Abstract

A metaanalysis is performed of the literature on charter schools and achievement, with a focus
on lotterybased studies and rigorous vahsded studies. Overall, for the limited set of charter
schools, locations, and years that have been studied tehkiatesr schools are producing higher
achievement gains in math relative to traditional public schools in most grade groupings. No
significant differences emerge for reading achievement. However for both math and reading, the
bulk of estimates are positivEor math, middle school studies tend to produce higher effect

sizes than other grade groupings. For math, studies that use lotteries or propensity score
matching tend to find higher effects than other methods. There is not a statistically significant
link between the years covered by a study and the estimated effect size, but for both math and
reading the trend is positive. A tiny but growing literature on nonachievement outcomes suggests
positive influences of charter schools on educational attainmdriiedravioral outcomes.
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1. Introduction

Charter schools represent an increasingly important form of school choice in the United States.
Charter schools are public schools but they are exempted from some of the state laws and
regulations that govern traditional public schools. The intent isHzater schools can provide
students with alternative curricula, teaching methods, and teachers who may differ in educational
background and training from teachers in traditional public schools. This freedom to experiment
and innovate comes with the thréaat the charter authorizer may shut down charter schools
should they fail to meet academic standards or to maintain financial viability.

The most important question to ask about charter schools is whether their students benefit
academically and, increagly, to understand whether the impact of charter schools is changing

as the sector maturéhis report seeks to answer that question based on a survey of the

literature on charter schools and achievement. The report updates and extends prior papers we
have written (Betts and Tang 2008, 2011). Butthe earlier studies found that results varied by
subject tested and grade span, but overall achievement in math and reading of students at charter
schools was typically the same or higher than that of casgregroups of students at traditional

public schools.

Following our earlier papers, we focus on charter school studies that adopt one of two methods.
The first approach involves comparisiydentsvho win and lose lotteries to attend charter

schools, wich is essentially an experimental method. The second approach, known as value
added modeling, is not experimental, but takes into account a studentOs past academic
achievement, unlike some of the weaker nonexperimental studies. The Charter School
Achievernrent Consensus Panel (2006) argues that these approaches are superior to cross
sectional studies that examine the levels of achievement of students at one point in time, and to
studies that compare successive cohorts of students in a given grade. Besie afpjproaches

are likely to entail severe biases due to factors that the authors were not able to take into account,
and so we exclude such studfes.

Only eight papers have used the lottery approach to date, including a total of 136 charter schools.
Non-lottery-based studies that take the vahdgled approach while also constructing a

comparison group against which to benchmark the academic progress of charter school students
are far more abundant. In total, the present report includes in its analysiti®2dded papers

that use lotterpased or rigorous valtedded approaches. (This consist8®$tudies used in

1. Some might argue that an equally important question is whether there is an effect on the test scores of students
who remain in traditional public schooBee Betts (@09) for areview of a very small literaturen whether charter

schools improve academic achievement in traditional public sctioolsgh increased competitioAnother

mechanism through which charter schools could influence achievement in tragitiblielschools is by changing

the average initial achievement of peers in traditional public schools.

2. Betts, Tangand Zau (2010) use data from San Diego and show that models that do not measure individual
students® achievement growth produce quiterdift results from the more sophisticated vadded models, and

that the changes in estimated effects of charters are consistent with the idea that the weaker approaches fail to take
into account the relatively disadvantaged backgrounds of studentsttehd eharters.
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our 2011 review, 12 new studies, ana studies that represent updates to two studies included

in our 2011 report. These updates inclidéle et al.(2013)and CREDO (2013d)ogether,

these studies produce 97 estimates of the charter school effects for a given grade span. (Some
studies, for example, make three contributions by presenting separate estimates for elementary,
middle, and high dwols.)

Our analysis considers the overall impact of attending a charter school as well as variation of
impactsby school type and context. Our specific goals are as fallows

1. To estimate the overall average impact of attending a charter school on chatiading
achievement

2. To measure the variation this estimated mean impaatross studies, and to infer what
proportion of this variation reflects true variations in school quality, as opposed to mere
statistical noisg

3. To estimate how charter scha@ahievement effects vary by grade, subject tested,
demographic backgroundnd special needs background of students, and by urbanicity of
the schogf

4. To compare our results to those in our prior review (Betts and Tang 2011) as a simple
way of looking forchanges itheimpact of charter schools over time as the charter
school movement has started to matared

5. To begin to introduce a new analysis of the relationship between charter school
attendance and student outcomes other ieth and reading achiewent.

Overall, we find that charter schools are producing higher achievement gains in math relative to
traditional public schools in most grade groupingsh the bulk of the math studies producing
positive estimated.he results for reading, however, &ss clearOur metaanalysis revealed

no significant differences between charter and traditional district schools yet most of the studies
in our sample find significant positive results. Our analysis ofasinevement indicators, while

still formative and based on limited studies, shows positive effects for charter schools.

2. Methods and Challenges for MetaAnalysis of the Literature, and an Assessment of
Alternative Methods of Evaluating the Impact of Charter Schools

Our Methods of Analysis

We use sesral approaches to summarize the results. First, we perform a formahmadjais.

This is a widely used method, especially in medical literature, of combining estimates from a
variety of studies to draw overall conclusions. We use this approach tdtsewthe overall

impact of charter schools on achievement is zero, to portray visually the variation across studies,

3. Iltems2 and 3 focus on measuring and explaining variations in imgaassschooldt is crucial to look for
heterogeneous effects of charter schools because identification of outperforming and underperforming charter
schools can potgially improvetheaverage qualy of charter schools overafDutperforming schools can be
expanded or replicated, while underperforming schools can be improved or, if necessary, closed.
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and to estimate the degree to which this is real variation in the effectiveness of charter schools as
opposed to statistical noise. Sedpwe illustrate the variation in the estimates using histograms.
Finally, we use traditional voteounting methods to show the number of studies that yield

positive andsignificant, insignifican{either positive or negative), or negative and significant
results. Though easy to understand, this method is criticized because it might wrongly interpret
studiesthat find Ono significant resufisvhen in truth these studies were unlikely to yield an

effect due to limited statistical power (often the result sinall sample size). This criticism is

valid. However, as we will show, in the charter literature far more studies produce significant
results than one would expect if small samples were biasing researchers toward concluding Ono
significant effects.O Thesults of the vote count serve to accentuate our finding that charter
schools are likely to outperform their traditional public school counterparts in some instances,
and underperform in others.

Challengedor Meta-Analysis of the Literature

Table 10, inthe appendix, shows the set of papers that we included in at least one of our three
research methods, along with information on the geographic location and time span of the study.

These analyses present several challenges. Though improved from theéwsgiesfcovered in

our 2008 analysis, the available studies offer limited geographic coverage, potentially leading us
to overstate the generalizability of results. To provide readers with a sense of how broadly based
a given result might be, in section 3 veport not only an overall effect size but also the number

of studies and the number of geographic locations underlying a given estimate. Similarly, middle
school studies far outnumber studies of elementary schools, especially for specific student
groups,such as African American students attending elementary charter schools.

A second challenge is that charter schools and studies of them display different grade
configurations. Fortunately, the number of studies estimating separate effects for estimates for
elementary, middle, and high school levels has grown considerably over the last three years. This
is a helpful development because it is not clear why one should expect charter school impacts to
be the same across these various grade levels. Howeverstudms still aggregate elementary

and middle schools (e.g., combining grad€8X Others combine elementary, middle, and high
schools, which we refer to as an Oall gisan.O

Another issue is how to weight the various studies. In the current pepesena standard meta

analytic approach that assumes that variations across studies come from sampling error as well as
random variation in the true effect size. Studies that produce more precise estimates will have
higher weight than studies that are Ipsscise. (By Oa precise estimateO we mean that there is
relatively little uncertainty about the size of the true underlying effect.) Thus, we assume that

4. We do not replicateestion 3 of Betts and Tang (2011), whicktedl whether one could maintain the hypothesis
of no negative effects of charter schools in the literature@ersely, the hypothesis of no positive effects. That
past analysis showed that for all but two combinations of grades studied and susjedighere is very strong
evidence of both positive and negative effects in the literature.
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variations in estimates across studies in part reflect true variation in the impact of charter school
on achievement. Because we typically find that wed#ir 90percent of the variation across

studies is likely to be true variation, variations across studies in the precision of the estimates
contribute only modestly to the weights for each study.

Thereare a number of locations in which multiple charter school effectiveness estimates exist
because different authdnavestuded the same placén the appendixtablel1 lists these
studies.

We considered several methods of combining multiple estimatbs sime place. Because the
method of metanalysis relies on independent estimates of the effect of a particular treatment,
including presumably correlated effect sizes from multiple studies of a single place would
introduce bias into the metmalysis stimate of overall charter school effectiveness. We

therefore sought to combine the information from the separate studies of a single place in some
way. While taking an average of the effect sizes between studies is straightforward, combining
the informaton from standard errors of the effect sizes requires making assumptions about the
correlation between studies.

In most cases, the gradpans or time periods studied differ substantially between the studies. In
these cases, we include each study in theoppiate gradspan analysis without concerns about
OdoubleountingO because while one study contributes to the understanding of the effectiveness
of charter schools at the elementary level, the other may contribute to charter effectiveness at the
combineal elementary and middle school level, which our analysis treats as different real effects.
(However, in this specific case we also try combining studies of elementary schools, studies of
middle schools, and studies that combine the timospme cases, thears overlap but the start

or end years differ between studies. These cases present a challenge because it is not clear how
much correlation to assume between studies. For example, if the charter school operating
environment is consistent over the ye#iten we would assume that correlation between an
OearlierO study and a OlaterO study of the same place is relatively high. However, given the
intentionally dynamic nature of the charter school environment, it is likely that there are also real
differencedn the effectiveness of charter scho@genthosein the same pla¢between time
periods.Put differently, we know there are real similarities, and also real differeoewgeen

theeffects estimated in studies of the same place over different tmoelgdout we do not know

how much similarity to assume.

After considering various assumptions about the correlation between studies, we concluded that
the most transparent approach to handling these situations is to include all estimates, except in
casedor which the estimates would be very closely correlated and therefore render the meta
analysis estimates unreliable.



An urgent need to standardize the reporting of results in charter school research

Much of the existing research does not presesilts in a way that allows readers to infer
important information. One problem is that some studies present an effect size and indjcate
whether it is statistically significant, but do not present the standard error. This is a majL

problem because suctudies cannot be included in a mataalysis without knowledge of
this measure of how precise the estimate might be. Another recent pattern is that some
will report on tests for differences in estimated impacts across student subgroups, sucl as by
race/ethnicity, but do not present the actual estimated impacts for the student subgroups. This
omission is unfortunate because there is a genuine policy interest in knowing what the
of charter schools is for various student subgroups, rather tioavirignonly whether the

differences across groups are statistically significant. Finally, we continue to find that spme
papers do not report the exact number of charter schools being studied or the sample ¢f
charter school students. We urge researcheeptwrtrthe following:

1. theeffect sizes accompanied by standard errors,

2. the effect sizes and standard errors for subgroups, rather than just the differencg in
effect sizes between the given subgroup and another group, and

3. the number of charter schools ahd humber of charter school students in the stug

An Assessment of Alternative Methods of Evaluating the Impact of Charter Schools

Although it is clear that lotterpased and valsadded models provide far more credible
estimates than do the many crasstional studies that merely take a snapshot of schools at a
single point in time, it is worth pointing out that none of the most popular methods used in the
studies we cover is fapiroof. We present a brief summary of these issues below. Interested
reades can find a more detailed explanation in Betts and Tang (2011).

Lottery Studies

The primary advantage of lottery studies is thabject to somstraightforwarddata checks, the
studieswill produce unbiased estimates of the impact of winning a loftdmg approach is

useful because the only difference between those who are admitted and those who are not
admitted is the luck of the draw. (In contrast, nonexperimental studies that compare students at
charter schools with those at traditional publicosdh run a risk that there are very real

differences between these two groups of students.)

The primary weakness of lottebased studies is that by definition they focus solely on schools
and grades for which the number of applicants exceeds the nuhdbeispwhich enables
researchers to compare lottery winners to los&pular schools with lotteries are likely to
outperformless popular charter schools, leading these studies to overstate the effect of charter
schools overallThus the externalalidity of lottery-based studies may be quite Id®etts and



Atkinson (2012) point out that many of the lottdrgsed studies produce higher estimated

impacts of attending a charter school than other methods. However, it also seems possible that
lotteriesare only used where the demand for charter schools exceeds the number of available
spots, which implies that the lottery studies will mostly include charter schools that are
recognized by parents and students to be high performing relative to nearioynahgublic
schoolsBetts and Atkinson (2012)lso point to a number of ndattery-based valuadded

studies in these locations that replicate the lottery results quite closely, suggesting that it is not
the method of analysis used in the lottery stsdso much as a genuinely higher effect in

locations with highly oversubscribed schobdls.

A second potential problem with lotteries is differential attrifimm the dataamong the lottery
losers.If students who do not gain admission to their prefectedter school are more likely to
leave the district (and therefore the overall study), it seems plausible that highly motivated and
concerned parents would be the ones most likely to leave the sample once their child loses a
charter school lottery. Thisould induce an overstatement of the impact of attending a charter
school. However, this same problem applies to nonexperimental studies as well.

