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Abstract
The fiscal and educational consequences of charter expansion for non-charter students
are central issues in the debate over charter schools. Does the charter sector drain resources
and high-achieving peers from non-charter schools? This paper provides causal evidence
on the fiscal and educational impact of charter school expansion on school districts. The
empirical strategy exploits a 2011 reform that lifted caps on charter schools for underperforming districts in Massachusetts. The empirical work uses complementary synthetic
control instrumental variable (IV-SC) and Differences-in-Differences instrumental variables (IV-DiD) estimators. The results suggest increases in charter attendance encourage
districts to shift expenditure in the traditional sector from support services to instruction
and salaries. At the same time, charter expansion has a small positive effect on non-charter
students’ achievement.
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Introduction

Since its origins in the early 1990s, the charter school sector has grown to reach, as of 2016,
more than 6,900 schools serving about 3.1 million children (National Alliance for Public Charter Schools, 2016). This rapid expansion has given rise to a large and rich literature on the
effectiveness of charter schools (Abdulkadiroǧlu et al., 2011; Dobbie and Fryer, 2011; Abdulkadiroǧlu et al., 2016).1 These publicly funded schools were initially conceived as a means
to spur innovation in and competition for surrounding traditional public schools, yet growing
concerns have emerged about charter schools’ potential negative impact on non-charter students. In November 2016, the charter movement suffered a setback in Massachusetts, where
voters rejected a ballot initiative that would have added 12 new charter schools per year. This
paper investigates the fiscal and educational impact of charter expansion on school districts by
exploiting a 2011 reform that raised the cap on charter schools in Massachusetts.
Charter school policy debates often mention fiscal impacts on school districts, but causal
evidence on this question is lacking (Epple et al., 2015). When a student switches from a
traditional public school to a charter school, the funding follows the student. Charter schools
are therefore criticized for draining resources from traditional public schools. Yet these schools
often receive compensatory revenues from the state to smooth the lost revenue, which makes
the net impact unclear (Arsen and Ni, 2012; Bifulco and Reback, 2014).2 In addition, charter
expansion might impact how traditional public schools spend their revenue. On one hand,
if traditional public schools lose students, their per-pupil expenditures on fixed costs would
mechanically go up, while per-pupil expenditures on variable costs might go down. On the
other hand, increased competition generated by charter expansion might induce districts to
shift resources toward productive inputs, such as spending on instruction and on teachers, while
reducing spending on school administration or other support services (Hoxby, 2003).
The first objective of this paper is to isolate exogenous changes in the share of students
who enroll in charter schools to assess the causal fiscal impact of charter school expansion
on sending districts. By fiscal impact, we mean how charter expansion impacts (i) districts’
average per-pupil expenditures on non-charter students, (ii) the share of these expenditures devoted to fixed and variable costs, and (iii) the share devoted to support services, instruction, and
teacher salaries. Understanding the potential fiscal impact of charter expansion is fundamental
for several reasons. First, per-pupil expenditure can be a determinant of student achievement
(Jackson et al., 2016). Second, spending on fixed costs (typically building maintenance or debt
interest) or support services might not generate student progress to the same extent as spending
on instruction, textbooks, or teachers’ salaries that are more variable costs.
A second pillar of the debate on charter expansion relates to spillover effects on achievement of non-charter students (Cordes, 2017; Imberman, 2011; Booker et al., 2008). If charter
1
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schools drain resources and high-achieving peers from non-charter schools, this could harm the
achievement of students in traditional public schools. Understanding if such a general equilibrium effect is at play is important as it would bias estimates of charter school effectiveness.
The second objective of this paper is therefore to revisit the question of the impact of charter
expansion on student achievement by using a novel identification strategy. As highlighted by
Epple et al. (2015) in their review of the charter schools literature, studies of spillover effects
of charter expansion face a number of methodological challenges, which have rarely been all
addressed by a paper. This paper aims to fill that methodological gap.
A key challenge in isolating the impact of charter expansion is the non-random initial location and expansion of charter schools (Glomm et al., 2005; Bifulco and Buerger, 2015).3
To deal with this endogeneity, we exploit a reform in Massachusetts that led to charter sector
expansion. In 2011, the state raised the limit on district funding allocable to charter schools
from 9% to 18% in districts with student performance in the lowest 10%.4 In the four years
following the reform, the share of students attending a charter school jumped from 7% to 12%
in the districts that expanded their charter sector (expanding districts hereafter). The charter
share remained relatively constant, at about 3%, in all other districts (nonexpanding districts).
We use the charter sector’s differential growth in expanding and nonexpanding districts as an
instrument for districts’ charter share.
To account for the fact that the expanding districts might be a non-random sample, we
start by building a synthetic control group for these districts (Abadie and Gardeazabal, 2003;
Abadie et al., 2010, 2015). This method creates a data-driven selection of control districts
that closely match the outcome path of the expanding districts in the years prior to the reform.
One of our methodological contributions is to use the comparison between expanding districts
and the synthetic control districts as an instrument for charter share. To do so, we show that
expanding and synthetic control districts have similar pre-reform trends in both expenditures
and charter share.5 Though the graphical analysis of the synthetic control method is compelling,
this method has one important caveat: the small number of synthetic control districts, and
the fact that only post-reform years are used to measure treatment effects, makes statistical
inference difficult.
To address these limitations, we complement the synthetic control IV (IV-SC) approach by
a Differences-in-Differences instrumental variable (IV-DiD) method. The instrumental variable
is the interaction between the post-reform years and whether or not a district expands its charter
segment. For nonexpanding districts, we start by re-using the group of districts identified and
validated by the synthetic control method. We progressively enlarge this group to check the
3

Charter schools tend to locate in districts where the population is diverse, expenditure per student is high,
teacher costs are low, and public school achievement is relatively low (Glomm et al., 2005; Bifulco and Buerger,
2015).
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In addition, to ensure that only high-performing charter schools would open or extend, expansions in districts
close to the 9% cap were limited to “proven providers”, that is, existing charter schools or boards of governors
with track records of high performance. Therefore, only a subgroup of low-performing districts, in which some
proven providers submitted applications that were accepted, actually saw expansion after the reform.
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robustness of the results. In addition, combining IV-SC and IV-DiD gives us the opportunity
to check that both methods yield similar results despite being based on different pre-trends
assumptions. For DiD to be a viable instrument for charter share, the interaction between
expanding district and post-reform years should be independent of potential outcomes, and this
interaction should only affect student outcomes through its effects on the probability of charter
enrollment.
Our results reveal that increased charter attendance shifts districts’ expenditures towards
seemingly more productive inputs. The IV-SC method shows that, after the reform, per-pupil
expenditures on instruction and salaries increased more in expanding districts than in nonexpanding districts, by respectively 7.5% and 5.2%. On the other hand, per-pupil expenditures
on support services drop by 4.4% more in expanding districts. The IV-DiD estimates confirm
these results and provide evidence on the competition and fixed costs mechanisms. After the
reform, the charter share in expanding districts increased from 7 to 12%. This rise results
in a 23% increase in districts’ per-pupil expenditures on fixed costs and a 12% increase on
instructional costs. The competitive effects of charters are also borne out: the increase in
instructional spending is accompanied by an almost equivalent (13%) reduction in per-pupil
expenditures on support services.6
We then investigate the impact of charter expansion on student achievement. To do so, we
use the same IV-SC and IV-DiD methodologies. However, looking at student achievement as
an outcome raises additional challenges in terms of identification. Ample evidence shows that
charter students differ from non-charter students, and that this selection changes when charter
schools expand (Epple et al., 2015; Baude et al., 2014; Cohodes et al., 2016). As a result,
students in traditional public schools are also increasingly selected with charter expansion.
Restricting achievement outcomes to non-charter students, as we do for expenditures outcomes,
would bias estimations. Unlike most previous studies, we therefore estimate the causal impact
of charter expansion on the achievement of all students, while controlling for individual charter
enrollment (with time-varying effects).
Controlling for individual charter enrollment requires to account for student selection into
charter schools. We use an instrumental variable for individual charter enrollment (Angrist et
al., 2010; Dobbie and Fryer, 2011; Dobbie and Fryer Jr, 2016; Abdulkadiroǧlu et al., 2011;
Angrist et al., 2013, 2016; Cohodes et al., 2016). Finally, a common concern is that charter
schools locate in areas that have experienced increasing or decreasing trends in achievement
(Imberman, 2011). We combine an IV-DiD, which assumes parallel pre-trends in outcomes,
and an IV-SC, which imposes them, as an important robustness check.7
6

These findings stand in contrast to studies that find charter expansion has negative fiscal impact on district
spending (Arsen and Ni, 2012). The fiscal impact of charter schools probably depends on the existence of a state
refund scheme. Massachusetts has one, but Michigan does not, which might explain the negative fiscal spillovers
observed by the authors.
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An additional challenge to use the IV-SC method is that student achievement varies at the student level, while
the SC methodology requires district-level variables to compute the district weights. To move from individual to
district level achievement, we extract the district-by-year variation by running a regression of student achievement
on individual charter enrollment (instrumented), students’ demographic characteristics, and a set of district-by-
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Our results show that the expansion of the charter sector has a positive impact on student achievement, although the effects are not always significant. In both math and English
language arts (ELA), the IV-SC method shows a small (but not significant) improvement in
student achievement. The IV-DiD estimates show a positive and significant impact of charter
expansion on students’ achievement. Our estimates suggest that moving from 10% to 15% of
students attending charter schools would increase the achievement of non-charter students by
0.03 standard deviations in math, and by 0.02 in ELA. These results confirm to some extent the
results of previous studies showing a limited impact of charter expansion on students’ achievement (Bettinger, 2005; Imberman, 2011; Zimmer and Buddin, 2009; Davis, 2013; Sass, 2006;
Winters, 2012).
In addition to contributing to the long-running debate on the impact of charter expansion
on school districts, our empirical results are of immediate policy interest. In November 2016,
a ballot question to expand the presence of charter school in the state of Massachusetts drew
national attention (The New York Times, 2016). Political heavyweights, such as U.S. Senator
Bernie Sanders, President Obama, and former Senator Hillary Clinton weighed in on the initiative, and over $33 million from both sides came pouring into Massachusetts in what emerged
as one of the most expensive ballot-question wars in the country. A majority of the state voted
against the charter cap expansion in what is perceived nationally as a landmark decision. Given
that about half of American states regulate charter expansion by setting caps, we expect discussions on the benefits and costs of raising these caps to become more frequent over the years.
This analysis will bring some evidence into that debate.

2

Background

The Massachusetts Charter School Sector
The first Massachusetts charter schools opened in 1995, following the 1993 Massachusetts Education Reform Act, which opened the door to the charter sector. Non-profit organizations,
teachers, or other groups wishing to operate charter schools in Massachusetts submit applications to the state’s Board of Education. There are no for-profit charter schools in Massachusetts.
Once authorized, charter schools in Massachusetts have a number of organizational features in
common with charter schools in other states. Typically, they are free to organize instruction
around a philosophy or curricular theme and to adopt a longer school day and year than traditional public schools. Charter schools also have more discretion over staffing and compensation
than traditional public schools. Most of the time, charter schools are exempt from local collective bargaining agreements.
Massachusetts charter schools face stringent state accountability requirements. All charter
schools operate under five-year charters granted to an independent board of trustees. Charter
year effects that capture the remaining variation in achievement.
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schools are therefore required to file for renewal every five years and are held accountable
annually via reports, financial audits, and site visits. Renewal applications must show that the
school has been successful in terms of student achievement. As a result of this strict renewal
process, 28 approved schools have had their charters revoked in Massachusetts since 1994.
Charter school expansion
Since its origins in the mid 1990s, the charter school sector in Massachusetts has grown to
80 schools serving more than 40,000 children in the 2016-2017 school year. Charter students
represent about 4.2% of the PK-12 public school population (Massachusetts Department of
Elementary and Secondary Education, 2017).
This expansion has been paved by amendments to the numerical and net school funding
caps set forth by the Massachusetts Legislature.8 1997 marked the adoption of a 6% limit
on district funding allocable to Commonwealth charter school tuition. That cap was raised to
9% in 2000.9 In 2010, a legislative amendment to the charter school statute established the
current funding cap provisions for charter schools. In districts with student performance in
the lowest 10%, the 9% limit on district funding allocable to Commonwealth charter school
was increased such that it would reach 18% by 2017. For all other districts, the 9% limit was
unchanged. Districts are in the lowest 10% of achievement if their average math and ELA
scores on the Massachusetts Comprehensive Assessment System have been in the lowest 10
percent statewide for two consecutive years.
To ensure that only high-performing charter schools would open or expand, the state limited expansions in districts close to the 9% cap to proven providers, or existing operators with
a strong track record.10 Criteria for proven provider classification include performance on state
achievement tests, enrollment, attendance, retention, attrition rates, graduation rates, dropout
rates, suspension numbers, effective governance, and competent financial management.11 With
applications being limited to proven providers and the rigorous Massachusetts Board of Elementary and Secondary Education approval process, only a subgroup of low-performing districts expanded their charter sectors after the reform.
The 9% cap was also not equally binding for all districts before the reform. At the state
8

