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ABSTRACT

There is growing evidence that the COVID-19 pandemic had a large and negative
impact on student learning. This dissertation explores the effect of the pandemic on one
of the most vulnerable student subgroups: English Learners (ELS). In this work | examine
existing disparities among subgroups of ELs, and the different ways the pandemic has
impacted these disparities. These language learners’ academic English proficiency,
determining their status as an EL, is examined within the context of individual,
institutional, and dynamic factors that have shaped and continue to impact these students’
educational experiences and trajectories in American classrooms.

Leveraging population-level longitudinal data from ACCESS Online — an annual
“high-stakes” language proficiency assessment administered across member states in
the WIDA Consortium, | present evidence from regression models with increasing
complexity that account for (a) the clustering of millions of students across thousands of
schools, districts, and WIDA states, (b) individual-level factors such as students’ time as
EL, “newcomer’ and “long-term” status, ethnicity and race, gender, disability status,
interrupted education, migrant status, and parental refusal of language support services
at school. Consistent and precise estimates from multilevel regression models highlight
and document large disparities in the average English proficiency of ELs across several
demographic subgroups, and provide timely and detailed data on the detrimental,
differential, and ongoing impact of the COVID-19 pandemic on many young learners’
academic outcomes. For example, students identified as Hispanic, making up most of the
EL population, report substantially lower average proficiency compared to non-Hispanic

identified ELs; the findings show that this disparity has further increased after COVID-19.



The uncovered disparities in proficiency between EL student subgroups
representing multiple ethno-racial and other overlapping identities are interrogated under
the theoretical lens of Intersectionality (Crenshaw, 1991), to identify, contextualize,
guantify, and shed light on historical, political, and structural inequities in educational
opportunities that result in systemic and persistent differences between academic
outcomes. The Intersectionality framework, stemming from legal studies of Kimberlé
Crenshaw, informs the complex and varying ways the pandemic has impacted English
Learners' education, exacerbating the already-substantial disparities. The evidence
shows some modest recovery for select EL subgroups; newcomer ELs and English
learners across all racial identification categories report higher average scores than prior
to the pandemic unless they also were identified with Hispanic ethnicity. Making up the
majority of EL student population nationally, the findings emphasize the need for a more
careful focus and more effectively designed support systems for these English language

learners, who are consistently underserved and are falling further behind.
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CHAPTER ONE: INTRODUCTION

In times of crisis, the most vulnerable are those who suffer the most. A recent
guintessential example, the COVID-19 global pandemic wreaked havoc on every aspect
of life, forcing the closure of schools for public health concerns in 2020-2021 and shifting
to alternate modes of instruction to the extent local policies, circumstances, and resources
allowed. States, districts, and schools struggled with continuing to provide quality
education to students, and researchers predicted increasing inequities and disparities for
many of the nation’s underserved students. School buildings closed for safety concerns,
and the rushed and chaotic switch to remote and hybrid modes of instruction highlighted
and widened the educational disparities, as students from disadvantaged and
marginalized backgrounds — who lacked access to technology, internet, and other
resources enabling a conducive learning environment — faced even steeper obstacles in
pursuing their education. Some years after schools reopened their doors to students in
2022, evidence is starting to emerge corroborating the early predictions that the
disruptions to students’ education caused by the COVID-19 pandemic had profound,
complex, varied, and context-dependent impacts on students’ lives and education.

The overarching purpose of this work is to build on, and extend this evidence, by:
a) quantifying the cumulative impact of pandemic-induced negative shocks on the
academic outcomes of English Learners — a student population that is often described as
marginalized and underserved; b) identifying the more vulnerable subgroups within the
very diverse EL student population through an analysis of disparities in outcomes
measuring students’ English proficiency; and c) assessing the impact of the pandemic on

these disparities. The average and differential impact of the pandemic on EL outcomes



and persistent disparities is estimated in the context of individual-, temporal-, and
institutional-level factors, i.e., considering the student-level demographic data, the
repeated nature of student assessment measures across time, and the
enroliment/nesting of millions of ELs in schools, districts, and states.

| examine the impact of the COVID-19 pandemic on students’ academic English
proficiency in an interrupted time series framework, juxtaposing ELs’ annually measured
language proficiency before and after the pandemic. Leveraging large-scale population-
level data from ACCESS for ELLs Online (hereinafter ACCESS) annual “high-stakes”
language proficiency assessment used across states in the WIDA consortium (henceforth
WIDA), the analytic strategy applies Ordinary Least Squares (OLS), longitudinal, and
mixed-effects (hierarchical) regression models with increasing complexity that account for
the clustering of the EL student population across thousands of schools, districts, and
states, and quantify relationships between individual-level demographic factors and EL
proficiency, thereby delineating important differences across multiple student categories.
The empirical evidence gathered from multiple regression models highlights large
disparities in the average English proficiency of ELs across several demographic
subgroups, and provides timely and detailed data on the detrimental, differential, and
ongoing impact of the COVID-19 pandemic on many young learners’ academic outcomes.

More specifically, | estimate Ordinary Least Squares (OLS), longitudinal, and
mixed-effects (hierarchical) regression models with increasing complexity that account for
the clustering of millions of ELs (=3.4 million unique ELs) across 43,183 schools, 7,619
districts, and 34 WIDA states, as well as for the individual-level factors such as students’

estimated time as EL, “newcomer” and “long-term” status, ethnicity and race, gender,



disability identification, interrupted education, and migrant status and waiver from
supplementary language services at school. The ample empirical evidence gathered from
these regression models confirms and documents large and persistent disparities in the
average English proficiency of ELs across several demographic subgroups and provides
timely and detailed data on the detrimental and ongoing impact of the COVID-19
pandemic on many young learners’ disparate outcomes.

The uncovered disparities in proficiency between EL student subgroups
representing multiple ethno-racial and other overlapping identities are interrogated under
the theoretical lens of Intersectionality (Crenshaw, 1991) to shed light on historical,
political, and structural inequities and disparities in educational opportunities that are
reflected in systemic differences between academic outcomes. The Intersectionality
framework, stemming from Black feminist legal studies of Kimberlé Crenshaw (1991),
informs the complex and varying ways the pandemic has impacted English Learners'
education, exacerbating the already substantial disparities, for example, between
Hispanic and non-Hispanic identified EL students’ average proficiency. Perhaps reflecting
the recent efforts of the federal government to offset some of the pandemic-induced
learning losses through Elementary and Secondary School Emergency Relief (ESSER)
funding, the results also point to signs of some early post-COVID recovery for several EL
subgroups. However, the findings also highlight the need for increased attention and
better-targeted services for many more English Learners who may not be receiving the

proper supports to develop high levels of academic English proficiency and exit EL status.



Terminology

The terms that permeate the landscape of English Learner education have been
widely scrutinized (Brooks, 2017; 2018; Flores et al., 2015; Flores & Rosa, 2015; Kibler
et al., 2018; Menken et al., 2012; Thompson, 2015). Acknowledging that some of these
labels such as “English Learner” or “Long-term EL” are in essence deficit-based and can
further stigmatize students who are still honing their multilingual skills, there has been a
gradual and welcomed shift in the literature and in the field to a more assets-focused
framing of these students, such as “multilingual learners” (MLs), “dual language learners”
(DLs\DLLs), “emergent bilinguals”, “plurilingual learners”, and “ELsS\DLsS\MLs in extended
stay”. While agreeing in spirit with such framing, in this work | use officially designated
terms like English Learners (ELs) and Long-term English Learners (LTELS) to emphasize
the definition and implementation of these student categories that is rooted in federal
legislation, as well as its prevalent use in state and district regulations, rules, and policies.
Further, this terminology is more aligned and appropriate for the analysis herein, since
the examined sample includes exclusively those students who were, at the time their
outcomes were measured, identified as English Learners as stipulated by federal law and
implemented through state and district regulations and rules where they were enrolled.

Finally, and perhaps most importantly, while there have been some positive shifts
in the discourses towards asset-based descriptors of this student subgroup, as the
evidence presented by this study confirms, the academic outcomes that are reported by
the students assigned to these labels cannot claim similar improvements. Therefore,
more needs to be done, in addition to using better terminology, to ensure that these young

language learners are provided with educational opportunities that all children deserve.



Positionality as a Researcher

Alike many of the English learner students taking the ACCESS assessment who
are racialized or ethnized into discrete identity categories, when asked to reveal my
ethno-racial identities | ascribe to the “non-Hispanic” and “white” categories provided in
surveys and forms while | want to represent so much more than these simplistic
checkboxes allow. (South) Caucasian by geographic birthplace, white as measured by
albedo,! and White as “ordained” by the US Supreme Court in 1924,2 my additionally
overlapping Armenian identity also ascribes to historical roots steeped in ethnic, linguistic,
religious, economic, and political oppression and assimilation throughout centuries, as
forced by Assyrian, Byzantine, Roman, Arab, Persian, Mongol, Tatar, Seljuk, Ottoman,
and most recently — Soviet empires, the hold of which collapsed when | was ten years
old. A very small part of Armenia has managed to prevail as an independent state with its
millennia-old language, religion, and culture. However, the outlook of Armenia remains
very bleak. At the troubled crossroads of major geo-political highways (dis)connecting
Russia and Iran on the North-South, and Azerbaijan and Turkey on the East-West
directions, Armenia, for me, is the quintessential example of how dynamic, multiply
overlapping, and conflicting Intersectional forces can shape, marginalize, deprecate

human and lives. Moreover, | believe that by holding on to over a century-old memory of

! Albedo is a scientific term, measured to capture the fraction of sunlight that is diffusely reflected by a body.

2 In “On the Boundary of White: The Cartozian Naturalization Case and the Armenians, 1923-1925,” Craver (2009)
highlights the advantaged socio-economic position of the plaintiff, and writes: “... the survival of the 1923
naturalization challenge in U.S. v. Cartozian helped ease the Armenians' way in American society, whereas their
experience would not be comparable to that of the African Americans or the Asians”, p.51.



Genocide 2 — the ultimate form of racism — and persistent drive for its (official) recognition,
many Armenians carry a generational trauma, but also an additional responsibility to
recognize, call out, and oppose biases leading to discriminatory systems and inequitable
outcomes.

Having lived half of my life in Armenia and the other half in the American Midwest,
(roughly two decades each) my additionally overlapping immigrant identity also informs
and motivates this study. In this work | examine EL proficiency, a construct that represents
both these students’ “language ability status”, and a gateway to educational and career
opportunities for many immigrant students. Therefore, it is of utmost importance to ensure
that all young language learners have access to equitable educational opportunities, as
graciously promised and legislated by the US government.

| also recognize that my life experiences are inseparable from my outlook on the
topics of systemic oppression, discrimination, and racism, and its educational
consequences that | explore in this work. My perspectives as a researcher are impacted
by the biases and assumptions | may hold because of my negative and positive*
experiences shaped by these (and other) intersecting identities. Despite its scale and
scope, the student assessment data that underlies the analysis in this work could not

“speak for itself”, for example, with respect to the uncovered disparities in academic

3 After decades or denial, neglect, and relabeling, the US official policy changed in 2021 on this issue. On April 24,
2021, Armenian Genocide Remembrance Day, President Joe Biden declared that the United States considers these
events "genocide" in a statement released by the White House.
https://www.whitehouse.gov/briefing-room/statements-releases/2021/04/24/statement-by-president-joe-biden-
on-armenian-remembrance-day/ . Retrieved 2024-04-24.

4 An example of such a “positive experience” is my identity as a multilingual individual, due to Armenia’s location in
the intersection of ex-Soviet and Western forces when | was growing up, driving me to learn Russian and English, in
addition to my native Armenian. Working as an interpreter and translator for international organizations and
Western development missions in post-Soviet Armenia amplified my exposure to (western) intersectional forces
and further drove me to pursue graduate education in the United States.



https://www.whitehouse.gov/briefing-room/statements-releases/2021/04/24/statement-by-president-joe-biden-on-armenian-remembrance-day/
https://www.whitehouse.gov/briefing-room/statements-releases/2021/04/24/statement-by-president-joe-biden-on-armenian-remembrance-day/

outcomes without the adopted Intersectional lens informing and motivating critical
research questions and guiding the analytic strategy. Moreover, as demonstrated in the
findings, the adopted Intersectional lens provides a sharper focus and additional nuance

to the data and findings and allows me to speak louder and clearer about these disparities.
Organization of Chapters

This work is organized as follows. Chapter 1 started with an Introduction, outlining
the essential components of the study. Chapter 2 provides a brief review of the literature,
focusing on the recent work discussing current issues in English Learners and Hispanic
students’ education, including on the predicted and apparent detrimental impact of the
COVID-19 pandemic. | review research that highlights disparities within the very diverse
EL population and discusses how overlapping individual-level disadvantages accumulate
and can lead to increasingly unfavorable outcomes. Next, | provide a brief overview of the
Intersectionality framework, its main principles and methods of analysis, and few
applications in examining English Learners’ education. Building on existing research, |
present a Framework of English Learner Intersectionality, with English Learner students’
status as EL centered around overlapping and intersecting student identities and nested
in multileveled systems of education.

Chapter 3 on Methods begins with a presentation of the research questions and
the conceptual model applied to interrogate the differential impact of the COVID-19
pandemic on EL proficiency and status, considering the complex and intertwined nature
of intersectional identities, and its relationship with temporal- and institutional-level
factors. Next, | present the underlying data, including a description of the variables and

descriptive statistics on students’ demographic and educational outcome data. The



chapter concludes by outlining the proposed analytic strategy of using regression as a
method of analysis, its connections to the theoretical framework of Intersectionality and
describes the multiple primary and auxiliary regression models applied to interrogate ELs’
proficiency outcomes.

Findings, presented in Chapter 4, describe the main model parameters estimated
by various regression models with increasing flexibility and complexity, and auxiliary
model parameters estimated for extensions of these models aimed at: (a) providing
meaningful comparisons of statistical relationships across multiple levels of analyses; and
(b) ensuring robustness and consistency across various model specifications. More
specifically, I quantify the average impact of COVID-19 on EL proficiency using OLS,
longitudinal, and mixed-effects models, and outline the uncovered disparities in EL
proficiency outcomes. Next, | demonstrate the differential impact of the pandemic on
student outcomes, by outlining how the disparities and differences across focal student
subgroups have changed in the aftermath of the COVID-19 pandemic.

Chapter 5 concludes this work by providing a discussion of the results from the
empirical analyses. | summarize the main findings of the study and provide some potential
implications for research and practice. | outline the number of ways this work contributes
to the existing literature, list several caveats and limitations, and present suggestions on
how future research and analyses can further inform the inquiry. Included Appendices A

and B provide details on the empirical results not included in the main presentation.



CHAPTER TWO: LITERATURE REVIEW
Introduction

Due to the wide range of variables impacting English Learners and academic
outcomes that are of research interest, and the vast scale and scope of the emergent
literature on ELs’ education that highlights persistent gaps in the educational opportunities
and outcomes of these students compared to their never-EL peers, an extensive literature
review is not feasible in the scope of this work. A few, but much more rigorous accounts
on the multitude of challenges and important questions around English Learners’
education are available, such as the comprehensive review titled “Promoting the
Educational Success of Children and Youth Learning English” by the National Academies
of Sciences, Engineering, and Medicine published in 2017. There is also a large body of
work on EL education with more specific foci, ranging from general immigration and
education policy (Callahan et al., 2023; Gandara & Rumberger, 2009; Umansky & Porter,
2020; Sugarman, 2019; Villegas & Pompa, 2020), to appropriate and accurate
identification of ELs (Abedi, 2014; Artiles & Ortiz, 2002; Bailey & Kelly, 2013; Cook &
Linquant, 2015; Lopez, et al., 2016), to adequate, effective, and equitable academic
language and content instruction (Bailey & Heritage, 2014; Calderon et al, 2011,
Cummins, 2021b; DiCerbo et al., 2014; Menken & Kleyn, 2010; Molle et at., 2015
Stephens & Francis, 2018), and timely exit / reclassification from EL status (Cimpian et
al.,, 2017; Linquanti & Cook 2015; Kieffer & Parker, 2016; Robinson-Cimpian &
Thompson, 2016; Schissel & Kangas, 2018; Umansky & Reardon, 2014), among many
others. The literature on the education of long-term ELs (Brooks, 2018; Clark-Gareca et

al., 2017; Kim & Garcia, 2014; Olsen, 2014 & 2010; Sahakyan & Ryan, 2018; Shin, 2020;
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Umansky & Avelar, 2023; Villegas, 2023), dually-identified (ELs with disabilities) students
(Akerman & Tazi, 2015; Burr et al., 2015; Buenrostro & Maxwell-Jolly, 2021; Hamayan et
al., 2013; Kangas, 2014; 2017; 2018; Murphy & Johnson, 2023; Sahakyan & Poole, 2022;
Shifrer et al., 2011), ELs from immigrant, refugee, and otherwise-interrupted education
backgrounds (Callahan et al., under review; Callahan & Humphries, 2016; Darling-
Hammond 2010; Gandara & Contreras, 2009; Hopkins et al., 2015; US Department of
Education, 2016) is also vast, interconnected, and reflective of the complexity and
plethora of issues that permeate the education of EL students.

The approach | take in this chapter is to provide a brief review of the recent
research on most current issues in English Learners’ education, with a focus on recent
guantitative studies that have started to predict and present evidence on the impact of
COVID-19 on ELs’ educational opportunities and academic outcomes. | summarize
recent research that interrogates issues around inequities in English Learners’ and
Hispanic students’ education, and those that highlight variations and differences in the
ways multilingual students’ education is organized and implemented across schools,
districts, and states. Studies that examine English Learner outcomes while directly
considering the tremendous diversity of this student population and provide evidence of
differential performance across subgroups are highlighted. Finally, | provide a brief review
of the adopted theoretical framework of Intersectionality (Crenshaw, 1991), with a focus
on its few applications to inform ELs’ education and ways in which individual, temporal,
and institutional factors interact with students’ multiple and overlapping individual

identities.
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English Learners and Disparities in Outcomes

In 2020, about 10% of K-12 students were identified as English Learners (ELS)
across the United States (NCES, 2023). ELs receive secondary language support
services until they meet state-established criteria for reclassification. English Learners
are one of the fastest growing student populations, as some estimates project that by
2025 one in four students in US schools will be identified as an EL (NEA, 2020).° English
Learners are also one of the most vulnerable and marginalized student subgroups; large
and consistent disparities in educational opportunities and subsequent academic
outcomes between EL and their monolingual English-speaking peers have been
extensively documented and discussed in the literature (Callahan & Shifrer, 2016; Fry,
2007; Johnson, 2022; Kieffer & Parker, 2017; Kanno & Kangas 2014; NCES, 2019; Ream
et at., 2017). ELs are more likely to drop out of school (Boone, 2013; Callahan, 2013) and
less likely to complete high school and attend college than their non-EL counterparts
(Callahan et al., 2010; Kanno & Cromley, 2013; Ruiz-de-Velasco & Fix, 2000). These
persistent disparities in opportunities and achievement have historical roots in
discrimination against non-native English speakers (Bonilla-Silva, 1996 & 2015; Russell,
2023) and have been attributed to higher rates of poverty, higher mobility rates, and the
greater likelihood for ELs to attend segregated, underfunded, and unsafe schools,
compared with their non-EL counterparts (Darling-Hammond, 2007; Fry, 2008; Garver,
2020; Jiménez-Castellanos & Garcia, 2017; NCES, 2019; Olivares, 2022; Rodriguez,
2020; Sahakyan & Cook, 2014). In a seminal reframing of this discourse, Ladson-Billings

(2006) suggests considering “education debt” rather than “academic gaps” and

5 https://www.nea.org/resource-library/english-language-learners



12

differences in outcomes. Milner (2012) further argues that opportunity gaps are more
comprehensive than just differences in standardized test scores and are shaped by
interconnected social, economic, and political factors. While other critics of such gap- and
deficit-focused analyses point out that standardized tests that are administered in English
may obscure and underreport the true knowledge and abilities of young learners who are
still developing academic English (Faulkner-Bond & Sireci, 2015; Saunders & Marcetelli,
2013; Hopkins et al., 2013; Ream et at., 2017; 2017), other researchers further report that
many of these disparities are likely driven by factors related to students’, their families’,
and schools’ socio-economic status (Adair, 2015; Butler & Le, 2018; Carhill et al., 2008;
NASEM, 2017; Kieffer, 2010; Kim et al., 2014). For example, according to the Migration
Policy Institute’s analysis of US Census data, one-third of the immigrant population, or
about 15 million people, were “low-income”, reporting levels 200% below the federal
poverty line. Moreover, the report found that approximately two-thirds of these low-income
immigrants identified as Hispanic (Gelatt et al., 2022).6 And while a substantial number of
ELs are born in the US (Garcia & Kleifgen, 2018) research shows that English Learners
are predominantly immigrant-origin, i.e., the children of foreign-born parents (Callahan &
Humphries, 2016).

Further, perhaps due to lack of reliable large-scale data across contexts, apart
from a few notable exceptions (Callahan et al., 2010; Dorn et al., 2020; NASEM, 2017;
Slama, 2014; Umansky et al., 2020), there has been little research on ethno-racial, or
other disparities in outcomes within the incredibly diverse EL population, and especially

how the pandemic may have affected these disparities. English Learners have complex

6 The next highest proportion identified as Asian and Pacific Islander, estimated at about 20%. Retrieved from:
https://www.migrationpolicy.org/sites/default/files/publications/mpi_low-income-immigrants-factsheet final.pdf



https://www.migrationpolicy.org/sites/default/files/publications/mpi_low-income-immigrants-factsheet_final.pdf
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and intersecting identities besides their EL status that should be highlighted and
considered. Indeed, among commonly cited weaknesses of several quantitative studies
examining the impacts of the pandemic on student outcomes are the non-diverse samples
and small sample sizes underlying the analyses (Garbe et al., 2020; Martinez &

Broemmel, 2020; Marshall et al., 2020; Schaefer et al., 2020).
Disparities for Hispanic Students

Hispanic students make up the majority of the EL population nationally, and about
70% of the student population in WIDA states. Studies show that they have experienced
unequal access to school funding, high-quality teachers, educational materials,
instructional time, course offerings, and adequate facilities (Baker, et al., 2020; Carnoy &
Garcia, 2017; Gandara & Rumberger 2009; Gandara & Orfield, 2012; Orfield et al., 2016;
Rumberger & Gandara 2004).” Reflecting these inequities, Slama (2014) reports that it
takes almost twice as long for Hispanic ELs to attain English proficiency compared to their
non-Hispanic peers. Other studies also corroborate that EL reclassification rates are
typically slower among Spanish-speaking students and those from disadvantaged socio-
economic backgrounds (Conger, et al., 2009; Thompson, 2012; Kao & Thompson, 2003;
Kim et al., 2015; Umansky & Reardon, 2014). This is important considering that students
who reach reclassification-level proficiency before middle school tend to outperform their
never-EL peers on standardized assessments (Hill et al., 2014; Saunders and Marcetelli,
2013), whereas students who remain in EL status for prolonged periods of time are

prevented from enrolling in advanced coursework (Callahan, et al., 2010; Lillie et al.,

7 Consistent with the terminology used in the students’ assessment recording the test takers’ ethnicity, among
other demographic data, | use the term Hispanic, instead of Latino/Latina/LatinX/Latiné, unless expressly used by
the literature source.
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2012; Umansky, 2014). Indeed, the negative effects of racialized and exclusionary
tracking for ELs and Hispanic students have been well documented by research
(Callahan & Muller, 2013; Callahan & Shifrer, 2016; Estrada & Wang, 2018; Gamoran,
2010; Kangas & Cook, 2020; Umansky, 2016). Moreover, Harklau (2016) provides
evidence that the educational system may be especially misaligned with the needs of
these students and explains that “the bureaucratic nature of schooling and a constant
onslaught of bureaucratic errors and omissions is partly responsible for the high school
underachievement in Hispanic children or immigrants.” p.601.

There is ample and growing evidence that Hispanic students and ELs face large
and persistent disparities in educational opportunities and achievement as compared to
other students. As outlined in the next section, there are many concerns, predictions, and
growing evidence that the COVID-19 pandemic has exacerbated many of the existing

academic disparities for these students.
English Learners and COVID-19

The COVID-19 pandemic exposed vulnerabilities in social and economic systems
that chronically underinvest in essential public services (United Nations Human Rights
Office, 2022). The pandemic also had a profound impact on the K-12 education system
nationally, with schools forced to close their doors or adopt remote and hybrid learning
approaches. However, disruptions to in-person instruction and shifts to hybrid or virtual
classrooms have affected different subgroups of students in diverse ways. Evidence is
already mounting that English Learners have been among the students hardest hit by
COVID-19’s disruptions to in-person learning (OCR, 2021; Nowicki, 2020; Huck & Zhang,

2021) and that ELs faced significant challenges during and after the pandemic due to



15

many systemic factors and individual circumstances that increased their vulnerability
(Santibafiez & Guarino, 2021). & ° Along with access to teachers trained in language
development and modified course content, ELs require carefully calibrated and
scheduled, intentionally scaffolded, and appropriately delivered school- and program-
based supports (August & Shanahan, 2006; Boals, et al., 2015; Daniels & Westerlund,
2018; NASEM, 2017; Nordmeyer et al., 2021; Rumberger & Gandara, 2000). Therefore,
disruptions in these and many other critical elements of ELs’ education brought about by
the pandemic likely exacerbated existing inequalities (Bacher-Hicks et al., 2020; Dorn et
al., 2020; Hamilton et al., 2020; Villegas & Garicia, 2021). Even prior to the pandemic
researchers had voiced concerns over the “digital divide”, with Black, Indigenous, and
other students of color having restricted access to technology and high-speed internet
(Alliance for Excellent Education, 2020; Education Trust, 2020), and suggested that
online schooling can come with an online penalty for struggling and vulnerable learners
(Dynarski, 2018; Zehler et al., 2019) and for Hispanic learners (Kaupp, 2012) and that
factors like technological support at home and in school, as well as prior high achievement
and self-discipline were essential for an effective online learning experience (Heissel,
2016; Villegas & Pompa; 2020). Even when ELs had access to the technology necessary
for online learning, research shows that remote and hybrid modes of instruction typically

limit social and peer-to-peer exchanges due to a truncated instructional model and

8 Department of Education, 2021. Office for Civil Rights. Education in a Pandemic: The Disparate Impacts of COVID-
19 on America’s Students. Retrieved from:
https://www2.ed.gov/about/offices/list/ocr/docs/20210608-impacts-of-covid19.pdf

9 US Government Accountability Office, 2020. Distance Learning: Challenges Providing Services to K-12 English
Learners and Students with Disabilities during COVID-19. Retrieved from:
https://www.gao.gov/products/gao-21-43
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reduced opportunities of low-stakes interactions (or informal conversations between
peers in the cafeteria, during recess, and between classes) and collaboration-focused
groupwork, which are important components of English Learners’ basic language
proficiency development (Baruch, 2023, Echevarria et al., 2017, Molle & Lee, 2015).

Further, as schools across the country struggled with organizing safe in-person
instruction due to staff shortages (Bryner, 2021; Mason-Williams, 2020; Rosenberg &
Anderson, 2021), limited English comprehension and longer working hours deterred
many EL families from assisting their students with the digital technology and modified
curriculum at home (Nowicki, 2020). Further, students learning English are often tasked
with additional, out-of-school activities, such as caring for siblings and serving as
translators and interpreters to help struggling adults (Huck & Zhang, 2021; Rodriguez et
al.,, 2020). These and other significant “pull-out” factors were exacerbated by the
additional challenges brought about by the pandemic.

Considering that EL students are engaging with challenging academic content
while mastering an additional language (Calderon et al., 2011; Clark-Gareca et al, 2020;
Cook, etal., 2011; Solérzano, 2008) falling behind in English language acquisition in early
stages of their academic development can have a cumulative and detrimental impact on
these students’ educational and career trajectories (Sugarman & Lazarin, 2020; Tindal &
Anderson, 2019; Stevens & Schulte, 2017). As summarized by Sugarman and Lazarin
(2020) in a Migration Policy Institute brief published five months into the pandemic to
provide guidance to states and districts on immediate strategies aimed at preventing
learning loss for ELs, “...despite these long-standing legal protections to ensure equitable

access to education, the pandemic has shined a spotlight on how tenuous such policies
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are in many parts of the country. And despite heroic efforts on the part of many educators
to provide their students access to instruction during school building closures, existing
weaknesses within the school system ... have rendered such efforts ineffective” (p.3).10
Given the importance and urgency of the issue for the large and growing
population of English Learners, researchers have already started assessing the impact
of the pandemic on English Learners’ education. For example, Baruch (2023) examined
the impact of remote learning on Delaware’s EL students using ACCESS data from 2016
to 2022 and reported a large and significant negative English proficiency growth rate
during the period of virtual learning, followed by relatively weak growth during the final
year. Other reports, such as Sahakyan and Cook (2021), Sahakyan and Poole (2022),
and Poole and Sahakyan (2023) provide descriptive evidence of trends on the proficiency
and annual growth of English Learners across the WIDA Consortium, and report
substantial differences in pre- vs post-pandemic scores of EL students in all grades and
most individual language domains. Further, Poole and Sahakyan (2024) provide
corroborating evidence of a large and ongoing impact of the pandemic on student scores
based on the most recent, 2023 school year data. Importantly, Poole and Sahakyan
(2024) present descriptive evidence of existing disparities between the proficiency
outcomes of ELs identified as Hispanic compared to non-Hispanic English learners, which
have seen an increased following the COVID-19 pandemic. However, while these reports
leverage very large samples of EL student outcomes, the authors invite caution in

interpreting the results due to the many context-dependent individual- and institutional-

10 Educating English Leaners during the COVID-19 Pandemic: Policy Ideas for States and School Districts.
September, 2020. Retrieved from:
https://www.migrationpolicy.org/sites/default/files/publications/mpi-english-learners-covid-19-final.pdf
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level factors that might mask important differences in the outcomes of this very diverse
student population.

Apart from these large-scale (albeit descriptive) studies, most of the recent
research that examines the impact of the pandemic on EL language development are
cross-sectional, based on small, selected, or non-diverse samples, depend heavily on the
local context, and typically include data on students from a single state, district, school,
or cohort (Johnson, 2023; Huck & Zhang 2021). Moreover, while generating useful and
much needed evidence on English Learners’ academic outcomes, these analyses
overlook the important role of nested institutional relationships, as reflected by state,
district, and school-level hierarchies. For example, starting with the Bilingual Education
Act (1968) and the Lau v. Nichols (1974) Supreme Court decision, which mandated that
schools must provide a meaningful education to EL students, the interpretation of
federally-defined laws, regulations, and policies is undertaken at the state-level by State
Education Agencies (SEAs), followed by their further unpacking and implementation at
the district-level by Local Education Agency (LEA) administrators and educational
officers, and finally at the school-level, by principals, school administrators, staff, and
teachers. These hierarchies and nested processes could result in a diverse range of
practices in how states and districts cater to the needs of EL students (Bartlett et al., 2024;
Bond, 2020; Mavrogordato et al., 2022; Callahan et al., 2021; Callahan & Hopkins, 2017;
Villegas & Pompa, 2020).

In sum, as reported by Huck and Zhang (2021) in their review of the early literature

on the impacts of COVID-19 on the general K-12 education landscape, “student outcome
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data is needed to support predictions of learning loss and the extent to which achievement
gaps have widened” (p. 73; emphasis added, see footnote).1*

Answering the call, taking into account individual-level demographic
characteristics and the institutional context of state-, district- and school-level factors, this
study provides timely, consistent, comprehensive, and generalizable empirical evidence
on a) the overall, average “learning losses” the English Learner population has incurred
throughout and after the pandemic, and b) the extent to which various subgroups of EL
students have been impacted in their learning trajectories and thus need more immediate
attention and support.

In addition to the studies reviewed in this section, three seminal books have guided
the selection, implementation, and interpretation of theoretical and empirical methods and

N1

models. Michael Russells’ “Systemic Racism and Educational Measurement: Confronting
Injustice in Testing, Assessment, and Beyond” (2023), Cornell & Hartmann’s “Ethnicity
and Race: Making Identities in a Changing World (Sociology for a New Century Series,
2007)”, and Rabe-Hesketh and Skrondal’s “Multilevel and Longitudinal Modeling Using
Stata Volume I: Continuous Responses” (2021), have all been essential in informing the
various components of this study. The theoretical framework, reflected in all of these

components, is largely based on the scholarship of Kimberlé Crenshaw on

Intersectionality, and is presented in the next section.

