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Abstract
Using administrative data from a large school district, I exploit the fact that students are mandated to attend summer
school based on a discontinuous function of their score on year-end exams to identify the effect of summer school
attendance on achievement. I ﬁnd an average effect of about .12 standard deviations for both math and reading
achievement, an effect size on the low end of the range of prior estimates. These averages mask considerable heterogeneity,
however, with effect size estimates ranging from just below zero to one-quarter of a standard deviation. The estimates on
the upper end of the range presented here suggest that summer school may be a more cost-effective way of raising student
achievement scores than class-size reductions.
r 2007 Elsevier B.V. All rights reserved.
JEL classification: C21; I21; I28
Keywords: Summer school; Remedial education; Regression discontinuity research design

1. Introduction
As part of a movement to introduce ‘‘accountability’’ into public education, mandatory remedial summer
school programs have been adopted by school districts in nearly all large urban areas in the US. Chicago
Public Schools was ﬁrst to adopt mandatory summer school in 1996. Subsequently, Baltimore, Boston,
Denver, New York, Los Angeles, Philadelphia, Washington, DC and other school districts followed Chicago
in requiring students who fail year-end achievement tests to take summer remedial classes. According to one
estimate, by the year 2000, 27% of the nation’s school districts required failing students to attend summer
school as a condition for promotion (Cooper, 2001).
Despite the growing adoption of such programs, virtually no credible evidence exists supporting summer
school’s effectiveness in raising student achievement. In their meta-analysis of 93 studies, Cooper et al. (2000)
ﬁnd that on average, summer school raises subsequent student achievement scores by between one-seventh
and one-quarter of a standard deviation. Cooper et al. also observed, however, that the underlying basis for
this assessment was quite weak: most studies rely on simple prepost comparisons with little attempt to control
for preprogram differences among students.1 As Cooper et al. note, ‘‘the ambiguity associated with a lack of
random assignment is the single greatest threat to the conclusions we have drawn.’’
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In this paper I argue that the accountability policy implemented by a Large Urban School District in the
Northeast (hereafter, LUSDiNE2) generates ‘‘as-good-as random assignment’’ of attendance that can be used
to produce credible estimates of the effect of summer school on achievement. Similar to other mandatory
summer school programs, the LUSDiNE program requires students in Grade 3 and above to score higher than
a preset cutoff score on year-end examinations in both math and reading as one criterion for promotion to the
next grade. Students who score below the cutoff score are mandated to attend a four to six week summer
school program. As I will show, this facet of the accountability policy creates a sharp discontinuity in the
probability of attending summer school as a function of both test scores—students barely failing either exam
are much more likely to attend summer school than those barely passing. I also demonstrate that the observed
characteristics of students in the neighborhood of the critical pass–fail cutoff scores are nearly identical. This
supports the claim that the subsequent differences in mean outcomes of students just below and just above the
critical scores are attributable to the causal impact of summer school. That is, the heart of the identiﬁcation
strategy I employ in this paper is to compare the achievement outcome scores of students just failing the
baseline test to those just passing. Under the assumption that all student characteristics affecting achievement
vary smoothly with baseline test scores, the difference in outcome scores at the pass–fail cutoff can be used to
identify the causal impact of summer school on achievement.
The essence of this regression discontinuity design (RDD) is clear from Figs. 1 and 2, which summarize a
small subset of the data used in this paper. Fig. 1 plots a three-dimensional histogram of the fraction of
students in the 5th grade who attended summer school in 2001 (z-axis) by their baseline 2001 math and reading
scores (x- and y-axes, respectively) for the subset of students scoring within four ordinal scores of the pass–fail
threshold for each test.3 The discontinuous relationship between test scores and the probability of attending
summer school is obvious from the picture. Though not all students failing one or more baseline tests attend
summer school, students scoring just below the threshold values (normalized to zero) are signiﬁcantly more
likely to attend summer school than those scoring just above, even though they are separated by only one
(ordinal) score.
Fig. 2 presents the same data on the fraction of 5th graders attending summer school from a different
perspective, along with data on achievement outcomes. The ﬁgure shows summer school attendance rates
(plotted with ’s) and average 2002 math achievement scores as a function of the baseline 2001 math score. As
in Fig. 1, there is a sharp increase in the fraction of students who attend summer school for students who
barely fail the 2001 test compared to those who pass the test. If summer school has a positive impact on
subsequent math achievement, then the large discontinuity in the proportion of children attending summer
school observed in Fig. 1 should be echoed by a discontinuity in subsequent achievement in Fig. 2. That is, if
summer school exerts a positive causal impact on subsequent exam performance, students who barely fail the
baseline assessment exam—and hence are much more likely to go to summer school—should outperform
those students who barely pass the assessment exam.
Looking at the raw data plotted with open circles, Fig. 2 shows that the group of 5th graders with the 2001
math score below the cutoff (e.g., 1 in the top panel) do not have higher 2002 math scores relative to those
with the score above the cutoff (2 in the top panel). This fact, however, is likely due in part to non-negligible
trends in student abilities and other characteristics related to their 2001 test scores. To account for these trends
it is necessary to ﬁt a parametric model to the data, such as the linear regression ﬁt shown with the dashed line.
The parametric ﬁts suggest that there is indeed a discontinuity in math scores that is consistent with a positive
impact of summer school on achievement: the (hypothetical) students just below the cutoff have higher 2002
math scores than those just above. To the extent that the parametric model has accounted for any differences
in other variables that affect achievement near the pass–fail cutoff score, then this difference in achievement
can be causally attributed to summer school attendance.
The data presented above for 5th graders is not necessarily representative of all the students who attended
summer school in LUSDiNE. In particular, for students in the 3rd grade, there appears to be little to no
beneﬁt to attending summer school for math, and the beneﬁts from reading are muted compared to those for
2
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Fig. 1. Fraction attending summer school by 2001 math and reading scores: Grade 5.

Fig. 2. Fraction attending summer school and achievement outcomes by 2001 math score: Grade 5—all students.
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5th grade students. Overall, however, the results in this paper suggest that summer school has a positive
impact on student test scores in both math and reading, at least in the short term, of about .12 standard
deviations.
The paper is organized as follows. Section 2 provides institutional background on LUSDiNE’s
accountability policy and describes how it lends itself to the regression discontinuity research design. Section
3 describes the econometric framework and some conceptual issues that guide its implementation. Empirical
results are described in Section 4 followed by a discussion of the internal validity of the analysis in Section 5.
Section 6 discusses the empirical ﬁndings and concludes.
To reduce the length of the discussion, throughout the paper the analysis is described in detail for students
in Grades 3 and 5 only, with results from other grades referenced occasionally when qualitative differences
exist. The main results for other grades are described in the tables.4

2. LUSDiNE’s accountability policy and the RDD
In 1996, Chicago Public Schools began a national movement by requiring students in the 3rd, 6th, and 8th
grades, to, inter alia, meet predeﬁned standards on tests given at the end of the school year as a condition for
promotion. Feeling pressure to act to end ‘social promotion’—the practice of allowing students to advance
through grades with their age cohort regardless of achievement outcomes—and from Chicago’s example,
LUSDiNE passed a similar accountability policy shortly afterwards. The policy requires all students in grade
levels three and above to meet four basic criteria in order to advance to the next grade (or graduate, for
seniors):
1.
2.
3.
4.

Score at or above a set proﬁciency level (score) on a standardized test in Math;
Score at or above a set proﬁciency level (score) on a standardized test in reading;
Attain at least 90% attendance during the school year; and
Meet literacy and math performance standards as evidenced by student work, teacher observation and
assessments, and grades during the year.

