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The Educational Consequences of Remote
and Hybrid Instruction during the Pandemic’

By DAN GOLDHABER, THOMAS J. KANE, ANDREW MCEACHIN,
EMILY MORTON, TYLER PATTERSON, AND DOUGLAS O. STAIGER™

Using testing data from over two million students in nearly 10,000
schools in 49 states (plus the District of Columbia), we investigate
the role of remote and hybrid instruction in widening gaps in achieve-
ment by race and school poverty. We find that remote instruction was
a primary driver of the widening gaps. Math gaps did not widen
in areas that remained in person (although reading gaps did). We
estimate that high-poverty districts that went remote in 2020-2021
will need to spend nearly all of their federal aid on helping stu-
dents recover from pandemic-related academic achievement losses.

(JEL H75,112, 121, 124,132, J15)

Since the pandemic started in March 2020, there have been multiple reports of
large declines in students’ math and reading achievement as well as widening gaps
by race and school poverty.! If allowed to become permanent, such losses will have
major impacts on future earnings and intergenerational mobility.?

We investigate the role of remote and hybrid instruction in contributing to the
losses, using student-level data from over two million students in nearly 10,000
schools from 49 states (plus the District of Columbia). To do so, we compare
students’ achievement growth during the pandemic (fall 2019 to fall 2021) to a
prepandemic period (fall 2017 to fall 2019). A prior study using district-level data
in 11 states by Jack et al. (2023) documented declines in proficiency rates in dis-
tricts that shifted to remote instruction, especially in districts serving larger shares
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!For instance, see Curriculum Associates (2020,2021a,b); Darling-Aduana et al. (2022); Dorn et al. (2020);
Kogan and Lavertu (2021); Kuhfeld et al. (2021); Lewis and Kuhfeld (2021); Lewis et al. (2021).

2 Using evidence on test scores and achievement from Neal and Johnson (1996) and Murnane, Willett, and Levy
(1995), Goldhaber, Kane, and McEachin (2021) estimated that the losses would cost the United States $2 trillion
in lifetime earnings. The World Bank estimated that the worldwide losses in lifetime earnings would be $17 trillion
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of Black and lower-income students. Due to data limitations, however, the authors
were unable to investigate whether gaps by race or school poverty changed within
districts or schools when schools went remote.”

We make four primary contributions. First, we estimate a model of achieve-
ment growth in the prepandemic period (conditioning on student and school char-
acteristics as well as prior achievement) and then compare students’ actual and
expected achievement growth during the pandemic. By doing so, we distinguish
pandemic-related achievement losses from preexisting differences in achievement
growth by student and school characteristics.

Second, we investigate differential impacts of remote instruction in high- and
low-income schools. We find that the shift in instructional mode was a primary
driver of widening achievement gaps by race/ethnicity and by school poverty
status. High-poverty schools were more likely to remain in remote instruction,
and their students were more negatively impacted when they did so. Within school
districts that were remote for most of 2020-2021, high-poverty schools expe-
rienced 50 percent more loss in achievement growth than low-poverty schools
(0.46 versus 0.30 standard deviations in math). In contrast, math achievement
gaps by school poverty status and by race did not widen in areas where instruction
remained in person (although there was some widening in reading gaps in those
areas).

Third, we investigate within-school differences in the impacts of the pandemic
on student subgroups. We find that most of the widening by race/ethnicity occurred
because the students in schools attended by Black and Hispanic students were more
negatively impacted rather than because they fell behind classmates attending the
same school. Put another way: the widening racial gap happened because of nega-
tive shocks to schools attended by disadvantaged students, not because of differen-
tial impacts within schools.

Fourth, we provide a lower-bound estimate of the cost of academic recovery
by district. To do so, we compare the share of a typical school year that students
have lost to the share of their annual budget they have received in federal aid.
The estimate is likely to be a lower bound since the marginal cost for supple-
mental catch-up efforts is likely to be higher than during the typical school year.
The federal government, through the American Rescue Plan (ARP), has provided
$190 billion in aid to education agencies to help with academic recovery. We
estimate that high-poverty districts that were remote for most of 2020-2021 will
need to spend nearly all of their federal aid on academic recovery in order to
eliminate achievement losses, far more than the 20 percent required under federal
law.

I. Data Sources
For a national sample of student achievement, we rely on data from the Growth

Research Database of NWEA (NWEA 2021), a nonprofit assessment provider.
Roughly 3,000 school districts administer NWEA’s Measures of Academic Progress

3Kilbride et al. (2021) also find larger declines in achievement in schools that went remote in the state of
Michigan.
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(MAP) Growth assessments. Unlike state-mandated tests, districts typically adminis-
ter the MAP assessment three times per year, in the fall, winter, and spring. Though
some remote testing occurred during the pandemic, nearly all MAP Growth tests
were administered in person at the students’ schools during the three fall terms
included in the present study.

