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Abstract

A shift to remote and blended learning following pandemic-induced school closures changed

the nature of the learning environment for students, leading to changes in the relative im-

portance of educational inputs and their impacts on student outcomes. Further, concerns

have been raised that the pandemic may have exacerbated pre-existent achievement gaps

by race/ethnicity, gender, and socio-economic status. In this paper, I explore another di-

mension of achievement growth differences during the pandemic, student gender. I employ

the Blinder-Oaxaca decomposition and Two-Stage Least Squares methods to examine how

changes in exposure to disruptive peers and gender-based differences in self-control due

to the pandemic-induced remote learning impacted student learning trajectories. Analyses

during pre-pandemic in-person instruction indicate that being exposed to historically dis-

ruptive peers and a lack of personal self-control negatively affect student achievement and

that boys are disproportionately negatively impacted by lacking self-control, compared to

girls. The two mechanisms continue to be significant determinants of student achievement

over the course of the pandemic, where differences in students’ pre-pandemic self-control

explain a moderate share of the observed gender achievement gaps. Also, results indicate

that during blended remote learning, where students received a mix of in-person and vir-

tual instruction, math achievement gaps widened for those who remained remote whereas

there were no significant gaps for those returned to school.

Keywords: Gender Achievement Gap, COVID-19, Remote Learning, Blinder-Oaxaca

Decomposition
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1 Introduction

Two years after the COVID-19 pandemic broke out, concerns over short-term and

long-term impacts of learning disruption have remained prevalent among education

experts. A recent release of the National Assessment of Educational Progress (NAEP)

long-term trend assessment results confirms these concerns; there were unprecedented

declines in both reading and math assessment scores from 2020 to 2022, erasing two

decades of academic progress in reading and mathematics (National Center for Edu-

cation Statistics, 2022). This is reportedly the largest decline in average reading score

since 1990, and the first-ever score decline in mathematics. Not only has the pandemic

had tremendous effects on students’ educational performance, but concerns are also

raised that it might have exacerbated pre-existent achievement gaps by race/ethnicity,

gender, and socio-economic status (Skar et al., 2021; Bacher-Hicks et al., 2022; Aucejo

et al., 2020; Copeland et al., 2021; Bailey et al., 2021; Donnelly and Patrinos, 2021; Dorn

et al., 2020; Hammerstein et al., 2021; Kuhfeld et al., 2022). A consensus from the ex-

isting literature is that achievement gaps between students from different subgroups

would widen over the course of the pandemic. For example, Kuhfeld et al. (2022) reports

that achievement gaps between students in low-poverty and high-poverty elementary

schools grew by 0.1 - 0.2 standard deviations, primarily during the school year (SY) of

2020-2021. Engzell et al. (2021) documents the effect of school closures during the pan-

demic on Dutch students aged 8 to 11 and suggests learning loss was most pronounced

among students from disadvantaged homes. It is troubling that widened achievement

gaps resulting from the pandemic could potentially leave a “lasting legacy” to students’

future outcomes as well as translate into larger achievement gaps in later years, if stu-

dents were affected in their earlier ages (Werner and Woessmann, 2022; Autor et al.,

2020).

When the COVID-19 virus started to spread in early 2020, schools around the world
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responded to the situation by closing their buildings and serving students remotely for

the remainder of the 2019-2020 school year, which changed the nature of student learn-

ing environment (UNESCO Institute for Statistics, 2021). Compared to a traditional

face-to-face learning environment, the pandemic-induced remote learning has likely

altered the way that a combination of educational inputs – such as student/family in-

puts, peer inputs, school/teacher inputs, et cetera – interact and affect student achieve-

ment. For instance, there had been undoubtedly fewer direct peer interactions and in-

teractions between teachers and students, which would result in less exposure to mis-

behaving peers and teachers’ supervision. Such changes in the relative importance of

educational inputs during remote learning could be potential mechanisms that might

explain widened achievement gaps across various student subgroups, given the evi-

dence from the literature that the amount of exposure to each educational input, and

the magnitude of impacts of those inputs differ across student subgroups (Krein and

Beller, 1988; Dahl and Lochner, 2005; Autor et al., 2020).

This paper was initially motivated by early findings from the Georgia Policy Labs,

where the authors find that female students in metro-Atlanta school districts fared bet-

ter than male students during remote learning in terms of both reading and math for-

mative assessment scores (Sass and Goldring, 2021). While there are several studies

documenting the possible impacts of pandemic-related learning disruption by various

student subgroups, relatively less is known regarding the causal impact of pandemic-

induced change in learning environment on gender-based differences in student achieve-

ment growth. Although there are a number of ways to potentially explain the observed

gender learning gap, I focus on two possible mechanisms - classroom peer composi-

tion and students’ own self-control. Disruptive-peer effects and innate/extrinsic self-

control level vary by student gender and potentially induce changes in achievement

gaps between boys and girls (Zimmerman, 2003; Duckworth and Seligman, 2006; Han

and Li, 2009; Ficano, 2012; Duckworth et al., 2015; Carrell et al., 2018). Moreover, there
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has been a growing strand of literature on the role of non-cognitive skills and peers as

sources of gender gaps as well as factors determining student outcomes (Jacob, 2002;

Bertrand and Pan, 2013; Nakajima et al., 2020). Given that there was some exogenous

variation in student exposure to remote instruction in the district I study, it allows re-

searchers to study the causal relationship between two mechanisms and the observed

gender gap in academic achievement. Based on the pandemic-induced shifts in learn-

ing environment and the evidence from the existing literature, I propose two hypothe-

ses as potential explanations for the observed gender achievement gaps in the districts

I study here: (i) remote instruction changed the nature of peer interactions and girls

were less disrupted by their mis-behaving peers during remote learning after school

closures in mid-March of 2020, and (ii) girls are better at self-control, which is an es-

sential component of success in remote learning, and thus learned more than boys did

when schools were closed. As the potential mechanisms may have long-term conse-

quences for boys’ and girls’ learning trajectories and progressions in the future, gender

differences in achievement are a matter of considerable concern (OECD, 2019).

The central questions in this paper are: (i) did remote learning after the initial

school closure dampen any negative effects of having disruptive peers in classrooms?

(ii) did students lacking self-control perform worse in exams after the initial remote

learning period? (iii) did any observed gender differences in student outcomes dur-

ing remote learning diminish for students who returned to in-person learning in Fall

of SY 2020-2021? I examine these questions by utilizing administrative datasets of a

metro-Atlanta school district and exploiting the variation in the intensity of classroom

disruptiveness, self-control level, and the proportion of instructional remote learning

days by gender. In order to explore the trend in the gender achievement gaps and esti-

mate the change in the magnitude of impacts of the two key mechanisms across gen-

der over the course of the pandemic, I use the Blinder-Oaxaca decomposition method,

where I estimate empirical models separately for female and male student groups and
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investigate whether changes in gender achievement gaps during the pandemic-induced

remote learning stemmed from the two mechanisms of interest. To overcome potential

selection bias resulting from parental choice of learning mode for their kids in the fall

of 2020-2021 school year, I use Two-Stage Least Squares (2SLS hereafter) method and

employ instrumental variables.

The rest of the paper is organized as follows: Section 2, comprised of two subsec-

tions, provides background. The first subsection provides information on school clo-

sures and return to in-person learning in Georgia and the particular school district I

study in this paper. The second subsection documents student achievement and pre-

existing gender achievement gaps in the district. A conceptual framework for the study,

which is based on a traditional cumulative achievement production function, and method-

ology for the analyses are presented in Section 3. Section 4 provides results of the anal-

yses, and the last section discusses the implications of the findings and concludes.

2 Background

2.1 School Closure and Return to In-Person Learning in Metro-Atlanta

School Districts

Due to the impact of COVID-19, Governor Brian P. Kemp issued an Executive Or-

der on March 14, 2020 to close all public elementary, secondary, and post-secondary

schools in Georgia from March 18, 2020 through March 31, 2020 and accordingly stu-

dents were offered remote learning (Lane, 2020; Sass and Goldring, 2021). Another ex-

ecutive order was signed on March 26 of the same year to extend the school closure

through April 24, 2020 and a week later on April 1, 2020, the Governor announced all

K-12 public schools would remain closed for the remainder of school year (SY) 2019-20

(Georgia Department of Education, 2020).
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After the school closures in March 2020, most school districts in metro Atlanta be-

gan SY 2020-2021 with fully remote instruction but started to offer parents a choice of

in-person instruction for their child at varying times in SY 2020-21. The school dis-

trict I study chose a “phased” approach for returning to face-to-face instruction during

the fall of SY 2020-2021. Table 1 describes phases and actual timing of return to full-

time in-person instruction in the district. Each phase was implemented based on the

district’s school reopening plan matrix before the district fully switched to offering full-

time face-to-face learning on October 14, 20201. Until the first phase (Phase I) began

on September 9 of the same year, remote learning was provided to all students. Given

that the school year typically begins in early August, Phase I started about a month after

the school year began. During Phase I, students in Pre-K through 2 were given a volun-

tary opportunity to receive a 90-minute in-person instruction and support session once

per week. During this phase, students in grades 3-12 were given the option to receive

such support by scheduling 1-on-1 meetings with their teachers, while continuing their

Universal Remote Learning schedule as planned. Meals or snacks were provided during

this phase and transportation was provided for Pre-K through second grade students

attending a once-a-week in-person session2. Based on the district’s school reopening

plan, the district skipped Phase II and implemented Phase III weeks after the first phase

began. Phase III and the rest of the phases were implemented for all students through

the rest of the fall semester ending December 18, 2020.

