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CHAPTER |

INTRODUCTION

Overview of the Research

This dissertation investigates non-experimentahoes for estimating the causal effect
of magnet school attendance on student achievenidm.overriding objective is to understand
the circumstances under which non-experimental oastlyield unbiased estimates of the
magnet school effect and therefore can serve agiatiesubstitutes for experiments. An
empirical investigation of these issues is posdieleause | have estimates from a random
assignment evaluation of magnet schools that carsée to judge the performance of the non-
experimental methods. This research builds o#f tifree year investigation of magnet schools
by Dale Ballou and Ellen Goldring, which utilizedrainistrative records on magnet school
admissions lotteries to create randomized contalgs (lottery winners and lottery losers).

Following the approach taken by Wilde and Hollig207) in their investigation of non-
experimental methods for evaluating class sizeataiy, | frame this research in the context of
the decisions researchers must make when evalyatggams. The first decision is on the
methods to use in the evaluation. For those istedein causal effects, an experimental design is
the gold-standard, nevertheless resource limitat@rother practical concerns may lead to the
selection of a non-experimental method. The abiftthese non-experimental methods to yield
unbiased estimates of the causal effect of therpmgs contingent upon a number of

assumptions.



Even if the researcher is able to conduct an exysari, they may still need to decide
whether or not to use non-experimental methodsltvess threats to the experiment’'s random
assignment. In school choice evaluations thatzetdidmissions lotteries for random-assignment,
the most prevalent threat is selective attriti@®lective attrition is a problem because lottery
losers (i.e., the control group) often leave tregrdit or enroll in a private school, which typilal
means their future test scores are unavailablegogsearcher. If the control group attrition is
not completely random, the experimental estimatése biased and the researcher will need to
decide on the appropriate course of action. Fag#dthis situation, one option is to simply
ignore the threat of attrition bias and proceedlie analysis of the experimental sample.
Another option is to abandon the experimental sarafitbgether and construct a different
comparison group using a non-experimental method.

Presently there is little empirical evidence todguihese important decisions. This
dissertation aims to fill this gap by comparativelyaluating the performance of non-
experimental and experimental estimators of thecethf an academically selective middle
school on students’ math and reading achievemierg.guided by two questions that are framed
in the context of research decisions:

(2) If a random-assignment study was not possible, evasing a non-experimental method
lead to a biased estimate of the magnet schoait&ffe

(2) How do the experimental and non-experimental methpeiform under different forms
and rates of selective attrition and are thereuonstances where non-experimental

estimators are less biased than the experimentadagor?



To answer the first question, estimates of the raagchool effect from three common non-
experimental methods (multiple regression with olese covariates, analysis of covariance with
student fixed effects, and propensity score matphane compared to the estimates from the
random-assignment evaluation. The bias in the xper@mental estimates is then estimated as
the difference between the non-experimental estiraatl the experimental estimate.

The second question is answered through a sintudkzta exercise. In this exercise |
start with a complete sample that has no attritibtihen create a variety of subsamples that have
different forms and rates of artificial attritiomang lottery winners, lottery losers, and non-
participants. The experimental and non-experim@stimators are then run on these simulated
samples. By comparing the experimental and normxgntal estimates from the simulated
samples to the experimental estimate from the cetmgample (i.e. the unbiased experimental
estimate), | am able to determine the scenariogemn@n-experimental methods perform better
than the experimental method.

Research Motivation

This dissertation contributes to the literaturedaect empirical comparisons of
experimental and non-experimental estimators. dte,dhese comparisons are almost
exclusively found in the field of labor economies)ere researchers have compared
experimental and non-experimental findings fromfarel-to-work, job training, and
employment services interventions. | was onlgdbllocate two empirical comparisons in the
field of education (Rouse, 1997; Wilde & Holliste002).

The paucity of evaluations of non-experimentalreators in the field of education is
disparaging in light of the rise in demand amongcation researchers for better empirical

understanding of the utility of non-experimentairaators. This rise in demand is partly due to



two recent pieces of federal legislation: he Child Left Behind Act of 20INCLB) and the
Education Sciences Reform Act of 20B3RA). NCLB raised demand by mandating that
schools and districts adopt interventions that lderaonstrated positive effects on student
outcomes via experimental or rigorous non-expertaigesearch. NCLB requires education
interventions to be supported by research that:
...Is evaluated using experimental or quasiexperialet@signs in which individuals, entities
programs, or activities are assigned to differemtditions and with appropriate controls to
evaluate the effects of the condition of interesth a preference for random-assignment
experiments, or other designs to the extent tlesetliesigns contain within-condition or
across-condition controls. (Title IX, General Psywns, Part A Section 9101)

NCLB’s mandate raised demand from education leddensore rigorous evidence on
education interventions. In turn, this raised dedifrom the research community for better
understanding of the best practices for designmyanducting experimental research and the
conditions under which non-experimental methods praguce unbiased estimates of causal
effects and thus serve as adequate substitutesperiments (Schneider, Carnoy, Kilpatrick,
Schmidt, & Shavelson, 2007).

ESRA also contributed to the demand for comparatixauations of experimental and
non-experimental quantitative methods by creatieny standards for federal research that
prioritized experimental and quasi-experimentaigltes The law states that for an education
evaluation to be considered “scientifically valiit’must be one that “employs experimental
designs using random assignment, when feasibleotuad research methodologies that allow
for the strongest possible causal inferences waedam assignment is not feasible® (Title |

Education Sciences Reform Act, Section 102).



ESRA converted the U.S. Department of Educatiorifc®of Educational Research and
Improvement into the Institute of Education Scieni&S). This new federal agency was
charged with implementing the new research stamsdand turning education into “an evidence-
based field by providing decision makers with tlestlavailable research to inform their
practice” (IES, 2009).

Together, ESRA and NCLB led to greater interesinftbe education research
community in the empirical strategies for overcognihe common problems researchers
encounter when trying to execute an experimertierdynamic context of public education.
They also sparked interest in rigorous non-expeartaienethods that have potential to answer
causal questions when experiments are infeasibMhen they break down due to non-random
processes, such as participant non-complianceectse attrition.

While experiments present the best opportunitye&timating an unbiased treatment
effect, there are many reasons why researcherstdese them. For one, random assignment is
often impossible because of the nature of the pragimder investigation. This is the case for
interventions that target rare populations (suctpagial education students) for whom it is
difficult to recruit a sample large enough to dgttbe statistical power requirements for an
experimental design. In many situations experimeggsarchers cannot recruit participants who
are willing to be randomly assigned to treatmemtditions. Experiments can also be
prohibitively expensive because they typically liegthe deployment of large research teams for
multiple years. In some situations experimentsioabe used because they pose ethical
concerns, particularly if they involve subjectingaticipant to an intervention whose effects are

unknown, or denying an intervention that is expedtebenefit all participants,



For these reasons and others, researchers oft#nceldilize a non-experimental method
that is cheaper, less time consuming, and/or pesssthical concerns. Three of the most
common non-experimental methods are: using multggeession to control for observed
covariates (MR); propensity score matching (PSMYl analysis of covariance with student
fixed effects (FE).

The ability of each of these methods to estimaterdnased estimate of a treatment
effect is contingent upon a number of assumptighsiain contribution of this paper is that it
discusses the assumptions behind these three pami@ental estimators and then empirically
tests how well these assumptions hold in the maggteiol evaluation. This is done by
comparing the non-experimental estimates of thenetagchool effect on student achievement to
the estimates from the random-assignment evaluatiere lottery outcomes are used as an
instrumental variable (V) for magnet school att@nce. The results illuminate some of the
strengths and weaknesses of the non-experimenthbageas they relate to accurately
estimating a school choice program effect.

This dissertation contributes directly to our ursti@nding of the methods used to
evaluate magnet schools as well as other scho@epoograms. Magnet schools have been
staples of urban public school systems since teell@60s. However, they gained new
prominence in recent years because of increasdit puipport and legislative action for
expanding public school choice programs. Thividenced by the fact that the number of
magnet schools in operation has more than doubbed 1989 to 2006, increasing from 1,165 to
2,736 (NCES, 2006). A trend that will likely comtie given the federal support for magnet
schools; the president’s 2008 budget included agpmately $100 million for the Magnet

Schools Assistance Program (MSAP), which providesi$ to assist school districts in opening



new magnet schools. During the 2006-2007 schaa, }¢SAP helped 52 school districts open
218 new magnet schools.

The proliferation of magnet schools continues despconclusive evidence that they are
more effective than their traditional public schoolinterparts. The poor empirical basis for
magnet schools is partly due to the methodologiballenge of isolating the effect of the magnet
school on student achievement from the other effectstudent achievement that are
independent of the school. Of particular concerthat students whose families seek out magnet
schools are different from those who remain inrttraiditional public schools. For example,
they may have more motivation to improve their @kileducation or more resources to transport
their child to and from the school every day.slplausible that these differences will cause the
magnet students to perform better than their nogrmiacounterparts regardless of the actual
school they attend. This dissertation speaks dyrezthe merits of different methods that can be

used to overcome this concern.

Paper Organization

The rest of this dissertation is organized as fadloChapter Il presents the logic of
causal inference and the problem of selection lrag:h are central to the conceptual
foundation for evaluating the experimental and e@perimental estimators. Chapter Il reviews
the research on empirical evaluations of non-exrpantal estimators, most of which is found in
the field of labor economics. Chapter IV preseéhésmethods and results of the randomized
lottery evaluation of the magnet schools that heghiasis for evaluating the non-experimental
estimators. Chapter V discusses the assumptiahsgetifications of the non-experimental
estimators, presents their respective estimatdseahagnet school effect, and comparatively

evaluates their accuracy in relation to the expental estimates. Finally, chapter VI



comparatively evaluates the experimental and nqemmental estimators under different

assumptions on sample attrition via a simulated daercise.



CHAPTER II

CAUSAL INFERENCE AND THE PROBLEM OF SELECTION BIAS

This section reviews the logic of causal inferensig the framework pioneered by
Rubin (1974, 1977, 1978, 1980) and commonly refetoeasRubin’s Causal ModgRCM,;
Holland, 1986). This framework defines causal&fen terms of potential outcomes and
counterfactual conditions rather than in termsarbmeters of a regression model (Imbens &
Angrist, 1994). In this chapter, and the restef dissertation, | use the standard notation
developed by Rubin (1974, 1977) to discuss themagBans of the experimental and non-
experimental estimators.

To begin, consider a treatmddtwhereD = 1 if a participant receives treatment and
D = 0 if a participant does not. The objective of easilon research is to determine the causal
effect ofD on a designated outcorive

Three conditions must hold to allow a causal infeeeof the effect oD on'Y. The first is
temporal ordey where it must be established tBabccurred prior to the observed effect\on
The second condition associationwhere it must be established that a chand2 associates
with a positive or negative changeYn The third condition is that it must be possitdeender
all rival explanations for the effect implausible.

Modern statistical theory relies on the notion @ficterfactuals to satisfy the third
condition (Roy, 1951; Quandt, 1972; Holland, 19R8@bin, 1974; Heckman, Ichimura, Smith,
and Todd 1998). A counterfactual is defined ascthraition that would have been observed had
the treatment not occurred. Each persigrconceived to have two possible outcom@sand

Yi1. Yirindicates the outcome when persaaceives treatmenbDEL) andY)p indicates the



outcome when treatment is not receivBetQ.) Finding the difference betwed&h andYj, at the
same point in time for the same individual allows tesearcher to rule out alternative causes and

identify the causal effect of the treatment as=Y,, -Y,,.

The Fundamental Problem of Causal Inference

It is evident thab cannot be identified because one cannot observeYhaindYj at the
same point in time for the same individualDIE 1, we observ#i;, but notY,;. Conversely, if
D = 0, we observ¥j, but notY;;. Holland (1986) refers to this as thimdamental problem of
causal inference Others refer to it as the evaluation problemclthean et al., 1998) or the
problem of unobservability (Deheija & Wahba, 2008).essence, it is a problem of missing

data because the researcher is always missingvalises on eitheY;; or Yjo.

The Average Treatment Effect

The fundamental problem of causal inference makiegpiossible tabserves. Holland
(1986) posits that one statistical solution to finisblem is teestimatethe average treatment
effect ATE) of Y on a population. ThATEIis found as the average difference between the
outcomes for individuals that receive treatment gnedoutcomes for individuals that do not

receive treatmentd .. = E(Y,) — E(Y,)

The ATEIis estimated using different observational unitsestsed under different
treatment conditions. For the ATE to be an unbiasttnate od, the expected outcomes of Y
and Y; must be independent of treatment assignment.akibl{1986) and others refer to this as

theindependence assumptidarmally defined asD 1L E(Yo, Y1).

10



Heterogeneous Treatment Effect

The ATEIs estimated over a population, which presentsdsrerns. First, it may be
one is less interested in how a program impactgtiiee population and more interested in how
a program impacts a particular population subgrtfthe causal effect varies within the
population then the estimate of tA€Ewill be a poor estimate of the treatment effectdioy
particular individual or subgroup within the poptida.

The second concern is a practical one; estimaliedTE requires one to have access to
either the entire population of interest or a rand@ample of the entire population of interest. If
this requirement cannot be met, the researchelowijl be able to make causal inferences to the
sample that is accessible. These inferences ntayenaf particular value to the research
objectives. This is a particular concern in evabre of programs that are optional, where
individuals must voluntarily select into treatmemdividuals who seek out treatment may differ
from the population of which they came in ways thétience their response to treatment and

therefore it is impossible to yield a consistenineste of theATE using a self-selected sample.

The Average Effect of Treatment on the Treated

In many situations, researchers are interesteghiming how a program impacts those
who actually receive treatment rather than leartivegaverage effect of a treatment for a
population. For illustration, consider a hypothaticase of an evaluation of a remedial math
tutoring program. In this case, researchers wilptimarily interested in how the program
impacts low performing students (for whom the paogiis designed) and less interested in the
effects of the program on those students perforratray above grade-level (who do not require
remedial tutoring). The effect these researchersrerested in is termed the average effect of

treatment on the treatedTT) and can be expressed formally as:

11



Oprr= E(Y, D=2 -E(Y, |[D=1) (2.1)

From a practical perspective, estimatingAi&@ has some notable advantages to
estimating théATE. For one, it eliminates concern over heterogenteasment effects because
the causal effect only generalizes to those whk seetreatment. However, if the treatment
effect is constant for the population, €T will equal theATE TheATTmay also be more
practical and cost-effective parameter to estirbatause it does not require random sampling or
access to an entire population.

The fundamental problem of causal inference is@tsent in the estimation of tAd'T.
This is revealed by the fact that we can estire§¥ | D =1), but notE(Y, | D =1). Thatis, we

cannot observe what would have happened to indalsdn the treatment group had they not

received treatment. To estimate KET, the researcher must find a substitute counterdhcor

E(Y, | D =1). One option is to use the average outcome of rotiepants, E(¥|D=0), but this

will be biased if the unobserved potential outcomietseatment recipients differ from the
observed outcomes of non-recipients. To illustrabnsider the case of a researcher who wants
to know how a job training program impacts the veagethose who voluntarily enroll in the
program. It would be wrong to assume the wagebkaxfe who did not enroll in the program are
equivalent to the wages of those who did enralhaprogram had they not received treatment.
Those who enroll in the program are likely to havare motivation to improve their

employment situation, which will likely positivelynpact their wages whether they participate in

the training program or not.

12



The Role of Randomization

The random assignment of participants to treatraedtcontrol groups allows us to
assumé=(Y, | D =1) = E(Y,|D=0), by establishing the independence of treatragsignment to

potential outcomes. Assuming the randomizatioralgl and the sample is sufficiently large, the
average expected valueXof will be equivalent for treatment participants awatrol group

members. This allows us to estimate the ATTE4Y’|D=1) — E(Y|D=0).

Selection Bias

Selection bias arises when the independence assunfigits and there are unobserved
differences between treatment participants andpasheipants that associate with the expected
values of ¥: E(Y, |[D=D-E(Y,|D=0)20

In absence of randomization, or when randomizdtieaks down due to non-compliance
with treatment assignment, sample attrition, oeption-random events, researchers must use
other methods to capture a causal inference. kbla986) states that the emphasis of all these
methods is “...on the ways that pre-exposure varsatéa be used to replace the independence
assumption with less stringent conditional indegeg assumptions” (p. 949).

The conditional independence assumption requirgscthnditional on variables X,

treatment status is independent of the expectezbmé: DIL E(Y, Y1|X). This paper is

fundamentally about determining the extent to whivlee standard non-experimental methods
(MR, FE, PSM) are able to establish conditionakehdence and produce estimates of the

magnet school effect that are free of selection.bia
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CHAPTER III

REVIEW OF THE LITERATURE ON COMPARATIVE EVALUATIONSOF NON-
EXPERIMENTAL ESTIMATORS

This chapter summarizes the relevant literaturtherempirical comparisons of non-
experimental methods. These comparisons take tmasfdetween-study comparisons and
within-study comparisons (Glazerman, Levy, & Mye&t803). Within-study comparisons
replicate the findings from an experiment using oneore non-experimental method.
Between-study comparisons use meta-analytic teabsitp compare findings of experimental

research from non-experimental research on a givegram.

Between-Study Comparisons

Between-study comparisons gather the results exgérimental and non-experimental
studies on a given topic and compare the meantediees from the experimental designs to the
mean effect sizes of the non-experimental desigmgumeta-analysis. This method helps
discern if there are systematic differences betwkemesearch findings on a given program (or
intervention) based on the research methods that uwsed.

The results of these comparisons are expectandgdniWhile most between-study
comparison found that the experimental effects vanger, on average, than the non-
experimental effects, they all revealed substamtightion in the differences between

experimental and non-experimental effects. Thanigxpected result because the meta-analyses
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evaluated studies of different programs and théopmance of non-experimental methods will
vary depending on the characteristics of the prograd its participants.

Heinsman (1993) conducted a meta-analysis on @®estwithin four seemingly
unrelated areas: scholastic aptitude test coachbility grouping of children within classrooms,
adolescent drug use prevention, and presurgicahpsygical interventions to improve surgery
outcomes. The author found that the mean effeetadithe randomized experiments (0.42) was
significantly larger than that from non-randomizegeriments (0.03).

Shadish and Ragsdale (1996) conducted a meta-anafysarital and family therapy
studies aimed at understanding the differencefecesizes between randomized and non-
randomized comparison groups. They found thatrtean effect size of the 64 randomized
experiments in their sample was larger than thenneffact size of the 36 non-experimental
designs. The randomized designs yielded a meantedize of 0.60, whereas the non-
randomized designs only showed an effect of 0.88l#ference of 0.52. When the authors
accounted various covariates, including pretesicefize differences, the difference in effect
sizes dropped to 0.27.

In their comprehensive review of 302 meta-analysestudies of psychological
treatments, Lipsey and Wilson (1993) found 74 naetalyses that compared treatment effects of
randomized designs to non-randomized designs. fthayd the mean effect size for
nonrandomized designs (0.41) to be slightly smaftlan that of randomized designs (0.46). The
authors concluded that there is not a systematistibng bias in either direction that stems from
the experimental or non-experimental designs. Hewevhen the authors graphed the
distribution of the differences in effect sizesvbetn experimental and non-experimental designs

for the 74 meta-analyses, it showed wide variatiath differences distributed normally around
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zero. The majority of the differences were betweé@ and +.40. In some of the meta-analyses
on certain psychological interventions, the biasan-experimental estimators was substantially
negative or substantially positive. The differenbetween experimental and non-experimental
effect sizes ranged from negative 1 to positive 1.6

The findings of Lipsey and Wilson (1993) underscameémportant point: the bias in a
non-experimental estimator will depend on the weation itself and the likelihood that a
selection effect would be present if random assgntrwere impossible. Many of the
psychological interventions studied in the desigryrinave had little bias simply because the
intervention did not incentivize people to selfeszlinto treatment for reasons that were
unobserved.

