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ABSTRACT:

Background: The transition to remote learning in the context of Covid-19 could lead to dramatic
setbacks for school enrollment and learning outcomes, especially in developing countries – where
a multiplicity of challenges, from limited connectivity to little support from parents, are bound
to limit its effectiveness. To date, however, no study has rigorously documented the educational
impacts of remote learning relative to in-person classes within primary and secondary education.
Quantifying the extent of those losses, as well as the extent to which resuming in-person classes
in the pandemic could at least partially offset them, is urgent, as governments worldwide strug-
gle evaluating the trade-offs between the health and educational risks of reopening schools, with
vaccination rates still dragging.

Methods: Taking advantage of the fact that São Paulo featured in-person classes for the lion’s
share of the first school quarter of 2020, but not thereafter, we estimate the effects of remote
learning on secondary education, using a differences-in-differences strategy that contrasts variation
in dropout risk and standardized test scores between the first and the last school quarters in 2020
to that in 2019, when all classes were in-person. We estimate heterogeneous effects by grade, stu-
dent characteristics and school characteristics. We also estimate intention-to-treat (ITT) effects
of reopening schools in the pandemic through a differences-in-differences strategy, contrasting dif-
ferences between middle- and high-school students within municipalities that authorized in-person
classes to partially return for the latter over the last quarter of 2020, to those within municipalities
that did not.

Findings: Dropout risk increased by 365% under remote learning. While risk increased with
local disease activity, most of it can be attributed directly to the absence of in-person classes:
we estimate that dropout risk increased by no less than 247% across the State, even at the low
end of the distribution of per capita Covid-19 cases. Average standardized test scores decreased
by 0.32 standard deviation, as if students had only learned 27.5% of the in-person equivalent
under remote learning. Learning losses did not systematically increase with local disease activity,
attesting that they are in fact the outcome of remote learning, rather than a consequence of other
health or economic impacts of Covid-19. Authorizing schools to partially reopen for in-person
classes increased high-school students’ test scores by 20% relative to the control group.

Interpretation: Results show that the societal costs of keeping schools closed in the pandemic are
very large. While the learning losses that we document are at least as large as those documented
in developed countries on the aftermath of the first Covid-19 wave, the dramatic surge in dropout
risk is unique to developing countries. Such massive impacts are likely to bring about long-lasting
effects on employment, productivity, and poverty levels. Our findings highlight that reopening
schools under safe protocols can prevent those costs from growing even larger. They also caution
against recent enthusiasm for remote learning in primary and secondary education outside the
context of Covid-19.

Funding: Research funded by the Inter-American Development Bank (IADB) as part of a part-
nership between IADB and the São Paulo State Education Secretariat.
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Introduction

In the decades before the Covid-19 pandemic, developing countries were making strides
towards universal basic education: by 2019, enrollment rates for primary education had
reached over 90% in Latin America and over 75% in Sub-Saharan Africa.(1 ) Having said
that, UNESCO and other international organizations described the global education out-
look as a ‘learning crisis’(2 ): in developing countries like 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(3 ), and 70% finish high school without minimum math and lan-
guage skills(4 ). School closures in the context of the Covid-19 pandemic are expected to
not only detrimentally affect such already fragile learning outcomes, but also, to upset
recent progress in enrollment rates.(5 , 6 ) Despite widespread efforts to transition from
in-person classes onto remote learning(7–10 ), a multitude of factors combine to make the
latter presumably much less effective in developing countries – limited internet access, lack
of dedicate 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 detrimen-
tal factors in the context of the pandemic, from demand for child labor to violence against
children in a context of psychological distress(11–14 ). With over 1.6 billion children left
without in-person classes for a prolonged period of time, international organizations esti-
mate that at least 7 million additional students will no longer be in school when in-person
classes return(15 ).

