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In education, students are often assigned to specialized programs or receive targeted inter-

ventions based on some standards and requirements. The criteria used to select the students

for such targeted policies must weigh the trade-off between serving too many students and

not serving enough. Under such selection criteria, I identify students who are selected into a

treatment category that does not maximize their benefits as consequences of misassignment

to treatment. As targeted policy interventions are aimed at providing supports for students

with specific needs, it is important that we establish a firm understanding and provide guid-

ance on how selection criteria should be designed and used to assure that all students are

appropriately served. This dissertation explores several aspects of such selection criteria

through the examination of three policies in education that seek to select students (or school

districts) for targeted interventions and supports. The exploration provides learning and rec-

ommendations on how federal, state, and local governments can leverage data and analysis

to limit the consequences of misassignment to treatment.

The first chapter of this dissertation introduces a framework to facilitate in the under-

standing of the consequences to misassignment to treatment. The framework establishes a

way of understanding how selection criteria for targeted policy interventions can fail and

lead to losses of benefits for both targeted and non-targeted groups.



The second chapter, Are We Correctly Measuring the Disproportionality of Minority Stu-

dents in Special Education?, asks whether the current methods for measuring disproportion-

ality in special education are accurately identifying school districts in need of a change of re-

ferral practices. Currently, the U.S. Department of Education’s Office of Civil Rights (OCR)

monitors whether school districts disproportionately refer minority students into special ed-

ucation services in an effort to prevent overreferral. However, these monitoring methods

do not account for student-level factors (notably, socioeconomic status) which have been

theorized to be positively associated with the presence of a learning disability. If minority

students are more likely to experience low socioeconomic status than their White peers, then

there may be good reason for minority students to be overrepresented in special education

(i.e., the current measures of disproportionality could be susceptible to bias). In this chapter,

I introduce an alternative measure for tracking disproportionality that removes this threat

of bias. I then compare the performance of this alternative measure of disproportionality

with the one currently in use and find that the currently used measure tends to overstate

disproportionality. This finding suggests that current measures used by states to monitor

disproportionality may incorrectly label some school districts as having an overrepresentation

problem when, in fact, they do not.

The third chapter, Successfully Transitioning English Language Learners into the Main-

stream Classroom, investigates whether the state-established thresholds on language assess-

ments used to determine whether English language learners (ELLs) are ready to transition

from specialized services into the mainstream classroom are set in a way that maximizes

the estimated benefits for ELLs in all instructional contexts. In this chapter, I find that

the cutscores used to determine eligibility for ELL program exit in one state are generally

set to promote the successful transition of ELLs into the mainstream classroom. However,

I find that the cutscores do not work for all. Specifically, I find that Spanish-speaking stu-

dents exiting bilingual programs struggle to succeed in English subjects after exiting ELL



services. This finding suggests that the current thresholds are not working for all and should

be modified in some way. This modification could involve the inclusion of teacher input into

transitioning decisions or the close monitoring of recently exited ELL students in order to

provide appropriate supports when needed.

The fourth chapter, Making the Cut: An Optimization Approach for Setting Cutpoints

in Targeted Policy Interventions in Education, provides an introduction to an optimization

approach that can be used in Early Warning Indicators (EWI) or Early Warning Systems

(EWS) to set optimal cutpoints on key leading indicators to determine eligibility for targeted

supports. I apply the approach to two district examples of EWI/EWS to identify cutpoints

that minimize misclassification rates. In the first example, I identify optimal cutpoints on

kindergarten and first grade assessments to identify students who show evidence of having

dyslexia and are in need of early literacy interventions. In the next example, I use the

approach to produce thresholds that can be used to identify students at risk of becoming

chronically absent in order to provide them with additional resources and support during the

school year to help them overcome barriers to attendance. The approaches introduced and

used in this chapter can offer guidance to districts or states seeking to establish EWI/EWS

to identify students in need of targeted interventions or supports.

The final chapter concludes this dissertation by presenting learning from each of the

chapters on how selection criteria in targeted policy interventions can be better designed to

limit consequences of misassignment to treatment.
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Chapter 1

INTRODUCTION

In education, students are often assigned to specialized programs or receive targeted

interventions based on some standards and requirements. The criteria used to select the

students for such targeted policies must weigh the trade-off between serving too many stu-

dents and not serving enough. Under such selection criteria, I identify students who are

selected into a treatment category that does not maximize their benefits as consequences of

misassignment to treatment. As targeted policy interventions are aimed at providing sup-

ports for students with specific needs, it is important that we establish a firm understanding

and provide guidance on how selection criteria should be created and used to assure that all

students are appropriately served. This dissertation explores several aspects of such selection

criteria through the examination of three policies in education that seek to select students (or

school districts) for targeted interventions and supports. The exploration provides learning

and recommendations on how federal, state, and local governments can leverage data and

analysis to limit the consequences of misassignment to treatment.

Students are continuously being evaluated for different interventions in their school. Let’s

say that a teacher/parent assesses a student for eligibility into a certain treatment offered

by the school. We could imagine a teacher/parent assigning a “score” to this student and

basing program eligibility on whether this score exceeds or falls below a certain threshold.

The goal in this scenario is to create a selection system that assures that the student receives

a treatment (or no treatment) that maximizes the benefits he or she receives.

For a concrete example, imagine school discipline as a treatment. The goal of such

an intervention may be to correct problem behavior and improve all students’ academic

achievement. A teacher and principal must collaborate in finding the best intervention for a
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student based on their perception of the student’s behavior and their belief in the effectiveness

of the disciplinary action. That is, the teacher and principal construct a behavior “score”

for a student and use that as a way of deciding what intervention will take place. If there

are any errors in the evaluation of the student such as misdiagnosis of the reasons behind

the student’s behavior, then the student could be given an intervention that neither corrects

their behavior nor helps improve their academic achievement. In this case, the student can

be thought of as being misassigned to treatment and face potential costs because of it.

A generalization of this scenario is illustrated in Figure 1.1 (this is an adaptation of a

figure used in Robinson (2011)).1 The figure represents the benefits that are received for

different values of a running score (i.e., the score assigned to determine eligibility) under

two different scenarios: (1) treatment (solid line) and (2) no treatment (dashed line). In

this illustration, there is a clear benefit to targeting the treatment to a subset of students.

Namely, any student with a running score below b would see higher benefits from receiving the

treatment. Of course, this assumes a costless intervention that can be given to every student

falling below b.2 Students with a running score greater than b would benefit more from not

receiving the treatment. However, if we were to only treat students with a running score

below a, students with a running score between a and b would fare worse given that they are

not receiving a beneficial treatment. Conversely, if students with a running score less than

c were to be treated, students with a running score between b and c would be taken out of

setting (no treatment) that would have led to higher benefits. This toy example emphasizes

the role that selection criteria can play in limiting the consequences of misassigning students

1It should be noted that Robinson (2011) also includes two more examples of this illustration. A scenario
in which treatment is always preferred and a scenario in which no treatment is always preferred. Neither of
the scenarios require the establishment of selection criteria. The two scenarios require either a maintenance
of the status quo (in the case of no treatment always being preferred) or an overhaul of a system (in the
case of treatment always being preferred). In the latter case, cost of the treatment should be considered
and expanded up until the point at which marginal benefit is equal to marginal cost. Given the focus
of this dissertation on targeted policy interventions, it would not make sense to focus on the other two
scenarios when illustrating the concept of consequences of misassignment to treatment.

2In a scenario where costs are assumed, it would be optimal to apply the intervention where marginal
cost is equal to the marginal benefit. This would mean that some students would not get a treatment even
though they would benefit from it.
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Figure 1.1: Setting Selection Criteria to Maximize Benefits

a b c

Running Score

B
en

efi
ts

w/o Treatment
w/ Treatment

Source: Adapted from Robinson (2011).

to treatments that offer lower benefits potential.

This dissertation focuses on selection criteria in education. In order to appropriately serve

all students, selection criteria must be carefully designed to assure that students are placed

in a setting that maximizes their benefits. In this dissertation, I examine three targeted

policies in education that aim to provide additional supports or services to a subpopulation

of students (or districts) that the system believes benefits from such services (and does not

serve those who it believes do not benefit). I closely examine the selection criteria used under

each policy and provide suggestions on how these criteria can be improved to better balance

the trade-off between serving too many and serving too few.

The second chapter, Are We Correctly Measuring the Disproportionality of Minority Stu-

dents in Special Education?, asks whether the current methods for measuring disproportion-

ality in special education are accurately identifying school districts in need of a change of re-

ferral practices. Currently, the U.S. Department of Education’s Office of Civil Rights (OCR)

monitors whether school districts disproportionately refer minority students into special ed-
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ucation services in an effort to prevent overreferral. However, these monitoring methods

do not account for student-level factors (notably, socioeconomic status) which have been

theorized to be positively associated with the presence of a learning disability. If minority

students are more likely to experience low socioeconomic status than their White peers, then

there may be good reason for minority students to be overrepresented in special education

(i.e., the current measures of disproportionality could be susceptible to bias). In this chapter,

I introduce an alternative measure for tracking disproportionality that removes this threat

of bias. I then compare the performance of this alternative measure of disproportionality

with the one currently in use and find that the currently used measure tends to overstate

disproportionality. This finding suggests that current measures used by states to monitor

disproportionality may incorrectly label some school districts as having an overrepresentation

problem when, in fact, they do not.

The third chapter, Successfully Transitioning English Language Learners into the Main-

stream Classroom, investigates whether the state-established thresholds on language assess-

ments used to determine whether English language learners (ELLs) are ready to transition

from specialized services into the mainstream classroom are set in a way that maximizes

the estimated benefits for ELLs in all instructional contexts. In this chapter, I find that

the cutscores used to determine eligibility for ELL program exit in Washington state are

generally set to promote the successful transition of ELLs into the mainstream classroom.

However, I find that the cutscores do not work for all. Specifically, I find that Spanish-

speaking students exiting bilingual programs struggle to succeed in English subjects after

exiting ELL services. This finding suggests that the current thresholds are not working for

all and the system should be modified in some way. This modification could involve the

inclusion of teacher input into transitioning decisions or the close monitoring of recently

exited ELL students in order to provide appropriate supports when needed.

The fourth chapter, Making the Cut: An Optimization Approach for Setting Cutpoints

in Targeted Policy Interventions in Education, provides an introduction to an optimization

approach that can be used in Early Warning Indicators (EWI) or Early Warning Systems
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(EWS) to set optimal cutpoints on key leading indicators to determine eligibility for targeted

supports. I apply the approach to two district examples of EWI/EWS to identify cutpoints

that minimize misclassification rates. In the first example, I identify optimal cutpoints on

kindergarten and first grade assessments to identify students who show evidence of having

dyslexia and are in need of an early literacy interventions. In the next example, I use the

approach to produce thresholds that can be used to identify students at risk of becoming

chronically absent in order to provide them with additional resources and support during the

school year to help them overcome barriers to attendance. The approaches introduced and

used in this chapter can offer guidance to districts or states seeking to establish EWI/EWS

to identify students in need of targeted interventions or supports.

The final chapter concludes this dissertation by presenting learning from each of the

chapters on how selection criteria in targeted policy interventions can be better designed to

limit consequences of misassignment to treatment.
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Chapter 2

ARE WE CORRECTLY MEASURING THE
DISPROPORTIONALITY OF MINORITY STUDENTS IN

SPECIAL EDUCATION?

Abstract

Annually, states are required to monitor whether their school districts disproportionately

refer minority students into special education services. However, these monitoring methods

do not account for student factors theorized to be associated with the presence of a learning

disability. I explore whether conclusions drawn from current measures of overrepresentation

remain unchanged once relevant student-level factors are accounted for. Using parameters es-

timated from logit models, I construct a weighted adjusted risk ratio (WARR) that accounts

for student-level characteristics and is comparable across districts within a state. Compar-

ing the WARR with a common and comparable measure of disproportionality, the weighted

risk ratio (WRR), I find that the common measures tend to overstate overrepresentation for

certain minority groups and underrepresentation for others. Findings from this study point

out some of the flaws in the ways states choose to measure disproportionality in districts. I

conclude with some suggestions on the ways states can improve their monitoring system to

assist in preventing misclassification.
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2.1 Introduction

The disproportionate representation of minority students in special education has been one

of the more complex problems facing education scholars the past few decades. Lloyd Dunn

is often cited as the first to observe this phenomenon. In his 1968 report, he observes that

about 60 to 80 percent of the pupils taught by [teachers in mild mental retardation or

MMR classes] are children from low status backgrounds - including Afro-Americans,

American Indians, Mexicans, and Puerto Rican Americans; those from nonstandard

English speaking, broken, disorganized, and inadequate homes; and children from other

non-middle class environments (Dunn, 1968, p. 6).

One major concern over the findings of Dunn’s report was that the disproportionality

was indicative of the misplacement of minority students into special education services that

they did not need. Because of these civil rights and educational concerns, a number of legal

actions were taken to make sure all students were protected from being misidentified into

special education (Artiles, Harry, Reschly, & Chinn, 2002; Coutinho & Oswald, 2000; Skiba

et al., 2008). The passage of Public Law 94-142 in 1975 – known as the “Education for

All Handicapped Children Act” – established protections for students in special education

programs, further defining how a child was to be placed into a special education program

and requiring schools to keep records and provide information to parents on the child’s

development. Since 1968, the U.S. Department of Education’s Office for Civil Rights (OCR)

has been collecting data on key education and civil rights issues at regular intervals. This type

of monitoring led to the discovery in the 1980s that the problem of disproportionality was

consistent over time. A number of legal battles erupted over these findings. The most well-

known being Larry P. v. Riles (1972, 1979, 1984, 1986) which focused on the disproportionate

representation of African American students in special education programs. The outcome

declared disproportionate representation as discriminatory and ordered for the elimination

of the overrepresentation problem.
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In response to the pressure to resolve the issue, the government reauthorized the In-

dividuals with Disabilities Education Act (IDEA) and included new provisions to prevent

schools from exhibiting disproportionate representation. Revisions in the 2004 version of

IDEA requires states to monitor disproportionate representation and, if found, to review

local policies, practices, and procedures. In addition, districts identified as having signif-

icant problems with disproportionality are required to devote 15% of their Part B funds

to early intervention strategies directed particularly, but not exclusively, towards the groups

identified as being disproportionately represented.1 Defining “significant disproportionality”,

until recently, was left to the state. However, a review of state policies regarding “signifi-

cant disproportionalities” concluded that definitions varied so much across states that there

was no assurance of problem districts being correctly identified nationally. For example,

Louisiana’s definition for “significant disproportionality” led to over half of its districts be-

ing required to offer early-intervention services, while no districts were labeled as showing

a significant disproportionality under the stricter definition used by Washington state. The

report believed that many state thresholds for identifying a “significant disproportionality”

were set so high that it was incredibly unlikely for a district to be identified (Government

Accountability Office, 2013). The report suggested that the Department of Education (DOE)

provide more guidance through the introduction of a standard methodology for measuring

disproportionalities. In response, the DOE’s Office of Special Education and Rehabilitative

Services (OSERS) introduced new regulations that, among other things, limited the types

of measures that could be used for monitoring disproportionality (Department of Education,

2016a). While the rule change follows the GAO’s recommendation, it is unclear whether

the proposed measures are optimal for identifying problem districts. Finding the “correct”

methodology for measuring disproportionality has not been rigorously pursued.

Currently, under the recent rule change, disproportionality must be measured using the

risk ratio (RR). This measure provides a comparison of the risk of one student subgroup

1The Part B funds are federal dollars provided to states for the provision of Special Education and related
services to children between the ages of 3 and 21.
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being placed in special education and compares it to the risk of all other student groups

receiving special education services. It is simply calculated as the ratio of the proportions of

one group in special education compared to another group. For example, the risk ratio of a

Black student being placed in special education would be calculated as:

Risk Ratio =

# of Black students in special education
# of Black students

# of comparison group students in special education
# of comparison group students

(2.1)

A risk ratio of 2 would indicate that Black students are placed in special education at twice

the rate of comparison group students. If the comparison group is too small to make a valid

comparison, then the state is allowed to use an “alternative” risk ratio which replaces the

denominator of the risk ratio with the risk of the comparison group at the state-level.2

Recent attention has questioned whether these current measures of disproportionality

are accurately capturing the true problems of overrepresentation. Overrepresentation can be

indicative of two stories: that (1) there is a biased referral process or (2) there are differen-

tial exposures to risk factors across race. Much of the discussion of the disproportionality

provisions in IDEA revolved around preventing students from being misidentified and “in-

appropriately placed in special education” (i.e., the first story) (Samuels, 2004). But the

standard measures of overrepresentation do not take into account the second explanation.

That is, the risk ratio and alternate risk ratio do not account for the possibility that students

(across subgroups) experience different exposures to risk of learning disabilities. In fact, a

2There are three important choices a state must make in determining how to define “significant dis-
proportionality.” The first is the type of measure to be used. Second, is the threshold that is used to
determine when a district begins to show significant disproportionalities and, related, the number of years
this threshold must be exceeded. Third, is the minimum cell/n size that must be exceeded for a district’s
disproportionality measure to be counted. The cell size is the number of students in a subgroup with a
particular outcome. For example, in the risk ratio of a Black student being placed in special education,
the cell sizes would be the number of Black students/comparison group students in special education.
Analogously, the n size refers to the number of students in each subgroup. Again, in the example risk
ratio, this would be the number of Black and comparison group students at the school. The risk ratio
becomes unreliable under small cell/n sizes and therefore districts are excluded from the disproportionality
calculation when they do not reach the minimum cell/n sizes. This chapter focuses on the first decision,
but acknowledges that the other decisions are also important for a valid monitoring system.
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number of studies find that minorities are no longer found to be overrepresented in special

education (and sometimes are found to be underrepresented) when a number of other risk

factors – most notably socioeconomic status and primary language – are controlled for (Hi-

bel, Farkas, & Morgan, 2010; Morgan, Farkas, Hillemeier, & Maczuga, 2012; Morgan et al.,

2015; Shifrer, Muller, & Callahan, 2011).

In their guidance to states regarding the new regulations for monitoring disproportion-

ality, OSERS acknowledges the possibility of confounding risk factors that could explain

the overrepresentation of minority students in special education, yet their newly introduced

standard methodology (the common risk ratio) does not account for any of these student

characteristics. They argue that requiring districts to review practices after being identified

for a significant disproportionality by the risk ratio might help mitigate these alternative risk

factors from causing the observed disproportionalities. That is, they argue that potential

false positives could still have a benefit in reducing disproportionalities caused by alternative

risk factors. While this is possibly true, I contend that this argument ignores an alternative

problem: false negatives. If the OSERS acknowledge that they are using potentially biased

measures, then they should be worried that some schools that actually have a misplace-

ment problem may not be identified under such measures meaning that interventions are not

happening where they should. This chapter proposes and evaluates the utility of an alter-

native methodology that can be used by the state for monitoring disproportionality in its

school districts: the weighted adjusted risk ratio (WARR) which accounts for student-level

characteristics commonly collected by school districts.

In this chapter, I find that models that do not include student-level control variables

tend to overstate the overrepresentation problem for minority students who are commonly

found to be overrepresented (e.g., Black and American Indian students). Asian students,

who are typically underrepresented in special education, also experience an exaggeration of

their status. However, these differences are not found to be too meaningful when consid-

ering the way states typically categorize disproportionality. That is, districts categorized

by their measure on the “adjusted” risk ratio are still found to, generally, remain in the
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same disproportionality category as defined by the state. This finding brings into question

how beneficial a change to an adjusted risk ratio might be and how much a state can do to

purge risk factors unrelated to school misidentification from such measures. While WARR

does provide a better, and, arguably, more accurate measure of disproportionality caused

by a biased referral process, it doesn’t appear to provide any difference in the way current

disproportionality measures categorize districts as showing overrepresentation. This brings

into question the ability of states to monitor overrepresentation in districts accurately and

the ways in which they define disproportionality.

2.2 Conceptual Framework

Overrepresentation of minority students in special education may be indicative of a larger

problem: misclassification. Being incorrectly placed into a special education classroom can

not only take educational opportunities away from students by removing them from the

mainstream classroom, but can also limit their future labor market outcomes because of

the negative connotations associated with the labels given to them (Artiles et al., 2002). In

addition, inappropriate labeling may act as a self-fulfilling prophecy. For instance, a student

labeled as having a learning disorder (LD) may have feelings of self-doubt and lose motivation

to learn in the classroom (Harry, Klingner, Delpit, & Artiles, 2014).

