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ABSTRACT

This dissertation examines the impacts of public policy in the healthcare and education

sectors. The first chapter examines a number of government policies that encourage success-

ful charter networks to open new schools. However, there is little evidence on how quality

changes within a network as it expands, and from a theoretical perspective, the direction of

that change is ambiguous. I use student-level panel data from New York City to examine

within-network changes in quality, and I find that charter networks are not able to maintain

test-score value-added quality in expansion schools. Later schools in a network have lower

quality, especially for English test score value-added. This decline increases in magnitude

with a school’s ordinal number in that network. In addition, I find that network value-added

declines with a school’s age, while quality for non-network charters improves with age. Last,

I look into some mechanisms that could explain these trends, focusing on changes to the

treatment group on the demand side and span of control issues on the supply side. Although

I find heterogeneous returns to charter schools based on student demographics and prior

test scores, I find no evidence that demographics or prior test scores changed in a way that

could explain the patterns in quality that I observe. If anything, the prior test scores of

incoming cohorts moved in a way that suggest I am underestimating the declines in quality

with age. At the same time, I do not find any evidence that network declines in quality can

be attributed to managers having increasing difficulty managing networks as they expand.

The second chapter investigates the Center for Medicare and Medicaid Services’ attempts

to reduce the high number of unplanned hospital readmissions. As part of the Affordable

Care Act, CMS introduced the Hospital Readmissions Reduction Program (HRRP) which

fined hospitals for excessive risk-adjusted readmissions. After readmissions fell, CMS de-

clared the program a success. However, the HRRP was criticized by some because hospitals

which served more minorities and low-income patients were more likely to be fined. This
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led some to argue that demographics should be included in the readmission rate risk adjust-

ment. However, it is unclear if patient demographics had a causal effect on readmission rates

or if low-income and minority patients were just attending lower quality hospitals. In this

chapter, I investigate both whether the HRRP has been effective and if the risk-adjustment

calculations should be altered. To achieve the first goal, I use hospitals that were exempt

from the program as a control group and uncover little evidence that the HRRP had much

of an effect. In the years following the introduction of the program, the treatment and

control hospitals saw nearly identical declines in readmission rates. To achieve my second

goal, I identify ninety-nine hospital closings in the last eight years as an exogenous change

to patient demographics at the closest neighboring hospital. I use difference-in-differences to

first confirm that the closest hospital sees an increase in patients relative to the other nearby

hospitals, and then determine if readmission rates changed based on the change in average

patient demographics. I am unable to reject the null that the change in patient demographic

mix had any effect on a hospital’s readmission rates.
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CHAPTER 1

CAN CHARTER SCHOOL NETWORKS SCALE UP

EFFECTIVELY?

1.1 Introduction

In the last two decades, charter schools have been championed as a politically feasible way

to improve the quality of education without increasing funding. Charter schools are publicly

funded and privately run, and they are often a part of networks that are run by a char-

ter management organization (CMO). In recent years, state and federal governments have

adopted a number of policies that encourage successful networks to expand by replicating

their schools. However, there is little evidence about how quality changes within a charter

network as it expands, and from a theoretical perspective, the direction of this change is

ambiguous. First, it is not clear if quality will be correlated across schools within a net-

work since many of the determinants of school quality cannot be perfectly replicated, e.g.

principals. Even if many features are replicable, there still may be declines in quality with

expansion if certain inputs into the education production function are scarce. For example,

good teachers might become more and more difficult to recruit as a network expands. Con-

versely, it is possible that quality could improve with expansion. There could be economies

of scale if inputs such as the curriculum or certain course materials can be shared across

schools in the same network. If the network then reinvested these cost savings, quality could

improve with expansion.

There has not yet been any research on the evolution of quality within a network as it

expands. Prior research on charter schools has mostly focused on either the school level or

the market level. At the market level, these papers could be broadly classified as focusing on

the question “are charter schools good?” Many find positive results. For example, Abdulka-
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diroğlu et al. (2011), Hoxby & Murarka (2009), Dobbie and Fryer (2011, 2015), Angrist et al.

(2013), Tuttle et al. (2013) find that on average, charter schools improve test scores. Dobbie

and Fryer (2015) and Angrist et al. (2016) both find that charter schools increase college

enrollment. Dobbie & Fryer (2016) determine that on average, charter schools in Texas do

not improve earnings later in life. Cohodes et al. (2019) determine that charters continue

to improve scores by a similar amount in Boston when they account for a larger share of the

market. However, other papers show a more mixed picture. CREDO (2013), Furgeson et al,

(2012), Gleason et al. (2010), Zimmer et al. (2012) all find that when researchers examine

areas broader than a single city, charter students do not do any better than traditional public

students.

Because charter studies have found a mixed record of success, the existing research at the

school level has focused on answering the question “what features make charter schools suc-

cessful?” Angrist et al. (2013), Baude et al. (2014), and Dobbie & Fryer (2013, 2016) find

that schools that utilize a “No Excuses” mantra improve both test scores and earnings more

than those that do not. The “No Excuses” mantra includes a number of practices such as

harsh discipline, longer school days, and data-driven instruction. Angrist et al. (2011) and

Gleason et al. (2010) find that charter schools increase test scores much more in low income

and urban areas. CREDO (2013, 2017) find that schools associated with non-profit man-

agement organizations tend to do better than those associated with for-profit management

organizations.

Since prior research on charters has not been uniformly positive, it is understandable that a

number of government policies favor the replication of successful charter schools as opposed

to simply expanding the charter sector. However, given these policies, it is important to

focus on networks as the unit of interest and determine how quality changes with expansion.
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These policies take a few forms. First, there are a number of state and federal grants that

are rewarded to networks that want to expand. Second, network affiliation has an impact

on charter authorizers. In many states, it is easier for existing networks to open new charter

schools than entrants. Third, governments often consider network affiliation when making

oversight decisions. The SUNY Charter Institute states in its guidelines for the approval of

new schools in an existing network that the breadth and depth of the review will be lower.

It is also important to focus on the network level because networks have reputations that

likely affect decisions by donors and parents. Most of the large donations made to charter

schools are made to networks and not specific schools; for example, in 2016, Julian Robertson

gave $25 million to the Success Academy network – not to a specific school in that network1.

Parents, too, are likely influenced by the network affiliation of a school when making enroll-

ment decisions. Proving this empirically will be the subject of future work, however, it is

clear that most networks emphasize the network affiliation of their schools. For example,

the schools in the Success Academy network have names like Success Academy Harlem 1,

Success Academy Harlem 2, or Success Academy Bronx 1. This suggests the network wants

parents to focus on the link to the Success Academy network when choosing a school for

their child.

In order to study charters at the network level, I use New York City as my setting. Charter

school networks have expanded rapidly in New York City in the last twenty years, and it

now has the second largest charter sector in the U.S. when ranked by the total number of

charter students. By the 2018-19 school year2, New York City had twenty-nine networks,

1. Success Academy (2016), Success Academy Receives $25 Million Gift from the Robertson Foundation
to Expand System of Top-Tier Public Charter Schools.

2. From this point on, I will use the first year to identify school years – i.e. I will refer to the 2018-19
school year as 2018.
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the largest of which had forty-five schools with more than 17,000 students. New York City

is also a good setting because they have been collecting detailed student-level data for most

of the period of interest. This data includes scores on state-required English and math tests

in elementary, middle, and high school, as well as a rich set of demographics. Students are

given a unique, numeric identifier, so I am able to track them throughout their entire time in

New York City public schools. I take advantage of the panel nature of this data to calculate

test score value-added measures in English and math for every public school in New York

City in each year from 2007 to 2015.

From these estimates, I document four key facts that provide context to my analysis of

charter network scale-up. First, at the beginning of my sample, network charters were bet-

ter than traditional public schools on average, especially for math. In expectation, network

charter schools improved math scores by 0.2 test score standard deviations as compared to

the average public school3. They also boosted English scores by 0.05 standard deviations.

Second, over my sample period, network test score value-added declined in English and even

more so in math. Third, there is significant variation in quality across networks. The best

networks consistently have some of the best schools in the city, while the worst are repeatedly

below average. Last, network expansion was correlated with math test score value-added at

the beginning of my sample, but conditional on a network’s math quality, English quality

has no relation to expansion. That being said, network English and math quality have a

fairly high correlation.

With these facts in mind, I then investigate whether networks are able to maintain quality as

they expand and find that they cannot. This decline takes two channels. First, schools that

open later in a network are not as good as schools that open earlier in the same network,

3. This is not exactly the “average” public school, but it is very close. See Section 4 for a more complete
discussion.
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especially for English. This decline increases in magnitude with more and more expansion.

On average, the second and third schools in a network have an English value-added that is

0.04 test score standard deviations lower than the first school in that network within a given

year. That decline becomes 0.08 standard deviations for the sixth or later school to open

within a given network. A similar pattern presents itself for math; however, the coefficients

are smaller and not statistically significant. The second channel for decline is that network

schools’ value-added quality declines approximately 0.01 test score standard deviations in

English with each year that that school has been open. Math again has a similar decline,

but is not statistically significant.

Last, I investigate mechanisms that could explain these patterns. Possible mechanisms act

on either the supply side or the demand side. On the demand side, heterogeneous treatment

effects coupled with changes to the student body could result in the quality changes I find.

Ladd et al. (2016) find that demographics changed at the market level in North Carolina

over time, so if this has happened in New York City as well and new charter students belong

to demographic groups that benefit less, network quality would decline with expansion as I

observe. This explanation has been frequently studied in the context of scaling up success-

ful randomized controlled trials, (Andrews and Oster, 2017; Campbell and Stanley, 1963;

Cook and Campbell, 1979; Cronbach and Shapiro, 1982; Heckman and Vytlacil, 2005, 2007;

Hedges and O’Muircheartaigh, 2011; Tipton, 2013; Stuart et al., 2011) though not in the

context of charter network expansion. For this explanation to be valid, heterogeneous re-

turns to charters are a necessary condition. Prior research on charter schools has found that

different demographic groups tend to benefit more (Abdulkadiroğlu et al. (2011), Angrist et

al. (2012, 2017)). I first verify that this happens in New York City. However, when I then

look for evidence of systemic change within a network for either demographics or prior test

scores, I do not find any. I also do not find any evidence that demographics change within a
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school as it ages, though I do find some evidence that prior test scores of incoming cohorts

fall. Since these students typically benefit more from charter schools, this actually implies

that I am underestimating the decline in quality with age.

The other possible mechanisms all act on the supply side. The first possibility is that

there are scarce inputs that networks have difficulty obtaining as they expand. For exam-

ple, quality teachers might become more and more difficult to recruit. The second possible

mechanism is that networks initially spend more on quality in order to build a reputation,

but after that reputation is established, they cut back. Last, it could be that as a network

expands, it becomes more and more difficult to run. In regards to other industries, it has long

been proposed that managers have a certain span of control (Lucas (1978), Rosen (1982)).

It is fairly easy to imagine that a network with forty-five schools is much harder to manage

than one with only three or four.

All three of these supply side mechanisms support the same policy implications. First,

charter authorizers should reconsider policies that encourage network expansion such as in-

creased funding and looser oversight. Second, policymakers should look at the marginal,

not average, school in a network when approving new schools. In other words, if a network

applies to open an eleventh school, authorizers should look at quality of the ninth and tenth

school in that network when deciding on approval. Currently, authorizers look at the av-

erage quality of all previous schools in that network. This paper, does not imply, however,

that there should be a cap on network size. There is a lot of heterogeneity in quality across

networks, so even with declines in quality, later schools in the best networks are still quite

good. In lower quality networks though, authorizers might want to consider not allowing

them to get too large.
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I arrange my paper as follows: in Section 2, I discuss institutional details of charter schools;

in Section 3, I discuss my data; in Section 4, I discuss my empirical strategy; in Section 5,

I discuss some contextual quality findings; in Section 6, I discuss my results; in Section 7, I

investigate possible mechanisms for the patterns I observe; and Section 8 is my conclusion.