An important aspect dbttery-based studieis that theycan produce two distinct estimates:
Ointent to tre® and the impact of Otreatment on the tré€3ibd intent to treat refers to the
causal impact of winning a lottery.

The impact of treatment on the treated provides an estimate of the impact on a student of actually
attending a charter school afteinning a lottery.There are methods that researchers can use to
scale up the interib-treat estimate to account for lottery winners who do not attend a charter
school and, conversely, for lottery losers who still end up gaining admission to a chartér sch
These latter Oimpact of treatment on the treatedO estimates are the ones more comparable to the
estimates from the valeadded literaturé.

5. The external validity of ldery studies is a major issueor example, the patbreaking nationwide study by

Gleason et al. (2010) reports that only 130 out3# charter middle schools nationwide in fact used admission
lotteries, and further, only 77 of the 130 charter schools that were oversubscribed wegeavidhnticipate in the
study.This raises concerns about how representative the schools thattteseels and that were willing to

participate might be.

6. The latter estimate will be higher in absolute value because the-iotgrat estimate is a weighted average of
what is presumably a zero effect of winning a lottery but not attending a cbetrtl, plus the effect of winning a
lottery and attending a charter school. For instance, suppose that the impact of winning a lottery and enrolling in a
charter school is 0.4 test score points, but only quarteof lottery winners attend a charterrgml. The overall

impact of winning a lottery themyould be ! " 0.4 + #" 0 = 0.1. Estimates dhe impact of winning a lottery are
referred to as Ointent to treatO estimates, while estimates of the impact of actually attending a charter school are
referral to as the impact of treatment on the treated.



Propensity Score Matching

The main weakness of ndottery-based methods is that typically they compareesitsiwho
attend and do not attend charter scholii&se comparisons can lead to biased estimates of the
impact of attending a charter school becabsestare many characteristics, observed and
unobserved, that could vary between the two sets of students.

Propensity score matching is one method to control for the observed reasons why students elect
to attend charter schoolBhese studies match charter school attendees witieimemer

attendees whdnave similar estimated probabilities of attending atelnachool This approach is

very useful, but it is subject to bias because the method cannot control for unobservable variables
that might be related both to the chances of applying to a charter school and to the outcome being
modeled For instance, higlglmotivated students and families might be more likely to apply to
charter school88ecause motivation is hard to measure, this creates the risk of an upward bias in
the estimated effect of attending a charter school in these studies, because theyo&ohédrc
motivation, which may be correlated with both the probability of applying and test score growth.

The Center for Research on Education Outcomes (CREDO) has produced a string of studies of
charter schools for a variety of states, using a matchetyod that is somewhat similar but not
identical to propensity score matchifgg., CREDO 2009a, 2011, 2012a, 2012b, 2013a, 2013b,
2013c).This approach is subject to the same issue as propensity score models: it could be that
students who selelect iio charter schools are different from students at traditional public
schools for unobservable reasofgarticular concern about the CREDO approach that
distinguishes it from other approaches is that it does not requireti@at@ent match (that is, a
match between a charter student and actarter student made prior to the charter school

student entering the charter school). Rather, a charter school student may be matched based on
his or her achievement two or more years after starting at a chawbei.sthis could lead to

biased estimates if the true causal effects of attending a charter schumtaesa There are

other technical issues with the CREDO studies that we will discussQat¢he other hand, even
though there are concerns abpatential biases in the CREDO studies, they include extremely
large samples of charter schools, and thus do not share issues about external validity to the same
degree as smaller studies.

Student FixeeEffect Models

Student fixedeffect models prevent threeed to use students at traditional public schools as a
comparison group, because the charter school student becomes his or her own comparison group.
That is, we compare achievement growth during years enrolled in a charter for a given student
with the gravth for the same student in years not enrolled in a charter school.

However, this method has its own issbesausedentificationis based ontadents who switch
between charter and traditional public scholmislementary schools, many students start i



charters and do not switch, so it is hard to extrapolate-gfedt results to such studentius
there are issues about external validity in feedfct studies, especially at the elementary level.

Second, fixeeeffect models can control for unolpged heterogeneity among students only to the
extent that the heterogeneity is fixed over tiBiet students who switch between the two types

of schools may have done so due to unobserved fabeiesvolve over timeFor instance, if
students sometimesansfer to charter schools after having had a bad year in a traditional public
school, and their achievement would have improved regardless of whether thegdwhieh

we would overstate the impact of charter schools on achievérfibist.is a versionfathe s

called AshenfelterOs Dip issue, in which workers endogenously select into training programs
(Ashenfelter 1978)immer et al. 2009 test, in locations that provided sufficient data, whether
student trajectories in the year precedirgfudent@svitch into charter schools are significantly
different from trajectories in earlier years, and find no evidence thdtgrsfer dips may be
biasing estimates in San Diego and Philadeldhiee to lack of necessary data, they are unable
to test whether 1B is also the case for the other locations they study, and therefore again argue
that fixedeffect estimates must be interpreted with caution.

A third issue with fixeeeffect models is that they treat students who switch from a charter school
to a traditonal public school symmetrically to a student who switches from a traditional public
school to a charter school. This is sometimes referred to as the OreversibilityO assumption. The
potential problem here is best seen by way of an example. Suppossjibaifia charter school

has a positive impact on studentsO achievement growth both during the years they are at the
charter schoahndthe years after they leave. If this occurred, then in the subsample of students
who switched back to a traditional pubdichool, it would tend to bias downward the estimated
effect of attending a charter school. (Conversely, if a charter school had a negative impact on
studentsO achievement growth before and after attending, then the estimated effect of attending a
charterschool would be biased upwards toward zero for the subsample who later switched back
to a traditional public school.)

In short, none of the methods utilized in the papers included in ouramalgsis is entirely
accurate. But they represent the best naslavailable, and are likely to come much closer to
estimating the true causal impact of charter schools thdagbeigoroustudies that compare
mean outcomes at one point in time.

7. Conversely, a temporary dip in performance of a student at a charter school may induce the studentOs family to
switch the student to a traditional public school the next year, which would bias downeveddithated impact of
the charter school.



3. Meta-Analysis of Effect Size

We use a statistical approacreviewingthe literature that is known as metaalysis. Details
appear in the appendix. The central idea is that in combining multiple estimated effects of
attending a charter school, we need to take into account the uncertainty in each estimate. In
geneal, we should give less weight to the more uncertain estimates. However, if the underlying
estimates are sufficiently different from each other, we are likely to conclude that most of the
variation across studies is real, and not due to the uncertaiigy individual estimates. In this
case, we are likely to give a fairly equal weight to each study.

In our analyses, the weights given to each study are fairly equal, indicating that most of the
variation we see in effects across studies are likely tedderather than due to uncertainty in the
estimates. (Below we will report th@statistic introduced by Higgins et al. (2003) which

provides an estimate of the percentage of the variation in effect sizes that reflects true underlying
variation. The estnates suggest that close to 100 percent of the variation across the studies
reflects true variations in the effects of attending different charter schools.)

We began by obtaining estimates of charter school effects for each grade span and the main
grade spns found often in the literature.

As in our previous study (Betts and Tang 2011), our main results in this section, in table 1,
exclude the results for KIPP charter schools from both the middle school results and the results
that combine elementary studjelementary/middle studies, and middle school studies. (KIPP
refers to the Knowledge is Power Program, a charter school operator. The KIPP estimates are
often much larger than the estimates in studies that include all charter schools in a given region,
and they would assume a disproportionate weight if we included them in the main analysis.) We
later discuss the results when we add the KIPP studies into the analysis, and we also perform a
metaanalysis of the KIPP studies themselves.

Tables 1 and 2 showé main results. Table 1 shows the results in terms of Oeffect sizes,O that is,
the predicted change in a studentOs achievement measured in terms of the number of standard
deviations of achievement. Although this is the normal way of presenting resedksaation

research, many readers may find it more understandable to read the results in terms of predicted
changes in percentile rank for a student attending a charter school. Table 2 shows the results
transformed into percentile rankingBelow, we discas the table 1 results for effect size in

detail, and then briefly discuss how these estimated effects translate into percentiles.

8. The percentile ranking of a student indicates the number of students outtbhilid@ student would sceras
highly as or higher tharcor example a 99th percentile student scores as highly as or high88tbahof 100
students on average, while a 50th percentile student is in the middle of the achievement distribution.
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Table 1. Effect Sizes and Significanc&rom Meta-Analysis, by GradeSpan and Subject
Area

Elementary 0.020 0.045
(17-15) (18-16), 99.26
99.1%

Middle 0.030 0.084
(18-15), 99.%  (19-16), 99.86

High 0.036 0.051
(1512), 98.3%  (16-13), 99.36

Combined -0.001 -0.002
Elementary/Middle (20-16), 98.8%  (20-16), 99.7%

Elementary 0.015 0.044*
Middle, and (50-26), 98.9% (52-27), 99.20
Combined

ElementaryMiddle

Al 0.014 0.034*
(21-17), 98.86  (22-18), 99.8%6

Note: Asterisks indicate effect size significantly different from zero at the 5 percent level or less. The numbers in parentheses
indicate the number of estimates included in the associated estimate of effect size and the number of locations. Tge percenta
refers to thd? estimate of the percentage of the variai@ross estimates that reflécte variation in the effect of charter

schools, rather than just statistical noise. Thus, for example, in the reading test result for elementary schid|90040

indicates 17 estimates covering 15 locations (with two studies each of New York City and San Diego schools), and that 99.1
percent of the variation across estimates in the literature may reflect true variation in the effect of charterAxhuersoned

in the text, we exclude a large number of studies of KIPP schools from the middle school tabulations as the number of studies
greatly outweighs the share of these schools in the charter school popwiailerthe effect sizes are also much largantthe
average seen in other studies
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Table 2. Effect SizesExpressed as Charter StudentsO Predicted Percentile After One Year,

Starting at 50th Percentile by Grade Span and Subject Area

50.8
Elementary
51.2
Middle
51.4
High
Combined 0.0

Elementary/Middle

Elementary, Middle, 50.6
and Combined
Elementary/Middle

50.6
All

51.8*

53.3*

52.0

49.9

51.8*

51.4*

Note: Asterisks indicate effect size significantly different from zero at the 5 percent level or less. The numbers show the
predicted test score percentile of a student who started at the 50th percentile, after ohehggter school attendance.
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In tablel, results for each grade span for reading and math appear in the first and second
columns respectively. For each grade span, the first number shows the estimated overall effect
size. Effect sizes that are statistically significant (at the 5 percent éeeahdicated with an

asterisk. For elementary schools, the overall estimated effect sizes for reading and math
achievement are 0.020 and 0.045, although only the latter estimate is significant at the 5 percent
level. The corresponding estimates from 8eitd Tang (2011) were 0.022 and 0.049

respectively, and both were significant. The drop in significance for reading derives from the
new studies of Utah and Massachusetts, which unlike most other estimates were large and
negative.

The second number foaeh grade spashows, in parentheses, the number of estimates
contributing to the overall estimate, followed by the number of regions examined in the given
studies. For example, in the metaalysis of reading effects for elementary schools,-CRYG
indicates that we found and used 17 separate estimates frgeodfaphic areda calculating

the overall effect. Betts and Tang (2011) ddteat the literature contains relatively few

estimates of the impact on achievement of charter schools at eithtsrtiemtary or high school

level, although there are many estimates at the middle school level or at the combined
elementary/middle school level. These important holes in the literature are starting to be filled in,
in part due to more recent studies fromEIRO, a research organizatitmatnow reports results
separately by grade span.

The third numbepresentedor each grade span shows an estimate of the percentage of the
variation across estimates that reflects true variation in the impact of chartelsselsmpposed

to variation due to random noise. (This is thstatistic referred to earlier.) For reading and math
studies at the elementary level, we estimate that 99.1 percent and 99.2 percent of the variation
reflects true variations in impact across studies. These are large percentages. Clearly, there
appear tde important variations in charter school effects across studies and, implicitly, across
geographic areas.

For middle schools, as for elementary schools, we find positive and significant effects of charter
schools on math achievement, with a positive bsignificant effect on reading achievement.

The number of studies that focus specifically on charter high schools has grown over the last
three years. As shown in tkt@rd row of table 1,no significant effect emerges overnallthese
studies.

A number ¢ studies combine elementary and middle schools and, as showrfaurtherowof
table 1,overallthere is no significant effect of attending a charter school on reading or math
achievement in these studies.

It is somewhat unusual to combine elemengarg middle schools in this way. In a bid to find a
representative portrait of the overall evidence on the impact of charter schools from studies of
schools at the elementary, middle, and combined elementary/middle legdi&hthow of table
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1 combinesll three of these study approaches. When pooling studies in this way, we find a
positive overall estimated effect size for attending a charter school in these studies for both
reading and math, but only the result for math is statistically significant.

Finally, some studies include test scores from elementary, middle, and high school grades
together in one model. We refer to these as @pdie spamodels. Thesixth rowof table 1
shows that the mean effect size in reading is not significant, bygasigve and significant for
math.

In sum, none of the separate analyses by grade span shows a significant effect of attending a
charter school in reading achievement, but in four of the six ways we combine studies by grade
span, a positive and signifidagffect arises for math achievement. A second pattern is that in all
cases, almost 100 percent of the variation across studies appears to be true variation.

