discontinuities in Proportion Attending

School District – 2007 (By Age)

Age Two Children or Greater One Child

All White Black All White Black

5 0.333∗∗ 0.158∗∗ 0.074∗ – – –
(0.077) (0.052) (0.039)

6 0.287∗∗ 0.154∗∗ 0.071∗∗ – – –
(0.064) (0.044) (0.035)

7 0.239∗∗ 0.161∗∗ 0.032 – – –
(0.049) (0.037) (0.023)

8 0.225∗∗ 0.137∗∗ 0.059∗∗ – – –
(0.045) (0.035) (0.021)

9 0.204∗∗ 0.089∗∗ 0.073∗∗ – – –
(0.043) (0.031) (0.021)

10 0.176∗∗ 0.089∗∗ 0.045∗∗ 0.164∗∗ 0.099∗∗ 0.034
(0.031) (0.025) (0.013) (0.036) (0.025) (0.021)

11 0.142∗∗ 0.090∗∗ 0.032∗∗ 0.160∗∗ 0.080∗∗ 0.050∗∗

(0.031) (0.024) (0.015) (0.036) (0.026) (0.020)

12 0.144∗∗ 0.085∗∗ 0.042∗∗ 0.143∗∗ 0.070∗∗ 0.056∗∗

(0.033) (0.026) (0.016) (0.036) (0.025) (0.020)

13 0.151∗∗ 0.086∗∗ 0.041∗∗ 0.153∗∗ 0.095∗∗ 0.040∗∗

(0.034) (0.026) (0.017) (0.035) (0.025) (0.020)

14 0.161∗∗ 0.093∗∗ 0.049∗∗ 0.178∗∗ 0.097∗∗ 0.060∗∗

(0.037) (0.028) (0.018) (0.033) (0.024) (0.019)

15 0.162∗∗ 0.115∗∗ 0.027 0.160∗∗ 0.107∗∗ 0.035∗

(0.037) (0.028) (0.019) (0.032) (0.024) (0.018)

16 0.179∗∗ 0.121∗∗ 0.022 0.154∗∗ 0.072∗∗ 0.060∗∗

(0.040) (0.031) (0.020) (0.030) (0.023) (0.017)

Note: Estimates come from a local linear regression using an Epanechnikov kernel.
∗∗Significant at the 5 percent level.
∗Significant at the 10 percent level.
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TABLE 8
Aggregated Discontinuities in Proportion Attending

School District – 2012 (By Age)

Age Two Children or Greater One Child

All White Black All White Black

10 0.189∗∗ 0.084∗∗ 0.054∗∗ 0.136∗∗ 0.082∗∗ 0.028∗

(0.036) (0.027) (0.017) (0.032) (0.024) (0.016)

11 0.150∗∗ 0.076∗∗ 0.053∗∗ 0.153∗∗ 0.069∗∗ 0.042∗∗

(0.036) (0.024) (0.019) (0.033) (0.024) (0.018)

12 0.159∗∗ 0.106∗∗ 0.028 0.170∗∗ 0.086∗∗ 0.056∗∗

(0.033) (0.023) (0.018) (0.032) (0.023) (0.018)

13 0.157∗∗ 0.099∗∗ 0.032∗ 0.157∗∗ 0.095∗∗ 0.036∗

(0.034) (0.024) (0.017) (0.034) (0.024) (0.018)

14 0.152∗∗ 0.095∗∗ 0.034∗∗ 0.160∗∗ 0.091∗∗ 0.037∗∗

(0.030) (0.023) (0.014) (0.036) (0.026) (0.018)

15 0.154∗∗ 0.070∗∗ 0.050∗∗ 0.162∗∗ 0.076∗∗ 0.064∗∗

(0.030) (0.023) (0.014) (0.033) (0.023) (0.020)

16 0.147∗∗ 0.091∗∗ 0.039∗∗ 0.179∗∗ 0.083∗∗ 0.073∗∗

(0.033) (0.025) (0.017) (0.036) (0.026) (0.020)