Like several other states in the U.S., Massachusetts regulates charter expansion by a system
of caps. At the time of writing, 24 states have caps on the number of charter schools. Source:
http://www.publiccharters.org/wp-content/uploads/2017/03/MODEL-Report_
FINAL.pdf?x87663.
9
In 1997, the numerical cap was raised to 50. The funding cap only applies to Commonwealth charter schools,
which represent the vast majority of the charter sector. In 2016-2017, 71 of the 80 operating charter schools are
Commonwealth.
10
More specifically, a proven provider status was required for charter applications, in districts with the lowest
10% of student performance where additional charter enrollment would cause tuition payments to exceed 9% of
the district’s net school spending.
11
For a complete definition of proven providers, see Massachusetts Education Laws and Regulations (603 CMR
1.00) related to Charter schools, section 4: http://www.doe.mass.edu/lawsregs/603cmr1.html?
section=04.
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level, there was a clear excess of demand for charter schools in 2010. At that time, almost as
many students were on charter school waiting lists (26,708) as were actually enrolled in a charter school (28,422). Boston was the most seat-constrained district, as the Board of Education
stopped accepting proposals for new Boston charters after expenditure reached the cap in 2008.
Many districts in the lowest 10th percentile of student achievement where however far from the
9% cap.
The 2011 cap reform led to a significant increase in charter enrollment. Figure 1 shows
that, in the four years following the 2011 cap increase, the proportion of students attending a
charter school jumped from 7% to 12% in the low-performing districts that took advantage of
the reform to expand their charter sectors (expanding districts). The charter share remained
relatively constant, at about 3%, in all other districts (nonexpanding districts).12
Figure 2 reports the charter share evolution for middle schools only. Charter enrollment
grew at the elementary and high school levels, though not as dramatically as with middle school.
In middle schools, the proportion of students attending a charter school jumped from 10% to
15% in expanding districts. For that reason, we focuse on students in middle schools to study
charter expansion effect on student achievement. We analyze fiscal spillovers for all levels
however – that is primary, secondary, and high schools – as the expenditure variables are not
decomposed by level.
Districts Expenditures on Charter Schools and Traditional Public Schools
The vast majority of charter schools funding—about 90 percent—comes from tuition payments
paid by the sending district, which is the district where a student resides. Policy debates often
mention fiscal impacts of charter expansion on districts. When a student switches from a traditional public school to a charter school, the budget follows the student. Charter schools are
therefore criticized for draining students and resources from traditional public schools.
Sending districts calculate their total charter school tuition payment by multiplying the
number of students attending a charter school by a per charter student tuition amount. In
practice, tuition amounts are roughly equal to average per-pupil spending in the sending district. An important feature of charter school funding in Massachusetts is the availability of
state programs that offset the charter tuition paid by sending districts. The state funds a charter reimbursement program called “Chapter 46 Aid” that offsets a portion of district tuition
costs in the six years after an increase in the number of students attending charter schools.
Specifically, when tuition payments increase for a school district over the prior year, the state
reimburses that district for 100 percent of the increased cost in the first year. The state then
reimburses 25 percent of this first year increase amount for each of the subsequent five years.
Reflecting this six-year reimbursement schedule, Chapter 46 Aid is sometimes referred to as
12

Not surprisingly, Boston is one of the districts that made the most of the raised cap to expand its charter sector.
The percentage of students enrolled in a charter school went from 9% to 15% between academic year 2010-2011
and 2013-2014.
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the “100/25/25/25/25/25” formula.13 Appendix Table A.1 presents a descriptive example of
the timing of the Chapter 46 Aid. The second component of Charter 46 Aid is a refund for
first year pupils entering public charter schools from private or home-schooled settings. To
help defray this additional cost, the state fully reimburses this first year’s tuition. In later years,
financial responsibility for these charter students shifts back to the district. Finally, the state
fully reimburses the “facilities aid” that sending districts pay to charter schools to help them
pay for school buildings. In the 2016-2017 school year, the total state aid amounted to $80
million, decomposed into $39.6 million for the 100/25/25/25/25/25 formula, $34.4 million for
the facilities aid, and $6.9 million for former private or home-schooled student.14
The availability of state aid programs implies that for several years after a student switches
from a traditional public school to a charter school, the district’s budget increases while the
number of students remains the same. As a result, everything else being equal, the district’s
per-pupil revenue increases when students transition to a charter school. However, whether
this translates into higher per-pupil expenditures is not clear. Evidence of low government
spending elasticities and flypaper effects suggests that state aid programs might not translate
into higher per-pupil expenditures (Feldstein, 1975; Hines and Thaler, 1995; Inman, 2008;
Fisher and Papke, 2000; Gordon, 2004; Dee and Levine, 2004). Whether charter expansion
increases districts’ expenditures on non-charter student is therefore an open question.
Charter expansion might not only impact how much revenue districts devote to traditional
public schools, but also how they spend such revenue. Here, two mechanisms might compensate each other. On one hand, if traditional public schools lose students, their per-pupil
expenditures on fixed costs would mechanically go up, while per-pupil expenditures on variable costs might go down. Typical fixed costs are building maintenance or debt interest, while
spending on textbooks, instruction or teachers are usually considered as more variable. On the
other hand, increased competition generated by charter expansion might induce districts to shift
resources toward inputs that are perceived as more productive in terms of student achievement
(Hoxby, 2003). Typically, districts might increase spending on instruction and on teachers,
while reducing spending on school administration or other support services.
The first objective of this paper is to assess the causal fiscal impact of charter school expansion on sending districts. By fiscal impact, we mean how charter expansion impacts (i) districts’
average per-pupil expenditures on non-charter students, (ii) the share of these expenditures devoted to fixed and variable costs, and (iii) the share devoted to support services, instruction, and
teacher salaries.
Understanding the potential fiscal impact of charter expansion is fundamental for at least
13

For a detailed presentation of the tuition formula, see Massachusetts Education Laws and Regulations (603
CMR 1.00) related to Charter schools, section 7: http://www.doe.mass.edu/lawsregs/603cmr1.
html?section=07.
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It should be noted that in recent years the Massachusetts Legislature has not appropriated sufficient funding
to provide sending districts with 100 percent of the reimbursements they should have received. In 2013 and 2014,
districts received 96% and 97% of the total reimbursement. This rate dropped to 69%, 63%, and 58% in the years
2015, 2016, and 2017. 2015 is the most recent year we consider in this anaysis, so insufficient funding will only
impact the last year of our sample.
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three reasons. First, per-pupil expenditure is a determinant of student achievement (Jackson et
al., 2016). If charter expansion has a fiscal impact, this might also affect non-charter student
achievement. Second, spending on fixed costs (typically building maintenance or debt interest)
or support services might not generate student progress to the same extent as spending on
instruction, textbooks, or teachers’ salaries that are more variable costs. Finally, the question
of the fiscal impact of charter expansion on districts and traditional public schools has recently
been at the center of a fierce debate. In November 2016, a ballot question to expand the presence
of charter school in the state of Massachusetts has drawn national attention (The New York
Times, 2016). Over $33 million from the pros and cons sides came pouring into Massachusetts
in what emerged as one of the most expensive ballot-question war in the country. A majority
voted against the charter cap expansion in what is perceived nationally as a landmark decision.
Given that about half of American states regulate charter expansion by setting caps, we expect
discussions on the potential fiscal effect of raising these caps to become more frequent over the
years.

3

Data and Descriptive Statistics

We use data from three sources. First, we use the Massachusetts Students Information Management System (SIMS) for the 2002–2003 through 2014–2015 school years. These files contain
information on all Massachusetts public school students’ race, sex, ethnicity, reduced-price
lunch status, special education status, English Language Learner status, community of residence, and current school. We use information on students’ current school to identify charter
school students and to measure the percentage of students enrolled in charter schools in each
district. Then we use student identifiers to merge SIMS demographic data with test scores from
the Massachusetts Comprehensive Assessment System (MCAS) database, covering the years
2003–2014. MCAS is administered each spring, typically in grades 3–8 and 10. Its database
contains raw scores for math and English language arts (ELA). We standardized scores by subject, grade, and year to have mean zero and unit variance in the population of students attending
Massachusetts public schools.
Information on districts’ expenditures comes from the Annual Survey of School System
Finances collected annually by the Census Bureau (U.S. Census Bureau, 2017). All school
districts that provide elementary or secondary education are included in the annual survey. The
data include revenue by source; expenditure by object (instruction, support service functions,
salaries, and capital outlay); and information on indebtedness, cash, and investments. Importantly, a separate section indicates districts’ payments to charter schools.15 We can therefore
isolate funds spent on non-charter students.
15

Charter schools whose charters are held by non-governmental operators – typically all charter schools in
Massachusetts – are considered beyond the scope of Census Bureau government finance statistics. In these cases,
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the finances of the charter schools themselves are excluded from the statistics.
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We use this dataset to build five outcomes to look at the fiscal spillovers of charter expansion: districts’ per-non-charter student (1) total expenditures, (2) expenditures on fixed costs,
(3) on instruction, (4) salaries, and (5) support services. For each outcome, we divide the
district expenditure on non-charter students by the total number of public school non-charter
students in elementary, secondary and high schools. Expenditures on fixed costs is the sum
of expenditures on operation and maintenance of plants, student transportation, and interest
on school debt. Expenditures on instruction correspond to expenditure for activities dealing
with the interaction of teachers and students in the classroom as well as co-curricular activities. These can be activities of teachers, but also of instructional aides or assistants engaged
in regular instruction, special education, and vocational education programs.16 Expenditures
on salaries include the salaries and wages paid by the district for all members of staff. These
are gross salaries without deduction of withholdings for income tax, employee contributions to
Social Security and retirement coverage.
Finally, expenditures on support services is the sum of several sources of expenses. First,
expenditures for administrative, guidance, health, and logistical support. This includes social
work, student accounting, counseling, student appraisal, information, placement services, as
well as medical, dental, nursing, psychological, and speech services. Expenditures on support services also include expenditures for supervision of instruction service improvements,
curriculum development, instructional staff training, academic assessment, and media, library,
and instruction-related technology services. Support tasks also relate to school administration,
including expenditure for the office of the principal services. We use district identifiers to
match data on expenditures to state administrative education data for the years 2001-2002 to
2014-2015.
To estimate charter effectiveness, we match the state administrative education data with
admissions lotteries of 22 charter schools that enroll middle school students (in grades 5 to 8)
from the 2002-03 to 2013-14 school years. Appendix Table A.2 describes the charter schools
that are eligible for the lottery instrument, years and grades of lottery. We exclude charter
schools that closed, declined to participate, had insufficient records, where not oversubscribed,
or serve alternative students (like students at risk of dropping out). The resulting lottery sample
includes 13 charter schools in Boston, and 9 charter schools in other districts.
Panel A of Table 1 reports statistics on all middle school students in Massachusetts in the
2009-2010 school year, before the cap reform. In addition to being much more likely to be
black or Hispanic and to receive subsidized lunch, students in high charter share districts have
significantly lower math and ELA test scores than students in low charter share districts. These
differences are even starker when comparing expanding and nonexpanding districts. 66.6% of
students in expanding districts are black or Hispanic, as opposed to only 15.6% in nonexpanding districts. Students in expanding districts are also 49.5% more likely to have subsidized
lunch, and they score 0.48 standard deviations lower in math and 0.59 lower in ELA. Such
differences are not surprising given that charter schools open in disadvantaged area and that the
16
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2011 reform only raised the cap on charter schools for the districts in the lowest 10th percentile
of test scores.
Interestingly, the differences shown in panel B, which reports districts’ average per-pupil
expenditures in school year 2009-2010, are quite the opposite. High charter share districts
spend on average $2,000 more per pupil than low-charter-share districts. They also spend more
on instruction, fixed costs, support services, and salaries.

4

Methodology

One of the key challenges in analyzing the impact of charter expansion is charter schools’
non-random initial location and expansion (Glomm et al., 2005; Bifulco and Buerger, 2015).17
To deal with this endogeneity, we exploit the 2011 cap reform in Massachusetts, which led to
charter sector expansion. In the four years following the reform, the proportion of students
attending a charter school jumped from 7% to 12% in the districts that expanded their charter
sectors following the reform. The charter share remained relatively constant, at about 3%, in
all other districts. For identification, we therefore exploit the differential growth of the charter
sector in expanding versus nonexpanding districts as an instrument for districts’ charter share.
More formally, we identify an expanding district by looking at its charter sector growth
before and after the 2011 reform. We examine how each district’s charter share changes between 2002-2003 and 2014-2015. As displayed in Figure 1, we divide the full period into a
pre-reform period that spans the years 2002-2003 to 2010-2011 and a post-reform period that
spans the years 2011-2012 to 2014-2015. We note as T 1 the first year of a period, T N the
last year of a period, and N the number of years in the period. Then, for both the pre-reform
and the post-reform periods, we calculate the slope of the charter share evolution (noted C) as
follows: (CT NN−CT 1 ) .
All districts for which the post-reform slope is larger than the pre-reform slope — that is,
SlopeP ost − SlopeP re > 0 — and that are in the lowest 10th percentile of student test scores
are considered to be expanding districts. The following nine districts are expanding: Boston,
Chelsea, Malden, New Bedford, Lynn, Gill-Montague, Lawrence, Winchendon, and Salem.
Figure 1 shows a clearly accelerated charter expansion in these expanding districts after the
2011 reform. We discard three districts from the group of expanding districts: Gateway, because it experienced a decreasing charter share before the cap reform, Lowell and Chicopee,
because they only had very marginal changes in slopes after the reform and idiosyncratic patterns of evolution that do not seem related to the cap reform.
Low-performing districts that expanded their charter sectors after the reform might have different unobserved characteristics than low-performing districts that did not expand. Selection
17
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into expansion might be driven by several elements. First, low-performing districts can only increase charter enrollment if some non-profit organizations, teachers, or parents decide to submit
an application to either open a new charter school or expand an existing charter school. In addition, for districts that were close to the 9% limit on charter funding, a proven provider should
submit any new applications. Finally, charter schools’ tuitions are determined by their sending
districts’ per-pupil expenditures. Given the relatively large variation in per-pupil expenditures
across districts, applicants for a new charter school might consider the per-pupil expenditures
of the potential sending districts when deciding where to locate the new charter school.18 If, in
addition, some districts faced increasing per-pupil expenditures before the reform, while others
faced decreasing per-pupil expenditures, we might be concerned about selection on trends in
unobserved characteristics. To mitigate omitted-variables bias in comparisons of expanding
and nonexpanding districts, we develop a synthetic control instrumental variable approach (IVSC), which we complement with a Differences-in-Differences instrumental variables (IV-DiD)
estimator.