The MAP Growth assessment is a computer adaptive test, meaning that the
difficulty of test questions increases or decreases in response to a student’s prior
responses. In contrast to tests with a standard test form for all students, the adap-
tive tests are designed to improve reliability at both the high end and low end of
achievement (which is particularly useful when so many students are performing
below grade level). We have standardized scores by using the means and stan-
dard deviations by grade and subject and control for testing date using NWEA’s
prepandemic norms? (Thum and Kuhfeld 2020). The NWEA data also include
student-level demographic data on race/ethnicity and gender, as well as district
and school identifiers.

We supplement the NWEA data with administrative data from the Common Core
of Data (CCD): enrollment by school and grade in 2019-2020, the urbanicity of the
school, expenditures on elementary and secondary education, and the percent of stu-
dents in each school qualifying for free and reduced-price lunch (FRPL) through the
National School Lunch Program (National Center for Education Statistics 2020).
We categorized a school as “low poverty” if fewer than 25 percent of students were
receiving FRPL and “high poverty” if more than 75 percent of students were receiv-
ing FRPL."

In addition, we added information on the population density (population per
square mile) within each school district and population by county using data from
the US Census Bureau, the National Historical Geographic Information System, and
the National Center for Education Statistics (US Census Bureau 2020; Manson et al.
2021; National Center for Education Statistics 2019), COVID infection rates by
county from Johns Hopkins University (Center for Systems Science and Engineering
2020), and federal Elementary and Secondary School Emergency Relief (ESSER)
funds by district (US Department of Education 2019,2020; Office of Elementary
and Secondary Education 2020,2021).°

To measure schools’ instructional mode during 2020-2021, we rely on the Return
to Learn Tracker (Americanr Enterprise Institute 2021) assembled by the American
Enterprise Institute (AEI).” AEI collected data on districts with three or more

“The NWEA national norms have been weighted to reflect the national population of K-8 public schools in
2015-2016.

3To be eligible for federally subsidized lunch programs, a student must have income below 185 percent of
the federal poverty threshold or attend a school where greater than 40 percent of students are categorically eligi-
ble by living in households receiving Temporary Assistance for Needy Families (TANF), Supplemental Nutrition
Assistance Program (SNAP) benefits, Medicaid, or being homeless, a migrant student, or in foster care. Where
FRPL values were unavailable, we used the percent of students eligible through direct certification. This included
the entirety of two states (Delaware and Massachusetts) and the District of Columbia, as well as 2.6 percent of
schools outside these areas.

6We estimated ESSER allocations by district using state ESSER totals and prior Title 1 allocations for each district.

7 Given missing data in the early weeks, we start from September 7, 2020, the date for which over 95 percent
of available districts have data.
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schools and captured weekly data on mode of instruction from August 2020 through
June 7, 2021, for 91 percent of K—12 enrollment in the United States.®!”

II. Representativeness of the Analysis Sample

Our analytic sample for math consists of 2.1 million students at 9,690 schools
from 49 states (plus the District of Columbia).'” The sample includes students
who were in grades 3-8 in the follow-up year. We included schools that were
covered in the AEI data and had valid test scores for at least ten students on the
English language versions of the mathematics or reading assessments in fall 2017,
fall 2019, and fall 2021 (all three years). In addition, individual students were
required to have scores for both a baseline year (i.e., fall 2017 or fall 2019) and a
follow-up test two years later (i.e., fall 2019 and fall 2021). Finally, students were
excluded if their school tested less than 60 percent of their grade’s enrollment
based on data from the CCD.

In comparison to the universe of public schools with students in grades 3-8, our
analytic sample for studying math achievement contains a smaller percentage of
Hispanic students (20 percent versus 28 percent nationally), slightly less represen-
tation of high-poverty schools (22 percent versus 27 percent), and greater repre-
sentation among suburban schools (44 percent versus 39 percent).'! The analytic
sample also had similar percentages of the year spent in remote and hybrid instruc-
tion (21 and 47 percent, respectively) as for all schools with both CCD and AEI data
(24 and 46 percent). The mean total enrollment in grades 3—8 in our analysis sample
was larger than in the CCD overall (3,300 versus 1,400).'?

The requirement that students have a follow-up score led us to exclude roughly a
quarter of students with valid baseline tests (25 percent in fall 2017 and 29 percent
in fall 2019)."34 Given the change in attrition rates, we test the robustness of our
findings by including the share of students tested in the school as a covariate.

8The AEI data cover 98 percent of students in districts with three or more schools, and such districts account
for 92 percent of K—12 enrollment. We inferred the school attended during the academic year preceding the fall
follow-up assessment. For the majority of students, we used the school code where the student was tested during
2018-2019 or 2020-2021. If students attended the same school in the baseline and follow-up year, we assume that
they attended that school during the intervening year. For students who changed schools (and advanced two grade
levels), we use grade-span data for their former and current school to infer which they attended. If both schools
served the student’s grade level in the intervening year, we treat the school as missing.

