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Abstract
This paper begins with a conventional regression discontinuity (RD) design to evaluate the impact of reclassifying English learners (ELs) out of EL services and into
mainstream classrooms. Our RD estimates suggest that reclassication has limited
eects on the cognitive and non-cognitive outcomes of students at the margin of reclassication, both in the short and long term. However, the policy implications of
this null result depend on whether it holds for students away from the margin. We
present an extension from the conventional RD design that utilizes additional variation
provided by the multiple criteria in place to draw conclusions away from the cuto. For
students in elementary school above the cuto, we estimate that reclassication results
in an average increase of 0.18 standard deviations in future reading scores. Our results
imply that the criteria should not be raised for ELs in elementary school, as students
above the current cutos would benet from mainstream schooling. However, because
we are unable to estimate eects below the current cutos, we cannot say whether
policymakers should consider lowering the criteria
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1 Introduction
A lack of English prociency can not only limit progress in schooling, but can also hurt
labor market outcomes down the road, especially for recent immigrants and their children
(Trejo, 1997; Kossoudji, 1988). While school districts are required by federal law to assist
English Learners (ELs), policymakers debate the timing and criteria used to transition students away from EL services and into mainstream classrooms.

ELs and former ELs who

have been reclassied as Fluent English Procient (RFEPs) represent a large and growing
share of the public school student population in the U.S. Almost 1 out of every 9 students
nationwide was an EL in 2007-08, with the number of ELs growing ten times faster than
the number of English procient students over the last decade (NCELA, 2010). California,
where this study takes place, is home to the largest concentration of ELs in the country.
The nearly 1.5 million ELs and 1.3 million RFEPs in California make up 43 percent of the
K-12 student population across 1,028 school districts. Each of these districts is responsible
for setting reclassication criteria that adequately transitions students from EL into mainstream education. Recent changes in California's school accountability and nancing rules
have established goals for increasing reclassication rates while also tying school funding to
the number and concentration of ELs in a district, bringing the reclassication of these students to the forefront of K-12 education policy discussions in the state. Despite heightened
attention to the issue, policymakers have limited causal research available on the eects of
reclassication, particularly for long-run outcomes and for inframarginal students.
In this paper, we exploit exogenous variation in the probability of reclassication introduced by the multiple criteria students must meet to be eligible to be reclassied. We begin
with a conventional regression discontinuity (RD) design that estimates the short and longterm eects of reclassication along both cognitive and non-cognitive measures for ELs who
have met all criteria except potentially one and thus exhibit large jumps in the probability
of reclassication around that cuto. The analysis focuses on EL students in the Oakland
Unied School District, a public school district in northern California with an enrollment of
approximately 47,000 students during the 2013-14 school year, 49 percent of whom spoke a
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language other than English at home.

Oakland Unied is the 12th largest school district

in California and has a high share of minority, socioeconomically disadvantaged students.
Academically, the average Oakland student scores in the 28th percentile in math and 25th
percentile in reading compared to students nationwide (Global Report Card, 2011).
Our RD estimates suggest that reclassication has very limited eects on students at
the margin.

We rst estimate short-term reclassication eects (one year out) separately

for students in elementary and secondary grades. These groups of students receive dierent
EL services and are widely thought to respond dierently to reclassication. We explore a
number of cognitive and non-cognitive outcomes, but nd few statistically signicant eects.
What eects we do nd suggest that the timing of reclassication may indeed matter, though
not necessarily through eects on student learning. First, cumulative GPA increases by 0.20
grade points for students reclassied the year before entering middle school.

Despite no

cognitive gains as measured by scores on the California Standards Test (CST), these students
receive better grades in their rst middle school classes, possibly due to increased motivation
or eort. Second, attendance rates for students in secondary grades decrease by about 0.5
percentage points, equivalent to missing one more day of school each year based on the
maximum 180 days of enrollment. Because no eects are found for cognitive achievement,
this attendance result does not appear to aect student learning.
Even though we do not nd signicant short-term eects, it is possible that benets of
reclassication accrue and intensify over time, or that long-term outcomes like college enrollment are inuenced by non-cognitive factors impacted by reclassication, such as exposure
to dierent peer groups. To date, there is very little empirical evidence on the eects of reclassication in the long term. We examine a number of longer run outcomes, including CST
English Language Arts (ELA) and Math scores in grade 11, high school graduation, meeting
college prep course requirements, and enrolling in a four-year college, and nd little evidence
of long-term eects for EL students between grades 6 and 10 who were up for reclassication
in our sample. There is some weak evidence of increases in SAT-taking and four-year college
enrollment, but limited statistical power hinders our ability to draw denitive conclusions

1 About two-thirds of ELs in 2013-14 spoke Spanish, and 16 percent spoke Cantonese. The remaining 20
percent of EL students represented 44 dierent home languages.
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regarding small changes.
Of the limited body of work exploring the causal eects of reclassication, all existing
estimates are local to students on the margin of reclassication. While this group is quite
narrow, estimates based on marginal students can have important policy implications. For
example, a positive eect for students at the margin would imply that otherwise similar
students just below the reclassication cuto would also benet from being reclassied, suggesting that criteria should be lowered until the marginal eect of reclassication is zero.
The policy implications of null eects, like those we nd in our paper, are more dicult
to discern without knowing how reclassication aects students away from the cuto.

If

treatment eects are constant across all values of CST ELA reclassication scores, for example, then our null eects would imply that reclassication does not have an impact on
any students. Alternatively, if treatment eects vary with reclassication scores, then it is
possible that inframarginal students may benet from reclassication and the criteria are
appropriately set at the point where the performance of the marginal student would be the
same in either setting.
Motivated by this limitation, we present an extension from the conventional RD design
in order to draw conclusions about the eects of reclassication for students whose reclassication scores place them well above the rst test score cuto. The framework we present
exploits the fact that some students who meet the rst cuto will remain untreated due
to being below the cuto for a second running variable. These untreated students provide
additional information on the relationship between reclassication test scores and outcomes,
which can then be used to inform our expectation of counterfactual outcomes for reclassied
students in the absence of reclassication. More specically, we can use this information for
EL students who were not reclassied to estimate a counterfactual under a straightforward
separability assumption that can be examined in the data.
The identifying assumption requires that the relationship between outcomes and CST
ELA reclassication test scores is not impacted by a second reclassication test (the Overall
score for the California English Language Development Test, or CELDT), after conditioning
on additional pre-treatment information such as CELDT subtest scores and student background measures.

We show that this assumption holds in the data for students who are
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below either cuto (CST ELA or CELDT Overall).

Given this assumption, we can then

estimate the relationship between outcomes and CST ELA reclassication test scores for
these non-reclassied EL students and use it to predict outcomes for reclassied students in
the absence of reclassication. Estimates of the eect of reclassication for any CST ELA
score above the cuto can then be obtained by comparing this prediction to the observed
value for reclassied students.
Our estimates imply that for students in elementary school who were above the CST ELA
cuto (and all other reclassication test score cutos), the average eect of reclassication
into mainstream classes on CST ELA scores in the following year is an increase of 0.182σ .
These results imply that the CST ELA cuto should not be raised for students in grades
3 through 5, as benets accrue to students above the current cutos.

However, without

knowing how students below the current cuto are impacted by reclassication, we cannot
denitively say whether policymakers should consider relaxing the reclassication criteria.
Beyond the immediate application to reclassication policy, the framework we introduce
for estimating treatment eects above the cuto can apply to any setting where treatment
status is based on multiple criteria. Thus, our paper joins a growing literature that exploits
additional sources of variation to draw conclusions away from treatment cutos that conventional RD designs are bound to (e.g. Angrist and Rokkanen, forthcoming; Wing and Cook,
2013; Mealli and Rampichini, 2012; and Jackson, 2010). For example, Jackson (2010), who
studies the benets of attending better schools, exploits a school assignment mechanism that
depends on both a deterministic rule and family preference. Mealli and Rampichini (2012)
evaluate the eects of university grants in a setting where deterministic rules restrict both
students' eligibility to apply and ultimate chances of receiving the grant. Similarly, our approach highlights how the existence of additional factors that aect treatment status (such as
a second running variable in settings with multiple criteria) provides useful information for
an otherwise unobserved counterfactual. In the case when assignment depends on multiple
running variables, which is common across many interventions, we argue that the plausibility of the identifying assumption can be convincingly tested using data from the various
untreated groups that arise. Estimation follows using one of two approaches: a dierencein-dierence (DID) style estimator that is nested within an RD, or direct extrapolation in
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the spirit of Rokkanen (2014).
To the best of our knowledge, this paper provides the rst estimates of treatment eects
from reclassication for students away from the cuto, and the rst estimates of long-term
eects on degree completion and postsecondary enrollment for students at the cuto. The
rest of the paper proceeds as follows. Section 2 describes the EL program and reclassication
policies in Oakland Unied and summarizes existing research on the eects of EL programs.
Section 3 introduces the RD design used to estimate reclassication eects at the cuto. The
data and sample selection are described in Section 4. The fth section presents results for
EL students at the reclassication cuto. In Section 6 we describe the implications of the
RD results for optimal reclassication policy, before presenting a framework for estimating
treatment eects for students above the cuto and the corresponding results.

Section 7

concludes.

2 Background
2.1 Institutional Background
Of the nearly 1.5 million ELs in California who make up a quarter of all K-12 students in the
state, about 10 percent become Reclassied as Fluent English Procient (RFEP) each year
(Jacobs, 2008). Whether this rate is too high or too low is a hotly contested question, with
one camp advocating for less stringent reclassication criteria that moves more students into
mainstream education and another warning that students reclassied too soon may suer
without English language support. On one hand, easing reclassication requirements could
avoid the risk of EL students being tracked into classes with lower expectations. On the other
hand, it could raise the risk that they will struggle with school work without the special help
provided to ELs. The argument for increased reclassication has received greater support in
recent years, as it is buttressed by descriptive studies showing that RFEP students perform
better than ELs and as well as, or better, than native English speakers (see Hill et al., 2014a;
Saunders and Marcelletti, 2012; Hill, 2012; Gándara and Rumberger, 2006). For example,
RFEP students are the least likely of all language uency groups, including native speakers,
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to drop out of high school and the most likely to graduate within four years, even after
controlling for individual and district characteristics (Hill et al., 2014a).
Of particular concern to policymakers are so-called long-term ELs (LTELs), students who
remain ELs for six or more years. These students have especially poor outcomes. Even when
they are reclassied, LTELs do not perform as well, on average, as RFEPs who are reclassied
at younger grades (Hill et al., 2014a).