4.1

Synthetic Control Instrumental Variables (IV-SC)

We use Abadie et al. (2010) synthetic control strategy to construct a weighted average of control
districts that matches the pre-charter-expansion outcome path in the expanding districts (Abadie
and Gardeazabal, 2003; Abadie et al., 2010, 2015). Synthetic control outcomes in the postreform-period provide a plausible counterfactual for the treatment group. This allows us to
estimate a reduced form treatment effect. One of our methodological contributions is to adapt
the synthetic control methodology to estimate a first stage as well. Our objective is to find
a group of control units that have a pre-reform path that is similar to that of the expanding
districts, not only in terms of outcomes but also in terms of charter share (the endogenous
variable). Estimating the reduced form and the first stage gives a sense of the Wald estimator.
Rather than arbitrarily choosing a control group, the synthetic control method selects a
small group of control districts that closely match the expanding districts in terms of pre-reform
outcome path. More formally, consider a sample of J + 1 districts indexed by j, and assume
that district j = 1 will be the treated district (that is, the expanding district), while districts
j = 2 to j = J + 1 are potential control districts. The sample includes T 0 pre-reform years as
well as T 1 post-reform years, with T = T 0 + T 1.
Yit (1) and Yit (0) are the potential outcomes with and without treatment. The treatment
effect for district i at time T 0 can be defined as:
αit = Yit (1) − Yit (0) = Yit − Yit (0)

(1)

We are interested in estimating the vector (αi,T 0+1 , ..., αi,T ). This is the reduced form esti18

School districts’ revenues are largely based on property taxes. This creates large variations in revenues and
per-pupil expenditures across districts.
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mate of the IV-SC method. Abadie et al. (2010) show that we can identify the above treatment
effects under the following model for the potential outcomes:
Yit (0) = δt + Zj θt + λt µj + jt

(2)

Yit (1) = δt + Zj θt + λt µj + αit + jt

(3)

Potential outcomes depend on a common factor δt , a vector of observed covariates Zj that
are not affected by the intervention, a vector of time-specific parameters θt , a country-specific
unobservable µj , and an unknown common factor λt . jt is a transitory shock with zero-mean.
Finally, αit is a year-specific treatment effect that is different from 0 only when j = 1 and
t > T 0. The model allows the impact of unobservable district heterogeneity to vary with time,
unlike standard Differences-in-Differences or fixed-effect specifications that impose λt to be
constant over time. A key distinction in the IV-SC is that the vector of observed covariates Zj
should include the endogenous variable, that is, the charter share that we note Cj .
P
Define a (J × 1) vector of weights W = (w2 , ..., wJ+1 ) such that wj ≥ 0 and
wj = 1.
Each possible choice of W corresponds to a potential synthetic control for the treated district.
The value of the outcome variable for each synthetic control (indexed by W) is:
J+1
X

wj Yjt = δt + θt

j=2

J+1
X

wj Zj + λt

j=2

J+1
X

wj µj +

j=2

J+1
X

wj jt

(4)

j=2

To implement IV-SC, we are also interested in the value of the endogenous variable Cj
(included in the Zj vector) for each synthetic control. That is:
J+1
X

w j Cj

(5)

j=2

Finally, assume a vector of weights (w2 ∗, ..., wJ+1 ∗) that makes it possible, for each prereform year, to equalize two equations. First, the vector of weights equalizes the values of
the pre-reform outcomes for the treated districts and the synthetic control. Formally, for each
period t:
J+1
X
wj∗ Yjt = Y1t
(6)
j=2

In addition, the vector of weights equalizes the values of the observed covariates Zj , in
particular the values of the endogenous variable Cj , for the treated districts and the synthetic
control:
J+1
J+1
X
X
wj∗ Zjt = Z1t and in particular
wj∗ Cjt = C1t
(7)
j=2

j=2

At that stage, it becomes clear why the endogenous variable should be included in the vec-
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tor of covariates Zj . This is to ensure that the pre-reform values of the endogenous variable are
identical (or as close as possible) in the treated districts and the synthetic control. To see why
this is of first-order importance, imagine a situation where we do not include the endogenous
variable in Zj . This could result in having a very good fit in outcomes between treated and
synthetic control districts but a large difference in charter share. Given that charter share is a
determinant of outcome, to obtain similar outcomes despite large differences in charter share,
there must exist other differences in unobserved predictors that compensate for the charter
share gap. Including the endogenous variable in the vector of covariates Zj prevents differences in unobserved predictors between treated district and synthetic control districts. This is
fundamental with respect to the independence assumption of the instrumental variable model.
If the vector of weights (w2 ∗, ..., wJ+1 ∗) exists, Abadie et al. (2010) show that the reduced
form treatment effect αit in equation 2 can be estimated by:

αˆit = Y1t −

J+1
X

wj∗ Yjt

(8)

j=2

Similarly, the first stage coefficient can be estimated by:
βˆit = C1t −

J+1
X

wj∗ Cjt

(9)

j=2

In practice, let X1 be the vector of pre-reform characteristics for the treated district (that is,
the expanding districts) and X0 the matrix of the vectors of the untreated districts’ pre-reform
characteristics. The vector w∗ is then chosen to minimize the distance kX1 − X0 wkV =
p
(X1 − X0 w)0 V (X1 − X0 w) where V is a (k ×k) symmetric and positive semidefinite matrix
that represents the weight of each predictor variable.
In practice, conditions 6 and 7 often only hold approximately. A perfect equality between
treated districts and synthetic districts can only be obtained if the values of the predictor variables for the treated units fall within the convex hull of the values for the potential synthetic
control districts’ predictor variables. When the equality does not hold perfectly, it is standard
practice to evaluate the discrepancy (or goodness of fit) by computing the root mean squared
prediction error as follows:
T0

RM SP E =

J+1

X
1 X
(Y1t −
wj∗ Yjt )2
T 0 t=1
j=2
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! 21
(10)

Predictor Variables
We start by identify predictors of the outcome variable. The most important predictor is usually
the lagged outcome variable because it accounts for the effects of any potentially unobserved
predictor variables in pre-reform years. Including lagged outcome variable addreses concern
about omitting important unobserved predictors. Indeed, only units that are sufficiently similar
in both observed and unobserved outcome variable determinants as well as in those determinants’ effect on the outcome variable should produce similar outcome trajectories over extended
periods of time. We therefore include five years of lagged outcomes and five years of lagged
endogenous variable (charter share) as predictor variables. Concretely, for each expenditure
outcome, the predictors are the expenditure variables in the years 2003, 2005, 2007, 2009, and
2011. We use the same years for the charter share variable. For the main specification, we chose
not to include additional predictor variables because the synthetic districts chosen in this manner are well matched to the expanding districts’ outcome. Section 8 presents sensitivity tests
when more and fewer lagged years are used as predictor variables, as well as when additional
predictor variables are added.
Donor Pool
As a second step, we identify possible donor districts to create the synthetic control group.
In order to avoid interpolation biases, it is very important to choose donor districts that have
similar characteristics to the expanding districts. Specifically, since the expanding districts
are all in the lowest 10th percentile of student test scores, we select similarly low-performing
districts as donor districts. We therefore restrict the donor pool to districts in the lowest 10th
percentile when using districts’ expenditures as an outcome and districts in the lowest 25th
percentile when using districts’ average test score as an outcome. In addition, we drop districts
that have an idiosyncratic shock to their endogenous variable (charter share). That condition
is particularly important for IV-SC. Because the synthetic group is meant to reproduce the
charter expansion that would have been observed for expanding districts without the 2011 cap
reform, we discard from the donor pool two districts that experienced large increases in charter
share after the reform, despite not being considered expanding districts, because their charter
expansion did not accelerate after the reform.19
There is a fine balance between improving the match quality by enlarging the donor pool
and avoiding the overfitting that often results from including too many districts in the donor
pool that are dissimilar to expanding districts. Overfitting is detected when expanding districts
are matched to a large number of donor districts, many of them having a very small weight. In
that case, there is a high risk that some synthetic districts are part of the linear combination,
19

Formally, for each district in the donor pool, we calculate the post-reform charter expansion slope as previously defined: (CT NN−CT 1 ) . We also compute the minimum of the post-reform slope of all expanding districts.
Two districts in the donor pool have larger post-reform slopes than the minimum slope of the expanding districts.
We therefore discard them from the donor pool.
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despite having very different determinants of outcomes. Section 8 presents sensitivity tests
when we vary the size of the donor pool.
Predictor Variable Weights
Finally, the choice of the synthetic districts depends on the matrix of predictor variable weights
V . We adopt a standard iterative optimization procedure that searches among all (diagonal)
positive semidefinite V-matrices and sets of w-weights for the best-fitting convex combination
of the control units. Best-fitting refers to the fit between the outcome of the treated districts and
that of its synthetic control before the reform takes place (see Abadie et al. (2010)).

4.2

Identifying Assumptions

Absence of Interference Between Expanding and Nonexpanding Districts
The synthetic control method assumes no interference between expanding and nonexpanding
districts (Rosenbaum, 2007). In other words, increased charter attendance in expanding districts is assumed to have no effect on nonexpanding districts’ outcomes. This assumption is
relatively plausible for fiscal spillovers. How much a district pays in charter tuition, and how
much aid it receives from the state, only depends on the number of students enrolled in a charter school in its zone. As a result, interference should be limited. Competition effects from
charter school expansion are also likely to be limited at the district level. Charter schools enroll
the vast majority of their students from the district where they are located. For surrounding
districts, fear of losing students should therefore be limited. In addition, the synthetic control
method selects a limited number of control districts (usually between five and ten) out of a
sample of 72 potential control districts. There is only a small probability that these synthetic
districts are close enough to one of the expanding district to feel competitive pressure. Finally,
even if expanding districts have any spillover effect on surrounding districts, this would most
likely have an attenuating effect on our estimates.
Independence Assumption
Standard instrumental variable assumptions apply when using the difference in charter growth
between expanding districts and synthetic control as an instrument. First, conditional on prereform charter expansion trends, charter share should increase more in expanding districts than
in nonexpanding districts. We show evidence of this first stage in Figures 3 and 7.
Second, conditional on districts’ time-varying unobserved cofounders, whether districts
react to the reform by expanding their charter sector is independent of potential outcomes
(independence assumption). Given the set of predictor variables we use to select the synthetic control, this independence assumption is equivalent to saying that, conditional on lagged
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achievement and lagged charter share, whether districts react to the reform by expanding their
charter sector is independent of potential outcomes. In our context, given the risk of nonparallel trends in districts’ expenditures in expanding versus nonexpanding districts, allowing
time-varying district unobserved cofounders is key to attenuating endogeneity from omitted
variable bias. From that perspective, the IV-SC method rests on identification assumptions that
are weaker than IV-DiD estimators. While the Differences-in-Differences model control only
for confounding factors that share a common trend, the synthetic control method allows the
effect of unobservable confounding factors to vary with time.
Exclusion Restriction
Finally, the fact that districts react to the reform by expanding their charter sector is assumed
to only affect student outcomes through its effects on the probability of charter enrollment,
not through any other factor or unobserved characteristic. This exclusion restriction would be
verified if no other reform was adopted in 2011, or if the reforms adopted that year equally
impact students’ achievement in expanding and nonexpanding districts. The first condition
does not hold. The 2010 Act Relative to the Achievement Gap included provisions for school
turnarounds and the creation of innovation schools (Massachusetts State Legislature, 2010).
The Innovation Schools initiative provided educators and other stakeholders in Massachusetts
with the opportunity to create new schools that operate with increased autonomy and flexibility
in terms of curriculum, budget, staffing, and school schedule and calendar. While the innovation school model aimed to be cost-neutral for districts, one-time competitive grants were
introduced to support the development of these schools.
School turnarounds is the second initiative adopted in 2011. To better target assistance to
underperforming districts, the Massachusetts Department of Elementary and Secondary Education introduced a new classification of districts in five levels. Level 4 and 5 schools are the
state’s most struggling schools based on an analysis of four-year trends in absolute achievement, student growth, and improvement trends.20 State law then required that districts with a
Level 4 or 5 school develop a Turnaround Plan for the school to support the accelerated improvement of student achievement within three years.21 In addition, newly identified Level 4
schools are eligible to apply for federal funding through the Massachusetts School Redesign
Grants program.
To ensure that the exclusion restriction is satisfied, for all years that follow the 2011 reform,
we have collected data on innovation schools, on recipients of innovation schools grants, and
on the amounts received. We have also collected data on level 4 and 5 schools, as well as
recipients of school redesign grants and amounts received. For our analysis of achievement
20

By statute, the state can have no more than 4% of all public, non-charter schools identified as Level 4 and
Level 5 at one time. No more than 2.5% of the total number of districts can be designated Level 5 at any one time.
21
This includes nomination of a new leader, called a receiver (in level 5 districts only), as well as coaching
activities for teachers, administrators and district leaders, and development of work teams and professional communities of practice.
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spillover, we systematically control for innovation school, level 4 and 5 schools, as well as
for indicators of receiving each type of grants. This ensures that post-reform differences in
achievement between expanding and nonexpanding districts are not driven by differences in
prevalence of innovation or turnaround schools or differences in grants amounts.
For the analysis of fiscal spillovers, the most important is to account for differences in
amounts of grants received by expanding and nonexpanding districts. To do so, for each district,
we subtract from their total expenditures the amount of innovation schools grants or school
redesign grants they received. For other sub-expenditures (on fixed costs, instruction, support
services and salaries), we calculate what share of the total expenditure they represent, and we
use that share to subtract the grant received. For instance, if spending on instruction represents
60 percent of a district’s total spending, we would subtract 60% of the received grants from
expenditures on instruction.