1 In this work | use the term “disparity” instead of more neutral sounding “gap”, to emphasize that an intentional
disturbance in parity exists which is calling for further action.
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Theoretical Framework

The theoretical framework | adopt to interrogate disparities in educational
outcomes within the EL student population, and the impact of COVID-19 on these
disparities, is grounded in Intersectionality — a body of work that explores the
compounding and marginalizing effects from multiple categories of minoritized student
backgrounds (Crenshaw, 2013 & 1991; Hankivsky & Cormier, 2019; Schissel & Kangas,
2018; Russell, 2023). Intersectionality-focused approaches emphasize the importance of
examining, understanding, and challenging the ways systematic racism shapes the work
of institutions, and caution about policies and practices that may appear neutral or benign,
but further harm historically marginalized groups (Crenshaw, 2011; Delgado, 1995;
Ladson-Billings & Tate, 1995). Originally stemming from Black feminist legal studies of
Kimberlé Crenshaw (1991) that examined the failure of antidiscrimination laws to address
Black women’s distinctive, intertwined experiences of racism and sexism (Wang, 2023),
the framework of Intersectionality examines the relationships between overlapping social
identities (e.g., based on gender, race, ethnicity, ability, etc.) and the related structures
that create and perpetuate systems of oppression. As social identities intersect at the
individual level (e.g., race and gender), experiences at those intersections are influenced
by larger interpersonal and structural systems of oppression such as racism and sexism
(Bowleg, 2012; Collins, 1995).

According to Hankivsky (2014), the central tenets of Intersectionality assert that:

- human lives cannot be reduced to single characteristics;
- human experiences cannot be accurately understood by prioritizing any one single

factor or constellation of factors;
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- social categories/locations, such as race/ethnicity, gender, class, sexuality and ability,
are socially constructed, and dynamic;

- social locations are inseparable and shaped by interacting and mutually constituting
social processes and structures, which, in turn, are shaped by power and influenced
by both time and place; and,

- the promotion of social justice and equity are paramount.

Echoing these principles and building on the work of Jiménez-Castellanos and
Garcia (2017) who conceptualize the “multiple lived realities of an English Language
Learner” in a mosaic (Figure 1, p. 436), the theoretical framework in Figure 2.1 represents
students’ English language proficiency, driving students’ subsequent status as an English
Learner (for at least another academic year) as another socially constructed category that
is nested within structures, policies, and practices at all the levels of the education
system.'? Students’ status as an English Learner is therefore centered in a vortex of
institutional %3, i.e., state-, district-, and school-level factors that interact with ELs’ multiply-
overlapping social identities in different and dynamic ways.

Following other researchers who focus on lines of inquiry aimed at disrupting
political and structural inequities in educational opportunities (Artiles, 2013; Bonilla-Silva,
1996; Cho et al., 2013; Hankivsky et al., 2019; Kanno & Kangas, 2024; Sahakyan &
Poole, 2023; Schissel & Kangas, 2018) English Learner students’ academic outcomes
and disparities in this analysis are examined, contrasted, and interpreted within the

context of an educational system that has a profound effect on students by assigning

12| addition to the three core components of ethnicity, language and class, and race, Jiménez-Castellanos and
Garcia (2017) add intersections with religion, gender, race, and immigration status (figure 1, p. 436).

13 Welton et al., (2018) underscore the appropriateness of the term “institution” as historical unspoken norms and
social agreements become “instituted” or developed over time.
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membership to subgroups through various state-, district- and school-specific EL

identification, instruction, and reclassification policies.

Figure 2.1. Theoretical Framework: English Learners’ Intersectionality.
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Following the tenet of Intersectionality highlighting the importance of striving for

social justice and equity, it is only natural to demand that these systems be held
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accountable for and better address the increasingly disparate outcomes that are
subsequently demonstrated by many marginalized and vulnerable students.

Further, the tenets of Intersectionality are closely aligned with the guiding
principles of Quantitative Critical Race Theory (QuantCrit), which is a framework that
integrates the critical examination of race and inequality with quantitative methodologies
(Garcia et al., 2017; Castillo & Gillborn, 2023; Tabron & Thomas, 2023). While both
Intersectionality theory and QuantCrit involve examining how power structures can further
marginalize vulnerable communities, and insist on the non-neutrality of the data and the
socially-constructed nature of (ethnic and racial) categories, QuantCrit situates race, and
as in the application of the present study — (Hispanic) ethnicity — at the center of
discussion, making it explicit that findings must be interpreted within the context of
historical, economic, and structural inequalities (Bonilla-Silva, 2015; Zuberi, 2001).

Consistent with prior research that has documented considerable variability across
states, districts, and even schools in which EL students are identified, educated, and
reclassified (Cimpian, et al., 2017; Linquanti & Cook, 2015; Kieffer & Parker, 2016; Kim
et al., 2018; Estrada & Wang, 2018; NASEM, 2017; Villegas & Pompa; 2020), this work
contributes to the literature by providing evidence that many student subgroups that share
the overarching “English Learner” designation report consistently disparate educational
outcomes, and that institutional contexts matter in how these disparities are shaped and
affected. The included variables reflecting students’ reported identities and their
intersections are some examples of individual-level factors that can help surface ways in
which inequitable educational opportunities, and subsequently disparate academic

outcomes, are manifested for many English learners.
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Moreover, in addition to the individual identities shown in Figure 2.1 (and others
that are not listed), there are other important factors and circumstances that can impact
EL students’ proficiency. Depicted in the grey zone in white font, some examples of such
factors are the types and/or the quality of the language support programs (LIEP) EL
students are enrolled in, or the impacts of other in- and out-of-school supports for
academic learning as provided by ELs’ teachers, peers, and parents, all in turn potentially
moderated by the students’ and families’ socio-economic status (Kao and Thompson,
2003; Le et al.,, 2024; Mavrogordato & White, 2017; Schmid, 2001). These various
impacts and effects interact at varying degrees with individual-level and institutional-level
factors and shape English learners’ outcomes, as typically measured through various
standardized assessments which are administered in English, and in turn have been
criticized for not capturing students’ true abilities (Acosta et al., 2020; Faulker-Bond &
Sireci, 2015; Solérzano, 2008).

Differently colored overlapping circles in Figure 2.1 are intended to highlight some
of the intersecting identities that are pertinent to the education of ELs at the individual-
level, and that this analysis explores. Not labeled in Figure 2.1 are the many overlapping
regions that are multiply-highlighted and shaded by the “higher-level” identities. For
example, students identified as ELs (at the center of the graph) can also simultaneously
be located at intersections of various races and Hispanic ethnicity, or at the intersection
of ethnicity and gender, or ethnicity and disability, both also considered herein. While this

dissertation explores some of these overlaps, as detailed in the conceptual model in the
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next chapter, it is beyond the scope of any single work to investigate the many potentially
relevant doubly-, triply, and multiply-intersecting identities.4

Further, Figure 2.1 presents a simplified view of the overlapping intersectional
identities, in that these are depicted as symmetrical and appear very proportional. The
interactions between overlapping identities and their intersections, and institutional-level
factors are uniquely different for each of WIDA’s three and a half million students that
were captured by the overarching English Learner category and included in the empirical
analyses. Each EL’s collection of circumstances can be viewed as a unique,
kaleidoscopic configuration of many of these multileveled, multifaceted, and intertwined
factors.

Also not captured in this conceptual, two-dimensional Framework of EL
Intersectionality is the ever-important element of time, rendering the multileveled
relationships and interactions presented in Figure 2.1 into a complex, yet simplified
snapshot, centered around ELs’ cumulative English proficiency outcome at the time of
the annual assessment of proficiency. Meanwhile, the Intersectionality lens invites a
special focus on the fluid and dynamic nature of the factors and processes affecting
students’ academic outcomes. Indeed, EL proficiency and status — as shaped by
overlapping individual identities, and manifested though students’ interactions and
relationships with institutional-level factors — is also continuously impacted by dynamic
changes such as a global pandemic that can transform individual circumstances, and

institutional policies, and educational resources in drastic and differential ways.

1 Also not shown in Figure 2.1 is the federal level, which impacts the entire educational system (of ELs)
profoundly. The tremendous variation in the implementation of different types of federal legislation and policies
occurs at the state and lower levels, which are shown in Figure 2 and included in the empirical analyses.
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The intertwined and context-dependent nature of the many multileveled factors,
only some of which are observable, or perhaps measurable only to a certain extent,
complicates rigorous large-scale quantitative inquiries into student outcomes.
Nevertheless, identifying and highlighting disparities in students’ proficiency attainment
over time that may be attributable to factors that we do observe and measure can provide
important insights into the types of systematic inequities that — regardless of the
potentially omitted data — exist, persist, and have increased, especially for more
marginalized EL student subgroups. Leveraging the large-scale data available for
examining many of the multileveled factors, the purpose of this study, therefore, is to
evaluate and quantify differences in outcomes that can be linked to such factors.

The theoretical framework of Intersectionality informs and gives perspective to
several core components of this study. Prioritization and organization of research
guestions on examining existing disparities across many EL subgroups and impacts of
the pandemic on thereof, decisions impacting the analytic strategy, and selection of
specific regression methods, the scope and scale of included data, and the focal variables
of interest that identify intersectional student groups of research interest - have all been
informed and given perspective by the guiding principles of Intersectionality. These
perspectives and connections are further highlighted in the relevant sections describing
the data, methods, analytic strategy, and findings. To make these perspectives and

connections more explicit, | italicize the term Intersectionality throughout this work.
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CHAPTER THREE: METHODS
Introduction and Organization

In this chapter, | present the research design, data sources and underlying analytic
sample, and analytic strategy applied to examine relationships between English Learner
students’ average proficiency, various individual- and aggregate-level factors affecting it,
and the impact of the COVID-19 pandemic on this proficiency.

In the first section, | describe the research questions motivating the study, and the
conceptual model that operationalizes these questions. Next, | offer an overview of the
data, and discuss the key variables of research interest. Presenting the hypothesized
problem statement — i.e., the potentially large and differential impact of the pandemic on
English Learners’ proficiency — in data terms, | provide a descriptive account of the
observed aggregate trends of English proficiency across time, and for focal student
subgroups.

Next, | describe the rationale for applying regression methods to interrogate EL
proficiency outcomes in the context of the COVID-19 pandemic and through the lens of
Intersectionality. Selection of the specific covariates and the regression models for
quantifying relationships and decomposing variations in ELs’ measured proficiency by
individual, institutional, and temporal factors is further explained. The section concludes
with a description of some of the properties and features of the specified regression
models. To aid readers in navigating between the large number of specified models and
presented variables, in these sections | capitalize and italicize the text when specifically

referring to variable or model names.
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Research Questions

Given perspective through the Intersectionality lens and supported by the entire
set of WIDA (online) assessment data, this study aims to identify and quantify potentially
differential impacts of the COVID-19 pandemic on English Learners’ educational
outcomes, while considering the multiple overlapping intersections of students' EL status
with other demographic, educational, and institutional characteristics. To identify any
differential impacts of the pandemic on potentially disparate outcomes, we must first
guantify the average impact of the pandemic on EL proficiency, as well as any existing
disparities between EL subgroups before the pandemic. As these estimates become
available, the impact of the pandemic on the disparities can be assessed by comparing
the respective differences in the estimated relationships before and after the pandemic.
Therefore, the research questions on differences in average proficiency due to the
pandemic and other individual and aggregate factors are as follows:

- RQ1: What was the impact of the COVID-19 pandemic on English Learners’ average
proficiency in the context of (controlling for) individual- and institutional-level factors?

Individual-level factors:

- Disparities across ethnicity (Hispanic) and race (for Asian, African/Black, Native
American, Pacific Islander or Native Hawaiian, Mixed or Multiple Races, or No
Race Reported/Missing);

- Impacts of Time as EL; differences by Newcomer, LTEL, SLIFE, Gender, IEP and
Migrant Status, and LIEP Refusal,

- Intersections of Hispanic and Newcomer, Hispanic and LTEL, Hispanic and
Female, Hispanic and IEP, Hispanic and Migrant, and Hispanic and LIEP.

Institutional-level factors:

- Variations in proficiency due to Schools, Districts, and States.

- RQ2: How did the COVID-19 pandemic impact each of these disparities and factors?
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Conceptual Model

The conceptual model shown in Figure 3.1 is closely aligned with the theoretical
framework of Intersectionality of English Learners presented in Figure 2.1. It applies an
EL subgroup-centered approach in considering the impact of the COVID-19 pandemic on
students’ proficiency within the context of individual, temporal, and institutional factors

available for empirical analysis through the unique dataset described in the next chapter.

Figure 3.1. Conceptual model: Impact of COVID-19 on EL Proficiency in the context of
Intersectional identities and institutional-level factors.
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Some of the omitted classroom-level variables such as teachers, programs, and
peers could be viewed as institutional-level factors that are further nested within schools,
districts, and states, grouping sets of students across more levels of structural
hierarchies.'®> However, the lack of data on these variables in the WIDA dataset forces
me to leave their impact on ELs’ proficiency unidentified and unexplored, and therefore
(potentially partially) “absorbed” among other included covariates at the individual and
institutional levels. Moreover, there are other potentially important, yet not measured and
omitted individual-level variables, such as SES, family composition and education that
likely impact students’ proficiency outcomes across and within various subgroups.
Despite these potentially omitted and absorbed factors, an empirical examination of EL
proficiency that is based on longitudinal data for the entire population ELs in WIDA states
and leverages an Intersectionality lens can inform policymakers and educators on
important disparities in outcomes. Importantly, findings from this empirical inquiry can
highlight differences in ways various student groups are being underserved by an
educational system that has been rendered even more ineffective — and in an especially
amplified way for specific student subgroups — by the COVID-19 pandemic.

The analysis of these multi-faceted research questions is complicated by the
incredible diversity of the English Learner population enrolled in public K-12 schools
across the 34 WIDA states included in the analysis. The vast scale of data on millions of
students examined across diverse geographic and demographic contexts, and the large

number of individual-level covariates/subgroups and their interactions add further

15 From an assessment design, or psychometric perspective, grade-, or cluster-level effects could also be
considered as a level of nesting, further grouping students into test forms of different difficulty. This is left as an
area for future research.
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complexity to the analysis. Given the different and dynamic ways school-, district-, and
state-level policies interact with various components of ELS’ education and affect their
educational outcomes, addressing the research questions require large amounts of
reliable and consistent data across contexts and time, a step-by-step analytic process,

and iterative reflection. The next sections present these components.
Data

In this section | describe the source of the data and the variables included in the
study. To begin, | provide some geographic and historical context for the population of
students taking the ACCESS English language proficiency assessment across the WIDA
Consortium and present a short description of how English Learners’ test scores and
other demographic data are measured, collected, merged, and stored in the ACCESS
Longitudinal Dataset. Next, | outline the data inclusion and exclusion criteria, provide
detailed information on the dependent variable measuring students’ overall proficiency,
and the independent variables that are central to the analyses. | provide connections with
some of the emerging empirical evidence and outline observed differences and
similarities in general trends. Tables and figures examining students’ performance across
years and subgroups of research interest are given, with a specific focus on average
differences in pre- and post-pandemic outcomes measuring student proficiency. Next, |
present descriptive evidence of average subgroup disparities in the proficiency outcomes
between EL students identified as Hispanic and their non-Hispanic EL peers. The chapter
concludes with a presentation of the distribution of students across ethno-racial
categories using the interaction of students’ ethnicity and race for a more nuanced and

accurate identification and estimation of disparities across intersectional EL identities.
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WIDA and ACCESS for ELs

Almost all the empirical research on English Learners opens by reporting that about 10%,
or roughly five million EL students are annually enrolled in US schools. This study
examines English proficiency outcomes reported by about a quarter of the national
population, annually enrolled in schools across WIDA Consortium (WIDA) states in the
period spanning 2017-2023.

The WIDA Consortium is currently made up of 41 U.S. states, territories and
federal agencies dedicated to the research, design, and implementation of a high-quality,
culturally, and linguistically appropriate system of standards and assessments that is
intended to support English Learners in K-12 contexts (Figure 3.2). WIDA was established
in 2003 after the authorization of NCLB (2001), when an Enhanced Assessment Grant
(EAG) was awarded to the Wisconsin Department of Public Instruction, WIDA’s first

home.16

16 The name WIDA originally stood for the four states on the grant proposal: Wisconsin, lllinois, Delaware and
Arkansas. Today, the name WIDA has come to represent the entire WIDA Community of states, territories, and
federal agencies.
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Figure 3.2. Map: WIDA Consortium Member States, 2023.’
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Funded by the grant, WIDA developed the 2004 WIDA English Language
Proficiency Standards, which served as the basis for the ACCESS for ELLs assessment
of English Language Proficiency. These standards were aligned to the academic content
standards of the members of the WIDA Consortium and adopted by Teachers of English

Speakers of Other Languages (TESOL) (Fox & Fainbairn, 2011). Based on these

7 Map adapted from: https://wida.wisc.edu/memberships/consortium. Washington became a member of the
consortium in 2021 and is not included in the study. Northern Mariana Islands, US Virgin Islands, Bureau of Indian
Education and US DoDEA were excluded from the analytic sample due to substantial rates of (non-randomly)
missing demographic data, or other data on ethno-racial demographic information that was focal to this analysis.
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standards, ACCESS for ELLs® was launched in 2005 under the direction of the Center
for Applied Linguistics (CAL), the principal developer of the assessment. In 2006, WIDA
moved to its current home at the University of Wisconsin—Madison, within the Wisconsin
Center for Education Research. At UW-Madison, WIDA expanded and improved its
comprehensive system of assessments, the core one being its suite of large-scale English
language proficiency tests for K-12 students: ACCESS for ELLSs. Itis a central component
of WIDA’s comprehensive, standards-driven system that supports the teaching and
learning of ELs. ACCESS is a standards-referenced test, which means that student
performance is compared to English language development standards WIDA has defined.
Important for the design of the study, performance is not capped; any student can achieve
any score, in any given year. Students’ performance is not ranked against each other, or
against the expected performance of monolingual English speakers.

The ACCESS assessment is not mandated by federal legislation; however, it
meets key federal requirements related to the education of English learners.'® ACCESS
is intended to assess reliably and validly the English language development of English
learners in Grades K-12 (WIDA Consortium, 2012). One of the purposes of ACCESS is
to monitor student progress in English language proficiency on a yearly basis, and to
serve as one of the criteria that educators in WIDA states consider as they determine

whether English Learners have attained an English language proficiency level that will

18 More specifically, under ESSA (2015), states are required to establish English Language Proficiency (ELP) standards
and assessments to measure the progress of English Learners in acquiring English language proficiency. ESSA, Section
1111(b)(2)(G). The ACCESS for ELLs Online assessment, developed by WIDA in 2016, has been used in WIDA
Consortium states to fulfill this requirement.
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allow them to meaningfully participate in English language classroom instruction.'® The
design, configuration, review, and administration of the ACCESS annual high-stakes
English language proficiency assessment is an immense effort and is coordinated
between WIDA, housed at the UW-Madison; an assessment vendor (Data Recognition
Corporation) headquartered in Minneapolis, MN; the Center for Applied Linguistics (CAL),
located in Washington, DC, as well as thousands of school districts in a consortium of
over 40 state educational agencies.?® A rigorous and detailed 750-page technical report
is provided annually, describing the psychometric methods, analytic processes, and
operational steps undertaken to ensure a high-quality, reliable, and consistent
assessment instrument (WIDA Annual Technical Report for ACCESS for ELLs Online
English Language Proficiency Test Series 503, 2021-2022 Administration).?!

Further, a Bias and Sensitivity Review Panel ensures that test items and tasks are
free of material that might favor any subgroup of students over another on the basis on
gender, race/ethnicity, home language, religion, culture, region, or socioeconomic status,
and/or be upsetting to students. Additionally, CAL uses differential item functioning (DIF)
analysis to investigate whether factors extraneous to English language proficiency (i.e.,
the construct being measured on the test) may have influenced some students’

performances on items. DIF attempts to find and filter out test items that may be

1% Overall composite proficiency levels (computed based on the overall composite scale scores) at which ELs are
considered for reclassification vary across states; albeit the degree of the variability in reclassification criteria has
decreased since the adoption of the ACCESS for ELLs Online assessment across WIDA states in 2016.

20 Further, the Consortium provides online test administrator training courses, sample items, tasks, and rubrics in
order to facilitate classroom activities tied to the standards and representative of the kinds of language production
expected on the ACCESS for ELLs.

21 WIDA Annual Technical Report for ACCESS for ELLs Online English Language Proficiency Test Series 503, 2021—
2022 Administration, (2022); Annual Report No 18A. Prepared by the Center for Applied Linguistics; Retrieved
from: https://wida.wisc.edu/sites/default/files/resource/ACCESS-Online-ATR-2021-22-redacted.pdf
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functioning differently than intended for specific student subgroups. Importantly, and
pertinent for the methods applied in this report, DIF analyses are implemented for the
ethnicity and gender variables, targeted at reducing differential item functioning for
Hispanic vs non-Hispanic and Female vs Male students.

In sum, the ACCESS Online assessment is a reliable, multi-stage, semi stage-
adaptive test, based on a modified linear Rasch (1960) model.?? The above-discussed
reviews, administrative processes, and psychometric analyses are aimed at ensuring a
high-quality, reliable, consistent, valid, and equitable language proficiency assessment.
As such, WIDA’s ACCESS for ELLs Assessment has been used nationally across over
40 states and US territories (as well as internationally) over the last two decades and has
been hailed as the standard in English language assessment by many renowned
researchers in the field (Fox & Fairburn, 2011; Kenyon et al, 2007). The data underlying
the analysis is based on assessment scores and demographic data on all students
identified as English Learners in WIDA states. The next section provides a brief
description of the ACCESS longitudinal dataset containing the variables of research

interest.

22|n a fully computer-adapted test a subsequent item is easier or harder depending on answer accuracy. A drawback
to this type of approach is that it requires extended testing sessions to have sufficient reliability (MacGregor et al.,
2022). WIDA’s multi-stage adaptive (MST) framework allows for sets of questions to be analyzed together, and based
on student performance, offer up the next module (with subsequent sets of questions). Technical statistics on the
reliability, consistency, and validity of the test can be found in the technical report provided in the previous footnote.
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ACCESS Longitudinal Dataset 23

The analytic sample consists of test scores from the entire population of English
Learners who have taken the ACCESS for ELLs Online (ACCESS) assessment across
WIDA states and includes some demographic and assessment-related data on English
Learner students taking the assessment. Inspired by the Intersectionality lens and aiming
for generalizability of findings across the WIDA Consortium, | cast the widest possible net
on the scale and scope of the data across space and time, including as many school
years (2017-2023), geographic locations (34 WIDA states), and demographic variables
as the quality of the reported data allows without compromising the research design. Due
to differences in how some of the data is reported and collected, this required finding a
balance between the scale and the scope of the data. For example, the analytic sample
does not include ELs in kindergarten, where the ACCESS assessment is administered as
a paper test. Even though including the paper test would further bolster the sample size
and likely increase the already extremely high estimated precision parameter estimates,
this would come at the cost of losing several variables of interest, such as students’ age
and the duration identified as an English Learner, which are not recorded as accurately
in the paper version of the assessment.?*

Many other student-level demographic variables are recorded in the ACCESS
longitudinal dataset (such as students’ native language, type of LIEP program, 504 status,

etc.). However, due to inconsistent reporting across states and other factors affecting

23 The analysis contains no identifiable state-, district-, school- or individual-level information. This research has
been approved by the University of Wisconsin-Madison Education and Social/Behavioral Science Institution Review
Board (IRB # 2013-0558) in accordance with federal regulations, state laws, and local and University policies.

24 Sensitivity analysis revealed that including the paper test results in the analysis does not substantially alter the
findings regarding the average impact of COVID-19, as well as on subgroup disparities.



38

data quality, these variables could not be included in the study. Future research will
examine the feasibility of analyses focused on these variables, potentially based on data
from more localized settings where data may be of higher quality. Further, while WIDA
started administering ACCESS as an online assessment in 2016, data from this school
year is excluded from the study, as a) this was the first year an online assessment was
administered across the Consortium, b) several states joined WIDA in 2017, c) a new
standard-setting was conducted in 2016, reflecting the higher rigor of Common Core
standards (Sato & Thompson, 2020) on 2016-2017, and subsequent ACCESS scores.
The 34 WIDA states included in this study were part of the Consortium throughout
the period examined in this study spanning the school years 2016-17 (SY 2017) to 2022—
23 (SY 2023). Altogether, the analytic sample includes just under three and a half million
EL students’ records of measured English proficiency across a period of multiple years,
spanning both pre- and post- COVID-19 academic school years. Students’ records are
connected longitudinally, providing just under ten million student-by-year observations of
English proficiency, as measured by Overall Composite Scale Scores, for all students
identified as English Language Learners enrolled in grades 1-12 across the WIDA
consortium. Therefore, for each school year considered (2017-2023), all students
included in the study are “active” ELs by design because they took the ACCESS
assessment at least once.?® In addition to the test score data on English proficiency,
individual-level demographic variables such as students’ age, gender, race, ethnicity, as

IEP status (Individualized Education Plans), migrant status, and waiver status (students

%5 |n other words, the analytic sample does not include current data on “former” ELs for a specific year, as they did
not take the ACCESS assessment. Also unavailable is data on students who move out of the state or country.
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whose parents refuse English language support services) are also available and included
in the analysis as independent variables. The data on these variables has two sources:
a) the WIDA Assessment Management System, enabling ACCESS test administrators to
input data on students’ reported demographic information during the annual assessment
of their English proficiency, and b) state education departments across the WIDA
consortium that receive these data annually, review and correct it if needed, and share it
back with the WIDA Consortium based on a Memorandum of Understanding, for
additional data validation, psychometric, assessment research, and test development
purposes. Each year upon the completion of the ACCESS assessment administration,
WIDA checks, processes, and merges these records with existing data from the previous
ACCESS administrations according to a matching algorithm based on students’ first and
last name (removed from research datasets for confidentiality and privacy purposes),
birthdate, and other demographic data. Descriptive statistics for these variables are given

at the end of the Data section in Tables 3.9 and 3.10.

English Learners’ Average Proficiency: Overall Composite Scale Scores

English Learners’ proficiency, as measured by their Overall Composite Scale
Scores (CSS) is the focal variable of interest in this study, shown centered in the middle
of the theoretical framework (Figure 2.1) and impacted by COVID-19 in the conceptual

model (Figure 3.1). CSS is computed as a weighted average of students’ scores in four
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individual language assessments in the domains of reading (35%), speaking (15%),
listening (15%) and writing (35%).2°

The analytic sample, therefore, includes only those students who have completed
all four domains of the ACCESS online assessment. Each of the 3,391,969 unique EL
students in the dataset reported at least one measurement of CSS in the dataset,
recording their overall English proficiency at a certain point in time (limited to academic
years 2017-2023), as tested in a specific WIDA school, district, and state where their
annual ACCESS online assessment took place.?’ Table 3.1 presents the distribution of
WIDA'’s English Learner student population across grades 1-12 and tested in years 2017-
2023.

Table 3.1. WIDA'’s EL population across grades (1-12) and years (2017-2023).

Pre- COVID-19 Post- COVID-19 Total
Grade/Year
2017 2018 2019 2020 2021* 2022 2023 (Grades)
1 161,884 173,593 181,012 174,515 141,732 181,047 183,803 1,197,386
2 165,545 178,086 185,830 180,923 144,072 183,002 181,955 1,219,413
3 173,951 184,300 185,973 178,447 143,678 182,746 177,660 1,226,755
4 115,999 175,786 178,699 171,854 137,797 179,372 171,210 1,130,757
5 34,876 114285 | 142,832 | 137687 | 107205 | 154498 | 140440 | 281,369
] 72,837 83,399 102,140 112,808 84,991 124,670 121,746 704,591
7 74,444 81,202 91,017 101,836 83,456 117,730 122,276 673,981
B 73,644 79,429 84,117 88,073 75,329 119,363 114,907 634,862
9 92,048 90,105 96,070 99,133 b4, 788 126,354 131,558 700,056
10 01,764 82,934 79,431 78,015 57,561 86,507 106,638 552,850
11 43,395 59,322 70,319 64,028 46,166 72,648 75,763 431,641
12 29,257 40,471 50,506 55,073 34,060 58,690 61,474 329,531
Total (Years)| 1,149,644 1,344,912 1,447,996 1,442,432 | 1,122,835 | 1,586,643 1,589,430 | 9,683,892

26 While the ACCESS assessment is untimed, WIDA suggests the following durations for test sessions: reading (60
minutes), listening (65 minutes), speaking (50 minutes), and writing (90 minutes). The full assessment, therefore,
takes an EL student an average of 265 minutes to complete, but can be spread over several days (WIDA, 2021a).
27 Future research will examine the impact of COVID-19 on students’ outcomes in the individual language domains.
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Taken annually by all students identified as ELs in WIDA states, the ACCESS
assessment was administered “during COVID-19”, i.e. in the academic school year of
2021. However, not only did COVID-19 force closure of schools and transition to remote
or hybrid instruction at differing times, to varying degrees, and for differing durations
depending on the geographic locale and other socio-economic, political, and biological
factors, but the states’, districts’, and schools’ responses to the myriad of challenges
brought about by the pandemic were also varied and context-dependent. Such responses
included states’ requesting of waivers from the annual ACCESS assessment of students
in entirety, or intentionally testing only potentially higher-performing subgroups, or shifting
and/or extending the states’ and districts’ otherwise regular annual testing cycles.
Altogether, in the 2021 academic school year an estimated third of the EL student
population was not tested due to various pandemic-induced reasons, while most, if not
all ELs that were tested in 2021 took the ACCESS assessment under unprecedented and
irregular circumstances. Despite these factors potentially introducing higher uncertainty
and larger measurement errors to the analysis, including students’ test scores from the
2021 school year in the analytic sample provides longitudinal continuity to many of the
student records across the seven-year timespan (Table 3.2), while excluding these
records does not significantly alter the findings.

Table 3.1 shows that WIDA’s English learner population is disproportionately
spread out across grades. Most of EL students are enrolled in earlier, elementary-level
grades, as every year new students enroll in US schools and are identified as English
learners, while (fewer) others who received high scores on their previous ACCESS test

are reclassified (sometimes subject to additional state-defined criteria), exiting both EL
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status and the ACCESS longitudinal dataset before reaching middle or high school. Table
3.1 also shows that but for the substantial dip in the academic year of 2020-21 when the
pandemic began, the number of tested ELs has gradually increased from a total of about
1.1 million in 2017 to about 1.5 million in 2023. This observed increase in the overall
English Learner population has to do with national demographic patterns and immigration
trends and is likely bolstered by the growing numbers of English Learners who continue
to be identified as ELs for extended, and increasingly longer periods of time. 28

Vertical Scaling of CSS and Grade Fixed effects

Overall Composite Scale Scores (CSS) range from 100 to 600 and are vertically
scaled, thereby enabling comparisons of students’ proficiency across different grades.?®
These vertical scale scores are used to compare “equivalent knowledge across grades”,
as well as to monitor an individual student’s yearly growth (WIDA, 2022, p. 5). In other
words, a CSS of 300 is calibrated for, and intended to reflect a “similar” level of language
proficiency, regardless of the grade the student is attending. Furthermore, the ACCESS
Online assessment is grade-level cluster-based (1-2, 3-5, 6-8, and 9-12), so ELs within
specific grade clusters take (computer-adaptive) test forms of similar difficulty.

These factors ameliorate potential issues with respect to comparability of scale
scores representing English proficiency of EL students in different grades from a
statistical validity standpoint. However, due to the cumulative nature of the process of

language acquisition, and the relatively large differences in average composite scale

28 As stipulated by federal non-regulatory guidance, after five years in a language support program, these English
Learners should be accounted for and reported by schools and districts as long-term ELs.

2 Vertical scaling of scores is accomplished by an equipercentile linking process, with grade 6 scores centered at
the middle of the distribution (ref).
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scores across grades reported in Table 2, the descriptive data and graphical evidence is
aggregated by grade, while the regression analysis described in the next section is
performed using grade fixed-effects. This approach makes sure that students’ outcomes
are effectively being compared within grades, or more precisely, taking into account
average grade-level differences that may be inherent to the English language
development and measurement processes, independent of the vertical scaling.