The between-study design has limitations for eutaigahe bias in non-experimental
estimators. For one, it relies on the presen@elafge enough body of evidence on a given issue
to be able to conduct a meta-analysis. For mastagtn programs policies, there are not
enough studies to achieve the power necessargttéotesignificant differences between
experimental and non-experimental estimators.

A second limitation is that between-study desigmagare experimental and non-
experimental studies conducted at different sitebdifferent time periods. Moreover, the
interventions that are grouped together within saramalysis are often very different.
Consequently, the results of the between-studygdestill leave some uncertainty as to which
methods work best because the differences in fgsdbetween experimental and non-
experimental designs may be due to other factacsy as differences in the study samples or

features of the intervention
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Within-Study Comparisons

The within-study comparative approach enablesdbearcher to determine if they can
eliminate selection bias through various statisteeshniques. Within-study comparisons aim to
estimate the selection bias in non-experimentahasors. The estimation of selection bias is
done in one of two ways: (1) estimate the seledtias as the difference between the impact
estimate of the experimental method and the impstatates of the non-experimental methods;
(2) compare the average outcomes of the experitnaméol groups with the average outcomes
of the non-experimental comparison groups. The&seapproaches will yield almost identical
findings if the same treatment group is used inetkigerimental and non-experimental methods
(Glazerman et al, 2003).

The most popular program for conducting within-stedaluations has been the National
Supported Work Demonstration (NSW) that was coretliduring the mid-1970s in 10 sites
across the U.S by the Manpower Demonstration Rels€@orporation (MDRC). The NSW was
a temporary employment program designed to prowiold experience and counseling to
disadvantaged workers. NSW randomly assigned @B to either participate in the NSW
program or serve as a control group and receivaupport. By tracking the behavior of the
treatment and control group participants in thefabarket over time, the study was able to
determine the experimental impact of the NSW tragrprogram. Comparing the earnings of the
treatment participants to the control group, thaynid that males and females in the treatment
group earned 9% and 8.5% more respectively thanvtioelld have without the program.
However, these estimates may be biased due to sattption.

A number of economists have used the experimeri@l/Nata to test non-experimental

methods by replacing the experimental control gneith comparison groups drawn from two
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national surveys: the Current Population SurveyJC&hd the Panel Study of Income Dynamics
(PSID). The common assumption of these studigsaisif the non-experimental statistical
models are specified correctly, they should prodheesame impact estimate of NSW on annual
earnings as the experiment.

LaLonde (1986) was the first to use the NSW datasbwhether the experimental
estimates could be replicated with non-experimeggtimators. He used different samples from
both the CPS and the PSID as comparison groupspeuified a variety of models that included
controls for age, schooling, race and individusdi-effects. The author’'s main conclusion was
that non-experimental estimators are poor subssitigr experimental estimators. While some
combinations of comparison groups and models cdose ¢o the experimental estimate of the
impact of the NSW training program on annual eaggiim 1978, others were off by more than
10%. The results for the females tend to be pasdind larger than the experimental estimate,
while the results for the males tend to be negaticd smaller than the experimental estimate.
His findings demonstrated that the specificatiothef comparison group as well as the
econometric model can greatly influence the acguohthe non-experimental method.

Heckman and Hotz (1989) reanalyzed LalLonde’s NS dad argued that specification
tests can be used to separate the good non-exgeahestimators from the bad. Their
specification tests involved running the non-ekpental models with the same sample, but
with data from participants before they enrolledNiBW. These tests assume that if the
selection-correction procedures of the non-expertaieestimators are accurate, there should be

no difference in earnings of future treatment pgyéints and comparison group members prior to
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treatment. Using this approach, the authors find that liremntrol models and fixed-effects
models are biased, while a random growth estimgt@rf®rm well and yield the same
conclusion as the experiment.

Dehejia and Wahba (1999) also use NSW data to aithe impact of NSW on
earnings using propensity score matching. Thecasitiise a subset of LaLonde’s sample of
adult men for whom data on two years of pre-progeammings are available. They use PSM to
balance program and comparison groups on pre-progeanings and a number of other
covariates. They find that PSM, relative to thinestors LaLonde evaluates, come closer to the
experimental estimate.

Smith and Todd (2005) reanalyzed the data by Delaeid Wahba (1999) to assess the
sensitivity of their findings and reconcile how yhegere able to produce non-experimental
estimators that performed better than LaLonde (L986&e authors found that the primary
reason that Dehejia and Whaba's PSM estimatorsmeeld better than LaLonde’s non-
experimental estimators is that they used a diftesample for their comparison group. Dehejia
and Whaba included variables in their estimatiothefpropensity score that caused high earners
to be dropped from their final samples. Smith &ndd show that the exclusion of the high
earners is the primary reason why Dehejia and Whastimators perform better than LaLonde.
They show that the traditional regression and wbffiee-in-differences estimators that LaLonde
employed also perform well when Dehejia and Whabaisaple is used. Moreover, they find
that the matching estimators exhibit substantias liecause of differences in how earnings are

recorded in the NSW and how it is recorded in tRS@nd PSID surveys. They also find that

! | present the results of the Heckman and Hotzg) 8Becification tests for the magnet school sindpe
appendix, where | usé® 3¢ and 4" grade data on the students used in the non-exgetanmethods as"and &'
graders.
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matching estimators produce bias when treatmeticjpants are matched to nonparticipants
from different local labor markets.

Friedlander and Robins (1995) assessed non-expatdimethods using experimental
data from an evaluation of a mandatory welfare-twknprogram. The welfare-to-work
evaluation took place at multiple welfare officeshin four states. To construct non-
experimental comparison groups they used the axpeatal control from one site as the non-
experimental comparison group for a different sitéey used OLS regression and propensity
score matching to estimate the non-experimentarpro impact. The authors found that the
program impacts varied depending on the compagsomps that were used. Their non-
experimental estimates were closer to the expetahestimates when the authors used
comparison groups from the same state rather thiaparison groups from different states.
Contrary to Heckman and Hotz (1989) the authorsndidind that specification tests could rule
out bad estimators, other than “wildly inaccuratélier estimates” (p. 935).

Heckman et al. (1998) present the most comprehemrsigluation of non-experimental
estimators. The authors use data from four NatidohlTraining Partnership Act (JTPA)
randomized field trial study sites. To create maperimental comparison groups, they used
survey data on non-JTPA participants who met tHeAJ@riteria and were from the same
neighborhoods as the JTPA sites. This elimindteptoblems created by selecting samples
from different geographic areas. To estimate ths im non-experimental methods, the authors
compared the outcomes of the experimental contols with those of the non-experimental
comparison groups.

The authors employed an extensive series of testvariety of propensity score

methods and econometric models. They used vamdmpopensity score matching, including
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kernel matching and local regression matching mmjwaction with matched difference-in-
difference estimators. They were able to decompusselection bias into three fundamentally
different components: (1) bias due to experimerdatrol groups with no observationally
similar counterparts in the comparison group; (¥ llue to differential representation of
observationally similar people in the two groups] &3) bias due to unobserved differences
between observationally similar people.

Of the econometric methods they tested, their coatlain of propensity score matching
with a difference-in-difference estimation perforthe best at eliminating bias. The main finding
from this evaluation is that it is observable clegegstics rather than unobservable
characteristics that are the main source of bidsst of the selection bias was due to comparing
the wrong people —i.e. using a comparison group wit observationally similar counterparts to
the experimental group —and comparing the righpfgem the wrong proportion —i.e. differential
representation of observationally similar peopléhiemtwo groups. They find that bias due to
selection on unobservables is less important thia@r @omponents, although it still represents a
substantial fraction of the impact estimates. Thaleyp conclude that using propensity score
matching to balance observable characteristicek@tbmparison groups improves the
performance of the estimators. A key point of tlagialysis is that the correct estimation of a
treatment impact using non-experimental data reguoth a strong data set and the right
methods. The high quality of their data explairg/heir estimators performed better than
those of LaLonde (1986).

Bloom, Michalopoulos, Hill, & Lei (2002) conductddeir comparative analysis using
experimental data from the National Evaluation adlfate-to-Work Strategies (NEWWS). Like

Friedlander and Robins (1995), they drew on expamtad control group members from other
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sites to establish the non-experimental compamgonps. Like Heckman et al. (1998), they
estimated the selection bias by comparing the owsoof the experimental control groups to
their non-experimental comparison groups afterstieal adjustments. For each experimental
group, they created an in-state comparison graupu&of-state comparison group, and a
comparison group drawn from multiple states. Téstymated the bias of the non-experimental
estimators for a short run time frame comprisetheffirst two years after randomization and a
medium run time frame comprised of the third thitotigh years after randomization.

The authors tested variations of propensity scatehmng, OLS regression, fixed-effects
models, and random-growth models. They drew upachadata set of participant background
characteristic, employment information, and quaytearnings data. They found that biases for
non-experimental methods are positive for someiegipdns and negative for others. The bias
in the non-experimental estimates was consistéantyer in the medium run comparisons than in
the short run. In some cases, the medium-runviasthree to five times larger than in the short
run. Of the three comparison groups (in-state;obugtate, multi-state), the in-state comparison
group produced the smallest mean bias. The autldrsot find that one statistical adjustment
method was able to consistently reduce bias. Tdwyd that using a simple difference of means
performed as well as OLS, PSM, and fixed-effectslef® The random-growth model tended to
increase the bias regardless of the comparisorpgrsed or the time frame of the analysis.

Glazerman et al. (2003) synthesized the resuli? afithin-study comparisons of non-
experimental impact estimates of welfare, job irggnand employment services programs on
annual earnings. The authors found that eight@fl2 studies in the analysis demonstrated that
the non-experimental estimates tended to underttatenpacts, while four tended to overstate

the impacts. While some of the bias estimates wlese to zero, some were very large — over-

22



or under-estimating annual earnings impacts bywashnas 100%. For the entire sample of
studies, the un-weighted average of the absolute\d the bias associated with using non-
experimental methods was about $1,500, or aboutdff8articipants’ annual earnings. Their
analysis did not find that matching methods, st&R8M, performed uniformly better than
traditional regression modeling. Of the matchingtimds, they found that one-to-one matching
had less bias than other matching methods.

Wilde & Hollister (2002) present one of few studiesvaluate non-experimental
methods in an education setting. They apply prsipgscore matching to estimate the effect of
class size reduction on achievement test scorag esperimental data for Kindergarteners from
schools in Tennessee’s Project STAR. For eachedf 11 schools with 100 or more
kindergartner, they construct comparison groupsgusut-school units; that is, they combine
treatment children from a given school with contibildren from all other schools. They
conclude that propensity score matching estimdtésedreatment effect differ substantially
from the experimental estimate. Of the 11 schdbksy find that in four cases, the non-
experimental estimate would lead to the wrong deeiabout whether to invest in class size
reduction.

Rouse (1997) evaluated the Milwaukee private sctioothers program. She compared
the lottery participants that were randomly selédte a voucher to those who were not selected
to establish an experimental estimate. She alsth aisandom sample of students from the
Milwaukee public schools and used student fixeeetff to conduct a non-experimental
comparison group. She found the results of helysisausing the random control group to the
non-experimental comparison group to be similaer ékperimental impact estimate of

vouchers on math was between 2 and 3 percentages p@imilarly, she found that private
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school voucher students experienced greater math geores than the non-experimental
comparison group of about 1.6 to 1.9 percentagetpai year. In reading, she found both the
experimental and non-experimental methods faildichtban impact estimate that was

statistically different from zero.
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CHAPTER IV

THE RANDOM ASSIGNMENT EVALUATION OF THE IMPACT OF MM\GNET SCHOOL
ATTENDANCE ON STUDENT ACHIEVEMENT

This chapter presents the findings from the randesignment evaluation of an
academically selective magnet school in an urbaimidi of a mid-sized Southern city. The data
and analysis presented in this chapter stem frtmea year project led by Dale Ballou and
Ellen Goldring, whose original findings were regaltin Ballou, Goldring, and Liu (2006) and
Ballou (2007). This approach uses the resultd®itagnet schools’ admissions lotteries to
create randomized control groups (lottery winned lattery losers). Students’ lottery status is
then used as an instrumental variable (1V) for neagahool enrollment in order to estimate the
impact of the magnet schools on student achievenmiém “experimental IV” findings presented
herein serve as the basis for the comparative atrafuof the performance of the non-

experimental estimators.

Magnet Schools in the U.S.

Magnet schools originated in urban school districtsng the late 1960s in response to
“white flight” —i.e. the rapidly increasing withdnal of non-minority families to the suburbs —
and school desegregation efforts. Magnet schaoldged an alternative to involuntary racial
integration policies, which were on the rise siadederal court ordered the Charlotte-
Mecklenburg school district in North Carolina teedsrced busing to desegregate schools in

1969. Urban districts hoped they could concuryeratain white families and create racially
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balanced schools by creating selective magnet $£loth specialized curricula and innovative
programs that attracted students from across #teati

The federal Emergency School Aid Act (ESAA) of 19idled magnet school growth by
targeting funds towards voluntary racial integnatmograms (U.S. Department of Education,
2001). President Nixon advocated for the law agans to support districts “that wish to
undertake voluntary efforts to eliminate, reduc@m@vent de facto racial isolation” (Nixon,
1970).

ESAA was terminated in 1981, by which time thereen@ver 1,019 magnet schools in
operation (Rossell, 2005)In 1984 the federal Magnet School Assistance fRrnMSAP)
picked up where ESAA left off by providing fundsdestricts under court-ordered desegregation
to create new magnet schools (Steele & Eaton, 1996)

Over time, the policy objectives of magnet schabifted away from school
desegregation and towards the expansion of putiiica choice. This shift is partly due to the
fact that forced desegregation orders, which mhdertagnet school alternative attractive to
families who did not want their children bused asrtown, were lifted by federal courts. School
districts such as Kansas City, Charlotte-Mecklegpband Boston were no longer obligated to
continue cross-town busing and many more familieseviree to attend their neighborhood
school. At the same time, the growing public dedhfon more choice in public schooling —
evidenced by the rise in inter-district transfeligges and public charter schools — compelled
districts to create magnet schools in order tordifiethe set of public school options in the
district and retain their student population.

According to the National Center on Education Stats (Hoffman, 2006), 2.1 million

students attended 2,736 public magnet schools ste8&s during the 2005-2006 school year.

2 ESAA was eliminated under the Omnibus Budget Reitiation Act of 1981.
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Fifty-nine percent of these magnet schools wemnetgary, 16% were middle, 21% were high
school, and the remaining 4% had other grade cordimpns.

Today’'s magnet school universe is diverse, but redsbols share the following features:
(1) they have a curriculum and/or instructionalgyeon that is catered to a certain student
subgroup, academic interest, or content-areah@) are schools of choice open to all students
in the district — unless they require students é@nhspecific admissions criteria; (3) they aim to
draw students from across the entire district émexht zone and not just from certain assigned
neighborhood zones; (4) they attempt to maintaecally and economically diverse student

population.

Review of the Literature on Magnet School ImpantStudent Achievement

The results of three decades of research do neidera definitive answer as to whether
or not magnet schools are more effective than theiitional public school counterpartin
part, this ambiguity is due to variation in theatigpf methods that have been used to evaluate
magnet schools. The impact of magnet schools aestiachievement is particularly
challenging to estimate because families self-s@ka the magnet schools for reasons that are
unobserved. If the factors that lead familiesdlest magnet schools have an independent effect
on student achievement, then comparing magnet shatents to non-magnet school students
may lead to biased estimates of the magnet effEuis “selection bias” is of particular threat to
the validity of the many studies that comparedati@evement of students in magnet schools to
students in non-magnet schools without controlforgdifferences in prior achievement or other
characteristics (see for example, Blank, 1989; Mesu& Szcypkowski, 1993; Poppell &

Hague, 2001).

% See Ballou (2009) for a comprehensive review efliterature on magnet school outcomes.
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The standard practice for addressing selectionibiasexploit the fact that
oversubscribed magnet schools typically use randteries to determine who gets admitted.
The random assignment via the admissions lottesgtes a natural experiment, which allows
researchers to evaluate the impact of the maghebsby comparing the achievement of lottery
winners to lottery losers. Selection bias is resdlin because any differences between these two
groups arrive solely by chance and the charadsist the two groups will be probabilistically
the same as long as the samples are sufficiemgg.la

Crain, Heebner, & Yiu-Pong (1992) used the admisslottery design in an evaluation
of 59 of New York City’s career magnet schools.eylanalyzed ninth grade outcomes of a
single cohort of 8 graders that included 3,272 average readers aéhb&6w-average readers.
The researchers estimated an “Intent-to-Treat” JIdffect by comparing the ninth grade
outcomes of those who won the lottery to those lekbthe lottery, naive of which school they
actually ended up attending. Among average reattersauthors found statistically significant
differences in reading scores and credits earngdrtbgraduation. Among below-average
readers, there were no significant differencegatding gains or credits earned, but lottery
winners had higher pass rates on the Regent’s tastth A second evaluation (Crain, Allen, &
Thaler, 1999) followed the™grade cohort for an additional four years. Thaynd no
statistically significant difference between thadmg and math results of lottery winners and
lottery losers that were administered in the spdhthe students’ second and third years in high
school.

Kemple & Snipes (2000) reported the findings ofrarestigation into career academies
at nine sites that served over 1,700 students. sftlents were followed fronf"®r 9" grade

through the end of their scheduled"kftade year. The researchers conducted an ITysisal
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by comparing high school outcomes of those who theriottery to those who lost the lottery.
The students were divided into the three groupsdas their risk of dropping out of high
school. They found that the career academies auniitety improved outcomes among students
at high risk of dropping out, but had little efféstthe aggregate for those with low or moderate
drop out risk. Of those with high dropout riskeytfound statistically significant positive effects
of the academies on dropout rates, attendanceemdadourse-taking, and the likelihood of
earning enough credits to graduate on time.

Kemple and Scott-Clayton (2004) followed-up on shenple used in Kemple and Snipes
(2000) to evaluate their post-high school and labarket experiences four years following their
scheduled graduation from high school. Their foHop sample included more than 1,400
subjects. Among males, they found academy lotignyers had average earnings that were
18% higher than lottery losers. This differenceswwat found for females. Lottery winners did
not have statistically different levels of educatibattainment (high school graduation,
enrollment in college) in the follow-up analysigsgite differences noted in the original study in
course-taking and credits earned toward high sctx@aluation.

Betts et al. (2006) also exploited admissions tlw$eto assign students to treatment and
control groups. They examined four years of dadenfa single cohort (2000-2001) that spanned
all grade levels. The researchers ran separatgsasdor elementary, middle, and high school
magnets in each year following the lottery (200022®002-2003, 2004-2004). They did not
find a statistically significant effect of magnet®ols on reading when they controlled for prior
test scores. However, they did find a positive stadistically significant effect of the high

school magnet program in math in the second and year.
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The latest reported experimental findings come fBatiou’s 2007 study of a magnet
school program in an urban school district in tbet8. Unlike the previous randomized studies,
which conducted ITT analyses, Ballou used lott¢ayus as an instrumental variable for magnet
school attendance. The author found positive &ffiecthe district’'s academically selective
magnet and in a composite of four non-selectivematsy The author estimated the
academically selective magnet to have a 3.5 scale point effect in fifth grade math, but a 1.6
point loss in the sixth grade. The analysis ia thapter replicates the findings from the Ballou

study, although it focuses exclusively on the ao@dally selective magnet school.

The Study Setting

This research focuses on students in an urban kdhsbact in a mid-sized Southern city.
The school district serves approximately 70,00@extts in Kindergarten through".grade.
During the 2005-2006 school year, 46% of studemielack, 40% were white, and 10.5%
were Hispanic. Sixty-four percent qualified foedror reduced price lunch (FRL) and 10% had
limited English proficiency (LEP).