It is clear that there are serious potential costs associated with misclassification, yet, even

after nearly fifty years of work focusing on this problem, scholars still seek to understand the

causes of overrepresentation in special education. While plenty of descriptive evidence has

been offered, little research has made significant progress towards pinpointing the reasons

reponsible for these observed disproportionalities (MacMillan & Reschly, 1998; Waitoller,

Artiles, & Cheney, 2009). Multiple factors are entangled in the problem and it is impossible

to focus on just one when trying to come up with a solution. Coutinho and Oswald (2000)

present two hypotheses that generally capture the explanations for observed disproportion-

alities (p. 147):
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1. Special education referral, assessment, and eligibility rely on processes that “work

differently” across ethnic groups.

2. Ethnic groups are differentially susceptible to educational disability due to differences

in exposure to structural and instructional factors.

The first hypothesis explains that aspects of the referral process lead to the differential

treatment across ethnic groups. This suggest that parts of these processes lead to the higher

special education referral rate for minority students when they may otherwise not need such

services. The possibility of a problem with the referral system has been brought up in a

number of papers, but a rigorous examination of this potential bias has been lacking in

the literature (Arnold & Lassmann, 2003; Artiles et al., 2002; Harry & Anderson, 1994;

Hernandez, Ramanathan, Harr, & Socias, 2008; Ofiesh, 2006; Skiba et al., 2008). In at least

one paper using an experiment, evidence of bias in special education referral based on student

SES was found (Podell & Soodak, 1993).

Studies have found that the majority of students (70%-90%) referred by parents/teachers

for special education are found eligible for services (Klingner & Harry, 2006; Yoshida, 1980).

The referrer, the teacher in a majority of the cases, is the initiator of the process and therefore

teachers have the most influence in determining the racial makeup of special education pro-

grams. “Gatekeepers”, such as school psychologists, have been set up to prevent students,

once referred, from getting labeled incorrectly. This often does not correct the problem

for students placed in “judgmental” or “soft” categories, such as mental retardation (MR),

emotional disturbance (ED), or learning disability (LD), which are more subjective in their

assessment and do not rely on a clear biological basis (MacMillan & Reschly, 1998; Skiba

et al., 2008). The higher disproportionality in these types of categories has been confirmed

in studies (Cross, Donovan, et al., 2002; T. Parrish, 2002). Because it is more likely that a

student will be misplaced into these fuzzier categories, the fact that we see more minorities

in these groups could be suggestive of two scenarios of misclassification. First, minority stu-

dents could be at a greater risk of being misclassified. And second, non-minority students,
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who are underrepresented, could be misclassified as not needing special education services.

The second hypothesis suggests that the underlying distribution of students needing

specialized services may vary across different ethnic groups due to the exposure to risk

factors out of the control of the student. One well-accepted theory is that the problem

has to do with the higher likelihood of minority students to be exposed to poverty and

how poverty can lead to academic underachievement and behavioral problems that increase

the probability of being placed in special education programs (Coutinho, Oswald, & Best,

2002; MacMillan & Reschly, 1998). A number of studies report that deep and persistent

poverty can have negative effects on early cognitive development and school achievement

(Duncan, Yeung, Brooks-Gunn, & Smith, 1998; Magnuson & Votruba-Drzal, 2009; McLoyd,

1998). Other factors related with poverty, such as low birthweight, low maternal education,

and prematurity were observed as being associated with higher referral rates (Delgado &

Scott, 2006). Because of these relationships it is believed that minority students, who often

experience poverty, will be more likely to be affected academically and are thus more likely

to be placed into special education.

Figure 2.1 presents a visual representation of the two hypotheses. The graphs on the

left show the actual distribution of disabilities across races while the bar graphs in the right

column show the actual observed distribution of students by race after they are actually

placed in special education. The first hypothesis states that the susceptibility of developing

a learning disorder is the same across race and that there is differential treatment of certain

subgroups in the classification system. That is, the risk of placement in special education

is the same across race, but for some reason, current referral or placement processes lead

to certain races being placed into special education more often than others. The second

hypothesis asserts that the referral process correctly identifies students as needing special-

ized services, but structural factors are not equally distributed across student subgroups

leading some groups to be more likely to need special education services. It is likely that

overrepresentation is observed because of some combination of the two explanations.

Each story suggests a different type of solution. The first indicates that the problem can
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Figure 2.1: Visual Representation of the Hypotheses
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Note: The graphs on the left show the unobserved “true” distribution of disabilities across

races. The bar graphs in the right column show the observed distribution of students by race

after they are actually placed in special education. Under Hypothesis 1, the risk of having a

learning disorder are the same across race, however, placement into special education does

not reflect this even distribution. Hypothesis 2 presents a world where the true distribution

of learning disabilities is not evenly distributed across races due to different exposures to risk

factors. These different exposures explain why we observe different rates of special education

placement.
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be resolved at the school level. If there is some issue with the referral process, then the

district should be able to make adjustments to lower the occurrence of misclassification that

removes minority students from mainstream classrooms. This seems to be the current intent

of IDEA’s monitoring of disproportionate representation in districts. They want to identify

the processes under school control that may lead to misidentification. Unfortunately, most

states define “significant disproportionality” using measures that do not take into account

the second hypothesis that certain minority groups are more susceptible to learning disor-

ders because of structural factors (NASDSE Report, 2007).3 Recent studies have used more

complicated methods for measuring the disproportionalities in special education placement

(Hibel et al., 2010; Morgan et al., 2012, 2015; Shifrer et al., 2011). Rather than just using

simple population comparisons (i.e., comparing the proportion of a subgroup in special edu-

cation to their share in the overall population), these studies have used covariate adjustment

models with extensive controls collected by nationally representative longitudinal surveys to

estimate disproportionalities conditional on other student-, family-, and school-level factors.

These studies have found that some subgroups that are commonly seen as being overrepre-

sented in special education no longer show evidence of overrepresentation once these other

characteristics are controlled for. In fact, two of the studies find evidence that some groups

tend to be underrepresented in special education once other variables (e.g., socioeconomic

status) are conditioned on (Hibel et al., 2010; Morgan et al., 2015).

The findings of these studies using covariate adjustment models suggests that current

federal policy may be singling out districts that do not benefit from making changes to

their current identification policies for special education. This also suggests that districts

identified as showing significant disproportionalities – commonly determined using simple

population comparisons – may intentionally keep their minority students out of special edu-

cation when the student is actually in need of specialized services.4 In the only study looking

3Commonly used measures of disproportionalities include: the risk ratio, weighted risk ratio, alternate
risk ratio, and E-formula none of which adjust for student characteristics (Roy, 2012).

4In an alarming example, Houston Independent School District’s (HISD) fight against “overidentification”
of African-American students led to intentional focus of reducing the number of Black males receiving

http://nasdse.org/DesktopModules/DNNspot-Store/ProductFiles/195_f0f645e7-5110-4759-a981-bd571ea2911b.pdf


16

quantitatively at the effects of IDEA monitoring of school districts, Enayati (2014) finds that

schools do appear to respond to federal monitoring. The results of this chapter indicate that

districts singled out for showing a “significant disproportionality” in Michigan subsequently

lower their measure of disproportionality measure by 41%. This was achieved by reducing

the proportion of Black students being placed in special education rather than increasing

the proportion of other students being placed in special education.

Furthermore, from a district perspective, misclassification as showing a “significant dis-

proportionality” is worrisome because they must dedicate a certain amount of their Special

Education federal funds towards early intervention programs aimed toward students identi-

fied as showing higher risk of receiving special education services. This diversion of funds

towards interventions, while potentially beneficial for the identified groups, might take away

valuable resources intended for improving general Special Education services in their school.5

Students might face even higher costs in districts that are misidentified as exhibiting a

“significant disproportionality.” Based on the findings by Enayati (2014), the main concern

is that student subgroups may be removed from Special Education services when they benefit

from being provided such services. The effectiveness of Special Education programs has not

been resolved in the literature (Theobald, 2015). In one study, using student-fixed effects

to exploit variation across time in special education placement, Hanushek, Kain, and Rivkin

(2002) find that being enrolled in special education leads to a 0.1 standard deviation increase

in average math scores. In another study, however, Morgan, Frisco, Farkas, and Hibel (2008)

use propensity score matching (using a rich set of covariates from a nationally representative

longitudinal study) to estimate the effects of special education. They find insignificant effects

special education services. African-Americans in the district were less likely to receive special education
services than most subgroups in large urban school districts outside of Texas (Rosenthal, 2016).

5While districts used to be required to direct the 15% of Part B funds away from Special Education
and fully towards early-intervention services for students without disabilities, OSERS, in their recent rule
change, has increased the flexibility of the use of these federal funds to include students with disabilities
and those of preschool age. However, the use of the funds is still restricted. The money is required to
be placed towards coordinated early-intervention services, but could be better used elsewhere to improve
the Special Education program within the district if the district is misidentified as showing a “significant
disproportionality.”
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of special education services on student achievement measures on math test scores. They

also find, in some models, negative effects of special education on reading scores. In a

third paper, Theobald (2015) takes advantage of a special education funding mechanism in

Washington that reduces the probability of a student receiving special education services once

a school reaches a certain number of students already in special education. The author finds

positive, yet insignificant, effects on math test scores for students enrolled in the program.

He also finds negative, yet insignificant, effects on reading test scores. None of the studies

look at differential effects across race. The results found in these papers might say more

about the variability in the effectiveness of different types of special education programs.

Alternatively, null findings might be a result of identification strategies used which look at

effects on students at the margin (i.e., those students that are deemed eligible for removal

from special education services). It is likely that the effects of special education might not

be as strong for these students. While the benefits of special education are unclear in the

literature, the two strongest methods for identifying causal impacts, student fixed effects and

regression discontinuity, find no significant negative impacts of special education placement

and possibly positive effects in some programs (What Works Clearinghouse, 2016). The

worry is that misclassifying a district as showing a “significant disproportionality” might

induce the district to remove students from potentially beneficial services.

Given that there is evidence that districts respond to these state definitions of “significant

disproportionality” by reducing their minority enrollment in special education, the question

arises if current measures used to monitor disproportionality are appropriate for identifying

problem districts or if they may induce schools to remove minority students from the special-

ized services that they need and are potentially beneficial. This chapter will seek to answer

the following questions:

1. Are racial minorities still overrepresented in special education in Wash-

ington state after conditioning on observable characteristics commonly col-

lected by the State?
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2. How do current measures of disproportionality in special education com-

pare to a measure that takes into account individual student characteristics

commonly collected by the State?

2.3 Data and Methods

2.3.1 Data

To answer the research questions in this chapter I utilize a panel dataset of Washington K-

12 students between the 2009-10 and 2014-15 school years. Washington enrolls more than 1

million students with approximately 14% of students receiving some type of special education

service. Table 2.1 provides a summary of the types of students that enrolled in Washington

public schools during the 2013-14 school year. The table shows the percentage of students by

race, disability, and special program category. For sake of space, I only include demographic

information on some of the larger disability categories. The full list of disability categories

are: developmental delays, emotional/behavioral disability (EBD), orthopedic impairment,

health impairment, specific learning disability (SLD), intellectual disability (ID), multiple

disabilities, deafness, hearing impairment, visual impairment, deaf-blindness, communication

disorders, autism, and traumatic brain injury. As a whole, Washington is demographically

quite similar to the nation as a whole. Washington has a slightly higher population of White,

multi-race, and Asian students, while enrolling a smaller proportion of Black and Hispanic

students. Any generalization of the results of this chapter should take these differences

into account. Given Washington’s relatively large student population, even with smaller

percentages of minority students, my analysis will still be able to answer questions about

minority student placement into special education services.

The panel dataset contains information about all students enrolled in public schools

in Washington state during the 2009-10 through 2014-15 school years. This includes demo-

graphic information such as race, gender, and primary language. It also includes information

about the special programs the student is enrolled in: free/reduced price lunch, ELL ser-
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Table 2.1: Student Demographics of Washington and US Public Schools (2013-14)

Variable WA United States
Race

American Indian 1.6% 1.0%
Asian/PI 8.1% 5.2%
Black 4.7% 15.6%
Hispanic 21.4% 24.9%
White 57.5% 50.3%
Two or More 6.7% 3.0%

Special Education 14.0% 12.9%
Dev. Delays 2.2% 0.8%
EBD 0.5% 0.7%
Health Imp. 2.5% 0.2%
SLD 4.6% 4.5%
ID 0.5% 0.9%
Autism 1.1% 1.1%

FRPL 49.2% 51.4%
ELL 9.6% 8.9%
Source: Washington State Office of Superintendent of

Public Instruction (OSPI), National Center for Education

Statistics (NCES)
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vices, and special education programs (including disability category). This information is

time-varying and is a point-in-time measure of a student’s program enrollment for the current

school year. It should be noted that this information is commonly collected by all states.

Prior to the recent rule change that set a new standard for measuring disproportionality,

Washington used the risk ratio weighted by population proportions as its measure of dis-

proportionality in special education. The weighted risk ratio (WRR) allows for comparison

across districts and can be calculated as follows:

WRRid =
(1− pi)Rid∑

j 6=i pjRjd

(2.2)

where Rid is the risk of group i being placed in special education. Rid is defined as the

proportion of group i in special education in district d. The weighted risk ratio for group i

in district d (WRRid) shows the risk of group i receiving special education compared to the

risk of all other students being placed there in a district (weighted by pi, the percentage of

subgroup i in the state population).

Specifically, Washington defines a “significant disproportionality” in a particular district

as “a weighted risk ratio of 4.0 or greater for three consecutive years for any racial/ethnic

group.”6 Given that the threshold for determining whether a district has a “significant dis-

proportionality” is relatively high and the definition requires this threshold to be exceeded for

at least three consecutive years, it is not surprising that Washington identified no districts as

showing a “significant disproportionality” in the past five years (Government Accountability

Office, 2013).

Even if few districts in Washington are being identified as showing a “significant dis-

proportionality”, they are still monitored annually as part of the state’s performance plan

(SPP). Among these measures, disproportionality for each school district is reported as well

6It is common for states to use multiple years of data when determining districts showing a “significant
disproportionality” to account for the unreliability of the estimates when student populations are small.
In fact, 23 states, prior to the rule change, use multiple years of data and 13 require the threshold to be
exceeded for three straight years (Department of Education, 2016a).
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Figure 2.2: Washington State Special Education Disproportionality Categories

Source: WA state OSPI Website

(https://web.archive.org/web/20160731173756/http://www.k12.wa.us/SpecialEd/ProgramReview/Disproportionality.aspx)

as an indicator for whether the WRR exceeds 2.0. While Part B funds are not funneled

away for early intervening strategies for being in any category other than “significant dis-

proportionality”, the fact that districts are still categorized and this information is publicly

released suggests that “significant disproportionality” might not be the only category of dis-

proportionality that matters. Figure 2.2 shows the multiple categories of disproportionality

that districts can be contained in.

OSERS’ new standard methodology prohibits the use of the weighted risk ratio for the

purposes of federal monitoring because it believes the “method fails to provide LEAs and the

public with a transparent comparison” (Department of Education, 2016a). While it is true

that the WRR is more difficult to interpret, I believe the benefits of the measure outweigh

its costs. Bollmer, Bethel, Munk, and Bitterman (2011) provides a nice example of how

the calculation of the risk ratio can be different despite there being the same risk across

districts if district demographics are different. Imagine that the risk of identification into

special education is the same across two districts: 2% for White students, 1% for Hispanic

students, and 5% for Black students. If one district with 1000 students has a majority of

White students (800) with the rest of the school evenly split between Hispanic and Black

students (100 for each group), then the risk ratio for White students compared to other

https://web.archive.org/web/20160731173756/http://www.k12.wa.us/SpecialEd/ProgramReview/Disproportionality.aspx
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student groups would be:

Risk Ratio =
Risk of White students

Risk of all other student groups

=
16/800

(1 + 5)/200

=0.67

However, in the other district, of the same size and risk of identification, but with a different

composition (800 Hispanic, 100 White, and 100 Black) the risk ratio would be calculated as

2/100
(8+5)/900

= 1.38. Now in two districts with the same risk of special education placement, we

would come to two different conclusions about their disproportionality using the risk ratio.

One district would be seen as having an underrepresentation of White students in special

education, while the other would be seen as exhibiting overrepresentation. The use of student

population weights eliminates this problem. Now say this state had the following student

population: 70% White, 10% Hispanic, and 20% Black students. The weighted risk ratio for

both schools would be:

(1− 0.7)0.02

(0.1)(0.01) + (0.2)(0.05)
= 0.55

The composition of each school no longer is a factor in the calculation. The weighted risk

ratio can remove the influence of different racial demographics across districts and provides

a measure that is comparable over all districts in the state.

2.3.2 Methods

To answer my first research question, I run the following logistic regression for all students

in Washington state:

SPEDigd = I(α + βRACEi + γXigd + εigd) (2.3)
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where SPEDigd is a binary indicator for whether student i was offered special education

services in grade g enrolled at district d. RACEi is a categorical variable indicating student

i’s race/ethnicity. Xigd is a vector of student-level control variables (free/reduced price lunch

eligibility, primary language, ELL status, gender, homeless status).7 εigd is a random error

assumed to follow a standard logistic distribution, thus, making this a logistic regression

model. The parameters estimated from the logit model can be used to construct conditional

probabilities (or risks) of special education placement. The main test is to see whether the

coefficients change between the model that includes the Xigdt control variables and a model

that omits this.

To answer the second research question, I will use the estimated parameters from Equa-

tion 2.3 to construct an alternative measure of disproportionality of students in special

education that takes into account student-level characteristics that are commonly collected

by school districts. From the parameters I obtain an estimate of the conditional probability

of special education placement as follows:

Pr (SPEDigd = 1|RACEi = j,Xigd) =
1

1 + exp[−(β̂j + γ̂Xigd)]
(2.4)

Here, βj is the estimated coefficient for when RACE = j. The conditional probability can

be thought of as the risk of student i being placed into special education based on student

i’s observable characteristics. Thinking of the conditional probability as a “risk” can help

move on to the next step in estimating a risk ratio. Kleinman and Norton (2009) develop a

7These are student-characteristics collected by most states in the nation. However, there are two notable
omissions: student achievement and school-level aggregates. Student achievement measures are directly
linked with Special Education placement as they are used as a part of the evaluation process to determine
eligibility. However, most states do not collect annual data on these measures for every grade. For federal
accountability purposes, states are only required to annually assess students in grades 3-8 and once during
high school. This measure would only be available for these students meaning we would only be able to
calculate measures of disproportionality for students in these grade ranges which ignores a large segment
of the population. Second, I do not include school-level factors which would compare students in similar
academic environments. However, given that I want to produce a measure that captures school-level
processes that might be misidentifying students, I do not want to control for measures that might capture
that. Therefore, I include only student-level covariates that capture individual student risk and omit
school-level factors that might measure institutional factors determining Special Education placement.
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way to estimate an adjusted risk ratio (ARR) that takes into account the full characteristics

of the population of students. Once again, using the parameters estimated from the logit

model, I obtain the regression adjusted risk ratio (ARRjkd) of receiving special education

services for a given race/ethnicity j relative to the baseline group k in grade g at district d

(of enrollment size nd) using the following function:

ÂRRjkgd =
1
nd

∑nd

i=1 Pr(SPEDigd = 1|RACE = j,Xigd)
1
nd

∑nd

i=1 Pr(SPEDigd = 1|RACE = k,Xigd)

=

∑nd

i=1
1

1+exp[−(β̂j+γ̂Xigd)]∑nd

i=1
1

1+exp[−(β̂k+γ̂Xigd)]

(2.5)

This formula is essentially the ratio of the average predicted probabilities across all students

conditional on being of race j relative to being part of group k. It takes into account the full

characteristics of the population of students at district d. A further advantage of the ARR

approach is that standard errors and confidence intervals of such measures can be obtained

using the delta-method.8.

To produce a measure that is directly analogous with the WRR, I make a modification

to Equation 2.5 and add population proportion weights to create the weighted adjusted risk

ratio (WARR).

ŴARRjkgd =
(1− pj)

∑nd

i=1Rijgd∑
k 6=j pk [

∑nd

i=1Rikgd]
(2.6)

In Equation 2.6, Rijgd = Pr(SPEDigd = 1|RACE = j,Xigd). That is, Rijgd is equal to the

estimated conditional probability of student i being placed in special education if they were

race j and had characteristics Xigd. pj is the state student population proportion of race j. I

propose WARR as an alternative measure of disproportionality at the district-level. I assess

how this measure compares with the common WRR previously used in Washington (and 24

other states).