1.2 Institutional Details

1.2.1 Charter Laws

Oversight

Charter schools emerged in the early 2000s as a politically feasible way to try to improve

school quality. They are publicly funded and regulated, but privately run. This compro-

mise allowed the introduction of the competitive market, without fully privatizing education.

Since I am focusing on New York City, I will describe the charter laws in New York, though

they are broadly similar in other states. The first charter schools began opening in New

York after the passage of the Charter Schools Act of 1998.

If an organization wants to open a charter school, they must get approval from one of

three authorizing bodies every five years: the New York State Board of Regents, the State

University of New York (SUNY) Charter Institute, or the local board of education4. They

must then be approved again by the Board of Regents if they applied to one of the other

bodies first. These applications are very detailed and are often more than five hundred pages

long. They include details such as the grade size, curriculum, verification that parents in

the area want a charter school, and many others.

If approved, a charter school is subject to oversight throughout the term from the body

4. The New York City Department of Education approved charter schools when Michael Bloomberg was
mayor, but stopped after Bill de Blasio was elected.
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Figure 1.1: Stock and Flow of Approved Charters in NYC

which approved their initial application. This oversight is to ensure that the school is meet-

ing various goals. The authorizing bodies can shut down charter schools if they are not

maintaining high levels of achievement. Some charters get shut down in the middle of a

term if they are doing very badly, while others are not given renewals. One network was

also shut down because it’s founder was stealing public money5. There have also been a few

schools that voluntarily decided to leave because they could not attract enough students.

Figure 1.1 shows the steady approval of charters from 2000-2015. As we can see from the

figure, there are not many charters that were approved that are not still open. Throughout

the whole sample, only twelve have been closed for the mix of reasons stated above.

5. https://www.wnyc.org/story/302621-believe-charter-founder-indicted/
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Enrollment

Anyone who wants to attend a charter school can apply, even if they live in another part of

the city. If a charter school is oversubscribed, i.e. it has more applicants than seats, it is

required by law to run a randomized lottery. School and grade size are detailed in the initial

application, and they cannot be changed without approval from the state, no matter how

many students apply.

Standard Funding

Charter schools are funded on a per-student basis. This funding is subject to certain increases

for students who need an Individualized Education Program or are English language learners.

In addition, in 2014, New York State passed a law that said that school districts must work

with charter schools to help find space in a building already owned by the city or provide

rental assistance. Before this law was passed, Mayor Michael Bloomberg he worked with

charter schools to help them find space in city-owned buildings.

1.2.2 Public School Sector Organization

Distribution of Students

New York City is the largest school district in the country. Figure 1.2 shows the distribution

of students in 2015. There were about 1.3 million K-12 students in New York City in 2015.

Of those, 1.1 million attended public schools. I do not have any data on private school

students, so I will not discuss them. Of the public school students, about ten percent, or one

hundred thousand, attended charter schools. The term “all public schools” refers to both

traditional public schools and charter schools. Within the charter sector, about two-thirds

attended network charters and one-third attended independent charters.
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Figure 1.2: Distribution of New York City K-12 Students

Types of Charter Schools

Within the charter sector in New York, there are two main types: schools that are run by a

non-profit charter management organization (CMO) and independent charters6. As shown

in Figure 1.3, there has been fairly similar growth in the number of independent and network

charters in New York City. Independent charters are not a part of a network, though they

can join one or expand to create their own network. This does not mean that the distinction

between independent charters and networks is completely superficial. Independent charters

are a bit more varied than CMO schools. They might be organized by a neighborhood group

or by a successful businessman coming back to the neighborhood they grew up in. There

are a number of differences in school characteristics and student demographics across the

two types of schools that are not just a function of what year they were founded. I will

discuss these differences in detail in Section 3. In addition, there are many independent

charters that have been successful for many years that have not expanded. In my analysis,

6. There are also Education Management Organizations (EMOs) which are for-profit organizations. In
2010, the New York State Legislature revised the Charter Schools Act so that no new charters could be
granted to EMOs. At the time, there were 12 schools in NYC managed by three EMOs. Two of these EMOs
quickly left, meaning eight of these schools were no longer managed by a network. One EMO still operates
four schools in NYC. In my analysis, I treat the one EMO that remains the same as the other CMOs. I drop
the EMOs that left NYC for any network level longitudinal analysis
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Figure 1.3: Number of Charter Schools by Type in New York City

when I divide charters into network and independent, it is really “ever network” and “always

independent.” While I will present certain results on independent charters, this is just to

provide context. My main analysis is focused on the evolution of networks.

1.2.3 Charter Growth

During the expansion of the charter sector in New York City, both the number and size

of networks increased dramatically, as shown in Figure 1.4. In 2005, there were only two

networks that had more than two schools in them, and the largest only had five. In 2015,

there were sixteen networks with more than two schools, four that had ten or more, and

one that had thirty-one. Figure 1.5 shows the steady growth in charter enrollment in New

York City. Charter schools in New York were more likely to enroll elementary and middle

school students than high school. By the end of my sample (the 2015 school year), there

were nearly one hundred thousand charter students, eighty percent of which were elementary

or middle school (EMS) students. Of New York City public elementary and middle school

students in 2015, 10.4% attended a charter school. Of New York City high school students,

4.8% attended a charter school. These enrollment totals mean that New York City has the
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Figure 1.4: Charter Network Sizes, 2005 vs. 2015

second highest number of charter students in any school district in the U.S.

1.2.4 Government Policies that Encourage Network Expansion

As the charter sector expanded, both state and federal governments began implementing

policies that encouraged the replication of successful charter schools. At the federal level,

the government awards Charter Schools Program Grants for Replication and Expansion of

High-Quality Charter Schools. These grants are awarded to charter networks that have

shown prior success and want to open new schools. Funding varies from year to year, but in

the latest fiscal year, more than $100 million dollars were given out. The federal government

gives out even more money in grants to the states, which can then allocate those funds as

they see fit. New York State allotted some of this grant money to networks to replicate and

expand. (The rest went towards schools serving various disadvantaged groups). The federal

12



Figure 1.5: Charter Enrollment Growth in New York City
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government gave New York an award of $113 million in 2011 and a similarly sized award in

20187.

In addition, there are charter school oversight policies that make it easier for charters to

replicate their schools. New York makes the application, renewal, and oversight process eas-

ier for established schools and networks. The SUNY Charter Institute’s guidelines state that

for the approval of new schools in a network or for their renewal “the scope and timing of

the Institute’s oversight process changes. In general, and consonant with the record of suc-

cess...the frequency of the Institute’s visits, as well as their breadth and depth decreases8.”

In addition, the performance of earlier schools in a network sometimes results in a more gen-

erous renewal process. For example, SUNY initially approved the renewal of three Success

Academy charter schools that had only completed one year of their current five year charter

term, essentially giving these schools ten year terms9.

Although loosening oversight with prior success seems logical, it might not be good practice.

With traditional public schools, it would be unusual for state regulators to assume that

if a few schools in a district are good, then they all are. This might be unreasonable for

large charter networks as well since the largest networks are the size of small urban school

districts. In 2018, Success Academy operated forty-five schools in New York City with over

17,000 students. To put this in perspective, this is slightly larger than the Flint, Michigan

school district. Of the more than 13,000 school districts in the U.S., Success Academy would

7. I was unable to find an exact breakdown of the awards in 2018 because many sections of the Department
of Education’s website do not work. However, in years that the data is available, the grants are fairly
proportional to the state’s population. Of the states that won a total of $315 million, New York accounted
for about one-third of the total population

8. The Board of Trustees of the State University of New York. Policies for the Renewal of Not-for-Profit
Charter School Education Corporations and Charter Schools Authorized by the Board of Trustees of the State
University of New York. September 4, 2013.

9. The Board of Regents ultimately overturned this renewal, but many states do not have two levels of
approval.
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rank around 450 if it were its own school district10. Given the distinct possibility that scaling

up a network to the size of a small urban school district is difficult, loosening oversight might

not make sense.

1.3 Data

In my paper, I am using data from the New York City Department of Education (NYC DOE).

They have provided me with four different datasets which include data on demographics,

residence information, elementary and middle school test scores, and high school Regents

Exam scores. Students are given a nine-digit unique identification number that remains the

same across these datasets and over time. I also use school address data that is publicly

available on NYC Open Data, combined with latitude and longitude data pulled from Google

Maps.

1.3.1 Test Score Data

Every year, students in New York State in grades three through eight are required to take

tests in English and math. I have these test scores back to 2003, which I normalize within

each year, subject, and grade. Meaning, all fourth grade math tests in 2012 were normalized

together. For high school students, I have scores from the New York State Regents Exams

from 2000-2015. Students must pass five exams with a sixty-five or higher in order to get

a diploma: English, US History, Global History, one science exam, and one math exam11.

Math and science both have multiple options that students can choose from. For math, 98%

of students take the Algebra exam first, though some students take more than one subject.

10. U.S. Department of Education, National Center for Education Statistics, Common Core of Data,
“Public Elementary/Secondary School Universe Survey,” 2008-2009

11. Dee et al. (2019) find evidence of bunching right above the cutoff for passing and attribute it to
teachers manipulating test scores. I am able to replicate this finding, but find no difference between the rate
of manipulation at charter schools and traditional public schools.
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For science, 83% take biology. Unfortunately, the variation in test subject for science is

mainly across schools, not within, so I would have to drop nearly one-fifth of the schools

which are not randomly selected. For this reason, and because I only have English and math

for elementary and middle school students, I focus on math and English. Because students

can take the Regents Exams as many times as they want, I only use a student’s first attempt

for each subject (though I include all tests taken at that date when normalizing the scores).

In addition, students are allowed to take these exams in any grade. While I control for

this is my school quality regressions, these three aspects of the Regents exams might give

a noisier measure of quality. Therefore, I will also estimate my main regressions using only

elementary and middle schools as a robustness check.

1.3.2 Demographic Data

Table 1.1: Demographics — Elementary and Middle School Students, 2015

Traditional Charters

Public Schools Charters Network Independent

Average Grade 116 76 77 73
Size

% Black 0.29 0.54 0.58 0.46
% Hispanic 0.42 0.37 0.33 0.43
% Asian 0.13 0.03 0.02 0.03
% White 0.14 0.05 0.04 0.05

% English Language 0.15 0.07 0.06 0.10
Learner (ELL)

% Public Assistance 0.74 0.76 0.76 0.76
% Immigrant 0.13 0.06 0.05 0.07

N 674,120 78,257 53,851 24,406

The demographics data start in 2005. This dataset includes a wide array of demographic

variables such as race, gender, and language spoken at home. The data also includes an
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Table 1.2: Demographics — High School Students, 2015

Traditional Charters

Public Schools Charters Network Independent

Average Grade 161 80 69 98
Size

% Black 0.36 0.55 0.65 0.37
% Hispanic 0.44 0.38 0.29 0.56
% Asian 0.09 0.01 0.01 0.02
% White 0.08 0.03 0.03 0.02

% English Language 0.13 0.05 0.03 0.06
Learner (ELL)

% Public Assistance 0.74 0.77 0.74 0.79
% Immigrant 0.25 0.13 0.10 0.13

N 318,479 16,127 8921 7206

indicator for whether or not a student has been identified by the New York Human Re-

sources Administration as qualifying for certain types of public assistance, such as for free

or reduced-price lunch. Tables 1.1 and 1.2 display summary statistics for elementary and

middle school students and high school students respectively, broken out by type of school.

The main takeaway from the left side of these tables is that charter schools enroll more black

students than traditional public schools (TPS) and fewer white and Asian students. They

also enroll lower proportions of immigrants and English language learners (ELL) and similar

numbers of students on public assistance.