Quantifying learning losses due to remote learning within primary and secondary ed-
ucation is urgent, as governments need to make informed decisions when trading off the
potential health risks of reopening schools in the pandemic(16 ) against its potential ed-
ucational benefits. Nevertheless, the evidence base for the impacts of remote learning is
thin: either focused on post-secondary education(17–19 ), or on very specific interventions
within primary or secondary schools, connecting the best teachers in the country to its
most vulnerable students (20 , 21 ) – both with severe limitations when it comes to inform-
ing the current debate. Even worse, rigorously documenting the impacts of remote learning
is hard. In-person classes have not yet returned in many settings, especially in developing
countries where vaccination is dragging.(22 ) Many school systems did not even conduct
assessments during the period of remote classes.(23 ) Even in the few that did, inferring
the effects of remote learning from differences between average test scores at in-person and
remote exams would conflate differences between assessments, or differences in the profile
of students whose scores are reflected by each of them. Last, even if those differences could
be parsed out, schools tend to close when disease activity is higher; as such, separately
identifying the impacts of remote learning from those of the health or economic effects of
Covid-19 is challenging. This paper leverages unique data and two natural experiments
in São Paulo State during the pandemic to provide first-hand evidence on the educational
impacts of remote learning in secondary education in developing countries.

Research Design

São 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 (Avaliações de Aprendizagem em Processo,
AAPs) throughout 2020, in the same scale as in the years before the pandemic. Supple-
mentary Materials show that while teachers tried to manipulate scorecard grades in 2020
(presumably in an attempt to prevent massive grade repetition), the same did not happen
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for the standardized tests. Such tests are not mandatory (although heavily promoted by
the State, with a take-up no lower than 80% even during school closures).

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

As such, we estimate the impacts of remote learning through a differences-in-differences
strategy, contrasting variation in 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 exam characteristics
constant – as all exams were remote in 2020, while all exams were in-person in 2019. We
also present results of naive comparisons between Q4-2020 and Q4-2019, and of differences-
in-differences analyses contrasting variation in dropout risk and standardized test scores
between Q4-2019 and Q4-2020 relative to that between Q4-2018 and Q4-2019 – both of
which conflate the effects of other changes in 2020. All estimates are Ordinary Least
Squares regressions (OLS), absorbing grade fixed effects. We cluster standard errors at the
school level, allowing random shocks to the outcomes of interest to be arbitrarily correlated
within schools.

While there were other changes in standardized tests between 2019 and 2020 – in
particular, the simplified curriculum recommended for Brazilian schools during the pan-
demic(24 ) was reflected in 2020 standardized tests(25 ) –, most importantly, such changes
were not differential across school quarters: the Q1-2020 AAP already reflected the sim-
plified curriculum, benefiting from re-planning efforts that happened early on, as the state
of the pandemic worsened in the country.

We refine our differences-in-differences strategy for the effects of remote learning on
test scores by matching student characteristics across years, to parse out the effects of
selection. We estimate a propensity score within each grade and quarter, based on stu-
dent characteristics (see Supplementary Materials), and control flexibly for it (with a cubic
polynomial) to parse out selection. We also use these propensity scores to re-weight ob-
servations (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 over that period, to gauge the magnitude of treatment effects in the absence of other
effects of disease activity on learning outcomes.

We also estimate heterogeneous treatment effects of remote learning by students’ gender
and race (coded in the Secretariat of Education’s administrative data), by the average per
capita income of the neighborhood 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 pan-
demic, taking advantage of a second natural experiment in São Paulo State: over Q4-2020,
some municipalities allowed in-person optional activities to return for middle-school stu-
dents (psycho-social support and remedial activities for students lagging behind), and in-
person classes to return for high-school students(16 ). Since in-person classes only returned
for the latter, we implement a triple-differences strategy, contrasting differences between
middle- and high-school students within municipalities that authorized schools to reopen to
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those within municipalities that did not, before and after school reopening. Because we do
not have data on which schools actually reopened or on which students attended in-person
classes over that period, we estimate intention-to-treat effects (ITT) based on municipali-
ties’ authorization decrees, through Ordinary Least Squares regressions. Importantly, since
neither Covid-19 cases nor deaths varied systematically across municipalities that reopened
schools and those that did not(16 ), this strategy further validates our previous estimates
of the causal educational impacts of remote learning in secondary education.