At the time of the study, the district operatedr&gnet schools, 3 of which had
academic admissions criteria that included perfognaibove average on standardized
achievement tests. Students who apply and meetiteea for the academically selective
magnets were selected at random via an admisstesyl. The other ten magnet schools were
theme based. Most applicants to the thematic magheols were selected by lottery, but there
were three other ways to be admitted to a themagignet school: (1) live within the enrollment
zone of the magnet school; (2) get admitted undsiblang preference rule; (3) be admitted as a

“walk-in" if the school was not over-subscribed.hese alternative routes to admission do not
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apply to the academically selective magnet schedigre admission is restricted to only those

students meeting the academic criteria.

The Academically Selective Magnet School

Five of the 13 magnet schools in the district arédhe schools (serving grades 5-8). Of
the five magnet middle schools, four are theme-thasel one is academically selective. This
analysis focuses exclusively on the effect of the academically selective magnet middle
school relative to all other non-selective middteaols in the district, including the non-
selective magnets.

To attend the selective magnet middle school, stisdmust apply during the fall of their
fourth grade year and have their application setkthirough a lottery that is held in the winter of
their fourth grade year. To qualify for the loftea student must have a minimum grade average
of 85 for the spring semester df §rade, no failing grades in the first grading perof the 4
grade year, and achieved a composftg@de score on a standardized test that falls &bove
the seventh stanirie.

Data

The sample used in this analysis is limited%@fd &' grade students. | restrict the
sample to only those students who were enrolleéhérschool district in2grade. This follows
the approach used by Cullen, Jacob, & Levitt (200@heir study of magnet high school
programs in Chicago. It is a necessary restridtiecause | do not hav& grade achievement
data on students who applied from outside theidisind therefore cannot control for their prior

achievement in the estimation of the magnet scéffett. Excluding non-district students does

* Stanine is a method of scaling test scores onepoint standard scale with a mean of five aniadsrd
deviation of two. Students who are at above thers stanine are at or above th& pércentile of the scale score
distribution.
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not threaten the equivalence of the randomly assigmmparison groups because the lottery
ensures they are equally represented among lotieners and lottery losers. Moreover, it helps
reduce the problem of selective attrition becabsed students are presumably less likely to stay
in the district if they lose the lottery.

While | have data to track the students’ perforneainom grades 5 through 8, | restrict
the analysis to5and 6" grade students because the district operateseratademically
selective magnet school that begins fhgrade and serves grades 7-12. Including the latte
grades (7 & 8™ confounds a straightforward comparison of théetstive magnet school”
treatment condition to the “non-selective distachool” control condition because many
students who lose the admissions lottery (and skbug as our experimental control group) end
up attending the other academically selective mlaigln’éh grade.

The outcome data are student-level mathematicsemating scale scores from the state
standardized test, which is administered to tHhirdugh eighth grade students in the district.
These data can be linked to five cohorts of stugjemith the first cohort enrolling in"sgrade in
the fall of 1999 and the last cohort enrolling thdsade in the fall of 2003. Admissions lottery
data are available from 1999-2000 to 2003-2004thmristudents’ standardized test scores can
be tracked through 2004-2005 if they remained éndistrict. In addition to test score data, the
analysis uses data on students’ ethnicity, gerdel, status, LEP status, and special education
status.

Table 1 presents the admissions lottery activitytie sample. There were 2,282
students who enrolled in the district dsgtaders and participated in the selective magnet
admissions lottery during the five years of thedgtul,087 students (47.6% of all lottery

participants) won admission to the magnet schdbkeioutright or through their position on a
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wait list. Of the 1,087 lottery winners, 747 (6&Yenrolled in the magnet school d5daders

in the following fall. Of the 340 lottery winnevgho did not enroll, 202 remained in the district
and attended a non-selective public schoofigde and 138 left the district before enrolling i
5" grade.

Table 1.

Lottery Participation and Magnet School Enrollment

School Lottery # Lottery % Lottery  Lottery % Lottery Fall

Year Participants  Winners Winners Losers Losers  Enrollees
1999-2000 386 202 52.3 184 47.7 126
2000-2001 441 232 52.6 209 47.4 146
2001-2002 514 218 42.4 296 57.6 154
2002-2003 424 216 50.7 208 49.3 168
2003-2004 517 219 42.4 298 57.6 153
Totals 2,282 1,087 47.6 1,195 52.4 747

Note. Lottery winners include both outright winnerg(ithose who won admission on day of
lottery, and delayed winners (i.e. those who womiadion after a period on a waiting list).
Sample is limited to students who were enrollethindistrict in 4 grade.

Estimating the Experimental Effect of Selective Magchool Enrollment

To estimate the causal effect of the magnet samo@cademic outcomes, we must
compare the magnet students to a group of non-maguraents who are exactly similar in all
ways that would affect their potential achievemadependently of the school they attend.
Families who send their children to magnet schhaige taken voluntary action to seek out,
apply to, and enroll in the magnet schools. ThlEselection poses a problem for evaluating the

causal effect of the magnet school because thenmsdbkat lead some students to enroll in the
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magnet school, and others not to, are expected tolrelated with students’ future academic
performance.

Indeed, there is research to support the claimtkigatypical magnet school family is
different from the typical non-magnet school familMagnet school parents tend to be more
involved in their children’s education than typigalblic school parents (Martinez, Godwin, &
Kemerer, 1996; Smrekar and Goldring, 1999). Initamid evidence suggests magnet school
parents are more likely to come from higher inc@raups than other parents in the district
(Hausman and Goldring, 2000).

Parental involvement and household income are afdte many dimensions on which
magnet school students may differ from public stistedents in ways that affect their future
achievement. If these dimensions were observederuwrately measured, one could account for
them in the estimation of the causal effect viatipld regression or matching procedures.
However, the fundamental problem for estimatinggblective magnet effect is that most of
these differences are unobserved.

To illustrate the consequences of this selectionrabservables, consider the estimation
of the magnet school effect in model 5.1, whéis the achievement of studerdandD equals 1
for students in the selective magnet school arat ¢hbse in other non-selective schools in the
district. Xrepresents a vector of observed characteristittsea$tudent, including socio-

economic status, demographics, and prior achievemen

Yi = fo + fi Xi + di Di+ u; (51)
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Under a plausible scenario where (a) parents etee magnet school attendees are
more motivated to improve their children’s educadilbopportunities, (b) higher parental
motivation leads to better student achievement,(endarental motivation is an unobserved
trait, the estimate af, will be biased because the outcomes of the magheiol students would
differ from their non-magnet counterparts in abgeoictreatment. Even after controlling #6r
the correlation oD; to u; that results from unobserved differences in patentaivation would
upwardly bias the estimate of the magnet effect

The bias resulting from selection on unobservatéesbe dealt with experimentally if
admission to the magnet school is based on ayottést school districts require that magnet
schools with more qualified applicants than vacastiold a lottery to randomly determine
which students are offered admission. Researatigrisaccess to the admissions lottery data can
exploit the random assignment of students viadtteries to achieve an experimental design
where self-selection is not a problem because#éiy participants seek entry to the magnet
school. Randomization guarantees that unobservadndiions, such as parental motivation, are

probabilistically the same for lottery winners dattery losers if the sample is sufficiently large.

Tests on the Random Assignment Process

In this study, the admissions lottery process redly managed by the district and there
is little reason to suspect that the outcomes®fdttery are anything but random. Nevertheless,
I look for evidence of non-randomness within theults of the lottery outcomes by comparing
various characteristics of lottery winners anddtiosers. This test is done by conducting a t-
test of the difference in means of seven variabbbee (Black=1), FRL status, LEP status, gender

(female =1), special education status, and studéfitgrade math and reading scale scores.

® Note that lottery winners are defined as thosdesits who won the lottery outright on the day @ libitery or
won because of their place on a wait list.
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Table 2 presents the results of the t-tests arehte that none of the differences in means
of the lottery winners and lottery losers wereist&illy significant at g-value below .05.
This suggests the admissions lottery was indeedbrarand students’ lottery assignment can be

used to yield an unbiased estimate of the magfettef

Table 2.

Test of the Randomization Process by Comparishotbéry Winners to Lottery Losers

Lottery Lottery Difference
Winners Losers
% Black 19.1 22.0 2.83
% Free/reduced-price lunch 13.0 14.8 1.81
%ESL 9.01 7.60 1.41
%Female 52.7 53.6 0.84
% Special Education 13.0 11.0 1.94
4" Grade Math Scale Score 668 666 2.04
4" Grade Reading Scale 685 684 -.79
Score
Observations 1,087 1,195

* p<.05; * p <.01; **p <.001

Note.Sample restricted td"grade students who were enrolled in the distriefi grade.

Similar results were found for th& rade sample.
Non-Compliance with Lottery Assignment

The experimental design created by the admissaitesy is threatened by participants’
non-compliance with lottery assignment. Non-caamgie with lottery assignment is expected
because lottery winners are not forced to enrahexmagnet school. Upon winning the lottery,
families still have to exercise their option to@hm the magnet school. Many lottery winners
decide not to exercise their option to attend tlagmet school and instead enroll in private

schools, transfer to public schools in other surddg districts, or enroll in other middle schools

within the district. Those lottery winners who dat attend the selective magnet and rather
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enroll in a different middle school in the distraoe considered non-compliers because we
observe their status in the control condition (e@other district school). Lottery winners who
leave the district for private schools are desigdats attritors because their treatment status is
unobserved — we do not know if they would have dadppr not-complied with lottery
assignment had they remained in the district. Sampliance is not a concern for lottery losers
because there is no way for lottery losers to émdhe magnet school.

Table 3 reveals the extent of the lottery non-coamgle in the five-year sample. Of
1,087 students who won admission to the selectagnet over the five lotteries, 177 (16%) did
not enroll in the selective magnet d5dade students and instead enrolled in anothtriatis
middle school. 191 (18%) of lottery winners did earoll in the selective magnet d8 graders
and instead enrolled in another district sctool.

If the non-compliance were random and unrelatestudents’ potential achievement, it
could be ignored in our estimation of the ATT. oweéver, this is an untenable assumption in
this study. We expect students who won the lottexy chose not to attend the magnet school to
be systematically different from those who completh lottery assignment in ways that affect
their future achievement. For example, the famiteéthe 177 non-compliers may simply have
less motivation to improve their children’s acadeperformance than the families of compliers,
hence their decision not to attend a perceivabliebpublic school. This lower family
motivation may lead these students to have lowtrréiachievement regardless of the school
they attend; in which case non-compliance would keaan over-estimation of the magnet

school’s effectiveness if it were not addressed.

® Note that a total of 340 lottery winners did notal in the magnet as"sgrade students. 177 of these students are
non-compliers (those who remained in the distridténrolled in a different school); the remainir@8kstudents are
attritors (students who left the district befofedgsade).
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Table 3.

Non-Compliance of Lottery Winners

5" Grade 5" Grade 6" Grade
Fall 5" Grade  Non- 6" Grade Non-
Lottery Lottery Magnet Non- Compliance 6" Grade  Non- Compliance
Year Winners Enrollees Compliers Rate Enrollees Compliers Rate
1999 202 126 34 16.8% 121 47 23.3%
2000 232 146 51 22.0% 135 46 19.8%
2001 218 154 37 17.0% 147 40 18.3%
2002 216 168 25 11.6% 160 25 11.6%
2003 219 153 30 13.7% 152 33 15.1%
Totals 1,087 747 177 16.3% 715 191 17.6%

Note. Lottery winners include both outright winner®(j.those who won admission on day of
lottery, and delayed winners (i.e., those who wadmigsion after a period on a waiting list).
Non-compliers are defined as those who won thergtbut enrolled in a different school in the
district. Those lottery winners who won the logtdsut enrolled in a private school are
considered attritors because their observed “treathstatus had they remained in the district is
unknown.

Another plausible scenario is that many of the fesiof the 177 students were unable or
unwilling to provide transportation for their chih to the selective magnet school. Parents
must provide their own transportation to the disimagnet schools or their children must
utilize the city’s busing services. Inability togpide transportation may be an indicator of other
home life circumstances that affect academic aelm®nt, such as the amount of slack in
parental time and resources available to suppadesit learning outside of school. Refusal to
provide transportation when the time and resouaceswvailable may be an indicator of parent’s
value of education. Under both scenarios, therdgtivinners who do not enroll in the magnet

for transportation reasons will be different frane fottery winners that do enroll in the magnet

in ways that may independently impact their achneset regardless of their school choice.
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To find suggestive evidence of the presence otsetebias stemming from non-
compliance, | conduct a test with the observed.dataable 4, | look to see if thé'4grade
reading and math performance and demographic deaistcs of non-compliers are on average
different than complierd. The rationale for this test is that the presesfcaatistically

significant differences in observed data may sugtpese are statistically significant differences

in unobserved data that will bias the estimatdefrhagnet effect.

Table 4.

Comparison of Characteristics of §rade Compliers and Non-Compliers

Compliers Non-CompliersDifference  T-Statistic

4" Grade Math Scale Score  667.9 663.7 4.2 1.80
4" Grade Reading Scale Score 684.7 678.8 5.9 2.57**
Black 20.9% 22.7% 1.8% 0.55
FRL 12.1% 19.9% 7.8% 2.69**
Female 53.7% 47.3% 6.6% 1.57
ESL 10.3% 5.1% 5.2% 2.13*
Disabled 13.8% 10.2% 3.6% 1.25
Observations 747 177

*p<.05; * p < .01; **p < .001

Note.Sample restricted td"grade students who were enrolled in the distniefigrade. Non-
compliers are only those students who remaineldrdistrict, but did not enroll in the
selective magnet school. Lottery winners whotledt district before or durinq:Eor 6" grade
are considered attritors. Findings similar to thiseble 3 were found for thé"grade sample
of lottery winners.

Table 4 reveals a few important differences betwsmenpliers and non-compliers. The

4™ grade math and reading scores of non-complierlemr than those of compliers, although

" These samples exclude those with missing tesescor
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only the difference in reading is statisticallyrgfgcant (p = .031). The proportion of free and
reduced price lunch students in the non-complienda was larger and statistically different
than the proportion of FRL students in the commemple |§ =.023). These statistically
significant differences in observed characteristieggest there may also be differences in
unobserved characteristics between compliers anecampliers.

This non-random compliance signals that the estimadf the ATT by comparing
magnet attendees to non-magnet attendees willdsedbibecause the randomization created by
the admissions lottery is not preserved in the gsoaf magnet attendees and non-magnet

attendees.

Intent to Treat Effects

One methodological solution to non-compliance isdnduct an ITT analysis and
estimate the average causal effect of being offadedission to the selective magnet school by
comparing the academic performance of those whoth@ihottery to the academic performance
of those who lost the lottery.

The ITT may be of interest to policymakers singerdvides a realistic measure of the
impact of an intervention that is implemented ia thal world, where all participants will not
take up and complete a treatment as intended.liffitation of the ITT estimate in the context
of the magnet school evaluation, however, is thdbes not inform policymakers of the causal
effect of actually attending the magnet school. f@yusing on lottery assignment, the ITT
captures the causal effect of being offered a spibie selective magnet school. It does not

capture the effect of actually attending the saleanhagnet school.
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Instrumental Variables Regression

In the presence of non-random non-compliance,gbssible to estimate an unbiased
ATT if certain assumptions hold. This is done bdyva-stage least squares (2SLS) regression of
student achievement on magnet school enrollnigntusing the lottery assignmei@)(@s an
instrumental variable fdp. UsingZ as an instrumental variable (IV) is a standartinieque for
addressing the non-compliance problem (see, fanpleg Angrist, Imbens, and Rubin, 1996;
Hoxby, 2000; Heckman, LaLonde, and Smith, 199%e IV estimator will be a consistent
(asympotically unbiased) estimate of the ATT agjlas the admissions lottery is random.

Imbens and Angrist (1994) characterize an effetitn@sed by IV regression as a local
average treatment effect (LATE) because infereacesestricted to the subsample of
participants whose treatment status (or probatwlityeatment) is affected by the IV. In many
cases this subsample is not of interest to thareker and the data do not allow for inferences to
a meaningful sample without strong assumptionseretfect of the IV on treatment status.
However, in this evaluation the LATE is the desipaglameter; the admissions lottery is the sole
intended path to enrollment in the academicallgdeale magnet and the 1V estimate yields
inferences for those who enroll in the magnet beeai the outcome of the admissions lottery.

To estimate the effect of the academically seleathagnet school on student

achievement, | specify the following 2SLS IV esttora

S

1* Stage:

Dt =7y + 1, Xy + 1.C, +6,Z

igt +/]g+yt+,79t+uigt

igt

2" Stage:

Yt :ﬂo +5g I:Sigt +ﬁxxigt +ﬂcc| +Ag +yt +’79t +£igt (52)

19
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The first-stage predicts enrollment in the selectivagnet school using lottery status and
all other observed covariates expected to influemtéevementD is equal to one if studentn
gradeg (5" or 68") was enrolled in the selective magnet in yteXris a vector of student
characteristics that includes special program gpgtion (LEP, FRL, special education), student
attributes (female =1, Black =1), and student fogptade test scale scores in reading and math.
C indicates the year the student participated ifdttery and is included to account for effects
that are constant for all students in a cohortMany across cohortZ.is the instrument and
equals one if the student won the admissions jo##her outright or after spending time on a
wait list. In addition, the model includes grade=ll effects X) , year fixed effectsy() , as well
as an interaction of grade and yegy)(that captures changes in the test across yedrgrades.
Standard errors in the model are adjusted for limgering of students’ observations over time.

The second-stage equation regresses the mathafbngg score of studentn gradeg
and yeat on the predicted values of magnet attendance aldthgall other regressors, again
using least squares. Note the effects of the eatesiX are held constant for across years and
grades, while the effect of the magnet schooll@aadd to vary by grade. The key point of the
2SLS regression is that the randomization creagetidlottery assignment is preserved through

our restriction of the inference 6fto those who complied with lottery assignment.

Sample Attrition

The IV estimator addresses the problem of non-ciampé, but it does provide a solution
to selection bias introduced by attrition from thadomized samples of lottery winners and
lottery losers. Selective attrition will lead t@b in the IV estimate of the causal effect. This

threat arises primarily because it is not posdiblieack lottery participants who enrolled outside
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of the district (or in a private school) iff 6r 6" grade. A substantial number of lottery winners
and lottery losers left the district after tHR grade lottery, but prior the beginning of tH2 5
grade year. This is likely because the transitiom 4" to5" grade is a normal transition year
in the district; most students are moving from 4 Klementary school to a 5-8 middle school
and it is a natural time for parent’s to shop femschools inside and outside of the district.

Table 5 reports the attrition rates of lottery wersmand lottery losers during the study
years. Fifteen percent of lottery winners weissing over the five years of the study. The
attrition rate among lottery losers was 38% highetty 25% of lottery losers missing outcomes.

Manski (1995) asserts that sample attrition matkesmpossible to yield an unbiased
point estimate of the causal effect without malstrgng assumptions on the nature of the
attrition. One strong assumption is that the samfirition yields outcomes that are missing
completely at random (MCAR). Outcomes are saidetd1CAR when the probability that an
outcome is missingy =1) is unrelated to the value of the potential outedif) or any other
variables in the modekK]: Pr(S|Y,X) = Pr(S).If the MCAR assumption holds, the missing
observations can be thought of as a random subsashiie observed data and the point
estimate via the IV estimator would not be biaga@n in the presence of differential attrition
rates (Little & Rubin, 2002).

A less restrictive assumption is that the attritiesults in outcomes that are missing at
random (MAR). Data are said to be MAR when thebptility that an outcome is missing is
unrelated tor after controlling forX: Pr(S|Y,X) = Pr(S|X).Under an MAR assumption, we
assume the regressors in the IV model adequatelyatdor the non-random differences
between the lottery winners and lottery losers tastilts from the sample attrition. If the MAR

assumption holds, the IV point estimate of the neagiffect will still be unbiased.
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Table 5.

