Poli

No. 677

Arlal ; S‘
June 6, 2011

cy

The Other Lottery
Are Philanthropists Backing the Best Charter Schools?

by Andrew J. Coulson

Executive Summary

The central problem confronting education
systems around the world is not that we lack
models of excellence; it is our inability to rou-
tinely replicate those models. In other fields, we
take for granted an endless cycle of innovation
and productivity growth that continually makes
products and services better, more affordable,
or both. That cycle has not manifested itself in
education. Brilliant teachers and high-perform-
ing schools can be found in every state and na-
tion, but, like floating candles, they flicker in
isolation, failing to touch off a larger blaze.

Over the past decade, one of the most prom-
inent strategies for overcoming this problem
has been for philanthropists to partner with
the best charter schools in an attempt to bring
them to scale. The present study seeks an em-
pirical answer to the question: Is that strategy
working—are the highest-performing charters
attracting the most funding?

We search for the answer in California, the
state with the largest number of charter schools
and the largest number of charter school net-
works (groups of two or more schools following
the same pedagogical model or founded, over-
seen, or operated by the same person or group).
Specifically, we compare the amount of phil-
anthropic funding received by these networks

with their performance on state-administered
and Advanced Placement tests. The results are
discouraging. There is effectively no correlation
between grant funding and charter network
performance, after controlling for individual
student characteristics and peer effects, and ad-
dressing the problem of selection bias.

For example, the three highest-performing
charter school networks perform dramatically
above the level of conventional public schools
on the California Standards Tests, but rank 21st,
27th, and 39th in terms of the grant funding they
have received, out of 68 charter networks. The AP
results are worse; the correlations between charter
networks’ AP performance and their grant fund-
ing are negative, though negligible in magnitude.

The top-performing charter networks, like
top-ranked American Indian charter schools,
play a transformative role in children’s edu-
cational and career prospects, and lay bare the
failure of our conventional educational arrange-
ments to fulfill each child’s potential. We should
indeed strive to preserve and replicate them. But
philanthropy has not proven to be a reliable, sys-
tematic mechanism for accomplishing that goal
in California, which has enjoyed more earnest
and extensive efforts in this regard than perhaps
any other state.

Andrew Coulson is director of the Cato Institute’s Center for Educational Freedom and author of Market

Education: The Unknown History (1999).
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Are
philanthropists
reliably targeting
their investments
at these high-
performing
networks? The
present study
aims to address
that question.

Introduction

When Ambassador Walter Annenberg
launched his $500 million education chal-
lenge in December 1993, President Bill Clin-
ton made an incisive observation:

[The| people in this room who have
devoted their lives to education are
constantly plagued by the fact that
nearly every problem has been solved
by somebody somewhere, and yet we
can’t seem to replicate it everywhere
else. . . . That is the central challenge
of this age in education.

Sadly, the consistent replication of educa-
tional excellence remains elusive nearly two
decades later. Nevertheless, efforts continue
to find a way of achieving that goal. One of
the most high-profile strategies in recent
years has been for major philanthropists and
foundations to fund the expansion of char-
ter school networks (groups of two or more
charter schools founded, overseen, or oper-
ated by the same organization or individual).
The most common goal of such charitable
giving is to raise the academic achievement of
low-income and minority students, who typi-
cally lag behind their peers across subjects.

Though research on the performance of
charter schools as a whole has been mixed
(see below), there is growing evidence that at
least some networks are significantly more
academically effective than traditional pub-
lic schools. But are philanthropists reliably
targeting their investments at these high-
performing networks? The present study
aims to address that question by analyzing
the link between academic performance and
philanthropic funding levels among Califor-
nia’s charter school networks.

The Charter School
Research to Date

In December 2008, Julian Betts and Emily

Tang reviewed the charter school research and
found modestly positive, though mixed, stu-
dent achievement effects." There were many
statistically insignificant findings, quite a few
small positive findings, but also several small
negative findings.

Betts and Tang also reported that the
median effect sizes attributable to attending
charter schools were small, usually less than
0.1 of one standard deviation (see the side-
bar for an explanation of standardized effect
sizes). Even when looking only at the quarter
of studies reporting the largest effect sizes,
the largest median effect size across school
levels and subjects was roughly 0.2 standard
deviations.

Among the studies conducted since the
Betts and Tang review was published, Hox-
by, Murarka, and Kang’s randomized lot-
tery experiment of New York City charter
schools is the most methodologically com-
pelling.? Charter schools that are over-sub-
scribed must generally accept students via
random drawings. This makes it possible to
compare the performance of students who
were randomly accepted into the charter
school with that of students who were ran-
domly rejected and so attended traditional
public schools. This is the kind of “random-
ized controlled trial” that is used in drug
testing and is considered the gold standard
of empirical research.?

What Hoxby and her colleagues found
is that attending a charter school has an
average annual effect of 0.12 standard de-
viations in mathematics and 0.09 standard
deviations in English Language Arts (ELA).
Added up over the entire K-8 grade range
under investigation, this amounted to a
large cumulative effect in mathematics and
a moderately large effect in ELA.

A subsequent analysis of NYC charter
schools by Stanford’s Center for Research
on Education Outcomes (CREDO) also
found positive effects. (It should be noted
that the CREDO team did not use a random-
ized lottery model.) When the CREDO team
performed a multi-state study covering 70
percent of all students in the charter sector,



Standardized Effect Sizes

Many different tests are used to measure academic outcomes, making direct com-
parisons difficult. SAT scores, for instance, are reported on an 800-point scale, scores on
the National Assessment of Educational Progress are reported on a 500-point scale, and
many state and district level tests are reported on a 100-point scale. Even when the scales
are the same, test difficulty can vary so much that a 5-point increase on one test might
represent a bigger gain in real achievement than a 10-point increase on another. To allow
scores to be compared across tests, social scientists “standardize” them by subtracting
a test’s mean (average) score from each individual score, and then dividing the result by
the standard deviation of the scores on that test. The result is an effect size measured in
standard deviations.!

The standard deviation is an indication of how varied scores are. For instance, a test
with very similar questions that are all at the same difficulty level will have a relatively
low standard deviation, because most students will get all the questions correct (or all
incorrect), while a test that explores many different areas of a subject at different levels
of difficulty will likely have a larger standard deviation.

Test scores typically fol-
low a normal distribution (see
figure at right), in which the
bulk of students are clustered
around the mean (the middle
of the bell curve) and many
fewer have scores that are very
high or very low (in the tails
of the curve). More precisely,
when test results are normally
distributed, about two thirds
of the students will score
within one standard deviation
of the mean (the shaded area ~—f | — ]
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For example, consider a challenging test on which the overall mean score is 50 out of
100, and the standard deviation is 16. If a study finds that charter school students score
54 on that test even after taking into account nonschool factors (such as their parents’
level of education), then the standardized effect size of attending those charter schools
would be equal to (54-50) / 16, or 0.25 standard deviations. By convention, effect sizes
around 0.2 standard deviations are considered “small,” those around 0.5 are considered
“moderate,” and those near or above 0.8 are considered “large.”