9The AEI data capture instructional mode at the district, not school, level. Although they cover a smaller share
of schools, the COVID-19 School Data Hub (COVID-19 School Data Hub 2022) captures school-level data in 34
states. Even in those states, 89 percent of the variance in percent of year remote occurs at the district (rather than
school) level.

19The NWEA analysis file only included students taking the English language version of the test.

"'In online Appendix Table 3, we report descriptive statistics for our analysis samples as well as for the full
CCD universe of public schools with students in grades 3-8.

TotalEnrollmentinCCD,

EnrollmentinAnalysisSample,
student’s district size in the CCD. The results are essentially unchanged. We also reestimated the specifications in
Table 1 for the smallest quintile of districts in the analysis sample. The results were similar.

!31n online Appendix Table 5, we report the degree to which each of the covariates is related to attrition in both
the prepandemic and pandemic periods.

14We also excluded students whose schools tested less than 60 percent of their grade’s enrollment, dropping an
additional 0.3 and 2.2 percent of students in follow-up years fall 2019 and fall 2021, respectively.

12In unpublished results, we reweighted by Total

, where d corresponds to the decile of a
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II1. Differing Incidence of Remote Instruction by School Poverty Level

As others have found (Parolin and Lee 2021; Camp and Zamarro 2021; Grossmann
et al. 2021; Oster et al. 2021), we observe a higher incidence of remote school-
ing for Black and Hispanic students. We also find that high-poverty schools spent
about 5.5 more weeks in remote instruction during 2020-2021 than low- and mid-
poverty schools.'> We observed large differences in remote instruction by state.'
High-poverty schools were more likely to be remote in high- and low-closure states,
but the gaps were largest in those states with higher rates of remote instruction
overall. For example, in high-remote-instruction states (including populous states
such as California, Illinois, New Jersey, Virginia, Washington, and the District of
Columbia), high-poverty schools spent an additional nine weeks in remote instruc-
tion (more than two months) than low-poverty schools. In states with the lowest
rates of remote instruction (including Florida and Texas), high-poverty schools were
also more likely to be remote, but the differences were small: three weeks remote in
high-poverty schools versus one week in low-poverty schools.”

IV. Inferring the Impacts of Remote and Hybrid Instruction

Figure 1 describes the mean change in unadjusted scores between fall 2017 and
fall 2019 (prepandemic) and between fall 2019 and fall 2021, in districts that were
fully in person and in districts that were remote for a majority of the 2020-2021
school year. In low-poverty schools that remained in person during 2020-2021,
the average student improved their scores between 2019 and 2021, but by 0.08
standard deviations less than in the same districts before the pandemic. The aver-
age two-year test score gain also fell in mid- and high-poverty schools by 0.15
and 0.18 standard deviations, respectively. However, in districts that were remote
for more than half a year, the decline in growth was larger and more unequal
by school poverty—0.27, 0.42, and 0.48 standard deviations in low-, mid-, and
high-poverty schools, respectively.

To establish prepandemic growth expectations and to adjust the estimates in
Figure 1 for differences in student baseline scores, demographics, and school char-
acteristics, we first estimate the following model of achievement growth (Todd and
Wolpin 2003) during the prepandemic period:

(1) Sio = Bo + Race; Brace + Povjo3; + Mode; 0, 5,
+ Pov;oMode; 521 33 + X084 + €ios

where i subscripts the student, j subscripts the school attended in 2018-2019 (the
school year between the baseline year and follow-up), and the zero subscript refers

15 After adjusting for population density, the urbanicity of the school, and county-level COVID infection rates,
the gap in weeks of remote instruction between high- and low-poverty schools is only slightly smaller (roughly 4.6
weeks).

16See online Appendix Figure 1.

17 States with low closure rates included Arkansas, Florida, Idaho, Louisiana, Maine, Montana, North Dakota,
Nebraska, South Dakota, Texas, Utah, Vermont, and Wyoming.
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Low poverty Mid poverty High poverty Low poverty Mid poverty High poverty
Fully in person Mostly remote

FIGURE 1. CHANGES IN MEAN SCORES BEFORE AND DURING PANDEMIC
BY 2020-2021 CLOSURE STATUS AND SCHOOL POVERTY

Notes: Test scores have not been adjusted for student demographics, grade level, school characteristics, and so forth.
We report the mean gain in math scores in grades 3-8 in standard deviation units, using the standard deviation in
scores in grade attended during 2020-2021.

to the prepandemic period. Race; is a vector of dummies for students’ race/ethnic-
ity (Black, Hispanic, Asian, and Other with White as the reference group), Pov;,
is a vector of dummies for the poverty status of the school attended (mid and high
poverty with low poverty as the reference group), Mode; 5, is a vector with the
percentage of the year that a school was hybrid and remote during the 2020-2021
school year, and X is a vector of student and school characteristics (including a
cubic in baseline achievement fully interacted with grade level, gender, and the date
of testing in the baseline and in the follow-up year included as linear terms).