Attrition Rates among Lottery Winners and Losers

Lottery Winners

Lottery Losers

5th 6th 5th 6th

Grade Grade Total Grade Grade Total
1999-2000 20.8% 20.8% 20.7% 20.7%
2000-2001 15.1% 16.8%  15.9% 26.8% 225%  24.8%
2001-2002 12.4% 20.3%  16.4% 15.9% 37.0%  24.6%
2002-2003 10.6% 13.8%  12.2% 31.0% 21.2%  25.8%
2003-2004 16.4% 14.4%  15.4% 20.8% 33.3%  25.9%
2004-2005 14.4%  14.4% 27.6%  27.6%
Total Attritors 163 172 335 268 331 599
Total Non-Attitors 924 906 1830 927 848 1775
Total Observations 1,087 1,078 2,164 1,195 1,179 2,370
Total Attrition Rate  15.0%  15.9%  15.4% 22.2%  281%  25.2%

Note.Sample restricted td"sand &' grade students who were enrolled in the distniet'y

grade.

While more tenable than MCAR, a MAR assumptiortilsa strong assumption in this

particular study because it assumes the sampitosttloes not stem from unobserved factors

that relate to future achievement. The differatgs of attrition suggest that lottery losers are

leaving the district for reasons that do not appliottery winners. One plausible scenario is that

families are more likely to leave the district iarpuit of better educational options if they are

denied entry to the selective magnet school. Tharsdies that leave the district may have more

motivation to improve their child’s education or reagesources to find other schooling options.

Parental motivation and resources are two unobddaators that will likely have independent

positive effects on future achievement. If thighis case, then those who left the district would
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not be representative of the full sample of lotlesers and the experimental comparison of
lottery losers to lottery winners would be biasédhis situation would be defined as one where
the data are missing not at random (MNAR).

There is no way to empirically test if the data Bi#&R or MNAR, but it is possible to
garner evidence on the nature of the missing outedmy examining the observed data. To do
this, | conduct a test that investigates whethersdimple attrition introduces additional
differences between lottery losers and lottery wisrthat were not present in the initial
randomized comparison groups. If the sample iattrintroduces additional differences in
observed characteristics, we have reason to sugpeay also introduce unobserved differences
that the randomized lottery assignment effectivmianced between lottery winners and lottery
losers.

This test takes the form of the following regressicodel®

Xi =B+ BZ + BS + B2 S + BC +V, +& (5.3)

Where the dependent varialdés one of the seven student characteristics tleatised in
the IV model (female, Black, FRL status, LEP staggecial education statud! grade math and
reading scores). The extent to which attritiomadtices differences between lottery losers and
lottery winners in X is found by the coefficientthie interaction of lottery status and missing
status £s).

Table 6 presents the results of these models.e [dbthe seven models revealed a

statistically significant interaction of lotteryastis and missing status. This indicates that the

8 In cases where the dependent variable is conts(rath and reading scale scores) least squaneEssem is
used. In cases where the dependent variablehstdicious (female, Black, FRL status, LEP statuscisi
education status ) logistic regression is used.
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sample attrition did not introduce additional diffaces in observed characteristics between
lottery winners and lottery losers. This is a pgesisign that selective attrition is not a concern.
Nevertheless, it is possible the selective attrigtll introduced unobserved differences between

lottery winners and losers that may result in biesstimates.

Table 6.

Evidence of Selective Attrition: Predicting studeovariates based on lottery status and
attrition status

4" Grade 4" Grade Special

Math Reading Black FRL ESL Female Education
Lottery Winner (Z)  .959 .1026 -.026 -.0241 .012 040 .023

(1.275) (1.314) (.019) (.0161)  (.012) (.023) (P15
Missing (S) 424 2.44 -106***  -068*  -.022 .021 023

(1.902) (1.960) (.028) (.024) (.019) (.034) (.022)
Winner*Missing 4.285 4.676 -.037 .026 .004 -.009 -.032
(2*S)

(3.011) (3.102) (.044) (.038) (.030) (.055) (.035)

Observations: 2282

Note.Sample is limited to'Sgrade students who were enrolled in the dismieigrade. All
models are estimated with Huber-White robust stahderors to account for the correlation of
the errors of lottery losers who attend the samres@dective magnet school
Bounds on Estimates of the Magnet Effect under Wtase Assumptions on Selective Attrition
Manski (1995) underscores that any analysis tl@tidies missing outcome data rests on
untestable assumptions. While it may be possibssume these data are MCAR or MAR,
these are strong assumptions that are likely ta@ddated given our hypothesis on the nature of
attrition in the sample. Accordingly, Manski (19%6gues for developing bounds on the

treatment effect under weak assumptions rathertti&point estimation of the treatment effect

under strong assumptions (e.g. MCAR, MAR). Theknessumptions implied by Manski are to
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assume the “worst-case” scenario on selectiveiattrand impute the missing outcomes of
attritors with either the largest or smallest valpessible given the scale of the outcome
variable. This produces the respective largestsamallest possible estimates of the treatment
effects that are consistent with the observabla.d&tanksi’s worst-case bounds on local

average treatment effects (those restricted to terapare derived as follows:

3. =P(S=0|Z=LX)E(Y|D=1Z=1X)+P(S=1|Z =1 X)y*®

upper

“P(S=0|Z=0,X)E(Y|D=02Z=0,X)+P(S=1|Z =0, X)y"®

o)

lower

=P(S=0|Z=1,X)E(Y|D=1Z=1X)+P(S=1|Z =1 X)y'®

-P(S=0]|Z=0,X)E(Y|D=0,Z=0,X)+P(S=1|Z =0, X)y"® (5.4)

Wherey"®is the upper bound (maximum value) of the distiiubf Y, andy-®is the
lower bound (minimum value) of the distributionof

In the magnet school evaluation, the applicatioManski’s worst-case bounds would
estimate the magnet impact under the two worst-sesearios: (1) the lottery losers with
missing data would have had the highest possibtha (oareading) scores had they been
observed and the lottery winners with missing datald have had the lowest possible math (or
reading) scores had they been observed; (2) ttexydosers with missing data would have had
the lowest possible math (or reading) scores hay been observed and all the lottery winners
with missing data would have had the highest ptessitath (or reading) scores had they been

observed.
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Manski's procedure is designed for situations \eheis a binary outcome and its utility
is limited when the outcome has a continuous tistion. This is because it produces bounds
that are so wide as to be uninformative. For exanwhen this procedure is applied to the
magnet school evaluation data it produces an uppend magnet impact estimate of 24.7 scale
score points for 8 grade math and a lower bound estimate of -20.& scare points. The range
covered within these bounds represents over twibegevel differences in math performance
and thus provides no useful information on whethagnet students perform better, worse, or
the same on average as the non-magnet studeritsis Biecause the 22% of th® grade
sample of lottery losers who are missing outcomesmputed with the maximal math score and
the 15.0% of the sample of lottery winner outconvs are missing are imputed with the
minimal math score, and vice versa.

Lee (2008) adapted Manski's procedure for casesavbutcomes are continuous.
Rather than imputing the missing data with maxiarad minimal values of, Lee’s procedure
balances the proportion of missing outcomes betweatment and control groups by trimming
maximal or minimal outcomes of the group that leager missing outcomes such that the
proportion of missing outcomes are balanced fotrb&tment and control groups.

Lee’s procedure also yields an upper and lower 8donthe treatment effect. The

exposition of these bounds when estimating a lacatage treatment effect is as follows:

0" =E(Y|D=14,Z=1,S=0X,Y <y, ,)-E(Y|D=0,Z2=0,S=0,X)

O =E(Y|D=1,2=1S=0,X,Y2y,)-E(Y|Z=0S=0,X) (5.5)
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Wherey is the conditional distribution of when Z =1 and S =D. p is the proportion of
the distribution that must be trimmed, which isriduas the difference in the proportion of
missing outcomes between the treatment and cagrivaps over the proportion of non-missing

treatment observations:

_P(S=0|Z=1)-P(S=0|Z=0)
P P(S=0[Z=1)

(5.6)

Lee’s procedure rests on two assumptions. Thkeifithat individual’s “potential” for
attrition given their future treatment assignmenindependent of their actual treatment
assignment. Lee (2008) explains this assumptyoeinoting $and Sas “potential” sample
selection indicators for the treatment and cordroups. $is the future attrition status of
individuali if assigned to the control group andi$the future attrition status of individuaf
assigned to the treatment group. For examplesifident intends to attrit if assigned to the
control group, but will remain if assigned to theatment group, the corresponding values would
be $ =1, 3 =0. Random assignment of individuals to treatnaeal control conditions ensures

this assumption holds. Formally, the independessemption can be expressed as follows:

E(S1Z=1)-E(§]2=0)=0

E(S1Z2=D)-E(S12=0)=0 (5.7)

For each individual, we observe oi8yor . However, random assignment allows us to

assume the average values pa8d g are equivalent for the two comparison groups.

° This assumes the treatment group (i.e. lotteryiaiis) has fewer missing outcomes than the contoaim(i.e.
lottery losers), which is the case in all yearswf sample.
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In the magnet school study, this requires us tarasghose who will leave the district
upon losing the lottery (whe® =1) do not disproportionately end up in the sampltiéry
losers for non-random reasons. The random assigreneated by the admissions lottery allows
us to assume this is not the case. While lottetys is clearly associated with increased odds of
attrition, we do not expect the two comparison goto differ in their average propensity
towards attrition prior to the actual lottery assigent.

The second assumption required of Lee’s trimminthogkismonotonicity which
requires the effect of Z orp&nd S to be unidirectional. This allows the study saartpl be
comprised of those who will always have observetda@ues regardless of treatment status=(S
0, S =0), those who will always have missing outconeggardless of treatment statug €51, S
=1), and those who will be observed because dfrdament status (81, S =0). The
monotonicity assumption does not allow the simtars presence of individuals for whom
selection into treatment causes them to leaveaimple ($=0, S=1) and individuals for whom
selection into treatment causes them to stayl(S5=0).

In the magnet study, the monotonicity assumpteguires us to assume that winning the
lottery does not cause some to leave the sample wéuiising others to stay. Conversely, it
requires us to assume that losing the lottery doésause some to leave the sample and others
to stay. These are reasonable assumptions; whikexpect individuals who do not win
admission to the lottery will have incentive todedhe district in search of better schooling
options, we have no reason to believe that logieddttery will create additional incentive to
stay in the district. Similarly, while we expebtt individuals who win the lottery have
incentive to stay in the district because theiirgelsschooling option is available, we do not

expect winning the lottery to create incentivedtrdents to leave the district.
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| use Lee’s trimming procedure to estimate uppérlawer bounds for the estimate of
the magnet effect that are robust to the conceseleictive attrition. The trimming is done
separately for each year and grade combinationdouat for different imbalances in
proportions of missing treatment and control outesracross years and grades. Following Lee
(2008) and Cullen et al. (2006) I first run a resgien of math and reading scores on the student
covariates and then apply the trimming procedutdéaconditional distribution of the predicted
values of the outcomes. I trim the maximal or mialipredicted scores from the distributions in
each grade and year, such that the proportion £ging outcomes is balanced between the
samples of lottery winners and lottery losers ichegear and grade.

Tables 7 and 8 show the proportion of missing auesin the comparison groups fdt 5
and 6" grade respectively and the number and proporfipnf(outcomes that were trimmed in
each year. Note that in all years the proportiomigsing outcomes was greater in the sample of
lottery losers, which necessitated only trimmingefvations from the sample of lottery winners.

The bounds on the magnet effect are estimatedrbyng the original 2SLS IV model
(model 5.2) on the two trimmed samples. The loeemd sample is created by trimming the
right tail of the lottery winners’ test score distritions. The upper bound sample is found by
trimming the left tail of the lottery winners’ testore distributions. The results of this procedur
yield bounds on the magnet effect that are basdadeweakest possible assumptions that are
still consistent with the observed data and inftmerange within which one can have

reasonable confidence an unbiased estimate of digaen effect lies.
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Table 7.

Lee Trimming Calculations for'5Grade Sample: Identifying the number Bfggade lottery
winners to remove from sample

Lottery Winners Lottery Losers
# % # p # % # P
Missing  All  Missing Trimmed trimmed Missing  All  Missing Trimmed Trimmed
2000 42 202  20.8% 0 .00 38 184  20.7% 0 .00
2001 35 232 15.1% 27 A2 56 209  26.8% 0 .00
2002 27 218 12.4% 8 .04 47 296 15.9% 0 .00
2003 23 216  10.6% 44 .20 65 208  31.0% 0 .00
2004 36 219 16.4% 10 .04 62 298  20.8% 0 .00
Totals 163 1,087 15.0% 88 .07 268 1,195 22.3% 0 .00

Table 8.

Lee Trimming Calculations for'6Grade Sample: Identifying the number Bfgade lottery
winners to remove from sample

Lottery Winners Lottery Losers
# % # p # % # p
Missing  All Missing Trimmed trimmed Missing Al Missing Trimmed trimmed
2001 34 202 16.8% 11 .06 40 178 22.5% 0 .00
2002 46 227 20.3% 38 17 77 208 37.0% 0 .00
2003 30 217 13.8% 18 .08 64 292 21.2% 0 .00
2004 31 216 14.4% 41 .19 69 207 33.3% 0 .00
2005 31 216 14.4% 29 .13 81 294  27.6% 0 .00
Totals 172 1,078 15.9% 130 12 331 1,179 28.1% 0 0 .0

52



Results

Table 9 presents the experimental IV estimateleeffect of enroliment in the selective
magnet on 8 and ' grade math and reading achievent@nin addition to the point estimates it
presents the upper and lower bound estimates frerslirimming procedure.

Similar to Ballou’s original findings, | find a pitiwe effect of magnet school attendance
on 5" grade math andSgrade reading achievement. In math, thegde estimate of magnet
attendance is 5 scale score points and statistisighificant p. =.001). The 8 grade estimate
in reading is 3.8p=.006). In &' grade, we estimate small positive effects in ogth and
reading, but they are not statistically differemari zero* This implies that the selective
magnet school leads to a boost in academic perforenia the students’ first year, but the
positive effect is not sustained iff rade"?

Note the explanatory power of the IV model; the elakplained 74% of the variance in
5" and &' grade math achievement and 80% of the varianb® and 6" grade reading

achievement after adjusting for the number of regpes in the model.

10 Tests of the validity of the instrument are préserin the appendix.

Y |TT estimates are similar to the 2SLS estimatesaae presented in the appendix.

2T0 explore the possibility that the magnet effsdieterogeneous within the sample, | run the fifrestor on
subgroups of the full populationThese results are presented in the appendixkBlad economically
disadvantaged students appear to benefit moretfieraelective magnet than their non-Black and neh-F
counterparts. In addition, the effect is largeststudents who fell within the bottom quartiletioé distribution of
lottery participants’ # grade math and reading scores. This suggestththiwest performing students that gain
entry to the magnet via the lottery benefit montthose who had highef grade achievement levels.
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Table 9.

Impact of Selective Magnet Program on Student Aelnment using Experimental Sample and Two-Stage Beasires Estimation
with Lottery Assignment as Instrument for Magné¢dance

Math Reading
Point Estimate Lower Bound Upper Bound Point Estema Lower Bound Upper Bound
Selective Magnet'5Grade 4,985*** 4.712%* 5.356*** 3.760** 3.618* 3.923*
(1.520) (1.482) (1.535) (1.361) (1.392) (1.375)
Selective Magnet"BGrade 0.685 0.420 1.254 1.015 1.030 1.134
(1.605) (1.623) (1.618) (1.438) (1.469) (1.458)
4" Grade Reading Test 0.169*** 0.166*** 0.164** 0.49* 0.489*** 0.501**
(0.017) (0.018) (0.017) (0.015) (0.016) (0.016)
4™ Grade Math Test 0.424*** 0.415*** 0.443** .093*** 0.094*** 0.090***
(0.017) (0.018) (0.019) (0.016) (0.016) (0.016)
Black -7.341%x* -7.635*** -7.508*** -7.591 %+ -8.113*** -7.718**
(1.127) (1.183) (1.118) (1.009) (1.058) (1.002)
Free and Reduced-Price Lunch -7.072%* -7.279%* 9B5*** -6.389*** -6.134*** -6.181***
(1.294) (1.381) (1.287) (1.158) (1.240) (1.153)
ESL 5.725%* 6.055*** 5.481*** 1.626 1.684 1.769
(1.582) (1.618) (1.639) (1.416) (1.463) (1.428)
Female -3.275%* -3.187*** -3.528*** -0.372 -0.072 -0.504
(0.877) (0.908) (0.885) (0.785) (0.808) (0.792)
Special Education 6.125*** 6.728*** 5.742%* 3.539* 3.573*** 4.268**
(1.386) (1.412) (1.444) (1.239) (1.252) (1.278)
Constant 284.716*** 290.395*** 273.523** 270.6*** 273.163** 267.943*+*
(13.657) (15.578) (15.517) (13.370) (13.782) (12)88
Lottery Year (Cohort Effects) Yes Yes Yes Yes Yes Yes
Grade Effects Yes Yes Yes Yes Yes Yes
Year Effects Yes Yes Yes Yes Yes Yes
Grade*Year (Test Effects) Yes Yes Yes Yes Yes Yes
R-Squared 0.735 0.730 0.739 0.798 0.795 0.801
Observations 3,605 3,387 3,387 3,605 3,387 3,387

*p<0.05, ** p<0.01, *** p<0.001

Note.The sample is limited td"sand 6" grade students who participated in the magnetadbivery and were enrolled in the district ifi grade.
The model is estimated with Huber-White robust déad errors to account for the correlation of exiarross years within a single student (i.e. a
student’s % and &' grade observations) and the correlation of thersmwf lottery losers who attend the same non-Seéemagnet school.
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The “worst-case” estimates of the magnet effectgikiee’s trimming procedure to
address selective attrition reveal that selectitrésian does not appear to be a major threaten to
bias the experimental IV point estimates. In aes, the bounded IV estimates fall within seven
percent of the IV point estimate. This suggestsithpoint estimates do not suffer from attrition
bias and therefore can serve as unbiased expedhgstimates to use in the comparative
evaluation of non-experimental estimators.

To assess the practical importance of the posifiigrade estimates, | transformed them
into standardized effect sizes. The average nuatle score amond™sgrade lottery participants
was 686, with a standard deviation of 30.1. Actwly, an estimated effect of five scale score
points translates to a Cohenfffect size of 0.17. In reading, the averageessabre among
lottery participates in the sample was 697, witttaandard deviation of 28.8, which translates to a
Cohen’sd effect size of 0.13.

These effect sizes are considered small by coramaltstandards, but the story changes
when one considers the average gains of lottetjcjnts from 4' to 5" grade. Following the
approach recommended by Kane (2004) and Hill, BldBlack, & Lipsey (2008), | assess the
practical importance of théhﬁgrade effects by benchmarking them to the normaéetations of
growth during one school year in absence of treatmeascertain this normal growth
expectation by looking at thd'4o 5" grade gains of lottery losers (17 scale scoretpammath
and 12 scale score points in reading). These &gaires can be translated into annual effect
sizes by dividing them by the pooled standard dvia of the lottery loser's™and %' grade
scale scores. Table 10 reports these average layaina next to the averag® tb 5" grade

gains of a national norm sample published by Hillle(2008).
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Table 10 reveals that when the estimated effediseofnagnet school of'grade
achievement are compared to the average anfiual &' grade gain of lottery losers, as well as
to national norms, the effect of magnet schoohald®ce is practically large. In both math and
reading, the 8 grade estimates of the magnet school effects sept@round a 30% increase in
the mean % to 5" gain in scale scores for lottery losers. Theyaapresent similarly large

effects for the national normative sample.

Table 10.

