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The impacts of remote learning in secondary
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The transition to remote learning in the context of coronavirus disease 2019 (COVID-19) might have led to dramatic setbacks
in education. Taking advantage of the fact that Sao Paulo State featured in-person classes for most of the first school quarter of
2020 but not thereafter, we estimate the effects of remote learning in secondary education using a differences-in-differences
strategy that contrasts variation in students’ outcomes across different school quarters, before and during the pandemic. We
also estimate intention-to-treat effects of reopening schools in the pandemic through a triple-differences strategy, contrasting
changes in educational outcomes across municipalities and grades that resumed in-person classes or not over the last school
quarter in 2020. We find that, under remote learning, dropout risk increased by 365% while test scores decreased by 0.32 s.d.,
as if students had only learned 27.5% of the in-person equivalent. Partially resuming in-person classes increased test scores

by 20% relative to the control group.

n the decades before the coronavirus disease 2019 (COVID-19)

pandemic, middle-income countries were making strides towards

universal basic education. By 2019, enrolment rates for primary
education had reached over 90% in Latin America and over 75%
in Sub-Saharan Africa'. However, UNESCO and other international
organizations described the global education outlook as a ‘learning
crisis”. In middle-income countries such as Brazil, the setting of our
study, even though most children are now in school, over half of
10-year-olds still cannot read age-appropriate texts’, and 70% finish
high school without minimum maths and language skills*. School
closures in the context of the COVID-19 pandemic are expected not
only to detrimentally affect such already fragile learning outcomes
but also to upset recent progress in enrolment rates™®. Despite wide-
spread efforts to transition from in-person classes to remote learn-
ing’~', a multitude of factors combine to make the latter presumably
much less effective in middle-income countries: limited internet
access, lack of dedicated spaces to study at home and little support
from parents, who often have not attended school for as long as their
children have, above and beyond additional detrimental factors in
the context of the pandemic, from the demand for child labour to
violence against children in a context of psychological distress'"".
With over 1.6 billion children left without in-person classes for a
prolonged period of time, international organizations estimate that
at least 7 million additional students will no longer be in school
when in-person classes return®.

Quantifying learning losses due to remote learning within pri-
mary and secondary education is urgent, as governments need to
make informed decisions when trading off the potential health
risks of reopening schools in the pandemic'® against its potential
educational benefits. This remains to be the case even with high
immunization coverage. In Brazil, while 49.4% of the population
had received at least the first shot of the COVID-19 vaccine by July
2021, only approximately 25% of students had returned to in-person
classes at that time'. Several papers have attempted to quantify
learning losses from remote relative to in-person classes before
the pandemic, but with important limitations when it comes to

generalizability. Most studies are based on high-income coun-
tries'®?". Out of those, some contrast online to in-person instruction
within tertiary education®'-*°, while those that focus on secondary
schools restrict attention to charter schools, contrasting online to
in-person instruction within a very selected sets of students”~.
In contrast, evidence for middle-income countries is thinner and
mostly from experiments that use remote learning to expand edu-
cational access to rural and remote regions that had no access to
education before’~*, which is a very different counterfactual than
in-person classes before the pandemic. In turn, the studies that try
to estimate the extent of learning losses due to remote learning dur-
ing the pandemic either rely on simulations and structural mod-
els>*>* or suffer from comparability issues, contrasting different
tests and student populations before and during the pandemic, and
without parsing out other direct effects of COVID-19, above and
beyond the transition to remote learning”~*". Even the few studies
that rely on appropriate counterfactuals to study this question have
to rest on strong assumptions, given the nature of the variation they
use to identify causal effects. In particular, differences in the length
of school recess across geographical units or that induced by previ-
ous epidemics*** are only loosely related to the changes in instruc-
tion mode observed in the context of COVID-19. As such, the only
credible evidence available for the impacts of remote learning on
secondary schools during the pandemic is for high-income coun-
tries’”!, leaving key questions unanswered, from the extent of its
impacts on student dropouts (an issue that is relatively unimportant
in high-income countries but critical for middle-income countries)
to the extent of heterogeneity of those impacts with respect to stu-
dent characteristics such as age, gender and race.

We contribute to this literature in several respects. First, we
take advantage of a natural experiment in Sdo Paulo State to pro-
vide estimates of the effects of remote learning under appropriate
counterfactuals. In particular, our estimates allow for potential dif-
ferences between remote and in-person examinations, and in the set
of students taking them, by leveraging changes in instruction mode
between Q1 and Q2-Q4 of the 2020 school year, while assessments
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were kept fully remote across all school quarters in 2020. An addi-
tional natural experiment, linked to staggered school reopening in
Sao Paulo State over the course of Q4 of 2020, further corroborates
the evidence. Second, we provide evidence on the effects of remote
learning in secondary education within middle-income countries,
a context in which most school systems did not even conduct
assessments for remote classes™. Third, we are able to parse out the
effects of COVID-19 local disease activity to disentangle the effects
of remote learning from other effects of the pandemic on educa-
tional outcomes (from health shocks to income losses to effects on
students’ mental health). Fourth, we document that the negative
impacts of remote learning were larger for girls and for non-white
students, and for schools in low-income neighbourhoods and those
without previous experience with online academic activities.

Approach and results

Institutional background. Sio Paulo State provides a unique
opportunity to study this question for two reasons. First, the State
Secretariat of Education, responsible for middle- and high-school
students in the State, conducted quarterly standardized tests
(Avaliacoes de Aprendizagem em Processo (AAPs)) throughout
2020, on the same scale as in the years before the pandemic. Such
tests are not mandatory (although heavily promoted by the State,
with a take-up rate no lower than 80% even during school closures).
Supplementary Section C.2 shows that, while teachers might have
tried to manipulate scorecard grades in 2020 (presumably in an
attempt to prevent massive grade repetition), the same did not hap-
pen for standardized test scores.

Second, State schools transitioned to remote learning only at the
very end of the first school quarter, when basically there were only
examinationsleft to be taken before the start of the second quarter. This
provides a natural experiment: in Sdo Paulo, classes were in-person
only in the first quarter (Q1) but remote thereafter (Q2-Q4), whereas
examinations were remote across all school quarters. Remote exami-
nations could be taken either online, through a zero-rating propri-
etary platform powered by the Secretariat of Education, or picked up
and handed back in person at the school gate.

Empirical strategy. As such, we estimate the impacts of remote
learning through a differences-in-differences strategy, contrast-
ing the variation in the dropout risk and standardized test scores
between Q1 and Q4 in 2020 relative to that in 2019, when all classes
were in-person. Computing within-year variation not only absorbs
teacher effects but also holds examination characteristics constant,
as all examinations were remote in 2020 but in-person in 2019. We
also present results of naive comparisons between Q4 of 2020 and
Q4 of 2019, and of differences-in-differences analyses contrast-
ing the variation in the dropout risk and standardized test scores
between Q4 of 2019 and Q4 of 2020 relative to that between Q4
of 2018 and Q4 of 2019, both of which conflate the effects of other
changes in 2020. All estimates are ordinary least-squares (OLS)
regressions, absorbing grade fixed effects. We cluster standard
errors at the school level, allowing random shocks to the outcomes
of interest to be arbitrarily correlated over time within each school.

While there were other changes in standardized tests between
2019 and 2020 - in particular, the simplified curriculum recom-
mended for Brazilian schools during the pandemic™ was reflected
in 2020 standardized tests” -, most importantly, such changes
were not differential across school quarters: the AAP in QI of
2020 already reflected the simplified curriculum, benefiting from
re-planning efforts that happened early on, as the state of the pan-
demic worsened in the country.

We refine our differences-in-differences strategy for the effects
of remote learning on test scores by matching student characteris-
tics across years, to parse out the effects of selection. We estimate a
propensity score within each grade and quarter, based on student
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characteristics (see Supplementary Section E), and control flexibly
for it (with a cubic polynomial) to parse out selection. We also use
these propensity scores to re-weight observations (by the inverse
of their selection probability) to ensure that treatment effects on
standardized test scores reflect those on the universe of students in
each grade. We allow our estimates to vary non-parametrically with
municipal-level per-capita COVID-19 cases and deaths over that
period, to gauge the magnitude of treatment effects in the absence
of other effects of disease activity on learning outcomes, finding that
losses did not vary systematically with local disease activity.