If a student fails to meet any of these criteria, he or she may be mandated to attend summer school. Students
mandated to summer school are required to retake any exams failed in the normal spring testing period again
at the end of the summer, and in principle, failure to pass results in being retained a grade level.
It is readily apparent that under this policy the probability that a student will attend summer school is
(potentially) a discontinuous function of student test scores on the math and reading baseline exams. In
particular, a student who scores just below the cutoff score on either test should be more likely to attend
summer school than a student who barely passes the test.5 District policy is explicit in discouraging the use of
any one of the above criteria in isolation to determine whether a student will be sent to summer school. As
shown in Fig. 1, however, though fewer than 100% of the students failing the exams end up attending summer
school, the prediction of a discontinuous relationship is still borne out in the data for most cases. This key
feature of the policy allows us to employ a regression discontinuity design (RDD) to estimate the causal
impact of summer school on student achievement.6

4

Comparable results for all grades are available from the author on request.
In this paper, I focus on discontinuities associated with test scores only. Information on attendance rates are not used in this analysis
because (1) District ofﬁcials have expressed concern about its reliability, and (2) it is arguable that attendance is manipulable by students
or teachers in a way that may compromise the validity of the RDD.
6
It should be noted that many students attend summer school voluntarily for ‘‘enrichment.’’ While the gap in the likelihood of attending
summer school is primarily driven by differences in the probability of being required to attend, in most cases students who barely fail are
also slightly more likely (on the order of 6 percentage points or less) to attend summer school voluntarily.
5
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There are several reasons to believe that summer school might have an effect on achievement. Depending on
which school a student attends, students in summer school attend classes for between 20 and 30 days during
the summer, usually for a half of the school day. This represents between an 11% and 16% increase in days in
school over the typical 180 instruction days in the normal school year. While this is a relatively small amount
of time, evaluations of other programs7 have suggested that time in summer school may be more effective in
producing test score gains than time during the school year. Class sizes tend to be smaller, and student
motivation may be higher given the threat of repeating grades if they do not learn material. Further, compared
to the school year curriculum, instruction is more tightly aligned with concepts that appear on the end of year
tests.
The LUSDiNE policy also encourages schools to tailor summer curricula to individual students’
weaknesses: students failing the baseline math exam should get remedial education predominantly in math,
students failing reading should get help in reading, and those failing both should get both. This aspect of the
policy suggests that students attending summer school may receive different ‘‘treatments,’’ depending on
whether they were mandated to attend summer school because of failing the math, reading, or both baseline
exams. For example, students mandated to attend summer school because of failing the math exam are likely
to receive more remedial instruction in math than those students mandated to attend due to failing the reading
exam. We would thus expect the measured effect of summer school on math achievement to be higher among
the former group, whereas the opposite might be true if the achievement outcome under consideration is the
reading score.8
With this in mind, I investigate the effects of summer school in a way that isolates students receiving each of
these different treatments. For example, to isolate the effect of ‘‘attending summer school for math’’, I
condition on the set of students who passed the 2001 reading exam and assess the differences in 2002 math
(and reading) scores. As Fig. 1 shows, there is little change in the probability of attending summer school that
results from failing one of the tests given that a student already failed the other. Since this results in noisy
estimates of the impact of summer school, I omit the results for these students from the discussion below.
3. Methods
The data underlying the empirical analysis presented here is a subset of an administrative data set I obtained
from LUSDiNE ofﬁcials containing individual level data for all students in Grades 3 through 8 between 1999
and 2002. I restrict attention to those students in Grades 3 through 7 whose achievement outcomes were
measured on both math and reading exams in the springs of 2001 (baseline) and 2002 (outcomes), leaving an
analysis sample of 338,608.9 To prevent errors in norming test scores across grade levels from affecting the
results, I treat the outcome scores of retained students as missing and discuss the implications of their omission
in Section 5. Descriptive statistics for the sample used for the analyses are presented in Table 1.
3.1. Econometric framework
Suppose the relationship between achievement and summer school attendance is given by the constant
treatment effects model
Y i ¼ a þ T i y þ ni ,

(1)

where Y i is student i’s test score on the spring 2002 examination in either math or reading, depending on the
outcome of interest; T i is an indicator function equal to one if student i attends summer school; and ni
7

See, for example, Roderick et al. (2003) for a detailed evaluation of the Chicago summer school program. Similar information is not
available for LUSDiNE’s program.
8
Some observers familiar with LUSDiNE’s policy have suggested that curricula are not in fact individually tailored to the subjects a
student failed. Unfortunately, there is no empirical evidence that I know of on the extent to which this aspect of the policy was
implemented.
9
As the conditional expectations for indicator variables for each of these sample restrictions are smooth through the cutoff scores, these
sample selection criteria should not introduce any bias in the results below. For a slightly more detailed description of the data used, see
the Data Appendix.
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Table 1
Descriptive statistics of estimation sample by summer school attendance: Grades 3 and 5
Grade 3

Grade 5
Attended SS

Outcomes
2002 math score

2002 reading score

Summer school attendance
Attended summer school 2001
Days attended
Past test scores
2000 math score
2000 reading score
Demographics
Female
Asian
Hispanic
Black
Home language not English
Eligible for free lunch
Neighborhood characteristics
Percent unemployment
Percent housing units owner occupied
Percent of households very poor
Grade retention
Retained
Number of observations

Attended SS

Total

Yes

No

Total

Yes

No

641.8
(.142)
[36.57]
649.7
(.176)
[46.40]

620.4
(.241)

648.5
(.16)

640.9
(.337)

676.1
(.198)

621.6
(.241)

658.6
(.204)

668.7
(.18)
[45.29]
655.7
(.138)
[36.21]

634.7
(.235)

661.2
(.154)

.24
(.002)
4.373
(.033)

1
(0)
18.208
(.05)

0
(0)
0
(0)

.207
(.002)
3.655
(.03)

1
(0)
17.643
(.057)

0
(0)
0
(0)

n.a.
(–)
n.a.
(–)

n.a.
(–)
n.a.
(–)

n.a.
(–)
n.a.
(–)

635.7
(.142)
640.2
(.16)

612.4
(.254)
616.5
(.27)

641.8
(.156)
646.4
(.18)

.500
(.002)
.115
(.001)
.357
(.002)
.363
(.002)
.362
(.002)
.761
(.002)

.489
(.004)
.094
(.002)
.396
(.004)
.427
(.004)
.377
(.004)
.875
(.003)

.504
(.002)
.122
(.001)
.344
(.002)
.343
(.002)
.357
(.002)
.725
(.002)

.498
(.002)
.112
(.001)
.364
(.002)
.363
(.002)
.421
(.002)
.765
(.002)

.481
(.004)
.061
(.002)
.394
(.004)
.478
(.004)
.389
(.004)
.883
(.003)

.502
(.002)
.126
(.001)
.356
(.002)
.333
(.002)
.429
(.002)
.735
(.002)

11.875
(.021)
28.73
(.078)
13.162
(.027)

13.018
(.042)
24.997
(.14)
14.626
(.054)

11.513
(.024)
29.91
(.091)
12.699
(.031)

11.955
(.021)
28.717
(.078)
13.235
(.027)

13.688
(.044)
24.234
(.154)
15.361
(.058)

11.502
(.023)
29.889
(.089)
12.68
(.03)

.065
(.001)

.188
(.003)

.017
(.001)

.028
(.001)

.102
(.002)

.007
(.001)

66,035

15,861

50,174

66,839

13,847

52,992

Note: Standard errors are given in parentheses. Standard deviations of the outcome scores are provided in brackets. Other variables used
in the paper are noted in separate tables when relevant. The statistics are for the estimation sample which excludes students who are
retained between 2001 and 2002, with the exception of the last row (‘retained’) which includes these students.