Another way of gauging the size of the charter school effect sizes is to translate them into how a
charter school studentOs academic ranking is predicted to change over time. As mentioned
earlier, table 2 translates the effect sizes in table 1 into a studentOs predicted percentile after
attending a charter school for one year, on the assumption eérstuttent starist the 50th

percentile.

We do not discuss in any detail the percentiles predicted for reading because as we noted in table
1, the estimated charter school impacts on reading are not statistically significant. However, we
note that the piicted gains in reading achievement from attending a charter school for one year
are small, typically 1 percentile point or less.

The effects are bigger for math achievement. With an effect size of about 0.045 and 0.084 for
math at the elementary andddle school levels, student withmedian test scorBsranking

50th out of 100 studeriswould be predicted to move up to about the 52nd andSakntiles,
respectively, after attending a charter school for just one year. The math results from @ie analy
that combined elementary school studies, middle school studies, and combined
elementary/middle school studies are identical to that for elementary school: The student is
predicted to move up to the @@percentile. Finally, the studies that combinegadides predict a
gain to the 54tpercentile.

Consider the largest effect size, for middle school math, one more time. If the student began the
year ranking 5th out of 100, after one year at a charter middle school he or she is predicted to
rise to tie or outrank 58ut of 100 students his is a meaningful change, aoverseveral years

of such gains, a studentOs gamdd be quitdarge. For example, if a stent experienced the

same gains during all three years of middle school, he or she would move frorththe 50
percentile to just below the B0percentile.

Another way of thinking about the estimated effects is to compare them to the estimated impact
of other common educational interventions. The effect sizes for math range between 0.03 and
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0.08, signifying that after one year of attending charter school a studentOs test score would
increase, relative to those of other students, by 3 to 8 percent of oth@rdteaviation.

Clotfelter, Laddand Vigdor (2007) estimate that in North Carolina reducing class sireeby
students is associated with gains iniagement of 1.0 to 1.5 percenita standard deviation.

Comparing the Overall Results to Those in Oarlier Review: Reading Effects no Longer
Significant, Math Effects Larger and More Significant

In just three years, the number of rigorous studies of charter school impacts on achievement has
grown considerably. For example, Betts and Tang (2011, tablea®)zed 59 separate math
achievement effects, while in table 1 in therent report we analyA5 estimates’

Overall effect sizes for reading achievement in the current report are roughly the same (but
higher for four grade spans, and lower for two). The only consequential change for reading
achievement is that our overall estimate of the impact for readingveateat for elementary
schools is no longer significant at the 5 percent level.

In contrast, both significance levels and effect sizes for the impact of charter schools on math
achievement are generally larger in the current study than when we appkatng@pproach to

the studies available for our 2011 report. Studies that combine all three grade spans now show a
positive significant effect, but did not in Betts and Tang (2011). Apart from a slight drop in the
effect size at the elementary school lgfiedm 0.049 to 0.045), all of the other math effect sizes

in table 1 are larger than the corresponding estimates in Betts and Tang (2011). For example,
consider thdifth row of table 1, in which we combine all studies performed at the elementary
level, tre middle school level, or at the combined elementary/middle school level. Our estimated
effect size is 0.044. In comparison, our corresponding estimate in Betts and Tang (2011) was
only 0.020. (We include 52 studies in our current analysis for these gpads compared to

only 33 in our earlier study.)

Differences in Effect Sizes Across Studies

It is useful to look at the effect sizes of individual studies and how they contribute to the overall
estimates shown in table 1. Figures 1 and 2 provide anaftigstrof the variation in the effect

sizes across studies of elementary schools for reading and math respectively. The figures use
horizontal lines to indicate the 95 percent confidence interval for each estimate. The rightmost
column shows the weight atiuted to each study. (The size of each square is proportional to
these weights.) The diamond at the bottom of each figure illustrates the overall estimated effect
size, with the width of the diamond indicating the 95 percent confidence interval.

9 This corresponds to the total number of studies of elementary, middle, high, combined elementary/middle school,
and all grade studies.
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Figure 1. Elementary School Reading Effect Sizes by Study, Showing Weights Ascribed by
Random-Effects Meta-Analysis to Each Study

Study %
ID ES (95% Cl) Weight
i
Boston i 0.06 (0.01, 0.10) 5.55
California .| -0.00 (-0.01, 0.00) 6.89
Chicago-1 i—+— 0.10 (0.03, 0.18) 3.94
Delaware [ 0.03 (0.00, 0.07) 6.09
Indiana E - 0.04 (0.03, 0.05) 6.87
Louisiana - 0.08 (0.07, 0.09) 6.87
Massachusetts-3 gl i -0.16 (-0.18, -0.15) 6.73
Michigan L. 0.08 (0.08, 0.08) 6.95
National-2 0: 0.01 (0.01, 0.01) 6.96
New Jersey |- 0.04 (0.03, 0.06) 6.83
New York City-1 -E—o— 0.04 (0.01, 0.07) 6.14
New York City-3 ! 0.19 (0.02, 0.35) 1.51
New York City-4 ‘. 0.01 (0.00, 0.02) 6.90
Pennsylvania . 0.04 (0.04, 0.05) 6.93
San Diego-2 . 1 -0.08 (-0.17, 0.01) 3.26
San Diego-3 E + 0.04 (-0.01, 0.09) 5.12
Utah -~ | -0.07 (-0.09,-0.04)  6.47
Overall (I-squared = 99.1%, p = 0.000) <1> 0.02 (-0.00, 0.04) 100.00
i
NOTE: Weights are from random effects analysis E
T T T

-3 -2 -1

Notes:The horizontal lines show the 95 percent confidence interval, which is also indicated in the second column from the right.
The rightmost column shows the weight ascribed to each study, with the size of the square proportional to these weights. The
overalleffect size estimate is shown at the bottom. Geographic locations with estimates from multiple studies have unique
numbers appended to their labels to distinguish between studies. Table 11, in the appendix, indicates the authorthed year of
study referaced by each study ID label.
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Figure 2. Elementary School Math Effect Sizes by Study, Showing Weights Ascribed by Random

Effects Meta-Analysis to Each Study

Study %
ID ES (95% ClI) Weight

[
Boston —— 0.02 (-0.03, 0.07) 5.24
California i -0.03 (-0.04,-0.02)  6.95
Chicago-1 | 0.12 (0.04, 0.19) 4.08
Delaware - 0.04 (0.01, 0.07) 6.26
Idaho | - . 0.33 (0.03, 0.63) 0.59
Indiana * 0.01 (-0.00, 0.02) 6.91
Louisiana | o 0.08 (0.07, 0.09) 6.98
Massachusetts-3 > ; 0.00 (-0.01, 0.02) 6.82
Michigan | . 0.08 (0.08, 0.08) 7.01
National-2 . . -0.00 (-0.00, 0.00) 7.02
New Jersey * 0.05 (0.03, 0.06) 6.91
New York City-1 |- 0.09 (0.06, 0.12) 6.28
New York City-3 -E—*— 0.19 (0.02, 0.36) 1.52
New York City-4 . 0.08 (0.07, 0.09) 6.98
Pennsylvania * 0.03 (0.02, 0.03) 7.00
San Diego-2 s : -0.19 (-0.30, -0.08)  2.94
San Diego-3 | —— 0.29 (0.22, 0.37) 4.23
Utah - E -0.01 (-0.05, 0.02) 6.28
Overall (l-squared =99.2%, p = 0.000) 0 0.05 (0.02, 0.07) 100.00

Y
NOTE: Weights are from random effects analysis E
11 1 T 1

-3 -2 -1 0 1 2 3 4

Notes:The horizontal lines show the 95 percent confidence interval, which is also indictttedsacond column from the right.

The rightmost column shows the weight ascribed to each study, with the size of the square proportional to these weights. The
overall effect size estimate is shown at the bottom. Geographic locations with estimates fipta stutlies have unique

numbers appended to their labels to distinguish between studies. Table 11, in the appendix, indicates the authorthed year of
study referenced by each study ID label.

The elementary school studies with the largest estimasating effect size include studies of
New York City, Boston, Michigan, Louisiana, and Chicago. Two studies show negative and
significant results: a study by Ni and Rorrer of Utah (2012), and a CREDO (2013a) study of
Massachusetts. A third study with a langegative (but in this case not quite significant)
coefficient is a study of San Diego charters (Betts et al. 2005). A study of San Diego by Betts,
Tang, and Zau (2010) using the same statistical approach but a later time frame produced a
positive and, agin, nearly significant coefficient. In math, the studies with the largest positive
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effect sizes for elementary charter schools were in Idaho, San Diego, New York City, and
Chicago. (Again, a study of an earlier period in San Diego produced a negatthesaime
significant counterpoint. It seems likely that San DiegoOs charter schools have become more
effective with regard to math and reading achievement over time.)

Thebottom of the lethandcolumnin the figures reproduces tlfestatistic along witlihep

value of a test for homogeneous effects across studiep. Vidiees are essentially zero, which is
what we typically found in our analyses of other samples. Put simply, this result indicates that
the idea that charter schools have the same impaditgeographic areas is wrong.

The righthand column in the figures shows the weights assigned to each study when obtaining
our overall estimated effect size. The statistical method uses the variation in effect sizes across
studies that is above and begahe mean estimated variances of the individual estimates to
calculate the true underlying variance in effect sizes that reflects true variation. Smaller, less
precise estimates get less weight than larger, more precise estimates, but because most of the
variation is estimated to be Otrue,O for the most part there is not much difference in the weight
assigned to the various studiés.

Figures 3 and 4 show the estimated effectsiddle school studies for reading and math
respectively. For reading, estimates lie in a fairly narrow band centered at just above zero, with
roughly twothirds of estimates being positive. Positive results from Boston and Massachusetts
exhibit the largst effect size in these studies. Figure 4 shows that most studies of math
achievement produced positive effect sizes, often statistically significant. Again the biggest
outlier is the result from Boston, with an effect size about double the size of tHaggest

estimate (from New York City).

10. The weighting scheme here is optimal in that it produces the minimum variance estimate of the overall effect.
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Figure 3. Middle School Reading Effect Sizes by Study, Showing Weights Ascribed by Random
Effects Meta-Analysis to Each Study

Study %
ID ES (95% Cl) Weight
Boston | —— 0.17 (0.07, 0.27) 3.88

1
CMOs multiple states - 0.01 (-0.02, 0.04) 5.84
Chicago-1 — -0.06 (-0.14, 0.01) 4.76

1
|
Delaware - 0.08 (0.04, 0.12) 5.72
|
1

Indiana > -0.03 (-0.05, -0.01) 6.04
Louisiana * 0.02 (0.01, 0.03) 6.11
Massachusetts-2 i—‘— 0.08 (0.03, 0.12) 5.43
Massachusetts-3 X . 0.15(0.14, 0.15) 6.16
Michigan » 0.07 (0.06, 0.08) 6.14
National-1 —0—-5 -0.10 (-0.23, 0.03) 3.27
National-2 * 0.02 (0.02, 0.02) 6.17
New Jersey - 0.08 (0.06, 0.09) 6.09
New York City-3 -—IO— 0.04 (-0.02, 0.10) 5.10
New York City-4 * 0.11 (0.10, 0.12) 6.14

Pennsylvania * -0.06 (-0.07, -0.05) 6.12
San Diego-2 - -0.08 (-0.12, -0.04) 5.73
San Diego-3 0.01 (-0.04, 0.06) 5.29
Overall (I-squared = 99.3%, p = 0.000) 0.03 (-0.00, 0.06) 100.00

)
]
I
I
I
]
!
| |
]
Texas-1 ": 0.01 (-0.01, 0.04) 6.03
]
I
I
1

NOTE: Weights are from random effects analysis
I I I I I I I I I I
-3-2-10 1 2 3 4 5 6 7

Notes:The horizontal lines show the 95 percent confidence interval, which is also indicated in the second column from the right.
The rightmost column shows the weight ascribed to each study, with the size of the square proportional to these weights. The
overalleffect size estimate is shown at the bottom. Geographic locations with estimates from multiple studies have unique
numbers appended to their labels to distinguish between studies. Table 11, in the appendix, indicates the authorthed year of
study refeenced by each study ID label.
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Figure 4. Middle School Math Effect Sizes by Study, Showing Weights Ascribed by RandeBffects
Meta-Analysis to Each Study

Study %
ID ES (95% Cl) Weight
i
Boston : —_— 0.54 (0.39, 0.69) 3.47
CMOs multiple states T 0.05 (-0.02, 0.13) 5.07
Chicago-1 - -0.09 (-0.16, -0.02) 5.12
Delaware -:0- 0.09 (0.05, 0.13) 5.61
Idaho —0-—: -0.05 (-0.18, 0.08) 3.90
Indiana . 0.05 (0.03, 0.07) 5.76
Louisiana :0 0.09 (0.08, 0.10) 5.81
Massachusetts-2 ' 0.21 (0.16, 0.27) 5.37
Massachusetts-3 . 0.13 (0.13, 0.14) 5.83
Michigan . 0.05 (0.04, 0.06) 5.82
National-1 — E -0.08 (-0.20, 0.04) 4.05
National-2 * { 0.02 (0.02, 0.02) 5.84
New Jersey . 0.10 (0.09, 0.12) 5.79
New York City-3 E — 0.24 (0.16, 0.31) 4.99
New York City-4 ! . 0.29 (0.28, 0.30) 5.82
Pennsylvania . -0.04 (-0.05, -0.03) 5.82
San Diego-2 - 0.06 (0.03, 0.10) 5.62
San Diego-3 —P—%' 0.01 (-0.09, 0.11) 4.54
Texas-1 .| -0.00 (-0.02, 0.02) 5.77
Overall (I-squared =99.5%, p = 0.000) <:> 0.08 (0.04, 0.13) 100.00
NOTE: Weights are from random effects analysis E

Notes:The horizontal lines show the 95 percent confidence interval, which is also indicategséctnd column from the right.