Despite the fact that LTELs, who were unable to

meet the reclassication criteria in earlier grades, are a negatively selected group, their lower
performance is often seen as evidence that EL students should be reclassied before they
reach middle school. Ocials from the California education department have said that the
optimal zone for reclassication is second through fth grade. Some stakeholders take this
to mean that later reclassication hurts students relative to early reclassication.

2

Taylor

(2004) nds that about half of EL students who begin school in California as kindergarteners
are not reclassied by sixth grade and about 60 percent of ELs in grades 6-12 are LTELs.
Aside from facing uncertainty about what is best for students, districts receive conicting
incentives from policymakers. In California, federal and state accountability systems hold
districts accountable for increasing reclassication rates, yet under the state's new school
3

funding formula, districts with signicant EL populations receive additional funding.

Fi-

nally, because the CST will be replaced by new Common Core-aligned assessments beginning
in the 2014-15 academic year, districts across the state are being forced to redesign their
reclassication criteria.

4

These dynamics are also present in Oakland Unied, which qual-

ies for concentration funding due to its high rate of EL and low-income students (about
75 percent of students are ELs and/or qualify for free or reduced price lunch) but has made
increasing reclassication rates one of its priorities. In 2013, Oakland Unied set a goal in
its state LCAP of increasing reclassication of ELs by 11 percent annually from a baseline

2 The head of a parent advocacy non-prot was quoted in Kuznia (2012) as saying: If kids haven't been
reclassied by fth grade, they have pretty much been tracked, and are not going to be able to go to college."

3 For each EL, districts receive additional funding equal to 20 percent of the per-pupil base rate. For

example, a 9th grade EL student generates an additional $1701. In addition to this supplemental funding,
districts with high shares of EL and low-income students receive concentration funds. Each EL/low-income
student above 55 percent of enrollment generates an additional 50 percent of the base rate, equal to an extra
$4252 per 9th grade EL in this example (Taylor, 2013).

4 Districts can also choose to adjust their reclassication criteria at any point. For example, in 2006,

Long Beach Unied decided to increase the CST ELA requirement from 300 to 325 following concerns that
some reclassied students were struggling to succeed academically (Jacobs, 2008).
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rate of 11.7 percent, and increasing reclassication of LTELs by 20 percent annually from a
baseline rate of 6.9 percent.

2.2 Criteria Used for Reclassication
While the state provides guidelines for reclassication, individual school districts have a signicant amount of leeway in determining reclassication criteria. As a result, reclassication
standards vary widely across the state. Hill et al.'s (2014a) survey of school districts documents the disparities in criteria and nds that 90 percent of districts set standards that
are more stringent than the state's recommendations. California requires that districts use
four criteria to determine reclassication of ELs: 1) an assessment of basic English skills,
2) an assessment of English prociency, 3) teacher evaluation, and 4) parental input.

To

meet the basic English skills requirement, the state recommends students score at least a
score of 300 on the California Standards Test in English language arts (CST ELA). For the
English prociency requirement, the state recommends students achieve a minimum overall prociency level of 4 (Early Advanced) on the California English Language Development
Test (CELDT), and minimum scores on each subtestlistening, speaking, reading, and writingof 3 or higher. Districts with stricter criteria tend to require higher performance on the
CST ELA and/or a minimum GPA in English and/or mathematics classes.
Like most other districts in California, Oakland Unied employs stricter reclassication
standards than those recommended by the state.

Until the 2014-15 academic year, when

CST scores were no longer available, the district required a minimum CST ELA score of
325 for reclassication. Primary students must also receive a teacher recommendation, and
secondary students are required to be successful in their English courses, though this requirement has been assessed somewhat subjectively. Until 2011-12, high school students who did
not meet the CST ELA requirement but passed the California High School Exit Exam in
ELA (CAHSEE ELA) were allowed to replace their CST ELA score with the CAHSEE ELA.
Finally, students have to meet the CELDT requirements recommended by the state. Note
that Oakland Unied does not permit reclassication in grades K-2, when students do not
yet have CST ELA scores. Roughly half of districts in the state do not permit reclassication
prior to grade 3 (Hill et al, 2014a).
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Despite the multitude of requirements students must meet to be reclassied, not all
impact the likelihood of reclassication equally.

In Hill et al.'s (2014a) statewide survey,

districts reported that the CST ELA requirement was the most dicult for students to meet
across all grade levels, but especially so for secondary students. Which criterion is hardest
to meet is clearly impacted by where districts set the CST ELA cuto score. For example,
in Los Angeles Unied, which requires a minimum score of 300, the CST ELA constrains
40 percent of 5th graders. This rate is nearly 60 percent at San Diego Unied, where the
minimum CST ELA score is set at 333 (Hill et al., 2014b). The criterion that is hardest
to meet for each student is the one with the greatest distance between that student's test
score and the minimum score required for reclassication. In Oakland Unied, which set the
CST ELA cuto score at 325, the CST ELA is overwhelmingly the main obstacle for most
students in all grades above grade 3 (see Figure 1).

2.3 Factors Aected by Reclassication
How many EL students are reclassied and how well they do following reclassication depends not just on whether criteria are set appropriately, but also on the quality of EL services
provided. High-quality EL services should succeed in helping more students reach the level
of English prociency necessary for both reclassication and success in mainstream education. While identifying the specic services a student receives is dicult, ELs in California
generally receive instruction in one of three settings. The rst is Structured English Immersion (SEI), a classroom setting where ELs who have not yet acquired reasonable uency in
English, as dened by the school district, receive instruction through an English language
acquisition process in which nearly all classroom instruction is in English but with a curriculum and presentation designed for children who are learning the language. All districts
in the state are required to oer an SEI program. The second, and most common, setting is
known as English Language Mainstream (ELM), in which ELs who have acquired reasonable
uency in English, as dened by the school district, receive English Language Development
(ELD) instruction either integrated into mainstream instruction (known as Integrated ELD)
or during a protected time during the school day (known as Designated ELD).
The third category of EL services is known as alternative programs. Particular schools
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oer programs like early-exit bilingual programs, where teachers utilize students' native
language for early reading and clarication for 2-3 years before students are mainstreamed
into English-only classrooms, and one-way dual language programs, in which ELs are taught
to become bilingual in English and their native language.

Student placement into these

programs is based on a particular district's oerings and parental choice. In Oakland Unied,
14 elementary schools oer early-exit bilingual programs and six elementary schools oer dual
language programs. In addition, ten secondary schools oer special newcomer programs for
EL students who have recently arrived to the U.S. Across all categories, teachers of ELs must
possess or be in training for Crosscultural Language and Academic Development (CLAD) or
Bilingual CLAD (BCLAD) certicates. This requirement restricts the allocation of students
across classrooms as well as ELs' access to courses not taught by CLAD or BCLAD teachers.
Finally, some ELs may receive no services at all.

Olsen (2010) estimates the share at 12

percent statewide, while data from Oakland Unied suggest about 9 percent of ELs there
receive no services.
Evidence on the quality of these oerings is sparse, but what exists does not paint a
positive picture. Based on survey data from 40 California districts and reviews of the literature, Olsen (2010) characterizes the instructional experience of ELs in the state as one
in which students receive curriculum and materials not designed to meet EL needs; are enrolled in weak language development program models; experience inconsistent programs as
they move across grades, schools, and districts; and are socially segregated and linguistically
isolated. In secondary grades, Olsen (2010) further documents inappropriate placement into
mainstream classes, unprepared teachers, and limited access to the full college preparatory
curriculum.

A 2015 study of EL services in Oakland Unied conducted by the Stanford

University Graduate School of Education found that there was no clear language instruction
in about 75% of classrooms, that ELs lacked consistent access to college preparatory course
oerings (known as A-G), and that ELD teachers were among the newest and least experienced teachers in the district. Nevertheless, there is no guarantee that being reclassied
will lead ELs into a much better track: Parrish et al. (2006) quote an administrator who
questioned the practical dierence between students being in an ELD-style program or if
they're sitting at the lowest-level of the English-only classes.
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While the instructional change is arguably the biggest dierence reclassied students
experience, other conditions like classroom peer composition change as well. If educational
achievement and attainment are reinforced by interactions between students (both inside
classrooms and within social networks outside of classrooms), segregating ELs into or within
classrooms may have impacts on longer-run educational outcomes irrespective of any inclass instructional dierences.

Moreover, the eects of social capital on attainment may

not be apparent from short-term impacts on test scores.

Recent studies have shown that

social capital is positively related to academic achievement in high school (Fryer and Torelli,
2010; Calvo-Armengol et al., 2009), and may also aect college enrollment (Furstenberg and
Hughes, 1995; Yan 1999) and college choice (Person and Rosenbaum, 2006). While previous
studies have found that exposure to ELs can reduce achievement among native English
speakers (Chin et al., 2013; Cho, 2011), little is known about longer-term impacts or peer
eects on EL students reclassied into mainstream settings. The estimates presented in this
paper reect the causal eect of reclassication which captures the totality of changes ELs
experience when their status changes, both over shorter time horizons (one year out) and
longer horizons (grade 12 outcomes).

2.4 Previous Research
There is a lengthy history of empirical work producing mixed results on the relative eects
of EL education versus immersion into mainstream education (see Slavin et al. 2011 for a
summary). Most of these studies have a limited causal interpretation on account of their
reliance on matching techniques rather than random assignment. In addition, most of these
studies date back to before 2000, yet EL education in California changed dramatically since
the passage of Proposition 227 in 1998, which required that ELs be taught overwhelmingly
in English. There are a smaller number of recent studies that account for the fact that program assignment is correlated with other determinants of English prociency and academic
achievement like student ability, motivation and background.
Among recent studies with a causal interpretation, little consensus has emerged regarding
the impacts of classication into and out of EL programs.

Two recent studies use the

regression discontinuity design to evaluate classication impacts in the state of California.
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Pope (forthcoming) estimates the marginal eects of classication and reclassication using
data from Los Angeles Unied. Pope (forthcoming) exploits cutos in the overall CELDT
scores to examine the eects of being initially classied as an EL in kindergarten as well as
the eects of being reclassied out of EL education. He nds that marginal kindergarteners
placed into EL services receive small gains in ELA standardized test scores from 2nd to 8th
grade, and no gains in math scores, GPA, attendance, or grade retention. For reclassication,
Pope (forthcoming) nds that marginal students reclassied in 2nd to 4th grade obtain large
benets in their ELA test scores and English GPA, which persist over time. Notably, most of
the eects are accrued by boys. Marginal students reclassied in 5th to 10th grade, however,
obtain no benet. On the surface his results suggest that earlier reclassication may, in fact,
help students. However, reclassication eects that vary by grade level may also be driven
by diering reclassication rates by grade, diering language acquisition capability of older
versus younger students, and dierences in the distribution of ability for reclassied students
at dierent grade levels.