represents all other determinants of achievement. Letting Ski represent the student’s test score on the 2001
baseline exam in subject k 2 ðmðathÞ; rðeadingÞÞ (depending on whether the treatment of interest is summer
school for math or for reading, respectively), also deﬁne an indicator variable Di ¼ 1fSki o0g which equals one
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if the student failed the baseline exam in subject k (the pass–fail cutoff is normalized to zero). Abusing
concepts slightly, hereafter I refer to students for whom Di ¼ 1 as those ‘‘mandated to attend summer school
due to failing exam k,’’ or equivalently ‘‘students mandated to summer school for subject k.’’10
The empirical challenge in obtaining a consistent estimate of y, the causal effect of summer school, is that
attendance is endogenous. As shown in Table 1, students who attend summer school have lower prior
achievement levels, are more likely to be black and hispanic, are more likely to qualify for free lunch, and live
in neighborhoods with higher unemployment and poverty rates, and lower owner occupancy rates. Differences
in these and other unobserved student characteristics are all likely to exert a negative bias on estimates of the
effect of summer school based on comparisons of students who did and did not attend. To avoid this, I use
whether a student was mandated as an instrument for summer school attendance in the RDD.
If T i ¼ Di —that is, if all students mandated to attend summer school actually attend with probability one—
Hahn et al. (2001) demonstrate that the treatment effect of summer school for subject k would be identiﬁed by
the difference in 2002 test scores for students just below and just above the pass fail cutoff, or
ysharp ¼ lim E½Y i jSki ¼ s  lim E½Y i jS ki ¼ s,
s"0

s#0

(2)

so long as E½ni jS ki ¼ s is continuous at the pass–fail cutoff, s ¼ 0. This identiﬁcation condition requires that
the conditional expectations of all other characteristics affecting achievement are continuous at the cutoff
score (for a formal statement, see Lee, 2005). That is, analogous to a randomized controlled trial, students
who barely fail the math (reading) exam should on average have the same value of any predetermined attribute
as those students who barely pass the math (reading) exam. Identiﬁcation of the treatment effect of summer
school essentially requires that the only thing that is changing discontinuously at the threshold is the
probability that the student receives the treatment. If some other variable varied discontinuously at the
threshold we would be concerned that our estimated treatment effects would be confounded by other
differences between treatments and controls. While, similar to the case of a randomized study, it is not possible
to verify that all unobserved determinants of achievement are balanced on either side of the cutoff, I present
evidence that observable student characteristics are balanced in Section 5.
As demonstrated in Fig. 1 and discussed above, however, the RDD available in LUSDiNE is ‘‘fuzzy’’ in the
sense that the relationship between test scores and summer school attendance is not deterministic.11 In this
context, it is still possible to interpret the estimand given by (2) analogously to an ‘‘intent to treat’’ parameter
of a randomized controlled trial where the treatment remains summer school, but because of ‘‘lack of
compliance’’ some people assigned to treatment by barely passing failing the exam do not actually end up
going to summer school.
Alternatively, if one is willing to assume that the effect of summer school is a constant, the appropriate
estimand is
y¼

lims"0 E½Y i jSki ¼ s  lims#0 E½Y i jS ki ¼ s
.
lims"0 E½T i jSki ¼ s  lims#0 E½T i jS ki ¼ s

(3)

If the assumption that y is constant is not appropriate, it is still appropriate to interpret the estimand from (3)
as the causal effect of summer school albeit a ‘local average treatment effect’: the average effect of summer
school for those persons induced to go to summer school by being mandated to attend.12 Intuitively, we need
to ‘‘scale up,’’ or magnify, the estimate in the discontinuity in achievement scores given by (2) by the inverse of
the fraction of students who are induced to attend summer school by failing the exam in subject k. In essence,
this approach uses whether a student is mandated to summer school (Di ) as an instrument for summer
school attendance (T i ). In a constant treatment effects model, (3) is identiﬁed if the denominator is ﬁnite and
10
In fact not all students who fail the exams are actually mandated by the District to attend summer school. Strictly speaking, by
‘‘mandated’’ I mean that the student failed exam k, and by doing so was more likely to be induced to attend summer school and receive
remedial education in that subject.
11
The terminology ‘‘sharp’’ and ‘‘fuzzy’’ is from Trochim (1984).
12
In this case, we further require that assignment to treatment satisfy a monotonicity property. In this context it requires that the sample
not include individuals who would have gone to summer school but did not because they were mandated to go by barely failing the exam.
See Hahn et al. (2001).
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non-zero—the standard assumption of instrument relevance. In other words, failing exam k must be associated
with a discontinuous change in the probability of attending summer school relative to passing. I show below
that the accountability policy in LUSDiNE ensures that this condition is satisﬁed in most, but not all, cases.
3.2. Estimation
There are a variety of options for estimators of the numerator and denominator of Eq. (3). Adapting the
notation of Porter (2003), suppose that a student’s achievement outcomes and summer school participation
can be expressed in terms of their baseline test score in subject k as
Y i ¼ a1 þ m1 ðSki Þ þ Di p1 þ v1i

where E½v1 jSk ; D ¼ 0 and Di ¼ 1fSki o0g

(4)

T i ¼ a0 þ m0 ðS ki Þ þ Di p0 þ v0i

where E½v0 jS k ; D ¼ 0 and Di ¼ 1fS ki o0g.

(5)

and
k

As long as m1 ðÞ and m0 ðÞ are continuous at S ¼ 0, then p1 and p0 represent the size of the discontinuities
in the numerator (average achievement scores) and denominator (probability of summer school attendance),
respectively, of (3). The challenge in implementing the RD design is thus to ﬁnd an appropriate estimator for
m1 ðÞ and m0 ðÞ.
To estimate the size of the discontinuities at the threshold I specify a ﬂexible parametric model for m1 ðÞ and
m0 ðÞ.13 Speciﬁcally, I estimate Eqs. (4) and (5) by including a 3rd degree polynomial in S k , fully interacted
with the indicator Di ¼ 1fS ki o0g, allowing the parameters of each term of the polynomial to vary on either
side of the pass–fail cutoff.14 For clarity, the equations for estimating the discontinuities in achievement
outcomes and the probability of attending summer school as a function of a student’s baseline score in subject
k, are
Y i ¼ a1 þ Di p1 þ Di

3
X

g1p ðSki Þp þ ð1  Di Þ

p¼1

3
X

g01p ðS ki Þp þ v1i ,

(6)

g00p ðS ki Þp þ v0i .

(7)

p¼1

and
T i ¼ a0 þ Di p0 þ Di

3
X
p¼1

g0p ðS ki Þp þ ð1  Di Þ

3
X
p¼1

In Eq. (6), a1 and p1 represent, respectively, a constant term and the ‘‘intent to treat’’ treatment effect of
being mandated to summer school for subject k, while g1p and g01p represent the coefﬁcients on the p
polynomial terms for the case when D ¼ 1 and D ¼ 0, respectively. This allows the shape of the underlying
conditional expectation to be different to the left and right of the threshold. Eq. (7) is analogous to Eq. (5) and
the coefﬁcient p0 identiﬁes the discontinuity in the probability of attending summer school induced by barely
failing exam k.
In both equations, it is possible to include a vector of demographic and socio-economic status variables. As
Lee (2005) observes, however, the estimates of p1 and p0 should be unaffected by this if these covariates do not
vary discontinuously at s ¼ 0. While we might still include these covariates for variance reduction, in practice
their inclusion has little effect on either the magnitude or precision of the main estimates presented in this
paper. This appears to be due to the fact that the additional covariates do not explain much variance in 2002