5" Grade Estimates of the Magnet Effect on Studehiekement as Percent of Averadetd 5"
grade gain and as approximate weeks of instruction

Math Readinq
Lottery National Lottery National
Losers Norms Losers Norms
Grade 4-5 Mean Annual Gain as Effect Size 0.58 0.56 0.40 0.40
5" Grade Magnet Estimate as % of Mean Annual Gain 3%9. 30.4% 32.5% 32.5%
Magnet Effect translated into weeks of instruction 10.3 10.6 11.4 11.4

Note.National norms used from MDRC technical repor¢askd in 2007 by Carolyn J. Hill;
Annual gain for reading is calculated from sevetiamally normed tests: CAT5, SAT9,
TerraNova-CTBS, MATS8, TerraNova-CAT, SAT10, and &aMacGinitie. Annual gain fo
math is calculated from six nationally normed te®&T5, SAT9, TerraNova-CTBS, MATS,
Terra Nova-CAT, and SAT10; average weeks of insimads found by multiplying the figures
in row two by 35 (number of weeks in typical schyeér).
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CHAPTER V

COMPARATIVE ANALYSIS OF NON-EXPERIMENTAL ESTIMATORSDF THE
MAGNET SCHOOL IMPACT

The objective of this chapter is to investigatedbeuracy of the non-experimental
estimators of the selective magnet school’'s effecstudent math and reading achievement. The
non-experimental methods investigated herein irelangultiple regression with observed
covariates, analysis of covariance with studergdigffects, and propensity score matching. The
accuracy of these estimators is evaluated by cangptreir respective estimates of the magnet
school’s effect to the experimental IV estimatesspnted in the previous chapter.

This analysis seeks to illustrate the consequenicasypical situation where a researcher
wants to determine the causal effect of a progtaris unable to leverage experimental data to
do so. Therefore, the researcher is compelledeé@usn-experimental method on observations
of program participants and non-participants.hé tesearcher expects self-selection into the
program causes participants to differ from nonipgodnts in unobserved ways that associate
with their potential outcomes, he is left with glnidegree of uncertainty as to the accuracy of
the non-experimental estimates. If his non-expemtaldindings are incorrect, they may lead to
incorrect policy decisions and program actions &y #ecision-makers.

To model this situation in the context of the maguhool evaluation, the non-
experimental estimators are run under the assumgtminformation from the randomized
admissions lottery does not exist. | assumenatdknow which students participated in the

admissions lottery for the selective magnet schadltherefore | do not know which students
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won or lost the lottery. | only know which studeenrolled in the selective magnet schoolin 5
and &' grade™®

With the exception of the data on lottery partitipa, all other data that were available
for the experimental analyses are available fontiveexperimental analyses, including student
demographics and™grade achievement in math and reading. The npererental estimators
use data from the same years as the experimetitabés (2000-2005) and estimate effects of
the selective magnet for the same grad®sa(il 8"). Table 11 presents the number of student
observations in each year for the selective maggtetol students and the students enrolled in
non-selective schools in the district. These heedbservations that the non-experimental
estimators may utilize in the construction of thespective comparison groups.

It is important to note that the same 1,462 obg&ms of the magnet students that were
used in the experimental evaluation are used as¢htment group for each non-experimental
estimator. Therefore, any bias in the non-expantaleestimates stems from differences in their
non-experimental comparison group and the expet@mheomparison group. As with the
experimental evaluation, this analysis is restd¢testudents who were enrolled in the district in

4" grade.

13|t is important to note that while the non-expegiital estimators do not have indicators of lotsagus at their
disposal, the observations of the lottery losessyell as the lottery winners who did not enrolttie magnet, are
still present in the data and may be used in thepasison groups of the non-experimental estimators.
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Table 11.

Student Observations Available to Non-ExperimeBsimators

5" Grade Students "8Grade Students
Non-Selective  Selective Non-Selective  Selective
Schools Magnet Schools Magnet

2000 3,548 126

2001 4,289 146 3,315 121
2002 4,359 154 3,944 135
2003 4,288 168 4,115 147
2004 4,609 153 4,027 160

2005 4,095 152
Total 21,094 747 19,496 715

Note Sample limited to Band &' grade students who were enrolled in the distriet'

grade.

Pre-Specification of Non-Experimental Estimators

I made a priori specifications of the non-experitaéastimators and did not revise the
specifications based on how their results comptralde experimental results. This approach is
critical to the validity of this analysis becauseaireal world situation a researcher would not
have the luxury of comparing the performance ofrtbe-experimental estimators to
experimental estimates and revising their analystordingly. This analysis would be
uninformative to the accuracy of the non-experirakastimators if we were to test various
specifications until we found the one that perfodrbest (Bloom et al., 2002).

It is equally important to note that my specificatiof the non-experimental efforts is not
aimed at demonstrating their weaknesses for estigiausal effects. One might be inclined to

do so if their agenda was to advocate for experial@®signs and discourage observational
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studies. As previously discussed, there is highatel from the education research community
for empirical evidence on the merits of non-expemtal methods versus experimental methods.
| seek to demonstrate the accuracy of non-expetaherethods that are appropriately specified
given the nature of the data. Therefore, the @atack thereof) in the non-experimental
estimators can be fairly attributed to the requaisgdumptions of the estimators and not incorrect

specifications.

The Fundamental Evaluation Problem

It is helpful to frame our discussion of the vagastimators using Rubin’s Causal
Model, where each student is assumed to have tasilde outcomes, Yand Yo. Y3 is
observed if the student attends the magnet scBedl)(and Y is observed if the student does
not (D=0). The fundamental evaluation problem arisecause we cannot jointly observeavid
Y, for a given student, and consequently we canmettly observe the magnet school’s effect
on each student @s= Y1 — Yo.

Given the magnet effect cannot be observed foviddal students, we are compelled to
estimate the average effect of the magnet schoalmypulation of students. In this study we
are interested in the average effect of the masggteiol on the performance of those students
who attend it. This parameter is known as theceéfiétreatment on the treated (ATT), defined
as: ATT=E(Y,|D=1)-E(Y,|D=1)

The fundamental problem of causal inference isptsent in the estimation of the
ATT. We are able to observe the achievement gfmatstudents when they are enrolled in the
magnet school: E (\D=1),but we do not know the achievement of these stgdead they not

attended the magnet school: GjO=1).
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To overcome this problem, we must employ a methatluses data on non-magnet
students to estimate the achievement of the magueéénts had they not attended the magnet
school. These methods rest on the assumptiostindént’s selection into the magnet school is
independent of a student’s future achievement.

Our “gold standard” method for satisfying this asption is to use the experimental
conditions created by the admissions lottery, wihatery participants are randomly assigned as
lottery winners (Z=1) or lottery losers (Z=0). Tlodtery randomization ensures that lottery
assignment is independent of future outcomesyZE1) = E(Y|Z=0), but it does not ensure
magnet enroliment is independent of Y because |htmttgery winners enroll in the magnet
school . Therefore, we use Z as an instrumeriDfand estimate the ATT for the subset of
students who complied with their lottery assignm&nbwn as the local average treatment effect
(LATE). This randomization allowed us to assum¥dip=1|Z=1) = E(¥|D=0|Z=0), and
subsequently estimate an unbiased LATE as:|P&1,Z=1,X) — E(%|D=0,Z=0,X), where X is
a vector of pre-existing observed covariates inetutb improve the precision of the LATE
estimate, although they are theoretically unnecgdsecause they are independent of Z in large
samples.

Our non-experimental methods do not have the adgarf random assignment to allow
for the independence of D and Y, consequently tfase to impose additional assumptions to
allow for an unbiased estimation of the ATT. Iésle assumptions fail, the non-experimental
estimates will suffer from selection bias, defirzd

B(ATT) = E(Y,|D =1 X)-E(Y,| D =0, X) (6.1)

What follows is a discussion of the assumptions tfizst hold for each non-experimental

estimator to produce unbiased estimates of the &3Well as our formal specification for each
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estimator. A summary of the key concepts undeglgach non-experimental estimator is
presented in table 12. After | run the non-expental estimators, | am able to empirically test
if these assumptions hold by comparing their esgsaf the magnet effect to those of the

experimental IV estimator.
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Table 12.

Summary of Key Concepts of Non-Experimental Methods

Non- Summary of Estimation Strategy Inference of Description of Strengths Limitations
Experimental Causal Effect Comparison Group
M ethod
Linear regression of achievement on indicator ofjnet | Average All 5™ and @' grade students | Most efficient estimator of the magnétEstimates will be biased if
Multiple school attendance, while controlling for student Treatment in non-selective schools in the effect (least variance) if unbiased; | selection to magnet is based on
Regression with demographics and™grade achievement as well as Effect (ATE) for | district who were enrolled in | Strong statistical power via large unobserved differences between
Observed cohort effects, grade effects, year effects, astlaffects| 5" and ' grade | the district in & grade sample properties magnet students and non-
Covariates (grade by year). students in the magnet students in district
district
Analysis of Linear regression of achievement on indicator ofinea | Average effect | The 4", 5", and/or 8 grade Will resolve selection bias if selection Estimates will be biased if
Covariance with school attendance that includes individual student of Treatment on | observations of magnet bias stems from unobserved student selection to magnet is based on
Student Fixed indicators (student fixed effects) as well as cohor the Treated students when they were factors that do not vary over time. unobserved factors that vary
Effects effects, grade effects, year effects, and testeffigrade| (ATT) enrolled in a non-selective within a student over time.
by year). The magnet effect is found as the awerag school in the district. Standard errors can be large
difference between each student’s achievement when because estimates are based on

enrolled in the magnet school and achievement whel
enrolled in a non-selective school in the district.

variation within individuals
rather than across the sample.

Propensity Score
Matching with 1 to

1 Nearest Neighbor

Matching with
Heckman
Difference-in-
Difference
Estimator (PSM
NN)

Each %' grade student’s propensity for enrolling in the
magnet is predicted based on student charactsrastid
4" grade achievement (models run separately for eag
year). Then each magnet student is matched toame
magnet student in the district with the closespprity
score. Effectis estimated as the difference'iino4s"
and 8" to 6" grade gains of magnet students to the
matched comparison group.

Average effect
of Treatment on
hthe Treated
(ATT)

Comparison group with same
number of § and &' grade
observations as the magnet
school sample in each year;
student characteristics and
prior achievement of
comparison group are
balanced with the sample of
magnet school students

Will resolve selection bias if selectio
to the magnet school is due to
observed characteristics that can be
balanced in the comparison group

n Will not resolve selection bias
if it stems from unobserved
differences between magnet
students and non-magnet
students; One to one matching
is inefficient in that it uses only|
one observation in the
comparison group to estimate
the potential outcome of a
treatment participant.

Propensity Score
Matching with
Local Regression
Matching with
Heckman
Difference-in-
Difference
Estimator (PSM
LRM)

Each %' grade student’s propensity for enrolling in the
magnet is predicted based on student characteréastid
4" grade achievement (models run separately for eag
year). Then each magnet student is matched tposu
group of non-magnet students whose combined
observation weight sums to one. The weight is
determined via a kernel density estimation. Effect
estimated as the difference ifi 5" and %" to 6"
grade gains of magnet students to the matched

comparison group.

Average effect
of Treatment on

hthe Treated
(ATT)

Comparison group with the
same number of weighted'5
and &" grade observations in
each year, where student
characteristics and prior
achievement of comparison
group are balanced with the
sample of magnet school
students

Will resolve selection bias if selectio
to the magnet school is due to
observed characteristics that can be
balanced in the comparison group;
more efficient than one to one
estimate because it allows a weightg
composite of multiple observations d
comparison group members to
estimate the potential outcome of a

n Will not resolve selection bias
if it stems from unobserved
differences between magnet
students and non-magnet
students.

" a

treatment participant.
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Multiple Regression with Observed Covariates
The first non-experimental method | evaluate istipld regression with observed

covariates (MR). The MR estimator is specifiedad®ws:

Yigt :ﬂo +6g Digt +ﬁxxigt +ﬁcCi +/]g +yt +I79t +£igt (61)

Where Yis the standardized test scale score in math dirgdor student in gradeg
(5" or 8" in yeart (2000-2005).D is equal to one when studéris enrolled in the selective
magnet in gradg and yeat and 0 otherwise. The effect of the selective neagnhool on
achievementyg, is allowed to vary for'Band &' grade. X a vector of explanatory variables
indicating student participation in special progsa(BRL, ESL, special education}’ drade
achievement in reading and math, race (Black #ij,gender (female =1). We impose constant
effects ofX over grades and timeC is an indicator of studeis cohort. Agare grade fixed-
effects,y; are year fixed-effects, ang:is a year by grade interaction to control for chesim
the test scale from one year to the next and agrastes.«iy is the error term, which we
decompose asig:= 0; + Ur . Whereo; are unobserved factors of students that are tiwariant
and y are unobserved factors that vary within an indigicver time.

The known advantage of least squares multiple ssgye is that it is the most efficient
estimator if certain assumptions hold (linearitypehomoskedasticity, and zero-conditional
mean) and the independent variables are exogerrsMR to produce an unbiased estimate of
the magnet effect, we must assume there are ncanaal factors that explain enroliment in the

magnet school after accounting for X (in additiortite other regressors). Formally, this
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assumption isE(gigt| Digt. Xigt) =0. This assumption can be decomposed into two adsumsghat
correspond with the two components of the erranter
(1) E(ci|Dig. Xigt) =0 states that enroliment in the magnet school ispaddent of
unobserved student factors that associate witldwohievement and are time-
invariant
(2) E(u|Digt, Xigr) =0 states thagnrollment in the magnet school is independent of
unobserved student factors that associate witldwohievement and are time-

variant.

| suspecE(ai|Digi, Xigr) =0 is untenable in the MR model and the estimatesagnet
effect will be upwardly biased due to selectiortiome-invariant unobservables. The magnet
school sample is composed of students who volupswought admission to the magnet. In
contrast, the MR comparison group is mainly comgasfendividuals who did not seek
admission to it. Intuitively, this points to fixetifferences between the magnet students and the
MR comparison group on unobserved dimensions tibaffect future achievement. For
example, students who seek out the selective magagbe more likely to have parents who
place attach a high value on education, as evidebge¢heir pursuit of better educational
options. Parents’ value of education is an unoleskfactor that likely does not change over
time and has an independent positive effect oresiiualchievement. If this is the case, the MR
estimate will be upwardly biased because we anébarsg the effect of the differences in
parental value of education between the magnehanemagnet students to the magnet school

“treatment”.
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E(ut|Digt, Xigt) =0 is a weaker assumption, but there are still pldesiibcumstances under
which it will not hold in the magnet school samgter example, it may be that students who
seek out the magnet school were more likely to keperienced negative “shocks” to thelr 4
grade achievement. These abnormal dip'igrade achievement may stem from a variety of
idiosyncratic factors, such as a particularly bagegience with a teacher or changes in home life
circumstances. The key commonality is that thesatsvdo not lead to permanent changes in
students’ learning trajectories. Families Bfgtaders who experience these shocks may be more
likely to seek out the magnet school as a remedlydcsudden performance dip. If this is the
case, the estimate of the magnet effect via MR @vbel upwardly biased, because we would
expect students who experienced"agade “shock” to regress to their mean performance
trajectory in future years.

Bias due to negative (or positive) shocks may hgigent because'sgrade is a normal
transition year in the district; most studentsram/ing from K-4 elementary schools to 5-8
middle schools. Therefore, we can expect the datis seek out the selective magnet for most
families does not stem directly from something thepened in2grade, rather it is part of the
normal decision-making process that families godlgh as their children transition from
elementary to middle school and they seek out #s¢ &vailable schooling options.

The MR model is run on 42,052 observations'dfAd 6" grade students who were
enrolled in the district in2grade. The non-magnet comparison group is coegpoé all &'

and 8" grade students in the district who are enrolleddn-selective middle schodt.Note the

% This MR estimator could be improved by restrictthg sample to those students who met the maghetkc
admission criteria, but | do not have tH&g@ade test scores or student report card gradesvére the basis for
admission for roughly 30% of the students in the@a. As an alternative to this approach, | rardet®that
restricted the sample to only those non-magneesiisdvho had2grade scores above the loweStgtade score in
the magnet school. This restriction only elimimai®% of the non-magnet students and did not sutdetdy alter
the MR estimates of the magnet effect.
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observations are from the same years as thosdruieel experimental analysis and the sample

of magnet students is the same as that used atstthe experimental IV effects.

Analysis of Covariance with Student Fixed Effects

The second non-experimental estimator | evaluateeisinalysis of covariance with
student fixed-effects. This estimator is alsomefe to as the “within” student estimator (Baltagi,
1995) as it includes a separate intercept termedch student in the sample.

The student fixed-effects model takes the followfoign:

Yigt :ai +6gDigt +/]g +yt +’7gt +uit (62)

Whereq; are the student fixed-effects that capture alidiacthat are time-invariant for an
individual. o; captures the observed characteristics that ard txer time, which explains the
absence of the vector of time-invariant studentattaristics X, and the cohort indicators, C,
found in the MR model. The advantage of the fieffécts estimator is that also captures the
unobserved factors that are time-invariant forraividual and associate with magnet
enrollment. This offers a solution to the problehself-selection if the unobserved factors that
determine selection into the magnet school are-timariant and therefore controlled by

It is possible to include;in the estimator because magnet stdbyss time-variant and
thus not subsumed hy. That is because there are observations of stsiflem when they were
enrolled in the magnet school and when they wetenmlled in the magnet schddl.

Specifically, we have observations of 747 studerits went from “non-magnet” status iff 4

5 The FE method has been used in a number of magdetharter school evaluations (see for examplaes&o
1998; Bifulco & Ladd, 2006; Sass, 2006; Hanushedd €2006).
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grade to enrolling in the selective magnet scho&'igrade. In addition, there are 31 students
who enrolled in the magnet school ifi §rade, but then transferred back to a non-sekectiv
school in the district in'Bgrade. This “within-student” variation in magrsehool enrollment
allows us to difference out each student’s fixeldi@eement from the effect on achievement that
is due to their enrollment in the magnet school.

It is useful to compare the assumptions of theestutixed-effects estimator to those of
the MR estimator. Recall MR requires two assunmstiql) selection into the magnet does not
stem from unobserved time-invariant factd£ézi|D,X) =0; (2) selection into the magnet does
not stem from unobserved time-variant fact&@iit|D,X) =0. Including student fixed-effects,
al, only requires the second assumption to hold irrmotal yield a unbiased estimate of the
causal effect of magnet school enrollment.

Therefore, the student fixed-effects estimatobie & ignore bias stemming from
unobserved differences between magnet school gsidad non-magnet school students that
remain constant over time. This eliminates ouwimesly discussed concern over differences in
parental motivation or value of education if thésetors do not change over time. However,
bias due to unobserved factors that vary withimadividual over time remains a concern.

The student fixed-effect estimator uses observata64,265 students in grades 4
through 6. The number of observations in this miglsubstantially greater than the number of
observations in the MR model because studefitgrade achievement scores enter as outcomes,
whereas they were used as covariates in the OiSagst. The important point is that the same

information on student achievement is used in begnession models.
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Propensity-Score Matching

The third non-experimental estimator uses propgssibre matching (PSM) to establish
a comparison group for the magnet school studéP®MV has gained popularity in recent years
as a non-experimental method for program evalugsee, for example, Diaz & Handa, 2006;
Dehejia & Wahba, 2002; Smith & Todd, 2005; AgodnbDynarski, 2004). The technique,
which was first proposed by Rosenbaum and RubiB3}L.9mproves upon conventional
matching methods because subjects can be matchatkdipropensity score”, which represents
the probability of selection into treatment givesed of variables, rather than on multiple
variables.

The objective of PSM is to establish a comparidogseovation for each treatment
observation that has the same predicted proballitgelection into treatment. The outcomes of
the treatment group are then compared to the mawbraparison group to estimate the ATT.

To yield an unbiased estimate of the ATT, PSM regguihe conditional independence

assumption to holde(Y, | D =1, X) = E(Y, | D =0, X). Put differently, it requires that the

factors that predict selection into treatment affieicafuture outcomes are observed.