Nevertheless, Pope (forthcoming) argues that achievement gains

are possible by increasing the inow and early outow of ELs.
Robinson (2011) estimates the marginal eects of reclassication for a large urban school
district in California.

Instead of only looking at assignment around the CELDT cuto,

this study standardizes scores from all of the criteria, recenters each around its respective
cuto, and uses the minimum value for each student as the running variable in a fuzzy RD
design.

This approach allows the author to include more students in his estimation, but

as we discuss in Section 3, also implies that his estimates reect a weighted average of the
treatment eects for each of the triggered reclassication criteria. The weights are arbitrary
because they depend on the scale or distribution of the criteria involved, and can therefore
somewhat limit interpretation, particularly if treatment eects are not homogeneous across
the various criteria and cut-points.

In the district he studies, Robinson (2011) nds that

CELDT Reading is the minimum reclassication test score among 4th graders, but by 7th
grade the CST ELA test becomes the main obstacle for most students. In contrast to the
results from Pope (forthcoming), Robinson (2011) does not nd strong evidence of shortterm (year or year-after) reclassication eects on CST ELA scores or other outcomes for
elementary or middle-school ELs, and nds negative eects on CST ELA for high school
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students.

His results suggest that action should be taken to modify the criteria and/or

instruction in place for high school ELs, since the mainstream setting is more eective than
the reclassied setting for these students.
An earlier RD study by Matsudaira (2005) examines the marginal eects of reclassication
for 4th graders at a large, urban school district in the northeast. Despite striking dierences
in classroom environments, Matsudaira (2005) nds negligible dierences in achievement in
both reading and math across up to four years after reclassication, consistent with the
ndings in Robinson (2011). In a study evaluating the impacts of dierent types of EL instruction, Slavin et al. (2011) rely on an experimental design using three cohorts of students
in six cities across the U.S., beginning with kindergartners in 2004. Spanish-dominant students with parent approval were randomly assigned to either transitional bilingual education
(TBE) or SEI and then followed for ve years. Vocabulary and reading tests revealed that
TBE students initially performed worse than SEI students in Spanish and better in English,
but no signicant dierences remained by 4th grade after all TBE students had transitioned
to traditional instruction in a mainstream setting.
Because the availability and implementation of EL services can vary widely across schools,
even those within the same state, it is not altogether surprising that studies based in different districts have found inconsistent results.

Nevertheless, existing studies with causal

interpretations appear to rarely nd any signicant results. As Robinson (2011) points out,
nding anything other than a null eect for reclassication is problematic because it suggests a poor transition between instructional settings. If reclassifying students at the margin
leads them to perform better, gains are available from easing the reclassication criteria and
reclassifying more students. The converse argument also applies. However, a null treatment
eect can imply many scenarios leading to dierent policy implications. We return to this
discussion of optimal reclassication policies in Section 6. Furthermore, because all of the
papers with a causal interpretation use an RD design, the eects they estimate are limited
to those students at the margin of the two programs. Section 6 also examines outcomes for
students away from the cuto. Finally, our paper contributes what may be the rst causal
estimates of the eects of reclassication on long-term outcomes like high school graduation
and college enrollment. Even in the absence of cognitive gains, these outcomes may be me-
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diated not just by instructional dierences but also by exposure to dierent groups of peers
and social networks.

3 Empirical Strategy
Although the non-random assignment of reclassication decisions poses challenges to identifying causal eects, the criteria described above yield large discontinuities in reclassication
probabilities around the cutos that can be exploited in a regression discontinuity (RD) design. The RD uncovers the local average causal eect for students with reclassication test
scores arbitrarily close to the cutos, provided that nothing else changes discontinuously at
the cuto other than the probability of reclassication. While a traditional RD estimates a
single average treatment eect around a single test score cuto, EL reclassication utilizes
up to seven test scores and cutos (CST ELA, CELDT Overall, CELDT Listening, CELDT
Writing, CELDT Reading, CELDT Speaking, and CAHSEE ELA). When there are multiple
treatment criteria to consider, each one can be exploited in a separate RD design based on
individuals who have met all other criteria except the one being examined, thus yielding multiple estimates of treatment eects (one for each criterion). Alternatively, multiple treatment
criteria can be collapsed into a single running variable by taking the minimum (standardized)
value across all criteria, thus generating a single estimate of the average treatment across all
criteria (henceforth referred to as the minimum score method).
The tradeo between these two methods is primarily between statistical power and
policy-relevant interpretation: the average treatment eect uncovered by the minimum score
method is a weighted average of all treatment eects across the various criteria with weights
that are arbitrary (and have no inherent meaning) because they depend on the scale or distribution of the running variables involved, and can therefore somewhat limit interpretation.
However, the minimum score method always utilizes more data. Furthermore, in the case
when criteria are highly correlated, there will be relatively little data available for estimation
by individual criteria. Estimation by criteria is performed on individuals who meet all criteria except potentially one. If correlations between criteria are strong, then most observations
will fall on the right side of the cuto, leaving relatively little data on the left for estimation.
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Simulations suggest the two methods yield similarly low rates of estimation bias, though the
minimum score method minimizes mean squared error (see Porter et al., 2014 for a detailed
discussion of RD estimators when multiple running variables apply). Thus, the minimum
score method appears preferable if there is reason to believe that the treatment eects are
homogenous across criteria.
For the RD design to be valid, there should be no discontinuity in the distribution of
the reclassication test scores just above or below the cuto (Imbens and Lemieux, 2007).
Finding such a discontinuity would suggest students just around the cuto dier in ways
other than their scores (as in the case of manipulation around the cuto ). Figure 2 shows
the distribution of potential running variables around the relative cutos for all EL students
in the two samples we construct (and describe in more detail in the following section). Test
scores are standardized within year across all students district-wide, and recentered around
the relevant cuto. Recall from Figure 1, which showed which tests were the minimum score
for students in the district, that the CST ELA is by far the most common reclassication
obstacle.

The only other test that would provide a sucient number of observations for

estimation by criteria is CELDT Overall. Thus, we examine the distribution of these two
tests, as well as the distribution of students' single minimum score score, in Figure 2. Visual
inspection and results from the statistical density test proposed by McCrary (2008) suggest
that while the CST ELA is smooth around the cuto, CELDT Overall and other CELDT
components exhibit evidence of potential manipulation.
As a result, the distribution of the minimum score also appears to fail the smoothness
assumption. A key dierence between the CST and CELDT is that parts of the CELDT
(for example, the speaking section and a subset of the reading section) are administered
separately for individual students and responses are recorded by the examining teacher. In
addition, districts are allowed to perform preliminary scoring of the CELDT before sending
answer sheets to the state for ocial scoring, whereas CST ELA answer sheets are sealed
before being sent to be scored osite. Due to the prospect of manipulation of the CELDT,
we thus choose to primarily focus our empirical strategy on students who have reached all
other reclassication test score cutos except potentially the CST ELA. Henceforth, this
group of students is referred to as being on the CST ELA frontier.
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While the smoothness assumption of CST ELA scores appears to be validated, there are
other conditions that must be met for the RD approach using the CST ELA frontier to yield
unbiased estimates.

For one, the CST ELA cut-point must be exogenous.

As detailed in

Section 2.2, the cut-point selected by Oakland Unied is the minimum score associated with
reaching a Mid-Basic performance level on the CST, a category pre-dened by the state. In
addition, there must be no other relevant ways in which students on one side of the cut-point
are treated dierently from those on the other side, other than reclassication. The concept
of Mid-Basic is not commonly used, since the standard performance levels reported for
the CST are Far Below Basic, Basic, Procient, and Advanced. Figures 9 and 10 graph a
sampling of non-outcome variables (U.S. born, special education, and Asian) against CST
ELA scores for each of our samples as a check for the orthogonality of unobservables. No
discontinuities are visible.
To conrm that students on the CST ELA frontier experience jumps in the probability of
being reclassied around the CST ELA cuto, we plot the relationship between the probability of reclassication and standardized, re-centered CST ELA scores for our two samples in
the rst row of Figures 7 and 8.

5

The probability of reclassication for students in grades 3-5

observed one year after jumps from zero to almost 90 percent. For students in grades 6-10
in this sample, the probability of reclassication jumps from close to zero to approximately
82 percent. Students in grades 6-10 in our second sample, whom we observe through 12th
grade, have a higher probability of reclassication left of the cuto than in the other sample
but still experience a signicant jump in the probability of being reclassied, from approximately 18 to 98 percent. In this setting, even for EL students on the CST ELA frontier who
have met all other testing criteria, reaching the CST ELA cuto does not perfectly predict
reclassication primarily due to additional unobserved requirements for parent and teacher
approval, changing course grade criteria, and data entry errors. It should also be noted that
students are subject to reclassication every year until they are reclassied or complete high
school.
When thinking about the eects of reclassication on outcomes measured at various
future points in time, the treatment may best be viewed as a continuous variable reecting the

5 A bin size of 0.1 standard deviations is used in all graphs.
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duration of RFEP status, rather than the usual binary variable indicating treatment status
in a given year. For instance, the eects of reclassication may be dierent for students who
have spent more years in mainstream education than for those who were recently reclassied.
Using this continuous measure of treatment exposure also reveals pronounced discontinuities
around the cuto (see the second row of Figures 7 and 8). The range of this variable naturally
depends on the time horizon for measuring outcomes. When looking at outcomes at the end
of the following year, for example, RFEP duration will range from zero to a maximum of 2
academic years or about 1.8 calendar years (since the nal academic year does not span the
summer months). Students whom we observe through 12th grade naturally spend a higher
number of years as RFEPs on average.
Using the continuous measure of treatment exposure does not directly allow us to test
whether treatment eects fade away or intensify as the number of years spent reclassied
increases. However, we estimate treatment eects on both short-term outcomes up to two
years after reclassication and long-term outcomes occurring at the end of high school.
While RFEP duration is used as a continuous measure of treatment exposure in the
subsequent estimation, another way to understand how treatment exposure is accumulated
over a range of years is to consider the likelihood of remaining an EL student at the end of
a particular period of time (e.g. one year out, or in 12th grade). The third row of graphs in
Figures 7 and 8 illustrate how the likelihood of maintaining EL status one year out varies
along with CST ELA reclassication scores. For this measure, the probability of remaining
an EL student a year later falls from roughly 40 percent to 5 percent at the CST ELA cuto.
Because RFEP duration is not perfectly determined by CST ELA score, this setting lends
itself to estimation of treatment eects around the reclassication test score cutos using
the fuzzy RD design (also known as the instrumental variables RD). The fuzzy RD design
allows for an estimate of the eect of the treatment (an additional year of RFEP status) for
individuals at the cuto who become RFEPs by crossing the CST ELA cuto:

δ=
where

X

limx↓c E [Y | X = x] − limx↑c E [Y | X = x]
limx↓c E [T | X = x] − limx↑c E [T | X = x]

denotes the recentered, standardized CST ELA score used for reclassication;
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(1)

c

is

the cuto used for reclassication (here all scores are recentered such that

c = 0); Y

is the

outcome of interest (e.g. CST ELA score in the following year, or high school graduation);
and

T

is a continuous variable measuring the length of time a students spends as an RFEP

student. In equation 1, the numerator is the dierence in average outcomes for individuals
right above and right below the cuto. The denominator is the dierence in RFEP duration
for individuals right above and right below the cuto.
Estimates of

δ

are obtained from a two-stage least squares (2SLS) specication which

rst predicts RFEP duration using the CST ELA reclassication test score discontinuity,
and then uses the predicted value of RFEP duration to estimate the eect of an additional
year of RFEP status on a given outcome:

Ti = βabovei +π0 CST ELAi belowi +π1 CST ELAi abovei +φXi +

X

si +

X

s

yi = δ T̂i + γ0 CST ELAi belowi + γ1 CST ELAi abovei + θXi +

X
s

where

i denotes an individual EL student; below

above the relevant CST ELA cuto;

and

si +

gi +

X

g

X
g

gi +

ti +εi

(2)

t i + εi

(3)

t

X
t

above are indicators for being below or

X is a vector of demographic controls including dummies

for being born in the United States, ethnicity (African-American, Asian, Latino, white, or
other), female, and being a special education student; the last three terms are xed eects for
school, grade, and year; and

ε is an idiosyncratic error term.

In this specication,

δ

gives the

dierence in outcomes at the cuto, adjusting for dierences in the number of years a student
spends as an RFEP student until the time the outcome is observed. Results are presented
along with robust standard errors clustered at the student level. Observations are weighted
by an edge kernel restricted to a bandwidth computed using Imbens and Kalyanaraman
(2011) plug-in procedure.

This type of non-parametric estimation reduces the chances

that bias is introduced by using a much smaller portion of the data where the relationship
between the running variable and the outcome is more likely to be linear (or another order
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polynomial, in the case of local quadratic regressions and other higher order ts) and utilizing
kernels with compact support that reduce sensitivity to observations farther from the cutpoint. The baseline specication of equations 2 and 3 includes linear controls for the rating
variable (CST ELA test scores) both below and above the cuto. Alternative specications
include quadratic controls for the rating variable, alternative bandwidths (±.25σ ), and a
uniform kernel (equivalent to unweighted OLS) rather than the edge kernel.

4 Data
The data used in this paper span all students enrolled in non-charter schools in Oakland Unied between the 2005 (2005-06) and 2013 (2013-14) academic years.

6

Students are tracked

longitudinally across years. The data consist of administrative data on student demographics, EL status, course enrollment and grades, attendance, and suspensions; standardized test
results and cohort graduation outcomes from the California Department of Education and
the College Board; and postsecondary enrollment from the National Student Clearinghouse,
a non-prot organization that provides degree and enrollment verication for more than
3,300 colleges.
There are 20,709 students who make up the complete set of EL students observed in the
data with non-missing reclassication test scores, of whom 35 percent are reclassied at some
point in the data.
records.

Because we observe students over time, we obtain 93,425 student-year

Figure 3 shows reclassication rates by grade for all EL students as well as the

subset of students who meet all the testing reclassication criteria in that grade. Recall that
in addition to the CELDT and CST ELA requirements, teachers must recommend students
for reclassication, grades in English courses must be deemed adequate, and parental input
must be requested.

No data are recorded for these additional factors.

EL students in

3rd and 5th grade have the highest rates of reclassication, at approximately 30 and 28
percent, respectively. For all other grades, reclassication rates are at or below 15 percent.

6 Of the 118 schools in the district in 2013, 32 of them were charter schools enrolling about 22 percent of
all students. The share of students enrolled in charter schools is lower in earlier years (12 percent in 2005).
Since charter schools are run independently, they may establish reclassication criteria dierent from that
used by all other schools in the district.
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As expected, reclassication rates for students meeting the testing criteria are signicantly
higher, ranging approximately between 75 and 90 percent. However, they consistently fall
below 100 percent, likely due to the other unobserved criteria in place. The share of students
meeting all the testing criteria who are reclassied falls in later grades, consistent with
course grade requirements aecting secondary students. Note in Figure 4 that over the years
spanned by the data, reclassication rates have remained fairly constant, with the exception
of a dip in 2007. However, the rate of reclassication for students who meet all the testing
criteria has fallen from a high of 95 percent in 2006 to a low of 81 percent in 2012.

The

reasons for this change are unknown, but may be due to increased use of non-testing criteria
in the reclassication decision.
As discussed earlier, ELs reclassied in earlier grades tend to have better outcomes than
those who are reclassied in later grades. Figure 5 shows select student outcomes in 11th and
12th grade by grade of reclassication together with select student background characteristics
for ELs observed through grade 12 (which does not necessarily reect the population of EL
students in the district). As the rst graph indicates, students who are reclassied earlier
have higher CST ELA scores in 11th grade than students who are reclassied later, and
reclassied students outperform ELs who are never reclassied regardless of the grade of
reclassication (no pattern in CST Math performance is discerned). Looking at 12th grade
outcomes (graduation, meeting A-G requirements, and enrolling in college), the relationship
between grade of reclassication and achievement is not as clear, though it appears students
reclassied in grades 7-11 have better outcomes than students reclassied in grades 5-6 and
grade 12. Reclassied students outperform students never reclassied in all three outcomes,
regardless of when they were reclassied.

However, as the rst panel indicates, students

dier markedly by their grade of reclassication. Intuitively, as students fail to reclassify in
earlier grades, they become more negatively selected. Students reclassied in later grades
are more likely to be born outside of the U.S. and are somewhat more likely to be identied
as special education students, as are students who are never reclassied. Figure 5 highlights
the danger in comparing outcomes between reclassied and non-reclassied ELs and between
ELs reclassied in early versus later grades.
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4.1 Sample Selection
Since we are interested in measuring both the short and long-term eects of reclassication,
we must follow students into the years following their reclassication to RFEP. In making
decisions about sample selection, we wish to maximize the number of students observed in
the data both at the time of reclassication and at the time of relevant outcomes. Because
many of the recent younger students have not yet progressed through their primary and
secondary education, and because mobility and attrition are both prevalent in the data,
tracking future outcomes (particularly in grade 12) reduces the sample size of ELs that can
be studied. Thus, while there are benets to utilizing the same sample throughout the paper,
we choose to create two main analysis samples: one which consists of EL students observed
the year after reclassication for our estimations of short-term eects, and one which consists
of students observed in the year of reclassication and in grade 12. The rst sample, which
we term the one year out sample, consists of 33,931 observations for EL students between
grades 3 and 10 who are observed in the data one year after (recall that Oakland Unied
does not reclassify students prior to 3rd grade). The second sample, which we term the 12th
grade sample, consists of 5,273 observations for EL students between grades 6 and 10 who
are also observed in the data in 12th grade. We are currently unable to examine long-term
outcomes like graduation and college enrollment for students reclassied prior to grade 6 due
to the range of years spanned by the data. Figure 6 depicts the grades and years for which
we observe reclassication and outcomes for both samples. Further details are how variables
were constructed for these outcomes and RFEP duration is included in the Data Appendix.
As described in Section 3, our primary empirical strategy relies on students on the CST
ELA frontierthat is, students who have met all testing criteria except potentially the CST
ELA requirement.

Because we are again narrowing our focus to a subset of all data, our

sample sizes are reduced once more, and may reect students who are dierent from other
ELs. To explore whether these dierences, we present descriptive statistics in Table 1 for
students in both the one year out and 12th grade samples who are on and o  the CST
ELA frontier. There are 11,093 student-year observations in the one year out sample who
are on the CST ELA frontier. These students are more likely to be female, Asian, and U.S.
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born and less likely to be Latino and in special education than students who are o the
frontier. Because they have met all other reclassication criteria, students on the frontier
are higher performing and much more likely to be reclassied (students o the frontier have
a zero probability of reclassication). Students on the CST ELA frontier in the one year out
sample spend an average 0.92 years as RFEPs and exhibit higher ELA and math test scores
and GPA one year later than students o the frontier.
Turning to ELs in the grade 12 sample, the 1,438 student-year observations on the CST
ELA frontier are more likely to be born in the U.S. and less likely to be in special education
than students o the frontier. They also obviously score higher on reclassication criteria
and have a much higher probability of being reclassied (zero versus 40 percent).

These

students spend an average 2.26 years reclassied, which reects the greater length of time
they are followed in the data.

When we compare 12th grade outcomes for students on

the CST ELA frontier to those o the frontier, we nd that students on the frontier have
higher ELA and math test scores and GPA, and are more likely to graduate, meet A-G
requirements, take the SAT, and attend college.

Again, it is not surprising that students

who have met more criteria exhibit better outcomes. However, comparing students on the
frontier across the two samples shows that the students in the grade 12 sample have similar
demographics, though are less likely to be U.S. born, than those in the one year out sample.
They also perform worse on the CST ELA used for reclassication and are less likely to be
reclassied.

Students who remain enrolled in the district in grade 12 are composed both

of those who have not dropped out of high school and those who have not left the district
for charter schools, private schools, or other districts. Students in the grade 12 sample are
also older, as the earliest possible grade for a student to appear in this sample is 6th grade.
As a result of these various dynamics, the descriptive statistics in Table 1 suggest that, on
average, students whom we can follow through grade 12 are negatively selected compared to
those whom we follow for just one year.
Table 2 further splits students in each of the CST ELA frontier samples by grade level
(elementary, middle, and high). Because students who are not reclassied in earlier grades
are necessarily those with test scores that fell below the reclassication cutos, we nd that
they become more negatively selected in later grades (consistent with Figure 3). Students
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not yet reclassied in later grades in the one year out sample are less likely to be female and
U.S. born. They also have lower scores on the CST ELA used for reclassication, although
they perform as well as earlier grades on the CELDT Overall test (note these students have
all reached the CELDT Overall cuto ). Even though all students in this table are on the
CST frontier, the probability of being reclassied falls in later grades in which additional
reclassication requirements around ELA course grades are introduced.