13

A similar approach is employed by DiNardo and Lee (2004) and Card et al. (2004).
The choice of the 3rd order polynomial speciﬁcation was based on a model selection algorithm using the Schwarz criterion (see
Schwarz, 1978). For each outcome (2002 math and reading scores) and grade, I ﬁt models of the form described here with from 1 to 7
polynomial terms in the baseline score on the test of the same subject (and their interactions with Di ). For each grade and outcome, I
selected the model (indexed by the highest order polynomial term) that maximized the Schwarz statistic—essentially choosing the model
based on goodness of ﬁt with a penalty for increasing the number of regressors. In the majority of cases, the 3rd order polynomial was the
preferred speciﬁcation. I present sensitivity analyses to other polynomial choices below.
14
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test scores after already ﬂexibly controlling for 2001 scores. In the interest of simplicity I therefore present
results and ﬁgures for models that do not control for covariates.15
If this parametrization in (6) and (7) is adequate, then p1 and p0 can be consistently estimated using least
squares. In all speciﬁcations presented in this paper, I estimate standard errors clustered on each value of Sk to
allow for heteroscedasticity due to misspeciﬁcation of mðÞ.16 Under the assumptions outlined above, the ratio
of the estimates of the two coefﬁcients pb1 =pb0 ¼ y^ estimates the causal effect of summer school. Since this
model is exactly identiﬁed I estimate this quantity via two-stage least squares.17
4. Empirical results
In this section I present estimates of the effect of being mandated to summer school on attendance, and then
discuss the results for the effects of summer school attendance on math and reading achievement outcomes. I
focus ﬁrst on summer school for math, using only the population of students who passed the reading test and
are thus not at risk for being sent to summer school for reading. Following that, I present the analogous
results for reading.
4.1. Summer school mandates and attendance
To what extent did the accountability policies in LUSDiNE create a discontinuous relationship between
students’ baseline 2001 math and reading scores and the probability of attending summer school? As we will
see, the illustration in Fig. 1 appears to be representative of the accountability policy’s impact in many, but not
all, cases: among students passing one of the achievement tests, barely failing the other generally results in a
marked increase in the probability of attending summer school.
Fig. 3 presents the parametric estimates of the discontinuities (along with the averages of the raw data) in
the probability of summer school attendance around the math pass–fail cutoff score that correspond to the
earlier discussion of Fig.1 for both Grades 3 and 5. In the top and bottom panels, the x’s represent the fraction
of students with each spring 2001 math score who attended summer school that summer. While the
discontinuity at the cutoff score (equal to zero on the x-axis) is visually apparent, the cubic parametric ﬁt
shown with the dashed line provides both a point estimate and standard error. Note that while in the ﬁgure the
support of the 2001 math score is truncated beyond 60 points in either direction of the cutoff score, the model
is estimated using the entire range of the data. In both the 3rd and 5th grade, being mandated to summer
school for math (i.e., scoring below the cutoff) is associated with a 38 percentage point (s.e.: .016) increase in
the chance of attending summer school. It appears, then, that while failing the math exam was not the only
determinant of whether a student attended summer school, being mandated for failing math did have a strong
impact on the probability of attendance. In the context of the research design described above, this is akin to
demonstrating the existence of a strong ﬁrst stage relationship between the instrument, Di , and summer school
attendance.
Fig. 4 shows even stronger results for the reading test among students who passed the math test. In both
Grades 3 and 5, being mandated to summer school for reading causes about a 44% increase in the probability
of summer school attendance. Similar discontinuities in the fraction of students attending summer school are
apparent in Grade 6 on the math test, and Grade 4 on the reading test (see Tables 2 and 3).
There are several cases, however, in which the policy appears not to have been implemented as described in
Section 2, or factors other than test scores may have been more determinative of whether a student was
mandated to summer school. In particular, there is no detectable discontinuity in the probability of attending
summer school across the math pass–fail cutoff score in Grade 4. And in Grade 7 for both math and reading,
the probability of attending summer school drops sharply as baseline test scores increase through the pass–fail
15

The results with covariates are available from the author on request.
See Lee and Card (2004) for a discussion of speciﬁcation errors in the RDD in cases where the ‘‘running variable’’—the baseline test
score S in this paper—is discrete.
P
P
17
Speciﬁcally, in the structural model Y i ¼ m þ T i y þ Di 3p¼1 c1p ðSki Þp þ ð1  Di Þ 3p¼1 c01p ðSki Þp þ i , I instrument for T i using Di and
the polynomial terms of S i and their interactions.
16
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Fig. 3. Impact of failing 2001 tests on summer school attendance and math scores and the effect of summer school on math achievement.
(a) Grade 3—students passing 2001 reading test, (b) Grade 5—students passing 2001 reading test.

cutoff, but the discrete support of the test score distribution makes it is difﬁcult to distinguish a discontinuity
from a highly non-linear relationship (see Fig. A1 for an illustration of the data for the 7th grade math
example).18 Since identifying causal parameters in the RD research design relies on a discontinuity in the
probability of attending summer school, I discount the evidence provided from these cases. As I demonstrate
in Section 5, the estimates from these cases are too sensitive to alternate modeling assumptions to form the
18
Other analysts such as Jacob and Lefgren (2004) have used indicators for scoring in certain ranges of the test score distribution as
instruments for summer school attendance with similar data. I eschew such an approach due to its heavy reliance on knowledge of the
functional form of the conditional expectation functions in the neighborhood of the cutoff score.
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Fig. 4. Impact of failing 2001 tests on summer school attendance and reading scores and the effect of summer school on reading
achievement. (a) Grade 3—students passing 2001 math test, (b) Grade 5—students passing 2001 math test.

basis of reliable inference. To ﬂag the results for these cases in the tables showing estimates of the effect of
summer school, I group them under the heading ‘weak ﬁrst stage discontinuity’. They are presented only for
completeness and as an illustration of the potential for bad inferences.
With these exceptions, it does appear that the accountability policy in LUSDiNE was implemented in
a way that gave signiﬁcant weight to scoring above the proﬁciency cutoffs in each of the subject examinations.
The large and quite precisely estimated discontinuities in the probability of attending summer school at
pass–fail thresholds for both the 2001 math and reading test fulﬁll one of the conditions necessary to use
the RDD.
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Table 2
The effect of being mandated to summer school on attendance and 2002 math scores and the effect of summer school attendance for math
(students who passed the 2001 reading exam)
Effect of being mandated
Attendance (1st Stage)

Effect of SS attendance

No. observations

Math (Reduced form)

Math (TSLS)

Reading (TSLS)

Strong 1st stage discontinuity
Grade 3
.383
(.016)
Grade 5
.385
(.006)
Grade 6
.320
(.011)

.049
(.02)
.093
(.015)
.061
(.014)

.128
(.055)
.241
(.039)
.19
(.047)

.087
(.065)
.083
(.055)
n.a.
(–)

55,931

Weak 1st stage discontinuity
Grade 4
.000
(.015)
Grade 7
.108
(.046)

.004
(.031)
.051
(.023)

10.258
(373)
.474
(.216)

57.724
(2111)
.303
(.215)

58,689

59,258
51,810

48,199

Note: Estimates in the ﬁrst two columns refer to coefﬁcients on the dummy variable for scoring below the pass–fail threshold in Eqs. (7)
and (6) in the text in a model using a 3rd order polynomial on the full range of data. Reading scores are not available as an outcome for
Grade 6.