8A user-written function in Stata command adjrr has been created to compute such measures (Norton,
Miller, & Kleinman, 2013)
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2.4 Results

I start by presenting the estimated odds ratios from the logistic regression presented in

Equation 2.3 in Table 2.2. I ran the models separately for each year of data. For sake of

space, I only present the results for the 2014-15 school year. Results from other years can

be found in appendix tables. The findings are descriptively similar in different years. Across

the three panels of Table 2.2, I present pairs of columns for each major disability category

along with a general indicator variable for if they received special education services for any

disability category.9 For each pair of columns, I present odds ratios from a model where I

do not include any control variables (on the left) and odds ratios from models where I do

include additional student-level control variables (the right). All standard errors have been

clustered at the district-level.

In general across all models it appears that the estimated odds ratios on race are sensitive

to the inclusion of other student characteristics. For example, focusing on general placement

into special education services (i.e., they are receiving services for any disability category),

I find that American Indian, Black, and Hispanic students are significantly overrepresented

in special education compared to their White peers. However, once control variables are

included, the measure of overrepresentation (in comparison with White students) is greatly

reduced for both Black and American Indian students. The measures still indicate overrep-

resentation, but the magnitude is not as large. So once indicators of possible risk factors

are taken into account the overrepresentation problem does not seem as large (but it still

remains). A similar reduction can be observed for Black and American Indian students for

disability categories in which they are normally found to be overrepresented (e.g., EBD,

SLD, intellectual disabilities). Again, it should be noted that these are findings including

only those variables commonly collected on all students in the state. Better controls, that are

9I omit results for the following disability categories: developmental delays, orthopedic impairment, mul-
tiple disabilities, deafness, hearing impairment, visual impairment, deaf-blindness, and traumatic brain
injury. These categories are relatively less common than the other disability groups. In Washington’s
performance indicators, they also remove these categories from the calculation of overrepresentation in
their school districts.
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Table 2.2: Logistic Regression Results for Special Education Placement (2014-15)

Panel A: Special Education, Emotional/Behavioral Disability, Health Impairment

SPED EBD Health Imp.
No Controls Controls No Controls Controls No Controls Controls

American Indian 1.663*** 1.377*** 1.838*** 1.238* 1.109 0.909
(0.074) (0.063) (0.200) (0.136) (0.079) (0.068)

Asian 0.510*** 0.628*** 0.239*** 0.417*** 0.297*** 0.450***
(0.029) (0.027) (0.032) (0.054) (0.016) (0.024)

Black 1.338*** 1.151*** 2.062*** 1.564*** 1.167*** 1.071*
(0.037) (0.032) (0.240) (0.199) (0.051) (0.038)

Hispanic 1.090*** 1.084*** 0.558*** 0.662*** 0.615*** 0.785***
(0.026) (0.026) (0.048) (0.050) (0.022) (0.024)

Pacific Islander 0.716*** 0.621*** 0.435*** 0.374*** 0.369*** 0.372***
(0.036) (0.026) (0.097) (0.082) (0.040) (0.041)

Two or More 1.062** 0.991 1.242*** 1.064 0.958 0.893***
(0.027) (0.024) (0.074) (0.064) (0.030) (0.027)

Female 0.488*** 0.325*** 0.455***
(0.004) (0.014) (0.007)

Non-English 0.535*** 0.265*** 0.346***
(0.026) (0.038) (0.024)

FRPL 1.745*** 3.083*** 1.686***
(0.045) (0.213) (0.070)

Homeless 1.192*** 2.023*** 1.308***
(0.026) (0.117) (0.045)

Migrant 0.750*** 0.477*** 0.642***
(0.034) (0.119) (0.056)

ELL 1.483*** 1.047 1.154*
(0.078) (0.145) (0.099)

N 1,150,081 1,150,081 1,150,081 1,150,081 1,150,081 1,150,081
∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1
Odds ratio estimates are presented
Standard errors clustered at the district-level.
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Panel B: Specific Learning Disability, Intellectual Disability, Communication Disorder

SLD Int. Dis. Comm. Dis.
No Controls Controls No Controls Controls No Controls Controls

American Indian 2.314*** 1.730*** 2.694*** 1.933*** 1.224*** 1.155**
(0.135) (0.105) (0.336) (0.215) (0.077) (0.073)

Asian 0.450*** 0.488*** 0.782** 0.881 0.610*** 0.725***
(0.048) (0.036) (0.075) (0.071) (0.047) (0.050)

Black 1.798*** 1.306*** 1.894*** 1.404*** 0.691*** 0.667***
(0.073) (0.042) (0.113) (0.072) (0.033) (0.029)

Hispanic 1.675*** 1.230*** 1.280*** 1.006 0.975 1.040
(0.070) (0.049) (0.065) (0.054) (0.034) (0.027)

Pacific Islander 1.164** 0.795*** 1.099 0.818 0.617*** 0.599***
(0.082) (0.054) (0.146) (0.105) (0.087) (0.081)

Two or More 1.079** 0.963 0.856** 0.755*** 1.060 1.041
(0.038) (0.030) (0.063) (0.054) (0.050) (0.048)

Female 0.704*** 0.786*** 0.578***
(0.007) (0.020) (0.009)

Non-English 0.563*** 0.863* 0.466***
(0.034) (0.074) (0.029)

FRPL 2.429*** 2.659*** 1.190***
(0.054) (0.112) (0.042)

Homeless 1.279*** 1.249*** 0.935
(0.033) (0.095) (0.055)

Migrant 0.862** 1.239* 0.725***
(0.052) (0.142) (0.058)

ELL 2.297*** 0.818 2.286***
(0.158) (0.119) (0.107)

N 1,150,081 1,150,081 1,150,081 1,150,081 1,150,081 1,150,081
∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1
Odds ratio estimates are presented
Standard errors clustered at the district-level.
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Panel C: Autism

Autism
No Controls Controls

American Indian 0.561*** 0.547***
(0.059) (0.059)

Asian 0.984 1.412***
(0.050) (0.056)

Black 0.857** 0.936
(0.061) (0.070)

Hispanic 0.524*** 0.768***
(0.025) (0.031)

Pacific Islander 0.405*** 0.493***
(0.069) (0.084)

Two or More 0.909*** 0.908**
(0.034) (0.036)

Female 0.207***
(0.005)

Non-English 0.463***
(0.046)

FRPL 1.091*
(0.050)

Homeless 0.679***
(0.051)

Migrant 0.528***
(0.095)

ELL 0.785*
(0.108)

N 1,150,081 1,150,081
∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1
Odds ratio estimates are presented
Standard errors clustered at the district-level.
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not commonly available to the state, such as parental income, might completely eliminate

the apparent overrepresentation for some groups.

The results from Table 2.2 indicate that there would be a problem using current uncon-

ditional measures of disproportionality that do not account for other student-characteristics.

However, the extent of the differences is unclear just by looking at the odds ratios. In Table

2.3, I present estimated RR and ARR for the 2009-10 through 2014-15 school years based

on the parameter estimates from the logit models.10 Note the difference in interpretation of

these risk ratios compared to the odds ratios. The odds ratios compare the odds of being

placed in special education compared to the baseline group (White students), whereas the

risk ratio compares the probability of being placed in special education and compares it

to all other groups of students. While the risk ratio is not equal to the odds ratio, when

risk levels are relatively small – as is the case in Special Education placement – the odds

ratio is approximately equal to the risk ratio. The notable change across the two sets of

results is the difference in comparison groups. I present these for the general indicator for

special education and only for a couple of the larger disability categories: health impairment

and specific learning disability. The top panel presents the WRR which does not condition

on other student-characteristics. The bottom panel shows the WARR which does adjust

for student-level characteristics. I include estimated standard errors (based on the delta

method) in parentheses to the right of each measure.

The first thing to notice about the numbers in Table 2.3 is that they stay roughly con-

sistent over time. There appear to be no huge changes in the measures of disproportionality

over time. While this may suggest a high reliability, remember these measures are commonly

taken on much smaller populations of students at the district-level. However, a comparison of

the top and bottom panels reveals that there are some differences between the two measures.

The unconditional measures appear to be larger for American Indian and Black students. In

10Note, that I do not apply weights to the risk ratio in this exercise given that they are already being
calculated at the state-level. Applying state population weights at the state-level would generate the same
value as the unweighted risk ratio.
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Table 2.3: Selected RR/ARR For Whole State by Disability Category

Panel A: RR

2009-10 2010-11 2011-12 2012-13 2013-14 2014-15
Special Education
American Indian 1.44 (0.04) 1.48 (0.05) 1.51 (0.05) 1.48 (0.05) 1.43 (0.07) 1.52 (0.05)
Asian 0.54 (0.02) 0.54 (0.02) 0.54 (0.02) 0.55 (0.02) 0.54 (0.03) 0.53 (0.03)
Black 1.27 (0.06) 1.32 (0.03) 1.32 (0.02) 1.30 (0.03) 1.30 (0.03) 1.29 (0.03)
Hispanic 1.06 (0.02) 1.07 (0.02) 1.08 (0.02) 1.09 (0.02) 1.10 (0.02) 1.09 (0.02)
White 1.00 (0.02) 1.00 (0.02) 0.99 (0.02) 0.98 (0.02) 0.98 (0.02) 0.99 (0.02)
Health Impairment
American Indian 1.31 (0.08) 1.33 (0.10) 1.30 (0.10) 1.27 (0.09) 1.21 (0.10) 1.28 (0.09)
Asian 0.35 (0.02) 0.34 (0.02) 0.33 (0.02) 0.35 (0.02) 0.35 (0.02) 0.33 (0.02)
Black 1.36 (0.07) 1.36 (0.04) 1.40 (0.04) 1.38 (0.05) 1.36 (0.05) 1.36 (0.06)
Hispanic 0.55 (0.03) 0.60 (0.02) 0.61 (0.02) 0.63 (0.02) 0.65 (0.02) 0.67 (0.02)
White 1.56 (0.06) 1.50 (0.04) 1.48 (0.04) 1.46 (0.04) 1.45 (0.04) 1.44 (0.03)
Specific Learning Disability
American Indian 1.75 (0.06) 1.80 (0.07) 1.84 (0.08) 1.83 (0.08) 1.79 (0.11) 1.92 (0.09)
Asian 0.45 (0.04) 0.42 (0.03) 0.42 (0.04) 0.41 (0.04) 0.40 (0.04) 0.38 (0.04)
Black 1.54 (0.11) 1.62 (0.06) 1.60 (0.05) 1.59 (0.06) 1.56 (0.05) 1.54 (0.05)
Hispanic 1.50 (0.06) 1.50 (0.06) 1.52 (0.06) 1.55 (0.05) 1.59 (0.05) 1.59 (0.06)
White 0.77 (0.03) 0.76 (0.03) 0.75 (0.03) 0.74 (0.03) 0.73 (0.03) 0.73 (0.02)

Panel B: ARR

2009-10 2010-11 2011-12 2012-13 2013-14 2014-15
Special Education
American Indian 1.25 (0.03) 1.27 (0.04) 1.30 (0.04) 1.28 (0.04) 1.22 (0.06) 1.31 (0.04)
Asian 0.65 (0.02) 0.65 (0.02) 0.65 (0.02) 0.66 (0.02) 0.67 (0.03) 0.65 (0.02)
Black 1.12 (0.06) 1.16 (0.02) 1.16 (0.02) 1.15 (0.04) 1.14 (0.02) 1.13 (0.02)
Hispanic 1.09 (0.03) 1.07 (0.03) 1.06 (0.03) 1.05 (0.02) 1.08 (0.02) 1.09 (0.02)
White 1.01 (0.03) 1.03 (0.02) 1.02 (0.02) 1.02 (0.02) 1.01 (0.02) 1.01 (0.02)
Health Impairment
American Indian 1.06 (0.06) 1.05 (0.08) 1.04 (0.08) 1.01 (0.08) 0.95 (0.08) 1.01 (0.07)
Asian 0.48 (0.03) 0.49 (0.03) 0.47 (0.03) 0.49 (0.03) 0.52 (0.03) 0.49 (0.03)
Black 1.18 (0.08) 1.18 (0.04) 1.22 (0.05) 1.20 (0.06) 1.18 (0.04) 1.19 (0.04)
Hispanic 0.77 (0.03) 0.78 (0.03) 0.78 (0.03) 0.77 (0.03) 0.82 (0.03) 0.85 (0.02)
White 1.38 (0.05) 1.34 (0.05) 1.34 (0.05) 1.35 (0.05) 1.30 (0.03) 1.29 (0.03)
Specific Learning Disability
American Indian 1.49 (0.05) 1.51 (0.06) 1.55 (0.06) 1.55 (0.07) 1.51 (0.09) 1.63 (0.09)
Asian 0.53 (0.03) 0.49 (0.03) 0.50 (0.03) 0.49 (0.03) 0.49 (0.03) 0.47 (0.03)
Black 1.29 (0.09) 1.34 (0.04) 1.33 (0.04) 1.32 (0.05) 1.29 (0.04) 1.26 (0.04)
Hispanic 1.22 (0.05) 1.19 (0.05) 1.20 (0.05) 1.18 (0.04) 1.23 (0.04) 1.24 (0.04)
White 0.94 (0.04) 0.95 (0.03) 0.95 (0.03) 0.95 (0.03) 0.94 (0.03) 0.93 (0.03)
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fact, it appears that measures of overrepresentation tend to be inflated when not controlling

for any control variables and measures of underrepresentation tends to be lower than the

conditional measures. However, when thinking about the disproportionality categories for

Washington, the differences between the two measures do not appear to be too meaningful.

For example, in 2014-15 Black students statewide had a RR of 1.29 which would have put

them in the category of “No Disproportionate Representation.” The ARR for Black students

is significantly lower than the RR at 1.13, but this still places them into the same category

of “No Disproportionate Representation.” So while there are observable changes in the two

measures, consistent with the findings in many other studies, the implications of using the

RR rather than the ARR, at least at the state-level, does not appear to have such a large

implication as far as the way states categorize disproportionate representation in Special

Education. There do appear to be some indications of category switching though (although

it is not significant). In 2014-15, American Indian students had a RR of 1.52 placing them in

the “At Risk for Disproportionate Overrepresentation” category, but the ARR places them

in the “No Disproportionate Representation” category (ARR = 1.31). While this isn’t much

of a meaningful difference it might cause concern when these measures are applied at the

district-level (which is done in practice) where there might be a lot more variation in the

results.

Next, I calculate the WARR and WRR for each individual school district in the state. As

I mention above, there is a lot more variation in the measures and some cannot be reliably

calculated when sample sizes are small for certain groups in categories. That is to say, while

I run the analysis for all (approximately) 4,000 district-ethnic group combinations in the

state, I cannot actually calculate the WRR or WARR for some of these districts for certain

categories of disabilities.11 Similar to the logistic regression, I run this separately for each

year of data, but for sake of space only present the findings from the 2014-15 school year

11I set a requirement (same as Washington) of a minimum cell size of 10 before I calculate their WARR
or WRR. This is a common practice in many states who do not calculate risk ratios for districts that have
too small a number of students in a particular disability category. States vary in their determination of
the minimum cell size.
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since the findings and conclusions are similar across the different school years. In Figures

2.3 – 2.5, I present scatterplot comparisons of the district-level WARR and WRR measures

for general special education placement (Figure 2.3) and the two disability categories: intel-

lectual disability (Figure 2.4) and specific learning disability (Figure 2.5). The dashed lines

on each plot represent the 45◦ line.

The scatterplots show that the differences in the measures are not too large as they all

tend to hug the 45◦ line. However, it appears that once again, Black and American Indian

groups receive larger measures of overrepresentation using the unconditional WRR measure

as most of their points lie below the line. It also appears that Hispanic students receive

larger measures with the WRR for the SLD category. Conversely, Asian and White students

tend to see their points lying above the line indicating that the WRR gives them lower

values of disproportionality than the conditional WARR. But as I mention previously, these

departures do not seem to be large enough to be meaningful, at least under Washington’s

definition of disproportionality.

I next present confusion matrices to show the extent of agreement between the classifica-

tion patterns of two measures (see Grimmer and Stewart (2013) for an example of a confusion

matrix). I present these matrices in Tables 2.4-2.5. In these confusion matrices, the rows

show the classification of the WARR measure and the columns show the classification of dis-

tricts under the WRR measure. I limit the presentation to only the general special education

placement indicator (Table 2.4) and the specific learning disability indicator (Table 2.5). I

also only present results for Black, Hispanic, and White students for comparison as they are

generally larger groups and contain more district measures of disproportionality.

The confusion matrices show that there is general agreement between the two measures in

terms of categorizing school districts into disproportionality categories. This can be observed

by looking at the diagonal of the matrices. Any disagreements seem to be off by one or two

categories, which from a state (and perhaps, Federal) perspective is not too worrisome. It

appears that using the WARR as a measure of disproportionality in special education would

not lead to too many differing conclusions as far as identifying districts into broad categories
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Figure 2.3: Visual Comparison of District-level WARR and WRR Measures: General Special

Education Placement (2014-15)
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Figure 2.4: Visual Comparison of District-level WARR and WRR Measures: Intellectual

Disability
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Figure 2.5: Visual Comparison of District-level WARR and WRR Measures: Specific Learn-

ing Disability

0
1

2
3

4
W

AR
R

0 1 2 3 4
WRR

SPED: Specific Learning Disability, Race: American Indian

0
1

2
3

4
W

AR
R

0 1 2 3 4
WRR

SPED: Specific Learning Disability, Race: Asian

0
1

2
3

4
W

AR
R

0 1 2 3 4
WRR

SPED: Specific Learning Disability, Race: Black

0
1

2
3

4
W

AR
R

0 1 2 3 4
WRR

SPED: Specific Learning Disability, Race: Hispanic

0
1

2
3

4
W

AR
R

0 1 2 3 4
WRR

SPED: Specific Learning Disability, Race: White



36

Table 2.4: Confusion Matrix for General Special Education Placement: WARR (Rows) vs

WRR (Columns)

Black
(1) (2) (3) (4) (5) (6) (7)

Under (1) 0 0 0 0 0 0 0
At Risk Under (2) 0 1 0 0 0 0 0
No Disprop (3) 0 0 47 5 0 0 0
At Risk Over (4) 0 0 1 5 2 0 0
Over (5) 0 0 0 0 2 1 0
At Risk Significant (6) 0 0 0 0 0 0 0
Significant (7) 0 0 0 0 0 0 0
Hispanic

(1) (2) (3) (4) (5) (6) (7)
Under (1) 0 3 0 0 0 0 0
At Risk Under (2) 0 1 4 0 0 0 0
No Disprop (3) 0 1 136 9 0 0 0
At Risk Over (4) 0 0 2 5 0 0 0
Over (5) 0 0 2 1 3 0 0
At Risk Significant (6) 0 0 0 0 0 0 0
Significant (7) 0 0 0 0 0 0 0
White

(1) (2) (3) (4) (5) (6) (7)
Under (1) 1 1 0 0 0 0 0
At Risk Under (2) 1 4 1 0 0 0 0
No Disprop (3) 0 5 155 2 0 0 0
At Risk Over (4) 0 0 4 1 0 0 0
Over (5) 0 0 1 1 2 0 0
At Risk Significant (6) 0 0 0 0 0 0 0
Significant (7) 0 0 0 0 0 0 0
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Table 2.5: Confusion Matrix for Specific Learning Disability: WARR (Rows) vs WRR

(Columns)

Black
(1) (2) (3) (4) (5) (6) (7)

Under (1) 0 0 0 0 0 0 0
At Risk Under (2) 0 1 0 0 0 0 0
No Disprop (3) 0 0 12 11 0 0 0
At Risk Over (4) 0 0 0 3 5 0 0
Over (5) 0 0 0 0 3 0 0
At Risk Significant (6) 0 0 0 0 0 0 0
Significant (7) 0 0 0 0 0 0 0
Hispanic

(1) (2) (3) (4) (5) (6) (7)
Under (1) 0 0 2 0 0 0 0
At Risk Under (2) 0 0 2 0 0 0 0
No Disprop (3) 0 0 40 30 6 0 0
At Risk Over (4) 0 0 2 4 14 0 0
Over (5) 0 0 0 0 0 1 1
At Risk Significant (6) 0 0 0 0 0 0 0
Significant (7) 0 0 0 0 0 0 0
White

(1) (2) (3) (4) (5) (6) (7)
Under (1) 2 0 0 0 0 0 0
At Risk Under (2) 5 4 1 0 0 0 0
No Disprop (3) 5 28 55 0 0 0 0
At Risk Over (4) 0 0 2 0 0 0 0
Over (5) 0 0 2 2 0 0 0
At Risk Significant (6) 0 0 0 0 0 0 0
Significant (7) 0 0 0 0 0 0 0
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of disproportionality. However, results comparing the measures indicates that there do exist

differences between the two ways of assessing disproportionality and these differences could

be important for some districts offering special education services to their students.