Normal Distribution

This produces standardized test scores for each test that have a common mean of zero and a common standard
deviation of 1. Since a normal distribution with a mean of zero and a standard deviation of 1 is also called a
z-distribution, these standardized scores are often referred to as “z-scores.” Once we have z-scores for each sub-
ject and test, we can take their mean (average) to obtain an overall score for each charter network. For an example
of the use of z-scores to compare educational outcomes across subjects and grades, see Christina Clark Tuttle,
Tara Anderson, and Steven Glazerman, “ABCTE Teachers in Florida and Their Effect on Student Performance
Final Report,” Mathematica Policy Research, Inc., September 4, 2009, http://www.mathematica-mpr.com/pub
lications/pdfs/education/ABCTE_FL_Teachers.pdf.

2Jacob Cohen, Statistical Power Analysis for the Behavioral Sciences, 2nd ed. (Hillsdale, NJ: Lawrence Erlbaum
Associates, 1988), p. 26.




Is there a
mechanism

for routinely
scaling up the
top performers
so that they
command a
progressively
larger share of
the marketplace,
crowding

out the lower
performers?

however, they concluded that charter schools
slightly underperformed compared to tradi-
tional district schools.*

Caroline Hoxby has faulted this multi-
state study for suffering from a methodolog-
ical error that biased the effects of charter
schools toward zero.’ This precipitated a re-
buttal from the CREDO researchers defend-
ing their findings,® though Hoxby remains
unconvinced. Assuming, for the sake of argu-
ment, that the Hoxby critique is correct, one
thing still seems clear: the underlying multi-
state data analyzed by the CREDO team do
not seem to show a large, consistent positive
effect for charter schools. If they did, that ef-
fect likely would have overcome the bias de-
scribed by Hoxby, though at a reduced level,
because the CREDO team applied essentially
the same methods to the NYC data, where, as
already noted, they did find a positive overall
impact.

To sum up, it is not entirely clear whether
overall charter school performance is slight-
ly better, slightly worse, or equivalent to that
of traditional district schools, though the
bulk of studies seems to suggest it is slightly
better. Four of the five randomized assign-
ment studies also indicate a positive charter
effect, though they have so far only been
conducted in a few parts of the country.”

What we can say with greater confidence
is that some charters perform significantly
better and others perform significantly worse
than traditional district public schools. From
a policy standpoint, this begs the question: Is
there a mechanism for routinely scaling up
the top performers so that they command a
progressively larger share of the marketplace,
crowding out the lower performers?

There has been very little empirical re-
search on this question to date. Hanushek
et al. found that parents in Texas were some-
what more likely to pull their children out
of poor-performing than high-performing
charters, but could not say with certainty
what long-term effect this might have since
they did not have data on the propensity
of families to choose high-performing over
low-performing charters when selecting a

new school.® It is possible, in other words,
that parents might leave one bad charter
school for another, which would not lead to
improved overall quality of the sector.

Ongoing efforts by philanthropists to
spur the growth of high-performing charter
schools are thus of keen interest. The remain-
der of this paper offers suggestive evidence
on their degree of success using data from
California, the state that has both the largest
total number of charter schools and the larg-
est number of charter school networks.

The Data Used in this Study

This study examines California’s charter
school “networks,” which we define as any
group of two or more charters that share a
common management organization, com-
mon founder, or common pedagogical mod-
el?

Using electronic databases of charitable
giving,'® we compiled records of philan-
thropic grants made to these charter net-
works, or to any of the California-based
schools belonging to them, within the past
eight years.!! These results were then supple-
mented with Internet searches for any grants
that were too recent to be included in the
electronic databases or that might have been
missed by their data collection procedures.
Finally, we searched California’s Fair Political
Practices grant database for donations made
to charter schools.'* While it is possible that
errors or omissions exist in these grant data,
we have no reason to suspect that any such
“noise” could be of sufficient magnitude to
affect the overall results of this study.

Next, we obtained academic achievement
data from the California Standardized Test-
ing and Reporting (STAR) 2010 research
files, the only source covering all public (in-
cluding charter) schools in the state. From
these we extracted the average scores on the
California Standards Tests, broken down by
student socioeconomic status (SES), sub-
ject, and grade.!® The eight SES categories
covered in this study include both “low-in-



come” and “not low-income” Asian, black,
Hispanic, and white students.

Though earlier-year STAR data are also
available, California does not track the aca-
demic growth of individual students, pre-
cluding a study of student gains over time.

Because achievement is known to be af-
fected by the SES of students’ peers, we also
obtained a measure of schoolwide family
income (the percent of the school’s student
body eligible for free or reduced price meals
under the federal government’s lunch pro-
gram).

In addition to the California Standards
Tests, we also report results on Advanced
Placement tests as a measure of high-end per-
formance at the high school level. Though
detailed SES breakdowns are not available
for the AP tests, we do have the total number
of passing scores earned by black and His-
panic students, which at least helps to con-
trol for the confounding effects of minority
status. By dividing that number by black and
Hispanic enrollment, we obtain a minority
student AP pass rate for each charter net-
work with at least one high school. This mea-
sure is of particular interest given the explicit
goal of many philanthropists to boost black
and Hispanic student achievement.

Caution is required in using AP results,
however. Several well-known national high
school ranking systems now weigh the total
number of AP tests taken or passed, and this
has created an incentive for schools to boost
those statistics. One increasingly popular
means of doing so has been to encourage na-
tive Spanish speakers to enroll in the AP class
in Spanish as a foreign language. Univer-
sity of Texas economist Kristin Klopfenstein
notes that Spanish-speaking students are be-
ing told “go take AP Spanish language and
get easy AP credits, because it looks good.”
The same phenomenon has been observed, to
a lesser extent, for Asian students.'* This, of
course, renders overall AP test results useless
as a measure of school quality, because the
success of native speakers on the foreign lan-
guage tests has little to do with their schools’
performance. To overcome this problem, we

exclude AP foreign language tests when com-
puting our AP performance metric.

To gain further insight into school perfor-
mance, we also separately report the number
of AP passing scores in mathematics and sci-
ence alone, per black and Hispanic student.
Math and science are areas generally consid-
ered to be affected most strongly by school
instruction as opposed to home environ-
ment, and they include some of the most
challenging AP tests.

The methodology used to analyze all of
the above data is described in Appendix B.