4.3

Inference

A caveat of the synthetic control method is that it does not allow us to assess the results’ significance using standard (large-sample) inferential techniques because of the limit number of
districts in the control pool and the limited number of post-reform periods covered by the sample. Typically, we usually have between five and ten districts in the synthetic control group and
four post-reform years (from 2012 to 2015). That deficiency can be partially addressed using
the placebo tests based on permutation techniques described in Abadie et al. (2010). Following
their approach, we sequentially apply the synthetic control algorithm to every district in the
pool of potential controls. Then, we compare the placebo effect with the treatment effect of the
expanding district. Since none of the donor pool districts receive treatment, variation between
the placebo district and its synthetic match occurs randomly. We can therefore assess the likelihood that the expanded districts’ measured treatment effect is due to chance and whether the
treatment effect measured for the expanding districts is larger than that for districts chosen at
random.
We pay particular attention to the fit quality between each placebo district and its synthetic
control. For each placebo district, the fit quality would only be good if its predictor variables’
values belong to the convex hull of these predictors’ values in its donor pool. In practice, the
quality of the match might be poor if some placebo districts have very low (or high) achievement or very low (or high) charter share. We therefore only consider placebo districts for
which the root mean square prediction error (RMSPE) is not more than three times larger than
the RMSPE of the expanding districts. We apply this rule for the RMSPE of both the charter
share and the outcome.
Placebo inference helps us understand the control group’s ability to generate the counterfactual evolution of the expanding districts. However, placebo inference does not help assess
the precision of the treatment effects estimations. The synthetic control method does not account for uncertainty associated with sampling errors in estimating the mean of each group.
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This is one of the reasons why we complement that method with a more standard Differencesin-Differences instrumental variable approach.

4.4

Differences-in-Differences Instrumental Variables (IV-DiD)

As a second research design, we instrument the charter share using the interaction between
a post-reform-years dummy and whether a student lives in an expanding district. We control for post-reform-years and expanding districts main effects. Our strategy therefore uses a
difference-in-differences instrument. The reduced-form estimate of the social return is calculated as the change in achievement between the pre- and post-reform cohorts in charter expanding districts, minus the change in achievement in nonexpanding districts.
The first-stage estimate corresponds to the charter sector growth differential between expanding and nonexpanding districts. Intuitively, students who applied to charter schools in
expanding districts before the cap reform were significantly less likely to get a seat in a charter
school than students who applied after the reform, when the number of seats had increased.
This was not true in nonexpanding districts, where the number of seats in charter schools remained relatively constant.
The IV-DiD rests on the idea that the pre-reform expanding districts’ cohorts provide a good
counterfactual for what would have happened to post-reform expanding districts’ cohorts in the
absence of the reform. Subtracting the changes in nonexpanding districts’ outcomes adjusts
for any pre-post variation that affected expanding and nonexpanding districts equally over the
period. This DiD successfully identifies charter school spillover under the standard parallel
trends assumption that, absent the reform, the change in outcome over this period would have
been the same in expanding and nonexpanding districts. We show graphical evidence of the
first stage and parallel trends in our Results section below.
Two additional identifying assumptions underlie the IV-DiD method. First, the interaction
between living in an expanding district and post-reform years should be independent of potential outcomes. This would typically not hold if expanding and nonexpanding districts did
not experience parallel pre-trends in expenditures or achievement before the reform. Due to
concerns about such trends, we adopt a conservative approach by systematically controlling
for districts’ time trends in our IV-DiD specifications. Finally, the interaction between living
in an expanding district and post-reform years should only affect student outcomes through
its effects on the probability of charter enrollment, not through any other factor or unobserved
characteristic. We have discussed that exclusion restriction in the section on IV-SC.
Using a DiD after the synthetic control method has two advantages. First, to construct a
control group of nonexpanding districts, we start by re-using the group of districts identified and
validated by the synthetic control method. We use these districts as a standard control group,
without the district weights computed by the synthetic control method. Then, we enlarge this
control group to include all the nonexpanding districts that are in the lowest 10th percentile of
the test scores distribution. In addition, combining IV-SC and IV-DiD gives us the opportunity
18

to check that both methods yield similar results despite being based on different pre-trends
assumptions.
The second-stage equation for the spillover analysis is:
Ydt = α2 + δ2 Pdt + θ2 Edt + λCdt + dt

(11)

where Ydt is per-pupil expenditure or achievement in district d in year t, δ2 is the coefficient
of the a post-reform dummy Pdt , θ2 is the coefficient of a dummy for expanding districts Edt ,
and dt is an error term. Our treatment variable, Cdt , measures the share of students enrolled in
a charter school.
To instrument charter share, we combine a just-identified model and an over-identified
model in which we use three instrumental variables. In the just-identified model, we use a
dummy variable Zdt as an instrumental variable for charter share. Zdt is the interaction between the post-reform dummy Pdt and the dummy for expanding districts Edt . The first stage
for this two-stage least squares (2SLS) procedure is:
Cdt = α1 + δ1 Pdt + θ1 Edt + γZdt + νdt

(12)

where γ is the effect of post-reform expanding districts on charter share. As in the second-stage
equation, the first stage includes a post-reform dummy Pdt , a dummy for expanding districts
Edt , and district time effects. In the over-identified model, we use three dummy variables Z1dt ,
Z2dt , and Z3dt as instrumental variables for charter share. The dummy variable for expanding
districts is decomposed into three sub-categories which are Boston, other urban expanding districts, and nonurban expanding districts. Z1dt is the interaction between a post-reform dummy
and a Boston dummy. Z2dt is the interaction between a post-reform dummy and a dummy for
other urban expanding districts. Z3dt is the interaction between a post-reform dummy and a
dummy for nonurban expanding districts. In the over-identified model, the first stage for this
two-stage least squares (2SLS) procedure becomes:
0
Zdt = α10 + δ10 Pdt + θ10 Edt + γ1 Z1dt + γ2 Z2dt + γ3 Z3dt + νdt

(13)

For standard errors, we use the White estimator of variance.

5

Results on Fiscal Spillovers of Charter Expansion

Our results reveal that increased charter attendance shifts districts’ expenditures towards seemingly more productive inputs. For each expenditure variable, we use the log of the variable as
an outcome. We use the synthetic control method separately for each of the five expenditure
outcomes in which we are interested. Table 2 lists the selected synthetic control districts and
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associated weights. Of the 75 districts in the donor pool, between five and 11 districts have
been selected as synthetic control districts. For districts’ total per-pupil expenditure (column
1), Worcester is the most heavily weighted (44.3 percent), followed by Southbridge, AtholRoyalston, and Somerville, which receive weights of 19.4, 19.2, and 14.9 percent, respectively.
North Adams has the smallest weight at 2.3 percent. The next four columns report districts’
weights for per-pupil expenditures on fixed costs, instruction, salaries, and support services.
The top left plot of Figure 3 shows the first stage estimate of the synthetic control method,
that is, the charter share evolution in expanding districts and the synthetic control.22 Annual
charter share in the synthetic group closely follows the charter share in expanding districts until 2011. The next five figures show the reduced form estimates, i.e. the evolution of our five
measures of districts’ expenditures in expanding districts and synthetic control. Here again,
the synthetic control appears to replicate very well the path of expanding districts’ per-pupil
expenditures before the 2011 reform. The different synthetic groups appear to be good controls
for the expanding districts. After 2011, however, the curves clearly diverge, and by 2015, charter share in expanding districts has increased by more than three percentage points compared
to the synthetic control, going from five percent to more than eight.23 Similarly, total per-pupil
expenditures as well as per-pupil expenditures on fixed costs, instruction, and salaries increase
in expanding districts. By 2015, total per-pupil expenditures has increased by, on average, 4.9%
in expanding districts compared to the synthetic control group; per-pupil expenditures on fixed
costs have increased by 6.4%; per-pupil expenditures on instruction by 7.5%; and per-pupil
expenditures on salaries by 5.1%. These increases are accompanied by a 3.9% reduction in
per-pupil expenditures on support services.24
We use placebo inference to evaluate the probability that these effects are due to chance.
Figure 4 reports the estimated treatment effect for expanding districts (line “TREATMENT”),
and the placebo effect for each placebo district. We only keep the placebo districts that have a
RMSPE that is no larger than three times the RMSPE of the expanding districts. We discard
the control districts with a high RMSPE because they might bias the inference by creating
spuriously large treatment effects. This explains why the number of placebo districts varies
by outcome. The top left figure shows placebo inference for the first stage, in other words
the comparison between the estimated changes in charter share for expanding districts and
placebo districts. Expanding districts have very significantly higher charter expansion than any
other placebo district. The p-value, which calculates the probability that a randomly selected
22

We run the synthetic control algorithm separately for each outcome. As reported in Table 2, the group of
synthetic control districts differs for each outcome, which also implies that we have a different first stage for each
outcome. In practice, the first stage figures are relatively similar. Due to space restrictions, Figure 3 only shows
the first stage for the per-pupil expenditure on instruction.
23
The magnitude of the charter share increase differs from the one in Figure 1 because in Figure 3, the charter
share is an average of district level charter share in expanding and nonexpanding districts. Figure 1 plots charter
share that is directly calculated from student level data.
24
The value of the coefficients is displayed in Figure 4. The reported coefficient corresponds to the mean
difference, over the years 2012 to 2015, of the log of per-pupil expenditures in expanding districts and in synthetic control districts. Taking the exponential of these coefficients gives us the percentage increase or percentage
reduction in the absolute value of the outcomes.
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placebo district has a significantly lower coefficient than the expanding districts, is equal to one.
Changes in instruction, salaries, and support services also appear to be large, with p-values of
0.92, 0.88, and 0.11.25
The IV-DiD estimates confirm these results. When moving to the IV-DiD specifications, we
successively use as a control group the synthetic control districts and the districts in the lowest
10th percentile of test scores that did not expand. When we use the synthetic control districts,
unlike in the IV-SC method, we do not use the districts’ weights. All synthetic control districts
have a weight of one in the IV-DiD. Figure 5 reports pre-trends in both charter share and district
expenditures when the control group comprises synthetic control districts. All trends look very
parallel, although trends in fixed costs are slightly noisier. Appendix Figure A.1 reports trends
when we enlarge the control group to all nonexpanding districts in the lowest 10th percentile of
test scores. Again, pre-trends look very similar, except for trends in per-pupil expenditures on
fixed costs. This confirms the importance of controlling for districts’ time trends in all IV-DiD
specifications.
Table 3 reports two-stage least squares (2SLS) estimates of charter school expansion’s fiscal
spillovers for the over-identified model. The coefficients suggest that overall per-pupil expenditures do not change significantly. However, as expected, per-pupil expenditure on fixed costs
goes up. Moving from 7% to 12% of students attending charter schools (which is the average
jump for expanding districts after the reform) would increase per-pupil expenditures on fixed
costs by 23%. At the same time, per-pupil expenditures on instruction would also increase
by 12%, meaning that increased per-pupil expenditures are not solely driven by fixed costs.
With regard to the competition effect, districts seem to shift resources towards more productive
inputs. For a five percentage point increase in charter share, we find that the aforementioned
positive impact on instruction expenditures would be compensated by an 13% drop in support
services expenditures.
Appendix Table A.3 shows that the first-stage coefficients for each of the three instruments
are significant. The first stage is significantly larger in Boston, where post-reform charter share
goes up by five percentage points more than in nonexpanding districts. In other urban districts
and in nonurban districts, charter share goes up by 1.6 and 1.4 percentage points, respectively.
Finally, Appendix Table A.4 shows results for the just-identified model. Standard errors are
significantly larger when using a single instrument, which makes it more difficult to detect
significant effects.
Our findings on the fiscal spillovers effect of charter expansion stand in contrast to studies that show charter expansion has negative fiscal impact on district spending. We suspect
that charter schools’ fiscal impact probably depends on whether or not a state has a refund
scheme. Massachusetts has one, but Michigan does not, which might explain the negative fiscal spillovers observed by, for example, Arsen and Ni (2012). On the other hand, Bifulco and
Reback (2014) present case studies of the financial adaptation of traditional public schools to
enrollment declines in Albany and in Buffalo New York, where an aid program similar to the
25

The standard significance level of 10 percent corresponds to a p-value larger than 0.9 or smaller than 0.1.
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one in Massachusetts exists.26 Yet their estimates, made under different scenarios, suggest a
negative impact of charter expansion. Ladd and Singleton (2017) apply the same methodological approach to six urban and nonurban districts in North Carolina, where no transitional aid
program exists. For all districts, they find a negative net fiscal impact of charter schools.
A large literature has linked per-pupil expenditures and student achievement. Guryan
(2003) used a policy-induced regression discontinuity in Massachusetts to estimate that a perpupil expenditures increase of 1 standard deviation increases test scores by approximately 0.5
standard deviation. More recently, Jackson et al. (2016) find that a 10 percent increase in perpupil spending each year for all 12 years of public school leads to 0.27 more completed years
of education, 7.25 percent higher wages, and a 3.67 percent reduction in the annual incidence
of adult poverty. The shift of resources we observe towards seemingly more productive inputs
raises questions about the charter school expansion’s subsequent impact on student achievement.