Even before the pandemic, there were significant differences in achievement
growth by race/ethnicity and school poverty status after controlling for baseline
achievement.'® For example, relative to White students with similar baseline scores
and school poverty levels, Black students’ math test scores were 0.12 standard devi-
ations lower two years later and Hispanic students’ scores were 0.02 standard devia-
tions lower. The magnitude of widening for Black and Hispanic students was similar
in reading. Conditioning on student race/ethnicity and baseline scores, students in
high-poverty schools also fell behind by approximately 0.18 standard deviations in
math and 0.14 standard deviations in reading during 2017-2019.

In the growth model above, we also included controls for the instructional mode
used by their school during the 2020-2021 school year. Although there should
be no causal relationship between remote/hybrid schooling in 2020-2021 and
student growth between 2017 and 2019, we estimate such differences to identify
any preexisting relationships between a school’s subsequent use of remote/hybrid

18See online Appendix Table 4.
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schooling and growth. The differences were small but, in some cases, statistically
significant. As we will describe, we difference those out from 2019-2021 growth.

Equation (1) establishes a benchmark for how achievement, conditional on prior
scores, varied by race, school poverty, and pandemic instructional mode before the
pandemic.'” We use those estimates to construct our primary outcome, which is the
degree to which each student in 2019-2021 underperformed (or overperformed)
growth expectations from the 2017-2019 period.?" Specifically, we apply the
2017-2019 parameters to the 2019-2021 sample to estimate the difference between
a student’s actual and expected growth during the pandemic as follows:

(2) Ry = S — (@0 + RaceilBRace + Pov; Bl + MOdej,zozlaz
+ Pov;; Mode; 5, 53 + Xj; 54)-

Thus, when we refer to a “loss” or “decline” in achievement growth, we mean
that actual achievement growth was less than expected given prepandemic relation-
ships (R;; < 0). Because the dependent variable, R;;, includes estimated parame-
ters, we calculated bootstrapped standard errors, sampling districts and reestimating
both equations (1) and (2).

In Tables 1 and 2, we focus on math achievement impacts.*! With one import-
ant exception (which we will highlight), the pattern of results in reading are sim-
ilar (though the magnitudes are smaller). For brevity, we also pool results across
grades 3—8. The magnitudes of differences are larger in grades 3—5 than in 6-8, but
the patterns are similar.*

In Table 1, we describe how 2020-2021 growth diverged from expectations
for different subgroups of students by regressing R;; on different combinations of
covariates. In column 1, we report that Black and Hispanic students lost more ground
relative to White students with similar baseline achievement during the pandemic
period than in the prepandemic period: Black students lost an additional 0.119 stan-
dard deviations, and Hispanic students lost an additional 0.092 standard deviations.
(As reflected in the constant term, White students, the excluded subgroup, also lost
0.208 standard deviations relative to prepandemic growth.)

In column 2, we report differences in R;; by students’ baseline achievement. As
reflected in the constant term, actual growth for students in the highest quartile on
the baseline assessment (the excluded category) during the pandemic period was
0.194 standard deviations lower than expected growth. Students who were in the
middle two quartiles of achievement in fall 2019 lost an additional 0.053 standard

19Given that attrition rates were 4 percent higher between 2019 and 2021, it is possible that the 2017-2019
growth expectations differed for those with nonmissing 2021 scores. In online Appendix Table 7, we reestimated
equations (1) and (2) for those with nonmissing scores in all three years (limited to those who were in grades 3-6
in fall 2019 given that we lack scores for those above grade 8). The correlation in the 2019-2021 residuals, when
limiting the sample to those with nonmissing 2017-2019 scores versus those with nonmissing scores all three years,
was 0.9998.

20Qur approach to measuring growth differs from that used by NWEA in its national reports. NWEA typically
conditions on baseline scores, testing date, and grade—but not race/ethnicity or school poverty level.

21 Online Appendix Tables 1 and 2 contain reading analogues to Tables 1 and 2, respectively. Online Appendix
Figures 2 and 3 contain reading analogues to Figures 2 and 3, respectively.