Findings

Regression results for charter network
performance on the California Standards
Tests, broken down by each of the eight SES
subgroups, can be found in Appendix C. The
average of those effects is presented in Table
1, sorted from best to worst, along with the
amount of grant funding each network has
received. As a point of comparison, the scores
for two of the nation’s most elite and academ-
ically selective public schools, Lowell High in
San Francisco and Gretchen Whitney High
outside of Los Angeles, have also been in-
cluded. The average result for charter schools
not belonging to a multi-school network are
reported under the heading “Other Charter.”

For perspective, recall the effect size cat-
egorization presented earlier in this paper.
An effect around 0.5 SD is considered “mod-
erate” and one near 0.8 SD is considered
“large.” The American Indian charter school
network is an astonishing 4 SD above the
statewide public school mean. For further
perspective, it is worth noting that low-in-
come black and Hispanic students attend-
ing American Indian charter schools outper-
form middle- and upper-income white and
Asian students attending conventional pub-
lic schools in most subjects.

Three things become obvious in review-
ing these academic performance results:

1.Charter schools that are not part of a

The American
Indian charter
school network
is an astonishing
4 SD above the
statewide public
school mean.



Table 1
Charter Network Performance on the CST (Relative to District Public Schools) and
Grant Funding

Charter Network Average Effect Rank Total Grants (3$) Grant Rank
American Indian Public Charters 4.21 1 1,229,000 21
Oakland Charter Academies 3.76 2 660,000 27
Wilder’s Foundation 2.48 3 200,000 39
Rocketship Education 2.46 4 11,682,500 10
Whitney High (selective) 1.98 - - -
Camino Nuevo 1.78 5 1,532,050 20
Lowell High (selective) 1.68 - - -
East Oakland Leadership 1.58 6 235,000 37
Knowledge Is Power Program (KIPP) 1.44 7 16,821,926 7
Celerity Education Group 1.43 8 475,000 31
Synergy Academies 1.22 9 240,000 36
Environmental Charter Schools 1.19 10 498,000 29
St. Hope Public Schools 1.09 11 528,252 28
Crescendo Schools 0.91 12 $0 61
Partnerships to Uplift Communities 0.86 13 5,240,636 12
Sherman Thomas 0.84 14 0 61
Alliance College-Ready 0.83 15 19,065,677 4
Today’s Fresh Start 0.81 16 10,000 49
Charter Academy of the Redwoods 0.80 17 0 61
Bright Star 0.67 18 405,000 33
The Accelerated School 0.63 19 17,222,725 6
Larchmont Charter School 0.56 20 784,500 25
Lighthouse 0.56 21 361,500 34
Leadership Public Schools 0.52 22 3,215,450 14
Aspire 0.41 23 36,299,474 1
American Heritage Education 0.41 24 329,000 35
Value Schools 0.40 25 874,200 24
Nova Academy 0.37 26 0 61
New Designs Charter School 0.37 27 101,346 40
The Learner-Centered School 0.34 28 0 61
EJE Academies Charter School 0.33 29 5,704 50
Watts Learning Center 0.29 30 2,810,500 15
Jerry Brown’s Charter Schools 0.25 31 13,220,808 8
The Classical Academies 0.22 32 40,000 42
Inner City Education Foundation 0.21 33 18,405,092 5



Charter Network Average Effect Rank Total Grants ($) Grant Rank
Albert Einstein Academies 0.16 34 468,750 32
King-Chavez Public Schools 0.15 35 781,000 26
Wiseburn 21st Century 0.15 36 10,000 49
Literacy First Charter Schools 0.12 37 0 61
Magnolia Schools 0.10 38 960,000 22
Downtown College Preparatory 0.08 39 2,059,230 18
Education for Change 0.05 40 2,587,000 16
Semillas Community Schools 0.04 41 0 61
Green Dot Public Schools 0.04 42 32,701,166

Other Charter -0.04 43 21,579,186 3
California Virtual Ed Partners -0.21 44 0 61
Envision Schools -0.29 45 10,979,500 11
Connections Academy -0.31 46 0 61
High Tech High -0.32 47 12,214,951 9
Rocklin Academy Charter Schools -0.34 48 0 61
Para Los Ninos -0.38 49 2,546,134 17
Community Learning Center -0.50 50 941,292 23
Century Community -0.50 51 210,000 38
Mare Island Technology Academy -0.70 52 0 61
University Charter Schools, CSU -0.70 53 20,000 46
CiviCorps Schools -0.76 54 53,900 41
California Virtual Academy -0.77 55 0 61
California Montessori Project -0.87 56 37,800 43
Golden Valley Charter Schools -0.94 57 490,000 30
Western Sierra Charter Schools -0.94 58 0 61
Big Picture Learning -1.09 59 3,291,393 13
Gateway Community Charters -1.12 60 0 61
Agape Corporation -1.20 61 5,000 51
New City Public Schools -1.22 62 1,625,000 19
New Jerusalem Charter Schools -1.26 63 0 61
Tracy Learning Center -1.27 64 0 61
Aveson Charter Schools -1.32 65 30,000 44
Innovative Education Management -1.43 66 4,124 52
Santa Barbara Charter School -1.64 67 14,950 47
Escuela Popular del Pueblo -2.19 68 20,000 46




The correlation
between the
amount of grant
funding charter
networks receive
and the length
of their names
is —0.23, twice as
strong as the link
between funding
and performance.

network (see the “Other Charter” row
in Table 1), which constitute the vast
majority of charter schools in the state,
perform at roughly the same level as
district public schools (consistent with
the findings of earlier research).

2.There is wide variation in performance
among California’s charter school net-
works.

3.The best charter school networks are
far ahead of the statewide average of
conventional public schools.

To address the central question of this
study, we can contrast charter networks’
academic performance with the amount of
philanthropic funding they have received
over the past eight years.!® The first sign of
a problem is that the three highest-perform-
ing charter networks are ranked 21st, 27th,
and 39th in terms of the grant funding they
have received, out of 68 networks (see the
“Grant Rank” column of Table 1).

Figure 1

A more comprehensive quantitative assess-
ment of the relationship can be obtained by
calculating the correlation coefficient (Pear-
son’s r) between the “Average Effect” and “To-
tal Grants” columns in Table 1. That value
is 0.11. Correlations range from -1 (perfect
negative correlation), to zero (no correlation),
to +1 (perfect positive correlation). Correla-
tion values below 0.2 are typically considered
negligible.'®

Itis also helpful to keep in mind that spu-
rious weak correlations are to be expected as
a result of random chance. For instance, the
correlation between the amount of grant
funding charter networks receive and the
length of their names is —0.23, twice as strong
as the link between funding and performance (al-
though still very weak in absolute terms).