Note this is the same assumption required of th8 @dtimator. However, in the PSM
estimator, we restrict the causal inference toragarison sample with the same observed
propensity for selection into the magnet schodhasactual sample of magnet school students.
This property is the main advantage of the PSMedbr over the OLS estimator. While both
require conditional independence, PSM only requimexlitional independence within a sample
that includes a comparison group that has the gaedkicted probability of selection into the
magnet school. By balancing the observed covarihig predict selection into the magnet

school, PSM assumes we are also able to balanemtiserved factors that predict selection
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into the magnet school. In contrast, MR usesapaof 8" and & grade students that likely
includes some students who have no likelihood abléng in the magnet school. Therefore,
conditional independence is a stronger assumptidhR.

Nevertheless, if PSM is unable to balance unobsdedliféerences between magnet and
non-magnet students, the assumption of conditiowigipendence will be violated and the PSM
estimate of the ATT will be biaséd.

An additional required assumption of PSM is that pnobability of treatment is not
identified by any single conditioning variabted < Pr(D =1| x) <1. In the magnet evaluation,
this requires that at each levelwit is possible to observe both magnet attendeeésian-
magnet attendees. If the probability of magnenatace is equal to one at certain levels, af
will not be possible to observe a control grougisTproblem would arise if, for example, there
were no ESL students in the non-magnet samplehiohacase Pr(D=1|x) =1 and it would not be
possible to find a non-magnet student to match atfESL magnet student.

If the above condition is met, matching can perfedon a single index, the “propensity
score”, which represents the probability of treatbhgiven a vector of conditioning variables X:
P(X)= Pr(D=1|X). This is the benefit of PSM versusestmatching techniques.

Selection of the PSM conditioning variabl&ke first step in our specification of the
PSM estimator is the selection of conditioning abkes (X). PSM only requires one to match
the treatment and comparison groups on charaatsribiat affect probability of treatment.
Therefore, the conditioning variables used to estinthe propensity score were identified as

those that were statistically significapt< 10) predictors of enrollment in the magnet. [€&l8

16 pearl (2009) argues that PSM may actually exates®ection bias in situations where treatmerigassent is
ignorable in the comparison of unadjusted mearsstodatment group and comparison group. The psock
balancing the observed covariates within eachustratf the treatment and comparison groups leatteto
unobserved factors that were originally balancetthéraw samples to be shifted out of balance.
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reports the seven variables that were statistisadjyificant predictors of magnet enroliment in
any of the six years of data (2000-208657he averages of these seven variables for the @hagn
school students are presented alongside the agsi@gde non-magnet students in the district to
exhibit the baseline differences between the masgtetols students and the full sample of non-

magnet students in the district that are availablpotential matches.

Table 13.

Differences in Conditioning Variables between Magel Non-Magnet'5Grade Students

Magnet Non-Magnet Difference
4th Grade Math 668 619 49.0***
4th Grade Reading 685 631 53.4%**
FRL 0.121 0.541 -0.420%**
ESL 103 136 .033**
Black 0.210 0.510 -0.30%***
Female 0.542 0.491 0.051**
Disabled 137 167 .030*
Observations 747 21,094

*p<0.05, ** p<0.01, *** p<0.001
Note. The sample reported here is limitedfayfade students. Similar differences are
found with the & grade sample.

Specification of the propensity score modalthis study, propensity scoreFAé(Xi' ;) are

calculated for each"5grade magnet and non-magnet student in the disgiog a logistic
regression model where the dependent varidbgeequal to 1 if the student attends the selective

magnet schoand 0 otherwise. The propensity score for a gstadent is therefore equal to

" These are the same seven student-level variatksled in the estimation of the IV and OLS models.
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the predicted log of the odds of attending thectele magnet school to attending a non-
selective magnet school.

The logistic regression model for generating ttappnsity score is shown in model 6.3.
My notation in the PSM exposition departs sligtittym the notation above by designating
magnet students agnd non-magnet studentsjab the logistic regressioX consists of seven
conditioning variables: (1) thé'4rade math test score for each magnet studenon-magnet
student,(2) student’s % grade reading score, (3) an indicator if the sttiégeblack, (4)and
indicator if the student iemale (5) an indicator if the student participates in thefreduced
lunch program, (6) an indicator if the student reeg ESL support, and (7) and an indicator if

the student receives special education services.
P(Xi,j) zln(l_—ppj:ﬁo"'ﬁlxi,j +Q,j (6-3)

Model 6.3 is run separately for eachgrade cohort using a cross-section of data from
their 4" grade school year. This allows us to match edojréde magnet student to & grade
non-magnet student who was in the same grade isatine year, which in turn allows us to
balance cohort effects, grade effects, year effactd test effects (grade by year interactions)

when we pool the six years of data to estimatertagnet school effect.

PSM Method #1: One to One Nearest Neighbor Matchifter the propensity score
calculation, | use two distinct methods for matghimagnet school students to non-magnet
school students and estimating the magnet effBoé first method is referred to as one-to-one
nearest neighbor matching. One-to-one neareshibeignatching involves matching each

treatment subject to the comparison group subjébttive closest propensity score, such that

I5(Xi) - If\>(Xi )is minimized. We allow for “replacement”, which ares a comparison group
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member may serve as a nearest neighbor match f@r tm@n one magnet school student if it
allows f’(Xi) - I5(Xj) to be minimized.
The one-to-one nearest neighbor matching is doderuwo different restrictions on the

samples of non-magnet students that are availablkupport. Under the first restriction, magnet
students are allowed to match to any non-magndestun the district such thé(xi )— ﬁ’(Xj)

is minimized. | term thignter-schoolmatching because | allow magnet students to behedtto
non-magnet students outside of thdirgtade school.

Under the second restriction, we restrict matchingithin students’ % grade schools.
Each %' grade magnet student is matched t8' gde non-magnet student who attended the
same ¥ grade school. | refer to this sample restricisintra-schoolmatching. The first
restriction (inter-school matching) increases tkelihood the seven conditioning variables will
balance between treatment and comparison groupsibethe support available for a given
magnet student is larger. However, it ignoresinf@mation signaled by a studentd drade
school, which may help balance the unobserved ctarstics between magnet and non-magnet
students. We use both restrictions to see whiotymes the least amount of bias in the estimate
of the magnet effect.

After the inter- and intra-school nearest-neighinatching procedures are done for the
5™ grade students, we estimate the magnet schoottropaachievement using a variation of the
difference-in-differences method proposed by Heaketaal. (1998). The estimate of the magnet
effect on 8' grade achievement is found as the average differbatween the change in
achievement (mathematics or reading) frdfrtet5" grade for the magnet students and the
change in achievement frorff #o 5" grade for the matched comparison group. Likewvitse,

estimate of the magnet effect ifi §rade is found as the average difference betweenHange
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in achievement from™to 6" grade for the magnet students and the changéiewement from
4" to 8" grade for the matched comparison group.

The equation for this estimator is shown belowerely indicates either Bor 6" grade:

- Z{(Yig ~Yig=a) = (Yig = Yjg=)}
% = (6.4)

Ny

PSM Method #2: Local Regression Matchiifge second PSM method uses local
regression matching (LRM) to match magnet student®mparison group students. A number
of researchers have posited that LRM is a moreieffi matching method than nearest-neighbor
because it enables each treatment participant tadbehed to multiple observations in the
control group, whereas nearest-neighbor restrieteinng to one-to-one (see for example,
Heckman, Ichimura, and Todd 1997, 1998; Black amé!§ 2004.) The one-to-one restriction
may lead to incomplete or inexact matching if treme2no subjects in the support group with
propensity scores close to those of the treatmdnésts. This may cause treatment
observations to be excluded for lack of a good matacause observations to be matched
poorly.

The same logistic regression for estimaﬁﬁg(”) is used for LRM matching. Under
LRM, each magnet student is matched to all non-miagpaidents with propensity scores that fall
within a designated window of their own score, thigeferred to as a common-support group.
The outcomes of the magnet student are then coohpageweighted average of the common-

support group, where the weights of each commopeatigroup member are set based on the

proximity of their propensity score from the propy score of the magnet student. The amount
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each member contributes to the mean of the commppest group is based on their propensity
score —the closela(Xj) IS tof’(xi) the greater the weight the non-magnet studentributes.

The weightW for each non-magnet studens calculated using a kernel function, whé&res a

kernel function and is a bandwidth parameter (i.e. the window). T&ishown in model 6.5:

P -P
s

i ZG( Pkg— PiJ

n

As with the nearest neighbor procedure, | created@mparison groups with the LRM.
The first allows for inter-school matching and gezond is restricted to intra-school matching.

After the weighted mean is calculated for each reagtudent’s common support group,
the 8" grade magnet effect is calculated as the averiffigeethce between the change in the
achievement scores fronf grade to % grade for the magnet studentnd the change in the
weighted achievement scores frofhtd 5" grade for the common-support groups. Likewise,
the 8" grade effect is calculated as the difference éndiange in achievement frofi t 6"
grade for magnet students and the chang® o 4" grade achievement for the common-support

groups. The equation for this estimator is preseielow:

A

aq

Z{(Y@ _Yig:4) _Zvvij (ng _ng:4)}

Ny

(6.6)
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The LRM inter-school sample includes 36,872 nonmeh@ttendees compared to the
1460 magnet students. The LRM intra-school sammgledes 19,390 non-magnet attendees
because the sample is limited to only those stsdeithin the same™grade schools as the

magnet school students.

Balancing tests of PSM sampléd@osenbaum and Rubin (1985) decompose the bias that
may arise in matching estimators into three comptmé€l) bias due to incomplete matching,
which results when some treatment subjects aramied because adequate matches do not exist
in the comparison group; (2) bias due to inexadthag, which results when the characteristics
of the treatment group differ from those of the chatd comparison group, and (3) bias due to
selection on unobservables.

The first two components of this bias are underabntrol of the researcher via their
specification of the PSM estimator, while the thirds — selection on unobservables — is
unknown to the researcher and thus a required ggxmof the PSM estimator. In this
analyses, we are only interested in the bias tiegsabecause of selection on unobservables.
Therefore, it is important to test how well our ofahg procedures have controlled for the other
two types of bias. If our methods are unable tmaaot for the first two types of bias, it indicates
a misspecification of the PSM method and signathéaesearcher that PSM estimates will be
biased. A careful researcher would then decidsther re-specify the PSM model or utilize a
different analytic approach. Our interest is imlerstanding how well the estimators perform
when they are used appropriately. Therefore,dtitgcal to test to determine that the bias we
find in the PSM estimates of the magnet effectoaulg due to selection on unobservables and

not due to the inappropriate use of PSM.
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The first two components of bias both stem fromittadility of the PSM method to find
suitable matches for the treatment subjects. itndudy | make the a priori decision not to
exclude magnet school students from the analydesiinot find suitable matches because my
objective is to use the same treatment group fastéimators and only vary the comparison
group. Therefore we are concerned only with tloeseé form of bias that results from poor
matching. To measure this bias we conduct a sefipgst-matching balancing tests. The
common goal of the balancing tests is to deternfitiee propensity score serves to balance the
distribution of the covariates in the treatment aachparison groups. Formally, it seeks to
confirm that: pr(X|D=1, P(X)) = pr(X|D=0,P(X)). this condition is satisfied, we can assume
any bias we estimate via our comparison with theegmental estimates is due to selection on
unobservables and not due to misspecification@P8M estimator.

For each of the four matched samples (Nearestidergnter-School, Neighbor Intra-
School, LRM Inter-School, LRM Intra-School), we clutt two balancing tests that are common
in the PSM literature: (1) test for equality of meafter matching (Rosenbaum and Rubin,
1985), and (2) test of joint equality of meansha matched sample (Smith and Todd, 2005). The
Test for Equality of Means after Matchings proposed by Rosenbaum and Rubin (1985) and
tests for the equality of each covariate acrosstimeparison groups. If statistically significant
mean differences are found, it signals that thepdasrare unbalanced and requires the re-
specification of the PSM estimators. Thest of Joint Equality of Means in the Matched Samp
was proposed by Smith and Todd (2005) and conduist of the null hypothesis that the
vector of means among the seven covariates aré feguhe magnet and matched comparison
sample. This is a test of the joint balance efd¢bnditioning variables that takes the form of an

F-test, or Hotelling test.

77



The two tests were run on the separate matchedeswif” and 8' grade. The results
are presented in tables 14 and 15. Both the-iatrd inter-school Nearest Neighbor (NN)
matching methods satisfy the two balancing test®wever, neither LRM method was able to
achieve balance when all seven conditioning vaemble used in the model. Note the
significant differences in mearl'4rade math and reading scores. Consequentlpytpensity
score logistic regression model for the LRM estonais re-specified to match on fewer
conditioning variables. | prioritize balancint] grade math and reading scores in the LRM
model and find | am only able to achieve balancd&LRM matched samples when | base the

propensity score exclusively off grade math and reading performafite.

Table 14.

Balancing Tests of PSM Methods: Differences betWwéggnet School Mean and Matched
Comparison Group Mean fof"SGrade Sample

NN Intra NN Inter LRM Intra LRM Inter
ESL -0.003 -0.004 -0.010 -0.000
Black -0.018 -0.017 0.024 0.038**
Female 0.005 -0.005 -0.003 -0.005
Free or Reduced Price Lunch -0.017 -0.012 0.0491*** 0.062***
4™ Grade Reading Score -1.64 -0.496 -6.886*** -6.65***
4" Grade Math Score -1.82 0.110 -7.400*** -5.875%*
Disabled -0.026 -0.021 -0.025* -0.019
Hotelling Test F- Statistic 1.565 1.5477 4.83*+* 3.841%**
Weighted Observations 1494 1494 1494 1494
Unweighted Observations 1394 1396 20,158 10,999

*p<0.05, ** p<0.01, *** p<0.001

18| ran the results with the imbalanced samples heaton all seven conditioning variables as wethassamples
that achieve balance witf{'4rade math and reading scores. The results a@stknractly the same, falling within
three-tenths of a scale score in all cases.
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Table 15.

Balancing Tests of PSM Methods: Differences betWwésgnet School Mean and Matched
Comparison Group Mean fof'6Grade Sample

LRM

NN Intra NN Inter LRM Intra Inter
ESL 0.008 0.011 0.005 0.012
Black 0.02 -0.001 -0.05 -0.047
Female -0.015 -0.008 0.01 0.01
Free or Reduced Price Lunch  -0.017 -0.014 -0.102 -0.095
4™ Grade Reading Score 1.95 0 7 12
4" Grade Math Score 1.81 -1 5 10
Disabled 0.012 0.014 0.016 0.038
Hotelling Test F- Statistic 1.5923 0.7790 5.913** 5.53%*
Weighted Observations 1426 1426 1426 1426
Unweighted Observations 1290 1288 18,174 9851

*p<0.05, ** p<0.01, ** p<0.001

Estimates of Bias in Non-Experimental Estimators

Tables 16 and 17 present the non-experimental astiaiongside the experimental IV
estimate. With the non-experimental estimatesi@fmagnet impact in hand, the next step is to
estimate the amount of bias that results from eachexperimental estimat&r Bias in the non-

experimental estimators can be defined as therdifte between the true causal eféeghd the
non-experimental estimate of the causal ef@ct This bias cannot be directly observed because

0 is unknown. However, the bias can be estimateghvdme has access to estimates from an

experimental estimata if the experimental estimates of the treatmefgiotfare themselves

unbiased estimates @: E(J,) = J.

Using the experimental 1V estimaté'§, | estimate the bias in the non-experimental

estimates as the difference in the non-experimestahates and the experimental IV estimate:
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B(JK) =5, - J,. These estimates will be unbiased conditionaherassumption that the

experimental 1V estimates are not biased due ecset attrition. Table 18 presents the bias in
the non-experimental estimates in three metridse first metric presents the bias in test scale

scores. The second form presents a standardizasumeeof the bias by translating it into an
effect size — found by dividinﬁ(dk) by the pooled standard deviation of the annualsiesre

gain among lottery participants. The final fornegents the approximate number of weeks of
instruction that the bias estimates represent. iEhidene by dividing the average annual scale
score gain among lottery losers by the conventionaiber of instructional weeks in a school
year (35). The bias estimate is then divided leyrtieasure of learning per week to find the total
number of weeks of learning that the bias reprasenhis is a relevant indicator for education
decision makers who want to consider the practiopbrtance of a program. It helps ascertain
the extent to which the non-experimental methodg lead an education decision-maker to
incorrectly change policy based on a biased estimat

Table 18 reveals that most of the non-experimeggtinates have substantial bias. Bias
is largest in the MR estimates. The magnituddefMR estimates relative to the experimental
estimate suggests that MR has failed to adequedeiyol for selection on unobservables. The
bias in the MR estimates represents close to abaldlemic year's worth of learning in reading
and over half a year’s worth of learning in math.

Propensity score matching techniques performeebtan MR, suggesting that creating
a comparison group with balanced covariates redineethreat of selection bias better than
using the full sample of students via MR. Nevddhkg, the PSM estimates still have practically
important levels of positive bias. The fact thheatimates are large and positive suggests the

PSM is unable to effectively address the form ¢écén bias that exists between magnet and
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non-magnet students by balancing observable clesistats. The similarity of the estimates
corroborates the claims of many researchers teathbice of matching method makes little
difference in the impact estimates (Bloom, 200)general, restricting matching to within
student's & grade school produced less biased estimates Hoarirey matching across™grade
schools, although neither intra- or inter-schootaheng performed well enough to substitute for
the experimental IV estimator. Notice from thensi@rdized effect sizes that the bias in the MR
and PSM estimates is smaller in math than in readin

The student fixed-effect estimator performed thet lbé all estimators, which indicates
that some of the bias in the MR and PSM estimam@siue to time-invariant unobserved
factors. This is most evident in reading, wherthitbe %' and &' grade estimates were not
meaningfully different from the experimental 1V iesates. This allows for the conclusion that
the fixed-effects estimator could serve as an w&naubstitute for an experimental design, if
the outcome of interest was only reading achievémeéhe fixed effects math estimates had less
bias than the other non-experimental estimatorth(thie exception of thé"6grade PSM NN
Intra-School). Nevertheless, the magnitude otilas in the 5 grade fixed-effect estimate

equates to over a month of instruction and fhgr@de bias equates to over two months.
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Table 16.

Results: Non-Experimental Estimates of Magnet Irnpadvath Outcomes

Experimental 1V Multiple Student Fixed PSM NN PSM NN PSM LRM PSM LRM
Estimates Regression Effects Intra-School Inter-School Intra-School Inter-School
5™ Grade Magnet 4,985%** 13.181*** 7.497*** 8.582*** 10.925*** 9.841*** 11.0717***
(1.520) (0.951) (1.006) (1.491) (1.516) (1.507) 52B)
6™ Grade Magnet 0.685 12.791%** 6.850*** 6.199*** Bg*** 5.527*** 7.137*%**
(1.605) (1.142) (2.024) (2.342) (2.312) (1.597) 3.365)
4th Grade Reading .169*** 0.226***
(.017) (0.007)
4th Grade Math A24%** 0.568***
(.017) (0.007)
Black -7.341%* -3.869***
(1.227) (0.329)
FRL -7.071% -4.410%* 0.507
(1.294) (0.315) (0.371)
ESL 5.725%** 2.040*** 0.559
(1.581) (0.509) (1.953)
Female -3.275%** -1.017%*
(.877) (0.295)
Disabled -6.125*** -6.246*** -3.754***
(1.386) (0.507) (0.912)
Constant 284.7%** 56.22%* 592,31 ***
(13.6) (6.113) (11.046)
Cohort Effects Yes Yes Yes Yes Yes Yes Yes
Grade Effects Yes Yes Yes Yes Yes Yes Yes
Year Effects Yes Yes Yes Yes Yes Yes Yes
Test Effects Yes Yes Yes Yes Yes Yes Yes
Observations 3,616 42,052 64,265 2,916 2,916

*p<0.05, ** p<0.01, ** p<0.001
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Table 17.