Before Phase III began on September 21, 2020, a first round of parental survey was

conducted to gather information on parents’ preference on children’s learning mode

(in-person or remote) and mode of transportation to/from school for the rest of the

phases. Parents and/or guardians were required to select option for each child between

September 14 through 18, and if a parent/guardian had not made a selection for each

1Details on the districts’ school reopening plan matrix is tabulated in Appendix A1.
2Transportation was provided for students in grades 3-5 and all middle/high school students return-

ing for face-to-face instruction during future phases.
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of their kids by the end of the survey period, the default selection would be face-to-face.

While it was encouraged to make a semester commitment through December 18, par-

ents and guardians were available to retake the survey as long as the final decision is

made by September 18. Students in grades 2 through 12 received a device issued by the

school district, meals were provided at no charge for all students. Schools in the district

had a thorough plan to meet the parents’ desire to stay remote or come in face-to-face,

so there seem to be little to no institutional constraint regarding provision of desired

learning mode. In Phase III and Phase IV (which started on October 5), a full day and 2

days in-person instructions, respectively, were provided for all students until schools re-

opened school buildings for students to voluntarily attend either full-time face-to-face

or full-time Universal Remote Learning. Although parents and students self-selected

into different learning modes, two factors contributed some exogenous variation in stu-

dent exposure to remote learning. First, testing windows for formative assessments are

fairly broad, so the dates at which individual students take exams varied widely as tab-

ulated in Table 2. Given the phase-in of in-person learning, this translates into different

exposure to remote learning between fall and winter assessments in SY 2020−21. Sec-

ond, once full-time in-person instruction resumed on October 14, any student who was

sick, had a fever, tested positive for COVID-19, or had been exposed to COVID-19 was

expected to stay home and follow public health protocols before returning to school.

Thus, differences in exposure to COVID-19 generated additional variation in the propor-

tion of time spent in remote learning. This exogenous variation in exposure to remote

learning provides an opportunity to compare outcomes of students that underwent dis-

tinct changes in instructional mode as well as to investigate whether gender differences

in achievement growth varied by learning mode.
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2.2 Gender Achievement Gap in Metro-Atlanta School District

There has been considerable prior research that shows girls on average outper-

form boys on reading/ELA exams whereas they either perform similarly or girls slightly

outperform boys on math exams (Reardon et al., 2019; Duckworth and Seligman, 2006;

Lai, 2010; for a meta-analysis: Voyer and Voyer, 2014). In this subsection, I briefly doc-

ument the pre-existing gender achievement gap in the metro-Atlanta school district I

study in this paper. In the district, a formative, adaptive assessment called iReady Di-

agnostic (produced by Curriculum Associates) is administered every fall and winter of

each academic year; I plot standardized iReady math and reading assessment score

trends to investigate pre-pandemic gender-based achievement differences in the dis-

trict3. Figures 2a and 2b show the math and reading iReady achievement trends of the

district over the analyses period (SY 2018-19 to SY 2020-21). The left side of the verti-

cal dashed line in each figure shows the math and reading achievement trends during

the pre-pandemic semesters, and the during-the-pandemic semesters trends are the

right side of the dashed line in each figure. Both math and reading achievement trends

for boys and girls are in line with the descriptive evidence from the gender gap litera-

ture, that girls outperform boys in both subjects where the achievement gap is wider in

reading. Also, the gender-based gaps in achievement of both math and reading widen

between fall and winter of SY 2020-2021, which is the period students returned to in-

person learning. Although, it is important to note that these graphs do not indicate any

causal relationship, but rather display the raw scale score trends of boys and girls over

the analyses period.

3For more details on the iReady Diagnostic, visit: https://www.curriculumassociates.com/programs/i-
ready-assessment/diagnostic
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3 Methodology

3.1 Conceptual Framework

Based on the traditional education production function, there are various inputs

that potentially affect student outcomes (student academic achievement, most com-

monly) such as student input, family input, peer input, school and teacher input, where

the function provides direct evidence about the effectiveness of each input and numer-

ous policies that were implemented based on its estimation (Hanushek, 2020). Follow-

ing the mathematical presentation of Boardman and Murnane (1979), Hanushek (1979),

Todd and Wolpin (2003), and Sass et al. (2014), such relationship can be expressed as a

simplified cumulative achievement function:

Ait = f(Si(t), Pi(t), Xi(t), Fi(t), Ii0, ϵit) (1.1)

where Ait is a student i’s academic achievement at time t, Si(t) is school-related inputs

such as the number of students per school, school characteristics, teacher’s experience,

teacher’s salary, cumulative to time t. Likewise, Pi(t) is cumulative peer inputs, such

as peers’ academic achievement, income and socioeconomic status of peers’ parents,

peers’ disruptiveness, Xi(t) is cumulative individual/student inputs such as innate skill

endowments, cognitive and non-cognitive skills such as critical thinking, conscious-

ness, and self-discipline, and Fi(t) is cumulative family-related inputs such as parents’

occupation, parent’s education, household income, the number of siblings, and so on.

Ii0 and ϵit are the student i’s endowed innate ability and an idiosyncratic error term at

time t. Taking this cumulative achievement function and the history of all inputs in

time t and t − 1 and rearranging them under several model assumptions produce the
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following cumulative achievement equation:

Aigst = β1Xigst + β2P−igst + β3Sigst + θAigst−1 + ρi + λg + σs + ξigst (1.2)

where Aigst is an academic achievement of a student i of grade g, in school s in year-

semester t, P−igst is characteristics of the student i’s peers, and Sigst is time-varying

school and teacher inputs. Aigst−1 is a prior academic achievement of the student i,

which is assumed to serve as a sufficient statistic for all prior school inputs. ρi, λg, and

σs are time-invariant student/family, grade, and school/teacher inputs, respectively.

As schools switched their learning mode from traditional face-to-face instruction to

remote instruction after the pandemic broke out, the pandemic-induced school clo-

sures and the consequent shift in learning mode are believed to affect a range of educa-

tional inputs that are relevant for the process of skill formation of children (Werner and

Woessmann, 2022). As aforesaid, the pandemic-induced remote learning likely changed

the relative importance of educational inputs: student & family inputs, peer inputs,

school & teacher inputs. Compared with the traditional face-to-face learning environ-

ment, students are less exposed to their peers and teachers as students and teachers

are away from physical school buildings and classrooms. Effective self-regulated learn-

ing and parental support and supervision now become important factors to succeed in

remote learning after the initial school closure, which increase the relative importance

of student inputs Xigst (such as self-control and self-discipline skills among others) and

family/household inputs ρi (time and resources spent on kids during remote learning,

for instance), whereas such transition to remote learning would decrease the relative

importance of peer inputs P−igst and school/teacher inputs Sigst
4. These pandemic-

engendered shifts, hypothetically, would result in a relative increase in the absolute

value of the coefficient on student inputs (β1) and a relative decrease in the absolute

4In the traditional cumulative achievement function, it is assumed that family inputs are time-
invariant.
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value of the coefficient on peer inputs and school/teacher inputs (β2 and β3).

3.2 Data

I combine multiple administrative datasets from a metro-Atlanta school district of

the period between SY 2018-2019 and SY 2020-2021, provided by the Metro Atlanta Pol-

icy Lab for Education (MAPLE) and its school district partners. The student-level panel

dataset consists of rich information on student characteristics such as demographics,

free or reduced-price meals (FRPM) status, English Learner (EL) status, types of dis-

ability, and mathematics and reading formative assessment scores, which are outcome

variables. Two control variables of interest – proportion of historically disruptive peers

and students’ own self-control level – are constructed by linking the main panel dataset

with Student Class and Student Discipline data; details on construction of the key vari-

ables are provided below. I restrict my sample to students in grades 1 through 8 who

attended public schools in the district during the analyses period.

The first key variable of interest – proportion of historically disruptive peers in

classroom – is constructed by linking the Student Class and Student Discipline data. The

Student Class file includes information on which classes students took in each semester

of the analysis period, and Student Discipline is student-incident-level data contain-

ing information on the type and intensity of each disciplinary incident. I link the Class

and Discipline datasets to identify disruptive peers in each math and reading classes

students were enrolled in and track the history of disruptiveness of their peers in each

classroom. A student is considered historically disruptive if the student committed dis-

ciplinary incidents any time prior to the onset of the pandemic (but fall of SY 2018-2019

onwards), and if the type of incident falls into one of the following disciplinary codes:

bullying, fighting, sexual battery, sexual harassment, sex offenses, threat or intimida-

tion, carrying weapons (knife, handgun, rifle) and other firearms, serious bodily injury,
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disorderly conduct, student incivility5. To construct the peer disruptiveness variable,

I first calculate the proportion of historically disruptive peers of all math and reading

classes that each student enrolled:

prop.dicgst =

∑
p ̸=i Ppcgst

ncgst − 1
(2)

Ppcgst is an indicator which equals 1 if a student i’s peer p in classroom c is identified as

historically disruptive in pre-pandemic period, and ncgst is the number of students in

the classroom c. Dividing the total number of disruptive peers (
∑

p ̸=i Ppcgst) by the class

size ncgst − 1 (excluding the student i) gives us the proportion of historically disruptive

peers in each classroom c, and then I calculate the average of prop.dicgst for math and

reading courses separately to obtain the average proportion of disruptive peers in math

and reading classes for the student i (prop.digst).