Perhaps the best way of appreciating the
disconnect between charter network perfor-
mance and grant funding is to superimpose
the two data series on the same chart, as has
been done in Figure 1.
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The bars represent the academic effect
sizes (left-hand scale) associated with each
of the charter school networks (column two
of Table 1, excluding Lowell and Whitney).
Each bar is vertically aligned with a dot that
represents the grant funding received by that
charter network, in millions of dollars (right
hand scale). If there were a strong positive
correlation between the two, the dots would
follow the height of the bars. In practice, the
two data series seem to have nothing to do
with one another.

Note thatitis common in statistical analy-
ses to be concerned with “outliers”—individu-
al observations that are far outside the range
in which the other observations are clustered.
Outliers can be a product of measurement er-
ror, and, where there is reason to believe this
is the case, they are generally dropped from
the dataset so they do not skew the results.
In the present study, however, we have no
evidence that the top performing networks,
or the best-funded networks, have greater
measurement error than the others. And,
even when they are dropped, the correlation
between performance and grant funding re-
mains negligible (ranging from 0.14 to 0.17).

Appendix D presents a series of tests to
determine if selection bias can explain these
results. The evidence suggests that it cannot.

Appendix E investigates whether charter
network performance approaches the public
school average as enrollment rises—in other
words, whether scaling-up charter networks
inevitably makes them mediocre. The evi-
dence indicates conclusively that, in Califor-
nia at least, it does not.

AP Test Results

Table 2 presents the number of passing
AP scores per student, for black and Hispan-
ic students. The results are for the year 2010
and include only charter networks with at
least one high school enrolling black or His-
panic students. Lowell and Whitney selec-
tive public high schools are again included
for comparison.

These results are even more striking
than those for CST scores. The correlations
between AP performance and charter net-
work grant funding are negative, though
negligible, ranging from -0.01 to -0.05. Of
the 48 charter networks that enroll black or
Hispanic high school students, only 20 have
black or Hispanic students who passed an
AP test (excluding foreign language tests,
as discussed in the “Data” section). In com-
parison, the statewide public school average
number of AP passes per student, for black
and Hispanic students, is 0.046.

The gap between the best and the rest is
also considerably larger. Overall, the Ameri-
can Indian charter schools network has
more than four times as many passing AP
scores per black and Hispanic student as its
closest charter network competitor (Knowl-
edge Is Power Program). In mathematics
and the sciences, American Indian has more
than 20 times as many passing scores per
black/Hispanic student as its closest charter
competitors, and six to nine times as many
such scores as even the selective Lowell and
Whitney high schools.

It is important to note in reviewing these
AP results that it was not possible to adjust
them for either the individual family income
of the students or the peer effects associated
with low schoolwide income. Since most
charter networks are majority low-income
(including the highest performers), this
unavoidable omission would likely have
little impact on the correlations between AP
performance and grant funding, although
it would have some impact on the precise
rankings of the charter networks. For this
reason, the percentage of students qualify-
ing for free or reduced price lunches at each
of the charter networks is also included in
the table.

Figure 2 illustrates the disconnect be-
tween charter network funding and minor-
ity student AP pass rates. As with Figure 1,
Lowell and Whitney are omitted from this
chart.

Although participation in the AP pro-
gram is voluntary, and not every high-quality

The correlations
between AP
performance and
charter network
grant funding are
negative, though
negligible,
ranging from
-0.01 to —-0.05.



Table 2
Passing AP Scores per Black and Hispanic Student, and Grants Received

Passes / Student Passes / % Free or
(excluding foreign ~ Student (math  Reduced  Grant Total

Charter Network language) and science) Lunch* Rank Grants ($)
American Indian Public Charters 1.00 0.52 94 21 1,229,000
Whitney High (selective) 0.46 0.06 15 - -

Lowell High (selective) 0.42 0.08 36 - -

Knowledge Is Power Program (KIPP) 0.23 0.00 68 7 16,821,926
Charter Academy of the Redwoods  0.14 0.00 63 61 0
Oakland Charter Academies 0.12 0.00 88 27 660,000
Magnolia Schools 0.09 0.02 82 22 960,000
Alliance College-Ready 0.05 0.00 93 4 19,065,677
Camino Nuevo 0.05 0.01 97 20 1,532,050
St. Hope Public Schools 0.04 0.00 71 28 528,252
Inner City Education Foundation 0.03 0.00 44 5 18,405,092
Downtown College Preparatory 0.03 0.00 83 18 2,059,230
The Accelerated School 0.02 0.02 79 6 17,222,725
Bright Star 0.02 0.00 88 33 405,000
Green Dot Public Schools 0.02 0.00 90 2 32,701,166
American Heritage Education 0.02 0.00 14 35 329,000
Jerry Brown’s Charter Schools 0.01 0.00 56 8 13,220,808
Nova Academy 0.01 0.00 90 61 0
Partnerships to Uplift Communities  0.01 0.00 82 12 5,240,636
Leadership Public Schools 0.01 0.00 80 14 3,215,450
Value Schools 0.01 0.00 99 24 874,200
New Designs Charter School 0.01 0.00 84 40 101,346
East Oakland Leadership 0.00 0.00 92 37 235,000
Environmental Charter Schools 0.00 0.00 79 29 498,000
Sherman Thomas 0.00 0.00 - 61 0
Lighthouse 0.00 0.00 86 34 361,500
Aspire 0.00 0.00 74 1 36,299,474
The Classical Academies 0.00 0.00 14 42 40,000
Wiseburn 21st Century 0.00 0.00 - 49 10,000
Literacy First Charter Schools 0.00 0.00 16 61 0
Semillas Community Schools 0.00 0.00 87 61 0
California Virtual Ed Partners 0.00 0.00 - 61 0
Envision Schools 0.00 0.00 59 11 10,979,500
Connections Academy 0.00 0.00 38 61 0
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Passes / Student Passes / % Free or
(excluding foreign ~ Student (math  Reduced  Grant Total
Charter Network language) and science) Lunch* Rank Grants ($)
High Tech High 0.00 0.00 37 9 12,214,951
Community Learning Center 0.00 0.00 11 23 941,292
Mare Island Technology Academy  0.00 0.00 52 61 0
CiviCorps Schools 0.00 0.00 - 41 53,900
California Virtual Academy 0.00 0.00 26 61 0
Golden Valley Charter Schools 0.00 0.00 - 30 490,000
Western Sierra Charter Schools 0.00 0.00 - 61 0
Big Picture Learning 0.00 0.00 91 13 3,291,393
Gateway Community Charters 0.00 0.00 62 61 0
Agape Corporation 0.00 0.00 96 51 5,000
New City Public Schools 0.00 0.00 96 19 1,625,000
New Jerusalem Charter Schools 0.00 0.00 39 61 0
Tracy Learning Center 0.00 0.00 7 61 0
Aveson Charter Schools 0.00 0.00 27 44 30,000
Innovative Education Management ~ 0.00 0.00 34 52 4,124
Escuela Popular del Pueblo 0.00 0.00 92 46 20,000

*Percentage of students eligible for free or reduced price lunches, calculated as an enrollment-weighted average
across high schools in the given network enrolling black or Hispanic students.

school participates, participation is never-
theless sufficiently widespread to offer sug-
gestive evidence about high-end academic
performance at the high school level. Based
on that evidence, there appears to be a great
chasm between what is academically possible
for minority students and what is currently
being achieved by virtually all of California’s
charter school networks and traditional dis-
trict schools.