EL students in

later grades also exhibit lower ELA and math test scores and lower GPA. The relationship
between year of reclassication and outcomes is less clear in the grade 12 sample, which
only contains middle and high school students. Students not yet reclassied in high school
are less likely to be U.S. born but also have higher graduation and college enrollment rates.
The descriptive statistics in Table 2 suggest that there are important composition eects
introduced into the two samples by virtue of the grade levels they contain, with younger
students performing better both in and following reclassication. Finally, note that as we
split the sample further, sample sizes continue to fall, which will hinder our ability to estimate
heterogeneous treatment eects across grades of reclassication despite the clear dierences
that exist between grade level groups.

5 Regression Discontinuity Results Around CST Cuto
5.1 Short-Term Eects
We explore the short-term eects of an additional year of being reclassied for students on
the CST ELA frontier on the one year out sample of students, which we further divide into
elementary and secondary grades (3-5 and 6-10, respectively).

Figure 11 graphs average

CST ELA scores, CST Math scores, cumulative GPA, and attendance rates against the
reclassication CST ELA score for these two groups net of xed eects for grade, year, and
school. No discrete jumps are noticeable around the cuto score except for cumulative GPA
for students reclassied in elementary grades.

We nd similar results when implementing

the estimation strategy described in Section 3, the results of which are presented in Table 3
for grades 3-5 and Table 4 for grades 6-10. Focusing rst on the students observed in earlier
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grades, we nd consistently small and statistically insignicant results for CST ELA and
Math scores and attendance rates one year out. However, we conrm the positive eect of
reclassication on cumulative GPA the following year for these students, which consistently
remains at around 0.2 grade points across specications. Because only students in grades 6
and up receive GPAs, this eect only applies to students who are reclassied the year before
entering middle school and suggests that despite no cognitive gains as measured by CST
scores, these students receive better grades in their rst middle school classes.
Turning to the estimates of short-term eects on students reclassied in grades 6-10
in Table 4, we again nd limited evidence of any eects.

Estimates are generally small

in magnitude and statistically insignicant, although more consistently negative, for this
sample of students. We do estimate a statistically signicant negative eect on attendance
rates, which is equivalent to students attending one fewer day of school in the academic
year following reclassication (based on the maximum 180 days of enrollment). Because no
eects are found for cognitive achievement, this attendance result does not appear to be
aecting student learning. In results not shown, we also explore suspensions and on-time
grade progression as short-term outcomes and nd no eects from reclassication for either
group of students.
While sample sizes decrease rapidly as we focus on students with valid outcomes on the
CST ELA frontier and further divide them by grade of reclassication, eect sizes would
have to be quite small (on the order of less than

1
σ for CST ELA) for statistical power
20

to fall below the typically minimum accepted level of 80 percent, based on a 0.05 signicance level.

7

In summary, being reclassied appears to have limited impacts on students'

short-term cognitive and non-cognitive outcomes. What eects we do nd suggest that the
timing of reclassication may indeed matter, though not necessarily through eects on student learning:

ELs reclassied in elementary school have higher GPAs in middle school,

while students reclassied in later grades are more likely to miss school as a result of being
reclassied.

7 P ower(δ)

√

N
σ̂ ). We utilize the sample variance of the outcome measure and the sample
size to estimate power for dierent eect sizes.

' 1 − Φ(1.96 − δ
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5.2 Long-Term Eects
One of the gaps in the previous literature studying the eects of reclassication has been
the examination of long-term outcomes such as graduation and college enrollment. In this
section, we estimate treatment eects at the end of high school on the sample of students
observed through grade 12. Even though we do not nd signicant short-term eects, it may
be possible that benets of reclassication accrue and intensify over time. Further, even in
the absence of cognitive eects, outcomes like graduation and college enrollment may be
inuenced by non-academic factors impacted by reclassication into mainstream education
such as peer groups. Recall that EL students in this sample could have been reclassied at
any point between grade 6 and grade 10 and spend an average of 2.26 years reclassied.
Figure 12 graphs average grade 11 CST ELA and CST Math scores, grade 12 cumulative
GPA and attendance rates, as well as the probabilities of meeting A-G requirements, taking
the SAT, graduating from high school, and enrolling in a four-year college, against students'
reclassication CST ELA score. On the surface, the graphical analysis presented in Figure 12
provides little evidence of eects for students on the CST ELA frontier in this sample. The
absence of statistically signicant treatment eects is conrmed in the estimates, presented
in Table 5.

Most estimates are positive (with the exception of high school graduation),

but their magnitude is generally small and they are not statistically signicant.

There is

only one signicant estimate among all grade 12 outcomes and specications: there is a 3
percentage point increase in the probability of enrolling in a four-year college (signicant
at the 0.1 level) when using the rectangular kernel (but observations farther away from the
cut-o may be impacting this estimate relative to the edge kernel estimates). In additional
results not shown, we also explore potential eects on suspensions in grade 12, on-time
grade progression to grade 12, on-time graduation, high school dropout, and enrollment in
any college (including two-year and vocational) and nd no signicant eects.
Note that sample sizes in this analysis are signicantly smaller. Not only are we able to
track fewer students through the end of high school, but because they are older EL students,
they are lower performing and thus we have even fewer observations for students on the
CST ELA frontier around the cuto. In the case of four-year college enrollment, we have an
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even smaller number of observations because enrollments that occurred after 2012 were not
yet available in the data. In this case, we may be lacking sucient statistical power. For
instance, power calculations suggest that we have less than an 80 percent chance of detecting
treatment eects on the probability of four-year college enrollment that are smaller than 5
percentage points at a 0.05 signicance level using this sample. When taken together, the
fact that all specications yield positive estimates of a similar magnitude for the eects
of reclassication on taking the SAT and enrolling in a four-year college (which generally
require SAT scores for admission) may be suggestive of positive long-run eects operating
through non-cognitive channels, but we are unable to draw denitive conclusions because of
limited statistical power.

6 Optimal Reclassication Policy: Moving Beyond the
Cuto
6.1 Policy Implications of Null Eects
The results from the previous section indicate that there is no discontinuity in the relationship
between past and future CST ELA scores for students just above the reclassication cuto
(the same holds true for most other outcomes we explore). If treatment eects are constant
across all values of CST ELA reclassication scores, then null eects would imply that there
are no gains of reclassication for any students. Alternatively, if treatment eects vary with
reclassication scores, then it is possible that inframarginal reclassied students benet from
reclassication and the cuto is appropriately set at the point where the performance of the
marginal student would be the same in either setting, ensuring a smooth transition for these
students.

Null eects could also reect insucient statistical power.

As Robinson (2011)

explains, a null eect is consistent with the existence of a better alternative, but does not
necessarily imply that a better alternative exists. Only by understanding how reclassication
aects students away from the cuto can we interpret the policy implications of a null result
for students at the cuto.
To illustrate alternative hypotheses, we consider various scenarios for the true relationship
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between the running variable (past CST ELA scores) and outcomes (future CST ELA scores)
under reclassied and non-reclassied settings. Drawing heavily on Robinson (2011), Figure
7 depicts these relationships for a subset of possible cases, with the relationship between
past and future CST ELA scores plotted as a solid line when reclassication occurs, and as a
dashed line when reclassication does not occur. The top graph illustrates the scenario where
these two lines intersect at the cuto

c.

If one were to raise the cuto above

c,

students who

would have beneted from reclassication would fall below the new cuto and experience
lower future CST ELA scores in the absence of reclassication. Lowering the cuto below

c,

on the other hand, would mean reclassifying students who would be better served with

continued EL program support. Thus, an appropriate reclassication cuto exists at point

c.

If this scenario holds, then our ndings of null eects imply that the CST ELA cuto is

correctly set and no further action on the part of policymakers is necessary.
The second graph in Figure 7 presents the scenario where the marginal eect of reclassication is constant and positive, implying that all students should be reclassied and
the CST ELA criterion should be eliminated.

The third scenario describes the situation

where the eect of reclassication is always negative (here shown as an increasing negative
marginal eect), implying that no students should be reclassied.

If either of these cases

were true, we would nd non-null eects for students at the margin. The fourth scenario,
which is also consistent with a null result, describes a situation where reclassication has
no eect on future CST ELA scores at all, as the gradient between past and future CST
ELA scores is unaected by the reclassication regime.

This last scenario would suggest

there are no dierences between services provided to EL and RFEP students. Even if CST
ELA scores improve between periods (which is not necessarily the case), this scenario should
prompt examination of the relative quality and cost-eectiveness of EL services compared
to mainstream education.
For the nding of null eects to oer meaningful policy guidance, we must distinguish
between the rst scenario where reclassication cutos are optimally set and the fourth
scenario where reclassication has no eect for any students.

More generally, even when

RD designs yield positive (or negative) eects at the cuto, scenario 2 (or 3) could apply,
suggesting there would be benets from signicant changes to EL reclassication policies
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and services. To provide meaningful interpretation that can help policymakers decide when
an appropriate cuto exists or when reclassication is always or never preferred given the
current programs in place, we must understand how reclassication aects students away
from the cuto.

6.2 Estimating Reclassication Eects Above the Cuto
The RD analysis of Section 5 exploits variation in a single running variable (CST ELA) at the
cuto. The existence of multiple running variables, however, provides additional variation
in treatment status for students who are above the CST ELA reclassication cuto. Figure
15 plots the relationship between CST ELA and CELDT Overall reclassication scores for
students in grades 3 through 5 who also met all other reclassication test score criteria (for
each CELDT subtest). The two test scores exhibit a correlation of 0.50, but there is still
considerable independent variation in the two test scores; the two tests oer noisy measurements of dierent sorts of ability (English language arts skills such as an understanding of
written grammar, versus functional English prociency), though such abilities are no doubt
correlated in the underlying student population. The traditional RD analysis compares students to the right of the vertical axis that are just above and below the horizontal axis in
Figure 15, but it ignores all of the information provided by students to the left of the vertical
axis (i.e. students who are o of the CST ELA frontier due to low CELDT Overall scores).
These students may provide additional information on the relationship between reclassication test scores and outcomes. For simplicity and sample size limitations, the remainder of
this section examines short-run English prociency (CST ELA scores one year out) for EL
students in grades 3 through 5.
In order to utilize this additional information and identify the eect of reclassication
for students above the CST ELA cuto, an additional assumption about the counterfactual
for treated students above the CST ELA cuto is required. We make the assumption that
outcomes in the absence of the treated are additively separable in the rst two running
variables, henceforth denoted as

h

R1

(CST ELA) and

i





R2

(CELDT Overall) respectively:



E Y0 | R1 , R2 = m1 R1 + m2 R2
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(4)

where additional covariates have been omitted for ease of exposition. This assumption implies
that students' CELDT Overall scores do not aect the relationship between their past and
future CST ELA scores.