The rightmost column shows the weight ascribed to each study, with the size of the square proportional to these weights. The
overall effect size estimate is shown at the bottom. Geographic locations with estimates frpie stutlies have unique

numbers appended to their labels to distinguish between studies. Table 11, in the appendix, indicates the authorthed year of
study referenced by each study ID label.

Figures 5 and 6 show corresponding figures for high schsoltse Although our overall

estimates are insignificantly different from zero, there are a number of individual studies that
find statistically significant positive and negative effects of attending a charter school. The
overall estimated effect size farading is positive, but three large negative estimates (from
Michigan, Texas, and Massachusetts) counteract a large number of small positive effect size
estimates from other studies. A similar pattern emerges for math achievement in figure 6, with
far morepositive and significant results than negative and significant results, but the overall
estimated effect size of 0.05 is not statistically significant.
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Figure 5. High School Reading Effect Sizes by Study, Showing Weights Ascribed by Random
Effects Meta-Analysis to Each Study

Study %
ID ES (95% ClI) Weight
i
Boston -:—0— 0.16 (0.02, 0.31) 4.42
Delaware E —— 0.21 (0.16, 0.26) 7.24
Indiana X — 0.17 (0.14, 0.20) 7.60
Louisiana E - 0.07 (0.06, 0.09) 7.77
Massachusetts-2 E _— 0.21 (0.09, 0.32) 5.15
Massachusetts-3 -~ | -0.09 (-0.10, -0.07) 7.75
Michigan _—— E -0.35 (-0.46, -0.24) 5.33
National-2 * E -0.02 (-0.02, -0.02) 7.84
New Jersey —I*— 0.05 (0.01, 0.09) 7.37
New York City-4 - 0.04 (0.02, 0.07) 7.66
Pennsylvania -L- 0.04 (0.01, 0.06) 7.71
San Diego-1 :¢ 0.04 (-0.24, 0.33) 1.97
San Diego-2 +— 0.03 (-0.01, 0.07) 7.35
San Diego-3 i —_—— 0.15 (0.10, 0.20) 7.09
Texas-1 - i -0.16 (-0.18, -0.14) 7.73
Overall (I-squared = 98.3%, p = 0.000) <<:> 0.04 (-0.01, 0.08) 100.00
I
NOTE: Weights are from random effects analysis E

Notes:The horizontal lines show the 95 percent confidence interval, which is also indicated in the second column from the right.
The rightmost column shows the weight ascribed to each study, with the size of the square proportional to these weights. The
overalleffect size estimate is shown at the bottom. Geographic locations with estimates from multiple studies have unique
numbers appended to their labels to distinguish between studies. Table 11, in the appendix, indicates the authorthed year of
study refeenced by each study ID label.
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Figure 6. High School Math Effect Sizes by Study, Showing Weights Ascribed by Randeffects

Meta-Analysis to Each Study

Study %
ID ES (95% CI) Weight

i
Boston : 0.19 (0.02, 0.35) 487
Delaware 4:—0— 0.09 (0.04, 0.14) 6.72
Idaho — -0.02 (-0.12, 0.07) 6.12
Indiana —— E -0.00 (-0.03, 0.03) 6.87
Louisiana E - 0.10 (0.09, 0.12) 6.92
Massachusetts-2 : 0.27 (0.13, 0.41) 5.29
Massachusetts-3 -:0- 0.06 (0.04, 0.08) 6.91
Michigan —_— -0.04 (-0.15, 0.06) 5.95
National-2 * E -0.05 (-0.06, -0.05) 6.95
New Jersey E — 0.14 (0.10, 0.18) 6.75
New York City-4 ' 0.17 (0.15, 0.18) 6.91
Pennsylvania E 0.19 (0.17,0.21) 6.91
San Diego-1 : 0.00 (-0.28, 0.28) 3.05
San Diego-2 —O—E -0.01 (-0.06, 0.04) 6.68
San Diego-3 —-0-—5— -0.01 (-0.10, 0.07) 6.19
Texas-1 -~ ! -0.22 (-0.23, -0.20) 6.93
Overall (I-squared = 99.3%, p = 0.000) <<> 0.05 (-0.01, 0.12) 100.00

]
NOTE: Weights are from random effects analysis E

-.I3 -.I2 -.I1 0 I1 I2 !3

Notes:The horizontal lines show the 95 percent confidence interval, which is also indicatedendhd solumn from the right.

The rightmost column shows the weight ascribed to each study, with the size of the square proportional to these weights. The
overall effect size estimate is shown at the bottom. Geographic locations with estimates from studlipéehave unique

numbers appended to their labels to distinguish between studies. Table 11, in the appendix, indicates the authorthed year of
study referenced by each study ID label.

Figures 7 and 8 show the results from the studies that comlleimentary and middle schools,

for which overall we find no significant effects. Considerable variation emerges for reading in
figure 7, with a study of Washington, D.C., schools by Nichols and ...zek (2010), a study of the
Promise Academy in the Harlem QhiénOs Zone in New York City by Dobbie and Fryer

(2010), and another of Texas showing the largest positive effects, and studies of North Carolina,
Ohio, and Texas showing the largest negative effects. It is interesting that Texas produces among
the largespositive and largest negative effect sizes for reading achievement. The positive
estimate comes from a fixexffect model by Booker et al. (2004), covering the period 1995 to
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2002. The estimates apply only for the subsample of charter schools that aretor@ years

old, and for students who did not switch schools in the current school year. The negative estimate
comes from a fixeeffect estimate by Zimmer et al. (2009) covering the period 1996 through

2004, but does not distinguish between new chaered established charters, nor between

students in their first year at a charter school and in later years. Zimmer et al. (2009) argue that
because Onewness is E an inherent part of the charter treatment,O it is the latter number that is
more representat of the performance of Texas charter schbols.

Figure 8 shows estimates for math achievement from studies that combine elementary and
middle schools. Again, the insignificant overall estimate masks considerable variation. The
studies with the largeststimated positive effects come from Washington, D.C., New York City,
and Texas. The largest estimated negative effects come from studies in Ohio, North Carolina,
and Texas. (The same pair of Texas studies that produces the contradictory estimatds outline
above for reading also produces the quite large contradictory results for math.)

11 In this situationwe include both estimates because throughout this analysis we attempt to be as inclusive as is
reasonable and methodologically sound. It may be the case that in some locations, strict governance quickly closes
failing new schools, so that over time onkperienced schools will continue to exist. It may also be the case that in
other locations with looser governance biased towards experimentation, there will always be new schools emerging
which are given freedom to struggle through potential Ogrowing.@aimsrefore, we think it is reasonable to

include both estimates that include a significant portion of OnewO schools and estimates that cover only experienced
schools. In other cases where multiple authors study the same geographic location, we adso @hclade all

estimates, because choosing one estimate over others necessarily requires some value judgment over which estimate
is the most reflective of the true effect of charter schools. Including all estimates judged to be methodologically
sound sems to us to be the most transparent way of proceeding.

12. Zimmer et al. (20099tudynewer and established schools separately and demonstrate that charter schools in

most locations improve over timeq(,, the estimates of charter schools that are threeove years old are higher

than estimate of @rter schools that are youngeCharter schools either improve over time, or the less successful
charter schools close quickly, or poti@lly both situations occuithey further note that of the locationgyhstudy,

Texas is one of the states in which charter schools experience the most improvement over, tina ijas the

most negative firsyear charter school effects).
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Figure 7. Reading Effect Sizes for Studies That Combine Elementary and Middle Schools by Study,

Showing Weights Ascribed by RandorrEffects Meta-Analysis to Each Study

Study %
ID ES (95% Cl) Weight
|

Arizona . -0.01 (-0.02, -0.01)  5.61
Arkansas 0.02 (0.00, 0.04) 5.40
Chicago-2 - -0.04 (-0.06, -0.02)  5.36
Chicago-3 -10- 0.00 (-0.01, 0.01) 5.54
DC-1 -~ -0.01 (-0.02, 0.01) 5.42
DC-2 | 0.16 (0.02, 0.31) 1.50
Georgia l‘ 0.01 (-0.00, 0.01) 5.59
Massachusetts-1 nal 0.00 (-0.01, 0.02) 5.51
Michigan . 0.06 (0.06, 0.07) 5.61
Milwaukee-2 —_— -0.06 (-0.15, 0.02) 3.09
Minnesota - -0.02 (-0.03, -0.01)  5.50
Missouri - 0.03 (0.01, 0.05) 5.41
New Jersey - 0.06 (0.05, 0.07) 5.56
New York City-2 _— 0.09 (0.02, 0.16) 3.52
North Carolina —_ -0.09 (-0.12,-0.07) 5.13
Ohio-1 —_— -0.08 (-0.12,-0.04) 4.70
Ohio-2 - -0.00 (-0.01, 0.00) 5.57
Pennsylvania . -0.04 (-0.04, -0.03) 5.61
Texas-2 —— 0.09 (0.06, 0.12) 5.01
Texas-3 - -0.08 (-0.10, -0.06)  5.36
Overall (I-squared = 98.8%, p = 0.000) < -0.00 (-0.02, 0.02) 100.00
NOTE: Weights are from random effects analysis

I I I

-3 -2 -1

Notes: The horizontal lines show the 95 percent confidence interval, which is also indicated in the second column from the right.
The rightmost column shows the weight ascribed to each study, with the size of the square proportional to these weights. The
overall effect size estimate is shown at the bottom. Geographic locations with estimates from multiple studies have unique
numbers appended to their labels to distinguish between studies. Table 11, in the appendix, indicates the authorthed year of
study eferenced by each study ID label. The studies in this figure are referred to in table 1 as OCombined Elementary/Middle
Studies.O

23



Figure 8. Math Effect Sizes for Studies That Combine Elementary and Middle Schools by Study,
Showing Weights Ascribed by RandorrEffects MetaAnalysis to Each Study

Study %
ID ES (95% CI) Weight
Arizona . -0.04 (-0.05,-0.04) 5.47
Arkansas - 0.05 (0.03, 0.07) 5.37
Chicago-2 - 0.02 (-0.02, 0.06) 5.07
Chicago-3 -* 0.02 (0.01, 0.03) 5.46
DC-1 = 0.01 (-0.00, 0.03) 5.41
DC-2 * > 0.15 (-0.02, 0.32) 2.15
Georgia . -0.01 (-0.02,-0.00) 5.47
Massachusetts-1 - 0.06 (0.05, 0.07) 5.44
Michigan . 0.06 (0.06, 0.06) 5.48
Milwaukee-2 —_ 0.05 (-0.03, 0.13) 410
Minnesota - -0.03 (-0.04, -0.02) 5.43
Missouri - 0.03 (0.01, 0.04) 5.38
New Jersey - 0.08 (0.07, 0.09) 5.45
New York City-2 _— 0.12 (0.03, 0.21) 3.82
North Carolina —_—— -0.16 (-0.20,-0.12) 5.04
Ohio-1 —_—— -0.18 (-0.26, -0.10)  4.15
Ohio-2 * -0.06 (-0.07,-0.05) 5.46
Pennsylvania . -0.08 (-0.08, -0.07) 5.48
Texas-2 - 0.08 (0.06, 0.11) 5.31
Texas-3 —_—— -0.12 (-0.16,-0.08)  5.07
Overall (I-squared = 99.7%, p = 0.000) <> -0.00 (-0.03, 0.03) 100.00
NOTE: Weights are from random effects analysis

I I I I I I

-3 -2 -1 0 A 2 3

Notes:The horizontal lines show the 95 percent confidence interval, which is also indicated in the second column from the right.
The rightmost column shows the weight ascribed to each study, with the size of the square proportional to these weights. The
overalleffect size estimate is shown at the bottom. Geographic locations with estimates from multiple studies have unique
numbers appended to their labels to distinguish between studies. Table 11, in the appendix, indicates the authorthed year of
study refeenced by each study ID label. The studies in this figure are referred to in table 1 as OCombined Elementary/Middle
Studies.O
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Figures 9 and 10 show reading and math results for the @atl®spastudies, which in the

case of reading produced an oveedect size that was insignificantly different from zero. For
reading, as shown in figure 9, most of the effect sizes are clustered in a narrow band on either
side of zero. The main exceptions are positive effect sizes of 0.09 found for Delaware by Miron
et al. (2007), and of 0.07 found for Louisiana by CREDO (8R1or math, as shown in figure

10, the overall estimate is positive and significant at the 5 percent level. There are four large
positive effect size estimates, for New York City, Indianap@lenyver, and Idaho, but the latter
three of these receive a small weight in the overall estimate because they are estimated quite
imprecisely compared to the other studies that mostly have effect sizes near zero.
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Figure 9. Reading Effect Sizes for Studis That Combine Elementary, Middle, and High Schools by