Conclusions

Philanthropists have shown great gen-
erosity to charter schools in recent times,
donating roughly $250 million to Califor-
nia charters alone over the past eight years.
Regrettably, this generosity appears to have
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been disconnected from the academic per-
formance of charter school networks. It is
as if the same random lottery that deter-
mines admission to oversubscribed charter
schools were being used to allocate grants.
Our nation’s search for a system that will
reliably scale up the best schools and crowd
out the poor-performing ones remains un-
requited.

That does not mean philanthropists
should stop funding all charter networks.
The best networks not only transform the
educational and career prospects of the
children they serve, they play an indispens-
able policy role, dramatically illustrating the
failure of our current educational arrange-
ments to fulfill every child’s potential. We
should indeed strive to sustain and replicate
these beacons of excellence.

It is as if the
same random
lottery that
determines
admission to
oversubscribed
charter schools
were being
used to allocate
grants.



Is it purely a
coincidence that
in those places
where education
operates

within the free
enterprise system
it enjoys the
replication of
success typical of
that system?
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But we can no longer assume that phi-
lanthropy is a reliable mechanism for doing
so in a systematic way. If education is ever to
enjoy the automatic replication of excellence
that we take for granted in every other field, a
proven system for achieving that goal must be
identified and popularized. Until then, mil-
lions of children will continue to have their
hopes and dreams dashed by schools that do
not begin to realize their full potential.

A good place to start in identifying such
a system would be to ask why excellence rou-
tinely scales up in most fields but is elusive
in education. Why does the world beat a
path to the door of whoever builds a better
cell phone or sells a better cup of coffee but
not to those who find a better way to teach
math or science? What distinguishes educa-
tion from other fields, structurally and eco-
nomically?
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Another starting point is to look at edu-
cation systems around the world in search
of places where the best schools and the best
teachers do reach large and growing audi-
ences. Why has the for-profit Kumon net-
work of tutoring schools grown to serve 4
million students in 42 countries, while the
nonprofit KIPP, one of the fastest growing
charter school networks in America, serves
fewer than 30,000? Is it purely a coincidence
that in those places where education oper-
ates within the free enterprise system it en-
joys the replication of success typical of that
system?

When we answer these questions, and act
accordingly, education will join the ranks of
fields in which excellence regularly catches
on like wildfire. Until we do, it will remain a
floating candle in a sea of darkness, isolated
and transitory.



Appendix A:
Selection Bias

This section reviews estimates of selection
bias reported in comparisons between charter
schools and public schools as well as between
private schools and public schools, after con-
trols for student SES (and sometimes peer
effects). We are being very conservative by
including private vs. public studies because
selection effects should be larger between sec-
tors than between public charter and public
district schools, since the need to pay tuition
poses an additional barrier to private school
consumption (and hence may be associated
with greater selectivity) and because private
schools are generally free to consider the pri-
or academic performance of their applicants,
whereas charter schools are not.

First, empirical estimates of selection
bias effects vary not only in magnitude but
in direction. In other words, some studies
find that selection bias works against char-
ter and private schools and in favor of tra-
ditional public schools. For instance, while
reviewing the research in 1998, University of
Chicago economist Derek Neal noted that
studies had been mixed in their estimates of
selection bias effects for Catholic school at-
tendance, with most showing weak positive
or negative effects, and none showing large
positive effects (i.e., none showing a large se-
lection bias in favor of Catholic schools).!”
The same remains true today with respect to
selection into public charter schools or pri-
vate schools, as the literature review below
demonstrates.

The well-known 1981 study by Coleman,
Hoffer, and Kilgore (CHK) comparing pub-
lic and Catholic schools found a 0.15 to 0.2
standard deviation advantage to Catholic
school attendance after SES controls (de-
pending on subject) but failed to control
for selectivity.'® A 1985 reanalysis by Willms
specifically aimed to control for selection
bias and found a Catholic school effect be-
tween 0 and 0.1 (depending on subject), sug-
gesting a rough upper bound on the effect
of selectivity of 0.2 SD."
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A separate reanalysis of the 1981 CHK
study, also aiming to control for selection
bias, echoed Willms’s results, once again in-
dicating an upper bound on selection bias of
roughly 0.2 SD.*°

Christopher Jepsen (2003) found evi-
dence of negative selection into Catholic
schools, but because he was not able to of-
fer a precise estimate of its magnitude, the
conservative approach for our purposes is
to treat his results as indicating an upper
bound of 0 on the effect of selectivity.?!

In 1996, Dan Goldhaber found that con-
trolling for selection bias had no impact
on sectoral achievement coefficients when
comparing public to private schools over-
all, or when comparing two subsets of pri-
vate schools (Catholic and “elite”) to public
schools, a result that corresponds to a selec-
tion bias effect size of zero.*?

Hanushek et al. (2006), who compared
charter schools to district public schools,
found that their model addressing selection
effects lowered the charter school effect by
between 0.03 and 0.15 SD.*

A 1996 study by Adam Gamoran compar-
ing chosen public “magnet” schools, Catho-
lic schools, and secular private schools to
district public schools found a range of se-
lectivity effects for the chosen sector ranging
from -0.09 SD to 0.2 SD, consistent with
the findings of the other studies discussed
above.**

In their 1997 study comparing achieve-
ment in religious and secular private schools
to that in district public schools, Figlio and
Stone report selection bias effects equivalent
to between —0.06 SD and 0.3 SD.?® A recent
Vanderbilt University study also finds a max-
imum estimated selection effect of 0.3 SD.?

Last year, researchers from Mathematica,
Vanderbilt, and Florida State University were
unable to reject the possibility that there was
no selection bias at work in the decision to
choose charter over district public schools.
They further concluded that if selection bias
was at work it was negative: after SES con-
trols, the students who chose to enroll in
charter high schools were (if anything) dis-

Some studies
find that
selection bias
works against
charter and
private schools.



Some of the
lottery-studied
charter networks
that show gains
not explainable
by selection
effects also
operate in
California and
significantly
underperform

the top-scoring
California charter
networks.

advantaged relative to those who chose tra-
ditional district schools.?” Their results thus
place an upper bound on the selection bias
effect of zero.