2.5 Discussion

The results provide evidence that the current RR measure of disproportionality tends to

be skewed due to omitted variable bias. However, using information commonly collected

by the state on public school students to “adjust” the risk ratio does not appear to alter

the conclusions about disproportionality in districts. That is, in the vast majority of cases,

a district that shows overrepresentation under the risk ratio continues to show evidence of

overrepresentation under the adjusted risk ratio. This would seem to indicate that there is

not much to be gained from this exercise. However, I argue that my findings have important

policy implications regarding the monitoring of districts for disproportionality.

First, my findings do not indicate that the unadjusted risk ratio is a valid measure of

disproportionality. I find that the omission of student-level covariates tends to overstate the

magnitude of overrepresentation or underrepresentation. The fact that the measure that

adjusts for student-level characteristics does not change the disproportionality category that

a district falls in could suggest that the risk ratio can continue to be used for monitoring pur-

poses given that the, arguably, improved measure makes no difference in the categorization

of districts into disproportionality levels. However, one could interpret my results a different

way. Given that my findings provide contradictory evidence to a number of other studies

using covariate adjustment models (that student-covariates completely explain the overrep-

resentation of minorities in Special Education), I must look into the differences between

my study and others. The most obvious difference is the set of covariates included in my

models. Other studies use information from nationally representative longitudinal datasets

which have detailed information on student, family, and school-factors that are theoretically

linked to needing Special Education services. I am limited to only what a state commonly

collects on its public school students which lacks the depth of these nationwide surveys.
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To test whether the set of controls makes a difference in the findings of this study,

I construct my measure using the rich set of covariates included in the Early Childhood

Longitudinal Study (ECLS-K).12 In contrast to Morgan et al. (2015), I calculate the risk

ratio only for the first wave of the study, rather than treating the data as longitudinal. This

way it will be as if I were just calculating these risk ratios for the first cohort during their

kindergarten class. There are some obvious comparability issues with this part of the analysis,

but I believe it will be sufficient to make the point. Table 2.6 shows the comparison between

the risk ratios calculated across three different models: (1) the model with no controls,

(2) the model with Morgan et al. (2015) controls, and (3) the model with control variables

commonly collected by the state.13 The numbers appear to indicate that the control variables

available to the state are sufficient to explain a high percentage of the bias in the risk ratio.

That is, it seems as though the state available controls have similar explanatory power for

general special education placement as the relatively richer set of information collected in

the national survey. For three of the race groups (Black, Hispanic, and White), I find that

the “bias” (defined as the difference between the no control and full control risk ratio) is

nearly fully accounted for using state available information. For the other race grouping, I

find that only 10% of the bias is explained using state-available controls. However, the bias

for this category is much smaller compared to the others. This exercise shows that state

available controls can capture a substantial portion of the bias in the risk ratio meaning that

the WARR could provide a valid measure of overidentification.14

Second, one might conclude from my study that the risk ratio and adjusted risk ratio are

essentially the same in the spectrum of identifying schools with overrepresentation. I argue

12I use the publicly available ECLS-K dataset for this part of the analysis. Most of the information used in
Morgan et al. (2015)’s study is available with the notable exception of disability category. For the purposes
of this exercise, I include only comparisons using the general special education placement category.

13I use the equivalent of the control variables included in the models in this chapter. There are two
exceptions: (1) homeless status which is suppressed in the public dataset and (2) migrant education status
which had no direct analog.

14I note that this assumes that the Morgan et al. (2015) control variables yield completely unbiased
measures of disproportionality.
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Table 2.6: Comparison of Risk Ratios Calculated using ECLS-K Data

Race No Controls Full Controls State Controls % Explained
Black 1.69 (0.36) 1.09 (0.34) 1.15 (0.33) 91%
Hispanic 0.67 (0.18) 0.51 (0.20) 0.54 (0.20) 85%
Other 0.31 (0.11) 0.30 (0.12) 0.31 (0.12) 10%
White 1.06 (0.18) 1.66 (0.47) 1.57 (0.41) 85%
Full controls refers to models that include controls from Morgan et al. (2015).
State controls refers to models that include controls commonly available to the state

% Explained calculates the % of the bias explained by State controls = abs(State−NoCtrl)
abs(Full−NoCtrl) .

Standard errors in parentheses to the right of the risk ratio

that that would be an incorrect conclusion. It is unclear whether the disproportionality

categories were defined by the state in a way that accounted for observable distinctions in

the experiences at different school districts. For example, was there work done to identify

whether a shift in the risk ratio from 1.9 to 2.0 leads to a substantial shift in the likelihood

of benefiting from an intervention? If not, I believe one could argue that any “adjusted”

risk ratio statistically significantly above one signifies evidence of overrepresentation. More

empirical work can be done to better define disproportionality categories that can better

identify the school districts who would benefit the most from an intervention.

It is possible that the categories were created with an understanding that there is bias in

the risk ratio and therefore it would be incorrect to compare the risk ratio and adjusted risk

ratio across these predefined categories. I would say that the adjusted risk ratio provides the

state with at least some guidance on understanding where they should set their thresholds

in defining overrepresentation. Specifically, it will give them some way to estimate the bias

in risk ratios and account for that bias in their categorization of disproportionality.

2.6 Conclusion

This chapter uses data from all of Washington’s public school students to better understand

the disproportionality of minority students in special education. I find that, when condi-

tioning on student-level characteristics collected by the state that could also contribute to

the probability of needing to receive special education services (e.g., FRPL eligibility, ELL
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status), measures of overrepresentation for certain minority groups (American Indian, Black,

and sometimes Hispanic) are reduced suggesting that current measures of overrepresentation

are overstating the problem. That is, current risk ratio measures seem to be exaggerating

the extent of the overrepresentation because they do not account for the fact that some

minority students are exposed more to risk factors that could lead to their placement into

special education. This concern has been noted and studied in a number of papers (Hibel

et al., 2010; Morgan et al., 2012, 2015; Shifrer et al., 2011). However, this is the first study

to use full administrative data from a state to explore the issue and the findings are roughly

consistent, except that overrepresentation does not disappear after student-level factors are

included as controls.

The second goal of this chapter was to assess the utility of an alternative measure of dis-

proportionality that accounts for these select risk factors. I propose a weighted adjusted risk

ratio – “adjusted” for covariates – to estimate district-level disproportionality. I compare this

measure to the analogous weighted risk ratio – not adjusted for covariates – in its ability to

detect schools showing disproportionality in special education. While it is not surprising that

the two measures differ based on the findings summarized above, the differences might not

be meaningful for states monitoring disproportionality. Using disproportionality categories

defined by Washington, I find that the WARR provides almost identical classifications as the

WRR. So although the WARR can provide an, arguably, better measure of disproportion-

ality in special education, it does not provide estimates that are too far off from the WRR

such that states would have to refocus their attention on a different set of districts based on

the definitions of overrepresentation in one state. An exercise conducted using ECLS-K data

provides evidence that the WARR can reduce a substantial proportion of the bias in the

risk ratio caused by omitted variable bias. So this does not suggest that the lack of drastic

changes using WARR is due to the relative lack of control variables available to the state.

The results of this chapter gives one clear message: the risk ratio provides a biased

measure of disproportionality. What the states do with this information as they plan out

new ways to monitor districts for overrepresentation is up to them. I argue that they can
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take one of two actions. First, they can replace the risk ratio with the adjusted risk ra-

tio, taking into account student-level characteristics that they are required to collect each

year. This would assure that they do not use inflated measures to identify schools with

over/underrepresentation problems. The main purpose of this would be to prevent false pos-

itives from occurring that might induce districts to take students out of Special Education

when it would not benefit these students to do so. However, this path comes at a cost to

states. The risk ratios are relatively simple to calculate, while the adjusted risk ratios could

be too data intensive to calculate annually. With this cost in mind, I would argue that

states could use the information about the bias in the risk ratio from this study to set their

thresholds determining significant disproportionalities. Regardless of the choice they make,

it is clear there are some issues in the ways in which states monitor disproportionality in

Special Education.
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Table 2.A1: Logistic Regression Results for Special Education Placement (2009-10 through

2011-12)

2009-10 2010-11 2011-12
No Controls Controls No Controls Controls No Controls Controls

American Indian 1.530*** 1.292*** 1.588*** 1.312*** 1.638*** 1.356***
(0.052) (0.043) (0.063) (0.053) (0.069) (0.057)

Asian 0.529*** 0.622*** 0.521*** 0.614*** 0.527*** 0.624***
(0.022) (0.023) (0.020) (0.022) (0.025) (0.025)

Black 1.306*** 1.129* 1.369*** 1.175*** 1.380*** 1.180***
(0.082) (0.080) (0.038) (0.033) (0.031) (0.031)

Hispanic 1.063** 1.084** 1.066** 1.053 1.079*** 1.053
(0.030) (0.037) (0.028) (0.035) (0.027) (0.035)

Pacific Islander 0.634*** 0.572*** 0.653*** 0.580*** 0.708*** 0.621***
(0.036) (0.032) (0.036) (0.030) (0.042) (0.035)

Two or More 1.134*** 1.077*** 1.029 0.968 1.057* 0.993
(0.036) (0.029) (0.022) (0.020) (0.033) (0.030)

Female 0.486*** 0.489*** 0.489***
(0.004) (0.004) (0.004)

Non-English 0.549*** 0.576*** 0.572***
(0.036) (0.044) (0.037)

FRPL 1.745*** 1.763*** 1.746***
(0.045) (0.039) (0.041)

Homeless 1.291*** 1.218*** 1.261***
(0.033) (0.036) (0.029)

Migrant 0.707*** 0.689*** 0.742***
(0.034) (0.031) (0.035)

ELL 1.418*** 1.372*** 1.459***
(0.090) (0.102) (0.086)

N 1,097,389 1,097,389 1,114,283 1,114,283 1,118,809 1,118,809
∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1
Odds ratio estimates are presented
Standard errors clustered at the district-level.
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Table 2.A2: Logistic Regression Results for Special Education Placement (2012-13 and 2013-

14)

2012-13 2013-14
No Controls Controls No Controls Controls

American Indian 1.609*** 1.325*** 1.545*** 1.264***
(0.075) (0.059) (0.104) (0.079)

Asian 0.535*** 0.631*** 0.526*** 0.642***
(0.024) (0.026) (0.030) (0.030)

Black 1.364*** 1.166*** 1.358*** 1.160***
(0.050) (0.056) (0.037) (0.032)

Hispanic 1.094*** 1.037 1.097*** 1.075***
(0.026) (0.033) (0.027) (0.029)

Pacific Islander 0.744*** 0.643*** 0.718*** 0.628***
(0.045) (0.036) (0.038) (0.030)

Two or More 1.083** 1.013 1.073** 0.999
(0.037) (0.032) (0.032) (0.028)

Female 0.489*** 0.488***
(0.004) (0.004)

Non-English 0.597*** 0.543***
(0.042) (0.029)

FRPL 1.735*** 1.771***
(0.044) (0.040)

Homeless 1.255*** 1.220***
(0.030) (0.036)

Migrant 0.644*** 0.659***
(0.076) (0.035)

ELL 1.393*** 1.487***
(0.101) (0.079)

N 1,123,383 1,123,383 1,128,185 1,128,185
∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1
Odds ratio estimates are presented
Standard errors clustered at the district-level.
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Chapter 3

SUCCESSFULLY TRANSITIONING ENGLISH LANGUAGE
LEARNERS INTO THE MAINSTREAM CLASSROOM

Abstract

English Language Learners (ELLs) are one of the fastest growing student subgroups in the

United States. Current law indicates that these students must be offered access to education

programs designed to assist them in reaching English proficiency. In response, Washington

state has created the Transitional Bilingual Instructional Program (TBIP) to assist in the

development of English proficiency “enables meaningful access to grade level curricula and

instruction.” ELL students take an English proficiency test annually to determine whether

they are ready to transition out these specialized services. This study explores the effects

of these transitions on students in the first year following program exit. Using a regression

discontinuity, I assess whether Washington state’s current criteria – used by all public schools

in the state – are set in such a way to assure a smooth transition of ELL students overall

into English-taught classrooms. I find that in most scenarios, ELLs are succeeding in their

transition into the mainstream classroom. However, I find that Spanish-speaking ELLs

exiting bilingual programs tend to struggle to succeed in English subjects after exiting their

TBIP services.
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3.1 Introduction

The population of English Language Learners (ELLs) – students who are in the process

of learning to both communicate and learn in English, has risen steadily over the past

few decades. Approximately 9% of the U.S. student population are enrolled in specialized

programs designed for ELL students (NCES, 2013). While the majority of ELL students

are in states with large immigrant populations (e.g., California, Nevada, New Mexico, and

Texas), all states have seen a rise in the number of students whose primary language is not

English (Payán & Nettles, 2006).

States must react to these shifting student demographics by making sure that their schools

are suited to meet the unique needs of this growing population of ELL students. On top of

needing to learn academic content, ELL students must also develop their English language

skills. Due to a number of nation-wide legal decisions, schools throughout the country

are required to offer specialized programs for their ELL students to assist them in reaching

English proficiency while ensuring equal access to academic content. The Bilingual Education

Act of 1968 brought national attention to the special needs of ELL students and allowed for

the use of federal dollars to support special programs designed for them. The decision in

Lau v. Nichols of 1974 required schools to provide services that enable students to overcome

language barriers that impeded their equal participation. These services generally place

ELL students into a special instructional setting where they are taught in some combination

of their native language and English. The programs are designed to develop ELL English

proficiency, while making sure these students do not fall behind in other academic subjects.

Once an ELL meets a number of benchmarks demonstrating their proficiency in English, the

student is removed from specialized services and placed into the mainstream classroom.

Washington state currently enrolls the ninth most ELLs in the nation who represent over

200 different languages. Approximately 9% of Washington state’s students participate in

specialized ELL services. The state’s Transitional Bilingual Instructional Program (TBIP)

was created to assist these students develop their language proficiency and enable access to
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grade-level academic content. Students in this program are assessed annually to determine

whether they have reached an English proficiency level deemed suitable for them to “tran-

sition” into a mainstream classroom. There has been recent concern over whether ELLs are

transitioning at the correct time. A 2015 Dear Colleague letter released by the Department

of Justice/Department of Education (DOJ/ED) advises school districts to monitor the aca-

demic progress of recently exited ELLs for up to two years to assure that they have not

been prematurely exited from ELL services (DOJ/ED, 2015). Washington state has pro-

vided its school districts with additional funds to make sure that these recently exited ELLs

are provided the services they need to meaningfully participate in their new instructional

settings.1 This study focuses specifically on ELL students who are making these transitions

out of TBIP. This chapter seeks to understand how successful TBIP is in preparing ELLs

for English-only classrooms. Given the diversity of ELL instructional programs utilized by

Washington’s public schools, this chapter also explores whether certain program models are

better suited for preparing ELLs of all types for this important transition.

Overall, I find that TBIP is successful in its preparation of ELLs entering the mainstream

classroom. When focusing my analysis on all ELLs in the state, I do not find any significant

negative impacts of ELL exit on their test scores during the first year outside of TBIP services.

However, when I focus my analysis on Spanish-speaking ELLs exiting bilingual programs,

I estimate that they perform approximately 0.1 SD worse than they would have had they

remained in TBIP services. This finding could indicate that these ELLs are being exited

from their program too early and would benefit from remaining in these bilingual programs

for longer. Or, the finding could suggest that these ELL students face specific challenges in

adjusting to a new instructional setting and could use further intervening services to help

them make this transition.

1See http://www.k12.wa.us/MigrantBilingual/pubdocs/ExitedTBIPStudents.pdf for more details on the
program.

https://www2.ed.gov/about/offices/list/ocr/letters/colleague-el-201501.pdf
http://www.k12.wa.us/MigrantBilingual/pubdocs/ExitedTBIPStudents.pdf
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3.2 Background on Washington State’s Transitional Bilingual Instructional
Program

There is a multi-step process through which a district identifies eligible students for TBIP

services. Upon enrollment in a Washington state school, a home language survey is sent

home in order to identify the student’s primary language. If the survey is returned with a

language other than English identified, then the student is assessed using a state-approved

language proficiency placement test. In the majority of cases, ELL students will take the

Washington English Language Proficiency Assessment (WELPA) to assess their eligibility

for services. Students whose scores fall within Level 1 (Beginning/Advanced Beginning),

Level 2 (Intermediate), or Level 3 (Advanced) qualify for the TBIP. Those who score at

Level 4 (Transitional) do not qualify for services. Each “Level” encompasses a range on a

scale score and the cutoffs between each level are set annually.

Once deemed eligible to receive specialized ELL instruction, the student is placed in

one of the state-approved programs. This takes one of two forms: bilingual instructional

programs and alternative instructional programs. Bilingual instructional programs utilize

two languages for instruction and include the following services:

1. Dual Language Program (or Two-Way Immersion): includes both ELL and

native English speakers in a classroom where the priority is to help both groups reach

proficiency in their native language as well as their second language while supporting

learning of academic content in both languages. These programs typically split in-

struction evenly across the two languages. ELL students who “transition” out of this

program are allowed to remain in this instructional setting.

2. Developmental Bilingual Education: is a program designed for ELL students

who are on a slower path towards English proficiency. Students begin the program

in kindergarten where they are generally taught with a 90/10 split in L1/L2 (native

language/English). The use of the native language in the classroom gradually decreases
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until there is an even split. Like students enrolled in Dual Language Programs, students

can continue in this program after being “transitioned” out.

3. Transitional Bilingual Education: like the Developmental Bilingual Education pro-

gram, ELL students start with a 90/10 split between L1/L2. They continually increase

the exposure to L2 until all instruction is provided in English. Students may continue

in the program even after “transitioning” out.

Alternative instructional programs, on the other hand, are typically designed such that

most of the instruction is provided in English (an immersion approach). All of the following

services are considered as alternative instructional programs:

1. Content-Based Instruction/Sheltered Instruction: generally involve classrooms

made up of a majority of ELLs where the teacher has experience in supporting English

language development and teaching academic content. Instruction is in English, where

content and language instruction are integrated.

2. Supportive Mainstream: ELL students remain in the mainstream English-speaking

classroom, yet are removed for special instruction by teachers with training in second

language acquisition. Content is delivered in English by the mainstream classroom

instructor.

The TBIP proclaims a focus on bilingual education. They cite a study by Collier and

Thomas (2004) that finds that bilingual programs are more effective than instructional meth-

ods that use only English for instruction.2 Despite this open support for the use of native

language in ELL instruction, during the 2013-14 school year, only 14% of ELL students were

2It should be noted that the advantage of bilingual education is not so clear cut. Other research papers
have been inconclusive over which instructional method is the most advantageous for ELL students in
terms of academic achievement and secondary language proficiency. What is clear from this citation is
that the State of Washington believes that the research clearly points to the bilingual model of instruction
as the correct way to educate its ELL students.
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enrolled in bilingual educational programs. The majority of ELL students were placed in

alternative instructional programs. This incongruity between the state’s goals and reality is

mainly due to the fact that most districts meet criteria allowing them to only offer alternative

instructional programs.3 Most districts do not have the necessary means to offer a bilingual

education program to their ELL students.

The goal of TBIP, like many other ELL programs, is to prepare and successfully transition

ELL students into an English-speaking classroom. Each year, ELL students are assessed

using an English Proficiency Exam. As with the initial WELPA exam, students whose score

falls within Level 1, Level 2, and Level 3 remain eligible to receive TBIP services. Parents

have the option to waive the TBIP option for their children. ELLs scoring at Level 4 are

no longer eligible for TBIP and lose their ELL classification. The state intends for Level 4

ELLs to be proficient enough to participate successfully in the mainstream classroom. All

ELLs in the state are tested using the same English proficiency assessment and are subject

to the same criteria for determining eligibility for TBIP which is based exclusively on the

performance on WELPA.4 Washington provides additional funding to school districts for

ELLs who have exited TBIP within the past two years to provide additional instructional

support for those ELLs who are struggling in their new instructional setting.

3From WAC 392-160-040 , school districts exhibiting one of the following:

1. Necessary instructional materials in the student’s primary language are unavailable and the district
has made reasonable efforts to obtain necessary materials without success;

2. The capacity of the district’s bilingual instructional program is temporarily exceeded by an unexpected
increase in the enrollment of eligible students;

3. Bilingual instruction cannot be provided to students without substantially impairing their basic edu-
cation because of their distribution throughout many grade levels or schools, or both; or

4. Teachers who are trained in bilingual education methods and sufficiently skilled in the non-English
primary language(s) are unavailable, and the district has made reasonable attempts to obtain the
services of such teachers.

may offer an alternative instructional program to their ELL students.