17 0.184∗∗ 0.083∗∗ 0.065 – – –
(0.043) (0.031) (0.022)

18 0.187∗∗ 0.108∗∗ 0.059∗∗ – – –
(0.046) (0.035) (0.022)

19 0.246∗∗ 0.160∗∗ 0.038 – – –
(0.048) (0.035) (0.025)

20 0.257∗∗ 0.144∗∗ 0.065∗∗ – – –
(0.059) (0.044) (0.029)

21 0.303∗∗ 0.149∗∗ 0.110∗∗ – – –
(0.069) (0.052) (0.036)

Note: Estimates come from a local linear regression using an Epanechnikov kernel.
∗∗Significant at the 5 percent level.
∗Significant at the 10 percent level.
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TABLE 9
Correlations Between Discontinuities and Neighborhood Amenities

Amenity Two Children or Greater One Child

Average Family Income 0.0012∗∗ 0.0009∗∗

(0.0002) (0.0002)
11.8% 8.8%

Average Rent 0.0013∗∗ 0.0010∗∗

(0.0002) (0.0001)
12.9% 10.2%

Average House Price 0.0009∗∗ 0.0007∗∗

(0.0001) (0.0001)
9.3% 7.2%

Proportion Whites 0.0000 -0.0001
(0.0001) (0.0001)

0.3% -1.0%

Proportion Blacks -0.0001 -0.0000
(0.0001) (0.0001)

-1.3% -0.1%

Proportion College Degree 0.0009∗∗ 0.0007∗∗

(0.0002) (0.0002)
9.4% 6.9%

Proportion No HS or less -0.0010∗∗ -0.0007∗∗

(0.0001) (0.0001)
-9.9% -7.1%

Proportion Vacancies -0.0008∗∗ -0.0007∗∗

(0.0001) (0.0001)
-8.0% -6.7%

Proportion Below Poverty -0.0005∗∗ -0.0004∗∗

(0.0001) (0.0001)
-5.6% -4.4%

Population 0.0016∗∗ 0.0017∗∗

(0.0002) (0.0002)
16.7% 17.3%

Proportion Adults or less -0.0003∗∗ -0.0003∗∗

(0.0001) (0.0001)
-2.7% -3.1%

Proportion Old -0.0011∗∗ -0.0009∗∗

(0.0001) (0.0001)
-10.8% -9.1%

Proportion Children 0.0006∗∗ 0.0006∗∗

(0.0001) (0.0001)
6.0% 6.1%

∗∗Significant at the 5 percent level.
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TABLE 10
Correlations Between Discontinuities and School Amenities

Amenity Two Children or Greater One Child

Average Test Score 0.0003∗∗ 0.0012∗∗

(0.0001) (0.0002)
3.1% 12.2%

Presence of Charter School 0.0020∗∗ 0.0021∗∗

(0.0003) (0.0003)
20.2% 21.5%

Proportion White -0.0002∗∗ -0.0001
(0.0001) (0.0001)

-1.5% -0.5%

Proportion Black -0.0000 0.0006∗∗

(0.0001) (0.0001)
-0.5% 6.5%

Proportion Hispanic 0.0005∗∗ 0.0005∗∗

(0.0001) (0.0002)
4.7% 5.5%

Proportion Free Lunch -0.0004∗∗ -0.0003∗∗

(0.0001) (0.0001)
-4.3% -3.4%

Proportion No Exceptionality -0.0006∗∗ -0.0006∗∗

(0.0001) (0.0001)
-6.4% -6.1%

Exceptional Gifted 0.0006∗∗ 0.0005∗∗

(0.0001) (0.0001)
5.8% 4.7%

Exceptional Impaired 0.0004∗∗ 0.0004∗∗

(0.0001) (0.0002)
4.1% 4.5%

Proportion No HS or less (Parents) -0.0001 -0.0000
(0.0001) (0.0001)