There are also some key demographic differences between network charter students and

independent charter students as shown on the right side of Tables 1.1 and 1.2. At the el-

ementary and middle school level, network charters enroll more black students but fewer

Hispanic students than independent charters. Independent charters also enroll more black

students than traditional public schools, though the gap is smaller. On the other hand, net-

work charters enroll fewer Hispanic students than traditional public schools or independent
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charters. Neither type enrolls many white or Asian students. These differences between

network and independent charters are generally the same for high schools. However, the

divergence in black and Hispanic enrollment between the two types of charter is even larger.

One last thing to note is that while networks enroll two-thirds of elementary and middle

school students, it is much closer to fifty-fifty for high schools.

1.3.3 Student Residence Data

Starting in 2007, I have detailed student location data. This data includes which school a

student is zoned for, their zip code, and census tract and block information. In New York

City, census blocks are often literally one square block (see A.1), so the location data is

fairly granular. I can link this data to publicly released census tract data on income and the

educational attainment of adults to get more demographic information about the students.

This is useful since I do not have data on parental education, and the income measure that

the NYCDOE provided is very coarse. Based on the public assistance measure, traditional

public and charter students seem fairly similar. However, Figure A.3 shows the distributions

of the median household income of the census tracts that students live in. This figure shows

that charter students tend to come from poorer neighborhoods.

1.3.4 School Location Data

Figures 1.6 and 1.7 show the expansion of charter schools throughout New York. The city

is split into thirty-two different school districts, which appear on the figure as the black

outlines within the boroughs. Charters did not locate randomly throughout the city, and are

concentrated in certain neighborhoods. In 2015, charter schools were unevenly distributed

across Brooklyn (85), the Bronx (72), Manhattan (52), Queens (22), and Staten Island (4).

Figure 1.8 is a map of median household income at the zip code level. The colors represent

the percentiles within the city, with dark red being the lowest income zip codes and dark
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green being the highest. As we can see from these maps, charters tend to locate in poorer

neighborhoods.

Figure 1.6: Charter and Traditional Public School Locations, 2007

Some of the demographic differences detailed in Tables 1.1 and 1.2 are a result of the

neighborhoods that charter schools are located in. This is because neighborhoods are fairly

segregated, and distance has a large impact on which school a student attends, (Dinerstein

& Smith (2015)). Network charters entered school districts that were 47% black and 39%

Hispanic on average, while independent charters entered districts that were 35% black and

48% Hispanic. Like their student bodies, these ratios are flipped, and both are higher than

the citywide average.

However, neighborhood location does not fully explain demographic differences. Figures

1.9 and 1.10 show how race at independent and network charters compare to the closest

three schools with the same grade levels. The dashed lines represent the average. The x-axis
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Figure 1.7: Charter and Traditional Public School Locations, 2015

Figure 1.8: Zip Code Level Median Household Income Percentiles, 2010
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in Figure 1.9 is the percent of students who are black at a charter school minus the percent

of students that are black at the closest three schools. Figure 1.9 shows that most char-

ters enroll more black students than nearby schools, especially for network charters. The

average CMO charter enrolls 11 percentage points more black students than nearby schools.

At the same time, charters actually enroll fewer Hispanic students than the nearest schools,

especially for CMO charters.

Figure 1.9: Distribution of the Difference in Percent Black vs. Nearby Schools, 2015

Figure 1.10: Distribution of the Difference in Percent Hispanic vs. Nearby Schools, 2015
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1.4 Empirical Strategy

1.4.1 Methods of Measuring School Quality

The fist step I need to take to examine whether charter networks have been able to scale

up their model is to measure school quality. My measure of school quality is test score

value-added. Ideally, what I want to know is, what improvement in test scores will a school

s contribute, relative to a hypothetical “average” public school12. We can represent this as:

Yis − Yi0 = qsI{i→ s}

where I{i → s} is an indicator for attending school s, Yis is student i’s test score s while

Yi0 is how they would have done at a hypothetical average school. Here, qs is the test score

value-added of attending school s. Since we do not observe Yi0, we can break it into observed

X ′iβ and unobserved components εi:

Yis = Yi0 + qsI{i→ s} (1.1)

= X ′β + qsI{i→ s}+ εi (1.2)

Estimating this equation will be problematic if the unobserved ability/characteristics of each

student are correlated with the decisions to attend each school.

In the charter school literature, there are two main methods for dealing with this prob-

lem and estimating school quality: admissions lotteries and lagged test scores. Both of these

methods have pros and cons. The main advantage of using admissions lotteries is that the

students are chosen completely randomly. Charter schools that are oversubscribed, i.e. have

more applicants than available seats, are required by law in most states to run random lotter-

12. To be precise, a hypothetical enrollment-weighted “average” public school.
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ies. This means that within the pool of applicants, we do not have to worry about selection

issues. However, it means that we are estimating a local average treatment effect, which

might not be the same as the average treatment effect. In addition, the set of schools that

we are able to calculate quality for is positively selected. Not all charter schools are over-

subscribed, making it impossible to calculate quality for those schools. Intuitively, it would

make sense if better schools were more likely to be oversubscribed. Indeed, Abdulkadiroğlu

et al. (2011) found that schools that do not run lotteries are typically worse than those that

do. Therefore, I would have to drop a negatively selected sample of schools which could lead

to incorrect conclusions.

The next method is to use lagged test scores to control for unobservables. This method

will give a causal estimate of school quality as long as selection into schools is only based

on observables (which includes past test scores). The main benefit of this method is that I

can calculate school quality measures for every school in every year of my sample. The main

drawback is that selection into schools might be based on some unobservable characteristics

that also affect test scores at time t. While there are certainly many unobserved character-

istics that affect test scores at time t, these factors likely affect test scores in prior periods

as well, meaning that lagged test scores should control for these effects. For example, while

I cannot observe parental time investment, which likely affects a student’s test scores at t,

it also likely affects their scores in prior periods as well.

Whether lagged test scores adequately control for selection is a question that has received a

lot of attention in the education literature. A number of papers have attempted to validate

value-added measures as a part of their study. These papers take the subset of schools that

run lotteries and compare those quality estimates to the estimates calculated using lagged

test scores. Abdulkadiroglu et al. (2011) do this in Boston and describe the results from
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lotteries and lagged test scores as “remarkably similar.” Dobbie and Fryer (2013) study New

York City and find generally similar results as well. Angrist et al. (2017) focuses entirely on

the question of bias in school value-added measures. While they do find some bias in lagged

test score measures, they also find that these estimates are “highly correlated with school

effectiveness” as measured using lotteries.

Two other methods that are used less frequently are matching or student level fixed ef-

fects. Matching relies on finding students with similar demographics that went to the same

school at a lower level and comparing their outcomes. However, in New York City, more

than sixty percent of charter schools start in kindergarten, so I would not be able to estimate

quality for a large number of schools in my sample. In addition, some unobservable caused

these students to attend different schools, and it might also affect test scores at time t, so

it is not clear this would reduce selection bias. Student level fixed effects are rarely used

because they are identified only by students that switch schools. Switching schools is not

random and might be caused by a big family change, like a parent switching jobs, that would

also affect test scores. In addition, some of the best schools have very few students switch

out of them and into another New York City public school, making it impossible to estimate

quality for those schools.

1.4.2 Specification

In this paper, my measures of school quality are year by year test score value-added for math

and English. To calculate school value-added, I estimate the following equation separately

by subject and school level:

yisbt = βXit + α⇀yi,t−r + qsbt + uisbt (1.3)
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where yisbt is the test score for student i in subject b in school s at time t, Xit is a rich set of

demographic variables, ⇀yit−r is a vector of prior test scores in both English and math, and

qsbt is the school-by-year fixed effect for school s. This fixed effect estimate qsbt is what I

will be referring to when I talk about a school’s value-added quality. Both English and math

are included in ⇀yit−r regardless of the dependent variable. At the elementary and middle

school level, ⇀yi,t−r includes the previous two years. For high school students, because there

is not a specific grade that students have to take each Regents exam, ⇀yi,t−r includes the last

two years of test scores a student took before entering high school13.

1.4.3 Which Networks Have Expanded?

Next, I want to determine whether higher quality networks have expanded more. I look at

the correlation between expansion and quality by estimating the following:

∆En = α0 + α1 �qnm,2007 + α2 �qnE,2007 + εn (1.4)

where ∆En is the change in network n’s enrollment from 2007 to 2015, �qnm,2007 and �qnE,2007

are the enrollment-weighted average value-added of schools in network n for math and English

respectively in 2007, defined as:

�qnbt =
1

En

¸
s∈n

Esq̂sbt

and εn is the error term. The change in enrollment ∆En is defined as:

∆En =
(En,2015 − En,2007)

0.5(En,2015 + En,2007)

13. This would be their seventh and eighth grade test scores if students never repeated grades. In addition,
sometimes students get promoted to high school without passing eighth grade if they have had to previously
repeat multiple grades.
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where Ent is enrollment at t. The benefit of using this measure for changes in network size

as opposed to a simple percent change is that the values are bounded by -2 and 2. Using a

simple percent change would result in a long right tail of values. One issue with using this

transformation is that the values are somewhat harder to interpret. As a reference, ∆En > 0

means the network grew, ∆En = 1 means the network tripled in size, and ∆En = 2 means

the network had infinite growth, i.e. entered during the time period.

1.4.4 Within Network Dynamics

Last, I examine how within network quality has evolved as networks have expanded. To do

this, I regress estimated school value-added on age, a school’s ordinal number in its network,

and network by subject by year fixed effects:

q̂sbt = ψ1Ast + ψ2Rsn + γnbt + I{HS}+ µsbt (1.5)

Ast is the age of school s at time t, Rsn is a bin capturing a school’s ordinal number in the

network, γnbt is a network by subject by year fixed effect, I{HS} is an indicator for whether

or not s is a high school, and µsbt is the error term. To clarify Rsn, if a school is the fifth

school opened by a network, the indicator for the four and five bin (I{#4− 5}) would equal

one. If two schools in the same network are founded in the same year, then I used the same

value for Rsn. Because there is no reason to think that the effect is linear and because

networks often open more than one school in a year, my main specification uses bins for Rsn

as opposed to making it a linear term. When running this regression, I only include network

charters.
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1.5 Contextual Quality Findings

Figure 1.11 shows the distribution of the estimated q̂sbt’s. The x-axis units are in test-score

standard deviations. As we can see from the graph, there is slightly more variance in esti-

mated math quality than English. One standard deviation in school math quality is roughly

equal to 0.2 test score standard deviations: σschool ≈ 0.2σtest. This relationship is a little

closer to 0.175 for English. The “average” public school would be equal to zero if all schools

had the same enrollment. Obviously, they do not, but the quality of the average public

school still ends up being very close to zero. The correct way to think about these quality

values is: imagine two students, i and j, that are identical at t−1. At time t, i attends school

s where q̂sEt = 0.1σ and student j attends school s′ where q̂s′Et = 0.2σ. In expectation,

school s′ should raise student j’s English test scores 0.1σ more than school s raises student

i’s scores at time t.

To put the size of these estimated q̂sbt’s in context, if an education intervention, such as

lowering student-teacher ratios, raised test scores by 0.1 standard deviations, it would be

considered a success. At the same time, relative to other measures, such as the black-white

test score gap, 0.1 test score standard deviations would be very small. Throughout my

sample period, the gap between the average white student’s test scores and the average

black student’s test scores was about 0.75 standard deviations for both English and math

respectively. Appendix Figure A.2 presents a plot of the black white test gap throughout

my sample.

Table 1.4 presents a summary of the q̂sbt’s by school type. The interpretation of the (Charter

- TPS) value on the left side of Table 1.4 is that in expectation, charter schools raised a stu-

dent’s math test score by 0.158 test score standard deviations in 2007 relative to a school with
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Figure 1.11: Distribution of q̂sbt for All Public Schools

q̂sbt = 0. By 2015, this had fallen to 0.121 σtest. Looking at the right side of the table, it is

clear that most of the decline in math quality from 2007 to 2015 came from network charters.