We also estimate heterogeneous treatment effects of remote
learning by student age, gender and race (coded in the Secretariat of
Education’s administrative data), by the average per-capita income
of the neighbourhood where the school is located (according to
the 2010 Demographic Census) and by whether the school offered
online academic activities even before the pandemic (according to
the 2019 Educational Census).

Last, we estimate the educational impacts of resuming in-person
classes in the pandemic, taking advantage of a second natural
experiment in Sio Paulo State. Over Q4 of 2020, some munici-
palities allowed in-person optional activities (psycho-social sup-
port and remedial activities for students lagging behind) to return
for middle-school students and in-person classes to return for
high-school students'®. Since in-person classes only returned for the
latter, we implement a triple-differences strategy, contrasting dif-
ferences between middle- and high-school students within munici-
palities that authorized schools to reopen versus those within
municipalities that did not, before and after school reopening.
Because we do not have data on which schools actually reopened,
we estimate intention-to-treat (ITT) effects based on municipalities’
authorization decrees, through OLS regressions. Importantly, since
neither COVID-19 cases nor deaths varied systematically across
municipalities that reopened schools and those that did not', this
strategy further validates our previous estimates of the causal educa-
tional impacts of remote learning in secondary education. Moreover,
because the staggered return to in-person activities happened only
in Q4, this additional natural experiment also allows us to test the
hypotheses on whether learning losses from remote learning rela-
tive to in-person classes were only short-lived, that is, concentrated
around the time of the transition but gradually fading out as teach-
ers and students adapted. If this were the case, then we should see
no positive educational impacts from resuming in-person classes at
that point, nearly 8 months into remote learning.

Data and definition of outcomes. We have access to quarterly data
on student attendance and maths and Portuguese scorecard grades,
and standardized test scores for the universe of 6th to 12th grad-
ers in Sdo Paulo State between 2018 and 2020. Restricting atten-
tion to 2019 and 2020, our data comprise 4,719,696 observations
for middle-school students and 3,791,024 for high-school students.
Because of selection into examinations each year, we have data on
standardized test scores for 83.3% of observations.

Tracking student dropouts in the pandemic is challenging. Most
education secretariats in Brazil automatically re-enroled students at
the beginning of 2021'. As a leading example, while middle- and
high-school dropouts in Sdo Paulo State average 10% in a typical
year, dropouts were officially 0% in 2021. Instead, we focus on drop-
out risk, which presumably looms regardless of official enrolment
status. We define high dropout risk equal to 1 if a student had no
maths and no Portuguese grades on record for that school quar-
ter, and 0 otherwise. The rationale for defining dropout risk in this
way is that abandoning school is often the outcome of a cumula-
tive process of student disengagement with school activities®.
Without reliable attendance data in the absence of in-person classes
during the pandemic, keeping track of whether teachers at least
imputed scorecard grades for the student is as good a measure
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Table 1| Effects of remote learning on dropout risk and test scores

Q4 2020 —Q4 2019

(Q4 2020 —Q4 2019) —

(Q4 2020 — Q12020) —(Q4 2019 — Q1 2019)

(Q4 2019 — Q4 2018)

m ) (3) @ (5)
Panel A: High dropout risk 0.0662 0.0691 0.0621 0.0621 0.0621
(0.0002) (0.0002) (0.0002) (0.0002) (0.0002)
P<0.001 P<0.001 P<0.001 P<0.001 P<0.001
Mean for Q4 of 2019 0.017 0.017 0.017 0.017 0.017
N 4,271,928 6,724,744 8,543,588
Panel B: Standardized test scores 0.652 0.523 -0.314 —0.301 -0.319
(0.0001) (0.0001) (0.0001) (0.0001) (0.0001)
P<0.001 P<0.001 P<0.001 P<0.001 P<0.001
In-person learning equivalent 0.44 0.44 0.44 0.44 0.44
N 3,688,042 6,367,375 7,097,042
Grade fixed effects Yes Yes Yes Yes Yes
Matching No No No Yes Yes
Inverse probability weighting No No No No Yes

Notes: The table displays treatment effects of remote learning on educational outcomes. Column T compares Q4 of 2020 with Q4 of 2019. Column 2 compares the variation between Q4 of 2019 and Q4
of 2020 with that between Q4 of 2018 and Q4 of 2029. Columns 3-5 show estimated differences-in-differences comparing the variation in outcomes between Q1and Q4 of 2020 with that between Q1
and Q4 of 2079. In panel A, the dependent variable is high dropout risk (=1if the student had no maths or Portuguese grades on record for that school quarter, and O otherwise). In panel B, the dependent
variable is scores from quarterly standardized tests (AAPs), averaging maths and Portuguese scores for that school quarter. All columns include grade fixed effects and an indicator variable equal to 1 for
municipalities that authorized schools to reopen from September 2020 onwards, and O otherwise (allowing its effects to vary at Q4). In columns 4 and 5, we control for the propensity score of selection
into examinations (see Supplementary Section E) with a third-degree polynomial. In column 5, we also re-weight observations by the inverse of their propensity score. All columns are OLS regressions, with
standard errors clustered at the school level. P values are computed from two-sided t-tests that each coefficient is equal to zero.

of disengagement with school activities as it gets. This and simi-
lar measures have also been used in the literature”,”*** and by the
State Education Secretary and philanthropic organizations that
support quality education in Brazil (for example, to predict which
schools are most likely to be affected by student dropouts®'). In the
Supplementary Information, we show that this proxy reliably pre-
dicts actual aggregate dropouts in the years before the pandemic
(Section Al) and that students with missing scorecard grades in
2020 were much more likely not to have engaged in any academic
activity in Q1 of 2021 (Section A2).

When it comes to standardized test scores, we average maths and
Portuguese scores within each quarter (for Q4 of 2020, only over-
all standardized test scores are available). We retain in the sample
only students with valid test scores in Q1 and Q4 of each school
year. In the Supplementary Information, we estimate the impacts
of remote learning separately for maths and Portuguese standard-
ized test scores until Q3 of 2020 (Section E). Our main treatment
variable indicates whether students were exposed to remote rather
than in-person classes. As such, it equals 1 for Q2-Q4 of 2020, and
0 otherwise.

Effects of remote learning. Table 1 presents different estimates of
the effects of remote learning on high dropout risk (in percentage
points (p.p.), panel A) and standardized test scores (in standard devi-
ations (s.d.), panel B). The first two columns present naive compari-
sons as a benchmark. Column 1 contrasts the last school quarters of
2019 and 2020, while column 2 contrasts the variation between the
last school quarters of 2019 and 2020 versus its 2018-2019 coun-
terpart. Next, columns 3-5 present our differences-in-differences
estimates. Column 4 controls flexibly for the propensity score
to parse out selection effects, while column 5 further re-weights
observations by the inverse of their selection probability. Columns
3-5 also parse out the effects of school reopening over Q4 of 2020.
The table suggests that remote learning might have had devastat-
ing effects on student dropouts, as measured by the dropout risk,
which increased significantly during remote learning, by roughly

NATURE HUMAN BEHAVIOUR | VOL 6 | AUGUST 2022 | 1079-1086 | www.nature.com/nathumbehav

0.0621 (s.e. 0.0002), a 365% increase (significant at the 1% level,
columns 3-5). Given the relationship between the proxy and actual
dropouts (discussed in Supplementary Section A.1), this result is
suggestive of student dropouts within secondary education in the
State having increased from 10% to 35% during remote learning. In
Supplementary Section A, we show that this finding is robust to cor-
recting for measurement error based on administrative data, which
allows us to compute false positives and false negatives both before
and during the pandemic, and provide evidence that the proxy is
indeed highly predictive of not attending any classes in Q1 of 2021,
when in-person classes had been authorized to return by all munici-
palities of Sdo Paulo State.