-1.3% -0.4%

Proportion Four Year College (Parents) 0.0012∗∗ 0.0010∗∗

(0.0002) (0.0001)
11.9% 10.0%

Proportion Graduate School (Parents) 0.0005∗∗ 0.0003∗∗

(0.0001) (0.0001)
5.4% 2.8%

∗∗Significant at the 5 percent level.
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TABLE 11
Evolution of Discontinuities by Cohort Over Time

(Two Children or Greater)

Panel A: Selected District-Cohort Pairs

County Cohort 2007 2008 2009 2010 2011 2012

Greene 9 -0.004 -0.002 -0.003 -0.003 -0.004 -0.005
(0.003) (0.002) (0.003) (0.002) (0.002) (0.003)

Pender 11 0.005 0.009 0.009 0.011 0.009 0.009
(0.004) (0.004) (0.004) (0.005) (0.004) (0.004)

Washington 12 -0.004 -0.004 -0.003 -0.003 -0.003 -0.008
(0.004) (0.004) (0.004) (0.003) (0.003) (0.004)

McDowell 13 0.007 0.007 0.004 0.003 0.000 0.003
(0.003) (0.003) (0.003) (0.003) (0.000) (0.004)

Rutherford 14 -0.008 -0.009 -0.005 -0.009 -0.008 -0.007
(0.005) (0.005) (0.005) (0.006) (0.007) (0.006)

Panel B: All Cohorts for Particular District

County Cohort 2007 2008 2009 2010 2011 2012

Chatham 5 -0.017 -0.004 -0.002 -0.007 -0.002 -0.001
(0.009) (0.007) (0.006) (0.005) (0.004) (0.004)

Chatham 7 0.001 0.000 -0.004 -0.001 -0.002 -0.001
(0.006) (0.005) (0.005) (0.003) (0.004) (0.003)

Chatham 8 -0.012 -0.012 -0.009 -0.012 -0.012 -0.013
(0.005) (0.005) (0.004) (0.004) (0.004) (0.004)

Chatham 9 -0.003 -0.002 -0.003 -0.002 -0.002 -0.001
(0.004) (0.004) (0.003) (0.003) (0.003) (0.003)

Chatham 10 0.004 0.004 0.007 0.004 0.007 0.007
(0.005) (0.004) (0.004) (0.004) (0.004) (0.004)

Chatham 11 0.007 0.007 0.006 0.006 0.005 0.004
(0.005) (0.004) (0.004) (0.004) (0.004) (0.004)

Chatham 12 0.001 -0.003 0.000 0.000 -0.001 -0.005
(0.004) (0.004) (0.005) (0.004) (0.005) (0.005)

Chatham 13 -0.005 -0.004 -0.005 -0.004 -0.002 -0.004
(0.004) (0.004) (0.004) (0.004) (0.005) (0.004)

Chatham 14 -0.005 -0.004 -0.002 -0.005 -0.010 -0.007
(0.004) (0.004) (0.003) (0.006) (0.006) (0.006)

Chatham 15 0.001 0.001 0.001 0.000 0.006 0.006
(0.004) (0.004) (0.005) (0.006) (0.006) (0.007)

Chatham 16 0.000 -0.004 -0.004 -0.002 -0.006 0.004
(0.005) (0.005) (0.006) (0.008) (0.009) (0.010)
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TABLE 12
Discontinuities in Moving Rate
(Within vs. Across Districts)

Age Within District Across District

All White Black All White Black

6 0.026 0.003 0.072 0.004 0.016 0.046∗∗

(0.025) (0.029) (0.067) (0.009) (0.017) (0.024)

7 0.035 0.024 0.096 0.004 0.006 0.009
(0.030) (0.029) (0.068) (0.013) (0.015) (0.035)

8 0.026∗ 0.014 0.084∗∗ 0.002 0.006 0.016
(0.015) (0.018) (0.038) (0.007) (0.010) (0.014)

9 0.017∗ 0.020∗ 0.058∗∗ 0.003 0.006 0.007
(0.010) (0.011) (0.023) (0.004) (0.005) (0.009)