Two other studies that discuss private
school selection bias, one by Carbonaro and
Covay and another by Altonji, Elder, and
Taber, do not offer specific estimates for the
selection effect. Nevertheless, they present
the results of several tests indicating that, to
the extent it might be present, the selection
effect is unlikely to be of a magnitude out-
side that of the studies discussed above.?®

Based on this literature, the largest selec-
tion bias effect favoring charter or private
schools is 0.3 SD.

Further evidence that selection effects
cannot plausibly explain away the perfor-
mance of the top charter school networks
comes from the fact that some of the larg-
est and most consistent positive effect sizes
for charters have been found in randomized
lottery experiments that greatly reduce se-
lection bias as a concern (because selection
into the school is done at random from the
population of applicants). As Nicotera, Men-
diburo, and Berends observed in late 2009:

Currently there are four studies of char-
terschoolstudentachievementthathave
used the lottery-in/lottery-out research
design. Hoxby & Rockhoft (2004)
examined achievement effects of stu-
dents in nine Chicago charter schools;
Hoxby et al. (2007, 2009) are conduct-
ing an ongoing study of New York
City’s charter schools; Abdulkadiroglu
et al. (2009) studied the effect of char-
ter schools in Boston; and McClure
et al. (2005) examined one school in
California, which limits its usefulness
for generalization. Results from these
charter school studies have been over-
whelmingly positive. In Chicago, char-
ter students in kindergarten through
fifth grade, students improved 6 to 7
percentile points in math and 5 to 6
percentile points in reading. In New
York City, charter school students had
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higher achievement in math and read-
ing in all grade levels compared with
their counterparts who lost the lottery.
And in Boston, students who attend
middle and high school charter schools
outperform students in the traditional
public schools.?’

There is still the concern with lottery ex-
periments that applicants to oversubscribed
charter schools might differ in unmeasured
respects from those who did not apply to
them, and therefore these results might
not generalize to the population as a whole.
But, at least within the applicant popula-
tion, selection bias is eliminated as a factor.
Furthermore, some of the lottery-studied
charter networks that show gains not ex-
plainable by selection effects also operate
in California and significantly underperform
the top-scoring California charter networks
(making it even less likely that those top-
scoring networks are largely dependent for
their advantages on selection bias).

Appendix B:
Methodology

Model

Since California Standards Test score av-
erages are broken out by eight different SES
subgroups (Asian, black, Hispanic, and white
students from low-income and non-low-in-
come families), and since the performance of
charter networks with each of these different
subgroups is of significant policy interest, we
perform eight separate regressions, one for
each subgroup.

Within each SES category, we have a hierar-
chical dataset composed of standardized aver-
age class test scores within charter networks.
And since we have data for the entire popula-
tion of California charter school networks, a
fixed-effects hierarchical model is appropriate.
This model can be written as follows:
z_Score;; = o + fB; % NetworkDummyj + oy %

Schoolwidelncome; + &j>



where z_Scoreij is the mean standardized
score for class7 in charter network j, a is a
constant, NetworkDummy; is an array of
dummy variables corresponding to each of
the charter school networks (district schools
are the omitted category) and f; is an array
of coefficients giving the effect of attending
network j (measured in standard deviations),
v is the “peer effect” coefficient, and School-
wideIncome; is the schoolwide percentage of
students e{igible for free or reduced priced
meals for class 7, and g;; is an error term.

The “peer effect” on achievement is well
known: when students are surrounded by
high-income peers it tends to raise achieve-
ment, while lower peer income tends to low-
er achievement, other things being equal. It
is, of course, not the case that money per se
is responsible for this relationship. Rather,
higher-income families tend to have better-
educated parents whose characteristics and
behavior are more conducive to their chil-
dren’s academic success. And a peer group
composed of such advantaged students fa-
cilitates the educational process for every-
one, regardless of a given child’s own family
background.

That does not imply, however, that all
schools (or charter networks) are equally
susceptible—some do a better job than oth-
ers, for instance, of overcoming negative peer
effects. When they manage to do so, it is a
sign of their superior practices, not an indi-
cation that the peer effect itself was absent or
abated. Expressed in econometric jargon, av-
erage family income is thus a “fixed” effect.?

For each of our eight SES categories, we
have average test scores spanning grades
from elementary school through high school
and for many different academic subjects.
Since we are interested in knowing how well
the various charter networks perform over-
all, it makes sense to combine their results
across subjects and grades. While raw test
scores are not directly comparable across
grades and subjects, it is possible to math-
ematically transform them to make them
so—a process known as “standardization”
that was described earlier in this paper.®!
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Note that our model omits the school as
a level in the hierarchy, since we are inter-
ested in comparing charter networks to one
another rather than comparing the schools
within them. If our results revealed little
variation in performance across networks,
that would suggest that charter networks
are not academically important constructs
in California, and that whatever variation
in test scores exists must be confined to the
student, class, and school levels. This, as the
following sections make plain, does not ap-
pear to be the case.

Also, because our California Standards
Test observations are class-level score aver-
ages rather than individual student scores,
their relative weights in the regressions must
be allowed to vary based on the number of
students’ scores from which each average
was calculated. The statistical analysis soft-
ware used for this report, Stata, provides the
“analytic” weighting option specifically for
this situation. Note that analytic weights
are not equivalent to simply replicating the
given observation » times and then running
the regression normally (where # is the num-
ber of students from which the average is cal-
culated). Such replication of observations is
achieved through “frequency” weights in Sta-
ta. A technical discussion of analytic weight-
ing can be found on the Stata website.*

Finally, because the curriculum and teach-
ing strategies in use within a given charter
network are usually quite similar from one
classroom to another, the independence-of-
observations assumption of Ordinary Least
Squares regression is violated (possibly re-
sulting in artificially inflated precision of
our coefficients). This concern is dealt with
by using Huber/White robust standard er-
rors, clustering on charter network.

Because we lack the necessary data to
control for individual student income?® and
income-related schoolwide peer effects,** we
cannot apply the above model to Advanced
Placement test results. Given this data limi-
tation, we simply report the ratio of passing
AP scores per student for black and His-
panic students, which at least minimizes

Since we are
interested in
knowing how
well the various
charter networks
perform overall,
it makes sense

to combine their
results across
subjects and

grades.
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differences in
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bigger than can
be plausibly
accounted for by
within-subgroup
selection bias?

the confounding effects of minority status
on AP performance. To allow readers to take
schoolwide income into consideration in
evaluating these effects, we also report the
percentage of students qualifying for free or
reduced price lunches alongside the AP pass
ratios.

The Problem of Selection Bias

A difficulty with measuring academic
performance at a single point in time, rather
than achievement gains over time, is that it
confounds two different factors contribut-
ing to student achievement: the instruction
provided by the schools and the character-
istics of the students themselves. An effec-
tive school that happens to attract less mo-
tivated students might post below-average
scores but nevertheless be doing a better job
of serving those students than other schools
would do. Such an uneven apportioning of
unmeasured student characteristics among
schools is known as selection bias.