6

Education Spillover of Charter School Expansion

To investigate the impact of charter school expansion on student achievement, we use the same
IV-SC and IV-DiD methodologies detailed above. However, looking at student achievement as
an outcome raises two additional challenges in terms of identification.

6.1

Change in Student Selection and Charter Effectiveness When the
Charter Sector Expands

First, students’ selection into charter schools might change with charter expansion. This raises
the question of what student sample is appropriate for estimating the spillover effect of charter
school expansion? If both charter and non-charter students are considered, the effect of charter
expansion on average outcomes includes both the charter treatment effect for those enrolling in
a charter school and the spillover effects for students in traditional public schools. Restricting
the sample to non-charter students, as we do for expenditures outcomes, does not solve the
issue and would actually bias estimations.
Ample evidence shows that student selection into charter schools changes when charter
schools expand. Using data from National Alliance for Public Charter Schools, Epple et al.
(2015) find that the proportion of students eligible for free or reduced-price lunch (FRL) in
26

Bifulco and Reback (2014) explain that New York State provides districts with increasing charter school
enrollments transitional aid meant to reduce fiscal impacts on the district. “The aid program reimburses the
districts for a portion of their charter school payments that are attributable to recent increases in charter school
enrollment. The award amounts are computed as 80 percent of the payments attributed to increased charter school
enrollment during the last year, 60 percent of payments attributed to increases in charter school enrollments two
years earlier, and 20 percent of the payments attributed to increases in charter school enrollments three years
earlier.” This aid is very similar to the one in place in Massachusetts.
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charter schools has grown markedly over time, from roughly 30% in 2001 to 50% in 2010.
Baude et al. (2014) use data from Texas and find that student selection into charter schools
moved from being negative in 2001 in mathematics and reading to roughly neutral in 2011.
Finally, looking at charter schools that expanded in Boston after the 2011 cap reform, Cohodes
et al. (2016) observe that expanded charters attracted a more disadvantaged, lower-achieving
population. As suggested by the authors, “this pattern may reflect the changes in recruitment
practices required by the 2010 Achievement Gap Act, which mandated that charter schools take
steps to enroll higher-need students”.
We also look at this in our data. As shown in Figure 6, before the reform, expanding districts
were already growing in terms of charter share, while nonexpanding districts experienced no
growth. We use this fact to show how, before the reform, charter students’ characteristics
changed in expanding districts compared to nonexpanding districts. Figure 6 reports that the
share of black charter school students diminishes with expansion, while the share of Asian
charter students increases with expansion. This provides suggestive evidence that students’
selection into charter schools might change when charter schools expand.
The dynamic selection of students into charter schools implies that students in traditional
public schools are also increasingly selected under charter expansion. Unlike most previous
studies, we therefore estimate the causal impact of charter expansion on all students while also
accounting for individual charter enrollment. Specifically, our regressions includes both charter
share and individual charter enrollment as explanatory variables. Controlling for individual
charter enrollment requires to account for student selection into charter schools. A large body
of literature shows that charter enrollment is endogenous. Charter applicants have different
observed and unobserved characteristics than non-charter applicants. We therefore use a lottery
instrument to recover unbiased estimates of charter effectiveness.27
The second challenge for identification is the potential correlation between charter expansion and charter effectiveness. The charter schools that expand are likely to be the best ones.
As detailed above, after Massachusetts’ 2011 reform, expansions in districts close to the 9%
limit on charter funding were limited to proven providers, that is, existing charter schools or
boards of governors with track records of high performance. Consistent with this, Cohodes et
al. (2016) find that, despite attracting a more disadvantaged, lower-achieving population, postexpansion charter schools in Boston produced larger effects than other charter schools before
the reform.28 Figure 6 also shows that charter students’ test scores in both math and ELA have
increased over time in expanding districts. Although this is not a measure of charter schools’
27

For references on charter school effectiveness and use of lotteries to identify it, see Hoxby and Murarka
(2007), Angrist et al. (2010), Dobbie and Fryer (2011), Dobbie and Fryer Jr (2016), Abdulkadiroǧlu et al. (2011),
Angrist et al. (2013), Abdulkadiroǧlu et al. (2016), Carlson and Lavertu (2016), Angrist et al. (2016), and Cohodes
et al. (2016).).
The model that controls for individual charter enrollment has both individual and aggregate charter enrollment
as endogenous instrumented variables. This is a typical peer-effect specification as in Acemoglu and Angrist
(2000) and Angrist (2014). A standard identification assumption of this model is that the private return of charter
attendance with the reform instrument is the same as the private return with the lottery instrument.
28
Baude et al. (2014) also find that charter school quality has improved over time in Texas.
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value-added, this evolution suggests there may be a correlation between charter expansion and
charter effectiveness. Without accounting for that correlation, our estimate of charter expansions’ spillover effect would capture both the spillover effect and the effect of the increased
charter quality when charter schools expand. We account for changing charter effectiveness
by allowing the charter effect to be time-varying. As far as we know, this is the first paper to
account for both changing student selection into charter schools and higher-performing charter
schools’ selection into expansion.
A last concern for identification arises if charter schools locate in districts that have experienced decreasing or increasing achievement trends (Imberman, 2011). This makes the
complementarity between IV-DiD (that assumes parallel pre-trends in outcomes) and IV-SC
(that imposes parallel pre-trends) more valuable. Combining the two methods gives us the opportunity to check that they yield similar results despite being based on different pre-trends
assumptions.

6.2

IV-SC: From Student-Level to District-Level Achievement

While spending outcomes vary at the district-by-year level, student achievement varies at the
student level. Yet the synthetic control methodology requires district-level variables to compute
the district weights. We therefore need to aggregate our outcomes at the district level. In order
to both control for individual-level confounders (charter enrollment and demographics) and
aggregate the dataset at the district-by-year level, we start by running the following regression:
Yidt = α + β0 Ci + β1 Ci ∗ U rbi + β2 Ci ∗ Pi + γ 0 Xi + µdt + idt

(14)

where Yidt is the test score of student i in district d and year t. Ci is a dummy for individual
charter enrolment, Ci ∗ U rbi is a dummy for enrolment in an urban charter school, and Ci ∗
Pi is a dummy for enrollment in a charter school after the 2011 reform. Xi is a vector of
students demographic characteristics (sex, race, special education, limited English proficiency,
subsidized lunch status, and a female-minority interaction term). µdt is a full set of districts-byyear fixed effects that capture the remaining variation in achievement we are interested in. More
specifically, the districts-by-year fixed effects estimate the districts-by-year level variation in
test scores, once we have accounted for charter effectiveness and students’ demographics. This
is the outcome variable we use to identify synthetic control districts.
When controlling for the charter effect, we allow this effect to vary along two dimensions:
whether the charter school is located in an urban area and whether the charter effect is estimated
before or after the 2011 reform.29 In the second step, we simply apply the synthetic control
algorithm on µ̂dt as our dependent variable rather than the average Yidt . The rest of the IV-SC
29

A large body of evidence suggests that urban charter schools generate large academic gains for lottery applicants (Hoxby and Murarka, 2007; Dobbie and Fryer, 2011; Abdulkadiroǧlu et al., 2011; Angrist et al., 2016). We
tested other sources of heterogeneity (including gender) and only kept the variables that were significant sources
of heterogeneity.
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methodology is identical as explained in section 4.
To estimate equation 14, we instrument individual charter enrollment, enrollment in an urban charter school, and enrollment in a charter school after the reform. We use as instrumental
variables a dummy indicating if a student wins a charter lottery, and dummy indicating if a
student wins a lottery for an urban charter school, and a dummy indicating if a student wins a
lottery for a charter school after the 2011 reform. Table 4 reports first stage and second stage
estimates of the private return to charter schools. Columns 1, 2, and 3 show first stage coefficients for each of the three instrumental variables. They all have a positive and significant
impact on student probability to enroll in a charter school. Coefficients in math and ELA differ
slightly because of differences in student samples. The second stage coefficients confirm that
charter schools produce larger gains in urban areas than in nonurban areas. They also appear to
be more effective after the cap reform than before. This is consistent with what Cohodes et al.
(2016) find in Boston.

6.3

IV-DiD on Student-Level Achievement

Unlike the IV-SC that requires aggregate level outcomes, we run the IV-DiD regressions on
student level achievement. To make sure that the achievement variable we use is as similar
as possible for the IV-SC and the IV-DiD, we use the same residualization process. In other
words, we use as an outcome the student level achievement once accounted for individual-level
confounders (charter enrollment and demographics). We run the following regression to get the
residualized test scores:
Yidt = α + β0 Ci + β1 Ci ∗ U rbi + β2 Ci ∗ Pi + γ 0 Xi + idt

(15)

The only difference between this equation and equation 14 is the absence of the districtsby-year fixed effects µdt in this equation. All other terms are identical. For the IV-DiD, we use
ˆidt as the dependent variable rather than the average Yidt . The second-stage equation for the
achievement spillover analysis is:
ˆidt = α2 + δ2 Pidt + θ2 Eidt + λCidt + idt

(16)

where ˆidt is the residualized test score of student i in district d and year t, δ2 is the coefficient of the a post-reform dummy Pidt , θ2 is the coefficient of a dummy for expanding districts
Eidt , and idt is an error term. Our treatment variable, Cidt , measures the share of students
enrolled in a charter school.
For the analysis of achievement spillover, we restrict the sample of expanding districts
to Boston. We adopt that restriction because Boston is the district with the largest charter
expansion after the reform, and the expanding district with the highest number of students
in our sample. When testing the over-identified model with three instruments, the first stage
25

coefficients of two instruments were not significant. In urban expanding districts excluding
Boston and nonurban expanding districts, the charter share did not increase significantly more
than in nonexpanding distircts. We therefore prefer to focus the analysis on Boston.30
We use a dummy variable Zidt as an instrumental variable for charter share. Zidt is the
interaction between the post-reform dummy Pidt and a dummy for expanding districts Eidt .
The first stage for this two-stage least squares (2SLS) procedure is:
Cidt = α1 + δ1 Pidt + θ1 Eidt + γZidt + νidt

(17)

where γ is the effect of post-reform expanding districts on charter share. As in the second-stage
equation, the first stage includes a post-reform dummy Pidt , a dummy for expanding districts
Eidt , and district time effects. We cluster standard errors at the individual and district level.

7

Results on Education Spillover of Charter Expansion

Our results show that increased charter attendance has a positive impact on student achievement, although the effect is not always significant. The synthetic control method shows a small
improvement in student achievement in both math and ELA, though none of the changes significantly differ from placebo tests. Figure 7 shows the evolution of the charter share and math
and ELA test scores in expanding and synthetic expanding districts. The top figure shows a
clear increase in the charter share of expanding districts compared to synthetic control districts.
The additional two figures show that the synthetic control very effectively replicates expanding
districts’ achievement path before the 2011 reform. After 2011, the curves diverge, and by
2015, achievement in expanding districts has increased by 0.028 standard deviations in math
and by 0.019 standard deviations in ELA, as compared to the synthetic control.31
However, placebo inference shows that these test score gains are not statistically different
from placebo districts’ gains. Figure 8 reports the estimate of expanding districts’ treatment
effect as well as the placebo effects.32 This figure also shows the p-value, which is the probability that one of the placebo coefficients is higher than or equal to the estimated coefficient for
the expanding districts. If p-values for the first stage all show that charter share in expanding
districts increased significantly more than in nonexpanding districts, the p-values also show
that the corresponding test score gains are not statistically significant. We run the synthetic
control algorithm separately for math and ELA test scores. As reported in Table 2, the group of
30

The fact that the first stage coefficients in the over-identified model are significant for the spending outcomes
but not for the achievement outcomes is likely due to the different levels of aggregation. The first stage coefficients are estimated on district level variables for the fiscal spillovers, and on individual level variables for the
achievement spillover.
31
The value of the coefficients is displayed in Figure 8.
32
As for expenditure outcomes, we only keep the placebo districts that have a RMSPE that is no larger than
three times the RMSPE of the expanding districts. This explains why the number of placebo districts varies by
outcome.
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synthetic control districts differs for both outcomes. This explains why we also have a different
first stage for math and ELA test scores.
When moving to the IV-DiD specifications, we successively use the synthetic control districts and the districts in the lowest 10th percentile of test scores that did not expand as a control
group. Figure 9 reports pre-trends in student achievement when the control group comprises
synthetic control districts (top two figures) and bottom 10 percentile districts (bottom two figures). Some pre-trends look more parallel than others, which confirms that it is primordial to
control for districts’ time trends in all IV-DiD specifications.
Table 5 reports two-stage least squares (2SLS) estimates of charter school expansion effect
on student achievement. In all regressions, we use the interaction between post-reform cohort
and living in Boston as an instrument. The IV-DiD estimates show that charter expansion had a
positive and significant impact on students’ achievement. Moving from 10% to 15% of students
attending charter schools, which is the average post-reform increase in middle school, would
increase the non-charter students’ achievement by 0.033 standard deviations in math and 0.023
in ELA. These estimates are remarkably similar to those we obtain we the IV-SC method.
Using the districts in the lowest 10th percentile as a control group yields much smaller (and
nonsignificant) coefficients. This is likely due to the fact that the synthetic control districts are
better able to reproduce expanding districts pre-trends in achievement than the districts in the
bottom 10th percentile districts.
Our results are broadly in line with previous studies showing a limited impact of charter
expansion on traditional public school achievement. Evidence from New York City (Winters,
2012; Cordes, 2017) and Florida (Sass, 2006) suggests mildly positive and sometimes significant effects on achievement. In contrast, Bettinger (2005) finds a negative and significant, but
very small, effect of charter expansion in Michigan. However, this paper primarily focuses on
elementary schools rather than middle schools, which may explain the discrepancy. Imberman
(2011) also finds significant negative effects for elementary schools but an insignificant positive
effect, of similar size to our own results, for middle and high schools.33
It is also worth noting that the negative results in the literature tend to correspond to cases in
which there was little funding available to compensate public schools when the charter sector
expands. This was the case for Bettinger’s setting in Michigan, and could be a reason why this
paper finds effects different to ours. The positive effects in New York, meanwhile, come in a
context similar to our own, of increasing per-pupil funding as charters expand (Cordes, 2017).