Results: Non-Experimental Estimates of Magnet Impadkeading Outcomes

Experimental 1V Multiple Student Fixed PSM NN PSM NN PSM LRM PSM LRM
Estimates Regression Effects Intra-School Inter-School Intra-School Inter-School

5" Grade Magnet 3.760** 13.118*** 3.726*** 9.501*** 8.984*x* 10.333*** 10.785***

(1.361) (0.850) (0.982) (1.340) (1.336) (1.355) 36B)
6" Grade Magnet 1.015 10.762*** 1.562 8.240** 8.398** 7.278*** 7.883***

(1.438) (0.953) (1.000) (3.333) (3.332) (3.546) 3(®)
4th Grade Reading 494 rrx 0.596***

(.015) (0.007)
4th Grade Math .093*** 0.172%**

(.016) (0.006)
Black -7.591%** -4.381***

(1.009) (0.316)
FRL -6.389*** -5.443*** 0.222

(1.158) (0.298) (0.362)
ESL 1.626 -1.221* 2.291

(1.416) (0.492) (2.911)
Female -.372 1.361***

(.785) (0.281)
Disabled 3.539* -3.515%** 2.302*%

(1.239) (0.479) (0.894)
Constant 270.6*** 63.027*** 604.4***

(13.36) (5.713) (10.76)
Cohort Effects Yes Yes Yes Yes Yes Yes Yes
Grade Effects Yes Yes Yes Yes Yes Yes Yes
Year Effects Yes Yes Yes Yes Yes Yes Yes
Test Effects Yes Yes Yes Yes Yes Yes Yes
Observations 3,616 42,251 64,265 2,916 2,916

*p<0.05, ** p<0.01, *** p<0.001
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Table 18.

Estimates of Bias in the Non-Experimental Estimafake Effect of Magnet school Attendance on
Math and Reading Achievement

Student PSMNN PSMNN PSMLRM PSMLRM
Multiple Fixed Intra- Inter- Intra- Inter-
Regression  Effects School School School School
Math

5th Grade

Scale Scores 8.20 2.51 3.60 5.94 4.86 6.09
Effect Size 0.28 0.08 0.12 0.20 0.16 0.20
Instructional Weeks 16.9 5.2 7.4 12.3 10.0 12.6
6th Grade

Scale Scores 12.11 6.17 5.51 6.17 4.84 6.45
Effect Size 0.45 0.23 0.20 0.23 0.18 0.24
Instructional Weeks 18.4 9.4 8.4 9.4 7.3 9.8

Reading

5th Grade

Scale Scores 9.36 -0.03 5.74 5.22 6.57 7.03
Effect Size 0.35 0.00 0.22 0.20 0.25 0.26
Instructional Weeks 27.5 -0.1 16.8 15.3 19.3 620.
6th Grade

Scale Scores 9.75 0.55 7.23 7.38 6.26 6.87
Effect Size 0.37 0.02 0.28 0.28 0.24 0.26
Instructional Weeks 31.2 1.8 23.1 23.6 20.0 22.0

The fixed-effect estimator performed better in regdhan in math. A possible explanation for

this discrepancy is that unobserved factors tHatafeading achievement are time-invariant, sich a

parental literacy, exposure to reading materiasidetof school, and students’ general enjoyment of

reading and writing. These factors would be disdiby the student fixed-effect and differenced-out

of the magnet impact estimate. The unobservedraetfecting math achievement may be time-

invariant, such as time spent on homework, paremvement, and overall student motivation. The



fixed-effect would fail to capture these factorsldne differences between the magnet and non-magnet
students in these dimensions would be attributedagnet school attendance.

With the exception of the fixed-effect estimator@ading, all the non-experimental estimators
predicted a positive effect of magnet school atice in 8 grade, whereas the experimental IV
estimate showed an effect that was not statisyichfferent from zero. In some cases tiegade
estimates were larger than tHedrade estimates. This is an important findingg agcision-maker
may incorrectly conclude that the magnet schoolehesnsistently positive effect on students. The

experimental data show that most of tiegfade magnet effect is given back fhdgrade.

Discussion

This study has important implications for researsliterested in the causal effect of magnet
schools on student achievement. The only estinta&mperforms well enough to substitute for an
experimental design is the student fixed-effectsnegor of the magnet effect in reading. All theN®
and MR estimates overstate the causal effect ohetagghools in both reading and math. The bias in
these estimates is not trivial, representing moathsstruction. Collectively, these findings ciaut
against making policy decisions based on non-exp@rial evidence. With the exception of the fixed-
effects estimator in reading, all estimators maylla decision-maker to incorrectly conclude the
magnet school effect is noteworthy and be compétezkpand the program.

The generalization of these findings beyond thisda should be done with caution. Magnet
school policies and practices vary substantiallpss districts, as do the general contexts and
dynamics of public schooling. These differencel miluence the effectiveness of the magnet sckool
relative to the rest of the schools in the district

One important consideration is the gap in the ayestudent performance of the magnet

school and the average student performance indhamagnet schools in the district. In this stuuly t
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comparison group’s “treatment” is a composite @f tlon-selective schools in the district. In dct#i
with relatively homogenous schools, one might imad & significant magnet school advantage because
the peers and academic programs found in the ngmehachools may be very similar to those found
in the magnet school. This is not the case withdiktict | studied. In 2004, the averad®diade math
scale score in the selective magnet school wasraRing it the highest performing middle school in
the district. In contrast, the “average” schoalhia district (i.e. the school at the median of the
district’s distribution in average'sgrade school scores) had an average score of B2369 scale
score points that separates these two schoolsesgimabver three grade levels of learning. In other
words, the students in the selective magnet s@dedearning at more than three grades levels from
the students in the average school in the distBcich a profound difference between the magnet
schools and the non-magnet schools is probabljomod in most districts.

It is particularly important to note that thesediimgs may not generalize to other types of
schools of choice, namely charter schools. Thereatiiself-selection into charter schools is prdypab
very different than magnet schools. Unlike chast#ools, magnet schools have been normal
educational options within urban public school eyst for decades. Most parents are aware of the
magnet schools in their district and recognize tlasmiable educational options if their students
qualify for admission. Consequently, when a paseiimits a magnet school application it does not
signal they are particularly different from the etlparents in the district. In contrast, chastgrools
are still a novel educational option in most citiddany families do not understand them, are unawar
of their presence, or view them with skepticismeaese they are misinformed and assume they charge
tuition or have special admissions requirementserdfore the parents who submit an application to a
charter school are likely to be very different fréime average family in the district, potentially raso

than the parents of magnet school students. Tajssuggest a greater threat of selection bias for
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charter school studies that use non-experimenttiiads, although the direction and magnitude of this

bias is not immediately clear.
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CHAPTER VI

EVALUATING THE EFFECTS OF ATTRITION ON THE EXPERIMETAL AND NON-
EXPERIMENTAL ESTIMATORS OF THE MAGNET IMPACT

Selective Attrition and School Choice Research

Sample attrition poses a methodological challeogeehool choice program evaluations that
use admissions lotteries to create random compagsmips. Attrition is a problem because
participants who do not win entry to their schobtlooice often seek other alternatives to their
residentially-zoned district school. Researché&enado not have the resources or agreements to
gather data on these students. If this attrisamon-random and systematically related to the
outcomes (i.e. “selective”), the integrity of theperimental design is jeopardized and bias mayltresu
A number of recent school choice evaluations hacketh deal with high levels of attrition (see for
example, Abdulkadiroglu, Che, & Yasuda, 2009; Baegkd Schneider, 2008). Kemple & Scott-
Clayton’s (2004) investigation of career acaderfoesd roughly 40% of the sample left during the
study years.

School choice researchers’ decisions on how towlgalattrition have important consequences
for their research conclusions. The conflictinglfitgs on Milwaukee’s voucher program are a good
example of this; three research teams reached diffee=nt conclusions primarily because of their
different methods for dealing with attrition. ttSterr & Thorn (1996) determined the attrition
among voucher lottery losers was so severe asitterehem useless as an “experimental” control
group and instead created a non-experimental cosgoagroup by drawing a random sample of
Milwaukee public school students. Using the nopezimental comparison group, Witte and

colleagues did not find a positive effect of prevathool vouchers on math or reading achievement.
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Green, Peterson, and Du (1997) argued Witte's &gbrdid not adequately control for selection bias
and conducted a random-assignment evaluation bpaony the achievement of voucher students to
students who applied but did not get into a priwateool. They found statistically positive effeofs

the voucher program in both reading and math fedestts in their 8 and 4" year in the program.

Witte challenged these findings on the grounds58&b of the unsuccessful applicants left the distri
He argued this attrition leads to an unfair congmarigroup for voucher students because the
unsuccessful applicants who remained in the distréce from less educated, lower income families
than the full sample of voucher participants. Asduent analysis by Rouse (1998) revealed the test
scores of unsuccessful applicants who left theidistiere actually lower on average than those who
remained. Using lottery status as an instrumenpifimate school enroliment as well as a studermdix
effect model, Rouse found a positive effect ofitbacher program in math, but not in reading.

The Milwaukee voucher research calls attentioméorteed for more empirical guidance on
how to deal with attrition from school choice ewations. There is a broad consensus among
researchers that lottery-based experiments argalldestandard for estimating causal effects of stho
choice programs. Nevertheless, it is unclear habwist these experimental estimators are to the
effects of selective attrition and when (if evér® experimental comparison should be abandoned in
favor of a non-experimental comparison.

The purpose of this chapter is to provide some gogpiguidance on this topic by evaluating
the bias in the experimental and non-experimersti@inators of the magnet effect under various rates
and forms of selective and random attrition. Usiimgulated data, | examine the performance of the
estimators under 30 unique samples that have diffteates and forms of attrition among the samples
of lottery winners, lottery losers, and lottery Aparticipants. For parsimony, | focus exclusivety

the effect of the magnet school dhgrade math achievement.
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Sample Set-Up
The sample used in this exercise consists of'ajr&de students who were enrolled in the

district in 4" grade. The real missing outcomes in tAefade dataset were simulated to create a
dataset that has zero attrition, thus allowingousssume the experimental 1V estimator is unbiased
when run on the full sample because there is reathof attrition bias.’ Inducing artificial attrition
into this sample, where 80% of the observationseak allows for more realistic inferences thae on
using a completely artificial sample.

The sample consists of three subgroups that arertang to the simulation: (1) lottery winners,
(2) lottery losers, (3) lottery non-participanisexamine how the estimators perform under differen
forms and rates of attrition among these threeggorhe first two groups are important becausg the
represent the experimental comparison groups, tridioa within these groups represents a threat to
the random assignmefft. The last group is important because attrition mgrstudents who did not

participate in the lottery may bias the non-expernital estimates.

Specifying the Form of Simulated Attrition in tHede Subgroups
The performance of the estimators is evaluatedrusigeharacterizations (“scenarios”) of the
form of attrition in the sample. | specify differtforms of attrition within the three subgroupstigry

winners, lottery losers, non-participants) to fitwplausible scenarios that school choice resessch

19 To create a full sample of"Hrade students who were enrolled in the distriefi grade, | had to make some
assumptions on the actual attrition in the sampiest, | assume 85% of lottery winners with migs8f grade outcomes
actually would have attended the selective magrteda, while the other 15% would have enrolledriother district
school. This is the approximate proportion thas whserved among non-attritors in the sample. 18kdbat the actual
attritors’ 5" grade outcomes would fall at the same percentileimtheir cohort’s distribution of math scoresveas
observed in % grade. For example, if a student had"@ade math score that fell at thé"g&ercentile of the @grade
math scores in the district in 2001, that studemissing &' grade outcome would be equivalent to th& pércentile of the
observed B grade math scores in 2002. By extension, thismass attritors made average growth frdfrtet5" grade,
thus allowing them to maintain their normative gain the distribution of Y.
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may encounter.

In some scenarios, a subgroupitaat results in outcomes that are missing

completely at random (MCAR), outcomes that are mgsaot at random (MNAR) where high

achieving students are more likely to leave, oconites that are MNAR where low-achieving students

are more likely to leave.

Table 19.

Coding of the Characterizations of Subgroup’s Miggbutcomes

Missing Completely at Random (MCAR)

Missing Not at Random (MNAR) where high achievingdents
are more likely to leave

Missing not at Random (MNAR) where low achievingdsnts
are more likely to leave

Table 20 presents the six scenarios. It is foleblwg a brief discussion of the rationale for each

specification on the nature of attrition in eachgoup.

Table 20.

Six Scenarios on Nature of Attrition in Three Swogs

Lottery Winners

Lottery Losers

Non-Participants

Scenario R-H-R

Scenario H-H-R

Scenario R-H-H

Scenario H-H-H

Scenario R-H-L

Scenario H-H-L

MNAR

MCAR (High Achievers Leave) MCAR
MNAR MNAR MCAR
(High Achievers Leave) (High Achievers Leave)
MCAR _ MNAR _ MNAR
(High Achievers Leave) (High Achievers Leave)
MNAR MNAR MNAR
(High Achievers Leave) (High Achievers Leave) (High Achievers Leave)
MCAR _ MNAR MNAR
(High Achievers Leave) (Low Achievers Leave)
MNAR MNAR MNAR

(High Achievers Leave)

(High Achievers Leave)

(Low Achievers Leaver)
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Simulated attrition of lottery winner$he attrition of lottery winners is specified ineoaf two
forms: (1) MCAR; or (2) MNAR with high achievers maolikely to leave. The attrition of lottery
winners may be MCAR if students left for idiosynecaeasons such as residential moves, parent job
transfers/changes, disciplinary problems, etc.s Epecification assumes the potential outcomeiseof t
lottery winners who left the sample are expecteldetohe same on average as those who remained.

The attrition of lottery winners may also be MNARlwhigh achievers more likely to leave for
reasons that are unobserved and associated witte foerformance. This would be the case if the
lottery winners who left the sample had greaterivatibn to seek out better schooling options, even
after winning entry to the district’s highest perfong school. If this motivation has a positive
association with student achievement, then thenastis of the magnet effect will be downwardly
biased because the best students will have lekdh®le.

Simulated attrition of lottery loserall six characterizations assume the attritionatfdry
losers results in outcomes that are MNAR, wheresthdents that are most likely to leave are those
who would have had higher future performance thhatwhe observed covariates would have
predicted. | maintain this sole assumption forltitery losers because of substantial anecdotal
evidence that lottery losers were leaving the idisiin pursuit of better education in private scisoo
We expect those who left were more likely to behraghievers because their parents had more
resources and/or more motivation to improve thehosling than those lottery losers who stayed.
Given that parental motivation is unobserved inda&, we assume that this attrition is missingatot

random (MNAR) rather than missing at random (MAR).
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Simulated attrition of non-participantsspecify the missing outcomes of non-participants
three forms. First, | specify the missing outcormeMCAR, which would be the case if families left
the district for idiosyncratic reasons such asdesiial moves, parent job transfers, etc.

Second, | specify the missing outcomes as MNAR Witjin-achievers more likely to leave.
This would be the case if families were satisfigthwhe district’s elementary schools, but
uncomfortable sending their child to one of thdrdiss middle schools. Parents with the resosrce
and motivation may decide to exercise another doigoption such as an inter-district transfer or a
private school. If there is a positive associabetween parental resources and motivation aneéstud
achievement, this would downwardly bias non-experital estimates that use non-participants in their
comparison group.

Third, | specify the missing outcomes as MNAR wdtv-achievers more likely to leave. This
would be the case if mobility was a signal of astable home life and an unstable home life

associated with poor future school performance.

Specifying the Attrition Rates among Three Subgoup

For each of the six characterizations on the fofettoition, | specify five different attrition
rates (zero, low, moderate, high, severe). Tablshdws the induced attrition rates for each sulqgro
under these five specifications. The first speatiion is that the attrition rate is zero for albgroups,
meaning the estimators are run on the completelsarijme experimental IV estimator generated
from this sample represents the unbiased estinfidke @ausal effect of magnet school attendance
because it suffers from zero attrition bias as aglzero selection bias (as a result of using mrahgdo
assigned comparison groups). The non-experimestahators are also free of attrition bias, however
they may still suffer from selection bias becaumssytuse non-experimental comparison groups.

Specifications 2-5 induce increasing amounts oitiath into the sample. In order to maintain a
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pattern of attrition in the simulated data that wamsilar to that observed in the actual data, losg
attrition in the lottery loser sample that is 5@%ater than the attrition rates of lottery winnensl

non-participants?*

Table 21.

Simulated Attrition Rates among Three Subgroups

Lottery Winners Lottery Non-Participants  Lotterydass

Zero Attrition 0% 0% 0%
Low Attrition 10% 10% 15%
Moderate Attrition 20% 20% 30%
High Attrition 30% 30% 45%
Severe Attrition 40% 40% 65%

Inducing Attrition in the Samples
With six different characterizations on the formatirition in the sample and five different
assumptions on the attrition rates, | have 30 wnitharacterizations of sample attrition. Attritisn
induced into the complete sample to create 30 ensqunples, one for each attrition characterization.
To artificially induce attrition that matches theO¥R specification, | randomly flag student
outcomes and drop them from the sample in accoedaith the specified attrition rate of each
subsample. For example, under characterizatioov-gktrition) | randomly drop 10% of the outcomes

of lottery winners and 10% of the outcomes of nartipipants.

L Lottery losers had a 46% higher attrition ratenttwtery winners. This difference was statistigaignificant. Whereas
the attrition rates of lottery winners and lotteign-participants were not statistically differeiror simplicity, | round the
different attrition rate of lottery losers to latyevinners and non-participants up to 50%.

94



To artificially induce attrition that is MNAR, | dp outcomes based on the values of their
residuals from a least squares regressiori'@fr&de math scores on the observed covariates trsn
complete sample. Using the residuals allowswensure the attrition we simulate is MNAR because

we base attrition on the unobserved factors thaliagxY. This regression takes the following form

Y =6, + B X +B.Ci +y, &, (7.1)

WhereYis the math score for studdrin yeart. Xis a vector of explanatory variables
indicating student participation in special progsafBRL, ESL, special education}’ grade
achievement in reading and math, race (Black #id,gender (female =1). We impose constant
effects ofX over time. C is an indicator of studeiis cohort.y; are year fixed-effectse; is the error
term.

| drop the outcomes of the three subgroups (lottenyners, lottery losers, non-participants)

based on whether or not their predicted residéalfalls above or below the median of the residuals
for the complete sample. Students with positideesof £, are those who performed better than

predicted based on the regressors in model 71de8ts with negative values &f are those who

performed worse than predicted. In simulationsrelee attrition is characterized as MNAR where

those who left were more likely to be high achisy@disproportionately drop outcomes for those
whose value of; falls above the median. For example, in charaezgon 2 (low attrition), | drop a

total of 15% of the outcomes of lottery losers. characterize these outcomes as MNAR with high

achievers more likely to leave, two-thirds of theskcomes (10% of the full sample of lottery logers
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are for students with values &f above the median and one-third of the outcomefoatbose with
values ofé&, below the median.

Table 22 presents the distribution of the simulaitgsking outcomes above and below the
median of the distribution of; for each of the 30 characterizations of sampléiatt. Note that in
situations where the attrition is MCAR, half of timéssing outcomes will have values &f that are

above the median and half will be below the median.
The random selection of outcomes within each suljgi® done 1,000 times for each of the 30
attrition simulation samples. Each estimator entiun on 1,000 samples and the average of thé 1,00

estimates is used as the final estimate of the stagfect.

Estimate of the Causal Effect of Magnet School Ememt under the Complete Sample

In this analysis, the experimental IV estimate oarthe complete sample is the unbiased
estimate ofd . | refer to this estimate a%f wherec stands for “complete sample” armindicates the
experimental 1V estimator.

5‘; equals 3.57 with standard error of 1.28 (p=0.008)is serves as our unbiased estimate of

the causal effect of magnet enrollment 8hgBade math achievement. We can use this bageline

estimate to estimate the bias that results un@eB@hcharacterizations of sample attrition.
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Table 22.