Regarding learning losses, naive comparisons across years would
lead one to incorrectly conclude that test scores have actually
increased during remote learning (columns 1 and 2), with effect size
of 0.652 (s.e. 0.0001) or 0.523 (s.e. 0.0001), depending on the speci-
fication. These naive estimates reflect the fact that average grades
were higher in 2020 than in 2019. There are two important factors
that probably explain this pattern: first, a selection effect, linked to
both higher student dropouts and differential selection into stan-
dardized tests during remote learning; second, differences in assess-
ment mode between years. In particular, AAPs in 2020 covered a
simplified curriculum, and students had much more time to take
the examination in 2020 than in previous years (two days, relative to
a couple of hours). See Supplementary Section C.1 for a detailed dis-
cussion of differences between in-person and remote examinations
in the context of Sdo Paulo State. The differences-in-differences
strategy, in turn, uncovers dramatic losses of 0.32 s.d. (s.e. 0.0001),
significant at the 1% level, a setback of 72.5% relative to the
in-person learning equivalent. In panel B, columns 4 and 5 use
propensity score matching to account for the potential selection of
students into standardized tests based on characteristics, especially
given the significant treatment effects of remote learning on drop-
out risk documented in panel A.

Reference ** documents, in a different context, that differences
between cohorts over time, in particular due to selection in the
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context of COVID-19, can generate sizeable differences in mea-
sured learning outcomes throughout the pandemic. Not only does
our empirical analysis compare how the same cohorts evolved over
time, but also, our matching strategy in columns 4 and 5 ensures that
the characteristics of students who took different examinations are
balanced (Supplementary Table E.1). Results are very robust to the
matching procedure. This is not because selection is unimportant;
indeed, Supplementary Table E.2 shows that student characteristics
matter for the differential take-up of standardized tests in 2020.
Rather, this presumably reflects the fact that the nature of selection
largely remains the same across Q1 and Q2-Q4 of 2020. As such,
self-selection into the examinations has small to no impact on our
main results. Supplementary Table E.7 additionally re-estimates the
results in Table 1 using a balanced panel, by restricting attention to
the students who took all the standardized tests in 2019 and 2020.
Even within this highly selected sub-sample (given the results in
panel A of Supplementary Table E.7), the effect size of remote learn-
ing on learning outcomes is still over 70% of that within the whole
sample, corroborating that findings are not an artefact of selection
in the context of our study.

The average school in Sdo Paulo State remained closed for approx-
imately 35 weeks throughout 2020. As such, our estimates imply that
students lost approximately 0.009 s.d. of learning each week relative
to in-person classes. This effect size is only slightly larger than that
in ref. *° but is at least fourfold that in ref. *'. Estimates in ref. * imply
learning losses of 0.3-0.4 s.d per year, which translate to 0.005-0.007
s.d per week. Estimates in ref. ' suggest average learning losses of
3-5 percentiles over the course of a year. To make our estimates
comparable, we ordered test scores in the baseline period (Q4 of
2019) and evaluated the estimates in Table 1 relative to the score of
the median student in the previous year, scaling those losses linearly
for one year so as to keep the time frame constant. On the basis of
those estimates, remote learning would have led to a 22-25 percen-
tile decrease relative to in-person classes, a dramatic effect size.

Figure 1a displays heterogeneous treatment effects on dropout
risk, normalized with respect to its average for Q4 of 2019 within
each grade, by grade (estimates based on column 5 of Table 1).
This figure shows that, except for high-school seniors, dropout risk
increased by at least 300% across all grades (panel A), suggestive of
uniformly large impacts on dropout rates across most grades. The
estimated increase in dropout risk is actually higher for high-school
students but since their baseline dropout risk was much higher than
those for middle-school students, the relative increase ends up being
smaller in percentage terms. Figure 1b displays heterogeneous treat-
ment effects on standardized test scores, normalized with respect to
the average difference between Q1 and Q4 of 2019 within each grade.
In panel B, learning losses are also homogeneously distributed, being
60% or higher across all grades, with no distinctive differences
between middle- and high-school grades. Supplementary Section
D showecases that the negative effects of remote learning are signifi-
cantly concentrated in girls and non-white students, and in schools
located in poorer neighbourhoods and those that did not offer
online academic activities prior to the pandemic. In Supplementary
Section E, we show that our results are robust to the use of an alter-
native baseline period and that learning losses were especially dra-
matic within maths: until the third school quarter of 2020, students
had learned 40% of what they would have learned under in-person
classes in Portuguese, but only 20% in maths classes.

Last, Supplementary Section F also shows that allowing treat-
ment effects to vary with local disease activity barely changes our
conclusions. To study heterogeneity, we first residualize variation in
educational outcomes and in COVID-19 cases with respect to stu-
dent and school characteristics (allowed to influence learning out-
comes differentially in Q4). For COVID-19 cases, this approximates
quasi-random variation in disease activity within the State, condi-
tional on all the characteristics that we observe®. We then estimate
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Fig. 1| Heterogeneous treatment effects of remote learning on

dropout risk and standardized test scores by grade. a,b, Effect sizes
(bars) estimated through grade-specific OLS regressions using the
differences-in-differences model, with 95% confidence intervals (error
bars) based on standard errors clustered at the school level, where

the dependent variable is high dropout risk (=1 if the student had no
maths or Portuguese grades on record for that school quarter, and O
otherwise, N=28,543,586) (a) or scores from quarterly standardized tests
(AAPs), averaging maths and Portuguese scores for that school quarter
(N=7,097,042) (b). All regressions follow the specification in column 5
of Table 1, only restricting observations to each grade. We normalize each
effect size by its baseline mean, to express them as percentage changes. In
a, the estimates are divided by the variation in the percentage of students
with dropout risk = 1 between Q1 and Q4 of 2019 within each grade. In

b, the estimates are divided by the variation in standardized test scores
between Q1 and Q4 of 2019 within each grade. All columns include an
indicator variable equal to 1 for municipalities that authorized schools

to reopen from September 2020 onwards, and O otherwise (allowing its
effects to vary at Q4), and a third-degree polynomial of propensity scores,
and re-weight observations by the inverse of their propensity score.

heterogeneous treatment effects by flexibly regressing variation
in these residualized educational outcomes across Q1 and Q4 on
residualized municipal-level variation in per-capita COVID-19
cases over that period, with local polynomial regressions. We find
that learning losses did not systematically increase with local dis-
ease activity over that period. In turn, while dropout risk does seem
to have slightly increased with local disease activity (despite no sta-
tistically significant patterns), effect sizes were very large even at the
low end of the distribution. We estimate that dropout risk increased
by no less than 247% under remote learning conditions in the State.
Also, differences at both ends of the distribution are not statistically
different from each other. Supplementary Section F also shows that
these results are robust to using COVID-19 deaths (much less prone
to issues such as under-testing or under-reporting) instead of cases.

Effects of resuming in-person classes. In this section, we exam-
ine a second natural experiment. From October 2020 onwards,
some municipalities allowed schools to reopen for in-person activi-
ties, following safe reopening protocols. In schools that actually
reopened, from November 2020 onwards, high-school classes were
allowed to resume in-person. In contrast, middle-school classes
remained completely remote until the end of 2020. That motivates
the additional, triple-differences strategy that we pursue in this
section. Table 2 presents ITT estimates of the effects of resuming
in-person activities on student attendance (in p.p., column 1), stan-
dardized test scores (in s.d., column 2) and dropout risk (in p.p.,
column 3), where in-person activities is an indicator variable equal
to 1 if a municipality authorized schools to reopen, and 0 otherwise.
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Table 2 | ITT effects of in-person school activities on student
attendance, dropout risk and standardized test scores

m (2) (3)
Attendance Standardized Dropout
test scores risk
Panel A: Diff-in-diff: 0.010 0.001 0.001
middle-school in-person
activities
(0.001) (0.001) (0.001)
P<0.001 P=0.35 P=0.29
Panel B: Diff-in-diff: high- ~ 0.007 0.024 0.002
school in-person activities
(0.001) (0.0001) (0.002)
P<0.001 P<0.001 P=0.39
Panel C: Triple-differences —0.002 0.023 0.001
in-person activities
(0.002) (0.001) (0.001)
P=0.04 P=0.001 P=0.31
Grade fixed effects Yes Yes Yes
Matching Yes Yes Yes
N 3,701,482 2,624,943 3,701,482

Notes: The table displays ITT estimates of resuming in-person school activities on student
attendance (column 1), standardized test scores (column 2) and high dropout risk (column 3).
Quarterly data on attendance reflect online or in-person attendance and/or assignment completion
(handed in online or in-person) over each quarter (in p.p.), averaged across maths and Portuguese
classes; standardized test scores from quarterly standardized tests (AAPs), averaging maths

and Portuguese scores for that school quarter; and high dropout risk = 1if the student had no
maths or Portuguese grades on record for that school quarter, and O otherwise. Panels A and

B estimate treatment effects through differences-in-differences, contrasting the variation in
outcomes between Q1 and Q4 of 2020 within municipalities that authorized schools to reopen
versus those that did not. Panel A restricts attention to middle-school students, and panel B to
high-school students. Panel C estimates treatment effects through a triple-differences estimator,
which contrasts the differences-in-differences estimates for middle- and high-school students (for
whom in-person classes could resume within municipalities that authorized schools to reopen in
Q4 of 2020). Column 2 controls for a third-degree polynomial of propensity scores, and re-weights
observations by the inverse of their propensity score. All columns are OLS regressions, with
standard errors clustered at the municipality level. P values are computed from two-sided t-tests
that each coefficient is equal to zero.