For English, the gains from charter schools are smaller, but have improved slightly over

the sample period. In 2007, charter schools raised English test scores by 0.034 σtest in ex-

pectation, which rose to 0.055σtest by 2015. Looking at the right side of the table, we can

see that although network charters were initially more than 0.1σtest better than independent

charters, they are now slightly worse. Figures 1.12 and 1.13 show a time series of the enroll-

ment weighted average q̂sbt’s for English and math by sector14. As we can see from these

graphs, independent charters have narrowed the gap to network charters in both English

and math. Since test scores are normalized at the city level, the slight decline in network

math value-added should be interpreted as a narrowing of the gap between network charters

and traditional public schools. This could mean that network schools got worse, traditional

14. The graph doesn’t quite match the table because it is an enrollment weighted average, while the table
is a simple average across schools.
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Table 1.3: Percentiles for School-Level Test Score Value-Added, 2015

Percentile English Math

10th −0.16 −0.24
25th −0.07 −0.12
50th 0.03 0.00
75th 0.13 0.13
90th 0.25 0.26

public schools got better, or some combination of the two.

Table 1.4: Summary of School Value-Added by School Type

TPS All Charters (Charter–TPS) Indep. Netw. (Netw.–Indep.)

2007

English 0.016 0.050 0.034 -0.013 0.093 0.106
(0.164) (0.200) (0.163) (0.214)

Math -0.009 0.149 0.158 0.029 0.241 0.212
(0.199) (0.274) (0.222) (0.278)

N 1336 44 18 26

2015

English 0.032 0.087 0.055 0.095 0.081 -0.015
(0.173) (0.178) (0.205) (0.155)

Math -0.006 0.115 0.121 0.024 0.181 0.157
(0.198) (0.253) (0.254) (0.232)

N 1550 194 82 112

Standard deviation of value-added estimates in parentheses

1.6 Results

1.6.1 Heterogeneity in Network Quality

Using these school level quality estimates, I can now examine charters at the network level.

Figures 1.14 and 1.15 show the enrollment weighted average quality of each network in 2015.

29



Figure 1.12: Average Math School Value-Added by Charter Classification

Figure 1.13: Average English School Value-Added by Charter Classification
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They reveal significant heterogeneity in both English and math. For English, a hypothetical

average school in the best networks would be in the top decile of all public schools, while an

average school in the worst networks would be in the bottom decile. Overall, most networks

are slightly above the average New York City public school. For math, the distribution of

networks is similar, except the top of the distribution goes much higher. Six networks average

value-added is higher than the 90th percentile public school, and the best two networks are

above the 98th percentile.

1.6.2 Network Expansion

With such a wide range in quality across networks and government policies that encourage

high quality networks to expand, it is important that the networks that are expanding are

actually the high quality ones. Table 1.5 shows the results of my estimation of Equation

(1.4) regarding this expansion. I estimate this equation with English and math value-added

as separate regressors in column (1), and with only the mean value-added in column (2).

There are a couple of key findings. First, the coefficient for English value-added quality is

close to zero and not statistically significant, while the math coefficient is large and statis-

tically significant. The interpretation of this coefficient is that a network that is one school

level standard deviation (σschool ≈ 0.2σtest) better than the average network in math in

2007 will grow an additional thirty percentage points. Although the coefficient for English

value-added is close to zero, there is a positive correlation between network math and English

value-added (Corr( �qnm,2007, �qnE,2007) = 0.74), so there is still an unconditional correlation

between expansion and English quality. However, conditional on a given level of math qual-

ity, English does not have a significant relation to expansion.

Figure 1.16 shows a scatter plot of network average quality in English versus math, with

both the size and color of the points representing the amount of growth. A large green dot
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Figure 1.14: English – Network Average Value-Added, 2015
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Figure 1.15: Math – Network Average Value-Added, 2015
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represents a network that grew a lot, while a small red dot represents a network that grew

very little. One thing to note is that the network that grew the least still grew over this time

period.

Table 1.5: Expansion and Network Quality in 2007

Dependent Variable: ∆En (1) (2)

Constant 0.649∗∗∗ 0.709∗∗∗

(0.169) (0.150)

�qnE,2007 Network -0.125
English Value-Added (1.315)

�qnE,2007 Network 1.562∗

Math Value-Added (0.915)

Network Value-Added 1.782∗∗

Mean of English & Math, 2007 (0.765)

N 15 15

Standard errors in parentheses
∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01

1.6.3 Within Network Changes in Quality

I next look at how quality has changed within a given network to determine if charter net-

works have maintained consistent levels of quality with expansion. Table 1.6 presents the

results of the regression presented in Equation (1.5). These regressions only include network

charters since independent charters do not have multiple schools. In columns (2) and (4), I

used an integer for “number in network,” meaning if a school is the third in a network, this

variable would equal three. In regressions (1) and (3) I used an indicator to place schools

into various bins since there is no reason to assume that the effect of expansion would be

linear.
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Figure 1.16: 2007 Network Average Math Quality vs. English Quality, with Growth
2007-2015
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As we can see from Table 1.6, as networks expanded, English value-added quality declined.

Since I am including network-by-year fixed effects, the coefficient on I{#2-3} should be in-

terpreted as: the value-added of the second and third school will be −0.0422σtest lower than

the first school in that network in that year in expectation. Quality decreases monotonically

with the I{#4-5} and I{#>=6} bins. One standard deviation in the distribution of school

quality is equal to 0.175 test score standard deviations for English (σschool ≈ 0.175σtest).

This implies that the sixth school in a network is about one-third of a standard deviation

lower in the distribution of schools than the first school in that network. Another thing

to note is that the coefficient on age is negative and statistically significant. Over time,

this effect will be fairly large. This coefficient implies that a school that was open at the

start of my sample will fall 0.5σschool in expectation by the end. For math, the results are

qualitatively similar, although much smaller, and I cannot reject the null hypothesis that

later schools in a network have the same quality as earlier schools. Neither can I reject the

null that school value-added does not change with age. Since schools that opened earlier in

a network are necessarily older, it could be the case that in a given year, later schools are

not much worse. However, later schools in the network will be starting from a much lower

level, and then declining as earlier schools in that network do.

Robustness Checks

For robustness, because the measurement of high school test score value-added introduces

some complications (see Section 3), I also run this regression restricting my sample to ele-

mentary and middle schools. The results are very similar, and in fact, the declines in math

quality more closely match the English declines (Appendix Table A.1).

In addition, I also estimated this equation including age nonparametrically. Appendix Figure

A.4 and A.5 show a plot of the coefficients for each age bin when estimated nonparametri-
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cally. These coefficients show a generally similar pattern to the linear specification.

Because a negative coefficient for the age of a school is somewhat surprising, I also exam-

ined the relation between age and quality for independent charters to see if I found similar

results. Table 1.7 shows that for independent charters, English value-added increases with

age, although this coefficient is not statistically significant when year fixed effects are also

included. The coefficient for age is also positive but insignificant for math.

Table 1.6: Within Network Changes in Value-Added

English Math

(1) (2) (3) (4)
Age -0.0117∗∗ -0.00712∗ -0.00648 -0.00363

(0.00456) (0.00413) (0.00593) (0.00541)

EMS 0.0136 0.0133 0.0771∗∗ 0.0746∗∗

(0.0218) (0.0218) (0.0334) (0.0333)

I{#2-3} -0.0422∗ 0.00976
(0.0225) (0.0295)

I{#4-5} -0.0691∗ -0.0233
(0.0386) (0.0509)

I{#>=6} -0.0756 -0.0290
(0.0472) (0.0621)

Number in -0.00451 0.00219
Network (0.00630) (0.00844)

Network-Year FEs Yes Yes Yes Yes
Observations 598 598 590 590

Standard errors in parentheses
∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01
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Table 1.7: Independent Charters and Age

English Math

(1) (2) (3) (4)
Age 0.0108∗∗ 0.00878 0.0088 0.0086

(0.0046) (0.0066) (0.0055) (0.0081)

School FEs Yes Yes Yes Yes
Year FEs No Yes No Yes
N 380 380 380 380

Standard errors in parentheses
∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01

1.7 Mechanisms

As discussed in Davis et al. (2017) and Al-Ubaydli et al. (2017), when social programs are

scaled up from the pilot phase, declines in quality can occur as a result of either demand

side or supply side mechanisms.

1.7.1 Demand Side

One possible mechanism that could explain the declines in quality that I observe is that

there are large changes to the student body. It is easy to imagine that the students that

attend charter schools first are the ones who benefit the most. As a network ages and/or

expands, it is possible that later students benefit less and less. Since charters only made up

ten percent of the market by the end of my sample, and charter and traditional public school

demographics are very different, there is a lot of room for the student body to change. A

necessary condition for this explanation is that there are heterogeneous returns to charter

schools. Other papers, such as Abdulkadiroglu et al. (2011), have shown that poor and

minority students benefit more from charter schools, as well as students who have previously

done poorly in school. Angrist et al. (2012) find heterogeneous returns and determine that

differences in student demographics account for more than half of the difference between the
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value-added of urban charter schools and non-urban charters in Boston.

My first step is to verify that there are heterogeneous returns to charter schools in New

York City, as in other settings. To do this, I will follow the method used in Angrist et

al. (2012) and Angrist et al. (2017), which is to re-run my quality estimations using only

students from the subgroup that I am interested in. Table 1.8 presents the average differ-

ence between school value-added estimates from estimating Equation (1.3) using only the

subsample of interest versus using the entire sample. Each column presents the difference

from a separate subgroup regression. My results suggest that black and Hispanic students

benefit more from charters, as well as those with below average test scores at t− 115. These

effects are generally larger in math than English. I also find that English language learners

benefit more from charters in English, with a smaller impact for math. My results generally

line up with the rest of the literature. The notable exception is that I find that students who

qualify for free lunch or other public assistance do not seem to benefit more from charters,

while other papers find that they benefit more. Since measures of poverty vary across cities,

this doesn’t necessarily indicate a conflict.

Table 1.8: Heterogeneous Returns to Charter Schools

Below Average Below Average
Black Hispanic Poverty ELL English t− 1 Math t− 1

Math
Network 0.040 0.024 -0.006 0.013 0.054 0.059
Independent 0.032 0.013 -0.005 -0.006 0.030 0.043

English
Network 0.018 0.015 -0.003 0.078 0.037 0.027
Independent 0.020 0.004 0.003 0.013 0.033 0.033

15. For high school students t− 1 is actually the last test they took in middle school.
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My next step is to see if demographics are changing in a way that matches the declines in

quality that I observe. To do this, I estimate the same relationship as in Equation (1.5),

except I use the demographic of interest as the dependent variable:

Dst = θ1Ast + θ2Rsn + κnt + I{HS}+ ξst (1.6)

Dst is the demographic of interest for school s at time t, Ast is the age, Rsn is the bin for

the ordinal number in the network, κnt is a network-by-year fixed effect, and I{HS} is an

indicator for whether s is a high school. The results are presented in Table 1.9.