4In 2015-16, Washington introduced a new English Proficiency assessment: English Language Proficiency
Assessment for the 21st Century (ELPA21). This chapter’s analysis focuses only on the period prior to the
ELPA21. But it should be acknowledged that a new test could alter some of the findings of this chapter.

http://apps.leg.wa.gov/WAC/default.aspx?cite=392-160-040
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3.3 Literature Review

ELL students transitioning out of ELL services (commonly referred to as “reclassification”)

has often been viewed as a goal to work towards. Reclassification is a major milestone in

the academic trajectory of an ELL student and has often been used as a proxy for En-

glish proficiency to gauge the impact of different ELL instructional programs (Conger, 2010;

Greenberg Motamedi, Singh, & Thompson, 2016; Grissom, 2004; Thompson, 2015; Uman-

sky & Reardon, 2014). These studies generally utilize survival analysis to understand the

time it takes to reach reclassification. The meaning behind reclassification is ambiguous

across states (and sometimes districts) as there are variations in the criteria used to redes-

ignate ELLs (Hill, Weston, & Hayes, 2014; Mahoney & MacSwan, 2005). This suggests that

reclassification as an outcome could have different meanings in different contexts.

Other studies have conceptualized reclassification as a cause rather than an effect (Robin-

son, 2011). Robinson (2011) argues that reclassification is often associated with a change

in a “bundle of services” offered to the student. After reclassification, most ELL students

no longer receive the specialized services designed to support their English language devel-

opment. They may be placed into a new classroom with different peers and instructors. A

successful ELL program is one that is able to smoothly transition ELL students into these

new settings. That is, we do not want to remove ELL students from services too early where

they experience a shock of being placed into an entirely different classroom. Robinson (2011)

finds negligible impacts on elementary school grade test scores as a results of reclassifica-

tion. However, negative effects are found in high school grades. This suggests that a smooth

transition out of ELL services occurs in elementary grades, but not for high school ELLs.

Carlson and Knowles (2016) finds that reclassification in 10th grade has beneficial impacts

on student’s performance on the ACT, high school graduation, and college enrollment. The

authors hypothesize that these positive effects are due to the reclassified students experienc-

ing a stronger emphasis on postsecondary preparation. This suggests that the “ELL” label

might prevent ELL students from receiving some the support offered by the high school for
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college preparation.

Robinson-Cimpian and Thompson (2015) look at the impact of a change in reclassification

criteria that occurred in California. They utilize this exogenous change in policy to examine

the difference in the effect of reclassification under two different sets of criteria. They find

that once the difficulty of reaching reclassification was raised, there was a significant impact

on high school test scores and graduation rates. Findings from this study suggest that the

choice of criteria for a program plays an important role in the success of students who are

eligible and may be in need of such services.

Other studies have argued that there could be a heterogenous effect of reclassification.

R. Callahan, Wilkinson, and Muller (2010) find that the impact of an ELL status varies as a

function of English proficiency, number of ELLs in the school, length of time in the United

States, and socioeconomic status. Among their results, they find that students with higher

English proficiency measures and more time in the US benefit more from reclassification

(i.e., they do better outside of ELL services). Umansky (2016) posits that the impact of

reclassification differs across different instructional models. She finds that the ELL label (no

reclassification) has a general negative impact which is mostly concentrated in immersion

type classrooms. The study focuses on a comparison of ELL-Initial Fluent English Proficient

(IFEP) students at the initial stages of ELL identification. This is particularly unique in

that it is able to identify to some extent the impact of ever receiving an “ELL” label.

As hinted at in Umansky (2016)’s study, it seems likely that the “bundle of services” being

taken away by reclassification might differ for students enrolled under different instructional

models. ELL programs can generally be categorized as following one of two approaches.

The first approach follows a “bilingual model” in which students are initially taught in

their primary language and then transition to English-only classrooms. In contrast, the

“immersion” method places ELLs into classrooms in which all their instruction is delivered

in English with a specifial curriculum designed to meet the needs of ELL students.

The two approaches rest on different theories of second language acquisition. The ap-

proach that is taken by English immersion programs is to maximize students’ exposure to
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English. This approach reflects a “time on task” theory of language learning, where language

is thought to be a direct consequence of exposure (Cummins, 1992; Porter, 1996). Students

in English immersion classrooms are not only taught in English, but are more likely to share

the classroom with native English speaking peers (Grunow, 2011). This allows students more

time to practice their English in both social and academic settings. A key motivation for

this type of approach is to support rapid English language development and assist ELLs

in reaching proficiency at faster rates with the idea that proficiency will lead to academic

success (e.g., see discussion by R. M. Callahan (2005)).

On the other side of the debate, many researchers have suggested that the most efficient

route to second language proficiency may be through the native language which provides

the rationale for bilingual programs (Cummins, 1991, 1992). Researchers argue that native

language instruction builds a general language capacity – or “common underlying profi-

ciency” – that supports the development of a second language. Cummins (1979) proposes

a “linguistic interdependence hypothesis” that argues that the development of proficiency

in a second language is partially a function of the competence previously developed in the

primary language. Bilingual programs make it a goal for students to acquire the so-called

“common underlying proficiency” with the hopes of making it easier for ELLs to transition to

English-only classrooms at a later stage with the necessary academic content knowledge. In

contrast to the immersion approach, the theory underlying bilingual programs believes that

ELLs should be prioritizing developing academic skills and primary language proficiency in

order to make reaching English proficiency faster at a later date.

The two instructional models typically enroll different types of students and therefore

the peer exposure differs across the different settings. For example, students in bilingual

programs have lower initial English proficiency compared to ELLs in an English immersion

program (T. B. Parrish et al., 2006). In addition, schools that offer bilingual education are

systematically different from schools that do not. For example, schools that offer bilingual

education tend to have a higher proportion of English language learners, higher levels of

poverty (based on percentage of students receiving free or reduced price lunch) and lower
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percentages of credentialed teachers (T. B. Parrish et al., 2006).

In summary, there is a valid concern about understanding ELL student performance near

thresholds for reclassification to understand how smooth their transition is to a different

educational setting. It appears that instructional models might play a role in preparing

students for success in mainstream English-speaking classrooms. This study seeks to explore

this relationship. Specifically, it will seek to answer the following questions: (1) Do the

current score thresholds determining TBIP eligibility smoothly transition Washington’s ELLs

into English-only classrooms? and (2) Do the impacts of reclassification vary across different

instructional models?

3.4 Data and Methods

3.4.1 Data

I utilize student-level information from Washington State to answer my research questions.

I look at ELL students in grades 2-7 during the 2011-12 through 2013-14 school year. Dur-

ing these years, I know the specific type of instructional program model they are enrolled

in. I have several pieces of demographic information for each student: gender, race, free-

or reduced-price lunch eligibility, special education enrollment, primary language, homeless

status, and gifted status. Furthermore, I have information on each students’ test perfor-

mance in the subsequent years. For federal accountability, students in Washington state are

required to take an assessment during grades 3-8 in reading and math.5 All scores have

been standardized to have mean zero and a standard deviation of one by subject and grade.

Finally, I have information on the students’ WELPA scores for the 2011-12 through 2013-14

school years. Scale score cutpoints used to determine eligibility for TBIP (along with each

other proficiency level) are posted publicly online for each grade level.

5Students are also required to take Reading/ELA and Math tests in high school. However, during the
sample period the high school grade being assessed changed. Prior to 2014-15, 10th graders took the
High School Proficiency Exam (HSPE) in reading, math, and writing. Afterwards, 11th graders took the
Smarter Balanced Assessment (SBA) in ELA/Math. In order to avoid complications in the analysis due
to this testing change, I focus the analysis only on students assessed in grades 3-8.
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Table 3.1 provides summary statistics of the cohort of ELL students that I study in this

chapter. I show the summary statistics for three groups: all ELL students, ELL students

who receive a Level 3 score and ELL students who receive a Level 4 score on the WELPA.

The latter two groups are particularly important for my identification strategy. There are

two takeaways I see from this descriptive table. First of all, it appears that achievement

(and other variables commonly correlated with achievement, e.g., FRPL, SPED) are also

correlated with performance on the WELPA exam. That should not be too surprising given

that the WELPA measures student English proficiency which is partially measured in the

annual assessments. Level 4 ELL students are 0.2 standard deviations below the average

on reading tests, whereas all ELL students are nearing 0.9 standard deviations below aver-

age. Second, it is clear a simple comparison of Level 3 and Level 4 ELL students on test

score performance would not yield unbiased results. It appears that Level 3 and Level 4

students differ significantly on a number of factors that are also likely correlated with test

score performance (e.g., special education enrollment, FRPL eligibility). This highlights the

importance of having more detailed information on WELPA test performance to be able to

compare ELL students who are close to the eligibility threshold who are likely to be more

similar. This leads to the methodology of my chapter.

3.4.2 Methods

Given that there is a well-defined cutpoint each academic year determining a student’s el-

igibility for ELL services, I choose to use the regression discontinuity design (RDD) (Lee

& Lemieux, 2010). In this specific case, the RDD uses random variations in student per-

formance around the eligibility threshold to estimate the effect of TBIP placement. Under

certain assumptions, RDD provides an unbiased estimate of the local average treatment ef-

fect (LATE). That is, rather than identifying the average treatment effect (ATE), output

from this RD model will estimate the impact of TBIP on highly proficient Level 3 and lower

proficient Level 4 students.
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Table 3.1: Summary Statistics for Washington State ELL Students in Grades 2-7

All ELLs Level 3 Level 4
Demographic and Program Information
% Female 45.43% 46.43% 49.19%
% FRPL 89.69% 91.63% 83.44%
% Homeless 3.63% 3.01% 2.33%
% Special Education 17.37% 14.09% 5.24%
% Primary Language: Spanish 69.45% 72.06% 61.51%
% Asian 11.97% 11.05% 18.12%
% Hispanic 70.05% 71.80% 61.34%
% White 9.99% 9.50% 13.60%

Instructional Model Used Prior to WELPA Test
% Bilingual Programs 11.88% 11.08% 8.04%
% Alternative Programs 86.88% 88.04% 90.25%

Standardized Test Score
Standardized Math Score -0.80 -0.77 -0.22
Standardized Reading Score -0.95 -0.92 -0.30

N 303,544 125,014 28,866

Note: The “Level 4” column shows statistics for ELL students who scored at proficient or

above on the WELPA. These ELL students are eligible for TBIP exit. The “Level 3” column

shows statistics for ELL students who scored one level below proficient on the WELPA.
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In order to obtain the RD estimate, I use the following specification:

Yi = α + γf(xi − x∗) + δnoTBIPi + βXi + ηXj + εi (3.1)

where f(xi−x∗) is some function of the “distance” between a student’s score on the WELPA

and the cutpoint needed to be eligible for services (I refer to this as the running score or

running variable). For f I run models assuming a local linear and local quadratic relationship

between the running score and the outcome to explore how my findings change due to choice

of functional form. noTBIPi is an indicator for whether a student transitions out of TBIP

services. Xi is a vector of individual student characteristics. I also aggregate demographic

characteristics of all students to the school level and include them as controls in Xj. Yi is

an outcome that measures student achievement. To measure student achievement, I look

at both standardized reading and math performance during 2014-15 (the year after ELL

students take the 2013-14 WELPA test).

In addition to the model described above, I estimate the effectiveness of different pro-

gram types offered by running the model described in Equation 3.1 on subsets of students.

Specifically, I look at the difference between those students in bilingual programs and those

in alternative programs (as defined by Washington state). It should be noted that the assign-

ment of students to different program types is not random and coefficient estimates could

be biased due to unobserved school effects that both determine whether a school offers such

services and influence student achievement. The inclusion of school aggregate characteristics

could potentially eliminate this bias, but the impact could still be contaminated by bias if

family or any other unmeasured factors play a role in the placement of ELL students into

schools that offer certain ELL services.

Given that I have a relatively large sample, I estimate the RD effect using what are

commonly referred to as a “nonparametric/local strategy” (Jacob, Zhu, Somers, & Bloom,

2012, p. 28). Under this approach, the researcher attempts to locate an “optimal” bandwidth

around the cutpoint in which the data behave approximately linear (or another specified
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polynomial). Local regression is then conducted and the points on either side of the cutpoint

are estimated to produce an estimate of the RD effect. This has an advantage over the

alternative “parametric/global strategy” in which the full sample is utilized and a functional

form is chosen to fit the data. Under this scenario, choosing the incorrect functional form

can lead to a bias in the effect estimate (with the trade-off being an effect estimated with

higher efficiency). For the analysis in this chapter, I utilize the rdrobust package in Stata

to estimate all models (Calonico, Cattaneo, Farrell, & Titiunik, 2017; Calonico, Cattaneo,

& Titiunik, 2014).

3.4.3 Assessing the Validity of RDD

Using RDD is appropriate only under certain circumstances (Cattaneo, Idrobo, & Titiunik,

2017; Jacob et al., 2012; Lee & Lemieux, 2010). I start by exploring whether there is an actual

discontinuity in treatment (removal from TBIP) probability at the cutoff score. Figure 3.1

shows the percentage of “transitions” that occur for binned groups of ELLs on either side of

the treatment threshold. There is a sharp, although not complete, shift in the probability of

ELL status at the cutpoint. This noncompliance is not all that surprising given that scoring

below the threshold does not guarantee the student will enroll in TBIP services. Even if

the student is eligible for TBIP, parents can request to waive these services for their child.

On the other side, students who are ready to “transition” out of TBIP, can still continue

receive specialized services (yet they are not counted as ELL for funding purposes). Given

the noncompliance, I use the fuzzy RD design for the analysis (Cattaneo, Idrobo, & Titiunik,

2017; Jacob et al., 2012; Lee & Lemieux, 2010). Under this design, the treatment impact is

equal to the ratio of the intent-to-treat effect (from the sharp RD) to the effect of assignment

on treatment take-up. This again limits my estimated effect to generalize only to those who

follow the WELPA program assignment (i.e., those that transition out of TBIP services after

reaching Level 4 on WELPA and those who remain who score below Level 4). In other words,

I am measuring the local average treatment effect for compliers.

I next explore if there is any evidence of manipulation of the running score. Specifically,
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Figure 3.1: Change in ELL Status around WELPA Score Cutpoint

I am worried about students or teachers manipulating scores so that there is an unexpected

number of ELLs scoring on one side of the threshold. The worry would be that any effects

found on either side of the threshold cannot be attributable to the change in probability of

receiving TBIP services, but also to motivations of teachers or students to receive certain

services. However, this manipulation seems unlikely in the context of WELPA given that the

raw scores needed to pass the test are unknown for each year prior to Level determination.

Furthermore, there is less incentive for students/teachers to “cheat” on the exam given

that they have some freedom to choose to continue in TBIP or not, regardless of score.6

Nevertheless, it is still important to check the density of the WELPA score to validate the

use of RDD. Panel (a) of Figure 3.2 shows the distribution of WELPA scores within 40 scale

score points of the cutoff. Visually, there doesn’t seem to be any indication that student

6it is possible that funding could be an incentive for schools to “game” the test if they want to receive
more resources for their ELL students. However, it is unclear whether the additional funds outweight the
costs of the resources needed to serve the additional ELL students.
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scores are stacking on either side of the threshold (which could be evidence of manipulation).

I formally test for manipulation using a nonparametric density estimator designed to,

among other goals, test for manipulation near a boundary point (Cattaneo, Jansson, &

Ma, 2017b).7 The test estimates the density function of the running score on both sides of

the cutpoint using local polynomial regression and calculates the difference at the cutpoint.

Using this test on the WELPA score yields a t-test statistic of -1.50 and a corresponding

p-value of 0.13. With a p-value greater than 0.05 I cannot reject the null hypothesis (i.e.,

no evidence of manipulation at the cutpoint). One might be worried about the marginally

significant test-statistic produced by the test, however, a visual inspection of the estimated

density shows very little difference in the estimated density functions on either side of the

cutpoint (see Panel (b) of Figure 3.2). That is, the difference, although nearly statistically

significant, does not appear to be substantially large when viewing the plot. I carry out

one more manipulation test designed for discrete running variables as presented in Frandsen

(2017). While one could likely assume that the WELPA score is continuous, it can only

take integer values. Frandsen’s (2017) test fails to reject the null hypothesis of manipulation

at the cutpoint (p-value = 0.229), providing further evidence that no manipulation of the

running score has taken place.8

Finally, no other measures should change significantly at the RD cutoff. That is, like any

good experiment, we want to have a balance of observable (and unobservable) characteristics

in both the treatment and control groups otherwise we may not be able to attribute the

estimated impact only to the treatment. I use a number of observed measures to explore

this possibility. I estimate the intent-to-treat effect of TBIP non-eligibility on a number of

7This was carried out using a Stata package called rddensity (Cattaneo, Jansson, & Ma, 2017a).

8McCrary (2008) also provides a formal density test to check for manipulation of the running variable in
an RD framework. Surprisingly, the test indicates a significant drop off after the cutpoint (log difference in
height estimated at -0.095 with a standard error of 0.014). A number of criticisms of the McCrary (2008)
test point out that it assumes that the running variable is continuous (Frandsen, 2017; Jacob et al., 2012).
Given that I am using an integer scale score as a running variable, it would suggest that the McCrary
(2008) test would not be appropriate for my data. Furthermore, findings in Frandsen (2017) suggests that
the McCrary (2008) test overrejects the null hypothesis of no manipulation when the sample size becomes
large, another characteristic of my dataset.
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Figure 3.2: Distribution of WELPA Scores around the L3/L4 Threshold
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program and demographic characteristics: gender, FRPL, disability, Spanish-speaker, race,

math score, reading score, and prior WELPA score.9 For this to be a valid RD, there should

be no significant jumps in any of these variables.

Column 3 of Table 3.2 presents treatment impacts on each of these variables. All models

were estimated using mean square error (MSE)-optimal bandwidth (column 2 of Table 3.2)

and triangular kernel to estimate local linear regressions. The confidence intervals and signif-

icance are determined using bias-corrected point estimates and a robust variance accounting

for the estimation of the bias (Calonico et al., 2014). As expected, there are no significant

estimated shifts in these predetermined covariates at the WELPA score cutoff (no p-value

is below 0.249). This finding provides evidence that the treatment effect found is not influ-

enced by the effects of these other covariates. It also assures that there was no manipulation

on these observed characteristics in and out of the treatment. Figure 3.3 visually plots the

relationships between the WELPA scores and each of these covariates around the cutpoint.

9Reading and math scores are for the school year in which the WELPA is taken. These exams were taken
simultaneously with the WELPA. While they should be positively correlated, they should not suggest a
significant shift at the cutpoint given that these students had not yet received the offer to leave TBIP.
The WELPA score is from the previous year’s administration, when available.
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Table 3.2: Impact of Scoring Above Threshold on Predetermined Covariates

Variable BW Estimate p-value CI N
Female 21 0.012 0.249 [-0.01 , 0.037] 47,730
FRPL 19 0.005 0.671 [-0.017 , 0.027] 43,247
Disability 18 -0.002 0.584 [-0.017 , 0.009] 40,826
Primary Language: Spanish 19 0.019 0.318 [-0.021 , 0.063] 43,246
Asian 19 -0.008 0.667 [-0.032 , 0.02] 43,247
Hispanic 22 0.017 0.376 [-0.022 , 0.059] 49,986
White 22 0.004 0.774 [-0.018 , 0.025] 49,986
Prior WELPA Score 17 -0.289 0.996 [-2.532 , 2.518] 25,101
Reading Score 18 0.007 0.647 [-0.038 , 0.062] 24,956
Math Score 19 0.007 0.648 [-0.043 , 0.069] 26,553
Bandwidths (BW) chosen are MSE-optimal using the mserd option in rdrobust.
p-values and CIs are constructed after correcting for asymptotic bias in the RD estimate.

The plots show the full range of the relationship rather than limiting the sample to a narrow

bandwidth. The fourth order estimated polynomial is fit to visually show the relationship.

Again, there does not appear to be any obvious shifts in these outcome variables around the

cutpoint.

3.5 Results

In this section, I present estimated impacts of transitioning out of TBIP on ELL students

in grades 2-7 from a regression discontinuity design. I estimate how this impacts several

subsets of students. First, I present results by the type of instructional setting: bilingual

approaches vs. alternative programs (i.e., those generally taking the immersion approach).