Data and Definition of Outcomes

We have access to quarterly data on student attendance, math and Portuguese scorecard
grades, and standardized test scores, for the universe of 6th to 12th graders in São Paulo
State between 2018 and 2020. Restricting attention to 2019 and 2020, our data comprises
4,719,696 observations for middle-school students and 3,791,024 for high-school students.
Because of selection into exams each year, we have data on standardized tests scores for
83.3% of observations.

Tracking student dropouts in the pandemic is challenging: many education secretariats
in Brazil automatically re-enrolled students at the beginning of 2021(16 ); as a leading
example, while middle- and high-school dropouts in São Paulo State average 10% in a
typical year, in 2021, dropouts were officially 0%. Instead, we focus on dropout risk, which
presumably looms very high regardless of the official enrollment status. 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; this proxy reliably predicts actual aggregate dropouts
in São Paulo State (see Supplementary Materials). When it comes to standardized test
scores, we average math and Portuguese scores within each quarter (for Q4-2020, only
overall standardized test scores are available).

Effects of Remote Learning

Table 1 presents different estimates of the effects of remote learning on high dropout risk
(in p.p.; Panel A) and standardized test scores (in s.d.; Panel B). The first two columns
present naive comparisons, as a benchmark: Column (1) contrasts the last school quarters
of 2019 and 2020; and Column (2) contrasts variation between the last school quarters of
2019 and 2020 to its 2018-2019 counterpart. Next, Columns (3-5) present our differences-
in-differences estimates; Column (4) controls flexibly for the propensity score to parse out
selection effects; and Column (5) further re-weights observation by the inverse of their
selection probability. Column (3-5) also parse out the effects of school reopening over
Q4-2020.
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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-Q1 2020)-(Q4 2019-Q1 2019)

-(Q4 2019-Q4 2018)
(1) (2) (3) (4) (5)

Panel A: High dropout risk
Remote learning 0.0662*** 0.0691*** 0.0621*** 0.0621*** 0.0621***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0002)
Mean 2019 Q4 0.017 0.017 0.017 0.017 0.017

N 4,271,928 6,724,744 8,510,720
Panel B: Standardized test scores
Remote learning 0.652*** 0.523*** -0.314*** -0.301*** -0.319***

(0.0001) (0.0001) (0.0001) (0.0001) (0.0001)
In-person learning equivalent 0.44 0.44 0.44 0.44 0.44
N 3,625,040 5,934,772 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. In Column
(1), we compare Q4-2020 to Q4-2019. In Column (2), we compare variation between Q4-2019 and Q4-
2020 to that between Q4-2018 and Q4-2029. In Columns (3) to (5), we estimate difference-in-differences
comparing variation in outcomes between Q1- and Q4-2020 to that between Q1- and Q4-2019. In Panel
A, the dependent variable is high dropout risk (= 1 if the student had no math or Portuguese grades
on record for that school quarter, and 0 otherwise). In Panel B, the dependent variable is scores from
quarterly standardized tests (AAPs), averaging math 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 Sep-2020 onward, and 0 otherwise (allowing its effects to vary at Q4). In Columns
(4) and (5), we control for the propensity score of selection into exams (see Supplementary Materials) with
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. * if p<0.1, **
p<0.05 and *** if p<0.01.

The table shows that, by all accounts, dropout risk has increased dramatically during re-
mote learning, by roughly 365% (0.0621/0.017 = 3.65, significant at the 1% level; Columns
3-5). In turn, when it comes to learning losses, naive comparisons across years would lead
one to incorrectly conclude that test scores have actually increased during remote learn-
ing (Columns 1-2). The differences-in-differences strategy, however, uncovers dramatic
losses, of 0.32 s.d. (significant at the 1% level; Column 5), a setback equivalent to 72.5%
(0.319/0.44 = 0.725) of the in-person learning equivalent.