8

Robustness Checks

The identification of a group of synthetic control districts is the result of a three successive
choices regarding (1) the predictor variables, (2) the method used to compute predictor vari33

For additional references on the effect of charter schools on non-charter students, see Hoxby (2003), Booker
et al. (2008), Zimmer and Buddin (2009), Davis (2013), Jinnai (2014), Mehta (2012), Cremata and Raymond
(2014), Zimmer et al. (2009), Sass (2006), Bifulco and Ladd (2006).
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able weights, and (3) the districts included in the donor pool. To mitigate potential concerns of
specification-searching and cheery-picking, we run seven robustness checks that test the sensitivity of our main results to changes in each of the three aforementioned choices (Ferman et
al., 2016; Kaul et al., 2017). Table 6 details the specification used for each robustness check
and the main specification used through the paper to comment results.34 Each robustness check
departs from the main specification and changes one element at a time. We compare the different specifications in terms of number of synthetic control districts identified, quality of the
pre-reform fit for outcome variables and charter share (as measured by the RMSPE), and the
reduced form treatment effect estimate.
Sensitivity tests for predictor variables
For all results we have presented so far, we use five years of lagged outcome variables as
predictor variables and five years of charter share. As explained in the methodological section,
including lagged outcome variables and lagged charter share is crucial to ensure that the prereform trends of these variables are as similar as possible in expanding districts and synthetic
control. However, including too many lagged outcome variables might render other outcome
predictors irrelevant (Kaul et al., 2017). In our case, the IV-SC method requires a good fit for
both the outcome variable (for the reduced form estimates) and the charter share (for the first
stage estimates). Therefore, it is important to check if the number of lagged values of outcomes
and charter share impacts the quality of the fit for the reduced form and the first stage. In
particular, we might worry that adding too many lagged values of the outcome variable makes
it more difficult to get a good fit for the charter share.
The sensitivity tests reveal that reducing the number of lagged values for the outcome variable and charter share from 5 to 3 or 1 systematically yields to a worse fit on outcomes, while
fit on charter share is sometimes better and sometimes worse. For instance, when looking at
districts’ total per-pupil expenditures, the pre-reform RMSPE of the reduced form goes up from
0.0179 with 5 lagged values to 0.0237 with 3 lagged values and 0.0248 with only one lagged
value. Most importantly, reducing the number of lagged values often significantly increases the
number of synthetic districts identified, indicating overfitting. For instance, for districts’ total
per-pupil expenditures, the number of synthetic districts jumps from 5 to 19 when the number
of lagged outcomes shrinks. Including the entire pre-reform path of the outcome variable and
charter share as predictors systematically leads to a worse fit quality for districts’ expenditures.
It also generates a significantly worse fit for the charter share and larger number of synthetic
control districts when the outcome is districts’ test scores.
34

In our main specification, to identify the set of synthetic control districts, we have used 5 lagged values of the
outcome and the charter share as predictor variable. To compute the predictor variable weights, we have used an
iterative optimization procedure. For the set of donor pool districts, we respectively use the districts in the lowest
10th and 25th percentile of students test score for districts’ expenditures and districts’ test score.
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Sensitivity tests for predictor variable weights
We test three options for the method used to compute the predictor variable weights. For results
presented in the paper, we adopt an iterative optimization procedure that searches among all
predictor weights matrices and sets of districts weights for the best-fitting convex combination
of the control units. Best-fitting refers to the fit between the outcome of the treated districts and
that of its synthetic control before the reform takes place. The second method we test is very
similar, but it only runs the optimization procedure once, instead of three times in the iterative
procedure. This second method should achieve the same RMSPE for the outcome variable
or a lower one. Finally, the default option to compute the variable weights is a data-driven
regression based method that has the advantage to be fast, but often yields less satisfactory
results in terms of minimizing the MSPE. As expected, the results in Tables 7 and 8 show that
using the regression based method or the simple optimization method produce lower quality fit
for outcome variables than the iterative optimization method. Quality fit for charter share is not
always worse however.
Sensitivity tests for donor pools
For most fiscal results presented in the paper, we use as a donor pool the districts in the lowest 10th percentile of test scores. For achievement results and results on districts’ per-pupil
expenditures on fixed costs, we use the districts in the lowest 25th percentile of test scores.
We use a larger donor pool for the latter outcomes because, for these three outcomes that are
more difficult to match, the fit quality significantly increases when we increase the size of the
donor pool. On the other hand, increasing the size of the donor pool also increases the risk of
overfitting. A larger donor pool increases the chance that donor districts are matched because
of idiosyncratic noise rather than because they share an underlying trend with the expanding
districts. Overfitting is detected when expanding districts are matched to a large number of
donor districts, many of them having a very small weight. This shows that a fine balance exists
between having a sufficiently large donor pool (to have enough districts that have similar characteristics to the expanding districts) and not having a too large donor pool to avoid overfitting.
The results in tables 7 and 8 rule out concerns of overfitting for achievement results and results
on districts’ per-pupil expenditures on fixed costs. For these outcomes, the number of synthetic
districts identified remains relatively constant when we increase the donor pool from the bottom 10th percentile districts to the bottom 25th percentile districts. For all other outcomes,
however, overfitting is systematic with the larger donor pool. When looking at districts average
test scores for instance, more than 50 districts are often identified as synthetic control.
Finally, and perhaps most importantly, for most sensitivity tests we run, the value of the
reduced form effect of the 2011 reform is very similar across specifications. This is particularly
true for districts’ expenditures, with the exception of per-pupil expenditures on fixed costs. For
that outcome, the reduced form estimate seems very sensitive to the specification adopted.
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9

Conclusion

The charter sector has grown rapidly since its introduction in the early 90’s. Yet growing concerns have emerged about their potential negative impact on non-charter students. The charter
sector is claimed to drain resources and high-achieving peers from non-charter schools. Some
of these concerns led to a major setback in charter expansion in Massachusetts in November
2016, when voters rejected a ballot initiative that would have added 12 new charter schools.
This paper investigates the fiscal and educational impact of charter expansion on school districts, by exploiting a 2011 reform that raised the cap on charter schools in Massachusetts.
Our results reveal that increased charter attendance shifts districts’ expenditures towards
seemingly more productive inputs. The IV-SC method shows that, after the reform, per-pupil
expenditures on instruction and salaries increased by respectively 7.5% and 5.2% in expanding
districts compared to non-expanding districts. This is accompanied by a 4.4% reduction of
per-pupil expenditures on support services. With respect to charter expansion effect on student
achievement, our results show a positive impact on student achievement, although the effects
are small and not always significant. Our estimates suggest that moving from 10% to 15%
of middle school students attending charter schools would increase the achievement of noncharter students by 0.033 standard deviations in math, and by 0.023 in ELA. These results
parallel the results of previous studies finding a limited impact of charter expansion on students’
achievement (Bettinger, 2005; Imberman, 2011).
It is worth noting some caveats to this analysis. If charter schools have any spillover effect
on student achievement in traditional public schools, we might expect the impact to be larger in
traditional public schools that are close to a charter school. As highlighted by Cordes (2017),
examining spillover effects over large distances, as we do in this analysis, might underestimate
the impact of charter schools on the performance of those students attending traditional public
schools in the same neighborhoods where charter schools locate. To measure a local effect of
charter expansion, we plan to use applications to open new charter schools. Since many applications are rejected, students in areas where a charter school application has been rejected can
be used as a plausible counterfactual for students in areas where a charter school application
has been accepted. Finally, this study focuses on the fiscal and educational spillover effects
of charter expansion. Other effects might also be worth checking such as the charter expansion effect on traditional public schools’ class size, and on teacher quality in traditional public
schools.
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Figure 1: Charter Sector Expansion after the 2011 Reform

Figure 2: Charter Sector Expansion after the 2011 Reform - Middle Schools
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Table 1: Descriptive Statistics for Students and Districts

All
districts
(1)

High
charter share
districts
(2)

Low
charter share
districts
(3)

Expanding
districts
(4)

Non
expanding
districts
(5)

Female
Black
Hispanic
Asian
Subsidized lunch
Special education
Limited English proficient
Math test score
ELA test score

0.492
0.080
0.138
0.051
0.337
0.176
0.049
0.030
0.024

A. Students’ characteristics
0.492
0.491
0.491
0.131
0.030
0.246
0.227
0.052
0.420
0.053
0.048
0.068
0.496
0.183
0.772
0.188
0.164
0.198
0.086
0.013
0.154
-0.162
0.216
-0.393
-0.190
0.230
-0.496

0.492
0.057
0.099
0.048
0.277
0.173
0.034
0.088
0.095

Total spending
Spending on instruction
Spending on fixed costs
Spending on support services
Spending on salaries

14,402
9,075
2,275
2,998
8,353

B. Districts’ per-pupil expenditures
15,614
13,573
15,817
9,857
8,534
9,848
2,363
2,207
2,264
3,263
2,827
3,421
8,724
8,086
8,651

14,357
9,050
2,275
2,985
8,344

Number of students
Enrollment (share)
Number of schools
Number of districts

277,769
1
1,185
293

136,414
0.49
625
113

244,267
0.88
1,009
284

†

141,355
0.51
601
180

33,502
0.12
204
9

Notes: The upper part of this table describes Massachusetts 5th-8th graders in 2009-2010, the year before
the cap reform. The bottom part of the table reports districts’ per-pupil expenditures. In columns 2 and
3, districts charter shares are respectively higher (column 2) and lower (column 3) than the median value.
Columns 4 and 5 are restricted to districts where the charter sector expanded (column 4) and districts where
the charter sector did not expand (column 5) after the 2011 reform. Statistics include Massachusetts middle
school students for whom we have baseline characteristics. The lower part of the table describes districts’
expenditures for primary schools, secondary schools and high schools.
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Table 2: Synthetic Control Districts’ Weights
Districts’ per-pupil expenditures

District
Brockton
Cambridge
Chicopee
Easthampton
Erving
Everett
Fall River
Greenfield
Leominster
Medford
North Adams
Northampton
Oxford
Randolph
Somerville
Southbridge
Springfield
Webster
Winthrop
Worcester
Adams-Cheshire
Athol-Royalston
Pioneer Valley
†

Total
(1)

Fixed
costs
(2)

Instruction
(3)

Salaries
(4)
0.034

Students’ test scores
Support
Services
(5)

Math
(6)

ELA
(7)

0.167
0.225
0.044
0.039

0.079
0.116
0.161
0.092

0.122
0.127

0.138

0.088

0.076

0.024

0.175

0.006
0.179
0.213

0.075
0.235

0.234

0.084

0.012

0.100
0.258
0.081

0.069
0.002
0.209
0.023
0.075
0.149
0.194
0.111
0.443

0.253
0.011
0.053

0.192

0.521

0.153

0.154

0.045

0.060
0.357

0.413
0.203

0.104

0.022

Notes: This table reports the district weights assigned by the synthetic control method. Columns 1 to 7
report weights computed when the outcome variable is, respectively, districts’ per-pupil expenditures (column
1), districts’ per-pupil expenditures on fixed costs (column 2), on instruction (column 3), salaries (column
4), support services (column 5), student achievement in math (column 6), and student achievement in ELA
(column 7). For all expenditure variables, we use the log of the variable as an outcome variable.
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Figure 3: Charter Share and Districts’ Per-Pupil Expenditures in Expanding Districts and
Synthetic Control Districts
(a) Charter share

(b) Total spending

(c) Spending on fixed costs

(d) Spending on instruction

(e) Spending on salaries

(f) Spending on support services

Notes: This figure plots the share of students attending a charter school (plot a), districts’ per-pupil expenditures
(plot b), their per-pupil expenditures on fixed costs (plot c), instruction (plot d), salaries (plot e), and support
services (plot f). For all expenditure variables, we use the log of the variable. The plain lines represent districts
that experienced an increase in the share of students attending a charter school after the 2011 reform (expanding
districts), and the dotted lines represent the synthetic control districts. For expanding districts, we plot the average
charter share and expenditures. For synthetic control districts, we plot the weighted average of the charter share
and expenditures. We use the weights defined by the synthetic control method.
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Figure 4: Placebo Inference for the Fiscal Impact of Charter School Expansion
(a) Charter share