Distribution of missing outcomes above and belaav38l' percentile of residuals for the 30 simulated &ttiri samples

Scenario R-H-R Scenario H-H-R Scenario R-H-H Scenario H-H-H Scenario R-H-L Scenario H-H-L
Attrition Above Below Above Below Above Below Above Below Above Below Above Below Total
Rate Subgroup Median Median Median  Median Median  Median Median  Median Median ~ Median Median  Median Attrition
Lottery Winners 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
Zero Lottery Losers 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
Non-Participant 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
Lottery Winners 5% 5% 6.7% 3.3% 5% 5% 6.7% 3.3% 5% 5% 6.7% 3.3% 10%
Low Lottery Losers 10% 5% 10% 5% 10% 5% 10% 5% 10% 5% 0% 1 5% 15%
Non-Participant 5% 5% 5% 5% 6.7% 3.2% 6.7% 3.3% 3.2% 6.7% 3.2% 6.7% 10%
Lottery Winners 10% 10% 13.3% 6.6% 10% 10% 13.3% 7%6. 10% 10% 15% 5% 20%
Moderate Lottery Losers 20% 10% 20% 10% 20% 10% 20% 10% 20% 10% 20% 10% 30%
Non-Participants 10% 10% 10% 10% 15% 5% 13.3% 6.7% 6.7% 13.3% 6.7% 13.3% 20%
Lottery Winners 15% 15% 20% 10% 15% 15% 20% 10% 15% 15% 20% 10% 30%
High Lottery Loser 30% 15% 30% 15% 30% 15% 30% 15% 30% 15% 30% 15% 45%
Non-Participant 15% 15% 15% 15% 20% 10% 20% 10% 10% 20% 10% 20% 30%
Lottery Winners 20% 20% 26.6% 13.3% 20% 20% 26.6% 3.3% 20% 20% 26.6% 13.3% 40%
Severe Lottery Losers 40% 20% 40% 20% 40% 20% 40% 20% 40% 20% 40% 20% 60%
Non-Participants 20% 20% 20% 20% 26.6% 13.3% 26.6%13.3% 13.3% 26.6% 13.3% 26.6% 40%




Estimating the Bias in the Estimators under theS8@ulated Attrition Samples

Using 3;, | estimate the bias from each non-experimentahasork for each of the 30
simulated samples; as:b(57) = 6¢ - 6. The non-experimental estimators investigateeiher
are those presented in the previous chapter, itlsame specificatiori$ Likewise, | estimate
the bias in the experimental estimatavhen run ors as: 6(5;) = 5; - 3;. To comparatively

evaluate the performance of the non-experimentahatrs against the experimental estimator

for each samplg, | find the difference in absolute values of thwe tias estimates:
&2 =|b(3) |- |b(d%)|. If &5 <0it indicates that non-experimental estimatgields estimates
with less bias than the experimental estimator watéttion is of the form and rate
Conversely, ifg; > 0it indicates the experimental estimator remaindehst biased estimate

unders.

Results
The bias estimates from the simulations are preddmtlow in six graphs (figures 1-6)
corresponding to the six attrition scenariddn each graph the amount of bias is presented in

standardized effect size measure. This meastine difference between the unbiased
experimental IV estimate from the complete samﬁlﬁa) @nd the experimental IV or non-
experimental estimate from the sample sufferingifadtrition (3ZS or5k5) divided by the

standard deviation of gains in math test scorethicomplete sample of'Hjrade students:

%2 The PSM estimators evaluated in this chapter afloter-school” matching — meaning the potentialtches for a
given student are not restricted to a studerft'gréde school.

% The actual estimates of the magnet effect for estimator under the 30 attrition characterizatiarespresented
in the appendix.
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ES(B(JE)): 9 =9 . This allows us to evaluate the magnitude of s n relation to annual
AYz

achievement gains.

The experimental IV estimator is clearly most sewsito sample attrition; whereas the
other methods produce relatively stable estimates Gimilar amounts of bias) under all
attrition rates, the bias in the experimental IYireates trends upward as the attrition rates
increase. Nevertheless, the experimental IV eséisnare less biased than the non-experimental
estimates for all samples with low or moderatatattr rates and most scenarios with high
attrition rates.

The MR estimates are the most biased in every btieB0 characterizations of
attrition. There never reaches a point where thedgdtimates are less biased than the
experimental IV estimates. Even when the lotteset sample suffers 60% non-random
attrition, where high-achieving lottery losers arere likely to attrit, MR yields estimates with
bias that is 0.20 greater than the the experimévitaktimate. This is evidence that multiple
regression with observed covariates using nongpatnts is not a defensible substitute for an
analysis that uses the experimental comparisorpgtoagardless of the severity of attrition.

The student fixed-effects estimator was found tonst robust to the effects of selective
attrition and to perform relatively well in samplegh moderate, high, and severe attrition rates.
In fact, when attrition rates reached high levéb% among lottery losers, 30% among lottery
winners and non-participants) the fixed-effectsnestor performed better than the experimental
IV estimator in the two scenarios where the attnitiorm of non-participants was specified as
non-random with low-achievers more likely to leawWhen attrition rates reach the severe level
(60% among lottery losers, 40% among lottery wisrserd non-participants), the fixed-effect

estimates were least biased of all estimates. firtdsg lends affirmation to the approach used
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by Celia Rouse in her investigation of the Milwaekeucher program, where Rouse used the
fixed-effects estimator to address the fact th&b % lottery losers attrited.

The propensity score matching estimators are rdbuse effects of attrition, as
evidenced by similarity of PSM estimates from sasplith different attrition rates. This is to
be expected given PSM methods adapt to sampleaatthy either re-weighting the comparison
group (the case with LRM) or seeking the best arerte matches among those who are left (the
case with NN). Nevertheless, the PSM estimates balbistantial bias due to the fact they cannot
control for selection on unobservables and, likeMR estimator, must rely on observed
covariates to control for self-selection into thagnet school. This analysis suggests the PSM
estimators should be ruled out as a method fouatialg magnet school programs. Only when
attrition reaches the severe level do the PSM astira perform as well as the experimental 1V.
However, when attrition is severe both the PSM exjgerimental 1V estimators produce
estimates with bias greater than a standardizedtedf 0.20, suggesting neither should be used

to estimate a treatment effect.
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Scenario R-H-R: Lottery Winners - MCAR; Lottery Lose
MNAR (high achievers leave); Non-Participants - MCAR
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Figure 1.Bias in Experimental and Non-Experimegstimators under Scenario R-H-R
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Figure 2. Bias in Experimental and Non-Experimegistimators under Scenario H-H-R
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Scenario R-H-H: Lottery Winners - MCAR; Lottery Lase
MNAR (high achievers leave); Non-Participants - MNA&Rgh
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Figure 3. Bias in Experimental and Non-ExperimeBistimators under Scenario R-H-H
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Lottery Losers - MNAR (high achievers leave); NomtRgants -
0.500 MNAR(high achievers leave) 0.440 0.450
0.403 . PP |
0.400 0367 0';79 053 0?:81
Weooooovccccce? o . .-..o" 0-....
0.287 0;(0.8.............x...-"::'............’.o....,......fl.-glo
0'300 ‘::::::::::0000.00000000""""'. 0.328 ?‘4%267
0.275 0.287 0.294 0’0177
0.200 0.129 0.134 0126 0.140._.....:”._“.’
’ooo-o--ooo.o-o‘-o-o-o-o-o-ooo’nooo-o-oa-o:::‘.b..l.sz
0.100
eeeek°0058
0.000 — A= 0:000 ++revee g g 07
Zero Low Moderate High Severe
-0.100
ceches |V coofies OLS +o+#et FE <X« PSMNN ¢:-@<- PSMLRM

Figure 4. Bias in Experimental and Non-ExperimeBistimators under Scenario H-H-H
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Scenario R-H-L: Lottery Winners - MCAR; Lottery Lase
MNAR (high achievers leave); Non-Participants - MN@d®Rv
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Figure 5. Bias in Experimental and Non-Experimegistimators under Scenario R-H-L
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APPENDIX

Table A-1.

First Stage Results of Experimental IV 2SLS Regess

Magnet
Enrollment
Magnet Lottery Winner '8 Grade 0.805*+*
(0.010)
Magnet Lottery Winner '8 Grade 0.001
(0.009)
4th Grade Reading 0.001***
(0.000)
4th Grade Math 0.000
(0.000)
Black 0.024*
(0.012)
Free and Reduced-Price Lunch -0.084***
(0.014)
ESL 0.067***
(0.017)
Female 0.022
(0.010)
Constant -0.459
(0.918)
Lottery Year Yes
Cohort Yes
Grade Yes
Observations 3616
R-Squared 0.759

*p<0.05, ** p<0.01, *** p<0.001

Note.The F-statistic from the first-stage is 3135.8fs tallows me to reject the
null hypothesis that the independent variablesi@first stage equation weakly
identify the instrument. Stock and Yogo (2005)icadke that the critical first-
stage F-statistic value for indicating a weak instent is 16.38.
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Table A-2.

Intent to Treat Experimental Estimates of Magnée&f

Math Reading
Magnet Lottery Winner 8 Grade 4.016*** 3.027***
(2.227) (1.097)
Magnet Lottery Winner 8 Grade -.528 -.790
(1.259) (1.127)
4th Grade Reading 0.179*** 0.499%***
(0.017) (0.015)
4th Grade Math 0.430*** 0.096***
(0.018) (0.016)
Black -7.702%** -7.843***
(2.129) (1.008)
Free and Reduced-Price Lunch -7.407%** -6.695***
(1.292) (1.154)
ESL 5.668*** 1.64
(1.585) (1.415)
Female -3.326*** -0.369
(0.879) (0.785)
5th Grade 3.338 28.449%**
(6.646) (5.933)
Constant 281 x** 270
(14.9) (13.4)
Cohort Effects Yes Yes
Grade Effects Yes Yes
Year Effects Yes Yes
Test Effects Yes Yes
Observations 3613 3613
R-Squared 0.738 0.797

*p<0.05, ** p<0.01, *** p<0.001
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Table A-3.

Tests of Validity of Instruments

Test

Test Statistic

Description of Test(s)

Weak Identification Tests
Cragg-Donald Wald F Statistic

Underidentification Tests
Anderson canon. corr. N*CCEV LM statistic
Cragg-Donald N*CDEV Wald statistic

Weak-Instrument/Robust Inference Tests
Anderson-Rubin Wald test
Anderson-Rubin Wald test
Stock-Wright LM S statistic

3135***

2297***
6305***

5.81**
11.7%
11.6**

Test of cdatéon of endogenous
regressors with excluded instruments;
Ho: equation is weakly identified

edt of relevance of excluded
instruments; Ho: the model is
underidentified

Tests of joint gfggance of
endogenous regressors in main
equation; Ho: B1=0 and
overidentifying restrictions are valid
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Table A-4.

Reduced Form Math IV Estimates by student charestier

Bottom Quiartile 4th

Inter Quartiles 4th

Top Quatrtile 4th

Black Non-Black FRL Non-FRL Grade Math Grade Math Grade Math
Selective Magnet5th Grade 10.191* 3.510* 10.508 * 4.180*** 5.648** 5.461%** 2.954
(2.662) (1.780) (4.164) (1.635 (2.6925) (2.067) (3.322)
Selective Magnet®Grade 4.148 -.387 8.433 -.321 .5708 .101 -1.373
(2.721) (1.918) 5.301 (1.689 2.932 2.157 3.534
4th Grade Reading Test 0.124* .183** 0.112 .17646%** 0.139** 0.209%*=* 0.135*
(0.031) (.020) (0.072) (.0186 (0.052) (0.037) (0.049)
4th Grade Math Test 0.425%** A19%** 0.440%** A220%** 0.560*** 0.457*** 0.309%**
(0.031) (.020) (0.073) (.0190 (0.117) (0.105) (0.079)
Black -- -- -4.002 -8.100*** -5.031* -6.830%** -11.314**
-- -- (3.753) (2.296 2.705 (2.539) (4.150)
Free and Reduced-Price Lunch -4.736** -0.149%** -- -5.492 -7.674%*= -6.080
(1.606) (1.814) -- (3.122) (2.934) (4.699)
ESL -2.166 7.405%** -1.766 7.550%** -0.284 6.866 8.220*
(3.347) (1.805) (5.369) (1.808 (5.263) (3.723) (3.853)
Female -1.253 -4.,052%** -3.945 -3.287*** -0.357 -5.915 -1.339
(2.737) (1.043) (3.555) (.9614 (2.506) (1.920) (2.650)
Disabled 4.566 6.141%** -1.463 6.497*** .854*** 5.531 11.932%**
(4.082) (1.514) 5.222 (1.4514 2.878 (2.019) 2.633
Constant 327.3%** 274.5%* 331.2%* 275.376*** 192.0%** 260.8 405.646***
(43.1) (16.1) (54.2) (15.008 (44.9) (70.4) (58.023)
Lottery Year (Cohort Effect Yes Yes Yes Yes Yes Yes Yes
Grade Effects Yes Yes Yes Yes Yes Yes Yes
Year Effect: Yes Yes Yes Yes Yes Yes Yes
Grade*Year (Test Effects) Yes Yes Yes Yes Yes Yes Yes
R-Squared 0.828 0.700 0.788 0.729 0.794 0.727 0.610
Observations 830 2775 544 3,061 957 1766 882

*p<0.05, ** p<0.01, *** p<0.001

Note. The specification of the IV model for reducednfioestimates shown above is identical to the spatifin used to generate the estimates for the#ufiple model. The
sample is limited to®and 6" grade students who participated in the selectiagrmat lottery and were enrolled in the distric#hgrade. All models are estimated with Huber
White robust standard errors to account for thestation of errors across years within a singlelshi as well as the correlation of the errors tiety losers who attend the same

non-selective magnet school
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Table A-5.

Reduced Form Reading IV Estimates by student ctersiic

Bottom Quartile 4th Inter Quartiles 4th Top Quartile 4th
Black Non-Black FRL Non-FRL Grade Matl Grade Matl Grade Matl
Selective Magnet5th Grade 8.388** 2.659* 5.936 3.455** 5.535** 2.148 4.090
(2.560 (1.5903 (3.868 (1.455 (2.586 (2.709) (3.242)
Selective Magnet®Grade 4.191 .1022 4.083 .7024 .8703 1.037 -1.016
(2.631 (1.694 (4.954 (1.504 (2.824 (2.797) (3.327)
4th Grade Reading Test AT78*** A496*** A4 %> A99*** .654%** B57*** .262%**
(.0302 (.018 (.0403 (.016) (.062) (.054) (.053)
4th Grade Math Test .0684 .099*** .102%** .093*** .109*** .075%** .098
(.0321 (.018 (.041) (.016) (.030) (.021) (.033)
Black -9.602** -7.341%** -2.246 -7.442%* -13.189%***
(2.124) (1.155) (1.497) (2.372) (2.940)
Free and Reduced-Price Lunch -6.376 -6.294*** -5.333*** -4.283%** -10.862***
(1.543 (1.602) (1.709) (1.577) (3.321)
ESL 1.842 1.645 -1.341 2.213 3.626* 1.871 1.344
(3.221 (1.595) (3.012) (1.610) (2.239) (1.918) (3.599)
Female -.44060 -.196 751 -534 -1.683 -1.324 2.177
(1.461 (.9217) (2.004 (.856) (1.378) (1.024) (1.887)
Disabled 3.755 3.538* -1.647 3.894 -.896 2.248 7.888
(3.929 (1.337) (4.859 (1.291) (2.863) (1.708) (2.367)
Constant 288.0314 274.782 294.620 276.360*** 152.358*** 182.136*** 439.961***
(23.15444 (14.249) (30.474 (13.363) (39.344) (37.484) (41.323)
Lottery Year (Cohort Effects) Yes Yes Yes Yes Yes Yes Yes
Grade Effects Yes Yes Yes Yes Yes Yes Yes
Year Effects Yes Yes Yes Yes Yes Yes Yes
Grade*Year (Test Effects) Yes Yes Yes Yes Yes Yes Yes
R-Squared 0.843 0.778 0.812 0.792 0.8111 0.803 0.746
Observations 830 2775 544 3,061 936 1831 838

*p<0.05, ** p<0.01, *** p<0.001
Note.The specification of the IV model for reduced foestimates shown above is identical to the spetifin used to generate the estimates for the dutigde. The
sample is limited to'and &' grade students who participated in the selectizgmat lottery and were enrolled in the districtfhgrade. All models are estimated
with Huber White robust standard errors to accdainthe correlation of errors across years withsirgle student as well as the correlation of tiers of lottery
losers who attend the same non-selective magnebkch
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Table A-6.

Heckman & Hotz (2002) Specification Test: Runmiog-Experimental Models using
Pre-Intervention Data (¥, 39, and 4" grade scores)

Math Reading

3" Grade X Grade 8 Grade 4" Grade

Multiple Regression 19.876***  8.598*** 16.898*+* 9.689***
(1.437) (1.441) (1.451)  (1.456)
Student Fixed Effects ~ .0307 -9.468** 7.895%* 3 703+
(1.734) (1.734) (1.545) (1.545)
PSM NN 15.353 -4.053 15.369*** _ 0991
(2.955) (2.617) (2.615)  (2.184)
PSM LRM 15.226 -4.301 15.147%** 1628
(2.953) (2.576) (2.599) (2.161)

*p<0.05, ** p<0.01, *** p<0.001



Table A-7.

Estimates of the Magnet effect Under 30 Characiéioms of Attrition

Zero Low Moderate High Severe
Scenario R-H-R
v 3.57%** 4,58%** 6.478*** 7.05%** 10.81***
MR 13.55%** 13.95%** 14,19*** 14.44%* 14.86***
FE 7.07%** 7.66*** 7.80%** 8.08*** 8.30%**
PSM NN 11.36*** 11.65** 12.53*** 12.94*** 11.46***
PSM LRM 11.03** 11.41% 11.52%** 11.92%** 10.73***
Scenario H-H-R
v 3.57%** 3.37%** 5.15%** 7.16%** 10.83***
MR 13.55%** 13.43*** 13.65*** 13.76*** 13.98***
FE 7.07%** 7.04%x* 7.31%** 7.49%** 7.54%*
PSM NN 11.36*** 11.56*** 11.72%* 12.93*** 12.43**
PSM LRM 11.03** 11.19%** 11.25%** 11.70%** 10.70***
Scenario R-H-H
v 3.57%** 4,30%** 4. 47%** 6.30*** 12.95%**
MR 13.55%** 14.22%** 14.81*** 15.99*** 16.66***
FE 7.07%** 7.48*** 7.67%* 8.39%** 9.13%**
PSM NN 11.36*** 12.07*** 13.10*** 14.66*** 13.93***
PSM LRM 11.03** 11.59%** 12.12%** 13.14%** 13.06***
Scenario H-H-H
v 3.57%*= 3.37%x* 4., 70%** 6.83*** 10.83***
MR 13.55%** 13.86*** 14,52%** 15.52%** 15.79***
FE 7.07%** 7.20*** 6.99%*** 7.37%%* 8.39%**
PSM NN 11.36*** 11.93*** 12.35%** 13.92%** 11.56***
PSM LRM 11.03** 11.37%* 11.56*** 12.49*** 12.93***
Scenario R-H-L
v 3.57%*= 5.54%x* 6.48%*** 10.06*** 12.95%**
MR 13.55%** 13.82%** 13.12%** 12.87** 12.37**
FE 7.07%** 7.05%** 6.74%* 6.62%** 7.03%**
PSM NN 11.36*** 11.37%* 11.73%* 11.89*** 9.68***
PSM LRM 11.03*** 11.08*** 10.92%** 10.96*** 9.99%**
Scenario H-H-L
v 3.57%** 4.,66*** 4., 70%** 6.83*** 10.83***
MR 13.55%** 13.46*** 12.66*** 12.17* 11.55***
FE 7.07%** 6.76*** 6.05%** 5.59%** 6.29%**
PSM NN 11.36*** 11.52%** 10.99*** 10.65*** 10.01***
PSM LRM 11.03*** 10.87*** 9.84x** 10.19*** 9.92%**
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