The table contrasts municipalities that authorized schools to
reopen versus those that did not, before and after school reopen-
ing, restricting attention to middle-school students in panel A and
to high-school students in panel B. Panel C further contrasts those
differences, as in-person classes only returned for the latter.

The table shows that school reopening increased student atten-
dance by a similar extent for middle- and high-school students,
by 1 p.p. (s.e. 0.001) for the former and 0.7 p.p. (s.e. 0.001) for the
latter. Effect sizes are small (column 1), since attendance in 2020
captured a combination of in-person attendance, online attendance
and assignment completion (through an app or handed in at the
school gate), averaging over 90% across all school quarters. In face
of that, the fact that school reopening increased attendance at all is
testament that reopening indeed allowed some students to return
to in-person activities. Most importantly, we find positive treat-
ment effects on learning, fully driven by high-school students. In
municipalities that authorized high-school classes to return from
November 2020 onwards, test scores increased on average by 0.023
s.d. (s.e. 0.001, significant at the 1% level; panel C, column 2), a 20%
increase relative to municipalities that did not. Incidentally, the
absence of treatment effects on middle-school test scores rules out
differential trends in educational outcomes across municipalities
that authorized in-person classes to resume and those that did not.
In municipalities that authorized schools to reopen for in-person
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academic activities in 2020, the average school could have done so
for at most 5weeks. Thus, resuming in-person classes contributed
to an increase in test scores of at least 0.005 s.d. per week. While this
effect size is lower than that estimated in the previous section, in
truth it is remarkably high (actually just the same as in ref. *°), espe-
cially once accounting for the fact that it is based on ITT estimates,
as we do not have data on which schools actually reopened (and for
how long) in the municipalities that issued authorization decrees.

In Supplementary Section E, we show that these results are
robust to using the number of weeks with in-person classes as
the treatment variable and to matching observations based on
municipal-level baseline characteristics.

Discussion

In this paper, we provide evidence that remote learning in second-
ary education might have not only imposed severe learning losses
for students who remained in school by the time in-person classes
resumed (a nearly 75% setback relative to in-person classes) but
also dramatically increased dropout risk, threatening to reverse
decades of efforts to ensure nearly universal basic education in
such countries. Since usual dropout rates within secondary educa-
tion in Sdo Paulo State are close to 10%, and since the correlation
between dropout risk and actual dropouts before the pandemic
was approximately 0.7, our results are suggestive that dropout rates
among middle- and high-school students in the State could have
reached 35% in 2021. A meta-analysis of learning losses during the
pandemic® documents that our results lie at the high end of the esti-
mated impacts on learning losses and student dropouts during the
pandemic. This is not only because ours is one of the few papers to
focus on secondary education but also because schools were closed
in Brazil for longer than in almost any other country.

The lion’s share of the impacts on test scores that we estimate
took place over the first quarter of remote classes. This might lead
to the concern that the learning losses we document were not the
result of remote learning itself but rather of the emergency transi-
tion from in-person to remote. If that were the case, then we should
expect that, by the end of the school year, when students and teach-
ers had had time to adapt to the new instruction mode, the effective-
ness of remote learning would converge to that of in-person classes.
This hypothesis is, however, inconsistent with two key findings of
the paper. First, dropout risk surged after Q3, inconsistent with the
idea of a transitory shock. Second, the return of in-person activities
in November, already 8 months into remote learning, significantly
increased high-school students’ test scores. As discussed, the effect
size is very large, especially given that schools were open only for
a short period of time and that we can only estimate ITT effects.
As such, our interpretation is that the early onset of learning losses
is rather linked to non-linear treatment effects: the magnitude of
learning losses was so large at Q2 that it simply was not possible
that test scores would keep deteriorating at the same pace thereafter.

A limitation of our analyses is that we will not know the extent of
actual dropouts until later in 2022 (or even until 2023), when school
systems will no longer re-enrol students automatically (which hap-
pened exceptionally in the context of the pandemic). Alternatively,
we have relied on missing scorecard grades, a proxy used by the
Education Secretariat and its philanthropic partners to identify stu-
dents at high dropout risk. This proxy is also in line with the litera-
ture that attempts to predict student dropouts by measuring their
lack of engagement with school activities®. Supplementary Section
A documents that this proxy is, in fact, predictive of actual dropouts.
In 2019, students with missing scorecard grades were approximately
seven times more likely not to be enroled in the following year than
other students. Nevertheless, the proxy is not flawless. Relying on
it generates both false positives and false negatives even during
in-person classes. Moreover, during the pandemic, missing score-
card grades might rather reflect transitory shocks that prevent those
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students from handing in homework or taking examinations but not
necessarily imply that they will drop out of school. Having said that,
using administrative data for the first school quarter in 2021, when
in-person classes had been authorized to return by all municipali-
ties of Sdo Paulo State, Supplementary Section A shows that students
with missing scorecard grades in the previous year were almost nine
times more likely not to attend a single class across all subjects in
the following year, relative to other students, thus corroborating the
validity of our proxy even during the pandemic. It also estimates the
effects of remote learning while correcting directly for classification
error, leveraging administrative data that allow the computation of
false-positive and false-negative rates both before and during the
pandemic. In any case, using this proxy introduces an additional
layer of uncertainty into the estimates and makes it difficult to com-
pare our results directly with other estimates in the literature based
on student dropouts measured from actual re-enrolment decisions.
Most importantly, as emphasized in ref. *, the long-term prospects
of these students might still be altered by targeted public policies,
from remedial education to cash transfers to active searching for
out-of-school children and adolescents.

Sdo Paulo State’s response to the pandemic was typical. It
closed schools from 16 March 2020 and did not reopen them until
September that year. Remote-learning strategies were rolled out
from April onwards, heavily based on broadcasting content on
open television. The State’s educational response to the pandemic
was rated close to the median quality for the country®. As such, we
expect these findings to generalize to other middle-income country
settings. Besides its impacts on learning outcomes, remote learn-
ing is also expected to affect a multiplicity of other child develop-
ment indicators, including their psychological well-being**’. Other
recent evidence for Brazil also indicates that learning losses through
2020 were dramatic®. Nevertheless, ref. ® focused only on test
scores and did not decompose learning losses into those caused by
remote learning and those caused by other changes in 2020, includ-
ing other direct effects of COVID-19 such as its economic and
health consequences over the course of the pandemic. These other
effects are presumably large. Moreover, while the impacts of remote
learning on learning losses did not vary systematically with local
disease activity, recent studies show that students might present dif-
ficulties in concentration, insomnia or neurological disorders in the
aftermath of COVID-19 infections, even 60 days after diagnosis®*-"".

Without rigorous evidence to quantify the contribution of
remote learning to those educational impacts, decisions about what
to do about in-person classes in the pandemic have been largely
influenced by the potential health costs of reopening schools, with-
out weighing those against the educational costs of keeping them
closed””. In effect, other economic activities for which it is easier
to quantify losses from closures, such as shopping centres, bars and
restaurants, have reopened systematically earlier (and for longer)
than schools in middle-income countries’.