(b) Total spending

(c) Spending on fixed costs

(d) Spending on instruction

(e) Spending on salaries

(f) Spending on support services

Notes: This figure plots the distribution of the charter expansion’s impact on districts’ per-pupil expenditures,
as measured by the synthetic control method. The lines "TREATMENT" report the coefficients when expanding
districts are compared to their synthetic control districts. The exact value of each coefficient is reported in the
top right corner of each figure. For all expenditure variables, we use the log of the variable. The other lines in
the figures report the coefficients when a placebo district is compared to its identified group of synthetic control
districts. The p-values report the probability tthat one of the placebo coefficients is higher than or equal to the
estimated coefficient for the expanding districts.
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Figure 5: Pre trends in Charter Share and Districts’ Per-Pupil Expenditures
(a) Charter share

(b) Total spending

(c) Spending on fixed costs

(d) Spending on instruction

(e) Spending on salaries

(f) Spending on support services

Notes: This figure plots the share of students attending a charter school (plot a), districts’ per-pupil expenditures
(plot b), their per-pupil expenditures on fixed costs (plot c), instruction (plot d), salaries (plot e), and support
services (plot f). For all expenditure variables, we use the log of the variable. The plain lines represent expanding districts and the dotted lines represent synthetic control districts. For both expanding districts and synthetic
districts, we plot the average charter share and expenditures without using the weights defined by the synthetic
control method.
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Table 3: 2SLS Estimates of Fiscal Spillovers
Per-pupil expenditures on:
Total
(1)

Charter share
N
R2
F-Stat

Charter share
N
R2
F-Stat
†

1.0980
(0.8633)
196
0.999
9.5

0.6311
(0.8042)
392
0.999
10

Fixed
costs
(3)

Instruction
(2)

Support
services
(4)

Control group: Synthetic control districts
2.3540**
4.6303***
-2.6167**
(0.9485)
(1.5172)
(1.2673)
196
182
224
0.999
0.968
0.988
9.9
10.9
12.4
Control group: Districts in the lowest 10th percentile
1.6312*
4.3034***
-2.7500**
(0.8248)
(1.4815)
(1.1339)
392
392
392
0.999
0.968
0.988
10
10
10

Salaries
(5)

0.9285
(0.5827)
252
0.999
11.9

0.4498
(0.5752)
392
0.999
10

Notes: This table reports 2SLS estimates of the charter expansion’s effect on districts’ per-pupil expenditures.
For all expenditure variables, we use the log of the variable. The endogenous variable is the charter share,
which is a continuous variable that ranges from 0 to 1. In this over-identified model, we use three instruments:
(i) the interaction between a post-reform years dummy and a Boston dummy, (ii) the interaction between
a post-reform years dummy and a dummy for other urban expanding districts, and (iii) the interaction
between a post-reform years dummy and a dummy for nonurban expanding districts. All regressions
control for expanding districts, post-reform years, and district time trends. For standard errors, we use the
White estimator of variance. When using the synthetic control districts as a control group, the number of
observations varies for each outcome depending on how many synthetic control districts were identified.
*** Significant at the 1 percent level.
** Significant at the 5 percent level.
* Significant at the 10 percent level.
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Figure 6: Charter Students’ Characteristics and Achievement
(a) Black

(b) Asian

(c) Female

(d) Subsidized lunch

(e) Math score

(f) ELA score

Notes: This figure plots charter students’ characteristics. The plain lines represent districts that experienced an
increase in the share of students attending a charter school after the 2011 reform (expanding districts), and the
dotted lines represent all other districts that did not experience an increase in the share of students attending a
charter school.
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Table 4: Lottery Estimates of Charter Effects

(1)

First stage
(2)

(3)

2SLS
(4)

Math
Charter

0.455***
(0.0608)

Charter*Urban

0.312***
(0.0232)

Charter*Post Reform
N
F stat

2985484
400.53

Charter

0.456***
(0.0616)

0.497***
(0.0263)
2985484
318.77

2985484
398.88

-0.331**
(0.117)
0.932***
(0.126)
0.0830**
(0.0320)
2985484

ELA

Charter*Urban

0.312***
(0.0230)

Charter*Post Reform
N
F stat
†

2752583
420.89

2752583
415.74

0.495***
(0.0267)
2752583
331.89

-0.160
(0.0978)
0.398***
(0.106)
0.186***
(0.0262)
2752583

Notes: This table reports first stage and 2SLS estimates of charter school attendance’s effects on student
achievement. Columns 1, 2, and 3 show estimates of the first stage coefficients, and column 4 shows estimates
of the 2SLS coefficients. There are three endogenous variables: a dummy for charter school attendance, the
interaction between charter attendance and a dummy for urban schools, and the interaction between charter
attendance and a dummy for post-reform years. We use three sets of instruments: a lottery offer dummy, a
lottery offer for an urban charter dummy, and a lottery offer for a charter school after the reform dummy. All
regressions control for race, sex, special education, limited English proficiency, subsidized lunch status, and
a female by minority dummy. District-by-year dummies and risk set dummies are also included. Estimates
pool post-lottery outcomes for grades 4-8 and cluster by student identifier as well as district.
*** Significant at the 1 percent level.
** Significant at the 5 percent level.
* Significant at the 10 percent level.
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Figure 7: Charter Share and Students’ Achievement in Expanding Districts and Synthetic
Control Districts
(a) Charter share

(b) Math score

(c) ELA score

Notes: This figure plots the share of students attending a charter school (plot a) and students’ average math and
ELA test score (plots b and c). The plain lines represent districts that experienced an increased share of students
attending a charter school after the 2011 reform (expanding districts), and the dotted lines represent the synthetic
control districts. For expanding districts, we plot the average charter share (plot a), the average math test score
(plot b), and the average ELA test score (plot c). For synthetic control districts, the plots represent the weighted
average of the charter share or test score. We use the weights defined by the synthetic control method. The
test scores used for this figure are the residuals of a regression of students’ raw test scores on a set of students’
demographic characteristics and a dummy for individual charter enrollment.
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Figure 8: Placebo Inference for the Impact of Charter School Expansion on Student
Achievement
(a) Charter share (math weight)

(b) Math score

(c) Charter share (ELA weight)

(d) ELA score

Notes: This figure plots the distribution of charter expansion’s impact on student achievement, as measured by
the synthetic control method. The lines "TREATMENT" report the coefficients when expanding districts are
compared to their synthetic control districts. The exact value of each coefficient is reported in the top right
corner of each figure. The other lines in the figures report the coefficients when a placebo district is compared
to its identified group of synthetic control districts. The p-values report the probability that one of the placebo
coefficients is higher than or equal to the estimated coefficient for the expanding districts.
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Figure 9: Pre trends in Student Achievement
Control Group A: Synthetic control districts
(a) Math score

(b) ELA score

Control Group B: Bottom 10 percentile districts
(c) Math score

(d) ELA score

Notes: This figure plots student achievement in math (plots a and c) and ELA (plots b and d). The plain lines
represent the district of Boston, and the dotted lines represent synthetic control districts. For the first two plots (a
and b), when the synthetic control districts are used as the control group, the lines plot the average test score in
these districts without using the weights defined by the synthetic control method. In the second panel (plots c and
d), the control group is enlarged to all districts in the lowest 10 percentile of student achievement.
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Table 5: 2SLS Estimates of Charter School Expansion’s Impact on Achievement
Math
First Stage
(1)

ELA
2SLS
(2)

First Stage
(3)

2SLS
(4)

Control group: Synthetic Control districts
Charter share
Boston * Post-reform
Boston
Post-Reform
N
F-Stat
R2

0.6639*
(0.2648)
0.0687***
(0.0104)
1.4789
(2.6863)
-0.0206**
(0.0104)
316001
43.938

316001

0.4654*
(0.2234)
0.0659***
(0.0092)
0.2479
(1.8233)
-0.0175*
(0.0092)
338681
51.358

338681

0.023

0.024

Control group: Districts in the lowest 10th percentile
Charter share
Boston * Post-reform
Boston
Post-Reform
N
F-Stat
R2
†

0.0647
(0.2335)
0.0621***
(0.0050)
-0.2847
(1.8470)
-0.0140***
(0.0050)
585920
151.647

585920
0.045

-0.0492
(0.3561)
0.0621***
(0.0046)
-0.4500
(1.7670)
-0.0137***
(0.0046)
536720
183.208

536720
0.039

Notes: This table reports first stage and 2SLS estimates of charter expansion’s effect on student achievement.
The endogenous variable is the charter share, which is a continuous variable that ranges from 0 to 1. The instrumental variable is the interaction between a post-reform dummy and a dummy for Boston. All regressions
control for a Boston dummy, a post-reform dummy, and district time trends. Standard errors are clustered at
the individual and district levels.
*** Significant at the 1 percent level.
** Significant at the 5 percent level.
* Significant at the 10 percent level.
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†

Main specification
1 lag for outcome and charter share
3 lags for outcome and charter share
All lags for outcome and charter share
Additional predictor variables
Variable weights: Regression based
Variable weights: Single optimization
Donor pool: Bottom 10th percentile

Main specification
1 lag for outcome and charter share
3 lags for outcome and charter share
All lags for outcome and charter share
Additional predictor variables
Variable weights: Regression based
Variable weights: Single optimization
Donor pool: Bottom 25th percentile

Number
of lags

5
1
3
9
5
5
5
5

Test score + charter share
Test score + charter share
Test score + charter share
Test score + charter share
Test score + charter share + cov
Test score + charter share
Test score + charter share
Test score + charter share

5
1
3
9
5
5
5
5

Outcomes: Districts’ Average Test Scores

Expenditures + charter share
Expenditures + charter share
Expenditures + charter share
Expenditures + charter share
Expenditures + charter share + cov
Expenditures + charter share
Expenditures + charter share
Expenditures + charter share

Outcomes: Districts’ Per-Pupil Expenditures

Predictor variables

3 optimizations
3 optimizations
3 optimizations
3 optimizations
3 optimizations
Regression based
1 optimization
3 optimizations

3 optimizations
3 optimizations
3 optimizations
3 optimizations
3 optimizations
Regression based
1 optimization
3 optimizations

Weight method

Bottom 25
Bottom 25
Bottom 25
Bottom 25
Bottom 25
Bottom 25
Bottom 25
Bottom 10

Bottom 10
Bottom 10
Bottom 10
Bottom 10
Bottom 10
Bottom 10
Bottom 10
Bottom 25

Donor Pool

Notes: This table presents the features of each synthetic control sensitivity test we run. The specifications 2 and 10 include only one
lagged value for the outcome variable and the charter share. They use the average value of the outcome variable over the pre-reform
years 2003 to 2011. The specifications 3 and 11 include 3 years of lagged values. They use years 2003, 2007 and 2011 for the lags.
The specifications 4 and 12 include all lagged values, that is the entire pre-reform path of the outcome variable and charter share as
predictors (years 2002 to 2011). For outcomes on districts’ expenditures, the additional predictor variables (specification number 5) are the
percentage of black, Hispanics, female, special education, limited English proficient, subsidized lunch, and minority female students. For
outcomes on districts’ test scores, the additional predictor variables (specification number 13) are districts’ per-pupil total expenditures,
and per-pupil expenditures on fixed costs, instruction, support services, and salaries. Details on specifications number 6, 7, 8, 14, 15 and
16 are provided in the text.

9
10
11
12
13
14
15
16

1
2
3
4
5
6
7
8

Specification name

Table 6: Sensitivity Tests for the Synthetic Control Specifications

Table 7: Results of Sensitivity Tests for the Synthetic Control Specifications
Number of
SC
districts
(1)

RMSPE of the
first stage
(2)

RMSPE of the
reduced form
(3)

Treatment effect
(reduced form)
(4)

Outcome: Districts’ Total Per-Pupil Expenditures
Main specification
1 lag for outcome and charter share
3 lags for outcome and charter share
All lags for outcome and charter share
Additional predictor variables
Variable weights: Regression based
Variable weights: Single optimization
Donor pool: Bottom 25th percentile

5
19
19
7
7
5
5
55

0.0026
0.0025
0.0012
0.0028
0.0064
0.0027
0.0022
0.0014

0.0179
0.0248
0.0237
0.0159
0.0163
0.0188
0.0182
0.0162

0.0487
0.0179
0.0477
0.0500
0.0514
0.0501
0.0550
0.0160

Outcome: Districts’ Per-Pupil Expenditures on Fixed Costs
Main specification
1 lag for outcome and charter share
3 lags for outcome and charter share
All lags for outcome and charter share
Additional predictor variables
Variable weights: Regression based
Variable weights: Single optimization
Donor pool: Bottom 25th percentile

4
19
4
4
5
6
5
11

0.0174
0.0022
0.0103
0.0071
0.0071
0.0022
0.0053
0.0015

0.0469
0.0808
0.0477
0.0428
0.0450
0.0889
0.0549
0.0379

-0.0149
-0.0833
-0.0190
-0.0388
-0.0310
0.0044
-0.0465
0.0623

Outcome: Districts’ Per-Pupil Expenditures on Instruction
Main specification
1 lag for outcome and charter share
3 lags for outcome and charter share
All lags for outcome and charter share
Additional predictor variables
Variable weights: Regression based
Variable weights: Single optimization
Donor pool: Bottom 25th percentile

5
19
19
6
6
7
5
54

0.0025
0.0019
0.0017
0.0025
0.0058
0.0018
0.0025
0.0013

0.0229
0.0287
0.0306
0.0151
0.0199
0.0257
0.0229
0.0239

0.0724
0.0520
0.0702
0.0592
0.0678
0.0823
0.0724
0.0125

Outcome: Districts’ Per-Pupil Expenditures on Support Services
Main specification
1 lag for outcome and charter share
3 lags for outcome and charter share
All lags for outcome and charter share
Additional predictor variables
Variable weights: Regression based
Variable weights: Single optimization
Donor pool: Bottom 25th percentile
†