Furthermore, I look at differences in impacts by language: any language vs. Spanish. Spanish

is the largest language minority in Washington and provides a sufficiently large subgroup

to estimate impacts from. The outcome of interest is the performance on standardized

tests (math and reading) in the year following their transition out of ELL services. Put

differently, I am estimating the impact of exiting ELL services and entering a mainstream

classroom on the performance of that student in the mainstream classroom. Each model is

estimated using local polynomial regression within bandwidths determined to minimize the

mean-squared error (MSE).
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Figure 3.3: Visual Plots of the Impact of TBIP Eligibility on Various Outcomes

(a) % Female (b) % FRPL (c) % Disability

(d) % Primary Lang.: Span-

ish
(e) % Asian (f) % Hispanic

(g) % White (h) Prior WELPA Score (i) Math Score

(j) Reading Score
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Table 3.3 presents the results of the RD for ELLs in all grades included in my analytical

sample (Grades 2-7). The estimated impact of reclassification is presented for a variety of

modeling choices to provide evidence of the robustness of my findings. The top panel shows

the results using a uniform kernel (similar to running a standard regression) and includes no

covariates. The second panel runs the same model, but uses a triangular kernel that reduces

the weight of observations within the bandwidth linearly as you move further away from the

cutpoint. The third panel adds covariates to the model to aid in the estimation of the optimal

bandwidths and local regression. The covariates used in the model include the gender, race,

FRPL status, homeless status, and Special Education status of the individual student. In the

models that include ELLs of all languages, I include an indicator for whether the language

spoken is Spanish. In addition to these individual characteristics, I include school-level

covariates to account for differences in school settings. These include the proportion of

ELLs, gifted students, females, FRPL eligible, homeless, and Special Education students at

the school. I also include information about the racial demographics at the school. Finally,

these covariate models include indicators for grade to account for differences in the grade-

level test performance. I further include year dummy variables to account for time trends in

standardized test performance. Finally, the last panel of the table includes results when the

bandwidth is allowed to be of a different size on either side of the cutoff. This specification

offers some additional flexibility in determining the bandwidths that minimize MSE. For each

specification, I include the estimated effect, standard error (clustered at the school level),

optimally determined bandwidth (or averaged bandwidth in the case of the two-sided MSE

optimally determined bandwidth), and sample size included within the specified bandwidth.

Significance is based on robust bias-corrected p-values.

Table 3.3 assumes a linear relationship between the running score and the outcome vari-

able within the specified bandwidth.10 I’ll start by commenting on the general patterns

10Table 3.A1 shows the same impacts when assuming a quadratic relationship between the WELPA score
and each of the outcomes. This provides a more flexible functional fit. The results are very similar to
those presented in Table 3.3 showing the robustness of the findings. For this reason, I present only results
assuming a linear relationship for the rest of the chapter.
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observed in the table. Overall, reclassification out of TBIP services appears to have a null or

insignificant impact on test scores following reclassification providing evidence that WELPA’s

cutpoints are valid for determining an ELL student’s preparation for the mainstream class-

room. However, there are some notable deviations from this pattern. First, I note that in all

cases the estimated impact, regardless of significance, is more negative on reading test scores.

This makes sense given that these language minority students are entering a classroom with

a, sometimes drastically, different approach to teaching the subject of English. The largest

negative impacts are estimated for Spanish-ELL students leaving bilingual programs where

I find a negative effect ranging from 0.12-0.14 SD. This effect is marginally significant across

all specifications suggesting that Spanish-speaking ELLs would have done better to remain

an additional year in their ELL program services. The negative effect, although at a smaller

magnitude, is picked up when the looking at ELL students of any language. Results that

do not include Spanish-speaking ELL students indicate that the negative effect is primarily

driven by Spanish-ELL students. I do not include these results due to there being insufficient

non-Spanish ELLs in bilingual programs to estimate such effects in more detailed analyses

(i.e., looking at the impacts by grade-level).

The plots presented in Figure 3.4 and Figure 3.5 present visual representations of the

estimations carried out in Table 3.3. The bandwidths are MSE-optimal and the local lin-

ear regression are estimated with a triangular kernel (i.e., these are the results from the

third panel of Table 3.3). Again, in almost all cases, there appears to be little evidence of

significant impacts to ELLs exiting TBIP services, with the exception of Spanish-speaking

ELL students exiting bilingual program services. However, despite not finding significant

impacts, it appears that, in the majority of cases, ELL students who exit TBIP services who

are close to the L3/L4 threshold tend to struggle upon entering the mainstream classroom.

This can be seen in each of the plots by observing the line shifting downwards after the

score threshold. While no direct conclusion regarding the validity of the score threshold can

be made from such findings, It still seems alarming that students just to the right of the

cutscore have a lower average than those directly to the left.
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Figure 3.4: Visual Plots of the Impact of TBIP Eligibility on Next Year’s Reading and Math

Scores (All ELLs)

(a) Math Test Score, TBIP (b) Reading Test Score, TBIP

(c) Math Test Score, Bilingual (d) Reading Test Score, Bilingual

(e) Math Test Score, Alternative (f) Reading Test Score, Alternative
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Figure 3.5: Visual Plots of the Impact of TBIP Eligibility on Next Year’s Reading and Math

Scores (Spanish-speakers)

(a) Math Test Score, TBIP (b) Reading Test Score, TBIP

(c) Math Test Score, Bilingual (d) Reading Test Score, Bilingual

(e) Math Test Score, Alternative (f) Reading Test Score, Alternative
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I next present results by grade level groups. I contrast the effects by Elementary (grade

2-5) and non-Elementary grade (grade 6-7) ELLs. WELPA cutpoints for TBIP eligibility

are set differently for each grade level and there is sufficient need to assess whether these

different cutpoints are validly set.11 Looking at ELLs who were in elementary school at the

time of the WELPA exam (Table 3.4), I find similar patterns to those presented in Table

3.3. There appear to be mostly null findings (although, most are negative and imprecise),

with the exception of Spanish-language ELLs in bilingual programs where I find a negative

effect of transitioning to the mainstream classroom on reading scores (between 0.11-0.13 SD

impact). Again, this provides evidence that the cutpoints for these particular students might

not be validly set.

The estimated effects on non-elementary grade ELL students are less consistent across

model specifications (see Table 3.5). Again, in general, there appears to be a negative

insignificant impact on reading scores for those students exiting TBIP. Although this effect

is found to be a significant one for TBIP students in the all language sample. An interesting

deviation is that Spanish-speaking bilingual enrolled students appear to be worse off in

math after exiting their bilingual services (this is significant for 2 of the 4 specifications, but

negative in all). it is possible that the rigor of middle school math courses may prove to

be too difficult for these recently exited ELLs. it is unclear if this provides evidence of an

incorrectly set cutpoint, or the effect of a changing math curriculum.

3.6 Conclusion

This study explored the impact of TBIP exit on the subsequent academic achievement of

exited ELLs. I find that in most cases, ELL students are able to successfully transition out

of TBIP and into the mainstream classroom (i.e., I do not find any negative impacts on this

11Given that there are different thresholds set for each grade level, it would make more sense to present
results by individual grade level rather than these grade groupings. However, the power lost due to
breaking the data down in this way leads to imprecise estimates. Therefore, I only present the grouped
findings in the main results section of the chapter. Regardless, I present the findings from this analysis in
the appendix (Table 3.A2 and 3.A3).
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shift in type of instruction that they receive). This would suggest that the WELPA and

cutpoints used to determine TBIP eligibility are adequate at identifying the students who

are ready to be moved to the mainstream classroom. There appears to be some exceptions,

however. In subsequent analyses, I run the same test on subsamples of the ELL population.

In this analysis, I find that ELL students receiving bilingual services tend to struggle more

on reading tests once being removed from this instructional setting. This is mostly driven

by the effects on Spanish-speaking ELLs leaving these services who make up the majority

of the students receiving this type of instructional model (95% of ELLs receiving bilingual

services are Spanish-speaking). This seems to indicate that the cutpoints might be set too

low for some students (i.e., they are removed too soon from their instructional model). Given

that all ELLs in Washington are subject to the same English proficiency test and standards

determining eligibility to TBIP, my findings might suggest that a top-down approach to

reclassification may not benefit all ELL students across language and instructional services

they are receiving. With the alternative approach being allowing districts and, even, schools

to set up their own reclassification criteria. Or at least letting schools, teachers, or parents

provide input into reclassification decisions.

I also argue that the negative effects I find may not indicate that the score thresholds are

incorrectly set. The WELPA test may provide an accurate assessment of the preparedness

of ELL students ability to learn academic content in English, however, it may not be able to

assess their readiness to enter a different instructional environment. Under this hypothesis, it

would make sense that students receiving bilingual services would struggle more after exiting

these programs. Bilingual programs have a classroom environment and instruction very

different from the mainstream classroom. Bilingual programs generally involve being placed

in classrooms with all other ELL students (with the exception of dual language programs)

where the instruction is in multiple languages. It’s entirely possible that these students,

after a year of adjusting to a new classroom environment, return to their original academic

trajectory after an initial dip. Research would benefit from further research to test this

hypothesis. Due to data constraints and changes to Washington’s ELL TBIP policies in



74

2015-16, this hypothesis cannot be tested in this paper.

Washington has updated some of its policies regarding ELL student transitions that

might be able to catch any ELLs who may be struggling due to the decisions made under

reclassification criteria. The state recently began requiring districts to monitor recently

exited ELLs up to two years following their transition. Districts are provided funds to

intervene if there is evidence that the student is falling behind in their new instructional

setting. This could provide safeguards for students who may be transitioning too early due

to the current reclassification criteria or may be struggling due to being placed in a different

instructional setting. The findings from this study could highlight the exact students who

are in need of these additional supports.

Furthermore, Washington recently made a change to its criteria determining eligibility

to TBIP. The new English Language Proficiency Assessment for the 21st Century (ELPA21)

was administered for the first time during the 2015-16 school year. The four levels have been

removed and replaced with three (Emerging, Progressing, and Proficient). Instead of program

eligibility being determined based on an overall scale score, the ELL must perform well across

four domains (Reading, Writing, Listening, and Speaking). It will be interesting to see how

this change in criteria impacts the success of language minority students transitioning to the

mainstream classroom in Washington state. Examination of these changes will be left to

future research.
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Chapter 4

MAKING THE CUT: AN OPTIMIZATION APPROACH FOR
SETTING CUTPOINTS IN TARGETED POLICY

INTERVENTIONS IN EDUCATION

Abstract

Early warning indicators (EWI) or early warning systems (EWS) are becoming more

prevalent in education as ways to inform educators on designing and implementing early

interventions to help students before they fall too far off-track. Such systems compile a list of

leading indicator variables to predict off-track status and use information from these variables

to identify candidate students for interventions. While there is a fast growing literature on

the implementation, use, and effects of such systems, there has been little guidance on

how to establish thresholds or cutpoints on leading indicators that can optimally separate

students who are potential candidates for targeted interventions or supports and those who

are not. This chapter borrows approaches used in the field of medicine for clinical diagnosis

and produces a flexible approach to cutpoint or threshold identification in EWI/EWS that

minimizes misclassification error. The approach is illustrated in two examples. First, I

identify optimal cutpoints in kindergarten and first grade assessments to identify students

who show evidence of having dyslexia and are in need of academic interventions. Next,

using detailed district student attendance data, I produce thresholds that can be used to

identify students at risk of becoming chronically absent in order to provide them with targeted

supports during the school year. The approach has the potential to be useful moving forward

as schools continue to adopt and implement EWI/EWS to identify students for targeted

supports and interventions.
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4.1 Introduction

Targeted interventions or specialized programs are common in education (e.g, individualized

academic/behavioral interventions, special education, etc.). While school staff can use in-

formal evaluations to determine student eligibility for such services, formal criteria created

by the state or district often guide the decisions for which students to serve. One recent

and prevalent example of a formal system for identifying students in need of targeted sup-

ports are Early Warning Indicators (EWI) or Early Warning Systems (EWS) that are set

up to catch students at risk of not graduating high school (Allensworth & Easton, 2005;

Department of Education, 2016b). The purpose of such a system is to identify a small set

of leading indicators to assist educators in making informed decisions on designing and im-

plementing early interventions to help students before they get too far “off-track” (Balfanz,

2012; Bruce, Bridgeland, Fox, & Balfanz, 2011; Davis, Herzog, & Legters, 2013; Frazelle

& Nagel, 2015; Gurantz & Borsato, 2012; Ikbal et al., 2015; Macfadyen & Dawson, 2010;

Mac Iver, 2013; Neild, Balfanz, & Herzog, 2007; Planty, 2010). Early findings from studies

of such programs are promising and indicate that they can help students improve predictors

of long-term success (Faria et al., 2017).

While the literature on setting up these types of systems is rich, the guidance on deter-

mining thresholds on key indicators for such eligibility criteria is not as advanced (Frazelle

& Nagel, 2015). While most cutpoints are determined using the advice of national experts,

some have used locale-specific data to search for “optimal” thresholds (Balfanz, Wang, &

Byrnes, 2010; Frazelle & Nagel, 2015). However, the methods used in these examples focus

only on evaluating thresholds ex post rather than taking a data-driven approach towards

establishing these cutpoints. Further, these examples prioritize establishing thresholds that

capture a greater number of “at-risk” students while ignoring false positives. More advanced

approaches have been utilized in establishing thresholds in other studies that do account for

the tradeoff between true positives and false positives (Stuit et al., 2016; Uekawa, Merola,

Fernandez, & Porowski, 2010). Limiting false positives is important in cases where targeted
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supports or interventions may have no benefits or, in some cases, even harm students who are

incorrectly classified (Robinson, 2011, or see discussion in the Introduction to this disserta-

tion). For example, if a student is incorrectly labeled by the system as a potential candidate

for a reading intervention, then we might expect them to gain no benefit or be harmed by

this misclassification if they miss class time to be given an intervention that has little benefit

to their learning. Educator input is extremely valuable in these situations given that many

centralized systems will have errors. Recent research has called for the consideration of both

true positives and false positives in evaluating EWS (Bowers & Zhou, 2019).

This chapter develops a data-driven approach for establishing thresholds/cutpoints that

borrows strategies used in the medical literature (López-Ratón, Rodŕıguez-Álvarez, Suarez,

& Sampedro, 2014; Williams, Mandrekar, Mandrekar, Cha, & Furth, 2006). While Uekawa

et al. (2010) and Stuit et al. (2016) have used similar strategies in determining cutpoints for

EWS, the approach developed here provides more flexibility for different scenarios that may

arise and is more aligned with an approach that seeks to minimize misclassification errors.

After introducing the approach, I apply it to two examples. The first, identifies cutpoints in

kindergarten and first grade assessments to identify students who show evidence of having

dyslexia and are in need of academic intervention. The second, uses detailed district student

attendance data to produce thresholds throughout the year that can be used to identify

students at risk of becoming chronically absent in order to provide them with targeted

supports.

4.2 Methods for Finding an Optimal Cutpoint

The task of identifying cutpoints on key indicators is necessary in any EWI/EWS. In

EWI/EWS, there is an assumption that there are two (or more) populations of students:

(1) those who will benefit from targeted interventions and supports (“off-track”) and (2)

those who will not (“on-track”). The cutpoint on a continuous leading indicator should be

selected to best separate on- and off-track students. A realistic goal for setting this cutpoint

could be to minimize both the proportion (or number) of off-track students who do not re-
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ceive targeted interventions and supports (false-negatives) and the proportion (or number)

of on-track students receiving these services (false-positives). That is, the optimal cutpoint

is the one that minimizes the misclassification errors (under the assumption that the cost of

misclassification errors are symmetric, this assumption is relaxed later).

The clinical medicine literature has generated a wealth of information on the different

ways to identify “optimal” cutpoints (López-Ratón et al., 2014). Most methods for obtaining

an optimal cutpoint involve analysis of the receiver operating characteristic (ROC) curve

(Metz, 1978; Swets, 1986). This curve plots sensitivity against (1 - specificity) (see Figure

4.1 for an example). In the context of EWS, sensitivity, or true-positive rate, is defined as the

proportion of off-track students who get labeled as “off-track” (Se(c) = TP (c)
TP (c)+FN(c)

, where

TP (c) = # of true-positives, FN(c) = # of false-negatives under cutpoint c). Specificity,

or the true-negative rate, is defined as the proportion of on-track students who get labeled

as “on-track” (Sp(c) = TN(c)
TN(c)+FP (c)

, where TN(c) = # of true-negatives, FP (c) = # of

false-positives under cutpoint c). It can easily be derived that 1 - specificity is equal to the

false-positive rate. Therefore, the ROC curve shows the trade-off between true-positive and

false-positive rates. If the cutpoint is set such that all students are labeled “off-track”, the

true-positive rate would be 100% while the false-positive rate would be 0%. Conversely, if

the cutpoint were set such that all students were labeled “on-track”, the false-positive rate

would be 100% while the true-positive rate would be 0%. The ROC curve shows this balance

at all possible cutpoints.

Numerous measures from the ROC curve can be maximized or minimized to generate an

“optimal” cutpoint. In determining cutpoints for EWI/EWS, Uekawa et al. (2010) and Stuit

et al. (2016) decided to choose a cutpoint that minimized the Euclidean distance to (0, 1).

This can be visualized in Figure 4.1 as the point that is closest to the upper-left corner of

the ROC plot. Equation 4.1 formalizes the optimization problem.

min
c

√
(1− Se(c))2 + (1− Sp(c))2 (4.1)
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Figure 4.1: Illustration of ROC Curve Analysis
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Source: Modified from original visualization in Kumar and Indrayan (2011).

Notes: The ROC curve plots sensitivity (Se(c)) and 1-specificity (Sp(c)) for the range of all

possible cutpoints c. The diagonal 45-degree line represents the results of randomly guessing

in classification. The larger the area under the curve (AUC), the better the performance of

the indicator in differentiating the two populations. The AUC is a common statistic used to

measure the performance of predictors in separating target and non-target populations. It

is measured as the area under the ROC curve. An optimal cutpoint can be identified at the

point on the ROC curve that is closest to the point (0,1) in the plotting area (Distance from

(0,1) approach) or the point at which the vertical distance from the “random chance” line

(Youden’s index) is largest. While the visualization above shows the two optimal cutpoints

as being the same, this is not always the case (Perkins & Schisterman, 2006).
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However, Perkins and Schisterman (2006) show that the “distance from (0,1)” criterion does

not produce a cutpoint that minimizes misclassification rates (i.e., the sum of the false-

positive and false-negative rates). Another common way of locating an optimal cutpoint is

to find the point at which the Youden, or J, index is maximized Youden (1950). The Youden

index is the sum of sensitivity and specificity minus one. In looking at Figure 4.1, the

cutpoint that maximizes the Youden index is the point where the vertical distance between

the diagonal 45-degree line is maximized or, equivalently, the point where the difference

between the true-positive rate and false-positive rate is largest. Equation 4.2 formalizes the

optimization problem.

max
c
{Se(c) + Sp(c)− 1} or

max
c
{Se(c)− (1− Sp(c))}

(4.2)

In contrast to the “distance from (0,1)” approach, using the Youden index yields a cutpoint

that can be shown to minimize misclassification rates. Even though the visualization in

Figure 4.1 shows that both approaches generate the same cutpoint, the two approaches often

disagree (Perkins & Schisterman, 2006). Despite being geometrically intuitive, the “distance

from (0,1)” approach does not always match with the goals of minimizing misclassification

rates. If the goal were to minimize misclassification errors, the Youden index approach would

be preferred.1

1This is derived in Perkins and Schisterman (2006). Essentially, the Youden index can be rewritten as
minc{(1− Se(c))− (1− Sp(c))} whereas the distance from (0,1) index is rewritten as minc{(1− Se(c)) +
(1 − Sp(c)) + (Se(c)2 + Sp(c)2)/2}. Recall that (1-Se(c)) and (1-Sp(c)) are the false-negative and false-
positive rate, respectively. So the Youden index can be rewritten as the minimization of the sum of the
misclassification rates whereas the distance from (0,1) is equivalent to the minimization of the sum of
misclassification rates plus some additional function of selectivity and specificity.
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4.3 Application: Identifying Potential Candidates for an Early Literacy In-
tervention

This section presents an application of the tools from ROC curve analysis in an educational

setting.2 The example uses student-level data from a large urban school district. The dis-

trict is developing a universal screener to identify students who show signs of dyslexia in

response to a state mandate. The hope is to provide these students with phonological skills

interventions early so that their learning disability does not prevent them from successfully

participating in the classroom. Such early reading interventions have shown promise (Ger-

sten, Fuchs, Williams, & Baker, 2001; Gersten, Newman-Gonchar, Haymond, & Dimino,

2017; What Works Clearinghouse, 2009, 2017). The analysis described in this section seeks

to identify the optimal timing and cutoff scores on multiple kindergarten and first grade

assessments (Fountas & Pinnell foundational skills test) that can be used in a universal

screener to generate a list of students eligible for this targeted tier 2 academic intervention.