Table 1.9: Within Network Changes to Demographics

Black Hispanic White Asian Pub. Assist.
Age 0.0041 -0.0037 -0.0002 -0.0006 -0.0012

(0.0046) (0.0043) (0.0012) (0.0004) (0.0023)

I{High School} 0.0143 -0.0025 -0.0048 -0.0018 -0.0646∗∗∗

(0.0212) (0.0199) (0.0054) (0.0020) (0.0105)

I{#2-3} -0.0756∗∗∗ 0.0675∗∗∗ 0.0040 0.0020 0.0212∗

(0.0236) (0.0222) (0.0060) (0.0022) (0.0117)

I{#4-5} 0.0341 -0.0402 0.0017 0.0006 0.0209
(0.0397) (0.0374) (0.0101) (0.0037) (0.0197)

I{#>=6} -0.0225 -0.0290 0.0313∗∗ 0.0101∗∗ -0.0040
(0.0480) (0.0452) (0.0123) (0.0045) (0.0238)

Network-Year FEs Yes Yes Yes Yes Yes
N 836 836 836 836 836

Standard errors in parentheses, ∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01

Although there are some changes to demographics, there are no patterns to these changes,

and certainly none that match the declines that we observe in quality. For example, the

second and third schools in a network tend to have fewer black students and more Hispanic

students than the first school in that network in a given year, however, this pattern does not
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continue with later schools. The correct way to interpret the coefficient on I{#2−3} is that

the second and third school in a network have 7.5 percentage points fewer black students

than the first school in that network in a given year.

Students with low prior test scores or who are English language learners also benefit more

from charter schools. I have to analyze changes to these characteristics with expansion in a

slightly different matter. Students have to have prior test scores in order for me to look at

prior test scores. As a result, I have to drop many of the schools in my sample. In addition,

I only use the incoming cohort of students to a given charter school. The English language

learner classification is something that can change with time, so I will also only use incoming

grades for those regressions.

Because I have to drop a number of schools, I am no longer able to estimate equation

(1.6). Instead, I estimate a similar equation, except I use network and year fixed effects

separately as follows:

�ysb,t−1 = θ1Ast + θ2Rsn + ωnb + Ωt + δst (1.7)

�ysb,t−1 represents the average test scores at t− 1 of the incoming cohort, ωnb is the network

fixed effect, and Ωt is the year fixed effect. The results are presented in table 1.10. There do

not seem to be any changes to the prior test scores of incoming cohorts with later schools in

the same network. It does seem that the prior test scores of incoming cohorts are falling with

age and the fraction of English language learners is increasing. However, since these students

typically benefit more from charter schools, this suggests my negative age coefficient might

be biased upwards.
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Table 1.10: Within-Network Changes, Incoming Cohort Only

Math English English Language
Scores Scores Learner

Age -0.0191∗∗∗ -0.0162∗∗∗ 0.0100∗∗∗

(0.0057) (0.0050) (0.0015)

I{#2-3} 0.0764 0.0236 0.0285∗∗

(0.0493) (0.0431) (0.0122)

I{#4-5} 0.0227 0.0337 0.0104
(0.0605) (0.0529) (0.0150)

I{#>=6} -0.0788 -0.0830 -0.0004
(0.0755) (0.0660) (0.0188)

Network FEs Yes Yes Yes
Year FEs Yes Yes Yes
N 165 165 163

Standard errors in parentheses, ∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01

1.7.2 Supply Side

There are a few supply side mechanisms that could account for the patterns that I find,

which all have similar policy implications.

Span of Control

Lucas (1978) and Rosen (1982), as well as many others since, postulated that different firm

managers have different abilities to manage large numbers of subordinates. A part of this

theory was that firms become more and more difficult to run as they grow larger. This liter-

ature mostly attempts to relate manager wages to the number of subordinates they oversee

and their average productivity, but I can extend this idea to charter school networks as well.

As a charter network expands, it may become more and more difficult to manage. It is easy

to imagine that a network with ten or twenty schools is harder to manage than one with

only three or four. Using a similar setup it is easy to show that if the span of control of
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managers is an issue for network expansion, then quality at earlier schools in the network

should decline with expansion.

Span of Control Model Setup:

• Charter network n has a manager mn with ability am drawn from distribution M(·).

– Network managers oversee the set of schools s ∈ n where the number of schools

in the network is denoted Sn.

– Manager skill is not divisible. Two managers with skill am/2 will not result in

the same output as a manager with skill am.

• Each school has a principal ps with ability ap drawn from a distribution P (·).

• Managers have a fixed amount of time T which they can split up however they want

across schools in their network:
°
s∈n

ts = T .

Let k(ts, am, ps) be an aggregate educational production function for each school. To make

this model as flexible as possible, I will not specify a functional, but will only make two

assumptions.

Assumptions:

1. k1(·, ·, ·) > 0

2. lim
ts→0+

k1(ts, am, ps) = +∞.

The first property implies that outcomes are increasing in manager ability and manager time

spent on that school. The second rules out that a manager will spend no time with any of

the schools in the network. One could imagine that if a manager spent absolutely no time
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on a school, it would not even be able to complete basic functions like securing its funds.

The optimization problem for the network manager becomes:

max
(t1,t2,....,tS)

(¸
s∈n

k(ts, am, ps) + λ(T −
¸
s∈n

ts)

)

where λ is a Lagrange multiplier.

The first order conditions imply that:

T =
¸
s∈n

ts

and:

k1(ts, am, ps) = λ,∀s ∈ n (1.8)

We can set condition (1.8) for all schools equal to each other:

k1(t1, am, p1) = k1(t2, am, p2) = .... = k1(tS , am, pSn)

This model gives me a test for span of control issues. If the span of control of the manager is

a problem in the context of charter school networks, then as a network expands, all schools

that previously existed should decline in quality. The proof is as follows:

Suppose network n expands and adds one school so that it now has Sn + 1 schools. I will

denote the manager’s time choices for each school now by t′s. To differentiate the network

in the two periods, I will use nt and nt+1. The manager’s maximzation problem becomes:

max
(t′1,t

′
2,....,t

′
Sn+1)

 ¸
s∈nt+1

k(t′s, am, ps) + λ′(T −
¸

s∈nt+1

t′s)


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The first order conditions imply:

k1(t′1, am, p1) = k1(t′2, am, p2) = .... = k1(t′Sn+1, am, pSn+1
)

and:

T =
¸

s∈nt+1

t′s

.

Given the properties of k(·, ·, ·), there are two conclusions that we can make about this new

set of time choices.

1. t′s > 0, ∀s ∈ nt+1

2. t′s < ts,∀s ∈ nt+1

The first conclusion is straightforward. By the Assumption 2, the derivative goes to infinity

as the time spent at that school goes to zero. Thus, it must be the case that t′s > 0.

The second conclusion is also easy to prove. Since T is the same in both scenarios, we

know that
°

s∈nt
ts =

°
s∈nt+1

t′s. If we couple that with the fact that t′Sn+1 > 0, we know that:

Sņ

s=1

t′s <
Sņ

s=1

ts

Thus, we know that at least one t′s < ts. Let’s refer to this hypothetical school as s = `.

Then we also know that:

k1(t`, am, p`) < k1(t′`, am, p
′
`)
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because of our first assumption – i.e. k1(·, ·, ·) > 0.

Coupled with the FOCs of the manager’s maximization, if k1(t′s, am, p
′
s) is smaller for one

school, it must be smaller for all previously existing schools in the network. Since am and

ps are fixed, this must mean that t′s < ts for all schools that were in the network in both

periods. Because the aggregate educational output increases with manager time, a decrease

in time for those schools should cause a decline as well.

Thus, if span of control is a significant issue, I should find that the quality of all the pre-

existing schools will decline with expansion. In order to test this, I will look at how school

quality changes with the addition of new schools in the network. I will estimate the following:

q̂sbt = ωs + Ast + δEnt + µsbt (1.9)

where ωs is a school fixed effect, Ast is the school’s age at time t, Ent is the total enrollment at

network n at time t, and µsbt is the error term. I use three different measures of enrollment,

which each have their pros and cons: total number of schools, total enrollment and total

grades served. One problem with total number of schools is that charter schools age in–i.e.

in their first year they usually only have one grade, then the next year, those students move

up and they admit another class. Thus, there are sometimes fairly substantial changes to

the number of students a network serves, even in years that they didn’t really expand. Total

enrollment is also problematic though, since it might be related to demand for that network.

Total number of grades is a compromise between the two. The results are presented in the

following table:

As we can see from the table, regardless of how we specify network size, I cannot reject

the null that schools do not change in quality with the size of the network as a whole. Thus,

I do not find any evidence that span of control issues are causing problems as networks
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Table 1.11: Changes to Quality with Expansion for Previously Existing Schools

English Math
(1) (2) (3) (4) (5) (6)

Age -0.0067 -0.0092∗ -0.0082 -0.0111∗ -0.0157∗∗ -0.0129∗

(0.0043) (0.0054) (0.0054) (0.0057) (0.0073) (0.0073)

# Schools in 0.0025 -0.0015
Network (0.0063) (0.0085)

Total Network 0.0096 0.0116
Enroll. (in 1000s) (0.0115) (0.0158)

# Grades 0.0005 0.0003
Served (0.0009) (0.0012)

School FEs Yes Yes Yes Yes Yes Yes
Observations 372 372 372 359 359 359

Standard errors in parentheses
∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01

expand. Because I am now including school fixed effects, the fact that I have an unbalanced

panel would cause some problems, so I restrict the sample to only schools that existed in

my entire sample. In Appendix Tables (A.2, A.3, A.4) I try another few specifications, such

as only using elementary and middle schools, or year fixed effects, but the results are very

similar.

Networks Focus on Building a Reputation

It is difficult for economists to determine school quality, let alone for parents. Abdulkadiroğlu

et al. (2019) find that parents choose schools based on peer achievement levels, not on value-

added. It is possible that parents use a network’s reputation as another proxy for quality. If

this is the case, then networks might focus on building a reputation early on and then cut

back spending on quality once that reputation is established. Testing this theory will be the

focus of future work.
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Scarce Inputs

Another possibility is that there are certain inputs that are scarce that a network has more

and more difficulty obtaining as they expand. Teachers and principals typically have a large

impact on quality and could certainly be scarce. However, all of the charter networks in New

York City expanded on very different time frames. When Success Academy first entered New

York, some networks already had more than eight schools. The declines that I see are with

age or number in network, not year. So, it would have to be a very specific scarcity, i.e. it

would have to be a scarcity of teachers or principals that match only with that network.

1.8 Conclusion

In my investigation of charter network scale up in New York, I find evidence that policy

makers should reconsider or re-work policies that encourage the replication of successful

charter schools. Although I find that networks that improve math test scores more are the

ones expanding the most, I also find that as these networks expand, English test score value-

added declines both for later schools in a network and with age. I investigate one of the

most likely interpretations which is that there is a change in the types of students that char-

ter schools are serving. With heterogeneous returns to charter schools, this would cause my

measured value-added to decline. Although I find heterogeneous returns to charters, I find no

evidence of changes to observable characteristics that match the declines in quality I observe.

This evidence also suggests that charter authorizers should spend more time looking at

the quality of the marginal school in a network, not the average quality of schools in a net-

work. Currently, when an authorizer is reviewing applications for new charter schools, they

focus on the average. However, if a network were trying to open an eighth school, authorizers

should look at quality of the sixth and seventh school in that network. This does not imply

that there should be a cap on network size. There is a lot of heterogeneity in quality across
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networks, so if quality declines somewhat for the best networks, those schools will still be

very good. In lower quality networks though, authorizers might want to considering limiting

network size.

In addition, other states might want to keep a closer watch on networks that expand. New

York State has a fairly well-regulated charter sector, so some of these patterns of decline

might be worse in other states. For example, in Michigan, any university or community col-

lege can be a charter authorizer, and they get to collect a percent of the state funding that

will go to the schools they approve. This clearly decreases the incentive for authorizers to

reject new charter schools or shutdown existing ones. In addition, there are some authorizer

specific policies which encourage expansion that might exacerbate the declines in quality I

find. For example, the application to open a replication school through Grand Valley State

University, has an explicit maximum of only ten pages, and there is only one question that

deals with academic results at the original schools in that network. In future work, I plan

to determine if the patterns I witness in New York hold in other states.
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CHAPTER 2

EVALUATING THE HOSPITAL READMISSIONS

REDUCTION PROGRAM

2.1 Introduction

Hospital readmissions have been a focus of research since Anderson and Steinberg (1984)

found that between 1974 and 1977 readmissions accounted for twenty-four percent of Medi-

care spending. This amounted to $2.4 billion dollars during that period. This figure has

only grown with time, and Jencks, et. al (2009) found that in 2004, unplanned readmissions

cost Medicare $17 billion. Recent estimates by Boozary (2015) have risen as high as $26

billion. Early work on readmissions attempted to determine whether or not readmissions

were preventable, resulting in a wide array of results. On the low end, Frankl, Breeling, and

Goldman (1991) found that nine percent of all readmissions at a university hospital were

preventable. On the high end, Chaput-Toupin et al. (1996) found that fifty percent could

have been avoided. Kelly, et al. (1992), Gautam et al. (1996), Graham and Livesley (1983),

and Oddone et al. (1996) all found that anywhere between fifteen and thirty-four percent of

readmissions were preventable.