The most we can do to mitigate selection
bias using the STAR data is to compare the
performance of the charter networks within
SES subgroups (e.g., compare low-income
Hispanics to each other, non-low-income
Asians to each other, etc.). Some selection
bias could remain, however, if different char-
ter networks systematically attract families
within a given SES subgroup that have differing
levels of educational commitment, for exam-
ple. Social scientists, particularly econometri-
cians, have developed sophisticated methods
for attempting to control for such within-
subgroup selection bias, but the data to apply
these methods are not available for the char-
ter schools in our subject population.

This does not necessarily mean that our
results will be inconclusive. The more so-
phisticated econometric methods are em-
ployed in education studies because the size
of the instructional (or “treatment”) effects
being measured are often of similar magni-
tude to the confounding effect of selection
bias, and so it is necessary to use very precise
tools if researchers are to distinguish the
one from the other.
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But if the magnitudes of the treatment
effects are substantially greater than any
plausible level of bias, that degree of preci-
sion is no longer essential. In the context of
the present study, therefore, we have to ask:
are the differences in achievement among
charter school networks (and between those
networks and the district public school aver-
age) bigger than can be plausibly accounted
for by within-subgroup selection bias? If so,
we will have evidence of an instructional ef-
fect.

To answer that question, Appendix A re-
views the selection bias effect sizes reported
in the literature, and Appendix D compares
them to the effect sizes identified in the
present study.

Appendix C:
Regression Results

The output of our eight SES subgroup
regressions is presented in Table CI. The
values in the rightmost eight columns repre-
sent the effect of attending the given charter
network, measured in standard deviations
above or below the statewide mean of dis-
trict public schools for the given SES sub-
group. In assessing the magnitude of these
values, readers can refer to the earlier sidebar
on standardized effect sizes. Empty cells are
an indication that a given network had no
test results for a particular SES subgroup.
The California Department of Education
does not report subject/grade results for
groups of 10 or fewer students, to maintain
student privacy.

As a point of comparison, the scores for
two of the nation’s most elite and academi-
cally selective public schools, San Francisco’s
Lowell High School and Gretchen Whitney
High School outside of Los Angeles, were
included in the regression. The import of
their results is discussed in Appendix D. The
average results for all independent charter
schools (those not belonging to a multi-
school network) are also reported in the row
labeled “Other Charter.”



Table C1
Charter Network Performance (California Standards Test) Relative to the Statewide
Conventional Public School Mean

Charter Network CST Academic Effect Sizes (SD)

(+ Lowell & Whitney Low Income Not Low Income

for comparison) Asian Black Hispanic White  Asian Black Hispanic White
Agape Corporation -1.36 -1.12 -097 -1.35

Albert Einstein Academies 0.29 0.30 -0.10
Alliance College-Ready 068 1.16 0.51 0.97
American Heritage Education 0.41 1.01 -0.13  0.36
American Indian Public Charters  3.21 505 4.38

Aspire -080 091 114 046 -084 097 094 052
Aveson Charter Schools -1.80 -145  -0.71
Big Picture Learning -1.16 -1.02
Bright Star 1.55 -0.22
California Montessori Project -1.14 -0.86 -0.62
California Virtual Academy -0.26 -056 -0.36 -1.07 -1.25  -1.12
California Virtual Ed Partners -0.09 -0.12 -0.12 -0.53
Camino Nuevo Charter Academy 1.70 1.87
Celerity Education Group 124  1.63

Century Community -0.18 -1.31 -0.13 -0.38

Charter Academy of the Redwoods -0.06 1.67

CiviCorps Schools -0.86 -0.66

Community Learning Center -0.80 -0.20
Connections Academy -040 -0.24 -0.13  -0.48
Crescendo Schools 098 -0.03 1.77

Downtown College Preparatory 0.06 0.10

East Oakland Leadership 1.35 1.80
Education for Change -0.35  0.45

EJE Academies Charter School 0.12 0.55
Environmental Charter Schools 130 0.87 141
Envision Schools -0.08 -0.31 -0.75 -0.14  -020 -0.25
Escuela Popular del Pueblo -1.21 -3.18
Gateway Community Charters -155 -095 -100 -1.28 -1.28 -1.34  -041
Golden Valley Charter Schools -1.00 -0.88
Green Dot Public Schools -0.10 0.21 064  -0.59

High Tech -0.717 -053 -0.12 -0.12 -0.27  -0.14

Inner City Education Foundation 0.16  0.50 0.08 0.09

Innovative Education Management -2.35 -1.17  -1.32 -0.78 -1.44  -153
Jerry Brown’s Charter Schools 038 061 -0.01 0.05

Continued next page
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Table C1 Continued

Charter Network

CST Academic Effect Sizes (SD)

(+ Lowell & Whitney

Low Income

Not Low Income

for comparison) Asian

Black Hispanic White

Asian

Black Hispanic White

King-Chavez Public Schools
Knowledge is Power Program 0.88
Larchmont Charter School

Leadership Public Schools

Lighthouse

Literacy First Charter Schools

Lowell High (selective) 151
Magnolia Schools

Mare Island Technology Academy

New City Public Schools

New Designs Charter School

New Jerusalem Charter Schools

Nova Academy

Oakland Charter Academies

Other Charter 0.56
Para Los Ninos

Partnerships to Uplift Communities
Rocketship Education

Rocklin Academy Charter Schools
Santa Barbara Charter School

Semillas Community Schools

Sherman Thomas

St. Hope Public Schools 0.27
Synergy Academies

The Accelerated School

The Classical Academies

The Learner-Centered School

Today’s Fresh Start

Tracy Learning Center

University Charter Schools, CSU

Value Schools

Watts Learning Center

Western Sierra Charter Schools

Whitney High (selective) 1.87
Wilder’s Foundation

Wiseburn 21st Century

1.81

0.28

1.26

0.31

0.08

1.59

1.23

0.36

1.65

2.76
1.08

0.07
1.58
0.51
0.23
0.56
0.73
161
0.78
-0.98
-1.22
0.45
-0.56
0.37
3.76
0.01
-0.38
0.95
2.46

0.04
0.84
1.17
1.66
0.73

1.27

-1.31

0.40

-1.07

241

0.35

0.05
2.177
0.83

-1.87

-0.46

0.72

-0.43

1.34

1.18

-0.02

-0.59

-1.87

1.20

111

0.76
-1.00
-0.51

-0.10

0.14

1.59

-1.15

2.20
0.17

0.24
1.92

1.06

-0.25

1.79

-0.52

-1.03

0.80

-1.41

-0.20

0.76

0.81
0.77
-0.07
0.44

-1.05
-0.42

0.15

0.62

-0.04

2.13
-0.74
-0.28

-1.22

-0.41

-0.09
-1.64

-0.48
0.34

-1.02

-0.37

-0.94

2.43

-0.42
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Effects significant at the p < 0.05 level or
better are shown in boldface, but the number
of significant findings is likely overestimated
due to the lack of independence of obser-
vations across subjects within grades, dis-
cussed in endnote 31. Even taking that into
account, the precision of our estimates likely
exceeds the levels normally seen in intersec-
toral education outcome studies. The reason
is that such studies are typically based on
small samples of students (often just a few
hundred and seldom more than a few thou-
sand) and the models used to analyze them
must extrapolate from those small samples
to the population at large, which lowers the
precision of estimates. In the present study,
by contrast, we have data for the entire pop-
ulation of California charter and district
public schools, obviating the need to gener-
alize to a larger population. The number of
observations is also very large, ranging from
tens of thousands to hundreds of thousands
(with each observation, in turn, representing
an average of the performance of multiple
students).