Figure 1 displays heterogeneous treatment effects by grade (estimates based on Table
1, Column 5). Panel A showcases effect sizes on dropout risk, normalized with respect to
its Q4-2019 average within each grade, and Panel B, those on standardized test scores,
normalized with respect to the average difference between Q1 and Q4-2019 within each
grade. The figure shows that, except for high-school seniors, dropout risk increased by at
least 300% across all grades (Panel A). In Panel B, learning losses are also homogeneously
distributed: 60% or higher across all grades, with no distinctive differences between middle-
and high-school grades.
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Figure 1: Heterogeneous treatment effects of remote learning, by grade
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Notes: The figure displays heterogeneous treatment effects of remote learning on educational outcomes, by
grade. Each effect size stands for a differences-in-differences estimate from grade-specific OLS regressions.
All regressions follow the specification in Column (5) of Table 1, only restricting observations to each grade.
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In Panel A, the dependent variable is high dropout risk (= 1 if the student had no math or Portuguese
grades on record for that school quarter, and 0 otherwise). In Panel B, the dependent variable is scores
from quarterly standardized tests (AAPs), averaging math and Portuguese scores for that school quarter.
We normalize each effect sizes by its baseline mean, to express them in % changes: in Panel A, we divide
estimates by the variation in the % of students with dropout risk = 1 between Q1- and Q4-2019 within
each grade; in Panel B, we divide estimates by variation in standardized test scores between Q1- and
Q4-2019 within each grade. All columns include an indicator variable equal to 1 for municipalities that
authorized schools to reopen from Sep-2020 onward, and 0 otherwise (allowing its effects to vary at Q4), a
third-degree polynomial of propensity scores, and re-weight observations by the inverse of their propensity
score. Confidence intervals based on standard errors clustered at the school level.

Supplementary Materials showcase that the negative effects of remote learning are sig-
nificantly concentrated on girls and non-white students, and on schools located in poorer
neighborhoods and those that did not offer online academic activities prior to the pandemic.

Last, Supplementary Materials also show that allowing treatment effects to vary with
local disease activity barely changes our conclusions. To study heterogeneity, we first resid-
ualize variation in educational outcomes and in Covid-19 cases with respect to student and
school characteristics (allowed to influence learning outcomes differentially in Q4). For
Covid-19 cases, this approximates quasi-random variation in disease activity within the
State, conditional on all characteristics that we observe(26 ). Then, we estimate hetero-
geneous 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 disease activity over that period. In turn, while
dropout risk does seem to have increased with local disease activity (despite no statistically
significant patterns), effect sizes were very large even at the low end of distribution: we
estimate that dropout risk during remote learning increased by no less than 247% in the
State.

Effects of Resuming In-person Classes

Table 2 presents intention-to-treat (ITT) estimates of the effects of resuming in-person
classes on student attendance (in p.p.; Column 1), standardized test scores (in s.d.; Column
2) and dropout risk (in p.p.; Column 3). The table contrasts municipalities that authorized
schools to reopen to those that did not, before and after school reopening, 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.
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Table 2: ITT effects of resuming in-person school activities on dropout risk and test

scores

(1) (2) (3)
Attendance Std. test Dropout

scores risk
Panel A: Diff-in-diff: Middle school
In-person activities 0.010*** 0.001 0.001

(0.001) (0.001) (0.001)
Panel B: Diff-in-diff: High school
In-person classes 0.007*** 0.024*** 0.002

(0.001) (0.0001) (0.002)
Panel C: Triple differences
In-person classes -0.002 0.023*** 0.001

(0.002) (0.001) (0.001)
Grade fixed-effects yes yes yes
Matching yes yes yes
N 3,701,482 2,624,943 3,701,482

Notes: The table displays intention-to-treat (ITT) treatment effects 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 reflects online or in-person attendance and/or assignment completion
(handed in online or in-person) over each quarter (in p.p.), averaged across math and Portuguese classes;
standardized test scores from quarterly standardized tests (AAPs), averaging math and Portuguese scores
for that school quarter; and high dropout risk = 1 if the student had no math or Portuguese grades on
record for that school quarter, and 0 otherwise. In Panels A and B, we estimate treatment effects through
difference-in-differences, contrasting variation in outcomes between Q1- and Q4-2020 within municipalities
that authorized schools to reopen and 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 return within municipalities that authorized schools to reopen
in Q4-2020). 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. * if p<0.1, ** p<0.05 and *** if p<0.01.