CSS: Rounding and Formatting

In the WIDA dataset, CSS are constructed though a weighted average of students’
performance in four individual language domains of reading, speaking, listening, and
writing. Overall CSS points are rounded to the closest integer and reported as a single
point within a confidence band, termed the “conditional standard error of measurement”
(CSEM). This designates a single point as the smallest reported unit of difference
between scores at the individual, student-level. Scale scores allow the difficulty of items
to be measured using a common test construct, resulting in correlated scale scores
across tests and across kindergarten through 12th grades (Gottlieb & Kenyon, 2006;
Gottlieb et al., 2007).

Moreover, in any given year for many English learner students taking ACCESS a
difference of a single CSS point in measured proficiency can mean the difference
between the attainment of (state-defined) reclassification-level proficiency and
subsequent exit from EL status, or conversely, another year in language support services,
with another ACCESS test upcoming in the next academic year. Due to these reasons,
leveraging the tremendously large sample sizes resulting in very precise estimates, in the

reporting of descriptive statistics and parameter estimates of regression models, | also
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report CSS points rounded to the nearest integer. This approach achieves better legibility
in the comparisons of results from multiple models and dozens of covariates without loss
of nuance or generality and draws attention to more meaningful changes and trends, or
lack in thereof. Decimal points are shown only for the focal parameters of research
interest, and when highlighting notable differences across various model specifications or
subgroup outcomes. 30 For similar purposes, in presentation of graphical evidence and
descriptive trends informing the research questions on the impact of COVID-19 on EL
proficiency subgroup disparities, | use conditional formatting. Regardless of the outcome
being examined, in this and following tables red, yellow, and green shading is used to

”

indicate relatively “low”, “medium” and “high” numbers, respectively. This type of
representation is superior to line or bar charts, which can become very busy and
overwhelming when presenting data for 12 separate grades, multiple subgroups of

students, and several academic school years.

CSS: Descriptive Statistics

Table 3.2 presents descriptive statistics on ELs’ average scale scores using

conditional formatting (based on grade).

30| also show decimal points when the estimate would otherwise be rounded and show ‘0’. Precise estimates are
provided in Appendix A.
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Table 3.2. ELs’ average proficiency across grades (2017-2023 average).

Grade Mean 5td. dev. Min Max Freq.

1 274 33 120 an9 1,197,586
2 300 33 129 114 1,215,413
3 318 36 146 423 1,226,755
4 347 35 145 465 1,130,757
5 352 38 155 459 831,369
b 337 33 204 476 704,591
7 343 36 189 470 673,981
a8 349 39 196 454 634,862
q 354 38 224 493 F00,056
10 361 36 211 490 552,350
11 367 35 211 493 431,641
12 368 34 227 495 329,531

Average 331 46 - - 9,683,892

The first column in Table 3.2 shows that the proficiency of English learner students
increases from an average CSS of 274 in grade 1 to 368 in grade 12, as active ELs (i.e.,
those who do not get reclassified or drop out) progress through the grades and acquire
higher levels of academic English. The dip in average proficiency in middle grade schools,
reverting the monotonicity in the increase, is likely due to the large number of higher-
proficiency students exiting the EL status (and the analytic sample) before middle school,
as well as the jump in academic expectations in middle school as compared to elementary
school, which is also reflected in ACCESS scaling. Despite the aggregation across time,
standard deviations are relatively stable across grades, ranging from 33 (in grade 1) to
39 overall composite scale score points (in grade 8).

Table 3.3 presents EL’s average proficiency across time, for the school years

2017-2023, and grades 1-12.
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Table 3.3. EL’s average overall composite scale scores by grades school years.*!

Grade / Pre- COVID-19 pre-covid| ~ Pest- COVID-19 {I:):jutd Trrrr
WL 2017 2018 | 2019 | 2020 | AVE'BC | 2p21* | 2022 | 2023 Average R
1 283 282 279 277 280 270 | 284 | 285 | 266 14
2 302 306 304 304 304 298 | 293 | 295 | 295 9
3 320 323 322 322 322 316 | 312 | 3112 | 313 9
a 342 352 351 351 349 344 | 344 | 282 | 343 I
5 347 354 357 356 354 249 | 351 | 347 | 340 5
6 336 339 341 340 339 335 | 337 | 333 | 335 4
7 344 345 345 344 345 343 | 341 | 240 | 3m 3
8 351 351 350 349 350 349 | 348 | 3ma | 347 4
9 355 359 358 352 356 359 | 351 | 351 | 3852 3
10 359 366 365 362 364 361 | 360 | 336 | 359 5
11 364 370 371 369 369 368 | 364 | 362 | 364 5
12 368 371 371 370 370 370 | 367 | 383 | 366 4
Average| 320 334 335 334 333 329 | 329 | 327 | 328 5

The conditional formatting capturing across-time differences in average proficiency
for each of the grades depicts consistent patterns of a large and sustained impact of the
pandemic on average proficiency after the 2020 academic school year, for each of the
grades 1-12. Importantly, Table 3 provides descriptive evidence that there is little variation
in average EL proficiency across years when pre- and post-pandemic years are
considered separately. Annual differences in average proficiency have been rather
consistent within grades, ranging from 1 (in grade 7) to 9 (in grades 4 and 5) CSS and
exhibiting an increasing trend before the pandemic and a decreasing trend after the
pandemic. This within-grade consistency of scores across time enables descriptive
comparisons of pre- and post-COVID-19 averages, which confirm a substantial impact of
the pandemic for each of the grades, presented in the last column of the table. Notably,

due to the impacted sample in 2021 missing about 30% of observations (not at random)

31 conditional formatting in this table captures differences in scale scores temporally (across years).
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due to the ongoing pandemic, the post-pandemic averages are likely overestimates, while
the COVID-19 impact estimates (pre-post differences in average scales scores)
presented in the last column are underestimates. The aggregate (averaged across
grades), impact of the pandemic on ELs’ proficiency is estimated at about -5 CSS, with
the larger learning losses reported in earlier grades (a decline of 14, 9 and 9 CSS in
grades 1, 2 and 3), enrolling the largest proportion of the EL population. Average declines
in scores were smaller in grades 4-12, ranging from 3 to 6 CSS.

Finally, and perhaps most worryingly, the estimates highlighted in dark red shading
in the last column of Table 3.3 call attention to the fact that English Learners’ average
proficiency is still declining, and for the most recent assessment of students in 2023 was

at its recorded lowest since 2017.

Disparities in Hispanic vs non-Hispanic EL Proficiency

Next, as preliminary descriptive evidence of hypothesized subgroup disparities
and how they were impacted by the pandemic, Table 3.4 provides a first view at by-grade
and by-year differences in average proficiency by Ethnicity identification. More

specifically, it juxtaposes Hispanic and non-Hispanic English Learner students’ outcomes.
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Table 3.4. Subgroup disparities between Hispanic and non-Hispanic ELs by grade and
years.

Grade Disparity Pre-COVID-19 Pre-.ct}\fl[.)-lg Disparity Post-COVID-19 Post-.{:l:}\ﬂ.[}-lg Impact [:-T Cﬂ\.r'-ID-lg
Year 2017 | 2018 | 2019 | 2020 H.mpa'?'c 2021% | 2022 | 2023 H.'Spar."c o .HISPE.'M
Disparity Disparity Disparity

1 -9 -10 | -10 -13 -11 -16 -17 -16 -15 -4

2 =7 =E -9 12 -9 -14 -15 -14 -13 -4

3 -5 -7 -7 -10 -7 -11 -13 -13 -11 -4

4 -4 -4 ] -4 -9 -9 -8 -8 -4

5 =z -l 5 -2 7 7 -6 -5 -3

6 =z -3 2 -5 -3 -5 -5 5 -5 -1

7 -4 -5 -5 -7 -5 7 7 -7 -b -1

8 -4 -5 -5 -9 -6 8 -8 7 -7 -1

9 -6 7 -6 -13 -8 7 9 -9 -8 0

10 -8 -8 -7 g -8 9 -10 -10 -9 1

11 9 -8 -5 -6 -7 -7 -10 -10 -8 -1

12 -6 -8 -5 -4 -6 -3 -8 -10 -7 -1
Average -5 -6 -5 -7 -6 7 -3 -3 -7 -2

The last column of Table 3.4 presents the pre- vs post- COVID-19 disparities in
the average proficiency of Hispanic versus non-Hispanic identified English Learners for
each of the grades 1-12 and aggregated across grades in the last row. Table 3.4 shows
that while disparities between Hispanic and non-Hispanic students’ proficiency existed in
each of the grades 1-12 prior to the pandemic, these disparities increased after the onset
of the pandemic with the exception of grade 9. Interestingly, the data indicates that
average disparities by ethnicity increased even in 2020, warranting a more rigorous
examination of these descriptive aggregate trends. Overall, the disparity between
Hispanic and non-Hispanic students (averaged across grades) has slightly increased,
with the larger disparities reported in elementary school grades (1-5).

These comparisons of average disparities across ethnic subgroups are estimated

without regard for the students’ race. In other words, the outcomes of ELs who are



49

Hispanic and White are grouped with those who are Hispanic and Asian, and Hispanic
and Native American, etc. However, while this oversimplification requests further
unpacking, it cannot be remedied though dozens of tables disaggregated both by ethnicity
and race. Instead, | address the intersection between ethnicity and race through the use
of regression models (described in the section on the analytic strategy), which are better
suited to exploring relationships among large numbers of variables.

In sum, the descriptive evidence presented in Tables 3.3 and 3.4 provides
preliminary evidence of a large and differential impact of the pandemic on EL’s average
proficiency. However, it is important to recall that while the average estimates are based
on millions of observations and are thus reliable in describing aggregate trends, they are
also unconditional estimates (except for the grouping by grades, school years, and ELs’
identification as Hispanic). In other words, these descriptive by-grade and by-year
averages, while informative, could mask potentially important impacts of individual- and
institutional-level factors which are likely relevant for the very diverse population of
English Learner students.

State, District, School, and Student Identifiers

In addition to test scores measuring students’ English language proficiency in a
given academic year, state, district, school, and student identifiers (district, school, and
student numbers) are available for each individual test record, providing complete
information on WIDA’s EL = 3.3 million students’ enrollment and nesting within 43,183
schools, 7,619 districts and 34 states where (and when) the ACCESS annual English
language assessment was administered. State, district, school, and student numbers are

de-identified, but unique and consistent across time, thereby enabling both longitudinal
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and hierarchal examinations of students’ test scores. Having complete nesting
information on each student with respect to the state, district, and school in which they
were enrolled when they took the ACCESS test addresses some of the issues in
examinations of average proficiency that are due to the tremendous heterogeneity in
English learner students’ clustering across and within these different levels. For example,
there are many schools and districts reporting just a handful of tested English learner
students. There are states that have only a few districts, while there are others that have
hundreds. Further, there are many districts that have only one school (with enrolled and
tested EL students), and many more that have dozens. The analytic strategy leverages
this nesting of students within schools, districts, states, as well as the repeated
observations for within students across time, to decompose and quantify variations in
average English proficiency that are related to each of these factors through random-
effects specified at each of the four levels.3?

Figure 3.4 provides a visual description of the nested structure of the data, with
only one state shown for legibility. For similar purposes, the figure also does not depict
the cross-nested nature of the data when considered temporally: many EL students
change schools and districts throughout their academic journey, both as a part of regular
transition from elementary to middle to high schools, but also due to moving. The section
on analytic strategy provides more details on how the mixed-effects regression models

handle this nuance.

32 More granular data with classroom and teacher identifiers could potentially provide a more complete nesting
and enhance the ability to further decompose variations in student performance, for instance by classroom
teacher. However, absence of such data, as well as issues with small(er) samples (at the smallest cluster-levels) and
problems with attribution (of students’ scores to specific teachers) arise, as discussed in Sahakyan and Cook
(2009).
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Figure 3.3. Five-level structure of the data: States — Districts — Schools — Students — Time

LEVEL 5 STATE #1-34
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Time / School Years

The timespan of this study includes the academic years 2017 through 2023,
providing seven school years of annual assessment data on the entire population of
English learners tested online throughout this time-period (Table 3.1). Supported by the
underlying large sample sizes, the included timespan appears relatively long and
potentially sufficient with respect to researchers’ ability to accurately quantify and model
long-term language acquisition process for EL students. 32 However, several factors
complicate approaches that might focus more on estimating long-term growth trajectories
of students over time. One of these factors is the high mobility of the EL student population
being examined, as compared to their non-EL peers. For example, every school year

many students new to the US are identified as “newcomer” English learners and take the

33 Prior research suggests that while there are large contextual differences by students, classroom and school
factors (Slama et al, 2014), on average it takes 5-7 years to reach academic English proficiency (Linquanti & Cook,
2015; NASEM, 2017).
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ACCESS test for the first time, while others, already identified and enrolled in (English)
language instructional educational programs (LIEPs) reach sufficiently high levels of
English proficiency and exit both EL status and the analytic dataset. Other students drop
out of programs and schools before reaching state-defined reclassification-level English
proficiency, or move out of the state or country.>* Moreover, some of these students,
(even a few among those who had previously been reclassified), enroll in the same, or
another state and/or school, and take the ACCESS assessment again, and are
recaptured in the ACCESS dataset.3® This high mobility of EL students is recorded in the
ACCESS longitudinal dataset though intermittently missing observations in the fields
measuring students’ annual test scores on overall proficiency, i.e., overall Composite
Scale Scores (CSS). Therefore, a missing observation of CSS for an EL student in a
particular year could mean that the student has either been reclassified (based on their
high score in their previous year's ACCESS administration), or dropped out of school, or
moved away (out of state or country), or otherwise was not able to take (all four domains
of) the ACCESS assessment.

Reflecting this high mobility, Table 3.5 presents, in order of decreasing frequency,
the top 50 longitudinal patterns of assessment data that have been recorded for the = 3.4

million English learner students throughout the 2017-2023 timespan. Missing data on

34 WIDA is unable to track students who move across states. A matching algorithm is used to track students who
move within states, across districts and schools. EL students who move across WIDA states and take the ACCESS
test again are assigned a new unique identifier by the state and are thus counted newcomer students.

35 Federal legislation requires that school districts must monitor the academic progress of former EL students for at
least two years to ensure that students have not been prematurely exited; any academic deficits they incurred
resulting from the EL program have been remedied; and they are meaningfully participating in the district’s
educational programs comparable to their peers who were never EL students (never-EL peers).
https://www2.ed.gov/about/offices/list/ocr/docs/dcl-factsheet-el-students-201501.pdf



https://www2.ed.gov/about/offices/list/ocr/docs/dcl-factsheet-el-students-201501.pdf

53

students’ overall composite proficiency (CSS) are denoted with a dot, while ‘1’ indicates
the presence of a valid CSS. The presence of pre-COVID-19 observations is identified by
the number 1 in white, for the first four academic years, while post-COVID scores are
marked in red, for the three years after 2020. For example, according to the figures
reported in Table 3.5, the highest frequency pattern is observed for about 12% of students
reporting assessment data only in 2023 (i.e., Newcomer ELs), while an additional 9%
report scores in both 2022 and 2023 school years.

Table 3.5. Longitudinal patterns in ACCESS test-taking: School Years 2017-2023.

n 55 Pattern: L C55 Pattern:

% Cumulative %| Fregeuncy % Cumulative %| Fregeuncy
# 712223 # 112223
1 11.9 11.9 402,122 27 1.1 88.9 35,979
2 9.4 21.2 318,472 28 1.0 89.9 34,971
3 6.1 27.3 206,334 29 1.0 90.9 33446
4 5.8 33.1 196,271 30 1.0 91.9 32,561
5 5.1 38.2 172,821 31 0.9 92.8 31,453
b 4.5 42.7 152,403 32 0.8 93.6 27.881
7 4.5 47.2 151,831 33 0.8 94.4 25,562
8 4.2 51.4 143,621 34 0.5 94.3 15,866
9 4.1 55.5 138,991 35 0.5 95.3 15,142
10 2.9 58.4 98,330 36 0.4 95.7 13,208
11 2.9 61.3 98,202 37 0.3 95.9 8,745
12 2.6 63.9 87,212 38 0.2 96.1 7,225
13 2.4 66.2 80,248 39 0.2 96.4 7,138
14 2.3 68.5 78,081 40 0.2 96.6 6,861
15 2.2 70.8 76,012 4 0.2 96.7 5,430
16 2.0 728 67,065 42 0.2 96.9 5,232
17 1.8 74.6 61,476 a3 0.2 597.0 4,976
18 1.8 76.4 60,185 a4 0.1 97.2 4,780
19 1.7 78.1 59,067 45 - 0.1 597.3 4 460
20 1.7 79.8 57,718 46 -1 0.1 57.4 4441
pa 15 813 50,199 a7 A1 0.1 597.6 4432
2 1.5 82.7 49,322 48 111 0.1 597.7 4. 168
23 1.4 84.1 47,907 49 1. 0.1 57.8 4,074
24 1.3 85.5 45,490 50 111. 0.1 57.9 4,039
25 1.2 86.7 40,783 | 51-127 ANl 21 100.0 70,750
26 1.2 87.8 38,946 | TOTAL 100 100 3,391,969
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The longitudinal patterns of test-taking reported in Table 3.5 also make it clear that
restricting the analytic sample to only those ELs who have non-missing language
assessment data across multiple adjacent years would drastically reduce the sample size.
For example, if the analysis were limited to only those English learner students who have
non-missing observations (of CSS) throughout the entire timespan of the study (pattern
#5), this would imply a loss of about 95% of the sample. In addition to issues with much
smaller sample sizes, limiting the sample to students with assessment data across
multiple adjacent years would also inadvertently shift the focus of the study to “long-term”
ELs.

The high mobility inherent within the EL population, further exacerbated by the
pandemic’s impact on ELs’ assessment in 2021 resulting in a substantially lower number
of tested students across pandemic-adjacent years, lends additional support to the
selected analytic strategy of examining ELs’ English proficiency as measured in a given
year — while additionally controlling for potential individual, temporal, and other effects, as
explained below — rather than long-term language acquisition over time. Examination of
EL student growth, i.e. individual students’ acquisition of English language proficiency
across time, is left as an area for future research. 3¢

Time as English Learner

Frequently cited research conducted by Hakuta, Butler, and Witt (2000) examined
cross-sectional data and found that most students take between 2 and 5 years to develop

oral English proficiency, and 4 to 7 years to achieve English Language Arts (ELA)

36 Instead, the longitudinal structure of the data and the repeated observations across time for are modeled
though student-level random effects and autoregressive (AR1) residuals. (See the Analytical strategy section. | also

test and present a longitudinal specification — Model 3 — for sensitivity analyses and robustness checks).
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proficiency. More recent analyses using survival analysis methods and longitudinal data,
such as those by Conger (2009), Thompson (2015a), and Umansky and Reardon (2014),
have been employed to predict how much time students typically need to meet English
proficiency benchmarks. While using similar analytical techniques, these studies have
shown differing durations, influenced by the varied reclassification criteria set by different
school districts. Specifically, Conger (2009) reports that in New York City the median
duration to attain the required ELP was around 3 years. Research in two large urban
California districts (Thompson, 2015a; Umansky & Reardon, 2014), which factored in
extra benchmarks for reclassification, revealed that the average time to exiting EL status
extended to about 6 to 6.5 years, while over a quarter of students were not reclassified
even after 9 years. Recent research examining data from WIDA corroborates these
variations in time to reclassification and their relationship to both individual-level factors
(Sahakyan & Poole, 2023; Sahakyan & Poole, 2021) and varying reclassification criteria
across states and districts (Sahakyan & Ryan, 2018).

A major advantage of the unique longitudinal dataset underlying this study is that
despite the sample of test scores being limited to the 2017-2023 timespan, English
learner students’ first taking of the ACCESS test can be traced back even prior to 2017
(for states that were part of the Consortium since WIDA's inception in 2006.) 3/ In other
words, while the reported measurements of EL proficiency are first available in 2017,
there is additional data on students’ time that they have been identified as EL, insofar

they have taken ACCESS before 2017.

37 Otherwise, all EL students Time as EL would be (close to) 0 in 2017, and 1 in 2018, and so on. This would render
TEL ineffective as a predictor, as it would be collinear with time, grade, and other temporal fixed effects.
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However, while | can measure very precisely — in days and even minutes — the
time elapsed since the students’ recorded ACCESS assessment in a particular school
year, due to differing academic calendars resulting in an uneven start of instruction across
many schools, districts, and states, it is not feasible to accurately calculate the duration
between the students’ enrollment in a given school/ language support program and their
test date. Furthermore, not all English learner students enrolling in K-12 schools each
year are provided with a secondary language support program immediately upon
identification as English Learners. Given these limitations, for each student taking their
first online ACCESS assessment, the Time as EL variable is calculated assuming a
uniform school and program start date of September 1st. So, for example, if a hypothetical
student’s first ever ACCESS test was recorded on May 1st, 2022, the Time as EL for that
student (in the school year 2022) would be calculated as the interval between the latter
date and September 1st, equaling to 242 days (or 0.66 years). Further, if this same
student took the ACCESS assessment again next year in 2023, their Time as EL would
equal to 1.66 years (assuming another test date of May 1%Y). Indirectly, Time as EL serves
as a proxy variable measuring, in days, the amount of English language development
between test administrations. 3 | also include a quadratic term for this variable to explore
non-linear trends in students’ language development across time, and to capture any
diminishing returns from extended stay in English language support programs and EL
status. Table 3.6 provides the average number of years students were identified as

English learner, by grade and by year. For example, the very first cell of the table implies

38 While this variable is captured with some measurement error, some of this would presumably be absorbed by
school, district, and state-level random effects that are included in the regression analyses.
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that the sample of ELs who were enrolled in the first grade in the school year 2017
reported an average time in program of 1.3 years.3° Following up the results across years,
this estimate does not change substantially from 2017 to 2023 for ELs enrolled taking the
test in the first grade. This is different, however, for ELs enrolled in higher grades.

Table 3.6. Average time as English learner, in years, by grade and school year.

Grade/Year | 2017 2018 2019 2020 | 2021% | 2022 2023 | Grade Average

1 1.3 1.2 1.2 1.2 1.4 1.1 1.2 1.2

2 2.1 2.1 2.2 2.1 2.3 2.1 1.9 2.1

3 2.8 2.9 2.9 2.9 3.1 3.0 2.8 2.9

4 3.2 3.6 3.6 3.6 3.8 3.7 3.6 3.6

& 3.4 3.8 4.2 4.2 4.4 4.4 41 41

L] 3.5 3.9 4.4 4.6 4.9 4.8 4.6 4.5

7 3.6 4.0 4.4 4.8 5.2 5.2 S 4.7

8 3.8 4.1 4.5 4.8 5.0 o7 5.5 4.9

9 3.4 3.8 4.2 4.2 5.2 5.1 5.2 4.5

10 3.5 4.0 4.4 4.7 5.0 5.5 5.4 4.7

11 3.4 4.0 4.6 5.0 5.4 5.0 5.6 4.9

12 3.7 4.1 4.8 54 5.7 6.0 5.9 G.2
Year Average| 2.9 3.2 3.4 3.6 3.0 3.0 3.0 3.6

Importantly, these descriptive estimates of TEL are aggregated (by grade) across
very diverse samples of students across vastly different geographies. Furthermore, they
are affected by complex and unobserved (at this scale) factors such as student mobility,
dropout, and reclassification rates, that in turn vary by ELs’ grade and grade-level cluster,
among other factors. However, recalling the notation of the conditional formatting where
green shading indicate higher numbers, the aggregate trends shown in Table 3.6 suggest

that EL students are staying in language support programs for increasingly extended

39 This estimate is different from 1.0 years to the extent that there are grade 1 English learners who have been
retained a grade.
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periods. This overall trend is especially evident in post-pandemic years and higher grade-
levels. For example, the green shading for the post-pandemic years and middle and high
school grades indicating a range from 4.9 to 6 years of average Time as EL, implies that
more than half of ELs in these grades and years would be captured by the Long-term
label (because they have been in program for 5 years, or longer).

Newcomer and Long-term English Learners

Two additional variables capturing individual-level temporal effects — Newcomer
EL and Long-term EL — are directly calculated from the Time as EL variable. Given the
multitude of contextual issues in serving the unique needs of these at-risk student
populations, a large body of literature discusses the complexities of providing an effective
and equitable education to these students. These two variables are included in the
regression analyses to: a) further improve the precision of the temporal parameter
estimates (since Time as EL is not measured precisely, especially in the first year of
identification, due to the assumption of the uniform school/EL instruction start of
September 1%Y), b) control for any additional effects from taking the ACCESS test for the
first time ever for newcomer students, and c) capture any further (in addition to the
guadratic term) diminishing returns from extended Time as EL - after 5 years, as
stipulated by federal non-regulatory guidance- for “long-term” English Learners.*° In
regression models, the coefficients on both of these variables are expected to have
negative signs, capturing the average lower proficiency of EL students who could be

identified as either Newcomers or LTELs. Tables 3.7 and 3.8 provide the proportions of

40 According to federal non-regulatory guidance, this reporting requirement does not establish a universal definition;
rather, “the reporting requirement under ESEA Section 3121(a)(6) may be instructive in determining which ELs
served under Title Ill are long-term ELs” (U.S. Department of Education, 2016, p. 38).
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Newcomer and Long-term EL students by grade and year relative to the overall student
population in that grade and year.

Table 3.7. Proportions of Newcomer English students by grade and year.

Grade [ Year| 2017 2018 2019 2020 | 2021% | 2022 2023 | Grade Average
1 16 12 13 14 12 24 16 17
2 13 10 10 11 7 12 13 11
3 11 9 9 10 1] 10 12 10
4 15 9 9 10 ] 10 11 10
=) 18 12 10 11 7 11 13 11
6 19 15 12 12 a8 12 14 13
7 15 16 14 14 8 13 14 14
a8 19 15 14 15 & 13 15 14
9 30 22 23 27 13 25 24 24
10 21 15 15 16 10 18 16 16
11 20 15 12 13 9 15 16 14
12 16 12 10 9 7 11 12 11
Year Average 17 13 12 13 8 16 15 13

But for the large dip in the 2021 during-COVID school year, the rates of Newcomer
students have been quite stable within grades.*! The largest proportion of Newcomers is
generally observed in Grade 9, likely due to demographic trends and relatively more
students being identified as ELs for the first time in high school. But for a large increase
in the first grade in 2022 owing to the large number of not tested students in 2021, pre-
and post-pandemic trends in Newcomer rates are not substantially different, with

averages in 2022 and 2023 being slightly higher than those reported across 2018-2020.

41 This may point to a negative Newcomer selection bias, in that some states and districts may have been
purposeful in intentionally assessing the relatively higher proficiency subgroups in the 2021 during-COVID school
year.



60

Table 3.8. Proportions of Long-term English Learners by grade and year.

Grade [ Year| 2017 2018 2019 2020 | 2021% 2022 2023 Average
1 0 0 0 0 0 0 0 0
2 0 i} 0 0 0
3 1 1 1 0 1 0 0 0
4 4 5 5 3 ] 5 4 5
5 32 a7 26 ili] 62 [i5] il L]
b 30 42 a3 60 62 64 61 55
7 29 39 48 35 61 63 61 L2
8 28 38 44 al a7 63 a9 S0
9 25 32 35 40 49 2l 2l 42

10 24 32 35 45 45 52 30 42
11 20 31 39 46 48 a0 al 42
12 21 30 39 43 50 54 5l a4

Parallel to the trends presented in Table 3.6 on average Time as EL, the
proportions of students who would fall under the category long-term EL (LTEL) increased
over time. Interestingly, LTEL rates are relatively higher in middle school (ranging from
50-56% post-COVID), compared to the rates in high school (40-50%).

For the purposes of the analytic strategy in this study, Tables 3.7 and 3.8 highlight
that there is significant variation in these variables across grades. This provides further
support for examining their relationship to EL proficiency in the context of regression
models that include grade fixed-effects, among other variables that are related to EL
proficiency.

Age / SLIFE

Many English learner students enrolled in US schools arrive with limited or
interrupted formal education (SLIFE). These students are children in grades four to 12
who have experiences disruptions to their educations in their native countries and/or the

United States, and/or are unfamiliar with the culture of the schooling (U.S. Department of
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Education Newcomer Toolkit, 2017) The high mobility of the EL population, along with the
immigrant backgrounds, and migrant statuses of many English learners are some of the
factors elevating the importance of measuring any potential differences in the proficiency
and language development process for these language learners that are at a further
disadvantage, as compared to their peers who typically transition from elementary to
middle to high schools in a more seamless and uninterrupted fashion. Further, students’
educational background is important to consider because it shapes their academic
journeys in important ways. Students’ prior knowledge, experiences with schooling, and
documented schoolwork all impact their learning trajectories in US schools, and their
college and career readiness (DeCapua et al., 2009; New York State Education Department,
2011; Calderdn, 2008; Short et al., 2012). Studies also show that students’ home
language proficiency is positively associated with English language acquisition and other
academic outcomes (August et al., 2009; Calderon et al., 2011; Walqui, 2000).

Data on the students’ age (measured at the time of taking the assessment)
provides a simple, yet convenient way to quantify the potential impact of interruptions of
formal education on ELs’ average language proficiency. To this end | calculate the
difference between the student’s reported age (at the time of the test) and the average
age of their cohort — i.e., the grade they were enrolled in when they took the assessment.
This difference, measured in days and rounded to the year, is another innovation of this
study, and serves as a proxy variable aimed at quantifying the hypothesized detrimental

impact of interruptions to formal education (SLIFE).*?

42 While it is also important to examine how the students’ age affects their language learning including both Age
and SLIFE, expectedly, results in collinearities in the regression models.
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Gender

Findings from the general student population show that female students generally
outperform their male peers on some measures of academic achievement and
standardized assessments such as verbal and reading tests, while the converse is
reported for math and science tests (Hyde & Linn,1988; O’Dae et al, 2018; Quinn & Cooc,
2015). More pertinent to the content and test performance requirements of ACCESS,
Balart & Oosterveen (2019) report that females show more sustained performance during
test-taking than males in the cognitive domains where they perform both relatively better
(reading) and relatively worse (math-science). Studies also show that female students
have more self-discipline (Duckworth & Seligman, 2006), report fewer behavioral
problems (Jacob, 2002), and display more developed attitudes towards learning
(Cornwell et al, 2013). Further, while there is some evidence that female students
outperform male students in second language acquisition (van der Silk et al., 2015) none
of these studies offer evidence in the EL context.

Gender in the ACCESS dataset is reported as either Male or Female. Female
students make up about 56% percent of the sample. For a very small proportion of
students — under 0.5% annually — the gender variable is reported as Missing. Because it
is impossible to ascertain whether the missing observations reflect data quality issues or
that the students intentionally did not ascribe to either gender category, these

observations are excluded from the analysis. 4

43 An alternative approach is taken for the race variable, which also reports many “Missing” observations.
However, because Race is central to the analysis, and is not reported for many more students compared to that for
Gender, these observations are treated differently, as explained in the section on Ethnicity and Race.
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IEP Status

In the ACCESS longitudinal dataset, English Learners’ disability status is
measured by the IEP (Individualized Education Plan) variable. Disability status is one of
the important predictors of students’ performance on the ACCESS assessment and has
been widely discussed in recent literature. Studies show large and persistent disparities
between the outcomes of ELs with and without IEPs. Dual-identified students tend to
report lower average performance on standardized content tests and reclassify at much
lower rates relative to ELs without IEPs (Sahakyan & Poole, 2022; Shin, 2020). These
disparities are further visible in the higher numbers and proportions of ELs with IEPs who
fall under the LTEL category (Sahakyan & Ryan, 2018; Slama, et al., 2017; Kieffer &
Parker, 2016).

Annually about 12% of WIDA’s EL population is identified with an IEP (Table 3.9).
Many English learners with disabilities and are entitled to, and oftentimes do receive
appropriate accommodations during the ACCESS assessment that are intended to
enable these students’ taking of all four individual language domains of reading, speaking,
listening, and writing.** However, such accommodations are always imperfect, and can
only partially counterbalance for the difficulties and disadvantages that these students
face compared to their non-disabled peers. Further, research indicates that there is wide
variability in how accessibility and accommodations are defined, interpreted and offered

across states (Christensen et al. 2018; Kim et al., 2019; Shafer Wilner & Monroe, 2016;

4 Typically, depending on the type of disability, English Learners with a documented IEP are provided
accommodations during testing. There are currently 16 types of accommodations offered to ELs with disabilities on
ACCESS. Those ELs who have more severe disabilities and are therefore taking the Alternate ACCESS assessment (a
decision made locally in schools by the IEP team), or those who have not completed all four domains of the ACCESS
assessment, are not included in the present study.
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). Except for these disability-specific accommodations no other considerations are made
in calculating overall composite proficiency scores for these students, having them aspire
to the same high academic standards that their non-disabled EL peers face. Importantly,
all English learners with IEPs (or “dually-identified” students as referred to in the literature)
that are included in the study have valid overall composite scale scores, and therefore,
with or without accommodations, have successfully completed their assessments in all
four language domains of reading, speaking, listening and writing, while there are many
students with IEPs who are unable to do so, despite the (potentially) provided
accommodations during their assessment.*®> Therefore, the uncovered disparities for this
subgroup should be treated as underestimates.