In collaboration with the district, I identify a list of 348 students who match the profile

of student who would benefit from a phonological skills intervention. These students are in

special education settings and had learning profiles consistent with a student struggling with

phonological skills based on formative assessments (the district currently does not diagnose

students with dyslexia). With this information, I am able to longitudinally track 93 of these

students back to kindergarten to observe their scores on the Fountas & Pinnell (F&P) reading

assessment. The F&P reading assessment measures nine foundational skills: (1) upper case

letter recognition, (2) lower case letter recognition, (3) letter/sound recognition, (4) high-

frequency word recognition, (5) early literacy behaviors, (6) initial sounds, (7) blending, (8)

segmenting, and (9) rhyming. Kindergarten and first grade students are assessed on these

skills three times during the school year. The F&P foundational skills tests work well as

leading indicators for students with dyslexia risk. The tests mostly align with predictors

of difficulties with phonological skills and it is administered to all students in the district

2All tables and figures for the application presented in this section are labeled with “(Dyslexia Risk)” in
their title.
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Table 4.1: Mastery and Maximum Scores for F&P Foundational Skills Tests (Dyslexia Risk)

Foundational Skill Master Max
Upper case letter recognition 26 26
Lower case letter recognition 26 26
Letter/sound recognition 26 26
High-frequency word recognition 25 25
Early literacy behaviors 10 10
Initial sounds 8 10
Blending 8 10
Segmenting 8 10
Rhyming 10 10

meaning it can be used as part of a universal screener (Catts, Nielsen, Bridges, Liu, &

Bontempo, 2015; Compton et al., 2010; Jenkins & Johnson, 2008).3 Even for those skills

that do not overlap with those that have been shown to be effective predictors of dyslexia,

we might expect the signs of dyslexia to also manifest themselves in these other foundational

reading skills. Table 4.1 shows the mastery and maximum scores for each foundational skills

subtests. It should be noted that the mastery score was recommended by the test publisher

as a way of identifying students struggling with foundational skills in reading. It’s possible

that the mastery score cutpoints could have been used as a way of identifying potential

candidates for the Dyslexia intervention.

The segmenting foundational skills test was rarely administered in kindergarten and first

grade and was therefore removed from the analysis. Further, testing was inconsistent across

schools and testing windows. Therefore, many students were missing scores on some or

all foundational skills tests throughout the year. For the purposes of this illustration and

analysis, listwise deletion is used to deal with these missing values. While filling in these

missing values through multiple imputation could be appropriate in some circumstances,

the district was not prepared to use such techniques to assign scores to students who were

not assessed (Cameron & Trivedi, 2005). This has implications for the analysis in that not

all ROC curves will include the same population of students. The differences in analytical

3See https://dyslexiaida.org/universal-screening-k-2-reading/ for guidance on what makes a good univer-
sal screener for dyslexia.

https://dyslexiaida.org/universal-screening-k-2-reading/
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samples should be considered whenever making comparisons across subtests and testing

windows.

The district believes that each of these foundational skills tests can act as a leading

indicator of dyslexia risk and can be used to flag students for academic intervention. Given

the test is administered multiple times each year, it is important to determine the timing of

the test that best differentiates targeted and non-targeted students. This introduces a new

measure: area under the curve (AUC). The AUC measures the area that falls beneath the

curve on the ROC plot. It ranges from 0.5 (does just as well as random guessing) and 1

(perfectly distinguishes between target and non-target populations). We want to choose the

measures – and timing, in this case, – that produce ROC curves with the largest AUC. Figure

4.2 shows ROC curves for each F&P foundational skill subtest and testing window (K-1 =

Kindergarten Window 1, K-2 = Kindergarten Window 2, K-3 = Kindergarten Window 3, 1-1

= First Grade Window 1, 1-2 = First Grade Window 2, 1-3 = First Grade Window 3). Upper

case letter recognition (max AUC = 0.85), lower case letter recognition (0.84), letter/sound

recognition (0.84), high frequency words (0.84), and blending (0.82) all had testing windows

that produced AUCs that were greater than 0.8. Relative to these five subtests, early literacy

behaviors (max AUC = 0.78), initial sounds (0.77), and rhyming (0.73) did not do as good

of a job at separating between the two groups of students.

While variation across the different subtest measures is interesting for selection of lead-

ing indicators, the within measure variation can help identify the timing that the measure

is most effective. Kindergarten testing windows are almost always preferred to first grade

testing windows. it is interesting to see that for all foundational skills tests, kindergarten

administrations of the test are better than first grade tests in separating target group stu-

dents. it is plausible that the foundational skills tests are more effective predictive measures

in kindergarten rather than first grade. This would be consistent with research that states

that first grade screening measures may differ and be more complex than those measured in

kindergarten (Compton et al., 2010). This could suggest that a universal screener for first

graders should measure different skills. Another possible explanation of the lack of sepa-
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Table 4.2: AUC Values for Each Foundational Skill Test and Grade-Window (Dyslexia Risk)

Foundational Skill K-1 K-2 K-3 1-1 1-2 1-3
Upper case letter recognition 0.82 0.85 0.76 0.62 0.65 0.69
Lower case letter recognition 0.83 0.84 0.78 0.60 0.65 0.69
Letter/sound recognition 0.80 0.84 0.81 0.65 0.68 0.66
High-frequency word recognition 0.70 0.83 0.84 0.83 0.80 0.75
Early literacy behaviors 0.78 0.77 0.76 0.65 0.56 0.52
Initial sounds 0.77 0.72 0.66 0.61 0.55 0.61
Blending 0.68 0.82 0.78 0.64 0.60 0.67
Rhyming 0.72 0.73 0.71 0.62 0.59 0.61

Note: (K-1 = Kindergarten Window 1, K-2 = Kindergarten Window 2, K-3 = Kindergarten

Window 3, 1-1 = First Grade Window 1, 1-2 = First Grade Window 2, 1-3 = First Grade

Window 3)

ration during first grade testing cycles is that, through repetition of the same foundational

skills tests, target students are able to catch up and match scores of non-target students.

That is, given that the same test is given during every cycle, target students may be able to

succeed on these tests once they have gone through it multiple times. Table 4.2 summarizes

the ROC-AUC analysis by highlighting the testing window with the maximum AUC value.

With the ROC-AUC analysis, I was able to identify the measures and timing of those

measures that can best isolate target students. I apply the ROC curve analysis to identify

the optimal cutscores that can be used to generate a list of potential candidates for the

targeted academic intervention. I use the two criteria described in the previous section to

determine optimal cutpoints – “distance from (0,1)” and the Youden index. The ROC curves

presented in Figure 4.3 identify the points where the optimal cutpoints are found under the

two different criteria. In all but one foundational skills tests the Youden and “distance

from (0,1)” criteria identify the same cutpoint as being optimal. However, the letter/sound

recognition subtest has two different cutpoints: 22 under the Youden index and 18 using the

distance from (0,1). Table 4.3 summarizes the findings.

This section illustrates how the tools from the ROC curve analysis can be used to set up an
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Table 4.3: Optimal Cutpoints for Grade-Window with Largest AUC (Dyslexia Risk)

Foundational Skill Window Mastery Cutpoint Sensitivity Specificity
Upper case letter recognition K-2 26 25 0.86 0.77
Lower case letter recognition K-2 26 23 0.79 0.81
Letter/sound recognition K-2 26 22 (18) 0.94 (0.74) 0.60 (0.77)
High-frequency word recognition K-3 25 20 0.86 0.73
Early literacy behaviors K-1 10 4 0.69 0.80
Initial sounds K-1 8 4 0.81 0.66
Blending K-2 8 3 0.80 0.74
Rhyming K-2 8 7 0.72 0.70

Note: The cutpoints are set such that any student scoring at or below (≤) the cutpoint would

be eligible for a targeted intervention. The cutpoints and their corresponding statistics are

determined using the Youden index criterion. The same statistics for the “distance from

(0,1)” criterion are presented in parentheses when they differ from the Youden index criterion.

EWI/EWS for identifying students in need of an academic intervention. With the cutpoints

identified in this analysis, the district can identify a list of students whose score profiles on

the F&P reading tests are consistent with those students who have already been identified

as needing an academic intervention. In setting up this system the school district may

decide to identify students who score below the majority or at least one of these cutscores.4

Different decision rules can be applied using these cutscores and analyzed in a similar ROC

framework. Namely, using the number of foundational skills tests that fall below the cutoff

scores, I can plot the different separations onto an ROC curve and identify the decision

rule that best identifies students. This analysis is done in Table 4.4. The analysis here

finds that the minimum number of foundational skills tests that a student must score below

cutscores on is three out of the eight possible foundational skills tests. This decision rule

captures approximately 52% of students who show signs of having dyslexia (AUC = 0.65).

This is surprisingly low given how the values were when looking at scores on individual tests.

4It was the choice of the district to identify separate cutpoints for each individual foundational skills test.
An alternative could have been to generate a predicted probability of needing an intervention for each
student based on the eight foundational skills tests and then generating an associated “optimal” cutpoint
on that predicted probability. However, the district decided to keep separate cutpoints for each test to help
assist teachers to identify the specific areas in which they want to focus on with each individual student.
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Table 4.4: Sensitivity and Specificity for each Decision Rule (number of tests scored below

cutscore) (Dyslexia Risk)

≥ # of tests Sensitivity Specificity Youden Dist. from (0,1)
0 1.00 0.00 0.00 1.00
1 0.67 0.50 0.17 0.60
2 0.57 0.68 0.24 0.54
3 0.52 0.77 0.29 0.53
4 0.41 0.84 0.25 0.61
5 0.36 0.89 0.26 0.65
6 0.28 0.93 0.21 0.73
7 0.17 0.96 0.13 0.83
8 0.10 0.98 0.08 0.90

Note: AUC = 0.65. Sensitivity and specificity are calculated for the scenario where a student

would be eligible for a targeted intervention if they scored below the identified cutscores on

≥ the # of tests listed on the table.

However, we should recall that the tests were administered inconsistently and analyses on

the tests were conducted on different subpopulations of students whereas the analysis of

the decision rule includes all students with any information during the identified optimal

testing windows. It should be noted that this analysis ignores specifically which tests they

are scoring below cutpoints on, which likely matters in this context. A similar analysis can

be done for any decision rule that generates a continuous measures (e.g., a weighted sum of

the tests that one scores below cutpoint on).

4.4 Adding Flexibility to the Youden Index

The Youden index makes two assumptions: (1) the true on- and off-track student populations

are roughly equivalent in size and (2) the costs of a false-positive (i.e., the cost of providing

a targeted intervention to an “on-track” student) is equal to the cost of a false-negative

(i.e., the cost of not providing a targeted intervention to an “off-track” student). In many

cases of EWI/EWS, these assumptions will not be met.5 Prevalence, as it is referred to

5I will note that in the previous application, interventions were assumed to be costless. In this case, the
high false-positive rates were not as much of a concern. In a world where an intervention is costly, then
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in the medical diagnosis literature, is not accounted for by the Youden index. Both Se(c)

and Sp(c) do not account for the differing sizes of the on- and off-track student populations

and are, therefore, weighted equally in the calculation. If the off-track student population

is much smaller than the on-track student population, then the equal weighting could lead

to a greater number of false-positives. For targeted interventions in education, it is unlikely

that the cost of a false-positive is equal to the cost of a false-negative. An off-track student

who does not receive any targeted intervention is likely to see larger consequences than an

on-track student who receives the targeted intervention. Weights can be added to provide

more flexibility to the optimization problem.

min
c
{aπ(1− Se(c)) + (1− π)(1− Sp(c))} (4.3)

Equation 4.3 shows the minimization of misclassification rates problem that accounts for

these different weights. Given the cost of false-negatives (Cfn) and false-positives (Cfp), a is

equal to the relative cost of false-negatives to false-positives (a =
Cfn

Cfp
). π is the proportion

of the student population that are “off-track.” Equation 4.3 can be transformed into a

maximization problem to provide a generalized Youden index that provides added flexibility

to the common Youden index to account for differing subpopulation sizes and costs (Geisser,

1998; López-Ratón et al., 2014; Rücker & Schumacher, 2010; Schisterman, Perkins, Liu, &

Bondell, 2005).

max
c
{Se(c) + rSp(c)− 1} (4.4)

Where r = 1−π
aπ

= 1−π
π

Cfp

Cfn
. The maximization of the generalized Youden index provides

an “optimal” cutpoint accounting for cost and prevalence. The generalized Youden index

identifies a cutpoint that minimizes the expected costs arising from misclassifications.

However, the relative costs and prevalence are often hard to define in practice (Greiner,

Pfeiffer, & Smith, 2000). While prevalence can be estimated as the proportion of the pop-

the high false-positive rates would be more of a concern.
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ulation identified as “off-track”, the relative costs of false-positives and false-negatives may

be difficult to measure. Further, it may be difficult for schools or districts to disentangle the

concepts of relative costs and prevalence in certain situations. For example, in the case of the

dyslexia risk screener described above, the prevalence is approximately 1%. A district may

estimate the relative cost ratio (a) to be around ten (the cost of a false-negative is ten times

that of a false-positive). However, they may be confused when the optimal cutpoint using

the generalized Youden index ends up favoring Sp(c) instead of Se(c). That is, if someone

says that false-negatives are 10 times the cost of false-positives it could be confusing that

the false-positive rate is still higher than the false-negative rate with the optimal cutpoint.

It may be hard to understand that the prevalence is bringing this down. It may be difficult

for school districts to implement this approach if the concepts of prevalence and costs are

hard to quantify.

If minimizing total costs is not desired, then a simpler weighting of the Youden index is

needed. Galen and Gambino (1975) provides some guidelines on what conditions warrant

the favoring of sensitivity and specificity: (1) prefer sensitivity when the condition (e.g.,

being “off-track”) is serious and can be easily corrected and false-positive results are not

stigmatizing and do not cost too much academic instructional time (2) prefer specificity

when the condition is not serious or serious with an intervention that has a low probability

of working and false-positive results are neither stigmatizing nor do they lead to a loss of

academic instructional time (3) specificity and sensitivity are equally important when the

condition is serious and can be easily corrected and misclassifications are equally damaging.

With these guidelines in mind, Li, Shen, Yin, Peng, and Chen (2013) introduce a weighted

Youden index that takes a generic weight w and applies it to sensitivity and specificity

(Equation 4.5).

max
c
{2(wSe(c) + (1− w)Sp(c))− 1} (4.5)

The weight parameter w is required to be between 0 and 1. The weighted Youden index

(Jw) ranges from -1 to 1. With fewer parameters, the weighted Youden index keeps some
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of the flexibility of the generalized Youden index while eliminating some of the complexity.

If schools and districts have good information on the relative costs of misclassifications

and the prevalence of “off-track” status within the district, then it would be advised to

use the generalized Youden index. However, in the absence of this information, the weighted

Youden index can provide an intuitive alternative while offering some control over the optimal

cutpoint that is chosen.6

4.5 Application: Early Detection of Students who are
Chronically Absent

This section applies the flexible Youden approaches to a different example.7 The data for this

example also come from a large urban school district. The district wants to create an early

detection system for students who are at-risk of being chronically absent (missing greater

than 10% of the school year). Many states and districts have begun to see the importance of

reducing the number of students who are chronically absent in their schools and have even

included it in their accountability plans for the Every Student Succeeds Act (ESSA) (Bauer,

Liu, Schanzenbach, & Shambaugh, 2018). Attendance in school has been positively linked

with student achievement and success (Gottfried, 2009, 2014, 2019; Gottfried & Kirksey,

2017; Morrissey, Hutchison, & Winsler, 2014). Given the connection between attendance

and school success as well as the use of chronic absenteeism as an accountability measure,

a system that can identify students early on during the school year as at-risk for being

chronically absent could provide schools with enough time to intervene and hopefully prevent

6Given that the identified prevalence of dyslexia risk using our indicator is so low in the district (ap-
proximately 1%), it seems more appropriate to apply the generalized Youden index to a scenario where
the prevalence is higher and less influential on the criterion. Further, the leading indicators used in the
dyslexia risk example are discrete – so the ROC curve is piecewise linear – and may not show the subtle
changes that arise through different assumptions of prevalence, cost, and relative importance of sensitivity
and specificity.

7All tables and figures for the application presented in this section are labeled with “(Early Detection of
Chronic Absence)” in their title.
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a student from missing too much class time during a school year.8

Currently at this district, schools are given attendance summary reports in non-overlapping

six-week cycles: (1) August - September, (2) October - November, (3) November - December,

(4) January - February, (5) February - March, (6) April - May (the months are approximate).

For each report, an indicator for students who have been chronically absent through that six-

week cycle is provided. The purpose of this indicator is to help the schools identify students

who may be in need of an attendance intervention, although, currently, no formal action is

required of schools. In the hopes of setting up an early detection system which can identify

students for evidence-based attendance interventions, the district is seeking ways to identify

candidates for such services. While one candidate for identifying these students throughout

the year is to use the 90% attendance rate theshold that is currently being used to flag

students, the system could benefit from using more optimized cutpoints to flag students. I

compare misclassification patterns using the 90% threshold with other “optimal” cutpoints

that are generated using the generalized and weighted Youden approach under a variety of

different assumptions over the relative importance of sensitivity and specificity.

Table 4.5 relates cutpoints (and associated statistics) identified using different criteria: (1)

90% threshold (currently in use), (2) Youden index, (3) generalized Youden index (assuming

cost-ratio (a) = 1, 10, and 20), and (4) weighted Youden index (assuming weight (w) =

0.3, 0.5, 0.7). The cutpoints are determined using data that come from six-week attendance

reports for the 2016-17 and 2017-18 school years. Separate cutpoints are identified for the

three different grade levels: elementary (grade K-5), middle (grade 6-8), and high (grade

9-12). In all cases of the generalized Youden index, the prevalence of chronic absenteeism

is estimated using the proportion of chronically absent students at each grade-level: (1)

elementary (11.1%), (2) middle (8.4%), (3) high (15.2%). The choices for the cost-ratio of

false-negatives to false-positives (a) are set for illustrative purposes; value judgments would

8While it is beyond the scope of this chapter to identify strategies for improving attendance for those
students who have shown to be at-risk for being chronically absent, there are many resources available to
schools, districts, and states: https://www.attendanceworks.org/.

https://www.attendanceworks.org/
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have to be made by district administrators to set more appropriate cost-ratios. Similarly, the

weights (w) for the weighted Youden index are set for illustrative purposes to show how the

optimal cutpoints change in three different scenarios: (1) specificity is favored (w = 0.3), (2)

specificity and sensitivity are equally favored (w = 0.5, or the same result as the unweighted

Youden index), and (3) sensitivity is favored (w = 0.7).

Comparing the predictive ability of the different cycles, it is not surprising that the AUC

rises as the attendance rate encompasses the majority of the year.9 Cycle 6 is excluded from

the table since it produces an AUC of 1 given that the final indicator for being chronically

absent is based on the cumulative Cycle 6 attendance report. The AUC values also show

very similar patterns across the different grade levels, suggesting that the early detection

system does not work better for one grade level compared to another. This similarity, along

with the similar values of the cutpoints provides evidence that a universal early detection

system may be appropriate for the district. That is, a single set of cutpoints would be set

and applied across all grade-levels.

The optimal cutpoints (as shown in Table 4.5) under all criteria are above the currently

used 90% threshold with the exception of the generalized Youden index where the costs of

false-negatives are assumed equal to the cost of false-positives. The 90% threshold misses

identifying more students who end up being chronically absent by the end of the year com-

pared to the other criteria. The optimal cutpoints suggest setting the threshold a bit higher

during the early part of the year in order to make sure more students at-risk of missing

too much school can get the proper attendance intervention. For the first six-week cycle,

the Youden index identifies the cutoff value to be 96-98 compared to the 90 currently used.

Under the “optimal” cutpoint, 71-82% of students who end up being chronically absent by

the end of the year are captured compared to 48-52% under the current 90% threshold.