4.2. Summer school for math
Given the large impact of being mandated to summer school for math or reading on the probability
of attending summer school, we should expect to see similar discontinuities in the plots of average achievement
scores if summer school is effective. As mentioned above, Cooper et al. (2000) conclude that summer
school programs increase student achievement by between one-seventh and one-quarter of a standard
deviation in test-scores, implying that y 2 ð:14; :25Þ. If this is true, then our estimates of p1 —the discontinuity
in the 2002 achievement score—should be proportional to p0 by a factor of y, since p1 ¼ y  p0 . In the
analyses presented here, outcome scores were all transformed to z-scores, so estimated impacts are measured in units of standard deviations of the grade and subject speciﬁc test score distribution for the entire
sample.
Looking at the results for average math scores for Grades 3 and 5 in Fig. 319, this prediction appears to be
borne out. For 3rd graders, p1 is about .049, implying an effect of summer school of .128 standard deviations
(with a standard error of .055.). Note, however, that in this case that the cubic polynomial model may not
convince the eye that a discontinuity exists in the raw data (the open circles). As I show below, this is one of
several cases where the cubic model was rejected in favor of a quartic speciﬁcation. While all ﬁgures in this
section show a cubic ﬁt for comparability, in Section 4.4 I present estimates for several different polynomial
speciﬁcations and note which models are preferred by the model selection algorithm discussed above. Indeed,
for 3rd graders the quartic speciﬁcation suggests an effect of summer school of :029 (.037) standard
deviations that is statistically insigniﬁcantly different from zero.
For Grade 5, there appears to be an unambiguous break in the graph of 2002 math scores on 2001 scores,
suggesting a relatively large impact of summer school for math. Being mandated to summer school for math
results in an increase in math test scores of .093 z-scores, implying an effect of summer school of .241 (.039)
standard deviations. This is a surprisingly high estimate, as it is on the upper end of the effect sizes surveyed by
Cooper et al., and they report that studies using randomization tended to ﬁnd smaller effect sizes. As reported
in column (3) of Table 2, however, roughly the same size effect is found for students attending summer school
for math in Grade 6—the estimated effect is .190 (.047) standard deviations.
19

Note that the lower panel of Fig. 3 is based on a wider range of the same raw data as shown in Fig. 2.
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Table 3
The effect of being mandated to summer school on attendance and 2002 reading scores and the effect of summer school attendance for
reading (students who passed the 2001 math exam)
Effect of being mandated
Attendance (1st Stage)

Effect of SS attendance

No. observations

Reading (Reduced form)

Reading (TSLS)

Math (TSLS)

Strong 1st stage discontinuity
Grade 3
.439
(.016)
Grade 4
.303
(.014)
Grade 5
.442
(.011)

.086
(.042)
.052
(.024)
.046
(.023)

.196
(.098)
.173
(.08)
.103
(.051)

.201
(.068)
.109
(.062)
.095
(.049)

55,385

Weak 1st stage discontinuity
Grade 7
.127
(.078)

:013
(.034)

:103
(.290)

:364
(.423)

36,243

60,052
47,484

Note: Estimates in the ﬁrst two columns refer to coefﬁcients on the dummy variable for scoring below the pass–fail threshold in Eqs. (7)
and (6) in the text in a model using a 3rd order polynomial on the full range of data. Reading scores are not available as an outcome for
Grade 6.

Column (4) of Table 2 reports the effect of attending summer school for math on 2002 reading test scores.
While the curriculum over the summer is supposed to be tailored to student weaknesses, it is quite possible
that the students who passed the reading test but ended up being mandated to summer school for math spent
some of their time reviewing reading concepts. It is also plausible that students learn general studying or testtaking techniques that are applicable across subject area. While the point estimates suggest a small positive
effect of summer school—between .08 and .09 standard deviations for both 3rd and 5th graders—for math on
reading achievement, the estimates are somewhat imprecise. Thus, the effects cannot conclusively be
established to be positive, nor can they be said to be less than the effects on math outcomes in terms of
statistical signiﬁcance.

4.3. Summer school for reading
Cooper and his coauthors reported that summer school programs tended to be more effective in raising
achievement scores for math relative to reading, a ﬁnding that is not uncommon in evaluations of school
interventions. Table 3 shows that there was a clear effect of being mandated to summer school for reading on
attendance for students in Grades 3 through 5. Looking at the data for 2002 reading scores presented in Fig. 4,
this discontinuity in summer school attendance again appears to be mirrored by an increase in achievement
at the pass–fail cutoff. In 3rd grade, the cubic ﬁt suggests that students scoring just below the threshold on
the 2001 reading test have 2002 achievement scores that are .086 standard deviations above those of
students scoring just above the threshold. This implies an effect of summer school of .196 (.098) standard
deviations. Looking at the ﬁt of the lines to the local averages shown in the open circles, however, we may
again quibble with the ﬁt of the model, and in any event the standard error is fairly large yielding a t-statistic
of about 2.
The results for Grade 4 (shown in Table 3) and Grade 5 ﬁt roughly the same pattern. The estimates of the
effect of summer school yielded by the 3rd order polynomial speciﬁcation are .173 and .103 standard
deviations, respectively, with each having a t-statistic of about 2. For math outcomes, the results are similar to
those presented for reading outcomes of summer school for math above. In each case the estimated effects are
positive, ranging from .201 (.068) standard deviations for 3rd graders to .095 (.049) for 5th graders.
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Table 4
Sensitivity of estimates to alternative model speciﬁcations
Support restriction

Full range

Polynomial order

3

jTest Score  Cutoff jp35
4

Effect of summer school attendance for math on 2002 math score
Strong 1st stage discontinuity
Grade 3
.128
:029y
(.055)
(.037)
.154
Grade 5
:241y
(.039)
(.04)
.114
Grade 6
:190y
(.047)
(.061)
Weak 1st stage discontinuity
Grade 4
Grade 7

10:258y
(3.388)
.474
(.216)

1.019
(1.216)
:214y
(.413)

Effect of summer school attendance for reading on 2002 reading score
Strong 1st stage discontinuity
Grade 3
.196
:079
(.098)
(.075)
.152
Grade 4
:173y
(.080)
(.088)
:024
Grade 5
:103y
(.051)
(.066)
Weak 1st stage discontinuity
Grade 7
:103
1:773y
(.29)
(2.129)

1

2

3

.101
(.043)
:187y
(.041)
:172y
(.049)

:038y
(.028)
.214
(.041)
.151
(.069)

.017
(.013)
.176
(.034)
.219
(.073)

:473y
(.718)
:235y
(.208)

:079
(.510)
5.42
(68.11)

.409
(.497)
1.159
(1.385)

.135
(.070)
:157y
(.059)
:231y
(.068)

:079y
(.046)
.173
(.097)
.097
(.090)

.119
(.051)
.111
(.117)
.011
(.045)

:077y
(.165)

1:304
(1.715)

1.318
(1.236)

Note: All entries represent two-stage least squares estimates of the effect of summer school attendance on 2002 test scores, reported in zscores. In the panel reporting effects of summer school for math (reading), the estimates in the ﬁrst two columns are based on a sample
including only students who passed the reading (math) test. The latter three columns narrow this sample by restricting attention to a band
of 35 points in either direction from the cutoff on the 2001 test score support. Within each sample, all observations are weighted equally.
Estimates marked with a dagger (y) denote the polynomial speciﬁcation that maximizes the Schwarz statistic for a given support restriction
from a regression of the outcome test score on the polynomial terms of the 2001 test score, a dummy variable equal to one if the score is
below the cutoff, and a full set of interaction terms. For the full sample for reading, the preferred model is a 5th order polynomial— the
resulting estimate is .121 (.038). Reading scores are not available as an outcome for Grade 6.