Migrant Status

Approximately 1.3% of WIDA’s EL students are also identified as Migrant.
According to the National Center for Education Statistics, Migrants are migratory workers,
or the children of migratory workers, who relocate in order to obtain seasonal or temporary
employment in agriculture or fishing.*® The educational disruptions that result from
multiple moves and irregular attendance are some of the factors diminishing these

students’ chances for academic success.*” And especially relevant for the English learner

45 Since 2019 WIDA has been providing technical assistance and tools for its member states to generate Imputed
Overall Composite Scale Scores for eligible EL students with IEPs who were unable to take, and thus are missing one
or two of the individual language domains (Porter et at., 2021). One of these methods, referred to as the
“Reweighting method”, designed by the author of this study in 2020, and currently most widely used in WIDA states,
redistributes the weight(s) of the missing domain(s) to the non-missing ones, thereby enabling an alternate measure
of overall composite proficiency for these students that can be used to make EL reclassification decisions by
educators in WIDA states. https://wida.wisc.edu/sites/default/files/resource/technical-report-generating-imputed-
overall-composite-scale-scores-english-learners-disabilities.pdf

46 https://nces.ed.gov/surveys/frss/publications/2000061/index.asp?sectionid=2

47 Recognizing the unique needs of migrant students, the Migrant Education-Basic Grant Program (MEP) was
legislated in 1966 as an amendment to Title | of the Elementary and Secondary Education Act (ESSA). Following the



https://wida.wisc.edu/sites/default/files/resource/technical-report-generating-imputed-overall-composite-scale-scores-english-learners-disabilities.pdf
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population under enquiry, Migrant ELs’ academic difficulties are further compounded by
language barriers, poverty, and unique health problems putting them at a further
disadvantage (DiCerbo, 2001; Umansky et al, 2018; Shafer, 2001). Examining and
guantifying disparities for this student population is the first step in ensuring a more
equitable and quality education for these students.

LIEP Waivers

A previously unexplored subgroup (in a large-scale quantitative context), about
1.1% of ELs in the analytic sample are identified with an LIEP waiver. A waiver from, or
refusal of Language Instructional Educational Programs (LIEP) and/or services indicates
an informed, voluntary decision by a parent of an identified English learner to not have
the child placed in any specialized English language development service or instructional
program. This waiver of a student from being placed in a specific LIEP does not also
waive the federally mandated requirement of annual language assessment of identified
English learners, so ACCESS overall composite scale scores are available for students
with such LIEP waivers. Notably, the sign of the coefficient for LIEP Waiver, signaling
whether these ELs over-, or underperform in ACCESS performance as compared to those
ELs who are enrolled in supplementary language services is an empirical issue,
depending on the quality of these students’ out-of-school academic supports, and further
resting on the accuracy and appropriateness of the decision of the parents to waive

school-provided services.

reauthorization of MEP in 1994, the program currently operates under the authority of Title I, Part C of the Improving
America's Schools Act (IASA) of 1994 to provide formula grants to states for the provision of supplemental education
and support services for migrant children (U.S. Congress 1994).
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Ethnicity and Race

The conceptual model presented in Figure 2 lists all the individual-level variables
and some intersections that were included in the empirical analysis. Two of these
variables reporting ELs’ Ethnicity and Race define the focal subgroups of research in this
study. For example, reiterating the importance of overlapping identities and the notion of
intersectionality, Smiley et al (2023) note that race is an important consideration among
Latinx populations, particularly surrounding “issues of colorism”, and reference Quiros
and Dawson (2013) and Ribando (2007) to assert the importance of terms such as “Afro-
Latino” that are used to highlight racial identities and indicate the legacy of having
Indigenous, European, and African ancestry (p. 1624).

Further, within the ACCESS longitudinal dataset English learners are identified as
either Hispanic or not Hispanic in the ethnicity field, and as either Asian, Black/African
American, American Indian or Alaska Native, Native Hawaiian or Other Pacific Islander
or White, in the race field. “ Recognizing that ethnic/racial labels such as Hispanic, Asian,
or Native American, among other categories may provide a heuristic category for
understanding the intersectionality of these categories, it is important to note that this may
also mask within group heterogeneity (Lopez et al., 2018). And while terms like Latina/o/x
may be more reflective of the current discourse, | use the terms ‘Hispanic,’” ‘Asian,’ etc.
because this is how students were identified in the ACCESS data by test administrators

and state and district stall.

8 The Office of Management and Budget announced on 3/38/2024 that the U.S. government would revise how it
categorizes race and ethnicity. The categories now include a “Hispanic or Latino" box that appears under a
question that asks: "What is your race and/or ethnicity?" Going forward, participants in federal surveys will be
presented with at least seven "race and/or ethnicity" categories, along with instructions that say: "Select all that

apply."
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Importantly, each year for a substantial number of ELs identified both as Hispanic
and as not Hispanic, the race variable is not reported (or equivalently, for our purposes is
reported as Missing). Rather than excluding these hundreds of thousands of students
with otherwise valid assessment and demographic data, | preserve these observations
by applying an interaction of ethnicity and race. Thereby, faithful to the tenets of the
theoretical framework of Intersectionality that calls to consider multiply-intersecting and
overlapping student identities, the study interrogates potential disparities, and the impact
of the pandemic on thereof across subgroups that are not exclusively defined either by
the students’ race or ethnicity. Instead, leveraging the large samples of students available
for analysis, the interaction of race and ethnicity juxtaposes outcomes for over a dozen
distinct ethno-racial intersectional EL subgroups (e.g., Asian Hispanic and Asian non-
Hispanic, or White Hispanic and White non-Hispanic, or Black non-Hispanic and Asian
non-Hispanic). Admittedly, these average differences are estimated in reference to a
subgroup of students for whom there is no discernable ethno-racial identification (i.e., not
Hispanic, no Race reported). Despite this, these estimates are dually helpful in a)
generating a ranking of students’ proficiency by ethno-racial categories relative to this
incognizable subgroup that also happens to report the lowest average proficiency, and b)
recovering reliable and more precise estimates for average disparities by Hispanic
ethnicity, for each of the reported races.

Figure 3.4 provides the overall distribution of EL students across the WIDA
Consortium grouped by this ethno-racial intersection. Notably, due to differences in
students’ racial identification across years, the reported average percentages are

approximate. Faithful to the lens of Intersectionality highlighting the socially-constructed,
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intertwined, and dynamic nature of student categories, no additional data imputation is
attempted to “fix” such changes in students’ racial (and other) identification. Instead, the
data is “taken as reported” relying on “fuzzy set logic” stemming from the Intersectionality
lens, as described in the analytic strategy section (Hancock, 2013 & 2007; Russell, 2023).
Further following this logic and faithful to the framework of Intersectionality and its focus
on inclusion (rather than applying imputation techniques and grouping them in
researcher-assigned categories or excluding these data altogether) a small proportion of
EL students who report multiple racial categories in the race field (within a single year),

are grouped into a new category, labeled Mixed/Multiple Races.*®

Figure 3.4. Ethno-racial intersectionality of WIDA’s English Learners: 2017-2023 average

Missing

Table 3.9 presets the demographic composition of the sample for the individual-level

4 More detailed and granular intersections are theoretically possible. For example, Pewritt (2004) mentions over
100 potential ethno-racial subgroups if a “mark one or more” approach is permitted (in Cornell & Hartmann;
2007).
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variables included in the analysis, including those on students’ reported race and

ethnicity. In Table 3.9 the latter are presented separately, while Table 3.10 provides ELs

demographic composition along intersectional, i.e. ethno-racial categories.

Table 3.9: Demographic composition of the analytic sample.

Student Demographics / Overall Between Within
Identities " % " % %

5 [|Male 5,293,875 4.7 1,822,611 23.7 99.8
E Female 4,390,017 45.3 1,577,540 46.5 99.7
©  |Total 0,683,892 100.0 3,400,151 100.2 00.8
No 2,499,813 B87.8 3,156,090 93.1 97.0

; Yes 1,184,079 12.2 415,388 12.3 79.4
Total 0,683,892 100.0 3,571,478 105.3 95.0

2 Ino 9,613,412 | 99.3 3,377,322 99.6 99.7
_% Yes J0,480 0.7 42,774 1.3 61.1
Z |Total 0,683,892 100.0 3,420,006 100.8 09.2
No 9,619,091 99.3 3,378,820 99.6 93.7

E Yes 64,801 0.7 39,493 1.2 59.1
Total 9,683,802 | 100.0 3,418,313 100.8 99,2

_-E-_" Hispanic 3,043,008 314 1,271,129 375 93.3
E not Hispanic 6,640,884 63.6 2,253,391 66.4 97.9
E Total 0,683,892 100.0 3,524,520 103.9 96.2
Asian 1,064,954 11.0 440,639 13.0 97.1
African/Black 632,774 6.5 242 908 7.2 95.3

@ Mixed/Multiple Races 163,766 1.7 74,528 2.2 77.6
&"u’ Native American or Alaskan 733,581 7.6 276,398 8.2 B86.7
Pacific Islander or Hawaiian 139,423 1.4 53,488 1.6 87.7
White 3,763,989 38.9 1,426,375 42.1 92.1

Mo Race 3,185,365 32.9 1,220,721 36.0 88.0
Total 0,683,802 100.0 3,735,057 110.1 90.8

Table 3.9 presents the overall, between and within variations in frequency of
identification for the subgroups defined by the demographic variables. For example, the

first row of Table 3.9 shows that overall, 54.7 percent, or 5,293,875 of the total number of
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observations in the sample (N = 9,683,892) were identified as Male. Examining between-
student variation, 53.7 percent, or a total of 1,822,611 unique students were identified as
Male. The ‘within’ variation presented in the last column, shows the within-group across-
time consistency in demographic identification. Therefore, according to the last estimate
reported in the row, for 99.8% of the unique student observations identifying Male ELSs,
the identification stayed constant across years. The reported total percent of between-
variation for the gender variable, estimated at 100.2 percent shows that across 2017-
2023, for 0.2% of the observations the gender recorded changed from Male to Female,
or vice versa. The consistency of within-subgroup identification is high for most
demographic variables (90.8% overall) and varies from about 60% for Migrant and LIEP
(Waivered) ELs to close to 100% for gender identification.

Among the demographic variables the over-identification (from counting all
identifications, regardless of across-year changes) for the race variables is the highest,
and shows that the recorded race for about 10% of EL students changed within the seven
year timespan of the study.®® Table 3.9 also shows that the largest racial subgroup, or
40% of the total observations, is White, followed by the No Race category at about 35%.
The next three largest subgroups are Asian, Native American or Alaskan, and
African/Black ELs, representing 11%, 7.6%, and 6.5% of the total observations. Pacific
Islander ELs represent the smallest subgroup, estimated at about 1.4% of total

observations.

50 Notably, the highest within-group consistency across time is reported by Asian and Black/African ELs, estimated
at 97 and 95%, respectively.
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These race-only based comparisons neglect the fact that many of the students are
also assigned an ethnicity membership of being either Hispanic or not Hispanic.
Conversely, the ethnicity-only based comparisons, showing that about 2/3s of the analytic
sample reported Hispanic ethnicity, fail to consider students’ further racial identification.
Thus, for a more accurate, Intersectional representation of students’ identities, Table 3.10
presents the ethno-racial composition of the analytic sample.

Table 3.10: Ethno-racial composition of the analytic sample.

Overall Between Within
Ethno-racial Subgroups
N % N % %

Asian Not Hispanic 1,052,679 109 435,642 12.8 97.2
Asian Hispanic 12,315 0.1 5,552 0.2 80.7
African/Black Not Hispanic 583,819 6.0 221,746 6.5 96.0
African/Black Hispanic 48,955 0.5 22,233 0.7 83.0

Cg Mixed/Multiple Races Not Hispanic 36,124 0.4 19,072 0.6 78.4
E Mixed/Multiple Races Hispanic 127,642 1.3 56,083 1.7 76.5
% Mative American or Alaskan Not Hispanic 85,972 0.9 38,508 1.1 83.2
é* Native American or Alaskan Hispanic 647,609 6.7 240,111 7.1 86.5
E Pacific Islander or Hawaiian Not Hispanic 85,396 0.9 31,192 0.9 90.8
;Ej Pacific Islander or Hawaiian Hispanic 54,027 0.6 22,785 0.7 81.7
' White Not Hispanic 877,514 9.1 374,097 11.0 89.0
White Hispanic 2,886,475 29.8 |1,082,682| 319 90.6

Not Hispanic* (No Race) 321,504 3.3 234,370 6.9 80.4
Hispanic 2,863,861 29.6 |1,025,044| 302 91.0
Total 9,683,892 100.0 |3,809,117| 112.3 89.1

Hispanic Interactions

Further guided by the lens of Intersectionality, interactions of Hispanic ethnicity
with students’ gender, IEP, migrant, waiver, newcomer, and long-term EL status are also
examined to identify any potential differences in proficiency for these intersectional
subgroups. While many other potential intersections, including those with more than two

overlapping identities could be considered, given the above discussed increasing
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concerns with the declining academic outcomes of this fast-growing population, in this
work | focus on Hispanic ethnicity-centered interactions leaving other and higher-level
intersections of student identities for future research. As advised by Misra (2021) et al.:

“‘Researchers should consider which intersections matter most for the research
guestion being posed, focusing on the intersections that seem most salient based on the
research focus. No one project can cover every base; yet, they can be designed creatively
to consider how simple additive categories may not fully uncover the social processes of
interest.” (p.5).

Concluding the section describing the underlying dataset, Table 3.11 lists all the
variables included in the analysis. Variables identifying Hispanic ethnicity and

intersections with Hispanic identification are highlighted in light blue.



Table 3.11: List and description of variables included in regression models.
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Variable Names

Type of variable

Description

Overall Composite Scale Scores [CSS)

interval

Dependent variable: English Learners' proficiency

COVID-19 hinary Impact of COVID-19 on CS5: = 1 when 5Y = 2021, 2022, or 2023
Grade categorical | Grade fixed-effects, ommited from tables (reported in Appendix A)
Time as EL {in Years) interval Time since first ACCESS test, in years

TEL Squared interval Time since first ACCESS test squared, in years
Newcomer hinary Newcomer student, =1 when TEL < 1

Long-term EL hinary Long-term EL student, = 1 when TEL = 5

SLIFE interval Deviation from cohort average age, in years

Female binary ELs identified as female

IEP binary ELs identified with an IEP

Migrant binary ElLs identified as Migrants

LIEP Waiver hinary ELs with Waiver from LIEP services

Asian not Hispanic hinary Asian & not Hispanic ELs

Asian Hispanic hinary Asian & Hispanic ELs

Black / African not Hispanic hinary Black/African & not Hispanic ELs

Black/African Hispanic hinary Black/African & Hispanic ELs

Mixed Multiple Races not Hispanic hinary Mixed,/Multiple Races & not Hispanic ELs
Mixed / Multiple Races Hispanic hinary Mixed,/Multiple Races & Hispanic ELs

Native American or Alaskan not Hispanic binary Native American or Alaskan & not Hispanic ELs

Native American or Alaskan Hispanic binary Native American or Alaskan & Hispanic ELs

Pacific Islander or Nat HI not Hispanic hinary Pacific Islander or Native Hawaiian & not Hispanic ELs
Pacific Islander or Nat HI Hispanic hinary Pacific Islander or Native Hawaiian & Hispanic ELs
White not Hispanic binary White & not Hispanic ELs

White Hispanic binary White & Hispanic ELs

Mot Hispanic (No Race) hinary Mo Race & not Hispanic ELs

Hizpanic {No Race) hinary No Race & Hispanic ELs, baseline for ethno-racial categories
Hispanic & Newcomer hinary Hispanic & Newcomer ELs

Hispanic & LTEL hinary Hispanic & LTEL ELs

Hispanic & Female hinary Hispanic & Female ELs

Hispanic & |EP hinary Hispanic & |EP ELs

Hispanic & Migrant hinary Hispanic & Migrant ELs

Hispanic & Waiver hinary Hispanic & Waiver ELs

School year (2017-2023) integer School year, from 2017 to 2023

State (34) string/id WIDA States: 34

District (7,619) string/id Unique District identifiers: 7,619

School (43,183) string/id Unigue School identifiers: 43,183

Student {3,391,969)

string/id

Unigue Student identifiers; 3,351,965
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Analytic Strategy

The large number of student-level demographic variables and their interactions,
along with the potentially important institutional context of schools, districts, and states
depicted in the conceptual model presented in Figure 2 require detailed analyses and
comparisons of average proficiency outcomes across time (pre- and post-COVID-19
periods) and multiply-categorized EL student subgroups. Analogous comparisons were
provided in the Data section, with the (by-grade) juxtaposition of average EL proficiency
outcomes pre- and post-COVID-19 in Table 3.3, or that by students’ Ethnicity category,
in Table 3.4. These descriptive comparisons of average proficiency leveraged the large
samples of language learners taking the ACCESS online assessment to provide
preliminary evidence corroborating the hypothesized large and differential impact of the
pandemic on ELs and various EL subgroups. However, such high-level comparisons of
average outcomes, while informative, could also potentially distort estimates and mask
important differences in outcomes that may be related to important observable (and
unobservable) individual- and aggregate-level factors. This concern is especially relevant
for English Learners, whose educational opportunities and academic experiences are
affected by inherent and interrelated factors such as diverse, dynamic, and mobile student
populations, and tremendously different local contexts shaping academic experiences
and outcomes. Therefore, a more rigorous analysis is warranted to examine, identify,
quantify, and “take into account” (at least) for some of these salient factors that demarcate

disparities for many student subgroups.
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Intersectional Approaches to (Examine) Complexity

McCall (2005) further differentiates between three approaches to intersectional
research, grouping them as anti-categorical, intra-categorical, and inter-categorical. The
first approach is based on a methodology that rejects rigid analytical categories and aims
to deconstruct them. The third approach, labeled as inter-categorical, requires
researchers to provisionally adopt existing categories to document relationships of
inequality among social groups and changing configurations of inequity among multiple
and conflicting dimensions. Further, McCall (2005) situates the second, intracategorical
approach in the middle of the continuum between first and third approaches, “as the first
one rejects the rigidity of categories themselves, while the third uses them strategically”,
p. 1774. The intracategorical approach, akin to the anti-categorical approach, while
interrogating the process of defining (categorical) boundaries itself, focuses on particular
social groups at neglected points of intersection in order to reveal the complexity of lived
experience within such groups. While McCall admits that (a) not all research on
Intersectionality can be classified into one of the three approaches, and (b) that some
intersectional research crosses the boundaries of this continuum, and (c) that it is easy
to misclassify intersectional research, the present study incorporates elements from all of
these different approaches. Recognizing the socially-constructed, institutionally-affected,
and dynamically-changing nature of many of the student-level categories — and especially
that of an English Learner located at the center of the inquiry — the stable and consistent
relationships and trends in outcomes that different student subgroups (e.g. Female EL
students, Hispanic EL students, Black EL students) located within this larger social group

(ELs) exhibit must also be emphasized. Simultaneously, the study is interested in
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interrogating dynamic and overlapping intersections of disadvantage, i.e. the academic
experiences of EL students representing otherwise-neglected identities in the intersection
of ethnicity and race, or ethnicity and gender, or ethnicity and disability status.

Regression Analysis as an Intersectional Tool

Intersectional research aims to capture the multidimensionality of students’ lived
experiences within the institutional contexts that shape those experiences, and continue
to propagate these inequities (Russell, 2023). Quantitative modeling of Intersectionality
has been used in the field of education by researchers trying to disentangle, identify, and
assess the complex relationships and interactions between multiply-overlapping
marginalized identities, structural inequities, and systems of oppression that have
spawned these inequalities (Bauer et al., 2021; Le et al., 2024; Sahakyan & Poole, 2022;
Warner, 2008; Weldon, 2006). For example, in their seminal study “Making the Invisible
Visible: Critical Race Theory and Intersectionality for Contextualizing Race-Gender-Class
‘Achievement Gaps’ in Higher Education”, Lépez et al. (2018) highlight the importance of
addressing inherent structures of settler colonialism and the interplay of race, gender,
and class inequalities in understanding six-year college graduation rates at a large public
university in the US Southwest. By developing 20 distinct race-gender-class categories
to analyze social experiences, they demonstrate how intersectional approaches can
reveal hidden aspects of inequality in higher education.

Similarly, the regression analysis methods applied herein to examine differences
between ethno-racial categories of student subgroups and decompose variations in
students’ proficiency present tensions and offer advantages for addressing these

purposes. Rusell (2023) outlines three recommendations on how regression analysis



77

methods can align closer to the objectives of Intersectional research. The first
recommendation, stemming from the core tenets of Intersectionality, is to try and steer
away from a discrete, dichotomous, or binary understandings of individual identity
categories. Instead, under an Intersectionality lens, “identity more closely resembles a
continuous variable that contains spaces between the traditional nominal variable”, p.
330. Given the influence that context and time can have on identity and social position
researchers suggest attending to systemic variations among members of categories
(Russell, 2023) and that “fuzzy set logic” can be useful in attending issues of within-group
diversity in a manner that is substantively and theoretically consistent with the claims of
Intersectionality (Hancock, 2013 & 2017; Ragin, 2008). As an example of “fuzzy set logic”
Russell (2023) suggests using multiple categories of racial identification instead of just
one, or assigning weights to the racial categorization depending on the frequency one
identifies with a certain racial category.

There are several ways “fuzzy set logic” is implemented within this study. One
example is the inclusion of variables on ethnic and racial identification without performing
additional data imputation and “cleaning" to address seeming inconsistencies in ethnic or
racial identification across time. Thereby, racial, and ethnic identifiers are permitted to
remain somewhat fluid and dynamic across time. Meanwhile the large sample sizes
underlying the analysis enable the estimation of consistent and precise parameters
despite a degree of error, or “fuzziness” in the ethno-racial identification. Similar “fuzzy
set logic” is applied to the rest of the demographic variables, allowing them to vary with

time, just as the data presented itself.
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Another important example of the application of “fuzzy set logic” is the use of the
“Not Hispanic”, No Race reported” subgroup as the reference category for ethno-racial
categories. While this baseline subgroup is not clearly defined with respect to its ethno-
racial contours, its inclusion as the baseline category enables the uncovering of
consistent differences in average proficiency across several subgroups based on race
and especially ethnicity.

Russell's (2023) second recommendation is closely related to the purpose of
pursuing a more nuanced understanding of ethno-racial disparities and offers the
application of interaction effects as a step to get closer to reflecting the compound
functioning or intersections of identity and oppression (as well as advantage). Following
this recommendation, in the specified regression models | examine several interaction
terms: importantly those of (Hispanic) Ethnicity and Race, but also with other
demographic variables. While still with some caveats, this approach offers more nuanced
insights into the academic experiences and outcomes of students representing multiply
overlapping identities.

Russells’ (2023) third recommendation to examine outcomes through an
Intersectional lens is through specifying and estimating multilevel regression models.
According to Scott & Siltanen (2017) “the conceptual underpinning of multilevel modeling
is to explicitly account for the social contexts of inequality by animating context itself as a
unit of analysis and source of variance”, p.380. The analytic strategy adopted in this study
incorporates all of these recommendations simultaneously, by (a) applying “fuzzy set
logic” in defining focal variables of interest and (b) examining the relationship between

several main and interaction variables and EL proficiency across time via (c) multilevel
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models that account for variations in students’ scores that can be sourced to school,
districts, and states where their attend school and take WIDA’s ACCESS English
language assessment.

Regression Methods and Analytic Sample

Regression analysis methods are also appropriate in the context of the underlying
analytic sample, which is unique in that it is not only tremendously large in scale (just
under ten million total observations across students and time) and therefore statistically
powered to support precise estimation of parameter estimates enabling comparisons of
average outcomes for many previously neglected and intersectional EL student
subgroups; moreover, the data captures the full population of research interest, including
all English Learner students attending schools across 34 WIDA states. Issues related to
unrepresentative, skewed, selected, or underpowered samples that typically plague
statistical analyses of relationships in empirical education research are thus negligible.>!

Moreover, the large scale of individual-level outcome data measured repeatedly
across many years (for many ELS) provides longitudinal connections for many students
(Table 3.5) and therefore more accurate examinations of English proficiency across time,
while complete data on EL students’ enroliment and nesting across WIDAs’ many states,
districts, and schools, enables analyses of variations in students’ outcomes that are
related to these institutional-level factors. This can be achieved by the inclusion of fixed-
and random-effects in regression models to account for student-, school-, district-, and

state-level factors, further informing the estimated relationships and providing more

51 As described in the Data section, a small number observations was excluded due to missing data on focal
variables of interest.
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precise estimates of the impact of COVID-19 on average proficiency, EL subgroup
disparities, and the impact of the pandemic on these disparities.

Regression Methods and COVID-19

Finally, from a research design perspective, the COVID-19 pandemic can be
viewed as a “natural experiment”, assigning pre- and post- “treatment” groups of ELs that
are affected by the pandemic under vastly different individual- and institutional-level
circumstances and factors, but during similar timespans, and taking the same outcome
assessment. Some students in the analytic sample took the ACCESS online assessment
in pre-COVID years (2017-2020), others were tested only in post-COVID years (2021-
2023), and still others took the test during both periods. All of these students’ recorded
outcomes of English proficiency are included in the regression analysis to estimate the
average impact of the treatment, i.e., the pandemic. The latter is estimated directly in
regression models by including a COVID-19 binary variable, taking the value 1 for all
student-level observations in the post-COVID-19 period. The cumulative and multi-
faceted impacts of the pandemic on students, schools, districts, states, and the whole
education system serving ELs, are thus measured by the coefficient of the COVID-19
parameter that quantifies pre- and post-COVID differences in average EL outcomes.
Further, the differential impact of the pandemic, specific to individual- and institutional-
level factors, can be estimated through the same regression model under pre- and post-
COVID-19 conditions, i.e., separately for the 2017-2020 data and for the 2021-2023 data
the difference between the two sets of estimated parameters can then be compared.
Meanwhile, the impact of the pandemic can be estimated directly in regression models

by including a COVID-19 binary variable, taking the value 1 for all the student-level
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observations in the post-COVID-19 period. Thus, the cumulative and multi-faceted
impacts of the pandemic on students, schools, districts, states, and the whole education
system serving ELs, are measured by the coefficient of the COVID-19 parameter that
guantifies pre- and post-COVID differences in EL outcomes. Further, the differential
impact of the pandemic, specific to individual- and institutional-level factors, can be
estimated through the same regression model under pre- and post-COVID-19 conditions,
i.e. separately with 2017-2020 data and 2021-2023 data, and taking the difference
between the two sets of estimated parameters.>?

Importantly, while the latter parameter estimates have a “causal flavor”, i.e., could
be interpreted as causal estimates of the impact of the COVID-19 pandemic on students’
outcomes, the same cannot be said about the relationships between other covariates and
EL proficiency. This is due to several reasons, including potentially important and omitted
variables, and issues related to potential selection bias, as students’ assignment to
schools, districts, and states is not random. While the inclusion of multilevel random
effects is aimed to reduce the sources of unobserved heterogeneity at the student-,
school-, district- and state-levels, the parameter estimates implying differences in
outcomes across individual- and institutional-level factors should still be interpreted as
correlational and descriptive. This is not only due to the potential of omitted variables and
(remaining) selection bias, but importantly because most of these variables, and
especially those ascribing students’ ethno-racial identification — as obviated by the tenets

of Intersectionality — should not and do not have a causal impact on students’ measured

52 An equivalent approach would be to interact the COVID binary variable with all the model coefficients. However,
in the context of the large samples this introduces very high computational requirements on the multilevel models.
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proficiency. Regardless, such analyses can provide useful evidence of underlying
relationships and inequities within systems, without asserting that those relationships are
causal (Loeb at al., 2017). Identity markers are predictive of disparities due to underlying
mechanisms of disadvantage, so the differences are observable; but however salient and
tangible, these differences are not due to identity, but rather products and features of the
education system that intervene on students’ proficiency in ways connected to their

identities (Poole, 2024, forthcoming).
Modeling Approach

To the best of my knowledge, this work is the first large-scale empirical
examination of outcomes within the English Learner population across states, districts,
schools, and time. Moreover, owing to the unique dataset at the heart of this study, it may
be the first examination of student (or any) outcomes, attempting to estimate statistical
dependencies in a five-level nested structure, modeling both temporal and institutional-
level variation. Further, given the limited, and largely context-dependent empirical
evidence on within-EL differences in academic outcomes, as well as on the potential
impact of the pandemic on individual- and aggregate-level factors related to these
outcomes, | consider, examine, and discuss several model specifications with increasing
complexity and flexibility. The results of these interconnected models can inform the work
of other researchers who are interested in conducting intersectional research using large
datasets that include potentially different levels of available data and variables available
for analyses.

| introduce models with increasing levels of complexity and flexibility while

exploring alternate specifications that both test the sensitivity of results and further inform
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various relationships and dependencies between EL proficiency and its predictors. More
specifically, the parameter estimates of focal variables of research interest are examined
through 7 primary and 18 auxiliary regression models, as sets of individual-level variables
(and their interactions) and Student-, School-, District-, and State-level effects are
gradually introduced in subsequent models to explore differences and variations in
students’ average proficiency across various model specifications. In estimating the
longitudinal and mixed-effects models that account for both the multi-level / hierarchical
and repeated nature of the data to decompose variations in EL proficiency outcomes
across several EL subgroups, | follow Rabe-Hesketh and Skrondal's (2021)
comprehensive guide on specifying and implementing longitudinal and mixed-effects
models in STATA.

All regression models assume a linear relationship between the dependent and
independent variables. This gives a straightforward interpretation of the parameter
estimates of the coefficients, scaling them in the dependent variables’ units, i.e., as scale
score changes in EL proficiency related to unit changes in the predictor variables. Since
most of the predictors in the models are represented by dichotomous variables and their
interactions (e.g., Female, or Female and Hispanic), the coefficients for these variables
measure the change, in CSS points, in the outcome variable (EL proficiency), that is
associated with membership to the subgroup as compared to a corresponding baseline
category. For example, the estimated coefficient for the Female variable would indicate
the difference, in CSS, between Female and Male ELS’ average scores, while the

coefficient for Hispanic and Female would measure, in CSS, any additional positive or
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negative differences associated with the average performance of ELs that are
(additionally) located in the intersection of those identity markers.

| begin examining students’ average English proficiency in a linear Ordinary Least
Squares (OLS) specification, and gradually add sets of student-level demographic
variables in Models 0-2. Model 3 introduces a Generalized Least Squares (GLS)
specification accounting for the repeated nature of observations across time. Models 4-7
are hierarchical, or Mixed-effects models with random intercepts at the student-, school-,
district-, and state-levels. OLS models are estimated using school-level clustered robust
errors, while longitudinal and mixed-effects models impose an autoregressive (AR1) error
structure (at the student-level). In auxiliary regressions, the models denoted with a ‘b’ and
‘c’ suffix examine specifications adding State- and District-level fixed-effects, respectively.
Auxiliary models ‘d’ examine the relationship between the covariates and EL proficiency
using Year fixed-effects instead of the binary COVID-19 variable, positioning school year
2017 as the baseline. This specification allows for further decomposing the average
impact of COVID into yearly differences in average proficiency and examining annual
trends in aggregate language development across time. Auxiliary models ‘e’ examine the
effect of “decoupling” of ethnicity and race, by including these variables into respective
OLS, Longitudinal, and Mixed-effects models as separate and independent (not

interacted) variables. 5354 The last four auxiliary models ‘f’, ‘g’, ‘h’, and ‘i’ are estimated

53 While the Intersectionality framework suggests that this decoupling is technically incorrect, | provide these data
in this work in secondary regression models acknowledging that many states and districts may not enroll
sufficiency large and diverse samples enabling such multi-categorical comparisons. Further, the decoupling of race
and ethnicity enables cross-model comparisons, and quantifying the extent of error in estimating ethnic disparities
when students’ ethno-racial intersectionality is neglected.