The table shows that school reopening increased student attendance by the same extent for
middle- and high-school students. 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 increases attendance
at all is testament that reopening indeed allowed some students to return to in-person
activities. Most importantly, treatment effects on learning are fully driven by high-school
students: in municipalities that authorized high-school classes to return from Nov-2020
onward, test scores increased on average by 0.023 s.d. (significant at the 1% level; Panel
C, Column 2), 20% higher than in 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.
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Discussion

Several studies have tried to approximate the educational impacts of remote learning during
the Covid-19 pandemic.(5 , 10 , 27–31 ) Most of those studies use natural variation in
school recess across different geographical units or that induced by previous epidemics(32 ,
33 ). Such variation is not a good approximation for the impacts of remote learning:
schools were not in recess over most of 2020. Most countries quickly transitioned academic
instruction onto remote classes. In São Paulo State, over 90% of students stated that
they studied at least 2 hours a day during the pandemic(34 ). Recent evidence from the
Netherlands leveraging variation from the first Covid-19 wave suggests that learning losses
during remote learning might be very large(27 ). In developing countries, however, such
costs might be even larger, as dropout risk might increase dramatically without in-person
classes(35 ).

We provide first-hand evidence that remote learning in secondary education threatens
to not only impose severe learning losses for students who remain in school by the time
in-person classes return – a nearly 75% setback relative to in-person classes –, but also,
to increase student dropouts dramatically, by a factor of 2.5 or more, reversing decades
of efforts to ensure nearly universal basic education in those countries. São Paulo State’s
response to the pandemic was typical: it closed schools from March 16, 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 edu-
cational response in the pandemic was rated close to the median quality in the country.(34 )
As such, we expect these findings to generalize to other developing country settings. Besides
its impacts on learning outcomes, remote learning is also expected to affect a multiplicity
of other child development indicators, including their psychological well-being.(36 , 37 )

Recent evidence for Brazil indicates that learning losses through 2020 were dramatic(38 ).
Nevertheless, that study 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, including
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; our findings indicate that
increasing per capita Covid-19 cases from the low to the high end of the State distribution
would nearly double the surge in dropout risk during school closures. Moreover, while the
impacts of remote learning on learning losses did not vary systematically with local dis-
ease activity, recent studies show that students might present difficulties in concentration,
insomnia or neurological disorders in the aftermath of Covid-19 infections, even 60 days
after the diagnosis.(39–41 )

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, without
weighing those against the educational costs of keeping them closed.(42 , 43 ) In effect,
other economic activities for which it is easier to quantify losses from closures – such as
shopping centers, bars and restaurants – have reopened systematically earlier than schools
(and for longer) in developing countries.(44 )

Our results for the effects of resuming in-person classes also contribute to this impor-
tant debate. While it has been questioned whether in-person classes would contribute to
learning at all in such a complex scenario, we causally show that they do: average test
scores deteriorated by nearly 3/4 in municipalities that did not reopen schools, while by
only 2/3 in those that did – even if only partially, and for a rather short period of time.
While reopening schools only for optional in-person activities was not enough to prevent
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learning losses (as we find no improvements in learning outcomes of middle-school students,
relative to the control group), in-persons classes were. Having said, neither were enough
to mitigate the dramatic effects of school closures on dropout risk.

As such, the public debate should move from whether schools should be open or not
to how to reopen them safely(45 ): whether to prioritize school staff in the vaccination
schedule, what is the appropriate but feasible personal protection equipment in place,
what safe capacity limits should be, what changes in school infrastructure are required
(e.g. to ensure appropriate ventilation), and how to adapt public transportation to mitigate
contagion risks on the way to school – the very same discussions that have been part of the
public debate about shopping centers, bars and restaurants since the onset of the pandemic.