Our results for the effects of resuming in-person classes also
contribute to this important debate. While it has been questioned
whether in-person classes would contribute to learning at all in
such a complex scenario, we show that they do. Average test scores
deteriorated by nearly three-quarters in municipalities that did not
reopen schools but by only two-thirds in those that did, even if
only partially and for a rather short period of time. While reopen-
ing schools only for optional in-person activities was not sufficient
to prevent learning losses (as we find no improvements in learning
outcomes of middle-school students, relative to the control group),
in-person classes were. However, neither measure was sufficient to
mitigate the dramatic effects of school closures on dropout risk.

As such, the public debate should move on from whether schools
should be open to how to reopen them safely’: whether to prioritize
school staff in the vaccination schedule, what is the appropriate but
feasible personal protection equipment in place, what safe capacity
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limits should be, what changes in school infrastructure are required
(for example, to ensure appropriate ventilation) and how to adapt
public transportation to mitigate contagion risks on the way to
school. These are the very same discussions that have been part of
the public debate about shopping centres, bars and restaurants since
the onset of the pandemic.

Outside the context of the pandemic, many countries (from
Brazil to the United States) have shown recent enthusiasm for online
classes in primary and secondary education, in particular when it
comes to the home-schooling debate’””. The evidence base for the
impacts of remote learning still lacks consensus, with mixed causal
evidence for its impacts on learning outcomes relative to in-person
classes”*"*, on the one hand, and a more positive outlook for its
effects on the set of individuals who pursue further education®, on
the other. Related studies’~ that evaluated interventions connect-
ing top teachers in the country to students with the help of technol-
ogy do not reflect how remote learning is typically implemented, and
estimate their effects under a counterfactual of no access to educa-
tion that is ultimately very different from that of in-person classes.
In effect, they find sizeable learning gains from such interventions,
in sharp contrast to the dramatic learning losses that we document.

Although we do not have data on private schools, which serve
only 20% of primary and secondary students in Brazil but tend to
be better equipped and to serve wealthier families relative to public
schools, our finding that even schools located in relatively wealth-
ier neighbourhoods and better equipped to offer online academic
activities suffered enormous learning losses under remote learning
suggests that our conclusions might extend to a broader student
population. However, further research is needed to better under-
stand the heterogeneity in the impacts of remote learning, especially
by parental education, which we do not observe in our data.

Methods

Ethics approval. Approval for this study was obtained from the Institutional
Review Board of the Department of Economics at the University of Zurich
(2020-079).

Participants. We have access to educational outcomes of all 6th to 12th graders in
public schools directly administered by the Sdo Paulo State Secretariat of Education
over the period from 2018 to 2020.

Data collection. Administrative data were shared by the Sao Paulo State Education
Secretariat. Consent for data collection was obtained by the Education Secretary at
the moment of student enrolment. No compensation was paid for obtaining data.
We have access to quarterly data on student attendance in math and Portuguese
classes, math and Portuguese scorecard test scores and overall standardized test
scores for the universe of students between 6th and 12th grade. All statistical
analyses were performed within the Secretariat’s secure cloud infrastructure.

Only summary statistics and regression results were directly accessible by the
researchers, and no data with personal identifiers could be removed from the
server. The Secretariat of Education also shared data on which municipalities in
the State had issued decrees authorizing schools to resume in-person high-school
classes from November 2020 onwards. In our main sample for the years 2019

and 2020, we have a total of 8,543,858 data points for approximately 2.2 million
students. Of these, 50% are male, and their average age is 14.68 years.

Measures. We define high dropout risk equal to 1 if a student had no math and
no Portuguese grades on record in that school quarter, and 0 otherwise. For

Q4 of 2020, only overall standardized test scores are available. For all previous
quarters, we average across math and Portuguese standardized test scores. We
use attendance in the analysis of the effects of school reopening in the pandemic.
This metric combines online and in-person attendance, and online or offline
assignment completion (handing in homework through the app, or in-person at
the school gate).

Analysis method. We estimate the impacts of remote learning through a
differences-in-differences strategy, contrasting the variation in the dropout risk
and standardized test scores between Q1 and Q4 of 2020 relative to that in 2019.
We also present results of naive comparisons between Q4 of 2020 and Q4 of 2019,
and of differences-in-differences analyses contrasting the variation in the dropout
risk and standardized test scores between Q4 of 2019 and Q4 of 2020 relative to its
2018-2019 counterpart, both of which conflate the effects of other changes in 2020,
in particular, changes in standardized tests from in-person to remote. We refine
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our estimates of treatment effects on test scores by matching observations based on

their propensity score, the predicted probability of taking the examination within
each quarter and grade, based on student and school characteristics. We also

re-weight observations by the inverse of their propensity score, to obtain estimates

representative for the universe of students within each grade. All analyses absorb

grade fixed effects. We cluster standard errors at the school level, allowing random

shocks to the outcomes of interest to be arbitrarily correlated with schools.

We also estimate heterogeneous treatment effects by municipal-level per-capita

COVID-19 cases and deaths over that period through non-parametric methods,
after residualizing the variation with respect to student and school characteristics
(allowed to influence learning outcomes differentially in Q1 and Q4), to parse out
other effects of disease activity on learning outcomes.

Last, we estimate ITT effects of resuming in-person classes on educational
outcomes also through a differences-in-differences strategy, but in this case
contrasting municipalities which authorized schools to reopen for in-person
activities versus those that did not, before and after in-person classes resumed
for high-school students. We also undertake a triple-differences analysis, in
which we contrast differences between middle- and high-school students within
municipalities that allowed schools to reopen versus those within municipalities
that did not, before and after school reopening. We cluster standard errors at
the municipality level in these analyses. We rely on the central limit theorem to
perform asymptotic inference and cluster standard errors at the school level. All
hypothesis tests in this paper are two tailed.

Reporting summary. Further information on research design is available in the
Nature Research Reporting Summary linked to this article.

Data availability

The dataset that supports the findings of this study cannot be made available as it
contains student personal identifiers (Cédigo do aluno, which uniquely identifies
each student to the Education Secretariat). As such, the data are not accessible
outside of the cloud infrastructure of the Sdo Paulo State Secretariat of Education.
To request access to the data, interested researchers must contact SEDUC-SP.

Code availability
Syntax for the central claims of the paper can be found at https://github.com/
Carlosalbertobdc/school-reopening.

Received: 28 May 2021; Accepted: 7 April 2022;
Published online: 26 May 2022

References
1. School enrollment, primary (% net) (2018). The World Bank https://data.
worldbank.org/indicator/SE.PRM.ENRR (2018).

2. World Development Report 2018: Learning to Realize Education’s Promise (The

World Bank, 2017).
Ending Learning Poverty: What Will It Take? (The World Bank, 2019).
Ward, M. Pisa for Development: Results in Focus (OECD, 2018).

hw

5. Azevedo, ]. P, Hasan, A., Goldemberg, D., Igbal, S. A. & Geven, K. Simulating
the Potential Impacts of COVID-19 School Closures on Schooling and Learning

Outcomes: a Set of Global Estimates (The World Bank, 2020).
6. The COVID-19 pandemic: shocks to education and policy responses. The

World Bank https://openknowledge.worldbank.org/handle/10986/33696 (2020).

7. Doss, C., Fahle, E. M., Loeb, S. & York, B. N. Supporting parenting through
differentiated and personalized text-messaging: testing effects on learning
during kindergarten, CEPA working paper. Center for Education Policy
Analysis, Stanford Univ. http://cepa.stanford.edu/wp16-18 (2017).

8. Asanov, I, Flores, F,, McKenzie, D., Mensmann, M. & Schulte, M.
Remote-learning, time-use, and mental health of Ecuadorian high-school
students during the COVID-19 quarantine. World Dev. 138, 105225 (2021).

9. Hasan, S. M., Rehman, A. & Zhang, W. Who can work and study from home

in Pakistan: evidence from a 2018-19 nationwide household survey. World
Dev. 138, 105197 (2021).
10. Angrist, N., Bergman, P, Brewster, C. & Matsheng, M. Stemming Learning
Loss during the Pandemic: a Rapid Randomized Trial of a Low-Tech
Intervention in Botswana, Working Paper Series 2020-13 (CSAE, 2020).
. Individuals using the internet (% of population) (2017). The World Bank
https://data.worldbank.org/indicator/TTNET.USER.ZS (2017).
12. Andrew, A. et al. Inequalities in children’s experiences of home learning
during the COVID-19 lockdown in England. Fisc. Stud. 41, 653-683 (2020).