54 In the “decoupled” models the baseline category for Ethnicity is ‘not Hispanic’, and for Race — ‘ No race
provided’.
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only for the final Model 7. Models 7f and 7g examine alternate specifications with excluded
sets of demographic variables, providing a comparison with baseline Models 0, 1, and 2
which are estimated with the same sets of independent variables, but without the inclusion
of the institutional effects, i.e. students’ nesting across schools, districts, and states.
Models 7h and 7i examine the robustness of temporal effects, by removing from the
analytic sample the data from the 2021 school year, and by examining a specification that
assumes no serial correlation by removing the imposed AR1 structure.5®

For simplicity, | only present the full specifications for Model 2, Model 3 and Model
7, which represent the final models using OLS, GLS (longitudinal) and Mixed-effects
specifications for empirical estimation. The summary output of these regressions for the
main models is given in Appendix A. Figure 3.5 presents a visual representation of the

full list of estimated models.

55 This enables the calculation of intra-cluster correlation (ICC), available only in an unconditional RE setup.



Figure 3.5: Full list of main and auxiliary regression models.
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Regression Models

OLS Models

The regression analysis opens with a Naive Model 0, which includes a constant
and a COVID-19 binary variable to establish a baseline estimate for the average impact
of COVID-19 on EL proficiency. (Grade effects are included in the models by default.)
Model 0 also establishes a baseline estimate for the constant and for the conditional total
residual variance, which is of research interest as institutional-level factors (i.e., higher-
level random-effects) are gradually introduced into the model to adjust for additional levels
of variation in students’ scores.>®

Several auxiliary regression models are estimated to examine how regression
coefficients adjust to “differencing out” the state-level variation in Model Ob and district-
level variation in Model Oc through State- and District fixed-effects on these baseline OLS
estimates. Model 0d replicates the Naive model using Year fixed-effects instead of a
binary COVID-19 variable, thereby providing a baseline estimate of annual changes in
aggregate proficiency (relative to school year 2017). Model Oe removes the Grade fixed-
effects for a fully unconditional (across-grade) juxtaposition of EL proficiency outcomes
pre- and post-COVID-19, as well as the estimate for unconditional total variance of EL
proficiency. This “Naive” estimate of the average impact of COVID-19 is expected to be
identical to the average difference in overall composite scale scores in Table 3.3 (See

Chapter 3 on methods).

56 (Adjusted) R-squared is also calculated in OLS and GLS regressions for model fit comparisons.
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Next, building on the Naive models, in Model 1 | add demographic variables on the
students’ Time as EL (TEL), a quadratic term for the latter, and binary variables indicating
ELs’ status as a Newcomer or Long-term EL. Also included are an interval variable
proxying the impact of interruptions in ELs’ education - SLIFE, and binary variables
identifying the students’ Gender, IEP identification, Migrant status, and Waiver from LIEP
services. Model 1, does not include focal variables of research interest — students’ Race
and Ethnicity. These are introduced in Model 2, specified in Equation 1 below, which
includes both these variables, through an interaction term between students’ (Hispanic)
ethnicity with their reported race. Model 2, and all subsequent models also include
Hispanic interaction variables, to estimate potentially disparate outcomes for Hispanic
Newcomers, Hispanic LTELs, and Hispanic students identified as Female, those

identified with IEPs, Hispanic Migrant ELs, and Hispanic ELs with LIEP Waivers.
(Equation 1)

CSSij = Po+ B1-AGrade;; + B, - COVID; + B3 - RaceXHispanic;; + By - TEL;j + Ps - TEL{; + Bg -
Newcomer;j + B - LTEL;j + Bg - SLIFE;; + Bo - Female;j + Bq¢ " IEP;; + B11 - Migrant;; +
P12 - LIEP;j + By3 - (Hispanic;; X Newcomer;;) + 14+ (Hispanic;j X LTEL;j) + f1s -
(Hispanic;; X Female;;) + B¢ - (Hispanic;j X IEP;j) + B17 - (Hispanic;; X Migrant;;) +
B1s - (Hispanic;; X LIEP;;) + ;5

, Where i = 1,2, ...,3,391,969 is the subscript for individual students, j = 1,2,3,4,5,6,7 is
the subscript for time/school years, S,-5:5 are the coefficients for the time-varying (as
evident from the j subscript) level-1 covariates capturing various student subgroups and

variables predicting EL proficiency, and ¢;; is assumed to have a normal distribution with

a mean 0 and constant variance (this assumption is relaxed in advanced models).
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As in the Naive model, for the dual purpose of examining the stability of focal
parameter estimates and for investigating the impact of controlling for aggregate-level
variations in EL proficiency, secondary models M2b, M2c, and M2d are estimated,
including State, District, and Year fixed-effects respectively. Model 2e investigates the
impact of “decoupling” ethnicity and race, providing separate and independent
coefficients for Ethnicity and Race.

Notably, the estimates from these OLS models (M0-M2) do not account for the fact
that many of the student-level observations, both for pre- and post-COVID periods, are
recorded by the same students. This is where longitudinal (and further mixed-effects
models) become useful.

Longitudinal Model

Model 3 is the first specification to consider the longitudinal nature of the data,
directly accounting for the repeated measurements of English proficiency across
academic years by many of the same students. The longitudinal regression model
specified in Model 3 utilizes a Generalized Least Squares (GLS) approach and an
autoregressive error structure (AR1) to estimate the temporal variations in EL students’
scores, while controlling for the same (final) set of demographic variables included in
Model 2.57 More specifically, the specification in Equation 2, applied in Model 3 uses a
random-effects implementation, where unobserved between-student heterogeneity is

represented by student-specific effects that are randomly varying across time, within-

57 This model was operationalized in STATA 18 using the xtregar, re command, which fits cross-sectional time-series
regression models when the disturbance term is first-order autoregressive. Xtregar accommodates unbalanced
panels with unequally spaced observations and offers a GLS estimator for random-effects models. The latter is
applied in the longitudinal regression specified in Equation 2. Baltagi and Liu (2020) show that this estimator
produces the BLUP (best linear unbiased predictor) in unbalanced panels.
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student. These types of models are more useful for investigating average relationships
between the response variable and covariates, while also allowing for student-specific
intercepts. Typical applications of random-effects longitudinal models investigate physical
growth, or learning, where both the nature and reasons for individual-level differences in
outcomes are of major interest. This contrasts with the fixed-effects implementation of
longitudinal models, where every student would act as their own control, aimed at
reducing student-level confounding and therefore facilitating causal inference (Rabe-
Hesketh & Skrondal, 2021).

Further, the random-effects implementation of the GLS offers another key
advantage as opposed to other longitudinal regression models, such as the GEE
(Generalized Estimating Equations) approach (Liang and Zeger, 1986). In the GLS RE
specification the autoregressive error structure is imposed directly on the error terms,
while the GEE approach requires specifying a serially-correlated variance-covariance
structure. This in turn means that the in the GLS RE approach no observations need to
be excluded, while the GEE approach (and others) require that included students have at
least two adjacent observations (for calculating appropriate serially correlated standard
errors).

(Equation 2)

CSSij = B, + B, - AGrade;; + B, - COVID; + B, - RaceXHispanic; + B, TELj+ B -TELL-? + B¢
Newcomer; + B, - LTEL;; + By - SLIFE;; + B, - Female; + B, IEP; + -Migrantl.j +
By, LIEP; + B, - (Hispanicij X Newcomerij) + B4 (Hispanicij X LTELi}') + B
(Hispanic,, X Female )+ f,, - (Hispanic.. X IEP )+ .., - (Hispanic.. X Migrant ) +
ij ij 16 ij ij 17 ij ij

Bis (Hispanicij X LIEPU_) v+ g
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where i =1,2,...,3,391,969 is the subscript for individual students, j =1,2,3,4,5,6,7 is
the subscript for time/school years, B,-f.5 are the coefficients for the time-varying (as
evident from the j subscript) level-1 covariates capturing various student subgroups and
variables predicting EL proficiency, ¢;; = pg; ;-1 + 6;; , |[p| <1, and 6;; is independent
and identically distributed (i.i.d.) with mean 0 and variance aizj. Further, v; are assumed

to be realizations of an i.i.d. process with mean 0 and variance ¢, and in the random-
effects implementation of Equation 2, as described below, are assumed to be
independent of Xij.

The longitudinal specification in Equation 2 is preferred to the pooled OLS
specification (even with robust standard errors) as OLS treats longitudinal data as
repeated cross-sectional data (where samples of students are drawn independently at
each occasion) and conflates within- and between-student comparisons. Between-
student comparisons are susceptible to omitted-variable bias or unmeasured
confounding, due to time-constant student-specific variables that are not included in the
model. Within-student comparisons are free from such bias because students truly act as
their own controls. Another crucial limitation of pooled OLS is that estimates of regression
coefficients are no longer consistent if there is missing data and if “missingness” depends
on observed responses for the same student. As illustrated in Table 3.5 this is certainly
the case with the EL student population and its outcomes of EL proficiency, determining
exit from EL status, and therefore affecting patterns of “missingness” in the data.

Within the longitudinal/GLS framework, an auxiliary model including State fixed-
effects (M3b), Year-specific dummy variables (M3d), and decoupled Race and Ethnicity

(M3e) are also estimated. Secondary longitudinal models that include District and School
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fixed-effects are not feasible to estimate due to computational limitations stemming from
the tremendously large number of districts (over 7,500) and schools (over 40,000).58
Estimation of variations in EL proficiency that are attributable to institutional-level
factors through the inclusion of random-effects, on the other hand, is both feasible and
useful as they can be further decomposed into random intercept and slope models with
complicated variance-covariance structures. This approach enables more flexible and
realistic assumptions regarding the within-cluster variability in students’ proficiency.
Mixed-effects models, which contain both fixed- and random-effects, are described next

as the final family of regression models.

Mixed-effects Models

In the models presented above, several potential sources of variations in EL
proficiency were considered through the inclusion of Year, State, and District fixed-effects
in the auxiliary models. This approach has allowed for a more informed and nuanced view
of the relationships between predictor and outcome variables, while gradually adjusting
for the effects of any observed and unobserved heterogeneity that may be related to these
aggregate-level factors. However, due to the very large number of students, schools, and
districts, a fixed-effects approach of controlling for aggregate-level effects, while simple

and straightforward conceptually, is impossible to implement at lower than the district-

%8 In a fixed-effects framework these school- and district-level parameters are estimated directly via (implicitly)
including dummy variables in the model specification. This means that there would be tens of thousands of
additional predictors added to the specifications, which makes the estimation technically infeasible.
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level due to the above-discussed computational limitations.>%€° Further, a fixed-effects
approach — while technically equivalent to random effects in terms of statistical validity
and estimated model parameters under large and complete samples like the one
underlying this analysis — is not well suited for other reasons. Even if a supercomputer
made it technically possible to estimate the model after the inclusion of tens of thousands
of District and School fixed-effects, many of these effects would presumably be collinear
across levels. In other words, models that include School fixed-effects would be fully
saturated and would force the omission of additional District or State fixed-effects. This
would preclude studying variations in student scores due to multiple levels of institutional
effects both sequentially and simultaneously, which is one of the goals of this study as
reflected through the lens of Intersectionality and the conceptual model (Figure 3.1).
Instead, to account for the multiple levels of hierarchical nesting and repeated
observations across time, | specify and estimate Mixed-effects models which have
important advantages in the context of the present study. These models provide a precise
and consistent decomposition of variation in EL proficiency that can be sourced to (a)
institutional factors/nesting, as captured via State-, District-, and School- random-effects,
and (b) temporal variations, as modeled through the Student- random effects. Akin to OLS

regressions, the relationship between student-level predictors such as individual-level

%9 For the longitudinal Model 3, the estimation will not converge with district fixed-effects due to the large number
of districts, even after customizing STATA's default memory settings to include the maximum number of variables.
60 Additionally, due to the large number of schools with small cluster sizes (number of ELs), there are likely many
schools that will have to be omitted from estimation due to collinearity. This was a (smaller) issue at the district-
level; even in secondary models including district fixed effects a substantial number of districts were omitted from
estimation.
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demographic variables and the EL Proficiency (c) is estimated though global (level 1),
“fixed” coefficients ( Sy-B1g)-

Several other features of the random-effects approach and the underlying
population / data generating mechanism further validate the use of the random-effects
approach of modeling temporal and institutional-level variations. Given the sufficiently
large number of clusters and exchangeability of cluster-level effects, and the overarching
purpose of generalizing to the entire population, along with the lack of the need to
evaluate cluster-specific differences (i.e. evaluate differences of EL proficiency between
specific states, districts, schools, and students), the random-effects approach is also
suitable in the context of the distributional features of the EL student population being
examined. This is because in the random-effects approach the cluster sizes (e.g., number
of ELs in a given school) don’t need to be large for a consistent estimation. Under these
conditions (of potentially small number of ELs nested in specific clusters) the random-
effects approach is considered superior because of “shrinkage” or “partial pooling”, which
adjusts the estimates of group-level effects based on the amount of data available for
each cluster and the variance both within and between groups.®® For parameter
estimation in the random-effects models the requirement is that there are a sufficient
number of clusters of size 2 or more. Moreover, it does not matter if there are also clusters
of size 1 (i.e., schools that report just one EL student in a given year and grade). Such
singleton clusters do not provide information on the within-cluster correlation or on how

the total variance is partitioned into the fixed and random components, but they do

61 Clusters with less observations or higher variance are more influenced (shrunk) by the overall mean, while
clusters with more observations and retain more of their individual characteristics instead of being pooled.
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contribute to the estimation of coefficients and the total variance. Notably, because the
aim it to generalize to the population of clusters (students, schools, districts, and states)
and not just making inferences for the particular clusters in the data, this leads to a larger
standard error for in the random-effects approach compared with the fixed-effects
approach (Rabe-Hesketh & Skrondal, 2021). 62

The final empirical model specification is a five-level random-intercepts mixed
linear model with fixed level-1 covariates, with repeated observations of English
proficiency of EL students nested in schools, districts, and states.

(Equation 3)

CSSij = B, + B, - AGrade;; + B, - COVID; + B, - RaceXHispanicij +B, TEL; + B, - TELUZ- + B¢
Newcomer; + B, - LTEL;; + B, SLIFE;; + B, - Female;; + B,, - [EP; + B, -Migrantl.j +
By, LIEP; + B - (Hispanicl.j X Newcomerij) +B., (Hispanicij X LTELL_]_) + b5
(Hispanicij X Femaleij) + B (Hispanicij X IEPU) +B,,- (Hispanicl.j X Migrantij) +Bs-
(Hispanicij X LIEPU) + STj+ D;j + SCij + v + &5

, Where i = 1,2, ...,3,391,969 is the subscript for individual students, j = 1,2,3,4,5,6,7 is
the subscript for time/school years, By-f.5 are the coefficients for the time-varying (as
evident from the j subscript) level-1 covariates capturing various student subgroups and
variables predicting EL proficiency, ¢;; = pg; ;1 + 6;; , |pl <1, and 6;; is independent
and identically distributed (i.i.d.) with mean 0 and variance al-zj. Random effects ST;, D;, SC;,
and v; are assumed to be realizations of an i.i.d. processes with mean 0 and variances

o%, o, 0., o2, and are assumed to be independent of Xj. 63

62 Therefore, the estimated standard errors, which, (as the findings will show) are already very small, are likely
overestimates.

53 While it is possible to relax some of these assumptions, the computational limitations do not allow this in due to
the tremendously large sample size, along with the large number of multi-level clusters.
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Technical Notes and Considerations

The amount of real, extant data on students’ observed proficiency and their
demographic information that is being processed by complex and multilevel statistical
models implemented in statistical software to build a list of estimates like that presented
in Table 4.3 is truly extraordinary. However, while having access to the entire universe of
ACCESS Online data enables many dimensions of this empirical examination, it also
comes at a cost. For example, the very large sample of student assessment data included
in the analysis limits the implementation of the more advanced multi-level models allowing
even more realistic assumptions on dependencies via more flexible error-variance
structures. Even “simpler” models with multiple levels of hierarchical nesting require
several days, if not weeks of computer runtime in Stata 18, rendering statistical analyses
very time consuming.%

Further, limited both by the feasibility of estimation from a computation burden
standpoint, and the scope of the research questions in this work, in the decomposing of
the variation to state-, district-, school- and student-levels | utilize the simplest structure
of the random effects, and include only random intercepts at each level. The inclusion of
random slopes in addition to random intercepts will allow examining potentially important
differences in ways the pandemic has impacted states, districts, and schools, as well as
differences in how students representing various ethno-racial subgroups are

(under)served in various levels of public education.

64 Model 7 required about three weeks of computer runtime for the likelihood maximization algorithm (based on
Laplacian approximation of polynomials) to converge on the UW School of Education Remote Application server. A
more flexible specification, for example using random slopes in addition to random intercepts, or applying a robust
VC structure, has proven infeasible in a 5-level model, with this sample and under the current computing and
statistical software limitations.
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Finally, the mixed-effects models specified above utilize the simplest possible
nesting structure for the repeated observations for students nested in schools, districts,
and states. However, many students are not nested within the same school (and district)
throughout their academic trajectory as a student and EL, as many ELs change schools
(and sometimes districts) both as a part of regular transition from elementary to middle to
high school, and as families relocate in search of better professional and academic
opportunities. % To alleviate these concerns, a cross-nested multilevel structure would be
more appropriate, to more precisely model and calculate the crossed random-effects
parameters (and their precision). However, again due to computational limitations, a
cross-nested structure is not feasible to implement in the context of the tremendously
large sample with multiple levels of nesting. Under the assumed one-way nesting
structure applied in the mixed models above, each across-year school move “resets” a
student, treating the related random effect as generated by a new student.

Despite this, capitalizing on the ever-increasing computing power and
sophistication of statistical software has allowed for modeling and quantifying important
relationships and dependencies while accounting for the nuanced ways in which average
English proficiency outcomes manifest across millions of students, vastly different
geographies, and an extended period of time separated by the COVID-19 pandemic.®

Findings on these relationships and dependencies and presented in the next chapter.

55 Across-state moves are not tracked. When a student moves states and takes the ACCESS assessment in a new
state they are counted as a new student.

56 The analysis for this project started in late 2021, with the first wave of post-pandemic ACCESS data. At this time
the analyses were performed using STATA 17, which required a higher model runtime for mixed models and would
not execute some of the more complicated specifications using the full sample of data. Starting in late 2022 STATA
18 became available, allowing for more flexible model specifications, despite the longer computing times
associated with the addition of recent post-COVID-19 data from 2022 and 2023.
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CHAPTER FOUR: FINDINGS
Introduction

In this chapter | present the results of the empirical analyses produced by the
different regression models specified and described in the previous chapter. Owing to the
linear nature of all examined regression models, the estimated coefficients of all (fixed)
covariates and the random-effects variance parameters are on the same scale as the
dependent variable, i.e., ACCESS Online overall composite scale scores (CSS).%’
Further, the estimated standard errors for nearly all the included covariates are very small,
likely due to the extremely large and complete underlying samples representing the entire
population of EL students in WIDA states. This enables a more dedicated focus on the
magnitude, rather than precision of the parameters and inquiries into the way parameter
estimates change (or stay constant) across various model specifications.®

As detailed in the section on regression models in Chapter 3, Models 0-2 examine
relationships between covariates and EL proficiency in an OLS framework and set
baseline estimates. Model 3 adds the temporal dimension, examining aggregate EL
proficiency using longitudinal regression methods based on a Generalized Least Squares
(GLS) approach and student-level random effects. Models 4, 5, 6, and 7 are multilevel or
Mixed-effects models, and add a hierarchical structure to the estimation by including
Student-, School-, District-, and State-level random effects. OLS models are estimated

under a school-clustered error variance structure to control for potential

57 Variance parameters can also be interpreted in units of standard deviations (in CSS), by taking the square root of
the reported estimates.

68 Statistically not significant parameter estimates are highlighted by a gray shading and italicized text. Following
the presentation in the previous chapters, | italicize model and variable names for better legibility.
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heteroskedasticity, i.e., correlated variance within schools. Longitudinal and mixed-
effects models use autoregressive errors to account for the serial correlation of student-
level observations across time.

Following the organization of research questions presented Chapter 2, the
presentation of results is organized into two sections. In the first section | describe findings
on the average impact of the pandemic on EL outcomes, while quantifying (correlational)
relationships between the various individual- and institutional-level factors and ELs
proficiency under increasingly complex and flexible model specifications. | present the
uncovered differences in outcomes between various ethno-racial and other EL
subgroups, and outline how accounting for the nesting of outcomes within students
(across time), schools, districts, and states affects the estimated relationships and
differences. While a comparison of all coefficients across all model specifications from
the three regression families in one table would be useful, due to space limitations the
results from these analyses are presented in two parts: the results of OLS models are
included in Table 4.1, and of GLS (longitudinal) and Mixed-effects models in Table 4.2.%°
Table 4.3 summarizes the results of the main OLS, GLS, and Mixed specifications
removing the secondary models from presentation. | summarize the first section with a
presentation of the results from the final model specification (Equation 3), focusing on the
main Model 7 parameters, and highlighting notable findings from the auxiliary regression

models.

% The analysis of the coefficients was done in Microsoft Excel, which allows a simultaneous comparison of many
variables and columns.
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In the second section, | address the second research question and explore the
impact of the pandemic on all the aforementioned factors, replicating Model 7
specification separately for pre- (2017-2020) and post- COVID-19 (2021-2023)

academic years. These results are presented in Table 4.4.
Impact of COVID-19 on EL Proficiency

Tables 4.1 and 4.2 present the complete list of models that were applied to
estimate differences and dependencies across and between available individual-level
variables and aggregate-level factors that could potentially impact EL proficiency
outcomes across time.’® Together, the results presented in these tables address research
guestion 1, while controlling for individual and institutional-level factors. In Tables 4.1 and
4.2 the primary models numbered MO-M7 (and presented separately in Table 4.3) are
listed in bold, while auxiliary models examining the consistency, robustness, and
sensitivity of parameters to alternate specifications are given in italic and have character
suffixes (e.g. M2b stands for Model 2b — an auxiliary model to examine the impact of
including State fixed-effects in in Model 2).

Each of the estimated coefficients presented in the respective cells of Tables 4.1,
4.2, and 4.3 represents a statistically significant relationship (unless italicized and grayed
out), signaling an identifiable difference from a baseline subgroup, or non-trivial impact of
an observed factor with respect to EL proficiency.’* Also given in bold and highlighted in
orange are three focal variable of research interest: parameter estimates on the average

impact of COVID-19, the estimated average disparity between Hispanic and non-Hispanic

70 Standard errors are omitted from the tables and are provided for the main models only in Appendix A.
71 statistically not significant relationships are marked by the gray shading and italic font of the cells.
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students, and all the parameter estimates of covariates from the final model estimation.
In Tables 4.1 and 4.2 the main model parameters are given in a larger font compared to
those of secondary models. Random-effects parameters, estimates for total residual
variance, R-squares (for linear models) and autoregression coefficients (in italics, for
longitudinal and mixed models) are presented in the bottom part of the tables.

Table 4.1: Parameter estimates of main and auxiliary OLS specifications.

REGRESSION FAMILY oLs
Models Numbers (DV = C55) MO AEdL | Al AEi e Ml M2 A | AL A Ma
+ + + = + + Full Demo: + + +
Made| Name,.Leuels and Structure: Maive | State | District “'ear FE Grade | Demo: ExR, State | Dlistrict “ear FE D
Tupe cfresidusls anduariance FE | FE | [17baseine) | FE |noE&R| Interactions | FE | FE | (17baseline) | E*F
3.6.29.16 2.2,07.-05
Average Impact of COVID-19 -6.3 -68 | -70 ErETREY) -43 | -8.0 -7.7 =73 52 5 7062 -T.8
Time a5 EL [in Years) = X * X * 3 3 3 3 3 E]
\ |TELSquared = * * * = -1 -1 -1 -1 -1 -1
Y INewcomer = * = b * -3 -2 -2 -3 -2 -3
& |Long-term EL - I = " -4 -5 -8 | -7 -5 ]
| SLIFE [ from cohort avg age) = * = b * -7 -B -B -E -E -B
E Female = * X b * El El g 5 5 5
& |EF = * * * = =20 -21 =22 | =24 =21 =21
Mizrant - ¥ ® b ¥ -7 -12 -1 -3 -11 -14
LIEF Waiver - ® S b S 11 11 13 10 11 12
Asian nH = * * * * * 20 20 13 20 1
Asian Hispanic = * = b * * g 9 g g
Asian Hispanic Disparity - % | = >< % = 1z =TS 2 "
Black [ African nH = * * X = * g 3 10 8 01
Black/African Hispanic = # i # # # 4 4 4 4 )
Black/African Hispanic Disparity = P " " P P £ 5 | | -q >-<
Mixed Multiple Races nH = bl * b * * 17 158 16 17 5
2 |Mixed / Multiple Races Hispanic - = * b = = 3 4 3 3
g Mixed/Multiple Races Hispanic Disparity = = = ® = = -15 -4 | -13 -15 "
£ |Native American or Alaskan nH = * = b * * 5 5 E 5 04
; Native American or Alaskan Hispanic = X X X X X 3 3 3 3 )
w | Nat American or Alaskan Hispanic Disparity = * * X b b -2 -z -3 -z ¥
‘E Pacific Islander or Nat Hl nH = * = b * * 2 3 ] 2 3
Pacific Islander or Nat Hl Hispanic = x = b * * 3 3 2 3
Pacific Islander or Nat Hl Hispanic Disparity - = * b = = 0.4 i -1 i H
White nH = * * * * * 14 13 12 14 2
White Hispanic = * = b * * ] 4 4 3
White Hispanic Disparity E | = % % % i ETE = e
Hizpanic [No Race) - % | = W W w 3 z | 5 3 0
Average Hispanic Disparity [All Races) = = = B = = 59 -56 | 52 513 ’
Hizpanic Newcomer = ~ - b - ~ -1 -1 -10 -1 -3
E Hizpanic LTEL = = ] » = = 3 B 4 5 T
i |Hispanic Female - b ® b b b a7 g7 | -2 a7 a7
g Hispanic [EF - “ ® ® % “ z 2 3 H 2
E Hizpanic Migrant = S = S S S g T 3 =] 10
Hispanic Waiver - ks b3 = = = -2 -7 -1 -2 -3
e = FE = - - - = FE - B =
E State| District = s FE " ~ ~ - - FE Ed -
& State| District|School N % | = w W W w W | = W w
& State| District|School | Student = * * * ¥ ¥ ® ® ¥ " ®
& | Residual variance 1242 1221 1161 1240 20251 1060 103 023 | 970 n3z 1035
R-squared [OLS)/ p [AR1) [t & mixed) 041 | 04z | 042 0.4z 000 | 043 051 0.51 | 053 %
Constant 277 273 264 272 333 265 260 260 | 248 260 263
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OLS Models

While perhaps overly simplistic with respect to the underlying assumptions in the
context of this study, OLS models serve as a good starting point to establish baseline
estimates of relationships between focal variables of interest, as the parameter estimates
provide a straightforward interpretation with respect to dependencies between predictor
and outcome variables. Table 4.1 presents the full list of models estimated under OLS

and longitudinal (GLS) specifications.

Naive Model (0): COVID-19 and Grade fixed-effects

Model 0 establishes a baseline estimate for the impact of COVID-19 on average
EL proficiency, while controlling for differences in ELs average’ proficiency across grades
via inclusion of grade fixed-effects (reported for the final specifications in Appendix A)."?
The parameter estimate implies a difference of almost -7 CSS points in post-pandemic
years in average EL proficiency. Notably, likely owing to the large samples and consistent
differences in average proficiency across grades, the model fit for the Naive model,
including only a COVID binary variable (and Grade fixed-effects) is relatively high, with
R-squared estimated at about 0.40. The baseline estimate for the conditional residual
variance is 1,242 CSS while the model intercept is estimated at about 277 CSS points.
Models Ob and Oc add State and District fixed-effects to the Naive model, showing

minimal impact on the estimates of the average impact of COVID-19, as well as on other

72 For academic interest, unconditional, i.e. grade-free estimates are presented in Model Oe. Notably, while this naive
estimate is identical to the reported average difference of -4.9 scale score points (Table 3, Data Section), the R-
squared statistic, which is a measure of the fit of the model to the data is practically 0. This also means that the grade
fixed-effects are driving a large part of the explanatory power in the regressions, and should be included in all model
specifications. Even in the full unconditional model, the parameter estimate for COVID-19 is statistically significant
at the 1% level.
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general model parameters. Model 0d sets a baseline for annual comparisons of
aggregate proficiency by substituting the COVID-19 binary variable with Year fixed-
effects. According to this baseline estimate on Year fixed-effects, average EL proficiency
is 1.6 points lower than in 2022, and still in a gradual post-pandemic decline up to the
most recent, 2023 school year. The parameter estimates on the average impact of
COVID-19, estimated at -4.9 CSS (see top row in Table 4.1), is expectedly identical to

that reported in Table 3.3.

Model 1. Demographic: no Race and Ethnicity.

Model 1 adds to the Naive model by introducing a basic set of demographic
variables as individual-level covariates. These variables are Time as EL (measured in
Years), TELsq - a quadratic term for Time as EL, and binary indicator variables for
Newcomer, Long-term EL, SLIFE, Female, IEP, Migrant and LIEP Waiver. Model fit
statistics, presented at the bottom of Table 4.1, suggest that inclusion of these variables
substantially improved the predictive power of the model. R-squared increased to 0.49,
while the total residual variance decreased to 1060 CSS, compared to 1242 CSS of the
Naive model. The parameter estimate of the COVID-19 binary variable decreased only
slightly by about one scale score point, showing an average decline of -8 CSS in the post-
COVID-19 period compared to that of before the pandemic.

The estimates on TEL = 9 and TELsq = -0.5 (rounded to -1) from Model 1 can be
interpreted to mean that for each (calendar) year spent as an English Learner students
record an average gain of about ten scale score points. Because this estimate is
consistent across model specifications and slightly higher at about 10 CSS in more

precise and final model specifications, this estimate of “about an average annual gain of
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10 CSS per year" can be used as a reference to evaluate the magnitude of other
estimated coefficients in the model. For example, in the context of Model 1, the previously
reported average impact of COVID-19 estimated at about -8 CSS points is nearly equal
to the jointly estimated effect of TEL and its quadratic term (9 + -0.5), setting the
preliminary estimate of the average impact of COVID-19 equal to approximately a
(calendar) year of instructional time for ELs enrolled in supplementary language support
services.

The Time as EL effect is estimated separately from the difference of -4 CSS
estimated for students who could potentially be identified by Long-term EL status.
Newcomer students report average proficiency scores at about 9 CSS lower than ELs
who have taken the ACCESS assessment in prior years (and thus have been identified
as EL in prior years), thus offsetting the equally-estimated learning gains as predicted by
the coefficient of the TEL variables for the first year in language support programs. The
parameter estimate of the coefficient on SLIFE is also negative, implying that for each
year of additional age difference between the students’ and the grade-cohort average age
there is an associated -7 CSS difference in average proficiency. Female students, on
average, outperform their male peers by about 5 overall composite scale score points,
while Migrant students’ scores, on average, are about -7 CSS lower compared to non-
Migrant ELs. Students who have a LIEP Waiver outperform their peers regularly enrolled
and receiving language support programs in schools by 11 CSS. The largest absolute
difference across a demographic subgroup is estimated for dually-identified students; in
this model ELs with IEPs report proficiency scores that are 20 CSS below their peers

without IEP identification. Again, all parameter estimates, except for that for Hispanic
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Female students, are non-trivial, and with a few notable exceptions, are consistent across
increasingly more flexible model specifications.

Notably, Model 1 does not include two focal demographic variables: those
identifying students’ Ethnicity and Race, as well as interaction terms of demographic
variables with Hispanic ethnicity. Discussing these models, the estimated coefficients,
and potential impacts on EL proficiency in the context of Model 1 is informative, however,
as (jumping ahead) all of these coefficients are consistent in signs, and most are similar
in magnitude across the various model specifications. Moreover, the inter-related
changes in model coefficients across various specifications inform the nuanced
relationships between individual-level factors and their interactions and how they relate
to EL subgroup proficiency. Because the estimated coefficients for the demographic
variables are consistent between Model 1 and Model 2, | next focus on the additional

explanatory information provided by those interaction terms.