Given the high cost and the fact that at least some, if not many, readmissions could be pre-

vented, policymakers have looked for ways to fix the problem. In 2008, the CMS suggested

implementing payment incentives to reduce the rate of hospital readmissions. Afterwards,

the Hospital Readmissions Reduction Program (HRRP) made its way into the Affordable

Care Act, which was signed into law on March 23, 2010. Starting in October 2012, the

CMS began adjusting all payments made to hospitals in the Inpatient Prospective Payment

System (IPPS) if they had excess readmissions rates for specific conditions. In the begin-
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ning, the only conditions included were pneumonia, acute myocardial infarction (AMI)1,

and heart failure. In 2015, the standards were expanded to include chronic obstructive pul-

monary disease and total hip or knee anthroplasty, and for 2017, coronary artery bypass

graft surgery will be added. Readmission rates are risk-adjusted using comorbidities, age,

and sex, and then hospitals are given a benchmark based on their case mix. If they exceed

this benchmark, then all payments by Medicare to the hospital are adjusted by a maximum

of three percent (this maximum was one percent in the first year and two percent in the

second year). In the past three years, almost two-thirds of hospitals have been fined a total

of nearly $1 billion, with an estimated total of $428 million in fiscal year 2015.

As soon as the HRRP details were announced, many criticized the fact that readmission

rates were not risk adjusted based on the race or socioeconomic status of the patients. In-

deed, even the expert panel that the CMS convened when crafting the HRRP suggested that

they be taken into account. Since then, MedPAC advised Congress in 2013 that they should

be considered, and numerous journal articles, such as Joynt and Jha (2012, 2013a, 2013b),

Joynt et al. (2011), and Shih et al. (2015), have documented the fact that hospitals that

serve more low income and minority patients tend to have higher readmission rates. As a

result, bills have been introduced in both the House and the Senate to include socioeconomic

factors, and the CMS is currently conducting a two-year trial to test the use of socioeconomic

factors for risk adjustment.

Although there has been a push to include race or socioeconomic status in risk-adjustment,

the CMS’s justification for not including socioeconomic status—i.e. that poor patients likely

attend worse hospitals on average—seems highly plausible. In Figure 1, I plot the correlation

between the percent of patients at a hospital that are eligible for Supplemental Security In-

1. More commonly known as a heart attack.
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Figure 2.1: Correlation between SSI Ratio and Hospital Quality

come (SSI) and the scores on fifty-one different CMS process of care quality metrics. These

metrics should not be affected by the socioeconomic status of the patients (as mortality rates

or readmission rates could be) because they measure adherence to basic procedure. For ex-

ample, one metric measures whether or not patients who arrive with a possible heart attack

are given aspirin, and another measures what percent of the hospital staff has been given a

flu shot. Figure 1 shows that the SSI ratio has a negative correlation with almost all of the

process of care measures2. Since a higher SSI ratio means there are more poor patients, this

figure suggests that indeed, poor patients are more likely to attend worse hospitals. Other

papers have found similar results, such as Hasnain-Wynia, et al. (2007) which found that

the majority of differences in treatments across races was due to site of care.

2. For some of the measures, a low score is better, so I took the negative of the measure
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When studying this relationship, the majority of other papers, such as the ones cited above,

have just looked at correlations between patient income and readmissions. Some papers have

tried to control for the fact that there is also likely a negative correlation between hospital

quality and patient income, but there are not that many that I could find. Joynt, et al.

(2011) compare the outcomes of blacks at predominately non-minority serving hospitals and

whites at predominantly minority-serving hospitals. To make this comparison, they just

split hospitals into these two broad categories, and thus do little to control for site of care.

I was also able to find two papers that focus on individual hospitals to control for this issue.

First, Hu et al. (2014) look at a major hospital in Detroit and find somewhat mixed results.

Because they do not have individual socioeconomic variables, they must rely on a patient’s

address to estimate them. They find that patients from areas with a large portion of families

below the poverty line tend to have higher readmissions, but that there is no effect for pa-

tients who are from areas with lower median incomes. Second, Amarasingham et al. (2010)

look at a hospital in Texas and find a weakly significant effect of living in the lowest quintile

census tract. (With both of these papers, it is unclear how much socioeconomic variation

there is for just one hospital, and neither explicitly addresses this.)

There also have been a limited number of studies that have analyzed the effects of the

HRRP on readmissions. The only one that I could find was Zuckerman et al. (2016), which

found that from 2007 to 2015, readmissions rates for targeted conditions (AMI, heart failure,

and pneumonia) declined from 21.5% to 17.8%, and that for non-targeted conditions, they

fell from 15.3% to 13.1%. However, they do not claim that HRRP caused this drop, and

because non-targeted conditions fell as well, it is possible that other changes from the ACA

caused the decrease in readmissions. I will build on this study by identifying a group of

hospitals that were not subject to the HRRP, and use them as a control group. Next, I in-
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vestigate whether or not a hospital’s proportion of poor patients has an effect on a hospital’s

readmission rates. To do so, I identified hospitals that have closed in the last eight years.

A number of papers have found that distance is one of the most important determinants of

hospital choice, such as Gaynor and Vogt (2000, 2003) and Town and Vistnes (2001), Chan-

dra et al. (2016), and Romley and Goldman (2011). Thus, after a hospital that treats a

large number of poor patients closes, nearby hospitals should have an increase in the fraction

of poor patients that they are treating. I can use this to look at how the changes in patient

population affect the readmission rates at the closest hospitals.

2.2 Data

2.2.1 Sources

Beginning in 2005, CMS started its Hospital Compare datasets. These allowed both the

public and researchers to compare the quality of different hospitals. The site began with

quality metrics, but in 2009, CMS started posting 30-day risk adjusted readmission rates

and mortality rates for heart failure, pneumonia, and AMI. The CMS defines a readmission

as an admission to a hospital within thirty days of being discharged from another hospi-

tal. CMS risk-adjusts these measures for the presence of comorbidities, age, and sex. The

readmission rates are updated annually in July on a one year lag, and are on a rolling three

year average. So, in July 2009, CMS posted the data covering July 2005- June 2008. The

CMS does not calculate readmission rates for any condition for which the hospital saw fewer

than 25 patients. In 2015, the CMS widened the definition of what constituted a pneumonia

admission, so I dropped that year for pneumonia.

To measure socioeconomic status at each hospital, the CMS posts the ratio of patients

that qualify for Supplemental Security Income for all hospitals in the IPPS. This data is not
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included in the Hospital Compare datasets. Because the IPPS does not include the critical

access hospitals, I do not have data on the SSI ratios for those hospitals, and thus cannot

include them when I look at the effect of an influx of poor patients at a hospital.

CMS also publishes a yearly IPPS Impact File which contains the fines that will be levied

against the hospital in the upcoming year. This fine is a downwards adjustment that will

be applied to all payments made by Medicare. The size of the fine is determined by how

much the hospital exceeds a benchmark the CMS determines. This benchmark is calculated

by first running a hierarchical logistic regression of readmissions on comorbidities, age, and

sex. From this regression, they generate a predicted readmission rate for each patient. They

then sum these probabilities and determine a predicted readmission rate. If the hospital

exceeds this predicted level, then they are fined. The fine is the payment weighted average

of the excess readmission rates across the conditions CMS is using at the time. Because

CMS continually updates the benchmarking process, as hospitals across the country lower

their readmission rates, the predicted values of readmission fall which makes it harder for

the hospitals to avoid getting fined. Zhang et al. (2016) theorize that this setup might cause

hospitals to end up in a Nash equilibrium such that no hospitals are investing in reducing

readmissions rates.

I also used some county-level data in my regressions. First, I used county population es-

timates from the Census. The Census estimates county population by five-year age group

every year, so I used the total age 65 and over population for each county. I also used

county-level unemployment rates. The Bureau of Labor Statistics calculates employment

data at the county-level at a monthly frequency.
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2.2.2 IPPS vs. CAH Hospitals

The IPPS was setup in 1983 to reorganize the way Medicare made payments to hospitals.

In 1997, after a string of rural hospital closings, Congress created a critical access hospital

(CAH) designation for some rural hospitals. For a rural hospital to be deemed a critical

access hospital, it needs to maintain certain services, such as a 24/7 emergency room, and

meet certain criteria. For example, the hospitals need to be the only one within a thirty-

five mile radius. If the hospital does qualify, it gets reimbursed at 101% of reasonable costs.

These two types of hospitals cover the majority of hospitals in the country, though Maryland

has its own all-payer system, and thus hospitals there do not participate in either program

3. These critical access hospitals are spread throughout the U.S., though they are the most

concentrated in the Midwest. Figure 2 shows the distribution of the hospitals. Most states

have a number, though five states do not have any (Rhode Island, Connecticut, New Jersey,

Maryland, and Delaware). This is not too surprising given that a critical access hospital is

required to be 35 miles away from the closest hospital, and Rhode Island itself is only 38

miles by 47 miles in area. Table 1 shows some summary statistics comparing the two types

of hospitals.

3. In 2014, Maryland started its own readmission reduction program, so I dropped them from my sample.
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Figure 2.2: Map of Critical Access Hospitals
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Table 2.1: IPPS vs. CAH Hospitals

IPPS CAH
Hospital Average 3-year Total Number
of Patients (July 2007 - June 2010)

Heart Failure 401.4 79.8
Pneumonia 335.9 106.2
AMI 223.65 62.4

Average Readmission Rates
(July 2007 - June 2010)

Heart Failure 24.9 24.7
Pneumonia 18.5 18.2
AMI 19.8 20.3

Std. Dev Readmission Rates
(July 2007 - June 2010)

Heart Failure 2.07 1.57
Pneumonia 1.61 1.34
AMI 1.40 1.22

Number of Hospitals in Sample
(July 2007 - June 2010)

Heart Failure 3096 965
Pneumonia 3109 1136
AMI 2294 125
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Because the Hospital Compare data is a three-year rolling window, the first row in Table

1 is the average over all hospitals of each individual hospital’s total from 2007 to 2010—the

last data point before the ACA was signed. As we can see from the table, CAHs are substan-

tially smaller than IPPS hospitals. However, there are still about one thousand hospitals

with data for heart failure and pneumonia. In addition, though the sizes are very different,

their readmission rates are nearly identical. When the ACA was passed, there were no pro-

visions that linked performance to pay for these critical access hospitals4. Because critical

access hospitals are not subject to HRRP, I will use them as a control group.

Though there are differences between IPPS and CAH hospitals, I think they can be used as

a viable control group. Though they are smaller than the average IPPS hospital, their aver-

age readmission rates before the ACA was passed were nearly identical. Though somewhat

more concentrated in the Midwest, they are spread throughout the map, and thus would

be affected by regional trends similar to IPPS hospitals. Also, although all critical access

hospitals are rural, not all rural hospitals are critical access hospitals. In fact, there are 1,058

rural IPPS hospitals. The big difference between the two sets of hospitals is that the critical

access hospitals were not subject to the payment system changes that those in the IPPS

were. Because a number of other IPPS pay-for-performance measures began at the same

time, such as the Hospital Acquired Condition Reduction Program, any differences between

the two groups will not be directly attributable to the HRRP, but the pay-for-performance

measures more generally. At the same time, the HRRP was the only one of these which

focused on readmissions.