13. Diette, T. M., Goldsmith, A. H., Hamilton, D. & Darity Jr, W. A. et al. Child
abuse, sexual assault, community violence and high school graduation. Rev.
Behav. Econ. 4, 215-240 (2017).

14. Wentzel, K. R. Social relationships and motivation in middle school: the role
of parents, teachers, and peers. J. Educ. Psychol. 90, 202-209 (1998).

15. Acevedo, I et al. Los costos educativos de la crisis sanitaria en américa latina y

1

-

el caribe. Tech. Rep. IDB-TN-02043 (Inter-American Development Bank, 2020).

NATURE HUMAN BEHAVIOUR | VOL 6 | AUGUST 2022 | 1079-1086 | www.nature.com/nathumbehav

16.

20.

2

—

2!

[S8

23.

24.

25.

26.

2

~

28.

29.

30.

3

—

32.

33.

34,

35.

3

[=2)

37.

38.

39.

40.

4

—

Lichand, G., Alberto Doria, C., Cossi, J. & Leal Neto, O. Reopening schools
in the pandemic did not increase COVID-19 incidence and mortality in
Brazil. JAMA Health Forum 3, e215032 (2021).

. Datafolha. Educagdo ndo presencial na perspectiva dos estudantes e suas

familias, onda 6. Tech. Rep. (Fundagdo Lemann and Itau Social, 2021).

. Grewenig, E., Lergetporer, P., Werner, K., Woessmann, L. & Zierow, L.

COVID-19 and educational inequality: how school closures affect low- and
high-achieving students. Eur. Econ. Rev. 140, 1-21 (2021).

. Tterbeke, K. & Witte, K. D. Helpful or harmful? The role of personality traits

in student experiences of the COVID-19 crisis and school closure. Pers. Soc.
Psychol. Bull. https://doi.org/10.1177/01461672211050515

Gambi, L. & Witte, K. D. The Resiliency of School Outcomes after the
COVID-19 Pandemic. Standardised Test Scores and Inequality One Year after
Long Term School Closures. Discussion Paper Series DPS21.12 (KU Leuven
Department of Economics, 2021).

. Figlio, D., Rush, M. & Yin, L. Is it live or is it internet? Experimental

estimates of the effects of online instruction on student learning. J. Labor
Econ. 31, 763-784 (2013).

. Angrist, J., Autor, D. & Pallais, A. Marginal Effects of Merit Aid for

Low-Income Students, Working Paper (NBER, 2021).

Alpert, W. T., Couch, K. A. & Harmon, O. R. A randomized assessment of
online learning. Am. Econ. Rev. 106, 378-382 (2016).

Cacault, M. P, Hildebrand, C., Laurent-Lucchetti, J. & Pellizzari, M. Distance
learning in higher education: evidence from a randomized experiment. J. Eur.
Econ. Assoc. 19, 2322-2372 (2021).

Bird, K. A, Castleman, B. L. & Lohner, G. Negative Impacts from the Shift to
Online Learning during the COVID-19 Crisis: Evidence from a Statewide
Community College System. EDWorking Paper 20-299 (Annenberg Institute at
Brown University, 2021).

Kofoed, M. S., Gebhart, L., Gilmore, D. & Moschitto, R. Zooming to Class?
Experimental Evidence on College Students’ Online Learning during COVID-19,
Working Paper (IZA, 2021).

. Fitzpatrick, B., Ferrare, J., Berends, M. & Waddington, J. Virtual illusion:

comparing student achievement and teacher characteristics in online and
brick-and-mortar charter schools. Educ. Res. 49, 161-175 (2020).

Ahn, J. & Mceachin, A. Student enrollment patterns and achievement in
Ohio’s online charter schools. Educ. Res. 46, 44-57 (2017).

Zimmer, R. et al. Charter Schools in Eight States: Effects on Achievement,
Attainment, Integration, and Competition (Rand Corporation, 2009).
Woodworth, J. L. et al. Online Charter School Study - 2015. Tech. Rep.
(Stanford Univ., 2015).

. Bettinger, E., Fox, L., Loeb, S. & Taylor, E. Virtual classrooms: how online

college courses affect student success. Am. Econ. Rev. 7, 2855-2875 (2017).
Bianchi, N., Lu, Y. & Song, H. The Effect of Computer-Assisted Learning on
Students’ Long-Term Development, Tech. Rep. No. 28180, Working Paper
(NBER, 2020).

Chirikov, I, Semenova, T., Maloshonok, N., Bettinger, E. & Kizilcec, R.
Online education platforms scale college stem instruction with equivalent
learning outcomes at lower cost. Sci. Adv. 6, 1-10 (2020).

Johnston, J. & Ksoll, C. Effectiveness of Interactive Satellite- Transmitted
Instruction: Experimental Evidence from Ghanaian Primary Schools, Tech. Rep.
No. 17-08, Working Paper (CEPA, 2017).

Werner, K. & Woessmann, L. The Legacy of COVID-19 in Education. IZA
Discussion Papers 14796 (IZA, 2021).

. Plataforma de apoio a aprendizagem https://apoioaaprendizagem.caeddigital.

net/#!/funciona

Dorn, E., Hancock, B., Sarakatsannis, J. & Viruleg, E. COVID-19 and
learning loss—disparities grow and students need help. McKinsey ¢
Company https://www.mckinsey.com/industries/public-and-social-sector/
our-insights/covid-19-and-learning-loss-disparities-grow-and-students-
need-help (2020).

LLC, C. A. Understanding student needs: early results from fall assessments.
Tech. rep., working paper. American Consortium for Equity in Education
https://ace-ed.org/understanding-student-needs-early-results-from-fall-
assessments/ (2020).

Domingue, B., Hough, H., Lang, D. & Yeatman, J. Changing patterns of
growth in oral reading fluency during the COVID-19 pandemic. Working
paper. Policy Analysis for Californian Education https://edpolicyinca.org/sites/
default/files/2021-03/wp_domingue_mar21-0.pdf (2020).

Kogan, V. & Lavertu, S. The COVID-19 pandemic and student achievement
on ohio’s third-grade english language arts assessment. Working paper. John
Glenn College of Public Affairs, The Ohio State Univ. https://glenn.osu.edu/
covid-19-pandemic-and-student-achievement-ohios-third-grade-english-
language-arts-assessment (2020).

. Kuhfeld, M., Tarasawa, B., Johnson, A. & Lewis, K. Learning during

COVID-19: initial findings on students’ reading and math achievement and
growth. Working paper. Northwest Evaluation Association https://www.nwea.
org/research/publication/learning-during-covid-19-initial-findings-on-
students-reading-and-math-achievement-and-growth/ (2020).

1085


https://github.com/Carlosalbertobdc/school-reopening
https://github.com/Carlosalbertobdc/school-reopening
https://data.worldbank.org/indicator/SE.PRM.ENRR
https://data.worldbank.org/indicator/SE.PRM.ENRR
https://openknowledge.worldbank.org/handle/10986/33696
http://cepa.stanford.edu/wp16-18
https://data.worldbank.org/indicator/IT.NET.USER.ZS
https://doi.org/10.1177/01461672211050515
https://apoioaaprendizagem.caeddigital.net/#!/funciona
https://apoioaaprendizagem.caeddigital.net/#!/funciona
https://www.mckinsey.com/industries/public-and-social-sector/our-insights/covid-19-and-learning-loss-disparities-grow-and-students-need-help
https://www.mckinsey.com/industries/public-and-social-sector/our-insights/covid-19-and-learning-loss-disparities-grow-and-students-need-help
https://www.mckinsey.com/industries/public-and-social-sector/our-insights/covid-19-and-learning-loss-disparities-grow-and-students-need-help
https://ace-ed.org/understanding-student-needs-early-results-from-fall-assessments/
https://ace-ed.org/understanding-student-needs-early-results-from-fall-assessments/
https://edpolicyinca.org/sites/default/files/2021-03/wp_domingue_mar21-0.pdf
https://edpolicyinca.org/sites/default/files/2021-03/wp_domingue_mar21-0.pdf
https://glenn.osu.edu/covid-19-pandemic-and-student-achievement-ohios-third-grade-english-language-arts-assessment
https://glenn.osu.edu/covid-19-pandemic-and-student-achievement-ohios-third-grade-english-language-arts-assessment
https://glenn.osu.edu/covid-19-pandemic-and-student-achievement-ohios-third-grade-english-language-arts-assessment
https://www.nwea.org/research/publication/learning-during-covid-19-initial-findings-on-students-reading-and-math-achievement-and-growth/
https://www.nwea.org/research/publication/learning-during-covid-19-initial-findings-on-students-reading-and-math-achievement-and-growth/
https://www.nwea.org/research/publication/learning-during-covid-19-initial-findings-on-students-reading-and-math-achievement-and-growth/
http://www.nature.com/nathumbehav

ARTICLES

NATURE HUMAN BEHAVIOUR

42.