Model 2. Intersectional: Ethnicity X Race, Hispanic Interactions

Next, Model 2 completes the set of included demographic variables by introducing
students’ Ethnicity and Race, along with interactions of variables capturing students’
identification as Newcomer, LTEL, Female, IEP, Migrant, and LIEP Waiver with Hispanic
Ethnicity. Race and Ethnicity are also interacted, creating 14 ethno-racial categories, with
a baseline group of students who have no race reported and are identified as not
Hispanic. While the model fit, as measured by the R-squared value of 0.51, is not much
higher compared to the analogous estimate of 0.49 from the previous model, all of the

coefficients of the additional covariates are estimated very precisely except for that of the
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subgroup of Hispanic and Female ELs, based on the interaction of Ethnicity and Gender
identifiers.

The parameter estimates on variables identifying ELs’ ethno-racial categories,
based on the interaction of Ethnicity and Race, vary substantially from 2 to 20 CSS,
providing preliminary evidence of substantial differences between the outcomes of
various ethno-racial subgroups of students. Summarizing these disparities, the last row
in the ‘Race and Ethnicity’ section in Table 4.1 the provides the ‘Average Hispanic
Disparity for All Races’ (i.e., controlling for race), by assigning an equal weight to the
disparity between Hispanic and non-Hispanic students estimated for each of the seven
reported races. "3

For example, according to Model 2 estimates, as indicated in the row labelled
‘Asian: Hispanic Disparity’, Not Hispanic and Asian students are the subgroup with
highest EL proficiency, with scores that are on average 20 CSS points higher than the
baseline subgroup’s average proficiency; moreover, these students outperform their
Hispanic and Asian peers by 12 CSS points. ‘Average Hispanic Disparity for all Races’,
as estimated by the OLS Model 2, is nearing -6 CSS.

Given the interaction of several covariates with Hispanic ethnicity some of the
model parameters are affected more than others, when compared to those of Model 1.
The average estimates of COVID-19, TEL, TELsq, SLIFE, Female, IEP, and LIEP Waiver

adjusted only marginally, while those for Newcomer, LTEL, and Migrant ELs change

73 As explained in the data section, technically there are only 5 reported races. Following the focus of the
Intersectionality lens, the sixth is constructed from data for a more nuanced understanding of ethno-racial
differences, (e.g. Mixed/Multiple Races), while the seventh, the baseline category is identified by missing data. The
Hispanic disparity estimated for the ‘No race reported’ subgroup of students is that between students who report
Hispanic and no Race and those who report not Hispanic and no Race.
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substantially in magnitude. More specifically, after the introduction of the ethno-racial
identification variables and Hispanic interactions, Newcomers’ average proficiency is
higher by an estimated 7 CSS, while that for LTELs is lower by 4 CSS (estimated at -2
and -8, respectively). Migrant students’ average proficiency is also substantially different
as compared to the parameter estimate of -7 in Model 1, now estimated at 12 CSS points
lower than that for non-Migrant ELs. However, these differences in magnitudes of “main
effects” coefficients across Model 1 and Model 2 are not surprising, given the relatively
large and precise estimates in Ethnicity interaction parameters, which signal substantial
differences in the context around proficiency estimates for Newcomers, LTELs, Migrant
ELs of Hispanic ethnicity. More specifically, according to the updated and more precise
estimates of Model 2, while Newcomer ELs’ proficiency in general is estimated only 2
scale score points lower than those who have been ELs for longer than a year, this
difference is much more pronounced for Hispanic Newcomers, for whom the difference is
estimated at an additional 11 CSS lower. This relationship is reversed for LTELS; ELs
who have been in a language support program for over 5 years report lower scores (8
CSS lower compared to non-LTELS), but for Hispanic students this difference is positive,
estimated at 6 CSS. The same is true for Migrant ELs; the estimated difference of -12
CSS between Migrant and non-Migrant students is smaller for Hispanic ELs, estimated
at (-12 + 8 =) -4 CSS. These inter-related changes in estimated model coefficients
highlight important dependencies between covariates, supporting their inclusion in more
complex models for a more precise estimation of model parameters and a more nuanced

understanding of factors that may be related to ELs proficiency.
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Auxiliary Models 2b-e

Four alternate specifications are explored within Model 2, which includes the full
set of covariates, but importantly does not account for sources of variation in proficiency
that may be due to institutional-level factors. Models 2b and 2c examine EL proficiency
in the context of the full set of individual-level covariates while adding State and District
fixed-effects. Notably, the addition of either changes the focal parameter estimates
(including that of the impact of COVID-19) only slightly in case of State fixed-effects, and
marginally more when adding District fixed-effects. The biggest changes in parameter
estimates from the baselines reported in main Model 2 are observed for ELs identified as
Migrants and those with LIEP Waivers (3-4 scale score points higher in Model 2c), for
ELs identified with IEPs (3 scale score points lower) and for Hispanic Migrants (5 scale
score points lower in Model 3c). These changes in parameter estimates imply potential
differences in ways ELs with Migrant, IEP, and LIEP Waiver identification, and especially
those identified as Hispanic, are clustered within, and served by different districts.
Importantly, the inclusion of State and District fixed-effects has a very small effect on the
coefficients related to ethno-racial identification, with the Average Hispanic Disparity
decreasing slightly from 5.9 to 5.6 to 5.2 CSS, when State and District fixed-effects are
included, respectively. The model fit also increases very slightly, with the R-squared
estimate unchanged after the inclusion of State fixed-effects and increased from 0.51 to
0.53 when District fixed-effects are included. Total model variance and the constant
estimated at 970 and 248 scale score points, respectively, are at their lowest in the OLS
specification with District fixed-effects. Model 2c also establishes a ceiling estimate for

the average impact of COVID-19, estimated at -8.2 CSS.
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Next, Model 2d examines differences in EL’s average proficiency across time using
Year fixed effects, with the 2017 school year serving as the baseline. The model estimates
for annual differences from the 2017 average are 2.2, 0.7, and -0.5 CSS for the pre-
COVID years of 2018, 2019 and 2020, and -5.8, -7.0, and -8.2 CSS for the post-COVID-
19 years of 2021, 2022 and 2023, respectively. These estimates of annual learning losses
due to COVID-19 are even lower compared to those in Model 0d, showing that the
inclusion of the demographic variables has surfaced an even larger impact of the
pandemic than an unconditional comparison would estimate. Notably, as shown by the
model constant, model fit, and residual variance estimates, the parameter estimates of
auxiliary Model 2e are very similar to that of the main Model 2, suggesting that Year fixed-
effects and the COVID-19 binary variable are identifying and quantifying similar impacts.
This implies that the average proficiency of ELs has been relatively stable (controlling for
individual-level factors) when considered within pre-COVID-19 and post-COVID-19
periods separately, and gives additional credence to the estimated coefficient of COVID-
19 and other parameters estimates from the main models.

Finally, Model 2e examines the effect of decoupling Ethnicity from Race, by
including these in the regressions as separate and independent variables, each with its
own reference group (not Hispanic for Ethnicity, and No Race Reported for Race). The
parameter estimates of this model that ignores the ethno-racial intersectionality of ELs
are close in magnitude to most of the coefficients of the main Model 2. Notable differences
are observed when comparing the adjustments in the parameter estimates for Ethnicity,
Race, and Hispanic interaction variables. Moreover, according to both the total residual

variance, estimated at 1038 CSS, the model constant, estimated at 269 CSS, and R-
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squared, estimated at 0.50, Model 2e is inferior to Model 2 (1034, 260, and 0.51) in terms
of statistical precision and extent of accuracy in variance decomposition. This lends
additional credence to the Intersectional approach (e.g., interacting race and ethnicity) in
the context of the EL academic outcome data under examination and within the
framework of OLS regressions.

While informative and revealing, the parameter estimates from OLS models should
be treated with caution, as they may potentially be imprecise without a more flexible model
structure that more directly factors in temporal- and institutional-level variations in EL
proficiency: many ELs take the ACCESS assessment multiple times across years, and
students are clustered within specific schools, districts, and states. To examine these
sources of variation in EL proficiency, the next subsections introduce more advanced and

flexible model specifications.

Longitudinal Models

Main Model 3

A longitudinal Model 3 is presented in the first columns of Table 4.2.74 This model,
specified in Equation 2, accounts for the temporal variation in students’ scores as many
EL students take the ACCESS assessment multiple times in their academic journey
towards academic English proficiency.

The average impact of COVID-19 is estimated at -5.3 CSS according to the
longitudinal Model 3. This estimate is about two scale score points higher (less negative)

compared to the corresponding estimate of -7.7 in the OLS counterpart Model 2. Other

74 For reference and convenience of comparison, | also present the main OLS specification of Model 2.
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parameter estimates also differ in magnitude, but importantly, none change signs,
signaling consistently estimated relationships between these covariates and EL
proficiency. Notably, some of the parameter estimates of coefficients that have adjusted
more substantially across OLS and Longitudinal model specifications, such as Time in
EL, Newcomer and LTEL, are temporal in nature, and are thus expected to change with
a more direct accounting of this source of variation in Model 3. For example, as indicated
by the substantially smaller magnitude of the parameter estimate for the Newcomer
variable, estimated at -7 CSS as compared to that of -2 CSS in Model 2, and the
substantially larger (less negative) coefficient of LTEL, estimated at -4 CSS as compared
to -8 CSS in Model 2 imply important differences in ways the now-included repeated
nature of observations further explains variations in student scores.

Factoring in the temporal variation in students’ scores also substantially adjusts
the estimated coefficients of some other demographic variables. For example, the
average proficiency of ELs with IEPs was estimated at -21 CSS lower as compared to
ELs without IEPs in the more naive OLS Model 2; this disparity is still sizeable, but much
smaller (less negative) in Model 3, estimated at -12 CSS. A similar finding is reported for
Migrant ELs: the coefficient for this variable increased from -12 in Model 2 to -5 in Model
3. The opposite is true for the LIEP variable; in the longitudinal Model 3, ELs with LIEP
waivers outperform their “regularly-enrolled” peers by 5 CSS, as compared to the
estimate of 11 CSS in Model 2.

Variables capturing ethno-racial identification (i.e., interaction of Race and
Ethnicity) are also differentially affected by the inclusion of the temporal dimension of

variation in EL proficiency. The estimated coefficients for some subgroups increased,
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while others decreased as compared to the OLS Model 2. The average Hispanic Disparity
is slightly higher in Model 3: -7 CSS in Model 3 vs -6 CSS in Model 2. Hispanic interaction
variables with Newcomer, LTEL, and Migrant also adjusted, as all of the parameters have

much smaller estimated magnitudes in Model 3 compared to Model 2.



Table 4.2: Parameter estimates of longitudinal and mixed-effects main and auxiliary models.
REGRESSION FAMILY oLs Longitudinal MIXED (Random-effects/Hierarchical)
Models Numbers (DV = C55) M2 M3 M3k M3d M3e ma M5 Me M7B M7d MFe | MFf | MFg | MFR | MFP
Model Mame, Levels and Structure; L= RE GLS, 5 * i * FE Demo: | 2-Level | 3-Level | 4-Level <L 4-level: 5L, 5L, 5L, |5L, no|5L, no
Tupe of residuals and variance Ime:iiom ARL ::aée 7 ;:S'E"ne] E+F | RE, AR1 | RE, AR1 | RE, ARL 5t:;E +¥ear FE R+E | Naive |Demo | '21 | AR1
29, 2.8:33 25,1817
Average Impact of COVID-19 -7 5.3 58 2423 17 -5.4 -5.5 6.6 6.6 6.6 -B.B 40,5148 -B7 | -47 | -BT | -7.0 | -B5
Time as EL [in Years) 9 11 1 1 1 11 10 10 10 10 10 0 = 10 10 0
\ |TELSquared -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 ¥ -1 -1 -1
2 | Newcomer -2 -7 -7 -7 -5 -8 -7 -7 -7 -7 -7 -7 # -3 -7 -7
& [LongtermEL 2 ] ) -q -4 ] ) ) 4 -4 -q 4 | % | 3| 5| =
5 | SLIFE [& from cohort avg age] -6 -5 -5 -5 -5 -5 -4 -4 -4 -4 -4 -4 # -4 -4 -4
£ [Female 5 7 T T T 7 3 6 6 6 5 B = 5 3 B
& |EF -21 -12 =12 =12 -12 -11 -16 -16 -16 -16 -16 -16 - -15 -17 -16
Migrant -12 -5 -4 -5 -5 -4 - -4 -4 -4 -4 - - -3 - -3
LIEF Waiver 11 5 [ 5 =] 5 5 5 5 5 5 5 bl L) 5 5
Asizn nH 20 20 20 20 % 20 15 15 15 15 15 - - = 15 15
Asian Hizpanic 2 & G G & & 7 7 T T - = T T
Asian Hispanic Disparity 12 14 14 14 P 14 3 B 3 =5 -5 " % ¥ | & | -5
Black / African nH 8 7 7 7 4 7 g 8 8 g g 5 # b 3 g
Black/African Hispanic 4 1 1 1 1 2 3 3 3 3 ~ - 3 3
Black/African Hispanic Disparity -5 -5 -G - S -5 -5 & £ - -B S = = £ -B
Mixed Multiple Races nH 17 14 14 14 4 12 11 11 11 11 1 5 = = 12 11
& |Mixed / Multiple Races Hispanic 3 1] &7 & -1 1 1 1 7 7 » ¥ =z 7
-2 | Mixed/Multiple Races Hispanic Disparity _15 14 14 14 P 13 -10 10 10 -10 10 " % W | -0 | -0
é Mative American or Alaskan nH 5 1 1 1 03 1] 2 2 2 2 3 04 # X E] 3
o |Native American or Alaskan Hispanic 3 -1 -2 -1 ) -2 1 1 1 7 7 ) # * B 7
u Nat American or Alaskan Hispanic Disparity -2 -2 -3 -2 x -2 -1 -1 -1 = -2 * * X =1 -2
(2 | Pacific Islander or Nat HI nH 2 1 1 1 . 1 2 2 2 2 2 05 b * ] 2
Pacific Islander or Nat HI Hispanic 3 -1 i £ -1 0.3 0.4 0.4 A4 7 i ® = 7 5
Pacific Islander or Nat HI Hispanic Disparity 0.4 = -2 -z P 2 2 1 1 -1 -1 " % x a4 | =
‘White nH 14 i1 5 i 3 i0 g g2 3 g 3 “ B 3 g
White Hispanic 3 1] 7 I 1] 2 2 2 Zz 2 b “ 3 2
White Hispanic Disparity ETI 10 0 -0 P 10 5 & & - B " = % | B | B
Hispanic (Mo Race) 3 [1] -1 1} =3 -1 2 2 2 2 z 27 # b 3 2
Average Hispanic Disparity [All Races) -5.5 -7.0 =70 -£.8 ' -6.8 4.4 4.3 -4.3 43 43 ) .4 x 41| 44
Hizpanic Newcomer -11 -4 -4 -4 -3 3 -4 -4 -4 -4 -4 -3 = b3 -5 -4
g Hispanic LTEL & 1 1 1 1 1 z z 2 z z z o " z z
g |Hispanic Female 0.1 0.1 =i =i 7 =7 0.0 02 RE] RE] -3 -3 -5 ¥ ® -3 | 828
g Hispanic [EF 2 2 2 2 1 2 3 2 2 2 ? 1 * ® z 2
+ |Hizpanic Migrant ) 3 3 3 4 3 1 1 1 7 r 1 - = 7 r
_ |Hispanic waiver -2 -2 -2 -2 -3 -2 -1 -1 -1 -1 -1 -2 fad = -1 -1
'E State | District X X " b FE X X 100 82 &1 g2 83 &1 100 Ta g2
E State | District|School X X - B B X 200 113 113 13 m 15 224 133 m n
= State | District|School | Student X 696 E53 E32 Tl 808 654 653 653 653 653 B55 | 815 E72 | 750 | 7ET
= |Residuslvariance 1034 353 355 355 353 452 375 375 375 375 376 376 | 425 | 379 | 267 | 263
R-zquared (OLS)/ p (AR1) (xt & mixed) 0.51 0.29 023 | 745023 023 0.47 0.38 0.38 0.38 0.35 0.35 035 | 043 | 035 | 038 "
Constant 260 257 251 255 282 | 257 | 258 | 281 260 | 243 253 264 | 265 | 265 | 253 | 260

€Tt
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Again, these differences in estimated parameter estimates are not overly
surprising, as subgroups of EL students representing different and intersecting individual
identities display disparate average outcomes. For example, dually-identified students
scores are typically much lower compared to their peers without IEP identification. Given
this, itis easy to see that OLS models are essentially under- or over- estimating disparities
by pooling all data together, and not taking into account the fact that many observations
of proficiency are recorded for the same student, albeit differently over time.

Fit statistics for Model 3 suggest a similar, if not higher explanatory power as
reported by the estimates of overall R-squared of 0.50, with the corresponding within- and
between- estimates of R-squared, reported for longitudinal models, estimated at 0.70 and
0.42, respectively. In Model 3 the total conditional variance, estimated at 1050 CSS, is
comprised of the estimated student-level variation (696 CSS) and conditional residual
variance (353 CSS). While just a little higher than that in Model 2 (1034 CSS), the
explained (versus random) part of the variation in Model 3 is much higher, while the model
constant is just a little smaller, estimated at 257 CSS, compared to that of 260 CSS in
Model 2. The autocorrelation coefficient p, capturing the magnitude of serial correlation
is estimated at 0.29. These statistics all suggest that the parameters estimated under the
longitudinal framework are more robust and realistic compared to those estimated under

the simpler OLS framework.

Auxiliary Models 3b-e

Despite the better (than OLS) fit, Model 3 still fails to account for institutional levels
of variation, i.e., School, District, and State fixed-effects. While Model 3b, similar to its

OLS counterpart Model 2b, factors in state-level variation by including State fixed-effects,
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a respective model ‘3¢’ is not feasible in the longitudinal specification due to
computational power limitations. Meanwhile, the inclusion of State fixed-effects has a
negligible impact on parameter estimates compared to those reported by the main
longitudinal Model 3.

Model 3d estimates the longitudinal model using year dummy variables, which is
equivalent to including Year fixed-effects as in Model 2d. The coefficients on the year
dummy variables, estimated at 2.9, 2.8, and 3.3 CSS for the pre-COVID-19 school years
2018, 2019, and 2020, and at -2.4, -2.3, and -1.7 CSS for the post-COVID-19 years 2021,
2022, and 2023, are in reference to the school year 2017. These estimates are similar to
the difference in the impact of COVID-19 binary estimate and report a smaller estimated
impact of the pandemic on average EL proficiency than that estimated in the OLS
counterpart model. Promisingly, in contrast to the OLS counterpart Model 2d, the estimate
of the 2023 school year is larger than that of 2022, implying that under the more flexible
and more precise longitudinal / GLS model specification the average English proficiency
of ELs is showing an upwards trend.

Finally, Model 3e decouples Race and Ethnicity, providing independently
estimated relationships and coefficients for students’ racial and ethnic identifiers. All the
other covariates in the model are minimally different from those reported in the main
Model 3. However, there are noteworthy differences between the estimates of secondary
Model 3e and baseline Model 3. For example, the parameter estimates for Asian and
Black/African ELs are respectively 4-5 CSS points higher in Model 3e (compared to the
reference group) estimated at 16 and 4 CSS, as compared to that of 11 and 0.1 in Model

2e. Pacific Islander and White ELs’ reported proficiency is also slightly higher in the
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longitudinal model specification. Ignoring the ethno-racial intersectionality in Model 3e,
Hispanic ELs are reporting average proficiency levels 6 CSS lower compared to non-
Hispanic ELs, which mimics the slight increase in most of the parameters identifying racial

subgroups.

Summary of Longitudinal Models

In sum, the estimates from longitudinal models corroborate the evidence from OLS
models and build on them by introducing more flexible and realistic model assumptions.
The focal variables of interest change slightly across specifications, with the COVID-19
impact estimate slightly smaller, and the Average Hispanic Disparity estimate slightly
higher. The time-related variables of TEL, TEL_sq; LTEL and Newcomer see the largest
adjustments across specifications and are more precisely estimated in the
longitudinal/GLS specification (Model 3). Importantly, while it constitutes an improvement
over OLS Models 0-2 the longitudinal specification does not account for the nesting of
students in specific schools, districts, and states. Findings from Mixed-effects models,
presented in the next section, address this shortcoming via inclusion of random-effects at
the respective levels.

Mixed Models

Findings from main mixed-effects Models 4-7, and the secondary Models 7b-7i are
presented on the right-hand side part of Table 6.3 under a unifying header shaded in
green. Main models M4 through M7 are also highlighted in different shades of green,
signaling the increasing levels of nesting in more complicated and flexible models.
Random-effects parameters, populated for appropriate levels of included nesting for

various model specifications are presented in the bottom part of Table 6.3, and can be
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compared to the variance estimates obtained from both OLS (Table 4.2) and longitudinal

models.

Model 4. Two-level: Students | Time

Model 4 offers a mixed-effects specification that directly accounts for the repeated
nature of Student-level observations across time. As such, the conceptual design, levels,
and structures of included variation are the same across the longitudinal/GLS Model 3
and the mixed-effects Model 4. While the estimation methods differ across the longitudinal
and mixed-effects specifications, these similarities of the two models are apparent in
comparing the fixed and random parameter estimates from Model 3 to those of Model 4.
What is different across the two specifications is how the two variance components are
decomposed. More specifically, the longitudinal/GLS model appears to be more precise
in this task, as both the components of Student-level (across-time) variance and residual
(random, or unexplained) variance estimates are smaller under this specification. The
total error variance is also smaller in the longitudinal model, estimated at 1050 CSS,
compared to that of the mixed-effects model 4 estimated at about 200 CSS higher, at
1260 CSS. This is likely due to the difference in the estimated autocorrelation coefficient,

which is likely overestimated at p = 0.47 in the mixed-effects Model 4.

Model 5. Three-level: Schools | Students | Time

| build on Model 4 by adding School random-effects in addition to the Student
random-effects. Notably, Model 5 is the first specification enabling examination of school-
level variations in EL proficiency, and how its inclusion in model adjusts estimated
regression parameters. Comparing the estimating parameters of fixed and random

coefficients across Model 3 and Model 4 reveals some interesting patterns. While most
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parameter estimates, such as that on the average impact of COVID-19, Time as EL,
Newcomer, SLIFE, Female, and Hispanic interactions are only slightly different (about
one scale score point lower or higher) several others have changed substantially with the
inclusion of school-level variation in the estimation. For example, while the IEP coefficient
ranges from about -11 to -12 CSS in Model 3 and Model 4, it is lower by 5 CSS, estimated
at -16 CSS in Model 5.

Some of the estimates on ethno-racial disparities have adjusted similarly: Asian
Not Hispanic students report average proficiency that is 15 CSS higher (versus the
baseline group of no Race, not Hispanic) as compared to the 20 CSS difference reported
in Model 4 (thereby decreasing the reported Asian Hispanic Disparity from -14 to -8 CSS).
Also noteworthy is the smaller Hispanic Disparity for While ELs, estimated at -6 in Model
5 compared to -8 in Model 4. These two changes in parameters drive the smaller
estimated Average Hispanic Disparity at -4.4 vs -6.8 in Model 4.

Adding School-level variation into the model also changes the random-effects
parameters in important ways. First, despite the more complicated nesting structure, the
total variance as decomposed in Model 5 and estimated at 1229 CSS is smaller compared
to that in Model 4. The residual variance is also quite smaller (by 80 CSS), estimated at
375 CSS. Second, the Student-level variance estimated at 808 CSS in Model 4 has been
further decomposed into 654 CSS capturing Student-level variance, and 200 CSS
capturing School-level variance. Finally, the autocorrelation coefficient, estimated at p =
0.38 in Model 5 is also smaller than its counterpart in Model 4 implying that some of the
“‘inertia” effects (of student’s scores correlation across time) are absorbed and better

predicted by the School- random-effects. These changes in random effects parameters
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signal a better fit in Model 5 and support the inclusion of school-level random effects.
Further, the non-trivial changes in regression coefficients after the inclusion of School
random-effects signal potentially important differences in ways different subgroups of ELs

are being served across schools (discussed in more detail in Chapter 5).

Model 6. Four-level: Districts | Schools | Students | Time

Model 6 introduces District random-effects into the estimation, elevating the
number of nested levels to four. While impressive from a modeling perspective, the
change in model coefficients is smaller than the integer-level rounding of CSS points can
capture.” In other words, introducing District-level variation to (on top of) the mixed-
effects regression estimated in Model 5 does not result in an adjustment for the previously
estimated relationships, when “only” School-level and Student-level variation were
explicitly included. Interestingly (and perhaps jumping ahead), this same relative
invariance to added institutional levels of variation is observed when State random-effects
are added in Model 7, as described in the next section.

Random-effects estimates shown at the bottom of Table 4.2 present the only small
change across the parameter estimates that can be observed from adding District
random-effects in Model 6. More specifically, the School-level variation in CSS, estimated
at 200 points in Model 5 is decomposed into 113 and 100 points, representing the
respective School- and District-level variance estimates in Model 6. While all other
random-effects parameters have not changed, the total conditional error variance,

estimated at 1142 CSS in Model 6 (100+113+653+375) is substantially smaller than that

75| could not find any research in education that applies empirical models with more than three levels of nesting.
Moreover, there are no studies that investigate the multi-level nesting of English Learner students.
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in Model 5 estimated at 1229 CSS. This implies that despite the apparent stability of the
fixed parameter estimates, the “random part” of the mixed-effects model estimates
benefited from the inclusion of District random-effects. In other words, the inclusion of
district-level nesting improved the overall model fit and precision of variance

decomposition, but not necessarily its fixed parameter estimates.

Model 7. Five-level: States | Districts | Schools | Students | Time

Model 7 is the final specification that models the relationship between EL
proficiency and individual-, temporal-, school-, district-, and state-level factors, as shown
in Equation 3 (Chapter 3). Importantly, similar to the case of Model 6, the fixed parameter
estimates of this model are again not substantially different after including the highest
level of nesting, i.e., State random-effects. The identical (after rounding) parameter
estimates for all fixed coefficients across Model 5 to Model 6 to Model 7 imply that the
estimated relationships and dependencies have stabilized with respect to additional levels
of nesting hierarchies, and signal model saturation with respect to the hierarchical
nesting.

Similar to the transition from Model 5 to Model 6, the random effects parameter
estimates of the Model 7 changed only with respect to the further decomposition of the
highest included level of variation. District-level variance, estimated at 100 CSS in Model
6 is further partitioned into 82 and 29 CSS points, representing the respective District-
and State-level variance estimates in Model 7. Signaling saturation of the hierarchical
nesting from the standpoint of variance decomposition, the total conditional variance in
Model 7, estimated at 1153 CSS is slightly higher than its counterpart in the four-level

Model 6, estimated at 1142 CSS.
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Since the fixed (non-random) parameter estimates are identical across Models 5-
7, 1 will not discuss these separately for Model 7. Instead, | outline the findings on
parameter estimates from secondary specifications M7b-M7i, and compare the latter to

both the Main specification in Model 7, and to their respective OLS and GLS counterparts.

Auxiliary Models 7b-i

Model 7b replaces the State random-effect with a State fixed-effect. Model 7b is
therefore a four-level mixed-effects model with State fixed-effects added to adjust for the
state-level variance. Thus, the random-effects estimates of variance parameters of Model
7b can be compared to those of Model 7 and Model 6. Expectedly, the four-level fixed-
effects specification yields in the smallest reported model constant, reported at 249
(because this approach effectively “differences out” CSS points from the fixed part of the
model). Model 7b is equivalent to Model 7 for practical purposes but is much faster to
execute (5 days of computer runtime compared to three weeks). This is important for
future research, as it supports the use of four-level models with more flexible variance
decomposition, especially relevant when more data is added to the models with the
completion of the 2023-24 ACCESS administration.

Model 7d implements yet another four-level specification, now modeling the lowest
level (i.e., temporal variation) of hierarchical variance through Year fixed-effects. Other
than the differently-decomposed COVID-19 impact, the parameter estimates from Model
7d are otherwise almost identical to Model 7. Notably, similar to the findings from the
Longitudinal/GLS counterpart, findings from Model 7d on annual differences in average

proficiency (in reference to school year 2017) also show an upward trend for the most
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recent school year of 2023. While the latter is perhaps the most positive finding this study
can offer, we can be cautiously optimistic that the trend may be reversing.

Model 7e follows its OLS and longitudinal (GLS) counterparts and decouples race
and ethnicity in a five-level random-effects specification. Akin the OLS and longitudinal
specifications, comparisons with the main Model 7 reveal minimal differences in
parameter estimates, apart from those capturing ethno-racial identification. Notably, the
difference between Hispanic and non-Hispanic ELs’ proficiency as quantified by the
“decoupled” Model 7e is estimated at -2.7 CSS, while the main Model 7 suggests a more
accurately (both theoretically and empirically) estimated, and larger “Average Hispanic
Disparity” of -4.3 CSS. Therefore, examining EL proficiency under an Intersectional lens
surfaced additional, larger inequities that would otherwise remain invisible.

To compare with the baseline estimates of Model 0, Model 7f provides a Naive
estimate of the impact of COVID-19 by removing all fixed parameters from the model
while leaving the four-level nesting intact. The coefficient is smaller in the OLS Naive
model, implying that the 2.2 CSS difference between the estimated parameters is likely
absorbed by the institutional-level effects. Also absorbed by these random effects is the
impact of now-omitted fixed effects of the variables capturing ethno-racial identification of
ELs. While the State- and District-level variance components have not changed across
specifications, both the student- and school-levels of variation are substantially larger. It
is difficult to ascertain the reasons behind these dynamic and interrelated changes. The
differential clustering of specific ethno-racial subgroups of students across schools, the

different ways in how various schools serve these students, and how the performance of
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these students has been affected across time could be some of the factors that could be
driving these changes in the estimates.

Model 7g removes the ethno-racial variables from the main model, leaving only the
basic demographic variables. As can be seen by comparing the estimates of Model 7g to
the main Model 7 parameters, removing the ethno-racial variables does not affect the
fixed parameter estimates substantially. On the other hand, similar to the Naive model
random-effects estimates, the random-effects parameter estimates in M7g are much
larger than those in the main Model 7. Different from the Naive model, however, is how
the institutional-level variability adjusts from including only the basic demographic
variables. More specifically, the changes in variance parameter estimates are more
proportional, with the State- and District-level variance increasing along with more modest
(than in the Naive model) increases in Student- and School-level variance. This implies
that the inclusion of ethno-racial and Hispanic interaction variables helps explain
variations in EL proficiency along all levels. In other words, it is corroborating evidence
that there are non-trivial differences in how EL students representing different ethno-racial
backgrounds and multiple intersectionalities are served by different schools, districts, and
states. This opens doors for future research to examine these differences by adding
random slopes for focal groups of research interest, to enhance and improve the higher-
level variance decomposition.

Model 7h replicates the main specification in Model 7, by removing the school year
2021 from the analysis due to concerns that its potentially selected nature, along with the
smaller sample size and higher measurement error in this “during COVID-19” academic

year, could distort some of the estimates. However, alleviating these concerns exclusively
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from a robustness standpoint, the average COVID-19 impact estimate is (slightly) even
more negative, estimated at -7.0 CSS as compared to the more precise and stable
estimate of about -6.6 CSS in Models 5-7. While the estimates of the fixed parameters do
not change substantially, this is not true of the variance estimates specified in the random
effects. More specifically, the residual variance in Model 7h is 100 CSS lower, estimated
at 267 CSS, while the Student-level variance is higher by about the same amount,
estimated at 750 CSS, compared to those in the main Model 7. A similar adjustment or
coefficients can be observed when removing AR1 error structure. In other words, either
removing school year 2021 in Model 7g or misspecifying the error variance structure by
not accounting for the moderately high serial correlation in Model 7i inflates the within-
student variation on the account of the residual variance. This lends additional support to
including the 2021 data and autoregressive errors in the final mixed-effects models.
Finally, Model 7i, while estimated under a naive error variance structure, enables
the calculation of an important statistic — the residual Intra-cluster correlation coefficient
(ICC), which measures the degree of clustering of observations (of EL proficiency) within
groups (i.e., states, districts, schools, and students). It also represents the degree of
variability in ELs’ scores between groups. The ICC for the state-, district-, school-, and
student-levels is (very precisely) estimated at 0.02, 0.09, 0.18, and 0.79, respectively.
These estimates suggest that, after adjusting for district- and school-effects that likely
absorb some of the higher (state)-level variation, there is moderate variation in EL
proficiency across districts and schools, but not so much across states. The estimate of
0.79 for the student-level variation is high, but likely an overestimate, as it fails to account

for the fact that many of the student-level observations are correlated across time.
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Summary of Main OLS, Longitudinal, and Mixed-effects Model Results

Table 4.3 collects the main regression models and parameter estimates together,
removing the secondary models for a side-by-side comparison of focal variables.