10 0.018∗∗ 0.017 0.039∗ 0.005 0.007 0.006
(0.009) (0.012) (0.021) (0.004) (0.006) (0.012)

11 0.018∗∗ 0.019∗ 0.052∗∗ 0.003 0.004 0.006
(0.008) (0.011) (0.020) (0.003) (0.005) (0.009)

12 0.009 0.017∗∗ 0.029 0.003 0.005 0.011
(0.007) (0.009) (0.020) (0.003) (0.003) (0.008)

13 0.014∗∗ 0.012 0.056∗∗ 0.004 0.004 0.013∗

(0.007) (0.008) (0.017) (0.003) (0.003) (0.007)

14 0.012 0.013 0.026 0.002 0.005 0.013∗∗

(0.008) (0.01) (0.019) (0.003) (0.004) (0.006)

15 0.009 0.018∗∗ 0.014 0.005∗ 0.002 0.015∗∗

(0.007) (0.009) (0.017) (0.003) (0.003) (0.006)

16 0.013∗∗ 0.018∗∗ 0.029∗ 0.007∗∗ 0.009∗∗ 0.007
(0.006) (0.007) (0.015) (0.002) (0.002) (0.005)

17 0.013∗ 0.014 0.037∗∗ 0.004 0.008∗∗ 0.006
(0.008) (0.008) (0.018) (0.003) (0.004) (0.006)

18 0.010 0.006 0.052∗∗ 0.003 0.005 0.013
(0.009) (0.012) (0.017) (0.003) (0.004) (0.008)

19 0.003 0.025∗ 0.056∗∗ 0.004 0.003 0.024∗∗

(0.011) (0.013) (0.024) (0.005) (0.006) (0.011)

20 0.030∗ 0.048∗ 0.009 0.013∗∗ 0.016∗∗ 0.005
(0.016) (0.019) (0.031) (0.006) (0.008) (0.014)

21 0.010 0.024 0.040 0.000 0.007 0.002
(0.026) (0.031) (0.065) (0.011) (0.016) (0.019)

Note: Estimates come from a local linear regression using an Epanechnikov kernel.
∗∗Significant at the 5 percent level.
∗Significant at the 10 percent level.
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TABLE 13
Aggregated Structural Estimates

Age ∆π ∆δ ∆δ
φ ∆δ in $

8 0.024∗∗ 0.49∗∗ 0.10 $1,072.89
(0.005) (0.10)

9 0.027∗∗ 0.62∗∗ 0.12 $1,267.55
(0.005) (0.09)

10 0.039∗∗ 1.25∗∗ 0.19 $1,968.12
(0.005) (0.14)

11 0.029∗∗ 1.57∗∗ 0.21 $2,143.37
(0.005) (0.16)

12 0.030∗∗ 1.10∗∗ 0.17 $1,810.04
(0.004) (0.15)

13 0.032∗∗ 1.04∗∗ 0.16 $1,712.99
(0.004) (0.11)

14 0.026∗∗ 0.98∗∗ 0.17 $1,810.44
(0.003) (0.09)

15 0.025∗∗ 0.84∗∗ 0.15 $1,518.22
(0.004) (0.09)

16 0.022∗∗ 0.73∗∗ 0.14 $1,497.15
(0.003) (0.08)

17 0.033∗∗ 0.73∗∗ 0.18 $1,838.38
(0.004) (0.10)

18 0.039∗∗ 0.95∗∗ 0.18 $1,868.40
(0.005) (0.11)

Note: The first column of results (∆π) presents structural mea-
sures of the proportion of families exercising TSC by age when
moving cost is set to zero. The second column (∆δ) presents the
change in the cumulative utility attributable to public schooling
by age. The third column ( ∆δ

φ
) contextualizes this estimate by

comparing it to the corresponding moving cost by age. The fi-
nal column places a monetary value on each ∆δ estimate using
a moving cost of $10,404.69, which arises from the calculation
described in footnote 20.