The second key variable of interest – student’s self-control level – is proxied by us-

ing a “rush flag” in the main panel data6. Students are flagged as “being a rusher” on

each of the math and reading formative assessments, where being a rusher means that

a student’s average time on each task of the exam were shorter than a designated time7.

I construct the self-control variable as a dummy variable which equals 1 if students ever

rushed in the exams any time in the pre-pandemic semesters.

Given that parents had options to choose between sending their kids back to school

and staying remote in fall of SY 2020-2021, I employ additional data in order to conduct

5For detailed information on disciplinary codes and frequency of each disciplinary incidents by stu-
dent in the study sample, refer to Appendix C1 and C2.

6Zamarro et al. (2020) take a similar approach, using item non-response and careless answering on
surveys to serve as a proxy for grit and self-control. Among a sample of high school students, they find that
both item non-response and careless answering were negatively correlated with both self-reported and
teacher-reported measures of grit and self-control. Similarly, using data from a nationally representative
panel of American adults, Zamarro et al. (2018) found that repeated careless answering behavior was
negatively correlated with self-reported grit and self-reported conscientiousness. See also Hitt, Trivitt
and Cheng (2016) and Hitt (2015), who study the relationship between survey effort and teacher reports
of students’ skills, academic outcomes at the end of high school, and college attendance.

7A student was given either a “yellow” flag or a “red” flag, indicating the student took less than 21 or
12 seconds on average to finish each task on the exams.
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the analyses for the planned remote learning period, which is between fall and winter

exams in SY 2020-2021. First, Blended Learning attendance data during SY 2020-2021

provide information on how many instructional days students attended under each

learning mode8. To identify the number of attended days which students attended ei-

ther remotely or face-to-face, I use the district’s Blended Learning attendance data for

the fall of SY 2020-2021. I calculate the proportion of remotely attended instructional

days as follows:

prop.rigst =
cum.remote.daysigst=winter2021 − cum.remote.daysigst=fall2020

cum.attend.daysigst=winter2021 − cum.attend.daysigst=fall2020

(3)

where cum.remote.daysigst and cum.attend.daysigst are cumulative attended “remote” days

and “total” cumulative attended days of student i in grade g, in school s in year-semester

t, respectively. prop.rigst is the proportion of remote learning days between the fall and

winter formative assessments of SY 2020-2021, which is calculated by dividing the num-

ber of remote attendance days by total attendance days. For instance, if prop.rigst is

0.6 for a student i attending a school s, 60 percent of attended days between the fall

and winter exams were remote9. Lastly, I use district’s Parental Survey data – which

contains information on parents’ preferences toward instructional modes and types of

transportation to/from school in SY 2020-2021 – and the number of COVID-19 positive

and quarantined cases by school to instrument the proportion of remote learning days,

to overcome selection bias issue raised by parental choice on learning mode.

Table 3 reports descriptive statistics for students in the analyses sample. Table 3a

shows the statistics for full sample (columns 1-2) and subgroups by gender (columns 3-

6). 42 percent of the students in the analyses sample are Black, 25 percent are White, 12

8Out of five partner school districts of MAPLE, only the school district I study in this paper had de-
tailed Blended Learning data during SY 2020-2021 available. Given that detailed information on how
many instructional days a student spent on each learning mode is imperative for conducting “planned
blended learning” phase analysis, only students from this district are included in the analyses sample.

9Since students take exams over a period of several weeks per each semester, the cumulative days
variables are unique to each student.
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percent are Asian, and 16 percent are Hispanic. 39 percent of the students of the sample

were eligible for free or reduced-price meals, FRPM, 12 percent were students with dis-

abilities, including 8 percent of girls and 15 percent of boys. Between fall of SY 2020-2021

and winter of SY 2020-2021, students spent an average of 56 percent of attended instruc-

tional days in math remotely and 57 percent of attended instructional days in reading

learning remotely. There was considerable variation in exposure to remote learning, the

standard deviation in proportion remote being 0.34 in both math and reading instruc-

tion. In the “Peer Composition and Self-Control” panel in the table, I provide mean

statistics of variables related to students’ own disruptiveness, peers’ disruptiveness, and

self-control. 8 percent of the students in the sample committed one or more designated

disciplinary incidents during the three pre-pandemic semesters (and were thus consid-

ered “historically disruptive”). Students’ own disruptiveness varied widely by gender; 4

percent of girls and 12 percent of boys were identified as disruptive students. The mean

proportion of historically disruptive peers in classrooms is 8 percent for both math and

reading courses. On average, 14 percent of students were an “ever-rusher” on math

exams during the pre-pandemic semesters, and 10 percent were an ever-rusher on pre-

pandemic reading exams. Boys were 1.8 times more likely to rush on math exams and

2.2 time more likely to rush on reading exams than girls at any point during the pre-

pandemic periods. The mean statistics of our outcome variables of interest, math and

reading formative assessment scores, are reported in the “Dependent Variables” panel.

Girls outperform boys both on math and reading exams, where the achievement gaps

are much wider in reading than in math.

As a way to check that my analyses results are not primarily driven by any changes

in student/test takers composition, I break down the analysis sample by analyses period

(2 semesters of pre-pandemic period, unplanned remote learning period, and planned

remote learning period) and compare mean statistics of the main independent and de-

pendent variables of each period. The statistics are reported in Table 3b. The table
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essentially provides the information on peer composition, self-control, and the iReady

formative assessment scores of cohorts of grade 1 through 8 in each period. Compared

to the pre-pandemic cohorts (“Pre-Pandemic” column), during-the-pandemic cohorts

were equally or slightly more exposed to historically disruptive peers. As for the self-

control level, which is proxied by rush indicator, students in the during-the-pandemic

cohorts rushed more and more of them rushed at any point during the pre-pandemic

semesters, comparing to those in the pre-pandemic cohorts.

3.3 Empirical Models

The analyses in the study are threefold. First, as aforementioned, I conduct an

exploratory analysis to investigate the pre-pandemic relationship between being in a

classroom with historically disruptive peers and academic achievement and examine

whether classroom disruption was particularly problematic for girls prior to the pan-

demic. An analogous analysis is done with respect to student self-control level. Second,

I investigate whether unplanned, emergency remote learning during the remainder of

SY 2019-2020 and planned remote learning in the fall semester of SY 2020-2021 led to

changes in gender-based achievement gaps. To distinguish between the effect of dis-

ruptive peers and self-control mechanisms, I allow for differential impacts based on the

classroom peers’ history of disruptiveness and prior measures of students’ proclivity to

rush. Lastly, I analyze whether gender-based academic achievement gaps differed by

learning mode in Fall of SY 2020-2021.

First, I estimate the following equation over the two testing periods prior to the

pandemic outbreak, Fall and Winter of SY 2019-2020 in order to explore the pre-pandemic
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relationship between the two mechanisms of interest and student achievement:

yigst = β0 + β1femalei + β2prop.digst + β3ever.rushigst + β4yigst−1 + β5y
2
igst−1+

β6Xigst + λg + σs + τt + ϵigst (4)

where yigst is standardized math and reading formative assessment scores of a student i

in grade g, in school s in the beginning of pre-pandemic year-semester t10. femalei is an

indicator for female students, prop.digst is the proportion of historically disruptive peers

in classroom c that student i belonged during a semester before t, ever.rushigst is an indi-

cator that identifies students that ever rushed in any previous pre-pandemic semesters

during the sample periods11. In other words, ever.rushigst measures the student’s history

of proclivity to rush during the exams; it is 1 if student i ever rushed in formative assess-

ments in any time during all previous semesters in the analyses period or 0 otherwise.

yigst is a prior assessment score, and β6Xigst is a vector of time-varying individual char-

acteristics, such as the FRPM eligibility, EL status, disability status, and other relevant

factors. Finally, λg, σs and τt refer to grade, school, and year fixed effects respectively.

I run the same model without the female indicator (femalei) and estimate the coeffi-

cients separately for boys and girls to examine whether and to what extent classroom

disruption and self-control were particularly problematic for female students prior to

the pandemic.

To investigate the role of unplanned and planned remote learning in changing

gender achievement gaps through the two potential mechanisms, I employ the Blinder-

Oaxaca decomposition method, which was first introduced in the economics literature

10Both math and reading formative assessment scores are standardized by grade and year-semester
within the district since I could not obtain national means and standard deviations of the exams. There-
fore, the analyses results should be interpreted as a within-district context.