Table 4.3: Parameter estimates of main regression models.

REGRESSION FAMILY ORDINARY LEAST SQUARES (OLS) | LONGITUDINAL MIXED (Random-effects/Hierarchical)
Models Numbers (DV = 0C55) Model 0 | Model 1 Madel 2 Model 3 Modeld | Model5 | Model&
Model Hame, Levels and Structure; Naive + Demao: * Fu'}_::m: Random Effects ;t::i?;; ;;Ehﬁa +m‘::.
Type of residuals and variance (Grade FE) | noR&E e GLS, AR1 s ey s
Average Impact of COVID-19 £.9 -2.0 1.7 5.3 -5.5 6.6 £.6 -£.6
Time a5 EL [in Years) X 9 9 11 11 10 10 10
- TEL Squared X -1 -1 -1 -1 -1 -1 -1
Y| Newcomer X i -2 -7 -8 -7 -7 -7
E‘ Long-term EL X 4 I 4 4 4 4 4
= SLIFE [Afrom cohort avg age) X 7 -5 -5 .5 s -4 A
£ [Female X 5 5 7 7 E 3 6
& [ER X -20 -21 -12 -11 -16 -16 -16
Migrant X -7 -12 -5 -4 -4 -4 -4
LIEP Waiver X 11 11 5 5 5 5 5
Azian nH X X 20 20 20 15 15 15
Asian Hispanic L3 X 2 5] G G 7 7
Asian: Hispanic Disparity L3 X -12 -14 -14 -5 -5 -5
Black / African nH X X 2 7 7 2 g i
Black/African Hispanic X X 4 1 1 2 3 3
BlackfAfrican: Hispanic Disparity X X -5 -6 -6 -6 -6 -6
Mixed Multiple Races nH X X 17 14 12 11 11 11
.'E Mixed / Multiple Races Hispanic X X 7] -1 1 1 1
'E Mixed / Multiple Races: Hispanic Disparity b4 X -15 -14 -13 -10 -10 -10
i | Native American or Alaskan nH X X 5 1 0 2 2 2
'g Mative American or Alaskan Hispanic X X El -1 -2 1 1 1
z Nat AM or Alaskan: Hispanic Disparity X X -2 -2 -2 -1 -1 -
2 | Pacific Islander or Nat Hl nH X X 2 1 1 2 2 2
= Pacific [slander or Nat Hl Hispanic LS X 3 -1 -1 ¥} o
Pac |sl or Mat HI: Hispanic Disparity LS X 0.4 -2 -2 -2 -1 -1
White nH X X 14 i1 i a3
White Hispanic L3 X 3 [v) o] 2 2 2
‘White Hispanic: Disparity L3 X -11 -10 =10 -& -6 -6
Hispanic Disparity (Mo Race) X X 2 7] -1 2 2 2
Average Hispanic Disparity [All Races) X b4 -5.9 7.0 6.8 4.4 4.3 -4.3
Hispanic Newcomer X X -11 -4 -3 -4 -4 -4
E Hispanic LTEL X X ] 1 1 2 2 2
1§ |Hispanic Female X X 01 0.1 o0 0.2 0.3 0.3
g Hispanic [EP X X 2 2 2 2 2
£ |Hispanic Migrant X X 2 3 3 1 i 1
" [Hispanic Waiver X X -2 -2 -2 -1 -1 -1
b X X X X X X X -
% State|District X X X X X X 100 a2
E State | District|School X X X X X 200 113 113
= State|District|School | Student X X X £9E5 208 654 £53 653
& | Residusl variance 1242 1060 1034 353 452 375 375 375
R-squared [OLS)/ o [AR1) [xt & mixed) 0.41 0.43 0.51 7,45, 0.29 0.97 0.38 0.38 0.38
Constant 277 268 260 257 257 258 261 260

The parameters on the focal variables of interest estimated across various model

specifications present a consistent picture of a large, sustained, and differential impact of
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the pandemic on various EL subgroups. Due to the common scale across the various
specifications and the same underlying analytic sample, it is useful to compare
coefficients across models for a more nuanced understanding of the relationships and
dependencies across and between variables and levels. The dynamic and interrelated
changes in parameter estimates across various specifications illustrate how various
modeling assumptions affect these relationships. The population-level samples
underlying the analysis coupled with the high precision of the estimates reported in Tables
4.1, 4.2 and 4.3 provide a comprehensive map of statistical relationships and can serve
as a high-level blueprint in future analyses.

Findings from regression models show that the average impact of the COVID-19
pandemic on EL proficiency is estimated at -6.6 CSS points. While within the context of
the overall theoretical range of CSS points (100-600) for an individual student this
estimate does not seem large, its magnitude is more telling when compared to the other
parameter estimates of the model. For example, as compared to the coefficient of TEL
estimated at about 10 CSS, the average impact of COVID-19 can be restated as equal to
about 0.66 (calendar) years of Time as EL. In this light, some of the disparities uncovered
by the parameter estimates of models are quite unsettling. For example, the disparity
between ELs with and without /EP identification is estimated at 16 CSS, which would be
roughly equal to the impact of two and half COVID-19 pandemics! In TEL terms, this
disparity implies that in terms of English language proficiency, dually-identified ELs are

on average about a year and half behind their peers without /EP identification. 7

76 Another way to evaluate the reported differences and impacts is through the standard deviation units, using the
data provided in Table 3.2. However, this is also somewhat imprecise, as these deviations are estimated for an entire
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Similar concerns are uncovered with respect to disparities between ethno-racial
subgroups. Figure 4.1 shows that controlling for the multitude of multileveled factors
included in Model 7, average proficiency of select ethno-racial subgroups, such as Asian,
and especially Not Hispanic Asian ELs, or Not Hispanic African/Black and Not Hispanic
White ELs is much higher than that of both Hispanic and not Hispanic Native American/
Alaskan ELs, Pacific Islander / Native Hawaiian ELs. Disparities by Hispanic status for
each of the Races, and for ‘All Races on Average” are also substantial and show that
Hispanic students’ scores are 4.2 CSS lower than those of their non-Hispanic peers.

Figure 4.1: Ethno-racial disparities in average EL proficiency
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To further highlight the impact of these disparities by Hispanic identification, Figure

4.2 presents EL language development trajectories, based on the predicted parameter

grade-level, and also vary across grades. Using the pooled (across-grades) estimate of standard deviation of about
45 CSS, a difference of 10 CSS would imply an effect size of about 0.25 standard deviations.
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estimates of Model 7 on Time as EL (and its quadratic). Average temporal effects of
Newcomer and LTEL and respective Hispanic Interactions, as well as the average impact
of COVID-19 are included in this comparison, and trajectories are estimated for ELs
enrolled in an ‘average grade’ (using the estimates of Grade fixed-effects).

Disparities in average proficiency across ethnic identification become more
apparent when comparing the predicted average English language development
trajectories of Hispanic versus not Hispanic English Learners over time, as given in Figure

4.2.

Figure 4.2 Predicted disparities in language development by Hispanic identification.
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For example, Figure 4.2 shows that after three years from initial identification,

Hispanic ELs’ average proficiency lags about a year behind that of non-Hispanic ELs’.
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Four years after initial identification, close to the peak of the subgroup proficiency across
years (as indicated by the dashed line), Hispanic ELs are about three years behind their
non-Hispanic peers.

Finally, using the random effects parameters and total residual variance estimates
from the final specification in Model 7, it is possible to arrive at an overall decomposition
of variance in ELs’ average proficiency, as shown in Figure 4.3.

Figure 4.3 Sources of variations in EL proficiency.
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Figure 4.3 shows that according to Model 7 random-effects parameters, close to
70% of the variation in EL scores is sourced to State (2%), District (6%), School (9%),
and Student (52%) - level factors, while 30% of the variance remains unexplained.

The estimates from the various regression models and the final specification Model
7 address the first research question, by confirming a large and sustained impact of
COVID-19 on EL proficiency, and documenting sizeable disparities across ethno-racial,
and other subgroups. The precise and consistent estimated relationships between
individual-level factors and EL proficiency in the context of temporal and institutional-level
variables provide a detailed roadmap on how EL proficiency was impacted and shaped
by these multilevel factors. However, these estimates are limited in the sense that they
quantify average relationships for the entire timespan under consideration (2017-2023).
While illuminating with respect to estimates of the average overall impact the pandemic
and overall differences and disparities in subgroup outcomes, these estimates don’t offer
much insight with respect to how these relationships were affected more recently, after
the pandemic caused the disruptions in the education of ELs. To explore how the
pandemic impacted these relationships, | generate and compare estimates for pre- and
post-COVID-19 periods separately, replicating the specification presented in Model 7.

These results are provided in the next section.
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Impact of the COVID-19 Pandemic on EL Disparities

In this section, | replicate the specification presented in Model 7 to compare the
differences in average EL proficiency by subgroup of interest for the pre- and post-
COVID-19 periods. Thus, the relationships between covariates and EL proficiency are
estimated separately for 2017-2020 and 2021-2023 and are presented in Table 4.4.
Because the difference in parameter estimates across the pre- and post-COVID-19
specifications are relatively small (but still of research interest), | report decimal points for
all of the estimated fixed coefficients. Reporting how these relationships have been
impacted by the pandemic, the final column of Table 4.4 presents the changes in post- to
pre-COVID-19 estimates for all the variables included in the models, including the
parameters of variance estimated for student, school, district, and state-levels. In the rest
of this section, | explore each demographic variable of interest in turn. | conclude the
section with a discussion of the patterns that emerge across focal EL subgroups.

Time as EL

The parameter estimate on Time as EL approximates, in CSS units, the average
amount of academic English acquisition for an EL student, controlling for the multitude of
factors and covariates included in the analysis. According to the estimated difference of
1.2 CSS, this amount slightly increased for ELs in the post-COVID-19 era, while the
guadratic term, capturing diminishing returns, is slightly more negative. Due to the smaller
timespans (four and three school years instead of seven) under consideration resulting
from partitioning of the analytic sample into pre- and post-COVID eras, it is difficult to

ascertain the source of these small differences in the impact of TEL.



Table 4.4: The impact of COVID-19 on predictors of EL proficiency.
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Newcomer ELs

The average disparity by Newcomer status, es estimated for the entire timespan
including pre- and post-COVID-19 periods and reported in Table 4.3, was calculated at
about 7 CSS. There are notable changes to parameter estimates for this variable when
the relationship is estimated for pre- and post-COVID-19 periods. More specifically, the
difference of the parameter estimate is comparatively the largest among focal subgroups
(see the last column in Table 4.4). The overall proficiency of Newcomer ELs (taking the
ACCESS test for the first time), while still slightly lower compared non-Newcomer ELs (-
2.2), is 5 CSS higher after the pandemic. Importantly, however, this improvement in
Newcomer proficiency, does not manifest the same way for Hispanic students. As
indicated by the slightly more negative coefficient for the Hispanic and Newcomer
variable, the average language proficiency of Hispanic Newcomers does not show a

similar post-COVID-19 improvement.

Long-term ELs

The average disparity by LTEL status, as estimated for the entire timespan
including pre- and post-COVID-19 periods and reported in Table 4.3, was calculated at
about 5 CSS. Unlike the findings for Newcomer ELs, however, Long-term ELS’ average
proficiency has declined by about 1 CSS, from an estimated -4.5 (pre-COVID-19) to -5.4
CSS (post-COVID-19). Interestingly, the change in the Hispanic LTEL interaction variable
from post- to pre-COVID-19 periods is also sizeable, indicating that these students, as

opposed to not Hispanic LTELSs, are recording slightly higher scores after the pandemic.
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SLIFE

According to the small parameter estimate of 0.3 CSS for this variable reported in
the last column of Table 4.4, there is only a slight difference between the parameter
estimates for SLIFE pre and post pandemic. In other words, interruptions to students’
formal education have a similar estimated negative impact on average EL proficiency in

both pre- and post-COVID-19 periods.

Gender

While Female EL students outperform their male peers by about 6 CSS points on
average, this estimate is slightly smaller in the post-COVID-19 years. The Hispanic
interactions between Gender and Hispanic identification, similar to the estimates in the
overall specification for the entire timespan, are still statistically not significant, implying
that Hispanic Female ELs do not report either higher or lower scores on average, as

compared to Hispanic ELs, or Female EL students.

IEP Status

The average proficiency outcomes for English learners with IEPs are substantially
lower compared to their peers without disabilities. Similar to the post- to pre- COVID-19
changes in parameter estimates for SLIFE and Female, the changes in the IEP parameter
estimate are small (estimated at 0.5 CSS). Dually-identified Hispanic students’ average
scores are slightly higher post-COVID-19, estimated at 2.5 CSS as compared to 1.8 CSS

in pre-COVID-19 years.
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Migrant Status

Migrant ELs’ average proficiency has decreased after the pandemic by 2 CSS from
an estimated -2.8 CSS to -4.8 CSS. Hispanic Migrant ELs do not report statistically

different average proficiency levels before and after the pandemic.

LIEP Waiver

EL students with LIEP Waivers generally outperform their peers who are enrolled
in supplementary language support programs at schools. This difference is slightly
smaller in post-COVID-19 years, but still sizeable and estimated at 5 CSS. The respective

term with the Hispanic interaction is not statistically significant in the post-COVID era.

Race and Ethnicity

Examining differences between ethno-racial subgroups’ average performance in
pre- and post-COVID-19 years provides some notable findings. While there are some
improvements in the average proficiency of several subgroups in post-COVID-19 years
(as compared to the no Race, not Hispanic subgroup), the sizeable, negative and higher
parameter estimates for Hispanic Disparities derived for each of the Ethnicity and Race
intersections as well as for All Races, show that disparities in average proficiency
outcomes by Hispanic ethnicity increased after the pandemic. Notably, higher average
proficiency in the post-COVID-19 years is reported for all non-Hispanic ethno-racial
subgroups, with Not Hispanic Asian (2.2 CSS), Not Hispanic African/Black (3.7 CSS) and
Not Hispanic White (2.1 CSS) ELs reporting relatively larger increases in average CSS in
the post-COVID-19 years. Figure 4.4 provides a visual of the changes to ethno-racial

disparities by subgroup due to the COVID-19 pandemic, as summarized in Table 4.4.



Figure 4.4. Ethno-racial disparities in average EL proficiency before and after COVID-19.
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Student, School, District, and State-level Random Effects

Presented in the last column at the bottom part of Table 4.4 are notable differences
in the estimated variance parameters before and after the COVID-19 pandemic. Variance
parameters due to State- and School-level factors are lower in the post-COVID-19 period.
This is especially true for the estimate of the State random effect, which is almost halved
in magnitude. District-level variance, on the other hand, slightly increased from 80 CSS
to 84 CSS. The residual variance is slightly higher in the pre-COVID era compared to its
estimate in the post-COVID-19 years of 2021-2023, implying that variations in EL

proficiency are less random after the pandemic.

Summary of Findings on the average impact of COVID-19 on EL Disparities

In sum, the findings from replicating Model 7 with pre- and post-COVID-19 data
indicate that the pandemic impacted relationships between predictor and dependent
variables (including disparities by subgroup and institutional-level impacts) in varied, but
consistent and somewhat predictable ways. Many of the subgroup disparities increased,
while others decreased. Importantly, the most consistent decreases in average language
proficiency were estimated for Hispanic English learners, who represent the majority of

students both in the analytic sample and nationally.
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CHAPTER FIVE: DISCUSSION
Introduction

Akin to the uncovered disparities that were precisely quantified by the advanced
and multilevel regression models and presented in the previous chapter, the theory and
development of statistical methods enabling these models also have a deep-rooted
history in systemic, institutional, and individual racism (Russell, 2023). Francis Galton,
Karl Pearson, and Ronald Fisher — each credited with the advancement of statistical
theory and models that underly the exponentially more advanced and flexible successors
that are implemented in this study though cutting-edge statistical software and computer
processing power — all held racist and eugenicist beliefs that permeated the implications
they drew from their analyses (Tabron & Thomas, 2023; Russell, 2023). The methods
and tools they created, while (arguably) objective in their nature, were developed for the
purpose of attempting to validate unfounded and self-serving white supremacist beliefs,
and to move forward racist arguments about heredity and selective breeding (e.g.,
Clayton, 2021). Following the latter:

“That skull measurements could indicate differences between races — and by
extension, differences in intelligence or character — was almost axiomatic to eugenicist
thinking. Establishing those differences in a way that appeared scientific was a powerful
step towards arguing for racial superiority” (p. 144, in Russell, 2023).

The theory and implementation of statistical methods and regression models have
come a long way since then. Studies are more careful in disentangling issues of

correlation from causation, as problematic issues prevalent in observational data such as
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sample selection, omitted variables, and simultaneity are more commonly and explicitly
addressed or at least acknowledged in educational research and measurement.
Econometricians use terms like endogeneity to remind us that correlation is not causation,
and that the underlying mechanisms of relationships and dependencies quantified and
expressed by estimated regression coefficients need theoretical grounding, further
exploration, and perhaps most importantly, careful interpretation. However, while many
things have changed from the time of these misguided scientists, racist narratives and
repressive ideas still permeate the discourses surrounding immigrants or “foreigners,” as
well as persons racialized Black, Hispanic, or Asian, among others. At times, these
narratives are even amplified at very high political levels. Therefore, it is important to
reiterate once again that the disparities uncovered by the regression analyses for many

of the intersectional student groups are not signals of causal impacts, or effects of racial,

ethnic, or other identity, or their intersections. Simply assigning a person (student) to
specific subgroups, especially when the assignment itself is based on inequitable rules
defined by the (educational) system, does not cause a change in their score: rather, it is
the lived (academic) experiences that systematically differ among racialized and ethicized
student groups that contribute to disparities (Russell, 2023). These identity markers serve
as mere proxy variables that are related to these systematically different experiences and
are then captured and quantified by the coefficients of regression models.

Echoing these points, Roberts (2011) draws on genetic analyses from the Human
Genome Project that show a greater variation among people with recent African heritage

and among people with recent European heritage than there is variation between these
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groups, leading to the obvious conclusion that there is nothing genetically inherent in
people that supports grouping them in racial categories based on biology, and that “race
itself is an invented political grouping. Race is not a biological category that is politically
charged. It is a political category that has been disguised as a biological one” (Roberts,
2011, p.4). Another example illustrating this point is the famous quote credited to the
editors of the journal Nature Biotechnology (2004), that “[s]cientifically, race is a
meaningless marker of anything. Pooling people in race silos is akin to zoologists
grouping raccoons, tigers, and okapis on the basis that they are all stripey.” (p. 903) 7/

Further, astrophysicist Neil De Grasse Tyson opines’® that applying the scientific
concept of albedo — instead of the discrete categories of race as applied by individuals,
institutions, and systems — would perhaps be less harmful in the context of race-based
wars, genocides, ethnic “cleansings” and conflicts that have plagued human history since
similar-looking groups of people have been able to congregate and militarize. Resonating
with the goals of the anti-categorical approach of Intersectional complexity analysis
(McCall, 2005), Dr. Tyson’s hope is that this might (still?) promote the understanding that
this shared common characteristic (of reflectivity) exists in a full and continuous spectrum,
rather than dividing us into discrete and "colorful" categories, which are applied to label,
divide, and classify humans into “us” and “them.”

Meanwhile, the findings from this study presented in the last chapter provide

consistent evidence of a large, persistent, yet differential impact of the COVID-19

77 Editorial, Illuminating BiDil, 23 Nature Biotechnology 903, 903 (2005)
78 Video link: “Neil deGrasse Tyson Explains Albedo.” https://www.youtube.com/watch?v=pJ0GQYiBg_U&t=141s
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pandemic on English Learner students’ outcomes, as estimated by multi-level regression
models that account for the potential impact of institutional-level factors, i.e., EL students’
nesting across WIDA states, districts, and schools. Importantly, these disparities in
outcomes are delineated by many of the above-discussed discretized racial and ethnic
identity categories and their intersections. Further, the pandemic has impacted these
disparities in differential, and — for the majority of ELs, i.e., Hispanic language learners —
in detrimental ways. The tension between the socially constructed nature of these
variables and their “estimation” in the empirical models — despite the attempts to alleviate
it through the applications of interaction terms, “fuzzy set logic” and multilevel models, as
suggested by Intersectional researchers — cannot be easily resolved. However, while the
analysis unavoidably relies on ethno-racial categories by including them as “predictor”
variables, the overarching purpose of doing so is to highlight disparities at the intersection
of racial, ethnic, and other categories, thereby illuminating shortcomings of the
educational system, as well as pointing to areas needing remedies within it.

The discussion in this chapter relies on the adopted Intersectional lens for a more
nuanced understanding of the uncovered disparities in the context of the institutional
factors that helped shape them. The next sections present the results around these
disparities and provide a discussion guided by the overarching purposes and guiding

principles of a critically quantitative analysis.
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Results

RQ1: Impact of the COVID-19 Pandemic on Average Proficiency

Addressing research question 1, Tables 4.1-4.3 document precise and consistent
estimates of regression coefficients on individual-level variables capturing students’
reported demographic, ethno-racial, and other identities, as well as their intersections.
These estimates outline important disparities in some EL students’ outcomes, as their
proficiency continues to remain substantially behind that of their peers, who move more
seamlessly towards higher academic English proficiency that leads towards exit from EL
status. Furthermore, while there is some evidence that ELS’ average scores are trending
slightly upwards in the most recent academic school year examined (Model 7d), the
evidence also highlights that post-COVID recovery has been insufficient and unequally

distributed.

Intersectional Overview of Individual-level Differences and Disparities

Examining average proficiency by students’ ethnic and racial identification reveals
important and substantial differences. For example, findings show that ELs reporting
Asian, Black/African, Multiple/Mixed Races and White racial identities, on average, report
markedly higher English proficiency scores as compared to Native American or Alaskan,
and Pacific Islander or Native Hawaiian ELs. Meanwhile, the interaction of Ethnicity with
Race provides an Intersectional view and highlights important nuances with respect to
differences in average English proficiency outcomes across ethno-racial subgroups of EL
students. More specifically, these differences in average proficiency are especially salient

for ELs who are also identified as Hispanic compared to with those who are not, as
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substantial and varied disparities between these students are reported for each of the
subgroups identified by a different Race. 7° Recalling the baseline estimate of “about 10
CSS per year as EL,” disparities by Hispanic ethnicity are also sizeable for Asian (-8.3
CSS), Black/African (-5.7 CSS), and White ELs (-6.0 CSS).8° On average, “controlling for
Race,” Hispanic EL students’ scores are 4.3 CSS lower compared to that of ELs without
Hispanic identification (when averaged across the seven reported races). Importantly, this
estimate is larger (more negative) than its counterpart of -2.7 CSS, reported in analyses
that decouple Race and Ethnicity and consider them separately (Model 7e). This implies
that examining disparities in outcomes though an Intersectional lens has revealed
important, additional, and larger disparities for many English Learner students that would
otherwise remain invisible and neglected.

Further, examining the interplay between the parameter estimates of “main” and
Hispanic interaction variables across Model 1 and Model 2, as well as in the final
specification in Model 7 reveals important differences in how specific demographic factors
“explain” differences in average EL proficiency for Hispanic versus non-Hispanic identified
ELs. For example, the final specification Model 7 (Table 4.3) shows that the interactions
of Ethnicity with Newcomer status reveal non-trivial differences in the average proficiency
levels of newly identified, beginner-level ELs that identify as Hispanic versus non-

Hispanic, as the latter subgroup’s reported average proficiency was 4 CSS higher.

79 Curiously, the largest disparity for Hispanic students is reported for ELs identified by Multiple/Mixed races,
warranting further inquiries into the demographic and educational characteristics of these language learners.

80 It is important to recall that these are average “effects”. There are substantial differences, for example by grade-
level, as estimated by the precisely estimated grade fixed-effects (Appendix A).
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Conversely, LTEL students who identified as Hispanic report slightly higher average
proficiency as compared to non-Hispanic LTELs. Coupled with the above-discussed
result of a lower initial proficiency estimated for Hispanic Newcomers, this implies
differential (average) language development trajectories for Hispanic versus non-
Hispanic students.

A comparison of such differential trajectories predicted by the parameters of Model
7 is given in Figure 4.2. It illustrates that Hispanic students start their academic journeys
as ELs at lower English proficiency levels, and, on average, never catch up with their non-
Hispanic counterparts. Further, these disparities in outcomes become larger with time.
More specifically, after three years from initial identification, Hispanic ELs’ average
proficiency is about a year behind that of non-Hispanic ELs. Worryingly, four years after
initial identification, Hispanic ELs are about three years behind their non-Hispanic peers.
Even more worryingly, four years after identification Hispanic ELs’ average proficiency is
close to its peak, shown by the dashed line. Concerningly, these estimates suggest that
absent a substantial positive change and systematic improvements in these students’
education and academic experiences, many Hispanic ELs’ proficiency will not reach the

level of their non-Hispanic EL peers even with additional time in schools as ELSs.

Intersectional Overview of the Institutional-level Factors

The tenets of Intersectionality also call for considering the simultaneous and
potentially differential impacts of dynamic and institutional contexts, by examining student
outcomes in a multilevel regression framework (Rusell, 2024). The five-level specification

described in Equation 3 and implemented in Model 7 includes both temporal and
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institutional levels in its flexibility, and is a first attempt at applying this approach for
examining aspects and nuances in EL education (at this scale and scope). The evidence
gathered from various specifications provides ample evidence that institutional context
matters, notably in different ways, in forming and shaping these students’ educational
outcomes, and subsequent status as English Learner.

Speaking to this point is the substantial adjustment of the parameter estimates for
some of the ethno-racial variables following the inclusion of institutional, i.e., School- and
District-level random effects across models with added hierarchical levels / random
effects. For example, the smaller estimate (-4.4 CSS) for Average Hispanic Disparity (for
All Races) in Model 5 (3L: School | Student | Time) compared to that of -6.8 CSS in Model
4 (2L: Student |Time) may be indicative of the different ways in how schools are set up to
serve various ethno-racial subgroups of students. While this finding could be a signal that
the educational system may have a (small) overall “equalizing effect” on average
disparities in outcomes for the EL population, without additional, more rigorous, and
targeted analyses it is difficult to causally attribute the relative over- or under-performance
of any of the ethno-racial groups, or disparities in thereof, to either level of the institutional-
level effects. This is not only due to the omitted variables shown in the grey zone of the
Theoretical Framework of EL Intersectionality in Figure 3.1 that could further “explain” EL
performance and thus further adjust these coefficients (although there is “only” 30%
variance left to “explain;” see Figure 4.3). Perhaps more importantly, the institutional
effects themselves are intertwined, and difficult to disentangle. In other words, while it is

the inclusion of the School-level random effects that impacts the adjustment of the
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coefficients in Model 5, it is important to note that these School effects are not completely
independent of higher-level District- and State-effects; the underlying differences (rules,
policies, demographics, etc.) driving some of the State and District-level variation in
student scores could already be partially absorbed by the School-level effect.8! Similarly,
the omission of these institutional-level random effects (as in Model 4) does not imply that
that the estimated individual-level coefficients and disparities based on them are
completely free of these effects; on the other hand, these institutional effects are likely
partly absorbed in the temporal and individual-level effects (with the remainder captured
by the model residuals).

Following this logic, the fact that the “fixed” parameters of the model do not change
after the additional inclusion of the District and State-level random effects in Models 6
and 7 should not be taken as causal evidence that what states and districts are doing
“‘does not matter” (with respect to how EL proficiency is manifested, as predicted by these
covariates). Rather, that the most salient changes to ELs’ proficiency occur at the school-
level could be indicative of schools’ close following and implementation of EL policies,
procedures and rules, cascading from the federal and state to district and school level. It
may also be indicative that other sources of heterogeneity, such as the demographic
composition of the states’ and districts’ EL population, is closely reflected in the
heterogeneity at the school-level. In other words, this lack of variation at higher levels

could mean that, after controlling for the demographics of the EL population (minus SES,

81 Future research, bolstered by additional computing power and 2024 ACCESS Online assessment data will consider
disentangling these higher-level effects through the stepwise exclusion of lower-level variance parameters — a
strategy that is currently not feasible due to technical limitations.
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among other unobserved factors), schools closely integrate the features and policies
stipulated by districts and states that nest them.

Also impacted by the inclusion of institutional-level variables are the coefficients of
some of the other demographic variables. For example, the substantial adjustment of -5
CSS in the coefficient of the IEP variable (identifying EL students with disabilities) after
the inclusion of School random-effects indicates that there are a select number of schools
(and potentially even districts that nest these unique schools) where dually-identified
students are receiving appropriate supports enabling high achievement; conversely
however, this also implies that there are many more educational settings (schools and
districts) where the disparities in educational outcomes between students identified with
and without IEPs is much more pronounced. A similar finding is uncovered when
considering the adjustment of the coefficient on the interaction variable identifying non-
Hispanic and Asian, and non-Hispanic and White EL students, indicating the potential
presence of a few, but very effective (with respect to ELs’ average proficiency)
educational institutions that are well-equipped to serve students at these specific ethno-
racial and other intersections. While not causal, these, and other parameter estimates
from Models 4-7 suggest that the inclusion of institutional-level variables informed the

estimated relationships in important ways.

RQ2: Impact of COVID-19 on Individual- and Institutional-level effects

Having estimated the average impact of the pandemic on EL proficiency controlling
for individual- and institutional-level factors, | now turn to discussing the estimates of the

impact of the pandemic on these individual- and institutional-level factors.
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Table 4.4 presents the pre- and post-COVID-19 parameter estimates on all
covariates included in the analysis. One of the more notable changes with respect to the
magnitude of the impact of COVID-19 on EL subgroups is the average reported
performance of Newcomer students. More specifically, findings show that after the
pandemic (i.e., in school years 2021-2023) Newcomer ELs tested at substantially higher
levels compared to before the pandemic (2017-2020). An important exception to this,
once again, are ELs identified as Hispanic, for whom average proficiency results in the
first year of taking ACCESS Online remained level at about 5 CSS lower compared to
non-Hispanic Newcomers. Conversely, Hispanic LTELSs reported slightly higher (2.4 CSS)
average proficiency levels in the post-COVID-19 era, signaling some improvement in
these students’ otherwise plateauing proficiency and sparking hope that there may be
some upwards trends in the overall proficiency of Hispanic students to look forward to in
the 2023-24 ACCESS Online data.

The patterns surfacing from examining the demographic variables on EL ethno-
racial identification, however, are less promising for Hispanic ELs. Namely, while the
parameter estimates visualized in Figure 4.4 suggest upwards trends for many of the
intersectional subgroups, most if not all of these improvements in average scores are
small, and they are reported primarily by ELs of various races that also identify as non-
Hispanic. Figure 4.4 shows that the most salient recovery after COVID-19 “learning loss”
is reported by Black, Asian and White ELs who are not Hispanic — students who were
already represented in the ethno-racial subgroups of ELs with relatively higher average

proficiency. Some positive post-pandemic trends in average proficiency were also
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observed for Native American or Alaskan and Pacific Islander or Native Hawaiian ELs
who identified as Not Hispanic. Conversely, while the average proficiency of Asian
Hispanic and Black/African Hispanic ELs remained at the same level, White Hispanic ELs,
Native American or Alaskan Hispanic ELs, Hispanic ELs identified as having
Mixed/Multiple Races, Hispanic Pacific Islander or Native Hawaiian ELs, and Hispanic
ELs who didn’t report a racial identifier all recorded even lower average proficiency after
the pandemic. Reflecting on the disproportional impacts by students’ ethnicity, the
estimated overall disparity between the average proficiency of Hispanic versus non-
Hispanic identified ELs increased from 3.6 CSS before the pandemic to 5.5 CSS after the
pandemic. While not large in absolute CSS terms, this estimate implies a post-COVID-19
increase of 66% in the estimated overall disparity by Hispanic identification.

Finally, examining pandemic-induced differences in institutional-level parameters,
school and especially state-level variation in EL proficiency was substantially lower in the
post-COVID-19 period, while District-level variance remained largely unchanged. The
school-level variance, on the other hand, was higher in the post-COVID-19 period,
signaling that the pandemic has may have increased differences and disparities in
students’ average proficiency. Coupled with the results on smaller residual error variance
implying that differences in EL proficiency are “less random” and more predictable after
the pandemic, this suggests that COVID-19 pandemic, and the varied ways that the
different levels of the educational system responded to its challenges, have resulted in
substantial shifts in the educational experiences and outcomes of many ELs.