43.

44.

45.

46.

47.

48.

49.

50.

5

—

52.

53.

54.

55.

56.

57.

58.

59.

60.

6

—

62.

63.

64.

65.

66.

67.

68.

1086

Hanushek, E. A. & Woessmann, L. The Economic Impacts of Learning Losses.
Education Working Papers 225 (OECD, 2020).

Maldonado, J. E. & De Witte, K. The Effect of School Closures on Standardised
Student Test Outcomes. Discussion Paper DPS20 17 (KU Leuven Department
of Economics, 2020).

Boruchowicza, C., Parker, S. & Robbins, L. Time use of youth during a
pandemic: Evidence from Mexico. World Dev. 149, 105687 (2022).

Kuhfeld, M. et al. Projecting the potential impact of COVID-19 school
closures on academic achievement. Educ. Res. 49, 549-565 (2020).

Schult, J., Mahler, N., Fauth, B. & Lindner, M. Did students learn less during
the COVID-19 pandemic? Reading and mathematics competencies before
and after the first pandemic wave. Preprint at PsyArXiv https://doi.
org/10.31234/ostf.io/pqtgf (2021).

Tomasik, M., Helbling, L. & Moser, U. Educational gains of in-person vs.
distance learning in primary and secondary schools: a natural experiment
during the COVID-19 pandemic school closures in Switzerland. Int. J.
Psychol. 56, 566-576 (2020).

Percoco, M. Health shocks and human capital accumulation: the case of
Spanish flu in Italian regions. Reg. Stud. 50, 1496-1508 (2016).

Amorim, V., Piza, C. & Lautharte Junior, I. J. The effect of the HIN1
pandemic on learning . The World Bank https://openknowledge.worldbank.
org/handle/10986/33997 (2020).

Engzell, P, Frey, A. & Verhagen, M. D. Learning loss due to school closures
during the COVID-19 pandemic. Proc. Natl Acad. Sci. USA 118, 2022376118
(2021).

. Donnelly, R. & Patrinos, H. A. Learning loss during COVID-19: an early

systematic review. Prospects https://doi.org/10.1007/s11125-021-09582-6 (2021).
Gouédard, P, Pont, B. & Viennet, R. Education Responses to COVID-19:
Implementing a Way Forward. Education Working Papers (OECD, 2020).
Mapas de foco da BNCC. Instituto Retina, Brazil https://institutoreuna.org.br/
projeto/mapas-de-foco-bncc (2021).

Rumberger, R. W. in Dropouts in America: Confronting the Graduation Rate
Crisis (ed. Orfield, G.) chap. 10 (Harvard Education PR, 2006).

Rumberger, R. W. in Dropouts in America: Confronting the Graduation Rate
Crisis (ed. Orfield, G.) chap. 11 (Harvard Education PR, 2006).

Dore, R. & Luscher, A. Permanéncia e evasio na educagio técnica de nivel
médio em minas gerais. Cad. pesquisa CDHIS 41, 770-789 (2011).

Sales, A., Balby, L. & Cajueiro, A. Exploiting academic records for predicting
student drop out: a case study in Brazilian higher education. J. Inform. Data
Manage. 7, 166-181 (2016).

Kumar, M., Singh, A. & Handa, D. Literature survey on educational dropout
prediction. Int. J. Educ. Manage. Eng. 7 https://doi.org/10.5815/ijeme.2017.
02.02 (2017).

Lakkaraju, H. et al. A machine learning framework to identify students at risk
of adverse academic outcomes. In Proc. 21th ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining 1909-1918 (Association
for Computing Machinery, 2015).

Lichand, G. & Christen, J. Behavioral Nudges Prevent Student Dropouts in the
Pandemic. ECON - Working Papers 363 (Univ. of Zurich, 2021).

. Abandono, evasio escolar e covid-19. Tech. rep. Instituto Sonho Grande

https://www.sonhogrande.org/storage/sonho-grande-pesquisas-em-educacao-
abandono-evasao-e-covid-19.pdf (2020).

Correia, S., Luck, S. & Verner, E. Pandemics depress the economy, public
health interventions do not: evidence from the 1918 flu. Tech. Rep. SSRN
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3561560 (2020).
Moscoviz, L. & Evans, D. Learning loss and student dropouts during the
covid-19 pandemic: A review of the evidence two years after schools shut
down. Working paper. Center for Global Development https://www.cgdev.org/
publication/learning-loss-and-student-dropouts-during-covid-19-
pandemic-review-evidence-two-years (2022).

Carter, C. Early Detection of Dropout Risk: Measuring Student Engagement at
the Elementary-School Level. PhD thesis, Graduate Faculty of the Univ. of
Georgia (2007).

Barberia, L. G., Cantarelli, L. & Schmalz, P. H. S. S. An assessment of
Brazilian states and state capitals remote public education programs during
the COVID-19 pandemic. SSRN https://redepesquisasolidaria.org/en/
publications/an-assessment-of-brazilian-states-and-state-capitals-remote-public-
education-programs-during-the-covid-19-pandemic/ (2021).

Spitzer, M. Masked education? The benefits and burdens of wearing face
masks in schools during the current corona pandemic. Trends Neurosci. Educ.
20, 100138 (2020).

de Miranda, D. M., da Silva Athanasio, B., de Sena Oliveira, A. C. & Silva, A.
C. S. How is COVID-19 pandemic impacting mental health of children and
adolescents? Int. J. Disaster Risk Reduct. 51, 101845 (2020).
SEDUC-SP/CAEd. O impacto da pandemia na educagao: avaliagao amostral
da aprendizagem dos estudante. Secretariat of Education, Sio Paulo State
https://www.educacao.sp.gov.br/wp-content/uploads/2021/04/ Apresenta%C3%
A7%C3%A30-Estudo-Amostral.pdf (2021).

69. Altmann, D. M. Children and the return to school: how much should we
worry about COVID-19 and long COVID? Br. Med. ]. https://www.bmj.com/
content/372/bmj.n701 (2021).

70. Buonsenso, D. et al. Preliminary evidence on long COVID in children. Acta
Paediatr. 110, 2208-2211 (2021).

71. Osmanov, I. M. et al. Risk factors for long COVID in previously hospitalised
children using the ISARIC Global follow-up protocol: a prospective cohort
study. Tech. rep. ERS Journals https://erj.ersjournals.com/content/early/2021/
06/10/13993003.01341-2021.full.pdf (2021).

72. Reopening K-12 Schools during the COVID-19 Pandemic: Prioritizing Health,
Equity, and Communities (National Academies Press, 2020).

73. Friedson, A. 1., McNichols, D., Sabia, J. ]. & Dave, D. Did California’s
Shelter-in-Place Order Work? Early Coronavirus-Related Public Health Effects,
Working Paper (National Bureau of Economic Research, 2020).

74. Hale, T. et al. A global panel database of pandemic policies (Oxford
COVID-19 Government Response Tracker). Nat. Hum. Behav. 5, 529-538
(2021).