4. There has been some discussion of moving critical access hospitals to a more similar payment system,
but there have not yet been any moves made, only discussions about how it will be difficult to adapt the
program to these hospitals.
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2.2.3 Identifying Closed Hospitals

To identify hospitals that had closed within the last eight years, I looked at hospitals that

dropped out of the Hospital Compare dataset, and found three hundred and one. However,

a closure was not the only reason that a hospital might drop out of the sample. For example,

a few hospitals dropped out of the sample because the facility was outdated, and a new one

had been built across the street or close by (clearly, I did not include these). In order to

verify which hospitals had truly closed, I used local news reports and hospital press releases.

Many of these hospitals had closed in a manner that made them unusable, but I identified

ninety-nine that had. Many closed because they were losing money, but there were others

reasons too, such as fraud investigations. A few of hospitals had not fully closed, but had

instead downgraded the amount of care that they offered. To make a decision on whether or

not to include these hospitals, I looked at how much the hospital had cut back. If they still

ran an emergency room and had services to treat major ailments, I did not include them.

However, a few were turned into urgent care facilities, which do not treat any serious ail-

ments, have limited hours, and cannot provide adequate care for pneumonia, AMI, or heart

failure. Last, there were also some that closed too early or too late for them to be usable

given the data I have.

Because the data I used was only updated annually, I had to decide which data point would

be the first that the hospital closing affected. I decided that if a hospital closed before De-

cember 31, I considered it to have closed at the beginning of that year of data; otherwise, I

used the next year. For example, if a hospital closed on November 15, 2011, I said that its

closing would have affected nearby hospitals in the new data covering July 2011 - June 2012.

Of the ninety-nine hospitals I found, I then only included those that had at least twenty

five patients for each specific condition within the last three years. This is the cutoff that
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CMS uses as the number of patients necessary to calculate a readmission rate. In Table 1,

I present summary statistics comparing the closed hospitals to the full sample. The average

closed hospital was about half the size as the average hospital in the full sample, and the

median was about sixty percent as large. The hospitals that closed also had about twice as

many patients who qualified for SSI. Because SSI ratios at each hospital are not included

in the Hospital Compare dataset, I also had to drop one more hospital from my regressions

on hospital closings. This brings down the total number of closed hospitals to 75 and 50 for

heart failure and pneumonia respectively. Because there were so few closed hospitals that

had enough AMI patients, I focus on pneumonia and heart failure going forward, though I

still present the results for AMI.

Table 2.2: Hospital Summary Statistics

Closed Hospitals Full Sample
Number of Hospitals:
Heart Failure 76 4089
Pneumonia 51 4328
AMI 23 2469

Hospital-Average 3-year Total
Number of Patients (July 2005- June 2008)

Heart Failure 176.8 354.37
Pneumonia 181.6 306.7
AMI 109.0 232.9

Hospital Median 3-year Total
Number of Patients per (July 2005- June 2008)

Heart Failure 143 229
Pneumonia 149 234
AMI 81 137

Mean SSI Ratio 14.6% 7.1%

In Figure 3, I plotted the hospitals that closed that had enough patients to be a part
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Figure 2.3: Map of Closed Hospitals in Sample

of my sample. Most of the hospitals are in the eastern half of the United States, though

within the eastern half of the United States, they are fairly spread out. After creating a

dataset of closed hospitals, I needed to determine the next closest hospital. First, I assigned

each hospital to its Hospital Referral Region (HRR) as defined by the Dartmouth Atlas of

Health Care. These regions were defined by “determining where patients were referred for

major cardiovascular surgical procedures and for neurosurgery.” The HRRs are frequently

used to delineate health care markets. Figure 3 shows the map of the 306 HRRs in the

country. After assigning each hospital to its HRR, I then used Python to query Google

Maps as to the distance between the hospital that had closed and every other hospital in

the same HRR. I took these results and then was able to identify the closest three hospitals

to the hospital that had closed. Of the seventy-six closed hospitals that I used, they come

from sixty different hospital referral regions. The majority of these HRRs only experienced

one hospital closing in the sample period, though four HRRs had three or more. Three of

these four regions included Los Angeles, Houston, and New York City. (Alabama was the

main area consisting of the fourth, and there were fifty hospitals in total in that HRR.) On
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Figure 2.4: Map of Dartmouth Atlas Hospital Referral Regions

average, HRRs that had at least one hospital close had 29.2 total hospitals. Of the hospitals

that closed, there was only one hospital that was closest to two separate hospitals that had

closed. Of the top three closest hospitals for all seventy-six closings, there were only nine

that were also on another hospital’s list in the top three, and no closed hospital was the

closest to another hospital that closed.

2.3 Empirical Strategy

Because the HRRP does not cover all hospitals, but only those in the IPPS, the critical

access hospitals are exempt. I therefore used the CAHs as a control group in the following

procedure. In order to investigate the changes caused by the HRRP, I estimated the following:

∆Rh,m,t = yt + yt · Ih{IPPS}+HRRk + gh + κ∆uc,t + βfh,t + εh,t (2.1)
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I used the difference in readmission rates, ∆Rh,m,t
5, in order to remove hospital level fixed

effects. I also include stand alone year dummies, yt, and year dummies interacted with

whether or not the hospital is in the IPPS program. I included hospital referral region

dummies, HRRk, and the change in county level unemployment, ∆uc,t, in order to deter-

mine whether or not any changes were more correlated with regional developments than the

HRRP. I also include any fine the hospital may have received, fh,t. The fines are announced

directly preceding a fiscal year, and are applied to all Medicare reimbursement in the upcom-

ing year. Last, the variable gh represents classification type. The CMS classifies its hospitals

as either large urban, other urban, rural, or critical access.

After investigating the overall effect of the HRRP, I then try and determine the effect that

having low socioeconomic patients has on a hospital’s readmission rate. To do so, I identified

seventy-six hospitals that have closed in the US since 2008. My first step after identifying

these hospitals was to verify that nearby hospitals saw an increase in patients after a hospital

closed down. To investigate this, I estimated the following for each condition separately:

∆Nh,t = HRRk + δyg + α′Qh,t−1 + γ∆pc,t +
3̧

d=1

Id,j ·Nj,t′ + µh,t (2.2)

where ∆Nh,t is the change in the number of patients at hospital h and δyg is a year-

classification dummy (the four classifications being rural, other urban, large urban, and

critical access, which Medicare designates). The sum at the end before the error term in-

cludes indicators for whether or not the hospital was the dth closest hospital to hospital j

that shut down in period t′. Since the data are three-year totals, I include this indicator

5. Because the rates in the data are three year averages, when looking at two individual differences for two
different hospitals, comparing the two could be misleading if the base number of patients changed in a very
different manner for the two hospitals. If IPPS hospitals were consistently growing and CAH hospitals were
consistently shrinking, using equation 2 to compare these differences would be much more difficult. However,
the overall percent change in the number of patients at CAH and IPPS hospitals tracks fairly closely, and
the average difference in the growth rates by condition are less than one percent, so this mitigates this issue.
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for the three years after the hospital closed. I interacted this with the size of the closest

hospital since a larger hospital should send more patients to nearby hospitals after it shuts

down. When trying to determine the effect of hospital closings on the number of patients,

there are a number of issues that could arise. First, the fact that hospital closings are not

random6 could cause issues. A hospital in a region that was shrinking might be more likely

to close, which would also likely affect the nearest hospital. This is why I included the HRR

dummies, as well as the change in the elderly population in the county, ∆pc,t. Another

reason that hospital j might be more likely to close is if hospital h is a high quality hospital.

Since Chandra et al. (2016) showed that hospital quality is associated with a growing market

share, not controlling for quality would bias this regression. Therefore, I included Qh,t−1

which is a vector of the thirty day readmission rates and the thirty day mortality rates for the

three conditions (these are two of the quality metrics Chandra et al. (2016) were looking at).

After showing there seems to be an increase in patients at nearby hospitals after a shut-

down, I then move on to the main regression—to see if this increase results in a change in

the readmission rate. To investigate this, I estimate the following equation:

∆Rh,t = δyg +HRRk + αfh,t + η∆uc,t +
3̧

d=1

Id,j · wj + ξh,t (2.3)

The variable ∆uc,t represents changes in county level unemployment, and wj represents

whether or not the closed hospital, hospital j, served a different share of poor patients than

the hospital h that it was close to. I divide nearby hospitals into three categories: those

which had richer patients than the nearby hospital, poorer, and about the same. When I

classified the closest three hospitals as either richer, poorer, or about the same, the cutoff

that I used to classify the three groups was half a standard deviation of the SSI distribution.

6. One hospital did close because it was destroyed by Hurricane Sandy.
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Again, there are a number of endogeneity concerns at first glance, since hospital closings

are not random. Area economic conditions could both drive a hospital out of business and

cause an increase in readmissions, which is why I am controlling for changes in the county

unemployment rates. I also include HRR fixed effects in case there are other regional trends

correlated with hospital closings and readmission rates. Another concern is that many hos-

pitals are owned by companies that manage more than one hospital in the region. These

companies often consolidate regional hospitals when one is struggling financially. Since this

consolidation might come with some kind of planned modernization or expansion of the

nearby hospital which could affect readmission rates, I purposefully left off hospital closings

that were announced as a part of a regional consolidation. Next, hospitals compete with

each, so there might be a concern that if a nearby hospital is of much higher quality (as mea-

sured by readmissions rates), this hospital could drive the other out of business. While this

surely sometimes happens, since I looked at differences in readmissions rates, I am differenc-

ing out a hospital quality fixed effect that might be causing this. For there to be a problem,

there would need to be some hospital specific intervention that both decreased readmission

rates and drove other nearby hospitals out of business in the same time horizon. Since most

readmission rates interventions involve following up better with patients, it seems unlikely

that such an intervention would both take a while to bring down rates, and cause an nearly

immediate closing of a nearby hospital.

Another concern in a different vein is that since patients will have to travel farther, in

the case of an emergency, like a heart attack, it will take the patient longer to get to the hos-

pital, so their readmission rates will be higher because they will be in worse health when they

arrive. However, Joynt et al., (2015) studied areas that had hospital closings, thus forcing

patients to travel further, and found that they were not associated with a worse outcomes.
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Last, one concern might be that an influx of patients would cause a rise in the readmission

rate because the hospital was overwhelmed by the new patients. By including hospital clos-

ings where the nearby hospital treats a similar number of SSI patients or even fewer, if the

influx were overwhelming the hospital, we would expect to see a positive coefficient on all

three types of closings.

2.4 Results

2.4.1 Effect of the HRRP

The first part of my investigation involves using the critical access hospitals to look at the

effect of the HRRP. Table 3 presents the results equation 1. When running the regression,

I left off the IPPS designation of “rural”7. So, the other region dummies are measured in

comparison to that baseline. Fines are measured in percentage points, and the average fine

for each year is at the bottom of the table.