221n math, the pattern of results by race, school poverty, and instructional mode are similar in elementary and
middle school grades. In reading, the direct effect of school poverty status is larger in middle school grades.
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TABLE 1—PANDEMIC ACHIEVEMENT GAINS BY STUDENT AND SCHOOL CHARACTERISTICS, MATH

() 2 ®3) 4) (5) (6) ™
Panel A. Race (reference: White)
Black -0.119 —0.101 —0.036 —0.040 —0.057 —0.040
(0.012) (0.012) (0.006) (0.006) (0.007) (0.006)
Hispanic —0.092 —0.077 —0.032 —0.014 —0.043 —0.014
(0.015) (0.014) (0.005) (0.007) (0.006) (0.007)
Asian —0.013 —0.020 —0.029 0.005 —0.026 0.005
(0.012) (0.012) (0.007) (0.008) (0.007) (0.008)
Other —0.041 —0.035 —0.019 —0.017 —0.025 —0.017
(0.007) (0.007) (0.005) (0.007) (0.006) (0.007)
Panel B. Baseline score (reference: top quartile)
Middle quartiles —0.053 —0.040 —0.012 —0.030 —0.016 —0.030
(0.005) (0.004) (0.003) (0.003) (0.003) (0.003)
Bottom quartile —0.107 —0.078 —0.022 —0.053 —0.030 —0.053

(0.007)  (0.005)  (0.004)  (0.004)  (0.004)  (0.004)
School poverty (reference: low <25%)

Middle (25%-75%) ~0.018 0020  —0.017
(0.011)  (0.015)  (0.011)
High (>75%) —0.002 0024  —0.001

(0.021)  (0.022)  (0.021)

Panel C. Remote schooling

Percent remote in —0.201 N/A —0.199

2020-2021 (0.025) (0.025)
Interactions:

Middle poverty —0.086 —0.103 —0.086

(0.027) (0.030) (0.027)

High poverty —0.158 —0.183 —0.159

(0.039)  (0.040)  (0.039)

Panel D. Hybrid schooling

Percent hybrid in —0.033 N/A —0.033
2020-2021 (0.017) (0.017)
Interactions:
Middle poverty —0.051 —0.023 —0.051
(0.017) (0.023) (0.017)
High poverty —0.118 —0.084 —0.118
(0.031) (0.035) (0.031)
Percent tested in school 0.027
(0.030)
Constant —0.208 —0.194 —0.175 N/A —0.098 N/A —0.122
(0.006) (0.007) (0.006) (0.011) (0.030)
Fixed effects? No No No School No District No

Notes: Sample includes 2,102,010 students in grades 3-8 at the time of their follow-up test. The dependent variable
is defined in equation (1) as the difference between a student’s standardized 2021 fall NWEA MAP score and the
expected score of students with similar baseline achievement and characteristics during the prepandemic period.
Bootstrapped standard errors were estimated by resampling at the district level and reestimating both equations (1)
and (2) 1,000 times.

deviations, while students in the bottom quartile in the baseline lost an additional
0.107 standard deviations.

In column 3, we report the gaps by race and by baseline score while conditioning
on student characteristics. Because student race/ethnicity and baseline score are
correlated, the magnitude of the loss for each is somewhat smaller when condition-
ing on both.
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In column 4, we include school fixed effects. In this specification, the Black-White
and Hispanic-White achievement gaps in math achievement are greatly diminished
though both are still positive. Specifically, with the inclusion of school fixed effects,
the race/ethnicity test achievement gaps are only about a third of the magnitude of
the specification without school fixed effects (reported in column 1), falling to 0.036
for the Black-White differential and 0.032 for the Hispanic-White differential. The
smaller magnitudes suggest that much of the gap in test scores reported in column 3
is a result of school-level shocks rather than differential effects of the pandemic
on racial/ethnic subgroups within schools. Likewise, the gap in math achievement
between students in the highest and lowest quartile of baseline achievement shrinks
by 72 percent with the inclusion of school fixed effects (0.022/0.078 = 0.28).

The results in column 4 have implications for academic recovery efforts: to
reverse pandemic-related losses (as opposed to addressing inequities that existed
before the pandemic) districts might focus on the hardest hit schools, rather than
target subgroups within schools.

In column 5, we parameterize school effects with three factors: school poverty
status, the percentage of the 2020-2021 school year that the school was in remote
or hybrid instruction, and the interaction between the two.” The conditional dif-
ference by race/ethnicity remains small (0.04 standard deviations for White-Black
and 0.01 standard deviations for White-Hispanic), implying that the simple param-
eterization captures much of the information in the school effects specification in
column 4.74?

Several other findings from Table 1 are noteworthy. In column 5, the main effects
of school poverty status—which apply to those schools that were in person for all of
2020-2021—are small and no longer statistically significant. In other words, as long
as schools were in person throughout 2020-2021, there was no significant widening
of math achievement gaps between high-, middle-, and low-poverty schools.

The main effects of hybrid and remote instruction are negative, implying that
even at low-poverty (high-income) schools, students progressed more slowly when
their schools went remote or hybrid. Specifically, if their schools were remote
throughout 2020-2021, students in low-poverty schools lost 0.201 standard devi-
ations relative to expected growth. The losses associated with hybrid instruction
were smaller, equal to 0.033 standard deviations for those that remained hybrid
the whole year.