Study, Showing Weights Ascribed by Randontffects MetaAnalysis to Each Study

Study %
ID ES (95% Cl) Weight
Anon —— : -0.02 (-0.05, -0.00) 4.67
Arizona —_— 0.02 (-0.03,0.06) 3.14
California . 0.01 (0.01, 0.02) 5.43
Colorado (Denver)-1 ——— 0.04 (-0.02,0.10) 247
Colorado (Denver)-2 == 0.02 (0.01, 0.04) 5.04
Delaware |! 0.09 (0.07,0.11)  4.68
Florida-1 - -0.00 (-0.02, 0.01)  5.03
Florida-2 L -0.02 (-0.02, -0.02) 5.43
Indiana |: - 0.04 (0.03, 0.05) 5.33
Indianapolis — 0.05 (-0.15,0.24) 0.38
Louisiana | 0.07 (0.07,0.08)  5.33
Massachusetts-3 L. 0.04 (0.04,0.05)  5.41
Milwaukee-1 —— 0.01 (-0.01,0.03) 4.80
Milwaukee-3 —— 0.02 (-0.02,0.06) 3.63
National-2 . -0.01 (-0.01, -0.00) 5.43
New Mexico -, -0.02 (-0.04, -0.01) 5.04
New York City-4 . 0.03 (0.02, 0.03) 5.38
North Carolina * 0.01 (0.00, 0.01) 5.38
Philadelphia ——t -0.03 (-0.07, 0.01) 3.54
San Diego-3 —— 0.03 (0.00, 0.06) 4.28
San Diego-4 —— 0.01 (-0.01,0.03) 4.80
Texas-4 . ! -0.05 (-0.06, -0.05) 5.39
Overall (l-squared = 98.8%, p = 0.000) ¢ 0.01 (0.00, 0.03) 100.00
1

NOTE: Weights are from random effects analysis | |

T T T

-3 -2

-1

Notes:The horizontal lines show the 95 percent confidence interval, which is also indicated in the second column from the right.
The rightmost column shows the weight ascribed to each study, with the size of the square proportional to these weights. The
overalleffect size estimate is shown at the bottom. Geographic locations with estimates from multiple studies have unique
numbers appended to their labels to distinguish between studies. Table 11, in the appendix, indicates the authorthed year of
study refeenced by each study ID label. The studies in this figure are referred to in table 1 as OAIIO grade spans.
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Figure 10. Math Effect Sizes for Studies That Combine Elementary, Middle, and High Schools by
Study, Showing Weights Ascribed by Randontffects Meta-Analysis to Each Study

Study %
ID ES (95% Cl) Weight
Anon —— 0.05 (0.01,0.08)  4.63
Arizona D 0.03 (-0.02,0.08) 4.12
California o -0.03 (-0.03, -0.03) 5.14
Colorado (Denver)-1 | —— 0.17 (0.05, 0.29) 212
Colorado (Denver)-2 |- 0.06 (0.05,0.08)  5.04
Delaware |- 0.07 (0.04,0.09) 4.92
Florida-1 —— 0.01(-0.03,0.04) 4.50
Florida-2 . -0.03 (-0.03,-0.02) 5.15
Idaho — 0.13(-0.07,0.32) 1.03
Indiana . 0.04 (0.03,0.05)  5.10
Indianapolis - * 0.22 (-0.02,0.46) 0.72
Louisiana R 0.09 (0.09, 0.10)  5.12
Massachusetts-3 L. 0.07 (0.07,0.08) 5.13
Milwaukee-1 —— 0.05 (0.01,0.09) 4.44
Milwaukee-3 — 0.03 (-0.02,0.08) 4.17
National-2 . -0.03 (-0.03,-0.02) 5.15
New Mexico + | -0.05 (-0.06, -0.03) 5.04
New York City-4 ! . 0.14 (0.13,0.15)  5.13
North Carolina . -0.03 (-0.03, -0.02) 5.13
Philadelphia —— -0.03 (-0.07,0.01) 4.44
San Diego-3 — 0.06 (0.02, 0.11) 4.18
San Diego-4 —— 0.02 (-0.02,0.06) 4.44
Texas-4 AE -0.05 (-0.05, -0.04) 5.14
Overall (I-squared = 99.6%, p = 0.000) O 0.03 (0.01,0.05)  100.00
1

NOTE: Weights are from random effects analysis] |

| | | | | | | |

-3 -2 -1 0 14 2 3 4 5

Notes:The horizontal lines show the 95 percent confidence interval, which is also indicated in the second column from the right.
The rightmost column shows the weight ascribed to each study, with the size of the square pabpmttiese weights. The

overall effect size estimate is shown at the bottom. Geographic locations with estimates from multiple studies have unique
numbers appended to their labels to distinguish between studies. Table 11, in the appendix, indicaites drelgear of the

study referenced by each study ID label. The studies in this figure are referred to in table 1 as OAIIO grade spans.
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Estimated Effects fd{IPP Middle School&re Far Higher Than for Other Charter Middle
Schools

The middle school results presented in table 1 and in figures 3 and 4 exclude the many estimates
for individual KIPP schools. Table 3 shows the middle school-aetdysis when the KIPP

studies are added back in. The reading and math effects are mugbositve and both are
statistically significant. However, these are not representative estimates of charter schools
nationwide. For instance, about 25 percent of the weight in the middle school matmalgtas

in table 3 goes to the studies of indivil#PP schools. Yet our estimates suggest that

nationwide KIPP schools account for only about 2 percent of all charter schools.

The bottom panedf table 3 shows the results of a matalysis that includesnly the KIPP
schools.This can be thought of déise second metanalysis of the KIPP literature, following up

on the similar analysis in Betts and Tang (2011). KIPP schools appear to have a statistically
significant and positive influence on both reading and math achievement, with the effect size for
math being twice as large as for reading.

13. The effect sizes for KIPP schools, showrhia bottom panel of table 8f 0174 and 0.374 for reading and math
respectively, are materially higher than the elasticities estimated by Betts and Tangw@diyvere0.096 and

0.223 respectivelySince our earlier literature review, the preliminary report from a national studye(€tal.

2010) has been replaced by a final report (Tuttle et al. 2ahd@)we have substituted the single effect size by
subject in the later report for the many scHeokl estimates in the earlier report on the advice of one of the authors
(Brian Gil, personal communication, February 2014).
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Table 3.ResultsWith and Without the KIPP School Estimates: Effect Sizes and
SignificanceFrom Meta-Analysis, by GradeSpan and Subject Area

Including KIPP
Schools
Middle 0.054* 0.145*
(26-20), 99.0% (27-21), 99.4%

Elementary, Middle, 0.025* 0.070*
and Combined (58-31), 98.7% (60-32), 98.6%
Elementary/Middle
Including Only KIPP
Estimates

Middle 0.174* 0.374*

(8-5), 85.2% (8-5), 94.2%

Note: Asterisks indicate effect size significantly different from zero at the 5 percent level or less. The numbers in parentheses
indicate the number of estimates included in the associated estimate of effect size, and the number of locales, vaaish n the
KIPP schools is unknown due to the shielding of charter school identities in one study.

The estimates for KIPP middle schools are far higher than our average estimates in table 1, with
estimated effect sizeer reading and math of 0.1&fhd 0374respectively. These effect sizes

are enough to move a student initially at thehf@rcentile to percentilés6.9 and 64.6 in a

single year of attendance at a KIPP school. These are very large effects, by any standard.

Our Results Are Not Sensitive t@lumsion of the CREDO Studies

Just as the KIPP studies would dominate the middle school analysis had they been included in
table 1, the CREDO studies of individual states and cities constitute impressive proportions of
the studies in each grade span. Fetance, CREDO contributed 12 of the 20 studies that pool
elementary and middle schools togetl@@me can also examirtlee results once the many stiglie
published by CREDO are removedconcern about these CREDO estimates isttiegt all use

the same nomperimental method, which hinges upon how successfully the studies matched
charter school students with counterparts at traditional public sclBamigause many charter

school students were matched with fabrarter students using their characteristicstastdscores
once at the charter school, this could bias the results. It is not certain whether charter school
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effects would be oveor understated. But it is likely that charter effects, if anything, would be
biased toward zer§. Table 4 shows the resulithen the grade span estimates shown in table 1
are repeated without the CREDO studies

Table 4.Results When CREDO Studie®\re Excluded: Effect Sizes and Significanc&rom
Meta-Analysis, by GradeSpan and Subject Area

Elementary 0.020 0.059*
(9-7), 87.7% (10-8), 94.6%
Middle 0.017 0.082*
(10-9), 85.3% (11-10), 93.4%
High 0.091 0.032
(7-5), 98.3% (8-6), 97.5%
Combined -0.016 -0.013
Elementary/Middle (8-7), 94.2% (8-7), 95.8%
Elementary, Middle, 0.008 0.046*
and Combined (27-15), 91.4% (29-16), 94.7%
Elementary/Middle
All 0.016 0.039*
(11-9), 85.1% (12-10), 64.6%

Note: Asterisks indicate effect size significantly different from zero at the 5 percent level or less. The numbers in parentheses
indicate the number of estimates included in the associated estimate of effect size, and the number of locales. Fditgomparabi
with tablel, we also exclude the KIPP studies from the middle satategory, the combined elementary/middle categorny
thecombined elementary, middle, and combined elementary/middle school studies.

14. For instance, suppose a given charter school boastsaeresA student at this charter school would be

matched with a student who had similar achievement in spite of attending a relatively undenpgtfaditional

public schoolThe latter student may have been on a steeper learning trajectorpghmdistant other factorghis

would tend to make the charter schoobdettOs achievement look woGenversely, at a charter school that was

truly undeperforming, a student could be matched with a student at a traditional public school who wthsan tr
weaker studenfThis would tend to lead to a less negative estimated charter effect than the true effect. Note that a
separate criticism of CREDOOsistatal approach, by Hoxby (2009), was rebutted by CREDOREDO (2009b).
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The results with and without the CREDO studies arprssingly similar. For reading, the same
pattern, in which the overall effect size is not significantly different from zero, continues to hold
across all grade spans studied. For math, exactly the same grade spans that showed positive and
significant efects in table 1 continue to show positive and significant effects when the CREDO
studies are dropped, and the magnitude of the effect sizes are quite similar.

Results for ARisk Populations

Table 5shows estimated effect sizes from metelyses for theeatrisk populations: students in
special education, English Language Learners (ELLSs), and students eligible for federal meal
assistance, the last of which is a commonly used proxy for poverty. Multiple studies for students
in these three groups existatly two grade spans, combined elementary/middle schools and all
grades combined. However, for continuity with earlier tables we show the former twice, listed
first as @ombined E/MO and theE M andCombined E/M.O

Table 5. Effect Sizes for Studies dbelected Subsamples of Student Populations and
SignificanceFrom Meta-Analysis, by Grade Span and Subject Area

READING TESTS

Students in Special -0.002 -0.002 0.025*
Education (12-12), 79.9% (12-12), 79.9% (10-10), 82.7%
English Language 0.005 0.005 0.032
Learners (12-12), 73.5% (12-12), 73.5% (10-10), 87.7%
Students Eligible for 0.014 0.014 0.028*
Federal Meal Assistance (12-12), 89.1% (12-12), 89.1% (10-10), 93.8%
MATH TESTS
Students in Special 0.002 0.002 0.017*
Education (12-12), 79.4% (12-12), 79.4% (10-10), 0.0%
English Language 0.027 0.027 0.015
Learners (12-12), 81.3% (12-12), 81.3% (10-10), 58.6%
Students Eligible for 0.020* 0.020* 0.022*

Federal Meal Assistance

Note: Asterisks indicate effect size significantly different from zero at the 5 percent level or less.

(12-12), 90.0%

(12-12), 90.0%

(10-10), 93.1%



Results for the three types ofr&gk populations are mixed, and difficult to summarize simply.

No subpopulation appears to do worse when attending ckaheols, but beyond that the

impact of charter schools varies by subject and grade span. ELLs show no significant differences
for either subjector any of the available grade spaBisidents in special education attending the
charter schools included in the reviewed studies do as well as or, in the gtatigsol all

grades, better than their counterparts in disttiatpublic schools in both math and reading.

For students eligible for meal assistance, results are consistently positivelfor mat

Results for Racial/Ethnic Subgroups

Table 6 shows results from grade spans with multiple studies by race/ethHicigrestingly,

results for white students are negative and significant for both reading and math in all three grade
spans for which resdts are available, except for math in studies that combined all grades, for
which no significant effect emerges. Similarly, for Asian students, overall effect sizes are
negative and statistically significant, with the exception of reading achieveméndimssthat

combined elementary and middle schools, where no significant effect emerges.