While the appropriateness of such an assumption will generally

depend on the particular setting, the appeal of this simplifying assumption in a multiple RD
setting such as this is that it can be tested in the data for untreated students (i.e. students
who are not in the northeast quadrant of Figure 15).

We test whether this assumption

holds by testing the statistical signicance of the interaction between

R1

and

R2

in following

specication estimated over all untreated students who passed the other four reclassication
tests (CELDT subtests):

yi = m1 R1 + m2 R2 + m3 R1 R2 + φWi + θXi +

X

si +

s
where

Wi

X

gi +

g

X

ti + εi

(5)

t

is a vector of other reclassication test scores (CELDT subtests), and the other

terms control for student background and xed eects as before. Unsurprisingly, after conditioning on additional pre-treatment information such as CELDT subtest scores,
no independent explanatory power; the coecient estimates for

m2

and

m3

R2

has

are not statisti-

cally signicant (with t-values of 0.38 and 1.29, respectively), and the specication explains
the same amount of variation in future CST ELA scores (R-square = 0.393) as a reduced
specication excluding the

R2

terms.

Under this simple separability assumption, we can then estimate the conditional expectation of future English language arts scores conditional on

R1

and

R2

for students who remain

untreated because they are below either cuto (or both), and then use these estimates to
predict outcomes for reclassied students (who are above both cutos) in the absence of
reclassication. This extrapolation is justied by the data, which indicates that the relationship between CST ELA reclassication scores and outcomes is not dependent on CELDT
Overall reclassication scores, after conditioning on other pre-treatment information.
obtain estimates of

m1

and

m2

We

from a specication that is identical to equation 5 save for

the omission of the interaction term between

R1

and

R2 .

These estimates are then used to

predict outcomes for reclassied students in the absence of reclassication. Specically, for
any value of

R1 = rf1

and

R2 = rf2

above their respective cutos, we predict outcomes for
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students who have met all other reclassication test score criteria based on the following
equation:

h

i







Ê Y0 | R1 = rf1 , R2 = rf2 = m̂1 R1 + m̂2 R2



(6)

where additional covariates have again been omitted for ease of exposition.
The intent-to-treat eect (ITT) can then estimated for any value of

rf2

R1 = rf1

and

R2 =

above their respective cutos by comparing the observed value of the outcome to the

prediction:

h

ITˆT = Ê Y1 − Y0 | R1 = rf1 , R2 = rf2
h

i

i

(7)









= E Y obs | R1 = rf1 , R2 = rf2 − m̂1 rf1 + m̂2 rf2



The above estimation framework relies on estimation of the conditional expectation for
students who are in any of the three untreated quadrants of Figure 15.

An alternative

approach to estimation is a dierence-in-dierence (DID) style estimator, where the relevant
dierences are between students above and below the rst cuto, and above and below the
second cuto. Compared to the previous approach of equation 7, the DID approach requires
an estimate of the dierence in outcomes between two students who are above and below
the CELDT Overall cuto but have the same CST ELA score below the cuto (students
to the left of the vertical axis in Figure 15).

This dierence is then subtracted from an

estimate of the dierence in outcomes between two students who are above and below the
CELDT Overall cuto but have the same CST ELA score above the cuto. Under the same
separability assumption, the DID estimator provides an unbiased estimate of the eect of
reclassication for any value of

R2 = rf2

R1

above the cuto. Formally, for any value of

above their respective cutos, and for any value of

f
R1 = rf1

and

R1 = rf1 and

f
R2 = rf2

below

their respective cutos, an unbiased estimate of the ITT can be obtained from the following
estimator:

h

1

IT T = E Y1 | R =

rf1 , R2



=

rf2

i




1

− E Y0 | R =

rf1 , R2

=

f
rf2





= E Y0 | R1 = rf1 , R2 = rf2 − E Y0 | R1 = rf1 , R2 = rf2
f

f
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f

(8)



6.3 Results Away from the CST ELA Cuto
Estimates of the ITT eect on CST ELA scores one year out (from equation 7) are reported
graphically in Figure 16.

After controlling for other reclassication test scores, student

background and xed eects, the average ITT eect for students above the CST ELA cuto
(and above all other cutos) is 0.149σ . The graph conrms null eects at the CST ELA cuto,
but the treatment eect increases linearly with CST ELA reclassication scores, reaching
a gain of roughly 0.3σ for students at 2σ above the CST ELA cuto.

8

Note that below

the CST ELA cuto, the predicted relationship between past and future CST ELA scores
is nearly identical to the observed relationship. Because the probability of reclassication
among students above the CST ELA cuto and on the frontier jumps from 4.1 percent to
85.8 percent relative to students o the frontier, the ITT estimate corresponds to an average
reclassication eect on all reclassied students of 0.182σ .
The same pattern of results is obtained using the DID approach of equation 8, plotted
in Figure 17. The DID approach yields an average ITT eect for students above the cuto
of 0.175σ , signicant beyond the 0.01 level.

Figure 17 also includes a plot of rst stage

reclassication outcomes against the running variable for both groups of students (students
who are above and below the CELDT Overall cuto ).

The rst stage plots conrm that

only students who are above the CELDT Overall cuto (and thus on the CST ELA frontier)
exhibit a sharp jump in reclassication probability at the CST ELA cuto.
For elementary school EL students, the estimated relationship between reclassication
scores and future scores for our treatment and control groups thus resembles the scenario
depicted in the rst panel of Figure 7, in which the cuto is appropriately set. We cannot,
however, draw any conclusions about the eects of reclassication for ELs below the cuto.
Lowering the CST ELA cuto should only be considered in the unlikely alternative scenario
where there is a kink in the relationship between reclassication scores and future scores
at the cuto, such that students with reclassication scores below the cuto benet from
reclassication (as do students above the cuto ) even though students located at the cuto
do not benet.

8 Inference on the ITT estimate of equation 7 should proceed by relying on a bootstrapping procedure.
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7 Conclusion
The introduction of new Common Core-aligned tests in California, which will replace the
CSTs, means every school district in the state will need to redesign its reclassication criteria
in the coming years. Without rigorous evidence on the eects of reclassication for students
across the distribution of English prociency, however, it is dicult for policymakers to make
informed decisions about the appropriateness of existing criteria or the relative eectiveness
of EL services compared to mainstream education.

We address some of the gaps in the

empirical literature on reclassication by exploiting exogenous variation in the probability
of reclassication introduced by the various criteria that students must meet to be eligible
for reclassication.
Our RD estimates suggest that reclassication has very limited eects on students at the
margin. We explore a number of cognitive and non-cognitive outcomes, but nd few statistically signicant eects. What eects we do nd suggest that the timing of reclassication
may indeed matter, though not necessarily through eects on student learning. Future work
should explore whether timing of reclassication matters for students above and below the
cuto as well, as it would inform whether criteria should dier for younger and older students. We also explore long-term eects, which could be impacted by non-academic factors
that change with reclassication, such as exposure to dierent peer groups, even in the absence of short-term eects.

We examine a number of outcomes, including CST ELA and

Math scores in grade 11, high school graduation (ever and on-time), and four-year college
enrollment, and nd limited evidence of long-term eects for the students in our sample, who
could have been reclassied at any point between grades 6 and 10. There is some suggestive
evidence that reclassication impacts the probability of taking the SAT and enrolling in a
four-year college (which generally requires SAT scores for admission), but we are unable
to draw denitive conclusions due to limited statistical power. As additional years of data
become available, future research will revisit long-term outcomes for students reclassied in
both early and later grades.
In order to interpret the RD ndings of predominantly null short-run reclassication
eects, we also exploit variation in reclassication exposure across multiple criteria.
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To

do so, we present an extension from the conventional RD design that exploits the fact
that some students who meet the rst cuto will remain untreated due to being below
the cuto for a second running variable. Under a straightforward identication assumption
that is supported in the data, we estimate the average treatment eect for reclassied EL
students in elementary school to be a 0.182σ increase in CST ELA scores one year out.
Pope (forthcoming) is the only other paper to nd a non-null result for ELs in elementary
grades, with an estimated treatment eect of 0.25σ on future CST ELA scores for marginal
students in grades 2-4 around the CELDT Overall cuto. On average, our estimates reect
a relatively higher performing group of students than Pope's estimates at the cuto, which
may in part explain why our estimate is somewhat lower in magnitude.
Our results imply that the CST ELA cuto should not be raised for students in grades
3 through 5, as benets accrue to reclassied students scoring above the current cutos. It
remains an open question, however, whether students further below the CST ELA cuto
benet from not being reclassied and continuing to receive EL support.

One opportu-

nity for estimating reclassication eects for students below the cuto may arise from the
introduction of the Common Core, which will soon provide a new dimension of variation
for students who would have been reclassied under one reclassication regime but not the
other. In future work we will also utilize the above-the-cuto estimation framework for older
students above reclassication cutos in order to draw conclusions about the eectiveness
of EL policy for LTELs.

This requires sucient independent variation in CST ELA and

CELDT Overall reclassication scores among our smaller sample of middle and high school
students.
Even in the presence of positive reclassication eects for young students above the
cuto, however, reclassifying these students may not yield a net positive benet for the
entire school district. On the one hand, reclassied students exhibit positive learning gains
in ELA, which have been linked to higher future wages (e.g. Cawley et al., 2001; Bishop,
1991; Tainer, 1988; Trejo, 1997). On the other hand, reclassication could impart a negative
externality on other students by lowering the average ability in the EL setting from which
they are removed and potentially also lowering the average ability in the mainstream setting
they are placed into (see Sacerdote, 2011 for a review of the literature on peer eects in
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student outcomes). These are ideas for future projects. Finally, note that there are nancial
disincentives to reclassifying students, which can impact districts' budgets.

Average per

student expenditures in California are about 6 to 9 percent higher for ELs than mainstream
students (Alth and Jepsen, 2005), yet under the state's new school nance law, districts
would lose at least 20 percent of per pupil funding for each student they reclassify (Taylor,
2013). Based on current expenditure and funding levels, reclassication would result in a
minimum net loss of about $750 per reclassied student each academic year.
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Figure 1: Minimum Test Score by Grade Level

Notes :

Statistics are calculated over all EL students with test scores for all required reclassication tests. All test scores are

standardized within year across all students district-wide, and recentered around the relevant cuto.
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Figure 2: Distribution of Running Variables around Cutos

Notes : Test scores are standardized within year across all students district-wide, and recentered around the relevant cuto.
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Figure 3: Reclassication Rates by Grade

Notes : Statistics are calculated over all EL students with test scores for all required reclassication tests.