The optimal cutpoint under Youden index does sacrifice some specificity however: 74-85%

9This application, in particular, illustrates a trade-off between accuracy and timing. While we might feel
that accuracy increases as we collect more data throughout the school year, there is less time to implement
interventions once the additional data is collected. In this scenario, it may be more favorable to choose
less accurate optimal cutpoints in order to allow time to implement an intervention.
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Table 4.5: Optimal Cutpoints for Early Detection of Students who are Chronically Absent

based on Different Criteria (Early Detection of Chronic Absence)

Elementary School Middle School High School
C1 C2 C3 C4 C5 C1 C2 C3 C4 C5 C1 C2 C3 C4 C5

≤ 90%
Cut 90 90 90 90 90 90 90 90 90 90 90 90 90 90 90
Se(c) (.52) (.60) (.66) (.80) (.87) (.48) (.56) (.65) (.79) (.89) (.52) (.62) (.70) (.83) (.93)
Sp(c) (.94) (.97) (.98) (.98) (.99) (.96) (.98) (.98) (.98) (.99) (.97) (.98) (.98) (.98) (.99)

Youden
(J)

Cut 96 95 94 92 92 97 96 95 93 92 98 96 94 93 92
Se(c) (.71) (.85) (.88) (.91) (.95) (.82) (.85) (.89) (.92) (.95) (.81) (.86) (.88) (.93) (.96)
Sp(c) (.85) (.85) (.90) (.93) (.96) (.74) (.87) (.90) (.94) (.96) (.77) (.88) (.91) (.94) (.96)

Gen. J
(a = 1)

Cut 83 89 89 89 90 88 89 90 89 89 92 91 90 90 90
Se(c) (.25) (.49) (.62) (.73) (.87) (.36) (.47) (.64) (.74) (.84) (.52) (.62) (.73) (.83) (.93)
Sp(c) (.99) (.98) (.98) (.99) (.99) (.98) (.99) (.98) (.99) (1.0) (.97) (.98) (.98) (.98) (.99)

Gen. J
(a = 10)

Cut 97 95 94 92 92 96 96 95 93 91 98 96 95 93 92
Se(c) (.88) (.89) (.88) (.93) (.96) (.66) (.85) (.89) (.92) (.95) (.81) (.89) (.92) (.94) (.97)
Sp(c) (.65) (.80) (.90) (.91) (.95) (.90) (.87) (.90) (.94) (.97) (.77) (.83) (.86) (.93) (.95)

Gen. J
(a = 20)

Cut 97 96 95 94 93 97 98 96 95 93 98 98 96 95 93
Se(c) (.88) (.89) (.94) (.95) (.97) (.82) (.92) (.93) (.95) (.97) (.81) (.91) (.94) (.97) (.98)
Sp(c) (.65) (.80) (.80) (.87) (.92) (.74) (.76) (.84) (.89) (.95) (.77) (.78) (.79) (.86) (.94)

Wgt. J
(w = .3)

Cut 93 93 92 91 91 96 95 93 91 91 94 94 93 91 90
Se(c) (.52) (.71) (.82) (.85) (.92) (.66) (.77) (.81) (.89) (.92) (.66) (.78) (.81) (.89) (.93)
Sp(c) (.94) (.94) (.94) (.96) (.98) (.90) (.92) (.94) (.96) (.98) (.92) (.93) (.95) (.97) (.99)

Wgt. J
(w = .5)

Cut 96 95 94 92 92 97 96 95 93 92 98 96 94 93 92
Se(c) (.71) (.85) (.88) (.91) (.95) (.82) (.85) (.89) (.92) (.95) (.81) (.86) (.88) (.93) (.96)
Sp(c) (.85) (.85) (.90) (.93) (.96) (.74) (.87) (.90) (.94) (.96) (.77) (.88) (.91) (.94) (.96)

Wgt. J
(w = .7)

Cut 97 96 95 94 93 97 98 96 95 93 98 98 95 94 92
Se(c) (.88) (.89) (.93) (.95) (.97) (.82) (.92) (.93) (.95) (.97) (.81) (.91) (.92) (.95) (.97)
Sp(c) (.65) (.80) (.84) (.87) (.92) (.74) (.76) (.84) (.88) (.95) (.77) (.78) (.86) (.90) (.95)

AUC 0.85 0.92 0.95 0.97 0.99 0.84 0.92 0.95 0.97 0.99 0.85 0.93 0.95 0.98 0.99

Note: The cutpoints are for the daily attendance rate (% of days at school) and are set such

that students with an attendance rate ≤ to the cutpoint are identified as “at-risk” for being

chronically absent. The leading indicators of chronic absenteeism are the daily attendance

rate of a student through the Xth six-week cycle (“CX”). The≤ 90% criteria sets the cutpoint

at 90% for all cycles. Youden (J) identifies the cutpoint which maximizes the sum of Se(c)

(sensitivity, true-positive rate) and Sp(c) (specificity, true-negative rate). Gen. J is the

generalized Youden index which accounts for the prevalence of chronic absenteeism and the

assumed relative costs of false-negatives to false-positives (a =
Cfn

Cfp
). Wgt. J is the weighted

Youden index which accounts for the relative importance of Se(c) (w) and Sp(c) (1 − w).

Cutpoints are rounded to the nearest whole number.
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versus 94%-97% for the Youden index and 90% threshold, respectively. By the end of Cycle

5, though, the Youden index still suggests setting the cutpoint above the 90% threshold.

The sensitivity (95-96%) and specificity (96%) of the cutpoints determined based on the

Youden index provide a greater balance of the two measures than the 90% threshold (sen-

sitivity: 87-93%, specificity: 99%). The main takeaways from the comparisons are that the

currently used 90% threshold may not be optimal when considering both false-positives and

false-negatives.

The generalized Youden index adds more flexibility to the Youden index by accounting for

prevalence and costs. When prevalence is accounted for and the costs of misclassification are

assumed to be equal, the Youden index tends to favor specificity (i.e., reducing the number of

false-positives). Many of the cutpoints fall below the currently used 90% threshold. However,

given that the system is designed to be able to catch students at-risk of being chronically

absent, a system that catches 25-52% of chronically absent students in Cycle 1 may not

be viewed as a success. Therefore, it may make sense to assume that the cost of false-

negatives is much higher than false-positives to increase the percentage of chronically absent

students captured. Increasing the cost-ratio (
Cfn

Cfp
) to 10 and then 20 makes very similar

adjustments to the cutpoints, both of which increase selectivity over the generalized Youden

index approach which assumes the cost-ratio is one. When the cost-ratio is assumed to be

ten, the generalized Youden index gives cutpoints that are very similar to the Youden index

due to the prevalence of chronic absenteeism being approximately 10% in the district. Even

when the cost ratio is increased to twenty, the cutpoints are still very similar to those set

by the Youden index, however, the sensitivity is higher than specificity in all cases when the

cost of false-negatives outweights the prevalence.

While it was easy to come up with hypothetical costs for the generalized Youden index,

it would be hard to determine these in practice. The weighted Youden index allows one

to determine the relative preference for sensitivity and specificity without having to come

up with estimates of costs for misclassification that balance our own assumptions over the

prevalence. Having only a single parameter that needs to be assumed (even if it accounts
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for multiple assumptions) gives the weighted Youden index an advantage in interpretatbility.

Setting a weight (w) of 0.5, the weighted Youden index becomes just the normal Youden index

(both sensitivity and specificity are of equal importance). Weighting in favor of specificity

(w = 0.3), as you would imagine, leads to identifying cutpoints that lead to higher specificity.

With a weight of 0.3, the weighted Youden index still suggests setting thresholds above the

usual 90% attendance rate. Choosing to favor sensitivity (w = 0.7), leads to cutpoints that

are slightly higher than those set by the Youden index as a way of capturing more students

who end up being chronically absent by the end of the year.

The weighted Youden index has the capacity to be useful in this district’s context. Given

the large amount of stakeholders who are having input into the early detection system,

having to come to agreement on just a single parameter, rather than the three required

for the generalized Youden index, is a major advantage. In addition, the influence for the

weight in the weighted Youden index is easier to understand than the complex relationships

between the cost-ratio and prevalence assumptions. Given the utility that the weighted

Youden index has in this scenario, I move my attention to focus on the characteristics of the

weighted Youden index.

While the purpose of the early detection system is to try and identify all students who are

at-risk of missing too much school (defined as missing 10% or more of the school year), there

is an obvious downside to identifying too many students. First, schools face a constraint

on resources, and can rarely provide high-leverage targeted supports to all of their students.

Therefore, a balance must be struck to make sure schools are not overburdened with too large

of a caseload. Second, the label given to students who fall below the cutpoints determined by

the analysis may be stigmatizing. Depending on the type of interventions that are undertaken

after a student is identified as “at-risk”, the student and family may perceive the label as

negative and punitive. While this could be remedied by carefully crafting responses that are

positive, supportive, and asset-based, these are real costs to be considered in weighing the

importance of selectivity and sensitivity.

Figure 4.4 shows the main statistics related to optimal cutpoints coming out of an ROC
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analysis (the cutpoint, sensitivity, and specificity) as a function of the choice of weight

(w) used in the weighted Youden index. The optimal cutpoint moves higher as the weight

gets larger. That is, as the relative importance of selectivity moves higher, the cutpoint

separating target from non-target students gets more inclusive. We can also observe how the

values for selectivity and sensitivity change. The trends in sensitivity and specificity over all

the different weights are as expected. These graphics can facilitate in the discussion on how

to set the cutpoint that creates the desired selectivity and specificity while also minimizing

misclassification errors.

4.6 Conclusion

In the education literature, the guidance on setting cutoff scores for districts and states de-

veloping EWI/EWS is lacking. The field of medicine has spent more time developing tools

for such tasks. This chapter introduces the concepts and tools developed by the medical liter-

ature for disease diagnosis into the realm of education. The tools use an optimization proce-

dure that locates a cutpoint that minimizes misclassification errors for both false-negatives

and false-positives while accounting for prevalence and costs. I then apply these tools to

identify “optimal” cutpoints in two district examples. In the first example, I identify opti-

mal cutscores on a kindergarten and first grade assessment that is being used as a universal

screener for dyslexia risk. In the second example, I construct optimal thresholds on mid-year

attendance reports to identify students who are at-risk of being chronically absent (missing

more than 10% of the school year).

This is only a first attempt at integrating learning from the medical literature into edu-

cation. More work is needed to guide the appropriate selection of weights for the weighted

Youden index to account for the different situations that arise in education. Further, if

relevant for a situation, diagnostics on the statistical properties of the cutpoints can be in-

tegrated to allow for ranges of possible cutpoints (Schisterman & Perkins, 2007). There is

clearly more work to be done to understand how these tools from ROC curve analysis fit in

the specific context of education and EWI/EWS. This is left to future research.
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Targeted interventions are generally aimed at helping the most vulnerable student pop-

ulations. Until recently, most of the decisions made on which students to serve were made

through non-standardized decisions made by the classroom teachers with few checks to as-

sure the accuracy of such systems. The rise of EWI/EWS in education help standardize this

process and are following a trend of evidence-based decision-making coming out of ESSA

(Balfanz, 2012; Bruce et al., 2011; Davis et al., 2013; Frazelle & Nagel, 2015; Gurantz &

Borsato, 2012; Ikbal et al., 2015; Macfadyen & Dawson, 2010; Mac Iver, 2013; Neild et al.,

2007; Planty, 2010). The optimization approaches covered in this chapter help schools and

districts leverage information available to them in order to make the most informed decisions

of which students to (and not to) serve with targeted interventions.
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Chapter 5

CONCLUSION

Targeted policy interventions can potentially carry consequences if individuals are deemed

ineligible for beneficial services or incorrectly targeted. I call these the consequences of misas-

signment to treatment. These consequences arise when the system set up to select individuals

for targeted policy efforts fail. In Chapter 1, I introduce a framework for understanding how

these consequences can arise as a result of errors in selection criteria. In this dissertation, I

examine ways in which data can be leveraged to validate the selection criteria of the system

to limit the consequences of misassignment to treatment. Through this exploration, I learn

several practical lessons regarding the design of systems used for determining eligibility for

targeted policy interventions. I summarize these lessons below.

1. The criteria or leading indicators should be checked for validity. Invalid measures have

the potential to target students (or districts) incorrectly for treatment.

In the second chapter, I examine a federal policy that tracks special education dis-

proportionality in our nation’s local education agencies (LEA). When evidence of dis-

proportionality is found, the LEA is required to devote part of their federal funds

towards early intervention efforts. However, the research literature has begun to ques-

tion the ways in which disproportionality is commonly measured. Specifically, there

are concerns that measures that do not account for student-level characteristics (e.g.,

socioeconomic status) will be biased. After creating a covariate-adjusted measure of

disproportionality, I find that disproportionality tends to be overstated under com-

monly used measures. While most state thresholds are set in such a way to mostly

avoid LEAs being incorrectly identified as needing interventions, utilization of the in-

correct indicators in targeted policy systems could very much lead to consequences.
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Figure 5.1: Consequences of Running Score Measured with Error

b* = b + ε

a b c

Measurement of Latent Score

B
en

efi
ts

w/o Treatment
w/ Treatment

I cite an alarming example of Houston Independent School District’s (HISD) fight

against “overidentification” of African-American students. In response to measures

citing an overrepresentation problem in their schools, the district intentionally under-

referred African-American students, likely taking many students away from the services

that they need (Rosenthal, 2016).

I can illustrate the failure of the selection criteria that was found in Chapter 2 in Figure

5.1. In the example, the system’s attempt to measure the running score using the risk

ratio did not accurately capture the latent score: bias in special education referral

practices. The error in the measurement, led states to mistake noise (or error) for a

signal. In the illustration, the value b on the latent score separates the school districts

(or students) that benefit from the intervention from those that do not. However,

when the running score is being measured by the system, the value on the measure

that corresponds with b actually yields a lower value of the true latent running score.

That is, b∗, the system’s measurement that it believes represents the point b is actually

equal to b+ ε which corresponds to point a on the true latent running score. Choosing

a as the point of selection due to a belief that b∗ = b subjects all districts (or students)
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with a running score of a to b to a treatment that does not benefit them. If a system

does not accurately measure the latent score, then consequences can arise in the system.

Researchers and psychometricians will play an important role in assuring that the

measures used in selection criteria accurately reflect the true measure the system is

attempting to gauge. The measures used in such systems should limit, to the extent

possible, any error or bias that could arise. Research should provide the theoretical

frameworks to help in the identification of possible sources of omitted variable bias or

measurement error to ensure the validity of the system. In the event that biased or

error-prone measures are the only option (likely the case), the system should attempt

to adjust thresholds to account for the expected direction of error to avoid misidentifi-

cation. Exercises, similar to the one carried out in Chapter 2, can assist in estimating

the direction and magnitude of the bias in the proposed measures for the selection

criteria. Checking the validity of the indicators used to determine the eligibility for

treatment remains an important task in research.

2. Pre-established thresholds should be assessed for accuracy with consideration to different

contexts. Flexibilities should be built into any system to account for these different

contexts.

Often, targeted policy systems have pre-established thresholds set by higher-level gov-

ernments or test publishers. While methods have already been introduced to examine

whether the thresholds are set to maximize benefits for both targeted and non-targeted

individuals, the lesson I take away from the third chapter is that these sorts of anal-

yses need to account for different contexts. In the third chapter, I examine the state-

established thresholds that are used to determine which students should remain in

English Language Learner (ELL) programs and which are ready to be exited. While

the analysis revealed that the cutscores were set to maximize the benefits for the ma-

jority of students making these transitions, I did find that students under certain cir-

cumstances (Spanish-speakers leaving bilingual programs, 1̃5% of the ELL population
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Figure 5.2: Consequences of Heterogeneity in Treatment Groups
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in the state) might have benefited from a modification to the cutpoint. Specifically,

this particular subgroup of ELLs appeared to be exiting too early and struggled when

removed from ELL services and placed in a mainstream classroom.

Figure 5.2 shows how heterogeneity in treatment (or student) groups might lead to

problems when a single threshold is set for the entire population. Whereas students

with treatment X are able to smoothly transition from treatment X to no treatment

at point b, students with treatment Y would benefit more from a cutpoint set at c.

In this illustration, without any constraints on costs, it would be most preferable for

students at very low ranges of the running score to receive treatment X until they

reach the point of intersection with the treatment Y line. At that point students would

benefit most from being placed in treatment Y until they reach level c on the running

score. However, in the example presented in Chapter 3, the type of treatment was

mostly determined by the amount of resources available to a school and, therefore,

the type of transition just described could not be offered in the majority of schools.

Extending this example, one could imagine how additional groupings of students could

complicate the scenario. For example, if, rather than a treatment group, each student
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had a slightly different relationship between the running score and benefits potential,

it would be nearly impossible to set a single cutpoint from a central level to make sure

that all students find a smooth transition from treatment to no treatment. In this

case, with heterogeneity in the relationship between the running score and benefits, it

is necessary to make some modifications to the system to account for any students who

do not benefit from the centrally decided threshold.

A top-down approach to threshold setting may be desired for targeted policy systems

when consistency and standardization are desired. However, not all situations will re-

quire such rigidity. It should not be expected that the state- or federal-governments

should account for all possible scenarios in their guidance in setting thresholds for

determining targeted individuals. However, built-in flexibilities to the system can help

alleviate any consequences that arise from the “one-size-fits-all” approach. Including

parent/teacher feedback in such decisions can further ensure the accuracy of student

placement. Further, a monitoring system for students who have recently exited treat-

ment or those who scored just below the eligibility criteria can be put in place to

make sure that these students are not falling behind. Under such a monitoring system,

schools would be given additional resources to provide supports to a student if he or

she is found to be struggling after recently exiting treatment or just missing eligibil-

ity criteria. The additional supports could be used to reverse the consequences that

would have arisen due to misassignment of any students due to treatment or student

heterogeneity.

3. Costs and benefits associated with all possible thresholds can and should be considered

in finding “optimal” separation.

In the event that the thresholds are not coming from a higher-level of the government,

local governments can have control over where to set their thresholds that are spe-

cific for their context. While the concept of “optimal” cutpoints is not new, there

is currently little guidance on setting cutpoints for targeted interventions at the lo-
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Figure 5.3: Minimizing Misclassification Errors
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cal level. The fourth chapter takes tools from the medical literature to show how

one can account for the consequences of misassignment to treatment (false-positives

and false-negatives) when developing targeting systems. The approach requires that a

school district or state have longitudinal data that can be used in predictive modeling

of certain events that are being targeted (e.g., graduation status). The optimization

approach outlined in the fourth chapter not only is specifically aimed at limiting mis-

classification rates (false-positives and false-negatives), but also has built-in flexibility

to account for different scenarios (e.g., prevalence and relative costs).

The misclassification errors that are being minimized can be illustrated in Figure 5.3.

In the left panel, I show where misclassification would arise on the framework model

introduced in Chapter 1. The shaded areas represent the range of students and costs

of setting the thresholds at a point other than b. If the threshold were to be set at

point a, the students with a running score between a and b would all be counted as

misclassifications. While the optimization approach introduced in Chapter 4 cannot

account for costs that vary as a function of the running score, average costs can be

applied to attempt to minimize the misclassification errors. In the illustration, the

point that would minimize misclassification would be at point b where the number of
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misclassifications would be zero.

As brought up in the previous point, education systems are often dealing with het-

erogeneous populations where a single cutpoint may not work for all. One of the key

takeaways of Chapter 4 is that the point b is not always the point where misclassifi-

cation rates are zero. In fact, the right panel of Figure 5.3 presents a more realistic

example in which the heterogeneity of student groups creates an overlap between target

and non-target group populations. In this scenario, the minimization of misclassifica-

tion errors becomes a less trivial exercise. The optimal cutpoint is not always set at the

point that perfectly distinguishes between the two populations. In most cases, some

misclassification errors will exist and should be expected even when using an optimized

threshold. Various tools have been added to adjust for different assumptions on the

relative costs of misclassification errors to yield a threshold that minimizes misclassifi-

cation costs (when known). The extensive literature on finding optimal cutpoints on

key diagnostic measures can and should be integrated into targeting systems. Chapter

4 begins to make this integration with the application to two examples in education.

As targeted policy interventions become more prevalent in education (e.g., EWI/EWS)

it is crucial that we have a firm understanding of the consequences that could arise from

such policies and how to limit them. This dissertation provides a start in developing this

understanding. Across the chapters, I examine the ways in which selection criteria are

set currently in education and provide suggestions for modifications in order to prevent

misclassification. The analytic tools used can provide examples of how data and analysis

can be used to improve targeting systems and limit the consequences of misassignment to

treatment. While it is suggested that these data tools can be used to limit the consequences,

educators will play a crucial role in making sure that all students are appropriately served.
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