Outside the context of the pandemic, many countries (from Brazil to the US) have
shown recent enthusiasm for online classes in primary and secondary education, in par-
ticular when it comes to the homeschooling debate(46 , 47 ). The evidence base for the
impacts of remote learning is thin even with respect to post-secondary education – with
mixed causal evidence for its impacts on learning outcomes relative to in-person classes(17 ,
18 ), on the one hand, and a more positive outlook for its effects on the set of individuals
who pursue further education(19 ), on the other. For primary and secondary education, in
turn, our study provides the first rigorous body of evidence on the impacts of remote learn-
ing to inform that debate. Related studies(20 , 21 ) that evaluate interventions connecting
top teachers in the country to students with the help of technology do not reflect how
remote learning is typically implemented; in effect, they find sizeable learning gains from
those interventions, in sharp contrast to the dramatic learning losses that we document.

Although we do not have data on private schools – who serve only 20% of primary
and secondary students in Brazil, but tend to be better equipped and to serve wealth-
ier families relative to public schools –, our finding that even schools located in relatively
wealthier neighborhoods and better equipped to offer online academic activities suffer enor-
mous learning losses under remote learning suggests that our conclusions might extend to
a broader student population. Having said that, further research is needed to better un-
derstand heterogeneity in the impacts of remote learning, especially by parental education,
which we do not observe in our data.
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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 São Paulo State Secretariat of Education over
the 2018-2020 period.

Data collection. Administrative data shared by the São Paulo State Education Sec-
retariat. 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.
All statistical analyses were performed within the Secretariat’s secure cloud infrastructure.
Only summary statistics and regressions 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 onwards.

Measures. Student dropout risk. 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.
Standardized test scores. For Q4-2020, only overall standardized test scores are available.
For all previous quarters, we average across math and Portuguese standardized test scores.
Attendance. 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 variation in dropout risk and standardized test scores
between Q1 and Q4 in 2020 relative to that in 2019. We also present results of naive com-
parisons between Q4-2020 and Q4-2019, and of differences-in-differences analyses contrast-
ing variation in dropout risk and standardized test scores between Q4-2019 and Q4-2020
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
our estimates of treatment effects on test scores by matching observations based on their
propensity score, the predicted probability of taking the exam within each quarter and
grade, based of student and school characteristics. We also re-weight observations by the
inverse of their propensity score, to obtain estimates representative for the universe of stu-
dents 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 over that period through non-parametric methods, after residualizing 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 intention-to-treat (ITT) effects of resuming in-person classes on ed-
ucational outcomes also through a differences-in-differences strategy, but in this case con-
trasting municipalities which authorized schools to reopen for in-person activities to those
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that did not, before and after in-person classes returned 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 to those
within municipalities that did not, before and after school reopening. We cluster standard
errors at the municipality level in these analyses.

Data Availability: The dataset that supports the findings of this study cannot be
made available as it contains student personal identifiers (Código 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 São Paulo State Secretariat of Education.

Code Availability: Syntax for the central claims of the paper can be found at
https://github.com/Carlosalbertobdc/school-reopening.
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A. Validation of the proxy for student dropouts

This Appendix compiles evidence to validate our proxy for student dropouts (high dropout
risk, equal to 1 if a student had no math or Portuguese grades assigned to them in the
administrative data for that quarter, and 0 otherwise).

To do so, we use administrative data from the São Paulo State Education Secretariat,
which includes information on both math and Portuguese grades and actual dropouts for
public high-school students in 2019. Concretely, administrative dropouts equal to 1 if a
student was enrolled in a State school in 2019 but not in 2020, and 0 otherwise. We
restrict attention to 6th to 11th graders, as we cannot compute administrative dropouts
for high-school seniors.

Figure A.1 plots the prevalence of administrative and proxy dropouts at the classroom
level, for the universe of 6th-11th graders of São Paulo State. Even though administrative
dropouts are measured with error – as students might not re-enroll for alternative reasons,
from moving to a different State to switching over to a private school –, the figure showcases
that the classroom-level actual and proxy dropouts are highly correlated, with a coefficient
of approximately 0.7. While 10% of middle- and high-school students dropped out of the
State public schools in 2019, that figure was over 6-fold among those with missing math
and Portuguese grades by the end of the school year.