∗∗Significant at the 5 percent level.
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FIGURE 1
School District Characteristics

(a) Population

(b) Proportion Young Children (Age 4 Years or Less)

(c) Proportion Elderly (Age 65 Years or More)
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FIGURE 1
School District Characteristics

(d) Proportion Below Poverty Line

(e) Proportion White

(f) Proportion Black
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FIGURE 1
School District Characteristics

(g) Median House Price

(h) Median Rent

(i) Proportion House Vacancies
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FIGURE 1
School District Characteristics

(j) Family Income

(k) Proportion College Degree Attained

(l) Proportion High School Degree Attained or Less
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FIGURE 1
School District Characteristics

(m) Average Standardized Test Score

(n) Proportion Gifted

(o) Presence of Charter Schools
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FIGURE 2
Proportion Attending Grade Six at Age 11

(Control versus Treatment)
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FIGURE 3
Selected Validity Plots

(Control versus Treatment)

(a) Cohort Ten: Female (≥ Two Children) (b) Cohort Thirteen: White (≥ Two Children)

(c) Cohort Fourteen: Female (≥ Two Children) (d) Cohort Eight: Female (One Child)

(e) Cohort Ten: White (One Child) (f) Cohort Thirteen: Female (One Child)
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FIGURE 4
Selected Discontinuities in Proportion Attending

School District (Two Children or Greater)

(a) Cohort Eight: Chatham County (b) Cohort Nine: Greene County

(c) Cohort Eleven: Pender County (d) Cohort Twelve: Washington County

(e) Cohort Thirteen: McDowell County (f) Cohort Fourteen: Rutherford County
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FIGURE 5
Selected Discontinuities in Proportion Attending

School District (One Child)

(a) Cohort Seven: Mecklenburg County (b) Cohort Eight: Pasquotank County

(c) Cohort Ten: Bertie County (d) Cohort Ten: Thomasville County

(e) Cohort Ten: Vance County (f) Cohort Thirteen: Greene County
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FIGURE 6
Discontinuities in Proportion Attending School District

(Two Children or Greater)

(a) Cohort - Age Five in 2007

(b) Cohort - Age Seven in 2007

(c) Cohort - Age Eight in 2007

47



FIGURE 6
Discontinuities in Proportion Attending School District

(Two Children or Greater)

(d) Cohort - Age Nine in 2007

(e) Cohort - Age Ten in 2007

(f) Cohort - Age Eleven in 2007
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FIGURE 6
Discontinuities in Proportion Attending School District

(Two Children or Greater)

(g) Cohort - Age Twelve in 2007

(h) Cohort - Age Thirteen in 2007

(i) Cohort - Age Fourteen in 2007
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FIGURE 6
Discontinuities in Proportion Attending School District

(Two Children or Greater)

(j) Cohort - Age Fifteen in 2007

(k) Cohort - Age Sixteen in 2007
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FIGURE 7
Discontinuities in Proportion Attending School District

(One Child)

(a) Cohort - Age Five in 2007

(b) Cohort - Age Seven in 2007

(c) Cohort - Age Eight in 2007
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FIGURE 7
Discontinuities in Proportion Attending School District

(One Child)

(d) Cohort - Age Nine in 2007

(e) Cohort - Age Ten in 2007

(f) Cohort - Age Eleven in 2007
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FIGURE 7
Discontinuities in Proportion Attending School District

(One Child)

(g) Cohort - Age Twelve in 2007

(h) Cohort - Age Thirteen in 2007

(i) Cohort - Age Fourteen in 2007
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FIGURE 7
Discontinuities in Proportion Attending School District

(One Child)

(j) Cohort - Age Fifteen in 2007

(k) Cohort - Age Sixteen in 2007
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FIGURE 8
Selected Discontinuities in Move Rates (Two Children or Greater)

(a) All Students: Age 15 – Year 2011 (b) All Students: Age 13 – Year 2012

(c) Black Students: Age 13 – Year 2012 (d) White Students: Age 15 – Year 2011

(e) Male Students: Age 10 – Year 2008 (f) Male Students: Age 13 – Year 2012
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FIGURE 9
Disentangling the Timing of TSC
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