15. The table does not separately show results for studiesMf and Hgradespans as there are only amegwo
studies at these grade spans, and none of these are new since our 2011 literature review. Interested readers can find a
summary of those results fable 6 of Betts and Tang (2011).
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Table 6. Effect Sizes for Studies oRacial/Ethnic Subsamples o5tudent Populations and
Significance From MetaAnalysis, by Grade Sparand Subject Area

White

Black

Hispanic

Native American

Asian

White

Black

Hispanic

Native American

Asian

-0.032*
(15-13), 97.9%

0.023
(16-13), 94.7%

-0.024
(16-13), 91.9%

-0.142
(9-9), 95.4%

-0.026
(12-12), 59.4%

-0.057*
(15-13), 99.2%

0.025
(16-13), 96.9%

-0.004
(16-13),95.2%

-0.034
(7-7), 67.6%

-0.46*
(12-12), 78.3%

READING TESTS

-0.037*
(17-14),97.6%

0.020
(19-15), 93.8%

-0.025
(19-15), 90.9%

-0.142
(9-9), 95.4%

-0.033*
(14-13), 61.1%

MATH TESTS

-0.058*
(17-14), 99.1%

0.028*
(19-15), 96.4%

-0.002
(19-15), 94.9%

-0.034
(7-7), 67.6%

-0.058*
(14-13), 77.8%

-0.020*
(14-13), 97.5%

0.006
(14-13), 97.2%

-0.001
(14-13), 95.7%

-0.054
(9-9), 45.8%

-0.051*
(10-10), 95%

-0.012
(14-13), 98.7%

0.024
(14-13), 98.6%

0.019
(14-13), 98%

-0.077*
(9-9), 57.9%

-0.037*
(10-10), 64.2%

Note:Asterisks indicate effect size significantly different from zero at the 5 percent level or less.
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The results are quite different for black students. The effect sizes for black students are always
positive but only significant for math when we comloisé studies that included elementary and
middle grade$®

Effect sizes for Hispanic students are negative in five out of six cases but are never significant,
and are often very small. Effect sizes for Native Americans are generally negative, but are
significant only for math achievement in studies that combine all grades.

Although the difference in results between black students on the one hand and white and Asian
students on the other is quite striking, these results must be interpreted with caution for two
reasons. First, thé statistic, which estimates the percentage of the variation across studies that
is real rather than statistical noise, is very high. For instance, the overetllsef&n mathfor

white students in studies that combine elementary and middle seve3.057,but 992

percent of the variation across the 15 contributing studies is likely to be real. This variation is not
trivial: Nine studies showed negatigadsignificant effets, two showed positive and significant
effects, and four showed insignificant effects. The statistically significant effects ranged from a
low of about-0.15 in Chicago and Pennsylvania to a high of about 0.09 in Missouri. Second,
even if there had beamiformity of results by race across different studies, it does not
necessarily mean that racial/ethnic group would experience the same impact in any charter
school besides those that have already been studied by researchers.

Urban Districts and Schools

Table 7 shows the results when we focus on studies of urban districts or on individual schools in
urban areaslhe math effect size estimates are always higher in the urban subsaowtein

Table 7than in the overall samp#hown in Table 2In the casefaeading, there are two cases
(elementary and high schools)wmich the effect sizes are higher in the urban subsample.
Insignificant results in the overall samgleable 2)become positive and significant in the urban
school subsample in three caseadiag achievement in elementary schools and high schools,
and math achievement in studies that combleenentary andiddle schools.

16. (But the other three effect sizes at the E/M a@idribined E/M and Erad MO levels for math and reading are
weakly significant, at the-#o 10-percentevelks.)!
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Table 7.Effect Sizes for Studies of Urban Districts and Schools, by Gradgpan and
Subject Area

Elementary 0.037* 0.085*
(7-4), 71.7% (7-4), 90.7%
Middle 0.029 0.167*
(6-4), 95.9% (6-4), 98.2%
High 0.081* 0.070
(5-3), 76.7% (5-3), 92.7%
Combined -0.002 0.023*
Elementary/Middle (6-4), 82.6% (6-4), 40.6%)
Elementary, Middle, 0.025 0.100*
and Combined (19-6), 95.7% (19-6), 99.1%
Elementary/Middle
All 0.011 0.062*
(10-7), 68.0% (10-7), 96.2%

Note: Asterisks indicate effect size significantly different from zero at the 5 percent level or less.

Significant and positive charter school effects for urban students in particular have been noted in
Angrist et al. (2013) and Gleason et al. (2010). Theutdcbe multiple reasons for the larger

effects in urban settings. One obvious possibility is that charter schools have more value to add

in large urban districts if the traditional schools in these areas are underserving their students to a
greater exterthan are their nonurban counterparts. Angrist et al. (2013) attributes the success of
urban charter schools in Massachusetts to the ONo ExcusesO approach to education, which the
authors describe as emphasizing Odiscipline and comportment, traditioimaj seadmath

skills, instruction time, and selective teacher hiring.O
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4. Histograms and VoteCounting Analysis

We next show histograms of the effect sizes, to give a fuller picture of the distribution of effect
sizes. We also show vet®unting resultsSubject to the earlier warning that one cannot assume
that a large set of insignificant effects together implies that the overall effect is insignificant, the
vote-counting procedure provides a somewhat more transparent window onto the extent to which
theliterature produces heterogeneous results.

The histograms support the results of the overall findings and additionally offer a view of the
distribution of effects. In the previous section we demonstrated that on average charter schools
are servingstuderts well, particularly in math-However, a positive overall effect may be the

result of a few large positive results that obscure many more small negative Sisul&sly, a
moderate overall resutbay be the result of many small positive results nedatexdfew large
negative resultEExamining histograms allows us to consider the entire range of effects found
across studie$Ve can use these pictures to pinpoint the upper and lower bounds of the effects
found in eaclgrade span

The histograms presetiite percentage of studies finding effect sizes in each 0.05 unit range
between effect sizes .6 and0.6. We creatd histograms for eacrade spaseparately in
order to examine the different effects according to the deagds of the students stadi’’

The picture at the elementary school level is in line with the formal-aretlysis results.

Confirming the overall positive effects for both reading and math (which are significant for

math, though not statistically significant in reading), we satthie effect sizes are more often

greater than zero than less than zero in both subjects at the elementary school level. Substantially
more studies report positive effects than negative effects in both subjects. Specifically, the first
row (for elementaryof table 8 and table 9, colun(h) shows that for reading 77 percent of
unweighted estimates are positive, while for math 78 peafemiweighted estimates are

positive. These percentages are very similar to the weighted percentages.

17. We generated both unweighted histograms, in which all studies receive equal weight regardless of whether it is a
study of a single school or whether it is a stoflgn entire state, as well as weighted histograms, in which the

weight used is the variable weight applied in the formal raatdysis. The weighted histograms appear generally

similar to the unweighted estimates, because the sample variance of inditudiies was small relative to the true
underlying variation in the effect sizes. Because the unweighted and weighted histograms look similar, we present
only the weighted histograms. The weighted histograms incorporate information about the pretimastates

by downweighting estimates with large standard errors.
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Table 8. Percentage of Reading Results by Level of Statistical Significance and by Method

of Weighting Studies

Sign and (2) (2)
Significance
Gradespan Unweighted Weightedby varying
weights from formal meta
(total # of studies) Excluding KIPP analysis
Percentage of Excluding KIPP
Studies Percentage of Studies
(# of studies)

Elementary -/Significant 12% (2) 13
-/Insignificant 12% (2) 10
(17 studies) +/Insignificant 6% (1) 5
+/Significant 71% (12) 72
Middle -/Significant 17% (3) 18
-/Insignificant 11% (2) 8
(18 studies) +/Insignificant 22% (4) 22
+/Significant 50% (9) 52
High -/Significant 27% (4) 29
-/Insignificant 0% (0) 0
(15 studies) +/Insignificant 13% (2) 9
+/Significant 60% (9) 62
Combined -/Significant 35% (7) 37
Elementary/Middle -/Insignificant 15% (3) 14
+/Insignificant 15% (3) 17
(20 studies) +/Significant 35% (7) 32
Elementary, Middle,|  -/Significant 22% (11) 24
and Combined -/Insignificant 14% (7) 12
Elementary/Middle +/Insignificant 16% (8) 16
(50 studies) +/Significant 48% (24) 47
Studies of All -/Significant 19% (4) 21
Grades -/Insignificant 10% (2) 9
+/Insignificant 2% (6) 21
(21 studies) +/Significant 43% (9) 48

Note:Each number indicates the percentage of regression results for the given weighting method and combination of grade spans
that fit the stated category of sign and statistical significance. The numbers within each cell may not sum to 100rdliego rou
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Table 9. Percentage of Math Results by Level of Statistical Significance and by Method of

Weighting Studies

Sign and (1) (2)
Significance
Gradespan Unweighted | Weighted by varying weight
from formal metaanalysis
(total # of studies) Excluding KIPP Excluding KIPP
Percentage of
Studies
(# of studies)

Elementary -/Significant 11% (2) 10
-/Insignificant 11% (2) 13
(18 studies) +/Insignificant 17% (3) 19
+/Significant 61% (11) 58
Middle -/Significant 11% (2) 11
-/Insignificant 16% (3) 14
(19 studies) +/Insignificant 11% (2) 10
+/Significant 63% (12) 66
High -/Significant 13% (2) 14
-/Insignificant 31% (5) 32
(16 studies) +/Insignificant 6% (1) 3
+/Significant 50% (8) 51
Combined -/Significant 40% (8) 42
Elementary/Middle -/Insignificant 0% (0) 0
+/Insignificant 20% (4) 17
(20 studies) +/Significant 40% (8) 42
Elementary, Middle,|  -/Significant 21% (11) 22
and Combined -/Insignificant 8% (4) 7
Elementary/Middle +/Insignificant 17% (9) 16
(52 studies) +/Significant 54% (28) 55
Studies of All -/Significant 23% (5) 26
Grades -/Insignificant 5% (1) 5
+/Insignificant 27% (6) 21
(22 studies) +/Significant 45% (10) 48

Note:Each number indicates the percentage of regression results for the given weighting method and combination of grade spans
that fit the stated category of sign and statistical significance. The numbers within each cell may not sum to 100rdliego rou

Moreover, when considering statistical significance, the bulk of the estimates that are positive
are also statistically significant, while the negative results are roughly mixed in significance

with half of the negative estimates being significant andleifg insignificant for both

subjectsPut differently, among the 14 elementary scHewkl studies that find statistically

significant results in reading, 12 find positive effemtsl only two find negative effects. In the

earlier formal metanalysis sction we discussed the role of the large negative elementary

school reading results from Utah and Massachusetts in making the overall positive reading effect
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insignificant. With the exception of two large negative results bringing down the overall
elemenary reading effect, a generally similar story holds for elementaryNreitarters appear

to be doing wellAmong the 13 elementary school studies finding statistically significant math
results, only 2 report negative results, while 11 report positive sesult

The votecounting explorations of the middle school math results reveal a very similar pattern to
elementary school math and reading. The middle school level entry in column (1) of table 9
shows that 74 percent of the unweighted results are positiaen Agmong the significant

results, many more are positive than negétimenong the 14 overall significant results, 12 are
positive, and 2 are negative.

The results for middle school reading in column (1) of table 8 are remarkably similar overall,
with 72 percent of results being positive and 28 percent neg&timeng the 2 results here that
are significantthreeare negativeCharter nddle schoad appear to be performing more
consistently in teaching math than in teaching reading, though they areaddiimg both. This
supports the formal metnalysis results in which the overall effects are positive for both
reading and math, but larger and only significant in the case of math.

Figures 11 through 18 show histograms of effect sizes, weighted hetaanalytic weights.
They arguably provide a clearer picture of the distribution of effect sizes than the earlier figures
in the paper.

Figure 11. Histogram of Reading Effect Sizes From Elementary School Studies
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Figure 12. Histogram of Math Effect Sizzs From Elementary School Studies
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Figure 13. Histogram of Reading Effect Sizes From Middle School Studies
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Figure 14. Histogram of Math Effect Sizes From Middle School Studies
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Figure 15. Histogram of Reading Effect Sizes From High School Studies
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Figure 16. Histogram of Math Effect Sizes From High School Studies
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Figure 17. Histogram of Reading Effect Sizes From Studies That Combine Elementary and Middle
Schools
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Figure 18. Histogram of Math Effect Sizes From Studies That Combine Elementary andiddle
Schools
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For both the elementary and middle school levels, the lower bounds are the same for reading and
math results. The lower bound (defined as the lowest effect size in our sample of studies) for
elementary school charter school effect size8.R for both reading and math, while the lower

bound for middle schodharter school effedtizes is less negative,-&t1 for both reading and

math. The upper bounds for math, however, are larger in both the elementary and middle school
levels. There is an estimate appearing in the 0.30 to 0.35 bin for elementary school math, and an
estimatem the 0.50 to 0.55 bin for middle school math. The very large middle school estimate
comes from a study in Massachusetts, using the lottery method. We discussed earlier that lottery
methodology can only be used for oversubscribed schools, and thereferes tleason to

believe a priori that these are estimates that apply to the most successful schools. Even without
these two extreme estimates, we can see in figures 2 and 4 that the positive effects are greater in
magnitude than the negative effects inhbelementary and middle school math.

In our last report, we found thette histograms at the elementary school levelddagjenerally
favorable for charter schoolsnd more favorable for elementary school reading than for math.
Because more evidence favgitive charter school effects in elementary math has emerged since
that report, and some evidence for negative effects in reading have emerged, the histograms
plotting the distribution of effects shown in figures 11 and 12 now look fairly similar fomngad
and math, with perhaps more potential upside in math given the larger upper bound of the
estimates. We also found in the last report that middle schools appeared to be serving charter
school students well in both reading and math, with larger potepsales in math. Figures 13
and 14 show that the same story holds true in this update. There are more estimates finding
positive effects thanegativeeffects and the largest positive effects are larger in magnitude than
the largest negative effects.

While there appears to be substantial improvemectamter high schogderformance, with

several authors finding significant positive effects in recent years, we find again as we found in
our last report that high school is still the single grade spaniahwdsults are most mixed.