11As for prop.digst, I look at the history of disruptiveness of peers in a classroom in year-semester t− 1
because the standardized tests are administered in the beginning of each semester. For example, if a
dependent variable is the standardized test score in the beginning of fall of SY 2019-2020, prop.digst is
calculated using the history of disruptiveness of winter of SY 2018-2019 classroom peers.
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by Ronald Oaxaca and Alan Blinder to assess the sources of male-female wage differen-

tials (Oaxaca, 1973; Blinder, 1973; Jann, 2008). Here I use the decomposition method

to decompose differences in formative assessment scores between girls and boys into

three parts that could potentially explain the mean differences: (i) group differences in

characteristics (e.g. the level of self-control), (ii) group differences in the marginal ef-

fects of characteristics on test scores (e.g. the impact of an increase in the proportion of

historically disruptive peers on math scale scores), and (iii) differences in unobserved

factors (e.g. average differences in motivation or interest in school). Generally, the third

factor is attributed to discrimination in the literature on racial wage differentials. The

difference in average formative assessment scores between girls (G) and boys (B) due

to constant unmeasured factors, peer influences, and lack of self-control, △yt, can be

decomposed as follows:

△yt = yGt − yBt

= (βG
0 − βB

0 ) + [α1(△prop.dt) + α2(prop.dBt ) + α2(△prop.dt)]+

[α3(△ever.rusht) + α4(ever.rushB
t ) + α4(△ever.rusht)] (5)

△prop.dt is the difference between girls and boys in mean proportions of disrup-

tive classroom peers, i.e. prop.dGt − prop.dBt , and △ever.rusht is the difference between

girls and boys in the mean proportions of past rushing. (βG
0 − βB

0 ) represents the time-

constant difference in outcomes for girls and boys that is due to unobserved gender

differences not measured by explanatory variables in equation (4). α1 is the marginal

effect of disruptive peers on boys, βB, and α2 is the difference in the marginal effect of

disruptive peers on girls and boys, βG − βB. α3 and α4 represent the same components

of the rushing behavior indicator. The first bracketed term is the difference in outcomes

between girls and boys that is due to the influences of disruptive peers. It has three com-

ponents: differences due to differences in exposure to disruptive peers (α1(△prop.dt)),
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differences due to differences in the marginal effect of disruptive peers (α2(prop.dBt )),

and the interaction of differences in the marginal effect and differences in exposure

(α2(△prop.dt)). The second bracketed term represents the difference in outcomes due

to lack of self-control, with components analogous to those for peer influences.

In order to understand how unplanned remote instruction affected gender differ-

ences in outcomes, I estimate the decomposition model using equation (4) focusing on

the period from the winter of SY 2019-2020 (just prior to the pandemic) to Fall of SY

2020-2021, after 9-weeks of unplanned remote learning in the remainder of SY 2019-

2020 but before any significant return to in-person learning in SY 2020-2021. I concen-

trate on how the bracketed terms in equation (5) change, relative to the pre-pandemic

period. Given the switch to remote learning was unplanned and there was no parental

choice over learning mode, the class peer composition should not have changed signif-

icantly from prior periods. Likewise, the past proclivity of boys and girls to rush through

exams should not have changed. Further, the interaction component in the first brack-

eted term, which is the product of two changes, should be small. Consequently, the key

items of interest are changes to the marginal effects of disruptive peers on boys and girls

(α1 and α1 + α2), and changes to the marginal effects of lack of self-control on boys and

girls (α3 and α3 + α4). If remote learning dampens peer influences, we would expect ei-

ther the absolute value ofα1 to decrease or the effect fade away, though the change in the

difference in marginal effects between girls and boys (α2), is unclear, a priori. If remote

learning requires greater self-control, then the absolute value of the marginal effects of

prior “rushing” (α3) should increase. Even if the difference in marginal effects (α4) does

not change, the gender difference in outcomes would change ifα3 changes from the pre-

pandemic period to the unplanned-remote-learning period (the term α3(△ever.rusht)

in equation (5) would increase). Thus, if girls have greater self-control on average than

to do boys (△ever.rusht < 0), then the unplanned shift to remote learning would in-

crease gender achievement gaps assuming prior rushing has a negative effect on test
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scores for both boys and girls.

As discussed above, several metro-Atlanta school districts began to offer in-person

instruction at varying times during SY 2020-2021, while maintaining remote learning as

an option. Given that parents could choose the learning mode option for their child, this

likely lead to changes in the peer composition of both in-person and remote classrooms.

The marginal effects of peer composition and own self-control would also vary with

learning model choice. To measure these changes and their corresponding impact of

gender achievement growth differentials, I re-estimate the decomposition model for the

planned-remote-learning period (between the fall and winter exams in SY 2020-2021),

allowing the coefficients on each of the terms including prop.digst, and ever.rushigst to

vary by the proportion of time between exams spent in remote learning. The fact that

learning mode is a function of parental preferences and beliefs about what learning en-

vironment is best for their child complicates matters, as unmeasured factors determin-

ing learning mode may also impact student outcomes. To address this selection bias, I

employ the 2SLS approach when estimating the decomposition model, using parents’

preferences toward face-to-face learning and information on COVID-19 quarantined

cases as instruments to predict the proportion of days spent in remote learning. This al-

lows us to causally estimate the impact of the variation in the proportion of instructional

days spent in remote learning on gender achievement gaps. Specifically, I estimate the

following first-stage and the reduced-form equations:

prop.rigst = γ0 + γ1zigst + γ2Xigst + eigst (6.1)

yigst = β0 + β1femalei + β2prop.digst + β3ever.rushigst + β4 ̂prop.rigst+

β5yigst−1 + β6y
2
igst−1 + β7Xigst + λg + σs + τt + ϵigst (6.2)

prop.rigst is the proportion of attended instructional days in remote of student i in

grade g in school s between fall and winter exams in SY 2020-2021, zigst and Xigst are a
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vector of instruments and covariates, respectively. The parameter γ1 in equation (6.1)

captures the first-stage effect of zigst on prop.rigst, adjusting for controls, Xigst. The es-

timated first-stage fitted value of prop.rigst ( ̂prop.rigst) is then used in the equation (6.2)

to estimate the effect of the two mechanisms of interest and the proportion of remote

days driven by parents’ preference on face-to-face learning and the pandemic-induced

quarantined cases by school on student achievement and gender achievement gaps

(with appropriate adjustments to the variance-covariance matrix, given that, ̂prop.rigst

is an estimate of prop.rigst). yigst represents standardized math and reading formative

assessment scores of a student i of grade g in school s in the beginning of Winter of

SY 2020-2021, which is after students went through planned blended learning in the

middle of fall of SY 2020-2021, and yigst−1 is the formative assessment scores for both

subjects in the beginning of fall of SY 2020-2021, which is before students enrolled in

planned blended learning. λg, σs, and τt refer to time-invariant grade, school-zone, and

year-semester fixed effects respectively. Then I analyze whether gender-based academic

achievement gaps differed by learning mode in between fall and winter of SY 2020-2021.

I run two separate decomposition models, one for the “remote learning” sample and an-

other for the “in-person learning” sample, where the remote learning sample consists

of students whose proportion of remote learning days was greater than or equal to 50

percent, and the rest of the students comprise the in-person learning sample.

While I instrument the proportion of remote learning with the parental preference

to face-to-face learning and the pandemic-induced quarantine cases in order to over-

come the selection bias issue, the endogeneity of the parental preference of face-to-face

leaning remains as a key threat to the validity of the instruments and the analyses re-

sults. Also, given that the analyses period of the unplanned, emergent remote learning

include summer of SY 2019-2020 as well, the estimates might pick up the impacts of the

nine-week unplanned remote learning as well as the following summer.
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4 Results

4.1 Pre-Pandemic Relationship between Disruptive Peers, Self-Control

Level, and Student Achievement

Before diving into the main analyses results, I first report estimates of the pre-

pandemic relationship between the two mechanisms of interest and student achieve-

ment as well as the gender disparities in math and reading achievement scores prior to

the onset of the pandemic. Table 4 shows the OLS analyses results for the full sample and

by gender, where I report the pre-pandemic relationship between students’ achieve-

ment (in terms of standardized mathematics and reading formative assessment scores)

and 1) proportion of historically disruptive peers in classroom and 2) students’ past pro-

clivity to rush.

Table 4a reports OLS estimates of the full sample by different model identifications.

Each column displays the estimated coefficients and robust standard errors (in paren-

theses) of each model specification. Model (1) only controls for proportion of disruptive

peers, ever rushed, and the female indicator, Model (2) includes all other controls such

as student demographics and characteristics, household’s socioeconomic status mea-

sured by FRPM eligibility, and prior achievement. Model (3) includes grade, school, and

year-semester fixed effects as well as all other controls that were previously included

in Model (2). The estimated effects on proportion of disruptive peers and ever rushed

across all the model identifications confirm prevalent beliefs that classroom disruptive-

ness and lack of self-control have negative impacts on student achievement on average.

In Model (3), which is my preferred specification, I find that a 10 percentage point in-

crease in the proportion of historically disruptive peers in classrooms decrease math

(reading) formative assessment scores by 0.02 (0.018) standard deviations and being an

“ever-rusher” decreases the math (reading) scores by 0.04 (0.08) standard deviations. Fe-

male students slightly outperform boys in reading, while underperform them in math.
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I then re-estimate the pre-pandemic models of student achievement, separating

the sample by gender; estimation results are reported in Table 4b. The magnitudes of

the effect of being exposed to historically disruptive peers in classrooms range from

-0.17 SD to -0.20 SD for both boys and girls, depending on test subject. The estimates

indicate that girls and boys were equally affected by historically disruptive peers prior to

the pandemic. As for the effect of past proclivity to rush, the magnitudes of the impact

are slightly larger for boys on both subjects. For example, ever being a rusher in the

past decreases boys’ math achievement by 0.05 SD, whereas girls’ math achievement

decreases by 0.03 SD.