Table 3 mostly shows very little effect of the HRRP. Readmission rates seem to have

fallen, especially between 2012 and 2014. Although readmission rates fell by a fair amount

for all three conditions, the difference between the IPPS hospitals that were affected by the

HRRP and the critical access hospitals which were not a part of the program is negligible. In

most years, the difference is statistically insignificant. In 2012, there is some evidence that

IPPS hospitals saw a larger decline in readmissions rate, though compared to the overall

drop that year, it is not very large. Though the fines have a statistically significant coeffi-

cient, after the fines started, the difference between the IPPS hospitals and CAH hospitals

becomes positive. This somewhat negates the impact of the fine, though the worst hospitals

still improved slightly more than the CAH hospitals those years. The trend also seems to be

fairly uniform across the country. Of the 305 coefficients on the HRR dummies (one was left

7. This is not the same as a critical access designation.
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Table 2.3: Change in Readmission Rates and HRRP

Full
2009 2010 2011 2012 2013 2014 2015 Sample

Pneumonia
Year Dummy 0.06 0.06 0.02 -0.86∗∗ -0.32∗∗ -0.39∗∗

Year-IPPS 0.02 -0.05 0.01 -0.10∗∗ 0.20∗∗ 0.12∗∗

Interaction

Fines -0.61∗∗

Other Urban 0.06∗∗

Large Urban 0.03

Heart Failure
Year Dummy 0.24∗∗ 0.14 -0.02 -1.55∗∗ -0.36 ∗∗ -0.63∗∗ -0.05

Year-IPPS -0.04 -0.02 -0.06 -0.16∗∗ 0.13∗∗ 0.01 0.18∗∗

Interaction

Fines -0.43∗∗

Other Urban 0.09∗

Large Urban 0.05

AMI
Year Dummy 0.06 -0.04 -0.04 -1.2∗∗ -0.60∗∗ -0.81∗∗ -0.20

Year-IPPS -0.01 -0.06 -0.10 -0.15 0.19∗ 0.01 0.18
Interaction

Fines -0.22∗∗

Other Urban 0.04
Large Urban 0.03

Average Fine 0.27 0.25 0.49
∗ p < 0.05, ∗∗ p < 0.01
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out as the baseline), only 3 are statistically significant, which is within the range we would

expect if there were no true differences between the HRRs. Hospitals that the CMS classifies

as “other urban” seem to have had slightly less of a decline. The findings seem to show

most of the decline coming in an abrupt fall in 2012 followed but smaller but still significant

declines the next two years. This does seem a little strange, but it is in line with what

Zuckerman et al. (2016) found using Medicare Part A and B claims forms. They theorize it

was because hospitals were anticipating the upcoming fines, but because they do not include

the critical access hospitals, they miss that these hospitals fell by a similar amount.

Figures 2.5, 2.6, and 2.7 show the cumulative effect of changes in readmissions at IPPS

and critical access hospitals for pneumonia, heart failure, and heart attacks respectively.

From these graphs, it is striking how similar the declines in readmissions are across these

two types of hospitals. Readmissions for these three conditions fell between 1.5 percentage

points and 3 percentage points, while the difference between the two types of hospitals was

never greater than 0.2 percentage points.

It is possible that another program that only affected CAHs came into effect during a

similar time period that caused a simultaneous decline, but I was unable to find any. While I

was able to find a some other programs that targeted readmissions, I was not able to find any

that only targeted critical access hospitals. It is possible that some of these other programs

are more responsible for the decline in readmissions than the HRRP is. For example, in

April 2011, the Partnership for Patients campaign was launched in an attempt to reduce

readmissions and hospital acquired conditions. The program included both IPPS and critical

access hospitals. This program too, though, was studied by Gerhardt (2013), and hospitals

that did and didn’t participate saw similar declines in readmissions. Another possibility

is the Health Information Technology for Economic and Clinical Health (HITECH) Act of
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Figure 2.5: Cumulative Change in Pneumonia Readmissions Rates

Figure 2.6: Cumulative Change in Heart Failure Readmissions Rates
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Figure 2.7: Cumulative Change in AMI Readmissions Rates

2009. This act incentivized the transition to electronic health records and took place in a

similar time frame as the HRRP fines. The switch to electronic health records also often

brings with it systems that facilitate communication between doctors and patients. Because

many readmissions are caused by things like a patient not taking their medication correctly

or missing a follow-up appointment, a clear print out of instructions could theoretically help

reduce readmissions rates. It is clear that determining why readmissions declined requires

further investigation.

2.4.2 The Effect of Hospital Closings

Next, I attempted to determine if after a hospital closes, whether or not the nearby hospitals

receive an influx of patients. To do so, I estimate equation 2 from the preceding section.

From the table, we can see that if a hospital shuts down, the closest two hospitals gener-

ally have an increase in the number of patients, though the third closest has no statistically

significant change. Because the dummy for a closed down hospital nearby was interacted
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Table 2.4: Increase in Patients at Nearby Hospitals

Closest 2nd Closest 3rd Closest

Heart Failure 0.10∗ -0.08 0.06
[-0.01, 0.20] [-0.19, 0.04] [-0.06, 0.17]

Pneumonia -0.01 0.23∗∗∗ 0.04
[-0.10, 0.87] [0.14, 0.33] [-0.05, 0.13]

AMI 0.32∗∗∗ 0.21 -0.05
[0.08,0.56] [-0.14, 0.55] [-0.4, 0.29]

95% confidence interval in brackets
∗ p < 0.1 ∗∗ p < 0.05, ∗∗∗ p < 0.01

with the size of that hospital, the interpretation of the coefficient is that if a hospital that has

had an average of 100 AMI patients over the last three years, the closest hospital has an as-

sociated increase of 32 patients on average. Overall, the estimates are somewhat small, with

AMI showing the most evidence that the nearest hospitals take in a large portion of patients

who likely would have gone to the hospital that has closed. This might be because AMI is

usually more time sensitive than heart failure and pneumonia for most patients. Though

this specification requires more investigation, it is not the main regression of interest, and it

still shows some evidence that the closest two hospitals saw an increase in patients following

a hospital shutdown. I will discuss ways I could improve upon this test in the conclusion.

Last, I move on to the demographic regression of interest. Table 5 shows my estimation

of equation 3. Because my earlier regression showed that the third closest hospital showed

no increase in patients after a hospital closing, I only included the first two closest hospitals.

The column “poorer” refers to the indicator for having a hospital that has a higher ratio of

SSI patients close down nearby.
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Table 2.5: Effect of Hospital Closures on Nearby Readmission Rates

Heart Failure Poorer Richer Similar SSI

Closest Hospital 0.13 0.27 0.03
[-0.38,0.65] [-0.35, 0.90] [-0.42, 0.48]

Second Closest Hospital -0.15 -0.02 0.06
[-0.65, 0.35] [-0.67, 0.62] [-0.40, 0.52]

Pneumonia

Closest Hospital 0.42 0.32 0.17
[-0.06, 0.9] [-0.30, 0.95] [-0.25, 0.59]

Second Closest Hospital -0.47 -0.31 -0.09
[-0.96, 0.03] [-0.91, 0.29] [-0.53, 0.34]

AMI
Closest Hospital -0.07 -0.04 0.16

[-0.73,0.58] [-0.76, 0.68] [-0.37, 0.70]

Second Closest Hospital -0.18 0.07 -0.04
[-0.92, 0.55] [-0.61, 0.75] [-0.62, 0.55]

From the results, I am unable to reject the null that an increase of poor patients has no

effect on a hospital’s readmission rate. None of the estimates are significant at the 95% con-

fidence level. While this provides some evidence that socioeconomic status is not to blame

for higher readmission rates, there are a number of ways this study could be improved, which

I discuss in the conclusion.
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2.5 Conclusion

In the years since the ACA was passed with a provision to reduce hospital readmissions,

readmission rates around the country have fallen. Because these rates have fallen, the CMS

has continued to revise and expand the Hospital Readmission Reduction Program. CMS

has been considering adding the critical access hospitals, and they are continuing to add

more conditions to the program. However, it is important to know its true effects. Though

rates have fallen, the CMS should keep in mind that other hospitals not associated with the

program saw similar declines during the same time period. It is worth investigating what

may have actually caused these declines. If another program is in fact responsible, then the

CMS should focus on expanding that program instead. There were a slew of provisions in the

ACA that also could have affected readmissions rates, such as the Community-based Care

Transitions Program, the Partnership for Patients, or the Accountable Care Organizations,

just to name a few.

At the same time, the CMS should be wary of changing their risk-adjustment process. At

the beginning of the 2016 fiscal year, CMS announced that it is working with the National

Quality Forum to run a two-year trial to test adding a socioeconomic factor to the risk ad-

justment. Numerous academics and papers have been published documenting the correlation

between the treatment of more poor patients and higher rates of readmission, though none

have shown any causal evidence. In my study, I was unable to reject the null that an increase

in poor patients at a hospital increased the readmissions rate.

While I did not find any evidence that more poor patients at a hospital lead to an in-

creased readmission rates, I would be interested in using disaggregated Medicare claims data

to better investigate this question. Using the disaggregated Medicare claims data would

improve the analysis in a number of ways. With the claims data, it would be possible to
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look at the period immediately following the closing as opposed to having to use a start date

that was up to six months off. Second, Medicare claims data has patient zip codes, so I

could get a better sense of patient socioeconomic characteristics. Third, many of the critics

of the risk adjustment cite both race and socioeconomic status. I did not have any data

on race, though I could look at both using Medicare claims data. Last, while a number of

hospitals have closed since 2008, using a longer time series would allow for a larger number

of hospitals to be used. A longer time series would also help when examining the effect of

the HRRP as well, since Hospital Compare only had a few years of data before the ACA

was signed.
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APPENDIX A

ROBUSTNESS CHECKS

Figure A.1: Manhattan Census Blocks
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Figure A.2: Black-White Test Gap

Note: This graph shows the difference between the average of all white students’ math and
English test scores and the average of all black students’ math and English test scores.
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Figure A.3: Distribution of Census Tract Median Household Income for Charter and
Tradtional Public School Students, 2015
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Table A.1: Within Network Changes in Value-Added, Elementary & Middle Schools Only

English Math

Age -0.00790∗ -0.00987∗

(0.00403) (0.00583)

I{#2-3} -0.0167 -0.0113
(0.0209) (0.0302)

I{#4-5} -0.0422 -0.0651
(0.0357) (0.0516)

I{#¿=6} -0.0499 -0.0800
(0.0419) (0.0607)

Network-Year FE Yes Yes
N 498 498

Standard errors in parentheses
∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01
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Figure A.4: Coefficients from Nonparametric Age Specification, English
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Figure A.5: Coefficients from Nonparametric Age Specification, Math
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Table A.2: Span of Control – Only Elementary & Middle Schools

English Math
(1) (2) (3) (4) (5) (6)

Age -0.0034 -0.0082∗ -0.0065 -0.0038 -0.0154∗∗ -0.0095
(0.0039) (0.0048) (0.0049) (0.0055) (0.0068) (0.0069)

# Schools Open 0.0001 0.0002
in Netw. (0.0055) (0.0078)

Total Netw. 0.0140 0.0340∗∗

Enroll (in 1000s) (0.0105) (0.0147)

# Grades 0.0007 0.0013
Served (0.0008) (0.0011)

School FEs Yes Yes Yes Yes Yes Yes
Observations 304 304 304 304 304 304

Standard errors in parentheses
∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01

Table A.3: Span of Control – Year Fixed Effects

English Math
(1) (2) (3) (4) (5) (6)

# Schools Open 0.0027 0.0005
in Network (0.0062) (0.0085)

Total Netw. 0.0119 0.0168
Enroll. (1000s) (0.0116) (0.0161)

# Grades 0.0006 0.0006
Served (0.0009) (0.0012)
School FEs Yes Yes Yes Yes Yes Yes
Year FEs Yes Yes Yes Yes Yes Yes
Observations 372 372 372 359 359 359

Standard errors in parentheses
∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01
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Table A.4: Span of Control with Year Fixed Effects, Only Elem. & Middle Schools

English Math
# Schools Open -0.0007 0.0008
in Network (0.0054) (0.0079)

Total Netw. 0.0138 0.0355∗∗

Enroll (1000s) (0.0104) (0.0150)

# Grades 0.0006 0.0014
Served (0.0008) (0.0011)

School FEs Yes Yes Yes Yes Yes Yes
Year FEs Yes Yes Yes Yes Yes Yes
Observations 304 304 304 304 304 304

Standard errors in parentheses
∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01
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