Column (1) of table 8 shows that 73 percent of estimates of high school reading effects are
positive. However, we see that all of the remaining 27 percent of the estimates (which find
negative effects) are in fact significanherhistogranin figure 15 shows that at least some of
these negative estimates are also quite large in magnitude. There is one estimafe3h the

0.40 bin at this level, which comes from a CREDO study of Michigan. For high school reading,
just as fo middle school readingf the 13 significant estimates, 4 are negative aack9

positive.

High school math has fewer positive results than elementary or middle school math, but slightly
more of the estimates are still positive than negative, as shofigure 16. Table 9 shows that

56 percent of the high school math results are positive. While the rest of the results are negative,
most of these negative results are not signific@hthe 10 studies finding significant results in

high school math, 8 arpositive and 2 are negati@verall, as we also found in our last report,
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there appears to be more heterogeneitharterhigh school effectiveness than in at the middle
school or elementary school level.

Now wediscusghe combineetlementary/middI¢EM) estimatesWhile we havefive more

estimates in this grade span than in our last report, the results from the updatzinotey

and histogram analysis are very similar to what we found previously. We again find that most of
the studies in this l&t find significant results, withoughly equahumbers of negative results

and positive results. In the last report we found that there is more variation in math effects than
reading effects, and we see the same here. Figures 17 and 18 show a greater spath

effects than reading effects: The reading estimatesmastlybounded between otienth of a
standard deviation on either size of zero, while the math estimates stretchtémtiwgoof a

deviation in both the negative and positive direction.

If we combine the studies of elementary school students and the studies of middle school
students with the studies of combinations of elementary and middle school students, we confirm
the results abov®verall, there are many positive results found@mentary ananiddle school
studies. Studies of combinations of elementary and middle school students are roughly balanced
finding positive and negative resuliherefore thaeinweightede, M, and EM histograms show

many positive estimates, some quite lageng with some negative resulfge do not include

these figures because they essentially replicate the information contained in the earlier figures.

Finally, we discuss those studssidying all grade spanSimilar to the changes in studies of the
other grade spans, more new studies have found positive than negative results since our last
report. Column (1) of the bottom row of tables 8 arsth®wsthat around 72 percent of both
reading and math results are positive. While the remaining estimates are negative and often
significant, the histograms show that the lower bounds on these estimates are not large in
magnitude. Figure 19 shows thaetstudyfinding themost negativestimate for readingg in
the-0.1 t0-0.05 bin. The picture looks more positive for math: Figure 20 shows that the study
finding the most negative estimate is in @eb5 to O bin (and therefore smaller than 5 percent of
a standard deviation less than zero).
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Figure 19. Histogram of Reading Effect Sizes From OAIll GradeO Studies That Combine
Elementary, Middle, and High Schools
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Figure 20. Histogram of Math Effect Sizes From OAIll GradeO Studies That Combine Elementary,
Middle, and High Schools
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Examining all of these results as separate parts of a whole, we concludeeheat charter
schoolsappeato beserving students well, and better in math than in reading.caveat here is

that a substantial portion of studidésit combine elementary and middle school students do find
significantly negative results in both reading and MNa8B percent of reading estimates are
significantly negative, and 40 percent of math estimates are significantly negative. In general,
there appars to be more variation in the results for math than reading, and more variation in
results from studies at the high school level or studies that combine elementary and middle grade
spans than in those studying elementary or middle schools on their own.

5. A Search for Variations Across Studies Related to Time, Grade Span, and Empirical
Method

Given the growing number of studies, it becomes plausible that one could detect differences in
impacts across studies due to the time the study covers, the gxad@sed, or even the method
used by the empirical researchers. To do this we pooled all of th€IR&hstudies, across all

grade spans, and then performed a type of statistical analysis called a metarelression.

We tested three hypotheses about fadtwasmight influence the effect size in a given study:

1. Is the time period, measured by the midpoint of the range of sgbard studied in a
given report, related to the effect size?

2. Is the grade span studied linked to the effect size?

3. Is the statisticainethod used linked to the effect size?

Of these hypotheses the first is particularly relevant for policy because it addresses whether over
time charter schoolsO impact on achievement has risen. We tested these hypotheses by regressing
the effect sizes othree sets of explanatory variables individually and then together. Figures 21

and 22 show the fitted line between reading and math effect sizes and the midpoint of the years
covered in the given study Although the slope was positive in both cases, sstgupa positive

time trend, in neither case was the trend significantly different from zero.

18. We avoided overcounting multiple estimates from theesatudy This applied mostly to the most recent

CREDO studies, whicprovide estimatesot only for elementary, middle, and higchools, but also an overall

estimate across all grades (or for elementarymaiddlle grades in some papets) cases such as these we used the

results for the individual grade spans (elementary, mjddieé high) rather than the overall esttea over raltiple

grade spand.he metaregression is a randeffiects regression that assumes a-paa error term, the first being a
homoscedastic error terie variance of which reflects across study variaton the second being an error term

the variance fowhich is equal to the square of the estimated standard error of the given effect size.

19. We coded start and end years of data using the calendar year in which a given school year ended. For example, if
a study covered the school years 208008 throug20092010, the midpoint is 2009.
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Figure 21. MetaRegression of Reading Effect Sizes at the Midpoint Year of Each Study
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Note: The figure shows effect sizes plotted against the midpointofeéhe study. Regression line is from a megression of
effect sizes on a constant and the midpoint year of the given study. The slope is not statistically significant atehel&veérc
The size of the circle is proportional to the weight giveth&oestimate, which is inversely related to the total variance.
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Figure 22. MetaRegression of Math Effect Sizes at the Midpoint Year of Each Study
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Note: The figure shows effect sizes plotted against the midpoint year of the study. Regressidindmeisetaregression of
effect sizes on a constant and the midpoint year of the given study. The slope is not statistically significant atehel&veérc
The size of the circle is proportional to the weight given to the estimate, which is igvetagd to the total variance.

Tables 12 and 13 in the appendix show the regression results for reading and math respectively.
Columns (1), (2), and (3) show results whennagalel effect sizes as a function of the midpoint

of the years included in tretudy, the grade spans used in the study, and theisghtsethod

used respectivelf he rowdlist the explanatory vables:the midpoint of the years includea

the studydummy variables for studies of elementary schools, middle schools, high schools, and
schools in all grades (with the comparison group being studies that combine elementary and
middle schools)and dummy variables for studies based on student fixed eftgtesies, and
propensity score modeling (with the comparison group being the studies that use other methods).
The studies that used other methods mostly consist of the CREDO virtual control method and
one study that uses instrumental variables. Resolt®tchange if we instead drop the single
instrumental variable studyhe model in olumn (4) includes all three sets of explanatory
variables.

In the reading models, the only explanatory variable that rises to statistical significance is the
indicator br middle school studies, which on average produce an effect size about 0.06 above
that of the comparison group studiewever, in the final column (4) of appendix tabk
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when we include all three sets of explanatory variables, the middle schoakamdgcno longer
statistically significant.

In the math modelshown in appendix table 18ree explanatory variables are statistically
significant, both in the simpler models and in the combined model in column (4). As with

reading models, middle schasibidies of matiproduce higher effect sizes thidre omitted
group,studies that combine elementary and middle schools. In addition, {btseyl studies

and propensity score studies produce significantly higher estimates than do the Oother methodO
studes. Each of these differences is quite large relative to the mean effect sizesnstadnienl.

Middle school studies produce estimatégffect sizeshat are 0.11 to 0.16 higher (depending

on which model we estimate) than elementary/middle schookstuditterybased studies and
propensity score studies produce effect sizes that are higher than the Oother methodO studies by
0.09to0 0.11 and 0.12 to 0.14 respectively. (In each case, the lower number in the ranges
presented comes from the model in catuf®) that combines all the explanatory variables.)

Betts and Atkinson (2012) note the very high estimates from ldti@sgd studies and conjecture

that this arises because only in areas where charter schools outperform traditional public schools
are chater schools popular enough to be oversubscribed, and therefore use admission lotteries.
They show three cases in which lotidagsed and neaxperimental estimates have been

obtained for the same sets of schools. The results are similar although therdagmnetimes

slightly lower.

The difference between results for the propensity score approach and the other methods, which
consist mainly of the CREDO Ovirtual control recordO approach, is somewhat puzzling, as the
latter method appears to use a metbmthewhat similar to propensity score matching. One
potential issue, mentioned earlier, is that the CREDO approach matches students using their
current year test scores, which for charter students are endogenous outcomes. So if a charter
school produces gas in achievement, students at that school will be matched with intrinsically
stronger students in traditional public schools. On the other hand, an equally compelling
argument is that the propensity score models and the CREDO studies have examined quite
different sets of schools, and this alone could well explain observed diffef@nces.

20. Davis and Raymond (2012) compare the CREDO approach to a more standard fixed effect approach using data
from 14 states and two districts, dimt broadly similar resultsAlthough no formal comparison of the CREDO
approach to a goldtandard lotterpased approach has been performed using a singlesetata CREDO (2010)

analysis oftharterschools in New York City comes to similar conclusions to a lotb@ged study in that city by

Hoxby, Murarka, and Kan@009) with a similar estimated math effect and a reading effect that was abeut two

thirds the size of that obtained in the lottbigsed study.
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6. Outcomes Apart From Achievement

Accompanying the large literature we have reviewed above on charter schoolsO association with
student achievement, there is a muchlEnhbterature that examines the relation between

attending a charter school and other outcomes, such as years of education completed and student
behavior. There is little sense in performing a reatalysis of the few papers in this literature,

but a surmary may still be usefdf Overall the studies appear to find positive effects of charter
schools on nomachievement outcomes.

Educational Attainment

Lottery data are especially useful for analyzing college matriculation because we only observe
this outcome once and thus cannot use models that rely on comparing a student over time as
fixed effects models do. To date, three papers have used ioighgls to estimate the effects

of charter school attendance on college enroliment.

Angrist et al. (2013) use lottery data frem Boston schools to examine a range of outcomes
related to postsecondary success. The authors find that while overall postseeanaléamentis
similar among lo#ry winners and losers, thegeda pronounced shift away from twear
colleges and toward fotyrear collegesmong lottery winners. This effe& iielatively large in
magnitude, with charter atteretel 7 percentnore likdy to be enrolled in &our-year college
within 18 months of high school graduation than-attendees.

The two other lottery studies of the impact of charter school attendance on college enrollment are
from a single school in New York City and a singte®ol in San Diego. Dobbie and Fryer

(2013) use lottery data from Promise Academy in Harlem ChildrenOs Zone to find that lottery
winners are 14 percent more likely to enroll in college than lottery losers. McClure et al. (2005)
similarly find that lotterywinners at the Preuss School at UCSD are more likely than lottery

losers to report plans to enroll in a feggar college. Because a substantial portion of lottery

losers did not respond to the survey used to measure college enrollment plans, the estimates

the size of the actual effect are not precise. The estimates range from lottery winners being 11.4
to 48.2 percent more likely than lottery losers to enroll in ayear college, depending on
assumptions made on nogspondent outcomés.

21. For an extended discussion of this GaohievementO literature, see Be2®1(Q) upon which this section is
largely basedThis section is very similar to our corresponding section from Betts and Tang (2011), but with the
notable addition of the results in Dobbie and Fryer (2013) and Angrist et al. (2013).

22. One issue with the McClure et al. (2005) study is thdtdpped a portion of the comparison group because the
charter school expanded, and was able to enroll thedergs in the following yearhis is not the approach that
would be taken in a pure intett-treat study. Importantly, though, the authorsveltioat the treatment group and the
remaining comparison group is closely matched on baseline characteristics. Meanwhile, among the lottery winners,
90.3percentwere set to enroll in a fowyear college in fall. Only 66.7% of respondents from the groupttary

losers planned to attend a feggar college in the fall, demonstrating a gap of about 23%. Just undéritds of
students in the group that did not win the lottery replied to the suByegssuming that none of the rogspondents
or, alternaively, that all of these nerespondents, were intending to enroll in college, we obtain a range &6 #2.1
78.9% as th maximum range for the actual feygar college enrollment in this comparison group.
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The remaimg papers in this literature on educational attainment uséotteny methods. Non

lottery methods may be regarded with more skepticism when used to studghmevement

outcomes than when they are used to study achievement outcomes. This is becauserenhil
evidence indicates that n@xperimental methods can reliably replicate estimates derived from
experimental methods in the test score literature when a baseline test score is included in the
analysis, we cannot say the same for-agperimental rathods ohontestoutcomes. A baseline
measure of educational attainment cannot be controlled for in these analyses because, as noted
earlier, this outcome is only observed once per student.

Furgesoret al. (2012) use a matching method to study educational attainment outcomes in a
select group of charter management organizations (CMOs). (CMOs are nonprofit organizations
operating multiple charter schools.) The authors find that in two of the four @M@available

data studied, college enroliment is substantially and significantly higher among charter students
than the control group. The estimates are large: Charter students are 21 percent and 23 percent
more likely to enroll in college than theirsggective matched necharter counterparts. In the

other two CMOs with available data studied, there is no significant effect on college enrollment.
As might be expected, studies finding increases in college enrollment among charter students
also often findncreases in high school graduation rates. In the Furgeson et al. (2012) study, six
CMOs had data available on graduation rates. In three of the six CMOs, charter students were
significantly more likely to finish high school. The size of these estimateged from charter
students being 12 to 23 percent more likely to graduate than their matchellantan

counterparts. In two of the six CMOs, there was no significant difference, and in one of the six,
charter students were actually 22 perdesslikely to graduate. The variation observed between
schools in achievement outcomes also appears to carry over-&ehienement outcomes.