4.2 Unplanned Remote Learning and Planned Remote Learning

Next, I present results for the Blinder-Oaxaca decomposition models in Table 5 and

Table 6. In Tables 5a and 5b, I provide a short version of decomposition where I decom-

pose the math and reading gender achievement gaps into the role played by each set of

controls: proportion of disruptive peers, self-control, previous achievement, proportion

of remote learning, et cetera. The top row (“Gender Achievement Gap”) in both tables

shows total math (reading) gender achievement gap, and the next three panels report

the share of gender gaps due to (i) mean differences, (ii) differences in marginal effect,

and (iii) interaction between the two effects. In both tables, the first column shows the

estimates for the pre-pandemic semesters analyses (between winter of SY 2018-19 and

winter of SY 2019-20), second and third columns show the estimation results for the

unplanned remote learning (between the initial school closure and fall of SY 2020-21)

and planned remote learning (between fall and winter of SY 2020-21), respectively. On

math exams, gender achievement gaps between girls and boys were 0.03 SD in the pre-

pandemic semester (fall and winter of SY 2019-20) where 5 percent of the gender gap can

be explained by the difference in the mean proportion of historically disruptive peers

between girls and boys. The difference in the mean statistics in the ever-rushed indica-
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tor can explain the gender gap about 11 percent. Note there are negative contributions

of several components; for instance, the difference in marginal effect of previous math

achievement scores (“Previous Achievement” in the second panel) plays a “negative”

role on the total gender achievement gap and its share of total gender gap is 27 percent.

In other words, removing the marginal effect differences of the previous achievement

between girls and boys would widen the disparity by 27 percent. The time-constant dif-

ference in the math achievement due to unobserved gender differences (βG
0 −βB

0 ) makes

up a large share of the estimated total gender gap, and the differences in marginal effect

of the proportion of remote learning days between girls and boys also explain a consid-

erable share of the total gender achievement gap. Although, on reading results, mean

differences in previous reading achievement and the time-constant difference due to

unobserved factors have the greatest contribution to the gender gap, especially after

the pandemic broke out.

Table 6 provides a detailed decomposition, where three components from the de-

composition analyses are reported: (i) overall gender achievement gaps (which are also

reported in Table 5), (ii) share of gender gaps attributable to each of the three compo-

nents described in the equation (5) as well as the gaps explained by mean differences

in the proportion of historically disruptive peers and in the propensity to rush in the

past, and (iii) marginal effects of the proportion of disruptive peers and the past pro-

clivity to rush for both boys and girls (βB and βG)12. The estimation results for stan-

dardized math and reading assessment scores are shown in Tables 6a and 6b. As previ-

ously reported in Table 4b, βB and βG reported in Table 6a indicate that girls and boys

were equally affected by historically disruptive peers and boys are more negatively af-

fected by lacking self-control comparing to girls prior to the pandemic. As students

went through the emergent shift to remote learning in the remainder of SY 2019-20,

12As a main model identification, the analysis is conducted with the sample consisting of distinct stu-
dent groups over the course of the pandemic. To make sure that the variation in the impacts across time
periods is not being driven by any changes in sample composition, I limit the sample to students appear
in the entire sample periods as an alternative identification [and results. . . ]
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the gender achievement gap nearly doubles in math. However, the mean differences

in the proportion of historically disruptive peers no longer explain any share of the

gender gap and the proportion explained by differences in self-control diminish from

11% to 9%. The changes in the magnitudes of the marginal effects of disruptive peers

and self-control are discernible; disruptive peers do not significantly impact boys and

girls during the unplanned remote learning comparing to the pre-pandemic period,

though both boys and girls become more vulnerable to the lack of self-control through-

out the unplanned remote learning period. In the last two columns, the results for the

same components are shown for the planned remote learning period spanning from

the beginning of fall and winter semester of SY 2020-21. Both the OLS and IV results

report closing gender achievement gap in math, while the gap remain larger than its

pre-pandemic level. The mean differences in the proportion of historically disruptive

peers between girls and boys still do not explain any share of the gender gap, whereas

the mean differences in the self-control level between girls and boys explain 13 to 15

percent of the gender gap, depending on the model identification. The magnitudes of

the marginal effects of disruptive peers returns to its pre-pandemic level (even worse for

boys) and the negative marginal effects of the lack of self-control stay at its unplanned

remote learning level. Table 6b provides the corresponding components and results of

the decomposition analyses for reading assessments. Results for reading exams follow

similar patterns with those of math exams, though magnitudes of the share of the gap

explained by the mean differences in self-control level are much smaller than those of

math. Gender gap achievement first widens and then close over the course of the re-

mote learning since the initial school closure, and the mean differences in proportion

of disruptive peers between girls and boys become less attributable after the initial shift

to the blended learning.

Lastly, tables 7a and 7b show the analogous decomposition results for math and

reading, where the analyses sample during the planned remote learning in between fall
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and winter of SY 2020-2021 is broken down into remote and in-person groups as de-

scribed earlier. Note the striking differences in math achievement gaps between stu-

dents in the remote group and those in the in-person group in both OLS and IV models.

The gender gaps in math achievement for those in remote instruction group widened

even more over the course of the pandemic, where the gaps are insignificant for those in

in-person group. The mean differences in the self-control level between girls and boys

explain 6 percent of such widened gaps, where the mean differences in the proportion

of disruptive peers hardly explain such gaps. For reading, in contrast, the achievement

gaps between girls and boys are slightly wider for those in the in-person group. The es-

timated marginal effects of the proportion of historically disruptive peers on both math

and reading indicate that students in the remote group are more vulnerable to disrup-

tive peers than those in the in-person group.

5 Discussion & Conclusion

The COVID-19 pandemic and the school closures has undoubtedly affected many

aspects of people’s lives. Especially for students, the pandemic-induced shift to remote

learning has unprecedentedly altered the nature of their learning environment: being

away from school buildings, peers, and teachers, and learning from home under par-

ents’ and guardians’ supervision. Since the initial onset of the COVID-19 pandemic,

remote learning has received great attention and the importance of self-regulated learn-

ing has been stressed ever than before (Berger et al., 2021). In fact, remote learning is

now commonly offered as an alternative to the traditional in-person learning; nearly all

of the United States’ largest school districts announced to continue providing a remote

option as well as expanding their virtual learning offerings for the fall of SY 2022-2023,

and several states intermittently switched to remote learning or dismiss students early

in the day when cities within the states experience hot days at schools (Belsha and Bar-
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num, 2022; Will, 2022).

In this paper, I study the impact of the pandemic-induced remote learning on stu-

dent achievement and gender achievement gaps, focusing on the change in relative im-

portance of impacts from disruptive peers and students’ own self-control level due to

the pandemic. The results suggest that disruptive peers and self-control continue to

be significant determinants of student achievement over the course of the pandemic,

and students’ pre-pandemic self-control level can explain a moderate share of the ob-

served gender achievement gaps where the gaps favor female students. While both boys

and girls become more vulnerable to a lack of self-control as they went through the

semesters of unplanned and planned remote learning, girls seem to be more vulnerable

to their self-control level on both math and reading exams. Moreover, I find large gender

achievement gaps in math for those who stayed remote between the fall and winter ex-

ams of SY 2020-2021, whereas no statistically significant gender gaps were found among

those returned to school.

The finding on the disparities in gender gaps by learning mode is somewhat in line

with what Goldhaber et al. (2022) finds, that remote instruction was a primary driver of

widening achievement gaps between high and low poverty schools, where math gaps

did not widen in areas that remained in-person though there was some widening in

reading gaps in those areas. Accumulating evidence on disproportionate impact of the

pandemic-induced remote learning by gender as well as race/ethnicity and socioeco-

nomic status raise serious concerns since such exacerbated gaps could translate into

larger gaps in future outcomes, such as postsecondary school outcomes and earnings.