Perhaps the most striking finding in column 5 is that the consequences of hybrid
and remote instruction were substantially larger in mid- and high-poverty schools than
in low-poverty schools: the interaction between percent remote and high poverty was

23 The variance in school effects increased by 81 percent between 2017-2019 and 2019-2021, as schools were
differentially impacted during the pandemic. However, when we controlled for three variables (school poverty sta-
tus, the percent of weeks remote/hybrid, and the interaction), the variance in school effects returned to 2017-2019
levels. Thus, the parameterization seemed to account for between 57 and 66 percent of the increase in variance (see
online Appendix A).

24The differences by baseline score bounce back partially between columns 4 and 5 but remain far smaller
than those in column 3. Apparently, the schools attended by low-baseline-score students are different in ways not
captured by school poverty status or by percent remote /hybrid.

25In unpublished results, we added to column 5 interactions between student race /ethnicity and the share of the
year schools were remote or hybrid. Conditional on the other covariates, the change in the race gaps in schools that
were not remote or hybrid was similar to those reported in column 5.
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FIGURE 2. PANDEMIC ACHIEVEMENT EFFECTS BY REMOTE SCHOOLING AND SCHOOL POVERTY, MATH

Notes: The vertical axis represents the difference between mean fall 2021 achievement and expected achievement
based on prepandemic growth model estimates. The horizontal axis is the percentage of the 2020-2021 school year
that a school was in remote instruction. Given the small number of districts that were remote all year, the top cat-
egory of percent remote combines those that were remote between 50 and 100 percent of the year. Low-poverty
schools had fewer than 25 percent of students receiving FRPL, while high-poverty schools had more than 75 per-
cent of students receiving FRPL.

—0.158, which means that high-poverty schools that were remote all year lost 0.359
standard deviations (—0.158 — 0.201) more than high-poverty schools that were in
person all year. High-poverty schools spending the year in hybrid instruction lost
0.151 standard deviations (—0.033 — 0.118) relative to high-poverty schools that
remained in person. When we focus on within-district differences (by including
district fixed effects in column 6), the losses associated with remote and hybrid
instruction remained similar for mid- and high-poverty schools.

In column 7, we adjust for attrition by including the ratio of the number of tested
students in the school to the number of students enrolled in the relevant grades in the
school during the 2019-2020 school year. The substantive results are unchanged.

In Figure 2, we report the mean R;; for schools by share of year in remote instruc-
tion and by school poverty. The vertical axis intercepts for the three lines are similar,
implying that among those schools that were not remote during 2020-2021, the
losses were similar for low-, medium-, and high-poverty schools—about 0.17 stan-
dard deviations on average. Presumably, such losses reflect some combination of the
disruptions during spring 2020 (when all schools spent time in remote instruction)
and the effect of pandemic-related stresses during 2020-2021. However, the gaps
between high- and low-poverty schools are wider for schools that spent a larger
share of the year in remote and hybrid instruction. For schools that spent more than
50 percent of the year in remote instruction, students in high-poverty schools lost
roughly 0.44 standard deviations relative to prepandemic growth, while students in
low-poverty schools lost 0.26 standard deviations.

In terms of standard deviation units, the losses were smaller in reading, but we see
the same pattern of small racial /ethnic losses within schools and larger impacts of
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TABLE 2—DECOMPOSING THE DIFFERENCE IN PANDEMIC ACHIEVEMENT GAINS
BETWEEN HIGH- AND LOW-POVERTY SCHOOLS, MATH

Amount Percent of total

Total difference between high- and low-poverty schools 0.168 100%
Due to direct effects of:

Race 0.014 8%
Baseline scores 0.016 9%
Conditional learning loss in high-poverty schools that were fully in person 0.002 1%

Due to differing incidence of remote and hybrid learning 0.051 30%

Due to differing effects of remote and hybrid learning 0.086 51%

Notes: Decomposition based on regression estimates from Table 1, column 5 and based on mean characteristics of
high- and low-poverty schools in the analysis sample used in Table 1. The dependent variable is defined in equa-
tion (1) as the difference between a student’s standardized 2021 fall NWEA MAP score and the expected score of stu-
dents with similar baseline achievement and characteristics during the prepandemic period. See online Appendix B for
details on the decomposition and online Appendix Table 6 for mean characteristics of high- and low-poverty schools.

remote and hybrid schooling on students attending mid- and low-poverty schools.?
However, one substantive difference between math and reading is that gaps in read-
ing achievement by school poverty and race did widen somewhat in districts that
remained in person. While students learn math primarily in school, student learning
in reading may depend more on parental engagement at home. Thus, the contrast
between the math and reading findings for in-person districts may reflect differential
family stresses outside of school.