4.4. Robustness to alternative model specifications and summary
As alluded to above, the 3rd order polynomial speciﬁcation is not always the model that best ﬁts the
conditional expectations of the achievement score outcomes. If mðSÞ is thus misspeciﬁed, our estimates of the
effect of summer school attendance may be biased even if the other identiﬁcation conditions discussed above
are satisﬁed. Before summarizing the evidence presented above, I therefore discuss the sensitivity of the results
to alternative model speciﬁcations.
Table 4 presents estimates of y for a variety of different model choices for mðSÞ, separately for math and
reading, and separately for cases with strong and weak ﬁrst stage relationships between summer school
mandates and attendance. Column (1) presents the estimates from the 3rd order speciﬁcation presented above,
estimated on student data spanning the full range of 2001 test scores. For the 2002 math score outcomes for
Grade 3, and for the Grade 7 outcomes, the Schwarz criterion favored a 4th order polynomial speciﬁcation. As
shown in column (2), this results in a much lower estimate of the effect of summer school for math on 2002
math scores: the estimated effect is now :029 (.037) standard deviations, rather than the .128 (.055) estimate
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from the 3rd order speciﬁcation. Similarly, for the estimates of the effect of summer school for reading, a 5th
order polynomial is suggested by the Schwarz criterion for Grade 3. Using that speciﬁcation (not shown in the
table) results in an estimate of .121 (.038) standard deviations, rather than the .196 (.098) given by the cubic
model.
The baseline cubic speciﬁcation tends to perform poorly in cases where the conditional expectations of the
outcome scores become highly non-linear in the tails of their support, at extreme values of the 2001 test score
(this is not visible since Figs. 3 and 4 truncate the regions of support beyond 60 points in either direction of the
cutoff). To explore the robustness of the results further, in columns 3 through 5 of Table 4, I estimate the effect
of summer school using data only for students scoring ‘near’—within 35 points of—the cutoff score.20 As
shown in column 3, a linear speciﬁcation is generally chosen by the model selection algorithm for this
restricted set of data, except in Grade 3 for both math and reading where a quadratic speciﬁcation is preferred.
A comforting feature of the estimates in columns 3 through 5 is that they are similar to each other for any
given grade and outcome. They also tend to be a bit smaller, but broadly similar to the Schwarz-preferred
estimate from the ﬁrst two columns.
Overall, the analysis in Table 4 afﬁrms the results from the 3rd order polynomial speciﬁcation presented
above, except for the estimates for 3rd graders. For these students, there appears to be little to no effect of
summer school on achievement for math. The point estimates from the preferred models for mðSÞ (marked
with a dagger) in Table 4 are :029 and .038 standard deviations, with standard errors that are roughly
consistent with an effect size between plus and minus one-tenth of a standard deviation
ð:029  2  ð:037Þ to :038 þ 2  ð:028ÞÞ. This is perhaps surprising given that previous studies of summer
school programs spanning multiple grades have suggested that the beneﬁts of summer school are highest for
students in lower grades, and many mandatory summer school programs have accordingly targeted only
younger students.
Indeed, for students in Grades 5 and 6, there appears to be a much larger impact of attending summer
school for math. Here the preferred estimates range between .172 (.039) and .241 (.049) standard deviations,
with the estimates on the restricted support of the 2001 test score distribution yielding slightly smaller
estimates than those presented above.
For summer school for reading, the results of the analysis in Table 4 is again to revise downward our
estimate of the 3rd grade effects from the 3rd order speciﬁcation. The preferred estimates are between .079
(.046) and .121 (.038) standard deviations. Overall, the estimated effects of summer school for reading are
positive for all grades, although some of the standard errors are slightly larger and so admit a wide conﬁdence
interval that overlaps zero in some cases.
I note in passing the extreme sensitivity of results to different model speciﬁcations in cases where there is a
weak ﬁrst stage discontinuity in the probability of attending summer school. For Grade 7 summer school for
math depicted in Fig. A1, for example, the estimated ﬁrst stage discontinuity estimated from ﬁtting a linear
model on the restricted support is .12 (.048). Adding a quadratic term reduces the estimate of the 1st stage
discontinuity to .003 (.046). The resulting treatment effect estimates are wildly different, illustrating a potential
danger in applying the RDD in cases where the ﬁrst stage relationship is highly non-linear near the cutoff and
discontinuity estimates are not robust.
The results of the preceding analysis are summarized in Table 5, which presents minimum distance averages
of all the robustly estimated effect sizes presented in Table 4. I present the averages of all the estimates using
either a 3rd order speciﬁcation or a linear speciﬁcation for the for the restricted sample estimates in columns
(1) and (3). Since these estimates are potentially biased by misspeciﬁcation, however, I focus attention on the
estimates derived from the model chosen by Schwarz criterion. For analyses on the full sample, the average
effect of summer school for math attendance on math achievement is .121 standard deviations, with a
standard error implying a conﬁdence interval from about .075 to .167 standard deviations. While this is on the
low end of the interval suggested by Cooper et al.’s review, recall that this average masks signiﬁcant and
unexpected heterogeneity. Column two of the bottom row shows the average estimated effect of summer
school attendance for reading is nearly identical at .122 standard deviations, with a slightly larger conﬁdence
band.
20

In most cases, this subsample includes about half of the sample used for the estimates in columns 1 and 2.
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Table 5
Summary of effect size estimates minimum distance estimates of effect of summer school on math and reading achievement
Support restriction

Full range

Polynomial order

All 3rd order

jTest Score  Cutoff jp35
Schwarz selected models

All linear

Schwarz selected models

Effect of summer school attendance for math on 2002 math score
.199
.121
(.026)
(.023)

.153
(.025)

.101
(.021)

Effect of summer school attendance for reading on 2002 reading score
.135
.122
(.039)
(.028)

.173
(.038)

.136
(.032)

Note: All estimates represent minimum distance averages of estimates under ‘‘strong 1st stage discontinuity’’ in Table 4. Columns (1) and
(3) represent averages of the estimates of the same columns in Table 4. Column (2) averages the estimates from the models that maximize
the Schwarz criteria as described in the text in models run on the full range of the 2001 test score, denoted with daggers in the ﬁrst
two columns of Table 4. Column (4) averages the estimates from the models that maximize the Schwarz criterion on models run restricting
the support of the test score distribution to 35 points above and below the cutoff score, denoted with daggers in the last three columns of
Table 4.

5. Validity of the RDD
Overall, it is clear that the accountability policy in LUSDiNE causes students who barely fail either the 2001
math or reading test to attend summer school at much higher rates than students who barely pass.
Furthermore, barely failing students have higher subsequent achievement scores in both math and reading
than students barely passing. To the extent that these two groups of students are similar in the other
characteristics that determine achievement outcomes, then these results imply that summer school raises
student achievement on math and reading exams by about .12 standard deviations. In this section, I present
several different pieces of evidence suggesting that this key identiﬁcation condition is met.
As emphasized by Lee (2005), assignment to summer school around the pass–fail threshold should be
randomized as long as test scores cannot be perfectly manipulated by students, teachers, etc. For example, on
a test scored by a teacher we might worry that the teacher selects (presumably based on other unobserved
indicators of high competence) some students scoring just below the threshold and adjusts their score to fall
just above the cutoff. This could lead to biased (downward) estimates of the effect of summer school by
leaving a relatively low-achieving group of students below the cutoff.
In the present case this seems quite unlikely. The achievement tests given at the end of the year are
comprised of many questions, and the completed test forms are scored by the test publisher outside of the
school. The room for students or teachers to ﬁnely manipulate test scores around the pass–fail cutoffs would
thus seem narrow. Further, if such manipulation were taking place, it should be observable in a discontinuity
in the density of baseline test scores at the pass–fail cutoff—in the example above there should be ‘‘missing’’
scores just below the cutoff and a corresponding ‘‘hump’’ above. I test for a discontinuity in the density
function of math and reading test scores using a variant of a test proposed by McCrary (2004). Since the
support of the test score distribution is discrete, I ﬁt a linear term in the baseline test score, a dummy equal to
one if a student fails, and their interaction to the log of the fraction of students with each baseline score using
weighted least squares regression.21 The ﬁrst two rows of Table 6 conﬁrm that no statistically signiﬁcant
21
The regression is run using only data within 35 points of the cutoff score. The discrete and sparse support of test scores militates
against using a bandwidth selection algorithm that requires the bandwidth to shrink with sample size—in the limit no observations will be
included in the regression. The 35-point ‘‘bandwidth’’ is chosen so that a reasonable number of points of support (at least 8) are included
on either side of the cutoff and is supported by the results of Monte Carlo experimentation. Using 5th grade reading as a test case, I
generated 10,000 samples drawing from a normal distribution with the mean and variance observed in the data, and then binned the
generated scores in a way that closely replicated the discrete support of the actual test score data. I then applied the test for a discontinuity
in the density function using the method described here with different bandwidths, and chose the bandwidth where the actual size (5.23%
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Table 6
Validity of the research design: discontinuity estimates for density of test scores and selected covariates at cutoff score across math and
reading pass–fail thresholds
Grade 3