Figure 4: Reclassication Rates by Year

Notes : Statistics are calculated over all EL students with test scores for all required reclassication tests.
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Figure 5: Student Background and Outcomes by Grade of Reclassication (Students Observed through Grade 12)

Notes :

Statistics are calculated over all EL students with test scores for all required reclassication tests and observed in the

data in Grade 12.
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Figure 6: Sample Selection

Notes :

Cells highlighted in dark gret indicate yearly observations included in each sample.

indicate additional years when student outcomes are measured.
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Cells highlighted in light grey

Figure 7: Reclassication around CST ELA Cuto (1-Year Out Sample)

Notes : Test scores are standardized within year across all students district-wide, and recentered around the relevant cuto.
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Figure 8: Reclassication around CST ELA Cuto (12th Grade Sample)

Notes : Test scores are standardized within year across all students district-wide, and recentered around the relevant cuto.
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Figure 9: Student Sorting around CST ELA Cuto (1-Year Out Sample)

Notes :

Test scores are standardized within year across all students district-wide, and recentered around the relevant cuto.

Residuals are computed using the coecients from a regression of the outcome variable on a set of xed eects for grade, year,
and school for students below the cuto in the sample only.
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Figure 10: Student Sorting around CST ELA Cuto (12th Grade Sample)

Notes :

Test scores are standardized within year across all students district-wide, and recentered around the relevant cuto.

Residuals are computed using the coecients from a regression of the outcome variable on a set of xed eects for grade, year,
and school for students below the cuto in the sample only.
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Figure 11: Outcomes around CST ELA Cuto (1-Year Out Sample)

Notes :

Test scores are standardized within year across all students district-wide, and recentered around the relevant cuto.

Residuals are computed using the coecients from a regression of the outcome variable on a set of xed eects for grade, year,
and school for students below the cuto in the sample only.
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Figure 12: Outcomes around CST ELA Cuto (12th Grade Sample)

Notes :

Test scores are standardized within year across all students district-wide, and recentered around the relevant cuto.

Residuals are computed using the coecients from a regression of the outcome variable on a set of xed eects for grade, year,
and school for students below the cuto in the sample only.
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Figure 13: Outcomes around CST ELA Cuto (10th Grade Sample)

Notes :

Test scores are standardized within year across all students district-wide, and recentered around the relevant cuto.

Residuals are computed using the coecients from a regression of the outcome variable on a standardized CELDT Overall
reclassication test scores, and xed eects for grade, year, and school, for students below the cuto in the sample only. The
group of EL student on the CST ELA Frontier is the group of students passing all other reclassication tests, as in the preceding
analysis. The group of EL students o of the CST ELA Frontier is those students passing all other reclassication tests except
for CELDT Overall.
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Figure 14: Potential Scenarios for Shifting Reclassication Cutos

Future CST ELA Score

I. Appropriate transition point exists
Scores if Reclassied

Scores if Not Reclassied

Future CST ELA Score

c

II. Reclassication always preferred
Scores if Reclassied
Scores if Not Reclassied

Future CST ELA Score

c

CST ELA Score

III. Reclassication never preferred
Scores if Not Reclassied

Scores if Reclassied

c

Future CST ELA Score

CST ELA Score

CST ELA Score

IV. Reclassication is irrelevant
Scores if/Not Reclassied

c

CST ELA Score
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Figure 15: CST ELA vs. CELDT Overall

Notes : Test scores are standardized within year across all students district-wide, and recentered around the relevant cuto.
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Figure 16: Estimates of Reclassication Eects Above the CST ELA Cuto

Notes :

Test scores are standardized within year across all students district-wide, and recentered around the relevant cuto.

Extrapolated outcomes are obtained based on estimates of equation 6 as described in the text.
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Figure 17: DID Estimates of Reclassication Eects Above the CST ELA Cuto

Notes :

Test scores are standardized within year across all students district-wide, and recentered around the relevant cuto.

Residuals are computed based on the coecients from a regression of the outcome variable on all reclassication test scores
(other than CST ELA) and xed eects, for students below the cuto in the sample only.
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Table 1: Summary Statistics on and o the CST ELA Frontier
EL Sample

Grades 3-10,

Grades 6-10,

Observed 1 Year Out

Observed through Grade 12

On Frontier

O Frontier

On Frontier

O Frontier

Student characteristics:
Female

.48 ( .50)

.44 (.50)

.45 (

.50)

.47 (.50)

Asian

.25 ( .43)

.15 (.36)

.25 (

.43)

.24 (.43)

Latino

.68 ( .47)

.78 (.41)

.68 (

.46)

.69 (.46)

US born

.74 ( .44)

.65 (.48)

.61 (

.49)

.44 (.50)

Special education

.03 ( .18)

.14 (.34)

.04 (

.21)

.13 (.33)

CST ELA

.33 ( .79)

-.55 (.65)

-.19 (

.56)

-.76 (.48)

CELDT Overall

.29 ( .24)

-.55 (.52)

.33 (

.26)

-.68 (.64)

.40 (

.49)

.00 (.04)

2.26 ( 2.05)

.32 (.88)

Reclassication information:

Reclassied

.59 ( .49)

.00 (.06)

Years as RFEP

.92 ( .65)

.03 (.13)

Still EL

.27 ( .44)

.90 (.30)

Outcomes, 1-year out:
CST ELA
CST Math
GPA (cumulative)
Attendance rate

Notes :

n

.30 (

.46)

.78 (.41)

Outcomes at end of HS:
.20 ( .81)

-.55 (.72)

-.59 (

.66)

-1.09 (.61)

.24 (1.00)

-.34 (.79)

-.91 (

.56)

-1.03 (.51)

2.58 ( .98)

2.27 (.96)

2.58 (

.81)

2.41 (.77)

.97 ( .05)

.96 (.06)

.95 (

.07)

.95 (.08)

Graduated HS

.79 (

.41)

.64 (.48)

Met A-G req.

.41 (

.49)

.25 (.44)

Took SAT

.39 (

.49)

.24 (.43)

4-yr college enrollment

.17 (

.38)

.08 (.27)

11,093

22,645

1,438

3,696

RFEP = Reclassied uent English procient. The CST Frontier indicates whether a student has passed all required

reclassication tests other than the California Standards Test (CST) English Language Arts (ELA) component. Means for EL
(English Language Learner) students with test scores for all required reclassication tests are reported for each variable, along
with standard deviations in parentheses. Reclassication test scores are the most recent scores available. A-G requirements is
an indicator meeting the minimum course requirements for admission into a 4-year public college in California. Further details
on outcomes measured at the end of high school are provided in the Data Appendix. All test scores are standardized within
year across all students district-wide, and recentered around the relevant cuto. Sample sizes reect the number of students in
the data without missing reclassication test scores, but some students are missing information for certain outcomes.
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Table 2: Summary Statistics by Grade Level
EL Sample on CST Frontier

Grades 3-10,

Grades 6-10,

Observed 1 Year Out

Observed through Grade 12

Grades 3-5

Grades 6-8

Grades 9-10

Grades 6-8

Grades 9-10

Student characteristics:
Female

.50 ( .50)

.48(.50)

.44 (.50)

.45 ( .50)

.45 ( .50)

Asian

.30 ( .46)

.14(.35)

.23 (.42)

.24 ( .42)

.26 ( .44)

Latino

.62 ( .49)

.79(.40)

.70 (.46)

.70 ( .46)

.67 ( .47)

US born

.80 ( .40)

.67(.47)

.59 (.49)

.65 ( .48)

.58 ( .49)

Special education

.02 ( .15)

.05(.21)

.05 (.22)

.04 ( .20)

.05 ( .21)

CST ELA

.63 ( .78)

-.08(.55)

-.24 (.56)

-.16 ( .54)

-.21 ( .57)

CELDT Overall

.27 ( .23)

.33(.25)

.30 (.25)

.35 ( .26)

.31 ( .26)

Reclassication information:

Reclassied
Years as RFEP
Still EL

.73 ( .44)

.37(.48)

.36 (.48)

.37 ( .48)

.44 ( .50)

1.13 ( .53)

.61(.69)

.56 (.69)

2.91 (2.39)

1.58 (1.31)

.11 ( .32)

.51(.50)

.50 (.50)

.32 ( .47)

.29 ( .45)

Outcomes, 1-year out:
CST ELA
CST Math
GPA (cumulative)
Attendance rate

Notes :

n

Outcomes at end of HS:
.54 ( .73)

-.28(.58)

-.59 (.63)

-.59 ( .65)

-.60 ( .66)

.67 ( .93)

-.36(.63)

-.85 (.58)

-.93 ( .55)

-.89 ( .58)

2.79 (1.00)

2.55(.95)

2.31 (.96)

2.54 ( .85)

2.62 ( .78)

.97 ( .03)

.96(.06)

.95 (.07)

.95 ( .08)

.95 ( .06)

Graduated HS

.76 ( .43)

.83 ( .38)

Met A-G req.

.41 ( .49)

.41 ( .49)

Took SAT

.37 ( .48)

.42 ( .49)

4-yr college enrollment

.18 ( .39)

.17 ( .37)

6,723

3,255

1,115

733

705

RFEP = Reclassied uent English procient. The CST Frontier indicates whether a student has passed all required

reclassication tests other than the California Standards Test (CST) English Language Arts (ELA) component. Means for EL
(English Language Learner) students with test scores for all required reclassication tests are reported for each variable, along
with standard deviations in parentheses. Reclassication test scores are the most recent scores available. A-G requirements is
an indicator meeting the minimum course requirements for admission into a 4-year public college in California. Further details
on outcomes measured at the end of high school are provided in the Data Appendix. All test scores are standardized within
year across all students district-wide, and recentered around the relevant cuto. Sample sizes reect the number of students in
the data without missing reclassication test scores, but some students are missing information for certain outcomes.
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Table 3: RD Estimates of Eect of an Additional Year of RFEP Status (1 Year Out Sample,
Grades 3-5)

Optimal

Linear

Linear

Quadratic

Bandwith (h∗ )

(Edge)

(Rect.)

(Edge)

Outcomes (1 yr out)
CST ELA

CST Math

Cumulative GPA

(1)
1.16

0.94

0.91

(5th graders only)

Attendance rate

1.40

h∗ + .25sd

h∗ − .25sd

(3)

(4)

(5)

.000

.009

.012

.003

-.001

se

( .034)

( .032)

( .049)

( .032)

( .037)

n

4229

4229

4229

4614

3630

coe.

coe.

(2)

Linear, Alt. Bandwiths

-.040

-.009

-.080

-.028

-.052

se

( .054)

( .05 )

( .079)

( .049)

( .061)

n

3725

3725

3725

4268

2952

coe.