Qualitatively, our findings are similar to Jack et al. (2023). Their finding that
proficiency rates declined more in districts that had large shares of poor, Black, and
Hispanic students is consistent with our finding that mean achievement declined more
in high-poverty schools within districts that remained remote during 2020-2021.
However, given that proficiency thresholds differ by state, it is not possible to infer
impacts on mean achievement from their analysis (Ho 2008).

V. Disparate Incidence versus Disparate Impact of Remote and Hybrid Schooling

On average, high-poverty schools remained in remote instruction for longer than
low-poverty schools. Moreover, in Table 1 and Figure 2, we presented evidence that
students in high-poverty schools were more negatively impacted when schools went
remote (i.e., disparate impacts of remote instruction). In Table 2, we now decompose
the role played by the two factors—disparate incidence and disparate impacts—in
widening the gap between low- and high-poverty schools. In the top row, we report
the total difference in actual versus expected math achievement gains between high-
and low-poverty schools, which is 0.168 standard deviations. As reported in the next
two rows, a small share of this difference (0.014 + 0.016) was due to the fact that
Black and Hispanic students and students with low baseline achievement scores
gained less and that those students were more likely to attend high-poverty schools. In
the fourth row, we add in the differential loss in achievement gains between high- and

26See online Appendix Table 1.
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low-poverty schools in areas that were in person throughout 2020-2021. As noted
earlier, there was essentially no widening in math achievement gaps in districts that
were fully in person (0.002 standard deviations). In the fifth row, we report the effect
of greater incidence of remote/hybrid instruction in high-poverty schools, which
was about one-third of the total difference (0.051/0.168). The remaining half of the
gap (0.086/0.168) was due to the differing impact of hybrid/remote instruction on
high-poverty schools.?’

In reading, a larger share of the widening gap between high- and low-poverty
schools occurred in areas that remained in person (26 percent).*® Accordingly, the
shares that were due to disparate incidence (19 percent versus 30 percent) and dispa-
rate impacts of remote /hybrid instruction (35 percent versus 51 percent) were lower
in reading than in math.

VI. Paying for Academic Recovery

From the beginning of the pandemic through to the American Rescue Plan in
spring 2021, the federal government provided state and local education agencies
with $190 billion to pay for COVID-related expenses. States are required to allocate
90 percent of that funding to districts based on the Title I formula, which reflects
child poverty rates and public assistance receipt in each district. Importantly, the
funds were committed before the impact of the pandemic and instructional mode
was clear. In this section, we provide a simple rule of thumb for judging whether
the federal dollars are likely to be sufficient to pay for the catch-up in each district.

To put the achievement impacts and the federal aid on a comparable scale,
we convert each into the share of each district’s annual budget it represents. It is
straightforward to convert the federal aid into an annual budget share, dividing each
district’s allocation by its spending on K~12 education in 2019-2020 (minus capital
expenditures).

To convert recovery costs into an annual budget share, we use the share of a dis-
trict’s typical operating budget equivalent to the number of weeks of instruction lost.
The NWEA data are especially well suited to this task. Unlike the official state tests,
the NWEA’s MAP assessment is administered at different points in the academic
calendar for different schools. Thus, the test developers have observed how scores
differ depending on the number of instructional weeks students received between
test dates (which would yield unbiased estimates of gains per week of instruction as
long as timing is exogenous; Thum and Kuhfeld 2020).?° After using the parameters
in column 5 of Table 1 to estimate the impacts on math scores, we divide by the aver-
age estimated gain per instructional week in grades 3-8 from NWEA to estimate
the number of instructional weeks required for schools to get back to prepandemic
growth expectations. We then divide the estimated weeks by 40 (the number of

27We describe the methodology for the decomposition in online Appendix B.

28See online Appendix Table 2.

29Because the tests are given in the spring and in the fall, the gains per instructional week during the school year
do not include summer learning loss.
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I Percent of year lost by mean student
I ARP ESSER funds [ ESSER || [ ESSER |

Percent of school year budget

Fully >50% Fully >50%
in person remote /hybrid in person remote/hybrid
Below median poverty districts Above median poverty districts

FIGURE 3. PANDEMIC ACHIEVEMENT LOSSES AND FEDERAL AID AS A SHARE OF ANNUAL SPENDING, MATH

Notes: Achievement effects were converted into weeks of instruction using NWEA growth norms and divided by
a 40-week school year (to reflect the fact that salaries and operational expenses are paid by calendar weeks, not
the number of instructional weeks in a school year, which is typically 36 weeks). Federal aid is reported relative
to the district’s annual budget for K—12 schooling, minus capital expenditures. High-poverty districts are the half
of districts with the highest percent of students receiving FRPL (and low-poverty districts are the bottom half).
Districts are considered “fully in person” if the AEI reports no remote or hybrid instruction in the district during
the 2020-2021 school year.

calendar weeks in the typical school year) and aggregate to the district level (where
ARP spending decisions will be made).?“

Ours is likely to be a conservative estimate of cost. To make up 20 percent of
a school year’s worth of learning with supplemental interventions is likely to cost
more than 20 percent of a district’s typical annual spending. For instance, if a dis-
trict were to extend the school year or lengthen the school day, it would have to pay
teachers more than their normal wage rate (e.g., “time and a half”). Moreover, if
students or teachers are tired at the end of the day or year, the marginal learning gain
from additional time is likely to decline.