Moreover, additional evidence on the negative consequences of remote learning ver-

sus in-person learning due to the pandemic outbreak on top of the findings from this

study are also worrisome, given there has been growing supply and demand of distance

learning as stated earlier (Jack et al., 2022; Tagami, 2022). Based on the findings from

this paper, one way to close such exacerbated gender gaps due to the pandemic and
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the pandemic-induced shift in learning environment would be to devise a way to mea-

sure students’ non-cognitive skills that are essential to successfully navigate through

self-regulated learning, such as self-control and perseverance, and accordingly support

students provided that the results indicate students’ self-control level could explain up

to 15 percent of the gender gaps in the district. For instance, school districts could of-

fer several remedies to students participating or have participated in various learning

modes as well as provide additional supports to students lacking self-control and self-

discipline to catch upon the learning disruption caused by the pandemic. Lastly, al-

though my findings show the proportion of disruptive peers explain only a small share of

the total gender achievement gaps, it is suggested to continue monitoring students’ dis-

ciplinary behaviors given that districts are experiencing a surge in student disciplinary

incidents, seemingly induced by the pandemic, along with the existing research show-

ing clear evidence of negative impacts of disruptive peers in classrooms (Hoxby, 2000;

Carrell et al., 2018; Wile, 2022; Downey, 2022; McCray, 2022)

One key threat to the study is that I do not observe any variables related to par-

ents and household characteristics. While some children had affluent resources from

their parents, others did not necessarily have such support at home. Moreover, it is

believed that parents allocate more efforts to girls than to boys, and there is a nega-

tive correlation between parental efforts and prior achievement (Bonesrønning, 2010)

Unfortunately, the analyses with respect to family inputs are beyond the scope of this

paper since I cannot control for any family-related variables in the empirical models I

employ. Nevertheless, the analyses provide the overall snapshot of what has happened

over the course of the pandemic, and the results would provide valuable information

to the districts, policymakers, and parents for making future decisions. While I focus

on decomposing overall gender achievement gaps and exploring average impacts of the

pandemic-induced remote learning by gender, further analysis is needed to fully inves-

tigate the mechanisms of gender achievement gaps, especially to explore which student
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subgroups within the same gender particularly suffered from the remote learning and

consequently experienced larger achievement gaps. As an additional follow-up study,

I would like to explore the long-term consequences of the pandemic-induced remote

learning with respect to disruptive peer effects and self-control to investigate how best

to support students under various learning modes in the future.
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Tables and Figures

Table 1: Phase and Actual Timing of Return to Full-Time In-Person Instruction in
the District

Phases Learning Mode Actual Start Date

Universal
Remote
Learning

All remote First day of school

Phase I 90-minute session, once a week (Pre-K−2),
1:1 meeting by appointment (3−12)

September 9, 2020

Phase II 1 half-day f2f per week N/A

Phase III 1 full-day f2f per week September 21, 2020

Phase IV 2 full days f2f per week October 5, 2020

Phase V Full-time f2f or remote October 14, 2020
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Table 2: Descriptive Statistics of Testing Window for Fall and Winter Exams, SY 2020−21

(a) Testing Window

Testing Window Mean Median

Math
Fall 2020−21 8/24/2020−10/23/2020 9/2/2020 9/1/2020

Winter 2020−21 11/30/2020−1/31/2021 12/29/2020 1/7/2021

Reading
Fall 2020−21 8/24/2020−10/23/2020 9/1/2020 8/31/2020

Winter 2020−21 11/30/2020−1/30/2021 12/30/2020 1/7/2021

(b) Number of Attended Days between Fall and Winter Exams, SY 2020−21

Mean SD Min. Max.

Math 67.29 9.00 22 87

Reading 68.37 9.38 24 87
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Table 3: Descriptive Statistics

(a) Full Sample, by Gender

Full Sample Girls Boys
Mean

Difference
Variables Mean SD Mean SD Mean SD (G-B)
Demographics
Black 0.42 0.49 0.42 0.49 0.42 0.49
White 0.25 0.44 0.25 0.43 0.26 0.44
Asian 0.12 0.33 0.12 0.33 0.12 0.33
Hispanic 0.16 0.37 0.16 0.37 0.17 0.37
FRPM 0.39 0.49 0.39 0.49 0.40 0.49
Any Disability 0.12 0.32 0.08 0.27 0.15 0.36
Learning Mode between Fall and Winter of SY 2020-21
Remote Days Proportion (Math) 0.56 0.34 0.57 0.35 0.56 0.34 0.01***
Remote Days Proportion (Reading) 0.57 0.34 0.58 0.34 0.56 0.34 0.02***
Peer Composition and Self-Control
Any Disruptive Behaviors 0.08 0.27 0.04 0.20 0.12 0.32 -0.08***
Prop. of Disruptive Peers (Math) 0.08 0.13 0.08 0.12 0.09 0.13 -0.01***
Prop. of Disruptive Peers (Reading) 0.08 0.12 0.08 0.12 0.09 0.13 -0.01***
Rushed (Math) 0.03 0.18 0.02 0.15 0.04 0.20 -0.02***
Rushed (Reading) 0.06 0.25 0.05 0.21 0.08 0.27 -0.03***
Ever Rushed (Math) 0.14 0.35 0.10 0.30 0.18 0.38 -0.08***
Ever Rushed (Reading) 0.10 0.30 0.06 0.25 0.13 0.33 -0.07***
Dependent Variables
iReady Scale Score (Math) 456.58 53.03 457.67 52.21 455.53 53.80 2.14***
iReady Scale Score (Reading) 538.94 82.37 545.15 80.78 532.93 83.43 12.21***

N 214,242 105,282 108,960
(Number of Students) (69,737) (34,274) (35,473)

Notes: Sample includes students Grade 1 to Grade 8 enrolled in public schools located in the school district over the analyses
period of SY 2019-2020 SY 2020-2021. Remote Days Proportion of Math and Reading report mean statistics of attended remote
learning days between fall and winter formative assessments of SY 2020-2021. Detailed information on how students were iden-
tified as disruptive students can be found on Appendix A2. Details on Proportion of Disruptive Peers and Ever Rushed variables
construction can be found in Section 3.2. The unit of the number of observations is individual in each school-year-semester,
unique number of students are also reported in the last row.
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(b) Full Sample, by Year-Semester
Pre-

Pandemic
Unplanned Planned

Variables Mean SD Mean SD Mean SD
Learning Mode between Fall and Winter of SY 2020-21
Remote Days Proportion (Math) 0.56 0.34
Remote Days Proportion (Reading) 0.57 0.34
Peer Composition and Self-Control
Any Disruptive Behaviors 0.08 0.27 0.09 0.29 0.08 0.26
Prop. of Disruptive Peers (Math) 0.08 0.12 0.09 0.13 0.08 0.13
Prop. of Disruptive Peers (Reading) 0.08 0.12 0.10 0.13 0.07 0.13
Rushed (Math) 0.03 0.17 0.04 0.19 0.04 0.20
Rushed (Reading) 0.06 0.23 0.07 0.25 0.08 0.27
Ever Rushed (Math) 0.13 0.34 0.15 0.36 0.15 0.36
Ever Rushed (Reading) 0.08 0.28 0.11 0.32 0.11 0.31
Dependent Variables
iReady Scale Score (Math) 453.85 52.02 456.22 52.83 462.73 54.81
iReady Scale Score (Reading) 535.55 82.62 539.06 81.57 546.08 82.16

N 105,904 54,421 53,917
Notes: Sample includes students Grade 1 to Grade 8 enrolled in public schools located in the school district over

the analyses period of SY 2019-2020-SY 2020-2021. Remote Days Proportion of Math and Reading report mean
statistics of attended remote learning days between fall and winter formative assessments of SY 2020-2021. De-
tailed information on how students were identified as disruptive students can be found on Appendix C1. Details
on Proportion of Disruptive Peers and Ever Rushed variables construction can be found in Section 3.2. The unit
of the number of observations is individual in each school-year-semester.
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Table 4: Pre-Pandemic Relationship (OLS Results) by Subject

(a) Full Sample

(1) (2) (3)
Math Reading Math Reading Math Reading

Proportion of Disruptive Peers -2.55*** -2.26*** -0.13*** -0.10*** -0.20*** -0.18***
(0.03) (0.03) (0.02) (0.02) (0.02) (0.02)

Ever Rushed -0.70*** -0.75*** -0.06*** -0.09*** -0.04*** -0.08***
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Female -0.04*** 0.13*** -0.02*** 0.01*** -0.03*** 0.01***
(0.01) (0.01) (0.004) (0.004) (0.004) (0.004)

Black (ref. White) -0.11*** -0.11*** -0.08*** -0.07***
(0.01) (0.01) (0.01) (0.01)

Asian 0.10*** 0.04*** 0.08*** 0.03***
(0.01) (0.01) (0.01) (0.01)

Hispanic -0.06*** -0.08*** -0.04*** -0.06***
(0.01) (0.01) (0.01) (0.01)

FRPM -0.05*** -0.05*** -0.05*** -0.05***
(0.005) (0.01) (0.005) (0.005)

Controls Y Y
Grade FE Y
School FE Y
Year-Semester FE Y
N 83,102 84,011 69,763 66,943 69,763 66,943

Notes: Analyses Sample includes students Grade 1 to Grade 8 enrolled in public schools located in the school district
during the pre-pandemic semesters (winter of SY 2018-2019 and fall of SY 2019-2020). Robust standard error in parentheses
below estimated coefficients. The unit of the number of observations is individual in each school-year-semester, so if a
student was observed during the pre-pandemic semesters, there would be two observations for each student. Outcome
variables are standardized math and reading achievement scores.
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(b) Full Sample, by Gender
Math Reading

Boys Girls Boys Girls
Proportion of Disruptive Peers -0.20*** -0.20*** -0.17*** -0.17***

(0.03) (0.03) (0.03) (0.03)
Ever Rushed -0.05*** -0.03*** -0.09*** -0.07***

(0.01) (0.01) (0.01) (0.01)
Black (ref. White) -0.10*** -0.06*** -0.09*** -0.05***