Booker et al. (2011) also find using a matching method that charter school students in Chicago
and Florida are 8 to 10 mnt more likely to attend college, and 7 to 15 percent more likely to
graduate high school with a standard diploma. An update to this study, Booker et al. (2014),
finds that these charter students in Florida are also more likely to stay enrolledge,catid

earn more money annually at ages 23 to 25.

The papers discussed above also present a smattering of other findings, with varying statistical
significance? Again, the general picture that emerges is one suggestive of large positive impacts
of charer schools on high school graduation and eventual college enrollment. It is important to
note that this literature is still emerging, and currently covers only a limited number of
geographic locations.

23. Angrist etal. (2013) find that lottery winnesgere more likely to pass the high school exit examination in
Massachusetts, more likely to take an Advanced Placement (AP) exam, and scored higher on the AP Calculus exam.
Lottery winners also scored higher on the SAT than lottery losers, but were reolikebr to take the SAT. They

weremore likely to attend college overall (twor fouryear) but this effect is not significant. McClureagt(2005)

find that charter school attendees complete more college preparatory courses in high school.
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Evidence on Attendance and Behavior

Imberman (2007) ses fixedeffect methods to study two behavioral outcomes in an anonymous
large urban school district: studentsO attendance rates and suspensions from school (combined
with more serious disciplinary actions). He finds significant reductions in studeimlidiasgy

infractions among those who attend charter high schools. While he finds no relation between
charter school attendance and attendance rates in a baseline model, he does find a small positive
relation between attending a charter two periods agat@eddance rates in the current period.

In addition to the college attendance results discussed earlier, Dobbie and Fryer (2013) also use
lottery data to study impacts of winning a lottery on a number of behavioral outcomes at the
Promise Academy in theddem ChildrenOs Zone. Lottery winners who were female were 12
percent less likely than lottery losers to become pregnant in their teens, and lottery winners who
were male were 4 percent less likely to go to jail relative to males who lost the lottery.

This literature is obviously very small, but both papers find evidence that charter school
attendance is associated with better noncognitive outcomes.

7. Conclusion

The overall tenor of our results is that charter schools are in some cases outperfochtiogatra
public schools in terms of studentsO reading and math achievement, and in other cases
performing similarly or worse. But there is stronger evidence of outperformance than
underperformance, especially in math. Almost all of the variation acraissts likely to

reflect true variation across locales in the average performance of charter schools. Our analysis
of histograms also shows this variation clearly.

One conclusion that has come into sharper focus since our prior literature three yéeatBago
charter schools in most grade spans are outperforming traditional public schools in boosting
math achievement. The average effect size has grown with the accumulation of three years of
additional research. In the middle school studies, which peotheclargest estimates, charter
school students are predicted to gain 3.3 percentile points in a single year.

In contrast, our estimated reading impacts for charter schools, while almost always positive, do
not reach statistical significance.

However, tle reading results actually have more in common with the math results than meets the
eye. The vote count analysis and histograms show that for reading and math alike a
preponderance of effect sizes in the literature is positive and significant. (The miporta

exception is the studies that combine elementary and middle schools, which show a quite even
split between negativandsignificant versus positivandsignificant results.) The reason overall
effect sizes for math are typically statistically significavhile the effect sizes for reading are

never statistically significant, is due to a small number of studies that produce large negative
effect sizes for reading.
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One of the most important findings from our matelysis is the considerable heteroggnieit

effect sizes across studi€@verall, ourfindings confirm that the impact of the charter sector on
studeniutcomes varies consideralllespecially across geographic areas. Urban areas account
for strong positive effects.

It will always be the case that policymakers will want overall estimates of the average effect of
charter schools on achievement, and this is perfectly understandable and reasonable. But to better
understand which charter schools argetibrming or underperforming, policymakers deserve

to see estimates of the effects of individual charter schools. With a few exceptions such as the
lottery-based studies of a KIPP school in Lynn, Massachusetts, by Angrist et al. (2010), the study
of the Romise Academy of the Harlem ChildrenOs Zone by Dobbie and Fryer (2010), and the
Preuss School at UCSD by McClure et al. (2005), release of results on individual charter schools
has not yet typically occurred. Academic journals may have little interpsibiishing such

detailed results. As suggested in Betts and Tang (2011), one alternative would be for a
consortium of researchers knowledgeable in the field to begin building such a database, by
vetting submissions of schel@vel findings, and includingammpetently done valdadded

estimates into a database that would become publicly available. This database would not only
serve a public purpose, but it would also allow for more nuancedanetgses of characteristics

of charter schools that are truly nvadx a positive or negative difference for student achievement
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Appendix. Details on MetaAnalysis

We assume that the effect of charter schools on achievement is not fixed across studies. Given
that charter schools are afforded considerable freedom toreperand that the regulatory
framework for charter schools varies across states, and surely across individual districts as well,
it would seem untenable to make the alternative assumption that there is a single fixed impact of
charter schools on achievent?*

In a random effects metnalysis, we take a weighted average of the effect sizes across studies.
If Y; is the effect size for th&" of k studies andV; is the weight for each study, our overall
estimated effect sizZd is:

1wy
® M=k

=

The weight for each study is the inverse of the sum of the wsthinly variance (based on the
standard error) and an estimate of the true betseety varianceT*:

@QW=—""
VYi+T

The betweerstudies variance estimaféis based on a method of moments estimathe
variance of true effect sizes. Note thafabecomes large relative to the average wishirdy
variance estimate, then we will tend towards equeifhting across studies, whereadas
becomes relatively small the weights can become highly uhedfheheavier weight given to
studies with the lowest sampling variance.

We report the? statistic introduced by Higgins et al. (2003), which provides an estimate
of the percentage of the variation in effect sizes thatatsfitrue underlying variation

24IFor a review of the randoneffects approach to metmalysis and measures of heterogeneity, see Borenstein et
al. (2009), chapters 12 through 16.
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Table 10. Details on the Studies Used in Any of Our Approaches

Authors Year Name of State on First Final Year| Grade Span(s)| Included in
Published | City Year of | of Data Studied Meta-Analysis
Data of Effect Size,
Vote Counting
Study, and
Histograms
Abdulkadirogluet 2009 Bostor 2002 2007 E,M,H E,M,H
al.
Angristet al. 2010 Boston (1 KIPP | 2006 2009 M M
school)
Angrist, Pathak, and| 2013 Massachusetts | 2002 2011 M M
Walters
Ballou etal. 2006 Idaho 2003 2005 E,M, H, A E,M, H A
Betts etal. 2005 San Diego 1998 2002 E, M, H
Betts, Tang, and Zau| 2010 San Diego 2001 2006 E,M, H A E,M, H A
Bifulco and Ladd 2006 North Carolina | 1996 2002 EM EM
Booker et al. 2004 Texas 1995 2002 EM EM
Buddin and Zimmer | 2003 California 1998 2002 E E
CREDO 200% National 2001 2008 E,M, H E,M, H
CREDO 200% Arizona, varies | varies EM (9 EM (9
Arkansas, locations), A | locations), A
California, (7 locations) (7 locations)
Chicago,
Colorado
(Denver), DC,
Florida, Georgia,
Massachusetts,
Minnesota,
Missouri, New
Mexico, North
Carolina, Ohio,
Texas
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CREDO 2013 Louisiana, varies varies E,M, H A E, M, H, A
Massachusetts, (LA, MA, (MA, NYC)
Michigan, New NYC)
York City E, M, EM
E, M, EM (M)
(M)
CREDO 2012 Indiana, New varies varies E,M, H A E,M, H A
Jersey (IN) (IN)
E, M, EM (NJ) | E, M, EM (NJ)
CREDO 2011 Pennsylvania varies varies E, M, EM E,M, H, A
(IN)
E, M, EM (NJ)
Dobbie and Fryer 2009 NYC (1 school, | 2004 2009 E,M E,M
Promise
Academy in
Harlem
ChildrenOs Zonk|
Furgeson et al. 2012 CMOs multiple | varies | varies M M
states
Gleason et al. 2010 National (29 2004 2008 M M
schools)
Gronberg and Jansg 2005 Texas 2003 2004 M, H M, H
Hoxby and Murarka | 2007 NYC 2004 2006 E E
Hoxby, Murarka, 2009 NYC 200d 2009 EM EM
and Kang
Hoxby and Rockoff | 2004 Chicago 2001 2004 E, M E, M
Imberman 2007 Anonymous 1995 2005 A A
McClureet al. 2005 San Diego 2003 2004 H H
Miron etal. 2007 Delaware 2000 2005 E,M, H A E,M, H A
Ni and Rorrer 2012 Utah 2004 2009 E E
Nichols and ...zek | 201d DC! 2001! 2009 EM EM
Nicotera, 2009 Indianapoli$ 2002 2004 A A
Mendiburo, and
Berends
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Nisar 2012 Milwauked 200d 2009 EM EM

Solmon, Paark, and| 2001 Arizona 1997 1999 A A

Garcia

Sass 2006 Florida 2000 2003 A A

Tuttle et alll 201d Anonymous (22 | varies | varies M (Not used:
KIPP schools) Superseded by

Tuttle et al.
2013)

Tuttle et al. 2013 KIPP multiple 2002 2011 M M
states

Witte, Wolf, 2012 Milwaukee 2007 2011 A A

Carlson, and Dean

Woodworth edl. 2004 Bay Area (3 2003 2004 M M
KIPP schools)

Zimmeret al. 2009 Chicago, varies varies EM (3 EM (3
Colorado locations), A | locations), A
(Denver), (4 locations) (4 locations)
Milwaukee,
Ohio,
Philadelphia, Sal
Diego, Texas

Note:E, M, H and A stand for analyses of elementary, middle, high schools, and all grades, respectively, and EM

stands for combined elementary and middle.
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Table 11. Author and Year of Study Referenced by Study ID Labgfor Cases with More

Than One Study)

Study ID Label used in Figures | Author Year Published
Chicagoe1! Hoxby and Rockoff 2005
Chicage2 Zimmeret al. 2009
Chicage3 CREDO 2009
Colorado (Denverl Zimmeret al. 2009
Colorado (Denverp CREDO 200%
DC-1 Sass 2006
DC-2 Nichols and Ozek 2010
Florida-1 Sass 2006
Florida-2 CREDO 200%
Massachusett$ CREDO 200%
Massachusett? Angrist, Pathak, and Walters 2013
Massachuset{8 CREDO 2013
Milwaukee 1 Zimmeret al. 2009
Milwaukee 2 Nisar 2012
Milwaukee 3 Witte et al. 2012
Nationall Gleason et al. 2010
National?2 CREDO 200%
Nationalt3 CREDO 2013
New York City-1 Hoxby and Murarka 2007
New York City-2 Hoxby, Murarka, and Kang 2009
New York City-3 Dobbie and Fryer 2010
New York City-4 CREDO 2013
Ohio-1 Zimmeret al. 2009
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Ohio-2 CREDO 200%
San Diegel McClureet al. 2005
San Diege2 Betts et al. 2005
San Diege3 Betts et al. 2010
San Dieged Zimmeret al. 2009
Texasl Gronberg and Jansen 2005
Texas2 Booker et al. 2005
Texas3 Zimmeret al. 2009
Texas4 CREDO 2009
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Table 12. MetaRegression Estimates for Determinants of Reading Effect Sizes

1) 2) (3) 4)
VARIABLES
Elementary 0.0275 0.0173
(0.0312) (0.0321)
Middle 0.0643* 0.0383
(0.0290) (0.0333)
High 0.0449 0.0266
(0.0333) (0.0352)
All Grades 0.0193 0.0176
(0.0290) (0.0294)
Midpoint Year of Study| 0.00180 -0.000603
(0.00335) (0.00380)
Fixed -0.0451 -0.0379
(0.0256) | (0.0315)
Lottery 0.0459 0.0368
(0.0312) | (0.0340)
Propensity 0.0409 0.0368
(0.0327) | (0.0388)
Constant -3.578 -0.00452 0.0259* 1.216
(6.715) (0.0216) (0.0117) (7.631)
Observations 92 93 93 92

Notes:Standard errors in parentheseg.< 0.05. **p < 0.01.
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Table 13.Meta-Regression Estimates for Determinants of Math Effect Sizes

) 2) 3) 4)
VARIABLES
Elementary 0.0612 0.0478
(0.0443) (0.0438)
Middle 0.162** 0.110*
(0.0407) (0.0447)
High 0.0626 0.0372
(0.0463) (0.0465)
All Grades 0.0440 0.0428
(0.0415) (0.0405)
Midpoint Year of Study| 0.00601 0.00603
(0.00510) (0.00522)
Fixed -0.0430 -0.00528
(0.0351) | (0.0401)
Lottery 0.112* 0.0928*
(0.0435) | (0.0454)
Propensity 0.138** 0.116*
(0.0450) | (0.0513)
Constant -11.98 -0.00419 0.0498** -12.09
(10.22) (0.0310) | (0.0170) (10.46)
Observations 96 97 97 96

Notes:Standard errors in parentheseg.< 0.05. **p < 0.01.
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