Non-retained sample
Density of running variables (Log discontinuity)a
2001 Math score
2001 Reading score
Old test scores
2000 Math score
2000 Reading score
Demographics
Female
Asian
Hispanic
Black
Limited English Proﬁcient
Free lunch eligible
Neighborhood characteristics
Percent unemployed
Percent of households owner occupied
Percent of households very poor
Linear combination of all available covariates
Predicted 2002 math score
Predicted 2002 reading score
Grade retention outcomes for full sample
Retained

Grade 5

Math

Reading

Math

Reading

:053
(.062)
n.a.
(–)

n.a.
(–)
.004
(.043)

:056
(.033)
n.a.
(–)

n.a.
(–)
.051
(.046)

n.a.
(–)
n.a.
(–)

n.a.
(–)
n.a.
(–)

.887
(.464)
1.229
(.914)

:798
(.817)
.552
(1.025)

:010
(.012)
.009
(.008)
:007
(.013)
:007
(.011)
.002
(.005)
.001
(.010)

.012
(.014)
.022
(.006)
:019
(.013)
.008
(.014)
.002
(.006)
.008
(.012)

:005
(.012)
:008
(.003)
.002
(.012)
.005
(.009)
:007
(.004)
.002
(.010)

:008
(.016)
.000
(.009)
.026
(.011)
.021
(.017)
:007
(.012)
.054
(.015)

.035
(.102)
.256
(.530)
.058
(.162)

.157
(.104)
.051
(.449)
.196
(.125)

:052
(.089)
.482
(.244)
:099
(.109)

.478
(.185)
1:344
(.761)
.452
(.212)

.001
(.008)
n.a.
(–)

n.a.
(–)
.006
(.009)

.013
(.011)
n.a.
(–)

n.a.
(–)
:014
(.015)

.032
(.004)

.057
(.007)

.01
(.004)

.035
(.005)

Note: Nearly all discontinuities are estimated with a regression of the covariate on a 3rd order polynomial in the relevant test score, a
dummy variable equal to one if the student scored below the pass–fail cutoff, and a full set of interactions of the dummy with the
polynomial terms. The ﬁgures in the table represent the coefﬁcient on the dummy term, and the standard error of that coefﬁcient. a The
discontinuity in the density is estimated by weighted-least squares regression of the log of the fraction of observations with each test score
on a linear term in the test score, a dummy deﬁned as above, and their interaction.

(footnote continued)
for a bandwidth of 35) was nearest the nominal size of the test. I use weights generated by a triangular kernel function, or
wj ¼ maxð0; 1  jSj j=35Þ, though results are similar if the regression is unweighted.
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discontinuities are evident in the (log of the) test score densities for the baseline exams in math or reading in
either Grade 3 or 5.22
An implication of the assumption that the accountability policy creates local randomization of summer
school attendance at the pass–fail cutoffs is that all preset characteristics (that is, ﬁxed at the time of the spring
2001 exams) should be similar for the groups of students barely failing and barely passing the exams. While we
can never be certain that the unobservable characteristics of students satisfy this condition, the validity of this
assumption can be tested by ensuring that the conditional expectations of the observable characteristics do not
vary discontinuously in the neighborhood of the cutoff score. Table 6 presents the results of estimating models
similar to (6) on selected covariates available in the data.
As seen in the table, the estimated discontinuities for nearly all of the demographic, SES, and neighborhood
characteristics are vanishingly small. It is particularly notable that average test scores one year prior to the
2001 test are nearly identical: the greatest estimated difference is a 1.2 point (.02 standard deviations)
difference in reading scores for students on either side of the 2001 math pass–fail cutoff.23 The greatest number
of signiﬁcant differences are found for 5th graders around the reading cutoff score. Even in this case, however,
the statistically signiﬁcant estimates are generally quite small in magnitude—about a .5 percentage point
difference in both zip-code level unemployment and very poor rates—with the exception of a 5.4 percentage
point difference in the percent of students who are eligible for free lunch. In the case of independent covariates,
we would expect about 5 percent of the discontinuity estimates to be statistically signiﬁcantly different from
zero under the null hypothesis that all student characteristics are balanced. In the table, about 10 percent of
the estimates are signiﬁcant, though some covariates are clearly not independent: neighborhood
characteristics, for example, are all estimated by linking a student’s zip-code address to Census information.
As a ﬁnal omnibus test of whether students near the pass–fail cutoff differ from each other in terms of their
observed characteristics, the penultimate section of Table 6 presents the estimated discontinuities in the
predicted 2002 achievement scores as a function of 2001 test scores. The predicted values are generated from a
regression of 2002 achievement scores on all of the available covariates24 excluding any functions of the 2001
test scores (including Di ) and whether a student attended summer school. These predicted values represent all
the information contained in the covariates that predict future achievement. As shown in the table, there is
essentially no difference in students’ predicted performance at the cutoff score for either math or reading,
demonstrating again that students above and below the threshold are nearly identical in terms of the
characteristics that affect achievement. This provides further conﬁdence in the assumption that the
unobservable determinants of achievement may also be balanced.
An exception to the pattern of no differences among students barely above and below the cutoff is that
students, particularly in lower grades, who barely fail the end of year exams are slightly more likely to be
retained in the following year. As explained above, the accountability policy in LUSDiNE required failing
students to attend summer school and to retake similar achievement exams at the end of the summer.25
Students who did not pass those exams were at risk of being retained, and as Table 1 shows, about 18% and
10%, respectively, of 3rd and 5th graders who attended summer school were forced to repeat the same grade.
Implementation of this retention aspect of the policy, however, appears to have been rather lax. As a result,
the discontinuity in the likelihood that a student was retained in the same grade due to being mandated is
much smaller than the discontinuity in whether a student attends summer school.