Figure A.1: Scatter plot of student dropouts (actual) and high dropout risk (proxy)
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Notes: The figure plots classroom-level dropouts according to administrative data (on the vertical axis)
and according to our proxy (on the horizontal axis), for Q4-2019 school year. Administrative dropouts = 1
for students enrolled at a State public school in 2019 but not in 2020, and 0 otherwise. High dropout risk
= 1 for students without math and Portuguese grades on record at Q4, and 0 otherwise. The regression
line is estimated through OLS.
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B. Descriptive statistics

Figure B.1 showcases aggregate trends in educational outcomes across schools quarters for
2018-2020, separately for middle- and high-school students.

Figure B.1: Trends in dropout risk and standardized test scores
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Panel B: High-school students
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Notes: The figure showcases trends in high dropout risk and standardized test scores across school quarters
for 2018, 2019 and 2020, pooling data for all middle-school students (Panel A) and all high-school students
(Panel B). High dropout risk = 1 if the student had no math or Portuguese grades on record for that school
quarter, and 0 otherwise. Standardized test scores from quarterly standardized tests (AAPs), averaging
math and Portuguese scores for that school quarter.
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C. Comparability between 2019 and 2020 test scores

A potential concern with our econometric results is that standardized test scores in 2020
might not be comparable to those in 2019. In the main text, we discussed that they
are not directly comparable in one key dimension: in 2020, exams were taken remotely.
That difference is consequential – average standardized test scores are substantially higher
in 2020, relative to 2019 (as Appendix B shows). We account for that difference in our
empirical strategy by comparing changes in test scores within 2020 (under remote exams) to
those within 2019 (under in-person exams). While there were other changes in standardized
tests between 2019 and 2020 – in particular, the simplified curriculum recommended for
Brazilian schools during the pandemic(24 ) was reflected in 2020 standardized tests(25 ) –,
most importantly, such changes were not differential across school quarters: the Q1-2020
AAP already reflected the simplified curriculum, benefiting from re-planning efforts that
happened early on, as the state of the pandemic worsened in the country.

Having said that, if standardized tests were graded disproportionately favourably in Q1-
2020, as classes were transitioning from in-person to remote, our strategy would still over-
estimate learning losses under remote classes. This Appendix provides evidence against
this hypothesis. While we do observe strategic grading in Q1-2020 with respect to student
GPA, we do not find similar evidence with respect to standardized tests scores.

Figure C.1 showcases that GPA grading changed considerably between Q1-2019 and
Q1-2020. In 2019, the distribution of grades was close to a normal distribution. In 2020, in
turn, we observe considerable bunching around the minimum passing grade. Besides min-
imum attendance, GPA is the key variable determining grade progression. Since grading
for regular exams is decentralized at the teacher level, teachers might have felt like they
had a mandate to try to prevent students from falling through the cracks in such a difficult
time. The State later changed the grade progression rules, preventing grade repetition
for almost every student in 2020 – rendering such manipulation ultimately unimportant,
although revealing of teachers’ strategic grading behavior.
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Figure C.1 GPA distribution in Q1-2019 and Q1-2020
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Notes: The figure shows the GPA distribution for all students in Q1-2019 and Q1-2020. Math and
Portuguese GPA were averaged at the student-quarter level.

For standardized tests, however, such incentives for strategic manipulation were absent
from the get-go. Such tests are optional, with no bearing on students’ academic prospects,
and they are not graded by the teachers, but rather by external graders.

In fact, Figure C.2 shows that, unlike GPA, the distribution of standardized tests scores
in Q1-2019 displays no evidence of bunching relative to that of Q1-2020.
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Figure C.2 Distribution of standardized test scores in Q1-2019 and Q1-2020
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Notes: The figure shows the distribution of standardized scores for all students in Q1-2019 and Q1-2020.
Math and Portuguese GPA were averaged at the student-quarter level.

The non-smoothness in the distributions (both in 2019 and 2020) reflect the fact that
we only have access to standardized test scores rounded to the closest integer. While the
2020 distribution clearly has more mass on higher scores, Appendix D shows that average
standardized test scores are higher throughout 2020, relative to 2020. In fact, such scores
do increase between Q1- and Q4-2020; just not as much as in the counterfactual, under
in-person classes.
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D. Heterogeneous treatment effects by characteristics

Figure D.1 showcases heterogeneous treatment effects of remote learning on high dropout
risk (Panel A) and standardized test scores (Panel B) by student and school characteristics.
In the figure, white dots display the Q4-2019 mean for each sub-group, and black dots
display its Q4-2020 predicted mean, based on our regression estimates.