(0.01) (0.01) (0.01) (0.01)
Asian 0.08*** 0.08*** 0.03*** 0.03***

(0.01) (0.01) (0.01) (0.01)
Hispanic -0.04*** -0.05*** -0.05*** -0.07***

(0.01) (0.01) (0.01) (0.01)
FRPM -0.05*** -0.05*** -0.05*** -0.04***

(0.01) (0.01) (0.01) (0.01)
Controls Y Y Y Y
Grade FE Y Y Y Y
School FE Y Y Y Y
Year-Semester FE Y Y Y Y
N 35,293 34,470 34,070 32,873

Notes: Analyses Sample includes students Grade 1 to Grade 8 enrolled in public schools lo-
cated in the school district during the pre-pandemic semesters (fall and winter exams of SY
2019-2020). Robust standard error in parentheses below estimated coefficients. The unit of
the number of observations is individual in each school-year-semester, so if a student was ob-
served during the pre-pandemic semesters, there would be two observations for each student.
Outcome variables are standardized math and reading achievement scores.
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Table 5: Blinder-Oaxaca Decomposition Results, Full Sample

(a) Math

(1) (2) (3)

Pre-Pandemic Unplanned Planned Remote

Remote OLS IV

Gender Achievement Gap 0.0340*** 0.0654*** 0.0498*** 0.0414***

(G-B) (0.0074) (0.0109) (0.0123) (0.0127)

Gaps due to Mean Differences of:

Proportion of Disruptive Peers 0.0016 0.0007 0.0006 0.0004

% 5% 1% 1% 1%

Self-Control Level 0.0038 0.0060 0.0066 0.0061

% 11% 9% 13% 15%

Previous Achievement 0.0289 -0.0065 0.0192 0.0115

% 85% 10% 39% 28%

Gaps due to Marginal Effect Differences of:

Proportion of Disruptive Peers 0.0004 -0.0039 0.0030 0.0029

% 1% 6% 6% 7%

Self-Control Level 0.0021 -0.0084 -0.0041 -0.0051

% 6% 13% 8% 12%

Previous Achievement -0.0093 -0.0171 -0.0180 -0.0102

% 27% 26% 36% 25%

βG
0 − βB

0 -0.0672 0.3692 -0.1076 -0.0936

% 198% 565% 216% 226%

Proportion of Remote Learning 0.0307 0.0255

% 62% 62%

Gaps due to Interaction of Mean Differences and Marginal Effect Differences

All Controls 0.0036 0.0073 0.0105 0.0094

% 11% 11% 21% 23%

N 69,763 32,409 26,179 23,857
Notes: Analyses sample includes students Grade 1 to Grade 8 enrolled in public schools located in the school

district over the period of SY 2018-2019 SY 2020-2021. Robust standard error in parentheses below estimated
gender achievement gaps. The unit of the number of observations is individual in each school-year-semester.
(1) is pre-pandemic period (2 semesters prior to the school closure), (2) is unplanned remote learning period
(between the school closure and the remainder of SY 2019-2020), and (3) is planned remote learning period
(between Fall and Winter of SY 2020-2021). Proportion of remote learning is instrumented in the IV model
(column 4) to address selection bias in the planned remote learning period, where IVs are parent’s preference
for f2f and number of COVID-19 quarantines cases by school.
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(b) Reading
(1) (2) (3)

Pre-Pandemic Unplanned Planned Remote

Remote OLS IV

Gender Achievement Gap 0.2030*** 0.2131*** 0.2008*** 0.1928***

(G-B) (0.0075) (0.0111) (0.0114) (0.0118)

Gaps due to Mean Differences of:

Proportion of Disruptive Peers 0.0019 0.0011 0.0008 0.0009

% 1% 1% 0.4% 0.5%

Self-Control Level 0.0061 0.0055 0.0051 0.0053

% 3% 3% 3% 3%

Previous Achievement 0.1590 0.1291 0.1317 0.1232

% 78% 61% 66% 64%

Gaps due to Marginal Effect Differences of:

Proportion of Disruptive Peers 0.0005 0.0016 -0.0083 -0.0078

% 0.2% 1% 4% 4%

Self-Control Level 0.0031 0.0029 -0.0029 -0.0026

% 2% 1% 1% 1%

Previous Achievement -0.0166 -0.0055 -0.0239 -0.0237

% 8% 3% 12% 12%

βG
0 − βB

0 0.0168 0.9122 0.2359 0.0473

% 8% 428% 117% 25%

Proportion of Remote Learning -0.0083 0.0108

% 4% 6%

Gaps due to Interaction of Mean Differences and Marginal Effect Differences

All Controls 0.0009 0.0039 0.0126 0.0118

% 0.4% 2% 6% 6%

N 66,943 32,424 30,067 27,158
Notes: Analyses sample includes students Grade 1 to Grade 8 enrolled in public schools located in the school

district over the period of SY 2018-2019 SY 2020-2021. Robust standard error in parentheses below estimated
gender achievement gaps. The unit of the number of observations is individual in each school-year-semester.
(1) is pre-pandemic period (2 semesters prior to the school closure), (2) is unplanned remote learning period
(between the school closure and the remainder of SY 2019-2020), and (3) is planned remote learning period
(between Fall and Winter of SY 2020-2021). Proportion of remote learning is instrumented in the IV model
(column 4) to address selection bias in the planned remote learning period, where IVs are parent’s preference
for f2f and number of COVID-19 quarantines cases by school.
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Table 6: Detailed Blinder-Oaxaca Decomposition Results, Full Sample

(a) Math

(1) (2) (3)

Pre-Pandemic Unplanned Planned Remote

Remote OLS IV

Gender Achievement Gap 0.0340*** 0.0654*** 0.0498*** 0.0414***

(G-B) (0.0074) (0.0109) (0.0123) (0.0127)

Pre-Pandemic Proportion of Historically Disruptive Peers

α1(△prop.dt) 0.0016 0.0007 0.0006 0.0004

% of Total Gender Gap 5% 1% 1% 1%

α2(prop.dBt ) 0.0004 -0.0039 0.0030 0.0029

% of Total Gender Gap 1% 6% 6% 7%

α2(△prop.dt) -0.00004 0.0004 -0.0001 -0.0001

βG(α1) -0.20*** -0.12** -0.20*** -0.20***

βB(α1 + α2) -0.20*** -0.08 -0.24*** -0.24***

Pre-Pandemic Rush History

α3(△ever.rusht) 0.0038 0.0060 0.0066 0.0061

% of Total Gender Gap 11% 9% 13% 15%

α4(ever.rushB
t ) 0.0021 -0.0084 -0.0041 -0.0051

% of Total Gender Gap 6% 13% 8% 12%

α4(△ever.rusht) -0.0009 0.0034 0.0017 0.0021

βG(α3) -0.03*** -0.11*** -0.10*** -0.11***

βB(α3 + α4) -0.05*** -0.07*** -0.08*** -0.08***

N 69,763 32,409 26,179 23,857

Notes: Analyses sample includes students Grade 1 to Grade 8 enrolled in public schools located in the
school district over the period of SY 2019-2020 SY 2020-2021. Robust standard error in parentheses be-
low estimated coefficients. The unit of the number of observations is individual in each school-year-
semester. (1) is pre-pandemic period (2 semesters prior to the school closure), (2) is unplanned remote
learning period (between the school closure and the remainder of SY 2019-2020), and (3) is planned re-
mote learning period (between Fall and Winter of SY 2020-2021). Percent of Total Gender Gap is in square
brackets if insignificant. Proportion of remote learning is instrumented to address selection bias in the
planned remote learning period, where IVs are parent’s preference for f2f and number of COVID-19 quar-
antines cases by school.
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(b) Reading

Reading

(1) (2) (3)

Pre-Pandemic Unplanned Planned Remote

Remote OLS IV

Gender Achievement Gap 0.2030*** 0.2131*** 0.2008*** 0.1928***

(G-B) (0.0075) (0.0111) (0.0114) (0.0118)

Pre-Pandemic Proportion of Historically Disruptive Peers

α1(△prop.dt) 0.0019 0.0011 0.0008 0.0009

% of Total Gender Gap 1% 1% 0.4% 0.5%

α2(prop.dBt ) 0.0005 0.0016 -0.0083 -0.0078

% of Total Gender Gap 0.2% 1% 4% 4%

α2(△prop.dt) -0.0001 -0.0002 0.0009 0.0007

βG(α1) -0.17*** -0.09 -0.20*** -0.22***

βB(α1 + α2) -0.17*** -0.11* -0.10* -0.12***

Pre-Pandemic Rush History

α3(△ever.rusht) 0.0061 0.0055 0.0051 0.0053

% of Total Gender Gap 3% 3% 3% 3%

α4(ever.rushB
t ) 0.0031 0.0029 -0.0029 -0.0026

% of Total Gender Gap 2% 1% 1% 1%

α4(△ever.rusht) -0.0016 -0.0014 0.0014 0.0012

βG(α3) -0.07*** -0.06*** -0.10*** -0.11***

βB(α3 + α4) -0.09*** -0.07*** -0.08*** -0.09***

N 66,943 32,424 30,067 27,158

Notes: Analyses sample includes students Grade 1 to Grade 8 enrolled in public schools located in the
school district over the period of SY 2019-2020 SY 2020-2021. Robust standard error in parentheses be-
low estimated coefficients. The unit of the number of observations is individual in each school-year-
semester. (1) is pre-pandemic period (2 semesters prior to the school closure), (2) is unplanned remote
learning period (between the school closure and the remainder of SY 2019-2020), and (3) is planned re-
mote learning period (between Fall and Winter of SY 2020-2021). Percent of Total Gender Gap is in square
brackets if insignificant. Proportion of remote learning is instrumented to address selection bias in the
planned remote learning period, where IVs are parent’s preference for f2f and number of COVID-19 quar-
antines cases by school.
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Table 7: Blinder-Oaxaca Decomposition Results by Leaning Mode, Full Sample