7
19
18
8
7
6
7
54

0.0024
0.0028
0.0054
0.0035
0.0046
0.0026
0.0024
0.0010

Notes: See next table.
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0.0176
0.0424
0.0241
0.0162
0.0190
0.0223
0.0176
0.0128

-0.0457
-0.0304
-0.0439
-0.0424
-0.0348
-0.0381
-0.0457
-0.0346

Table 8: Sensitivity Tests for the Synthetic Control Specifications (continued)
Number of
SC
districts
(1)

RMSPE of the
first stage
(2)

RMSPE of the
reduced form
(3)

Treatment effect
(reduced form)
(4)

Main specification
1 lag for outcome and charter share
3 lags for outcome and charter share
All lags for outcome and charter share
Additional predictor variables
Variable weights: Regression based
Variable weights: Single optimization
Donor pool: Bottom 25th percentile

Outcome: Districts’ Per-Pupil Expenditures on Salaries
9
0.0013
0.0177
0.0508
19
0.0020
0.0235
0.0303
19
0.0009
0.0220
0.0479
8
0.0023
0.0110
0.0305
7
0.0072
0.0130
0.0372
7
0.0007
0.0226
0.0530
9
0.0013
0.0177
0.0508
53
0.0014
0.0122
0.0264

Main specification
1 lag for outcome and charter share
3 lags for outcome and charter share
All lags for outcome and charter share
Additional predictor variables
Variable weights: Regression based
Variable weights: Single optimization
Donor pool: Bottom 10th percentile

7
55
270
54
8
7
7
7

Outcome: Districts’ Average Test Score in Math
0.0139
0.0090
0.0288
0.0446
0.1314
0.0496
0.0089
0.0211
-0.0088
0.0543
0.0001
-0.0086
0.0253
0.0165
0.0440
0.0135
0.0144
0.0354
0.0143
0.0090
0.0296
0.0143
0.0090
0.0296

Main specification
1 lag for outcome and charter share
3 lags for outcome and charter share
All lags for outcome and charter share
Additional predictor variables
Variable weights: Regression based
Variable weights: Single optimization
Donor pool: Bottom 10th percentile

6
49
228
49
11
7
6
6

Outcome: Districts’ Average Test Score in ELA
0.0090
0.0150
0.0198
0.0245
0.0686
0.0075
0.0196
0.0143
0.0126
0.0617
0.0003
0.0029
0.0118
0.0097
0.0289
0.0066
0.0269
-0.0032
0.0122
0.0118
-0.0112
0.0122
0.0118
-0.0112

†

Notes: This table reports results of sensitivity tests done for the synthetic control method. The upper panel
of the table reports results when the outcome variable is districts’ total per-pupil expenditures. Moving
down the table, we report results when the outcome variable is districts’ per-pupil expenditures on fixed
costs, instruction, and suport services. The first column shows the number of synthetic control districts
identified by the synthetic control algorithm. The root mean squarred prediction error (RMSPE) measures
the fit quality between the pre-reform path of expanding districts’ and nonexpanding districts’ outcome
variable (column 2) and charter share (column 3). In column 4, the reduced form treatment effect estimate
is the average post-reform gap between the expanding districts’ outcome and the weighted average outcome
of the synthetic control districts.
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0
10
0
0
0
0
0
0

2017
2018
2019
2020
2021
2022
2023
2024

9,900
10,000
0
0
0
0
0
0

rate
0
100,000
0
0
0
0
0
0

Tuition

Year

Current

0
100,000
0
0
0
0
0
0

reimb

100 pct

Year 1

†

0
0
25,000
0
0
0
0
0

reimb

25 pct

Year 2

0
0
0
25,000
0
0
0
0

reimb

25 pct

Year 3

0
0
0
0
25,000
0
0
0

reimb

25 pct

Year 4

0
0
0
0
0
25,000
0
0

reimb

25 pct

Year 5

0
0
0
0
0
0
25,000
0

reimb

25 pct

Year 6

0

0
0
0
0
0
0
0
0

reimb

End of

Year 7

225,000

0
100,000
25,000
25,000
25,000
25,000
25,000
0

Total Aid

This table presents an example of the timeline for the temporary aid received by districts for Commonwealth charter tuition. In Massachusetts, school
districts receive a full refund of the individual tuition the year following the increase in charter school enrollment and a 25 percent refund for the next five
years. In this example, 10 students switch from a traditional public school to a charter school in the year 2017. The district’s individual charter tuition
equals $US 10,000, so the total charter school tuition payment equals $US 100,000 in 2017. In 2018, the first year after the 10 students have transferred
to a charter school, the Chapter 46 aid refunds 100 percent of the total charter school tuition payment, hence $US 100,000. The state then reimburses 25
percent of the 2017 increase amount for each of the subsequent five years, which amounts to a $US 25,000 refund for years 2019 to 2024. In 2025, the state
stops reimbursing the sending district. In the end, the sending district receives $US 225,000 in state refund during the six years that follows the switch.

Total Aid Disbursed for 2017 change in tuition

enrollment

tuition

charter

Year

Individual

Change in

Reimbursement

Table A.1: Timing of District Aid Received by Districts for Charter School Tuition
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7

2003

7

2004

5

7

6

2005

7

7
7
5
5

6

6

2006

6
7
7
5
5
5
7

6

5

5-6
5

2007

5
5
7

6
7
7
5
5
5
7
5

5
6
6

5
6
6

6
7
7

5
5
6
5

2009

5
5
6
5

2008

6

5
7

6
7
7

5
6
6

5
5
6

2010

5

5

5
6
6

5
5
6

2011

5

5
6
5
5
5
5

5
5
6

2012

5

5
6
5
5
5
5

5
5
6

2013

5

6
5
5
5

5

5
6

2014

Notes: This table lists all charter schools in Massachusetts eligible for the lottery instrument in middle school. The number in each cell indicates the grade
of lottery.

Boston
Boston
Boston
Boston
Boston
Boston
Boston
Boston
Boston
Boston
Boston
Boston
Boston
Orleans
Greenfield
Devins
New Bedford
Lynn
Tyngsboro
South Hadley
Plymouth
Salem

Academy Of the Pacific Rim
Boston Collegiate
Boston Preparatory
Brooke - Roslindale
Codman Academy
Excel Academy - East Boston
MATCH Community Day
Roxbury Preparatory
Brooke - East Boston
Brooke - Mattapan
Excel Academy - Orient Height
Grove Hall 2011 (UCS)
KIPP Academy Boston
Cape Cod Lighthouse
Four Rivers
Francis W. Parker
Global Learning
Kipp Academy Lynn
Murdoch Middle - Innovation
Pioneer Valley Performing Arts
Rising Tide
Salem Academy

†

Town

Charter School Name

Table A.2: Massachusetts Charter Schools Eligible for the Lottery Instrument, and Grades of Lottery

Figure A.1: Pre trends in Charter Share and Districts’ Per-Pupil Expenditures
(a) Charter share

(b) Total spending

(c) Spending on fixed costs

(d) Spending on instruction

(e) Spending on salaries

(f) Spending on support services

Notes: This figure plots the share of students attending a charter school (plot a), districts’ per-pupil expenditures
(plot b), their per-pupil expenditures on fixed costs (plot c), instruction (plot d), salaries (plot e), and support
services (plot f). For all expenditure variables, we use the log of the variable. The plain lines represent districts
that experienced an increase in charter school attendance after the 2011 reform (expanding districts), and the
dotted lines represent districts in the lowest 10th percentile of student achievement that did not experience an
increase in charter school attendance.

53

Table A.3: First Stage Estimates of Fiscal Spillovers
Control group:

Post Reform * Boston
Post Reform * Other urban
Post Reform * Nonurban
N
F-Stat
†

Synthetic control districts

Bottom 10

Per-pupil expenditures on:

districts

Total
(1)

Instruction
(2)

Fixed
costs
(3)

0.0497***
(0.0095)
0.0159***
(0.0050)
0.0144**
(0.0056)
196
9.5

0.0502***
(0.0095)
0.0164***
(0.0049)
0.0149***
(0.0055)
196
9.9

0.0491***
(0.0092)
0.0153***
(0.0043)
0.0138***
(0.0049)
280
10.9

Support
services
(4)

Salaries
(5)

(6)

0.0526***
(0.0093)
0.0188***
(0.0046)
0.0174***
(0.0052)
224
12.4

0.0497***
(0.0091)
0.0159***
(0.0041)
0.0144***
(0.0048)
252
11.9

0.0469***
(0.0091)
0.0131***
(0.0041)
0.0117**
(0.0048)
392
10

Notes: This table reports first stage estimates of charter expansion effects on districts’ per-pupil expenditures.
For all expenditure variables, we use the log of the variable. The dependent variable is the charter share,
which is a continuous variable that ranges from 0 to 1. In this over-identified model, we use three instruments:
(i) the interaction between a post-reform years dummy and a Boston dummy, (ii) the interaction between a
post-reform years dummy and a dummy for other urban expanding districts, and (iii) the interaction between
a post-reform years dummy and a dummy for nonurban expanding districts. All regressions control for expanding districts, post-reform years, and district time trends. For standard errors, we use the White estimator
of variance. When using the synthetic control districts as a control group, the first stage coefficients and the
number of observations vary depending on how many synthetic control districts were identified for each outcome.
*** Significant at the 1 percent level.
** Significant at the 5 percent level.
* Significant at the 10 percent level.
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Table A.4: 2SLS Estimates of Fiscal Spillovers - Just-identified model
Per-pupil expenditures on:
Total
(1)
Charter share
N
R2
First stage F-Stat
First stage coefficient

Charter share
N
R2
First stage F-Stat
First stage coefficient
†

Instruction
(2)

Fixed costs
(3)

Support services
(4)

Salaries
(5)

1.9218
(2.0438)
196
0.873
15.2

Control group: Synthetic control districts
4.4483*
2.2171
-3.3946
(2.2917)
(3.0962)
(2.7929)
196
280
224
0.820
0.687
0.694
16.6
19.7
24.3

0.7523
(1.4828)
252
0.830
22.8

0.0191***
(0.0049)

0.0196***
(0.0048)

0.0191***
(0.0040)

0.4432
(1.6718)
392
0.872
16.6
0.0164***
(0.0040)

0.0186***
(0.0042)

0.0221***
(0.0045)

Control group: Districts in the lowest 10th percentile
2.0078
2.8589
-3.8848
-0.5244
(1.7837)
(2.9886)
(2.6931)
(1.4644)
392
392
392
392
0.849
0.700
0.720
0.829
16.6
16.6
16.6
16.6
0.0164***
(0.0040)

0.0164***
(0.0040)

0.0164***
(0.0040)

0.0164***
(0.0040)

Notes: This table reports 2SLS estimates of charter expansion effects on district spending. The endogenous
variable is the charter share, which is a continuous variable that ranges from 0 to 1. In this just-identified
model, the instrument is the interaction between a post-reform years dummy and a dummy for expanding
districts. All regressions control for expanding districts, post-reform years, and district time trends. For
standard errors, we use the White estimator of variance. When using the synthetic control districts as a
control group, the number of observations varies for each outcome depending on how many synthetic control
districts were identified. The first stage coefficient is the coefficient of the interaction between a post-reform
years dummy and a dummy for expanding districts. *** Significant at the 1 percent level.
** Significant at the 5 percent level.
* Significant at the 10 percent level.
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†

529206
3.942

0.0385**
(0.0194)

528156
3.429

0.0344*
(0.0186)

ELA
(2)

0.0676***
(0.0114)
0.0116
(0.0113)
0.0080
(0.0117)
529206
82.847

Math
(3)

0.0639***
(0.0098)
0.0075
(0.0100)
0.0013
(0.0100)
528156
250.406

ELA
(4)

Multiple instruments

778756
3.431

0.0322*
(0.0174)

Math
(5)

712531
3.662

0.0326*
(0.0170)

ELA
(6)

Single instrument

0.0612***
(0.0078)
0.0052
(0.0077)
0.0016
(0.0083)
778756
86.239

Math
(7)

0.0621***
(0.0070)
0.0057
(0.0072)
-0.0006
(0.0072)
712531
261.572

ELA
(8)

Multiple instruments

Control group: Bottom 10 pctile districts

Notes: This table reports first stage estimates of charter school expansion’s impact on student. The dependent variable is the charter share, which is a
continuous variable that ranges from 0 to 1. In the just-identified model, the instrument is the interaction between a post-reform dummy and an expanding
district dummy. In the over-identified model, we use three instruments: (i) the interaction between a post-reform years dummy and a Boston dummy,
(ii) the interaction between a post-reform years dummy and a dummy for other urban expanding districts, and (iii) the interaction between a post-reform
years dummy and a dummy for nonurban expanding districts. All regressions control for expanding districts, post-reform years, and district time trends.
Standard errors are clustered at the individual and district levels.
*** Significant at the 1 percent level.
** Significant at the 5 percent level.
* Significant at the 10 percent level.

N
F-Stat

Post Reform * Nonurban

Post Reform * Other urban

Post Reform * Boston

Post Reform * Expanding district

Math
(1)

Single instrument

Control group: Synthetic control districts

Table A.5: First Stage Estimates of Charter School Expansion’s Impact on Student Achievement