.221**

.209 **

.266*

.218**

.231*

se

( .105 )

( .095 )

( .154)

( .096 )

( .119 )

n

1481

1481

1481

1622

1226

.002

.002

.000

.002

.002

se

coe.

( .003)

( .002)

( .004)

( .003)

( .003)

n

5028

5028

5028

5342

4620

Source : Authors' calculations using OUSD data.
Notes : ***Indicates signicance at the 1% level, **5%, and *10%.

Robust standard errors clustered at the individual level are reported in parentheses. All estimates are from the two-stage least
squares estimates of equation 3, with linear controls for the running variable (recentered, standardized CST ELA scores) above
and below the cuto (except column 3 which uses quadratic control functions). All specications include the baselines set of
covariates and xed eects for grade, year, and school. Observations are weighted using an edge kernel for all columns except
column 2, which uses a rectangular kernel equivalent to unweighted OLS. The optimal bandwith is computed using Imbens and
Kalyanaraman (2009) plug-in" procedure. All test scores are standardized within year across all students district-wide, and
recentered around the relevant cuto. CST ELA test scores used in the rst stage to predict reclassication are the most recent
scores available.

56

Table 4: RD Estimates of Eect of an Additional Year of RFEP Status (1 Year Out Sample,
Grades 6-10)

Optimal

Linear

Linear

Quadratic

Bandwith (h∗ )

(Edge)

(Rect.)

(Edge)

Outcomes (1 yr out)
CST ELA

CST Math

Cumulative GPA

Attendance rate

0.79

0.77

1.17

1.11

Linear, Alt. Bandwiths

h∗ + .25sd

h∗ − .25sd

(1)

(2)

(3)

(4)

(5)

-.003

-.001

.011

.001

-.006

se

( .031 )

( .029 )

( .038 )

( .028)

( .036)

n

2804

2804

2804

3119

2242

coe.

coe.

.002

-.045

-.024

se

( .037 )

( .033 )

( .046 )

( .033)

( .043)

n

2737

2737

2737

3048

2156

coe.

-.040

-.018

-.060

-.035

-.052

se

( .045 )

( .041 )

( .058 )

( .042)

( .050)

n

3950

3950

3950

4062

3692

coe.

-.038

-.005*

-.059*

-.007*

-.005*

se

( .003 )

( .003 )

( .004 )

( .003)

( .003)

n

3571

3571

3571

3697

3295

Source : Authors' calculations using OUSD data.
Notes : ***Indicates signicance at the 1% level, **5%, and *10%.

-.004

-.006**

Robust standard errors clustered at the individual level are reported in parentheses. All estimates are from the two-stage least
squares estimates of equation 3, with linear controls for the running variable (recentered, standardized CST ELA scores) above
and below the cuto (except column 3 which uses quadratic control functions). All specications include the baselines set of
covariates and xed eects for grade, year, and school. Observations are weighted using an edge kernel for all columns except
column 2, which uses a rectangular kernel equivalent to unweighted OLS. The optimal bandwith is computed using Imbens and
Kalyanaraman (2009) plug-in" procedure. All test scores are standardized within year across all students district-wide, and
recentered around the relevant cuto. CST ELA test scores used in the rst stage to predict reclassication are the most recent
scores available.
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Table 5: RD Estimates of Eect of an Additional Year of RFEP Status (12th Grade Sample)
Optimal

Linear

Linear

Quadratic

Bandwith (h∗ )

(Edge)

(Rect.)

(Edge)

h∗ + .25sd

h∗ − .25sd

(4)

(5)

Outcomes (12th Grade)
CST ELA

0.82

(11th grade)

CST Math

1.03

(11th grade)

Cumulative GPA

Attendance rate

Graduated from HS

A-G requirements

Took SAT

4-yr college enrollment

0.93

1.83

1.49

1.11

1.29

1.22

Linear, Alt. Bandwiths

(1)

(2)

(3)

.015

.008

.031

.015

.020

se

( .039)

( .037)

( .042 )

( .034)

( .044)

n

1041

1041

1041

1143

850

coe.

.011

.020

.031

.012

.014

se

( .035 )

( .031 )

( .039 )

( .032)

( .040)

n

1062

1062

1062

1114

coe.

coe.

967

.001

.020

-.001

.008

-.001

se

( .04 )

( .034 )

( .045 )

( .035 )

( .045 )

n

1187

1187

1187

1273

1037

coe.

.003

.002

.004

.003

.003

se

( .004)

( .003)

( .004 )

( .004)

( .004)

n

1026

1026

1026

1026

1020

coe.

-.017

-.015

-.014

-.016

-.019

se

( .016 )

( .015 )

( .019 )

( .016)

( .018)

n

1424

1424

1424

1434

1385

coe.

.004

.005

.007

.004

.003

se

( .023 )

( .020 )

( .026 )

( .021)

( .026)

n

1349

1349

1349

1407

1226

coe.

.026

.020

.036

.026

.031

se

( .021 )

( .018 )

( .023 )

( .019)

( .023)

n

1395

1395

1395

1427

1321

coe.

.029

.034 *

.042

.028

.031

( .019)

( .023)

se

( .020 )

( .018 )

( .032 )

n

949

949

949

Source : Authors' calculations using OUSD data.
Notes : ***Indicates signicance at the 1% level, **5%, and *10%.

984

877

Robust standard errors clustered at the individual level are reported in parentheses. All estimates are from the two-stage least
squares estimates of equation 3, with linear controls for the running variable (recentered, standardized CST ELA scores) above
and below the cuto (except column 3 which uses quadratic control functions). All specications include the baselines set of
covariates and xed eects for grade, year, and school. Observations are weighted using an edge kernel for all columns except
column 2, which uses a rectangular kernel equivalent to unweighted OLS. The optimal bandwith is computed using Imbens and
Kalyanaraman (2009) plug-in" procedure. All test scores are standardized within year across all students district-wide, and
recentered around the relevant cuto. CST ELA test scores used in the rst stage to predict reclassication are the most recent
scores available.
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Table 6: Estimates of Reclassication Eects above the CST ELA Cuto (Grades 3-5, 1
Year Out Sample)

Outcomes (1 yr out)

CST ELA

CST Math

Mean-shift Slope-shift Mean-shift Slope-shift
Di. in conditional expectation

(1)

(2)

(3)

(4)

On-frontier vs. o

coe.

.048

.060

.080

.116

(below cuto )

se

( .040 )

( .068 )

( .053)

( .085)

n

2520

2520

2519

2519

Break at cuto

coe.

.018

.059

.004

-.021

(o-frontier)

se

( .027 )

( .062 )

( .036)

( .073)

n

5174

5174

5173

5173

coe.

-.027

.162 ***

.011

.090

ITT (Di. above cuto )

ITT (DID)

se

( .029 )

( .041 )

( .040)

( .056)

n

5217

5217

5216

5216

coe.

-.045

-.012

se

( .040 )

-.001

( .080 )

.132 *

( .055)

( .100)

n

7737

7737

7735

7735

Source : Authors' calculations using OUSD data.
Notes : ***Indicates signicance at the 1% level, **5%, and *10%.

This table presents OLS estimates for dierences in the linear conditional expectations of the outcome variable as a function of
CST ELA reclassication scores, and conditioning on CELDT Overall reclassication scores, the baseline set of covariates, and
xed eets for grade, school, and year. Estimation is limited to students whose CST ELA reclassication scores place them
within 2 standard deviations of the cuto. The rst row gives the dierence (in intercept and slope) between the conditional
expectation functions for students on and o the CST ELA frontier, only for students below the CST ELA cuto. The second
row gives the dierence (in intercept and slope) between the conditional expectation functions for students below and above
the CST ELA cuto, only for students o the CST ELA frontier. The ITT estimates of the third row give the dierence (in
intercept and slope) between the conditional expectation functions of student on and o the CST ELA frontier, for students
above the CST ELA cuto. The ITT (DID) estimates of row four give the dierence (in intercept and slope) between students
who are on and o the frontier and above the CST ELA cuto, minus the dierence for students who are below the CST ELA
cuto. All test scores are standardized within year across all students district-wide, and recentered around the relevant cuto.
Robust standard errors clustered at the individual level are reported in parentheses.
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A Data Appendix
The outcomes considered for the one year out sample include CST ELA and CST Math
scores (standardized within each year among all students district-wide), weighted cumulative
GPA, and attendance rates. The continuous measure of treatment intensity (duration as an
RFEP student) is measured as the number of days between a student's reclassication date
if reclassied during the current or following academic year and the end of the following
academic year (June 30th). Otherwise RFEP duration is set to zero.
For the 12th grade sample, RFEP duration is computed separately for each outcome to
reect the point in time when the corresponding outcome is observed, as described below:

•

CST ELA and Math scores (11th grade): test scores are taken as the maximum across
each student's grade 11 observations (in the event a student repeated grade 11), with
RFEP duration computed based on the end of the corresponding test score's academic
year.

•

Cumulative GPA (12th grade): GPA is taken from each student's rst non-missing
grade 12 observation, with RFEP duration computed based on the end of the corresponding academic year.

•

Attendance rate (12th grade): attendance rates are taken from each student's rst
non-missing grade 12 observation, with RFEP duration computed based on the end of
the corresponding academic year.

•

Graduated from high school : graduation is set equal to one for any student recorded
as having graduated at any point in the data, and zero for any student who did not
graduate but was still observed in grade 12. RFEP duration was computed based on
the end of the academic year corresponding to each student's rst year of 12th grade (in
order to cap RFEP duration for students who repeated grade 12 as part-time students).

•

Met A-G requirements: this is set equal to one for any student recorded as having
satised A-G course requirements at any point in the data, and zero for any student
who did not but was still observed in grade 12. RFEP duration was computed based
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on the end of the academic year corresponding to each student's rst year of 12th
grade (in order to cap RFEP duration for students who repeated grade 12 as part-time
students).

•

Took SAT: this is set equal to one for any student with available SAT scores, and zero
for any student who did not have SAT scores but was still observed in grade 12. RFEP
duration was computed based on the end of the academic year corresponding to each
student's rst year of 12th grade (in order to cap RFEP duration for students who
repeated grade 12 as part-time students).

•

Four-year college enrollment: this is set equal to one for any student recorded as
attending a four-year college in the National Student Clearinghouse data, and zero for
all other students observed in grade 12 up to 2013, the last year captured by the college
enrollment data. RFEP duration was computed based on the end of the academic year
corresponding to each student's rst year of 12th grade (in order to cap RFEP duration
for students who repeated grade 12 as part-time students).
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