(a) Math

Remote In-Person

OLS IV OLS IV

Gender Achievement Gap 0.0847*** 0.0800*** 0.0141 0.0013

(G-B) (0.0186) (0.0191) (0.0162) (0.0170)

Pre-Pandemic Proportion of Historically Disruptive Peers

α1(△prop.dt) -0.0001 -0.0001 0.0013 0.0009

% of Total Gender Gap 0.1% 0.1% 9% 69%

α2(prop.dBt ) 0.0034 0.0053 0.0030 0.0013

% of Total Gender Gap 4% 7% 21% 100%

α2(△prop.dt) 0.0000 0.0000 -0.0002 -0.0001

% of Total Gender Gap <0.1% <0.1% 1% 8%

βG(α1) -0.22*** -0.21*** -0.18*** -0.19**

βB(α1 + α2) -0.26*** -0.28*** -0.22*** -0.21***

Pre-Pandemic Rush History

α3(△ever.rusht) 0.0049 0.0044 0.0082 0.0076

% of Total Gender Gap 6% 6% 58% 585%

α4(ever.rushB
t ) -0.0127 -0.0146 0.0046 0.0044

% of Total Gender Gap 15% 18% 33% 338%

α4(△ever.rusht) 0.0050 0.0059 -0.0019 -0.0018

% of Total Gender Gap 6% 7% 13% 138%

βG(α3) -0.13*** -0.14*** -0.07*** -0.07***

βB(α3 + α4) -0.07*** -0.06*** -0.10*** -0.09***

N 12,474 11,683 13,705 12,174

Notes: Analyses sample includes students Grade 1 to Grade 8 enrolled in public schools lo-
cated in the school district over the period of SY 2019-2020 SY 2020-2021. Robust standard
error in parentheses below estimated coefficients. The unit of the number of observations is
individual in each school-year-semester. Percent of Total Gender Gap is in square brackets
if insignificant. Proportion of remote learning is instrumented to address selection bias in
the planned remote learning period, where IVs are parent’s preference for f2f and number of
COVID-19 quarantines cases by school.
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(b) Reading

Remote In-Person

OLS IV OLS IV

Gender Achievement Gap 0.1917*** 0.1882*** 0.2046*** 0.1941***

(G-B) (0.0165) (0.0169) (0.0157) (0.0164)

Pre-Pandemic Proportion of Historically Disruptive Peers

α1(△prop.dt) 0.0007 0.0009 0.0011 0.0011

% of Total Gender Gap 0.4% 0.5% 1% 1%

α2(prop.dBt ) -0.0153 -0.0123 0.0008 0.0006

% of Total Gender Gap 8% 7% 0.4% 0.3%

α2(△prop.dt) 0.0012 0.0010 -0.0001 -0.0001

% of Total Gender Gap 1% 1% <0.1% 0.1%

βG(α1) -0.28*** -0.27*** -0.10 -0.12

βB(α1 + α2) -0.10 -0.13** -0.11 -0.13*

Pre-Pandemic Rush History

α3(△ever.rusht) 0.0063 0.0057 0.0042 0.0052

% of Total Gender Gap 3% 3% 2% 3%

α4(ever.rushB
t ) 0.0008 -0.0016 -0.0054 -0.0025

% of Total Gender Gap 0.4% 1% 3% 1.3%

α4(△ever.rusht) -0.0004 0.0007 0.0026 0.0012

% of Total Gender Gap 0.2% 0.4% 1.3% 1%

βG(α3) -0.09*** -0.10*** -0.11*** -0.11***

βB(α3 + α4) -0.10*** -0.09*** -0.07*** -0.09***

N 14,325 13,309 15,742 13,849

Notes: Analyses sample includes students Grade 1 to Grade 8 enrolled in public schools located
in the school district over the period of SY 2019-2020 SY 2020-2021. Robust standard error in
parentheses below estimated coefficients. The unit of the number of observations is individual
in each school-year-semester. Percent of Total Gender Gap is in square brackets if insignificant.
Proportion of remote learning is instrumented to address selection bias in the planned remote
learning period, where IVs are parent’s preference for f2f and number of COVID-19 quarantines
cases by school.
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Figure 1: Timeline of School Closure and iReady Diagnostic Testing Windows
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Figure 2: Standardized iReady Assessment Score Trends, SY 2018-2019–SY 2020-2021
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Figure 3: Standardized iReady Assessment Score Gaps (Girls-Boys) by Quartile, SY 2018-
2019–SY 2020-2021
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Figure 4: Standardized iReady Assessment Score Trends by Learning Mode, Fall to Win-
ter of SY 2020-2021
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Appendix

A. School Reopening Matrix for the District

Figure A1: School Reopening Matrix for the District
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B. Test Taker Composition

Table B1: The Number of iReady Test Takers by Year and Semester

Grade Subject F19/20 W19/20 F20/21 W20/21 Total

1
Math 6,027 5,471 5,058 5,221 21,777

Reading 5,933 5,376 5,070 5,197 21,576

2
Math 6,262 5,771 5,415 5,503 22,951

Reading 6,188 5,690 5,415 5,492 22,785

3
Math 6,290 5,965 5,784 5,761 23,800

Reading 6,281 6,007 5,761 5,752 23,801

4
Math 6,587 6,243 5,901 5,862 24,593

Reading 6,584 6,197 5,900 5,835 24,516

5
Math 6,696 6,303 6,040 5,979 25,018

Reading 6,715 6,276 6,029 5,949 24,969

6
Math 6,350 4,981 5,594 5,539 22,464

Reading 6,388 4,870 5,662 5,562 22,482

7
Math 6,620 4,878 5,634 5,489 22,621

Reading 6,667 5,003 5,671 5,552 22,893

8
Math 6,556 4,242 5,672 5,734 22,204

Reading 6,694 5,180 5,921 5,726 23,521
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Figure B1: Racial Composition Change of Math and Reading Test Takers, SY 2018-2019–
SY 2020-2021
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C. Student Disciplinary Incidents

C1. List of Disciplinary Incident Codes

Table C1: List of Disciplinary Incident Codes

Incident Incident Type Frequency Incident Incident Type Frequency
0 Continuation of Incident 4,185 22 Weapons – knife1 96
1 Alcohol 89 23 Weapons – other1 132
2 Arson 15 24 Other Discipline Incident1 3,096
3 Battery1 3,077 25 Weapons – handgun1 17
4 Burglary 61 26 Weapons – rifle1 1
5 Computer Trespass 4556 27 Serious Bodily Injury1 80
6 Disorderly Conduct1 7,964 28 Other firearms 0
7 Drugs, except Alcohol and Tobacco 657 29 Bullying1 447
8 Fighting1 4,927 30 Other – Attendance Related 3,847
9 Homicide 0 31 Other – Dress Code Violation 48

10 Kidnapping 0 32 Academic Dishonesty 557
11 Larceny or Theft 549 33 Other – Student Incivility1 6,141
12 Motor Vehicle Theft 0 34 Other – Possession of Unapproved Items1 281
13 Robbery 14 35 Gang-Related1 97
14 Sexual Battery1 24 36 Repeated Offenses 140
15 Sexual Harassment1 221 40 Other Non-Disciplinary Incident 214
16 Sex Offenses1 172 42 Electronic Smoking Device2 0
17 Threat or Intimidation1 1,695 44 Violence Against a Teacher2 0
18 Tobacco 727 Total 40,706
19 Trespassing 91
20 Vandalism 488

Notes: The table shows a list of disciplinary incident codes and frequency of each incident type during SY 2018-2019 and SY 2019-2020
(incidents prior to the initial school closure on March 18, 2020) from the Student Disciplinary data I use.
1 : I identify a student as “disruptive” if the student’s incident falls into one of these disciplinary incidents.
2 : These disciplinary incidents were newly listed in GaDOE Discipline Matrix table but none of the students in the analysis sample.
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C2. Frequency of Disciplinary Incidents by Student

Table C2: Frequency of Disciplinary Inci-
dents by Student

Number of
Frequency Percent

Cumulative
Incidents Percent

0 12,080 35.35 35.35
1 6,216 18.19 53.55
2 3,846 11.26 64.80
3 2,658 7.78 72.58
4 1,932 5.65 78.23
5 1,482 4.34 82.57
6 1,139 3.33 85.91
7 884 2.59 88.49
8 689 2.02 90.51
9 553 1.62 92.13

9< 7.87 100.00
Note: Table above shows a frequency of disciplinary incidents by

sample student during SY 2018-2019 and SY 2019-2020 (incidents
prior to the initial school closure on March 18, 2020) from the Stu-
dent Disciplinary data I use.
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