Unfortunately, as reflected in the consistently negative signs and substantial magnitudes
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of the parameter estimates of several focal covariates, these shifts are mostly indicating

further marginalization for many of WIDA’s English Learners.
Implications

The source of these disparities, and the differential ways they have been impacted
by the pandemic is a combination of complex factors the examination of which warrants
a separate (perhaps mixed-methods) inquiry. Among these factors are substantial
shortages and disparities in educational funding. For example, as reported by Darling-
Hammond (2007), the wealthiest US public schools spend at least 10 times more than
the poorest schools, and these differences contribute to a wider achievement disparity
than in virtually any other industrialized country.

The situation has not improved since then, as at the onset of the COVID-19
pandemic the Century Foundation reported that the nation is underfunding education by
$150 billion per year compared to what would be necessary to make sure all children,
and especially those from ethnic minority and low-income backgrounds, have access to
quality education.®?2 The report (2020) further highlighted that: (a) districts with high
concentrations of students living in poverty were more likely to have funding disparities,
and these students experienced significantly larger funding disparities than wealthier
districts; (b) districts with high concentrations of Hispanic and Black students had larger
funding disparities and were more likely to have funding gaps to begin with than majority

white districts; (c) districts with the largest funding disparities had a high concentration of

82 The Century Foundation: Closing Americas Education Funding (2020). Retrieved from:
https://tcf.org/content/report/closing-americas-education-funding/
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Hispanic students, and (d) large variations and disparities also exist at the state-level,
including underfunded districts even in high-funding states. The report predicted that as
the pandemic constrained state and district budgets even more, additional cuts to public
education may have exacerbated these gaps, concluding:

“I

nequity in public education is not a natural occurrence, but rather the result of
funding choices. Decades of disinvestment in public education at the state and federal
level have a cost, and it has primarily come at the expense of Latinx, Black, and low-
income students. As protests across the country call into question how our policies affect
communities of color and where we choose to direct our resources, policymakers have
the power to make different choices that advance equity, rather than exacerbate
inequality.”

While these figures and disparities refer to funding of students’ education overall,
they are certainly much more magnified and pronounced for English Learners’ education,
which the literature and many reports describe as severely underfunded (Villegas, 2023;
Frengi, 2021).83.84

Supporting these predictions, this study uncovers and documents large, persistent,
and growing disparities within many English leaner subgroups’ proficiency outcomes,
while accounting for potential differences in how states, districts, and schools
(under)serve EL students, all of which has been impacted by the pandemic. These
disparities are the inevitable symptoms of a severely underfunded public education
system that also expends its limited resources inequitably. While in a post-pandemic effort

to offset some of the predicted learning losses and address some of these disparities the

8 Teach for America: The Fight to Keep English Learners from Falling Through the Cracks. Jessica Frengi (2021).
Retrieved from: https://www.teachforamerica.org/one-day/top-issues/the-fight-to-keep-english-learners-from-
falling-through-the-cracks

84 PBS Wisconsin. State Budget: English Language Learners. (2019). Retrieved from:
https://pbswisconsin.org/news-item/state-budget-english-language-learners/
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Elementary and Secondary School Emergency Relief (ESSER) funds allocated 190 billion
USD to public education, researchers and practitioners have voiced concerns that these
funds were insufficient, not well-targeted, and allocated without guidance on effective and
productive investment areas.

Further, policymakers and administrators have been warning about an “ESSER
spending cliff,” as the timeline to allocate the funds expires in September 2024; for
example, Roza and Silberstein (2023) report that the expiration of ESSER funds will leave
states and districts staring down a massive fiscal cliff that equates to a single-year
reduction in spending of over $1,000 per student.®> Meanwhile, Pefia and colleagues
(2023) warn that absent “sustained education investments, the effects of the pandemic
on children’s educational progress will not wane” (p. 2). The results from this study
corroborate this claim and indicate that the recovery, which may be sourced to these
much needed, albeit lump-sum and fast-expiring funds, has thus far been small and
inequitably distributed. The policy implications are simplistic, but unequivocal; more
funding, and better targeted supports are needed to address the substantial, persistent,
and growing disparities within the English learner student population, especially those
between Hispanic and non-Hispanic identified ELSs.

In addition to more and better-targeted support for these students, better data
recording and reporting systems are needed for more accurate and rigorous studies. The
high mobility of the EL population, missing data on important variables such as program

types and various measures of SES, and lack of detailed and consistent demographic

8 While the averages vary widely, this is approximately equal to a 10% reduction in the overall per pupil spending.
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and educational data are some of the issues that force researchers to re-categorize or
entirely exclude important variables or student subgroups from analyses. State
educational agencies that are part of the WIDA Consortium are encouraged to continue
pursuing rigorous data collection, reporting, and sharing mechanisms, enabling high-

guality research to inform the theory and practice.
Contributions

This study makes several important theoretical and empirical contributions to the
emergent literature on English Learners’ education.

First and foremost, this study provides consistent and up-to-date evidence on the
large and ongoing impact of the COVID-19 pandemic on EL’s average proficiency.
Worryingly, while there is a small upward trend in average proficiency recorded by
students for the most recent, 2022-23 academic year (as compared to that in the previous
year), the estimates show that this average increase is small, and disproportionately
distributed. For example, Hispanic English Learners, also representing the largest and
fastest-growing demographic group of students nationally, have experienced further
increases in the already-sizeable disparities in average English proficiency, as compared
to their non-Hispanic identified EL peers.

Second, itis the first study to provide precise and generalizable empirical evidence
on English Learners’ academic outcomes at this scale, scope, and granularity, while
considering both temporal- and institutional-level variations in student proficiency, and for
a large number of previously unexplored student-level variables, categories, and their

intersections. Elaborating on this point further, the study uncovers persistent disparities
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within English Learner subgroups and documents that, perhaps expectedly, many of
these disparities have been exacerbated by the COVID-19 pandemic. Differences in
average proficiency outcomes across ethno-racial and intersectional subgroups,
estimated leveraging large-scale linguistic assessment data and multilevel models,
provide consistent evidence of differential outcomes across many subgroups.

Third, | present a theoretical Framework of English Learner Intersectionality,
positioning socially-constructed English Learner status at the center of institutional (i.e.,
state-, district-, and school-level) factors that interact with ELs’ overlapping identities in
different and dynamic ways, shaping educational outcomes for socially constructed
student subgroups (based on race, ethnicity, gender, ability, etc.). Examining the
underlying data (which captures the entire universe of ACCESS data from WIDA states
spanning pre- and post- COVID-19 periods) under the nuanced and multidimensional lens
of Intersectionality surfaces disparities in educational outcomes of several EL student
subgroups. In addition to documenting disparities between the average proficiency
outcomes of subgroups categorized by race and ethnicity, the analysis quantifies
relationships between important variables such as students’ time in EL programming and
interruptions to students’ education, as well as non-trivial differences in the average
outcomes of ELs by disability status, gender, migrant status, newcomer EL status, long-
term status, and waived school supports, as well as interactions of several of these
variables with Hispanic ethnicity. The latter provide important insights on how Hispanic
ELs’ educational outcomes differ from their non-Hispanic peers, depending on the

additional intersections under inquiry. The additional interaction of all these variables with
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the COVID-19 binary variable, as already discussed in the first point of this list of
contributions, provides many insights on how these individual- and institutional-level
relationships have been impacted by the pandemic.

Fourth, this is the first study to examine EL outcomes while considering the multiply
nested structure of these students’ educational outcomes across time and within schools,
districts, and states. The increasing flexibility of examined empirical models enables
comparing reported parameter estimates across different model specifications and
providing a rich description of statistical dependencies between individual level factors
and EL proficiency. The final, five-level mixed-effects specification allows for a precise
decomposition of variations in ELs proficiency, sourcing it to “fixed” individual-level factors
and “random” student-, school-, district-, and state-level effects. The findings of this study
confirm that the inclusion of these institutional contexts in the analysis inform the results
in important ways. The changes in parameter estimates across multilevel model
specifications signal differential ways in which states, districts, and schools have been
impacted by the pandemic, and how specific EL subgroups have been differentially
(under)served by these various levels of education. These estimates, while not causal,
are very consistent and precise, and they can serve as a general reference for
researchers examining relationships, differences, and variations within EL outcomes.

Fifth, this is the first study to quantify the impact of interruptions to EL students’
formal education. Calculating the difference of students’ age from the average age of their

grade-level cohort, | include this variable in the empirical models as a proxy variable for
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SLIFE. This provides a convenient way to evaluate differences in average proficiency
associated with a one-year increase in the age difference.

Sixth, this is the first study to quantify differences in EL outcomes by Migrant status.
Results of the analysis show that Migrant ELs are reporting lower average proficiency
compared to ELs without Migrant identification. This difference, on average, is
approximately equal to that of a year of interruption to students’ education, as measured
by SLIFE. These differences provide some food for thought for district and school
administrators, educators, and parents about the important role of in- and out- of -school
support systems, in turn moderated by students’ socio-economic status, school
attendance, and mobility.

Seventh, this is the first study to examine EL outcomes by LIEP Waiver status. ELs
who refuse in-school language support services are reporting higher average scores than
their EL peers who receive language support services at school. This difference is
approximately equal to the difference estimated — in a final, eighth contribution by this

study — between Female and Male English Learners.
Caveats, Limitations, and Future Research

There are several caveats and limitations in this work, leading to promising
directions for future research.

First and foremost, there are several potentially important variables, such as
program types (LIEPS), teachers, classrooms (peers), students’ socio-economic status
and native language, parents’ education, degree of previous formal schooling, among

others, the omission of which may under- or over-estimate the parameters describing the
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magnitude of differences between specific EL subgroups’ outcomes. Further, the data do
not include school, district, or state-level variables which also may be additionally
predictive of EL proficiency, and further refine random-effects estimates. Therefore, while
all effort has been made to control for all observed and unobserved heterogeneity through
the inclusion of student, school, district, and state random effects, the estimated
parameters, albeit very precise and consistent, should not be interpreted as causal and
should be interpreted with caution. States, districts, and schools are encouraged to
perform similar intersectional analyses for a more nuanced understanding of the local
context. Inclusion of additional variables that are observed and measured across locales
could be further informative in explaining variations in EL proficiency.

Second, while the estimated final specification is a very complex model with
multiple fixed covariates, interactions, and four levels of nesting, the simplest error
variance structure (random intercepts only) had to be applied to facilitate model
convergence due to the large sample size and computing limitations. Meanwhile, the
findings from this analysis signal that (a) the pandemic has also impacted the institutional
levels of education in varied and different ways, and (b) there are substantial differences
in average outcomes between several subgroups of EL students across and within these
institutional levels. Therefore, a random-effects specification with a more flexible variance
structure, for example including random slopes for (a) pre- and post-pandemic differences
in outcomes and (b) for Hispanic ethnicity identification at the school-, district- and state-
levels, would likely further inform the estimated statistical relationships. Similarly, a cross-

nested structure of hierarchies that could allow for a more precise estimation of school
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random effects for students who move between schools across time is not feasible.
Similarly, a cross-nested structure of hierarchies that could allow for a more precise
estimation of school random effects for students who move between schools across time
is not feasibleRegardless, these enhancements are left for future research, as WIDA is
currently investigating the use of HPCs (High Performance Computers) which can
perform quadrillions of calculations per second as compared to billions for regular
computers that are a thousand times slower.

Third, while this study focuses on disparities by Hispanic ethnicity, many more
intersections of student-level racial, gender, (dis)ability, and other categories, as well as
interactions with some of the continuous covariates (e.g. Time as EL, or impact of SLIFE)
could be considered. This is also left as an area for future research.

Fourth, the analysis is based exclusively on overall composite scale scores, which
in turn are constructed by a weighted combination of students’ scores in the four individual
domains of Reading, Speaking, Listening, and Writing. Future research will examine EL
outcomes in these domains separately, and jointly, for example in a Seemingly Unrelated
Regression (SUREG) framework, for a more nuanced understanding of potential
differences in academic language development across EL subgroups, as well as on how
these differences have been impacted by the pandemic and the ensuing shifts in the
delivery and modes of instruction.

Fifth, while this study provides unequivocal evidence about the “what,” i.e., that the
impact of the pandemic on ELs’ education has been large, sustained, and differential, it

cannot answer the “how,” nor offer direct insights into the specific mechanisms driving the
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uncovered differential impacts and the uncovered disparities. Mixed-methods or
qualitative inquiries may be better suited to address these questions in future research.

Sixth, due to the large scale and scope of the analysis, the discussion had to focus
around the more important and consistent trends and differences, while there are many
more detailed insights and nuances that can be gathered from the parameter estimates
of 7 main and 18 auxiliary regression models, reported in Tables 4.1-4.4. Further, due to
the emphasis in this analysis on disparities across ethno-racial intersections and
differences by Hispanic interactions, relationships between other included demographic
variables and EL proficiency were only briefly presented and described. Future analyses
can more rigorously examine the reported disparities, differences, and pandemic-induced
changes in thereof.

Despite these limitations, | remain hopeful that the methods and the findings and
of this research, along with a number of questions left for future research, will prompt and
promote further explorations of the systemic factors that continue to limit and restrict the
access of marginalized student subgroups to more equitable educational opportunities.
Researchers and practitioners are encouraged to use these results and compare them to
estimates derived from their analyses, for a more nuanced and complete understanding
of English Learners’ education in more localized settings.

As the 2023-24 ACCESS administration is currently wrapping up, the results of this
most recent proficiency assessment will be crucial in shedding further light on the impacts
of the COVID-19 pandemic on EL’s education. Meanwhile, the foundational data and

variable management work, along with the statistical modeling performed in this study
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can serve as a springboard for future research using ACCESS data. Bolstered by
additional and up-to-date assessment, demographic, and aggregate data and supported
by higher computational power enabling more sophisticated modeling techniques, future
research will examine the overall and differential impacts of the pandemic on ELS’
education and evaluate whether the slight recovery that is likely due to ESSER funding

efforts will be sustained going forward into school years of 2024 and 2025.

Conclusions

The COVID-19 pandemic has had a large and sustained negative impact on
English Learners’ education. This dissertation examined the extent of this impact, further
focusing on identifying, quantifying, and documenting disparities within this very diverse
subgroup of students. By examining EL’s academic English proficiency — which largely
determines students’ English Learner status — this study considered various factors at
the individual and institutional levels that have shaped these students' educational
experiences and academic trajectories in American schools.

Leveraging population-level assessment and demographic data on students
identified as ELs who take the ACCESS Online annual language proficiency assessment
in WIDA Consortium states, this research presented evidence from regression models
that account for the clustering of millions of students within thousands of schools and
districts across WIDA states. The regression models examined individual-level variables
like duration of EL status, newcomer and long-term designations, ethnicity, race, gender,
disability, interrupted education, migrant status, and parental refusal of in-school

language support services. Examining changes in mean and variance parameter
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estimates for individual- and institutional-level variables across various model
specifications further informed nuanced relationships manifesting into differences and
disparities in average English proficiency for several intersectional ethno-racial and other
demographic subgroups.

The findings from multilevel regression models provided consistent evidence of
persistent disparities in English proficiency between ELs identified by different ethno-
racial subgroups, documenting the ongoing and varied impact of the pandemic on these
students' academic outcomes. For instance, Hispanic students — a growing demographic
of students already constituting the majority of the EL population in WIDA states and
nationally — reported substantially lower proficiency levels compared to their non-Hispanic
peers: a disparity that has been exacerbated by the pandemic. Newcomer ELSs, on the
other hand, scored substantially higher on their first ACCESS Online test after the
pandemic—unless, again, they were also identified as Hispanic. Interpreting these
disparities in terms of students’ time in language instructional support programs, before
the pandemic Hispanic English Learners (or all races) were, on average, about four
months behind their not Hispanic peers; after the pandemic this disparity increased to
about six months.

These differences in average proficiency across ethno-racial and other
demographic subgroups were examined through the lens of Intersectionality (Crenshaw,
1991), helping illuminate how historical, political, and economic inequalities in educational

opportunities have led to systemic disparities in academic outcomes. This approach
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helped reveal the varying effects of the pandemic on the education of English Learners,
mostly intensifying existing inequalities for many vulnerable students.

Although there is some evidence of a modest post-COVID-19 recovery among
certain EL subgroups, the findings underscore the urgent need for more, and better
targeted supports for ELs, and especially for English Learners identified as Hispanic.
Absent a significant and fundamental change in the education of these young language
learners, the academic and career potential of many of these students will remain

underrealized.
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Table A1. Descriptive Statistics: Overall Composite Scale Scores, ACCESS Online.

Grade | Statistic 2017 2018 2019 2020 2021 2022 2023
Average 282.51 281.81 279.41 276.60 270.26 264.17 264.57

1 Std Dev 31.68 30.25 30.10 32.22 32.79 34.96 34.60
N 161,884 173,593 181,012 174,515 141,732 181,047 183,803

Average 302.04 305.87 303.74 304.00 298.14 293.50 294.59

2 Std Dev 32.33 31.19 31.88 34.26 33.45 34.42 34.47
N 165,545 178,086 185,830 180,923 144,072 183,002 181,955

Average 320.20 323.27 321.64 322.20 315.86 311.60 311.21

3 Std Dev 35.16 33.06 34.01 35.85 34.82 36.83 38.32
N 173,951 184,300 185,973 178,447 143,678 182,746 177,660

Average 341.93 351.82 350.85 350.53 343.72 343.96 342.37

4 Std Dev 33.02 32.21 32.36 35.09 34.87 37.54 38.48
N 115,999 175,786 178,699 171,894 137,797 179,372 171,210

Average 347.26 354.17 357.40 355.83 348.83 351.11 346.68

5 Std Dev 37.41 35.07 34.75 37.35 36.18 39.21 40.74
N 84,876 114,285 142,882 137,687 107,205 154,494 140,440

Average 336.40 339.16 340.80 340.20 335.34 336.61 333.41

6 Std Dev 35.76 33.60 33.80 31.80 29.74 31.75 32.45
N 72,837 85,399 102,140 112,808 84,991 124,670 121,746

Average 344.10 344.86 345.01 344.19 343.46 340.96 339.59

7 Std Dev 39.34 36.67 37.69 35.37 33.37 34.85 35.54
N 74,444 81,202 91,017 101,836 85,456 117,750 122,276

Average 350.97 351.40 350.09 349.06 348.59 348.42 343.90

8 Std Dev 42.13 38.86 40.46 38.59 36.29 37.93 38.02
N 73,644 79,429 84,117 88,073 75,329 119,363 114,907

Average 355.04 358.72 357.74 352.23 359.09 350.83 350.56

9 Std Dev 40.01 38.11 37.39 37.89 34.14 36.93 36.81
N 92,048 90,105 96,070 99,133 64,788 126,354 131,558

Average 359.23 366.14 365.12 362.47 361.02 359.99 356.00

10 Std Dev 35.75 37.86 35.68 35.48 35.47 35.22 36.24
N 61,764 82,934 79,431 78,015 57,561 86,507 106,638

Average 364.11 370.27 370.94 369.16 367.60 363.95 362.46

11 Std Dev 34.58 36.33 35.31 33.95 33.80 35.29 35.66
N 43,395 59,322 70,319 64,028 46,166 72,648 75,763

Average 367.90 370.75 371.28 370.44 369.99 366.52 363.15

12 Std Dev 33.45 35.49 34.72 33.34 32.76 34.08 34.99
N 29,257 40,471 50,506 55,073 34,060 58,690 61,474




Table A2. Parameter estimates: Intersectional models (Ethnicity X Race).
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Dependent Variable = CSS Model 2: OLS Model 3: XT/GLS Model 7: MIXED
Independent Variables B ROSbESt B SE B SE
COVID-19 -7.73%** 0.02 -5.32%** 0.02 -6.63*** 0.02
Years EL 9.38*** 0.03 10.72*** 0.02 Q.91 %+ 0.02
Years EL 72 -0.57*** 0.00 -0.63*** 0.00 -0.62*** 0.00
Newcomer -1.96%** 0.08 -7.36%** 0.04 -6.71%** 0.04
LTEL -8.26%** 0.06 -4.22%** 0.05 -4.29%** 0.05
SLIFE -6.01%** 0.02 -5.24*** 0.02 -3.91*** 0.02
Female 5.14*** 0.04 6.55*** 0.05 6.08*** 0.05
IEP (Disability) -21. 47 0.07 -12.18*** 0.07 -16.03*** 0.07
Migrant -11.52%** 0.32 -4, 91*** 0.24 -3.55%** 0.24
LIEP Waiver 10.99*** 0.18 5.40*** 0.18 4,99+ 0.18
Ethno-Racial Categories baseline category is ‘No Race, not Hispanic’
Asian not Hispanic 19.91*** 0.08 20.43*** 0.06 14.87*** 0.07
Asian Hispanic 8.21*** 0.31 6.36*** 0.34 6.53*** 0.34
Black/African nH 8.33*** 0.08 7.45%* 0.07 8.22%** 0.08
Black/African Hispanic 3.81*** 0.17 1.43*** 0.18 253+ 0.18
Mixed/Multiple Races nH 17.31%** 0.19 13.73*** 0.19 10.86*** 0.18
Mixed/Multiple Races Hispanic 2.52%** 0.12 -0.01 0.12 1.24*** 0.12
Native American or Alaskan nH 4.89*** 0.13 0.59* 0.14 2.36%** 0.16
Native American or Alaskan Hispanic 2.67%** 0.09 -1.49%** 0.08 0.88** 0.08
Pacific Islander or Nat HI nH 2.46*** 0.12 1.37*%* 0.16 1.84** 0.16
Pacific Islander or Nat HI Hispanic 2.85%** 0.15 -0.57* 0.17 0.38* 0.18
White nH 13.95%** 0.08 10.82*** 0.06 8.06*** 0.06
White Hispanic 2.87*** 0.08 0.32*** 0.06 2.06*** 0.07
Hispanic (no Race) 2.63*** 0.08 -0.33*** 0.06 2.24*** 0.07
Ethnicity Interactions
Hispanic Newcomer -10.78*** 0.09 -3.98*** 0.05 -3.65%** 0.05
Hispanic LTEL 6.05*** 0.05 0.88** 0.05 2.19%** 0.05
Hispanic Female 0.06 0.05 -0.07 0.06 -0.25* 0.05
Hispanic IEP 247 0.08 2.00*** 0.08 1.81%** 0.08
Hispanic Migrant 8.31*** 0.35 3.45*** 0.26 0.86** 0.26
Hispanic Waiver -2.05%** 0.24 -2.25 0.22 =1.17%** 0.23
Constant 260.34*** 0.09 257.17%** 0.06 | 260.34*** 0.07
Grade fixed-effects baseline category is Grade 1
Grade 2 20.00*** 0.04 19.12%** 0.03 20.17*** 0.03
Grade 3 33.24*** 0.05 32.55*** 0.03 34.64*** 0.03
Grade 4 59.51*** 0.06 59.95*** 0.04 63.04*** 0.04
Garde 5 66.07*** 0.06 70.79*** 0.04 74.79*** 0.04
Grade 6 51.92%** 0.06 58.84*** 0.04 63.99*** 0.06
Grade 7 57.43*** 0.06 63.00*** 0.05 70.12%** 0.06
Grade 8 63.41*** 0.06 69.07*** 0.05 77.70%** 0.07
Grade 9 72.85%** 0.06 79.81*** 0.05 88.36*** 0.10
GradelO 78.14*** 0.06 83.67*** 0.05 93.77*** 0.10
Grade 11 83.13*** 0.07 87.24*** 0.06 98.45*** 0.11
Grade 12 83.07*** 0.07 85.81*** 0.06 08.22*** 0.11
Random Effects / Variance




State - - - - 29.41 7.86
District - - - - 81.96 2.47
School - - - - 113.37 1.15
Student - - 696.43 - 653.16 0.91
Residual 1034.27 - 353.44 - 375.47 0.68
N (observations) 9,683,892 - 9,683,892 - 9,683,892 -
n (students) - - 3,391,969 - 3,391,969 -
R-squared 0.51 - 0.7;0.4,0.5 - - -
p (AR1) - - 0.29 - 0.38 -

*p <0.05; *p<0.01; *** p <0.001

Table A3. Parameter estimates: auxiliary models ‘E’ (Ethnicity + Race).

Dependent Variable = CSS Model 2e: OLS Model 3e: XT/GLS | Model 7e: MIXED
Independent Variables B Rosbé"St B SE B SE
COVID-19 -7.80%** 0.02 -5.37%** 0.02 -6.69*** 0.02
Years EL 9.44*** 0.03 10.74%** 0.02 9.93*** 0.02
Years EL "2 -0.58*** 0.00 -0.63*** 0.00 -0.63*** 0.00
Newcomer -3.18*** 0.08 -7.92%** 0.04 -7.16%** 0.04
LTEL -8.84*** 0.06 -4, 42%%* 0.05 -4.34%** 0.05
SLIFE -6.18*** 0.02 -5.36%** 0.02 -3.92%** 0.02
Female 5.10*** 0.04 6.55%** 0.05 6.08*** 0.02
IEP (Disability) -20.96*** 0.07 -11.51%*= 0.07 -15.62*** | -0.06
Migrant -13.60%** 0.32 -5.13%** 0.24 -3.51%** 0.10
LIEP Waiver 11.87*** 0.18 5.75*** 0.18 5.31%** 0.17
Ethnicity and Race Categories baseline category is ‘not Hispanic’ for Ethnicity,
‘no Race’ for Race
Asian 11.45%** 0.05 16.08*** 0.06 11.28*** 0.05
Black/African 0.13%* 0.05 3.54** 0.06 4.75%** 0.06
Mixed/Multiple Races 2.61%** 0.08 3.63*** 0.09 2.77*%** 0.09
Native American or Alaskan 0.44*** 0.04 -0.30* 0.05 0.39*** 0.06
Pacific Islander or Native Hawaiian -3.15%** 0.09 -0.61* 0.12 -0.49*** 0.12
White 2.18** 0.03 2.98*** 0.03 2.39%** 0.03
Hispanic (any race) -7.00*** 0.04 -5.90*** 0.05 =271 0.04
Ethnicity Interactions
Hispanic Newcomer -9.41%** 0.09 -3.44*** 0.05 -3.20*** 0.91
Hispanic LTEL 6.76*** 0.05 1.12%** 0.05 2.26*** 0.33
Hispanic Female 0.10 0.05 -0.06 0.06 -0.25*** 0.14
Hispanic IEP 2.08*** 0.08 1.43** 0.08 1.40*** 0.76
Hispanic Migrant 10.15*** 0.35 3.59*** 0.26 0.79*** 1.24
Hispanic Waiver -3.13%** 0.24 -2.76*** 0.23 -1.64%** 0.51
Constant 269.04*** 0.06 261.72** | 0.06 | 262.37*** 1.31
Grade fixed-effects baseline category is Grade 1

Grade 2 19.95%** 0.04 19.09*** 0.03 20.14*** 0.03
Grade 3 33.16*** 0.05 32.51%** 0.03 34.59*** 0.03
Grade 4 59.34*** 0.06 59.87*** 0.04 63.02*** 0.04
Garde 5 65.88*** 0.06 70.71%** 0.04 74.72%** 0.04
Grade 6 51.69%* 0.06 58.75%** 0.04 63.95*** 0.06
Grade 7 57.22%** 0.06 62.91%** 0.05 70.00%** 0.06
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Grade 8 63.21 %+ 0.06 68.99*** 0.05 77.50%** 0.06
Grade 9 72.61%* 0.06 79.70%** 0.05 88.17*** 0.10
Gradel0 78.00*** 0.06 83.60*** 0.05 93.50*** 0.10
Grade 11 83.00*** 0.07 87.19%* 0.06 98.13** 0.10
Grade 12 83.04*** 0.07 85.79*** 0.06 97.94*** 0.11
Random Effects / Variance

State - - - - 33.08 9.12
District - - - - 82.92 2.50
School - - - - 115.48 1.16
Student - - 701.19 - 653.30 0.91
Residual 1038.13 - 353.44 - 375.95 0.68
N (observations) 9,683,892 - 9,683,892 - 9,683,892 -

n (students) - - 3,391,969 - 3,391,969 -

R-squared 0.50 - 0.7;0.4;,0.5 - - -

p (AR1) - - 0.29 - 0.38 0.02

*p < 0.05; * p < 0.01; ** p < 0.001




Table A4. Parameter estimates: main Intersectional models pre- and post-COVID-19.
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Dependent Variable = CSS Model 7: Model 7: Post-Pre
pre-COVID-19 post-COVID-19 Impact
Independent Variables B SE B SE B
Years EL Q.75+ 0.03 10.92*** 0.03 1.21
Years EL 72 -0.64*** 0.00 -0.69*** 0.00 -0.05
Newcomer -7.89%** 0.06 -2.79*** 0.07 5.10
LTEL -4 45%** 0.07 -5.44*** 0.08 -0.87
SLIFE -4 42%** 0.03 -4, 14%** 0.03 0.29
Female 6.17*** 0.06 5.64*** 0.07 -0.48
IEP (Disability) -18.36*** 0.09 -17.61%*+* 0.10 0.37
Migrant -2.81%** 0.34 -4.81*** 0.36 -1.98
LIEP Waiver 5.87*** 0.23 5.04*** 0.29 -0.81
Ethno-Racial Categories baseline category is ‘No Race, not Hispanic’
Asian nH 14.45%** 0.09 16.72%** 0.10 2.19
Asian Hispanic 6.85*** 0.43 7.16*** 0.49 0.23
Black/African nH 7.18%* 0.10 10.91*** 0.11 3.67
Black/African Hispanic 3.08*** 0.24 3.30*** 0.25 0.20
Mixed/Multiple Races nH 11.65%** 0.25 12.63*** 0.27 0.93
Mixed/Multiple Races Hispanic 2.27%** 0.17 1.92%x* 0.17 -0.39
Native American or Alaskan nH 2.49%** 0.20 3.99%** 0.26 1.49
Native American or Alaskan Hispanic 1.46%** 0.11 0.90*** 0.13 -0.65
Pacific Islander or Nat HI nH 2.26%** 0.20 2.85%** 0.24 0.56
Pacific Islander or Nat HI Hispanic 1.38*** 0.23 0.92%** 0.28 -0.49
White nH 8.28*** 0.09 10.39*** 0.10 2.05
White Hispanic 3.01*** 0.09 2.03*** 0.11 -1.10
Hispanic (no Race) 2.95%** 0.09 2.44%x* 0.11 -0.58
Ethnicity Interactions
Hispanic Newcomer -4.63*** 0.07 -4.91*** 0.08 -0.32
Hispanic LTEL 2.13%* 0.07 4.50*** 0.08 2.35
Hispanic Female -0.11 0.07 -0.31*** 0.08 -0.19
Hispanic IEP 1.84*** 0.10 2.49*** 0.12 0.69
Hispanic Migrant 0.96* 0.37 0.78* 0.40 -0.20
Hispanic Waiver -1.54%** 0.30 -0.13 0.37 1.39
Constant 263.51*** 1.13 250.98*** 0.87 -12.02
Grade fixed-effects baseline category is Grade 1
Grade 2 18.50*** 0.04 21.92%** 0.04 3.42
Grade 3 33.54*** 0.05 34.80*** 0.05 1.26
Grade 4 61.60*** 0.05 63.22*** 0.06 1.62
Garde 5 73.06*** 0.06 74.00*** 0.07 0.94
Grade 6 61.17** 0.08 62.06*** 0.09 0.89
Grade 7 66.98*** 0.08 67.36*** 0.09 0.38
Grade 8 74.44*%* 0.09 74.28*** 0.10 -0.16
Grade 9 83.84*** 0.13 83.94*** 0.13 0.1
GradelO 89.30*** 0.13 88.86*** 0.13 -0.44
Grade 11 94.10*** 0.13 93.01*** 0.14 -1.09
Grade 12 93.71*** 0.14 92.29*** 0.15 -1.42
Random Effects / Variance
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State 40.80 10.63 23.22 6.12 -17.64
District 79.61 2.49 83.95 2.56 3.95

School 104.01 1.14 94.29 1.08 -9.52
Student 582.45 1.45 640.99 181 58.59
Residual 391.56 - 353.07 - -38.5
N (observations) 5,384,984 - 4,292,054 - -

n (students) 2,336,453 - 2,239,549 - -

p (AR1) 0.39 0.02 0.34 0.02 -0.05

*p <0.05; *p<0.01; *** p <0.001