75. Lessler, J. et al. Household COVID-19 risk and in-person schooling. Trends
Neurosci. Educ. 20, 100138 (2020).

76. Isenberg, E. What have we learned about homeschooling? Peabody J. Educ.
82, 387-409 (2007).

77. Viera, A. Escola? Ndo, Obrigado: Um Retrato da Homeschooling no Brasil. PhD
thesis, Univ. of Brasilia (2012).

Acknowledgements

This study was funded by the Inter-American Development Bank (IADB). We are
grateful to the IADB and the Sao Paulo State Education Secretariat for celebrating

the partnership that made it possible to access administrative data on student-level
educational outcomes. We also acknowledge the Sao Paulo State Education Secretariat’s
staff members who contributed to this study, especially G. Corte, V. Georges and A.
Mesquita Moreira Junior. We thank J. Christen for his help organizing the references.
The content is solely the responsibility of the authors. This research was funded by the
Inter-American Development Bank (IADB) as part of a partnership between IADB and
the Sao Paulo State Education Secretariat.

Author contributions

G.L, C.A.D,, O.L.N. and J.P.C.E. take responsibility for the integrity of the data and the
accuracy of the data analysis. G.L. and O.L.N. decided to publish the paper. C.A.D. was
responsible for analysing the data. G.L., C.A.D. and O.L.N. drafted the manuscript.
G.L. and C.A.D. contributed to the statistical analysis. C.A.D. led data management.
G.L, C.A.D,, O.L.N. and J.P.C.E critically revised the manuscript. All authors had
responsibility for the decision to submit for publication.

Competing interests

G.L. and O.L.N. received fees from the Inter-American Development Bank (IADB) for
the design of this study. J.P.C.E. is an IADB staff member. IADB had no role in the study
design, data collection or analysis, decision to publish or preparation of the manuscript.
C.A.B. declares no competing interests. Correspondence and requests for materials
should be addressed to G.L.

Additional information
Supplementary information The online version contains supplementary material
available at https://doi.org/10.1038/5s41562-022-01350-6.

Correspondence and requests for materials should be addressed to
Guilherme Lichand.

Peer review information Nature Human Behaviour thanks Per Engzell and the other,
anonymous, reviewer(s) for their contribution to the peer review of this work. Peer
reviewer reports are available.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in

published maps and institutional affiliations.
Attribution 4.0 International License, which permits use, sharing, adap-

tation, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source, provide a link to
the Creative Commons license, and indicate if changes were made. The images or other
third party material in this article are included in the article’s Creative Commons license,
unless indicated otherwise in a credit line to the material. If material is not included in
the article’s Creative Commons license and your intended use is not permitted by statu-
tory regulation or exceeds the permitted use, you will need to obtain permission directly
from the copyright holder. To view a copy of this license, visit http://creativecommons.
org/licenses/by/4.0/.

© The Author(s) 2022, corrected publication 2022

Open Access This article is licensed under a Creative Commons

NATURE HUMAN BEHAVIOUR | VOL 6 | AUGUST 2022 | 1079-1086 | www.nature.com/nathumbehav


https://doi.org/10.31234/osf.io/pqtgf
https://doi.org/10.31234/osf.io/pqtgf
https://openknowledge.worldbank.org/handle/10986/33997
https://openknowledge.worldbank.org/handle/10986/33997
https://doi.org/10.1007/s11125-021-09582-6
https://institutoreuna.org.br/projeto/mapas-de-foco-bncc
https://institutoreuna.org.br/projeto/mapas-de-foco-bncc
https://doi.org/10.5815/ijeme.2017.02.02
https://doi.org/10.5815/ijeme.2017.02.02
https://www.sonhogrande.org/storage/sonho-grande-pesquisas-em-educacao-abandono-evasao-e-covid-19.pdf
https://www.sonhogrande.org/storage/sonho-grande-pesquisas-em-educacao-abandono-evasao-e-covid-19.pdf
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3561560
https://www.cgdev.org/publication/learning-loss-and-student-dropouts-during-covid-19-pandemic-review-evidence-two-years
https://www.cgdev.org/publication/learning-loss-and-student-dropouts-during-covid-19-pandemic-review-evidence-two-years
https://www.cgdev.org/publication/learning-loss-and-student-dropouts-during-covid-19-pandemic-review-evidence-two-years
https://redepesquisasolidaria.org/en/publications/an-assessment-of-brazilian-states-and-state-capitals-remote-public-education-programs-during-the-covid-19-pandemic/
https://redepesquisasolidaria.org/en/publications/an-assessment-of-brazilian-states-and-state-capitals-remote-public-education-programs-during-the-covid-19-pandemic/
https://redepesquisasolidaria.org/en/publications/an-assessment-of-brazilian-states-and-state-capitals-remote-public-education-programs-during-the-covid-19-pandemic/
https://www.educacao.sp.gov.br/wp-content/uploads/2021/04/Apresenta%C3%A7%C3%A3o-Estudo-Amostral.pdf
https://www.educacao.sp.gov.br/wp-content/uploads/2021/04/Apresenta%C3%A7%C3%A3o-Estudo-Amostral.pdf
https://www.bmj.com/content/372/bmj.n701
https://www.bmj.com/content/372/bmj.n701
https://erj.ersjournals.com/content/early/2021/06/10/13993003.01341-2021.full.pdf
https://erj.ersjournals.com/content/early/2021/06/10/13993003.01341-2021.full.pdf
https://doi.org/10.1038/s41562-022-01350-6
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://www.nature.com/nathumbehav

nature research

Last updated by author(s): Mar 29, 2022

Reporting Summary

Nature Research wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
in reporting. For further information on Nature Research policies, see our Editorial Policies and the Editorial Policy Checklist.

Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

Confirmed

>
~
Q

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

OXX 00 0O 000 00 0]
XOO X X XX X XK

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  We used an R studio server (version 3.4.4) to connect and extract sensitive data for this project in a secure cloud-based environment. Codes
are available at https://github.com/Carlosalbertobdc/school-reopening.

Data analysis We subsequently use the same R server (version 3.4.4) to conduct the data analysis. Codes are also available at https://github.com/
Carlosalbertobdc/school-reopening.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Research guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- Alist of figures that have associated raw data
- A description of any restrictions on data availability

The data that support the findings of this study was made available by the Sdo Paulo Education Secretariat (SEDUC-SP). Restrictions apply to the availability of these
data due to students' personal identifiers. Data access requires an agreement with SEDUC-SP.

=
Q
—
C
=
(@)
=
(D
w
Q)
Q
=
(@)
o
=
)
o
[}
=
2
(@]
wn
c
3
3
Q
=
S




Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

[ ] Life sciences [X] Behavioural & social sciences [ | Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Behavioural & social sciences study design

All studies must disclose on these points even when the disclosure is negative.

Study description In this study, we provide a quasi-experimental quantitative assessment of the effects of school closures and reopening on students'
standardized test scores and dropout risk.

=
Q
—+
C
=
(@)
=
(D
w
Q)
Q
=
(@)
o
=
)
o
[}
=
2
(@]
wn
c
3
3
Q
=
S

Research sample The study sample includes all students in secondary education in Sdo Paulo State schools between 2018, 2019, and 2020.

Sampling strategy We use data on the universe of State public school students.

Data collection We only use administrative data that the Sdo Paulo State Education Secretariat made available via a remote server.

Timing We use administrative data collected from 2018 to 2020.

Data exclusions We exclude observations with unavailable data on test scores or socioeconomic characteristics. This amounts to 8% of the full sample

(1,135,526 observations).
Non-participation We use data on the universe of State public school students.

Randomization Students' were not randomly allocated into treatment and control groups.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies X[ ] chip-seq
Eukaryotic cell lines |Z| |:| Flow cytometry
Palaeontology and archaeology |Z| |:| MRI-based neuroimaging

Animals and other organisms
Human research participants

Clinical data

XXXNXNXXX s
OOoOooOood

Dual use research of concern




	The impacts of remote learning in secondary education during the pandemic in Brazil

	Approach and results

	Institutional background. 
	Empirical strategy. 
	Data and definition of outcomes. 
	Effects of remote learning. 
	Effects of resuming in-person classes. 

	Discussion

	Methods

	Ethics approval
	Participants
	Data collection
	Measures
	Analysis method
	Reporting summary

	Acknowledgements

	Fig. 1 Heterogeneous treatment effects of remote learning on dropout risk and standardized test scores by grade.
	Table 1 Effects of remote learning on dropout risk and test scores.
	Table 2 ITT effects of in-person school activities on student attendance, dropout risk and standardized test scores.