Figure D.1: Heterogeneous treatment effects by student characteristics
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Panel B: Baseline and predicted average standardized test scores (in s.d.)
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Notes: The figure displays Q4-2019 sub-group means (white dots) as well as their predicted Q4-2020
means (black dots), based on regressions following the specification in Column (5) of Table 1, only re-
stricting observations to each sub-group. Sub-groups included are (1) male and female students; (2) white
(comprising also students who declare race as yellow or Asian) and non-white (black, brown and indigenous
students) students, (3) schools located in below- and above-median per capita income neighborhoods, and
(4) schools with and without online academic activities prior to the pandemic. In Panel A, high dropout
risk = 1 if the student had no math or Portuguese grades on record for that school quarter, and 0 other-
wise. In Panel B, standardized test scores from quarterly standardized tests (AAPs), averaging math and
Portuguese scores for that school quarter. All estimates absorb grade fixed-effects, parse out the effects of
school reopening, control for a third-degree polynomial of the propensity score, and re-weight observations
by the inverse of their propensity score. Within each sub-group, we reject the hypothesis of equality of
treatment effects on both outcomes (p-value of the joint-tests < 0.01 for each sub-group).
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E. Propensity score estimation

Table E.1 presents the marginal probability changes associated with selection into non-
null standardized test scores in Q4-2020, relative to Q4-2019. For illustration purposes,
the table estimates across all grades, and only displays selected variables); in turn, the
propensity scores that we use for both matching and re-weighting observations in the main
text are estimated separately for each grade and quarter.

As the table shows, the profile of students who take the standardized test in the last
quarters of 2019 and 2020 changes significantly between the two years. In particular,
girls, non-white, and under-performing students are under-represented in 2020, as those in
schools located in poorer neighborhoods – highlighting that matching and re-weighting are
critical for unbiased estimates, especially in face of heterogeneity of treatment effects.

Table E.1: Selection into Q4 standardized test (across all grades)

Marginal probability change

White x 2020 0.051***
(0.001)

Male x 2020 0.005***
(0.001)

Scorecard grade x 2020 (10 scale) 0.045***
(0.001)

Scorecard frequency x 2020 (100 scale) -0.001
(0.001)

Income x 2020 (thousand R$) 0.011***
(0.001)

Notes: The table shows marginal probability changes associated with selected variables in a Probit model.
The dependent variable is a dummy for taking at least one standardized test over the course of the school
year. Additional variables not shown are indicator variables for high school (and its interaction with the
2020 indicator), whites, and males; school attendance; scorecard grades; and school neighborhood’s per
capita income. Standard errors clustered at the municipality level in parenthesis. * if p<0.1, ** p<0.05
and *** if p<0.01.
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F. Non-parametric treatment effects by local disease activity

Figure F.1 estimates heterogeneous treatment effects of remote learning on high dropout
risk (Panel A) and standardized test scores (Panel B) by variation in per capita Covid-19
cases between Q1- and Q4-2020. In each panel, both variables are residualized with respect
to all covariates that we observe and their interactions with a Q4 indicator (= 1 in the last
school quarter, and 0 otherwise).

Figure F.1: Non-parametric heterogeneous treatment effects on educational outcomes
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Notes: The figure shows local polynomial regressions of treatment effects on high dropout risk (estimated
according to Column 5 of Table 1; Panel A) and treatment effects on standardized test scores (estimated
according to Column 5 of Table 1; Panel B) on municipal-level per capita Covid-19 cases x Q4 (labeled
as Covid severity). Both variables were residualized with respect to a Q4-2020 indicator, all student and
school characteristics, municipal-level per capita Covid-19 cases and deaths in each of the previous quarters,
as well as interactions between student and school characteristics and per capita Covid-19 cases in each
quarter. Estimates are local linear regressions with bandwidth = 0.8. 95% confidence intervals displayed
in grey.

23