The correlation between the share of a year of unfinished learning and the share
of an annual budget received in federal aid is positive (0.35) because both are posi-
tively related to poverty. But federal allocations across districts diverge from unfin-
ished learning in key ways. We show this in Figure 3, which compares the shares of a
school year required to eliminate the achievement loss and shares of annual budgets
represented by federal aid. On the left are school districts that have below-median
percentages of students receiving FRPL; on the right are the above-median (high-
er-poverty) districts. Within each, we report separately for districts that were fully in
person during 2020-2021 and for those that spent the majority of the year remote or
hybrid. (We excluded districts between the two extremes—those that were remote/
hybrid for some weeks but less than half the year.)

30We assume that district operational expenditures are spread over 40 calendar weeks rather than the standard
36 instructional weeks (180 days).
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Ironically, lower-poverty districts face the biggest gap between federal aid and
remediation costs. Because the federal aid was based on the Title I formula, the
lowest-poverty public school districts received less than 15 percent of their annual
budgets in federal aid. The low-poverty districts that were remote or hybrid for most
of the year lost 27 percent of a year’s learning.

For high-poverty districts that remained in person, the losses were similar to
those of low-poverty schools that remained in person (about 15 percent of a school
year). However, because the federal dollars were based on poverty (and not achieve-
ment losses), they received considerably more funding (about a third of their annual
budgets) than the 15 percent of a school year of unfinished learning their students
experienced.

On the far right, we report the average losses for high-poverty districts that
remained remote. This was the hardest hit group of districts, with achievement
losses amounting to slightly under 40 percent of a year’s worth of learning. That is
roughly equivalent to the share of the annual budgets they received in federal aid.

The ARP only requires districts to spend 20 percent on academic recovery.
According to an analysis of district plans by the nonprofit Future-Ed at Georgetown
University, the average district is planning to spend not much more than the mini-
mum on academic recovery (28 percent), with the remainder planned for facilities,
technology, staffing, and mental and physical health.”!

VII. Conclusion

Throughout the country, leaders made different choices about whether to hold
classes in person or remotely during the COVID-19 pandemic. They had valid rea-
sons to do so—including differing risks related to local demographics or popula-
tion density as well as legitimate uncertainty about the public health consequences
of in-person schooling. Regardless of possible public health benefits, the shifts to
remote or hybrid instruction seem to have had profound consequences for student
achievement. Where instruction was remote, achievement growth was lower for all
subgroups but especially for students in high-poverty schools. Where instruction
remained in person, there were still modest losses in achievement but there was no
widening of gaps between high- and low-poverty schools in math (and less widen-
ing in reading).

It is possible that the relationships we have observed are not entirely causal.
For instance, family stress may have contributed to the decline in achievement and
forced school officials to keep school buildings closed for longer.*2 However, even if
that were the case, our results have implications for the targeting of recovery efforts.

Although school leaders can readily measure the decline in their own students’
performance, the bigger challenge is to formulate a commensurate plan of action.>”
We propose one relevant benchmark—start with the share of the typical school year’s
learning that was lost and calculate the equivalent share of the annual operating

31 https://www.future-ed.org/financial-trends-in-local-schools-covid-aid-spending/

32We also included covariates for county COVID infection rates, district levels of Title 1 funding, and broad-
band access in the census tracts surrounding each school with little change in the results.

331In fact, proficiency rates could decline even if there were no change in mean achievement, if there were a
narrowing in the variance in scores.
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budget. It is likely a lower bound since the marginal cost per unit of growth from
supplemental recovery efforts is likely to be higher than the average cost during a
typical school year. Another approach is to convert the achievement loss into stan-
dard deviation units and compare against the effect sizes for relevant interventions.
For instance, the average high-poverty school that remained in remote instruction
for a majority of 2020-2021 lost roughly 0.44 standard deviations in achievement.
For comparison, a literature review by Nickow, Oreopoulos, and Quan (2020) esti-
mated the effect of high-dosage tutoring (defined as tutors working with fewer than
four students three to five times per week for at least 30 minutes) to be 0.38 standard
deviations in math. Thus, in high-poverty schools that remained remote, leaders
could provide high-dosage tutoring to every student and still not make up for the
loss.

Depending on whether they remained remote during 2020-2021, some school
agencies have much more work to do than others. We plan to use the NWEA test
results to measure the degree to which students affected by school closures catch up
to prepandemic expectations in the coming school years.
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