Note that in order to obtain an overall
academic effect associated with attending
one of California’s charter networks, it is
necessary to combine the individual SES
effects. There are several ways in which this
could be done, each with its advantages and
disadvantages.®® The simplest of these is of-
fered in column 2 of Table 1, above: an un-
weighted average.

Appendix D:
Assessing Selection Bias

In light of the results reported in the
body of this study, two questions remain:

e [s it possible that the lack of correla-
tion between grant funding and per-
formance is an artifact of selection
bias?

e Can the performance of the top char-
ter networks be discounted as the re-
sult of selection bias?

We can answer the first question empiri-
cally by assigning to each charter network ef-
fect in Table 1 a random selection bias value
in the range identified in the scientific litera-
ture, and then recomputing the correlation.
If we repeat this process many (say, 2,000)
times and take the highest and lowest cor-
relation values out of all those iterations, we
can obtain a reasonable upper bound on the
impact that selection bias could have. This
is known as a “Monte Carlo simulation,” or
“random robustness testing.”

As noted in Appendix A, the largest se-
lection bias effect in the literature (after
controls for student SES and peer effects)
is about 0.3 SD. To be conservative, we can
raise that to 0.5 SD. Randomly applying a
selection bias effect between -0.5 SD and
+0.5 SD to each charter network effect, and
repeating this process 2,000 times, we find a
maximum correlation between grant fund-
ing and performance of 0.18 and a minimum
correlation of —-0.03. Both of these remain
within the “negligible” category. Hence, it is
unlikely that selection bias is responsible for
the lack of correlation between grant fund-
ing and charter network performance.

One way of answering the second ques-
tion is to compare the largest selection bias
effect sizes from the literature to the charter
network effects identified in Table 1. Clear-
ly, the top networks have effects an order of
magnitude larger than the high end of the
selection bias effects reported in the litera-
ture, suggesting that selection bias could ex-
plain at most only a small fraction of their
performance advantage. Indeed, the top 29
charter school networks have effects larger
than the high bound on selection bias ef-
fects.

Another test of this question is to com-
pare the performance of the top charter net-
works—which must accept all applicants or
employ random lotteries if oversubscribed—
to the performance of two of the nation’s
most elite and academically selective public
schools: San Francisco’s Lowell High School
and Gretchen Whitney High School outside
of Los Angeles. Both of the latter schools re-

It is unlikely that
selection bias

is responsible
for the lack

of correlation
between grant
funding and
charter network
performance.



The top four
charter networks
outperform
both of the

elite, selective
public schools,
and a fifth
charter network
outperforms
Lowell.

ceive many times more applicants than they
can accept, and both consider students’ prior
test scores as a criterion for admission. Of
the 2,500 students who applied for fall 2007
admissions at Lowell (the most recent year
available), only 648 were accepted, a rejection
rate of nearly 75 percent.’® Whitney is a simi-
larly academically selective institution, hav-
ing been featured repeatedly in Newsweek’s
annual short list of “public school elites,”
where it is described as “a suburban version
of the New York-area superschools, with
very competitive admission.”’

This deliberate, systematic selection pro-
cess undoubtedly produces a much more
powerful effect on those schools’ perfor-
mance than does any incidental self-selection
by parents that might occur in a charter
school setting. Nevertheless, the top four
charter networks outperform both of the
elite, selective public schools, and a fifth char-
ter network outperforms Lowell (see Table 1,
in the body of the text). In many cases, the
gaps are quite large. Moreover, an additional
four or five charter networks perform only
slightly below the level of the selective public
schools. These findings further undermine
the notion that selection bias could play a
major role in explaining the success of the
top charter networks.

Appendix E:
Does Growth Necessarily
Beget Mediocrity?

This study evaluates the average academic
achievement of charter school networks. But
averages have an important statistical prop-
erty: they vary less as the number of observa-
tions from which they are calculated grows.
If you were to conduct 10 different surveys
to find out the average height of American
men, basing each survey on a random sam-
ple of only 15 observations, the resulting
10 averages would vary widely. But if each
survey randomly sampled 15,000 men, the
resulting 10 averages would all be very simi-
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lar. In mathematical terms, the variance of a
mean calculated from a sample drawn from
a normally distributed population is in-
versely proportional to the square root of the
sample size.

Given this statistical fact, we might ex-
pect to see greater variance in the average
performance of small charter networks than
of large charter networks, even if the networks
themselves do not in fact differ in their academic
effectiveness. And if this statistical principle
is driving the observed performance differ-
ences between charter networks, we would
expect network performance to approach
the statewide public school average as total
enrollment increases.

We can test for that possibility by run-
ning a fixed-effects time-series regression of
the absolute value of the charter networks’
performance on their enrollment.®® This will
tell us if; as the networks have grown over
the years, their performance has generally
tended toward the statewide public school
mean. If growth intrinsically begets medioc-
rity, the coefficient on the enrollment term
in this regression will be statistically signifi-
cant and negative (larger enrollments lead-
ing to smaller academic effect sizes, whether
positive or negative), and the regression will
explain a nonnegligible amount of the varia-
tion in charter network performance.

Running this regression, we find that
it explains virtually none of the variance in
charter network performance (R-squared
“within” is an infinitesimal 0.003), and that
the enrollment term is statistically insignifi-
cant at even the loosest accepted level of con-
fidence (p = .27). The evidence thus contra-
dicts the theory that the variance in charter
network performance is a mere statistical
artifact. Charter network performance has
stagnated, improved, or declined indepen-
dent of enrollment growth, most likely as a
result of the pedagogical and managerial de-
cisions charter school networks have made.

In a sense, this evidence makes the find-
ings reported in the body of this paper all the
more damning. We now know that growth is
not an inherent barrier to the performance



of charter school networks, yet the networks
that have grown the most and been singled-
out for scaling-up by philanthropists are no
better than those that have not been singled-
out for growth.
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