22
Similar results are found for both math and reading in the other grades, and the results are robust to increasing or decreasing the
bandwidth by 10 points. The lone exception is that for the 5th grade reading test, the estimates imply that students are 9.8% (standard
error: 4.1%) more likely to barely fail the test than to barely pass. There is not, however, consistent support for this ﬁnding in the pattern
of results for other grades and tests.
23
2000 test scores are not available for 3rd graders since no exam is given in the 2nd grade.
24
The complete list of covariates includes indicators for student gender, racial and ethnic background, free lunch eligibility, whether
English is spoken at home, whether born abroad, and whether categorized as Limited English Proﬁcient; information at the 3-digit zipcode level on the fraction of single parents, percent unemployment, percent of housing units owner-occupied, and the percent of
households that are very poor in the students’ neighborhood; and previous year (2000) math and reading test scores only for students in
the 5th grade. All variables are entered linearly in the regression.
25
Unfortunately, I do not have data for the end of summer exams.
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The estimates of differential retention for Grades 3 and 5 are shown in the last row of Table 6. Compared to
students barely passing the test, students barely failing the reading exam are 5.7 percentage points more likely to
repeat the 3rd grade, and students barely failing math are 3.2 percentage points more likely to be retained. Similar
results are obtained in other grades, but the gap in grade retention across both math and reading thresholds is
always less than in the 3rd grade and is generally declines as the grade level increases—for 5th graders the gap is
only 1 percentage point. Of course, this discontinuity is natural given that LUSDiNE’s accountability policy
threatens to retain those students who fail the baseline exams unless they pass similar tests at the end of the
summer. In other words, retention is an outcome of the policy, not a predetermined characteristic and this ﬁnding
does not reject the hypothesis that summer school attendance is effectively randomized near the cutoff score.
Nonetheless, from the standpoint of measuring outcomes in the empirical analysis presented above, this
difference in retention poses a potential problem. First, it implies that the treatment effect being identiﬁed by
the analysis is more complicated than that of attending summer school; it also captures the effect of repeating
a grade for a (small) fraction of students. A second issue is perhaps more important. If the norming of tests
was done perfectly across years—i.e., a score of 650 on the 3rd grade math exam meant exactly the same thing
in terms of achievement as a 650 on the 4th grade math exam—then the treatment effect just described could
still be consistently estimated. If the norming is incorrect, however, then the metric used to measure
achievement will change discontinuously at the pass–fail threshold, and so the RDD may fail to consistently
estimate p1 , and thus y. To avoid these complications, throughout the analysis presented above I dropped
these observations to prevent norming errors in exam scores across grade-levels from corrupting estimates.26
To the extent that students with baseline test scores near the threshold who are retained are systematically different
from those who are not retained, dropping these observations may bias estimates of the effect of summer school. For
example, if students who barely failed the baseline exam and were retained had lower unobserved measures of
achievement, then we might expect retained students to score lower on the 2002 achievement tests than those who
were not retained even if their baseline scores were identical. Since slightly more students scoring just below the
threshold were retained and thus dropped from the analysis, this would mechanically raise the average test scores of
the remaining group of students, making it appear as though summer school had a more positive impact.
To investigate the potential bias caused by this, I divide students into subgroups of students and estimate
the differential retention rates for each subgroup at the pass–fail cutoff. I then estimate the effect of summer
school attendance for each subgroup using the same methods as above. If retention outcomes are
systematically related to future achievement even within students with the same baseline test score, then
subgroups with higher retention discontinuities should have higher estimated effects of summer school
attendance. In generating the discontinuities around the math (reading) cutoff score, I use different values of
the reading (math) score to deﬁne subgroups. For example, referring back to Fig. 1 I calculate separate
estimates of y and the discontinuity in the probability of retention across the math cutoff score separately for
students with reading scores ¼ j, for j ¼ 7; 11; 15; . . . ; etc. I generate these pairs of p^ 0 and y^ for Grades 3 and 5
for each subject, and then compute demeaned values for the 4 grade  subject categories.
The resulting pairs of treatment effect and differential retention discontinuity estimates do not display a strong
(linear) relationship with each other for either math or reading. The estimated slope from unweighted OLS regressions
through the data are .679 for reading and :505 for math, but these estimates are quite noisy. Taking the estimates at
face value, they imply that differential retention might bias the estimates above by up to .039 standard deviations (a
maximum discontinuity in retention of .057 for 3rd grade reading, multiplied by .679) for the worst case scenario of
3rd grade reading.27 Overall, then, the results presented in this section provide strong evidence that the estimated
effects of summer school presented above are not confounded by other factors that may affect achievement.
6. Conclusion
The empirical results presented above point to several substantive conclusions about the impact of summer
school on achievement. The overall average effects presented in Table 5 are on the low end of Cooper et al.’s
26

I note, however, that the results of the analysis are nearly identical if retained students are included.
An alternative explanation is that both the treatment effect of summer school for math (reading) and the effect of being mandated for
math on the probability of being retained are systematically related to a student’s reading (math) score in a way that masks (biases towards
zero) the effect of retention.
27
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range, reinforcing their observation that the handful of studies that have employed randomized trials tend to
ﬁnd much smaller effects of summer school than other studies. While the average effects are small, however,
there is signiﬁcant heterogeneity evident in the results. The measured impacts of summer school range from a
low of :03 standard deviations for 3rd graders in math summer school, to .24 standard deviations for 5th
graders for math.
Some of the ﬁndings presented above are at odds with the results of previous work in this area. For both
math and reading, I ﬁnd that students in higher grades beneﬁt more from summer school attendance than
students in the 3rd grade. This may warrant further research, including replication of the results presented here
in different years, to establish the robustness of the ﬁnding. If true, the common feature of many
accountability policies of focusing on 3rd grade students may warrant reconsideration. The ﬁnding that
students appear to beneﬁt equally for remedial education in math and reading is also at odds with previous
studies suggesting that reading interventions are less likely to be successful.
How credible are these results in demonstrating a positive role for summer school in boosting students
achievement test scores? The analyses presented in Table 6 are convincing in demonstrating that students
around the pass–fail cutoff scores are nearly identical to one another in terms of the observed characteristics
that might affect achievement. As a result, it seems reasonable to believe that the RDD has effectively
randomized summer school attendance near the cutoff with respect to predetermined student characteristics.
It is conceivable, however, that attending summer school is not the only ‘‘treatment’’ that is producing the
achievement gains for students scoring just below the threshold. For example, it may be that failing exams per
se has an effect of students by stigmatizing them as failures in the eyes of their peers and teachers. On the other
hand, it may be that parents become more involved in their student’s education if they learn that he or she
failed the exam and was mandated to summer school. While I know of no credible study documenting the
existence of these types of responses to being mandated to a program, it would seem that these effects cannot
be ruled out as an alternative mechanism (besides summer school) through which failing exams inﬂuences
student outcomes. To the extent that they are important, however, the reduced form estimates of the effect of
barely failing the exams on achievement scores captures the combined effect of all these inﬂuences.
While further research will be necessary to rule out these competing hypotheses for the effects presented above,
if taken at face value the results here suggest that summer school may be an exceptionally cost-effective way to
raise student achievement. For students in higher grades, in some cases I estimate effect sizes on the order of oneﬁfth to one-quarter of a standard deviation of test scores. This is comparable to the .22 standard deviation effect
size found for reducing class size by one-third in the Project Star experiment (see, for example Krueger, 2002).
Although rigorous studies of the economic costs of summer school are not available, a simple calculation suggests
that the budgetary cost of summer school per student may be well less than half of the cost of class-size
reduction.28 The rather negative results for 3rd graders, however, should give us pause before endorsing continued
emphasis on the mandatory remedial summer school programs currently in place in nearly all the nation’s urban
school districts. Further research should attempt to establish whether this negative ﬁnding was the result of
chance, or important evidence against summer school programs, at least for younger students.
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Appendix A. Data
The data used for this paper is a subset of an administrative data set I obtained from LUSDiNE ofﬁcials
containing individual level data for all students in Grades 3 through 8 between 1999 and 2002 from LUSDiNE
ofﬁcials. Multiple raw data ﬁles were merged across data sets and across years using unique (recoded) student
identiﬁers. All together there is information for over 900,000 students and about two million student-years on
test scores and student and school characteristics.
For the purposes of this paper, I restrict attention to those students in Grades 3 through 7 whose
achievement outcomes were measured on either the spring 2001 math or reading tests and thus could have
been subject to the promotion policy in the school year ending in spring 2001. This yields a starting sample of
about 377,000 students, eliminating primarily students who are either special education or Limited English
Proﬁcient students and are exempt from the promotion policy. I further drop students without valid test scores
in both years (2001 and 2002) or students who took the math exam in a language other than English, which
results in a sample of 338,608. The latter group is dropped because the distribution of test scores in 2001 has a
different support than that for other students raising questions about the comparability of their scores. These
students never comprise more than 3% of students in any grade. As the conditional expectations for indicator
variables for each of these sample restrictions are smooth through the cutoff scores, these sample selection
criteria should not introduce any bias into the results below (Fig. A1).

Fig. A1. Illustration of a weak ﬁrst stage discontinuity: 7th grade summer school for math.
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